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The RoboBees project at Harvard University 
is attempting to push the current, practical 
limits of microengineering and micro-aerial 
vehicle (MAV) technology.  The project 
brings together researchers from many 
different disciplines with the ultimate goal of 
developing a swarm of autonomous, robotic 
honey-bees. 

 

RoboBee prototype 

Since the RoboBees are currently under 
development, we use 30 g micro-helicopters 
as proxies for them.  These platforms share 
similar restrictions on weight, power, and 
processing.  With these devices, we are 
prototyping and testing strategies for sensing 
and control for use in larger, distributed 
swarms.  We use a custom sensor ring with 
our coxial helicopter platform, which 
consists of 8 miniature cameras distributed 
in a circle around the body of the MAV. 
Using specialized vision sensors, we 
estimate the optic flow around the 
helicopter. This information can then be 
used to control the aircraft and ultimately for 
more complex tasks such as egomotion 
estimation, mapping, and coordination. 

 

Autonomous MAV with custom sensor ring 

We investigated strategies for indoor 
navigation with fully on-board comuptation.  
In order to test various sensor configurations 
and control strategies, we created a 3-
dimensional simulation of the MAV and 
sensor ring using the Webots robotics 
simulator1, along with a custom physics 
plugin. 

 

3-Dimensional simulation 

                                                
1 http://www.cyberbotics.com/ 
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1. Introduction

1.1. Background
Over the past century, we have made major progress in the development of flying vehicles.
We have created machines that routinely travel faster than the speed of sound and others
that reliably carry millions of passengers around the world. Throughout this process, we have
also added increasing levels of autonomy into these systems, with the most obvious example
being the autopilot. Today, we have moved well beyond basic autopilots into the realm of
unmanned aerial vehicles (UAVs). UAVs are increasingly replacing manned systems and are
widely used for a variety of missions ranging from search and rescue to strategic military
operations. However impressive these systems may be, they still face many limitations. Most
of these systems are heavily reliant on external systems such as the global position system
(GPS); most are controlled remotely, requiring a continuous communication link; most have
very limited sensing capabilities, leaving them unable to are unable to fly autonomously at
low altitudes; and almost none of these aircraft can fly indoors.

An interesting area of research is the development of lightweight, unmanned micro-aerial
vehicles (MAVs). These small-scale flying systems typically require less power, have increased
maneuverability, are less dangerous, and can reach places that larger aircraft cannot. Many
of these systems are even capable of safe flight in cluttered indoor environments. The tradeoff
in size, however, means that these vehicles have limited payloads, restricting their sensing
and computational capabilities. As we develop smaller and smaller systems, these restrictions
become even more difficult. One project that attempts to push the current, practical limits
of microengineering and MAV technology is the RoboBees project1 at Harvard University.

1.2. RoboBees Project
This masters project is part of ongoing research into building a swarm of autonomous,
robotic honey-bees. This research is being conducted at several laboratories within Harvard
University, including the Microrobotics Laboratory headed by professor Robert Wood and
the Self-Organizing Systems Research Group headed by professor Radhika Nagpal. The
RoboBees project brings together researchers from different scientific and engineering dis-
ciplines to explore the limits of current technology. It is an effort to build a swarm of
flapping-wing micro-aerial vehicles to collectively perform tasks such as:

• Crop pollination

• Search and rescue

• Hazardous environment exploration

• Military surveillance

• Weather and climate mapping

• Traffic monitoring
1http://robobees.seas.harvard.edu

6

http://robobees.seas.harvard.edu


The project is divided into three parts: Body, Brain, and Colony.

Body
This part of the project consists of designing an insect-sized autonomous flapping-wing

flying robot. They will leverage existing breakthroughs from professor Wood’s laboratory,
which achieved their first successful flight of a life-sized robotic fly in 2007. The group will
also investigate compact high-energy power sources for sustained, autonomous flight.

Brain
The Brain incorporates the development of the sensors, control, and circuitry to coor-

dinate flight and target identification on the RoboBees. In such a resource constrained envi-
ronment (limited power and computation), the group is striving to include computationally-
efficient control, compact and efficient sensors, and energy-efficient electronic hardware.
While not directly replicating the insect nervous system, they are also looking to biology to
help inspire the design.

Colony
Inspired by the hive system of honeybees, the Colony group is attempting to develop

coordination algorithms to overcome the limitations of individual RoboBees and exploit their
numbers to accomplish tasks. This involves research into developing methods that leverage
the entire colony – such as parallelism (exploration of large areas), energy efficiency (through
information sharing and division of labor), and robustness (since individuals may fail or make
errors).

Figure 1: RoboBee prototype from 2009 (Photo by Ben Finio)
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(a) (b)

Figure 2: 2011 RoboBee prototype (Photos by Eliza Grinnel)

1.3. Project Goals
Since the RoboBees are currently under development, we use micro-helicopters as proxies for
them. These platforms are larger and support a heavier payload. Nevertheless, they share
similar restrictions on weight, power, and processing. With these devices, we can begin to
prototype and test our strategies for sensing and control for use in larger, distributed swarms.
We have developed a specialized sensor ring for use with our coxial helicopter platform. This
sensor ring consists of 8 miniature cameras distributed in a circle around the body of the
MAV. Using these vision sensors, we can estimate the optic flow around the helicopter.
This information can then be used to control the aircraft and ultimately for more complex
tasks such as egomotion estimation, mapping, and coordination. The goals of this particular
project are to:

• Get familiar with the current micro-helicopter platform

• Explore indoor, autonomous tasks enabled by the sensor ring

• Test candidate strategies in simulation and/or hardware

• Consider different sensor configurations

This work will be integrated into ongoing research in the lab related to navigation and
control for resource-limited platforms and distributed robotic systems. Note that the project
goals have evolved quite a bit from the beginning of the project due to difficulties with the
prototype hardware.
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2. State of the Art
The field of UAVs and MAVs is very large, and continually expanding. A very good starting
point for vision-based guidance and control is [19], which provides a very good overview of the
state of the art for vision-based aerial vehicles through 2009. [21] describes more work on an
autonomous lightweight control system for a fixed-wing aircraft based on optic flow. There
has also been significant work done at the ETH Zurich on advanced aerial vehicle control
and navigation through vision. Some of this work is presented in [25] and [139], but requires
much higher computational power than we have available. Similarly, [144] describes a similar
corridor following task as we perform but with a far more powerful quadrotor system. [121]
is able to perform multi-floor autonomous navigation, but is in another category of system
power and complexity.

For our project, we are interested in the limits of autonomous navigation - situations where
we have limited and noisy sensing, little computational power, and a low power budget. [148]
provides very compelling work done on a 10 g micro-flyer controlled through optic flow (far
closer to the projected 0.5 g of the final RoboBee). [119] proposes a simpler MAV autopilot
based on optic flow for corridor following. There also is a large body of work from the
Australian National University discussing biological systems and mechanisms relevant to
our problem [128, 130, 129], and [49] provides a nice overview of transferring some of the
biological ideas over to robotics.
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3. Hardware
The main hardware for this project is an autonomous 30 gram coaxial helicopter with custom
electronics for control and sensing. This includes a specialized sensor ring which includes 8
miniature cameras and onboard processing for optic flow measurement. This section briefly
describes these components.

3.1. Coaxial Helicopter
3.1.1. Base Platform

Our MAV platform is based on the commercially-available Blade mCX2 coaxial helicopter
(Figure 3). The vehicle is built around a plastic frame and has a length of 20 cm, a height
of 12 cm, and a rotor diameter of 19 cm. The rotors are driven by two micro coreless DC
motors. The upper rotor is attached to a flybar, or “stabilizer bar.” The flybar acts as a
passive stabilization mechanism by dampening rotations around the x and y axes. The lower
rotor is connected to the swashplate. The swashplate cyclicly adjusts the pitch of the rotor
blades in order to control the thrust vector. The swashplate itself is actuated by two micro
linear servos integrated on the control board. The micro-helicopter is powered by a single
lithium-polymer battery (3.7 V 150 mAh).

(a) Perspective (b) Front (c) Side

Figure 3: Blade mCX2 helicopter (© 2013 Blade)

3.1.2. Helicopter Control Board

In order to add autonomous capabilities to this helicopter, we swap out the default control
board on the base helicopter with a custom control board (Figure 4) designed by Centeye
Ltd.2. The custom board has the following features:

• 32-bit AVR processor

• 2.4 GHz wireless radio

2http://centeye.com/
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• 3-axis gyroscope

• Connector for additional sensors

• Voltage regulators

• Battery level sensing

• Two micro linear servomotors

• Drivers for two rotor motors

• LED indicator

The onboard microcontroller, a 32-bit Atmel AT32UC3B, runs at 48 MHz and is programmed
in C using Atmel Studio though a custom programming connection. Data can be sent
wirelessly from the helicopter to a custom base board connected to a computer over USB.
The helicopter control board also supports additional sensors through a special, surface-
mount connector. We have tested both an off-board accelerometer and a custom optic flow
sensor ring (see 3.3) through this connection. At this point in time, the hardware and
firmware is sill in the prototyping stage and work is being done to increase reliability for
more extensive testing.

(a) Front (b) Back (c) Fully populated

Figure 4: Helicopter control board (actual size)

3.2. Inertial Sensing
In order to aid with stability, sensing, and control, the MAV includes a set of inertial sensors.
These include an onboard gyroscope and optional, external accelerometer.

3.2.1. Gyroscope

Gyroscopes measure angular rates. Our helicopter platform uses a 3-axis, MEMS IMU-
3000 gyroscope by InvenSense. This sensor consists of three independent vibratory MEMS
rate gyroscopes, which detect rotation about the x, y, and z axes of the sensor using the
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Coriolis Effect. The gyroscope includes onboard amplification and filtering of the signal
which is then read out by a variable-rate 16-bit analog-to-digital converter (ADC) which
can be programmed for several different sensitivities. The gyroscope is mounted directly
on the helicopter control board, making the data easier to interpret. Following the typical
convention of aerial vehicles, the x-axis faces the nose of the aircraft, the y-axis faces the
right side of the vehicle, and the z-axis faces downward. The three rotations of the helicopter
are known as roll (φ) around the x-axis, pitch (θ) around the y-axis, and yaw (ψ) around
the z-axis (Figure 5). The gyroscope measures the corresponding angular rates p = φ̇, q = θ̇,
r = ψ̇.

x 
y 

z 

!

!

!

(yaw) 

(roll) 
(pitch) 

Figure 5: Helicopter axes

It is important to note that gyroscopes have a steady-state error which much be measured
and accounted for when collecting data. This can be expressed by the following equation




p
q
r



 = S ·




preading
qreading
rreading



−




poffset
qoffset
roffset



 (1)

where S is the factory calibrated sensitivity of the gyroscope [◦/s].

3.2.2. Accelerometer

In order to get an accurate measurement of the MAV attitude, we need more than a simple
gyroscope. In order to get additional inertial information, we have a connector which allows
us to interface the helicopter control board to the Sparkfun3 9 Degrees of Freedom Sensor

3https://www.sparkfun.com/
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Stick (Figure 6). This small sensor board includes an ADXL345 3-axis accelerometer, a
HMC5843 3-axis magnetometer, and an ITG-3200 3-axis gyroscope. The sensor stick com-
municates through I2C with the helicopter control board and can be mounted on the bottom
surface of the MAV. This data can then be combined through a complementary or Kalman
filter to get a better state estimate.

(a) Front (b) Back

Figure 6: Optional external sensor package (actual size)

3.3. Optic Flow Sensor Ring
A unique aspect of our MAV is the inclusion of a specialized optic flow sensor ring. This
sensor includes 8 miniature, logarithmic imaging sensors placed around an (approximately)
10 cm diameter ring. The ring also includes onboard circuitry for the readout and processing
of data from the cameras. We are able to continuously calculate the flow around the vehicle
at rates in excess of 100 Hz and use this information for navigation and control.

3.3.1. Vision Sensors

The sensor ring uses 8 specialized logarithmic Faraya vision sensors designed by Centeye Ltd.
Each monochromatic camera contains a 64 × 64 pixel array. Each pixel has a logarithmic
response to the intensity of the incident light. These chips are designed specifically for
embedded applications, sacrificing pixel count for more flexible acquisition, random pixel
access, and ease of use. The pixels are shutterless, meaning that they are always adapting to
light levels and generating an output. This greatly eases the readout process by removing the
precise timing requirements of other imaging technologies such as active pixel sensors (APS)
and charged coupled devices (CCD). The chips also feature the ability to bin pixels together
for readout, improving the image quality for downsampled images. The pixel values are read
out using a 10-bit ADC. Each camera has attached optics which help to focus the light into
the pixel array. These optics give the sensors a field-of-view (FOV) of approximately 75◦
(determined experimentally).

(a) Front (b) Back

Figure 7: Vision sensor (actual size)
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Due to imperfections in the manufacturing process, there are variations between individual
pixels. In particular, we consider the fixed pattern noise (FPN) between pixels. We account
for this offset by taking a reference image in uniform, dark lighting conditions and saving
it in memory. We then subtract this mask from subsequent images we capture. We do,
however, assume that response is otherwise the same between pixels (with good results).
It is especially important to remove these steady state errors when calculating optic flow;
images with steady state errors will appear as texture with no motion, causing the flow
values to tend toward zero.

3.3.2. Sensor Strip

The vision sensors are mounted on a flexible printed circuit board (PCB) with approximately
even spacing around the vehicle. This sensor configuration allows the MAV to see in all
directions around the vehicle in its xy-plane. The sensor strip is flexible but will tend to
hold its shape when connected as a ring. Because it is not perfectly round and the spacing
is not even, we cannot rely on the exact positioning or angle of any of the cameras. Given
the fact that we are interested in simple and robust behaviors, this should not pose a serious
problem for our experiments. Table 1 gives the approximate angle of the camera relative to
the center of the ring during one particular test case. Figure 8 shows the strips when laid
out flat, and Figure 9 shows the assembled ring with cameras attached.

ID Even Spacing Measured
0 -157.5◦ -149.2◦
1 -112.5◦ -110.6◦
2 -67.5◦ -72.5◦
3 -22.5◦ -34.0◦
4 22.5◦ 34.8◦
5 67.5◦ 73.6◦
6 112.5◦ 112.3◦
7 157.5◦ 150.8◦

Table 1: Camera directions (relative to x-axis)

(a) Front

(b) Back

Figure 8: Sensor strip
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Figure 9: Optic flow sensor ring (actual size)

3.3.3. Sensor Control Board

The sensor ring is controlled through a 32-bit AT32UC3B AVR microcontroller (the same
type as on the helicopter control board). This microcontroller, running at 48 MHz, coor-
dinates the readout of images from the various vision sensors attached to the ring. It also
preforms the optic flow calculations and communicates this information to the helicopter
control board over I2C.

(a) Front (b) Back

Figure 10: Sensor control board (actual size)

3.4. Assembly
The assembled MAV is completely autonomous with fully onboard power, sensing, and pro-
cessing. It can fly for several minutes (6+) on a single charge. Figure 11 shows the complete
working vehicle. Figure 12 labels the different components.

15



(a) Perspective

(b) Front (c) Side

Figure 11: Assembled MAV
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Figure 12: Parts of MAV

3.4.1. Weight Breakdown

As with all flying vehicles, our helicopter has a very tight weight budget. This limitation
places similar constraints on the MAV that the RoboBees face. In particular, we want to
investigate situations with limited computational and sensing resources. The weight break-
down of the MAV can be seen in Table 2. The MAV totals approximately 30 grams, including
all of the onboard sensing. Due to its small size and limited actuation, the helicopter is most
suited for indoor flight. The stronger and unpredictable winds in outdoor environments
exceed the helicopter’s maximum airspeed, overwhelming the onboard stability control.

Component Weight [g]
Main rotor assembly (incl. motors) 18.89
Tail 0.71
Battery 4.25
Helicopter control board 2.05
Sensor ring control board 1.78
Sensor ring (incl. cameras) 2.61
Total 30.29

Table 2: Weight breakdown of MAV
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4. Simulation
When working with MAVs, there are a variety of difficulties associated with using actual
hardware. These problems include:

• Limited testing environments

• Limited flight time

• Difficulty tracking motion

• Difficulty logging data

• Hardware malfunctions

• Harder to program devices (longer iteration time)

In order to alleviate some of this issues, it is often useful to perform at least some kind of
simulation. In our case, the prototype hardware has proved unreliable, making a simulation
particularly attractive while we sort out the difficulties. A realistic, 3-dimensional simula-
tion allows us to test different sensor configurations and algorithms without the hassles of
reconfiguring and reprogramming several different devices.

4.1. Webots
For our simulation we used the Webots 7 software from Cyberbotics Ltd.4. The software in-
corporates an integrated development environment (IDE), physics engine, and 3-dimentional
graphics to create a relatively simple way of implementing 3-dimensional physics-based simu-
lations. Webots is designed as a robotics simulator, and as such has many common actuation
and sensing capabilities built in. For example, we can easily add cameras to simulated the
visions sensors on our sensor ring. Unfortunately, it is primarily geared toward ground based
robots, and requires a custom physics plugin in order to model helicopter physics. The
following list of features made Webots stand out as a simulation tool:

• Multi-platform (Linux, Windows, OS X)

• Open Dynamics Engine (ODE) for accurate physics simulation

• 3D visualization

• Sensor and actuator libraries to ease implementation

• Choice of programming languages (C, C++, Java, Python, MATLAB)

• Expandability

• Existing documentation

• Relatively straightforward conversion into hardware
4http://www.cyberbotics.com/
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• Previous experience

In short, using Webots allowed this project and future work to get up and running quickly.
By simplifying distribution and easing implementation of new ideas, the model becomes sig-
nificantly more valuable. A custom made solution may run more quickly, and may ultimately
be a worthwhile investment, but a Webots-baed model can be easily distributed and used
to prototype experiments. Furthermore, because it is a mature and commercially released
piece of software, there are fewer bugs and there exists good support material to get started
[35, 36].

Figure 13: Webots graphical user interface (GUI)

4.2. Structure
There are three major components to our Webots simulation. The first is what is known
as a world (.wbt) file. In Webots, all simulated objects and their properties are described
by a hierarchical tree of specialized Nodes which are based on the Virtual Reality Modeling
Language (VRML). These nodes include Cameras, Servos, Transforms, PointLights, and
much more. Figure 14 shows the various Nodes that can be used to build up a simulation in
Webots. The official Cyberbotics documentation in [35] is particularly useful for designing
and using Webots models.

In addition to the world file which defines the simulation environment, we have a controller
which is a computer program which controls a robot within the world file. These controllers
can be written in one of several languages including C, C++, Java, Python, or MATLAB.
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The controller can take simulated sensor inputs and make changes to controllable parts of
the a Robot (or Supervisor) Node. When structured correctly, these controller programs
should port easily to the desired platform.

Finally, we need a custom physics plugin to add the forces required for flight. For ground-
based simulations, this is typically unnecessary, as the built-in Nodes and physics can simu-
late a large range of robots from simple two-wheels rovers, to complex humanoid robots.

18 CHAPTER 2. NODE CHART

Figure 2.1: Webots Nodes ChartFigure 14: Webots Node chart (from [35])

The files included in our simulation are organized in a very specific way to make them
easy open and run on any machine with Webots installed. The entire simulation is contained
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within the heli folder as shown in Figure 15. With this file hierarchy, opening the heli.wbt
world should open Webots and begin the simulation. The controller heli.c is written and
C and should be compiled after any changes.

heli/
controllers/

heli/
heli.c
Makefile
log.txt

plugins/
physics/

heli_physics/
heli_physics.c
Makefile

worlds/
textures/

ceiling.jpg
door.jpg
floor.jpg
poster.jpg

heli.wbt

Figure 15: File hierarchy for Webots simulation

4.2.1. Helicopter

We use a simplified, block model of our helicopter platform in our simulation. Figure 16
shows our final Webots model of the MAV. To the extent that it was possible, the properties
of the simulated helicopter are based on measurements of the actual platform.
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(a) Perspective

(b) Front (c) Side

Figure 16: Helicopter model in Webots

Figure 17 shows the Nodes that are used to model the MAV and the hierarchical relation-
ship between them (children are denoted by indentation). The robot itself is a Supervisor
Node, which is simply a Robot that can execute privileged operations such as restarting the
simulation, capturing a video, etc. There are a series of Transform and Shape Nodes that
make up the visible structure of the helicopter. We assume that the vehicle has a mass of
30 g, and that the center of mass is at the center of the body. There are two Solid Nodes
to represent the upper and lower rotors. Thrust forces are applied to the center of these
Nodes. The rotors are represented by two semi-transparent cylinders that react to contact
with other solid bodies. Two Servo motors animate spinning blades (traveling at a signifi-
cantly slower angular velocity than the actual blades). The model includes 8 Camera Nodes
evenly distributed around the helicopter with the angles given in Table 3 (refer to Figure
18). The images acquired from these cameras can then be displayed in a series of Display
Nodes. Finally, we also include a Gyro Node, an Accelerometer Node, and a GPS Node for
inertial sensing and tracking. Finally we have Emitter and Receiver Nodes for passing data
to our custom physics plugin.
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HELI Supervisor
BODY Transform

BODY Shape
TAIL Transform

FIN Transform
FIN Shape

BOOM Shape
SKIDS Transform

SKID_RIGHT Transform
SKID Shape

SKID_LEFT Transform
SKID Shape

RING Transform
RING Shape

MAST Transfrom
MAST Shape

ROTOR_UPPER Solid
ROTOR Shape

ROTOR_LOWER Solid
ROTOR Shape

ANIMATE_UPPER Servo
BLADE Shape

ANIMATE_LOWER Servo
BLADE Shape

CAMERA_0 Camera
CAMERA Shape

CAMERA_1 Camera
CAMERA Shape

CAMERA_2 Camera
CAMERA Shape

CAMERA_3 Camera
CAMERA Shape

CAMERA_4 Camera
CAMERA Shape

CAMERA_5 Camera
CAMERA Shape

CAMERA_6 Camera
CAMERA Shape

CAMERA_7 Camera
CAMERA Shape

VIEW_0 Display
VIEW_1 Display
VIEW_2 Display
VIEW_3 Display
VIEW_4 Display
VIEW_5 Display
VIEW_6 Display
VIEW_7 Display
GYRO Gyro
ACCEL Accelerometer
TRACKER GPS
EMITTER Emitter
RECEIVER Receiver

Figure 17: Structure of Webots MAV model
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Figure 18: Camera numbering scheme

ID Angle
0 −7π/8
1 −5π/8
2 −3π/8
3 −π/8
4 π/8
5 3π/8
6 5π/8
7 7π/8

Table 3: Simulated camera directions (relative to x-axis)

4.2.2. Environment

We are interested in flying our robots in real-world, indoor environments. As such, we created
a Webots test environment that simulated these conditions. We created a simple floor plan
with several hallways, intersections, and an open area. We then applied realistic, custom
textures to the walls, floors, and ceilings. The textures are based on images captured from
the the area in which we will be testing the MAV (Figure 19). The final map and Webots
world can be seen in Figure 20.
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(a) Door (b) Poster

(c) Floor (d) Ceiling

Figure 19: Simulation textures
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Poster 
Door 

(a) Map

(b) Webots

Figure 20: Webots simulated indoor environment
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4.3. Simplified Physics Model
We use a simplified physics model for simulating the helicopter dynamics. The model is
largely based on previous work presented in [111] and [26]. The following sections describe
the various forces and torques implemented in our simulation. Figure 21 shows the forces
included in our model of the MAV.

xW yW 

zW 

we could construct a more realistic relationship between particular command values and
real-world forces; however, this is not the goal of our project.

The upper rotor uses a passive flybar to increase stability of the MAV. Due to the high
inertia of the stabilizer bar, it offers resistance to any attempt to modify the orientation of
the rotation axis. As a result the stabilizer bar itself and the upper rotor, which are linked,
lag behind the roll or pitch movement of the helicopter. A model of this is presented in
[25]. Due to the extensive testing required to calibrate and measure this effect, we simply
group these passive stabilization elements into a single (optional) restoring force (discussed
in 4.2.7). The thrust of the upper rotor ( �FT,u) is simply given by equation 12 and applied
to the body frame at the center of the upper rotor (along body z-axis).

4.2.5. Rotor Drag

As discussed in 4.2.3, the rotors experience drag as they rotate. This rotor drag creates a
torque on the body of the helicopter given by equation 10. We can simplify this torque for
our model by keeping the air density and rotor size fixed and combining everything into a a
single drag constant CD. This gives us the following equation for the rotor drag torque

MD,i = CD · Ω2
i (19)

This torque is applied to the helicopter based on the direction of rotation of the rotor
(since the drag acts opposite to the direction of motion). Because coaxial helicopters have
rotors that spin in opposite directions and have the same center axis, the rotor drag from
each rotor will tend to cancel the other out. When both rotor velocities are equal, there is
no rotor drag torque applied (MD = 0 when Ωl = Ωu). When there is an imbalance in the
rotor velocities, the MAV will experience a torque about the body z-axis. This relationship
is expressed in the following equation

�MD =




0
0

MD,l −MD,u



 (20)

4.2.6. Fuselage Drag

When the helicopter is in motion, the body will feel a drag force due to air resistance on
the fuselage. This force is proportional to the velocity of the body squared. This force can
be expressed by the following equation which give the drag force vector �FD in the inertial
frame,

�FD =




−CF,x · u2sign (u)
−CF,y · v2sign (v)
−CF,z · w2sign (w)



 (21)

where CF is a the drag coefficient of the body in air and u, v, and w are the spacial velocities.
For our simple model, we assume that CF is constant in all directions.
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tan2 γ = tan2 α + tan2 β

tan2 γ =
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cos2 α
+

sin2 β
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=
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1− cos2 γ
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sin2 α
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+
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cos2 β
(13)

Simplifying this equation, we get

cos γ =
cosα · cos β

�
1− sin2 α · sin2 β

(14)

We can then use this to find the three components of the thrust vector, Fx, Fy, and Fz.

Fz = − cos γ · FT =
− cosα · cos β

�
1− sin2 α · sin2 β

· FT (15)

Fx = tanα · Fz =
− sinα · cos β

�
1− sin2 α · sin2 β

· FT (16)

Fy = − tan β · Fz =
cosα · sin β

�
1− sin2 α · sin2 β

· FT (17)

Our final thrust vector �FT,l then becomes

�FT,l =




Fx

F y

Fz



 (18)

This force is applied to the model at the center of the lower rotor. The physics engine
automatically accounts for the moments that this induces on the rigid helicopter model. The
value of α and β are determined by a linear relationship to a servo command value sent to
the physics plugin from the robot controller. Similarly, the value of Ωl and Ωu are linearly
related to a velocity command sent by the helicopter controller. In this way, we assume that
the servos instantaneously reach their desired set point and the rotors are speed-controlled
and can immediately adjust their velocity to incoming commands. More realistic motor
limitations should be accounted for in the controller. With the proper testing equipment,
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we could construct a more realistic relationship between particular command values and
real-world forces; however, this is not the goal of our project.

The upper rotor uses a passive flybar to increase stability of the MAV. Due to the high
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the rotation axis. As a result the stabilizer bar itself and the upper rotor, which are linked,
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As discussed in 4.2.3, the rotors experience drag as they rotate. This rotor drag creates a
torque on the body of the helicopter given by equation 10. We can simplify this torque for
our model by keeping the air density and rotor size fixed and combining everything into a a
single drag constant CD. This gives us the following equation for the rotor drag torque

MD,i = CD · Ω2
i (19)

This torque is applied to the helicopter based on the direction of rotation of the rotor
(since the drag acts opposite to the direction of motion). Because coaxial helicopters have
rotors that spin in opposite directions and have the same center axis, the rotor drag from
each rotor will tend to cancel the other out. When both rotor velocities are equal, there is
no rotor drag torque applied (MD = 0 when Ωl = Ωu). When there is an imbalance in the
rotor velocities, the MAV will experience a torque about the body z-axis. This relationship
is expressed in the following equation

�MD =




0
0

MD,l −MD,u



 (20)

4.2.6. Fuselage Drag

When the helicopter is in motion, the body will feel a drag force due to air resistance on
the fuselage. This force is proportional to the velocity of the body squared. This force can
be expressed by the following equation which give the drag force vector �FD in the inertial
frame,

�FD =




−CF,x · u2sign (u)
−CF,y · v2sign (v)
−CF,z · w2sign (w)



 (21)

where CF is a the drag coefficient of the body in air and u, v, and w are the spacial velocities.
For our simple model, we assume that CF is constant in all directions.
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• No interaction with ground or other surfaces

• Helicopter and rotors are rigid

• Upper rotor thrust is parallel to the body z-axis (no flybar)

• Servo positions and rotor speeds can be changed instantaneously

• Center of gravity and the body frame origin coincide

These are all reasonable assumptions given the scale of our system, the environment we are
considering, and the desired simplicity for our model.

4.2.2. Gravity

Gravity causes bodies to be attracted to one another with a force proportional to the product
of the two masses and inversely proportional to the square of the distance between them.
Mathematically, it is given by the following equation,

FG = G · m1 ·m2

r2
(6)

where FG is the force due to gravity between the bodies, G is the gravitational constant
(G ≈ 6.674 · 10−11 m3 kg−1 s−2 ), m1 and m2 are the masses of the two bodies, and r is the
distance between the two center of masses. On the Earth’s surface, force of gravity can be
simplified to a downward force acting on all objects with a magnitude based on the object’s
mass. We treat our entire MAV as a single rigid body and apply the force due to gravity at
the center of mass of the helicopter. The force is given by,

FG = m · g (7)

Where FG is the applied force, m is the mass of the MAV, and g is the acceleration due to
gravity (g ≈ 9.81 m s−2). In the inertial frame, this force is represented by the following
vector:

�FG =




0
0

m · g



 (8)

This force is already well integrated into the Webots platform, affecting all objects (with
Physics node) given either a density or a mass. Our simulated MAV has a mass of 30 g.

4.2.3. Propellor Dynamics

Propellors have complex aerodynamics that have been studied for many years. We are not
concerned with the exact intricacies of the physics involved and instead just model the two
main forces associated with the moving rotor blades: thrust and rotor drag. As the rotor
blade spins with an angular velocity of Ω, the blade will push air downward based on its
angle of attack. The force pushing the air downward also acts as lift on the aircraft (FL)
as described by Newton’s third law of motion. Because the blades are moving so quickly,
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we could construct a more realistic relationship between particular command values and
real-world forces; however, this is not the goal of our project.

The upper rotor uses a passive flybar to increase stability of the MAV. Due to the high
inertia of the stabilizer bar, it offers resistance to any attempt to modify the orientation of
the rotation axis. As a result the stabilizer bar itself and the upper rotor, which are linked,
lag behind the roll or pitch movement of the helicopter. A model of this is presented in
[25]. Due to the extensive testing required to calibrate and measure this effect, we simply
group these passive stabilization elements into a single (optional) restoring force (discussed
in 4.2.7). The thrust of the upper rotor ( �FT,u) is simply given by equation 12 and applied
to the body frame at the center of the upper rotor (along body z-axis).

4.2.5. Rotor Drag

As discussed in 4.2.3, the rotors experience drag as they rotate. This rotor drag creates a
torque on the body of the helicopter given by equation 10. We can simplify this torque for
our model by keeping the air density and rotor size fixed and combining everything into a a
single drag constant CD. This gives us the following equation for the rotor drag torque

MD,i = CD · Ω2
i (19)

This torque is applied to the helicopter based on the direction of rotation of the rotor
(since the drag acts opposite to the direction of motion). Because coaxial helicopters have
rotors that spin in opposite directions and have the same center axis, the rotor drag from
each rotor will tend to cancel the other out. When both rotor velocities are equal, there is
no rotor drag torque applied (MD = 0 when Ωl = Ωu). When there is an imbalance in the
rotor velocities, the MAV will experience a torque about the body z-axis. This relationship
is expressed in the following equation

�MD =




0
0

MD,l −MD,u



 (20)

4.2.6. Fuselage Drag

When the helicopter is in motion, the body will feel a drag force due to air resistance on
the fuselage. This force is proportional to the velocity of the body squared. This force can
be expressed by the following equation which give the drag force vector �FD in the inertial
frame,

�FD =




−CF,x · u2sign (u)
−CF,y · v2sign (v)
−CF,z · w2sign (w)



 (21)

where CF is a the drag coefficient of the body in air and u, v, and w are the spacial velocities.
For our simple model, we assume that CF is constant in all directions.
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As discussed in 4.2.3, the rotors experience drag as they rotate. This rotor drag creates a
torque on the body of the helicopter given by equation 10. We can simplify this torque for
our model by keeping the air density and rotor size fixed and combining everything into a a
single drag constant CD. This gives us the following equation for the rotor drag torque

MD,i = CD · Ω2
i (19)

This torque is applied to the helicopter based on the direction of rotation of the rotor
(since the drag acts opposite to the direction of motion). Because coaxial helicopters have
rotors that spin in opposite directions and have the same center axis, the rotor drag from
each rotor will tend to cancel the other out. When both rotor velocities are equal, there is
no rotor drag torque applied (MD = 0 when Ωl = Ωu). When there is an imbalance in the
rotor velocities, the MAV will experience a torque about the body z-axis. This relationship
is expressed in the following equation

�MD =
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
0
0

MD,l −MD,u



 (20)

4.2.6. Fuselage Drag

When the helicopter is in motion, the body will feel a drag force due to air resistance on
the fuselage. This force is proportional to the velocity of the body squared. This force can
be expressed by the following equation which give the drag force vector �FD in the inertial
frame,

�FD =




−CF,x · u2sign (u)
−CF,y · v2sign (v)
−CF,z · w2sign (w)



 (21)

where CF is a the drag coefficient of the body in air and u, v, and w are the spacial velocities.
For our simple model, we assume that CF is constant in all directions.
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4.2.7. Restoring Moment

With the basic forces we have just discussed, the helicopter will hover and fly, but it lacks
the passive stabilization elements of the physical MAV. As a simple first-order solution, we
implement a restoring force which acts to keep the helicopter near-vertical. The restoring
torque MR is linearly related to the angle of the helicopter off the z-axis (see Figure 16).

MR,θ = −CR,θ · θ (22)

MR,φ = −CR,φ · φ (23)
For our implementation, we use a constant CR for both directions of stability. This gives

us the following restoring moment to be applied to the body frame,

�MR =




−CR · φ
−CR · θ

0





The restoring force is applied directly to the MAV body. While this force is not physically
correct, it provides a good first-order match to what we observe in the physical platform.
By creating this force, we simplify our simulation and control, allowing us to more easily
accomplish our goal of testing visually-based control and navigation strategies .

xI 

zI 

xB 
!

zB 

MR 

Figure 16: Restoring moment

4.2.8. Other Forces

We purposefully simplified our dynamical model by not including all of the dynamical sub-
systems and attributes of a coaxial helicopter. In particular, we do not model the rotor
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Figure 21: Modeled forces

4.3.1. Assumptions

Before beginning, we make several assumptions about our system to simplify the modeling
process. In particular, we assume the following:

• System in near hover condition

• No interaction with ground or other surfaces

• Helicopter and rotors are rigid

• Upper rotor thrust is parallel to the body z-axis (no flybar)

• Servo positions and rotor speeds can be changed instantaneously

• Center of gravity and the body frame origin coincide

These are all reasonable assumptions given the scale of our system, the environment we are
considering, and the desired simplicity for our model.
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4.3.2. Reference Frames

There are two reference frames in our dynamical model: the inertial or Earth frame (I)
and the body-fixed frame (B). The body frame coincides with the center of mass of the
MAV and uses the standard arial vehicle conventions (Figure 5) with the x-axis pointing
forward, the y-axis to the right, and the z-axis downward toward the ground (though Webots
implementation differs slightly). The helicopter has 6 degrees of freedom: motion in the x, y,
and z direction and rotation about the three axes (φ, θ, and φ). If the rotations are written
in terms of rotation matrices (Rz, Ry, Rx), the general rotation R can be written as

R = RzRyRx (2)

where:

Rz (ψ) =




cosψ − sinψ 0
sinψ cosψ 0
0 0 1





Ry (θ) =




cos θ 0 sin θ
0 1 0

− sin θ 0 cos θ





Rx (φ) =




1 0 0
0 cosφ − sinφ
0 sinφ cosφ



 (3)

The three angles giving the three rotation matrices are called Euler angles. In this case we
have roll (φ) around the x-axis, pitch (θ) around the y-axis, and yaw (ψ) around the z-axis.
When modeling these rotations, the order in which they are applied is important. For our
modeling, we consider the yaw-pitch-roll convention, giving us

R (ψ, θ, φ) =




cosψ cos θ cosψ sin θ sinφ− sinψ cosφ cosψ sin θ cosφ+ sinψ sinφ
sinψ cos θ sinψ sin θ sinφ+ cosψ cosφ sinψ sin θ cosφ− cosψ sinφ
− sin θ cos θ sinφ cos θ cosφ





(4)
where R is the rotation matrix from the inertial frame to the body frame of the MAV. When
modeling in Webots specifically, most of these fundamental rotations can be taken care of
automatically. We leverage this flexibility where possible.

4.3.3. Gravity

Gravity causes bodies to be attracted to one another with a force proportional to the product
of the two masses and inversely proportional to the square of the distance between them.
Mathematically, it is given by the following equation,

FG = G · m1 ·m2

r2
(5)

where FG is the force due to gravity between the bodies, G is the gravitational constant
(G ≈ 6.674 · 10−11 m3 kg−1 s−2 ), m1 and m2 are the masses of the two bodies, and r is the
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distance between the two center of masses. On the Earth’s surface, force of gravity can be
simplified to a downward force acting on all objects with a magnitude based on the object’s
mass. We treat our entire MAV as a single rigid body and apply the force due to gravity at
the center of mass of the helicopter. The force is given by,

FG = m · g (6)

Where FG is the applied force, m is the mass of the MAV, and g is the acceleration due to
gravity (g ≈ 9.81 m s−2). In the inertial frame, this force is represented by the following
vector:

�FG =




0
0

m · g



 (7)

This force is already well integrated into the Webots platform, affecting all objects (with
Physics node) given either a density or a mass. Our simulated MAV has a mass of 30 g.

4.3.4. Propellor Dynamics

Propellors have complex aerodynamics that have been studied for many years. We are not
concerned with the exact intricacies of the physics involved and instead just model the two
main forces associated with the moving rotor blades: thrust and rotor drag. As the rotor
blade spins with an angular velocity of Ω, the blade will push air downward based on its
angle of attack. The force pushing the air downward also acts as lift on the aircraft (FL)
as described by Newton’s third law of motion. Because the blades are moving so quickly,
we can integrate this force over the cycle and apply a single thrust force FT at the center of
rotation. The magnitude of this force is given by

FT = CT · π · ρ ·R4 · Ω2 (8)

where CT is a the trust coefficient which is assumed to be constant, ρ is the air density, and
R is the radius of the rotor. As the blade travels through the air, it also experiences a drag
force resisting its motion (FD). As the blade rotates, this force is translated to a torque
acting at the center of rotation which we will call the drag moment MD. The magnitude of
the rotor drag torque is given by

MD = CD · π · ρ ·R5 · Ω2 (9)

where CD is a constant drag coefficient. Figure 22 shows how these basic forces act on the
blade and the forces that we model in our simulation.

FL 

Ω FD !R 

(a) Forces on blade

FT 

MD Ω 

(b) Modeled forces

Figure 22: Propellor aerodynamics
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4.3.5. Rotor Thrust

The thrust from the rotors is what lifts the helicopter off of the ground and keeps it in the
air. Our MAV has two rotors, an upper rotor rotating counterclockwise and a lower rotor
rotating clockwise (from above). The magnitude of the thrust force FT produced by either
rotor is given by equation 8. Because we are assuming a constant air density and rotor size,
we can incorporate all of these variables into a single thrust constant CT . This gives us the
following equation for the thrust force of rotor i:

FT,i = CT,i · Ω2
i (10)

On a most basic level, this force is applied along the z-axis of the MAV. This would give
us the following force vector �FT :

�FT = FT ·




0
0
−1



 =




0
0

−FT



 (11)

However, the the angle of attack of the rotors – and therefore the lift force – can be actively
varied over the course of a rotation. This causes the thrust vector to rotate. The lower rotor
uses a swashplate to control this cyclic action. The angle of the swashplate is adjusted by
two micro linear servos on the helicopter control board. The swashplate, in turn, causes the
thrust force to have an effective tilt of α around the y-axis and β around the x-axis. This
allows us to actively control the pitch and roll of the helicopter. Figure 23 shows the different
components of the thrust vector created by the rotation, along with several projections. The
following set of equations are used to determine the thrust vector components Fx, Fy, and
Fz given an initial thrust magnitude, FT (as determined by equation 10), and the two angles
α and β for the rotation of that thrust (relative to the helicopter’s reference frame).
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Figure 23: Calculating the components of the thrust vector
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tan2 γ =
(F �)2

(Fz)
2

tan2 γ =
(Fx)

2 + (Fy)
2

(Fz)
2

tan2 γ = tan2 α + tan2 β

tan2 γ =
sin2 α

cos2 α
+

sin2 β

cos2 β

sin2 γ

cos2 γ
=

sin2 α

cos2 α
+

sin2 β

cos2 β

1− cos2 γ

cos2 γ
=

sin2 α

cos2 α
+

sin2 β

cos2 β
(12)

Simplifying this equation, we get

cos γ =
cosα · cos β�

1− sin2 α · sin2 β
(13)

We can then use this to find the three components of the thrust vector, Fx, Fy, and Fz.

Fz = − cos γ · FT =
− cosα · cos β�
1− sin2 α · sin2 β

· FT (14)

Fx = tanα · Fz =
− sinα · cos β�
1− sin2 α · sin2 β

· FT (15)

Fy = − tan β · Fz =
cosα · sin β�

1− sin2 α · sin2 β
· FT (16)

Our final thrust vector �FT,l then becomes

�FT,l =




Fx

F y

Fz



 (17)

This force is applied to the model at the center of the lower rotor. The physics engine
automatically accounts for the moments that this induces on the rigid helicopter model. The
value of α and β are determined by a linear relationship to a servo command value sent to
the physics plugin from the robot controller. Similarly, the value of Ωl and Ωu are linearly
related to a velocity command sent by the helicopter controller. In this way, we assume that
the servos instantaneously reach their desired set point and the rotors are speed-controlled
and can immediately adjust their velocity to incoming commands. More realistic motor
limitations should be accounted for in the controller. With the proper testing equipment,
we could construct a more realistic relationship between particular command values and
real-world forces; however, this is not the goal of our project.

The upper rotor uses a passive flybar to increase stability of the MAV. Due to the high
inertia of the stabilizer bar, it offers resistance to any attempt to modify the orientation of

32



the rotation axis. As a result the stabilizer bar itself and the upper rotor, which are linked,
lag behind the roll or pitch movement of the helicopter. A model of this is presented in
[26]. Due to the extensive testing required to calibrate and measure this effect, we simply
group these passive stabilization elements into a single (optional) restoring force (discussed
in 4.3.8). The thrust of the upper rotor ( �FT,u) is simply given by equation 11 and applied
to the body frame at the center of the upper rotor (along body z-axis).

4.3.6. Rotor Drag

As discussed in 4.3.4, the rotors experience drag as they rotate. This rotor drag creates a
torque on the body of the helicopter given by equation 9. We can simplify this torque for
our model by keeping the air density and rotor size fixed and combining everything into a a
single drag constant CD. This gives us the following equation for the rotor drag torque

MD,i = CD · Ω2
i (18)

This torque is applied to the helicopter based on the direction of rotation of the rotor
(since the drag acts opposite to the direction of motion). Because coaxial helicopters have
rotors that spin in opposite directions and have the same center axis, the rotor drag from
each rotor will tend to cancel the other out. When both rotor velocities are equal, there is
no rotor drag torque applied (MD = 0 when Ωl = Ωu). When there is an imbalance in the
rotor velocities, the MAV will experience a torque about the body z-axis. This relationship
is expressed in the following equation

�MD =




0
0

MD,l −MD,u



 (19)

4.3.7. Fuselage Drag

When the helicopter is in motion, the body will feel a drag force due to air resistance on
the fuselage. This force is proportional to the velocity of the body squared. This force can
be expressed by the following equation which give the drag force vector �FD in the inertial
frame,

�FD =




−CF,x · u2sign (u)
−CF,y · v2sign (v)
−CF,z · w2sign (w)



 (20)

where CF is a the drag coefficient of the body in air and u, v, and w are the spacial velocities.
For our simple model, we assume that CF is constant in all directions.

4.3.8. Restoring Moment

With the basic forces we have just discussed, the helicopter will hover and fly, but it lacks
the passive stabilization elements of the physical MAV. As a simple first-order solution, we
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implement a restoring force which acts to keep the helicopter near-vertical. The restoring
torque MR is linearly related to the angle of the helicopter off the z-axis (see Figure 24).

MR,θ = −CR,θ · θ (21)

MR,φ = −CR,φ · φ (22)

For our implementation, we use a constant CR for both directions of stability. This gives
us the following restoring moment to be applied to the body frame,

�MR =




−CR · φ
−CR · θ

0





The restoring force is applied directly to the MAV body. While this force is not physically
correct, it provides a good first-order match to what we observe in the physical platform.
By creating this force, we simplify our simulation and control, allowing us to more easily
accomplish our goal of testing visually-based control and navigation strategies .

xI 

zI 

xB 
!

zB 

MR 

Figure 24: Restoring moment

4.3.9. Other Forces

We purposefully simplified our dynamical model by not including all of the dynamical sub-
systems and attributes of a coaxial helicopter. In particular, we do not model the rotor
reaction torque (caused by changes in the rotational speeds of the motors), the propellor-
gyro effect, or rotor flapping torque. We also ignore the dynamic subsystems of the drive
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trains, the lower rotor and swashplate, and the the upper rotor and stabilizer bar. These
systems require more information and testing on the system in order to model accurately. As
we are more interested in quickly being able to test different control and navigation strate-
gies, our current simplified model appears to work well. More complete models are discussed
at length in [26] and [17]. One last optional force that can be useful in our model, is adding
a Webots Damping Node to the helicopter. This force aids with stability of the simulation
and can act as a first-order model of flybar stabilization and/or drag.

4.3.10. Implementation

Using the Webots platform greatly simplifies the process of creating our simulation. We-
bots already implements gravity and models collisions between objects (given a bounding
object). Nevertheless, we require a custom physics plugin in order to apply the various forces
required to model flight. The custom physics plugin interacts with the Open Dynamics En-
gine (ODE) backend through the common API. This process is described in [35] with the
ODE API outlined in [123]. We receive four commands from the controller corresponding to
the commands for the upper and lower rotor velocities and the pitch and roll commands for
rotation of the lower thrust vector. These commands are processed as described in the pre-
vious sections to generate a series of forces and moments. We then apply the forces using the
commands dBodyAddForce (for forces in inertial frame coordinates) and dBodyAddRelForce
(for adding forces in body frame coordinates). Similarly, torques are added using the com-
mands dBodyAddTorque (inertial frame) and dBodyAddRelTorque (body frame). The entire
physics plugin is included in B.1.
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5. Optic Flow
Optic flow, also known as optical flow, is the apparent visual motion of objects, surfaces,
and edges in a scene caused by the relative motion between an observer and a scene. We can
estimate this motion using series of images taken in close spacial and temporal proximity and
extracting information from the changes between them. This information can then be used
to gather information about the environment and ultimately incorporated into our control
and navigation.

5.1. Algorithm
There are several algorithms for calculating the optic flow based on a series of images. Some
of the most common methods include block matching, the Lucas-Kanade method, or other
gradient techniques. In our implementation, we use a variant of the image interpolation
algorithm (I2A). The algorithm is detailed in [127], with our particular implementation
described in [54]. We chose the algorithm because it is simple, fast, and lightweight.

The algorithm calculates the horizontal and vertical flow by comparing the current image
with a set of four reference images which are translated from a previous frame. The pixel
intensity function at time t0 and t is f0(x, y) and f(x, y), respectively where x and y are
the image coordinates measured in pixels. The four reference images f1, f2, f3, and f4 are
formed by shifting the image f0 by reference shifts ∆xref and ∆yref along the horizontal
and vertical directions as described in equation 23. These shifts determine the maximum
displacement we account for (and therefore sensitivity, as well).

f1(x, y) = f0(x+∆xref , y)

f2(x, y) = f0(x−∆xref , y)

f3(x, y) = f0(x, y +∆yref )

f4(x, y) = f0(x, y −∆yref ) (23)

The algorithm assumes that the image at time t can be linearly interpolated from f0 and
the four reference images. With this assumption, the pixel coordinate translation ∆x and
∆y can be expressed as in

f̂ = f0 + 0.5

�
∆x

∆xref

�
(f2 − f1) + 0.5

�
∆y

∆yref

�
(f4 − f3) (24)

We then just need to solve for the translations ∆x and ∆y that give us the interpolated
image f̂ which is closest to the actual image f . We do this by solving the least squares
problem in our region of interest which is defined by the window function Ψ (we use a
boxcar kernel). The error function which we need to minimize then becomes

E =

ˆ ˆ
Ψ ·

�
f − f̂

�2
dx dy (25)

We minimize the error by taking the partial derivatives of E with respect to ∆x and ∆y
and setting them equal to zero. This allows us to form the following set of equations:
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�
∆x

∆xref

�ˆ ˆ
Ψ · (f2 − f1)

2 dx dy +

�
∆y

∆yref

�ˆ ˆ
Ψ · (f4 − f3) (f2 − f1) dx dy

= 2

ˆ ˆ
Ψ · (f − f0) (f2 − f1) dx dy (26)

�
∆x

∆xref

�ˆ ˆ
Ψ · (f2 − f1) (f4 − f3) dx dy +

�
∆y

∆yref

�ˆ ˆ
Ψ · (f4 − f3)

2 dx dy

= 2

ˆ ˆ
Ψ · (f − f0) (f4 − f3) dx dy (27)

We can then solve this set of equations for ∆x and ∆y which, in turn, gives us an estimate
of the optic flow (OFx ∝ ∆x

t−t0
and OFy ∝ ∆y

t−t0
). For our implementation, we directly calculate

the following sums over our window:

A =
�

(f2 − f1)
2

B =
�

(f4 − f3) (f2 − f1)

C =
�

(f − f0) (f2 − f1)

D =
�

(f4 − f3)
2

E =
�

(f − f0) (f4 − f3) (28)

We can then use these sums to calculate our flow directly by the following equations,

∆x = 2 ·∆xref ·
CD − BE

AD − B2
(29)

∆y = 2 ·∆yref ·
AE − CB

AD − B2
(30)

This algorithm runs quickly and reliably in both our simulation and on the 32-bit micro-
controller in our optic flow sensor ring.

5.2. Translational Flow
There are clear mathematical relationships between the magnitude and direction of the optic
flow and the relative motion between bodies. As we intuitively know, when traveling at a
constant velocity, objects which are closer appear to move more quickly in our visual field.
We also note that optic flow is maximized when the motion is perpendicular to the motion
of the observer. This relationship is expressed by equation 31.
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5. Optic Flow
Optic flow, also known as optical flow, is the apparent visual motion of objects, surfaces,
and edges in a scene caused by the relative motion between an observer and a scene. We can
calculate this motion field using series of images taken in close spacial and temporal proximity
and extracting information from the changes between them. There are clear mathematical
relationships between the magnitude and direction of the optic flow and the relative motion
between the bodies. As we intuitively know, when traveling at a constant velocity, objects
which are closer appear to move more quickly in our visual field. Similarly, optic flow is also
maximized when the motion is perpendicular to the observer. We can use this knowledge to
control our motion and extract information from the environment. Figure shows an example
of a plane landing. The vectors represent the measured optic flow around the image.

Figure 25: Optic flow experienced by rotating observer (adapted from [7])

Optic flow is often used in computer vision and robotics to aid tasks such as target tracking,
obstacle avoidance, and distance regulation

OFi =
v

Di
· sinα (23)

Di =
v

OFi
· sinα (24)

This visual information can be used to
There are clear mathematical relationships between the magnitude of the optic flow and

where the object is in relation to you. If you double the speed which you travel, the optic
flow you see will also double. If an object is brought twice as close to you, the optic flow will
again double. Also the optic flow will vary depending on the angle between your direction of
travel and the direction of the object you are looking at. Suppose you are travelling forward.
The optic flow is the fastest when the object is to your side by 90 degrees, or directly above
or below you. If the object is brought closer to the forward or backward direction, the optic
flow will be less. An object directly in front of you will have no optic flow, and appear to
stand still.

visual odometry
the optic flow measurement is noisier than what we see on the helicopter.
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Figure 25: Optic flow during translational flight

OF =
v

D
· sinα (31)

where OF is the measured optic flow, v is the velocity of the object, and α is the angle
between the object and direction of travel (Figure 25). We can use this to estimate the
distance to a particular object based on the flow

D =
v

OF
· sinα (32)

For our MAV and sensor configuration, we know the expected optical flow vectors for
each camera given translation along the different body axes (assuming constant distance
objects). This is shown in Figure 26. Note that the flow vectors are maximized when the
camera direction is perpendicular to the direction of travel. Also note that vectors can be
superimposed for motion along more than one axis.
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Figure 26: Visualization of optic flow vectors for translations along each axis
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5.3. Rotational Flow
The optic flow in a scene has two major, additive components: flow caused by translation
(“translational optic flow” discussed in the previous section) and flow cause by rotation
(“rotational optic flow”). When the observer is rotated, the entire scene experiences an
additive flow opposite the direction of rotation (except along the axis of rotation). This
phenomena is shown in Figure 27.

Figure 27: Optic flow experienced by rotating observer (adapted from [69])

The magnitude of rotational optic flow is related to the rate of rotation (p, q, and r) and
the angle to the axis of rotation (with the largest motion orthogonal to the axis of rotation).
It does not, however, depend on the distance to the object or translational velocity. In this
way, rotational optic flow does not give us any useful information about the scene. In most
cases, we simply want to remove this component of our optic flow. Fortunately we have
onboard inertial sensors which give us the angular rates for rotations about the x, y, and
z-axis. With the optic flow ring on the MAV, rotations about the three body axes cause
optic flow readings for each cameras as shown in Figure 28. We can calibrate our sensors and
subtract out the components of the optic flow relating to these rotations. Figures 29, 30, and
31 show the results of rotating the simulated MAV along each axis of the body frame (using
a single flow vector and 16 × 16 pixel images). These results match with our expectations
for the relationship between angular rate and optic flow.
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Figure 28: Visualization of optic flow vectors for rotations about each axis
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5.4. Rotation Compensation
In practice, we are most interested in the horizontal flow around MAV. Because of this, we
can get away with simply compensating for the rotations about the yaw axis (simplifying our
calibration process and implementation). Figure 32 shows experimental data collected with
the helicopter showing both the yaw data from the gyroscope and the horizontal optic flow
from one of the vision sensors. We are able to get a good match between the two readings,
allowing use to de-rotate the flow data. With this adjustment, the flow that we read should
be purely translational flow (in the x-direction, at least). Note that it is important for the
two pieces of data to have the same timing. Otherwise the de-rotation of the flow data will
simply add more noise into the system.
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Figure 32: Match between gyroscope and optic flow readings

5.5. Filtering
Optic flow readings can very noisy, especially in areas of low texture. For this reason, it
is often useful to filter our incoming optic flow data with a low-pass filter (LPF). In order
to get a filtered optic flow estimate (OFfiltered) we can implement a simple, discrete-time
low-pass filter (exponentially-weighted moving average) as shown in equation 33. Note that
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we want to apply the filter to the data after any rotation compensation is applied.

OFfiltered[n] = (1− α) ·OF [n− 1] + α ·OF [n] (33)

where 0 ≤ α ≤ 1 is the smoothing factor, which is equivalent to an RC time constant of

RC = ∆t

�
1− α

α

�
(34)

where ∆t is the sampling period. Figure 33 shows the result of a low-pass filter on flow
readings from the simulator using (α = 0.2)

0 100 200 300 400 500
Sample Number

0

20

40

60

80

H
or

iz
on

ta
l O

pt
ic

 F
lo

w

Raw
Filtered

Figure 33: Low-pass filter applied to optic flow readings
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6. Sensor Configurations
The current design of the sensor ring has numerous memory and bandwidth constraints. In
particular, the ring can only read out approximately 4096 pixels per capture cycle. Given
these limitations, there are numerous ways to read out and interpret the data. We considered
a small subset of three possible sensor configurations, each with its own advantages and
drawbacks. Figure 34 shows these three possibilities, represented with a constant pixel size.
Note that the field of view does not actually change between the different configurations.

6.1. Configuration A

Figure 35: Sensor configuration A

The first configuration grabs 16× 16 images from all 8 cameras to get a 360 degree view of
the environment around the MAV. While this resolution seems very small, it is more than
adequate to calculate the optic flow (especially when using the full 10-bit image depth).

Advantages

• Evenly distributes images around MAV

• Efficient binning of pixels for improved signal

• Can easily condense data into logical vectors

• Easy to implement

Disadvantages

• Low pixel count limits number of flow vectors that can be found with a given camera

Variations
Because there is significant overlap in the images (each image is almost fully repro-

duced by the neighboring cameras), we can lower the number of images and improve their
resolutions. For example, if we only use images from the cameras at −7π

8 , −3π
8 , π

8 , and 5π
8 ,

we will have nearly full coverage around the craft with a higher resolution for each of the
images. This could be more useful when attempting other image processing techniques such
as block matching which require sharper images. Note, however, it is often useful to have
direct bilateral symmetry of the incoming information. Furthermore, there are times when
the image overlap is necessary (when using stereo vision techniques, for example).
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6.2. Configuration B

Figure 36: Sensor configuration B

If we chose a particular direction of travel, we can improve the resolution of the cameras
facing that direction. In our case, we assume that we will primarily be traveling in the
positive x direction of the helicopter body frame. We can then capture improved 32 × 32
pixel images from the four forward-facing cameras.

Advantages

• Better resolution when traveling “forward”

• Increased sensitivity in the optic flow estimate (due to higher resolution)

• Can support larger number of optic flow vectors per image

• Image overlap provides redundancy

Disadvantages

• No data from behind (cannot track obstacles you have passed)

• Overlapping images means we are not maximizing our total field of view (redundancy
may be unnecessary)

6.3. Configuration C

Figure 37: Sensor configuration C

For our experiments, we are more concerned with the horizontal flow than the vertical flow,
as we expect much greater translational flow in the xy-plane than along the z-axis. It is
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therefore interesting to maximize the horizontal resolution that we read from our cameras.
We can do this by capturing 64 × 8 pixel images. If we implement binning of groups of 8
pixels in a column, we can make use of all of the pixels, giving us a strong signal while using
the full horizontal resolution.

Advantages

• Maximizes sensitivity for horizontal flow

• Evenly distributes sensing around MAV (bilaterally symmetric)

• Data is not dependent on travel direction

Disadvantages

• Reduced vertical flow data

• More difficult to implement in hardware

6.4. Comparison
As a simple comparison between the different sensor configurations, we looked at the unfil-
tered optic flow from a single camera during a common motion sequence. We ran the identical
simulation three times, once for each of the three configurations and used the images from
camera 5 (see Figure 18) to calculate a single flow vector. The results of this experiment are
shown in Figure 38. We note the different sensitivities of the three configurations. In the
horizontal flow direction, configuration C is the most sensitive and configuration A is the
least sensitive. This matches our expectations, given that the number of horizontal pixels
doubles between configuration A and B and again between B and C. Likewise, we note a
decreased sensitivity in the vertical direction for configuration C (which only has a height of
8 pixels to estimate flow). We also see the effect of a low-texture environment between sec-
onds 2 and 3 when the camera is traveling along a relatively plain wall. This causes the optic
flow estimate to become very noisy. We also note that the flow for configuration C reaches
a maximum 4.5 seconds into the simulation. This is one of the issues we face with increased
sensitivity (especially when there is a rotational optic flow component we must account for).
One way of dealing with this is to dynamically adjust our offset in the I2A algorithm based
on previous flow readings. While it is hard to say for certain which of the configurations is
most promising, the increased sensitivity and 360◦ viewing range of configuration C make it
particularly attractive for our application.
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Figure 38: Sensor configuration comparison
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7. Autonomous Tasks
We are interested in autonomous indoor flight using our MAV. For our initial testing, we
have chosen to separate the control from the more-advanced navigation and mapping tasks.
In this way, we can develop and maintain reliable flight, adding advanced capabilities on top
of this. To begin, we have identified a set of simple autonomous behaviors to be used as
elements of a more advanced, indoor navigational strategy. These behaviors include:

• Corridor following

• Wall following

• Obstacle avoidance

• Hover in place

Ultimately, we hope to use the visual sensing information to guide the controller to areas of
interest or specific goals. In fact, these tasks can relatively easily be incorporated into an
autonomous exploration or mapping algorithm (when combined with egomotion estimation).
For our initial testing, we have focused on the task of corridor following.

7.1. Speed Regulation
We began by evaluating the open-loop control of our helicopter. We find that it is quite
stable and will actively avoid excessive yaw or other drift. In order to test how accurately we
can control our speed, we ran a series of open loop tests with a Vicon motion capture system.
We used a calibrated configuration of 12 high-speed infrared cameras to track the location
of reflective markers in 3-dimentional space. We then sent constant pitch commands to the
helicopter and tracked its speed. The results can be seen in Figure 39. We ran a similar
experiment in our simulation to see how closely the behaviors match. The results of this test
are shown in Figure 40. This initial data suggest that, in the future, we should be able to
get some estimate of speed simply based on the command being sent.
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Figure 39: Experimental speed control
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Figure 40: Simulated speed control

7.2. Controller
Our helicopter has four controllable values. These are the speed of rotation of the two rotors
(Ωu and Ωl) and the tilt angles of the lower thrust vector (α and β) as controlled by two
servo motors. We simplify these commands into the four controls listed in Table 4.

δt Thrust control
δy Yaw control
δp Pitch control
δr Roll control

Table 4: Controls used for flight

Thrust entails the common speed of both the upper and lower rotor (which alone will not
cause any rotation). The yaw command creates an imbalance between the two rotor com-
mands, creating a torque. The pitch command adjusts force along the positive x direction,
controlling speed. Finally, the roll control adjusts the lateral force on the aircraft.
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We have begun by testing a very simple, reactive controller that simply takes the optic
flow readings from around the ring (OFi) and combines them through a simple weighted sum
(as proposed in [21]). These weights can optionally be adjusted during flight to change the
behavior. The basic structure is shown in Figure 41. This same structure, but with different
weights can be used to control the various commands. This is expressed in the following
equation:

δj =
7�

i=0

wi,j ·OFi (35)

where j identifies the particular command, wi,j are the weights for the command, and OFi

is the optic flow measurement.

x 

y 
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Ultimately, we hope to use the visual sensing information to guide the controller to areas of
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autonomous exploration or mapping algorithm (when combined with egomotion estimation).
For our initial testing, we have focused on the task of corridor following.

7.1. Corridor Following
w0 w1 w2 w3 w4 w5 w6 w7

Σ

7.1.1. Introduction

Corridor following is not new to the realm of robotics. Most control strategies use an ap-
proach inspired from biology.

We hope that with the redundancy in the information provided by the ring, we may be
able to overcome some of the problems of testing in real-world connotations (areas of low
texture, inconsistent brightness, etc.)

see [10]
(Centering?)
try to have same flow on both sides
Balance the optic flow on both sides of the robot.
A robot finds the midline between obstacles by balancing the optic flow on both sides.

Since the optic flow during translation is inversely proportional to the distance of the passed
objects, balancing the image flow results in balancing the distances. see [11]

[12] proposes a MAV autopilot based on optic flow for corridor following. The velocity is
commanded in open-loop, and the yaw is adjusted based on the following error function

� = sign (OFleft −OFright) · (OFset −max (OFleft, OFright))

where OFset is a desired flow rate.
In order to smooth the optic flow readings, we implement a simple low-pass filter (LPF).where

∆t is the sampling period (16 ms in our case).
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We are interested in autonomous indoor flight using our MAV. For our initial testing, we
have chosen to separate the control from the more-advanced navigation and mapping tasks.
In this way, we can develop and maintain reliable flight, adding advanced capabilities on top
of this. To begin, we have identified a set of simple autonomous behaviors to be used as
elements of a more advanced, indoor navigational strategy. These behaviors include:

• Corridor following

• Wall following

• Obstacle avoidance

• Hover in place

Ultimately, we hope to use the visual sensing information to guide the controller to areas of
interest or specific goals. In fact, these tasks can relatively easily be incorporated into an
autonomous exploration or mapping algorithm (when combined with egomotion estimation).
For our initial testing, we have focused on the task of corridor following.
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Figure 41: Reactive controller structure

7.3. Corridor Following
As an example behavior, we have started work toward creating a controller for flying through
indoor corridors. Much of this work is still in progress (with a large portion of the work going
toward the hardware itself). In simulation, we have used the control structure described
above to control the roll of the MAV in the simulated environment from Figure 20. We use
the idea of optic flow balance when choosing our weights so that the robot will naturally
tend to find the center of the corridor. In our tests, the robot begins near a wall with a
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constant pitch command and is able to center itself in the hallway (see Figure 42). We
have also implemented a similar controller over the yaw in simulation. We are working on
implementing this behavior in hardware and hope to have results in the very near future.
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Figure 42: Corridor following flight path

Note that if we simply adjust our speed to keep a constant average flow around the vehicle,
we are able to easily implement an intelligent speed regulation. As the corridor gets smaller,
the distance on both sides is reduced, causing optic flow values to increase and the controller
to reduce the speed.

7.4. Other Behaviors
As mentioned before, we are also looking into ways of implementing other behaviors as well.
Wall following is particularly attractive because we always remain near a surface on which we
can (in theory) measure the optic flow. The control itself is also rather logical: if we maintain
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a constant speed, we can follow the wall by adjusting our direction to keep a constant optical
flow (since velocity, flow, and distance are linked).

We are also looking to include a mechanism in our controller to actively avoid obstacles.
If the robot determines that it is too close to an obstacle (based on the optic flow), it will
aggressively try to avoid collisions. This will likely be implemented much like the saccade of
a flying insect.

Because of the layout of our sensors, we should be able to implement a completely vision
based hover in place controller as described in [15]. This is useful for keeping the helicopters
stationary for tasks like tracking or extended communication.

Using these an other behaviors we hope to implement robust autonomous exploration
algorithm, which when combined with egomotion estimation can be used to create maps of
the environment. Ultimately, we would like to use several of the platforms simultaneously
to autonomously create a map of the environment in a distributed manner.
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8. Conclusion and Future Work
In this project, we investigated the autonomous control and navigation of a 30 gram coaxial
helicopter platform. We use a custom sensor ring with 8 specialized vision sensors for the
calculation of optic flow around the MAV. In addition to programming the hardware itself,
we developed a 3-dimensional simulation of the robot in order to more quickly, easily, and
reliably test new behaviors and sensor configurations. We then used this platform to began
work exploring possible control strategies for the aircraft. This project contributes to the
ongoing research in the lab on sensing in control in extremely resource-scarce environments
and simple structures for distributed robot systems. We have create a useful tool for the lab,
helping with future research in vision-based navigation and control strategies for autonomous
MAVs.

There is still a lot of work to be done to create a reliable system of distributed MAVs
for indoor environments. In fact, much of the work done during my master project is not
actually included in this report. We spent many weeks working on getting the hardware up
and running. Unfortunately, we faced several setbacks, causing us to look toward doing some
of these tasks in simulation. Moving forward, we would like perform more tests in simulation
and port those ideas onto the hardware itself. We hope to accomplish some of these tasks
in the very near future.
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A. Notation
x, y, z spacial direction (right hand convention)

x, y, z spacial position [m]

u, v, w velocity in x, y, z direction (respectively) [m/s]

φ, θ, ψ roll, pitch, and yaw angle (respectively) [rad]

p, q, r roll, pitch, and yaw rate (respectively) [rad/s]

α, β lower rotor tilting angle about body x and y axis (respectively) [rad]

Ω rotational speed of rotor [rad/s]

F force [N] or [kg·m/s2]

M moment [N·m]

B body reference frame

I inertial reference frame
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B. Simulation Code
The organization of the Webots simulation is discussed in 4.2. The following sections contain
the custom physics plugin (heli_physics.c) which models the forces of flight; a basic
helicopter controller (heli.c) that runs on the simulated MAV; and the Webots world file
(heli.wbt), which describes the simulation environment and all of the properties of each
object. Note that we have removed most of the environment from the world file in order to
save space (it is essentially just a repetition of the same part).
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B.1. Custom Physics Plugin

1 /*
2 * File: my_physics.c
3 * Date: Fall 2012
4 * Description: Webots physics plugin for simplified coaxial

helicopter model
5 * Author: Raphael Cherney
6 * Modifications:
7 */
8
9 #include <ode/ode.h>

10 #include <plugins/physics.h>
11 #include <stdio.h>
12 #include <math.h>
13
14 #define THRUST_CONSTANT 1.0
15 #define ROTOR_DRAG_CONSTANT 0.001
16 #define FUSELAGE_DRAG_CONSTANT 0.02
17 #define SERVO_CONSTANT 0.001
18 #define RESTORE_CONSTANT 0.0001
19
20 /*
21 * Note: This plugin will become operational only after it

was compiled and associated with the current world (.wbt)
.

22 * To associate this plugin with the world follow these
steps:

23 * 1. In the Scene Tree , expand the "WorldInfo" node and
select its "physics" field

24 * 2. Then hit the [...] button at the bottom of the Scene
Tree

25 * 3. In the list choose the name of this plugin (same as
this file without the extention)

26 * 4. Then save the .wbt by hitting the "Save" button in
the toolbar of the 3D view

27 * 5. Then revert the simulation: the plugin should now
load and execute with the current simulation

28 */
29
30 // Bodies used in physics plugin
31 static dBodyID body;
32 static dBodyID rotor_lower;
33 static dBodyID rotor_upper;
34
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35 void webots_physics_init(dWorldID world , dSpaceID space ,
dJointGroupID contactJointGroup)

36 {
37 /*
38 * Get ODE object from the .wbt model , e.g.
39 * dBodyID body1 = dWebotsGetBodyFromDEF (" MY_ROBOT ");
40 * dBodyID body2 = dWebotsGetBodyFromDEF (" MY_SERVO ");
41 * dGeomID geom2 = dWebotsGetGeomFromDEF (" MY_SERVO ");
42 * If an object is not found in the .wbt world , the

function returns NULL.
43 * Your code should correcly handle the NULL cases

because otherwise a segmentation fault will crash
Webots.

44 *
45 * This function is also often used to add joints to the

simulation , e.g.
46 * dJointID joint = dJointCreateBall(world , 0);
47 * dJointAttach(joint , body1 , body2);
48 * ...
49 */
50
51 body = dWebotsGetBodyFromDEF("HELI");
52 rotor_lower = dWebotsGetBodyFromDEF("ROTOR_LOWER");
53 rotor_upper = dWebotsGetBodyFromDEF("ROTOR_UPPER");
54
55 dWebotsConsolePrintf("Running�custom�physics�plugin .\n")

;
56 }
57
58 void webots_physics_step ()
59 {
60 /*
61 * Do here what needs to be done at every time step , e.g

. add forces to bodies
62 * dBodyAddForce(body1 , f[0], f[1], f[2]);
63 * ...
64 */
65
66 int size;
67 float *commands = dWebotsReceive (&size);
68
69 // Handle NULL cases
70 if(body == NULL || rotor_lower == NULL || rotor_upper ==

NULL) return;
71
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72 // Read commands
73 float rotor_lower_command = commands [0];
74 float rotor_upper_command = commands [1];
75 float servo_pitch_command = commands [2];
76 float servo_roll_command = commands [3];
77
78 // Get the Euler angles
79 const double* rotation = dBodyGetRotation(body);
80 float pitch , roll , yaw;
81 if (rotation [4] > 0.999)
82 {
83 yaw = 0;
84 pitch = M_PI /2;
85 roll = atan2(rotation [2], rotation [10]);
86 dWebotsConsolePrintf("Euler�angles�singularity:�

NORTH�POLE\n");
87 }
88 else if (rotation [4] < -0.999)
89 {
90 yaw = 0;
91 pitch = -M_PI /2;
92 roll = atan2(rotation [2], rotation [10]);
93 dWebotsConsolePrintf("Euler�angles�singularity:�

SOUTH�POLE\n");
94 }
95 else
96 {
97 yaw = atan2(-rotation [8], rotation [0]);
98 pitch = atan2(rotation [4], sqrt(rotation [5]* rotation

[5] + rotation [6]* rotation [6]));
99 roll = atan2(-rotation [6], rotation [5]);

100 }
101 // dWebotsConsolePrintf (" pitch: %f\nroll: %f\nyaw: %f\n\n

", pitch , roll , yaw);
102
103 // Get velocities (in inertial frame)
104 const double* velocity = dBodyGetLinearVel(body);
105 float u = velocity [0];
106 float v = velocity [2];
107 float w = velocity [1];
108
109 // For velocities in the body frame , use the following
110 // float u = velocity [0]*( cos(yaw)*cos(pitch))+ velocity

[2]*( sin(yaw)*cos(pitch))+ velocity [1]*( - sin(pitch));
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111 // float v = velocity [0]*( cos(yaw)*sin(pitch)*sin(roll)-
sin(yaw)*cos(roll))+ velocity [2]*( sin(yaw)*sin(pitch)*
sin(roll)+cos(yaw)*cos(roll))+ velocity [1]*( cos(pitch)
*sin(roll));

112 // float w = velocity [0]*( cos(yaw)*sin(pitch)*cos(roll)+
sin(yaw)*sin(roll))+ velocity [2]*( sin(yaw)*sin(pitch)*
cos(roll)-cos(yaw)*sin(roll))+ velocity [1]*( cos(pitch)
*cos(roll));

113 // dWebotsConsolePrintf ("u: %f\nv: %f\nw: %f\n\n", u, v,
w);

114
115 // Thrust force is proportional to rotor angular

velocity squared
116 float thrust_lower = pow(rotor_lower_command , 2) *

THRUST_CONSTANT;
117 float thrust_upper = pow(rotor_upper_command , 2) *

THRUST_CONSTANT;
118
119 // Lower thrust vector is rotated by the pitch and roll

servos (via the swashplate)
120 float angle_pitch = servo_pitch_command * SERVO_CONSTANT

; // in radians
121 float angle_roll = servo_roll_command * SERVO_CONSTANT;

// in radians
122
123 // Calculate components of thrust
124 float thrust_x = thrust_lower * (-sin(angle_pitch) * cos

(angle_roll)) / sqrt(1 - pow(sin(angle_pitch), 2) *
pow(sin(angle_roll), 2));

125 float thrust_y = thrust_lower * (cos(angle_pitch) * sin(
angle_roll)) / sqrt(1 - pow(sin(angle_pitch), 2) * pow
(sin(angle_roll), 2));

126 float thrust_z = thrust_lower * (-cos(angle_pitch) * cos
(angle_roll)) / sqrt(1 - pow(sin(angle_pitch), 2) *
pow(sin(angle_roll), 2));

127 // dWebotsConsolePrintf (" thrust_x: %f\nthrust_y: %f\
nthrust_z: %f\n\n", thrust_x , thrust_y , thrust_z);

128
129 // Fuselage drag is proportional to the linear velocity

squared
130 float drag_x , drag_y , drag_z;
131 if (u > 0)
132 {
133 drag_x = u * u * -FUSELAGE_DRAG_CONSTANT;
134 }
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135 else
136 {
137 drag_x = u * u * FUSELAGE_DRAG_CONSTANT;
138 }
139 if (v > 0)
140 {
141 drag_y = v * v * -FUSELAGE_DRAG_CONSTANT;
142 }
143 else
144 {
145 drag_y = v * v * FUSELAGE_DRAG_CONSTANT;
146 }
147 if (w > 0)
148 {
149 drag_z = w * w * -FUSELAGE_DRAG_CONSTANT;
150 }
151 else
152 {
153 drag_z = w * w * FUSELAGE_DRAG_CONSTANT;
154 }
155 // dWebotsConsolePrintf (" drag_x: %f\ndrag_y: %f\ndrag_z:

%f\n\n", drag_x , drag_y , drag_z);
156
157 // Drag moment is proportional to rotor angular velocity

squared
158 float drag_torque = (pow(rotor_lower_command , 2) - pow(

rotor_upper_command , 2)) * ROTOR_DRAG_CONSTANT;
159
160 // Calculate restoring moment
161 float restore_pitch = pitch * -RESTORE_CONSTANT;
162 float restore_roll = roll * -RESTORE_CONSTANT;
163 // dWebotsConsolePrintf (" restore roll: %f\nrestore pitch:

%f\n\n", restore_roll , restore_pitch);
164
165 // Apply forces
166 dBodyAddRelForce(rotor_upper , 0, thrust_upper , 0);

// upper rotor thrust
167 dBodyAddRelForce(rotor_lower , thrust_x , -thrust_z ,

thrust_y); // lower rotor thrust
168 dBodyAddForce(body , drag_x , drag_z , drag_y);

// fuselage drag
169 dBodyAddRelTorque(body , 0, drag_torque , 0);

// rotor torque imbalance
170 dBodyAddRelTorque(body , restore_roll , 0, restore_pitch);

// restoring moment
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171 }
172
173 void webots_physics_draw ()
174 {
175 /*
176 * This function can optionally be used to add OpenGL

graphics to the 3D view , e.g.
177 * // setup draw style
178 * glDisable(GL_LIGHTING);
179 * glLineWidth (2);
180 *
181 * // draw a yellow line
182 * glBegin(GL_LINES);
183 * glColor3f (1, 1, 0);
184 * glVertex3f (0, 0, 0);
185 * glVertex3f (0, 1, 0);
186 * glEnd ();
187 */
188 }
189
190 int webots_physics_collide(dGeomID g1 , dGeomID g2)
191 {
192 /*
193 * This function needs to be implemented if you want to

overide Webots collision detection.
194 * It must return 1 if the collision was handled and 0

otherwise.
195 * Note that contact joints should be added to the

contactJointGroup , e.g.
196 * n = dCollide(g1 , g2 , MAX_CONTACTS , &contact [0].geom

, sizeof(dContact));
197 * ...
198 * dJointCreateContact(world , contactJointGroup , &

contact[i])
199 * dJointAttach(contactJoint , body1 , body2);
200 * ...
201 */
202
203 return 0;
204 }
205
206 void webots_physics_cleanup ()
207 {
208 /*
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209 * Here you need to free any memory you allocated in
above , close files , etc.

210 * You do not need to free any ODE object , they will be
freed by Webots.

211 */
212
213 dWebotsConsolePrintf("Physics�clean�up.\n");
214 }
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B.2. Helicopter Controller

1 /*
2 * File: heli.c
3 * Date: Fall 2012
4 * Description: Controller for coaxial helicopter simulation
5 * Author: Raphael Cherney
6 */
7
8 /* Include files */
9 #include <webots/robot.h>

10 #include <webots/supervisor.h>
11 #include <webots/servo.h>
12 #include <webots/camera.h>
13 #include <webots/display.h>
14 #include <webots/gyro.h>
15 #include <webots/accelerometer.h>
16 #include <webots/gps.h>
17 #include <webots/emitter.h>
18 #include <stdio.h>
19 #include <string.h> // needed for memcpy
20 #include <math.h>
21
22 /* Define macros */
23 #define TIME_STEP 16 // simulation time step (in ms)
24 #define NUM_CAMERAS 8 // number of active cameras
25 #define IMAGE_HEIGHT 16 // height of camera images
26 #define IMAGE_WIDTH 16 // width of camera images
27 #define REGIONS_X 1 // number of regions to split

the ...
28 #define REGIONS_Y 1 // ... image into for calculating

flow
29 #define SEARCH_DIST 1 // max allowable motion in

pixels
30
31 /* Helper functions */
32 // Return greyscale image scaled as the helicopter would

receive from sensor ring
33 void get_scaled_image(WbDeviceTag camera , unsigned int *

image)
34 {
35 // Declare general variables
36 unsigned int x, y, i, j, k, start_index , index , sum;
37
38 // Get simulation image size
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39 unsigned int image_height = wb_camera_get_height(camera)
;

40 unsigned int image_width = wb_camera_get_width(camera);
41
42 // Get image from camera
43 const unsigned char *raw_image = wb_camera_get_image(

camera);
44
45 // Generate greyscale image
46 unsigned int greyscale_image[image_width * image_height

];
47 i = 0;
48 for (y=0; y<image_height; y++)
49 {
50 for (x=0; x<image_width; x++)
51 {
52 greyscale_image[i] = (( unsigned int)

wb_camera_image_get_red(raw_image , image_width
, x, y) +

53 (unsigned int)
wb_camera_image_get_green
(raw_image , image_width ,
x, y) +

54 (unsigned int)
wb_camera_image_get_blue
(raw_image , image_width ,
x, y)) / 3.0;

55 i++;
56 }
57 }
58
59 // Scale the image (averaging over window produces a

better result than the default subsampling)
60 unsigned int *output_image = image;
61 unsigned int window_height = image_height / IMAGE_HEIGHT

;
62 unsigned int window_width = image_width / IMAGE_WIDTH;
63 i = 0;
64 for (y=0; y<IMAGE_HEIGHT; y++)
65 {
66 for (x=0; x<IMAGE_WIDTH; x++)
67 {
68 start_index = (y * window_height) * image_width

+
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69 (x * window_width);
// starting index for

window sum
70 sum = 0;
71 for (k=0; k<window_height; k++)
72 {
73 for (j=0; j<window_width; j++)
74 {
75 index = start_index + j + image_width*k;
76 sum += greyscale_image[index ];
77 }
78 }
79 output_image[i] = sum / (window_width *

window_height);
80 i++;
81 }
82 }
83 }
84
85 // Calculate optic flow using I2A algorithm
86 signed char *calculate_flow(unsigned int *previous_image ,

// previous image data
87 unsigned int *current_image ,

// most recent image data
88 unsigned int search_dist ,

// distance in which to assume
match exists

89 unsigned int image_size [2],
// image size = [height , width
]

90 unsigned int num_regions [2],
// number of [rows , columns]
to split image into

91 signed char *optic_flow)
// flow array to write data to

92 {
93 // Declare variables
94 unsigned int region_x , region_y , x, y, start_index ,

index , i;
95 unsigned int region_height = image_size [0] / num_regions

[0];
96 unsigned int region_width = image_size [1] / num_regions

[1];
97 signed long long f4f3 , f2f1 , fcf0;

// differences for I2A
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98 signed long long A, B, C, D, E;
// sums for I2A

99 float delta_x , delta_y , denominator;
// flow estimate

100
101 i = 0; // initialize index for optic flow array
102 // For each region of the image ...
103 for (region_y =0; region_y <num_regions [0]; region_y ++)
104 {
105 for (region_x =0; region_x <num_regions [1]; region_x

++)
106 {
107 start_index = (region_y * region_height) *

image_size [1] +
108 (region_x * region_width);

// starting index for
region

109
110 // Calculate the sums in the region
111 A = B = C = D = E = 0;
112 for (y=search_dist; y<region_height -search_dist;

y++)
113 {
114 for (x=search_dist; x<region_width -

search_dist; x++)
115 {
116 index = start_index + x + y * image_size

[1];
117
118 f4f3 = (signed long long) previous_image

[index - search_dist * image_size [1]]
- // (f4 - f3)

119 (signed long long) previous_image
[index + search_dist *
image_size [1]];

120 f2f1 = (signed long long) previous_image
[index - search_dist] -

// (f2 - f1)
121 (signed long long) previous_image

[index + search_dist ];
122 fcf0 = (signed long long) current_image[

index] -
// (fc - f0)

123 (signed long long) previous_image
[index ];
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124
125 A += f2f1 * f2f1;
126 B += f4f3 * f2f1;
127 C += fcf0 * f2f1;
128 D += f4f3 * f4f3;
129 E += fcf0 * f4f3;
130 }
131 }
132
133 // Solve for motion
134 denominator = (float) (A * D - B * B) /
135 (2.0f * (float) search_dist *

127.0f); // including a scaling
by 127 for char conversion

136 if (denominator != 0)
137 {
138 delta_x = (float) (C * D - B * E) /

denominator;
139 delta_y = (float) (A * E - C * B) /

denominator;
140 }
141 else
142 {
143 delta_x = 0;
144 delta_y = 0;
145 }
146 if (delta_x > 127) delta_x = 127;
147 else if (delta_x < -127) delta_x = -127;
148 if (delta_y > 127) delta_y = 127;
149 else if (delta_y < -127) delta_y = -127;
150
151 optic_flow[i] = (signed char) delta_x;
152 optic_flow[i+1] = (signed char) delta_y;
153 i = i + 2;
154 }
155 }
156
157 return optic_flow;
158 }
159
160 void display_text(WbDeviceTag tag , char text [64])
161 {
162 wb_display_set_color(tag , 0x000000);
163 wb_display_fill_rectangle(tag , 0, 0,

wb_display_get_width(tag), wb_display_get_height(tag))
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;
164 wb_display_set_color(tag , 0xFFFFFF);
165 wb_display_draw_text(tag , text , 0, 0);
166 }
167
168 /*
169 * Main program
170 * The arguments of the main function can be specified by

the
171 * "controllerArgs" field of the Robot node
172 */
173 int main(int argc , char **argv)
174 {
175 // Declare variables
176 static float rotor_lower_command = 0.384;
177 static float rotor_upper_command = 0.384;
178 static float servo_pitch_command = 0.0;
179 static float servo_roll_command = 0.0;
180 float commands [4];
181 static unsigned long long time = 0;
182 int i, j, x, y;
183 char text [64];
184
185 /* Necessary to initialize webots */
186 wb_robot_init ();
187
188 /*
189 * You should declare here WbDeviceTag variables for

storing
190 * robot devices like this:
191 * WbDeviceTag my_sensor = wb_robot_get_device ("

my_sensor ");
192 * WbDeviceTag my_actuator = wb_robot_get_device ("

my_actuator ");
193 */
194 // Cameras
195 unsigned int current_image[NUM_CAMERAS ][ IMAGE_HEIGHT *

IMAGE_WIDTH ];
196 unsigned int previous_image[NUM_CAMERAS ][ IMAGE_HEIGHT *

IMAGE_WIDTH ];
197 signed char optic_flow[NUM_CAMERAS ][2 * REGIONS_Y *

REGIONS_X ];
198 WbDeviceTag camera[NUM_CAMERAS ];
199 const char *camera_name[NUM_CAMERAS] = {"camera_0", "

camera_1", "camera_2", "camera_3", "camera_4", "
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camera_5", "camera_6", "camera_7"};
200 WbDeviceTag display[NUM_CAMERAS ];
201 const char *display_name[NUM_CAMERAS] = {"view_0", "

view_1", "view_2", "view_3", "view_4", "view_5", "
view_6", "view_7"};

202 for (i=0; i<NUM_CAMERAS; i++)
203 {
204 camera[i] = wb_robot_get_device(camera_name[i]);
205 wb_camera_enable(camera[i], TIME_STEP);
206 display[i] = wb_robot_get_device(display_name[i]);
207 }
208
209 // Gyro
210 WbDeviceTag gyro = wb_robot_get_device("gyro");
211 wb_gyro_enable(gyro , TIME_STEP);
212
213 // GPS tracker
214 WbDeviceTag gps = wb_robot_get_device("gps");
215 wb_gps_enable(gps , TIME_STEP);
216
217 // Emitter
218 WbDeviceTag emitter = wb_robot_get_device("emitter");
219
220 // Rotors
221 WbDeviceTag rotor_bottom = wb_robot_get_device("

rotor_lower");
222 wb_servo_set_position(rotor_bottom , INFINITY);
223 wb_servo_set_velocity(rotor_bottom , 10); // 1 rotation

per second
224 WbDeviceTag rotor_top = wb_robot_get_device("rotor_upper

");
225 wb_servo_set_position(rotor_top , INFINITY);
226 wb_servo_set_velocity(rotor_top , 10); // 1 rotation per

second
227
228 // Info display
229 WbDeviceTag info = wb_robot_get_device("info");
230 display_text(info , "Running�simulation ...");
231
232 // Output file
233 FILE *log_file;
234 log_file = fopen("log.txt", "w");
235
236 /* Main loop */
237 do
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238 {
239 /*
240 * Read the sensors :
241 * Enter here functions to read sensor data , like:
242 * double val = wb_distance_sensor_get_value(

my_sensor);
243 */
244 // Read from gyro
245 const double *gyro_data = wb_gyro_get_values(gyro);
246 // float derotate[NUM_CAMERAS ][2];
247
248 // Read from gps
249 const double *gps_data = wb_gps_get_values(gps);
250
251 // Read from cameras
252 for (i=0; i<NUM_CAMERAS; i++)
253 {
254 // Store the previous image
255 memcpy(previous_image[i], current_image[i],

sizeof(current_image[i]));
256 // Get new image from camera[i]
257 get_scaled_image(camera[i], current_image[i]);
258
259 static unsigned int search_dist = SEARCH_DIST;
260 static unsigned int image_size [2] = {

IMAGE_HEIGHT , IMAGE_WIDTH };
261 static unsigned int num_regions [2] = {REGIONS_Y ,

REGIONS_X };
262 // Calculate optic flow using the new image data
263 calculate_flow(previous_image[i], current_image[

i], search_dist , image_size , num_regions ,
optic_flow[i]);

264 }
265
266 // Display scaled images
267 for (i=0; i<NUM_CAMERAS; i++)
268 {
269 unsigned int display_height =

wb_display_get_height(display[i]);
270 unsigned int display_width =

wb_display_get_width(display[i]);
271 unsigned int pixel_height = display_height/

IMAGE_HEIGHT;
272 unsigned int pixel_width = display_width/

IMAGE_WIDTH;
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273
274 j = 0;
275 for (y=0; y<display_height; y+= pixel_height)
276 {
277 for (x=0; x<display_width; x+= pixel_width)
278 {
279 int color = (( unsigned char)

current_image[i][j] << 16) |
280 (( unsigned char)

current_image[i][j] << 8)
|

281 (( unsigned char)
current_image[i][j]);

282 wb_display_set_color(display[i], color);
283 wb_display_fill_rectangle(display[i], x,

y, pixel_width , pixel_height);
284 j++;
285 }
286 }
287
288 // Display flow vectors
289 int region_height = display_height/REGIONS_Y;
290 int region_width = display_width/REGIONS_X;
291
292 j = 0;
293 for (y=region_height /2; y<display_height; y+=

region_height)
294 {
295 for (x=region_width /2; x<display_width; x+=

region_width)
296 {
297 wb_display_set_color(display[i], 0

x00FF00); // green
298 wb_display_draw_line(display[i], x, y, x

+optic_flow[i][j]* region_width /256, y+
optic_flow[i][j+1]* region_height /256);

299 j = j + 2;
300 }
301 }
302 }
303
304 // De -rotate horizontal flow vectors
305 float derotated_flow[NUM_CAMERAS ];
306 const float flow_constant = 29.77;
307 for (i=0; i<NUM_CAMERAS; i++)
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308 {
309 derotated_flow[i] = (float) optic_flow[i][0] - (

gyro_data [1] * flow_constant);
310 }
311
312 // Low -pass filter
313 static float filtered_flow[NUM_CAMERAS] =

{0,0,0,0,0,0,0,0};
314 const float alpha = 0.2;
315 for (i=0; i<NUM_CAMERAS; i++)
316 {
317 if (!( filtered_flow[i] != filtered_flow[i]))

// check that the value is not NaN
318 {
319 filtered_flow[i] = (1 - alpha) *

filtered_flow[i] + alpha * derotated_flow[
i];

320 }
321 else
322 {
323 filtered_flow[i] = 0;
324 }
325 }
326
327 /* Process sensor data here */
328
329 // Control values
330 static float throttle = 0.3835;
331 static float yaw = 0.0;
332 static float pitch = -0.6;
333 static float roll = 0.0;
334
335 // Throttle control
336 if (gps_data [1] > 1.7)
337 {
338 throttle = 0.382;
339 }
340 else if (gps_data [1] < 1.3)
341 {
342 throttle = 0.385;
343 }
344
345 // Weights
346 const float yaw_weights[NUM_CAMERAS] =

{.001 ,.001 , -.005 , -.01 , -.01 , -.005 ,.001 ,.001};
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347 const float roll_weights[NUM_CAMERAS] =
{-.01,-.01,-.01,-.01,-.01,-.01,-.01,-.01};

348
349 // Linear weighted controller
350 yaw = 0;
351 roll = 0;
352 for (i=0; i<NUM_CAMERAS; i++)
353 {
354 if (!( filtered_flow[i] != filtered_flow[i]))

// check that the value is not NaN
355 {
356 //yaw += yaw_weights[i] * filtered_flow[i];
357 roll += roll_weights[i] * filtered_flow[i];
358 }
359 }
360
361 // Display commmands
362 sprintf(text , "yaw:%f�roll:%f", yaw , roll);
363 display_text(info , text);
364
365 // Set commands
366 rotor_lower_command = throttle - yaw;
367 rotor_upper_command = throttle + yaw;
368 servo_pitch_command = pitch;
369 servo_roll_command = roll;
370
371 // Send commands
372 commands [0] = rotor_lower_command;
373 commands [1] = rotor_upper_command;
374 commands [2] = servo_pitch_command;
375 commands [3] = servo_roll_command;
376 wb_emitter_send(emitter , commands , sizeof(commands))

;
377
378 // Save gps data
379 fprintf(log_file , "%f\t%f\t%f\t%f\t%f\t%f\t%f\n",

gps_data [0], gps_data [1], gps_data [2], commands
[0], commands [1], commands [2], commands [3]);

380
381 /*
382 * Perform a simulation step
383 * and leave the loop when the simulation is over
384 */
385 time += TIME_STEP;
386 if (time > 20000)
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387 {
388 // break;
389 continue;
390 }
391 }
392 while (wb_robot_step(TIME_STEP) != -1);
393
394 /* Enter here exit cleanup code */
395
396 /* Necessary to cleanup webots stuff */
397 wb_robot_cleanup ();
398
399 fclose(log_file);
400
401 return 0;
402 }
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B.3. Webots World

1 #VRML_SIM V6.0 utf8
2 WorldInfo {
3 info [
4 "Description"
5 "Author:�Raphael�Cherney�<raphael.cherney@epfl.ch >"
6 "Date:�Fall�2012 -13"
7 ]
8 physics "heli_physics"
9 basicTimeStep 16

10 displayRefresh 1
11 }
12 Viewpoint {
13 orientation -0.0915324 -0.964368 -0.248225 2.46213
14 position 0.368689 2.50813 0.154523
15 follow "supervisor"
16 }
17 Background {
18 skyColor [
19 0.8 0.8 0.8
20 ]
21 }
22 DEF HELI Supervisor {
23 translation 1.5 1.5 1.5
24 children [
25 DEF BODY Transform {
26 children [
27 DEF BODY Shape {
28 appearance Appearance {
29 material Material {
30 diffuseColor 1 0 0
31 }
32 }
33 geometry Box {
34 size 0.05 0.04 0.03
35 }
36 }
37 ]
38 }
39 DEF TAIL Transform {
40 translation -0.065 0 0
41 children [
42 DEF FIN Transform {
43 translation -0.0475 -0.01 0
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44 children [
45 DEF FIN Shape {
46 appearance Appearance {
47 material Material {
48 diffuseColor 1 0 0
49 }
50 }
51 geometry Box {
52 size 0.015 0.04 0.001
53 }
54 }
55 ]
56 }
57 DEF BOOM Shape {
58 appearance Appearance {
59 material Material {
60 diffuseColor 0.09 0.09 0.09
61 }
62 }
63 geometry Box {
64 size 0.08 0.001 0.001
65 }
66 }
67 ]
68 }
69 DEF SKIDS Transform {
70 translation 0 -0.03 0
71 children [
72 DEF SKID_RIGHT Transform {
73 translation 0 0 0.03
74 children [
75 DEF SKID Shape {
76 appearance Appearance {
77 material Material {
78 diffuseColor 0.09 0.09 0.09
79 }
80 }
81 geometry Box {
82 size 0.06 0.001 0.001
83 }
84 }
85 ]
86 }
87 DEF SKID_LEFT Transform {
88 translation 0 0 -0.03
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89 children [
90 DEF SKID Shape {
91 appearance Appearance {
92 material Material {
93 diffuseColor 0.09 0.09 0.09
94 }
95 }
96 geometry Box {
97 size 0.06 0.001 0.001
98 }
99 }

100 ]
101 }
102 ]
103 }
104 DEF RING Transform {
105 translation 0 -0.01 0
106 children [
107 DEF RING Shape {
108 appearance Appearance {
109 material Material {
110 diffuseColor 0.846586 0.425132 0.001755
111 }
112 }
113 geometry Cylinder {
114 bottom FALSE
115 height 0.01
116 radius 0.05
117 top FALSE
118 }
119 }
120 ]
121 }
122 DEF MAST Transform {
123 translation 0 0.045 0
124 children [
125 DEF MAST Shape {
126 appearance Appearance {
127 material Material {
128 diffuseColor 0.09 0.09 0.09
129 }
130 }
131 geometry Cylinder {
132 height 0.05
133 radius 0.001
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134 }
135 }
136 ]
137 }
138 DEF ROTOR_UPPER Solid {
139 translation 0 0.07 0
140 children [
141 DEF ROTOR Shape {
142 appearance Appearance {
143 material Material {
144 transparency 0.8
145 }
146 }
147 geometry Cylinder {
148 height 0.001
149 radius 0.1
150 }
151 }
152 ]
153 boundingObject USE ROTOR
154 physics Physics {
155 density -1
156 mass 1e-05
157 }
158 }
159 DEF ROTOR_LOWER Solid {
160 translation 0 0.04 0
161 children [
162 DEF ROTOR Shape {
163 appearance Appearance {
164 material Material {
165 transparency 0.8
166 }
167 }
168 geometry Cylinder {
169 height 0.001
170 radius 0.1
171 }
172 }
173 ]
174 boundingObject USE ROTOR
175 physics Physics {
176 density -1
177 mass 1e-05
178 }

96



179 }
180 DEF ANIMATE_UPPER Servo {
181 translation 0 0.07 0
182 children [
183 DEF BLADE Shape {
184 appearance Appearance {
185 material Material {
186 diffuseColor 0.09 0.09 0.09
187 }
188 }
189 geometry Box {
190 size 0.02 0.001 0.2
191 }
192 }
193 ]
194 name "rotor_upper"
195 }
196 DEF ANIMATE_LOWER Servo {
197 translation 0 0.04 0
198 rotation 0 -1 0 0
199 children [
200 DEF BLADE Shape {
201 appearance Appearance {
202 material Material {
203 diffuseColor 0.09 0.09 0.09
204 }
205 }
206 geometry Box {
207 size 0.02 0.001 0.2
208 }
209 }
210 ]
211 name "rotor_lower"
212 }
213 DEF CAMERA_0 Camera {
214 translation -0.046 -0.01 -0.019
215 rotation 0 1 0 1.1781
216 name "camera_0"
217 fieldOfView 1.309
218 windowPosition 0.0841924 0.0586081
219 pixelSize 0
220 }
221 DEF CAMERA_1 Camera {
222 translation -0.019 -0.01 -0.046
223 rotation 0 1 0 0.3927
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224 name "camera_1"
225 fieldOfView 1.309
226 windowPosition 0.203539 0.0586081
227 pixelSize 0
228 }
229 DEF CAMERA_2 Camera {
230 translation 0.019 -0.01 -0.046
231 rotation 0 1 0 -0.3927
232 name "camera_2"
233 fieldOfView 1.309
234 windowPosition 0.322232 0.0586081
235 pixelSize 0
236 }
237 DEF CAMERA_3 Camera {
238 translation 0.046 -0.01 -0.019
239 rotation 0 1 0 -1.1754
240 name "camera_3"
241 fieldOfView 1.309
242 windowPosition 0.441 0.0586081
243 pixelSize 0
244 }
245 DEF CAMERA_4 Camera {
246 translation 0.046 -0.01 0.019
247 rotation 0 1 0 -1.9635
248 name "camera_4"
249 fieldOfView 1.309
250 windowPosition 0.56275 0.0586081
251 pixelSize 0
252 }
253 DEF CAMERA_5 Camera {
254 translation 0.019 -0.01 0.046
255 rotation 0 1 0 -2.7489
256 name "camera_5"
257 fieldOfView 1.309
258 windowPosition 0.682682 0.0586081
259 pixelSize 0
260 }
261 DEF CAMERA_6 Camera {
262 translation -0.019 -0.01 0.046
263 rotation 0 1 0 -3.40339
264 name "camera_6"
265 fieldOfView 1.309
266 windowPosition 0.800983 0.0586081
267 pixelSize 0
268 }
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269 DEF CAMERA_7 Camera {
270 translation -0.046 -0.01 0.019
271 rotation 0 1 0 -4.18879
272 name "camera_7"
273 fieldOfView 1.309
274 windowPosition 0.920915 0.0586081
275 pixelSize 0
276 }
277 DEF VIEW_0 Display {
278 name "view_0"
279 windowPosition 0.06 0
280 }
281 DEF VIEW_1 Display {
282 name "view_1"
283 windowPosition 0.17 0
284 }
285 DEF VIEW_2 Display {
286 name "view_2"
287 windowPosition 0.28 0
288 }
289 DEF VIEW_3 Display {
290 name "view_3"
291 windowPosition 0.39 0
292 }
293 DEF VIEW_4 Display {
294 name "view_4"
295 windowPosition 0.5 0
296 }
297 DEF VIEW_5 Display {
298 name "view_5"
299 windowPosition 0.61 0
300 }
301 DEF VIEW_6 Display {
302 name "view_6"
303 windowPosition 0.72 0
304 }
305 DEF VIEW_7 Display {
306 name "view_7"
307 windowPosition 0.83 0
308 }
309 DEF INFO Display {
310 name "info"
311 width 512
312 height 8
313 windowPosition 0 1
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314 }
315 DEF GYRO Gyro {
316 }
317 DEF ACCEL Accelerometer {
318 }
319 DEF TRACKER GPS {
320 }
321 DEF EMITTER Emitter {
322 }
323 DEF RECEIVER Receiver {
324 }
325 ]
326 boundingObject Box {
327 size 0.06 0.06 0.06
328 }
329 physics Physics {
330 density -1
331 mass 0.03
332 damping Damping {
333 linear 0
334 }
335 }
336 controller "heli"
337 }
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