L T

/

1\

=y

CrossMark
& click for updates

Shape recognition and classification in electro-sensing
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This paper aims at advancing the field of electro-sensing. It
exhibits physical mechanisms underlying shape perception for
weakly electric fish. These fish orient themselves at night in
complete darkness by using their active electrolocation system.
They generate a stable, relatively high-frequency, weak electric
field and perceive the transdermal potential modulations caused
by a nearby target with different electromagnetic properties than
the surrounding water. The main result of this paper is a scheme
that explains how weakly electric fish might identify and classify
a target, knowing in advance that the latter belongs to a certain
collection of shapes. The scheme is designed to recognize living
biological organisms. It exploits the frequency dependence of the
electromagnetic properties of living organisms, which comes from
the capacitive effects generated by the cell membrane structure.
When measurements are taken at multiple frequencies, the fish
might use the spectral content of the perceived transdermal
potential modulations to classify the living target.

inverse conductivity problem | polarization tensor | shape classification

In the turbid rivers of Africa and South America, some species
of fish generate a stable, relatively high-frequency (0.1-10
kHz), weakly electric (<100 mV/cm) field that is not enough for
defense against predators. In 1958, Lissmann and Machin (1)
discovered that the emitted electrical signal is in fact used for
active electro-sensing. The weakly electric fish have thousands of
receptors at the surface of their skins. A nearby target with dif-
ferent admittivity than the surrounding water perturbs the trans-
dermal potential induced by the electric organ discharge (2, 3).
Targets with large permittivity cause appreciable phase shifts,
which can be measured by receptors called T-type units (4). It is an
important input for the fish, and thus it will be the central point in
this paper for shape classification.

Active electro-sensing has driven an increasing number of
experimental, behavioral, biological, and computational studies
since Lissmann and Machin’s work (5-12). Behavioral experi-
ments have shown that weakly electric fish are able to locate
a target (12) and discriminate between targets with different
shapes (13) or/and electric parameters (conductivity and per-
mittivity) (14). The growing interest in electro-sensing could be
explained not only by the curiosity of discovering a sixth sense,
electric perception, that is not accessible by our own senses, but
also by potential bio-inspired applications in underwater robot-
ics. It is challenging to equip robots with electric perception and
provide them, by mimicking weakly electric fish, with imaging
and classification capabilities in dark or turbid environments

14-20).
( Mat})lematically speaking, the problem is to locate the target
and identify its shape and material parameters given the current
distribution over the skin. Due to the fundamental ill-posedness
of this imaging problem, it is very intriguing to see how much
information weakly electric fish are able to recover. The electric
field perturbation due to the target is a complicated highly
nonlinear function of its shape, admittivity, and distance from
the fish. Thus, understanding analytically this electric sensing is
likely to give us insight in this regard (5-7, 9, 13, 18, 21). Al-
though locating targets from the electric field perturbations in-
duced on the skin of the fish is now understood (17, 22),
identifying and classifying their shapes are considered to be some
of the most challenging problems in electro-sensing. Although
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the neuroethology of these fish has been significantly advanced
recently (see ref. 23 and references therein), the neural mecha-
nisms encoding the shape of a target are far beyond the scope of
our study. Rather, this work focuses on the physical feasibility of
such a process, which was not explained before.

In ref. 22, a rigorous model for the electro-location of a target
around the fish was derived. Using the fact that the electric
current produced by the electric organ is time harmonic with
a known fundamental frequency, a space-frequency location
search algorithm was introduced. Its robustness with respect to
measurement noise and its sensitivity with respect to the number
of frequencies, the number of sensors, and the distance to the
target were illustrated. In the case of disk- and ellipse-shaped
targets, the conductivity, the permittivity, and the size of the
targets can be reconstructed separately from multifrequency
measurements. Such measurements have been used successfully
in transadmittance scanners of breast tumors (24-26).

The main result of this paper is the presentation and analysis
of a scheme that allows to recognize and classify targets from
multifrequency measurements of the electric field perturbations
induced by the targets. To explain how the shape information is
encoded in measured data, we distinguish two cases: recognition
of nonbiological targets and recognition of living organisms.
Most of the nonbiological objects have very low permittivities,
and therefore, their electromagnetic parameters are frequency
independent. Living targets have frequency-dependent electro-
magnetic parameters because their cell membrane structures
induce capacitive effects (27), and therefore it is possible to
exploit the spectral content of the data. We will mostly focus our
attention on the second situation, but we first explain the strategy
for the first one. Our model in this paper of the weakly electric
fish relies on differential imaging, i.e., by forming an image from
the perturbations of the field due to the target. The method is
based on the multipole expansion for the perturbations of the
electric field induced by a nearby target in terms of the charac-
teristic size of the target. The asymptotic expansion derived in
refs. 22 and 28 generalizes Rasnow’s equation (29) in two
directions: (i) it is a higher-order approximation of the effect of
a nearby target, and it is valid for an arbitrary shape and
admittivity contrast; and (i) it also takes into account the body
of the fish. As was first shown in ref. 22, one can reduce the
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Fig. 1. Geometric setup without (A) and with (B) a target. The ellipse is the
fish body Q. The blue domain in B is the target D.

multipole formula to the one in free space, i.e., without the fish.
In this paper we show how to identify and classify a target,
knowing in advance that the latter belongs to a dictionary of
precomputed shapes. The shapes considered in this paper have
been experimentally tested, and the results are reported in ref.
30. This idea comes naturally in mind when modeling behavioral
experiments such as in refs. 12-14. The precomputed shapes
would then be a model for the memory of the fish (trained to
recognize specific shapes), and the experience of recognition
discussed here would simulate the discrimination exercises that
are then carried out by them. We developed two algorithms for
shape classification: the first one is based on shape descriptors
for nonbiological targets and the second one is based on spectral-
induced polarizations that can be used to image living biological
targets. In the first one, we first extract, from the data, gener-
alized (or high-order) polarization tensors of the target (GPTs)
(28). These tensors, first introduced in ref. 31, are intrinsic
geometric quantities and constitute the right class of features to
represent the target shapes (32, 33). The shape features are
encoded in the polarization tensors. The extraction of the GPTs
can be achieved by a least-squares method. The noise level in the
reconstructed GPTs depends on the angle of view. The larger the
angle of view, the more stable the reconstruction. Then we com-
pute from the extracted features invariants under rigid motions
and scaling. Comparing these invariants with those in a dictionary
of precomputed shapes, we can successfully classify the non-
biological target. For living biological targets, because the mea-
surements are taken at multiple frequencies, we make use of the
spectral content of the data to improve considerably the stability
with respect to measurement noise of the physics-based classifi-
cation procedure. In fact, we show that the first-order polarization
tensors at multiple frequencies are sufficient for the purpose of
classification of living biological targets. This result is described in
detail in the following sections.

Feature Extraction from Induced Current Measurements

Electro-Sensing Model. Let us recall the model of electro-sensing:
the body of the fish is Q, an open bounded set in R d =2, 3 with
smooth boundary, and with outward normal unit vector denoted
by v (Fig. 14). The electric organ is a time-harmonic dipole f(x)
exp(iot) inside Q or a sum of point sources inside Q satisfying the
charge neutrality condition, where w is the operating frequency.
The skin of the fish is very thin and highly resistive. Its effective

B

thickness, that is, the skin thickness times the contrast between
the water and the skin conductivities, is denoted by &, and it is of
the order of 1/10th of the fish size (5). We assume that the
permittivity gy of the background medium is vanishing, and we
denote by o its conductivity. We consider a target D =z + B,
where z is its location, and B is a smooth bounded domain
containing the origin (Fig. 1B). We assume that D is of complex
admittivity k = 6 + iew, with w being the operating frequency and
o and ¢ being, respectively, the conductivity and the permittivity
of the target.

It has been shown in ref. 22 that, in the presence of D, the
electric potential generated by the fish is of the form u(x)
exp(imt) where u is the solution of the following equations:

V-ooVu=f in Q
V- [o0 + (k—60)xp]Vu=0 in RAQ,

together with the boundary conditions

Ju

— 0Q2
> on 0Q,

+

ou
+_u|—=§_

=0, ul ov

and the behavior at infinity

)| =0 (™) | = oo.

Here, yp is the characteristic function of D, d/dv is the normal
derivative, and |, denotes the limits from, respectively, outside
and inside Q. Fig. 2 shows isopotentials with and without a target
with zero permittivity but different conductivity from the sur-
rounding medium. In this figure, ¢ = 0 so that the potential is
a real field that does not depend on the operating frequency. In
the same configuration, Fig. 3 shows contour lines of the poten-
tial perturbation, which is the difference of the potentials ob-
tained with and without the target plotted in Fig. 2 B and A,
respectively. One can clearly see that the potential within the fish
is not affected by the target. Indeed the potential inside the body
of the fish Q is the solution to the interior problem with Neu-
mann boundary conditions at 0Q, and therefore it does not de-
pend on the target. The potential outside the body is affected by
the target, and the target seems to play the role of a dipole for
the potential perturbation (Fig. 3). This observation will be clar-
ified in the forthcoming asymptotic analysis. In practice, the
receptors at the surface of the skin of the fish perceive the trans-
dermal potential, that is, the jump of the potential u|, — u|_.
Because the potential at the interior of the body of the fish is not
affected by the target, the perturbation of the transdermal po-
tential is equal to the potential perturbation at the exterior sur-
face of the skin. In the following, we will study the latter. It is also
worth emphasizing that if the admittivity k£ of the target depends
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Fig. 2. The isopotentials without (A) and with (B)
a target. The ellipse is the fish body Q. The disk in B
-10 is the target D. The source is a dipole inside Q. Here,
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Fig. 3. The contour lines of the potential perturbation, that is, the differ-
ence between the potentials with and without of the target. It is the same
configuration as in Fig. 2. The potential perturbation is zero inside the fish.
The potential perturbation at the exterior surface of the fish is not zero and
contains information about the target.

on the frequency (i.e., if the permittivity ¢ is nonzero), then
a phase shift in the potential is induced, that is, u is complex-
valued and depends on the frequency.

Asymptotic Formalism. The first step is to compute the polariza-
tion tensors from the measurements. In this regard, the next
asymptotic result will be useful. Except when mentioned, we will
fix in this section the frequency w, leading to a fixed complex
adm1tt1v1ty k. Let G(x) be the Green function of the Laplacian in
R?, which satisfies AG = & (where 6 is the Dirac function at the
orlgln) and is given by

iln|x|, d=2

1 1
T

Gx)=

We denote the single and double layer potentials of a function
¢ € L*(0Q) as Sq[¢] and Dq[¢], where

Salp)(x /Gx y)p(y)do(y), xeR?, (1]

and

Dolg](x):= / i—G(x—y)¢@)da@), reRNQ.  [2]

We also define the Neumann-Poincaré operator K¢ by

oG

ot (= P0o),

Kaldl(x) = / x€0Q, [3]

0Q

for ¢ € L*(0Q). We assume that the target is away from the fish,
i.e., the distance between the fish and the target is much larger
than the characteristic size of the target but smaller than the
range of the electrolocation, which does not exceed two fish body
lengths. The following dipole expansion for the potential at the
exterior surface of the skin of the fish holds when the volume of
the target becomes small.
Proposition 1. Let the source f be a dipole of moment py € R?

placed at zy. Let the function H: RY — C be defined by
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1 ou
Hx)=—po-VGx—2z0)+ (Sq—£Dg) {— }(x) [4]
o) ov +
Then the following approximation holds
Z 0.,H (2)M (2, B)0.,G(z —x), [5]

a,p=1

uniformly for x € 0Q, where z is the location of the target D and

Maop(3,B) = / (AT = 1) el O ypdo),

oB

is the first-order polarization tensor (PT) associated with domain B and
the contrast 1 = (k + 69)/[2(k — 60)] (33). Here, K is the Neumann-
Poincaré operator associated with B and T is the identity operator.
Let us make a few remarks. First, the definition of the PT still
holds for complex-valued A. However, some properties are lost by
this change; thus, one has to study them more carefully in this
situation. Second, the function H, which is computed from the
boundary measurements, still depends on the target, but this is not
important for our present study. Indeed, Eq. 5 could have been
derived with U, the background solution in the absence of the tar-
get, instead of H and Gg__the Green function associated to Robin
conditions on 0Q__instead of G, but it is much easier to compute
0.,H(z) and 9.,G(z—x) once z is known. This discussion leads us
to the third remark: the location z is supposed to be known from the
algorithm developed in ref. 22. Electrolocation algorithms are based
on a space-frequency approach in the case of multifrequency
measurements (or on the fish movement if only one frequency is
used) (17, 22). The fourth remark follows from the scaling relation

Mos(2,6B) = 8"M5(2, B),

which shows that, in the context of a small volume 6 < 1, the
first-order correction in Eq. 5 is of the order of &7, whereas the
rest is of order 57+!.

Data Acquisition. Let us suppose that the fish is moving, and let us
take a sample of § € N* different positions (), <<s. For a fixed
frequency, this gives us 2§ different functions, (u,);<<s and
(Hs)1<s<s, leading us to the following data matrix:

Q:=(0v)1<5<5.1<r<r>
er:=H(“) us(xﬁs)), 1<s<S, 1<r<R,

r

[6]

where (xﬁs)e 08y),.,.g are the receptors of the fish being in the

sth position. The choices of indices are motivated by the fact that

1 1 0.5 1
0.5 / \ 0.5 /\ 0.5
—0.5\\ / -0.5 / \ -0.5
-1 -1 -0.5 -1
-1 0 1 0 1 -05 0 05 -1 0 1
1
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Fig. 4. The eight elements of the dictionary. The first seven element have
parameters ¢ = 2 and & = 1. The eighth element (with dashed lines) indicates
a target with different electrical parameters ¢ =5 and ¢ = 2.
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Fig. 5. Two different kinds of experiences involve (Upper) a twisted-ellipse shape or (Lower) a straight ellipse shape. The real part of the electric field is
plotted for 3 of 20 positions that the fish takes around the target (placed at the origin).

the different positions play the role of sources. From Eq. 5,
one has

Z 0o, Hy (2)Myp (A, B)azﬂG(z —x55>), 7]
a,p=1

uptoa small error, and we can therefore extract the PT M(4, B):=

M2, B)} =1 by a standard least-squares procedure (28).

In the ciise of rnultlfrequency measurements (@1, . ., @F), We
can reconstruct (M )1<f<F from (Q )1<r<r analogously.

It is worth mentioning that the locatlon of the target detected
by the fish may be different from the true one due to error in the
electrolocation procedure. Moreover, the target may be rotated,
and hence, the reconstructed PTs correspond to a translated,
scaled, and rotated target B. To recognize the shape B, it is
therefore fundamental for the recognition procedure to have size
invariance, rotational invariance, and translational invariance.
The schemes that we introduce below have these desirable prop-
erties, which makes them robust with respect to the electrolocation
procedure in particular.

Recognition and Classification

We focus on the first-order polarlzatlon tensors in the case d = 2,
that is, the 2 x 2 complex matrix M?(D) associated with the
target D and frequency wy

1

o+00+iwre "

M) (D)= / {WI —Kp| el y)ypdoly),
oD

forf=1,...,F,a, p=1,2. We will show that they are sufficient to
identify efficiently the targets provided that their electrical per-
mittivity is not small at low frequencies. Such an imaging ap-
proach exploits the capacitive effect induced by cell membranes
and is called capacitive imaging.

Ammari et al.

We use the spectral dependence of the first-order PTs for
recognition. We have the following properties (33).

Proposition 2. For any scaling parameter 5 > 0, rotation angle
0 € R, and translation vector z € R, let us denote

D=z+6RyB:={z+6Rpu, u€eB},
where
cos@ —sin@
Ro:= ( sinf cosé )7
is the rotation matrix of angle 0. Then
M) (D) = 8RyM) (B)RY . [8]

Hence, if we denote by ‘riﬁ (D) and r;f ) (D) the singular values of
MO(D), we obtain 7} (D) =5/ (B).j=1,2.
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Fig. 6. Stability of classification based on differences between all singular
values of PTs, when the fish is a twisted ellipse. The characteristic size of the
target is supposed to be known.
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Fig. 7. Same as in Fig. 6 when the fish is a straight ellipse.

This proposition gives an idea for two algorithms:

i) The first one, matching the singular values of all the first-
order PTs (M") 1<r<F» Would be dependent of the character-
istic scale & of the targets in the dictionary; and

ii) The second one, independent of the scale of the target,
would match the following quantities:

)
w =" forj=1,2 and f=1,... . F-1. [9]

g

Some comments are in order. First, the reason why we consider
the first one, even if it is scale dependent, is because it is far more
stable. Also, in some biological experiments, two targets of
different scales are considered as different (13). A question
raised was “how is it possible to discriminate between a nearby
small target and an extended one situated far away?” With the
second algorithm, we have an answer. The last remark concerns
Eq. 9. We could have also considered other scale-independent
ratios, such as

) )
o O F

) F_(f
{7 T
but because 7. happens to be the largest one (the frequencies
are sorted in increasing order), it is more stable to consider Eq. 9.
It is worth mentioning that if there exists an integer p > 2 such

that R,,,,D = D, then M(f)(D) is isotropic.

Numerical lllustrations

In this section, we illustrate the performance of the algorithms
developed in the previous section. When, at multiple frequencies,
the first-order polarization tensors are used, we arrive at a very
robust and efficient classification procedure from spectral data.

Setup and Methods. We describe the dictionary and the mea-
surement systems. We consider two different shapes for the fish:
ellipses and twisted ellipses. This variety of shapes exists in na-
ture. On the one hand, twisted ellipses would represent electric eels
(Electrophorus electricus), whereas on the other hand, straight el-
lipses would look like Apteronotids (3). This simplified represen-
tation shows that the principle of our algorithms can be generalized
to any kind of fish shape (hence, modeling, for example, electro-
sensing for Mormyrids as well). It also enhances the fact that, for
bio-inspired engineering applications, the shape of the robot is not
a determining factor. Moreover, as we will see later, our simplified
representation is a good model to tackle aperture issues.

11656 | www.pnas.org/cgi/doi/10.1073/pnas.1406513111

Dictionary. The dictionary D that we consider is composed by
eight different targets: a disk, an ellipse, the letter A, the letter
E, a rectangle, a square, a triangle, and an ellipse with different
electrical parameters (Fig. 4). Indeed, the first seven targets have
conductivity o = 2 and permittivity e = 1, whereas the last one
has conductivity 6 = 5 and permittivity ¢ = 2.

Measurements. In each numerical experiment, one target of the
dictionary is placed at the origin while the fish swims around it.
We consider two different shapes for the body of the fish:
straight ellipses and twisted ellipses. The measured data are built
taking 20 positions of the fish around the target (Fig. 5).

The typical size of the target is § = 0.3 (which means, the
target is one of the elements of the dictionary shown in Fig. 4
scaled by ). The fish is turning around a disk of radius R = 1 and
center at 0; the semiaxes of the twisted ellipse area = 1.8 and b =
0.2, whereas the ones of the straight ellipse are a = 1 and b = 0.2.
The effective thickness of the skin is set at £ = 0. The fish has 64
receptors uniformly distributed on its skin, and the electric organ
emits F' = 10 frequencies, equally distributed from wq = 1 to Fw.
We refer to ref. 22 for nondimensionalization of the underlying
model equations with proper quantities and realistic values.

Classification. The recognition process is as follows. When meas-
urements are acquired, we perform least-square reconstruction of
the PTs of the targets. From these PTs, we compute quantities of
interest g (i.e., singular values or ratios of singular values). Then,
for each element B,, in the dictionary D, we compute ||g — g(B,)||,
where ¢g(B,) is the precomputed quantity of interest for the nth
shape, and we decide that the target is of type 7 that achieves the
minimum of ||g — g(B,)||.
Framework for algorithms of multifrequency classification:

i) Input: the quantities of interest (¢);<<r calculated from
the measurement of an unknown shape D;

ii) For B, €D do; )

iii) e, ‘_ElgngHQ(Bn)([) —qP||", where [Q(Bn)(f)]lsfSF is the
same type of quantity of interest of shape B,;

) ne—n+1;

v) End for

vi) Output: the estimated dictionary element 7 < argmin,e,.

Stability Analysis. First, let us explain what kind of noise is con-
sidered. We will add a random matrix (with Gaussian entries) to
the data matrix Q defined in Eq. 6. More precisely, we will consider
Q:=Q+¢&,W, where W is a § X R matrix whose coefficients follow
a complex Gaussian distribution with mean 0 and variance 1. The
real number g, is the strength of the noise and will be given in
percentage of the fluctuations of Q (i.e., max,, O, — miny, Q).
The recognition procedure remains the same. Stability analysis was
then carried out empirically: for each noise level, we performed
Nexp =5 X 10* independent recognition processes and computed
the ratio of good detection. The computation ends when we reach
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Fig. 8. Stability of classification based on differences between ratios of
singular values, when the fish is a twisted ellipse.
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Fig. 9. Same as in Fig. 8 when the fish is a straight ellipse.

the threshold of 12.5% probability of detection that corresponds to
a uniform random choice of the object in the dictionary. The nu-
merical results are plotted in Figs. 6-9.

Results and Discussion. One can see that considering all singular
values (Figs. 6 and 7) is much more stable than considering ratios of
singular values (Figs. 8 and 9). Moreover, the aperture does not
change the stability very much. In this regard, the most stable al-
gorithm is to recognize all singular values when the fish is a twisted
ellipse (Fig. 6), leading us to a probability of detection superior to
90% with noise level of 125%. The noise level is computed with
respect to the perturbation in the measurements Q given by Eq. 6,
which is of the order of the target volume as seen in Eqgs. 7 and 8.
Hence, a noise level of 125% remains small compared with the
actual transdermal potential u.

Concluding Remarks

In this paper, we successfully exhibited some fundamental
physical mechanisms for possible shape recognition and classi-
fication in active electrolocation. When measurements at multiple
frequencies are used, the classification exploits the measured
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frequency-dependent first-order polarization tensors. The result-
ing classification scheme is very robust with respect to additive
noise. However, it can only be used for imaging living biological
organisms, for which the permittivity is not zero.

In the case of nonbiological targets with very low electrical
permittivity, such as man-made conducting or insulating structures,
the data are frequency independent. It is then necessary to in-
troduce another scheme for classifying nonbiological targets. A
possible classification scheme is based on the measured generalized
(or high-order) polarization tensors of the target. The electric fish
could extract, from the measured perturbations of the transdermal
potential, such geometric features, and it could compute, from the
extracted features, invariants under rigid motions and scaling that
can be considered as shape descriptors. The weakly electric fish
might then classify a target by comparing its invariants with those of
a set of learned shapes. We showed in ref. 28 that extracting
generalized polarization tensors from the frequency-independent
data and comparing invariants with those of learned elements in
a dictionary yields a classification procedure with a good perfor-
mance in the full-view case and with small measurement noise
level. However, this shape descriptor-based classification is quite
instable in the limited-view case and for high noise level.

In conclusion, the recognition and classification procedure
that we provide in this paper is much more stable and easy to
implement for imaging living biological organisms than for im-
aging nonbiological targets with very low permittivity, for which
the proposed multifrequency approach cannot be applied.

The principle of our algorithms can be generalized to any kind
of fish shape. For bio-inspired engineering applications, the shape
of the autonomous robot is not determining. The results of this
paper could motivate the equipment of autonomous robots with
electro-sensing capabilities to image, recognize, and classify both
living organisms and nonbiological targets.

ACKNOWLEDGMENTS. This work was supported by European Research
Council Advanced Grant Project MULTIMOD-267184.

Conference on Intelligent Robots and Systems (IEEE Conference Proceedings, Piscat-
away, NJ), pp 4225-4230.

18. Porez M, Lebastard V, ljspeert AJ, Boyer F (2011) Multi-physics model of an electric
fish-like robot: Numerical aspects and application to obstacle avoidance. Proceedings
of the 2011 IEEE/RSJ International Conference on Intelligent Robots and Systems
(IEEE Conference Proceedings, Piscataway, NJ), pp 1901-1906.

19. Postlethwaite CM, Psemeneki TM, Selimkhanov J, Silber M, Maclver MA (2009) Op-
timal movement in the prey strikes of weakly electric fish: A case study of the in-
terplay of body plan and movement capability. J R Soc Interface 6(34):417-433.

20. Solberg JR, Lynch KM, Maclver MA (2008) Active electrolocation for underwater

target localization. Int J Robot Res 27(5):529-548.

. Boyer F, Gossiaux P-B, Jawad B, Lebastard V, Porez M (2012) Model for a sensor in-
spired by electric fish. IEEE Trans Robot 52(2):492-505.

22. Ammari H, Boulier T, Garnier J (2013) Modeling active electrolocation in weakly

electric fish. SIAM J. Imag. Sci. 6(1):258-321.

23. Bullock TH, Hopkins CD, Popper AN, Richard RF, eds (2005) Electroreception (Springer-
Verlag, New York).

24. Ammari H, Kwon O, Seo JK, Woo EJ (2004) T-scan electrical impedance imaging sys-
tem for anomaly detection. SIAM J Appl Math 65:252-266.

25. Kim S, Lee J, Seo JK, Woo EJ, Zribi H (2008) Multifrequency trans-admittance scanner:
mathematical framework and feasibility. SIAM J Appl Math 69:22-36.

26. Scholz B (2002) Towards virtual electrical breast biopsy: Space-frequency MUSIC for
trans-admittance data. /EEE Trans Med Imaging 21(6):588-595.

27. Miklavcic D, Pavselj N, Hart FX (2006) Electric Properties of Tissues (Wiley Encyclopedia
of Biomedical Engineering, Hoboken, NJ).

28. Ammari H, et al. (2014) Target identification using dictionary matching of general-
ized polarization tensors. Found Comput Math 14:27-62.

29. Rasnow B (1996) The effects of simple objects on the electric field of apteronotus.
J Comp Physiol A Neuroethol Sens Neural Behav Physiol 178:397-411.

30. von der Emde G (2004) Distance and shape: Perception of the 3-dimensional world by

weakly electric fish. J Physiol Paris 98(1-3):67-80.

. Ammari H, Kang H (2003) High-order terms in the asymptotic expansions of the
steady-state voltage potentials in the presence of conductivity inhomogeneities of
small diameter. SIAM J Math Anal 34(5):1152-1166.

32. Ammari H, Garnier J, Kang H, Lim M, Yu S (2014) Generalized polarization tensors for

shape description. Numer Math 26:199-224.

33. Ammari H, Kang H (2007) Polarization and moment tensors. Applied Mathematical

Sciences, Vol 2 (Springer, New York).

2

3

PNAS | August 12,2014 | vol. 111 | no.32 | 11657

MATHEMATICS



