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BeaType: an alternative communication method based on RFID devices

Qiang Wang, Dengao Li, Shuang Xu, Xiaoxia Song, Yajun Li, Huiting Zhang, and Jumin Zhao(B)

Abstract Neuromuscular system diseases may lead to se-
vere paralysis and loss of language function. Patients cannot
communicate normally with the outside world and are difficult
to receive timely help. To address this issue, researchers have
developed various alternative communication technologies,
among which breathing-based typing is a common method.
However, existing technologies have limitations: some studies
only support sending a small number of pre-set sentences, pre-
venting users from freely expressing their intentions; others
require interaction with a display screen and are not adapt-
able to blind patients. In our previous work, we developed a
breathing-based alternative communication technology based
on commercial Radio Frequency Identification (RFID) de-
vices, but its typing efficiency still needed improvement.
In this study, we propose the BeaType system, design fine-
grained method for expressing information through breathing,
develop a new breathing movement feature extraction algo-
rithm, derive a model for identifying breathing movements
using a breathing control model, and finally output binary
information using the proposed decoding model. Experiments
show that BeaType has stable performance, and its typing
efficiency is 15% higher than that of the previous work.

Keywords RFID; Breath monitoring; Text input; Alterna-
tive communication

• Qiang Wang and Xiaoxia Song are with College of Computer and Network
Engineering, Shanxi Datong University, Datong 037009, China. E-mail:
wangqiang510@126.com; sxxly2002@163.com.

• Dengao Li is with College of Computer Science and Technology (College
of Data Science), Taiyuan University of Technology, Taiyuan 030024,
China, and also with Key Laboratory of Data Governance and Intelligent
Decision Making of Shanxi Province, Taiyuan 030024, China. E-mail:
lidengao@tyut.edu.cn.

• Shuang Xu and Huiting Zhang are with College of Artificial Intelli-
gence, Taiyuan University of Technology, Taiyuan 030024, China. E-mail:
xushuang@tyut.edu.cn; zhanghuiting@tyut.edu.cn.

• Yajun Li and Jumin Zhao are with College of Electronic Information
Engineering, Taiyuan University of Technology, Taiyuan 030024, China,
and also with Key Laboratory of Data Governance and Intelligent Deci-
sion Making of Shanxi Province, Taiyuan 030024, China. E-mail: liya-
jun9504@163.com; zhaojumin@tyut.edu.cn.

(B) To whom correspondence should be addressed.
Manuscript received: 2026-03-27; revised: 2026-07-29; accepted: 2026-
09-16

1 Introduction
1.1 Background

There are tens of millions of people around the world who
suffer from various diseases that can cause severe paralysis
and loss of language function, such as motor neuron disease[1],
stroke[2], spinal cord injury[3], and multiple sclerosis[4]. Such
patients urgently need alternative communication techniques
to help them communicate with others. The existing alter-
native communication techniques can be divided into four
categories: alternative communication techniques based on
gesture, alternative communication techniques based on facial
action, alternative communication techniques based on brain-
computer interface (BCI), and alternative communication
techniques based on respiration.

Alternative communication techniques based on ges-
ture. This kind of method requires the user to express
his intention by body action, such as hand gestures[5–10],
head gestures[11–13], and neck motions[14], etc. For example,
WiMorse[5] uses commercial Wi-Fi devices to sense the user’s
finger movements. The user leverages different patterns of
finger movements to represent the basic symbols of Morse
code. Wang et al.[14] attach flexible strain sensors to the user’s
neck and extract neck movement patterns from the collected
sensor data to control wheelchair movement. These methods
require the user to have the ability to move their body and are
not suitable for patients with severe paralysis.

Alternative communication techniques based on facial
action. Some researchers have proposed to use blinking
or eye movements to express intentions[15–17]. Li et al.[16]

use electrooculogram (EOG) devices to collect users’ blink
data and use them to control the movement of an electric
wheelchair. Wang et al.[17] use a camera to capture the users’
gaze positions and control the wheelchair’s movement based
on that information. However, patients with eye disease may
not be able to use these techniques. Some studies utilize mouth
movements to express intentions. For example, Chang et al.[18]

place surface electrodes on the the occlusal muscles of both
cheeks to receive surface electromyography (sEMG) signals,
and then use these signals to control a powered wheelchair.
However, placing devices on the cheeks may cause discomfort
to the user.
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Table 1 Scheme based on pattern expression[23].
Label Transit Language

Breath pattern 1 “Hello, good morning”
Breath pattern 2 “Thank you”
Breath pattern 3 “My name is ...”
Breath pattern 4 “May I have a train ticket please?”

Alternative communication techniques based on BCI.
Through BCI[19, 20], users can directly control external de-
vices or perform text input via their thoughts. Based on
device implantation methods, BCI can be categorized into
non-invasive and invasive types. The former has relatively
low signal resolution, while the latter may cause irreversible
damage to brain tissue. In addition, BCI systems typically
demand extensive training and regular calibration, signif-
icantly increasing the user burden. And the generalization
ability of existing methods needs further improvement[19, 20].
Some studies have attempted to use BCI devices to detect
users’ head movements and blinking movements to control
computers or operate wheelchairs[21, 22]. However, patients
with severe paralysis often cannot complete their limbs or
facial movements on their own, further limiting the practical
application of this kind of method.

Alternative communication techniques based on respi-
ration. Compared with the other three types of alternative
communication techniques, breath-based alternative commu-
nication techniques have natural advantages. This is because
patients with severe paralysis usually have the ability to
breathe on their own. The existing breath-based alternative
communication techniques can be divided into two categories:
pattern expression-based schemes[23–25] and spelling-based
schemes[26, 27].

• Pattern expression-based schemes assign a unique
breathing pattern to each text pre-stored in the
system[23–25]. As shown in Table 1, the user drives the
system to output the corresponding sentence by execut-
ing a specific breathing pattern. These schemes can only
output a small number of predefined sentences and can
not meet the needs of users to express their intentions
freely.

• Spelling-based schemes use breathing to select char-
acters from the screen to complete the spelling of
words[26, 27]. These methods require users to interact
with the screen and can not provide services for blind
patients, so they do not have general applicability.

In our previous work, we proposed ReType[28], adopting
binary sequences to represent characters. ReType[28] utilizes a
complete breathing cycle to represent a symbol and specifies

1 bit 1 bit 1 bit 1 bit 1 bit 1 bit

0 0 001 1

signal

symbol

inhale exhale

Fig. 1 Mapping between respiratory beat information and symbols.

that a normal breath represents ‘0’ and a deep breath repre-
sents ‘1’. In another work, we proposed ExHIBit[29], where
inhalation and exhalation correspond to distinct symbols.
Due to its improved information representation, the input
efficiency of ExHIBit is higher than that of ReType. However,
ExHIBit uses the breath-holding action as an indicator of
symbol value change (0⇆1). The breath-holding action takes
up additional time, resulting in a limited improvement in the
overall input efficiency.

1.2 Our Method

Patients can adopt methods such as Hoffman code or Braille
code to map characters to binary code. Then they use breathing
to represent the binary code information, which we call infor-
mation representation. We define exhalation/inhalation with
greater depth as a “full beat” action, and exhalation/inhalation
with lesser depth as a “half beat” action. Users must ensure
that the depth of “full beat” exhalation/inhalation is signifi-
cantly greater than that of “half beat” exhalation/inhalation.
We generally require that the ratio of the “full beat” depth
to the “half beat” depth be greater than τ , where τ = 1.4.
In other words, since 1

τ = 0.7, the depth of “half beat” must
be less than 70% of the depth of “full beat”. As shown in
Fig.1, we use one “full beat” action to represent ‘0’ and two
“half beat” actions to represent ‘1’. Based on this information
representation method, we name this work BeaType (abbre-
viation of Beat and Type). In practical application, the user
may change the breathing rate to control the input speed.
Therefore, the duration of the breath action cannot be taken
as a feature when identifying the breathing action label (“full
beat” or “half beat”). Since the depth of the user’s breath is
relatively stable, the amplitude feature can be used to identify
the breathing action label.

In this paper, we leverage commercial-off-the-shelf (COTS)
RFID devices to sense breathing movements. As shown
in Fig.2, we attach the RFID tag to the user’s chest and
deploy the RFID reader’s antenna in front of the user. An
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提出新的信号处理方案，以满足呼吸信号细粒度特征的检测和识别问题。 

综上所述，考虑到严重瘫痪的患者尚具备自主呼吸能力，本文研究利用呼吸实现辅

助沟通技术以协助患者与外界交流。针对现有方案存在的问题，本文主要研究允许用户

自由表达意图、具备普适性的辅助沟通方案。重点研究利用呼吸表征信息的方案，开发

能够检测和识别呼吸细粒度特征的轻量化算法。 

1.3 研究内容与创新点 

本文研究利用呼吸表达信息，帮助严重瘫痪的患者与外界交流。采用 RFID 设备采

集呼吸信号。如图 1-9 所示，将标签粘贴在用户胸前。用户呼吸时，标签会随着胸部的

起伏做相同的运动。RFID 阅读器利用部署在用户面前的天线以无线通信的方式与 RFID

标签通信，并捕获由标签反向散射的射频信号。阅读器在每次通信成功后会将标签的身

份信息，即电子产品编码（Electronic Product Code，EPC）连同时间戳、相位、接收信

号强度以及多普勒频移等信息发送给上位机。呼吸会导致胸腔发生起伏变化，进而改变

贴在胸前的 RFID 标签和阅读器天线之间的直线距离。根据 2.2.3 介绍的原理可知，用户

的呼吸动作会对相位信号产生线性的影响。这一特性有助于设计个性化的信息表征方案。 

 

图 1-9 设备的部署方式 

Fig. 1-9 Device deployment 

本文研究利用呼吸表征信息的方式，并提出相应的信号处理技术，实现呼吸特征的

检测和识别。本文的主要研究内容如下：  

1）研究基于呼吸强度信息的辅助沟通技术。设计了利用呼吸强度表征信息的新方

式。提出了一种基于极值序列的特征提取（Feature Extraction based on Extremum Sequence，

FEES）算法，可实现从呼吸信号中提取单次呼吸的强度以及持续时间。采用证明和仿真

的手段展示了所提出的方法的抗基线漂移和抗噪声的性能。该方法解决了假阳性点不易

辨别的难题，对信号预处理要求低，可减少信号的预处理步骤。为了获得稳定的解码性

能，构建了一种呼吸控制模型，用来刻画用户在控制呼吸时的施力策略，并基于该模型

推导了基于递归处理的信息解码方法。最后经过大量的实测实验评估了原型系统的可靠

Antenna

标签

Tag

Antenna

Tag

Fig. 2 Equipment deployment method[28, 29].

RFID reader communicates with an RFID tag by transmitting
wireless signals via an antenna. Following each successful
communication, the RFID reader transmits information such
as the RFID tag’s ID number, phase value and timestamp to the
host computer. The RFID reader continuously communicates
with the RFID tag, thereby obtaining the time series of the
phase or referred to as “phase signal”. Let d represent the
straight-line distance between RFID tag and RFID reader’s
antenna. The phase value is directly related to d. As the RFID
tag is affixed to the user’s chest, the value of d changes in
response to the rise and fall of the chest during breathing,
thereby causing the phase value output by the reader to vary.
This is the theoretical basis for using RFID equipment to
collect respiratory signals. When inhaling, the phase signal
shows an increasing trend; when exhaling, the phase signal
shows a decreasing trend.

We proposed a signal feature extraction method based on
recursive processing to extract fine-grained respiratory action
features from respiratory signals. Subsequently, a breathing
control model is utilized to obtain the labels of the respiratory
actions. We use one “full beat” action to represent ‘0’ and two
“half beat” actions to represent ‘1’. Therefore, the obtained
breathing action labels and symbols cannot be matched one-
to-one. To address this issue, we further proposed a decoding
method based on recursive processing.

1.3 Advantages of BeaType over Prior Art

The advantages are mainly reflected in the following four
aspects.

• Traditional methods only allow users to express prede-
fined sentences, and the number of predefined sentences
is small[23–25]. BeaType uses breath to represent binary
symbols, allowing users to freely express intentions.

• Compared to ExHIBit[29], BeaType achieves approxi-
mately a 15% improvement in input efficiency.

• Our method achieves real-time detection of fine-grained
respiratory information through recursive processing,

eliminating the need to store historical data. This facili-
tates the reduction of hardware configuration and reduce
costs during future commercial promotion.

• BeaType is training-free. Therefore, there is no need to
collect training data, which can reduce user costs.

1.4 Challenges and Solutions

We face four challenges.
• The communication between the RFID reader and the

RFID tag follows the frame time slot Aloha protocol[28],
so the phase signals collected are non-uniformly sam-
pled. Traditional methods usually require resampling
the signals to restore them to uniform sampling signals,
but this batch processing method reduces the real-time
performance of the system.

• We use fine-grained breathing movements to represent
symbols. If the de-noise effect is excessively pursued to
obtain a smooth phase signal, the fluctuation character-
istics of the respiratory signal will be lost, resulting in
failure to decode. In order to avoid this problem, noise
is still retained in the preprocessed phase signal, but this
makes subsequent signal feature extraction difficult.

• The lack of a unified time reference when patients trans-
mit information through breathing makes the duration
of each exhalation or inhalation unstable. In addition,
in practical tests, patients may suddenly change their
breathing rate, further exacerbating the instability of
breathing duration. Therefore, the signal processing
method used is required to be more robust to changes in
respiratory rate.

• Our previous research has shown that users’ breathing
amplitude has short-term stability, and there may be sig-
nificant differences in the amplitude between two breaths
spaced apart[28]. In other words, breathing amplitude
presents instability over the long term, which poses
challenges to the recognition of breathing movements.

In order to solve the above problems, our system is de-
signed based on the recursive processing concept, which is
not sensitive to whether the signal is sampled uniformly and
has real-time processing capabilities. The system has good
robustness against noise in the preprocessed signal, enabling
the preprocessed data to effectively retain the characteristics
of respiratory movements. In response to the phenomenon of
unstable user respiratory rates, we only extract the amplitude
features of breathing as the basis for action recognition. Fur-
ther, to tackle the challenge of unstable respiratory amplitude
over a long-term perspective, we introduce a breathing control
model and derive a breathing action label recognition model
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based on recursive processing. This model essentially uses
the amplitude information of adjacent respiratory actions to
identify the type of respiratory actions, thereby indirectly
solving the problem caused by unstable respiratory amplitude.
At the same time, our method is also insensitive to changes
in respiratory rates.

1.5 Results and Contributions

We have implemented BeaType based on commercial RFID
devices, enabling severely paralyzed patients to freely express
their intentions through breathing movements. Nursing staff
can promptly understand the patients’ needs through this
method, thereby providing them with more adequate care
and allowing them to live with greater dignity. Experimental
results show that BeaType exhibits excellent robustness in
various experimental scenarios, and its input efficiency has
increased by 15% compared to existing method. Additionally,
during the system implementation process, we propose new
signal processing methods, which can be widely applied to
the feature detection and extraction of signal waveforms in
other fields.

The rest of this paper is organized as follows. Section 2
gives a detailed description of our method. Experiments and
analysis are reported in Section 3. Section 4 introduces the
impact of key parameters. We conclude in Section 5.

2 BeaType System
2.1 Preprocessing

We use commercial RFID devices to collect respiratory
signals. When the distance between the RFID tag and the
RFID reader is near the integer multiple of half the carrier
wavelength, the phase signal is prone to “phase wrapping”,
that is, the phase signal is discontinuous[28]. Therefore, the
continuous phase signal is first restored by the recursive
phase unwrapping algorithm[30]. Then EWMA filter[31] is
used to suppress the noise in the phase signal. If we pursue the
smoothness of the signal too much, the beat characteristics of
the useful signal will be severely attenuated which will have
a negative effect on decoding. Therefore, the preprocessed
signal still contains a certain amount of noise.

2.2 Feature Extraction

The amplitude of the preprocessed phase signal shows an
increasing trend during inhalation, referred to as “up-trend”
(UT). The starting point (the trough of the signal) and the end
point (the peak of the signal) of UT correspond to the begin-
ning and end of inhalation, respectively. The amplitude of the
preprocessed phase signal shows a decreasing trend during

obtain

end point

of UT

obtain 

starting point

of DT

detect

end point

of DT

obtain

end point

of DT

obtain

 starting point

of UT

detect

end point

of UT

Fig. 3 The detection flow of the EMET.

exhalation, referred to as “down-trend” (DT). The starting
point (the peak of the signal) and the end point (the trough
of the signal) of DT correspond to the beginning and end
of exhalation, respectively. Combined with the information
representation method shown in Fig.1 and the above analysis,
it is easy to know that the prerequisite of decoding is to detect
and identify the endpoint information of UT and DT.

The traditional endpoint detection techniques process the
signal by windowing method which requires careful setting of
the sliding window size. When breathing frequency changes,
missed detection is likely to occur. Moreover, windowing
method is not conducive to the lightweight of the algorithm.
To solve the above problems, we propose an extraction method
for endpoints of trend (EMET) based on stream processing.
Since the exhalation and inhalation actions are sequential, we
can come to the following conclusion.

Conclusion 1: The end point of UT (or DT) is the starting
point of the next DT (or UT), and the starting point of UT
(or DT) is the end point of the previous DT (or UT). Once
the end point detection of the current trend is completed, it
is equivalent to the starting point detection of the next trend
being completed.

According to Conclusion 1, EMET is mainly divided into
two processes as shown in Fig.3. Process1 is used to extract
the end point of UT and the starting point of DT. Process2
is used to extract the end point of DT and the starting point
of UT. These two processes are executed sequentially and
alternate in a loop. Once Process1 has completed, Process 2
begins. Once Process2 has completed, Process1 begins.

Let Rr and Rl record the end point and starting point of
UT, respectively. Let Fr, and Fl record the end point and
starting point of DT, respectively. TR is used to record the
dwell time of the current information in Rr. TF is used to
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BeaType: an alternative communication method based on RFID devices 5

record the dwell time of the current information in Fr. Let
□t and □y represent time and amplitude of □, respectively.
For example, Rt

r and Ry
r represent the time and magnitude of

Rr, respectively.
During system initialization, Rr, Rl, Fr and Fl are initial-

ized using the first data P1 received. Because of the similarity
between the end point detection processes of UT and DT, we
will take the detection of the end point of UT (Process1) as
an example to introduce EMET.

Assuming that EMET is currently in Process1, the informa-
tion stored in Rl is the starting point information of UT which
output from the last Process2. The information stored in Rl

remains unchanged until the end of Process1. The information
currently stored in Rr, Fl and Fr are ‘suspected’ endpoint
information. In Process1, Fl always satisfies Fl = Rr. Let
Pi represent the currently received data, where i ∈ N+ is
the data index. The subsequent operation is determined by
comparing with P y

i and Ry
r .

(1)P y
i ⩾ Ry

r

The amplitude of received data Pi is not less than that of the
‘suspected’ end point of UT stored in Rr. Since the end point
of UT is local maximum, Pi is a more eligible ‘suspected’
end point of UT. Therefore, update Rr with Pi and reset TR.{︄

Rr = (P t
i , P

y
i )

TR = 0
(1)

It is easy to conclude from Conclusion 1 that when Rr is
updated, Rr should be used to update Fl and Fr, and reset
TF as follows: ⎧⎪⎨⎪⎩

Fl = (Rt
r, R

y
r )

Fr = (Rt
r, R

y
r )

TF = 0

(2)

Remark: Due to the way of stream processing, EMET
cannot immediately determine whether the information in
Rr is the real end point of UT after updating Rr. With
the continuous influx of subsequent data, when the dwell
time TR of the current information in Rr is greater than the
preset threshold Tδ , the ‘suspected’ information in Rr can be
determined to be the end point of UT. This operation has a
certain degree of anti-noise. As shown in Fig.4, the amplitude
of the preprocessed signal shows an increasing trend in the
future. The random jitter caused by noise masks the local
increasing trend of UT. Through the time threshold Tδ , EMET
can overcome the local jitter caused by noise.

(2) P y
i < Ry

r

At this point, EMET enters the stage of ruling on the

Data index
i-5 i i+50

A
m

p
li

tu
d
e 

NowPast Future

up-trend

Fig. 4 Possible trend of future data.

‘suspected’ end point of UT. It takes time of Tδ from data
being collected to it being confirmed as the end point of UT.
At the same time, the system does not save historical data. If
start searching for the end point of DT after the information
in Rr being identified as the end point of UT, the data in time
period Tδ will be missed. Therefore, when Rr is updated, Fr

is updated as well as shown in Eq.(2). When the information
in Rr is not updated and waiting to be adjudicated, it can be
judged whether Fr needs to be updated by Pi based on the
feature that the end point of DT is the local minimum.

If P y
i ⩽ F y

i , update Fr with Pi and reset TF .{︄
Fr = (P t

i , P
y
i )

TF = 0
(3)

If P y
i > F y

i , update TF as follow

TF = TF + (P t
i − P t

i−1) (4)

Since the information in Rr is not updated, update TR as
follow

TR = TR + (P t
i − P t

i−1) (5)

When TR > Tδ , the end point detection of UT is complete.
And then, the amplitude change Aj caused by UT can be
calculated by Eq.(6)

Aj = |Ry
r −Ry

l | (6)

where j denotes to the action sequence number. During the
waiting period for determination about the information in Rr,
Fr is updated. Therefore, when the result of Aj is obtained,
Rl and Rr should be initialized with Fr and Pi respectively,
and reset TR immediately. When the next data sample enters,
EMET goes directly to Process2.

Remark: There is no need to compare TF and Tδ in
Process1. Since F t

r ⩾ Rt
r in Process1, TF ⩽ TR is easy to

get. Therefore, TR will exceedTδ beforeTF . The pseudo-code
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6

of EMET is shown in Algorithm 1. Because the execution
logic of Process1 and Process2 is symmetric, the pseudo-code
of Process2 is omitted. According to Algorithm 1, we can
easy to obtain that EMET only needs a small amount of
logical comparison, assignment and addition operation to
achieve the feature detection of respiration signal without
storing historical data. So, EMET has the characteristics of
low complexity and lightweight.

Algorithm 1 EMET
Input: Pi, currently received data after preprocessing.
Output: Aj , signal amplitude change of UT or DT.
% flag = 0 enters Process1
% flag = 1 enters Process2

1 if flag = 0 then
2 if P y

i ⩾ Ry
r then

3 Reset TR; Update Rr with Pi

4 Reset TF ; Reset Fr and Fl with Rr

5 else
6 if P y

i ⩽ F y
r then

7 Reset TF ; Update Fr with Pi

8 else
9 TF = TF + (P t

i − P t
i−1)

10 end if
11 TR = TR + (P t

i − P t
i−1)

12 if TR > Tδ then
13 j = j + 1

14 flag = 1

15 Aj = |Ry
r −Ry

l |
16 Reset Rl with Fr

17 Reset Rr with Pi; Reset TR

18 end if
19 end if
20 else
21 % Process2 (omitted)
22 end if

2.3 Decoding

We use one “full beat” action to represent ‘0’ and two “half
beat” actions to represent ‘1’. Therefore, the key to decoding is
to identify the type of action. When users convey information
through breathing, the process of controlling the breathing
amplitude can be regarded as a “comparison” process[28]. If
the type of the current action is the same as that of the previous
action (i.e., both are “full beat” actions or “half beat” actions),
the user will use the same force to control the current action.
Otherwise, the force used to control the current action will
be determined based on the type of the previous action. We
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Fig. 5 Relationship between action label and symbol.

describe the above process using the breath control model[28]

as shown in Eq.(7).⎧⎨⎩
Fj = Fj−1 + (Cj−1 − Cj)×∆Fj + ϵj

Aj

Aj−1
=

Fj

Fj−1

(7)

where Fj is the strength of the control action, ∆Fj is the
strength difference, Cj ∈ {0, 1} is action label, Cj = 1

means the “half beat” action, Cj = 0 means the “full beat”
action, and ϵj is the control error, j ∈ N+ is data index, Aj

is the output of Algorithm 1. According to Eq.(7), we can
obtain

Aj

Aj−1
= 1 +

ϵj
Fj−1

+ (Cj−1 − Cj)×
∆Fj

Fj−1
(8)

Obviously,

Aj

Aj−1
=

⎧⎪⎪⎨⎪⎪⎩
1 +

ϵj
Fj−1

, when Cj = Cj−1

1 +
ϵj

Fj−1
± ∆Fj

Fj−1
, when Cj ̸= Cj−1

(9)

Eq.(10) can be used to distinguish between the two cases in
Eq.(9).

max{Aj , Aj−1}
min{Aj , Aj−1}

> τ (10)

where τ is the threshold and τ = 1.4. When the logic of
Eq.(10) is true, it means that the adjacent action labels are
different, that is, Cj ̸= Cj−1; otherwise, Cj = Cj−1. We can
use Eq.(11) to identify the action label.

Cj ={Cj−1 + |Cj−1 − (Aj < Aj−1)|

× (
max{Aj , Aj−1}
min{Aj , Aj−1}

> τ)} mod 2 (11)

where mod is the modular operation. Based on Eq.(11), we
can obtain action label in a recursive way, and can’t get
symbol information directly. Because the number of actions
corresponding to ‘0’ and ‘1’ are different. As shown in Fig.5,
when the action label is 0, the symbol 0 can be output directly.
When the action label is 1, it needs to be judged and then
output.

To achieve decoding, we propose a decoding method based
on recursive processing. First we introduce a variable xj

with an initial value x1 = 0. Then according to Eq.(12), its
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Fig. 6 An example of decoding.
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Fig. 7 Experimental environments[29].

subsequent value xj can be obtained.{︄
x1 = 0

xj+1 = (xj + Cj) mod 2
(12)

Finally, we can use Eq.(13) to obtain the decoded output.{︄
Sk = Cj , k = k + 1 when xj+1 = 0

no output when xj+1 = 1
(13)

where Sk is the final output symbol, and k ∈ N+. To visu-
ally demonstrate the decoding process, we have created an
example, as shown in Fig.6.

3 Experiments and Analysis
We implement our method by Matlab software and use com-
mercial RFID devices to collect data for experiments. The
device models are the same as ExHIBit[29], and so is the
experimental environment as shown in Fig.7. During the ex-

periment, we kept the values of thresholds Tδ and τ constant,
with Tδ = 0.4 and τ = 1.4. We recruit 10 volunteers to
participate in our experiments. The male to female ratio is 5:5
and aged between 25 and 52. Unless otherwise mentioned, the
default setting will be adopted, that is, the volunteer is located
at the position 3 shown in Fig.7 with the RFID reader antenna
facing the RFID tag stuck to chest area of the volunteer’s
clothing, 1.5m apart. The information transmitted by volun-
teer is a binary random sequence. By default, experiment last
10 minutes for each set of parameters and each experiment is
repeated 3 times. The evaluation metrics are detection rate
(DR) and false positive rate (FPR)[29].

3.1 Effect of Device Deployment

Based on the default settings, we evaluate the effect of distance
and relative orientation between the RFID reader antenna
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Fig. 8 (a) Effect of distance on performance. (b) Effect of orientation on performance.
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Fig. 9 (a) Effect of users on performance. (b) Effect of clothing on performance.

and the RFID tag on the system. We choose five different
distances and five different orientations. As shown in Fig.8,
the performance of the system remains basically stable with
the change of distance or orientation.

3.2 Effect of Different Users and Clothes

We number 10 volunteers as 1 to 10, of which No. 1 to
No. 5 are female. Fig.9(a) shows the test results of each
volunteer under the default settings. We can conclude that
there is little variation in the performance of BeaType between
different volunteers, indicating that BeaType demonstrates
good consistency between different users. In the experiment,
five volunteers (numbers 4, 6, 7, 8 and 9) wear loose clothing
(e.g., knitted woolen garments, warm pajamas, and loose
clothing), while the others wear tight clothing (e.g., T-shirts
and jackets). The data of these two groups of volunteers are
counted and the results are plotted in Fig.9(b). From the results
on the graph, it is easy to see that the fit of the clothes has
an effect on the performance of the system. This is because
we attach the RFID tag to the chest area of the clothing.

During breathing, the chest undergoes rhythmic expansion and
contraction. Tight-fitting clothing allows the tag to fit closer
to the chest, forcing the tag to move synchronously with the
chest, thereby obtaining more obvious signal characteristics.
When clothing is loose, the fit between the RFID tag and
the chest is reduced, and sometimes it is impossible to fully
follow the movement of the chest. Nevertheless, chest motion
still induces multipath effects, so the phase signals of the
RFID tag can still effectively reflect breathing characteristics.

We recommend that users wear close-fitting clothing as
much as possible, and that RFID tags be attached to their
underwear. Try to face the RFID antenna to ensure that the
longitudinal undulations of the chest can be modulated to the
phase signal of the RFID tag to the greatest extent. When
attaching the RFID tag, try to stick the tag to the largest area
where the chest rises and falls. If abdominal breathing is used,
stick the RFID tag to the stomach. The redundant deployment
of multiple RFID tags can improve the signal-to-noise ratio
of respiratory signals by designing signal fusion algorithms
for multiple RFID tags.
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3.3 Effect of Non-stationary Breath

Two volunteers are randomly selected to carry out the experi-
ment of non-stationary breath. Based on the default setting,
the volunteers randomly increased or decreased the breathing
rate. The maximum breathing rate is about twice the normal
breathing rate. As shown in Fig.10, DR of the system under
non-smooth breathing is 98.57%, and FPR is 0.61%, which is
somewhat different from that under smooth breathing, but the
performance can still meet the needs of practical applications.

3.4 Effect of Posture and Environment

Based on the default settings, the performance of the system
is evaluated at the three different locations shown in Fig.7
with sitting posture and lying posture, respectively. As shown
in Table 2, the system achieves comparable performance in
both postures, with no significant performance differences in
the three locations.

Table 2 Effect of posture and environment.

Environment Sitting Lying
DR FPR DR FPR

1 99.57% 0.55% 99.67% 0.46%
2 99.66% 0.48% 99.65% 0.51%
3 99.65% 0.45% 99.69% 0.47%

3.5 Text Input Speed

We adopt words per minute (WPM) defined in WiMorse[5]

as a measure of text input speed. Thirty different sentences
are randomly generated, and each volunteer randomly selects
three from them. For common phrases, volunteers can use
abbreviations to improve the input speed. Under three cod-
ing rules of Bcode[28], GBcode[28] and Huffman encoding,
the average text input speed of our method is 1.58WPM,
1.71WPM and 1.9WPM respectively. In the case of using

Huffman coding and allowing the use of abbreviations, the
input speed can reach up to 2.13WPM.

The input speed of BeaType is higher than that of ReType[28]

and ExHBit[29] due to the improved information representa-
tion, but lower than that of methods that require interaction
with screen[26, 27]. For example, the input speed of VIWA[26]

is close to 8WPM. However, our method is still advanced.
Methods that interact with the screen cannot provide services
for patients with visual impairment. Our method does not
require interaction with the screen and is suitable for all users
who can breathe on their own. In addition, our method al-
lows users to freely express their intentions, while traditional
non-interactive methods[23–25] do not.

4 Effect of Key Parameters
4.1 Impact on Detection Capabilities

We use simulation methods to explain the impact of Tδ

and τ . Since Tδ affects the detection performance of signal
feature points, we adopt DR and FPR to evaluate the impact
of Tδ. DR refers to the percentage of true beats that are
successfully detected, and FPR refers to the proportion of
beats output by the system that are not true beats. Since τ

affects the recognition accuracy of beat label, we leverage the
recognition error rate (ER) of beat label to evaluate the impact
of τ . ER refers to the ratio of incorrectly judged beat labels
to the total number of beat labels output by the algorithm.
Misjudged beat labels include two situations: one is that the
true beat is detected, but its label is misjudged; the other is
that the system detects a false beat and gives a false beat label.

During simulation, we use line segment to simulate the
beat. The amplitude of “full beat” is 1, and the amplitude of
“half beat” is 0.5. Assuming a breathing rate of 40 breaths per
minute, so the duration of “full beat” is 0.75s and the duration
of “half beat” is 0.37s. The sampling rate of the data is set
to 120. We randomly generate 10,000 binary codes and then
convert them into noise-free simulated signals according to
the mapping relationship. During simulation, Tδ is increased
from 0.1 to 1.2 with a step size of 0.05; τ is increased from
1.2 to 1.8 with a step size of 0.1. When adding noise to the
signal, the signal-to-noise ratio (SNR) is increased from 10dB
to 30dB with a step size of 2dB. During the simulation, we
do not filter the noisy signal to retain all of its noise.

Due to the large amount of simulation signal data, we have
wrote a special program to automatically determine whether
real feature points are detected in our previous work[28, 29].
And the method is as follows. We extract the timestamp
information of adjacent target feature points in the noiseless
simulation signal in advance. If at least one feature point is
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Fig. 11 (a) DR at different Tδ and SNR. (b) FPR at different Tδ and SNR.
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Fig. 12 (a) ER at different τ and SNR when Tδ=0.3. (b) ER at different Tδ and τ when SNR=20dB.

detected in the noisy simulated signal within the range of these
two timestamps, it is considered that the true feature point
within this time range has been successfully detected. But
we have found in subsequent experiments that the calculation
results of this judgment method have deviations in the case
of low SNR and can only be used for qualitative analysis.
Therefore, we have improved the judgment rule in this paper.
If the deviation between the timestamp of the endpoints of
the beat detected from the noisy simulated signal and the
timestamp of the corresponding beat endpoints in the noise-
free simulated signal is within 0.1, the detection is considered
successful. Otherwise, it is judged as a false positive point.

In addition, we need to explain a situation that may be
encountered when calculating the recognition ER of beat
labels. Since we use a recursive beat label recognition method,
the order of the true labels will be misaligned when a false
positive beat occurs. In this case, we first use Eq.(11) recognize
all beat labels, including those of false positive beat labels.
When counting ER, false positive beat labels are directly
counted into the number of error labels. The label of the
misaligned true beat should be compared with the ground truth

beat label at its intended position. If the label identification
types are inconsistent, they will be counted into the number
of erroneous labels. Finally, ER is calculated based on the
counting results.

Fig.11 shows the detection performance under different
combinations of Tδ and SNR. From Fig.11(a), we can see
that DR drops sharply once Tδ increases to 0.75 when SNR is
kept unchanged (assuming it is 10dB). This is because when
Tδ exceeds 0.75, its value surpasses twice the duration of
“half beat”, which triggers a significant number of missed
detections. As shown in Fig.11(b), FPR gradually decreases
as Tδ increases. Therefore, Tδ cannot be too large or too
small. Obviously it is appropriate for us to set Tδ to 0.3 in
practice.

Fig.12 illustrates the impact of τ on algorithm performance.
Fig.12(a) shows the beat label recognition error rate under
different combinations of τ and SNR when Tδ=0.3. It is
evident that ER increases as τ increases when SNR remains
constant. This is because the amplitude ratio of a full beat
to a half beat is set to 2 in the simulation. The closer τ is
to this ratio, the more sensitive the algorithm is to uncertain
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BeaType: an alternative communication method based on RFID devices 11

fluctuations caused by noise. Fig.12(b) shows ER under
different combinations of τ and Tδ values when SNR is
20dB. There is a high-performance area near the lower left
corner (Tδ ∈ [0.2, 0.6]). The two threshold values we selected
(Tδ = 0.3, τ = 1.4) fall precisely within this region.

4.2 Impact on Real-time Performance

Parameter τ appears in Eq.(11) and plays a role in recognizing
beat labels. Since it is involved in only a single logical
comparison, the resulting computational delay is negligible.

Some noise still remains in the preprocessed signal, so
when the system receives a suspected feature point (i.e.,
the endpoint of the beat action), it cannot be immediately
confirmed as a valid endpoint. Because this point may just
be a false feature point caused by noise. To this end, the
system adopts a “continuous observation” mechanism: from
the appearance of the candidate point, it continues to observe
for a fixed period of timeTδ . If a better candidate point appears
during this period, the original candidate point is replaced,
and the observation timer is cleared and restarted; only when
it is not replaced by a better candidate point within the entire
observation time period Tδ is the candidate point finally
confirmed as the real endpoint. Obviously, this mechanism
introduces a fixed delay, that is, after the real signal feature
point arrives, the system needs to wait Tδ seconds before
outputting the confirmation result. We have pointed out in
previous analysis that Tδ is not as small as the better. Too
small Tδ will make the system susceptible to residual noise
interference and cause false detections. In order to ensure
the robustness and stability of system detection, Tδ = 0.3s
is taken after trade-offs. This value is within the acceptable
range of delay and effectively suppresses the impact of noise.

5 Conclusion
With the help of RFID devices, we design BeaType to help
severely paralyzed patients communicate with others. We
propose a method to transmit information using the beat
feature of breathing. We design a feature extraction method to
extract the amplitude features of breathing actions. In addition,
we give a decoding method based on recursive processing.
The algorithms of the whole scheme are designed by the way
of stream processing, which makes our method lightweight.
Comprehensive experiments show that our method can work
effectively in different scenarios and for different users.

The pursuit of faster input speed is an important goal in the
research of alternative communication techniques. However,
the universality of the solution is equally important. This
study is based on the universality of the solution and proposes

BeaType which does not require users to have normal vision
and does not require interaction with the screen. Therefore, in
terms of efficiency, there is a certain gap compared to existing
interactive methods.

From the perspective of healthy individuals, the efficiency
of our proposed solution might be so low as to be unbearable.
However, it can win the favor of patients. The reason why our
method is precious lies in the fact that it allows patients to
freely express their wishes, rather than merely being able to
answer ”yes” or ”no”. Just as Mr. Plotkin said, ”The speed of
this self-expression is less important to individuals who, put
bluntly, have no other options.”[32].

Although context-aware word prediction is beyond the
scope of this paper, we want to briefly explore the potential
feasibility of integrating a standard language model into the
BeaType framework. As the user enters characters one by
one, the standard language model assigns a prior probability
distribution to the next character based on the decoded pre-
fix. Based on this prior information, the system can realize
automatic word completion, thereby reducing the number
of breathing coding bits required per word. Furthermore,
when the decoded character sequence conflicts with linguistic
rules, the model can assist in recommending more reasonable
word candidates, thereby improving input accuracy. It should
be noted that the implementation details and performance
evaluation of the above integration scheme still require further
research. We believe this direction has significant practical
value, and future work is expected to greatly improve actual
input efficiency based on this.
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