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Abstract

We explore the capabilities of a robotic sensing system designed to lo-
cate objects underwater through active movement of an electric field
emitter and sensor apparatus. The system is inspired by the biolog-
ical phenomenon of active electrolocation, a sensing strategy found
in two groups of freshwater fishes known to emit weak electric fields
for target localization and communication. An analytical model for
the observation of simple targets is used to qualitatively predict some
characteristics of the sensor including the detection distance as a
function of sensor noise. We characterize the performance of the ro-
bot using different automatic electrolocation controllers, objects and
water salinities. We demonstrate successful electrolocation both in
the conditions in which it is naturally observed (i.e. in low conductiv-
ity water) as well as in conditions in which it is not observed (i.e. in
water of ocean salinity). For the electrolocation experiments using an
active controller based on a probabilistic sensor model, the median
positional estimation error for spheres is � 3% of sphere diameter.
Spheres were detected at distances similar to the distance between the
two field electrodes.

KEY WORDS—Electrolocation, particle filter, probabilistic
robotics, electrosense, active sensing, underwater

1. Introduction

The ability of some aquatic animals to sense electric fields
was discovered in the late 1950s (Lissmann and Machin, 1958)
and is therefore one of the most recently discovered biological
sensing mechanisms. Many fish such as sharks, sturgeons and
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catfish and some other animals such as the platypus are able
to sense weak bioelectric fields emitted by aquatic prey and
use these fields to locate prey. This ability is termed ‘passive
electrolocation’. Only two groups of freshwater fishes, one
in South America and one in Africa, both emit and sense an
electric field, similar to active sensing systems such as radar
and sonar (Nelson and MacIver, 2006). They are therefore re-
ferred to as active electrolocators. These fish utilize their self-
generated weak electric field (� 1 mV cm�1 near the body) to
detect and identify objects in their environment, irrespective
of whether these objects emit a bioelectric field as needed by
passive electrolocators.

Active electrolocators hunt in total darkness and in cluttered
and turbid environments where vision is useless (Bullock and
Heiligenberg, 1986� Turner et al., 1999� MacIver et al., 2001).
The neural mechanisms of active electrolocation have become
the subject of intense investigation, making ‘weakly electric
fish’ – as the fish of these two groups have been designated –
a leading model system in neurobiology for studies of how an-
imals process sensory data (Bullock and Heiligenberg, 1986�
Turner et al., 1999).

The principle of biological active electrolocation is that ob-
jects that differ in impedance from the surrounding medium
distort the self-generated field, and an array of sensors (elec-
troreceptors) on the body detect these distortions. In prior
work, Nelson and MacIver (1999) provided evidence that
changes as small as 0�1% of the baseline voltage across the
skin (about one microvolt, given the typical millivolt baseline)
may be sensed by one species of weakly electric fish to guide
a strike at small prey (� 2 mm) at distances of up to � 30 mm
(about one-quarter of a body length) (Nelson and MacIver,
1999�MacIver et al., 2001).

The robotic electrosensory system presented in this paper
operates along similar lines. It consists of a two-degrees-of-
freedom (DOF) XY planar robot, which controls the position
of the generated electric field and the sensors used to estimate
the location of the target. Using three different control algo-
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rithms, the robot can successfully locate nearby targets as well
as localize itself when placed in a pre-mapped environment
in both fresh and saltwater. Two of the three controllers ad-
dress the stochastic nature of the electrosensory observations
by employing Bayesian fusion to calculate a belief of the po-
sition of the target. These controllers use empirical calibration
of the sensor for the specific object and environment. Elec-
trolocation experiments using the active controller were able
to locate the target in less than seven steps and with an esti-
mation error of less than 2 mm in more than half of the trials.
The third controller, used solely for electrolocating individual
objects, exploits invariant spatial features of the electric field
signatures of a class of objects to achieve electrolocation with-
out calibration. In most trials, its precision was better than one
millimeter.

Our work has two motivations, one from basic science and
the second from engineering. Our basic science motivation
is to obtain insight into biological electrolocation and guide
future experimental work. While there are a number of hy-
potheses in the literature regarding the mechanisms of active
electrolocation (Lewis and Maler, 2001� von der Emde, 2006),
these are still not well understood. While our robot will utilize
the same physics as biological active electrolocation, in its use
of principles of probabilistic robotics (Thrun et al., 2005) it
is unlikely to be similar in terms of algorithm. Our robot will
therefore provide a useful baseline for comparative analysis of
biological active electrolocation.

Our engineering motivation is to develop a sensing modal-
ity well suited for low speed, highly maneuverable vehicles
operating in cluttered environments. Such vehicles require sen-
sors with several specific properties (MacIver et al., 2004).
First, the sensors must work well at short range. Second, rather
than being concentrated on one portion of the hull of the vehi-
cle (e.g. cameras at the front of a remotely operated vehicle),
the sensors should be distributed over the entire surface of the
vehicle. This is required to support highly maneuverable, pos-
sibly omnidirectional movement in tight spaces. Third, to more
robustly control sensory acquisition in geometrically complex
spaces, such sensors should generate the energy that they sub-
sequently transduce as with radar and sonar systems (Nelson
and MacIver, 2006). Finally, as a very inexpensive approach
for acquiring a unique form of sensory information – as the
sensors are simply exposed conductors – active electrosense
may also provide a useful complement to the usual suite of
sensors provisioned on standard underwater vehicles.

1.1. Prior Work in Electric Field Sensing

There are a few examples of engineered electric field sens-
ing systems. One of the earliest was the Theremin, a musical
instrument that made its first public appearance in 1921 and
measures the player’s capacitance to determine the pitch of
the output tone (Theremin and Petrishev, 1996). The Theremin

is the first device that could measure the position of an ob-
ject (the body parts of the player in this case) by measuring
changes of an emitted electric field. Using principles simi-
lar to a Theremin, a system has been developed by the MIT
Media Lab that is able to extract the 3D position of a user’s
hand (Smith et al., 1998). In both systems, the capacitance of
a nearby hand changes the nominal electric field.

More closely related to the present work is a previous study
that built an artificial electrosensory array to study the feasibil-
ity of using such a system in underwater robots (MacIver and
Nelson, 2001� MacIver et al., 2004). This system was able to
determine the distance of a submerged 10 mm diameter plastic
sphere up to a distance of about 12 mm away from the sensor.
The distance estimation algorithm was based on the spatial dis-
tribution of the sensor measurements. A related study built an
artificial electrosensory system to investigate the possibility of
using such a system for obstacle avoidance in underwater ro-
bots (Chetty and Russell, 1997). This system could detect ei-
ther a conducting or insulating sphere 25 mm in diameter at
a range of 5 mm. In preliminary experiments, the robot could
perform obstacle avoidance using this electrosensory system.
Another study used an electromagnetic homing system to esti-
mate the position and orientation of an autonomous underwa-
ter vehicle (Feezor et al., 1997).

The biological and man-made electric field sensing ap-
proaches described above are a specific instance of impedance
imaging (Breckon and Pidcock, 1987). In impedance imaging
the goal is to determine the spatial distribution of electrical re-
sistance and permittivity (a measure of how readily charges
separate under an imposed electric field) of a specified re-
gion given voltage and/or current measurements at the bound-
ary. Two popular variants of impedance imaging are resistivity
imaging and electrical impedance tomography.

Resistivity imaging began its widespread use in the 1920s
by geophysicists who used arrays of metal electrodes inserted
into the ground to estimate a map of the subsurface strata. Data
is collected by injecting current across pairs of electrodes and
then measuring the voltages at the other electrodes. Variants
of the basic technique are still used today by geophysicists for
imaging the subterrain and extracted core samples.

In the late 1970s, tomographic impedance measurement
techniques were developed for non-invasive imaging of im-
pedance variations inside the human body (Barber and Brown,
1984). This technique is now referred to as electrical im-
pedance tomography (EIT). Internal impedance images can be
used to diagnose such medical conditions as pulmonary emboli
or blood clots in the lungs. EIT estimates the spatial distribu-
tion of impedances from a series of electrical measurements at
the boundary. In medical imaging applications, electrodes are
placed on the surface of the skin, and an internal impedance
image is deduced. The basic mathematical model used to con-
struct an impedance image is Laplace’s equation with complex
impedance

� � � �x� ���V � 0� (1)
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where x � �3 is the spatial coordinate, � is the frequency of
the applied current, V is the electric potential and the inverse
of electrical impedance (called admittivity) is represented by
� �x� �� � ��x� ��� i���x� ��, where � is the electrical con-
ductivity and � is the electric permittivity. The forward prob-
lem associated with Equation (1) is deducing the relationship
between the electric potentials and currents at the boundary for
a given impedance. The inverse problem, sometimes known
as the Calderón Problem (Calderón, 1980), is to determine
the impedance of the interior of the body given the applied
electric potentials and current measurements on the boundary.
This nonlinear inverse problem is typically severely ill-posed
(Dines and Lytle, 1981).

In practice, the number of degrees of freedom of a parame-
terized impedance map that can be determined is limited by the
number and precision of the independent observations made.
Methods for solving the inverse problem will not be discussed
here as they are not relevant to the localization algorithm we
present.

The underwater localization system presented in this pa-
per does not solve the generalized impedance imaging prob-
lem. Instead, we demonstrate two different methods for locat-
ing the position of an object based on electrosensory data. The
first method uses a Monte-Carlo simulator along with a pre-
determined probabilistic sensor model to maintain a belief of
the object’s position based on incoming electrosensory infor-
mation (Solberg et al., 2007). This method can also be used
for self-localization in a pre-mapped environment. The other
method exploits a distinct pattern in the electric field perturba-
tions around a class of simple isolated objects to determine the
target location.

1.2. Paper Overview

Section 2 describes a simple model that predicts the observed
perturbation in an electric field due to a spherical target. Sim-
ulations using this model yield qualitatively similar results to
the empirical results examined in later sections. Section 3 de-
scribes the electrolocation system hardware and the method of
constructing a probabilistic sensor model of a single object.
The two methods for locating objects using electrosensory in-
formation are detailed in Section 4. Section 5 details the exper-
imental facilities and protocol, and Section 6 summarizes the
results and implications of the electrolocation experiments. Fi-
nally, Section 7 proposes some extensions and improvements
to the active electrolocation system.

2. Idealized Electrolocation

When an electric field is present around an object, the field
induces a dipole at the object. The magnitude of the dipolar
perturbation at a particular measurement point is a function of
the object location, size, shape and electrical contrast, as well
as the electric field strength at the object.

2.1. A Simple 2D Example

We first consider the simplest meaningful case to demonstrate
the concept of electrolocation: a circular perfect conductor in
a planar electric field placed in a medium of conductivity �m.
Under these assumptions, the current density J is related to
the electric field E through J � �m E, and the electric field
is equal to the negative of the gradient of the electrostatic po-
tential, V (i.e. E � ��V ). If Q is a current source, then the
continuity equation � � J � Q reduces Maxwell’s equations to
Poisson’s equation for pure conduction current:

�� � ��m �V � � Q� (2)

For this simple example we consider a planar medium with
two circular electrodes fixed at �1 V and �1 V.

In Figure 1, the left square (positive pole) is �1 V and the
right square (negative pole) is at �1 V. Isopotential contours
are placed at 50 mV increments and the bold line represents
the 0 V contour. In Figure 1a, no target is present to distort the
electric field generated by the two poles (shown as squares).
In this situation, both the top sensor (sensor 1) and bottom
sensor (sensor 2) lie on the iso-potential contour of 0 V. In
Figure 1b a circular perfect conductor of radius 5 mm is cen-
tered at coordinates 	x � 20 mm� y � �20 mm
. The pres-
ence of the conductor distorts the electric field, and thus per-
turbs the original electrostatic potential. Sensor 1 is now at
V1 � 78 mV, and sensor 2 is now at V2 � 122 mV. Since
V1 � V2 � �44 mV, the observation for this target at this lo-
cation is 	 � �44 mV. We call the target position plus the
observation the electrosensory viewpoint (EV). If x is the lo-
cation of the target relative to the sensor frame and 	 is the
measured voltage, then the EV is simply 	x� 	
. In this exam-
ple, the EV is 		20 mm��20 mm
��44 mV
.

The collection of EVs for every possible target location
composes the ensemble of electrosensory viewpoints (EEV).
The functional form of the EEV maps the target position to the
observed sensor measurement (V1 � V2 in our case), and can
be written as:

EEVe�x� � 	� (3)

The subscript e denotes unchanging aspects of the environ-
ment that the EEV depends on, which here includes the size,
shape and material properties of the target, the applied electric
field and the conductivity of the medium.

2.2. Electrolocation of Spheres

We next consider an idealized 3D model for the observed volt-
age perturbation created by a sphere of known diameter and
conductivity in water of known conductivity (Rasnow, 1996).
This model gives an analytical solution of the EEVe��� for
spheres.
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Fig. 1. A planar electric field. (a) Unperturbed electric field.
Both sensors (diamonds) observe 0 V. (b) A circular target of
diameter 10 mm is centered at x � 20, y � �20. The top sen-
sor observes 78 mV and the bottom sensor observes 122 mV,
thus, 	 � �44 mV.

If we let xt � �3 represent the target-centered relative co-
ordinates, then the model is represented as:


V �xt� � a3Ef � xt

�xt�3
�
� target � �water

� target � 2�water

�
� (4)

where 
V �xt� represents the change in potential (mV) at posi-
tion xt (cm)� a is the target’s radius (cm)� Ef is the electric field
vector at the location of the target (mV cm�1) when no target
is present� � target is the conductivity of the target (�S cm�1),
and �water is the conductivity of the water.

The term within parentheses in Equation (4) is called the
electrical contrast factor and denoted � . The electrical con-
trast factor varies from � � �12 (for perfect insulators) to
� � �1 (for perfect conductors). When the conductivity of the
target and water are equal, the electrical contrast is zero and

Fig. 2. An example of an ensemble of electrosensory view-
points (EEV). The target is a 10 mm diameter ideal conductor.
The EEVe�x� is computed from Equation (4). The darker solid
contour is	 � 0 V. The lighter solid contour is the localization
subspace for the single observation of 	 � �35 mV.

the target becomes electrically invisible. It should be noted,
however, that this model ignores phase shifts due to capacitive
components of the target impedance. In weakly electric fish,
such phase shifts are detected by a different electrosensory sys-
tem (von der Emde, 1998). Such phase shifts are likely used to
differentiate between inanimate objects and live objects, which
have capacitance due to biological membranes. This simple
model also assumes the electric field is uniform across the tar-
get. As the target approaches close to the source of the electric
field, this assumption will be violated.

By applying this simple model we can gain some basic in-
sight into the challenges of active electrolocation. In Figure 2
the EEV of a 10 mm diameter spherical ideal conductor is de-
picted as a filled contour plot with a gray colormap for the
observation 	 as a function of the x and y coordinates of the
center of the target. White represents the largest positive obser-
vation, and black is the largest negative observation. To con-
struct this EEV, we successively place the simulated sphere at
each position on a grid covering the illustrated domain. For
each place on this grid, we compute the perturbation at each
of the diamonds (sensors) according to Equation (4), given the
field applied at the two squares, and take the difference be-
tween these perturbations. Off-grid values are interpolated.

Figure 2 is a 2D slice of the EEV at a height of z � �8 mm
relative to the center of the target (�z points out of the x � y
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Fig. 3. The belief of the target location after a single noisy elec-
trosensory observation of�35 mV represented as a probability
distribution of the possible locations of the target. Zero-mean
Gaussian noise of standard deviation 12 mV is assumed on the
sensor reading. The actual object is located at the black cross
at x � 20 mm, y � �20 mm.

plane). As before, an electric field is applied at the two squares,
and two sensors (diamonds) measure voltage. Once again we
define EEVe�x� � V1 � V2 � 	, where x � �3. If a single
measurement gives 	 � �35 mV, the object must lie some-
where on one of the two solid lighter contours in Figure 2.
These contours are the set 	x �EEVe�x� � �35 mV
.

The isopotential perturbation contours of Figure 2 therefore
represent the theoretical limit on how well a target of known
properties can be localized by a single noiseless observation
of the perturbation in 2D. Each contour in Figure 2 represents
the 1D localization subspace of a target for the given sensor
observation. Real sensors have noise, however. For example, if
the target is actually on one of the lighter solid contours (e.g.
at x � 20 mm, y � �20 mm) in Figure 2 and we measure
	 � �35 mV, but we know our sensor is subject to zero-mean
Gaussian noise of standard deviation 12 mV, then we get a
probability distribution of possible locations of the target. This
is illustrated in Figure 3. Each color represents a confidence
interval (CI) based on the standard deviation of the probabil-
ity mass of the PDF. White is the one-sigma CI, or 68�3%�
white and the lightest gray together represent the two-sigma or
95�5% CI. Noisy sensor models will be used in the Bayesian
information fusion methods of Section 4.

Fig. 4. Sensor observation as a function of target position. (a)
The setup used for the non-dimensional analysis. (b) The ab-
solute value of the dimensionless sensor signal as a function
of the dimensionless distance from the sensor along the slice
depicted in (a).

2.3. Detection Range Analysis for a Single Sensor

Once the specific sensor model is known, it is possible to
determine the distance at which a target can be reliably de-
tected. For this analysis we first consider a slightly different
emitter/detector layout, which consists of a single voltage de-
tector located at the origin and the two emitters at locations
	x � �L2� y � 0� z � 0
. We wish to determine the dimen-
sionless detection distance rd of a sphere of radius A along a
45 line passing through the origin.

Figure 4a depicts the system examined here. Note that these
contours are equally spaced on a logarithmic scale. The emit-
ters are the two squares and the detector is the diamond at the
origin. Only target positions along the 45 solid line will be
considered (e.g. that depicted at coordinates 	�1��1
). Con-
tours represent sensor observation for the target position. The
solid contour represents an observation of 0 V. Lengths are nor-
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malized to L, the distance between the emitters. Figure 4b rep-
resents the absolute value of the dimensionless sensor signal
as a function of the dimensionless distance from the sensor
along the slice depicted in Figure 4(a). The dashed vertical
line represents the singularity when the sensor observes zero
volts. Horizontal lines are at constant sensor observations, and
the x on each line represents the maximum distance for the ob-
servation. This maximum distance is used in the definition of
the detection distance in Equation (6). 
� is computed using
Equation (5) with a � 0�05, e � 0�005 and � � �1.

Our detection distance model begins with the closed-form
solution of the dimensionless voltage perturbation 
� �

VVe (derived from Equation (4)) where 
V is the perturba-
tion and Ve is half of the difference between the emitter elec-
trodes (e.g. one emitter is at �Ve and the other is at �Ve). The
dimensionless voltage perturbation is given by:


��a� �� e� r� � �2 a3 � e
N1�r� � N2�r�

D�r�
(5)

where

N1�r� �
��

2� 4
�

2 r2 � 16 r3
��

1� 2
�

2 r � 4 r2�

N2�r� �
��

2� 4
�

2 r2 � 16 r3
� �

1� 2
�

2 r � 4 r2�

D�r� � r2
�

1� 2
�

2 r � 4 r2
� 3

2
�

1� 2
�

2 r � 4 r2
� 3

2
�

where a is the dimensionless target radius given by AL where
A is the radius of the target and L is the distance between the
two emitters, � is the contrast factor, e is the dimensionless
emitter radius given by EL where E is the emitter radius and
r is the dimensionless distance to the center of target from the
detector given by RL, where R is the distance to the center
of the target. Equation (5) is derived in Appendix A.

The no-target observation	nt is defined as the expected ob-
servation when nothing perturbs the electric field (i.e. when no
target is nearby). In this particular example 	nt � 0. The no-
target noise � nt is defined as the standard deviation of the ob-
servations when no target is nearby. For a two-sigma (� 95%)
confidence interval when there is no target nearby, there is only
a � 5% chance that any given observation will fall outside
the interval [	nt � 2� nt� 	nt � 2� nt]. Thus, if an observa-
tion does fall outside the interval, then it can be concluded
with at least 95% confidence that a target has perturbed the
electric field. We define the dimensionless expected detection
distance, rd � RdL (hereafter simply detection distance), as
the distance when the expected observation is equal to either
	nt � 2� nt or 	nt � 2� nt. If we define the dimensionless
no-target noise as n � � ntVe, then the detection distance is

rd �a� �� e� n� � max	r � 
��a� �� e� r� � �2n
� (6)

The max function is used to select from multiple r’s when
there is more than one solution r to 
��a� �� e� r� � �2n.

Fig. 5. Dimensionless detection distance (rd � RdL) as a
function of dimensionless noise (n � � ntVe). The normalized
radius of the target is a � AL � 0�05 and the radius of the
emitting electrode is e � EL � 0�005. The dashed line is the
singularity detection distance where the target can never be
detected. Data points very near this singularity are not shown.

For example, Figure 4b shows the sensor observation along the
45 diagonal line in Figure 4a. For an observation of �
�� �
10�5 (in Figure 4b this is signified by the upper horizontal
line) there is only one possible r (represented as the x). But,
for �
�� � 10�4 (lower horizontal line in Figure 4b) there are
three possible values of r . In this case, the maximum of these
is chosen (shown as the x).

Fixing a at 0�05 and e at 0�005, Figure 5 shows the relation-
ship between the dimensionless no-target noise, n � � ntVe,
and rd. The black points were computed using the method just
described using Equation (5). When these points are plotted on
a log-log scale, most of them fall very near one of two lines,
where each line takes the form rd � k nc.

Figure 5 reveals two distinct regimes for dimensionless de-
tection distance with normalized noise. The near field regime
includes locations inside the 	 � 0 oval (thick contour) in
Figure 4a. In this regime, detection distance falls off as 1

�
n.

The far field regime includes locations outside the	 � 0 oval.
Here, detection distance falls off as 1 5

�
n. Thus, in the far field

a 32-fold reduction of noise extends the detection distance by
a factor of two. Both of the fitted curves shown in Figure 5
fail as the detection distance approaches the singularity point
(shown as a dashed line). This singularity happens when the
observation is exactly zero. This is when the diagonal line (at
45) crosses the solid contour (0 V observation contour) in Fig-
ure 4a. The singularity is also represented by the dashed line
in Figure 4b.

The choice of a, e and � only affect the constant of pro-
portionality k and not the exponent c of the fitted power-law
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equations, rd � k nc, used to approximate the near and far field
relationships. In fact, a, e and � do not influence the location
of the transition from the near and far fields (this transition is
signified by the solid oval contour in Figure 4 and the dashed
line in Figure 5). Thus, the rd corresponding to this transition
is fixed at approximately 41% of L for any choice of a, e and
� . As shown by Equation (5), the choice of a, e and � does,
however, shift the curves in Figure 5 to the right or left.

3. Active Electrolocator

With this description of some of the theory of electrolocation
in hand, we now describe the hardware and experiments we
performed with the robotic active electrolocator.

3.1. Hardware

The electric field is generated by a 2 V (peak-to-peak) biphasic
1 kHz square wave. The electric field is transmitted between
two submerged silver electrodes plated with silver chloride to
improve the metal-water electrical interface. The field emis-
sion electrodes are approximately 50 mm apart. The two sens-
ing electrodes are also about 50 mm apart, arranged as shown
by the diamonds in Figure 2. Both the electric field emission
electrodes and the sensing electrodes are 0�38 mm diameter
silver wires that are stabilized by 0�5 mm borate silicate glass
pipettes (see Rasnow, 2006, for more details on hardware for
measuring electric fields). The two sensing electrodes are po-
sitioned to give identical readings with no object present. The
signals recorded at the sensing electrode pair are differentially
amplified and the resulting signal, along with its negative, is
sent to an analog switch as depicted in Figure 6.

The analog switch passes one of the two input signals to
the output according to a switching signal, which is the origi-
nal square wave used to generate the electric field. This serves
as a matched filter, since only sensory signals of the same fre-
quency as the field signal have a non-zero time-averaged mean
at the output of the analog switch. The final stage is a low-pass
filter which outputs this mean value. The technique used here
is similar to the synchronous detection approach of the Flying
Fish (Smith, 1999).

3.2. Sensor Model

Our probabilistic sensor model can be written as p�	�x� e�,
which represents the likelihood of observing 	 conditioned
on the position of the target in the sensor frame, x, and un-
der the environmental conditions defined by e. For our system
	 � V1 � V2 and experimental data (Section 6) indicates that
sensor noise is approximately zero-mean and normally distrib-
uted. Thus, our sensor model can be parameterized as a mean
and variance for each possible target location.

Fig. 6. Schematic of the electrosensory circuit.

The sensor model used to construct the belief shown in Fig-
ure 3 used Equation (4) to estimate the mean of p�	�x� e� for
each x. These means are precisely the EEV depicted in Fig-
ure 2.

For the experiments in this study, rather than derive the
mean and standard deviation of p�	�x� e� from an analytical
model, we measure these two constituents of the sensor model
by a calibration step. For a given target at a known location,
we collect sensor samples at a grid of points near the target.
Letting x � �x� y� be the known target location in the sensor
frame, we define the mean and variance of ten measurements
at this location as ave�x� and var�x�.

Both ave��� and var��� can be viewed as mappings from �
2

to �. Off-grid values of these functions are obtained by inter-
polation. Qualitatively, experimental data was consistent with
our analytical model (e.g. compare the theoretical EEV in Fig-
ure 2 with the observed EEV displayed later).

4. Estimation and Control

An active target localization system requires a controller to
prescribe subsequent sensor positions that will obtain useful
information. We have chosen three control algorithms to com-
pare their electrolocation effectiveness. The first two utilize a
Monte Carlo-based control scheme that accounts for the sto-
chastic nature of sensing and motion. This algorithm requires
that the sensor model for the specific target and experimen-
tal environment be recorded prior to localization. The third
controller exploits spatial features of the electric field signa-
tures common to all spherical objects to achieve electroloca-
tion without calibration.

4.1. Probabilistic Controllers

For both of the probabilistic controllers, belief about the posi-
tion of the target is maintained via a particle filter. Belief of the
target location is represented by a large number of hypotheses
(or ‘particles’) in the target configuration space, allowing ap-
proximate representations of complex multi-modal beliefs as
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in Figure 3. The particle filter uses Monte Carlo simulation
(Metropolis and Ulam, 1949) to approximate a Bayes filter,
and the particle representation is updated as new information
comes in (Thrun et al., 2001).

One of the many applications of particle filters is localiza-
tion and mapping in mobile robotics (Dellaert et al., 1999� Fox
et al., 2000� Thrun et al., 2001). The robotic electrolocation
problem is a variant of the localization problem, where the task
is to determine the location of an external target as opposed to
the location of the robot relative to some external coordinate
frame. The particle filter algorithm consists of recursive im-
plementations of both a predictive and a measurement update
step, which are described below.

4.1.1. Predictive Step

The predictive step takes the motion control and the current
belief of the target location relative to the sensor and creates
a new belief. This step requires a motion model p�x�� x� u�, a
probability distribution on the new position x� of the target in
the sensor frame as a function of the current position x and
the control u. Each of the M particles xi in the current belief
is mapped to a new particle by sampling from the distribution
p�x�i � xi � u�.

In most scenarios, motion increases the uncertainty of the
belief. The XY robot used for our experiments has high-
precision encoders and controllers to achieve accurate motion.
Thus, the motion model introduced very little uncertainty into
the belief about the target position. For this reason, our motion
model is deterministic (i.e. x� � x� u).

4.1.2. Measurement Update Step

Once sensor data is recorded, the measurement update step
weights the likelihood of this observation conditioned on the
predicted state x�i of each particle. The likelihood weight for
particle i is written �i � p�	�x�i � e�, where e is the vector of
sphere conductivity, sphere diameter, water conductivity and
the value of the applied field. For our Gaussian sensor noise,
the likelihood weight is simply the value of a Gaussian at
[	 � ave�x�]

�
var�x� standard deviations from ave�x�. Im-

portance resampling then randomly chooses M times from a
roulette wheel of the particles x�i � i � 1 � � �M , where particle
i occupies a slice of the wheel proportional to its weight �i

(Thrun et al., 2005). The chosen particles will include dupli-
cates at the same location. To introduce diversity into the parti-
cle set, a small amount of normally distributed noise (standard
deviation 1 mm) is added to the position of each particle. This
new set of particles comprises the new belief.

4.1.3. Control

We choose a discrete-time formulation with a discrete set of 16
different control options at each time step. One of these options
is to remain stationary, and the other 15 are randomly sampled
from the interior points of a square centered at the current robot
position and with sides of length 20 mm. At each time step, a
new set of 15 control options are randomly generated. Thus,
the robot can never move more than 10 mm in any dimension
in a single time step. We tested two different policies for the
probabilistic controller.

#1 Random walk (rnd-wlk): randomly choose one of the pos-
sible control options.

#2 Minimize expected variance of particles (min-var):
choose the control option that minimizes the expected
variance of the particles at the next step.

Controller #2 (min-var) is a greedy control law which at-
tempts to maximize the expected information gain on the next
step. Similar techniques have been successfully used (Fox et
al., 1998� Bourgault et al., 2002�Mihaylova et al., 2003) where
controllers minimize some scalar function of the covariance
matrix (in the case of a Gaussian belief) or the entropy (in the
case of non-parametric belief).

The random walk (#1) controller serves as the baseline to
compare to the performance of the minimum-variance con-
troller. The rnd-wlk controller uses the same belief update
mechanism (i.e. a particle filter). However, its control deci-
sions are not based on meeting some objective, but instead
randomly chosen from a set of control options.

Controller #2 (min-var) utilizes particle voting (see Algo-
rithm 1) to choose the control option. Each particle’s vote for
the best control option is determined by evaluating the variance
of the particle cloud after executing each of the 16 control ac-
tions in simulation. To obtain the variance of the particle cloud
for a given control option, for each particle the selected con-
trol option is simulated and the expected observation for the
particle is deduced using the sensor model. After each simu-
lated control action and observation, the current particle cloud
is importance resampled using the method described earlier.
The control option that yields the lowest expected spatial vari-
ance of the particles receives the particle’s vote. After all the
votes from all the particles are collected, the control option
with the highest number of votes is selected. An alternative we
did not pursue is to choose the control option stochastically
based on a weighting determined by the vote.

The controller terminates when either a maximum run time
is exceeded (failure) or the target is considered sufficiently lo-
calized (success). Defining P as the covariance matrix of the
particle belief, with elements

P �
�
� pxx pxy

pyx pyy

�
	 �
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Algorithm 1 Particle voting
Given the set of particles � � 	xm �m � 1 � � �M}.
for each particle, m � 1 � � �M , do

xm is a target location hypothesis (particle).
for each control option uc, c � 1 � � �C , do

(1) Simulate movement of particles in sensor frame: � � � 	x�i �x�i � xi � uc, i � 1 � � �M}.
(2) Simulate measurement: 	m�c � E[	�x�m� e], where E[�] denotes expected value.
(3) Generate corresponding weights �, based on 	m�c for each particle in � �: �� � 	��i �i � 1 � � �M
.
(4) Generate � �� via importance resampling based on � � and ��.
(5) Compute the variance of particle set � ��.

end for
Particle m votes for the control option that resulted in the lowest predicted variance.

end for
The control option with the most votes is chosen.

we set the ‘success’ termination condition as �trace�P��12 �
� for an appropriately chosen �, where trace�P� � pxx � pyy .

4.2. Deterministic Controller

One of the major disadvantages of the probabilistic approach
described above is that the sensor model for the specific target
must be calibrated in advance. Instead, we can use features
of the EEV common to all isolated targets that are invariant to
the salinity of the water and conductivity and size of the target.
The feature that we use is the two orthogonal lines of 0 V that
pass through the center of the sensor (e.g. Figure 2). Consistent
with the theory presented earlier, this feature was found for all
isolated, spherical objects observed and it suggests the use of
sensor voltage zero crossings for electrolocation. There is also
typically a circular contour of 0 V (Figure 2), but the gradient
of the EEV is small at this distance and we require a steep
gradient of the EEV for robust identification of zero crossings.

We tested a single policy for the deterministic controller:

#3 Zero-crossing: search for polarity change in sensor read-
ings.

Defining the coordinates of a world frame as �x	� y	�, the
robot performs a binary search on the region of possible x	-
coordinates of the target. For each x	-coordinate tested, the
robot moves in the y	-direction until a robust change in signal
polarity is identified. The binary search ends once this is found
and the target’s y	 croodinate is recorded as the y	 position
of the sensor where the zero crossing occurs. The robot then
scans along the x	 direction until another robust zero crossing
is found.

5. Experimental Setup and Protocol

5.1. The Robot

The two sensor electrodes and the two field emitter electrodes
are attached to a carriage above the tank. An XY table posi-
tions the carriage. The XY table consists of two orthogonal

Fig. 7. The electrolocation robot. The Y linear slide is can-
tilevered over the tank of water and the X linear slide is beside
it. The four spherical targets used in the electrolocation exper-
iments are seen at the bottom of the tank. The electrodes are
mounted on a translucent plastic breadboard.

linear slides that are driven by DC motors, as depicted in Fig-
ure 7. Two computers are used for information processing. One
computer runs a real-time operating system (xPC, The Math-
works, Natick MA, US) and handles low-level control of mo-
tors (PID position controller) and recording and filtering of the
measurements. A second computer receives the filtered data
from the real-time computer, generates the next position of the
carriage and sends it to the real-time computer. All algorithms
were implemented with commercial software (Simulink, Real
Time Workshop, xPC Target, and MATLAB: The Mathworks,
Natick MA, US).

5.2. Aquatic Environment

Experiments were conducted in a 750 mm by 750 mm glass
tank filled to a depth of approximately 160 mm. In order to
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minimize the effects of the tank walls on the electric field,
experiments were conducted in a central region of 200 mm
by 200 mm. We used two different types of water, the first to
mimic conductivity conditions in the natural habitat of weakly
electric fish (fresh) (MacIver et al., 2001� Nelson et al., 2002),
and the second to mimic ocean water conductivity (salt). For
each type of water, sodium chloride was added to de-ionized
water until the desired salinity was obtained. The salinities of
the two water types resulted in conductivities of 160 �S cm�1

for fresh water, similar to the native habitat of weakly electric
fish (Crampton, 1998), and 56 000 �S cm�1, an upper bound
for marine water conductivity (typically 43 000 �S cm�1 ac-
cording to Culkin and Smith, 1980).

A small stand in the tank suspends the spherical targets such
that the tops of the targets cleared the bottom of the electrodes.
The electrical signature of the object stand did not significantly
interfere with any of the measurements.

5.3. Target EEVs

EEVs were recorded for eight experimental conditions corre-
sponding to all permutations of two target diameters (12�7 and
38�1 mm), two target conductivities (conductor and insulator)
and two water conductivities (fresh and salt). For each tar-
get/water combination, the target was placed at the center of
the tank. For the 38�1 mm diameter spheres, the robot moved
the sensor carriage on a 120 mm by 120 mm grid, stopping
every 4 mm for a total of 31�31 � 961 positions (dots in Fig-
ure 8b). For the 12�7 mm diameter spheres, the robot moved
the sensor carriage on a 100 mm by 100 mm grid, stopping
every 4 mm for a total of 26 � 26 � 676 positions (dots in
Figure 8a). The ave��� and var��� functions were obtained by
taking the average and variance of 10 time-averaged sensor
readings at each grid point.

In Figure 8, the white cross is the center of the robot’s car-
riage� this is defined as the position of the robot. The black
cross is the center of the 2D projection of the spherical target�
on the plane of the sensor and emitter electrodes, this is defined
as the position of the target. The diamonds and squares are the
positions of the sensing electrodes and field emitter electrodes,
respectively, for the given robot position. The darkest gray area
represents the area of possible locations the robot can travel to
at the next step. The next darker area contains all the possible
starting positions for the robot. The largest square represents
all possible locations the robot is allowed to travel after the
starting position. The black dots are all the locations the robot
visited while constructing the associated EEV.

5.4. Active Electrolocation

Electrolocation was performed 50 times for each of the eight
experimental conditions using the two probabilistic controllers

Fig. 8. A 2D projection of the robot workspace. (a) Workspace
when locating the 12�7 mm sphere. The robot is at position
	x	 � 29� y	 � �35
. (b) Workspace when locating the
38�1 mm sphere. The robot is at position 	x	 � �35� y	 �
58
.

and the deterministic controller, for a total of 50�8�3 � 1200
trials. The two probabilistic controllers were initiated at the
same 50 random positions for each experimental condition.
The target was always placed at the center of the tank (coordi-
nates 	x	 � 0� y	 � 0
). For the larger targets, the robot was
confined to start within coordinates 	�55��55
 (darker gray
area in Figure 8b) and was permitted to move anywhere with
coordinates of 	�60��60
. For the smaller targets, the robot
started at 	�40��40
 and stayed within 	�50��50
 (darker
gray area in Figure 8a).
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The two probabilistic controllers were terminated either af-
ter 35 steps (failure) or when the square root of the trace of the
particle covariance matrix dropped below 10 mm (success).

6. Experimental Results and Discussion

6.1. EEVs

EEVs were recorded for the eight different test conditions
(Figure 9), where the two squares indicate the location of the
electric field dipoles. The two diamonds indicate the loca-
tion of the voltage sensors. The color map respresents �10 V
(white) to �10 V (black). Dashed contours are at 500 mV in-
crements while solid contours represent an observation that re-
sults in detection of the target with 95% confidence.

For each EEV in Figure 9, solid contours indicate the detec-
tion range of the sensor. If an object is placed inside the con-
tours, the expected observation will correctly detect its pres-
ence with at least a 95% likelihood. This is determined by
collecting a number of measurements �nt when no target is
present and calculating the mean 	nt � E[�nt] and stan-
dard deviation � nt � �

variance[�nt]. The detection range
is defined here by the EEV voltage contours at	nt �2� nt. For
the empirical sensor models, � nt is between 40 � 100 mV for
the EEVs in rows 1, 2 and 4 in Figure 9, and around 600 mV for
the two EEVs in row 3. To determine the noise at the sensor
(before being amplified), divide � nt by differential amplifier
gain G. The noise was between 0�2� 1 mV for all experimen-
tal conditions.

Each of the two EEVs in each row in Figure 9 only differ
by the material of the of target� the left column is metal and
right column is plastic. If we use the simple model from Equa-
tion (4), the two columns only differ by the contrast factor �
which takes the value of�1 for an ideal conducting sphere and
�12 for an ideal insulator.

Let us look at Figures 9a and 9b. Because metal has a high
electrical conductivity, in fresh (low conductivity) water the
object has high electrical contrast magnitude, �� �. By compar-
ison, Delrin plastic has low electrical conductivity magnitude�
in fresh water this object therefore has low contrast. Conse-
quently, the magnitudes of the sensor readings are greater for
the same relative robot positions, which is evident by the larger
saturated lobes in Figure 9a (our data acquisition card saturates
at �10 V). However, as the analysis from Section 2.3 and Ap-
pendix A suggests, a relatively large difference in �� � translates
to a small change in target position that would correspond to
the same sensor observation. This results in qualitatively simi-
lar detection contours for the metal and plastic spheres, as seen
in Figure 9.

Disregarding the effects of noise, a high gain or large con-
trast factor favors longer range object detection, but these same
factors can lead to adverse effects. Most of the EEVs in Fig-
ure 9 exhibit significant regions that correspond to �10 V or

�10 V due to saturation of the data acquisition hardware. Re-
ferring to the EEVs in Figures 9a and 9b (same gain, but differ-
ent �� �), a sensor reading of�10 V would localize the target to
within the two relatively large white lobes in Figure 9a. How-
ever, the same sensor reading for the EEV in Figure 9b would
localize the target to a much smaller region.

6.2. Active Electrolocation

Figure 10 shows a typical electrolocation sequence, where the
EEV corresponds to Figure 9a. The 2500 particles are shown
as dots. The actual target location is a circle, in this case a
12�7 mm diameter stainless steel sphere. The position of the
electrodes on the robot are the diamonds (sensors) and squares
(electric field emitter). The asterisks represent the path of the
robot. The target is at coordinate x � 0, y � 0. The min-
var controller was used to choose the action at each time step.
The left column of figures is the belief immediately before the
observation, and the right column is the belief after the obser-
vation taken from this position is fused.

Figure 10a shows the particles randomly distributed over
the workspace since the robot initially only knows that the tar-
get is somewhere within the bounds of the workspace. In Fig-
ure 10b, the robot has updated its belief using a single obser-
vation and the particle filter algorithm described in Section 4.
Since the sensor measurement is near the RMS noise assumed
for the sensor, the particle filter kept most of the particles that
correspond to a sensor reading of close to 0 V. This trial uses
the controller that minimizes the expected spatial variance of
the particles at the next step. Based on the particles shown in
Figure 10b, the robot moves up 9�5 mm and right 4�5 mm. This
‘sense and move’ sequence is repeated until the uncertainty is
below the threshold (i.e. until the square root of the trace of the
covariance is less than or equal to 10 mm). Figure 11 shows the
final belief (dots).

The random walk controller was compared to the greedy
minimum-variance controller. Here, we look at two statistics
to evaluate the performance of the controllers (more statistics
are shown in Appendix B). The first statistic is the number
of failed trials (i.e. trials that need more than 35 steps) out of
the 50 total trials for each controller for each condition. The
other statistic is the median number of steps for completion.
Figure 12 displays these statistics for the 800 target electrolo-
cation trials (broken down by controller type and experimental
conditions) and suggests that the minimum-variance controller
is better at reducing both the number of failures and the median
number of steps to complete the task. The total number of fail-
ures for the rnd-wlk is 113 out of the 400 total, which is almost
six times as many as the 19 failures for the min-var controller.
For all eight of the experimental conditions, the median num-
ber of steps for completion is lower for the min-var controller.
The average of those medians is 12�4 steps for rnd-wlk and 6�7
for the min-var controller.
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Fig. 9. EEVs for the eight experimental conditions: (a) small metal, fresh, G � 191� (b) small plastic, fresh, G � 191� (c) large
metal, fresh, G � 103� (d) large plastic, fresh, G � 103� (e) small metal, salt, G � 1977� (f) small plastic, salt, G � 1977� (g)
large metal, salt, G � 148� and (h) large plastic, salt, G � 148. Small and large are 12�7 mm and 38�1 mm diameter spheres,
respectively. Fresh and salt are 160 �S cm�1 and 56 000 �S cm�1 water, respectively. G is the differential amplifier gain. Metal
is type 440-C stainless steel and plastic is Delrin plastic.
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Fig. 10. Snapshots of a typical electrolocation sequence: (a)
initial belief� (b) first observation� (c) move 	�4�5��9�5
mm�
(d) second observation� (e) move 	�8�9��9�3
� (f) third ob-
servation� (g) move 	�9�2��5�1
� and (h) fourth observation.
The localization criterion is met and the robot halts.

6.3. Pre-Detection Search

In 22% of the electrolocation trials, the robot’s starting posi-
tion was outside the detection range of the target (i.e. the ini-
tial position of the target fell outside the the solid contours in
Figure 9). For these trials, the initial electrosensory feedback

Fig. 11. Final snapshot of the same trial. The white x located at
x � 0�074� y � 0�001 is the centroid of the particles and is the
final position estimate for the target located at x � 0� y � 0.
The numbered asterisks are the positions visited by the robot.
Note that the axes have changed from the previous figure.

does not provide any reliable estimate of the location of the
target. However, the resulting belief is still improved since sig-
nificant portions of the target configuration space are inconsis-
tent with the observation (e.g. Figure 10b). The min-var con-
troller will move to minimize the expected particle variance,
which will usually drive the robot towards exploring novel re-
gions. Prior to initial target detection, the min-var controller
performs better than the rnd-wlk controller since it systemat-
ically eliminates regions of the target configuration space. In
addition rnd-wlk performs poorly in this case because it will
often revisit locations, which often does very little to improve
the belief. This hypothesis is consistent with the fact that when
electrolocation statistics (such as those shown in Figure 12)
were reanalyzed using only the 22% of the trials that began
outside the detection range, the min-var controller still outper-
formed the rnd-wlk controller.

6.4. Electrolocation Using the Zero-Crossing Controller

Table 1 shows the average electrolocation error for the zero-
crossing controller over the 50 trials for each of the eight
conditions. The target always remains at coordinate 	x	 �
0� y	 � 0
, but the center of the robot’s 160 mm by 160 mm
workspace to scan is generated randomly from within coordi-
nates 	x	 � �75� y	 � �75
. For each set of experimental
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Fig. 12. Performance of the rnd-wlk versus the min-var con-
trollers. The height of the bars are determined for the 50 trials
for each of the controllers for each of the experimental con-
ditions. The upper chart displays the number of failed trials.
The lower chart displays the median number of steps needed
to complete the electrolocation task.

conditions, the estimated position of the target is calculated as
the mean x	 coordinate and mean y	 coordinate of all 50 final
positions for that set of conditions.

Since the estimated position is calculated after the elec-
trolocation task, the data in Table 1 demonstrate the repeata-
bility of the electrolocation system and not necessarily its abil-
ity to locate a predefined reference point on the target. How-
ever, theory and empirical observations both suggest that the
zero-crossing reference point that we are localizing is the ac-
tual center of the 2D projection of the sphere.

Table 1. Electrolocation statistics for the eight experimen-
tal conditions tested for the zero-crossing-based control
scheme.

Experimental conditions Mean abs. error

x	 (mm) y	 (mm)

12.7 mm, steel in fresh 0.06 0.39

12.7 mm, plastic in fresh 0.05 0.64

38.1 mm, steel in fresh 0.05 0.93

38.1 mm, plastic in fresh 0.06 0.89

12.7 mm, steel in salt 0.23 0.47

12.7 mm, plastic in salt 0.14 0.59

38.1 mm, steel in salt 0.06 0.78

38.1 mm, plastic in salt 0.05 0.69

Table 1 reveals that the average magnitude of error in the x	
direction is less than 1 mm for each of the conditions and less
than 65 �m in 6 out of the 8 conditions. The large discrepancy
in precision between the x	 and y	 errors is most probably
due to the imperfect geometry of the electrodes relative to the
linear slides of the XY table.

6.5. A Global Localization Scenario

Thus far we have utilized the active electrolocator to local-
ize single spherical objects. We now demonstrate the robot’s
ability to localize itself in a much more complex environment.
From the standpoint of the particle filter-based electrolocation
algorithm, it does not matter if the measured EEV is of a single
target or of a complex layout of diverse objects.

For this set of experiments, six cylinders of different di-
ameters and conductivities were randomly dispersed with x	
and y	 coordinates within 	x	 � �80� y	 � �80
. The goal
of the robot was to localize itself relative to the origin of the
map. Table 2 summarizes the performance of the global lo-
calization task for all 100 trials (50 trials for each controller).
These global localization trials used the same protocol and
algorithms as the probabilistic-based single-target trials. Fig-
ure 13 depicts a self-localization sequence. The 2500 particles
are shown as dots and represent belief of the current location
of the center of the robot. The position of the electrodes on
the robot are the diamonds (sensors) and squares (electric field
emitter). The electrodes are only shown in the first frame. The
asterisks represent the actual path of the center of the robot.
The EEV corresponds to Figure 14. The min-var controller was
used to choose the action at each time step. The left column of
figures is the belief immediately before the observation and the
right column is the belief after the observation taken from this
position is fused.
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Table 2. Electrolocation statistics for the global localiza-
tion experiment involving the particle filter-based control
scheme.

Control Success Error (mm) No. steps
type (failure) (mean/median) (mean/median)

rnd-wlk 48(2) 1.3/1.0 11.8/11.0

min-var 49(1) 1.4/0.8 6.9/6.0

The results from the global localization trials show little
difference in the success and error statistics between the two
controllers tested. During many of the global localization trials
it was common for multiple clusters of particles to form in the
belief representation. As seen in Figure 14, multiple locations
in the EEV look locally similar. As a result, the minimum-
variance controller, which benefits from a local gradient, had
trouble disambiguating the multiple hypotheses. However, on
average, the minimum-variance controller was still able to
complete the task faster than the random walk controller.

6.6. Electric Field Power Consumption

While a number of saltwater organisms discharge electricity,
evidence suggests that these discharges serve defensive, of-
fensive or communicative purposes rather than for electroloca-
tion. This may be due to the increased power needed for gen-
erating a field in a highly conductive medium. In our case, un-
der fresh water conditions the electric field consumed 0�3 mW
of power. In saltwater, the electric field consumed 40 mW of
power, corresponding to the higher conductivity of the salt-
water compared to the fresh water (two orders of magnitude
higher).

6.7. Computed vs Measured Detection Distances

A similar analysis to that used in Section 2.3 was performed
for the emitter and detector layout used in the experimental
setup. The two emitters are again located at positions 	x �
�L2� y � 0� z � 0
 and the detectors are located at positions
	x � 0� y � �L2� z � 0
. The z coordinate of the center
of the target is fixed such that there is approximately 2 mm
clearance between the sensing/emitting electrodes and the top
of the target when directly above the center of the target. The
detection distance is the distance from the center of the target
to the origin (	x � 0� y � 0� z � 0
). As before, we wish to
find the detection distance along a 45 line passing through the
origin. However, as with the experimental setup, the center of
the target is not coplanar with the emitters and detectors.

Table 3 shows the measured and computed detection dis-
tance for the eight experimental conditions. In this table, the

Fig. 13. Snapshots of a typical global localization se-
quence: (a) initial belief� (b) first observation� (c) move
	�8�9��4�9
 (mm)� (d) second observation� (e) move
	�6�3� 8�6
� (f) third observation� (g) move 	8�1� 9�2
� (H)
fourth observation. The localization criterion is met and the
robot halts.

sensor noise is defined as � ntG (G is the gain on the dif-
ferential amplifier and � nt is determined experimentally). The
x and y coordinates of detection are determined by the inter-
section of the solid contours in Figure 9 with a 45 line pass-
ing through the origin. The constant offset z-coordinate of the
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Table 3. Empirically measured and theoretical detection distance.

Experimental conditions Sensor noise Detection distance R (mm)

(mV RMS) Measured Theoretical

12.7 mm, steel in fresh 0.25 32.7 32.7

12.7 mm, plastic in fresh 0.23 31.3 29.5

38.1 mm, steel in fresh 0.92 41.1 43.2

38.1 mm, plastic in fresh 0.86 41.0 39.3

12.7 mm, steel in salt 0.24 25.3 32.9

12.7 mm, plastic in salt 0.35 27.4 26.6

38.1 mm, steel in salt 0.49 39.6 46.5

38.1 mm, plastic in salt 0.31 41.3 45.3

Fig. 14. EEV used for global localization. This EEV serves as
the prior knowledge for the global localization experiments.
The origin of the image is shown as a circle. The color map
represents �10 V (white) to�10 V (black). Dotted lines are at
1 V increments.

center of the target is then taken into account. The equations
used to compute the theoretical values in Table 3 are the same
as those discussed in Appendix A and Section 2.3 except for
the location of the sensors and the fact that the observation
is the difference of the two sensor voltages. When computing
the detection distance, the following parameters where used:
L � 50 mm, E � 1 mm, A � 	12�7 or 38�1
 mm, Ve � 2 V
and � � 	�1 or � 12
.

The average magnitude of the difference between the mea-
sured and theoretical values in Table 3 is about 3 mm.

These relatively small discrepancies suggest that the theoret-
ical analysis presented in Sections 2.2, 2.3 and Appendix A is
able to predict performance in real electrosensory systems.

The average difference between the measured and theoreti-
cal values is about �2 mm, which means the theory is more
likely to overestimate the measured detection distance. The
model appears to predict detection distance much better with
the plastic spheres (where the expected error is � 0 mm and
error magnitude is � 2 mm) and worse with the metal spheres
(expected error is � �4 mm and error magnitude is � 4 mm).
Perhaps oxidation or other electrically impeding films on the
surface of the metal sphere rendered the sphere far from an
ideal conductor, thus significantly reducing �� � and decreas-
ing the actual detection distance.

7. Extensions

The only difference between the EEVs shown in Figures 9e
and 9f is that the magnitude of the electrical contrast factor (�
in Equation (4)) is greater with the plastic target than with the
metal target. An alternative to increasing the magnitude of � is
to increase the gain of the differential amplifier. If we disregard
the effects of noise, the sensor map shown in Figure 9e could
be made to look identical to that shown in Figure 9f by only
changing the gain on the differential amplifier (negative gains
are permissible). Armed with the controller’s proposed ability
to dynamically change G, an electrolocation algorithm could
take advantage of having both a high-gain EEV (good for long-
range detection) and a lower-gain EEV (good for precise lo-
calization when near the object). Interestingly, there is good
evidence for dynamic gain control in the electrosensory lateral
line lobe, the structure in the hindbrain of weakly electric fish
where all electrosensory data is initially processed (Bastian,
1986� Lewis and Maler, 2002).

Because of the commutative property of Bayesian filters,
the final belief shown in Figure 11 could have been achieved
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by four stationary sensor pairs positioned at the four asterisks.
As seen by the EEVs shown in Figure 9, a single observation
is almost never enough to establish a satisfactory belief of the
target location. However, the particles quickly converge to an
acceptable uncertainty level often with just a few movements.
A robot equipped with an array of sensors could potentially
locate the target without any motion between the sensor array
and object. This demonstrates how motion and sensing can be
traded off in active sensing systems. A parallel example from
the realm of biological active localization systems is provided
by the dolphin, which uses a narrow (10) sonar beam with
head scanning motions, possibly for increased sensing range
over what would be possible with a broader beam (Nelson and
MacIver, 2006).

All control algorithms employed by the electrosensory ro-
bot never look ahead more than one time step. Greedy con-
trollers are vulnerable to converging to unacceptable local
minima. Ideally, at each time step the controller would eval-
uate every possible path and proceed to execute the first action
in the trajectory that yields the best expected sensing informa-
tion. To make this strategy computationally practical, we must
limit the number of lookahead steps and perhaps use heuristics
to select which paths to evaluate.

One of the major drawbacks of the particle-filter-based con-
troller utilized in this paper is that it requires the EEV of the
object. It would be convenient if this time-consuming step of
EEV construction was eliminated. The similarities between the
modeled (Figure 2) and measured (Figure 9) EEVs suggests
that a theoretical EEV for a known target can replace a pre-
measured EEV. Alternatively, an EEV for an unknown target
could be estimated from EEVs that are expected to be sim-
ilar to that of the unknown object. For example, if the EEV
for 10 mm, 15 mm and 20 mm diameter metal sphere in fresh
water is known and the robot is searching for a 14�5 mm diam-
eter metal sphere in fresh water, the EEV for this novel object
could be approximated from the known EEVs.

Currently, the probabilistic-based controller searches for
the target in a two-dimensional place once it is given EEV that
depends on a particular water conductivity, target conductiv-
ity and target size. Alternatively, the robot could determine the
conductivity of the water by measuring electrical current and
voltage drop across the emitting electrodes. The conductivity
and diameter of the target could be two more dimensions in
the search space. This would dramatically increase the compu-
tational costs associated with the Monte Carlo approach. Prior
knowledge could lessen this additional burden. For example, if
only pure conductors or insulators are possible, then the belief
space would be reduced to two 3D spaces which is, of course,
more tractable than the full 4D space.

We do not solve the full EIT problem with our robot. EIT
usually implies measuring electrical properties at fixed elec-
trodes – which can act as both emitters and detectors – at the
periphery to estimate an impedance map of the interior. Our
robot employs an active sensing strategy to move towards po-

sitions of maximal information gain. Rather than construct an
impedance map, this movement generates a sequence of obser-
vations to electrolocate the target of interest.

For other studies, we have found that by shielding the ex-
perimental tank from electromagnetic interference from sur-
rounding lights and equipment, we can easily reduce the am-
bient noise levels by more than a factor of 32. Using the same
technique as discussed in Section 6.7 to compute the theoret-
ical values in Table 3, this noise reduction would result in de-
tection distance being roughly doubled.

8. Summary

We have presented a novel, biologically-inspired active elec-
trolocation system and demonstrated that it can successfully
localize simple objects under a wide range of conditions.

First, we used an analytical model (Equation (4)) to de-
velop an idealized (i.e. noise-free) EEV (Figure 2) and then
discussed an example of a probabilistic belief based on a hy-
pothetical noisy observation (Figure 3). The non-dimensional
detection distance was then computed as a function of the
non-dimensional noise at the sensor using the same analytical
model (Figure 5).

For the particle-filter-based electrolocation controller, the
belief of the target took the form of a population of particles,
where each particle represented a possible location of the tar-
get. As the robot received new measurements, the belief was
updated via a particle filter. A greedy controller that minimized
the expected variance of the particles was compared to a ran-
dom walk controller (summary of results in Table 4), and the
same algorithms were applied to the global localization prob-
lem (summary of results in Table 2). Our results show that
our electrolocation system could locate spheres with an av-
erage positional estimation error of �3% of the diameter of
the sphere. A simpler control algorithm exploited stereotypical
features of a class of sensor maps, and sub-millimeter accuracy
was achieved. Spheres were detected at distances similar to the
distance between the two field electrodes.
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Appendix A: Closed-Form Solution for Voltage
Perturbation

Here we derive Equation (5), which is also displayed at the
end of this appendix. Recall Equation (4) is an analytical so-
lution to the observed voltage perturbation 
V as a function of
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Table 4. Electrolocation statistics for the eight experimental conditions tested for the particle filter-based control scheme.
P = plastic� S = steel� water salinity: fresh 160 �S cm�1� salt 56 000 �S cm�1.

Water Sphere diam Control Success Error (mm) No. steps
salinity (mm)/material type (failure) Mean/median Mean/median

Fresh 12.7/S rnd-wlk 41(9) 2.0/1.5 10/9

Fresh 12.7/S min-var 50(0) 1.7/1.1 10/5

Fresh 12.7/P rnd-wlk 35(15) 2.1/2.0 9/10

Fresh 12.7/P min-var 50(0) 1.5/1.1 10/6

Fresh 38.1/S rnd-wlk 32(18) 2.2/2.8 15/23.5

Fresh 38.1/S min-var 44(6) 1.4/1.5 9/6.5

Fresh 38.1/P rnd-wlk 35(15) 2.4/2.8 10/9.5

Fresh 38.1/P min-var 49(1) 2.2/2.4 9/5

Salt 12.7/S rnd-wlk 35(15) 4.3/4.9 11/11

Salt 12.7/S min-var 49(1) 3.9/3.7 10/7

Salt 12.7/P rnd-wlk 41(9) 2.3/2.2 10/8.5

Salt 12.7/P min-var 50(0) 2.7/1.9 7/5

Salt 38.1/S rnd-wlk 37(13) 1.1/1.0 10/13

Salt 38.1/S min-var 45(5) 1.3/1.0 11/6.5

Salt 38.1/P rnd-wlk 31(19) 3.1/4.9 11/14.5

Salt 38.1/P min-var 44(6) 2.9/2.8 11/12.5

All conditions rnd-wlk 287(113) 2.4/2.8 10.8/12.4

All conditions min-var 381(19) 2.2/1.9 9.7/6.7

the relative target position xt, target radius a, the unperturbed
electric field at the center of the target Ef and the contrast fac-
tor � . We wish to find a closed form solution of Equation (4),
which is an explicit function of the experimental parameters.

If we assume the electric field is generated by two point
charges of �q and �q located at positions xp and xn, respec-
tively, then the electric field at position x can be computed as

E�x� � q k

�x� xp�3 �x� xp�� q k

�x� xn�3 �x� xn� (7)

where k is Coulomb’s constant. It is usually inconvenient to
specify the source of the electric field in units of charge, but if
the emitters are assumed to be spherical conductors, then the
equivalent charge for an emitter of radius E and voltage Ve is
qeq � Ve Ek.

Let us consider a simple emitter/detector layout that con-
sists of a single voltage detector located at the origin and
the two emitters separated by the distance L and at positions
xp � 	�L2� 0� 0
 and xn � 	L2� 0� 0
. We wish to de-
termine the detection distance R of a spherical target of ra-
dius A along a 45 line passing through the origin (see Fig-
ure 4). We first define the dimensionless parameters a � AL,
e � EL, r � RL and 
� � 
VVe. We then substitute qeq

into Equation (7) and then substitute the electric field equa-

tion into Equation (4) to arrive at a closed-form solution of
the dimensionless voltage perturbation as a function of the di-
mensionless target radius a, contrast factor � , emitter radius
e and distance to the center of target from the detector r (i.e.
Equation (5)):


��a� �� e� r� � �2 a3 � e
N1�r� � N2�r�

D�r�

where

N1�r� �
��

2� 4
�

2 r2 � 16 r3
��

1� 2
�

2 r � 4 r2�

N2�r� �
��

2� 4
�

2 r2 � 16 r3
� �

1� 2
�

2 r � 4 r2�

D�r� � r2
�

1� 2
�

2 r � 4 r2
� 3

2
�

1� 2
�

2 r � 4 r2
� 3

2
�

Likewise, we can perform the same analysis for the emit-
ter/detector configuration used in the experimental setup. The
location of the emitters are the same as above, but the loca-
tions of the detectors are now 	0��L2� 0
. In the experimen-
tal setup the location of the center of target was in the plane
z � ��E�O� relative to the plane containing the emitters and
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detectors, where O is an additional offset that enabled the elec-
trodes to pass safely over the target. In our setup, O � 2 mm.
When these new values for the positions of the detectors and
target are substituted into Equations (7) and (4) the closed-
form solution of dimensionless voltage perturbation can be ob-
tained. The length of this equation precludes its inclusion here.

Appendix B: Electrolocation Statistics

Electrolocation was performed using the EEVs shown in Fig-
ure 9 for the targets shown in Table 4. For a given starting po-
sition, if either controller yielded a failure trial, then data from
these trials was omitted in calculating the mean error and the
mean number of steps statistics. This was done because failure
trials often resulted in errors much larger than successful trials.
All data (including failure trials) were used in calculating the
medians.

Table 4 shows the performance of the electrolocation con-
trollers using three statistical measures:

1. Success trials: the number of trials that were labeled
a success. The number next to it in parentheses is the
number of trials that were labeled failure.

2. Error: distance between the actual and estimated target
location at the end of the trials. The mean error only con-
siders the trials that were a success for both controllers
for that starting position, while the median error consid-
ers all trials.

3. Steps: number of steps needed to complete the trials.
The mean calculation only considers successful trials
while the median calculation accounts for all trials.
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