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Abstract—The massification, the differentiability and the utilization of mobile or fixed robots, personal or industrial, remotely
operated or autonomous robots are a reality, in a short space of
time. The pace of development of personal robots is increasingly
high and it’s increasingly essential to test the various hardware
and software technologies that emerge. In this project, we
propose to combine a mini-pc and a camera, i.e. low cost
hardware components, into a robot, so that the communications
can work as a wireless IP camera. Therefore, robot commands
can be embedded into the video stream without any significant
interruptions. In this thesis, we detail the hardware and the
software components that we used to form the robot. We show
strategies for the robot return into the initial position, e.g. using a
map. We propose and use a feature image identification method,
called SIFT’s, to regulate the odometry error and show navigation
and location experiments based in Monocular SLAM.

I. I NTRODUCTION
Mobile robots are mechanical platforms with a locomotion
system able to navigate through a particular environment, endowed with a certain level of autonomy and with a perceptual
ability to sense and to react in the environment.
The range of application of mobile robots goes from the
Mars Pathfinder mission’s Sojourner teleoperated, up to Metro
cleaning robots in Paris, i.e., there is a wide range of tasks,
normally risky or harmful to human health, in different areas,
such as hazard environments, construction and demolishing,
space, military, forests but also domestic or social tasks like
vacuum cleaners, such as the iRobot Roomba, or telepresence
robot’s in support to medical services.
In terms of navigation, there are many types of mobile
robot navigation, as (i) Manual remote or teleoperated, where
a manually teleoperated robot is totally under control of a
driver with a joystick or other control device, (ii) Guarded
teleoperated, where a robot has the ability to sense and
avoid obstacles but navigate as driven, like a robot under
teleoperated, (iii) Line-following Car, where a robot follow
a visual line painted or embedded in the floor or ceiling
or an electrical wire in the floor, using a simple ”keep the
line in the center sensor” algorithm, and (iv) Autonomously
guided robot, where an autonomously guided robot knows at
least some information about where it is and how to reach
various goals and or waypoints along the way. ”Localization”
or knowledge of its current location, is calculated by one
or more means, using sensors such motor encoders, vision
(cameras), Stereopsis, lasers and global positioning systems.
Most of these robots, used in the above mentioned areas,
have in common the combination of mobile robotics, video
cameras and wireless communications. Video cameras and
wireless communications are the principal two elements of the
areas where robots are getting more interesting: surveillance

and security. Surveillance mobile robots in essence combine
mobile robots with cameras and internet communications.
One of the key challenges to build these robots is creating
reliable wireless communication methodologies. In particular,
the communications are expected to work in occupied spectrum scenarios such as most of today’s office environments.
Wireless communications are well worked out in wireless
surveillance cameras, and this a promising tool, for example,
to build personal robots because they have already efficient
radio communications and minimized energy consumptions.
Based on the concept of a wireless surveillance camera,
in this work we propose using a wireless network adapter to
transport video and control-messages between a RaspberryPi equipped with a camera, mounted on a mobile robot and
a desktop PC. One of the applications that we envisage for
the mobile robot is the possibility of having a teleoperated
robot working indoors doing home surveillance, but with some
autonomous features as, e.g, self guidance, but this implies
self-localization to charge or to do predefined task/trajectories.
There are several self-location approaches, so we chose use
Monocular SLAM, that create a 3D feature based representation of the world using only one camera and Visual odometry
based on SLAM to determine the pose of the robot.
To ensure a greater accuracy in determining the position of
the mobile robot, we adopted to use a method called SIFT
- Scale Invariant Feature Transform. The SIFT determines
robustly and accurately points of correspondence between
images in which changes support scaling, rotation, translation,
changing light and noise from images.
In terms of controlling the motors of mobile robot to do
some pre-defined trajectories, we use a dynamic controller
developed by Prof. José Gaspar.
A. Related Work
Camera calibration can be done using the J. Y. Bouguet’s
toolbox [1]. The resulting intrinsic parameters fulfill the requirement of having an accurate projection model for our
camera and if it is been necessary to estimate also the extrinsic
parameters of a camera in a natural scenario, one has to
use other methodologies. In our case, after using the toolbox
J.Y.Bouguet’s, we need to use an auxiliary function called
Bouguet2Tsai, to convert the camera parameters to use in
Monocular SLAM software.
From ”Calibrating a Network of Cameras based on Visual
Odometry” [9] we extracted information about decomposing
a non-singular matrix using Gram-Schmidt, since we required
a strategy to decompose a projection matrix in order to determine the camera localization and to match between different
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images we took advantage of the use of feature points obtained
by Scale-invariant feature transform, SIFT features.
”Control an RC car from a computer over a wireless
network” [3] presents software and documentation for teleoperation, and suggests homing as an important topic for
future work, without developing it on their project. We took
advantage of some of their software, more precisely, the
communications software used to acquire a video feed from
the camera and send instructions that can be interpreted on
Raspberry Pi.
”Insect Strategies of Visual Homing in Mobile Robots” [11]
proposes a strategy for homing. If a robot takes snapshots of
the surroundings of target location, it can compare the actual
image with stored ones. After this the robot can derive a home
direction. In this work we present a similar strategy.
The article ”1-Point RANSAC for EKF Filtering, Application to Real-Time Structure from Motion and Visual Odometry” [2] shows that is conceptually possible to have monocular
vision doing visual odometry, for example with a robot like
ours. The proposed algorithm also allows self-localization and
robust mapping.
From these two works, ”Omnidirectional Vision for Mobile
Robot Navigation” [4] and ”Visual Path Following with a
Catadioptric Panoramic Camera” [5] , we extracted information of the dynamic model used on mobile robot and the
corresponding controller, taking advantage of some of their
software.
The objectives of this work are threefold: (i) assembling
one camera and one Raspberry Pi on a chassis of a robot;
(ii) developing the required software to communicate with the
Raspberry Pi, the Raspberry Pi Camera board and passing
commands to drive the mobile robot; and (iii) developing a
graphic user interface to command the robot while observing
the captured images.
This thesis addresses the problem of Wireless Mobile Robot.
By exploring the combined design of (i) wireless communications, (ii) the sensor (camera) and (iii) the navigation and
controller modalities, an effective system is obtained. These
three aspects are described in different sections.
In Section 2, we present our choices for a compact, robust
and low cost setup, describing the Hardware and Software
involved. The Raspberry Pi, the PiCam and the Wifi USB
dongle are presented as the main hardware responsible for to
get and send information from the environment, and control
the mobile robot. Also presented are the different relations of
the programming languages (C, Java and Matlab) involved. In
Section 3, we expose the theory behind our camera, where
are explained the camera model, with detail the geometric
relationship between a 3D point and its 2D corresponding
projection in an image plane. Also presented is the estimation
of the camera parameters and the kinematic model involved
in the mobile robot. Section 4, describes the possible strategies for homing and self-localization. Section 5, provides an
overview of the different experiments executed as well as the
results attained and the corresponding explanation. Finally,
in Section 6 we summarize the work done and draw some
conclusions, moreover, we propose and establish further work
and directions of research.

II. H ARDWARE AND S OFTWARE
In order to respect the first goal of our work, that consists
of creating a compact, robust and low cost setup, we need
to choose the hardware and software elements, in a wide
variety of choices, that are able to get information from the
environment of operation, process data and control our system.
As the title of our work say, Wireless Mobile Cam, we want
to assemble in a mobile platform a camera that is able to
do video stream and control the movements of the platform.
So, we decided to use a low cost, versatile and with small
measures, chassis with four fixed motors, that we needed
to use wireless communications between our robot and the
user PC, for remote control and autonomous tasks. To do the
wireless IP camera, we decided to use the Raspberry Pi and the
Raspberry Pi Camera board, that together are able to transmit
video stream and send commands for motors, with the help of
a motor driver. To do the wireless IP camera, we decided to
use the Raspberry Pi and the Raspberry Pi Camera board that
together are able to transmit video stream and send commands
for motors, with the help of a motor driver. To give power
of our setup, ensuring a constant input voltage and current
on hardware, we decided to use a solution based on lithium
batteries.
In terms of software, includes the program on the user
PC, which acquires data and sends commands to the robot,
the software responsible to do video stream and the program which are responsible for establishing communication,
between Raspberry Pi and user’s PC, and control the motors.
A. Hardware components
The hardware was selected in order to create a functional
setup with a controlled cost. The chassis and DC motors of the
robot are from a Multi-Chassis - 4WD Kit. For the wireless
IP camera, we used a Raspberry Pi Model B Revision 2.0
with 512MB of RAM, with a Raspberry Pi Camera Board,
a WiFi USB dongle RTL8188CU and an 8GB SDHC Card
Class 10. To connect and help controlling the motors, we use
a Dual-H-bridge motor driver. The used hardware components
are shown in fig. 1.
With help of a 3D printer, we developed and built a support
for the complete setup (the battery pack, the Raspberry Pi,
Raspberry Pi Camera board, Wifi, SD Card and H-bridge
motor drive) to fix in to chassis. Our final robot is shown
in fig. 2.
B. Software and communications
After the choice and the integration of all hardware elements, to make the final setup of the project, we needed to
develop software to communicate with the Raspberry Pi and
the camera module, pass commands to drive the mobile robot,
in real time, and get images from the camera to the computer,
for image processing. Therefore, we needed to establish a
connection between the Raspberry Pi and the user’s computer,
send commands from the user’s computer to the Raspberry Pi
and with that command actuates the GPIO output of Raspberry,
for sending signals to H-bridge motor drive and control the DC
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Fig. 1. (a) Raspberry Pi Model B Revision 2.0 - 512MB. (b) Raspberry
Pi Camera Board. (c) 2 x DRV8833 Dual Motor Driver Carrier. (d) Kingston
8GB SDHC Card Class 10. (e) WiFi USB dongle RTL8188CU (802.11b/g/n).
(f) USB battery box 4x18650 Coolook PB-2000. (g) Multi-Chassis - 4WD
Kit (Basic). (h) Micro USB power supply 5V, 1.2A, EU. (i) 9 Cables for NSR
connection.

Fig. 2. Final version of Robot setup.

motors. In terms of getting a real time video feed, we used the
Raspberry Pi and Camera board with a specific and compatible
program in C language to capture and send the video to user’s
computer. This process will be explained in the next sections.
The structure and the connections between the robot and the
user PC are shown in fig. 3.
The approach is centered on two functions. One function
that captures and sends the video to the user’s PC, and another
function running a server in the Raspberry Pi to receive digital
commands from user’s PC program and translate them into
a signal, which is interpreted by Raspberry Pi actuating the
output GPIO and sending to H-bridge motor drive for control
the DC motors.
a) Video feed: Transmission of a video stream using the
Raspberry Pi and Raspberry Pi Camera board. We decided to
use a program in C language, called Motion-MMAL Camera,
which is based in the program called Motion, available on
the repertoire of libraries and made by [8], but with some
adaptations to use with Raspberry Pi Camera board, as the
Motion program is used normally with webcams. This program
analyzes the video signal from the Pi camera, in order to
determine if significant parts of the picture have changed and
therefore need to be sent to the network. The video stream

Fig. 3. Conceptual model of our project.

can be accessed using the IP address of Raspberry Pi in any
browser as Firefox or Opera.
b) Video reception: Program running in the PC that gets
the video stream by communicating with the server running
in the Raspberry Pi. We use a Java program originally made
by [3], adapted by [12] due to a different mobile robot, and
again adapted to our hardware (Raspberry Pi and its camera).
When the Java program starts, a GUI window opens with two
tabs, one called View and another called Setup. The View tab
shows the video stream from Raspberry Pi Camera, a button
to connect and disconnect the Java program from the server
function and also the control of the car using the keyboard or a
joystick. The Setup tab allows setting the network location and
introducing the IP address where the Raspberry Pi is located.
c) Motors control, PC to Raspberry Pi interface: In
order to control the car, i.e. sending commands between the
user’s PC and the Raspberry Pi, we applied a Client/Server
architecture using a connection between TCP/IP sockets, as
[12]. Using sockets is a natural decision since the Raspberry
Pi, as the Axis camera used in [12], runs a Linux Operating
system and therefore provides, natively, the TCP/IP functions
found in the Axis camera.
The sequence followed by the Java program is the following:
When the connect button is pressed, a request to start a TCP
connection is made to the server running in Raspberry Pi.
After the connection is established, the user PC is able to
start sending commands, that when a key, in the keyboard or
in the joystick, is pressed, an integer, corresponding to the
command required, is sent to the server on Raspberry PI by
TCP/IP connection.
d) Motors control, Raspberry Pi to motors interface: The
server running in the Raspberry Pi receives motor commands
after establishing a connection with a user. Those commands
produce signals that activate or deactivate the pins of GPIO
output, connected to the H-bridges driving the DC motors.
This process is executed by a set of auxiliary C libraries
compatible with Raspberry PI, called WiringPi and made by
[7]. In particularly wiringPiSetup() and Software PWM Library
to use PWM on any GPIO pin. This set of functions has
the same features of the Linux function ioctl, that is used
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in Arduino. In electric scheme, in fig. 3, we showed the
connections between GPIO pin’s and H-bridge motor drive
for each DC motor.
III. I MAGING AND C AR M ODELS
In this section, we explain the camera model, with detail
the geometric relationship between a 3D point and its 2D
corresponding projection in an image plane, the estimation
of the camera parameters and the kinematic model of the car.

matrix. To do that one minimizes the norm of the residue
e = Ap. Assuming that the camera coefficients are normalized
(i.e, ∥p∥ = 1) the solution is that p must be the eigenvector
associated to the smallest eigenvalue of AT A. The estimation
of p is done by simply computing the eigendecomposition
of matrix AT A. In Matlab can be used the SVD decomposition [U,S,V]=SVD(A), therefore p=V(:,end) and finally
P=reshape(p,3,4).
C. Camera Pose Estimation

A. Pinhole Camera Model
The pinhole camera model defines the geometric relationship between a 3D point and its 2D corresponding projection
onto the image plane.

After obtaining the projection matrix P one can compute
the intrinsic and extrinsic parameters. More precisely, one can
decompose P into P = K [R | t] [6].
The factorization of the projection matrix provides the location of the camera simply by inverting the rigid transformation
[R|t], i.e. the camera origin in world coordinates is given by:
W

tC = −RT t

(3)

while the camera orientation, the x, y and z axes, are given
by the columns of RT , respectively.

Fig. 4. Pinhole camera geometry.

Considering a 3D point with coordinates (X, Y, Z) in the
camera frame, it is imaged as (x, y) = (X, Y )f /Z the
coordinates of the projected point on the image plane, where
f denotes the focal length (see fig 4). Converting the metric
coordinates of (x, y) to pixel coordinates, one obtains the imaged point (u, v). In summary, the pin hole can be represented
as
m ≈ PM
(1)
where m = [u v 1]T and M = [X Y Z 1]T denote imaged
and 3D points in homogeneous coordinates, P has size 3 × 4
and denotes the projection matrix, and the symbol ≈ denotes
equality up to a scale factor [6].
B. Camera Calibration
In our work, camera calibration consists in estimating the
projection matrix P given a collection of 3D points, {M },
and the respective 2D images, {m}. In a noiseless situation P
applied to {M } generates exactly {m}, up to a scale factor.
In a real case, noise in 3D and/or 2D data, one wants to find
P such that in average the projection of {M } comes as close
as possible to {m}, after removing the scale factor.
Using matrix notation we can write for a single 3D point
M1 = [X1 Y1 Z1 ]T and its image m1 = [u1 v1 ]T
 T 
[
[ ]
]
P1:
T
T
T
M1
0
−u1 M1
0
T 

P
=
.
2:
0 2×1
0T M1T −v1 M1T 2×12
T
P3: 12×1
(2)
Considering N points, one replicates N times the previous
equation and obtains Ap = 0 where A is a matrix with
dimension 2N × 12, p is a 12 × 1 vector corresponding to
P vectorized line by line that we want to estimate. One needs
at least 6 corresponding points to determine the projection

D. Image Features
Scale Invariant Feature Transform (SIFT) is a feature
extraction methodology, created by David Lowe [10], that
helps matching points between images while supporting scale
changes, rotation, translation, luminosity changes and noise
between images. For image matching and recognition, SIFT
features are first extracted from a set of reference images and
stored in a database. A new image is matched by individually
comparing each feature from the new image to this previous
database and finding candidate matching features based on
Euclidean distance of their feature vectors.
In our work, SIFT features are used to create a representation of the working scenario. SIFT features are first extracted
from a set of reference images and stored in a database.
Then, any new image can be matched with the database by
comparing the features of the new image with the features of
each image saved in the database. Candidate matching features
are found based on Euclidean distance of their feature vectors.
The database image having a larger number of corresponding
features is defined as the database image corresponding to the
new image.
E. MonoSLAM
MonoSLAM [2] consists in a combination of Random Sample Consensus (RANSAC) with the Extended Kalman Filter
(EKF), that uses the available prior probabilistic information
from the EKF in the RANSAC model hypothesize stage, which
reduces the computational costs associated.
In detail, the MonoSLAM algorithm begin with a standard
EKF prediction, where the estimation for the state vector
xk−1|k−1 at step k − (1, modeled as a multidimensional
Gaus)
sian xk−1|k−1 ∼ N x̂k−1|k−1 , Pk−1|k−1 , is propagated to
step k through the known dynamic model fk .
(
)
x̂k|k−1 = fk x̂k−1|k−1 , uk

(4)
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Pk|k−1 = Fk Pk−1|k−1 FTk + Gk Qk GTk

(5)

where, in step k, the term uk is the control inputs to the system,
Fk is the Jacobian of fk with respect to the state vector xk|k−1 ,
Qk is the covariance of the zero-mean Gaussian noise assumed
in the dynamic model and Gk is the Jacobian of this noise
with respect to the state vector xk|k−1 . A Gaussian prediction
for each measurement can be computed by propagating the
predicted state through the measurement model hi :
(
)
ĥi = hi x̂k|k−1

(6)

Si = Hi Pk|k−1 HTi + Ri

(7)

where Hi is the Jacobian of the measurement hi with respect
to the state vector xk|k−1 and Ri is the covariance of the
Gaussian noise assumed for each individual measurement.
By comparison of the chosen local feature descriptor, the
actual measurement zi should be exhaustively searched inside
the(99% probability
region defined by its predicted Gaussian
)
N ĥi , Si .
The inter-frames point are constrained to be individually
compatible with the predicted state xk|k−1 . Nonetheless, this
compatibility has to be confirmed by confronting it with a
global model for the set of individual compatible matches
T
zIC = (z1 . . . zi . . . zn ) previous to the EKF update. Then,
random state hypotheses x̂i are generated using RANSAC and,
by counting measurements inside a threshold, data support is
computed. Next, a partial state and covariance update is computed by using only data points voting for the most supported
hypothesis zli inliers , (designated as low-innovations inliers):
(
x̂k|k = x̂k|k−1 Kk zli

inliers

(
))
− h′ x̂k|k−1

1) State Vector Definition: The state vector,W x̂k , at step k
is composed of a set of camera parameters W x̂Ck and map
parameters W ŷCk , where all are referred to a static reference
frame W .
(
W

x̂k =

W

x̂Ck
W
ŷCk

(11)

The estimated( map yW is composed
of n point features
)T
and yW = yiW T · · · ynW T . So, as we want to get the
localization of the camera and the 3D features information, we
need access the Extendef Kalman Filter state vector W x̂k to
use the MonoSLAM as a visual odometer. So, to determine the
camera position and orientation, when one knows 2D images
of 3D points, in world coordinates, obtained with MonoSLAM,
we use the same methodology described previously in section
III-C.
yiW

F. Car model
The car that we use in this project has four fixed motors.
The motors are commanded as two pairs, one pair on the left
of the car and another pair on the right of the car. Figure 5
shows this configuration and the parameters describing the car
model.
Axis Y
vl
V

yf
y

yi

Vl

vl

q

v

vr

vr
Vr

(8)
xi

Pk|k = (I − Kk Hk ) Pk|k−1

(9)

(
)−1
Kk = Pk|k−1 HTk Hk Pk|k−1 HTk + Rk

(10)

T

)

where Hk = (H1 . . . Hi . . . Hn ) ( stands) for the Jacobian
of the measurement equation h′ x̂k|k−1 that projects the
low-innovation inliers into the camera space, and Rk is the
covariance assigned to the sensor noise.
After the partial update using low-innovation inliers, described previously, most of the correlated error in the EKF
prediction is corrected and the covariance is greatly reduced.
Consequently, consensus for the set will not be necessary
to compute and individual compatibility will be sufficient to
discard inliers from outliers.
)
(
A Gaussian prediction hj ∼ N ĥj , S j will be computed
by propagating the state after the first partial update xk|k
through the estimated model, for every match zj . If the
match lies within the 99% probability region of the predicted
Gaussian, the match will be accepted as an inlier. After, a
second partial update will be performed with all the points
classified as inliers z hi inliers .

x xf

Axis X

Fig. 5. Parameters to describe the robot model.

Given the commanding configuration of the car, we assume
the robot dynamic model is approximated by a unicycle mobile
robot, hence based in two degrees of freedom, namely the
linear and angular velocities:

 ẋ = v cos θ
ẏ = vsinθ
(12)

θ̇ = ϖ
Therefore, the robot state consists of a 3-tuple pose vector,
x̃ = (x, y, θ), describing its position and orientation. The
navigation system actuates on the robot linear and angular
velocities denoted by (v, ϖ) which can be expressed based in
the angular velocities of right and left wheels, ϖr and ϖl ,
respectively
{
{
v = R2 (ϖr + ϖl )
ϖr = 2v+ϖL
2R
⇔
(13)
R
ϖ = L (ϖr − ϖl )
ϖl = 2v−ϖL
2R
where R is the ray of the wheels and L is the distance between
the wheels.

6

G. Path Following Controller

A. In Place Rotation

In order to drive the robot along a pre-described trajectory,
in this section we show the control system that we used, as
explained in detail in [5] and [4].
As was introduced in sectionIII-F the model of our robot has
two degrees of freedom, linear and angular velocities, equation
12. We want that the robot follows a specific trajectory. The
trajectory (path) is defined as a collection of points x̄Ψ =
(xΨ , yΨ , θΨ ), expressed in the same coordinate system and
units as the robot state vector, x̄.
In order to determine the position and orientation errors to
correct the robot motion, at each time instant, and depending
on the robot position (x, y), the motion planning
module
(
)
ref
ref
determines a reference point on the trajectory xΨ , yΨ
as

Rotation in place can be based simply in visual odometry.
Having a calibrated camera allows computing a rotation angle
from two images, and therefore obtain the angle rotated by
the robot along time 1 . Computing the rotated angle between
consecutive images and adding the estimated angles is known
to accumulate error.
A more robust alternative consists in doing a complete
rotation, computing the rotation angles for the various images,
again adding all the estimated angles, but now redistributing the error (difference to 360o ) along the various images
composing a complete rotation. A partial rotation can be then
obtained by rotating the robot to match closely (using image
features) a previously observed image.
In order to allow obtaining estimates of angles in between
the angles of a first complete rotation we integrate along time
the locations of the features and use a 3D representation to
cover the 360o . More in detail, we acquire images while the
robot does three complete rotations, extract the SIFTs in all
the images, match SIFTs between consecutive images and
compute 3D coordinates for the features by using the inverse
of the intrinsic parameters matrix to obtain metric coordinates
for the 2D image points and therefore back-projecting the
2D (metric) points to obtain unit norm 3D points. Then we
use the 3D points to compute the rotation matrix and the
angle between consecutive images, until the sum of this angle
complete a rotation of an angle α for the left side, we keep
sending commands P W M = (ϖr , ϖl ) = (100%, −100%) to
the robot.

(

ref
xref
Ψ , yΨ

{ (

)
= arg min
ref
(xref
Ψ ,yΨ )

ref
xref
Ψ , yΨ

)

− (x, y)

2

}

(14)
Given the current state of the robot and the desired path
reference point computed, a signed distance-to-path error d
and orientation error θ̄ are defined as:
d=

[

][

]T

ref
, θ̄ = θ − θΨ
(15)
]
ny is normal to the path at the chosen refer-

x − xref
Ψ

ref
y − yΨ

nx

ny

[
where nx
ence point.
As detailed in [4] a dynamic controller for path following,
generating the robot angular velocity, may be expressed as
sin θ̄ v cos θ̄c (s)
+
ϖ = −k3 |v| θ̄ − k2 vd
1 − c (s) d
θ̄

B. Following 2D Trajectories
(16)

where k2 , k3 are constants to be tuned accordingly to specific
vehicles and desired system response distance, s designates
the path length, and c (s) is local path curvature.
In order to get a more precise operation, the control law
is constrained so that |ϖ| < Wmax . This means that when
the control law indicates larger than possible rotation values,
instead of just thresholding ϖ, the linear velocity is reduced
to v · Wmax /ϖ. This avoids large lags in narrow turns.

2D navigation and control involves three main components:
(i) the Wheeled Mobile Robot model (ii) the Sensor, and (iii)
the Controller. See figure 6.
v, w

ref.

Controller

Wheel Mobile
Robot

x, y, q

Sensor

IV. NAVIGATION TASKS
In this section we detail the methodologies proposed for
robot navigation and control. In our work navigation means
estimating the robot position and orientation and control is
responsible for computing the actuation of the motors, while
the robot is teleoperated or does a specific trajectory. In
particular, we detail some homing methodologies.
We start by introducing the rotation in place case which
just needs the calibrated camera. Then we introduce general
2D motion, i.e. composite rotations and translations, based
on visual odometry. Simulated wheels odometry is used to
calibrate (scale) the visual odometry and therefore allow
repeating 2D motions even in case of resetting the visual
odometry. Teleoperation and homing are built on the previous
motion control modalities.

Fig. 6. Closed loop control of the wheeled Mobile Robot using a sensor
giving absolute pose measurements (x, y, θ).

Since our hardware setup does not have odometry sensors
mounted on the wheels, we follow the approach of identifying
the motion model from the motor reference values to the
robot linear and angular speeds. Hence, we can simulate
the robot motion given the robot model and the identified
parameters. As shown in figure 7, the Controller is divided in
a WMR Controller and a WMR Simulator which computes an
estimated robot pose (x̂, ŷ, θ̂). The simulation assumes there
1 We assume the camera is far from the imaged scenario and therefore its
center is approximately on the rotation axis.
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are no mechanical effects as slippage and no power loss due
e.g. to the battery lower charging.
After choosing a trajectory between two points (AB) the
WMR Controller computes the angular and linear velocities,
(v, ϖ), to apply on the robot and changes its position towards
the world. From the angular and linear velocities, the WMR
Simulator computes an estimate of the position and orientation
of the robot along the route, and simulates the path following.

disk drive. In figure 6, we show the complete integration of
the three main parts and the Scale factor estimator.
évref ù
ref = ê ú
ëwref û

v, w

WMR Ctrl

WMR Simulator

t = 10 seg

t = 10 seg

ref.

v, w

x, y, q

WMR Ctrl

WMR

x, y,q

WMR

World

xˆ , yˆ , qˆ

Scale
Estimator
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Fig. 7. WMR control based in motion estimated from the actuation signals.

At the same time, the camera takes images from the world
and from them, the MonoSLAM, with the parameters of the
camera, provides a reconstruction up-to a scale factor of the
position and the orientation of the robot. As show in figure 8,
the camera and the MonoSLAM are part of the Sensor.
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Fig. 8. WMR control based in SLAM scaled to match the real robot motion.

To compute the Scale Factor Estimator, we move the robot
some centimeters by giving a known reference signal to the
two wheels. Assuming the signal reference to the robot motion
and the camera to ground-plane rotation are pre-calibrated, and
that there is no slippage, we obtain both the simulated motion
of the robot together with the motion estimated by the SLAM,
and therefore compute the scale factor as
S=

∥(xf ctrl , yf ctrl ) − (xictrl , yictrl )∥
∥(xf SLAM , yf SLAM ) − (xiSLAM , yiSLAM )∥

(17)

where (xf ctrl , yf ctrl ) and (xictrl , yictrl ) denotes, respectively, the final and initial coordinates of the controller, and
(xf SLAM , yf SLAM ) and (xiSLAM , yiSLAM ) are the final and
initial coordinates of the SLAM, for the robot position during
a path.
One of reasons to compute a Scale factor estimator is, for
example, if a homing procedure occurs after a SLAM restart
operation (for instance, motivated by an operating system
reboot), and one desires to home to a location saved in a hard

Fig. 9. WMR control encompassing a calibration phase where the robot is
assumed to perform a nominal motion which is used to scale the SLAM
results.

Along the trajectory, we store in a database the images, the
camera parameters, the state vector, the controller coordinates,
the angular and linear velocities, the SLAM coordinates and
the scale factor.
After the robot completes its trajectory (in point B), a map is
built. To construct this map, we extract SIFT from the images
on the database. After that, we match the features between
images i and images i+1 and it is inserted an identifier on
each feature that repeats along the path. Next, we select the
identifiers of the features that repeat along the path more than 5
times and finally, using the camera matrix and the localization
of the features, we compute the corresponding 3D coordinates.
After constructing the map, the Map Based Homing is
activated with a reverse path of the initial (i.e, point B to
point A). The process mentioned earlier, of the Controller
(WMR Controller + WMR Simulator), is the same, but with
a difference, the robot moves backwards, i.e, the angular
and linear velocities are opposite to the initial values. With
the robot moving backwards, we have more precision in the
identification of the current image on SLAM, since, we got
more match’s of SIFT between the current image and the
images on the database.
In terms of the calculation of the robot position from
the SLAM, as show on figure 10, we extract the SIFT’s
from the current image that the camera captured. After that,
we find on the database which image has the maximum
match’s of features with the current image. Consequently,
with the 2D projection points from the camera image and the
corresponding features 3D points, we get a new camera matrix.
From the camera matrix, we get a new estimate of the robot
position, dependent of the scale factor, that we use to relocate
or to correct the current position.
C. Autonomous Homing
Autonomous Homing is the capacity that a robot has to autonomously return to a home point or guide itself to a specified
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Fig. 10. Re-localization of the robot position

point. In this section we describe the homing strategies that
we can apply to our case and the differences between them.
Contextualizing, we want to teleoperate the robot for some
time or order the robot to do a specific trajectory between two
points, then, when the time finish or the robot arrives to the
final point of the trajectory, the homing routines initiate and
the vehicle comes back by a similar path. In every iteration,
the robot position is stacked to store the path by accessing the
state vector, from the EKF embedded in MonoSLAM, where
we determine the translation
[
]T
W
tC = state (1 : 3) = x y z
(18)
and the rotation from camera to world reference
W

RC = q2r (state (4 : 7))

(19)

where q2r denotes the conversion for a quaternion to a rotation
matrix. In other words, in each iteration, we extract from
MonoSLAM, the robot position and the angle of orientation.
Given the camera orientation, W RC , and considering the world
coordinate frame having two axis coincident with the ground
plane, one may compute the robot orientation (azimuth) with
respect to the world [13].
In the following we describe three strategies of homing,
which differ in the method of calculating the robot position.
1) Open Loop Homing: In this strategy, the robot position
is calculated, in each iteration of homing, using the kinematic
model of the robot, in order to choose the right command to
send to the car. The rotation angle is calculated as
)
(
yref − yactual
(20)
θref = atan2
xref − xactual
where (xref , yref ) are the coordinates of the position extract
from MonoSLAM and (xactual , yactual ) are the coordinates
of the position, extract from the kinematic model of the robot.
One drawback of this strategy is the error caused by the
kinematic model of the robot.

2) Visual Odometry: This strategy calculates the robot
position and the rotation angle, using a sensor at every stage
of homing, i.e., in each homing iteration the robot position and
orientation is retrieved from MonoSLAM, using the camera.
Despite the consecutive error accumulation caused by the
visual odometry, this strategy is better then the previous one.
3) Map Based Homing: MonoSLAM is used for map building. In addition to storing the traveled path we also store the
descriptors of image features selected along the path and their
reconstructed 3D locations. Homing involves localizing the
robot w.r.t. the map and computing motion control values. In
each homing iteration, the current robot position is computed
by [finding the camera
matrix P and decompose it to the form
]
K C RW C tW , as described in section III-C.
Given the stored 3D points (associated to features), M ,
the 2D projection points from the camera image, m, and
performing the matching of the 3D points and the 2D points
based on the feature descriptors, we can estimate the camera
matrix P as a standard calibration procedure. As detailed in
section III-C we can apply a QR factorization to P , then
transform the QR to the RQ factorization, then correct the
sign of K and finally we obtain the matrices K, C RW and
C
tW . Knowing that
W

T
RC = C RW

(21)

tC = −W RC .C tW

(22)

and
W

we extract the position of the robot from W tC and the
orientation angle from W RC .
In order to use the proposed homing strategy, in each
iteration we have to find at least six features already detected in
the mapping phase, forming a non-singular 3D configuration,
since there are six unknown parameters. This is a critical
requirement as otherwise the EKF embedded on MonoSLAM
may lose its consistency.
Compared to the other strategies, this have a great advantage, since, it allows resetting the visual odometry error during
the homing procedure.
V. E XPERIMENTS
This chapter describes the experiments performed to validate the methodologies presented and introduced in previous
chapters. In order to test our proposed solution functionality,
we made experiments to find some specific characteristics of
the wheel mobile robot and an experiment where the car does
a specific trajectory for a time, while the MonoSLAM is acquiring images from the camera in real time, then performs an
action to make the car achieve its initial position, constructing
a map and falling back through a similar way we came in. We
used a laptop which has an i7 processor running at 1.6 GHz.
A. Wheeled Mobile Robot motor characteristics
In this section, we characterize the wheel mobile robot,
namely in the aspects of, the maximum velocity rotation of
the wheels and the maximum linear and angular velocity of
the robot. As previously explained, in section III-F, the wheel
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mobile robot has a kinematic model, Differential Drive, where
the linear and angular velocities ,(v, ϖ) are expressed by the
angular velocities to send for raspberry and to apply on wheels
right and left (ϖr ,ϖl ), as shown in equation 13.
1) Maximum Rotation and Translation Speeds without Body
Load: To compute the maximum velocity rotation of the
wheels, we set a 100% PWM equal to all wheels, PWM =
ϖr = ϖl = 100% and recorded on video the motion of
one wheel along 5 seconds. With a video editor we counted
the number of complete revolutions (rotations) that the wheel
made. A complete rotation of the imaged wheel is shown in
figure 11.

Fig. 11. Images of the video acquired with the wheel rotating at maximum
speed (wheels lifted from ground). Each 360o wheel rotation is documented
by approximately 6 video frames. Five seconds of video encompass approximately 18 complete rotations.

The wheel completed 18 rotations in 5 seconds, i.e. 3.6
rotations per second. In other words, the maximum angular
velocity of each wheel, without the body load (wheels lifted
from the ground), is ϖwheel = 3.6 [rot/s] = 216 [rot/ min].
From the maximum angular velocity of each wheel, we
can compute the maximum linear velocity of the robot, vmax .
Let ∆t denote the elapsed time and R the wheel radius.
Considering a constant rotation speed equal on all the wheels,
non-slippage on the ground plane, then the vehicle does a pure
translation of length ∆L = ϖwheel ∆tR with a constant linear
velocity of v = ∆L/∆t = ϖwheel R . Given ϖwheel max =
3.6 [rot/s] = 7.2π [rad/s] and R = 0.0325 [m], one obtains
vmax ≈ 0.735 [m/s] without body load.

3) Maximum Rotation Speed : In this experiment, we
compute the maximum angular velocity of the robot by setting
P W M = (ϖr , ϖl ) = (100%, −100%), during one second, on
two different grounds, namelly a paper floor and a wood floor.

Fig. 13. Last images of four one-second experiments run at maximum rotation
speed, P W M = (ϖr , ϖl ) = (100%, −100%).

In the paper floor, see in figure 13 4 out of the 20 trials,
the maximum angle rotated is approximately 84◦ . In the case
of the wood floor, using the same PWM values, the maximum
angle observed was approximately 145◦ . Figure 14 shows a
complete rotation. The measurement of approximately 145◦
rotation in a second indicates a maximum rotation speed of
ϖrobot max ≈ 145◦ /s.

Fig. 14. Images of a 270o rotation done in ≈ 1.9 sec.

B. Map Based Homing Experiment
Fig. 12. Constant reference rotation speed set equal for all the wheels.
Rightmost image indicates 1m length straight motion. Full path run in
approximately 1.5sec.

2) Maximum Translation Speed : Considering the body
load, i.e. having the wheels on the floor pushing the car, the
same 100% PWM is naturally expected to show a lower maximum linear speed. Figure 12 shows the equal PWM values
for all wheels drive the robot moving along a straight line. We
computed that in one second the robot moves approximately
0.660 [m], i.e., vmax real ≈ 0.660 [m/s].

In this section, we describe an experiment involving the
complete system. In this experiment, the robot does a T
trajectory, starting in the center of the T, reaching each of the
three extreme points and homing to the center after reaching
each extreme point. The three parts are marked as 1-3, 4-6
and 7-9 in figure 15(a). Each part is composed of (i) In place
rotation, more precisely in place rotation of a pre-specified
angle based in visual data as described in section IV-A, (ii)
Teleoperation and mapping, i.e. map-database creation and
map-scaling based in MonoSLAM and kinematics simulation
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(section III-E) and (iii) Homing, i.e. autonomous return to
home using the map-database (sections IV-C and IV-B).

of extracted features and a large number of occurrences of
each feature, since, each feature appear at least 3 times along
of the 3 complete rotations.
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Fig. 15. T Trajectory: in place 90o rotation (1,4,7), teleoperated forward
motion (2,5,8) and autonomous homing (3,6,9).
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In figure 16, we show a sequence of images that represent
specific points along the T trajectory. In each image (a,b,c...),
we show the orientation of the robot, which part of the T
trajectory the robot did until that moment, the current image
in camera, with the features that the MonoSLAM captured and
the estimated position of the camera by the MonoSlam.
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Fig. 17. (a) Feature Lifeness of 3 complete rotations. (b) Feature Lifeness of
Left side of T trajectory . (c) Feature Lifeness of Down side of T trajectory.
(d) Feature Lifeness of Right side of T trajectory.

(a) extreme point (after 2)

(b) home (after 3)

Figure 18 shows the signals sent to the motors, in terms of
angular and linear velocity in order to follow the T-trajectory.
The linear velocity has a range between −735mm/s or −
0.735m/s and 735mm/s or 0.735m/s and the angular
velocity is the same as computed in V-A3.
Linear velocity [mm/s] vs time [s]
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Fig. 16. (a) Robot position on point Blef t , after the robot do the left side
of the T trajectory. (b) Robot position on point A, after backtrack. (c) Robot
position on point Bdown , after the robot do the down side of the T trajectory.
(d) Robot position on point A, after backtrack. (e) Robot position on point
Bright , after the robot do the right side of the T trajectory. (f) Robot position
on point A, after backtrack.

After the robot arrives to Blef t , Bdown or Bright , as shown
in figures 16 (a,c and e), we extract SIFTs of each segment of
the T trajectory for construct the respective maps. In figure 17,
we show the lifeness of the features extracted, i.e, the number
of occurrences of a feature, identified by an index, along 3
complete rotations, and the segments of trajectory T: (b) left,
(c) down and (d) right. From the graphics, we can see that, in
terms of the segments of the trajectory T, the right side has the
largest number of extracted features and the down side has the
smallest. On the other hand, the graphic of lifeness of the 3
complete rotations, as expected, demonstrates a large number
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Fig. 18. Linear and Angular Velocities along the trajectory

In terms of Scale Factor, in figure 19, we show the Local
Scale Factor along the T trajectory and the Scale Factor,
computed as mentioned on section IV-B, for each segment
of the T trajectory. As we can see, the Scale Factor has a
range between 1270 and 1438, and it is relatively constant
along each segment of the T trajectory.
Finally, figure 20 shows the complete T-trajectory of reference and the T-trajectory followed using our strategy, and
observed by the MonoSLAM.
VI. C ONCLUSION AND F UTURE W ORK
The work described in this thesis started with the purpose
of integrating various hardware components into a low cost
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mobile robot, with a camera working as a wireless IP camera.
This kind of solutions is practical and functional to build
teleoperated robots. In terms of hardware, the batteries, the
WiFi USB dongle and the structure of multi-chassis are the
main problems. A power source need to be able of granting
a stable function of the robot, but the duration or the time of
charging the batteries wasn’t good. The Wifi USB dongle was
to sensitive in break connections and the structure of the multichassis provided too much friction on attempts of change of
direction.
MonoSlam was tested and, we concluded that is possible to
acquire odometry measurements using MonoSlam but, even
comparing the actual image with the ones stored in an image
map, adding landmarks in the scenario and using a features
detector mechanism as SIFT’s, we have some errors but the
quality of the localization of the robot is satisfactory and
reliable.
In future work we plan to add an odometer sensor, to use
the robot in teleoperated mode and get reference coordinates
with more precision, in order to do a comparison between
the coordinates of the controller and the MonoSlam. Check,
what differences we can get if we use different types of robots
with the same implemented strategy, i.e, use a pure unicycle
and car robot. To decrease the error, we can use fixed cameras
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