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Abstract—This is the following paper in a series on a new
initiative of wireless tomography. The goal is to combine two
areas: wireless communication and radio tomography. This paper
primarily focuses on phase reconstruction using machine learning
for wireless tomography. When only communication components
instead of sophisticated equipment are exploited to perform
wireless tomography, phase information of the received field
is hard to obtain. Thus self-coherent tomography is proposed,
which has two main steps. First, phase reconstruction is achieved
using the received amplitude only data. Second, the standard
radio tomographic imaging algorithms are used for data analysis.
However for the real application, the effect of noise can not
be ignored. In order to improve the performance of phase
reconstruction with the consideration of noise, a hybrid system
for wireless tomography is proposed in this paper. Meanwhile,
machine learning is explored here to execute the noise reduction.

I. I NTRODUCTION

Wireless tomography was first proposed in [1]. Wireless
tomography which combines wireless communication and ra-
dio tomography gives a novel approach to remote sensing. In-
coherent tomography, coherent tomography and self-coherent
tomography were summarized and compared in [1]. Different
from the well studied tomography technique, e.g. Computer-
ized Tomographic Imaging [2], or inverse scattering technique,
wireless tomography starts from a system engineerings point
of view [3] and is applied to the situation with complex and
dynamic radio environments. It is without doubt that wireless
tomography will be widely used in many applications.

Machine learning and waveform diversity have been ex-
plored in the context of wireless tomography to improve the
system performance [3]. Meanwhile, the potential applica-
tions of time reversal and compressive sensing to wireless
tomography are discussed in [1] [3]. However, the complex
working situation and dynamic radio environment still lead
to a pressing new challenge for wireless tomography: For
the real world application, the effect of noise can not be
ignored. The previous literature about tomography or inverse
scattering rarely addresses the noise issue and is based on
the assumption that the algorithm works on extremely high
Signal to Noise Radio (SNR) region. This paper will extend the
machine learning scheme, i.e. Principal Component analysis
(PCA), mentioned in [3] to improve the performance of noise
reduction.

When only communication components instead of sophisti-
cated equipment are exploited to perform wireless tomography,
phase information of the received field is hard to obtain.
Thus self-coherent tomography is proposed, which has two
main steps [1]. First, phase reconstruction is achieved using
the received amplitude only data. Second, the standard radio
tomographic imaging algorithms are used for data analysis.
Furthermore with the consideration of noise, noise reduction
should be executed before phase reconstruction, which means
the de-noised amplitude only data for the total field can be
obtained from the received noise-polluted data.

This paper proposes a hybrid system for wireless tomogra-
phy. Some sensors in the system are advanced and sophis-
ticated. These sensors can directly provide accurate phase
information. While other sensors are cheap and simple. Those
simple sensors, on the other hand, can only get the noise-
polluted amplitude only data for the total field. Kernel PCA
which is a non-linear method will be used to perform noise
reduction. And then the accurate phase information obtained
by the advanced sensors will be explored as the prior infor-
mation for phase reconstruction to retrieve the full data with
both amplitude information and phase information for those
simple sensors.

The rest of the paper is organized as follows. In section
II the hybrid system is presented. Section III will show
the theories for noise reduction using machine learning and
phase reconstruction with prior information. Performanceof
the proposed hybrid system together with the proposed phase
reconstruction will be provided in section IV, followed by
some remarks given in section V.

II. H YBRID SYSTEM

The hybrid system for wireless tomography is shown in Fig.
1. Some sensors in the system are advanced and sophisticated.
While other sensors are low-cost and simple. The advanced
sensors can obtain the accurate amplitude information and
phase information for the received total field. Those simple
sensors can get noise-polluted amplitude only data for the
received total filed. Meanwhile, due to the energy limitation
of the simple sensor, the data obtained by the simple sensor
will be sent to the advanced sensor with the nearest distance.
In this way, the lifetime of the simple sensor can be increased.
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Fig. 1. The hybrid system for wireless tomography.

Then the data obtained by the advanced sensors and received
from the simple sensors will be sent to the central controller
of the hybrid system to perform signal processing for wireless
tomography.

Assume there are totalN +L sensors in the hybrid system,
in which N senors are simple andL sensors are advanced.
How to determine the ratio of the simple sensors and the
advanced sensors as well as the optimal deployment is out
of scope of this paper. The simple sensorn will get the noise-
polluted amplitude only data for the received total filed,

xn = |En,tot + nn| (1)

whereEn,tot is the true total field corresponding to the simple
sensorn which is equal to the incident field plus the scattered
field,

En,tot = En,inc + En,d (2)

nn is the complex-value background noise the real part and
imaginary part of which both follow Gaussian distribution
with zeros mean andσ2 variance. Thoughnn is the well
known Gaussian noise,xn is noise-polluted by the non-linear
operation, which will lead to the more severe noise effect than
that caused by the additive white Gaussian noise.

For the advanced sensors, the accurate amplitude informa-
tion and phase information for the received total field can be
obtained. Meanwhile, the incident fields for all the sensorscan
be computed using Green function. Thus the goal of phase
reconstruction is to retrieve the complex-value scatteredfield
for those simple sensors, i.e.En,d, n = 1, 2, . . . , N .

III. PHASE RECONSTRUCTION

A. Noise Reduction Using Machine Learning

The task of noise reduction is to obtain the de-noised data
Ẽn,tot from the noise-polluted dataxn. The vector represen-
tation of Eq. (1) is

x = |Etot + n| (3)

where then-th entry inx, Etot or n corresponds to the data
for the simple sensorn.

x constructs one sample of the data set for noise reduction.
The full data set can be achieved by executing a large number
of measurements,

xi = |Etot + ni| i = 1, 2, . . . , M (4)

whereM is the number of measurements andni for different
measurements is assumed to be independent.

Thus, a set of noise-polluted amplitude vectorsxi, i =
1, 2, . . . , M of total field are obtained. As will be seen later, in
self-coherent tomography, if complex scattered fields (includ-
ing both amplitude and phase information) are reconstructed
from the information of the incident field and noise-polluted
amplitude of the total field, the reconstructed values will be
far from the true values. In order to solve this problem,
this paper proposes an approach that a de-noising process is
implemented before phase reconstruction employing machine
leaning methods.

In machine learning field, dimensionality reduction methods
are innovative and important tools [4]. PCA [5] is the best-
known linear dimensionality reduction method. It aims to find
a subspaceΩ which can maximally retain the variance of the
original dataset. Applying the reduced dimensionality data to
de-noise is a common application of PCA.

However, if the nonlinear nature of data exists, linear PCA
will fail to detect the subspaceΩ. Naturally, de-noising task
will fail too. A nonlinear dimensionality reduction method
called Kernel PCA [6], on the other hand, can be used for
this purpose. Nevertheless, de-noising data using kernel PCA
is a non-trivial task. S.Mika and co-workers proposed an
iterative scheme on de-noising for Gaussian Kernels [7].
However, the computation of this method needs to rely on
nonlinear optimization. A distance constraints based method
was proposed by J. Kwok and I. Tsang which just relies on
linear algebra [8]. The distance constraints based method
will be discussed briefly and then employed in this paper’s
simulation.

Assuming the original dimensionality data are a set ofM
samplesxi ∈ RN , i = 1, 2, · · ·M , the reduced dimensionality
samples ofxi are yi ∈ RK , i = 1, 2, · · ·M , whereK <<
N . xij and yij are componentwise elements inxi and yi,
respectively.

Kernel PCA uses the kernel functionk

k(xi,xj) = ϕ(xi) · ϕ(xj) (5)

to implicitly map the original data into a feature spaceF,
whereϕ is the mapping from original space to feature space
and· represents inner product. InF, PCA algorithm can work
well.

A function is a valid kernel if there exists a mapping
ϕ satisfying Eq. (5). Mercer’s condition [9] gives us the
condition about what kind of functions are valid kernels.

If k is valid kernel function, the matrix

K = (k(xi,xj))
M
i,j=1 (6)



must be positive semi-definite [10]. The matrixK is the so-
called kernel matrix.

Assuming the mean of feature space dataϕ(xi), i =
1, 2, · · ·M is zero, i.e.,

1

M

M
∑

i=1

ϕ(xi) = 0. (7)

The covariance matrix inF is

CF =
1

M

M
∑

i=1

ϕ(xi)ϕ(xi)
T . (8)

In order to apply PCA inF, the eigenvectorsvF
i of CF are

needed. As we know that the mappingϕ is not explicitly
known, thus the eigenvectors ofCF can not be as easily
derived as PCA. However, the eigenvectorsvF

i of CF must
lie in the span [6] ofϕ(xi), i = 1, 2, · · ·M , i.e.,

vF
i =

M
∑

j=1

αijϕ(xj). (9)

It has been proved thatαi, i = 1, 2, · · · , M are eigenvectors
of kernel matrixK [6]. In which αij are componentwise
elements ofαi.

Then the procedure of Kernel PCA can be summarized into
the following six steps:

1) Choose a kernel functionk.
2) Compute kernel matrix

Kij = k(xi,xj). (10)

3) The eigenvaluesλK
1 ≥ λK

2 ≥ · · · ≥ λK
M and the corre-

sponding eigenvectorsα1, α2, · · · , αM are obtained by
diagonalizingK.

4) NormalizingvF
j by [6]

1 = λK
j (αj · αj). (11)

5) The normalized eigenvectorsvF
j , j = 1, 2, · · · , K con-

stitute the basis of a subspace inF.
6) The projection of a training pointxi on vF

j , j =
1, 2, · · · , K is computed by

yij = (vF
j ,xi) =

M
∑

n=1

αjnk(xn,xi) (12)

in which the reduced dimensionality data in feature
space correspondingxi is yi = (yi1, yi2, · · · , yiK).

So far the mean ofϕ(xi), i = 1, 2, · · ·M has been assumed
to be zero. In fact, the zero mean data in the feature space are

ϕ(xi) −
1

M

M
∑

i=1

ϕ(xi). (13)

The kernel matrix for this centering or zero mean data can be
derived by [6]

K̃ = HKH (14)

in which H = I− 1
N

11′ is the so-called centering matrix,I is
an identity matrix,1 = (1, 1, · · · , 1)′ is a M × 1 vector and′

represents transpose.
Some common used kernels are as follows: polynomial

kernels
k(xi,xj) = (xi · xj + 1)d, (15)

radial basis kernels (RBF)

k(xi,xj) = exp(−γ ‖xi − xj‖2
), (16)

and Neural Network type kernels

k(xi,xj) = tanh((xi · xj) + b). (17)

In order to apply Kernel PCA for de-noising, the pre-image
x̃i (in original space) ofyi (in feature space) is needed. The
distance constraints based method for de-noising makes use
of the distance relationship [11] found by Williams between
original space and feature space for some specific kernels. It
tries to find the distance betweeñxi andxj once the distance
betweenyi and ϕ(xj) is known. From now on,d(xi,xj) is
used to represent distance between two vectorsxi andxj .

It has been proved that the squared distance betweenyi and
ϕ(xj) can be derived by [8]

d2(yi, ϕ(xj))

= (kxi
+ 1

N
K1− 2kxj

)
′

H′MH(kxi
− 1

N
K1)

+ 1
N2 1

′K1 + Kii − 2
N

1′kxj

(18)

wherekxi
= (k(xi,x1), k(xi,x2), · · · , k(xi,xM ))′,

M =
K

∑

k=1

1

λ̃k

α̃kα̃
′

k, (19)

λ̃k and α̃k are thekth largest eigenvalues and corresponding
column eigenvectors of̃K.

By making use of the distance relationship [11] between
original space and feature space, if the kernel is radial basis
kernel, then

d2(xi,xj) ≈ d2(x̃i,xj) =

− 1
γ

log(0.5(Kii + Kjj − d2(yi, ϕ(xj))).
(20)

Once the above distances are derived,x̃i can be reconstructed
from xj [8]. Then the de-noised datãxi =

∣

∣

∣
Ẽtot

∣

∣

∣
can be

achieved with the componentwise element
∣

∣

∣
Ẽn,tot

∣

∣

∣
. In this

paper’s simulation, the radial basis kernel with parameter
γ = 2 will be used.

B. Phase Reconstruction With Prior Information

As is well-known, phase reconstruction is the key step
for self-coherent tomography. In wireless tomography, phase
reconstruction means reconstructing the scattered field from
the information of the incident field and squared amplitude of
the total field.



The scenario of the standard phase reconstruc-
tion [1] [1] [13] considered has the following properties:
the investigated domainΩ is a circle plane with radiusa
which encloses one or more targets; the incident TM wave
from angle θi impinges on the investigated domain; the
measurement domainΓ is a circle with radiusb; there areN
receivers with angleθn on the circle;Ω andΓ are concentric;
the background medium is assumed to be homogeneous with
dielectric permittivity ofεb and magnetic permittivity ofµ0.
The scattering equations based on above assumptions are
[13]

E(r) = Einc,i(r) + k2 ×
∫

Ω

G(r − r′)χ(r′)E(r′)dr′

= Einc,i(r) + Ai [χE] , r ∈ Ω (21)

Etot(θn) = Einc,e(θn) + Ed(θn)

= Einc,e(θn) + k2 ×
∫

Ω

G(r − r′)χ(r′)E(r′)dr′

= Einc,e(θn) + Ae [χE] , r ∈ Γ (22)

in which k = ω
√

µ0εb, Green’s functionG(r − r′) =

−(j/4)H
(2)
0 (k |r − r′|) ( H

(2)
0 is Hankel function of zero

order and second kind ) , contrast functionχ(·) = [εr(·) − 1]
and objects’ dielectric permittivityεr(r)εb . In the above two
formulas,Ed is the scattered field needed to be reconstructed.
Moreover, integral operatorsAi , Ae, incident fieldsEinc,i ,
Einc,e and total fieldsE, Etot are the quantities evaluated in
Ω and observation circle, respectively.

The problem here is to reconstructEd(θn) from Einc,e(θn)
and |Etot(θn)|2. In order to solve the phase reconstruction
problem, a sequential of non-linear equations will be built.
However if the number of variables to be solved is similar to
or larger than the number of equations, the problem will be
underdetermined, which will make the solution non-unique.
Thus, we should find the key variables, which are called
degrees of freedom, inside the equations to reduce the number
of variables to be solved. This is our way to deal with phase
reconstruction problem.

The operator related to the scattered field defined by [13]
will be used which has the following form:

B[Ed(θn)] = |Ed(θn)|2 + 2Re[Ed(θn)Einc,e(θn)∗] (23)

in which ∗ stands for conjugate and

B[Ed(θn)] = |Etot(θn)|2 − |Einc,e(θn)|2 . (24)

It has been thoroughly investigated [14] that the scatteredfield
under the above scenario can be accurately represented with
2ka Fourier harmonics which has the finite degree of freedom.
Thus

Ed(θ0) =

ka
∑

q=−ka

cqe
jqθn =

ka
∑

q=−ka

(xq + jyq)e
jqθn (25)

in which cq = xq + jyq. The Fourier harmonic coefficients
xq and yq are the actual variables which are going to be
retrieved. A series of nonlinear equations will be established
by substituting Fourier series expansion Eq. (25) of scattered
field into Eq. (23) with the equation number equal toN .
In order to make the problem overdetermined, the variable’s
number of4ka + 2 should be less thanN . In practice, with
simple sensors,xn will be derived instead of|Etot(θn)|. If
without noise reduction and prior information, standard phase
reconstruction amounts to reconstructEd(θn) from Einc,e(θn)
andxn which is always failed .

However, in practice, even after noise reduction,|Etot(θn)|
can not be exactly obtained.

∣

∣

∣
Ẽn,tot

∣

∣

∣
will be used instead of

|Etot(θn)|. The slight deviation of|Etot(θn)| will cause the
optimal solution to the non-linear equations to be far from the
true values of the scattered field. Thus we should regularize
the optimal solution. Some prior information provided by the
advanced sensors can be used here to set upL linear equations,

El,tot − El,inc =
ka
∑

q=−ka

(xq + jyq) ejqθl , l = 1, 2, . . . , L

(26)
whereθl is the angle of the advanced sensorl which is also
on the measurement domainΓ.

Finally, MATLAB function fsolve will be adopted to give
the solution to the established hybrid equation set withN non-
linear equations andL linear equations.

IV. PERFORMANCE

This section will show the simulation results for various
settings to illustrate the performance of the proposed phase
reconstruction.

Case Study One
Fig. 2 shows the simulation setting for case study one. The

small solid dot represents one point target. The position ofthe
transmitter sensor is(5λ, 0λ), whereλ is the wavelength of the
sounding signal. There areN = 62 simple sensors represented
by the small squares on the measurement domainΓ with radius
b = 2.8990λ. Meanwhile the radiusa for the investigated
domainΩ is set to be2λ. There areL = 25 advanced sensors
uniformly deployed on the measurement domainΓ to provide
the prior information for phase reconstruction. SNR is10dB.
The number of measurements is 200.

The performance of noise reduction using kernel PCA is
shown in Fig. 3. The non-linear noise is greatly reduced.
However there is still a gap between|En,tot| and

∣

∣

∣

Ẽn,tot

∣

∣

∣

.
This deviation will cause the performance degradation of the
following phase reconstruction. Thus some prior information
should be used to further resist the effect of noise. The recon-
structed amplitude information and phase information using
the proposed phase reconstruction scheme are shown in Fig. 4
and Fig. 5 respectively. The standard phase reconstructiondoes
not exploit the noise reduction and the prior information. The
noise-polluted amplitude only data for the received total field
are directly used inN non-linear equations to get values of the
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Fig. 2. Sensor and target locations.
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Fig. 3. The performance of noise reduction using kernel PCA.

scattered field. The proposed phase reconstruction will execute
the noise reduction first and then use the prior information
to regularize the final results. The reconstructed amplitude
information and phase information are almost the same as
the true values of the scattered field. While the results of the
standard phase reconstruction are totally wrong and give no
meaning to the true data.

Case Study Two
Fig. 6 shows the simulation setting for case study two.
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Fig. 4. The reconstructed phase information
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Fig. 5. The reconstructed amplitude information
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Fig. 6. Sensor and target locations.

The small solid dots represents two point targets. The mutual
scattering between two targets is considered. The positionof
the transmitter sensor is(0λ, 0λ). There areN = 62 simple
sensors represented by the small squares on the measurement
domain Γ with radius b = 2.8990λ. Meanwhile the radius
a for the investigated domainΩ is set to be2λ. There are
L = 30 advanced sensors uniformly deployed on the mea-
surement domainΓ to provide the prior information for phase
reconstruction. SNR is10dB. The number of measurements is
200.

The performance of noise reduction using kernel PCA is
shown in Fig. 7. The reconstructed amplitude information and
phase information using the proposed phase reconstruction
scheme are shown in Fig. 8 and Fig. 9 respectively. The similar
conclusion can be drawn from the simulation results that the
proposed phase reconstruction using kernel PCA and some
prior information can definitely improve the performance of
phase reconstruction.

V. CONCLUSION

This paper has followed the concept of wireless tomography
and dealt with phase reconstruction with consideration of
noise for the real application. The hybrid system for wireless
tomography has been proposed. Some sensors in the system
are advanced and sophisticated: these sensors can provide
accurate phase information. Other sensors are, on the other
hand, cheap and simple: those cheap sensors can only get the
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Fig. 7. The performance of noise reduction using kernel PCA.
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Fig. 8. The reconstructed phase information

noise-polluted amplitude only data. The well-studied machine
learning scheme, e.g. kernel PCA, has been used to perform
noise reduction. And the accurate phase information obtained
by the advanced sensors is explored as the prior information
for phase reconstruction to retrieve the full data for the
low-cost sensors. From the simulation results (for various
settings), the performance of the proposed system together
with the proposed phase reconstruction is very promising. The
reconstructed phase information is very close to the true phase
information.

The dimensionality reduction in machine learning is remi-
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Fig. 9. The reconstructed amplitude information

niscent of controlling the degree of freedom in radar. Their
one-to-one mapping is, however, hard to obtain, especially
in the framework of nonlinear kernel. As a result, we pre-
fer the former. The following work will study the imaging
performance using the reconstructed phase information for
wireless tomography and how machine learning plays a role
in the imaging process. As suggested in [1], compressed
sensing should be included in the imaging process. Cognitive
radar network with non-coherent receiver [15] can be par-
tially modeled by the mathematical formulation in this paper.
“Cognitive engine” must include these basic steps suggested
in [1] and this paper. Since a non-coherent receiver removes
the phase information during reception, phase reconstruction
is fundamentally critical to the whole cognitive radar network.
More work is needed toward this direction.
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