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Abstract

Echolocating bats can navigate to salient places relying solely on their sonar sys-
tem. Currently, much about the mechanism underlying sonar-based navigation
in bats remains unknown, and no computational models of this ability have been
proposed. In this paper, we propose a computational model of sonar-based nav-
igation in bats. In particular, we advance a model explaining how bats could
assemble a cognitive map from their environment using only their sonar read-
ings. The model consists of a low-level obstacle avoidance loop that gives rise to
stable and environment derived flight corridors, i.e. preferred pathways for bats
flying through the environment, and a high-level mapping loop running on top
of the low-level loop that combines local view information extracted from echo
signals with local self-motion information to recognize previously visited places
and memorize their spatial relationships. Using this model, we simulate a bat
exploring unstructured environments while constructing a cognitive map using a
biologically plausible algorithm. The model we propose allows the simulated bat
to construct a global map of its flight paths through the environment without the
bat ever reconstructing the 3D layout of the local environment from any of its
received echo signals. Indeed, neither the obstacle avoidance strategy that guides
the bat through space nor the mapping algorithm requires the 3D geometric
structure of the environment to be accessible to the bat.
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1. Introduction

Echolocating bats can navigate to salient places (Schnitzler et al., 2003) rely-
ing solely on their sonar system. Indeed, bats deprived of sight have been found
to successfully return to their roost when displaced by up to 40 miles (Stones
and Branick, 1969; Williams et al., 1966; Davis and Barbour, 1970; Mueller and5

Emlen, 1957). Also, bats exploring completely dark flight cages have been shown
to retain spatial memory over long periods of time (Barchi et al., 2013). Moreover,
as in other mammals (Derdikman and Moser, 2010), place cells have been found
that encode the bat’s location while echolocating (Yartsev and Ulanovsky, 2013;
Ulanovsky and Moss, 2007). Currently, much about the mechanism underly-10

ing sonar-based navigation in bats remains unknown (Holland, 2007; Geva-Sagiv
et al., 2015) and no computational models of this ability have been proposed.

In this paper, we advance a computational model explaining how bats could
assemble a cognitive map representing the global layout of the flight corridors in
their environment using only sonar readings. The concept of a cognitive map has15

been employed di↵erently by various authors (Bennett, 1996). However, here we
use its original definition as a global spatial representation of the animal’s envi-
ronment (Tolman, 1948). We propose the bat constructs first a topological map
(Trullier et al., 1997; Franz and Mallot, 2000) representing only neighborhood
relationships, i.e., a graph representation with nodes corresponding to distinct20

places and edges to specific motor programs, that is subsequently and gradually
augmented with metric information, i.e., distances and directions, as the bat re-
visits the same distinct places. We have called such maps of the environment
augmented topological maps (Peremans and Vanderelst, 2013) and referred to
them as semi-metric maps because the accuracy of the metric information as-25

sociated with the nodes varies across the graph. For less-traveled parts of the
environment, the metric information can be unreliable, and the map is still mostly
a topological map. For well-explored parts of the environment, the metric infor-
mation can be used for optimizing paths: for instance, in calculating shortcuts.
As such, the model presented here is intended to model bats engaged in ‘middle-30

scale navigation’ as introduced in (Schnitzler et al., 2003).
The proposed model is based on two assumptions. First, we assume that,

while exploring a novel environment, purely reactive sensorimotor loops guide
the bat (Vanderelst et al., 2015). Second, we assume that bats can recognize a
place in the environment without reconstructing its local 3D spatial layout (Van-35

derelst et al., 2016). The first assumption is based on the observation that many
bats when commuting between roosts and feeding grounds follow distinct routes
along the edges of landscape structures traveling on flyways that show high spa-
tial constancy (Holderied et al., 2006; Schaub and Schnitzler, 2007; Verboom,
1998; Schnitzler et al., 2003). In a previous paper (Vanderelst et al., 2015), we40

have presented a simple obstacle avoidance algorithm, capable of steering a bat
2



away from obstacles in both 2D and 3D environments. In addition to avoiding
collisions, this mechanism also constrains the bat’s movement through the envi-
ronment causing it follow but a limited set of routes among all the possible ones
through a given environment. The second assumption derives from the observa-45

tion that the ability of cruising bats to reconstruct a 3D geometrical model of
the local environment from sonar echoes is inherently limited by the (1) field of
view (Surlykke et al., 2009; Jakobsen et al., 2013a,b), (2) update rate (Holderied
et al., 2006; Seibert et al., 2013) and (3) temporal resolution of their sonar sys-
tem (Simmons et al., 1989; Wiegrebe and Schmidt, 1996; Surlykke and Bojesen,50

1996). As an alternative to 3D geometric reconstructions, we investigated the
discriminative power of echo signatures extracted from a large body of sonar
echoes collected in real bat habitats (Vanderelst et al., 2016). An echo signature
is a biologically plausible range-energy representation of a sonar echo extracted
by calculating the envelopes of the outputs of a cochlear filterbank, dechirping55

these outputs and summing over the frequency channels. In brief, an echo signa-
ture is a coarse range-energy (or, time-energy) representation of the echo. Our
main result is then to show, using numerical simulations, how a robust mapping
capability arises out of the interactions of this low-level reactive behavior with
the echo signature based place recognition mechanism.60

2. The mapping Model

A problem central to building a cognitive map (and navigation in general) is
the fact that path integration measurements are typically noisy. If path integra-
tion (also referred to as odometry) were free of errors, building a cognitive map
would be trivial since the ego-motion trace could be used directly to form a cog-65

nitive map of the environment (Thrun and Leonard, 2008). Unfortunately, both
systematic and random errors accumulate rapidly (Thrun and Leonard, 2008;
Merkle et al., 2006; Cheung and Vickersta↵, 2010) thereby prohibiting the direct
use of the ego-motion. Therefore, building an accurate cognitive map requires an
animal to have a method for correcting accumulated path integration errors.70

In robotics, correcting path integration errors is usually done by averaging
the noisy odometry estimates across subsequent travels between places (Thrun
and Leonard, 2008). For large robots in confined spaces (or with long percep-
tual ranges, Williams et al., 2001) this has shown to be a feasible approach (e.g.,
Steckel and Peremans, 2013; Milford et al., 2004). The constraints imposed by75

the environment ensure the robot travels along a limited number of paths. This
results in the robot encountering the same places multiple times. This allows
the robot to accumulate a su�cient number of replications for a given path be-
tween two places. Over time, this leads to a faithful representation of the spatial
relationship between places.80
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For small animals (or robots) this approach is problematic. However, small
and agile navigators can follow many paths as the environment does not constrain
the motion to the same degree as it does for larger agents. Therefore, it is not
guaranteed that the agent will re-encounter the same places ever again. For
echolocating bats, the issue is further aggravated by their limited perceptual range85

(Stilz and Schnitzler, 2012), the small aperture angle (Jakobsen et al., 2013b;
Vanderelst et al., 2010) and the fact that echoes are aspect angle dependent (e.g.,
Yovel et al., 2009). This implies that, for a bat to recognize the echo signature
as that from a place it has visited before, it has to be in a somewhat similar
position and orientation than it was before. This is much less so for navigators90

with wide-aperture sensors, such as robots or insects with omnidirectional vision
(Lambrinos et al., 2000).

In summary, mapping requires robust place recognition to integrate mea-
surements across di↵erent encounters of the same places (Kuipers, 2000). Also,
because echoes are highly dependent on the location and orientation of a bat,95

any mechanism that limits the possible positions and orientations of a bat would
facilitate the construction of a cognitive map by guaranteeing the bat revisits the
same places multiple times.

2.1. Place recognition

Navigating and route-following require animals to recognize previously visited100

places (Franz and Mallot, 2000; Trullier et al., 1997; Kuipers, 2000). While it is
evident bats can identify places based on sonar (e.g., Barchi et al., 2013; Jensen
et al., 2005), it is largely unknown how they do this (Schnitzler et al., 2003)
and di↵erent mechanisms are possible (Geva-Sagiv et al., 2015). It has been
suggested that bats make use of the reconstructed local 3D geometrical structure105

to recognize places (e.g., Lewicki et al., 2013; Clare and Holderied, 2015). While
we agree that this hypothesis is su�cient to explain place recognition, we argue
that it accounts insu�ciently for the limitations of the bat sonar system. More
importantly, it is not necessary.

As an alternative to the assumption that bats reconstruct the 3D layout of110

the environment, we recently proposed that bats directly use the cochlear output
(Vanderelst et al., 2016), extending the template based classification approach
described by Wiegrebe (2008) and Kuc (1997a,b,c). Under this hypothesis, bats
are assumed to match the output of the cochlea to a set of stored templates, i.e.,
recognizing the echo signature of previously visited places, obviating the need for115

complex reconstruction algorithms extracting 3D spatial information from the
echo signals at the two ears. As it uses the sensory input directly, this approach to
place recognition is analogous to the view-based place recognition that is thought
to underlie visual navigation in many insects (Zeil et al., 2003; Graham, 2010).
In addition to circumventing the computationally hard problem of deriving a 3D120
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spatial representation from complex echo signals, robotic experiments have shown
such acoustic templates to be highly discriminative (Steckel et al., 2013). In a
convincing demonstration of the power of this approach, Kuc (1997c) showed a
sonar device to be capable of detecting which side of a coin is up using simple
echo templates.125

In recent work (Vanderelst et al., 2016), we collected a large body of echo
trains from a number of natural environments. Using a model of bat cochlear
processing (Wiegrebe, 2008), we constructed biologically plausible templates. We
found that these templates are also highly discriminable. Even the echoic tem-
plates from nearby places in the environment can be correctly classified. There-130

fore, templates can be used to recognize distinct places in the environment. Be-
sides, nearby templates tend to resemble each other (more than templates from
places further away). Thus, it is possible to recognize a given place even if the
bat is not exactly in the same position and orientation a template was collected.
Hence, our work characterizing real bat habitats (Vanderelst et al., 2016) and135

work in robotics (Steckel and Peremans, 2013; Kuc, 1997a,b,c) shows that acous-
tic templates can be used as a mechanism to recognize distinct places.

In summary, the mapping model presented in this paper assumes that bats
can recognize di↵erent locations in the environment using their echo signature,
as encoded in a template. As we have demonstrated empirically this is possible140

(Vanderelst et al., 2016; Steckel and Peremans, 2013), we do not model place
recognition explicitly. Instead, we use the statistical properties of the previously
recorded templates to parameterize the model (see below for details).

2.2. Path-constraining sensorimotor loops

Recently, we proposed an algorithm for obstacle avoidance in bats that relies145

on a very simple, yet robust, mechanism comparing the loudness of the onset of
the echoes at the left and right ear and turning away from the side receiving the
loudest echo (Vanderelst et al., 2015). This simple obstacle avoidance algorithm
can steer the bat away from obstacles in both 2D and 3D environments. Impor-
tantly, the algorithm does not assume bats reconstruct the spatial layout of the150

obstacles from the echoes. As such, this algorithm is compatible with template
based place recognition proposed in the previous section.

The obstacle avoidance algorithm highly constrained the movement through
the environment causing the bat to follow a limited set of routes through a sim-
ulated given environment (See figs. 5, 8, 9 & 13 in Vanderelst et al., 2015).155

Therefore, this obstacle avoidance mechanism but also other environment-driven
guidance behaviors (Geva-Sagiv et al., 2015), e.g., edge following (Verboom et al.,
1999; Holderied et al., 2006), that make bats follow a restricted set of routes
through the environment while exploring, could potentially allow bats to build a
template based description of the environment. Note that several such guidance160
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Figure 1: Illustration of the mapping model. Dashed boxes indicate parts of the model that
have not been implemented in the current paper. Details in the text.

behaviors could be active simultaneously, each one driven by a particular sensori-
motor loop transforming sensory input into motor commands (Brooks, 1986). A
parallel control architecture along these lines has been proposed as a model of bi-
ological sensorimotor control (Mataric and Michaud, 2008; Brooks, 1986; Pfeifer
and Bongard, 2006). In these controllers, a selection mechanism is used to ensure165

only a single sensorimotor loop provides input to the motor system at each point
in time (Pirjanian, 1999).

In this paper, we only tested a single sensorimotor loop for its ability to sup-
port mapping. In particular, we re-implemented the obstacle avoidance mecha-
nism we previously proposed (Vanderelst et al., 2015).170

2.3. Model Functionality

Figure 1 illustrates the mapping model, combining (1) template based place
recognition and (2) independent sensorimotor loops guiding the bat through the
environment. Echoes received by the bat are processed by the auditory periphery
(fig. 1, label a). The output of the cochlea is assumed to be processed by a number175

of independent sensorimotor loops (fig. 1, label b). Each of these generates a
set of prospective motor commands steering the bat (fig. 1, label d). A selection
mechanism (fig. 1, label c) is assumed to select one of the proposed motor
commands to be executed. Note that, as we only implement obstacle avoidance
in the current paper, no selection mechanism is required.180

While the bat explores the environment, steered by the sensorimotor loops,
it builds a database of acoustic templates identifying distinct places in the envi-
ronment (fig. 1, label e). In combination with the (noisy) odometry information
(fig. 1, label f), the database of templates is used by a mapping algorithm (fig.
1, label g) to construct a semi-metric map of the environment (fig. 1, label h).185

In our model, using the map for navigation would entail selecting the appropri-
ate sensorimotor loops based on the map (fig. 1, label i). Thus, the selected
sensorimotor loop would act as a local navigation strategy taking the bat to the
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next location, where another loop might be selected (Franz and Mallot, 2000).
However, in this paper we only model mapping.190

3. Methods

3.1. Acoustics and arenas

Two-dimensional arenas with a radius of 25 meters were generated to test the
mapping algorithm. Each of the 1 m2 patches of the arena could be occupied by
a single reflector. The reflectors were assumed to be vertical chains, a type of195

obstacle that has also been used in behavioral experiments (Barchi et al., 2013;
Petrites et al., 2009).

The first step in generating an arena was to smooth (Garcia, 2010) an array
of 50 ⇥ 50 elements containing random numbers. Each element of this array
corresponds to a single patch in the arena. Next, a proportion p of the arena’s200

patches corresponding to the array elements with the p proportion of highest
values were populated with a reflector. We generated arenas with five di↵erent
coverage levels p, i.e., from 10% to 50% in steps of 10 %. For each of the five
coverage levels, 25 di↵erent arenas were generated.

The model we present is not species-specific. However, morphological and205

echolocation parameters are correlated across species of bats (e.g., Jones, 1999).
Therefore, in the current paper, parameters for a single species are used to ensures
that the combination of parameters is realistic. Thus, we modeled the echoes re-
ceived by a bat flying through the arenas based on the parameters of the bat
Phyllostomus discolor (Kwiecinski, 2006). This bat emits short frequency modu-210

lated pulses with a fundamental ranging from about 23 to 16 kHz (Schuchmann
et al., 2005). However, most energy is usually contained in the 3rd-5th harmonics
which range from about 45 to 100 kHz (Firzla↵ and Schuller, 2003).

The strength of the echo in dB returning from each chain i was derived from
measurements reported by Petrites et al. (2009). These authors ensonified plastic215

chains using FM sweeps from 110 to 15 kHz and measured the strength of the
echoes returning for chains at distances between 0.23 and 1.42 meter. The chains
used by Petrites et al. (2009) were composed of links 4.0 cm wide, 7.5 cm long,
and 1.0 cm thick. Following a procedure used by Stilz and Schnitzler (2012), the
measured echo strengths were used in the following linear regression,220

�L = C1 + C2 · log10
r

0.1
(1)

with �L the loss in echo strength (with respect to the call intensity, in Decibels)
and r the distance to the chain. In this equation, the parameters C1 and C2

represent the reflector strength and the spreading loss, respectively (Stilz and
Schnitzler, 2012).
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The values of �L were taken from the data as reported by Petrites et al.225

(2009) and corrected for atmospheric attenuation. The best fitting values for C1

and C2 were �6.59 and �12.34, respectively (see fig. 2). Hence, at each simulated
call, equation 2 is used to determine the echo strength E

i

of chain i at distance
r
i

and angle ↵
i

E
i

= s
bat

+ d
↵i � 6.59� 12.34 · log10

r
i

0.1
+ 2r

i

a
f

(2)

In equation 2, s
bat

is the strength of the call at 10 cm from the mouth, in this paper230

taken to be 110 dB
SPL

. The parameter d
↵i gives the directional sensitivity of the

sonar apparatus of the bat for angle ↵
i

. The directional sensitivity of the bats
sonar d

↵i was available from earlier simulation studies (Vanderelst et al., 2010;
De Mey et al., 2008). The parameter a

f

denotes the atmospheric attenuation.
Instead of modeling a di↵erent atmospheric attenuation a

f

for each frequency235

component of the call, a single attenuation of -2.37 dB/m is used. This corresponds
to average atmospheric attenuation across the interval 45-100 kHz (Bass et al.,
1995).

3.2. Obstacle avoidance and simulated flights

In this paper, the bat is assumed to explore the arena steered only by obstacle240

avoidance. The obstacle avoidance strategy modeled here is identical to the
strategy we proposed in our previous work (Vanderelst et al., 2015). It assumes
the bat compares the amplitude of the onset of the echo trains in the left and the
right ear. If the amplitude of the onset is higher in the left than in the right ear,
the bat turns right (and vice versa).245

The simulations used a fixed inter pulse interval of 100 ms. Thus, we modeled
the bat emitting a call every 100 ms. We were unable to find data on the call
rates used by P. discolor. However, data on other FM bats shows that 100 ms is a
realistic interval for cruising bats flying in cluttered environments (Surlykke and
Moss, 2000; Verboom et al., 1999). For each simulated call, the echo amplitudes250

(E
i

, eq. 2) of the echoes received within 1 ms after the first detectable echo at
each ear were summed,

L
x

=
X

8Ei>0

10
Ei
20 (3)

This resulted in the amplitude of the echo train onset L
l

and L
r

at the left and the
right ear, respectively. As indicated in equation 3, echoes with an amplitude E

i

below 0 dB
SPL

were disregarded in calculating L
l

and L
r

as they were considered255

to be undetectable. The hearing threshold for P. discolor has been measured
using several methods (Reviewed by Ho↵mann et al., 2008). The behavioral
threshold, in the frequency range of the echolocation calls was found to be lower
than 0 dB

spl

(about -10 dB
spl

, Ho↵mann et al., 2008). However, a threshold of 0
8
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Figure 2: Determining the echo strength of the chains as a function of distance d. The red
data points were taken from Petrites et al. (2009) and represent the echo strength (relative
to the emission strength) recorded for plastic chains at various distances. We corrected the
values for atmospheric attenuation assuming a perfectly flat spectrum in the range 20–60 kHz.
This corresponds to the interval containing the most energy in the ensonification signals used
by Petrites et al. (2009). The equation of the regression line – obtained using the procedure
proposed by Stilz and Schnitzler (2012)– is shown in the graph.
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dB
spl

was used in the model to account for the hearing threshold under natural260

conditions probably being higher than that measured in the lab.
The direction of rotation (left versus right) of the bat depended on the inter-

aural level di↵erence of the echo onsets. In addition, its rotational velocity was
set based on the linear velocity of the bat. Hence, the new rotational velocity !

r

(in degrees per second) after call n was given by,265

!
r

=

(
+665� 116 · v

b

if L
r

< L
l

�665 + 116 · v
b

if L
r

� L
l

(4)

with v
b

the current flight speed. The flight speed of the bat v
b

(in ms�1) was
updated after each call depending on the distance of the first detectable echo as
follows,

v
b

=

(
0.3 + 0.94 ·min

i

(r
i

) if min
i

(r
i

) < 5

5 if min
i

(r
i

) � 5
(5)

with min
i

(r
i

) the distance to the nearest chains returning a detectable echo.
Hence, the maximum speed of the bat was set to 5 ms�1. For distances smaller270

than 5 m, the flight speed of the bat was linearly decreased to 0.3 ms�1 at a
distance of 0 m. The parameters for setting both the flight speed and rotational
velocity used here have been motivated in our previous paper (Vanderelst et al.,
2015).

Note that eq. (3) does not take into account interference between echoes275

thereby possibly changing the relative strength of L
r

and L
l

(and therefore the
sign of !

r

) for a certain proportion of the calls. To obtain an estimate of the prob-
ability of this happening we simulated the interference between 2 to 10 echoes
using a model of bats auditory periphery (Wiegrebe, 2008) (See supporting ma-
terial for details). This procedure resulted in an estimate of the probability P (n)280

that interference changes the relative strength of L
r

and L
l

given n detectable
echoes. Hence, as a phenomenological model of the e↵ect of interference, we in-
verted for every call the sign of w

r

with a probability P (n) depending on the
number of detectable echoes.

Ubernickel et al. (2013) found a reaction time of about 50 ms to transient285

targets in the trawling bat Noctilio leporinus. This agrees with a similar range
of reaction times of 47-63 ms found by Melcón et al. (2007). Hence, we allowed
for 50 ms to process the echoes. As such, the time interval �t between the call
emission and the start of the turn is the sum of (1) the time for the first echo to
arrive, (2) a 1 ms interval over which the echoes are integrated, and (3) a 50 ms290

delay, modeling the reaction time. Therefore, �t (in seconds) is equal to,

�t =
50 + 1

1000
+

2 ·min
i

(r
i

)

v
sound

with v
sound

= 344 (6)
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During this interval �t, the current direction and speed of flight were maintained.
After this interval, the bat rotated for the remainder of the inter pulse interval.
If �t was longer than 100 ms, the bat was not rotated. Hence, the (magnitude
of the) angle ✓ rotated by the bat was given by,295

✓ =

(
(0.1��t) · !

r

if �t < 0.1

0 if �t � 0.1
(7)

Likewise, the displacement s (meters) by the bat was given by,

s =

(
(0.1��t) · v

b

+�t · v
b

if �t < 0.1

0.1 · v
b

if �t � 0.1
(8)

The simple algorithm outlined above was previously shown to steer free from
obstacles in 2D and 3D environments (Vanderelst et al., 2015). However, the
algorithm was not perfect at avoiding obstacles. Hence, we introduced a strategy
to deal with near-collisions. Whenever the simulated bat detected an echo from300

a chain less than 1 meter away, it was turned around by 180�. As the chains
were spaced 1 meter apart, this also guaranteed that the bat would not fly in
between the chains. P. discolor has wing loading of about 13.6 N/m2 (Giannini
and Brenes, 2001). Based on the data of Aldridge (1987), the bat should be able
to execute turns with a maximum curvature of about 20 m�1, or with a radius305

of 5 cm. This agility allowed modeling the bat as being able to turn on the spot.
It should be noted that, in comparison with many species, P. discolor has a high
wing loading. Therefore, other species are able to perform even tighter turns
(Aldridge, 1987).

We simulated the bat exploring each of the 25 arenas for each of the 5 cov-310

erage levels for 15 minutes in 5 flights of 3 minutes each (i.e., 1800 calls with an
interpulse interval of 100 ms) – the bat was steered using the obstacle avoidance
strategy described above. For each flight, the bat was returned to the starting
position, i.e., the centre of the arena.

3.3. Modelled Odometry Errors315

As the simulated bat explores the arenas, it is assumed to keep track of its
position by path integration (Mittelstaedt and Mittelstaedt, 1982). In mammals,
this is usually done by vestibular and kinaesthetic sensor systems (Seguinot et al.,
1998) or visual information (e.g., Lappe et al., 2011). In bats, an additional sys-
tem providing odometry information has been identified. Micro-hair cells covering320

the bat’s wings detect changes in airflow providing information about its air speed
(Sterbing-D’Angelo et al., 2011).

In animals, odometry estimates are confounded by both systematic and stochas-
tic errors (e.g., Cheung and Vickersta↵, 2010; Merkle et al., 2006; Loomis et al.,
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1999; Wolf, 2011; Seguinot et al., 1998). These have been studied in a range of325

organisms, including insects (e.g., Wolf, 2011; Müller and Wehner, 1988), mam-
mals (Séguinot et al., 1993; Mittelstaedt and Mittelstaedt, 1982; Seguinot et al.,
1998) and humans (Loomis et al., 1999; Lappe et al., 2011).

Many experiments have characterised the errors in homing after outward jour-
neys consisting of a small number of straight legs. For journeys consisting of only330

2 legs, models have been proposed that successfully predict the systematic errors
(Müller and Wehner, 1988; Loomis et al., 1999; Merkle et al., 2006; Séguinot
et al., 1993; Seguinot et al., 1998). Homing errors after longer and more complex
journeys are not well described by these models. Hence, models that predict the
systematic errors in path integration accumulated during long complex journeys335

are currently lacking (See Lappe et al., 2011, for an exception).
Fortunately, for the purpose of the current paper, we only need a model of

the odometry errors for the short travels between a given recognized place i and
the next place j. Indeed, the mapping algorithm described below only uses these
pairwise odometry estimates in building a map. As will become clear in the next340

section, the distance travelled between two locations i and j is limited. Hence,
the number of directional updates between i and j will be small and we can use
the models and data describing odometry errors for short journeys.

3.3.1. Random Errors

Mittelstaedt and Mittelstaedt (1982) and Séguinot et al. (1993) reported on345

experiments with gerbils and hamsters returning to their nest after a straight
outward path. To return home, the animals needed to perform a 180� turn. The
mean angle turned by the animals corresponded very well with the required turn.
However, the variability of the turns executed by the gerbils showed a 10-20�

standard deviation. This corresponds to a standard deviation of 5-10% of the350

average turn of 180�. A similar value for the standard deviation was found for
dogs turning by 90� on the outward path (Seguinot et al., 1998). Based on this
convergency across species, we modeled the random noise on the registered turn
as follows,

✓̂ = ✓ · "
✓

with "
✓

⇠ N (1,�
"✓ = 0.1) (9)

In equation 9, ✓ is the real angle turned by the bat (eq. 7) whereas ✓̂ denotes the355

bat’s own estimate of this turn angle. Likewise, some random error was imposed
on the distance travelled. The variability (standard deviation) in the distance
errors made by homing dogs was about 13% of travelled distance (Seguinot et al.,
1998). Using this value, the random noise on the travel distance s (eq. 8) was
modeled as follows,360

ŝ = s · "
s

with "
s

⇠ N (1,�
"s) (10)

The true current heading direction '
n

of the bat (with respect to a coordinate
system fixed to the arena) after the nth call was simply the sum of all rotations ✓

k
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(eq. 7) performed up to that point. Likewise, the absolute heading as estimated
by the bat was obtained by summing all estimated rotations ✓̂

k

(eq. 9). Hence,

'
n

=
nX

k=1

✓
k

and '̂
n

=
nX

k=1

✓̂
k

(11)

Similarly, the true total travel distance s
n

after the nth call was simply the sum365

of all displacements performed up to that point and analogously for the estimated
total travel distance

s
n

=
nX

k=1

s
k

and ŝ
n

=
nX

k=1

ŝ
k

. (12)

Finally, based on either '
n

, s
n

or '̂
n

, ŝ
n

, the real and the estimated displacements
in x and y were given by,

�x
n

= cos'
n

· s
n

, �y
n

= sin'
n

· s
n

(13)

�x̂
n

= cos '̂
n

· ŝ
n

, �ŷ
n

= sin '̂
n

· ŝ
n

(14)

3.3.2. Systematic errors

In a seminal paper, Müller and Wehner (1988) presented data and a model
capturing the errors made by homing desert ants. The same model has been suc-370

cessfully used to describe the behavior of golden hamsters in homing experiments
(Séguinot et al., 1993). Merkle et al. (2006) showed that the predictions of this
model can be explained parsimoniously by assuming that the animals’ estimate of
the travelled distance is kept track of by means of a leaky integrator, formalized
in Cartesian coordinates by Lappe et al. (2011) as follows,375

�x̂0
n

=
1� e�↵�x̂n

↵
, �ŷ0

n

=
1� e�↵�ŷn

↵
(15)

In this equation, �x̂ and �ŷ are the noisy registered displacements in both the
x and y-direction (eq. 14). The parameter ↵ denotes the leakage rate, here set
to 0.022 based on experiments with humans (Lappe et al., 2011). It should be
noted that this leakage rate is higher than the rate found to best fit data from
insects (i.e., ↵ ⇠ 0.01, Merkle et al., 2006). This agrees with the observation380

that mammals are less skilled path integrators than insects (Lappe et al., 2011;
Seguinot et al., 1998).

3.3.3. Position estimate

The real x,y-position P ?

n

of the bat after the nth call was given by,

P ?

n

=


nP

k=1
�x

k

,
nP

k=1
�y

k

�
(16)
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Likewise, its own estimate of its position P̂
n

as based on (the noisy) path inte-385

gration as described above was given by,

P̂
n

=


nP

k=1
�x̂0

k

,
nP

k=1
�ŷ0

k

�
(17)

containing both random (eq. 9 & 10) and systematic (eq. 15) errors. Note that
for values of n that are multiples of 1800, both P ?

n+1 and P̂
n+1 are [0, 0] as the

bat was reset to the initial position after each 3 minutes flight (or 1800 calls).
Likewise, both the true and estimated absolute orientation of the bat, ' and '̂390

(eq. 11), were reset to 0 every 1800 calls.
Equations 9, 10 and 15 imply that, as the bat explores the arena, the accuracy

of its position as estimated based on path integration (relatively to the origin)
will deteriorate quickly. Both random and systematic errors in odometry will
result in a (large) discrepancy between P̂

n

and P ?

n

.395

3.4. Mapping Algorithm

Several robotic algorithms have been proposed to build a map from inherently
noisy odometry measurements (Thrun and Leonard, 2008) where the odometry
measurements can be derived from both proprioceptive and exteroceptive sensors.
Among these, the so-called Simultaneous Localization and Mapping (SLAM) al-400

gorithms exploit the fact that over small distances odometry estimates are more
reliable than over large distances. Therefore, the estimate of the relative posi-
tion of two nearby places i and j visited in succession will be fairly accurate.
In brief, SLAM methods would, as an agent travels through space, assign each
distinguishable place i, with real coordinates P ?

i

, a set of estimated coordinates405

P̂
i

, based on its current odometry-based position estimate P̂
o

. Over time, the
reliability of the coordinates P̂

o

estimated through path integration deteriorate.
This will become apparent whenever the agent revisits a place i and the previ-
ously estimated coordinates P̂

i

of this place deviate from the current odometry
based estimate P̂

o

. In other words, the agent finds itself at a place i to which410

it has previously assigned coordinates P̂
i

while its current path integration pre-
dicts it is at (the di↵erent) coordinates P̂

o

. SLAM methods allow resolving such
inconsistencies and obtaining a reliable estimate of location coordinates P̂

i

by
integrating multiple noisy odometry measurements P̂

o

.
In the current paper, we assume the bat employs a biologically plausible415

SLAM algorithm to convert the noisy odometry information into a semi-metric
map of the environment. The specific mapping algorithm used in this paper
follows the general outline indicated above. In particular, the method we use
is derived from RatSLAM, i.e., a bio-inspired mapping algorithm (e.g., Milford
et al., 2004; Wyeth et al., 2011).420
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Figure 3: Distributions of �di and �ri as used in this paper. These distributions were obtained
by ensonifying real bat habitats as reported in previous work (Vanderelst et al., 2016). An
asterisk (?) above the bar indicated that it represents lumped data. Each panel features a
boxplot of the data.

SLAM algorithms require that locations in the environment can be reliably
recognized by the agent. In accordance with our robotic experiments (Steckel and
Peremans, 2013) in an o�ce environment, we assume the bat can use echolocation
to recognize a place i it has visited before if it revisits the same location to within
a distance of �d meter. In addition, recognizing place i is assumed to require that425

the bat’s orientation is similar to the orientation it had when first visiting location
i. The maximum angular di↵erence in orientation that still allows position i to
be recognized is denoted by �r.

In our simulations, the values of �d and �r were sampled for each place i
from two empirically determined distributions (fig. 3) derived from previous work430

(Vanderelst et al., 2016). As mentioned above, we proposed template based place
recognition might underlie sonar-based navigation in bats. Under this hypothe-
sis, bats recognize places by remembering their echo signature - rather than their
3D layout. To test this hypothesis, we collected a large body of ensonification
data in three di↵erent bat habitats. We proposed that the hypothetical templates435

could consist of a time-intensity profile derived directly from the cochlear out-
put. Calculating such templates, we assessed their rotational and translational
attractor regions. This is, we calculated for each template how far away and over
what rotation the template could still be correctly classified. In e↵ect, this data
provides us with a distribution for �d and �r that can be used in the current440

paper.
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While exploring the environment, guided by the obstacle avoidance sensori-
motor loop described above, the bat updates its current estimated position P̂

o

based on its estimated rotation ✓̂ and speed v̂
b

with each call. Next, it checks
whether the current place i is in the set of places I that it has visited before. In445

other words, the bat checks whether it recognizes the current location. As stated
above, the bat is assumed to recognize the current place if both of the following
requirements are satisfied,

1. The current true position of the bat P ?

n

di↵ers by less than �d
i

from the
true position P ?

i

of location i.450

2. The current true orientation of the bat '
n

di↵ers by less than �r
i

degrees
from the orientation it had when first encountering location i.

In case place i is not recognized, the bat memorizes place i as being newly visited
(i.e., it adds i to set I) and assigns it the coordinates of its current estimated
position P̂

o

(fig. 4a),455

if i 62 I : P̂
o

! P̂
i

(18)

In addition, values for �d
i

and �r
i

are sampled from the distributions (depicted
in fig. 3) and associated with location i. Finally, the current orientation of the bat
'
n

is stored as ✓
i

. Therefore, in the future, the bat will recognize position i if it
approaches P ?

i

to within less than �d
i

meter and with an orientation that di↵ers
by less than �r

i

degrees from the orientation ✓
i

it had when first encountering i.460

In other words, by sampling �d
i

& �r
i

and storing these values together with ✓
i

,
the simulation sets up an attractor region around P ?

i

inside of which the bat can
recognize position i. It should be stressed that the bat has no access to either its
own true location P ?

n

or orientation '
n

. Neither does it have access to the true
locations of the positions P ?

i

. If the bat encounters a location i that is recognized465

as a known place, the bat updates its own estimated location to the coordinates
P̂
i

associated with place i (fig. 4b), i.e.,

if i 2 I : P̂
o

 P̂
i

(19)

This implies that the bat disregards the noisy odometry-based estimate of its
current position P̂

o

in favor of the estimated position for location i, P̂
i

. This is
done because P̂

i

, as will be discussed in the next paragraph, is an estimate based470

on the integration of multiple estimates P̂
o

. As such, P̂
i

will be generally more
accurate than P̂

o

.
As said, SLAM algorithms provide methods for integrating multiple odometry-

based estimates of a location’s true position. In this paper, this is achieved by
a so-called graph relaxation algorithm (Wyeth and Milford, 2009; Thrun and
Leonard, 2008). After having travelled from a known place i to another known
place j the bat stores an odometry based estimate of the displacement Ô

ij

as

16



Figure 4: Illustration of the mapping process. (a) As the bat explores the environment, it
adds new positions P̂i to the set of known locations I (here, i ranges from 1 to 7). Due to
accumulating odometry errors the distance between the real position P ⇤

i (red) and P̂i (green)
increases over time. In panel (b), the bat recognized the previously visited location P ⇤

1 . The
discrepancy between P̂0 (the bats current estimate of its own position) and P̂1 (the bats position
of location 1) results in an error (panel c). The bat will set P̂0 to P̂1 (eq. 19). Next, in panel
d, the error is taken into account by running the relaxation algorithm (eq. 20). This results in
new position estimates for locations P̂i (red line) that are closer to the true positions P ⇤

0 (green
line) than the original estimates P̂i (red dots).

accumulated between positions i and j. After each call, the algorithm loops
through all stored places i and updates the assigned coordinates as follows (fig.
4c-d),

P̂
i

 P̂
i

+ w ⇥ [⌃
j

(P̂
i

� P̂
j

� Ô
ij

)+

⌃
k

(P̂
k

� P̂
i

� Ô
ki

)] (20)

In equation 20, indices j indicate places the bat travelled to from location i. In-
dices k indicate places from which the bat travelled to location i. The parameter
w governs the update rate and was set to 0.05. By iteratively applying equation475

20, the relaxation algorithm attempts to increase the congruency between odom-
etry based estimates and coordinate based estimates of displacements between
known places (fig. 4d).

3.5. Random exploration

We assessed explicitly whether the obstacle avoidance behavior facilitated480

map formation. To this end, we altered the steering algorithm to behave ran-
domly. At each call, the direction of turning (left or right) was chosen at random.
Also, the flight speed was chosen randomly in the interval 0.3 to 5 ms�1. As de-
scribed above, the magnitude of the rotation was chosen based on flight speed
(see eq. 5).485

3.6. Evaluation of the map

The output of the mapping process described above is an estimated position
P̂
i

(with respect to the origin) for each location i in the set I. A defining feature
17



of semi-metric cognitive maps is their accurate representation of the distances
between all mapped features, even if these are far apart. As such, a quantitative490

measure Q
m

of the metric quality of the estimated locations P̂
i

can be obtained by
assessing the correlation between the pairwise distances for all places as mapped
(P̂

i

) and in reality (P ?

i

),

Q
m

= corr
ij

(|P̂
i

, P̂
j

|, |P ?

i

, P ?

j

|) (21)

A high value Q
m

indicates that the map has preserved the distances between
places as they occur in the environment.495

As odometry errors increase with the distance travelled, it can be expected
that the cognitive maps will represent local relationships more accurately than
global ones. To test whether this is the case, we use a second measure of quality
Q

t

.
To calculate Q

t

, we first performed a non-rigid registration (Myronenko and500

Song, 2010) of the estimated positions P̂
i

to the real positions P ?

i

resulting in
an updated set of estimated positions P̂ 0

i

for the locations i in the set I. This
registration does not conserve global distances and allows for global deformations
of the map. However, it does conserve distances locally. The metric quality of
these registered positions P̂ 0

i

were then again assessed using the same correlation505

measure,
Q

t

= corr
ij

(|P̂ 0
i

, P̂ 0
j

|, |P ?

i

, P ?

j

|) (22)

The di↵erence between Q
m

and Q
t

is an indication of how well the mapping
algorithm preserves the global scale metric properties of the environment. If
Q

m

⌧ Q
t

, then some global deformations occurred in the construction of the
cognitive map.510

To judge the localization improvement due to mapping as such, the metric
quality of the bat’s own location estimates using path integration only, i.e., no
mapping, was assessed by calculating the correlation between the pairwise dis-
tances for all bat locations as estimated (P̂

n

) and in reality (P ?

n

), resulting in the
measure Q

p.i.

,515

Q
p.i.

= corr
nm

(|P̂
n

, P̂
m

|, |P ?

n

, P ?

m

|) (23)

Equation 23 is essentially the same as equation 21, without applying the mapping
as described by equations 18, 19 and 20.

4. Results

4.1. Obstacle avoidance and resulting paths

A single example of the arenas for each level of coverage is given in figure 5.520

These figures also show the simulated paths of the bat. These plots show that, as
in our previous work (Vanderelst et al., 2015), the obstacle avoidance algorithm
was successful in steering the bat through the environment.
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Figure 5: Examples of generated flight paths (P ?
n , eq. 16) for a single replication for each of the

5 levels of coverage. Green dots are chains while the red lines depict the simulated flight path
of the bat. In the top row panels, the bat was steered by the obstacle avoidance algorithm. In
the bottom row, the obstacle avoidance algorithm was replaced by random exploration.

4.2. Use of space

We hypothesized that the obstacle avoidance algorithm would constrain the525

paths followed by the bat and limit the proportion of space used. Furthermore,
we hypothesized that the positions would only be visited with a limited range of
orientations (or headings). Therefore, we assessed what proportion of the state
space is being used by the bat as a function of coverage. For each of the 25
replications and each of the 5 levels of coverage, we calculated a 3D (x-position ⇥530

y-position ⇥ heading) histogram of the bat’s position in space. The width of the
bins in both the x and the y-direction was 1 meter. The bin width for the heading
was 10 degrees. From this histogram, we calculated a cumulative histogram
showing what proportion of the state space is occupied by the simulated bat
(figure 6a). In calculating these cumulative histograms, bins containing a reflector535

or falling outside the arena were not counted. Figure 6a shows that the simulated
bat, when steered using the obstacle avoidance mechanism, used only a fraction
of the available space. Independent of the level of coverage, 90% of the time
was spent in less than 10% of the available state space. When the obstacle
avoidance algorithm was replaced by random exploration, the proportion of space540

used increased (Figure 6a). The increase in space use depended on the level of
coverage (Figure 6b) and ranged from over 1.6⇥ (10% coverage) to about 2.2⇥
(50% coverage).

Importantly, using obstacle avoidance, the visited x,y-locations were typically
associated with a narrow range of orientations. Using an arena with coverage545

30% as example (fig. 6c), figures 6d-g show the distribution of orientations for a
19
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Figure 6: (a) Cumulative histogram indicating the proportion of the state space used by the
simulated bats for each level of coverage (b) Comparison of the occupied proportion of the
state space between the obstacle avoidance algorithm and a random exploration of the arena.
(c) A heat map indicating the x,y-locations visited by a bat in an arena with coverage 30%.
Darker colors indicate places that have been visited more often. (d)-(g) Four locations –with
a high number of visits– have been selected (indicated with a green dot in (c)) for which the
distributions of the orientations with which these locations were visited are shown.

number of x,y-positions. These highlight the narrow distribution of orientations
associated with visited x,y-positions as well as its bi-modal nature (peaks sepa-
rated 180 degrees). The latter is due to the bat travelling in approximately the
same direction but opposite senses when passing through the selected positions.550

4.3. Map Quality

Figure 7 shows examples of both the paths constructed by simple path inte-
gration (eq. 17) and the paths constructed by the mapping process (eqs. 18, 19
and 20) for each level of coverage. It is clear that simply using path integration
does not lead to a useful representation of the paths through the environment. As555

a result, the mean correlations Q̄
p.i

(eq. 23) between the estimated and the real
distances range from about 0.60 to 0.70. Including a SLAM-like mechanism for
recognizing places and updating their locations based on odometry information
leads to a better representation of the paths through the environment. In particu-
lar, the structure of the environment is more faithfully extracted. This is reflected560

by the higher correlations between real and estimated distances. Depending on
the level of coverage, the mean correlations Q̄

m

(eq. 21) range from 0.92 to 0.96.
For every level of coverage, the quality of the maps obtained by means of the
mapping algorithm was significantly higher than that obtained through simple
path integration, i.e., Q̄

m

> Q̄
p.i

(fig. 8).565

4.4. Random Exploration

Figure 9a depicts an example flight path resulting from replacing the default
obstacle avoidance mechanism by the random exploration mechanism. Figure 9b
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Figure 7: Examples of metric maps formed for each of the 5 levels of coverage. Top row: examples
of true flight paths through the simulated environments (eq. 16). Second row: path integration
based tracks (eq. 17) in the same environments. As can be seen, accumulated errors degrade the
correspondence between the layout of the arena and the estimated path. Third row: histograms
showing the correspondence between the distances as estimated using path integration and the
real distances. These histograms have been calculated using the 25 replications for each coverage
level. The mean correlation between the real and estimated distances is given in each panel.
Fourth row: Estimated positions of each visited place (i.e., the locations P̂i) using the mapping
SLAM algorithm. Fifth row: histograms showing the correspondence between the distances
as estimated using the SLAM algorithm and the real distances. These histograms have been
calculated using the 25 replications for each coverage level. The mean correlation between the
real and estimated distances is given in each panel.
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Figure 8: Boxplots of the quality for maps based on path integration (Qp.i., eq. 23) , SLAM
(Qm, eq. 21) and SLAM followed by a non-rigid transformation (Qt, eq. 22), as a function of
the coverage level. Asterisks above a box indicate a significant of the di↵erence with the metric
map quality (Kruskal-Wallis test, p < 0.01).

shows the reconstructed maps for both the SLAM mechanism (P̂
i

) and the SLAM
mechanism followed by a non-rigid transformation (P̂ 0

i

). Comparing panels (a)570

and (b), it is clear that neither mapping procedure leads to a useful representation
of the actual routes traveled. This is confirmed by the histograms depicting the
correspondence between either P̂

i

and P̂ ?

i

(fig. 9c) and P̂ 0
i

and P̂ ?

i

(fig. 9d).
Kruskal-Wallis tests confirmed that maps obtained through random exploration
are less good than those obtained through the obstacle avoidance algorithm (p⌧575

0.01).

4.5. Local map deformations

By allowing for a non-rigid registration between P ?

i

and P̂
i

, we tested for
local deformations in the reconstructed maps. Figure 10 illustrates the resulting
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maps P̂ 0
i

obtained after registering the positions P̂
i

to the true positions P̂ ?

i

580

by means of a non-rigid transformation. Depending on the level of coverage,
the mean correlations Q̄

t

(eq. 22) between the real distances and the estimated
distances range from 0.94 to 0.97. For all levels of coverage, the quality of the
map increased significantly by applying the non-rigid registration (i.e., Q̄

t

> Q̄
m

,
fig. 8).585

4.6. Sensitivity analysis

In the absence of data from bats, the model of the odometry noise (eqs. 9, 10
and 15) was parametrized using data on navigational errors in gerbils, hamsters
(Mittelstaedt and Mittelstaedt, 1982; Séguinot et al., 1993) dogs (Seguinot et al.,
1998) and humans (Lappe et al., 2011). We assessed to what extent our results are590

sensitive to the used parameter values by concurrently varying the parameters
of equations 9, 10 and 15. We increased the values of �

"✓ , �
"s (the standard

deviation of the random noise components) and ↵ (the leakage parameter) by
factors ranging from 1.25 to 2 in steps of 0.25.

For each noise level, we calculated the metric quality Q
m

of the resulting595

maps (eq. 21. Figure 11 shows that, as the noise levels increase, the median map
quality decreases. In addition, the variability of map quality increases. This is to
be expected as, at least for the random noise, increased noise levels are defined
as higher levels of variability in the odometry distance and angular estimates.
Example of reconstructed maps are depicted in figure 11.600

Figure 11 also displays the quality of the maps based on path integration
alone, i.e. Q

p.i

(eq. 23). The increased noise levels directly degrade the precision
of the path integration. Therefore, it is not suprising that the quality measure
Q

p.i

is greatly reduced with increasing levels of noise. Importantly, these re-
sults also show that, even for increased noise levels, the quality of the maps as605

reconstructed using a biological plausible SLAM mechanism is better than the
spatial representation obtained through pure path integration (even for the low-
est noise level). This is, Q

m

> Q
p.i

, even when Q
p.i

is based on the lowest noise.
Kruskal-Wallis tests confirmed this for every coverage level and every noise level
(p⌧ 0.01).610

5. Discussion

In this paper, we simulated a bat exploring unstructured environments while
constructing a cognitive map using a biologically plausible algorithm. The map-
ping (fig. 1) model we propose allows the simulated bat to construct a global map
of its flight paths through the environment without the bat ever reconstructing615

the 3D layout of the local environment from any of its received echo signals. In-
deed, neither the obstacle avoidance strategy that guides the bat through space
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nor the mapping algorithm requires the 3D geometric structure of the environ-
ment to be accessible to the bat.

According to the mechanism described here this cognitive map first starts out620

as a topological map containing information about what paths can be followed to
get from one recognizable location in the environment to another (Peremans and
Vanderelst, 2013). While metric relationships between these di↵erent recogniz-
able locations are assumed to be memorized from the start, they contain errors
of such magnitude that this information can not be relied upon. However, even a625

purely topological map containing only information about recognizable locations
in the environment and traversable pathways between them would already seem
su�ciently powerful to support most if not all of the ‘middle-scale navigation’
described by Schnitzler et al. (2003). Indeed, topological maps are likely to sup-
port navigation in many animals (Trullier et al., 1997; Franz and Mallot, 2000;630

Bennett, 1996).
As the simulated bat grows more familiar with the environment, it incremen-

tally refines the metric information stored with the recognizable locations thereby
turning the topological map gradually into a locally metric map. Indeed, the re-
sults presented show that after more extensive exploration of the environment the635

resulting maps (positions P̂
i

) reflect the metrics of the local layout of the actual
flight paths (positions P ⇤

i

) quite well with correlations Q̄
m

ranging between 0.93
and 0.96. The pair-wise distances are much more accurate than those obtained
using path integration only (Q̄

p.i.

⌧ Q̄
m

, fig. 8). Nevertheless, these maps are
only semi-metric, i.e. locally metric, as some global deformations are usually640

present. This is indicated by the finding that non-rigid transformations of the
map increase their quality Q̄

m

< Q̄
t

.
Based on robotic experiments (Steckel et al., 2008; Milford and Schulz, 2014)

and theoretical analysis (Veelaert and Peremans, 1999), we hypothesize that,
given su�cient time to explore the environment, the global deformations of the645

map would eventually disappear as well. In further support of this claim, we show
in fig. 12(a) that more passes between two locations i and j in the simulations
presented here result in a better representation of the distance between these
positions.

Learning a map, according to the mapping mechanism proposed here, then650

requires regularly revisiting the same locations. Regularly revisiting of the same
locations is facilitated by making the bat’s trajectory through its environment
depend upon that same environment. There is ample evidence that real bats show
such guidance behavior when engaged in middle-scale navigation (Verboom, 1998;
Verboom et al., 1999). Indeed, it is concluded by Schaub and Schnitzler (2007),655

based on observations of bats commuting between roost and hunting grounds,
that regularly used flyways along linear landscape elements are advantageous for
bats because they provide landmarks and contours for orientation, thus enabling
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bats to fly faster in a familiar situation, and reduce predation pressure. Similarly,
Holderied et al. (2006) found whiskered bats to follow highly constrained routes660

when flying along a forest corridor. Finally, Barchi et al. (2013) recently reported
big brown bats to adopt – and remember – highly stereotypical flights paths
through a flight room populated with obstacles. This has also been found in the
field experiments reported by Kong et al. (2016).

We would like to point out that the analysis presented here shows that limiting665

the use of space to such a set of highly stereotyped flight paths would have the
additional benefit of maximizing the probability of revisiting the same locations
thereby leading to high-quality maps.

To illustrate that the flight paths generated by guidance behaviors as op-
posed to random exploration induced ones improve mapping, we have introduced670

a simple obstacle avoidance behavior. Qualitatively, it can be seen from the
paths plotted in figure 5 that the obstacle avoidance mechanism leads to more
restricted flight paths. Comparing the use of the state space (i.e., position and
orientation) quantitatively (fig. 6), it is found that the obstacle avoidance algo-
rithm restricts the proportion of the state space used by the bat. In particular,675

random exploration results in occupying up to about 2.2 times the number of
states of obstacle avoidance based steering. The obstacle avoidance constrains
both the x,y-position and the orientations occupied (fig. 6c-g). This leads to more
passes between particular pairs of positions i and j (fig. 12b). As predicted, the
spatial restrictions imposed by the obstacle avoidance behavior increase the ac-680

curacy of the extracted maps (fig. 9). Qualitatively, the inaccuracies resulting
from a random flight path can be appreciated by inspecting fig. 9b. Statistically,
the quality parameters di↵er significantly between maps reconstructed based on
random paths and paths based on obstacle avoidance 9c & d.

While, in robotics, (cognitive) maps are usually considered as the only reliable685

navigation mechanism, biologists have pointed out that cognitive maps are not
necessary for reliable navigation (See Franz and Mallot, 2000; Bennett, 1996;
Trullier et al., 1997; Cheung et al., 2014, for discussions and references). It has
even been questioned whether humans are capable of building cognitive maps of
complex environments (Maurer and Séguinot, 1995). As such, the ability of bats690

to remember flight routes and returning to roosting places based on echolocation
(Stones and Branick, 1969; Williams et al., 1966; Barchi et al., 2013) can not be
taken as su�cient evidence of them having a cognitive map. Indeed, positively
demonstrating that animals use a cognitive map is notoriously di�cult (Bennett,
1996) as illustrated by the long-standing discussion about cognitive maps in insect695

navigation (Cheung et al., 2014).
Presenting a taxonomy of navigation strategies, Franz and Mallot (2000)

lists two (non-local) navigation strategies that are simpler than cognitive maps.
First, animals can navigate to a goal outside their perceptual range by chaining
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stimulus-triggered responses into a fixed route (See also Trullier et al., 1997).700

Under this scheme, perceptual input triggers a behavioral response that leads
the animal to the next location, where a new response can be triggered. This is
the navigation strategy hypothesized to underlie route learning in many insects
(e.g., Graham, 2010). Importantly, this navigation scheme does not allow for
multiple routes to be integrated. The navigator can learn multiple routes, each705

of which can pass through the same locations. However, at each location only a
single response can be elicited, depending on the currently activated route. Nat-
urally, this scheme can be expanded to merge di↵erent routes leading through
the same locations into a single graph with nodes representing locations. In this
scheme, the edges leaving each node represent the di↵erent responses that can710

be elicited at this location leading to new locations (nodes). This constitutes the
second navigation strategy, more simple than cognitive maps, listed by Franz and
Mallot (2000) as topological navigation.

As said, these simpler alternatives to cognitive maps can currently not be
ruled out in bats, nor in many other animals (Bennett, 1996; Moeser, 1988; Che-715

ung et al., 2014). However, by demonstrating that bats, at least in principle,
have access to the information necessary for building cognitive maps, we have
demonstrated that both other simpler strategies can be supported by echoloca-
tion as well. Indeed, the use of cognitive maps as described here is essentially a
topological navigation strategy that assigns (increasingly more accurate) metric720

coordinates to recognizable places. In turn, topological navigation is a variety
of navigation using chained stimulus-response sequences, each response triggered
by the recognition of a particular place. As such, we conclude that the assump-
tions on which our mapping model is based are su�cient to explain sonar-based
navigation in bats, either using a cognitive map or some simpler strategy.725
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Appendix A. Supporting material

Appendix A.1. Simulation the echo interference920

Equation 3 does not take into account the interference between echoes. For a
certain proportion of emitted calls, interference would cause the relative strengths
of L

r

and L
l

to change. Hence, to take this phenomenon into account, we sim-
ulated the inference between echoes to estimate the probability of the relative
strength of L

r

and L
l

being changed due to interference.925

We generated impulse responses consisting of n echoes, with n 2 [2, 10]. As
our model only takes into account echoes arriving up to 1 ms after the first echo,
the length of the impulse responses was set to 1 ms. The amplitude (in Decibels)
for each echo i in the impulse response was set according to equation 2 with
r
i

⇠ U(r1, r1 + 0.17). For each generated impulse response, the distance of the930

first echo r1 was chosen from a uniform distribution, r1 ⇠ U(1, 10). The azimuth
angle ↵ for each echo was drawn from the interval [�90, 90], i.e., ↵

i

⇠ U(�90, 90).
For each replication, an impulse response was generated for the left and the right
ear by using the head related transfer function of the left and the right ear,
respectively.935

Both the impulse response for the left and the right ear were convolved with
a frequency modulated call sweeping from 100 kHz to 45 kHz in 3 ms. This
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resulted in an echo signal for the left and the right ear. Next, both signals were
processing using a model of the auditory periphery of the bat as formulated by
Wiegrebe (2008).940

In brief, the model consists of a Gammatone filterbank with central frequen-
cies ranging from 30 kHz to 100 kHz in steps of 5 kHz. Subsequently, each channel
is exponentially compressed (using an exponent value of 0.4) and low-pass filtered
(1 kHz cut-o↵, 12 dB slope per octave). The cochleogram returned by the model
was dechirped by shifting each frequency channel in time (zero-padding at the945

end) such that the maximum activation, corresponding to the pick up of the
emitted signal, is aligned across frequency channels. In the model formulated by
Wiegrebe (2008) a similar operation is performed by means of a channel-wise nor-
malised autocorrelation between call and echoes. Next, dechirped cochleogram
was averaged across frequencies. Finally, The output of the auditory model for950

each ear was summed to obtain M
l

and M
r

for the left and the right ear respec-
tively.

Estimating the probability of the relative strengths of L
r

and L
l

being changed
due to interference was done by assessing the proportion of replication for which
the relative strength of L

r

and L
l

did not correspond to the relative strength of
M

r

and M
l

. In other words, the probability p(n) was given by,

P (n) = P
n

⇣
(L

r

< L
l

_M
r

> M
l

)^

(L
r

> L
l

_M
r

< M
l

)
⌘

(A.1)

The number of echoes in the impulse response was varied from 2 to 5. For
each value of n, 2500 impulse responses were generated. Figure A.13 depicts the
resulting P (n) as a function of the number of echoes in the impulse responses. We955

fitted a quadratic function to the results of the simulation and used to determine
the value of P (n) for at each call in the simulations reported in the main text.
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Figure 9: (a) Example of a flight path based on random exploration in an arena with a coverage
of 30%. (b) The mapping resulting from the flight path depicted in panel (a). Both the
reconstruction based on SLAM alone (metric map) and SLAM and a non-rigid transformation
(topological map) are depicted. (c) Boxplots of the map quality Qm (eq. 21) obtained using the
SLAM algorithm based on either random flight paths or flight paths obtained by the obstacle
avoidance algorithm. (d) Same as (c), but for the SLAM algorithm followed by a non-rigid
transformation, i.e., Qt (eq. 22). The boxplots are based on 25 replications. Asterisks above
a box indicates a significant di↵erence between the results for the random exploration and
exploration based on obstacle avoidance (Kruskal-Wallis test, p < 0.01).
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Figure 10: Examples of topological maps. Top row: Estimated positions of each visited place
(i.e., the locations P̂ 0

i) using the mapping SLAM algorithm. In addition, the locations have
been registered to the real locations P ?

i by means of a non-rigid transformation. bottom row:
histograms showing the correspondence between the distances as estimated using both the SLAM
algorithm and a non-rigid transformation (P̂ 0

i) and the real distances (based on P ?
i ). These

histograms have been calculated using the 25 replications for each coverage level. The mean
correlation between the real and estimated distances is given in each panel
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Figure 11: Results of the sensitivity analysis. Left: comparison of the metric map quality Qm

for five noise levels. For each noise level, the values of the noise parameters �"✓ , �"s and ↵ were
scaled concurrently. The plot also depicts the median map quality resulting from using path
integration only, i.e. Qp.i. Right: Examples of reconstructed maps for each noise level and the
five coverage levels.
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Figure 12: Evaluation of the number of passes between pairs of positions i and j. (a) Average
quality metrics (eq. 21 and 22) for the positions i and j as a function of the number of passes
between these positions (blue: less than 5 passes; orange: five or more passes). (b) The average
number of passes between positions i and j for replications in which the bat was steered either
using the obstacle avoidance algorithm or a random motion. A star (F) indicates a significant
di↵erence p < 0.01.
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Figure A.13: The probability P (n) as a function of n. The red markers represent the simulation
results. The line depicts a quadratic equation fitted to the data. This function was used to
determine the values of P (n) used in the simulations reported in the main text.
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