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Insect-inspired omnidirectional vision for autonomous localization
on-board a hexapod robot*

Julien Dupeyroux, Sean Lapalus, llya Brodolineg@tane Viollet and Julien R. Serres

Abstract—Navigating insects like desert ants are known to ants Cataglyphis fortis[2]. AntBot is equipped with a 2-
robustly estimate their position from their nest while foraging  pixel celestial compass that detects the state of polarization
for food, for several hundred meters across hostile environ- of the skylight in the ultraviolet (UV) range [3]. This

ments, by means of very low resolution visual information minimalist sensor provid n optical heading while nav
processing. This tour de force stands for a great source of alist sensor provides an optcal heading € nav-

inspiration to design smart, parsimonious and robust solutions igating outdoor with excellent performances regardless of
to make robots of any size navigate in global navigation satellite environmental conditions (cloud cover, haze, UV-index) [4],

systems-denied or in cluttered environments. In this study, we [5]. Besides, AntBot comprises an optic ow (OF) sensor,
introduce a new insect-inspired omnidirectional visual sensor called the MAPix sensor (Michaelis-Menten Auto-adaptive

(640 120 pixels; 120fps). The inter-pixel angle is equal t00:6 - . . .
and the acceptance angle is equal t&:5 , which is comparable Pixels) [6]. This sensor includes 12 pixels that auto-adapt

to those observed in predatory ying insects. This sensor was UP to 7 decades light changes just like photoreceptors in
embedded on-board the AntBot robot, a six-legged walking vertebrates and invertebrates [7]. We combined ventral OF

robot minlnickilng gese_r: a?rtls at "?gfp*I‘O'Qgin"v Iogl?ntw_otive ?nfh measurements with stride counting to allow AntBot estimat-
sensing levels. Despite the residual visual oscillations of the ;.. : ;

eld of view while walking, the robot successfully detected xed "9 't Walked distance.
obstacles and was able to locate itself with an accuracy as low
as25 10 cm, which actually corresponds to an average error
of only 3 strides (hexapod stride length:8:2 cm) after a 9m-long
journey. This suggests that low-acuity visual sensors, inherently
requiring few computational resources, are good candidates for
ant-like familiarity-based navigation in cluttered environments.

. INTRODUCTION

Autonomous navigation is one of the leading contempo-
rary technological challenges for which the potential ap-
plications are many and various, in both mobile robotics
and means of transport. Among the current state-of-the-art,

the widely distributed civilian Global Navigation Satellite 1. The AntBot robot ( 2.3 kg, diameter: 45 cm). (@) The celestia
. . ig. 1. e AntBot robot (mass: 2.3 kg, diameter: 45 cm). (a) The celestia
System (GNSS) has y'elded strong performances in urb E?npass for the detection of the optical heading based on the polarization

environments. Yet, the accurac$ ( 30 m) of the GNSS pattern of UV skylight. (b) The MIAPix sensor for the OF-based distance
heavily depends on the meteorological conditions and t}@timation. (c) The low-resolution omnidir_ectional vision sgnsqrfor obstacle
urban infrastructures. Computer vision based methods alg\émdance and snapshot-based localization, used alone in this study.
provide localization cues for autonomous vehicles in highly
complex environments. However, data processing requiresAccording to the desert ants navigational toolkit [8], the
important computational resources, and light changes ofté@th integrator (Pl) merges polarization cues (orientation)
result in navigation failure. The challenge here is to develognd OF cues (distance) to estimate the localization with
an alternative navigation system that could be combined witl§spect to the departure point. This strategy has been suc-
conventional techniques so that any vehicle equipped wigessfully tested on-board AntBot, resulting in a homing error
such solution would bene t from high precision and robus@f 6.7 cm on average, which is lower than one robot's stride
navigation skills in more complex environments. (8.2 cm), after a 15m-long journey [1]. In its current version,
In recent years, we have developed an ant-inspired walkifjtBOt is able to navigate autonomously in unknown outdoor
robot, called AntBot (Fig. 1) [1], endowed with parsimoniousEnvironments regardless of_ the meteorolog|call conditions.
visual sensors mimicking the compound eye of the desertowever, the Pl approach is prone to cumulative error as
trajectory length increases. In addition to Pl, desert ants rely
*This research was supported by the French Directioerégale de O Visual-based navigation, i.e. visual guidance (VG) [9],
I'Armement (DGA), CNRS, Aix Marseille University, the Provence-Alpes- [10], [11]. For example, VG allows ants to return directly to

Cote d'Azur region, and the French National Research Agency for Researgfmiliar terrain from novel locations [12]. VG helps foraging
(ANR) with the Equipex/Robotex project.

All authors are with the Biorobotics Team, Aix Marseille Univ, CNRS, insects to nd their way home by comparing 'memonzed.
ISM, Marseille, Francejulien.serres@univ-amu.fr shapshots to the current view of the scene. This strategy is



mostly used when the insect is roaming in cluttered envirorposed a neural network based on the PerAc (Perception—
ments, as for the Australian desert aMelophorus bagoti Action) architecture to solve visual-based homing with a
[11]. In such a context, ants are expected to encounter sevendieeled robot [26]. According to this model, the robot was
trees, tussocks and rocks prominent enough to be furthable to learn different places and connect them to each others
used as visual landmarks for navigation purposes (odometty, create a sort of cognitive map. More recently, Ran et
orientation) [13]. Although the relationship between VGal. trained a convolutional neural network to predict the
and Pl remains unknown, it has been shown that both gibssible path directions of a ground robot equipped with
them can be active simultaneously [9], [11], and that PI ia non-calibrated omnidirectional vision sensor [27]. Neural-
never switched off [8]. Desert ants memorize a series dfased strategies are inherently robust to modi cation of the
shapshots along routes towards the nest [10]. These rouseene, like the addition, the displacement or the removal
mark out the so-called catchment area [14], [15]. The inseof objects (i.e. visual landmarks). In that respect, the fast
compares what it sees with the images it has memorized. Thdsveloping eld of spiking neural networks, particularly
comparison provides a course to follow by angular difference&hen coupled with event-based cameras, will de nitely
of the omnidirectional images. As the insect approaches timake super-ef cient and optimized neuromorphic solutions
nest, there is a decrease in image difference [16]. for omnidirectional vision-based autonomous navigation on-
In this study, two additional ant-inspired navigation skillsboard small ground robots, or even ying drones.
have been implemented on-board the AntBot robot based onOmnidirectional vision in the context of autonomous lo-
low-acuity omnidirectional visual sensor: (i) OF-based obstezalization has mostly been tested on-board wheeled robots.
cle avoidance, and (ii) snapshot-based autonomous localiZehe resolution of the sensors was, for the vast majority,
tion. This study is structured as follows: section Il providesigni cantly much higher than in the insects' compound
a brief overview of related work on visual-based navigatiomrye. Consequently, it would be of great interest to explore
applied to autonomous vehicles. The insect-inspired omnike possibilities of autonomous localization on-board an
directional vision sensor is introduced in section Ill. Theninsectoid robot that is intrinsically prone to oscillatory visual
obstacle avoidance is described in section 1V, and snapshdisturbances, and with a coarse visual resolution — which
based navigation in section V. will be further referred as visual acuity — similar to insects'
compound eye. Such an omnidirectional visual sensor will
Il. RELATED WORK make it possible to test insect-based VG models, especially
Over the past decades, omnidirectional vision [17] in thelesert ants, by combining PI navigation and snapshot-based
context of localization has received signi cant attention. Irlocalization on-board the AntBot robot.
the late 1990s, Lambrincat al. worked on the development
of a desert ant-inspired wheeled robot, called Sahabot 2 [18].
This robot was equipped with a sky compass for the es-
timation of its heading. It also included a wheel encoder
for the odometric estimation, and an omnidirectional vision
system. The snapshots were reduced to 1-D and used for
determining the homing vector direction of the robot. This
was performed by comparing the current retinal position of
landmarks to the 1-D omnidirectional image taken at the
goal location. Later, $irzl and Mallot introduced a method
based on the Fourier transform to estimate the orientation of
their ground robot Khepera equipped with an omnidirectional
vision sensor [19]. Images were reduced to 1-D with a reso-
lution of 1 per pixel. Their approach successfully addressed
key elements like the memory usage and computational
requirements for embedded applications. Very promising
results have been SqueSted on-board the HECTOR hexa . 2. The GoPano™ omnidirectional lens mounted on the Raspberry
robot lately with a frontal sheye lens [20]. Further studiespi NoIR camera. The mirrors are displayed in grey. An example of light
made use of omnidirectional vision to help determining)athway through the omnidirectional lens is shown in green.
topological maps [21], [22] and converging towards SLAM
strategies [23], [24]. Recent studies have shown new oppor-
tunities coming with the event-based cameras, as reported HI. INSECT-INSPIRED LOW-ACUITY
in [25], since they offer multiple advantages over regular OMNIDIRECTIONAL VISION
cameras, like asynchronous processing of motion, high tem-The omnidirectional visual sensor is embedded on top of
poral resolution (few ps latency), and limited sensitivity tathe AntBot robot (Fig. 1), with an overall weight &2:4
light variations. g; it is composed of a Pi NoIR camera (8 megapixels; up
Other methods for image processing and localization ate 120 fps, Fig. 2) on which we mounted the GoPano™
based on neural approaches. In 2000, Gausdiaal. pro- lens, consisting of a curved mirror that re ects a panoramic



Fig. 3. Example of a snapshot captured with the omnidirectional visual sygte@riginal picture where the margin circles were detected using the
Hough transformB Unwrapped snapshot showing tB60 omnidirectional view in our ying arena of the Mediterranean.

view to the camera. An example of panoramic snapshot the spatial frequency (in cycless ). We can nd the spatial
presented in Fig. 3A. cut-off frequency ¢, of the optical system in its Modulation
We reproduce here the visual acuity, i.e. the interom¥ransfer Function (MTF) [31]:

matidial angle , of insects like honeybeed:0 [28]),

ies (1.5 [29]) and desert ants4( [30]), which is known V:A: = =
to uctuate depending on both the size and the type of co
compound eye, but also on many other aspects including, for ) L
example, whether the insect is a predator or not (see review ! '€ €xperimental setup for the characterization of the
[31]). This was performed by increasing the distance betweé’ﬂlsu":lI acuity (Fig. 4A) was composed of the omnidirectional
the optical center of the camera, and the omnidirectional lenéSua! sensor placed in front of a square targed ( 20

Therefore, the focal points of each lens (i.e. camera lens afg") &t @ distance of 23 cm. The target consisted of a series
of white-and-black stripes with varying spatial frequency

panoramic lens) are separated and introduce analog blur, i ) , i )

reduce the visual acuity. and dlsplayed by a_s_tand_ard monitor. Multiple pictures were
taken with the omnidirectional sensor, and further processed
to determinate its acuity. During acquisitions, the position
of the camera remained xed; only the spatial frequency
f was changed. The procedure consisted in taking pictures
while increasing until it became impossible to distinguish
two consecutive lines (i.e., MTF = 0). Resulting examples
are plotted in Fig. 4B. The target's frequency threshold was
found to be equal tby, = 31 cycles Therefore, the sensor's
cut-off spatial frequency., can be computed as follows:

1 1)

co = zft—h 0:66 cycles= (2)

where = atan((20=2)=23) = 23:5 is the angular diameter
of the target in degrees. The visual acuity V.A. is therefore
equivalent to an acceptance angle of 1.5 (Eg. 1), which

is consistent with the ones of insects' compound eyes, and
thus con rms the suitability of our omnidirectional sensor as
a robotic artifact of the visual system of insects.

An example of the snapshots recorded by the omnidirec-
tional camera is provided in Fig. 3A. By applying a double
Hough transform, the two margin circles were detected and
used in a custom-made unwrapping program (Fig. 3B). For
all the applications, pictures were captured with a resolution
of 640 480 pixels, and the resolution of the resulting
ynwrapped snapshot was 640 120 pixels (i.e. 76,800

Experimental setup showing the sensor in front of the monitor displaying th - . .
calibration patternB Examples of pictures for varying spatial frequencies.pixels), then providing an inter-pixel angle of =0:6 .

f represents the number of cycles.
IV. OF-BASED DETECTION OF OBSTACLES

The visual acuityV:A: of an optical system is de ned as The computation of the OF was performed on the un-
the minimal resolution angle, and is inversely proportional tevrapped snapshots by means of the Lucas-Kanade method

Fig. 4. Characterization of the omnidirectional sensor's visual achity.



implemented within the OpenCV™ graphics programming
environment [32], [33]. As far as we know, the pyramidal
implementation of the Lucas-Kanade method is the fastest
algorithm in image processing to extract the OF. According
to the Lucas-Kanade method, we assume that the displace-
ment of objects in two consecutive snapshots is small and
approximately constant within a neighborhood of a selected
pixel. This hypothesis is consistent with the robot's speed
that was set at 10 cm/s, producing small OF with respect to
both the visual acuity of the omnidirectional visual sensor
and the con guration of the environment (Fig. 5).

Fig. 6. Results obtained for the experimental context introduced in Fig. 5.
A N =1000; Rol set at 100% of the Fo\B N = 100; Rol set at 30%

of the FoV. For each snapshot, the frontward obstacle is magni ed by the
dashed yellow box. FoC: focus of contraction, diametrically opposite to the
focus of expansion (FoE). Thick red lines depict the clusters of Pol, i.e. the
obstacles' angular, based on the Pol histogram (in blue).

Image normalization was not necessary in this experimental
Fig. 5. The AI’IIBOII robot is walking straight forward in the direction of context since the ||ght control prevented from any variation.
the obstacle (.. cylinder). The snapshot comparison method applied relied on the
root means squareR(M:S:) difference of omnidirectional
snapshots, as introduced in Zeid al. [16], for which the
Visual acuity was of0:2 . The following experiments were
gerformed indoor, in the ying arena of the Mediterranean

arounql the horizon line (e.g., m|ddle_ of the FoV). Then, th eguipped with 17 motion-capture cameras (VICON™) cov-
matching Pol between two consecutive snapshots found, thu
ering a re-con gurable spac&( 8 6 m).

providing an estimate of the displacement vector used for the First, the robot was asked to walk over a 2m-long straight

computation of the OF. To limit the noise, only the Pol for,. .
; : ; oo ine and take a snapshot every 5 cm. The R.M.S. image

which the estimated OF was higher than an arbitrarily xed,. .
difference was computed between these views and a mem-

threshold value were kept. orized snapshot taken at the center of the line (Eq. 3). This

Two examples of the results we obtained are displayed 'ancedure provides us with an image difference value for

Fig. 6. For each snapshot, the histogram of the selected F’zoach location along the line. This acquisition was repeated

producing OF vectors were plotted to help the wsuahzaﬂopor two lighting conditions (arti cial light), namely at 1200

of clusters. These clusters were considered as potential obsé%a 120 Lux. Results are displayed in Fig. 7
cles to avoid. On Fig. 6A, results show the Pol and clusters ' C
within a Rol set at 100% of the Fov, witd = 1000. These r -
Earameters led tp the detection of the frontward obstacle, R:M:S: = 1 LGY) e (X0Y) 2 3)
ut also the motion of the ground and the legs, therefore
considered as obstacles to avoid. To prevent from such a
mistake, the number of Pol was decreasetNte 100, and These results are consistent with those presented in [16] as
the Rol was set at 30% of the FoV, thus removing the OFhe difference function for a particular memorized snapshot
caused by the robot's legs (see Fig. 6B). Besides, the OfFas computed, showing typical shape and smooth variations
threshold was slightly increased. The results are shown With the distance to the reference location. The depth ob-
Fig. 6B, where only the frontward obstacle is identi ed. Inserved at the middle of the course proves that omnidirectional
a navigational context, the angular sector depicted by tr&napshot-based navigation relying on a simple R.M.S. image
cluster of Pol can be used to set the new heading of trgifference method, with coarse visual acuityy ) and even
robot. low lighting conditions, is enough to reachbacm localiza-
tion accuracy, provided the initial grid mesh of memorized
V. SNAPSHOT-BASED LOCALIZATION snapshots.
In this section, the snapshot-based indoor localization wasIn a second series of tests, we had the robot navigating in
addressed under the low visual acuity constraint, includindpe ying arena where boxes of different sizes and shapes
visual disturbances coming from the walk of the robotwere put on the oor to serve as visual landmarks for

A set of N points of interests (Pol) were rst identi ed for
each snapshot within a prede ned region of interest (Rol
i.e. a xed fraction of the eld of view (FoV) centered




Fig. 8. Top view of the snapshot-based localization experiment in the
ying arena of the Mediterranean. Blue markers depict the position of the
memorized snapshots. Red markers show the actual location of the robot
when the current snapshot was taken. The red dashed curve shows the real
trajectory of the robot, and the blue curve shows the believed trajectory
based on the memorized snapshots activated by the r.m.s. difference (black
lines).

Fig. 7. Difference function (R.M.S.) from a reference location (at 0) along
a straight line and for two distinct light conditions: 1200 Lux and 120 Lux.

localization (Fig. 8). Prior to the acquisition, a 2-D grid

mesh of memorized snapshots were collected Bithcm

resolution along the y-axis, and 1m-resolution along the

x-axis. Each of the omnidirectional snapshots were taken

with the same orientation. While navigating, the robot took

shapshots of its current view at random times. The R.M.S.

image difference was then used to determine to which node

of the grid mesh the robot was the closest. To deal with o o _

the robors changing heading, the current view was rotatef % (SSh="or CSTon ULSE Cueal e o e
by successivé0 steps. Results show that for each actuabbot's believed position according to the 2-D grid mesh, and its actual
position of the robot, the closest node (memorized Snapshdﬁyaﬁon when taking picturefRight Example of image difference between

. . pshot #4 and node snapshot #15 (the one activated by the R.M.S.; see
was successfully activated. On average, the distance e”ﬁ‘?g 4). The bottom chart displays the image difference according to the

between the robot's actual location and the activated nodeighboring node snapshots.
shapshots reacheétb 10 cm (mean sd), with a median

equal to 24 cm (Fig. 9Left). More precisely, the average

error along the x-axis was found to be equalle 11
cm (median:15 cm), and16 10 cm (median:18 cm)
along the y-axis. These results are consistent with the
D grid mesh resolution, though we would have expected
greater average error along the x-axis. An example of image

difference distribution for the 4th snapshot of the robot is OPstacle detection was performed within a region of
displayed in Fig. 9Right. interest set at 30% of the total eld of view, centered

around the horizon line. AntBot was able to detect obstacles
VI. CONCLUSION with a coarse acuity while Walking,. de.spite its locomotion
mode which naturally causes oscillations of the eld of
In this study, we presented a series of visual-based nawiiew. Besides, autonomous localization was successfully
gation behaviors implemented on-board the AntBot hexapqeerformed within an indoor cluttered environment with visual
robot using an omnidirectional visual sensor, the coardandmarks (e.g. boxes), reaching an accurady.26 m after
visual acuity of which makes it similar to the insects'a 9m-journey and representing only 3 steps error on average
compound eye. The characterization of the omnidirectionghexapod stride lengtt8:2 cm).

camera reported a coarse visual acuity equdl:¥o, corre-
ponding to90 minutes of arc. As a comparison, the visual
cuity of the human's eye i minute of arc { =60) in the



These results demonstrate that high-resolution vision [$8] D. Lambrinos, R. Miler, T. Labhart, R. Pfeifer, and R. Wehner, “A

not necessary to achieve complex tasks like homing. Fur-
ther investigations will consider automatic detection of the,q

FoE/FoC points, which should contribute to the optimization
of the performance of detection of obstacles while walking,

As for desert ants, AntBot could combine a path integratio

with a coarse ommidirectional vision to autonomously ex-
plore unknown environments while avoiding obstacles. The

next question will be to understand how these two con{?l]

ponents of the insects' navigational toolkit merge together.

Regarding this work and our prior studies on path integrd??l

tion [1], we believe that AntBot is a reliable robotic replica

of desert ants which, besides leading to new parsimonious

and accurate navigation systems for robotic applications, can : _ _ o
3] T. Lemaire and S. Lacroix, “Slam with panoramic visiodgurnalof

be used as an experimental platform for testing biologic

models [1].
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