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Abstract: With the development of Internet of Things (IoT), the speed estimation technology
has attracted significant attention in the field of indoor security, intelligent home and person‑
alized service. Due to the indoor multipath propagation, the speed information is implicit in
the motion-induced reflected signal. Thus, the wireless signal can be leveraged to measure
the speed of moving target. Among existing speed estimation approaches, users need to ei‑
ther carry a specialized device or walk in a predefined route. Wi-Fi based approaches pro‑
vide an alternative solution in a device-free way. In this paper, we propose a direction inde‑
pendent indoor speed estimation system in terms of Electromagnetic (EM) wave statistical
theory. Based on the statistical characteristics of EM waves, we establish the deterministic
relationship between the Autocorrelation Function (ACF) of Channel State Information (CSI)
and the speed of a moving target. Extensive experiments show that the system achieves a me‑
dian error of 0.18 m/s for device-free single target walking speed estimation.
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1 Introduction

S

peed estimation systems are appropriate for many
emerging smart applications (e. g., human identification
and home security). In recent years, significant efforts
have been made to explore the indoor device-free speed
estimation with fine-grained Channel State Information (CSI).
Compared with traditional speed estimation techniques, such
as vision[1], floor sensors[2] and wearable sensors[3], the follow‑
This work was supported in part by the Science and Technology Re⁃
search Project of the Chongqing Natural Science Foundation Project un⁃
der Grant No. CSTC2020jcyj-msxmX0842 and the National Natural Sci⁃
ence Foundation of China under Grant Nos. 61771083 and 61771209.
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ing difficulties need to be overcome. Firstly, vision-based
schemes are easily to be sheltered by obstacles, which can on‑
ly work in Line‑of‑Sight (LoS) environment, and its perfor‑
mance will reduce under dim light or dark conditions, while a
potential privacy issue occurs as well. Secondly, the wearable
sensor‑based approaches require user’s positive cooperation,
which reduces the user experience and causes inconvenience.
However, Wi‑Fi based schemes are not affected by obstacles
and light conditions, which not only provide a solution with
larger coverage and better privacy protection but also can real‑
ize indoor device‑free speed estimation.
Existing Wi‑Fi based systems achieve speed estimation by
extracting the motion‑induced reflection path using CSI.
WiFiU[4], measures the changing rate of reflected path length
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to extract gait pattern, but users are usually required to walk
along a predetermined route. On the other hand, based on
Rx 1
2D‑Frenel zone model, WiDIGR[5] further eliminates the influ‑
Tx
ence of moving direction but multiple transceiver links are
Different walking
used, which limits the application of speed estimation system.
Kitchen
directions
[6]
Living
WiWho distinguishes characteristics of different people to
room
achieve walking gait extraction in the training process where
Rx 2
per‑person gait signatures are built. These systems either re‑
quire a time‑consuming training process or require users to
walk in a predefined route.
In this paper, we propose a Wi‑Fi based direction-indepen‑
dent speed estimation system, which avoids redundant train‑
Bedroom
Bathroom
ing process and other machine learning algorithms like Ref.
[7]. Fig. 1 shows an application scenario of the system. Firstly,
based on the statistical theory of electromagnetic field, we ana‑
lyze the relationship between the electromagnetic (EM) wave
and human motion theoretically. Then, a speed estimation
model based on the autocorrelation function (ACF) of electric
▲Figure 1. Application scenario of the system
field power is derived from the statistical
characteristic of angular spectrum. Next,
since the information of electromagnetic
field is difficult to measure, we further
Coverage and sensitivity enhancement
adapt ACF of CSI power to characterize
Rx
Frequency domain
Spatial domain
speed information. Finally, an Automatic
CSI1
# subcarriers
# Tx
Rx
Multi-scale Peak Detection (AMPD) algo‑
CSI2
Time domain
rithm is proposed to extract the moving
# packets
speed from ACF. Fig. 2 shows the system
LoS
︙
framework.
CSIN
The main contributions of this paper are
Tx
summarized as follows.
Multipath resolution
1) Based on the statistical theory of elec‑
tromagnetic field, we analyze the influence
of moving objects on ACF of EM wave,
Human speed estimation
which provides a theoretical basis for the
model establishment.
Statistical prop‑
Speed
AMPD
2) We replace the ACF of EM wave with
CFR ACF
erties of EM
estimation
algorithm
channel power response ACF to eliminate
waves
the interference of moving direction. An im‑
proved peak detection method is further
proposed to extract true speed from ACF.
3) We conduct extensive experiments
Application in smart home
on commodity Wi-Fi devices in a typical
indoor environment with one pair of trans‑
ceivers. Experimental results show that
our proposed speed estimation system
achieves a mean absolute error of 0.18 m/s
Human identification
Gait detection
Personalized service
for device-free human walking speed esti‑
mation, which is enough in smart home en‑
vironments.
The rest of this paper is organized as fol‑
ACF: autocorrelation function
CFR: channel frequency response
EM: electromagnetic
lows. Section 2 introduces the statistical
AMPD: Automatic Multi‑scale Peak Detection
CSI: Channel State Information
LoS: Line‑of‑Sight
theory of EM waves in indoor environment.
Section 3 constructs a speed estimation ▲Figure 2. System overview
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model by studying the ACF of CSI power. The analysis of ex‑
perimental results are shown in Section 4. Section 5 concludes
this paper.

noises introduced by Carrier Frequency Offset (CFO)[10].

2 Preliminary

d

∑

where Es ( f ) and

j ∈ Ωd

Ej ( t, f ) are the

sum of the electric fields contributed by the
static and dynamic scatterers, respectively.
Ω d ( t) denotes the set of dynamic (moving)
scatterers.
As the received electric field is a vector,
it is very difficult to measure and analyze
its characteristics at the receiver. Since the
power of the electric field is quantitatively
equivalent to the power of the channel fre‑
quency response (CFR) of commercial WiFi devices[9], the power of CFR can be ex‑
pressed as:

|

G ( t, f ) = H ( t, f )

|

2



= ERx ( t, f )



2

,

(2)

where H ( t, f ) is the CFR. By measuring the
change in CFR power instead of the phase
of CFR, we can safely ignore the phase
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2.1 Equivalent Model of Indoor Multipath Propagation
Since the EM waves can be absorbed and scattered by
walls, doors, windows, moving objects, etc., radio propagation
inside buildings is very difficult to analyze. However, in in‑
door buildings, EM waves can be approximated as plane
waves with obvious electric field statistical characteristics [8],
such as uniform distribution of direction of arrival, polariza‑
tion and phase. Therefore, the multipath propagation of the
wireless signal in indoor environment can be equivalent to the
radiation of electric field.
Fig. 3 shows the equivalent model of indoor multipath prop‑
agation. In the indoor environment, the signal arrives at the re‑
ceiver through different paths, including one LoS path, several
static reflected paths, and other dynamic reflected paths. In
the reverberation chamber, in order to study the influence of
target motion on the EM wave, the human can be regarded as
an infinite number of scatterers, which can reflect the incident
EM wave in all directions. In practice, the transceivers are
equipped with an omni-directional antenna, and according to
the electric field superposition principle,
the received electric field can be decom‑
posed into the sum of the electric fields
Human
contributed by all scatterers.

2.2 Statistical Theory of Angular Spectrum
In a relatively short time, the signal will experience the
same channel fading in the transmission process according to
the channel reciprocity theory. In order to explore the trans‑
mission process of EM wave in space, we first analyze the dis‑
tribution of electric field in a two-dimensional plane, and then
extend it to three-dimensional space. The influence of the
moving target on the electric field of the receiver can be char‑
acterized as the transmission process of the EM wave angular
spectrum. Because the complex amplitude of the electric field
and the EM wave angular spectrum are Fourier transforms of
each other, we further explore the statistical characteristics of
the EM field angle spectrum to establish the speed estimation
model.
Since the EM waves are spherical waves, we first study the
distribution of EM waves on the plane using the surface inte‑
gral theory, and deduce the complex amplitude of plane elec‑
tric field. The motion of human will affect the propagation of
plane wave angular spectrum. The complex amplitude of
electric field is usually represented by the propagation of an‑
gular spectrum. Therefore, the propagation of angular spec‑
trum in space is analyzed firstly. As shown in Fig. 4a, a se‑
ries of EM waves are projected on the z 1 = ( x,o,y ) plane
along the axis. According to the superposition principle of

LoS path
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S ta t

ic p

a th

Ground

Rx

Tx

(a) Indoor multipath propagation

v
ERx(t, f)
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(b) Indoor electric field propagation
LoS: Line‑of‑Sight

▲Figure 3. Equivalent model of indoor multipath propagation
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(a) Electric field distribution on the plane

▲Figure 4. Propagation of angular spectrum

x
(b) Relationship between angular spectrum
component and wave number vector
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electric field, the complex amplitude of electric field can be
regarded as a linear superposition of infinite plane compo‑
nents, written as

(

) ∬A ( u, v, z ) exp [ j2π ( ux + vy ) ] dxdy,

U z x, y, z 1 =

∞

z

1

(3)

where U z ( x, y, z 1 ) is the complex amplitude of electric field,
and A z (u, v, z 1 ) is called the angular spectrum of U z ( x, y, z 1 ). u
and v are the spatial frequencies of the plane wave compo‑
nents respectively, where u = cos α/λ and v = cos β/λ. cos α
and cos β are called directional cosines of plane waves, where
α and β are called the direction angles, which represents the
direction of signal transmission. Then, we can get
A z (u, v, z 1 ) =

∬U ( x, y, z )exp ( -j2π (ux + vy ) )dxdy.
∞

z

1

(4)

According to the superposition principle of waves, any com‑
plex wave can be expressed as a linear combination of plane
wave and spherical wave. They both satisfy the wave equation
because they are the basic solutions of wave equation [9]. Tak‑
ing U z ( x, y, z 1 ) into Gibbs-Helmholtz equation
(∇ 2 + k2 ) ⋅ U z ( x, y, z 1 ) = 0,

(5)

where the symbol ∇ is Hamiltonian operator and k = 2πf/c is
wave number. f is the frequency of the wave, and c is the
speed of light. The solution of the above equation can be ob‑
tained as
A z (u, v, z 1 ) = A 0 (u, v)exp ( jkz

1 - cos2 α - cos2 β ),

(6)

where exp ( jkz 1 - cos2 α - cos2 β ) is called phase delay fac‑
tor. It can be seen from Eq. (6) that A 0 (u, v) is a particular so‑
lution of Eq. (5) and it is independent of z, which means the
amplitude of angular spectrum is irrelevant of the moving dis‑
tance. Next, we discuss the changes of angular spectrum in dif‑
ferent propagation directions.
If cos2 α + cos2 β < 1, the following conclusions can be ob‑
tained.
1) When the plane wave propagates along a certain distance
z, only a certain phase shift will be introduced and the ampli‑
tude is a constant.
2) The distance between the different components of the
plane EM wave to the receiver is related to its propagation di‑
rection and the resulting phase shift is also related to the prop‑
agation direction.
3) In the propagation of angular spectrum, its phase chang‑
es with the direction angle, while its amplitude will not. The
spatial frequency of angular spectrum is inversely proportional
to its phase delay.
If cos2 α + cos2 β = 1, we have

A z (u, v, z 1 ) = A 0 (u, v).

(7)

Eq. (7) shows that when the propagation direction of plane
wave component is perpendicular to the z axis, and there is no
energy propagation along the z axis, which means the compo‑
nent without contribution to the angular spectrum along the z
axis.
If cos2 α + cos2 β > 1, we have
A z (u, v, z 1 ) = A 0 (u, v)exp ( -d ⋅ μ ),

(8)

μ=k

(9)

1 - cos2 α - cos2 β .

Eqs. (8) and (9) show that the component of the angular
spectrum decays exponentially with the increase of the propa‑
gation distance d, and will decay to zero in the distance of sev‑
eral wavelengths.
In practice, the received EM wave will radiate in all direc‑
tions. According to Eq. (7), no energy will propagate along the
z axis. Thus, we can establish a space rectangular coordinate
system with the z axis as the speed direction.
As shown in Fig. 4b, A( α, β ) represents the angular spec‑
trum of the plane EM wave, which is used to characterize
the complex amplitude of the electric field. k represents
the wave number vector in free space, where its amplitude
k represents the wave number, and its phase represents the
propagation direction of the wave. The relationship be‑
tween the wave number vector and the direction cosine is
as follows
k = -k ( x cos β sin α + y sin βsin α + z cos α).

(10)

According to the principle of vector field decomposition,
the angular spectrum can be decomposed into two parts
A( α, β ) = A α ( α, β ) α̂ + A β ( α, β ) β̂ ,

(11)

where A α ( α, β ) and A β ( α, β ) are two complex scalars, and α̂
and β̂ are unit vectors orthogonal to k. The complex form of
A α ( α, β ) and A β ( α, β ) can be written as

{

A α ( α, β ) = A αr ( α, β ) + jA αi ( α, β )

A β ( α, β ) = A βr ( α, β ) + jA βi ( α, β ) .

(12)

In a short period of time t, assuming the speed of a single re‑
flector is vi and its displacement is v = vi t, the electric field
complex amplitude of a single reflector can be expressed as
U ( t, f ) =

∫ ∫ A( α, β ) exp ( -jk ⋅ r )sinαdαdβ.
2π

π

0

0

(13)

In the reverberation chamber, EM wave can be seen as the
plane wave. Because the plane wave satisfies Maxwell equa‑
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tions, the complex amplitude of electric field expressed in
Eq. (13) also satisfies Maxwell equations. For a spherical
wave, Eq. (13) is a complete and strict expression of plane
wave expansion. However, for an aspheric wave, the expan‑
sion of plane wave can start from a spherical wave and be ex‑
tended analytically based on a certain sphere [8].
Angular spectrum can be deterministic or stochastic. Due to
the uniform distribution of the direction of arrival, polarization
and phase of plane EM wave, the angular spectrum of EM
wave can be regarded as a random variable. In indoor multipa‑
th environment, the statistics of received electric field are gen‑
erated by the multipath and reflection of wireless signal in the
process of propagation. The statistical characteristics of angu‑
lar spectrum can represent the statistical characteristics of
electric field in a complex indoor environment.
Because the angular spectrum can be regarded as a series
of rays with random phase, its orthogonal components will
obey Gaussian distribution according to the central limit theo‑
rem[9]. Due to multipath propagation, the angular spectrum
component with orthogonal phase is uncorrelated and its ex‑
pectation is zero.
E [ A α ( α, β ) ] = E [ A β ( α, β ) ] = 0.

(14)

Due to the real part and the imaginary part of angular spec‑
trum is a constant, its mathematical expectation can be ex‑
pressed as
E [ A αr ( α 1 , β 1 ) A αr ( α 2 , β 2 ) ] = E [ A αi ( α 1 , β 1 ) A αi ( α 2 , β 2 ) ] =
Cδ ( α 1 - α 2 , β 1 - β 2 ),

(15)

where C is a constant. Based on Eqs. (14) and (15), two impor‑
tant relationships can be derived.
E [ A α ( α 1 , β 1 ) A ∗β ( α 2 , β 2 ) ] = 0,

E [ A α ( α 1 , β 1 ) A ∗α ( α 2 , β 2 ) ] = E [ A β ( α 1 , β 1 ) A ∗β ( α 2 , β 2 ) ] =
2Cδ ( α 1 - α 2 , β 1 - β 2 ),

(16)
(17)

where ( ⋅ ) is conjugate operation. These two relationships
will be leveraged to calculate the ACF of signal power.

3 Speed Estimation Model
3.1 Channel Frequency Response Autocorrelation Function
The electric field at the receiver can be regarded as the su‑
perposition of a large number of plane waves with uniformly
distributed arrival direction, antenna polarization and phase.
Therefore, the angular spectrum can be considered as a ran‑
dom variable with following assumptions:
1) For any ( α, β ), both A α ( α, β ) and A β ( α, β ) are circularly
symmetric Gaussian random variables with the same variance
ZTE COMMUNICATIONS
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E [ U ( t, f ) ] =

∫ ∫ E [ A( α, β ) ]exp ( jk ⋅ r )sinαdαdβ = 0.
2π

π

0

0

(18)

The mean square value of the electric field is directly pro‑
portional to the energy density of the electric field, so it is very
important to learn the statistical characteristics of the electric
field. According to Eq. (18), the expectation of electric field
mean square value is



E [ |U ( t, f )|2 ] =
E [ A(Ω 1 ) A* (Ω 2 ) ]exp [ j ( k 1 -

∬∬

4π 4π

*
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and they are statistical independent[11].
2) For each dynamic scatterer, the angular spectrums from
different directions are not correlated, statistically.
3) For two moments t 1, t 2 and different dynamic scatterers
i 1 ,i 2 ∈ Ω d, U ( t 1 , f ) and U ( t 2 , f ) are statistically independent.
The rationality of Assumption 1 lies in the fact that the an‑
gular spectrum is superimposed of many rays bouncing with
random phases and thus can assume that each orthogonal com‑
ponent of A( α, β ) tends to be Gaussian under the central limit
theorem.
For Assumption 2, because the angular spectrum compo‑
nents corresponding to different directions will result in mul‑
tiple uncorrelated scattering paths, thus, these angular spec‑
trum components can be assumed to be uncorrelated. Mean‑
while, Assumption 3 results from the fact that the CFR is sta‑
tistically uncorrelated if the transmission distance difference
larger than half a wavelength, and the electric fields contrib‑
uted by different scatterers can thus be assumed to be uncor‑
related[12].
Next, we analyze the CSI power autocorrelation function.
Since the expectation of the angular spectrum is zero, the ex‑
pectation of the complex amplitude of the received electric
field is also zero.


k 2 ) r ] dΩ 1 Ω 2 = 16πC ≡ U 02,

where

∬ ≜∫ ∫

4π

2π

π

0

0

(19)

, Ω = ( α, β ), and dΩ = sinαdαdβ. There‑

fore, the mean square value of electric field is a constant and
is independent of the reflector position. By deriving the mean
square value of each orthogonal component in electric field
space, we can get
E [ |Ux |2 ] = E [ |Uy |2 ] = E [ |Uz|2 ] =

U 02
3 .

(20)

Eq. (20) shows that each component of the electric field in
an ideal space is the same, which provides theoretical bases
for the following study. Based on the above assumptions, the
ACF of the electric field can be defined. The received electric
field of the reflector can be regarded as a stationary random
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process with respect to time T. The Pearson ACF of the re‑
ceived electric field at different times can be written as
ρ U (τ, f ) =

|

E [ U (0, f ),U (τ, f ) ]

|

|

2

|

2

E [ U (0, f ) ] ⋅ E [ U (τ, f ) ] ,

(21)

where E [ X,Y ] ≜ E [ X ⋅ Y ∗ ]. According to Eq. (19), the de‑
nominator of ρ U (τ,f ) is U 02. From Eqs. (19) and (21), the ACF
can be further deduced as
ρ U (τ,f ) =

sin ( kvτ )
kvτ .

(22)

Eq. (22) shows that the essence of the electric field ACF is
a sinusoidal attenuation caused by the motion of the scatterer,
and it will decay to zero in a few short wavelengths. The impor‑
tance of the formula is that the speed information of a single
reflector can be derived from the ACF of the received electric
field, and the direction of the reflector has no effect on ACF.
3.2 Speed Estimation Algorithm
From Eq. (22), it is very simple to estimate the speed of a
single reflector out of the ACF. However, it is difficult to mea‑
sure the electric field and analyze its ACF. As mentioned
above, the power of the electric field can be equivalent to the
power of CSI.





2

2
G ( t, f ) ≜ | H ( t, f ) | = U ( t, f ) .

(23)

In order to extract speed information from CSI power, the
ACF of CSI power is adapted. According to Ref. [9], the ACF
of CSI power can be expressed as
ρ G (τ, f ) = γ G (τ, f ) /γ G (0, f ),

γ G (τ, f ) ≜ cov (G ( t, f ),G ( t - τ, f ) ) =
1
T

(24)

∑ ( G ( t - τ, f ) - G ( f ) ) ( G ( t, f ) - G ( f ) ),
T

-

t=τ+1

1 T
G ( f ) ≜ ∑t = 1 G ( t, f )
,
T

-

ρ̂ G (τ ) ≈ S c

∑

u ∈ { x,y,z }

( W ρ̂
1

2
Uu

(τ ) + W 2 ρ̂ U u (τ )

),

(27)

where S c is the scale factor, and W 1 and W 2 represent the
weight of ρ̂ 2U (τ ) and ρ̂ U (τ ).
ρ̂ G (τ ) can be obtained from the power information of CSI
and the speed information is in the right part of the equation.
In order to estimate the speed information of the reflector from
ρ̂ G (τ ), it is necessary to establish the internal relationship be‑
tween ρ̂ G (τ ) and each term on the right side of the equation.
According to the properties of sampling function, the first
closed solution of ρ̂ U (τ ) = 0 is exactly the first closed solution
of quadratic differential. The symbol Δ is used to represent
the differential of CSI power ACF, then we can get
u

Δ(2) ρ̂ G (τ ) ≈ S c

u

∑

u ∈ { x,y,z }

(W Δ

(2)

1

ρ̂ 2U u (τ ) + W 2 Δ(2) ρ̂ U u (τ )

).

(28)

From Eq. (28), and the first peak of Δρ̂ G (τ ) is exactly equal
to the first solution of equation ρ̂ U (τ ) = 0. Therefore, the key
of speed estimation is to identify the first local peak of
Δρ̂ G (τ ). The speed of moving reflector is calculated as
v̂ = r/τ̂ ,

(29)

where r is the solution of equation Δ(2) ρ̂ 2U ( d, f ) = 0. Since the
equation has no closed solution, the second smallest solution
r = 0.54λ is taken as the solution of the equation. The specific
algorithm implementation is shown in Algorithm 1.
Algorithm 1. Speed estimation algorithm

Input: Continuous CSI sequence of length T before time t.
T -1
1
H ( s, f ), s = t ,..., t , t.
Fs
Fs
Output: The speed after filtering is v ( t).
1: The power response is calculated by CSI amplitude se‑
2

(25)
(26)

where γ G (τ, f ) represents the auto-covariance function, T is
the number of samples, and G ( f ) is the sample mean.
For a Wi-Fi system with bandwidth of 40 MHz and carrier
frequency of 5.805 GHz, the difference in wave number k of
each subcarrier can be neglected. According to k = 2πf/c, the
maximum EM wave number can be calculated as k max =
122.36, and the minimum is k min = 120.68. Thus, we can get
∀f, ρ (τ, f ) ≈ ρ (τ ). Meanwhile, in a short time interval, ρ̂ G (τ )
can be approximated as:

quence: G ( s, f ) = | H ( s, f ) |
2: for power response
3:
Calculation of power response autocorrelation function:
1 t
ρ G (τ,f ) = ∑ (G ( s - τ,f ) - G ( f ) ) (G ( s,f ) - G ( f ) )
T s=s
1 T
4:
where s 0 = t - (T - 1) /F s + τ, G ( f ) ≜ ∑t = 1 G ( t, f ),
T
τ ∈ (0,0.2)
5:
if t > T
6:
break
7:
end if
8: end for
9: Calculate the average ACF of all carriers: ρ G (τ ) =
1
ρ G (τ, f )
F∑
f ∈F
10: Calculate the first order differential of ACF: Δρ G (τ ) =
0
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ρ G (τ ) - ρ G (τ - 1/F s )
11: For Δρ G (τ ), the location of the first peak point τ is calcu‑
lated by peak detection algorithm.
12: The target speed at time t is v ( t) = 0.54λ/τ.
13: For v ( t), using Kalman filter to remove outliers.

3.3 Automatic Multi-Scale Peak Detection Algorithm
The key of speed estimation is to identify the first local
peak point of ACF. The traditional peak detection method can‑
not be adapted to the waves with multiple local peak values,
which will lead to the misjudgment of the first peak point in
the local scope. Therefore, we design an automatic multi-scale
peak detection algorithm to solve this problem, which can
maintain a high estimation accuracy when there are multiple
local peak values for time-varying waveforms.
The basic principle of AMPD algorithm is to use the local
maximum of the signal to detect the peak of all signals. Let
X = [ x 1 , x 2 ,..., x N ] represent the ACF of each sampling time in
a moving window. Firstly, we calculate the Local Maxima Sca‑
logram (LMS) the linear detrending of the signal. Then, the lo‑
cal maximum of the signal X is determined using a moving
window whose length w φ satisfies { w φ = 2φ|φ = 1, 2,..., L },
where φ is the φ‑th scale and L = [ N/2 ] - 1, and [ x ] is the
ceiling function that gives the smallest integer not less than x.
This is realized for every scale k and for i = φ + 2,..., N - φ +
1, according to
m φ,i =

{r +0α

m

xi - 1 > xi - φ - 1

and x i - 1 > x i + φ - 1
,
other

(30)

where r is a uniformly distributed random number in the range
[ 0,1 ], α m is a constant factor and is usually set as 1. When i =
1,..., φ + 1 or i = N - φ + 2,..., N, the value r + α can be as‑
signed to m φ,i. These operations of Eq. (30) result in the matrix:

(

m 1,1
M = m 2,1
m L,1

m 1,2
m 2,2
m L,1

...
...
...

)

m 1,N
m 2,N = (m φ,i )
.
m L,N

(31)

(m φ.i ) of size μ × N.
Finally, the AMPD algorithm detects the peak value by cal‑
culating the column standard deviation σ i of the matrix M r:

(

1 é μ
1
μ
êê∑φ = 1 m φ,i - ∑φ = 1 m φ,i
σi =
λ
μ-1ë
i ∈ { 1, 2, ..., N }.

N
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4 Experimental Results
4.1 Experimental Environment
We collect 50 sets of data from two volunteers to validate
the performance of our proposed system. The walking route is
shown in Fig. 5.
The transmitter and receiver consist of two mini-PCs with
one Intel 5300 NIC. The PCs are installed with 64-bit operat‑
ing system of Ubuntu10.04. Specifically, one PC equipped
with an external antenna works as transmitter, while the other
with three works as receiver. The original CSI data is obtained
through the open source tool Linux 802.11n CSI tool. The de‑
tailed installation process is shown in Ref. [5]. Our system
works on Channel 149 at 5.745 GHz band and the packet
transmission frequency is 1 000 Hz. At the same time, the
transmitter is set to the injection mode and the receiver is set
to the monitor mode.

Tx

Rx

①

③

②

④

(32)

The vector S = [ s 1 , s 2 ,..., s L ] contains the information about
the scale-dependent distribution. The global minimum of S is
μ, i. e., μ = arg min ( s φ ), which represents the scale with the
largest local maxima. The value μ will be used in the third
step of the algorithm to reshape the LMS matrix by removing
all elements m φ,i satisfy φ > μ, leading to a new matrix M r =

50

1

ù2
úú ,
û

When the indices i satisfy σ i = 0 , we store them in a vector
p = [ p 1 , p 2 ,..., p N ], where p refers to the indices of the detected
peaks. Therefore, the sampling point in the matrix that satis‑
fies its column standard deviation σ i = 0 can be considered
as the peak point.

The value of window length ω k is contained in the φ‑th row
of the matrix. All elements in matrix M are in the range of
[ 0, α m + 1 ], and matrix M is the LMS of signal X.
The second step of the algorithm calculates the sum of each
row of the LMS matrix:
s φ = ∑i = 1 m φ,i , φ ∈ { 1, 2,..., L }.

)

2
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▲Figure 5. Illustration of walking direction
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4.2 Analysis of Results
Since the theoretical assumption is feasible in a short time,
in the step of the speed estimation algorithm, the maximum
time interval τ is set as 0.2 s. The ACF of a sample is calculat‑
ed every 0.05 s. As known for all, human walking is a periodic
motion. Fig. 6a is an estimation result of walking speed, which
shows a clear periodic acceleration and deceleration motion
pattern. Although there are a large number of outliers in the
original speed estimation, a Kalman filter can be applied to ob‑
tain a smoothed speed curve. In order to avoid the influence of
external factors on the results in the process of data collection,
the first second and last second data are set to zero. Mean‑
1.5

Gait cycle Gait cycle

Speed/(m/s)

1.0
0.5

0.4

15

-0.20
0.10

2.0

0

-0.10

1.0

0.10
0

0.10

t/s

0.15

0
0.20 0.5 1.0 1.5

(b) Relationship between Δρ̂ G ( τ ) and moving speed

▲Figure 6. Speed estimation results

Median error in speed estimation/(m/s)

Δρ̂ G ( τ )

3.0

0

30°

45°

60°

Walking direction

3.5

4.0

-0.20
0.20

0.05

0.1

90°

(a) Median errors of speed estimation in different direction

t/s

Speed/(m/s)

0

-0.10
0

0.2

20

(a) Result of speed estimation

0.20

Volunteer 1
Volunteer 2

0.3

0.0

Deceleration
5
10
Time/s

0
0

Original signal
Filtered signal

Acceleration

while, Fig. 6b shows the relationship between Δρ̂ G ( τ ) and
moving speed. We choose four different time to calculate
Δρ̂ G ( τ ) and the corresponding moving speed with different col‑
ors. We can conclude that although the ACFs are very differ‑
ent, the locations of the first peak of Δρ̂ G ( τ ) are highly consis‑
tent as long as the ACFs are calculated under similar walking
speed. For each different sampling time in speed estimation, it
can be calculated that the Δρ̂ G ( τ ) within 0.2 s, then we can
get the first peak point in Δρ̂ G ( τ ) where τ 1 = 0.030 s (orange),
τ 2 = 0.033 s (purple), τ 3 = 0.024 s (green), τ 4 = 0.029 s
(blue), and the corresponding speed values are
v 1 = 0.93 m s,
v 2 = 0.84 m s,
v 3 = 1.16 m s,
v4 =
0.96 m s.
Then, we verify the direction-independence of our speed es‑
timation system. Fig. 7a shows the median error of speed esti‑
mation in different direction. From the figure, it can be seen
that our proposed system achieves a mean absolute error of
0.18 m/s for device-free human walking speed estimation.
Moreover, our proposed system achieves a consistent error

Median error in speed estimation/(m/s)

The data collection is described as follows. Firstly, for sin‑
gle target speed estimation, we collected CSI data of two differ‑
ent volunteers walking on different routes with a consistent
speed of 1 m/s respectively to analyze the influence of move‑
ment direction, and 50 samples are collected for each walking
direction. Next, in order to further explore the influence of the
moving targets number on the estimated results, we collect da‑
ta of two, three and four volunteers walking on different
routes, where one target walks along predefined routes and
others walk randomly in the area as miscellaneous targets. In
the experiment, we obtain ground truth via accelerometerbased solution. Specifically, a smartphone with accelerometer
is installed on each tester’s ankle to capture true speed mea‑
surement.

One person
Two persons
Three persons
Four persons
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(b) Median errors of speed estimation with different number of targets

▲Figure 7. Median errors of speed estimation in different direction
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among different walking directions with the minimum error as
0.3 m/s and maximum error as 0.35 m/s (Volunteer 2 in 90°),
which is enough in smart home environments.
Finally, we verify the influence of the number of moving tar‑
gets in the environment. Fig. 7b shows the median error of
speed estimation when there are multiple targets walking in
the area. From the figure, it can be seen that the median error
of speed estimation reaches 0.77 m/s for two targets, 1.92 m/s
for three targets and 2.75 m/s for four targets. This is because
the speed of moving target is calculated with the first local
peak point of ACF, and the target with larger speed will con‑
tribute more to the ACF components. Thus, the system will
take the target with larger speed as the final estimation result
when there are multiple targets walking in the environment,
which will lead to a significant reduction in the estimation ac‑
curacy.

5 Conclusions

In this paper, we propose a direction-independent indoor
speed estimation system based on commercial Wi-Fi devices,
which can be used in many fields, such as indoor security and
intelligent identification. The system is designed to estimate
the speed of a single moving object in the environment. If
there exist multiple moving objects within the coverage of sys‑
tem, it would capture the highest speed among the objects.
Firstly, we analyze the relationship between the electric field
power and the CSI power, and then introduce the related con‑
cepts of optical angular spectrum to derive the ACF of the EM
wave angular spectrum. Secondly, based on the speed model
of EM wave, we derive directional processing in existing sys‑
tems and summarize the robustness of direction indepen‑
dence. Finally, the AMPD peak detection algorithm is used to
extract speed information from ACF. A large number of experi‑
ments are carried out in a typical indoor environment. With
low cost, strong robustness and good real time performance,
our system provides a new idea for speed estimation with wire‑
less sense applications especially in smart homme.
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