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In this project we study collective intelligence from two different aspects:
First, we build a system exhibiting collective behavior. We show how single-
robot solutions can be scaled to achieve collective behavior. Here students will
design synthetic behavior, that is being tested on a real robot system. In a
second part we take a closer look into a natural system of collectively behaving
fish. In combination with a biomimetric robot the natural system helps us to
validate and test hypothesis about natural behavior of animals.

This assignment uses distance estimation as an example study case. The
ability to estimate distance is an essential aspect for self-orientation, allowing
animals to move in a natural environment. In particular when animals move in
teams (e.g. fish schools, flocking birds), they seem to localize themselves relative
to their neighbors - efficient and accurate enough such that quite astonishing
behaviors arise. Throughout this assignment students will develop a synthetic
approach simulating simple collective behavior, which will be deployed onto a
real robotic platform.

The first part of this assignment is about creating synthetic behavior : esti-
mating distance to neighboring agents (Section 1), motion planning (Section 2)
and the combination of both for testing robot behavior in the real world in a
multi-agent setting (Section 3). The second part is about analyzing natural be-
havior (Section 4). With help of a robot that mimics appearance and behavior
of conspecifics, students embody hypotheses regarding agent perception (e.g.
distance estimation) and interactions and probe those in real world settings.
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1 Distance Estimation

Figure 1: Distance estimation to
neighboring Lego robots.

Distance estimation is an essential
part of scene recognition and orien-
tation, allowing agents to move in a
natural environment. In particular,
when animals move in teams (e.g. fish
schools, flock of birds), they seem to
be very capable of doing this - moving
together as a whole without colliding
or bumping into each other. Differ-
ent sensor systems but also different
strategies of movement enable these
agents to localize themselves relative
to another. Vision is probably the
sensor system that is studied in great-
est detail and will be the focus of the first assignment part.

This part provides an introduction into analytical and learning based ap-
proaches for distance estimation. While there are several cues to extract infor-
mation about distance the focus of this assignment lies on object appearance
and its relative size. Objects appearing at greater distance will appear smaller
than objects nearby. This is one of the fundamental principles of perspective
projection. A classical object detector (YOLOv5 small/nano) will be extended
with the ability to estimate distance. When does a system benefit from learn-
ing?, When should estimates be computed following known physical principles
instead of being learned from data? This part of the assignment aims at im-
plementing both solutions to distance estimation - the analytical computation
and a multilayer perceptron (MLP), analyzing pro/cons of each approach and
finally draws a decision with respect to the algorithm’s deployment onto a real
robot. The developed system is tested and evaluated on provided video frames
coming with the assignment.

Theory
• Introduction into object detection with YOLO
• Training, validation and testing in machine learning
• Perspective projection

Practice (Implementation)
• Implementation of distance estimation based on perspective projection
• Implementation of an MLP for robot distance estimation (pytorch)

Practice (Testing)
• Testing on prerecorded video data.
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2 Multi-Robot Collision Avoidance

Figure 2: Multi-robot collision
avoidance via Buffered Voronoi Cells.

One of the foundational behaviors for
a team of robots is to be able to move
in their environment without any col-
lisions with other robots or obsta-
cles. In multi-robot motion planning,
we typically assume that the environ-
ment is fully known and that we can
plan in a centralized fashion for the
whole team of robots. In collision
avoidance, we take a more reactive
approach, where each robot changes
its motion based on the robot’s per-
ceptual input to avoid collisions in a
distributed fashion. This part pro-
vides practical insights into Buffered Voronoi Cells (BVC), a modern approach
for distributed collision avoidance that only requires the sensing of neighbor
positions. Together with single-robot planning techniques, it can be effectively
used to plan smooth motions for many mobile robots, including differential-drive
robots, car-like robots, and multirotors. We program in Python and verify the
resulting approach using our own robotics simulator, assuming that we know
the relative positions between the robots.

Theory
• Robot Dynamics (differential drive, as common for vacuum cleaning robots)
• Robot Control (PID)
• Differential Flatness and Motion Planning using Bézier-curve Optimiza-
tion

• Buffered Voronoi Cells (BVCs)

Practice (Implementation)
• Learn how a simple simulator with dynamics and visualization can be
build (numpy, meshcat)

• Implement and tune a robot controller
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