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1 Introduction

Imaging using inverse microwave scattering has the potential to reproduce images with high accuracy, using dielec-
tric properties of the scatterer. This makes it suitable for applications involving scanning for malignant tissues.
Previously, «give literature review»

This report includes the implementation details and further analysis of some previous work such as [1], [2], [3], [4]
and [5]



2 Notation and Framework

RCTR

-
L]
]
L|
i
! |
i
(]
L]

L
|_l
I:”

... .-

|

,.
4
'\‘a

art

¥ -

P Pizel
- Transceiver @ 1 Object of interest

D ; Dormain of inferes
5 : Measuremant Domain

Figure 1: Problem setup [6]

The chief equation governing the scattering problem [7] is as follows:
B = B + [[ 6B 1)
D

where the contrast profile x () is defined as x (') = €(#) — 1, and E. () refers to total electric field at a position 7.
The above equation is valid for all 7, i.e. either for 77 € D or for 7 € S, where S denotes the domain of measurement
points. For purpose of numerical analysis, the imaging domain D is discretized into N square grids, and the
internal fields F, () and contrast x(7) are assumed to be constant over each grid. After a suitable evaluation of
the integrals in (1) and discretization, we get the following matrix vector relations:

reD: dy,=¢e,+GpXd, (2)

where, for the v illumination, d, € CN*! represents the total electric filed inside the scatterer, e, € CV*1 is
the incident electric values, # € CV*! is the dielectric contrast of the object and the matrix X = diag(x), and
Gp € CV*N is a matrix representation of the integral operator in (1) above when 7,7/ € D. Similarly, we get

FeES: s,=GsDyx (3)

where s, € CM*! represents the scattered filed (defined as E, () — EL(7) for ¥ € S), the matrix D, = diag(d,),
and Gg € CM*N ig a matrix representation of the integral operator in (1) above when 7€ S, € D.

With the above framework in place, we can define the inverse problem as thus: Estimate the contrast, x, given
the incident fields e,, and noise corrupted scattered field measurements, i.e. s, + ¢, where ( represents noise.

3 Born Iterative Method

This section describes the pseudo-code for Born iterative method and discusses the result of the algorithm [1] thus

implemented.
The equations used in the development of the algorithm are as described above. Given below are the compact

form of the equations.



3.1 Definitions
3.1.1 Object equation

In a compact form, the forward problem, as given in |7], can be written as:
N
Z Cpqdv(q) = ev(p) with p= 1, 2, oy N (4)
q=1

where

oD R bxplrkaH(? (ka) —2j]  if p=g
pq ]7‘(‘2]{}& XqJ1 (k‘CL)H(()2) k?ppq if p ?é q

3.1.2 Data equation

In a compact form, the inverse problem, for the v** illumination can be written as:

S{w—1)xM+r] = Gsw—1)M+rp] X Diw—1)N4pp] X Xp, P=1.N, r=1.M, v=1.M (5)

where Gty 1)xar-rp) = (5221 (ka) Hy (Kppe)]

3.1.3 Measures of error

e Relative error:

RE — |M| (6)
s
e Contrast error:
CE: HXTCCOTL_XH (7)
x|

3.2 Algorithm

This section defines the algorithm.

Algorithm 1 Born Iterative Method
1: procedure BIM(s,x)

2: dy — ey
3: while Convergence # True do
4:
X < [(GsD)'(GsD) +~117 (GsD)'s
> Inverse problem
5: Update d,, using 4 > Forward problem
6: Update sqq using 5
7: Update relative error (RE) using 6
8: if RE < threshold then
9: Convergence = True
10: else
11: Convergence = False
12: return Xyrecon > Reconstructed contrast

Here, AT denotes the hermitian of A and threshold is empirically chosen.



3.3 Results

Figure 2 and 3 show the reconstruction of a rectangular dielectric of size A\/2 x \/3 with x = 0.1 at frequency =
10Ghz. The forward discretization for the original block was kept atA/30 and inverse discretization as mentioned.
The reconstructed value of contrast for v = 10? was found to be erroneous. Figure 4 shows the reconstruction to
be better (with low relative and contrast error) for a certain set of . Figure 5 shows the variation of relative error
with iterations for the object in figure 1.
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Figure 2: x = 0.1, Discretization = /20, v = 10~*
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Figure 3: x = 0.1, Discretization = \/20, v = 10>
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Figure 5: Variation of Relative error with iterations

Figure 6 shows the reconstruction of a sin-like distribution with parameters taken from [2] (with a maximum
X = 0.8 and radius = 0.5X and frequency = 100Mhz). The forward discretization for the original block was kept
atA/30 and inverse discretization at A/20. Figure 7 shows the variation of relative error with iterations for the
same object.
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Figure 6: Sin-like distribution with y = 0.8 and frequency = 100M hz
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Figure 7: Variation of Relative error with iterations for sin-like distribution

Figures 8 and 9 show the results on using SVD for finding the solution. SVD was calculated for all the
transmitters together and not for each transmitter individually.
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Figure 9: Variation of relative error for the figure 8

Figure 10 shows the variation of contrast error with gamma for its redefined value in 7. This result is limited
to positive and moderately negative power of gamma. The highly negative power of gamma has been omitted i.e
for v = 10712, the contrast error was equal to 4.9 * 10%.
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Figure 10: Variation of contrast error for figure 2 with redefined contrast error

4 Distorted Born Iterative Method(DBIM)

4.1 Definitions

This section describes the basic technique implemented in DBIM. The forward model followed is same as in 4. The
idea behind DBIM is to update every quantity with respect to its previous value instead of the absolute value.
In this regard, at each step, instead of minimising the absolute value of cost function, the problem is modified
to minimize the difference between consecutive contrasts and current error between approximated and measured
scattered field.

4.1.1 Updating Green’s function

In order to accommodate the general Maxwell’s equation with the difference in the fields instead of absolute fields,
the Green’s function need to be updated at each step. The equation for updating Green’s function is as follows:-
Gi(r,r") = G(r,r") +/ k2x(r) G1(r”, 7)Y G(r,7” ) dr” rr” € Q, ' €T (8)

Q

Accordingly, the data equation changes as

Et(r) = /Q E2x () Etot) ("G (r, 7Y dr' 1€ Q, ' €T (9)

r!

which, along with 4 and 8, gives the equation for updating contrast after two successive iterations,

Escat (p) — B30t (r) = / k:g(xiﬂ(r') — Xi(r’))EfOt(r')Gl(r, Yydr' reQ, r el (10)

meas cal

r

4.2 Algorithm

The concerned equations in DBIM can be casted into a compact form following the same procedure as in BIM.
Consequently the following algorithm was implemented.



Algorithm 2 DBIM

1: dy < ey
2:

X < [(GSDU)T(Gst) + 71]_1(GSDU)T5

3: while Convergence # True do

4 Update d,, using 4

5: Update Green’s function(Ghey) using 8
6 Update s using 9

7

0+ [(Gneva)T(Gneva) + ’YI]_l(Gneva)T(S - Scal)
Update contrast as x;+1 = x5 + 0

9: Approximate s, and check relative error(RE) using 6

10: if RE < threshold then

11: Convergence = True

12: else

13: Convergence = False

14: return x > Reconstructed contrast

4.3 Results

The algorithm was tested on the following scatterers of size A/2 x \/3 with a forward discretization of % and that
of the reverse was as mentioned for a contrast of 0.5 and 1.

5 10 15 20 25

Figure 11: Original object

2 4 6 8 10 12 2 4 6 8 10 12 14 16 18

Figure 12: x = 0.5, Discretization = A/10 Figure 13: x = 0.5, Discretization = \/15
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2 4 6 8 10 12 2 4 6 8 10 12 14 16 18

Figure 14: x = 1, Discretization = A/10 Figure 15: x = 1, Discretization = /15

Simulations were also run to test the dependence of reconstruction on regularization factor ~.
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Figure 16: x = 0.5, Discretization = \/10
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Figure 17: x = 0.5, Discretization = \/15
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Figure 18: x = 1, Discretization = \/10
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Figure 19: x = 1, Discretization = \/15

5 Subspace Optimization
5.1 Definitions
This section analyses the matrix properties of G5 from 3, and w,,, where
Wy = T xdy (11)
and * implies element wise multiplication. Thus G can also be written as
Gsw, = s, (12)

An attempt was made to separate out the null space and the signal space (which is deterministic), in order to
reduce both the computational cost and non-uniqueness of the inverse problem. The parameters and the error
measures are defined as follows :-

Ni

. 100 [|wy — ws, ||
Effective Nullspace Component = — X - % 13
pace Comp N2 (13)
Ni

. 100 l|ws, ||
Signal space Component = — X v 14
gnal sp p N ; Tl (14)

N1

) 100 ‘Svtrue — 5y approx H

Error in s = N X ; HSv true” % (15)

true

where, signal space of w, is ws, = w, — wy,, Nt is the number of transmitters, s, is the measured scattered

field and s, ?PP™* is the calculated scattered field from the reconstructed profile.
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Following 12 and the SVD of G, Gs =U > V,
we can define the signal space of contrast source w, as,

L H

u;" s
w, =y L (16)

o
j=1 7

using the first L singular values of G5. Besides, using definition of SVD, we can write
L
W, = Z ijwvvj (17)
j=1

where v; and u; are 4% columns of U and V and oj is the 4% diagonal element of 3.

5.2 Results

Figure 11 - 17 show results for the noiseless data and 18 - 21 show those for the noisy data.
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Figure 20: Effective Nullspace component from ‘s’ as a function of increasing contrast is shown, at different
discretization levels. It is observed that Effective Nullspace components increases with increase in contrast and
discretization (But not very much sensitive for sufficiently large(= 16) discretization. Top 32 singular components
of Gs.

14



100 i —

—_ +nx=16 |
o
2\/ —o—nx=20 -
v nX=30
;H +nx=40 |
E +nx=50 =
(@)
b= n =60 ||
8 +nx=70
2 ~n =80 -
2 ~n =100
-]
=
55 7:2&21 ‘ ‘ | |
0 1 2 3 4 5

Contrast

Figure 21: Effective Nullspace component from true ‘w;’ as a function of increasing contrast is shown, at different
discretization levels. It is observed that Effective Nullspace components increases with increase in contrast and dis-
cretization (But not very much sensitive for sufficiently large(= 16) discretization. Effective Nullspace components
from true ‘w;’ and ‘s’ are same. Top 32 singular components of G.
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Figure 22: Signalspace component from ‘s’ as a function of increasing contrast is shown, at different discretization
levels. It is observed that signalspace components decreases with increase in contrast and discretization.Top 32
singular components of Gj.
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Figure 23: Signalspace component from true ‘w;’ as a function of increasing contrast is shown, at different dis-
cretization levels. It is observed that signalspace components decreases with increase in contrast and discretization.
Top 32 singular components of Gj.
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Figure 24: Error in s at n, discretization with respect to s at very high discretization. It is high for lower
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observed that the row space is not sensitive to the value of L after a certain value (18).
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5.3 Conclusion

It is established that the signal space information stored in the contrast source w decreases exponentially with
the contrast and stays almost constant with discretization. Moreover, the number of singular values used for
determining the signal space, as can be seen from figure 17, need not be higher than a certain number for a
specified contrast, as the values tend to diminish sharply.

6 Edge detection
6.1 DUC

This section will give a concise introduction to the previous attempt on adaptive mesh transformation. For more
details, the reader is directed to [6]. DUC is an iterative procedure of dividing and uniting coarse pixels based on
the information given by the gradient at fine pixels. The important aspects are as follows :-

1. T-matrix: The clustering of pixels is guided by the transformation of the T-matrix at each iteration. T-
matrix acts on the contrast vector z to define the clustering of pixels into super-pixels T at every iteration.
The evolution of the T-matrix is further guided by the gradient of the cost function and the heuristically
determined thresholds.

2. Division: The breakdown of each super-pixel in the coarse mesh, X, is determined by the gradient of cost
function, J at each z; € x* | such that

Vxd = (GsD,) (G Dyx* — s,) (18)

where AT and A* imply conjugate transpose and conjugate of A, respectively.
Now, each xz(-n), where n is the index of the super-pixel k, to which it belongs, is considered for separation

from its super-pixel based on predetermined thresholds.

3. Unification: After reconstruction, the effective domain under investigation is further reduced by merging
super-pixels in the coarse mesh according to their reconstructed values using Algebraic Reconstruction Tech-
nique [8]. A pair of super-pixel is considered for unification if the difference between the reconstructed values
is less than a pre-defined threshold.

6.2 Detecting edges

A picture of the gradient of the cost function with respect to fine pixels have been observed to have edges at
disapproving values of contrast as can be seen in figure 24.

Figure 31: Original Object

Figure 32: Initialization contrast= 0
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Figure 33: Gradient at the initialization step for all Figure 34: Edge detected in the gradient using Canny
contrast= 0 edge detection technique

Based on the above observation, that the true value of contrast at fine pixels would enforce a low and uniform
gradient (as in figure 26), the gradient can be exploited to iteratively zoom inside the convex hull detected at each
step. This procedure attempts to reconstruct the support of the scatterer assuming the contrast value is known.
As of now, the number of contrasts are limited to 2; as the work proceeds, the algorithm can be extended to recover
the support for multiple contrasts.

Figure 35: Gradient of cost function for true contrast

6.3 Variation of performance with different edge detection techniques

The performance of the algorithm depends heavily on the performance of the edge detecting algorithm. To ensure
accuracy about and uniformity in the edge detecting criterion across iteration, 3 broad criteria were tried out for
the first two consecutive iterations.
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1. Canny:

Figure 36: Gradient at step 1 Figure 37: Edge detected by Canny’s algorithm at
step 1

Figure 38: Gradient at step 2 using Canny detected Figure 39: Edge detected by Canny’s algorithm at
boundary step 1

Figure 40: Union of the edges detected in consecutive iterations by Canny
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2. Laplacian of Gaussian:

Figure 41: Gradient at step 1 Figure 42: Edge detected by considering the zero
crossings of the Laplacian of Gradient(LoG) picture
at step 1
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Figure 43: Gradient at step 2 using LoG detected Figure 44: KEdge detected by considering the zero
boundary crossings of the laplacian of the gradient picture at
step 2

Figure 45: Union of the edges detected in consecutive iterations by LoG
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3. First order (Sobel):

Figure 46: Gradient at step 1 ) L
Figure 47: Edge detected by first order derivatives of

the gradient picture at step 1

Figure 48: Gradient at step 2 using Sobel detected Figure 49: Edge detected by first order derivatives of
boundary the gradient picture at step 2

Figure 50: Union of the edges detected in consecutive iterations by Sobel

6.4 Conclusion and Future work

Results of LoG is seen to be the best approximate of the scatterer as of yet. Further, the edge linking technique
given here was tried out without success. The reason for this was guessed as the absence of conventional edges.
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Further, better edge detecting techniques present in the literature (as reviewed so far), such as [9] and [10] which
can be implemented so as to eliminate the need of edge linking altogether.

7 Level set method

7.1 Introduction

Level-set based methods have previously been used in microwave imaging for multimaterial recovery, as in [5]. But
the algorithm presented assumes a discrete variation of contrasts which is not very pragmatic. The current report
is an attempt at modelling the continuous variation of contrasts and extending the aforementioned algorithms for
the recovery of the same. We assume the value of contrast is known. The idea is to represent the variation of

contrasts using a sigmoid function instead of a unit step function.

7.2 Extension of the level set formulation to continuous distribution of contrast

The idea is to use a logistic sigmoid function,

()= {7 o (19)

to approximate the Heaviside function,

u(t):{l if t<0 (20)

0 ift>1

1N

(g

O,
o ....O---

=

Figure 51: Approximating the Heaviside function with the logistic sigmoid with a = 1 and k& = 25

As mentioned in [11] and [12], the heaviside function can be approximated with the logistic sigmoid function with
a controllable error, d as a function of k in s(¢). Drawing as in [12| and with notations defined in [5], validation of

the function as suitable for material recovery has been worked out.
7.3 The one with two contrasts

According to the current idea, the contrast can be represented as,

X(r') = xis(8(r")) + xe (1 — s((r)))
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The cost function

is defined as

J =8y — Gstl'Hg

This cost function is minimized as the level-set function evolves over time as

0 oJ
L(¢)= 5, = ~%
The right hand side above can be expressed as
0J 9Jox
9 x99
From 22, we have
O (GsD)(GsDux ~ s2)]
8X v v v
From 21, we have
ox k
% = (xi — Xe)m
Thus from 25 and 26, we see that the convergence rate of the cost function, defined as
oJ  0J,
=G5

depending on the value of k, might actually be higher than that in case of Heaviside function.

7.4 The one with multiple contrasts

For multiple contrasts, a sum of scaled and shifted sigmoid functions can be defined

N
s(lasg) =Y wis(¢ — 1)
i=1

(22)

(23)

(28)

So the contrasts can be expressed for multiple level-set functions, with each sigmoid giving a high response on

multiple intervals,

as done in [5]

N N1
X =" xi[[s(05 21 & 65 <liji)
=1 j=1

(29)

where N is the number of intervals a sigmoid needs to be active for and Nj is the number of level set functions.
Working out for a 3 material case, we have N1 = 2 and N(;) = N(g) = 2,

X)) =x18(¢p1 > —0 & ¢ <0)s(¢g > —00 & ¢ <0)

x(r') =x1(1 -

+x25(p1 > —00 & @1 <0)s(p2 >0 & ¢ < 00)
+x35(01 >0 & ¢1 <00)s(p2>—00 & ¢ <0)
+xa5(p1 >0 & @1 <00)s(p2>0 & ¢2 < o0)

1 . 1
1+e,k¢1)( - 1+e,k¢2)
1 1
el - ) )
1 1
+X3(1+6_k¢1)(1_ 1—|—€_k¢2)

+ x4(

26

1

1

1+ e ko

)

1+ e ko2

)

(30)

(31)



x3 and x4 can be put as equals.

That gives

ox k

5 m{(xg) —x1)8(=02) + (xa — x2)s(¢2) } (32)
and

ox k

96, = [T e L0 = x1)s(=61) + (s — xa)s(61)) (33)
Thus ensuring convergence of the method.

2 -] 0

Figure 52: 3 different contrasts modeled with the Sigmoid function. The transition, to be noted, is smooth, unlike
that in the case of Heaviside. Here, x1 = 0.5, x2=1, x3=15, k=20 & [=1

7.5 Algorithm

This section explains the algorithm. The definitions used in the algorithm have been borrowed from [1] and [5].
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Algorithm 3 Born Iterative Method using level-set evolution

1: procedure BIM(s,, x)

2 dy, < ey

3 while Convergenceyyter # True do

4: Update x using level-set solver

5: Cost functiongg = Cost function

6 Initialize level-set function ¢

7 while Convergenceinner # True do
8

9

Solve the level-set equation: % = —g—é > Refer to 24
: Update level-set function: ¢pew = doid + %
10: Update values of contrast: x = f(dnew)
11: Update cost function.
12: if Cost function — Cost function,g < tolerance then
13: Convergenceipner = True
14: else
15: Convergenceipner = False
16: Update d, > Forward Problem
17: Update Cost function
18: if Costfunction < threshold then
19: Convergencegyter = True
20: else
21: Convergencegyter = False
22: return Yecon > Reconstructed contrast

7.6 Results
7.6.1 With ¢;,;1is as a radial function of the grid

1

0.8
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0.4

0.2

0
10 20 30 40

Figure 53: Original Scatterer Figure 54: Initial level set function

Initial phi

gradf at inneriterl gradf at inneriter2
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Figure 55: Gradient at first iteration of level set Figure 56: Gradient at second iteration of level set
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ohi at inneriterl ohi at inneriter2
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Figure 57: Evolution of phi at first level set iteration  Figure 58: Evolution of phi at second level set iteration

phi at inneriterl phi at inneriter2
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Figure 59: Phi at first level set iteration Figure 60: Phi at second level set iteration
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Figure 61: Chi at first level set iteration with ¢f = Figure 62: Chi at second level set iteration with cf =
699175.16 282.36
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final chi
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0.002

Figure 63: Final reconstruction with cf = 282.36

The reconstructions were also tried out with ¢;,;tq1 as a zero on the grid. Results were hardly any better than the
previous case and hence are not presented here.

A new level-set algorithm was implemented following the idea presented in [13|. The algorithm is followed by a
concise description of the method.

1. An initial domain D is defined (as shown in 64) on which the contrast, x is defined as

Xint if xeD
x(z) = .
Xeawt ifx¢ D

D is related to level set function ¢ as D = {z|¢(x) < 0}, so that x is related to ¢ as

Xint VT :p(x) <0
x(z) = { Xint VO 0) (34)
Xext V.’L‘ : ¢($) > 0
such that for x = Xint, Scal = S-

2. The level set equation is to be solved as follows
¢ Ox
e e 35
at "V =0 (35)

3. As can be seen from 65, it is assumed that every point on the boundary moves perpendicular to the surface
with some magnitude V (which will assume definition later in the process), such that

Oz Vo
— =V(z,t). —— 36
So, on the boundary, 35 takes the form
0
S = (ont = Xext)V (1) (37)
4. As evolution begins, boundary of the domain (and consequently the domain) changes as
dD(t) = {x : ¢(x,t) =0}
5. Let 4 be the mapping from the forward model to the data. Then the cost function can be defined as
J00 = l1a(x) — 4113 (38)
Thus, the derivative of the cost function becomes
0J 04 Ox
— =< —.(Alx) —g), = > 39
5 =< a0 -9, 5 (39)
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6. Thus, from 37 and 39, we can write the rate of change of cost function as,

] 04
é%=iADWMf—xwavm>0X<ﬂu>—m} (40)

Thus, to ensure convergence of the procedure, a possible definition of V(x,t) could be,

04

Vint) = 500 g, (41)

Uezt

Figure 64: Domain of interest Figure 65: Variation of contrast with level set function
at first iteration of level set

The implementation of the procedure outlined above has two drawbacks.

1. The entire procedure works only if [V¢| = 1 or, implicitly, if ¢(x) is maintained as a signed distance function
from the evolving boundary at all times.

2. All the expressions above have been defined for only the points at boundary.

Therefore, to alleviate these drawbacks, the implementation adopts a few special techniques namely evolving
on the narrow band as in [14], extension of quantities (from a point where they’re defined to points where they’re
not mathematically defined) as in [15] and reinitialization of ¢ as a signed distance function. As in [16], it can be
casted as a regularization term in the expression for velocity in 41.

So, the potential function, R,(¢) = [ p(|V¢|)dz , is such chosen that |[V¢| = 1 is maintained, where

F(s—1)? ifs<1
p(s) = 1 - ) Following the argument that led to 41, the complete expression for velocity
W(l —cos(2ms)) ifs>1

of the points on the boundary can be given as

¢ 9] ORy(¢) P'(IVel) /

= 4. = M. w4 — SR Gst Gst — Sv int — Xex 42
As this velocity is defined only on the boundary, extending V off the surface of ¢ should be such that VF.V¢ =0
in order to ensure that ¢ remains a signed distance function. Following [14], V is allowed to be constant along
normal to ¢(t). Mathematically, V must satisfy

ov Vo .
5+ S(@va =0 (43)
1 ifp<0
where S(¢) =<0 if¢p=0
1 ifg>1

The final algorithm is presented below. For numerical approximation, as in [5|, central difference scheme is
adopted for approximating spatial derivatives and forward difference scheme for temporal derivatives.
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Algorithm 4 Born approximation using level-set evolution

1: Initialize y =0 and d, = e,
2: while not convergence do

3: Update gradient of cost function using 18
4: procedure LEVEL SET EVOLUTION(Gradient, Initial ¢)
5 Initialise
b0 = {0 if (b(.)undary pixel) ' (44)
—1 x (distance from the boundary) otherwise
6: while not convergence do
7: Calculate velocity according to 42 Vz : ¢(x) =0
8: Define a narrow tube, T'= {z : ¢(x) < v}
9: Extend velocity from step 2 Va € T using 43
10: Fix values of ¢ at the inner and outer boundary of T
11: Update the value of ¢ Va € T using 42 and the value calculated in step 4
12: Assign the value of contrast as y = = Xint 1 ¢ <0
= Xeat if ¢ >0
13: Update J using 22
14: if J<tolerance then
15: Convergence = 1
16: else
17: Convergence = 0
18: Update d, using [7]
19: Update J using 22
20: if J<tolerance then
21: Convergence = 1
22: else
23: Convergence = 0
7.7 Results
phi at Oit.erati‘on ) o phi aF lof mainiter_ and.5 ofilsmi_tero
2 1-0.2 2 | -0.2
. -0.4 . -0.4
8 oe 8 o
10 -0.8 10 -0.8
12 * 12 *
14 -1.2 14 12
Figure 66: Initial level set function Figure 67: Level set function after 5 iterations of level
set
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Figure 68: Narrow tube at first level set iteration Figure 69: Inner boundary of the said tube

8

Conclusion and future work

As can be seen from 66 and 67, the level set algorithm works but still needs to be perfected as the shape of the
boundary needs to change over iterations. Secondly, the method needs to be extended to more than scatterers.
Further, the scatterers need to be modelled using sigmoid function instead of unit step function as it has been
shown to give a higher convergence rate. Besides, the information exploited by detecting the edge on the gradient
picture needs to be casted in the form of a regularizing term and convergence is to be shown mathematically.
Finally, a hybrid of multimaterial level set using sigmoid and subspace optimization technique is expected to have
a superior throughput in terms of computational cost as well as an accurate reconstruction.
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