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Abstract. Results of simulation studies on the application of genetic
algorithms (GA) for solving an inverse problem, tomographic reconstruc-
tion, using time-of-flight (TOF) data from ultrasound transmission to-
mography are presented. The TOF data is simulated without taking into
consideration the diffraction effects of ultrasound which is reasonably
valid when the impedance mismatch in the specimen under consideration
is small. The proposed GA based reconstruction algorithm is described
and the results for a number of cases are discussed. The sensitivity of
the proposed algorithm is studied for various GA parameters viz. the
population size, maximum number of generations, crossover probability,
and mutation probability. A time complexity analysis of the proposed
algorithm shows that the reconstruction times and number of unknowns
bears a near quadratic relation enabling the prediction of reconstruction
times when dealing with higher resolutions. The performance of proposed
algorithm to the reconstruction when TOF data is contaminated with
noise is also analyzed and presented. The results obtained are found to
be consistent for a wide range of resolutions, type, size, and shape of
inclusions.
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1 Introduction

Ultrasonic tomography (UT) has been in use for a long period [1] and when
the material of test specimen and inclusions are known to have approximately
uniform characteristics, UT provides an easy and cost effective way of repro-
ducing the shape, size and location of the inclusion. Acoustic wave attenuation
and TOF are two reconstruction parameters which can be used for this purpose.
TOF data without considering ray bending is used in the present work.

Popular reconstruction methods for projection data obtained from UT in-
clude transform methods like convolution back projection (CBP) [7] and series
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expansion methods represented by algebraic reconstruction technique (ART)
[8]. The tomogram obtained gives a gradation of the physical property being
reconstructed over the material-inclusion boundary rather than a clear cut edge.
Further transform methods require complete set of projection data for recon-
struction which may not be available in a number of practical problems and
here lies the motivation for using GA.

GA’s are search and optimization techniques based on the dynamics of natu-
ral selection and genetics. First proposed by John Holland in 1975, GA’s are now
being put to use in a wide range of applications [5]. Their versatility is due to
the fact that they can handle continuous as well as discrete problems in almost
the same way. Also since they work with a population rather than a single ini-
tial point global convergence is most certainly ensured. ART on the other hand,
suffers from the inherent possibility of getting entrapped in a local optimum.

The principles of various tomographic techniques and their fields of appli-
cation are described in [6]. The mathematical basis for transmission computed
tomographic imaging using straight line reconstruction equations is discussed in
[9]. The applicability of GA to ultrasound tomography using simulated TOF is
demonstrated in [2]. Comparative studies on the performance of different recon-
struction algorithms applied to non-destructive evaluation with limited data are
presented in [3]. The present work is an extension to our earlier one [10].

The process of reconstruction consists of two major steps, the first is acqui-
sition of TOF data and the second is using the acquired data to reconstruct the
specimen under consideration. The following sections convey the adopted ap-
proach; in section 2 we explain the simulation procedure adopted for acquiring
TOF data, in section 3 we discuss the GA based reconstruction algorithm devel-
oped, in section 4 we present our results and finally we present our conclusions
in section 5.

2 Simulation of Time-of-Flight Data

To simulate the TOF of ultrasound rays, the specimen under consideration is
represented as a grid of certain integer values corresponding to different mate-
rials. A number of ultrasound sources and detectors are positioned around the
specimen in what is termed as modified cross-hole geometry [4].For any config-
uration, the sources are actuated in sequence one at a time, and from each of
these ultrasound rays travel to each of the detectors, giving us TOF data equal
to the product of the number of sources and the number of detectors. For exam-
ple, considering 6 sources, 6 detectors and 6 configurations we get 216 readings,
which is essentially the input to our reconstruction algorithm. The ray coverage
for this case is shown in Fig. 1(a). The TOF is taken to be the arrival time
corresponding to the first peak of the signal sensed by the detector as shown in
Fig. 1(b). If experimental data is available for these set of sources and detectors,
the same can be used in our study. Else, we simulate the TOF by using the
following procedure.
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Fig. 1. (a) Ray coverage, (b) Ultrasound signal indicating TOF.

The simulation of TOF assumes that the ultrasound rays follow straight paths
from source to the detector. This assumption is reasonable when the impedance
mismatch within the specimen is small. The simulated TOF for a ray originating
from j-th source and terminating at the k-th detector is estimated using equation
(1).

tof(r) =

M∑

m

l
(r)
m (j, k)

vm

(1)

where,

M = Number of cells intercepted by the ray

l
(r)
m (j, k) = Length of ray intercepted by m-th cell along the ray path
vm = Velocity of propagation of ultrasound through the m-th cell

3 Proposed GA based Reconstruction Algorithm

Important steps in the proposed reconstruction algorithm are illustrated with a
flowchart as shown in Fig. 2, we describe these steps here. Specifically, we are
looking for a particular distribution of the inclusion(s) which best agrees with
the simulated data obtained.

To begin with, a population of solutions with random distributions of ma-
terials is created. The initial population members have a coarse grid-size and
are refined during the reconstruction process. The idea is to proceed in steps
towards the final solution of required resolution. The best possible solution with
a relatively coarser initial grid serves as a seed for the next finer grid. The initial
coarse grid is so chosen that its repeated doubling gives a value near, preferably
equal to the final resolution required.Each population member is now evaluated
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for its fitness as defined by equation (2).

φ(i) =

S∑

j=1

D∑

k=1

(GA Pop tof (i)(j, k) − Specimen tof(j, k))2 (2)

Where,
φ(i) = fitness of the i-th population member
S = Number of sources
D = Number of detectors

Fig. 2. Flowchart of the GA based reconstruction algorithm

Next, selection operation is performed to emphasize good population mem-
bers in mating pool, from which child population is created. It is observed that
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tournament selection operator [5] performs better than roulette wheel selection
operator [5].

To create new solutions, crossover operation is performed on the population
members of the mating pool created by selection operation. A block-crossover
operator [10] is employed wherein new solutions (children) are created by swap-
ping corresponding portions of the grid between two mating pool members (par-
ents). The parents from mating pool, the location and the size of portions to be
swapped are picked randomly. Fig. 3 illustrates the block-crossover operation.

Fig. 3. Illustration of block-crossover operation

Next a few randomly chosen children are subjected to mutation operation,
two variations are studied [10]. The first bitwise-mutation, where cells of the
member eligible for mutation are randomly assigned values other than the cur-
rent value in the selected cell. The second termed block-mutation finds the value
that appears most number of times in the selected cell itself and its eight sur-
rounding cells and mutates the values in all nine cells to this value. Bitwise and
block-mutations are illustrated in Fig. 4.

Fig. 4. Illustration of mutation operations

To ensure good solutions propagate through subsequent generations, the chil-
dren population obtained after mutation and the initial population are combined
and the best of these equal to the initial population size, are picked as elites.
After this the initial population is reset with elites and the GA steps repeated
for a certain number of generations. The best member from the elites is reported
as the reconstructed solution.

The resulting solution with a coarse grid is now used to generate a new initial
population with a higher grid size, say double the current grid-size. For this each
cell is divided into four and given the same value as in the parent cell. The next
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step is to freeze cells which would no more be treated as variables. To identify
such cells, each cell is compared with surrounding eight cells. If they all match,
the cell under consideration is frozen. After refinement and freezing, the base-
population member obtained serves as a seed for creating new initial population
of larger grid size. The new initial population is created by randomly assigning
values to the unfrozen cells leaving the frozen cell values unaltered. The GA
procedure is repeated till the required resolution is obtained. The termination
criteria used is the number of generations per step and whether quality of so-
lutions obtained with two successive grid sizes. For larger resolutions estimated
time using equation (3) could also be used.

4 Reconstruction Results

4.1 Reconstructed Images with noise free data

To demonstrate the robustness of the algorithm more than 250 different con-
figurations in terms of material, shape, size, and location of the inclusions with
required resolutions from 6x6 to 64x64 were reconstructed. Reconstruction re-
sults are observed to be fairly consistent for a majority of the cases analyzed.
Some representative results of successful reconstructions are illustrated in Fig. 5.
In each of the figures shown, the left part is the visual display of the specimen to
be reconstructed (used for simulating the TOF data) while the right part is the
reconstructed image. Different colors in these correspond to different materials.

(a) R=10, SGS=10, S=3, D=3, GEN=1000 (b) R=10, SGS=10, S=3, D=3, GEN=1000

(c) R=20, SGS=10, S=7, D=7, GEN=1000 (d) R=40, SGS=10, S=13, D=13, GEN=1500

Fig. 5. Few successful reconstruction results (R: resolution required, SGS: starting grid
size, S: number of sources, D: number of detectors, GEN: generations per step)

From the results obtained, it is observed that a crossover probability of 0.8,
mutation probability of 0.2, number of generations per step of 1000, and a popu-
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lation size equal to three times the resolution required yield consistent results for
different configurations. The minimum number of sources and detectors required
is such that simulated TOF data is roughly 55–65 % of number of unknowns.
Although reconstructing coarser grids required much smaller number of gener-
ations and smaller population size the goal is to estimate a common set of GA
parameters that are robust.

The algorithm failed to capture the exact image in some cases with the
parameter settings described above. This is the case when wave-propagation ve-
locities through the materials considered are very close and when the inclusions
are present at many locations arbitrarily. For such situations the fitness of dif-
ferent population members is very close and the algorithm cannot make definite
decisions in picking up the best population members. However even for these
cases the algorithm shows a trend towards correct solution with some parame-
ter tuning. In Fig. 6 we present a few unsuccessful cases and the corresponding
improved results with parameter tuning.

(a) R=10, SGS=10, S=3, D=3, GEN=1000 (b) R=10, SGS=10, S=3, D=3, GEN=2500

(c) R=40, SGS=10, S=13, D=13, GEN=1000 (d) R=40, SGS=5, S=13, D=13, GEN=1000

Fig. 6. Representative unsuccessful and corresponding improved reconstruction results

4.2 Fitness History

Fig. 7(a) shows how the best fitness and mean fitness values of a population
vary with generation number for the result shown in Fig. 5(d). The high values
of error at the beginning is due to the fact that initially we start with a smaller
grid size (10 in this case) and the TOF data against which the error is evaluated
is that of the final required grid size (40 in this case). Also, it can be observed
that for each of the grid sizes both the best fitness and mean fitness values reach
a peak and decrease rapidly followed by an almost asymptotic decrease in these
values. This means that if we were to start with SGS=R, it would have taken
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much larger number of generations to achieve the desired solution or the solution
would get stuck at a local optima with fewer generations. Also observe that, it is
at every point of refining the grid that, the new population of solutions created
is driving the algorithm towards approaching the desired solution faster

4.3 Reconstruction Time-complexity

A logarithmic plot of number of unknowns versus reconstruction times for noise
free data and the least squares straight line fitted [10] through the data is shown
in Fig. 7(b). The reconstruction times are averages of ten similar runs with a
single inclusion of square shape covering roughly 9–10 % of the specimen area
and located in the centre of the specimen. In each of the runs, a population size
equal to three times the resolution required, number of generations for each of
the steps equal to 1000, a crossover probability of 0.8, and a mutation probability
of 0.2 was used.The regression equation between the number of unknowns (x)
and the reconstruction time (y) is estimated [10] to be

y = 0.009(x)1.8057 (3)

The regression equation (3) is nearly quadratic; using which reconstruction
times for higher resolutions could be estimated and used as termination criteria.

(a)
(b)

Fig. 7. (a) Fitness history for the reconstructed image in Fig. 5 (d), (b) Log-Log plot
of number of unknowns versus reconstruction time (noise free TOF data)

4.4 Reconstructed Images with noisy data

The data from experiments in real world always differs from that simulated under
ideal conditions due to presence of noise. To assess the suitability of the proposed
algorithm to noisy data, the simulated TOF is modified by adding randomly up
to a maximum percentage of noise and is then used as input. Fig. 8(a) shows
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the variation of average root mean square error (RMS) in reconstruction with
respect to the percentage noise level added for two different configurations. The
averages are based on ten runs for each of the maximum percentage noise level.
In Fig. 8(b) and (c), we show the actual and reconstructed images for the GA run
having median performance. It is observed that as the noise level is increased,
the number of times an image is reconstructed with an error increases. For the
case of 1%, 2% and 3% noise level this is only one out of ten runs, whereas for
4% and more this is five to ten out of ten runs.

(a) Variation of average RMS error

(b) 5% Maximum noise level

(c) 6% Maximum noise level

Fig. 8. Reconstruction results with noisy data

5 Conclusions

The proposed algorithm is tested for a wide range of configurations and yields
satisfactory results in numerous simulation runs performed. It is observed that
for a majority of cases, a population size three times the final required grid size
and 1000 generations are suitable for reconstruction.
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A study of the reconstruction times revealed logarithmically linear variation
with number of unknowns, enabling one to estimate the reconstruction times for
larger grid sizes.

A preliminary study on the effect of crossover and mutation probabilities
shows no consistent patterns. However further investigation into the role of these
operators is encouraged. One variation of the mutation operator, block-mutation
is very effective for large grid sizes.

From the studies on reconstructions using noisy data it is observed that the
proposed algorithm gives good results up to a maximum noise of 3% added
randomly to the simulated TOF data for a number of configurations.

As can be realized from Fig. 7(b), the simulation times increase greatly with
the increase in required resolution and hence parallelization of the code becomes
necessary in such cases. Also for the algorithm to be of more practical rele-
vance, consideration of ray bending is recommended. Further progress in these
directions is the author’s future objective.
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