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Abstract— Because the position of a tumor changes during
radiation therapy (because of respiration or patient movements),
real-time tumor tracking is necessary during radiation therapy in
order to deliver a sufficient dose of radiation to the tumor without
damaging the surrounding healthy tissues. In this paper, we
propose a novel tumor positioning method based on spatial
sparsity. We estimate the position by processing the received
signals from only one implantable RF transmitter. The method is
easier to implement, non-iterative, faster and more accurate
compared to common magnetic transponder based methods. We
evaluate the performance of the proposed method using MonteCarlo simulation.

I. INTRODUCTION
Radiation therapy is an effective method to combat
cancerous tumors by delivering high doses of ionizing
radiation to a tumor to kill or control the growth of malignant
cells [1]. Intensity-Modulated Radiation Therapy (IMRT) has
greatly increased the ability to deliver an accurate radiation
dose to target volumes. Knowing the accurate position of the
tumor is a very important issue in radiation therapy, because
any small motion in the position of the tumor causes the
radiation to be delivered to the surrounding healthy tissues
rather than the tumor area, which not only degrades the
performance of the treatment because of lack of sufficient dose
for the tumor, but also it may cause severe side effects such as
secondary cancer [2],[3]. Since the position of the tumor
changes during radiation therapy (because of respiration,
gastro-intestinal, cardiac system and circulation or even patient
movements), real-time tumor tracking is necessary in radiation
therapy treatments in order to deliver an accurate amount of
radiation to the tumor without damaging the surrounding
healthy tissues [4], [2].
There are several methods proposed in the literature for
tumor tracking in IMRT treatments based on implanting
several wired or wireless devices (called beacons) inside or in
the vicinity of the tumor [2]-[13]. The Calypso Localization
system is one of the most prevalent methods which is widely
used for tumor positioning in prostate radiation therapy [6],
[7],[8],[3]. In the Calypso system, three magnetic transponders
are implanted in or near the target. Localization of the
transponders is achieved using an electromagnetic array
consisting of four electromagnetic coils to excite the
transponders and 32 receiving coils to pick up the response
signal coming from the transponders. The positions of the

implanted transponders are calculated relative to the magnetic
array based on the response measurements [6], [3]. There are
several other electromagnetic tracking systems (such as in [2],
[13]) that use a similar idea to track the tumor position during
the radiation therapy.
In this paper, we propose a novel positioning method based
on spatial sparsity in 3D space to achieve more accurate
results. The system is faster compared to common magnetic
tracking methods since there is no need for transponder
excitation and also frequently switching of the magnetic array
between the transmit and receive modes.
In the proposed method, we use only one wireless
implantable RF transmitter (which has the potential to be
smaller than the magnetic transponders because there is no
need for RLC resonance circuit) implanted inside or in the
vicinity of the tumor. The transmitter (i.e implant) emits an RF
signal and the position will be determined by processing the
received signals by a sensor array. The positioning is based on
both time-of-arrival (TOA) and received signal strength (RSS)
exploiting the spatial sparsity of the emitter in the 3D space.
Contrary to classic TOA or RSS based localization methods,
we use convex optimization theory to estimate the location of
the emitter directly without going through the intermediate
stage of TOA or RSS estimation. Since we don’t need to
estimate the time-of-arrival or signal strength for each one of
the sensors by its own in a separate stage, and we also exploit
the spatial sparsity to estimate the emitter location directly, this
method is much more accurate in positioning and very robust
to multipath conditions (caused by signal reflections at the
boundaries of body organs) compared to classic TOA/RSS
based methods.
It is obvious that in emitter localization problems, the
number of emitters is much smaller than the number of all grid
points in a fine grid on the x-y plane or x-y-z space. Thus,
imagine a sparse grid matrix that has a positive number at each
one of the grid points containing an emitter (i.e implant) and
zeros in the rest of the grid points; this can be reformed as a
sparse vector. In this context, a sparse vector is a vector
containing only a small number of non-zero elements. Since
each element of this grid vector corresponds to one grid point
in the x-y-z space, we can estimate the location of emitter(s)
by extracting the position of the non-zero elements of the
sparsest vector that satisfies the delay and path lost
relationship between transmitted signals and received signals.
Thus, after formulating the problem in terms of the sparse grid

vector, we can estimate this vector by pushing sparsity using
1 -norm minimization (which is a convex optimization
problem) on the grid vector, subject to the delay and signal
strength relationship between the signals transmitted from the
grid points and the signals received by the sensors [14][15].
The human body includes various organs with different
types of tissue. Since the electrical characteristics of the body
– such as the relative permittivity – varies for different tissue
types, the signal propagation velocity (which is expressed as a
function of the relative permittivity) and consequently the
time-of-arrival highly depends on the tissue where the signal
passes through [16][14][16]. The power absorption parameters
and path loss exponent also vary by thickness of the tissue
[17]. Because of these reasons, the traditional in-body
localization methods based on RSS or TOA are very
challenging and sometimes inaccurate unless we have some
prior information about the location of the implant. Even if
this a priori information is available it is hard to exploit it in
the classical location methods.
However, in this paper we develop a novel tissue-adaptive
one-stage method based on both time-of-arrival and path loss.
In this method, we consider the propagation velocity and path
loss exponent as location-dependent parameters that can be
exploited to estimate the implant location more precisely. We
take advantage of spatial sparsity of the emitter in the 3D
space to estimate the emitter location directly without going
through the intermediate stage of TOA or path loss estimation.

II. PROBLEM FORMULATION
Suppose that an emitter (the implanted RF beacon)
transmits a signal and L sensors receive that signal. The
complex baseband signal observed by the lth sensor is

rl (t )  l s(t   l )  nl (t )

In free space, we can easily assume that the signal
propagation velocity is constant. However, for localization
inside the human body the propagation velocity is not constant
and it depends on the tissue where the signal passes through.
We can calculate the average relative permittivity and average
velocity for the path in which the signal is traveling as follows
[16],
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where vavg is the average propagation velocity, NI is the
number of different tissues on the path, εi is the relative
permittivity of ith tissue at desired frequency (the values are
available for various frequencies and different tissues such as
muscle, fat, bone, stomach, intestine and so on [16]) and pi is
the percentage of each tissue on the path. We are able to
calculate the vavg for each path using the equation (3) having
the tissue configuration of the human body acquired
beforehand from an MRI or CT system [16].
Assume that each sensor collects Ns signal samples at
sampling frequency Fs  1/ Ts . Then we have

rl  l Dl s  nl
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where rl [rl (t1 ) , rl (t2 ) , ... , rl (t Ns )]T is the vector
containing Ns samples of the received signal by lth sensor,
s [s(t1 ) , s(t2 ) , ... , s(tNs )]T is Ns samples of the
transmitted signal, nl is the noise vector and Dl is the time
sample shift operator by kl  ( l / Ts ) samples where

(1)

 l  (dl / vavg ,l ) is delay, dl is the distance between emitter and

where s(t ) is the transmitted signal,  l is the signal delay,  l

the lth sensor and vavg ,l is the average velocity on the path from

is the path attenuation, and nl (t ) is the noise.

emitter to the lth sensor derived from (3). We can write
Dl  D kl where D is an N s  N s permutation matrix defined
as [ D]ij  1 if i  j  1 , [ D]0, N 1  1 and [ D]ij  0 otherwise:

In equation (1),  l represents the path loss in addition to a
constant phase shift. The path loss model in dB is given by
[17],

PL(d )  PL(d0 )  10 log10 (d / d0 )  S , d  d0

(2)

where PL(d) is the path loss at distance d, PL(d0) is the path
loss at the reference distance d0, β is the path loss exponent
value and S is a zero mean Gaussian random variable (in dB)
representing the shadowing effect, S ~ N (0, s2 ) [17]. Table I
shows the path loss parameters for the implant to body surface
model [17].
TABLE I. PATH LOSS PARAMETERS: IMPLANT TO BODY SURFACE MODEL
Implant to Body Surface
Deep Tissue
Near Surface

PL(d0) (dB)
47.14
49.81
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σs (dB)
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4.22
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To simplify the notations, we assume that we are interested
in estimating the location of the target in the two-dimensional
(x-y) plane. However, it is easy to expand the localization
problem to the three-dimensional case.
Now, we assign a number  x , y to each one of the grid
points (x,y). Assume that  x , y is one for the grid points

containing an emitter (implant) and zero for the rest of the grid
points. Thus, the signal vector received by lth sensor will be

rl    x , yl , x , y Dl , x , y s  nl ,
x
y
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where Dl , x , y is the time sample shift operator w.r.t sensor l
assuming that the emitter is located in the grid point (x,y) and
the summations are over all grid points in the desired (x,y)
range. Note that Dl , x , y and  l , x , y are known in (5) since the
location of the sensor l and each grid point (x,y) is known and
we are able to find the delay and the path loss from (2) and (3)
for the distance from grid point (x,y) to the sensor l. The
unknown term is  x , y that represents which one of the grid
point contains the emitter (i.e implant beacon). Now, if we
reform all of the grid points in a column vector and re-arrange
the indices, we will have
N

rl    n l ,n Dl ,n s  nl .

(6)

n 1

Now, we define the matrix  n as the delay operator w.r.t
all L sensors:

1,n D1,n  2,n D2,n

n

 L,n DL,n  N LN
s

Then, we can define θn , n  1, 2,

III. SIMULATION RESULTS AND CONCLUSION
We examined the performance of the proposed method
using Monte-Carlo computer simulation with 100 runs each
time. Fig. 1-(a) shows a simple pattern for tumor (or implant)
movement in X direction. Fig. 1-(b) shows the RMS Error for
implant location estimation for the movement pattern in (a). In
this simulation SNR=10dB and we used a sensor array
including 16 sensors to receive an RF signal from one
implanted emitter. We used a BPSK signal with frequency of
405 MHz and the sampling frequency of 100 MHz. The
simulation results show the accurate localization and high
performance of this method (less than 1.5 mm error).
In another simulation, we ran Monte-Carlo algorithm for
various numbers of sensors (4, 8, 12 and 16 sensors with 100
runs each time), in multipath and shadowing conditions for
two different SNRs (0dB and 10dB). In this simulation, the
position of the implant has been chosen randomly. Fig. 2
shows the RMS Error vs. number of sensors for estimating the
location of the target in (x,y) plane. As we see, the results show
that the proposed method has very good performance even for
low SNRs and with small number of sensors.

s
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vector containing all signals received by all L sensors when the
emitter is in grid point n as,

θn

 nT  s

(7)

where (.)T is the matrix transpose. Now, if we arrange all
vectors θn for n:1...N as the columns of a matrix Θ as,

Θ  [θ1 θ2

... θN ]LNs N

,

(a)

(8)

then we have

r  Θ z  n
where
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... rLT ]T LNs 1 is the vector of all L

received signals, z [ 1  2 ...  N ]T N 1 is the sparse vector
of z-values assigned to each grid point and n is the noise.
Now, we can solve our problem by forming the regularized
Basis Pursuit Denoising (BPDN) problem as [18]:
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Fig. 1. (a) A simple pattern for tumor (or implant) movement in X direction,
(b) RMS Error for implant location estimation for the movement pattern in (a).
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