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Abstract—The computational load associated with computer
vision is often prohibitive, and limits the capacity for on-board
image analysis in compact mobile robots. Replicating the kind
of feature detection and neural processing that animals excel
at remains a challenge in most biomimetic aquatic robots.
Event-driven sensors use a biologically inspired sensing strategy
to eliminate the need for complete frame capture. Systems
employing event-driven cameras enjoy reduced latencies, power
consumption, bandwidth, and benefit from a large dynamic
range. However, to the best of our knowledge, no work has been
done to evaluate the performance of these devices in underwater
robotics. This work proposes a robotic lamprey design capable
of supporting computer vision, and uses this system to validate a
computational neuron model for driving anguilliform swimming.
The robot is equipped with two different types of cameras: frame-
based and event-based cameras. These were used to stimulate the
neural network, yielding goal-oriented swimming. Finally, a study
is conducted comparing the performance of the computational
model when driven by the two different types of camera. It was
observed that event-based cameras improved the accuracy of
swimming trajectories and led to significant improvements in
the rate at which visual inputs were processed by the network.

Index Terms—Biologically-Inspired Robots, Neurorobotics,
Visual-Based Navigation, Marine Robotics, Event-Based Vision

I. INTRODUCTION

ROBOTICS and biology benefit from a symbiotic rela-
tionship such that breakthroughs in one domain often

lead to progress in the other [1]. The field of biology is a well
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established bastion of inspiration for robotic development, and
has had an impact on sub-domains ranging from perception
and artificial intelligence to mechanical design. At the same
time, biologists and neuroscientists have begun employing
robotic systems to validate hypotheses and computational
models in their fields [2][3]. The lamprey is one such organism
at the center of this exchange, and has been the subject of
extensive modelling and experimentation. Due to its simple
locomotion strategy, well studied physiology, and relatively
primitive nervous system, this organism remains fertile ground
for similar studies in vision-guided locomotion.

This work investigated a solution to the control problem
facing visually guided swimming robots. Previous research
has explored the application of traditional feedback control
strategies for guiding aquatic robots using visual input [4][5].
Simpler control strategies have also been used to implement
goal-directed swimming in robotic lamprey [6]. More recently,
a vision guided fish robot developed by Yu et al. made use of
a simple body wave model to produce fish-like swimming pat-
terns [7]. These strategies have all been used to track singular
objects in the robots’ fields of view. Little work has been done
on robot controllers capable of resolving conflicts between
competing stimuli for such aquatic robots. It would be difficult
to extend existing control laws to encode and manage more
complex behaviors without introducing significant complexity.
The study of central pattern generators (CPGs) has gone a
long way towards simplifying the problem of coordinating
gaits in robotic systems [8][9]. Still, effective strategies must
be developed that are capable of bridging the gap between
complex visual input and CPG drive signals.

The large computational load associated with high-frame-
rate image processing remains one of the major limitations to
real-time vision controlled robots. Event-based cameras offer
a potential solution to overcome many of these limitations.
These event driven cameras operate in a way that resembles
the function of retinal photoreceptors. Rather than producing
frames at fixed intervals, this sensory strategy reports events
in response to light log-intensity changes at individual pixels
[10]. What is then communicated by the sensor is not a
complete image, but a stream of events specifying which pixels
have registered positive or negative changes in light intensity.
This approach allows visual information to be transmitted at
a significantly lower bandwidth since redundant information
is withheld. At the same time, these systems offer a high
dynamic range, making them attractive to implement high
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speed computer vision algorithms on-board robots. A growing
body of research has shown how event driven sensors may
be used to improve aggressive maneuvering with Unmanned
Aerial Vehicles (UAVs) [11], but no work has been done to
study their potential value to underwater robotics.

The two objectives of this study were to validate a bio-
logically inspired visuomotor controller, and pioneer the use
of event-driven cameras in an underwater robot. This work
validated and extended the biologically inspired visuomotor
control architecture proposed by Sarvestani et al. [12]. In order
to evaluate the control strategy, it was reproduced and used as
the main high-level controller for the Envirobot platform. The
Envirobot is an anguilliform swimming robot developed by
Bayat et al. [13] for the monitoring of environmental con-
ditions in lakes. Here, multiple behaviors were implemented
such that the robot was capable of navigating through an
environment containing various attractive and repulsive visual
cues. Finally, the frame-based cameras used to stimulate the
visuomotor controller were replaced with a pair of event-
based cameras, and performance was compared in a target
approach task for the two modalities. The challenge with these
sensors, particularly in the unexplored domain of underwater
vision, lies in the development of algorithms capable of
effectively processing the visual data. Neural-network-based
control strategies, such as that presented in this work, are
expected to be particularly well-suited to exploiting the output
properties of such event driven cameras. This marked the first
instance of dynamic vision sensors being used in an aquatic
environment.

II. METHODS

A. Envirobot Design

The Envirobot platform was upgraded to include computer
vision capabilities. A NanoPi NEO Plus2 was used to capture
images from cameras, implement the visual network, and
transmit high-level signals to the robot’s CPG. The robot head
was enlarged and circular apertures were introduced, allowing
the cameras (either frame-based or event-based interchange-
ably) to observe the robot’s surroundings. A set of acrylic
domes were used as waterproof camera housing. To prevent
water from leaking into the robot’s head, a modular bumper
system was introduced. These bumpers protected the domes
from cracking in the event of collisions with the sides of
the pool. An aluminum base plate was designed to carry and
cool the robot’s embedded PC (NanoPi). This was found to
appreciably reduce the CPU’s working temperature from 45◦C
to 30◦C. The finalized Envirobot design can be seen in Fig. 1a,
while a demonstration of the bumper installation is shown in
Fig. 1c.

B. Frame-Based Object Detection

A couple of XIMEA MU9PC-MH RGB cameras were used
to validate the visuomotor control network proposed in [12].
Images were captured using a pair of cameras fitted with wide-
angle fish-eye lenses. The cameras were placed such that they
each formed a 20◦ angle with the sagittal (longitudinal) plane
of the robot’s head. Each sensor was equipped with a 180◦

fish-eye lens, yielding a 320◦ composite field of view. This
configuration was identical for both frame-based and event-
based cameras. A color-based blob detection was used to
classify objects in the robot’s field of view as predators, prey,
or obstacles. Each captured image was first projected to the
HSV color space. For each color of interest, hue thresholds
were incremented between a minimum and maximum value.
The application of each threshold generated a binary mask that
was applied to the image, eliminating pixels of the undesired
color. Homogeneous sets of pixels were then grouped into
units called blobs. Following this, all blobs corresponding to
the same color were compared, and those within a specified
distance were merged into single units. This image analysis
technique was also how objects’ sizes and positions were
estimated. In this way, the output of the blob detection served
as the input to the neural network (as described in sections II-E
and II-F). All image processing was performed using functions
provided by the OpenCV library (v3.3.1) [14].

C. Event-Based Object Detection

A pair of iniVation mini-eDVS cameras were used as the
event-based sensors. As with the frame-based cameras, wide-
angle fish-eye lenses were fitted to the mini-eDVS devices,
affording the system an approximately 240◦ field of vision.

Rather than capturing full images at a fixed frame rate, this
hardware allows individual pixels to fire events in response
to light intensity changes. Each of the 128x128 pixels in a
Dynamic Vision Sensor (DVS) was projected to one of the
neurons in the network’s 20x1 neuron input layer. Since color
detection was not possible with these devices, a blink-detection
algorithm was used to label objects in the robot’s view. A
simplified version of the algorithm for flash detection in [15]
was adopted that omitted the use of a particle filter. Rather than
estimating the location of flashing objects, any pixels measured
to be flashing at 86 Hz were used to directly stimulate the input
layer of the neural network.

D. Experimental Setup

In order to test the behavior and performance of the system,
we constructed a water-proof target, as seen in Fig. 1b, that
was fitted with a small LED on top for compatibility with the
overhead LED tracking system. For frame-based cameras, the
bulb’s color served as the stimulus (red for predator, green for
prey). However, the dynamic vision sensors provided no color
information. To overcome this limitation, targets were made
to flash at a constant frequency of 86 Hz, and were detected
through a blink-tracking algorithm based on [15]. Flashing
pixels were used to directly stimulate the neuron network’s
input layer for the attractive behavior when DVS hardware
was fitted. For the performance comparison, only the approach
behavior was used. The overhead tracking system was able to
record a minimum distance of 0.45 cm between the target and
the Envirobot. This was due to the placements of the LEDs
on the robot and target bulb as illustrated in Fig. 1c.
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(a) (b) (c)

Fig. 1. The Envirobot target bulb and overhead tracking LEDs. (a) The updated vision-ready Envirobot system. Antennas are used for remote reprogramming.
The new head is connected to four modules making up the robot’s spine, which were designed in [13]. (b) The target bulb along with corresponding tracking
LED. A Styrofoam platform and weight were used to ensure that the bulb remained completely submerged in the water. (c) Top view of the minimum distance
between the platform LED (right red arrow) and the Envirobot tracking LED (left red arrow) is 0.45 cm during collision.

E. Neuron Model

The neuron implementation adopted for this design was
based on the leaky integrate-and-fire (LIF) neuron model [16].
The LIF representation is a simplification that captures the
overall functionality of biological neurons. The advantage of
this simplified model is that it achieves this with significantly
less parametric complexity than biophysical models such as
that developed by Hodgkin and Huxley [17].

A leaky integrate-and-fire neuron can be represented in
terms of the electrical properties of its membrane. An LIF
neuron’s membrane can be described by its resting potential
mo, its capacitance Cm, and its resistance Rm, and may be
stimulated by an input current Ii(t). These factors directly
affect the membrane potential m(t), which behaves according
to the first order ordinary differential equation used to describe
RC circuits [18].

RmCm
dm(t)

dt
= −[m(t)−mo] +RmIi(t) (1)

The number of parameters in this model were reduced by
defining the membrane’s time constant as τm = RmCm.
We also applied Ohm’s law to to the input current, yielding
an input membrane potential mi(t) = RmIi(t). The resting
potential of all neurons in our network were set to mo = 0,
and a constant refractory period of Trefractory = 1ms was
specified. A modification to the LIF model was introduced in
order to prevent mi from remaining charged due to outdated
stimuli. A forgetting factor α = 0.1 was used to drive mi to
zero if large periods of time elapsed without stimulation.

m̂i(t) = ReLU(mi(t)− α) (2)

The implementation of each neuron in the network was
represented by

τm
dm(t)

dt
= −[m(t)−mo] + m̂i(t) (3)

The membrane potential was computed in real-time by con-
tinuously solving the ODE using the Euler method [19].

F. Neural Network

The visuomotor control implemented in this project was
based on the work presented by Sarvestani et al. [12]. The

neuron network was comprised of three main units: a stimulus
prioritization block, a behavior arbitration block, and an output
generation block. These subsystems allowed the platform to
filter competing signals, select the optimal behavior, and drive
the robot CPG accordingly. An overview of the signal flows
in this system is presented in Fig. 2.
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Fig. 2. A system overview depicting the relationships between the cameras,
the neural sub-networks, and the central pattern generator used to drive the
robot. Either frame-based or event-based cameras can be used to stimulate
the neural network. This input is processed and then fed into the the neural
network. The interactions between the neural network’s subsystems allow the
robot to prioritize between stimuli of the same type and to arbitrate between
stimuli triggering different behaviors. The result of the processing done by the
network is used to drive the heading and speed of a central pattern generator.

For all equations describing the network connections, mi(t)
represents neuron input potential, m(t) represents neuron
membrane potential, w is the connection strength between
two neurons, and N is the total number of neurons in each
layer. B is the set of all behaviors that the robot may perform.
The computational complexity of the neural network is O(n2),
where n is the width of the input, response, and auxiliary layers
of the neural network.

1) Stimulus Prioritization & Position Encoding: The stim-
ulus prioritization strategy was modeled on the structure of
the optic tectum found in vertebrate organisms [20], and
replicates their ability to select for the most salient among
competing visual stimuli via inhibitory tectal circuits [21][22].
For example, when presented with numerous predators, this
subsystem allowed the robot to identify which enemy pre-
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sented the most immediate risk. The sub-network also served
as a transformation between stimuli positions in the robot’s
field of view and system turning strength.

The stimulus prioritization sub-networks each consisted of
an “Input Layer”, a “Response Layer”, and an “Auxiliary
Layer” for each possible behavior. The neurons of this sub-
system were organized into one of two possible configurations;
the first arrangement drove the robot towards attractive stimuli,
while the other layout was for repulsive stimuli.

For all types of behavioral circuits, the instantaneous lateral
inhibition between response layer neurons is defined as I(t)
in

Ib,n(t) = wResp−Resp
N∑

k=1,k 6=n

mResp
b,k (t),

∀nε[1, N ], ∀bεB.

(4)

For visual clarity, these lateral inhibitions are not depicted
in Fig. 2. The connections within behavioral circuits used to
direct the robot towards attractive stimuli (prey) obeyed the
following rules.

mResp
ib,n

(t) = wIn−Respb,n mIn
b,n(t)−Ib,n(t),

∀nε[1, N ], ∀bεB,
(5)

mAux
ib,n

(t) =



n∑
k=1

wResp−Auxb,k mResp
b,k (t)

nε[1, N/2], ∀bεB,

N∑
k=n

wResp−Auxb,k mResp
b,k (t)

nε(N/2, N ], ∀bεB.

(6)

The connections within behavioral circuits used to direct the
robot away from repulsive stimuli (predators and obstacles)
were defined in

mResp
ib,n

(t) =



wIn−Respb,n mIn
b,n−N

2
(t)− Ib,n(t)

nε(N/2, N ], ∀bεB

wIn−Respb,n mIn
b,N2 +n

(t)− Ib,n(t)

nε[1, N/2], ∀bεB

(7)

The connections between neurons of the Response and Aux-
iliary layers are identical to Eq. (6).

All neuron connections in this sub-network were made
according to equations Eq. (5)-Eq. (7), and are exemplified
in Fig. 2 for a 6-neuron-wide network (that is, each behavior
is implemented by 6 neurons).

2) Behavior Arbitration: The behaviour arbitration sub-
network allows the controller to designate a single response
when faced with competing behavioral stimuli. The simpli-
fied model is comprised of three distinct neurons for each
behavioral circuit. This processing block allows the system to
attenuate the contribution of less pertinent behavioral cues to
the system output. Drawing from the anatomy of the basal
ganglia (the neural structure on which this sub-network is
based), these three neurons were labeled as the subthalamic

nucleus (STN) neuron, internal globus pallidus (GPi) neuron,
and external globus pallidus (GPe) neuron [23].

The STN neurons receive stimulation from the response
neurons and are inhibited by the GPi neuron of the same
behavioral circuit. The STN neurons are also inhibited by GPe
neurons of all other behaviors. It can be formulated as

mSTN
ib

(t) = +

N∑
n=1

wResp−STNb,n mResp
b,n (t)

− wGPi−STNb mGPi
b (t)

−
∑

kεB,k 6=b

wGPe−STNk mGPe
k (t), ∀bεB.

(8)

Each GPe neuron is excited by the STN neurons of the same
behavioral circuit.

mGPe
ib

(t) = wSTN−GPeb mSTN
b (t), ∀bεB (9)

The GPi neuron of a given behavior is stimulated by the
STN neurons of all other behaviors. Each GPi neuron is also
inhibited by the GPe neuron of the same behavior.

mGPi
ib

(t) = +
∑

kεB,k 6=b

wSTN−GPik mSTN
k (t)

− wGPe−GPib mGPe
b (t), ∀bεB.

(10)

Finally, the GPi neuron of each behavior inhibits all response
layer neurons of the same behavior.

mResp
ib,n

(t) = −wGPi−Respb,n mGPi
b (t), ∀nε[1, N ], ∀bεB.

(11)

The stimulative and inhibitory connections between the
neurons of this sub-network were formally represented in
equations Eq. (8)-Eq. (11). The circuit is illustrated for a
system capable of performing 3 different behaviors in Fig. 3.
Although only 2 behaviors were tested in this work (approach
and escape), the 3 behavioral circuits described in [12] are
depicted in Fig. 3 to show how the architecture generalizes to
support multiple behaviors.
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Fig. 3. The architecture of the behavior arbitration sub-network. Each
behavior has an associated STN, GPe, and GPi neuron. The module receives
input stimulation from the response layer neurons. The output of this artificial
basal ganglia are the inhibitory connections between each GPi neuron and
all response layer neurons of the same behavior. The connections of a third
behavior (avoidance) are drawn here in order to show how the arbitration
network can generalize beyond two behaviors.
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3) Network Output: The final portion of the network gen-
erates the robot’s CPG drive signals. In this unit of the
network, a slight modification to the architecture of [12] is
proposed; the swimming speed is controlled by the locomotor
neurons’ combined firing rates, while turning is dictated by the
difference in reticulospinal neuron activations. Additionally,
the output of each locomotor neuron is made to inhibit the
reticulospinal neuron of the opposite side, further emphasiz-
ing this difference. This sub-unit has been implemented as
described by

mLoco
ileft

(t) =
∑
bεB

N
2∑

n=1

wResp−Locob,n mResp
b,n (t). (12)

mLoco
iright

(t) =
∑
bεB

N∑
n=N

2 +1

wResp−Locob,n mResp
b,n (t). (13)

mReticulo
ileft

(t) = +
∑
bεB

N
2∑

n=1

wAux−Reticulob,n mAux
b,n (t)

+mLoco
ileft

+mLoco
iright

.

(14)

mReticulo
iright

(t) = +
∑
bεB

N∑
n=N

2 +1

wAux−Reticulob,n mAux
b,n (t)

+mLoco
ileft

+mLoco
iright

.

(15)

Fig. 2 illustrates these connections. The instantaneous esti-
mates of speed and heading were determined using

speed(t) = R(xLocoright(t)) +R(xLocoleft (t)) (16)

heading(t) = R(mReticulo
iright

(t))−R(mReticulo
ileft

(t)) (17)

The function R is the rectifier (activation function) used to
map neuron outputs to values capable of driving the CPG.

III. RESULTS

A. Behavioral Tests

To experimentally validate the visuomotor control architec-
ture proposed in [12], the controller was used to guide the
Envirobot through seven different scenarios. For these exper-
iments, only frame-based cameras were used and behaviors
were produced in response to color cues. Using the color-based
blob detection algorithm described in II-B, green circles were
interpreted as prey and red circles were considered predators.
The robot was made to operate at a slow and fixed frequency
in order to avoid damaging the system.

The approach behavior was tested by placing the Envirobot
in a pool with a solitary attractive stimulus (Fig. 4a). Likewise,
the escape behavior was evaluated by recording the robot’s
reaction to a single repulsive stimulus (Fig. 4b). We then
studied the system’s ability to prioritize between different
stimuli of the same behavioral group. This was done by
exposing the platform to two attractive stimuli simultaneously
(Fig. 4c). Finally, the behavior arbitration was studied by
placing attractive and repulsive stimuli in close proximity
(Fig. 4d). The results of these four experiments are presented
in Fig. 4.
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Fig. 4. The experimental Envirobot swimming trajectories in four distinct
scenarios. These experiments were conducted by placing the robot in a pool
with one or more stimuli, and then tracking its trajectory during locomotion.
The robot was presented with (a) a single attractive stimulus (prey), (b) a
single repulsive stimulus (predator), (c) two attractive stimuli (prey), but at
different locations to test the controller’s stimulus prioritization capabilities.
Finally, (d) the robot was presented with an attractive stimulus (prey) and
a neighboring repulsive stimulus (predator) to test the controller’s behavior
arbitration capabilities.

The robot was then made to navigate through three dy-
namic scenarios. Exposing the system to solitary attractive
and repulsive stimuli in constant motion verified the network’s
ability to drive chasing and fleeing behaviors respectively. In a
more complex scenario, we studied the platform’s response to
sudden changes in its environment. The scenario began by
initially presenting the robot with two attractive stimuli at
different distances, similar to the case in Fig. 4c. However,
upon approaching its initial target, a predator was suddenly
made to appear. The Envirobot was capable of changing its
behavior to first escape the predator, and then target the safer
prey. The chasing behavior, fleeing behavior, and trajectory
readjustment behavior were recorded and made available for
viewing as a supplementary video to this work.

B. DVS Performance

We characterized the performance of the robot when driven
by dynamic vision sensors instead of frame-based cameras.
The number of complete passes through the neuron network
per second were measured using both cameras to provide an
objective measure of the computational advantage introduced
by the bio-inspired vision strategy. A higher number of passes-
per-second is desirable, as this corresponds to a network
being able to process visual input data more quickly. The
controller was run while the robot was exposed to no stimuli,
one stimulus, and two stimuli. Each scenario was maintained
for 60 seconds, and repeated for both cameras. The results
presented in Fig. 5 indicate a dramatic improvement offered by
the event-based strategy. We observed an order-of-magnitude
improvement when using the dynamic vision sensors.

A final experiment studied the improvement in robot swim-
ming precision due to the dynamic vision sensors. 20 exper-
iments (10 with frame-based cameras, and 10 with event-
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Fig. 5. A comparison between the neuron network computation rates achieved
by the two types of image capture. The controller was run for a duration of
three minutes for each type of camera. Tests began with no visual stimuli,
and a stimulus was added to the robot’s field of view each minute. The mean
computation rates for the event-based cameras were measured to an order of
magnitude higher than their frame-base counterparts for each scenario.

based cameras) were performed in which the robot was
made to attack a prey from a starting point approximately 3
meters away. Experiments were allowed to run until either the
platform reached its target or collided with one of the pool’s
walls.

A metric was developed to evaluate robot’s target approach
performance. At every time instant, the angle formed by
the robot’s current location, the target location (the angle
vertex), and its most recent past location was computed.
This gaze alignment angle, θgaze(t), represented how well-
centered within the robot’s field of view the target was at
each time instant. Angles closer to 0◦ represented strong
instantaneous alignment, while angles greater in magnitude
indicated a deviation from head-on approach. Each angle was
multiplied by a normalizing factor, defined as the ratio between
the current distance-to-target and the initial distance-to-target.
To quantify the robot’s performance in a single trial, the gaze
angles were integrated over time. The resulting value was
coined the cumulative gaze misalignment, Mgaze [◦s]. This
quantity represented the amount of time spent with the target
not centered within the robot’s field of view. In other words,
this served as a measure of how long the robot was able to
keep the object dead-ahead.

Fig. 6 illustrates the trajectories for the two camera types,
while Fig. 7a depicts the evolution of the gaze alignment for
each trajectory. Statistics for the 20 experiments are reported
in Fig. 7b. The results clearly favored event-based cameras for
the prey approach tasks. Use of dynamic vision sensors led to
a reduction in the cumulative gaze misalignment, falling from
an average of M̄gaze = 3.34◦s to M̄gaze = 0.57◦s.

IV. DISCUSSION

A. Visual Memory

The visuomotor controller presented in this work was only
capable of generating output signals based on instantaneous
input. While the use of event-based cameras improved the
robot’s head-on approach of attractive stimuli, the purely
reactive nature of the controller made it impossible to respond
to stimuli outside of its field of view. For example, the robot
was found to cease performing its escape behavior upon
successfully turning away from a predator such that visual
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turning to reach the target before colliding with the pool’s perimeter.
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Fig. 7. A performance comparison between event-based and frame-based
cameras. (a) The gaze misalignment plots corresponding to the two trajectories
of Fig. 6. The area under each curve was used as a final measure of how well
the robot performed. An area of 4.5◦s was recorded for the frame-based trial.
The event-based camera experiment exhibited a significant improvement, with
an cumulative gaze misalignment of 0.8◦s. (b) The cumulative gaze misalign-
ment scores for the two types of camera shows a significant improvement in
the robot’s ability to align the target with its heading when the event-based
cameras were used. The mean of M̄gaze = 3.34◦s, obtained using frame-
based cameras, dropped to M̄gaze = 0.57◦s with event-based cameras.

contact was broken. Additionally, the controller lacked an
internal model of the robot’s anguilliform swimming gait. Due
to stimuli rapidly shifting between the right and left eye, the
platform sometimes overshot its objective.

In vertebrates, the hippocampus helps to solve this mem-
ory problem by maintaining a spatial map of its organism’s
surroundings [24]. Biologically inspired vision systems seek
to reproduce the functionality of such spatial maps [25] and
visual short-term memory [26]. Kinaesthesia, on the other
hand, allows organisms to estimate the relative locations and
orientations of body parts. It may be possible to improve our
controller by extending the visuomotor network to include a
more advanced localization and memory system. This could
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enhance the robot’s precision while attacking prey, and allow
it to retain an awareness of stimuli that have fallen outside of
its field of view.

B. Parameter Optimization

Another limitation of this platform is the lack of a formal
method for optimizing the parameters of the neural network.
The framework was tuned heuristically, which was made pos-
sible by enforcing several model simplifications; all synaptic
weights were fixed to a value of w = 1, all forgetting factors
to α = 0.1, and all refractory periods to Trefractory = 1ms. It
may be possible to improve the robot’s performance in terms
of speed and precision by using a more rigorous parameter
optimization strategy.

C. Behavior Adaptation & Learning

It may be interesting to study the ability of this controller
to generalize its performance to previously unknown stimuli.
Lamprey and other organisms have been found to be capable
of adapting their behaviors based on danger cues sensed in
their surrounding environments [27]. Damage-released alarm
cues originating from conspecific organisms under distress
mark regions as high-risk, and can instigate the animals’ alarm
responses [28]. Experiments have even shown that certain fish
species are able to learn from such odor cues, which are
believed to play a role in teaching organisms to recognize
new entities as predators. It has been found that combining
damage released alarm cues with visual information produces
learned predator recognition [29].

Using such cues as penalties or rewards, it should be possi-
ble to generalize the controller’s performance when presented
with novel objects. In aquatic environments, chemical signals
such as the aforementioned danger cues, are dispersed by
Brownian motion over time. Such signals may not even be
visually detectable, making them poor candidates for visual
tracking (or avoidance). However, they could prove valuable
as a means for providing positive reinforcement to help form
new network connections. This could be done in an approach
resembling the policy optimization algorithms commonly used
in reinforcement learning.

Additionally, recent research has found that locusts are
capable of exploiting directional visual cues to rapidly adapt
their escape behaviors [30]. This has been achieved using
purely environmental information, without exposure to any
tangible rewards or penalties. Similarly to chemical danger
signals, contextual visual data could also be used to extend
the controller’s performance. The visual recognition of social
information (for example, an escaping school of fish) may be
used to train new controller networks in order to associate a
novel entity with a behavioral response.

Such learning algorithms could have interesting applications
for environmental monitoring systems. Deploying robots ca-
pable of sensing and intelligently interpreting contextual cues
could prove to be an asset in discovering and localizing newly
introduced pollutants.

D. Underwater use of Event-Based Cameras

This first use of event-based cameras in an underwater
environment was shown to have a positive effect on the
precision of goal directed swimming in the Envirobot platform.
However, to simplify the challenge of underwater object detec-
tion, these experiments were conducted with a single attractive
stimulus and used a flashing target. Indeed, aquatic robot
vision remains a challenge due to the effect of the medium on
the dispersion and attenuation of light. These effects manifest
in a significantly reduced depth of field, limiting the utility
of cameras in underwater monitoring and exploration applica-
tions. Additional work is required to rigorously characterize
the performance of event-based cameras in water, and to
develop algorithms capable of directing robot locomotion in
more complex environments.

V. CONCLUSION

The objectives of this work were to validate a biologically
inspired visuomotor controller, and serve as the first use case
of event driven cameras underwater. To achieve this, a vision-
ready head was designed for use with a modular lamprey
robot. The control architecture was then evaluated on its ability
to reproduce the behaviors predicted in [12]. Finally, the
performance benefits associated with the use of event-based,
rather than frame-based, cameras were recorded.

The model was successful in reproducing approach behavior
(attacking prey) and escape behavior (fleeing predators), while
prioritizing between various stimuli of the same behavioral
groups. The system was also found effective in arbitrating
between competing behaviors. Based on the structure of
vertebrate neurovisual circuits, this controller was capable of
producing complex behaviors in response to visual cues.

Following this, event-based sensors were used to drive
simple goal directed swimming, and system performance was
compared with that obtained using frame-based cameras. It
was found that the biologically inspired vision hardware
improved the Envirobot’s ability to approach prey with reduced
overshoot. This instrument also enabled the CPU to process
the neuron network more rapidly, allowing the leaky integrate-
and-fire neurons to adopt more biologically accurate parameter
values. The challenges associated with this hardware are an
inability to detect color, a lack of algorithms for image
rendering in aquatic environments, and a limited understanding
of the device performance underwater.

This work offers contributions to the field of robotics while
simultaneously presenting a tool for future studies in neuro-
biology. The vision-ready Envirobot offers an ideal platform
to investigate vision-controlled locomotion in anguilliform
swimmers such as salamanders and lamprey. By their very
nature, the dynamic vision sensors used in this study are ideal
for researching how optic-flows are used by organisms to
direct swimming. At the same time, this work contributes to
the state-of-the art in underwater robotics. The computational
and sensory advantages offered by the DVS devices may lead
to improvements in applications such as marker tracking on
active beacons, environment monitoring, or search and rescue
systems.
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