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RaliSense: Extending WiFi Respiratory Detection
Range by Rapid Alignment of Dynamic Components
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Schahram Dustdar, Fellow, IEEE, and Fu Xiao , Senior Member, IEEE

Abstract—WiFi based respiratory detection has attracted in-
creasing attentions due to its ubiquity and convenience. In Non-
Line-of-Sight (NLoS) scenarios, WiFi signals reflected from human
target are blocked by obstacles and become much weaker, thus
limiting the sensing range and hindering the practical deployment.
The existing best respiratory detection system extended the sensing
range by scaling and aligning dynamic components in WiFi signals.
However, its dynamic component scaling causes the amplification
of noise, while its dynamic component alignment increases com-
putation complexity due to the traversal on all possible rotation
angles. To address the above issues, in this paper we first build WiFi
sensing range models for respiratory detection in NLoS scenario,
find factors that limit the sensing range, and then propose a new
respiratory detection system named RaliSense which can further
rapidly extend the sensing range in NLoS scenario. The main idea
of RaliSense is rapidly aligning dynamic components without am-
plifying noise, based on change direction vector and CSI ratio sum
polarity of dynamic components. The proposed change direction
vector is obtained by calculating the direction on which the noisy
dynamic components have the maximum variance, and CSI ratio
sum polarity is then obtained by summing the dynamic components
which have been rotated by the change direction vector. According
to the CSI ratio sum polarity, the rotation angle is quickly adjusted
for aligning dynamic components. Extensive simulation and exper-
iment results verify the effectiveness of our proposed sensing range
models. The results also demonstrate that our proposed system
RaliSense can effectively extend sensing range in NLoS scenario,
achieving a 22.7% improvement over the best existing work but
spending only a quarter of its computation time.

Index Terms—Wireless sensing, sensing range, channel state
information (CSI).

I. INTRODUCTION

IN RECENT years, with the rapid development of wireless
technology, widely deployed commodity WiFi devices have
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been utilized for achieving ubiquitously contactless sensing. A
large variety of applications based on WiFi sensing have been
developed, such as fine-grained respiration detection [1], [2], [3],
[4], [5], activity recognition [6], [7], [8], indoor positioning [9],
[10], fall detection [11], [12], and size measurement [13]. In
comparison to traditional sensing platforms such as cameras
or wearable devices, WiFi sensing has advantages of device-
free convenience, low cost and privacy protection. Therefore,
the contactless WiFi-based solution has been recently a more
desirable choice.

Channel state information (CSI) provides fine-grained
subcarrier-level physical layer information of WiFi [14], [15].
Reflected by the chest, WiFi signals change with the respiration
of nearby person, resulting in the change of CSI. By capturing
CSI characteristics, respiratory rate and respiration waveform
can be estimated. In NLoS scenarios, since obstacles block the
direct signal between human and WiFi device, WiFi signals
reflected by human target become much weaker, affecting accu-
rate detection of respiration rate and also limiting the sensing
range [16]. The restricted sensing range greatly reduces its
practicability. Due to short sensing range, more WiFi devices
need to be deployed in the same sensing area to avoid the
existence of blind sectors. This will increase the overall cost
and hinder widespread application.

The modeling and extending of WiFi sensing range have been
studied these years. A Fresnel diffraction model was proposed
in [17] to quantify the relationship between human position and
respiratory detectability. This model can guide users to find good
positions for respiratory detection, but can only be used to build
a basic sensing range model in LoS scenario. The characteristics
of Fresnel reflection model was further summarized in [18] for
deriving a sensing limit of WiFi signal, but the interval of sensing
limit was derived rather than a precise sensing limit because
Fresnel zones differ from fine-grained channel state information.
Wiphone [19] modeled the relationship between CSI signal
reflected from the environment and a target’s chest displacement
in a NLoS scenario. However, this model is only applicable for
CSI-amplitude-based respiratory detection, and CSI amplitude
is not as precise as CSI phase [20]. FarSense [21] proposed a
CSI-ratio model to extend the sensing range of respiratory detec-
tion. Although it can remove phase offset and reduce amplitude
noise based on the CSI ratio, only one pair of antennas and
one subcarrier with the maximum breathing-to-noise ratio are
used, limiting its capacity of sensing range extension. EMA [22]
exploited spatial diversity to extend sensing range of respiratory
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detection. CSI data of all the antenna pairs were combined in a
weighted way to enhance sensing-signal-to-noise ratio. Though
the spatial diversity has been fully exploited, EMA lacks the
integration of frequency diversity and time diversity.

DiverSense [23] enhanced the quality of the sensing signal
by further leveraging the frequency and time diversity of WiFi
signal. The CSI samples over a period of time are aggregated to
obtain dynamic components, which are then scaled, aligned and
combined across all available subcarriers. Although DiverSense
is the best existing respiratory detection system, two problems
still need to be addressed. The first problem is that the scaling
of dynamic components causes the amplification of noise. To
maximize the sensing range, DiverSense scales and aligns the
dynamic components in all subcarriers. During the scaling, a
dynamic component is amplified as well as the additional noise.
The second problem is that the alignment of dynamic compo-
nents increases computation complexity. Since the phases of
CSI dynamic components are always different, rotating the CSI
ratio signals is essential to align the dynamic components. Two
dynamic components are aligned by continuously rotating one
of them until their distance is minimized, requiring the traversal
of every possible angle. The traversal method results in high
computation complexity.

In order to solve the aforementioned two problems, we first
build WiFi sensing range models for respiratory detection in
NLoS scenario, find factors that limit the sensing range, and then
propose a new respiratory detection system named RaliSense
which can further rapidly extend the sensing range in NLoS
scenario. Three challenges need to be tackled before our idea
can be applied to extend the sensing range:
� Modeling the sensing range of respiratory detection is

challenging due to two factors. First, the sensing range
is closely related to the adopted respiratory detection sys-
tem, but the state-of-art respiratory detection systems are
complex. Second, in NLoS scenarios, signal propagation
environment is more complex.

� Extending the sensing range of respiratory detection in
NLoS scenarios is challenging, since WiFi signals reflected
from human target are blocked by obstacles and become
much weaker. To enhance the sensing quality, dynamic
components of CSI ratio need to be aligned. As one im-
portant step in traditional dynamic component alignment,
the scaling standardizes the sizes of dynamic components,
but also amplifies noise. We need to achieve dynamic
component alignment without amplifying noise.

� Effectively reducing the computation complexity of the
existing most advanced respiratory detection system is
challenging. In the existing best system, dynamic compo-
nent alignment requires traversing all possible angles and
calculating the sum of sample difference at each angle. This
traversal method results in excessive algorithmic overhead.
We need to quickly align the dynamic components without
traversing all rotation angles.

To tackle the above challenges, we have conducted a series of
work. First, we define the sensing range of respiratory detection
by formulating it as a mathematical problem, derive dynamic
propagation path distance in NLoS scenario, and further derive

sensing range models for respiratory detection systems. Second,
we propose a more precise CSI ratio model and a new respiratory
detection system which can align dynamic components without
amplifying noise. It is fulfilled by our proposed change direction
vector of dynamic components and the polarity of CSI ratio
sum. The change direction vector represents the phase change
direction of dynamic component, while the polarity of CSI ratio
sum can solve the rotation angle ambiguity problem. Third,
our proposed respiratory detection system allows us to quickly
determine the rotation angle without traversing all possible
angles. The quickly derived rotation angle is used to fulfill rapid
alignment of dynamic components. As a result, the computation
complexity can be effectively reduced.

The main contributions of this work can be summarized as
follows.
� We derive sensing range models for different respiratory

detection systems in NLoS scenario. This work provides
a theoretical foundation for research on sensing range of
various fine-grained sensing tasks as well as their system
design.

� We propose RaliSense, a new respiratory detection system
that can quickly extend the sensing range in NLoS scenario.
One important feature of RaliSense is the rapid alignment
of dynamic components without amplifying noise. The
change direction vector is quickly found by calculating the
direction on which the noisy dynamic components have
the maximum variance. The rotation angle for aligning dy-
namic components is then quickly determined by both the
change direction vector and the CSI ratio sum polarity. The
latter can quickly solve the the rotation angle ambiguity
problem.

� We build a prototype of RaliSense and evaluate its per-
formance by extensive simulations and experiments. The
results verify the effectiveness of our proposed sensing
range models. Moreover, the results demonstrate that our
proposed system RaliSense can effectively extend sensing
range in NLoS scenario, achieving a 22.7% improvement
over the best existing work but only spending a quarter of
its computation time.

The rest of this paper is organized as follow. Section II
introduces the most related work. Section III presents basic CSI
model in NLoS scenario and existing advanced respiratory de-
tection systems. The definition of WiFi-based sensing range and
the derivation of sensing range models are illustrated in Section
IV, while Section V presents a more precise CSI ratio model and
our new respiratory detection system. Then Section VI presents
the simulation and experiment results together with the analysis.
Finally, Section VII gives the conclusion.

II. RELATED WORK

A. WiFi-Based Contact-Free Respiratory Sensing

WiFi-based contact-free respiratory sensing systems become
attractive because they meet both non-intrusive and cost-
effective requirements. Recent WiFi-based respiratory sensing
methods mainly used the amplitude and phase information of
CSI for sensing. BreathTrack [24] exploited the phase variation
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of CSI to track human breath. FullBreathe [25] eliminated blind
spots of respiratory sensing by conjugate multiplication of CSI
amplitude and phase between antennas. Based on Fresnel theory,
the approach proposed in [26] used multiple transceiver devices
to estimate the respiratory rate. MultiSense [27] exploited blind
source signal separation and independent component analysis
to simultaneously extract multi-person respiratory patterns. The
work in [28] proposed a Matching Pursuit based Joint Angle
and Respiration Estimation algorithm, enabling the reliable
separation of the respiration of multiple targets. PresSense [29]
proposed the Peak Distance Histogram feature to achieve more
accurate respiratory detection. In [1], the system employed a
peak detection based approach and built a multi-dimensional
clustering of evolving signal subspace to improve the perfor-
mance of practical sleep monitoring application. WiResP [30]
treated the spectrum of CSI data as an image and proposed
an image-based continuity checker module to reliably capture
respiration. However, image processing results in significant
computational overhead, making it challenging to meet real-
time requirements. ResFi [31] and the work in [32] detected
respiration by proposing learning-based methods, but they re-
quire further training in new environments, which limits their
applicability.

B. WiFi-Based Contact-Free Sensing Range

WiFi-based contact-free sensing range has been studied these
years. Zhang et al. [17] developed a mathematical model to
relate one’s location to the detectability of respiratory within
the First Fresnel Zone (FFZ). The model showed that the
range of FFZ was not a good breathing position. FarSense [21]
proposed a CSI-ratio model to address the respiratory blind
spots problem and increased the sensing range. It required the
synchronization of CSI stream clocks of two receiving antennas.
WiBorder [33] extracted a new metric DCM-CSI from the CSI
conjugate multiplication between two antennas. Based on this
metric, a stable threshold line was found to distinguish direct and
indirect signals, then the walls in the environment were used to
determine sensing range. One main constraint of this system was
its coarse-grained perception of humans. Zhang et al. [18] further
summarized the characteristics of Fresnel reflection model for
human RF sensing and derived a sensing limit of WiFi signal. It
was found that the human target could be localized in the middle
of one zone from the 48th Fresnel zone onward. However, the
precise sensing range was still unknown, because Fresnel zones
were a series of concentric ellipsoids of alternating strength
and still differs from fine-grained channel state information.
EMA [22] exploited spatial diversity to extend sensing range of
respiratory detection. CSI data of all the antenna pairs are com-
bined to enhance sensing-signal-to-noise ratio. DiverSense [23]
enhanced the sensing quality by leveraging the frequency and
time diversity of WiFi signal. The CSI samples are aggregated
to obtain dynamic components, which are aligned and com-
bined across all subcarriers. Although DiverSense is the best
existing respiratory detection system, its dynamic component
scaling causes noise amplification and its dynamic component
alignment increases computation complexity.

Fig. 1. Example of human sensing with WiFi CSI in NLoS scenario.

III. PRELIMINARY

In this section, we first describe how respiration influences
wireless channels between WiFi transmitter and receiver, pro-
viding basic CSI model for sensing respiration. Built on the
basic CSI model, existing respiratory detection methods further
processed CSI data in different ways. So, we then introduce how
CSI data were processed by the existing advanced methods such
as EMA and DiverSense.

A. Basic CSI Model

In the concerned NLoS scenario, obstacles such as cabinet
and screen block the direct signal between human and sensing
dervice. The signal arriving at the receiver is actually a super-
position of signals coming from multiple paths. These paths can
be grouped into static paths and dynamic paths. Each static path
does not vary with time, while each dynamic path varies with
target movement. The CSI in NLoS scenarios can be denoted
as:

H(f, t) =
∑
i∈LS

Hi(f, t) +
∑

j∈LD,NLoS

Hj(f, t), (1)

whereLS is the set of static paths,LD,NLoS is the set of dynamic
NLoS paths, f is the carrier frequency, Hi(f, t) is the i-th static
path CSI, and Hj(f, t) is the j-th dynamic path CSI.

Fig. 1 shows CSI-based respiratory detection in a typical
NLoS scenario. The dynamic path signals are reflected from
the target. The slight displacement of the target causes a phase
change. The static path signal comprises signals reflected from
stationary objects in the surroundings (such as walls, desk and
closet) and the direct path signal, forming a constant complex
number. We further take noise into consideration and the CSI
can then be denoted as:

H(f, t) = S(f) +Hd,NLoS(f, t) + ε(f, t)

= S(f) +
∑

i∈Ld,NLoS

αi(f, t)e
−j2πf

d(t)
c + ε(f, t), (2)

where S(f) is the static component, Hd,NLoS(f, t) represents the
dynamic component, c is the speed of light, αi(f, t) represents
the amplitude attenuation and initial phase of i-th dynamic path,
di(t) is the distance of i-th dynamic path, and ε(f, t) is the noise,
which is assumed as an additive white Gaussian noise.
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B. Respiratory Detection Using EMA

In commodity WiFi devices, we can obtain multiple CSI data
streams from different antenna pairs by MIMO (Multiple Input
Multiple Output) techniques. To fully leverage these CSI data
from all the antennas, EMA [22] combines them by a weighted
sum, thereby enhancing sensing effect.

CSI data from different antenna pairs is rewrited as:

Hi(f, t) = Si(f) +Ai(f, t)e
−j2πf

d1(t)
c + εi(f, t) (3)

where Ai(f, t) = αi(f, t)e
−j2πf

di(t)−d1(t)

c , di(t)− d1(t) de-
notes the length difference of the target-reflected path between
the i-th antenna pair and the first antenna pair. Then, EMA
combines all CSI data through weighting:

H(t) =

M∑
i=1

wiHi(f, t), (4)

In order to quantify the relation between noise and dynamic
vector, EMA proposes a metric named sensing signal to-noise
ratio (SSNR). It has been proven that a higher SSNR value corre-
sponds to better sensing performance. By deriving the maximum
SSNR, EMA obtains the optimal normalized weighting, which
can be expressed as:

wi = ejθref
A∗

i (f, t)√∑M
i=1 |Ai(f, t)|2

. (5)

where Ai(f, t) is aligned to the same phase θref .

C. Respiratory Detection Using DiverSense

DiverSense derives a CSI ratio model, and then proposes a
signal alignment algorithm to align the phase of the multiple
received sensing signals. The CSI ratio model is the basis of the
algorithm, which can be expressed as:

Hp(fi, t)

Hq(fi, t)
=

αp(fi, t)e
−j2πfi

dp(t)

c

Sq(fi)
+

Sp(fi)

Sq(fi)
+

ε(fi, t)

Sq(fi)
, (6)

where Hp(fi, t) and Hq(fi, t) represent the CSI from any two
different antenna pairs.

DiverSense finds that if two dynamic components have the
same size, the two dynamic components can be aligned by
rotating one of the signals until the distance of the corresponding
samples is minimized. In this regard, DiverSense proposes a
signal alignment algorithm. The algorithm has the following
steps.

1) Translation: The static component is removed by subtract-
ing the average of enough CSI ratio samples:

Hp(fi, t)

Hq(fi, t)
−Efi =

|αp(fi)| e−jθfi

(
e−j

2πfiΔd(t)

c −K
)
+ ε(fi, t)

Sq(fi)
,

(7)

where E(fi) is the average of CSI ratio samples, K =
1
T Σ

T
t=1e

−j2πfi
Δd(t)

c is a complex value, T is the number of CSI
ratio samples, Δd(t) is the distance change of dynamic path, θfi
is the sum of αp(fi)’s phase and 2πfi

dp(t)−Δd(t)
c .

2) Scaling: Scale factor is obtained by calculating the moving
average of the CSI ratio with a window size T ′ smaller than T :

Scale(fi, t) =
|αp(fi, t)||K ′(fi, t)−K|

|Sq(fi)| . (8)

Hp(fi,t)
Hq(fi,t)

− E(fi, t) is scaled by |αp(fi)|Kdif

|Sq(fi)| , where the max

value K ′(fi, t)−K is marked as Kdif . The scaled CSI ratios
have dynamic components with same amplitude, which can be
expressed as:

Rp,q(fi, t) =
e−jθfi

(
e−j2πfi

Δd(t)
c −K

)
+ ε(fi,t)

|αp(fi)|
Kdif

, (9)

3) Rotation: DiverSense selects one CSI ratio as the reference
and align other CSI ratios by calculating the minimum value of
the sum of the distances between the corresponding samples.
The final combined CSI can be expressed as:

H(t) =

∑Nf

i=1(e
−jθf1

(
e−j2πfi

Δd(t)
c −K

)
+ε′(fi, t))

NfKdif
, (10)

whereNf is the number of subcarriers, and ε′(fi, t) is the rotated
noise.

IV. MODEL THE SENSING RANGE OF RESPIRATORY

DETECTION IN NLOS SCENARIOS

In this section, we model the sensing range of WiFi-based
respiratory detection in NLoS scenario. First, we define the
sensing range of WiFi-based respiratory detection by formu-
lating it as a mathematical problem. Then, we model sensing
range, beginning with the derivation of dynamic propagation
path distance in NLoS scenario. At last, we derive the sensing
range model of two advanced respiratory detection systems.

A. Define WiFi-Based Sensing Range

The sensing range of WiFi-based respiratory detection is
defined as the longest distance between target and sensing device
on the condition of respiratory rate detectability. We then explain
three key components in the definition, i.e., the distance between
target and sensing device, any concerned respiratory detection
method and the respiratory rate detectability.

First, the distance between target person and sensing device,
denoted as dPS , is defined as the shorter of the distance from tar-
get to the receiver and the distance from target to the transmitter.
If the longer distance is chosen as the distance between target and
sensing device, it could lead to an exaggerated sensing range.
Therefore, the shorter distance is used to define dPS , which can
be expressed as:

dPS =
dTP + dPR − |dTP − dPR|

2
, (11)

where dTP is the distance between the target and the transmitter,
dPR is the distance between the target and the receiver.

The second component is the adopted respiratory detection
method for estimating respiration rate. During the modelization
of sensing range, the principle of the adopted respiratory detec-
tion method is formulated into CSI model, then the estimated
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Fig. 2. Reflection path via the target.

respiration rate can be derived. More specifically, we modify
the CSI model according to the data processing procedure of the
specific respiratory detection method, thus obtain a processed
CSI model. In the frequency domain of processed CSI model,
the frequency which has the largest amplitude is regarded as the
estimated respiration rate.

Third, respiratory rate detectability means that the respiratory
rate can be accurately detected, i.e., the error between the
estimated respiratory rate and the real respiratory rate should
be small enough (e.g., smaller than a required threshold). The
above error mainly comes from the imperfection of the adopted
respiratory detection method. For example, it is hard to com-
pletely eliminate the noise in CSI data.

According to the above analysis on the three key components,
the definition of sensing range can be expressed as an optimiza-
tion problem:

dmax = max dPS s.t.
∣∣∣f̂BR (dPS)− fBR

∣∣∣ ≤ εBR, (12)

where f̂BR(dPS) is the estimated respiratory rate, fBR is the real
respiratory rate, and εBR is the error threshold.

B. Derive the Dynamic Propagation Distance in NLoS
Scenario

Before modeling the sensing range of the advanced methods,
we need to derive dynamic propagation distance, which is an
essential and common element in respiratory sensing model.
More specifically, the relation between dynamic propagation
distance and respiratory rate is derived. For the convenience
of derivation, we remove the reflection paths via non-person
reflectors, but retain the reflection path via the target. As shown
in Fig. 2, the transmitter and receiver are denoted as Tx and
Rx, respectively, the target’s chest is denoted as P, and the two
reflection points of the static object (i.e., the wall) are denoted as
U and J, respectively. The positions of Tx, Rx and the target P are
denoted as (xT , yT , zT ), (xR, yR, zR), (xP , yP , zP ), respectively.

The dynamic propagation path is the reflection path Tx-U-P-
J-Rx. The distance of the reflection path is denoted as di(fBR, t).
Since multiple receiving antennas are used in this paper, we have
di(fBR, t) = dTUP (fBR, t) + dPJRi

(fBR, t).
Since WiFi signal dramatically attenuates with the prolonga-

tion of propagation path, we focus on the strongest dynamic
path which is also the shortest dynamic path to achieve the

Fig. 3. Dynamic propagation path in NLoS scenario.

best respiratory detection performance. So the multipath of the
respiratory signal is simplified to the shortest NLoS path. As
shown in Fig. 3, based on mirror symmetry, the path Tx-U-P-
J-Rx is the shortest NLoS path. Fig. 3(a) shows the top view
of dynamic propagation path. The distances from the chest,
transmitter, receiver to the wall are denoted as dPF , dFG, and
dFE , respectively. The projections of the transmitter and the
receiver on the wall are denoted as Tx′ and Rx′, respectively.
The distances from the transmitter and receiver to the centerline
of the target are denoted as dT ′G and dR′E , respectively. Fig. 3(b)
is the front view of dynamic propagation path. C and D denote
the projection points ofP on the planes of the transmitter and the
receiver, respectively. The distance dPC(fBR, t) and dPD(fBR, t)
can denoteP ’s height relative to the transmitter and the receiver,
respectively.

According to the top and front view of the dynamic propaga-
tion path, we have dTUP (fBR, t) =

√
d2

T ′P + d2PC(fBR, t), where
dT ′P can be expressed as:

dT ′P = ((dPF + dFG)
2 + d2T ′G)

1
2 . (13)

As the chest of the target rises and falls with respiratory, P can
rise to the highest point A and fall to the lowest point B. The range
of dPC(fBR, t) ’s change equals dAB. The change of dPC(fBR, t)
with respiratory is normally rhythmic and in the same frequency
with the respiratory rate. Thus dPC(fBR, t) can be expressed as:

dPC(fBR, t) =
1

2
dABsin2πfBRt+ dBC − 1

2
dAB. (14)
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We substitute (13) and (14) into
√

d2
T ′P + d2PC(fBR, t) to

obtain the relationship between dTUP (fBR, t) and respiration
rate:

dTUP (fBR, t)=dT ′P

√
1+

(
dABsin2πfBRt+2dBC−dAB

2dT ′P

)2

.

(15)

Since dT ′P is much larger than dAB and dBC , we use Taylor
expansion to expand the above equation and retain the first two
terms. Then (15) is transformed to:

dTUP (fBR, t) =
(2dBC − dAB)dAB

4dT ′P
sin2πfBRt+ dT ′P . (16)

Similarly, dPJRi
(fBR, t) is transformed to dPJRi

(fBR, t) =
(2dBD−dAB)dAB

4dPR′
i

sin2πfBRt+ dPR′
i
. We have calculated the dis-

tances from the transmitter and receiver to the target. Thus, the
distance of dynamic propagation path can be expressed as:

di(fBR, t) = uBidABsin2πfBRt+ dT ′P + dPR′
i
, (17)

where

uBi =
2dBC − dAB

4dT ′P
+

2dBD − dAB

4dPR′
i

, (18)

dT ′P =
√

(xT−xP)2+(yT + yP)2+(zT−zP)2, (19)

dR′P =
√

(xR−xP)2+(yR + yP)2+(zR−zP)2. (20)

C. Derive EMA’s Sensing Range Model

1) Weighted CSI Signal Model: We substitute the optimal
normalized weights into (4), thus weighted CSI signal can be
expressed as:

H(f, t) =

NRx∑
i=1

wi

(
Si(f) +Ai(f, t)e

−j2πf
d1(t)

c + εi(f, t)
)

= S(f) + ejθref

√√√√NRx∑
i=1

|Ai(f, t)|2e−j2πf
d1(t)

c +ε(f, t), (21)

where NRx is the number of antenna pairs, S(f) is the weighted
static component, and ε(f, t) is the weighted thermal noise.
Since θref and the initial phases of ai(f, t) do not affect the
alignment of dynamic components, they do not impact sensing
performance, we can assume them to be zero. So we have
|Ai(f, t)| = ai(f, t). Then, we can rewrite (21) as:

H(f, t) = S(f) + ε(f, t)

+

√√√√NRx∑
i=1

(
ai(f, t)

a1(f, t)

)2

a1(f, t)e
−j2πf

d1(t)
c . (22)

By comparing the weighted CSI with the unweighted sig-
nal, we can observe that after weighted combining, the dy-
namic component of the signal is multiplied by a coefficient√∑NRx

i=1 ( ai(f,t)
a1(f,t)

)2, which is greater than 1. So weighted com-
bined method has an enhanced effect on dynamic components.

2) Weighted CSI Influenced by Respiration: The respiratory
behavior of individuals can change the length of dynamic paths.
The changes in path length affects both the phase and amplitude
of dynamic components. The amplitude is expressed as:

αi(f, t) =
λ
√
GtGr

(4πdi(t))
n
2
, (23)

where λ is the wavelength of WiFi signal,Gt andGr are antenna
gain at the transmitter and the receiver, respectively, n is path
loss factor. Substituting (23) into (22) yields:

H(f, t)=S(f)+
λ
√
GtGr

(4π)
n
2

NRx∑
i=1

e−j2πf
d1(t)

c

di(t)
n
2

+ε(f, t). (24)

Since dT ′P and dPR′
i

are both much larger than dAB, dBC and

dBD by using Taylor expansion we can transform di(fBR, t)
−n

2

into:

di(fBR, t)
−n

2 =
−nuBidABsin2πfBRt

2(dT ′P + dPR′
i
)

n
2 +1

+
1

(dT ′P +dPR′
i
)

n
2
.

(25)

Substituting (25) into (24) yields the combined CSI signal:

H(fBR, t) = S(f) + ε(f, t)

+ (C1sin2πfBRt+ C2)e
−j2π f

c d1(fBR,t), (26)

where C1 and C2 are constants:

C1 =
λ
√
GtGr

(4π)
n
2

NRx∑
i=1

−nuBidAB

2(dT ′P + dPR′
i
)

n
2 +1

(27)

C2 =
λ
√
GtGr

(4π)
n
2

NRx∑
i=1

1

2(dT ′P + dPR′
i
)

n
2
. (28)

3) Derive Sensing Range Model: Equation (26) successfully
characterizes how respiration affects the weighted CSI. The
derivation of the estimated respiration rate is illustrated as fol-
lowing steps.

First, weighted CSI signals are projected onto the I-Q plane.
Since S(f) determines the center of the circle on the I-Q plane
and does not change with time, we can express it as ASe

jθS ,
where AS is the amplitude of the static component, and θS is the
phase of the static component. The projection of ε(f, t) on the
I-axis can be written as εI(f, t). Then, the I-axis coordinate of
H(fBR, t) can be written as:

I(fBR, t) = AScosθS + εI(f, t)

+ (C1sin2πfBRt+ C2)cos2π
f

c
d1(fBR). (29)

Similarly, we can obtain the Q-axis coordinates of H(fBR, t):

Q(fBR, t) = ASsinθS + εQ(f, t)

− (C1sin2πfBRt+ C2)sin2π
f

c
d1(fBR). (30)

Subsequently, weighted CSI points on I-Q plane are projected
on the optimal direction to amplify its variances. The angle be-
tween the optimal projection direction and the I-axis is denoted
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as θod. The projected CSI is expressed as:

HEMA(fBR, t) = I(fBR, t)cosθod +Q(fBR, t)sinθod. (31)

Finally, in the frequency domain, the frequency corresponding
to the highest amplitude is the estimated respiration rate, which
is expressed as:

f̂BR = argmax
f

FFT (HEMA(fBR, t)). (32)

Substituting (32) into (12), we have the sensing range model:

dmax = max dPS

s.t.

∣∣∣∣argmax
f

FFT (HEMA(dPS, fBR, t))− fBR

∣∣∣∣ ≤ εBR. (33)

D. Derive DiverSense’s Sensing Range Model

The final combined CSI of DiverSense has been presented in
Section III-C. However, observing (10), we find that that after
scaling dynamic components is independent of the reflection
path distance. In other words, when the distance from the trans-
mitter and receiver to the target changes, the scaled dynamic
components always have the same amplitude. So, the respiratory
sensing range depends entirely on the noise. Next, according to
the detailed expression of the noise, we derive the respiratory
sensing range model.

The detailed expression of the noise is

εp(fi,t)−αp(fi,t)e
−j2πfi

dp(t)
c +Sp(fi)

Sq(fi)
εq(fi,t)

Sq(fi)
. Since αp(fi, t) is

much smaller than Sq(fi), we can approximately ignore
αp(fi,t)e

−j2πfi
dp(t)

c

Sq(fi)
. Substituting it into (6), we obtain a more

detailed CSI ratio model. The more detailed CSI ratio model is
rewrited as:

Hp(fi, t)

Hq(fi, t)
≈ αp(fi, t)e

−j2πfi
dp(t)

c

Sq(fi)

+
Sp(fi)

Sq(fi)
+

εp(fi, t)− Sp(fi)
Sq(fi)

εq(fi, t)

Sq(fi)
. (34)

Substituting (32) into each step of signal alignment algorithm,
i.e., (7)– (10), we obtain the final combined CSI signal:

H
′
(t) =

1

NRx

NRx∑
i=1

e−jθini,1(e−j2πfi
Δd(t)

c −K)

Kdif

+
1

NRx

NRx∑
i=1

|Sq(fi)| (εp(fi, t)Sp(fi)
Sq(fi)

εq(fi, t))

Kdif |αp(fi, t)|Sq(fi)
e−jθi .

(35)

Observed from (35), when the target is farther away from the
transceiver, the amplitude attenuation |αp(fi, t)| is smaller and
the noise is amplified.

Next, we analyze the impact of respiration on H
′
(t)). Similar

to deriving the EMA’s sensing range model, we write Δd(t) and
|αp(fi, t)| as functions about fBR. According to (17), we can
write Δd(t) as:

Δd(fBR, t) = uBdABsin2πfBRt. (36)

Based on our previous derivation ( (13)– (20)), |αp(fi, t)| can
be written as:

|αp(fi, t)| = C3,isin2πfBRt+ C4,i, (37)

where

C3,i =
λi

√
GtGr

(4π)
n
2

−nuBdAB

2(dT ′P + dPR′)
n
2 +1

(38)

C4,i =
λi

√
GtGr

(4π)
n
2

1

2(dT ′P + dPR′)
n
2
. (39)

Substituting (36) and (37) into (35) gives the relationship
between the combined CSI signal and fBR:

H
′
(fBR, t)

=
1

N
ΣN

i=1

e−jθini,1(e−j2πf
Δd(fBR,t)

c −K)

Kdif

+
1

N
ΣN

i=1

|S2(fi)|(ε1(fi, t)− S1(fi)
S2(fi)

ε2(fi, t))

Kdif (C3,isin2πfBRt+ C4,i)S2(fi)
e−jθi .

(40)

Then the above combined CSI-ratio data is converted into
one-dimension data by PCA, as described in DiverSense [23].
The above combined CSI-ratio data has two dimensions (I
and Q dimensions). Since the combined CSI-ratio data carries
respiration pattern, the converted one-dimension data denoted as
HDiver(fBR, t) also embodies the respiration pattern. In the fre-
quency domain of HDiver(fBR, t), the frequency corresponding
to the highest amplitude is the estimated respiration rate. Then,
we have the sensing range model of DiverSense:

dmax = max dPS

s.t.

∣∣∣∣argmax
f

FFT (HDiver(dPS, fBR, t))− fBR

∣∣∣∣ ≤ εBR. (41)

V. EXTEND THE SENSING RANGE OF RESPIRATORY DETECTION

IN NLOS SCENARIO

In this section, we first analyze the most related work. Then,
we propose a more precise CSI ratio model, providing a basic
model for extending the sensing range of respiratory detec-
tion. In order to extend the sensing range, we propose a new
respiratory detection system which can rapidly align dynamic
components without amplifying noise.

A. Analysis on the Most Related Work

We selected DiverSense as our analysis object, because it is the
most advanced method which can effectively extend the sensing
range of respiratory detection. Through analysis, we find two
problems that can be further addressed.

1) Amplified noise: In order to maximize the sensing range,
the work in [23] attempts to align the dynamic components
in all subcarriers. The alignment is fulfilled by scaling the
dynamic components. We find that when a dynamic component
is amplified by scaling, the corresponding noise is also amplified,
as shown in (9). The amplified noise limits the sensing range of
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respiratory detection. In NLoS scenario, since the received signal
is weaker, the amplified noise has a more negative impact on the
sensing range.

2) High Computation Complexity: Aligning dynamic com-
ponents means that the dynamic components of all subcarriers
should have the same phase. Having the same phase prevents
dynamic components from canceling each other out when com-
bined, thereby enhancing sensing performance. However, the
phases of CSI’s dynamic components are always different, so
rotating the CSI signals is essential to align the dynamic com-
ponents. The work in [23] finds that if two dynamic components
have the same size, the two dynamic components can be aligned
by rotating one of the signals until the distance between the
corresponding samples is minimized, which implies the need to
traverse every possible angle. The traversal method results in
high computation complexity. Assuming the number of angles
to traverse is M , the number of samples is N and the number
of subcarriers is K, then the computational complexity of the
traversal method is O(M ∗N ∗K).

B. More Precise CSI Ratio Model

In the existing CSI ratio model [23], which is presented in (6),
the dynamic component in the divisor is ignored, because the
static component is much larger than the dynamic component.
The dynamic component in the dividend is also much smaller
than the static component, but it is not ignored. In fact, both of
them should not be ignored.

We rewrite the original CSI ratio between two different an-
tenna pairs as:

Hp,q(fi, t) =
Hp(fi, t)

Hq(fi, t)

=
Sp(fi) + ap(fi, t)Dp(fi, t) + εp(fi, t)

Sq(fi) + aq(fi, t)Dq(fi, t) + εq(fi, t)

=
Sp(fi) + ap(fi, t)Dp(fi, t) + εp(fi, t)

Sq(fi)(1 +
aq(fi,t)Dq(fi,t)+εq(fi,t)

Sq(fi)
)

, (42)

where ap(fi, t)Dp(fi, t) and aq(fi, t)Dq(fi, t) are the dynamic
components of Hp(fi, t) and Hq(fi, t), respectively. Since
aq(fi, t)Dq(fi, t) + εq(fi, t) is much smaller than Sq(fi), we
can truncate the Taylor series expansion appropriately:

Hp,q(fi, t) ≈
ap(fi, t)Dp(t)− Sp(fi)

Sq(fi)
aq(fi, t)Dq(t)

Sq(fi)

+
Sp(fi)

Sq(fi)
+

εp(fi, t)− Sp(fi)
Sq(fi)

εq(fi, t)

Sq(fi)
. (43)

In the above derivation, we take into account the dynamic
components of both Hp(fi, t) and Hq(fi, t), rather than simply
ignoring the dynamic components of Hq(fi, t). In (41), the
numerator of the first sum term is integrated by the dynamic
components of both Hp(fi, t) and Hq(fi, t).

We next analyze whether the phase change in the above
integrated dynamic component can correctly reveal respiratory
feature. First, we have the following consensus. (1) When

Fig. 4. Integrated dynamic component. (a) shows the integrated dynamic
component with larger amplitude. (b) shows the integrated dynamic component
with smaller amplitude. But both of them have the same phase change.

the transmitter and the receiver are far away from the tar-
get, the change in dynamic path distance caused by respira-
tory is much smaller than the whole dynamic path distance.
Therefore, the amplitude of the dynamic component can be
considered as a constant with the same magnitude. We have
ap(fi, t) = aq(fi, t) and we can use a(fi) to represent ap(fi, t)
andaq(fi, t). (2) The phase variation of the dynamic components
from different subcarriers are similar, as pointed out in [23].
We have Dp(fi, t) = ϕp(f)ΔD(t), Dq(fi, t) = ϕq(f)ΔD(t),

where ΔD(t) = e−j2πf
Δd(t)

c , ϕp(f) and ϕq(f) are not related
with the phase change.

On the basis of the above consensus, we can rewrite the
integrated dynamic component as:

αp(fi, t)Dp(fi, t)− Sp(fi)

Sq(fi)
αq(fi, t)Dq(fi, t)

= α(fi)(ϕp(fi)− Sp(fi)

Sq(fi)
ϕq(fi))ΔD(t). (44)

According to (44), the phase change of the integrated dynamic
component determined by ΔD(t), can correctly reflect respi-
ratory feature. To simulate the integrated dynamic component
of CSI ratio signal, we generate two dynamic components with
the same phase change, but different amplitude. As shown in
Fig. 4, we rotate one of the dynamic components and observe the
integrated dynamic components. The amplitude of the integrated
dynamic component in Fig. 4(a) is larger than that in Fig. 4(b),
but the phase change of the integrated dynamic component is
always the same.

C. RaliSense: A New Respiratory Detection System Based on
Rapid Alignment of Dynamic Components

We propose RaliSense, a system that derives change direction
vectors of dynamic components to rapidly align dynamic com-
ponents without amplifying noise. This system is illustrated as
follows.

1) Remove Static Components and Reduce Noise: Since
static component is unrelated to respiration, we remove it before
aligning dynamic components. Due to the dynamic components
are very small, the distribution of CSI ratio signals on the I-Q
plane is mainly determined by the static components and the
noise components. The noise determines the distribution range
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Fig. 5. Effect of static component removal and preliminary denoising. (a) shows original CSI ratio. (b) shows the effect after static component removal. (c) shows
the effect after preliminary denoising.

of CSI ratio signals. Since the noise is assumed as a white Gaus-
sian noise with zero mean, the centroid of all projected points
of the CSI ratio signal on the I-Q plane can be approximated
as the coordinate of the static component on the I-Q plane. The
coordinate of the centroid is written as:

(ISp,q,fi
, QSp,q,fi

) =

(
1

n
Σn

j=1IHp,q,fi
[j],

1

n
Σn

j=1QHp,q,fi
[j]

)
,

(45)

where IHp,q,fi
[j] and QHp,q,fi

[j] are the I-axis coordinates and
Q-axis coordinates of the j-th sample ofHp,q(fi, t), respectively.
We translate all CSI ratio points which have been projected on the
IQ plane make the centroid of these points to be the origin, thus
removing the static component. After static component removal,
the CSI ratio can be written as:

Ĥp,q(fi, t) =
α(fi)(ϕp(fi)− Sp(fi)

Sq(fi)
ϕq(fi))ΔD(t)

Sq(fi)

+
εp(fi, t)− Sp(fi)

Sq(fi)
εq(fi, t)

Sq(fi)
. (46)

Next, we apply the Savitzky-Golay filter [34] to preliminarily
denoising the CSI ratio signal. The adopted filter is suitable to
deal with a variable that is both slowly changing and broken by
random noise.

H̃p,q(fi, t) =
1

2W
Σt+W

j=t−W Ĥp,q(fi, t)ht

≈
a(fi)(ϕp(fi)− Sp(fi)

Sq(fi)
ϕq(fi))ΔD(t)

Sq(fi)
+

ε′p,q(fi, t)
Sq(fi)

, (47)

where 2W is the window size of the S-G filter, ht

2W is the smooth-
ing coefficient, which is obtained by fitting the polynomial by

the least squares method,
ε′p,q(fi,t)
Sq(fi)

is the smoothed noise, which

is much less than
εp(fi,t)−Sp(fi)

Sq(fi)
εq(fi,t)

Sq(fi)
. Fig. 5(c) shows the final

effect of static component removal and preliminary denoising.
It can be observed that the noise is effectively reduced.

2) Derive the Change Direction Vector: In order to align
all dynamic components without amplifying noise, we cannot
scale the dynamic components. Instead, we propose change

Fig. 6. Change direction vector of dynamic components without noise.

direction vector of dynamic components to rapidly align dy-
namic components. The change direction vector is the direction
on which the projected dynamic component has the maximum
variance.

When there is no noise, according to (47) and the expression
of ΔD(t), the trajectory of dynamic component is an arc. We
call the direction of the maximum variance of the arc as the
change direction vector. In this case, the vector is on the line
connecting the two endpoints of the arc. The reason is that when
the dynamic component is projected in this direction, the length
of the projected dynamic component is the longest. As shown in
Fig. 6, if the dynamic component is projected in another direction
(A′B′ in Fig. 6), the length of the projected dynamic component
becomes shorter.

When the noise is taken into consideration, the dynamic
component affected by the noise can be regarded as an arc belt,
as show in Fig. 7. The direction of the maximum variance of the
arc belt is the change direction vector of the noisy dynamic
components. Next, we derive the expression of the change
direction vector.

The most important feature of the change direction vector is
that it represents the direction on which the projected dynamic
component has the maximum variance. Based on its feature, we
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Fig. 7. Change direction vector of dynamic components with noise.

first construct the covariance matrix of noisy dynamic compo-
nent as:

Cp,q,fi =(
cov(IHp,q,fi

, IHp,q,fi
) cov(IHp,q,fi

, QHp,q,fi
)

cov(QHp,q,fi
, IHp,q,fi

) cov(QHp,q,fi
, QHp,q,fi

)

)
, (48)

where

cov(IHp,q,fi
, QHp,q,fi

) =

1

N

N∑
i=1

(
IHp,q,fi

[i]− IHp,q,fi

)(
QHp,q,fi

[i]−QHp,q,fi

)
,

(49)

where N is the number of CSI ratio samples, and IHp,q,fi
and

QHp,q,fi
are the means of IHp,q,fi

and QHp,q,fi
, respectively.

Then, the eigendecomposition is used to calculate the eigen-
values and eigenvectors of the covariance matrix. As proved
in [35], the eigenvector of the covariance matrix, which corre-
sponds to the largest eigenvalue, is the direction of the maximum
variance. So, the eigenvector corresponding to the largest eigen-
value is the change direction vector. The largest eigenvalue is
expressed as:

λp,q,fi = max(λi), s.t. det(Cp,q,fi − λiE) = 0, (50)

where λi represents the eigenvalues of Cp,q,fi , E represents
the identity matrix. By transforming the above equation, we can
finally obtain the expression of the change direction vector as:

vp,q,fi =(
cov(QHp,q,fi

, IHp,q,fi
), λp,q,fi − cov(IHp,q,fi

, IHp,q,fi
)
)T

.

(51)

3) Determine Rotation Angle by the Polarity of CSI Ratio
Sum: Simply rotating the CSI ratios based on the change direc-
tion vectors cannot align all dynamic components. As shown
in Fig. 8(a), according to the derivation in Section V-C, the
change direction vectors of these two dynamic components
are calculated. Then based on the angle between the change

direction vector and the I-axis, the rotation angles for aligning
the change direction vectors can be obtained, which are θ1 and
θ2, respectively.

After rotating the dynamic components, they are aligned
theoretically, i.e., they are all above or below the I-axis. As
shown in Fig. 8(b), both dynamic components are below the
I-axis, where Hd_comb = Hd1 +Hd2. However, in practice,
after the rotation the dynamic components may be on two
opposite sides. For example, as shown in Fig. 8(c), although
the change direction vectors are parallel to the I-axis, the
combined dynamic component is weakened, i.e., Hd_comb =
Hd2 −Hd1. In this case, the two dynamic components are not
aligned.

To solve the above rotation angle ambiguity problem, we
adjust rotation angle by the polarity of the ratio signal sum.
The main idea of rotation angle adjustment is described by an
example from Fig. 8(c). The sums of Hd1 and Hd2 are first
calculated, respectively. Since the samples of Hd1 are all above
the I-axis, the sum of Hd1 is above the I-axis, while Hd2 is
the opposite. We rotate the dynamic component whose sum
is above the I-axis by 180 degrees. The dynamic components
will be aligned below the I-axis. The specific steps are as
follows.

1) The sum of rotated CSI ratio signals: After rotating CSI
ratio signals based on change direction vector, we calculate the
sum of ratio signals:

ssp,q,fi =
T∑

t=1

H̃p,q(fi, t)e
j arctanvp,q,fi , (52)

where ssp,q,fi is the sum of samples of H̃p,q(fi, t), which is a
complex value, and arctanvp,q,fi represents the rotation angle
between the change direction vector and I-axis.

2) Rotation angle adjustment: We judge the polarity of rotated
CSI ratio sum based on the imaginary part of rotated ratio.
In this paper, without loss of generality, we align all dynamic
components and make them aligned below I-axis. When ssp,q,fi
is above the I-axis, we need to rotate H̃p,q(fi, t) by an additional
180 degrees. Based on the polarity of CSI ratio sum, we get the
rotation angles:

θp,q,fi = arctanvp,q,fi + π

⌈
Im(ssp,q,fi)

2 |Im(ssp,q,fi)|
⌉
, (53)

where Im(ssp,q,fi) is the imaginary part of ssp,q,fi .
3) Combining all CSI ratio signals: Since we have obtained

the rotation angles for all CSI ratio signals, we can align all
dynamic components by rotating CSI ratio signals. Then, the
rotated CSI ratios are combined, which is expressed as:

H(t) =

MRx∑
p=1

MRx∑
q=1,q �=p

K∑
i=1

H̃p,q(fi, t)e
jθp,q,fi , (54)

Assuming the number of samples is N and the number of
subcarriers is K, then the computational complexity of our
alignment method is O(N ∗K).

In the frequency domain of H(t), the frequency correspond-
ing to the highest amplitude is the estimated respiration rate.
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Fig. 8. Determine rotation angle by the polarity of CSI ratio sum. (a) shows the angles to rotate dynamic components. (b) shows the dynamic components on the
same side after rotating. (c) shows the dynamic components on two opposite sides after rotating.

Fig. 9. Combined CSI ratio signal and respiratory waveform by DiverSense and our system. (a) and (c) show the combined CSI ratio signals by DiverSense and
our system, respectively. (b) and (d) show the recovered respiratory waveforms by DiverSense and our system, respectively.

Then, we have the sensing range model of our system:

dmax = max dPS

s.t.

∣∣∣∣argmax
f

FFT (H(dPS, t))− fBR

∣∣∣∣ ≤ εBR. (55)

We use real experimental results obtained at a NLoS sensing
range of 5 m to verify the effectiveness of our algorithms. We
detect the target’s respiration by DiverSense and our method,
respectively. The results of combining CSI ratios by DiverSense
and our method are shown in Fig. 9(a) and (c), respectively.
Based on previous analysis, dynamic components affected by
the noise should look like an arc belt, because the phase change
of dynamic components varies in accord with respiration. An

arc belt like shape can be observed in Fig. 9(c), showing that the
combined CSI ratio by our method can reflect the phase change
of dynamic components. On the contrary, the combined CSI
ratio in Fig. 9(a) can hardly reflect the phase change of dynamic
components. As a result, compared to the recovered respiratory
waveform in Fig. 9(b), the recovered waveform in Fig. 9(d) can
better reflect the real respiratory waveform.

VI. EVALUATION AND ANALYSIS

In this section, we conduct comprehensive experiments to
evaluate the effectiveness of our derived respiratory sens-
ing range models and our proposed respiratory detection
system.
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Fig. 10. Theoretical sensing ranges of EMA, DiverSense and our system.

TABLE I
SIMULATION PARAMETERS

A. Simulation and Analysis

The main simulation parameters for respiratory detection in
NLoS scenario are shown in Table I. These parameters have been
defined in previous sections. The path loss factor is set to 3 for
the NLoS scenario [36]. The noise of CSI ratio, i.e., the noise
item in (6), is white Gaussian noise with a standard deviation
denoted as σratio. According to real CSI measurements, σratio

is set to 0.3. The sampling rate for collecting CSI samples at the
receiver is set to 2000 Hz. Generally, human respiratory rates
range from 0.1 to 0.5 Hz [37]. Here, we set the respiratory rate
of the target to 0.25 Hz. The displacement of the chest is usually
between 5 mm and 12 mm [23], which we set to 10 mm. The error
threshold is set to 0.02. The parameters related to the positions
of the transmitter, receiver, and target are set to no more than 6
meters.

We substitute the values of parameters into the sensing range
model of the respective methods, and adjust the values of dis-
tance parameters to simulate the target moving away from the
sensing devices. As shown in Fig. 10, we obtain the theoreti-
cal sensing ranges corresponding to three systems, i.e., EMA,
DiverSense and our system. The theoretical sensing range of
respiratory detection for EMA, DiverSense and our system are
3.94 m, 4.70 m, and 6.08 m, respectively. In Fig. 10,AfBR

repre-
sents the maximum amplitude within the respiratory frequency
band (0.1 ∼ 0.5Hz), while Anoise is the maximum amplitude
outside the respiratory frequency band. In the simulation, we
find that the frequency corresponding to AfBR

is very close to
the real respiratory rate. When AfBR

is greater than Anoise,
̂fBR is very close to the real respiratory rate and the breathing
rate estimation error is smaller than εBR. Otherwise, f̂BR is
the frequency corresponding to Anoise and the breathing rate

estimation error should be bigger than εBR. As shown in Fig. 10,
as the distance between the target and sensing device increases,
AfBR

decreases while Anoise increases or keeps unchanged.
When AfBR

is larger than Anoise, the estimation error is smaller
than εBR. Once AfBR

falls below Anoise, the estimation error
becomes larger than εBR. The distance dPS corresponding to the
intersection ofAfBR

andAnoise is the theoretical sensing range.
However, we find a gap between our simulation result and

previous work’s experimental result [22], [23]. The main reason
is illustrated as follows. First, in our scenario, the target is lying
on his back, where the chest is not directly facing the transmitter
and receiver. Consequently, when the chest displacement is
10 mm, the change of dynamic path length in our scenario is
only about 2.5 mm according to (17). In contrast, in previous
work [22], [23], where the chest is directly facing the transmitter
and receiver, the change of dynamic path length is 20 mm. It is
clear that the change of dynamic path length in our scenario
is much smaller. Thus, the smaller change of dynamic path
length leads to a smaller phase change, which is more easily
overwhelmed by noise, thereby reducing the sensing range for
respiratory detection.

In Fig. 10(a) and (c), as the distance between the target
and sensing device increases, AfBR

corresponding to EMA and
our system decreases, while Anoise almost unchanged. For this
phenomenon, we offer the following explanation. According to
(24) and (47), the amplitude of the dynamic component in the
CSI model corresponding to EMA and our method is negatively
correlated to the distance between the target and sensing device.
Therefore, AfBR

will decrease as the target is farther away from
the sensing devices. Since the noise component is independent
of the distance, Anoise keeps almost unchanged.

In Fig. 10(b), as the distance between the target and sensing
device increases, AfBR

corresponding to DiverSense slightly
decreases, while Anoise increases. The reason is explained as
follow. According to (36), the range of phase variation of the
dynamic component is negatively correlated to the distance
between the target and the sensing device. The decrease in the
range of phase variation leads to decrease of the amplitude of
the reconstructed respiratory waveform, resulting in a decrease
inAfBR

. According to (35), when the target is farther away from
the sensing device, the amplitude attenuation is smaller and the
noise is amplified, resulting in an increase in Anoise.
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Fig. 11. Indoor NLoS experiment scenarios.

B. Experimental Settings

The sensing devices consists are a pair of WiFi transceivers
equipped with low-cost Intel 5300 WiFi cards, in which working
frequency is 5.24 GHz and all the antennas are omnidirectional.
We install it in commercial computing devices such as miniPC.
The devices each have a 4 GB RAM and a Celeron J3060
Processor up to 2.48 GHz. The hardware performance is similar
or even inferior to some commercial WiFi APs such as ASUS
RT-BE88 U. The sampling rate is the same with the simulation
settings, both at 2000 Hz. We recruit 8 volunteers (i.e., 4 males
and 4 females) and all the targets breath normally. We use
the Neulog respiration monitor belt to obtain ground truth for
performance evaluation.

Fig. 11(a) shows the layout of our experimental scene. We
place the sensing devices on the same side of the target and
place a 5cm-thick solid wooden screen between the target and
the transceiver as an obstacle. In Fig. 11(b), the target lies on a
bed which is 0.7 m higher than that in Scenario 1. The target lies
in a different orientation which is opposite to Scenario 1. The
obstacle is a 10cm-thick solid wooden screen, double thicker
than that in Scenario 1. Since the working frequency of WiFi
signal in this paper is around 5.24 GHz, according to attenuation
rates of different materials in [38], the WiFi signal experiences
significant attenuation as large as 22 dB when penetrating the
obstacle. The penetration loss is so large that the LoS signal can
be regarded to be blocked by the obstacle.

We collect CSI data and detect respiration by EMA, Di-
verSense and our system. If the difference between the detected
respiratory rate and the real respiratory rate does not exceed εBR,

the respiration rate is supposed to be correctly detected. In this
case, the distance between the target and sensing device is still
smaller than the maximum sensing range, i.e., the sensing range
has not yet been reached. Then, the target moves further away
from the sensing devices, and the detection of respiratory rate is
conducted again. The maximum distance between the target and
sensing device satisfying correct detection of respiration rate is
recorded as the maximum sensing range.

C. Experiment Results

1) Comparison of Respiratory Waveforms by Different Sys-
tems: We compare the respiratory waveforms of EMA, Di-
verSense and our system at distances of 2 m, 4 m and 6 m,
respectively. The respiratory waveforms are shown in the Fig. 12.
The four waveforms in the left-most column of Fig. 12 shows that
all the three systems can accurately detect respiration in NLoS
scenario when the direct distance between the target and sensing
device is 2 m. However, when the direct distance between the
target and sensing device increases to 4 m, as shown in the
middle column of Fig. 12, the waveform constructed by EMA
is obviously different from the real respiratory waveform, while
the waveforms constructed by DiverSense and our system still
match the ground truth. It shows the superiority of DiverSense
and our system over EMA at the sensing distance of 4 m.

If the distance between the target and sensing device is further
increased to as long as 6 m, as shown in the right-most column of
Fig. 12, the waveforms constructed by EMA and DiverSense are
both significantly different from the real respiratory waveform,
while our system can still achieve accurate respiratory detection.
Although the respiratory waveform obtained by DiverSense still
presents periodic variation, the variation frequency is obviously
much higher than the real respiratory rate, which can be observed
by comparing the waveform of DiverSense with the ground
truth. The above phenomenon demonstrates the superiority of
our system at a long sensing distance in NLoS scenario.

2) Comparison of Theoretical and Practical Sensing Ranges
in Different Tx-Rx Distances: In order to verify the effectiveness
of our derived sensing range model, we evaluate whether the
theoretical sensing range by our derived model is consistent
with the real sensing range obtained by practical respiratory
detection system. Since we have built sensing range models for
EMA, DiverSense and our system, the effectiveness of all the
three sensing range models will be verified. In the experiment,
we change the Tx-Rx distance (i.e., the distance between the
transmitter and receiver) from 2 m to 4 m, so that the influence of
the Tx-Rx distance on both the theoretical and practical sensing
ranges can be investigated.

The theoretical and practical sensing ranges in different Tx-Rx
distances are shown in Fig. 13. We can observe that the theoreti-
cal sensing range of each respiratory detection system is always
close to the corresponding practical sensing range, no matter
how the Tx-Rx distance changes. The differences between the
theoretical and practical sensing ranges are 0.184 m, 0.165 m
and 0.188 m, for EMA, DiverSense and our system, respectively.
It is noted that each of the aforementioned differences is actually
averaged on Tx-Rx distances. It shows that the theoretical sensing
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Fig. 12. Respiratory waveforms recovered by EMA, DiverSense and our system.

Fig. 13. Theoretical and practical sensing ranges in different Tx-Rx distances.

ranges derived by our proposed models are always consistent
with the real sensing ranges. So the effectiveness of our derived
sensing range models is demonstrated.

For each of the three respiratory detection systems, when the
Tx-Rx distance increases, the theoretical and practical sensing
ranges in the NLoS scenario both become shorter, as shown in
Fig. 13. The reason is explained as follow. When the distance
between the transmitter and receiver increases, the length of
NLoS dynamic propagation path also increases, weakening the
dynamic components of CSI and thus reducing the sensing
ranges of each respiratory detection system.

It can also be observed that our system always has the longest
theoretical and practical sensing ranges, no matter how the Tx-Rx
distance changes. The theoretical sensing range of our system is
24.8% and 67.3% larger than DiverSense and EMA, while the
practical sensing range of our system is 22.7% and 66.0% larger

Fig. 14. Practical sensing ranges in different environments.

than DiverSense and EMA, respectively. It is noted that each of
the calculation results is already averaged on Tx-Rx distances.

3) The Impact of Different Environments: We also conduct
experiments in a different room (Scenario 2 shown in Fig. 11(b))
to justify the effectiveness of our proposed model in different
environments. Compared with Scenario 1 in Fig. 11(a), the bed
in Scenario 2 is 0.7 m higher and the room has a different ar-
rangement of the furniture. As shown in Fig. 14, we can observe
that, regardless of changes in the Tx-Rx distance, the practical
sensing ranges in Scenario 2 are shorter than those in Scenario
1. The reason is explained as follow. In Scenario 2, the target lies
on a higher bed. According to (17), the change of dynamic path
length in Scenario 2 is smaller than that in Scenario 1, resulting
in a smaller change of the phase in dynamic component. Then the
phase change of dynamic component is more likely to be smaller
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Fig. 15. Practical sensing ranges of different targets by different respiratory
detection systems.

than that of noise, especially when the target is far away from
sensing devices. Consequently, the sensing range of respiratory
detection is reduced. It can also be observed that, in different
NLoS scenarios, our system always has the longest practical
sensing ranges, no matter how the Tx-Rx distance changes.

4) The Impact of Different Targets: In this experiment, we
investigate the impact of targets with different body sizes and
genders on respiratory sensing range. The targets are four fe-
males and four males. Their heights range from 156 cm to
187 cm, while their weights range from 45 kg to 79 kg. For each
target, we record ten groups of 5-min WiFi respiratory sensing
data.

Fig. 15 shows the practical sensing ranges of different tar-
gets by different respiratory detection systems. Obviously, the
sensing ranges of the eight targets are different from each other
due to significant physical differences among the targets. For
example, the sensing range differences between F2 and M4 are
0.8 m, 0.7 m and 0.6 m, for EMA, DiverSense, and our system,
respectively. Clearly, the sensing ranges of above systems are all
influenced by the physical differences. Among these systems,
the EMA is the most significantly affected by such differences,
while our system is the least affected. This demonstrates that our
system has better sensing range robustness for different targets
compared to EMA and DiverSense.

We also calculate the average sensing range for female and
male targets, respectively. As to EMA, DiverSense and our
system, the average sensing ranges of the four female targets
are 3.46 m, 4.56 m and 5.88 m, respectively, while those of the
four male targets are 3.76 m, 4.95 m and 6.13 m, respectively.
Obviously the average sensing range of the male targets is
larger than the female targets. The reason is that female targets
normally have smaller chest movement and smaller body size,
weakening the amplitude and phase change of CSI dynamic
components and thus reducing the sensing range.

5) Computational Complexity: One major motivation of our
work is to reduce the computational complexity of DiverSense
which has achieved the maximum sensing range among existing
work. The computational complexity of DiverSense mainly
comes from the alignment of dynamic components, because
it requires traversing all possible rotation angles to find the
best rotation angle. Our system is supposed to have lower
complexity, because we can align dynamic components without
the traversal on all possible rotation angles. Experiments are

Fig. 16. Computation time of alignment methods and respiratory detection
systems.

conducted to verify whether our proposed alignment method can
really reduce the complexity of dynamic component alignment
method in DiverSense. The results are shown in Fig. 16(a). It
can be observed that the computation time of our method is
much shorter than that of the alignment method in DiverSense.
Although the computation time of the two alignment methods
both increases with the number of CSI samples, our method
always run faster than the method in DiverSense. On average,
the computation time of our alignment method is only 23.7% of
the alignment method in DiverSense.

Fig. 16(b) shows the whole computation time of EMA, Di-
verSense and our system. Comparing Fig. 16(a) and (b), we
can find that the alignment method in DiverSense makes up
77.5% of the whole computation time of DiverSense, validating
that the complexity of DiverSense is mainly from the alignment
of dynamic components. The percentage value is averaged at
different CSI sample numbers. Observed From Fig. 16(b), the
computational complexity of our system is much lower than that
of DiverSense. The average computation time of our system at
different CSI sample numbers is only 25.1% of the computation
time of DiverSense. Although EMA has the lowest complexity,
its respiratory detection accuracy and respiratory sensing range
are both much lower than DiverSense and our system, according
to previous analysis.
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VII. CONCLUSION

Blocked by obstacles in NLoS scenarios, WiFi signals re-
flected from human target become much weaker and limit the
sensing range. In the existing best respiratory detection sys-
tem, the scaling of dynamic components causes noise ampli-
fication and the alignment of dynamic components increases
computation complexity. To solve the above problems, we first
model WiFi sensing range for respiratory detection in NLoS
scenario, and then design a new respiratory detection system
called RaliSense. Our system can further extend the NLoS
sensing range in lower computation complexity. RaliSense first
removes static components and reduces noise, then derives the
change direction vector of dynamic components, determines
rotation angle by the polarity of CSI ratio sum, and finally
combines all rotated CSI ratio signals. Based on the change
direction vector and CSI ratio sum polarity, the rotation angle
for aligning dynamic components can be quickly calculated,
so that dynamic components can be rapidly aligned without
amplifying noise. Extensive simulation and experiment results
verify the effectiveness of our proposed sensing range models
and demonstrate the superiority of our proposed system. Our
system can extend the NLoS sensing range by 22.7% compared
to the best existing work, and spend only 25.1% of computation
time.
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of regularized Savitzky–Golay filters to identification of time-varying
systems,” Automatica, vol. 133, 2021, Art. no. 109865.

[35] Y. Xu and N. Xia, “On the eigenvectors of large-dimensional sample
spatial sign covariance matrices,” J. Multivariate Anal., vol. 193, 2023,
Art. no. 105119.

[36] NTT Docomo et al., “White paper on 5G channel model for bands up to
100 GHz,” Techn. Rep., Version 2.3, pp. 1–107, 2016. [Online]. Available:
http://www.5gworkshops.com/5GCM.html

[37] F. Zhang, Z. Wang, B. Jin, J. Xiong, and D. Zhang, “Your smart speaker
can “hear” your heartbeat!,” in Proc. ACM Interactive, Mobile, Wearable
Ubiquitous Technol., vol. 4, no. 4, pp. 1–24, 2020.

[38] R. Rudd, K. Craig, M. Ganley, and R. Hartless, “Building materials and
propagation,” Ofcom, London, U.K., Final Rep., 2604/BMEM/R/3/2.0,
2014.

Authorized licensed use limited to: TU Wien Bibliothek. Downloaded on September 09,2025 at 10:24:54 UTC from IEEE Xplore.  Restrictions apply. 

http://www.5gworkshops.com/5GCM.html


GUI et al.: RALISENSE: EXTENDING WIFI RESPIRATORY DETECTION RANGE BY RAPID ALIGNMENT OF DYNAMIC COMPONENTS 8135

Linqing Gui received the PhD degree in information
science from INSA-Toulouse, Toulouse, France, in
2013. He is currently a professor and a PhD supervisor
with the School of Computers, Nanjing University
of Posts and Telecommunications, Nanjing, China.
His research papers have been published in pre-
mium international journals and conferences, includ-
ing IEEE Transactions on Mobile Computing, IEEE
Transactions on Dependable and Secure Computing,
IEEE Transactions on Vehicular Technology, ACM
UbiComp, and ACM MobiHoc. His main research

interests include wireless sensing and mobile computing.

Siyi Zheng received the BS degree from the College
of Computer and Information Engineering, Nanjing
University of Technology, Nanjing, China, in 2022.
He is currently working toward the ME degree with
the School of Computers, Nanjing University of Posts
and Telecommunications, Nanjing. His research in-
terests include wireless sensing and mobile comput-
ing.

Zhengxin Guo received the PhD degree in informa-
tion network from the School of Internet of Things,
Nanjing University of Posts and Telecommunica-
tions, Nanjing, China, in 2022. He is currently a
lecturer with the School of Computer, Nanjing Uni-
versity of Posts and Telecommunications, Nanjing.
His research interests include wireless sensing and
mobile computing.

Zhetao Li (Member, IEEE) received the BEng degree
from Xiangtan University, in 2002, the MEng degree
from Beihang University, in 2005, and the PhD de-
gree in computer application Technology from Hunan
University, in 2010. He is currently a professor with
the College of Information Science and Technology,
Jinan University, China. He was a visiting researcher
with Ajou University from May to Aug 2012. His
research interests include wireless network, Internet
of Things, compressed sensing, and Big Data.

Ming Gao received the PhD degree in computer
science and technology from Zhejiang University, in
2024. He is currently a professor with the School
of Computer Science, Nanjing University of Posts
and Telecommunications, Nanjing. His research in-
terests include IoT security, mobile computing and
privacy protection. He is a recipient of the Best Paper
Award Nomination from SenSys’21 and SenSys’24
and ACM SIGMOBILE Research Highlight in 2022.

Schahram Dustdar (Fellow, IEEE) is a full professor
of computer science and heads TU Wien’s Distributed
Systems Group. He is also ICREA research professor,
UPF, Barcelona, Spain. His research interests include
distributed systems, Edge Intelligence, complex and
autonomic software systems. He’s the editor in chief
of Computing; associate editor of ACM Transactions
on the Web, ACM Transactions on Internet Technol-
ogy, IEEE Transactions on Cloud Computing, and
IEEE Transactions on Services Computing. He’s also
on the editorial boards of IEEE Internet Computing

and IEEE Computer. He has received the ACM distinguished scientist award
and distinguished speaker Award and the IBM Faculty Award. He is an elected
member of Academia Europaea, where he’s was Informatics Section chairman
from 2015 to 2022. He is an AAIA fellow where he is the current President.

Fu Xiao (Senior Member, IEEE) received the PhD
degree in computer science and technology from
the Nanjing University of Science and Technology,
Nanjing, China, in 2007. He is currently a professor
and a PhD supervisor with the School of Computer
Science, Nanjing University of Posts and Telecom-
munications, Nanjing. His research papers have been
published in many prestigious conferences and jour-
nals, such as IEEE INFOCOM, IEEE/ACM Trans-
actions on Networking, IEEE Journal on Selected
Areas in Communications, IEEE Transactions on Mo-

bile Computing, ACM MobiCom, ACM UbiComp, ACM Sensys and ACM
MobiHoc. His research interests include the Internet of Things and mobile
computing. He is a member of the IEEE Computer Society and the Association
for Computing Machinery.

Authorized licensed use limited to: TU Wien Bibliothek. Downloaded on September 09,2025 at 10:24:54 UTC from IEEE Xplore.  Restrictions apply. 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


