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Motivation: Reactive obstacle avoidance

Mapped-based approaches build a local

map to compute obstacle-free 

trajectories.

Mapped-less approaches aim at detecting nearby

obstacles and performing the avoidance action.

What about avoiding dynamic obstacles?

Events are triggered by changes of

illuminations of the scene. Thus event

cameras directly provide information of

moving objects on the scene.
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Motivation: Dynamic obstacle avoidance

Some works have been reported providing dynamic obstacle 

avoidance solutions for quadrotors: 

However, no work has tackled the problem of dynamic obstacle

avoidance for ornithopter robots using event cameras.

[10] [21] [22]
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Motivation: Obstacle avoidance for E-Flap
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Motivation: Obstacle avoidance for E-Flap
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General Scheme

• The Dynamic Obstacle Motion Estimation module, detects dynamic
obstacles and estimates their motion.

• The Collision Risk Evaluation Strategy module evaluates the risk of
collision considering the robot geometry.

• The Tail Control actuates on the vertical and horizontal tail deflections
to change the ornithopter flight direction.

A reactive evasive maneuver
strategy to prevent collision
risk situations with obstacles
moving in the robot direction.
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Dynamic Object Motion Estimation

• Our scheme performs event-by-event processing to exploit the
asynchronous nature of event cameras.

• It receives as input the event stream and estimates the optical
flow of the obstacle.
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Time Filter

• The Time Filter detects events generated from moving objects.

• The time of previous events is registered in

• Only events with a time difference smaller than are 
considerer as events triggered by a moving object.
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Corner detection

• The Corner Detector extracts relevant features of the moving
object

• The *eFast event Corner Detector was selected due its fast
response and low False Positive Rate.

• Using cornores reduces computational cost in >25%
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Optical Flow

• The Optical Flow provides an estimation of the relative motion
estimation between the camera and the object.

• It is based on block matching operations between event slices. 
Slices are 2D histograms of events collected during the time d.

• Uses less than 32% of the triggered events.
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Clustering

• Optical flow estimations are clustered to obtain an
approximation of the object’s optical flow.

• It receives as input events and ther optical flow estimation.
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Collision Risk Evaluation Strategy

• A reactive evasive maneuver strategy to
prevent collision risk situations with
incoming obstacles.

• The ornithopter and the obstacle are 
approximated by Safety Volumes given
W,H and R'.

• The minimum angles ψ and θ to avoid a 
possible collision risk without deviating
the flight trajectory are:

with z(t) estimated by assuming R' known.
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Tail Control

• Our approach focues on performing an avoidance maneuver
with an opposite direction velocity vector w.r.t. the incoming
obstacle velocity.

• Where is , with and are the longitudinal, 
and lateral tail deflections to perform the maneuver.

• The control gain were experimentally tuned.
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Experiments
OutdoorsIndoors Testbed

Small box, Stuffed Toy and FitBall

• The experimental validation
included three types of evaluations:

1. Obstacle detection

2. Motion Estimation

3. Sense-and-avoid

• Three objects with different sizes
were used in the experiment.

• Experiments were perfomerd in the
Testbed of the GRVC and in the

Soccer Field at ETSI.
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Experiments: Obstacle Detecion

• The detection performance was evaluated by comparing the output of
our algorithm with the frames provided by the APS sensor.

• Each comparison led to a possible result: False Positive (FP), False
Negative (FN), True Positive (TP), and True Negative (TN).

• The method reported an overall accuracy of 91.7%.

• Multi-object detection reported an accuracy of 74.2%.
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Experiments: Motion Estimation

• The evaluation consisted of
comparing the mean optical flow
direction of the dynamic obstacle
on the image plane with the ground
truth direction.

• The mean error considering all the
experiments was 6.97º, the mean
standard deviation was 3.89º, and
maximum instantaneous direction
error was 19.54º.
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Three types of experiments were
performed:

1. Intersection of the Safety Volumes
(ISV). An ISV exists when the
robot and the obstacle safety 
volumes intersect along robot 
trajectory in case no evasion
maneuver is performed.

*Validated using Optitrack

Experiments: Sense-and-avoid
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1. a

2. Robustness in different scenarios
and light conditions
(Outdoors). A success rate of
92.0% with regular illumination
conditions.

3. No ISV and avoidance. Only in 
15% of the cases, an unnecessary
maneuver was activated.

Experiments: Sense-and-avoid
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Experiments: Sense-and-avoid
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Conclusions

• This paper presents the first event-based obstacle avoidance system for

large-scale flapping-wing robots.

• It reports an average avoidance success rate of 89.7% evading

dynamic obstacles of different sizes and shapes.

• Our event-by-event processing and efficient implementation provide
fast onboard computation even in low processing capacity hardware.

• The integration of mapped-based method in a complete obstacle
avoidance system for static and dynamic objects is object of future

research.
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