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Abstract

This thesis aims to develop a vision-based localization system and to validate it experimentally by
implementing an anti-collision systems for an omni-directional robot with static and dynamic obstacles.
A top-down stereo pair of cameras capturing the robot working area is continuously streaming to a
central computer. Image processing is performed in order to detect and extract the robot position and
velocity as well as its surroundings. The localization system was developed and tested for dynamical
objects (omni-directional robot and people) with different geometries to prove its robustness. One
of the advantages of this system is that it does not require markers to identify the objects as it uses
purely computer vision techniques. In experimental validation very small position errors were achieved
proving the accuracy of the system. Object velocity vectors were also extracted and implemented in an
adapted anti-collision system to consider not only distance between objects but also the probability of
a colliding trajectory. In experimental validation satisfactory results were achieved as the robot reacts
promptly to an incoming object maintaining a desired minimum distance.
Keywords: Vision-based, Top-down view, Absolute localization system, Object detection, Feature
Tracking, Anti-collision system

1. Introduction

Nowadays autonomous vehicles are transcending
every mean of transportation from aerial to aquatic
and have been applied in several industries from fac-
tories to maritime patrol. As these vehicles can op-
erate perpetually and in inhospitable environments.

This work will focus on Automated Guided Ve-
hicles (AGVs) and its application in factories. To
develop an autonomous vehicle it is possible to di-
vide the whole system into three subsystems as pre-
sented in figure 1. To implement a navigation and
collision avoidance system it is necessary to know
the vehicle location as well as of its surroundings.

Figure 1: Sensory and Motion Control Diagram

The first AGV’s localization system consisted of
an embedded wire on the floor and sensors mounted
at the bottom of the vehicle. However, whenever
the factory layout changed the costs and time to
open the new path was too high. As such there was
an interest in finding better alternatives, which led
to the next navigation system, a guiding tape. Sim-
ilar to the previews one a magnetic or coloured tape
replaced the wire. Even though the principle was
the same the layout was changed much faster and
with less expense compared to the previous method.

Despite its limitations this system is still widely
used today, even though it imposes a fixed-path,
i.e. predefined path as for the first one. Another
characteristic applied to both methods is its cen-
tralisation. The next logical step is to develop an
open-path methods which already exist and are im-
plemented such as inertial navigation, geo-guidance
and vision guidance methods. This last one is the
object of study of the present thesis as it conveys
a better understanding of the surrounding environ-
ment.

Vision Guided Vehicles (VGVs) have been an up-
rising area of study and there is already a market
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available VGV [13] which uses the algorithm devel-
oped by [10]. Comparing the current image with
its data-base the robot can self-localise and navi-
gate through the factory making it a decentralised
system. This imposes the same problem stated for
the first two methods, if the factory’s layout changes
a new evidence-grid must be trained and updated.

However when focusing on object perception sys-
tems there are not any market available vision-
based system. Instead of visual sensors range sen-
sors such as LIDAR (Light Detection and Ranging)
and Ultrasound sensors are used. Nonetheless there
are studies in this area such as [2] and [14].

Therefore it is set to develop an indoor vision-
based sensory system to apply in an AGV with no
need of a previous mapping of the operating envi-
ronment.

2. Background

Usually localization methods are divided into in-
door and outdoor although [7] proposes a new di-
vision: map-based and mapless techniques as it
proves that indoor techniques can be applied to out-
door environments [12]. Mapless location can be
divided into two sub-categorise: Optical Flow (OF)
[1] and Feature Tracking (FT) [5],[12] techniques.

It is chosen a mapless method as it does not need
a priori working environment references.

The study develop by [11] concludes that in nor-
mal conditions there is a very small difference in
performance between OF methods and FT methods
although in abnormal scenarios such as bad light-
ning, FT outperforms OF. For this reason it was
chosen a Feature Tracking method due to objects
changes (shadows), occlusions and brightness fluc-
tuation.

Moving a mobile robot through an unknown and
dynamical environment has several difficulties such
as knowing the robot location and when it encoun-
ters an obstacle in its path it must know how to
surpass. Therefore the architecture chosen to con-
tinuously obtain previously referred information is
a static top-down camera mounted on the ceiling.
The main goal is to identify both static and dynamic
objects.

The architecture chosen can be compared to
crowd analysis [15], which ultimately have the same
approach: detect and track any dynamical objects
in the scene using Feature Tracking.

3. Localization and Anti-collision Systems

In this section the implemented algorithm is de-
scribed, from the localization to the anti-collision
system.

3.1. Object Detection

All objects detected will be divided into dynami-
cal and static objects though dynamical objects can

Figure 2: Flowchart of localization and anti-
collision algorithm

Figure 3: Omni-directonal mobile robot

also be divided into known (delivery robot) and un-
known objects (people, machines, everything that
moves in the robots working area). The delivery
robot will be represented by an omni-directional
robot seen in figure 3. Unknown objects will be
tested with people.

The two objects types have very different geome-
tries which allows the testing of the robustness of
the algorithm.

It was concluded that with the disparity map ex-
traction, using the stereo pair, the percentage of
false positive was too high to include in the algo-
rithm. For this reason it is assumed that there is
no static object in the robot working area and from
now on the all work is implemented with a single
camera.

[8] concluded that any detection method that first
applies Background Subtraction (BS) has an in-
crease in the frequency and accuracy of detection.
As such a BS method is used to detect any dynam-
ical object present on the scene.

Opencv library offers a variety of Background
Subtraction methods, therefore a study was per-
formed to ascertain what is the best choice among
them. MOG2, GMG, and LSBP methods were im-
mediately excluded has they presented a high per-
centage of False positives, i.e it detected foreground
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even though there were no objects in the scene.
Meaning these methods are too sensitive to light
fluctuations. GSOC method was excluded as it
takes double the time to extract the foreground. Fi-
nally KNN method was chosen as it presented lower
position error and False negatives.

The BS method results in a grey scale image with
black as background and white as foreground. Sev-
eral operations are then performed to enhance the
current image to better extract each objects con-
tour. First it is applied a binary transformation to
the image. Consequently it is applied the opening
morphological operation to the image to remove any
noise and at last the closing morphological opera-
tion.

3.2. Multi-Tracking
As stated in section 2 a FT method is develop .
In order to chose a detector and features descrip-
tor pair two constrains are imposed: the detector
descriptor pair must be rotational invariant, and
its processing time must be low as its intended use
is in a real-time application. The study developed
by [6] presents the best combination of detector +
descriptor for tracking. Taking into consideration
both constrains the detector + descriptor pair with
the best performance is FAST + SURF.

With Background Subtraction each object posi-
tion and dimension was extracted and then cropped
from the RGB image for every object. For ev-
ery cropped object its interest points are extracted
with FAST algorithm and then SURF is used to
extract its descriptors. This way only the dynam-
ical objects are processed rather then the entire
scene, which reduces computational time. As such
it is possible to process a bigger number of interest
points for each object.

In order to extract the matched pair, for every
current object it is used the cv2.BFMatcher.match
OpenCV function:

mij = cv2.BFMatcher.match(des(t)i,des(t− 1)j)
(1)

where des(t)i ∈ RKi is a vector with current object
i feature descriptors, des(t − 1)j ∈ RMj is a vec-
tor with previous object j feature descriptors and
mij ∈ RNij is a vector with matching descriptors.

The highest number of matches gives the best
matching pair for current object. The displace-
ments is calculated using the current and previews
object position explained in the next section.

3.3. Position and Velocity Extraction
To reduce computational time homography to map
pixel points onto the real world is used. However,
in order to use homography it is first assumed that
all points extracted in the image plane are mapped
into a plane in the 3-dimensional world. This poses

a constrain, as all objects must be levelled on the
floor.

After extracting the foreground and performing
image enhancement to remove any noise and to bet-
ter define each object, the final image is a black
background with white blobs each corresponding to
different objects. It is then extracted the corre-
sponding object contour (uci , v

c
i ).

3.3.1 Position extraction

Object position extraction could be achieved using
bounding rectangle centre or blob centroid. A com-
parison study is made for both omni and person
position extraction.

As both measures perform similarly the centroid
method is chosen due to its robustness. In a sit-
uation where a person extends its arm, rectangle
center is more vulnerable than centroid suffering a
bigger displacement and thus a larger error.

The previous statement was tested by recording
data from a person extending and retracting its
arms and then compared with the ground truth
obtained by a motion capture system. Table 1
presents mean (e) and standard deviation (σ) errors
extracted with both centroid and rectangle center.
As expected centroid outperforms rectangle center
for this reason it is the chosen one.

Table 1: Mean error and standard deviation with
centroid and rectangle center for a shape variant
object

Centroid Rectangle Center
X Y X Y

[mm] [mm] [mm] [mm]
e 112.57 209.03 149.91 217.89
σ 106.57 107.21 133.69 121.39

The centroid position (ucm, ycm) in pixel coordi-
nates is then calculated by:

ucm =

∫
A
udA∫

A
dA

(2a)

vcm =

∫
A
vdA∫

A
dA

(2b)

where A is the blob area (i.e, object area). It is
then applied coordinate transformation:Xc

w

Y cw
Zcw

 = HK−1

u∗cmv∗cm
1

 (3)

to extract the position in World coordinates
(Xc

w, Y
c
w, Z

c
w), where u∗cm, v

∗
cm are undistorted pixel

coordinates.

3



As expected the person position error with cen-
troid extraction are too high and not acceptable for
a location system.

For objects where its height is negligible, like the
omni-directional robot, the position extraction can
be achieved with the objects centroid. However,
when the object detected has a significant height,
like a person, an adaptation is required (figure 4).

Figure 4: Objects perspective representation

As represented the higher and further from the
camera origin the object is, the larger it is its posi-
tion error. From the robot perspective it is only nec-
essary to extract the object X and Y World coordi-
nates assuming all objects are levelled on the floor.
Therefore the only point that is already mapped on
the floor is the person feet.

As seen in figure 4 the person feet are always
mapped in the image plane as the point closer to
principal point. This is extracted as the contour
coordinate closest to principal point defined as uf .
A coordinate transformation is then applied using
(3) with respective input.

The center position represented in figure 4 is ex-
tracted from the object centroid and its transforma-
tion to World coordinates Xc

w is presented in (3).

As expected using only Xf
w as the person position

does not yield good results when the object is closer
to principal point and it inserts too much noise on
its own due to the person pace. Therefore with both
Xc

w and Xf
w a filter is applied to extract improved

position:

Xw = αXf
w + (1− α)Xc

w (4)

where α is the weight given to the feet position.

In (3.3.1) α is constantly updated depending on
the distance of the object to the camera center.

Figure 4 assumes that the image plane is parallel
to World plane which in reality is almost impossible.
Therefore having the camera extrinsic parameters,
the translation vector tw,c is the coordinates of the
camera center in the world frame.

It is defined α as:

αx = a1 ∗ d+ b1 (5a)

αy = a2 ∗ d+ b2 (5b)

where a1, a2, b1, b2 are constants and d is given by:

d =
√

(Xc
w − tw,c(1))2 + (Y cw − tw,c(2))2 (6)

The person pace induces noise in the feet position
and therefore the object distance to the cameras
center is extracted from the object centroid. This
is later compensated by increasing the feet weight
parameter.

In order to optimize the constant values, the pro-
cedure was the following. A person covered the en-
tire FOV, from which the feet and center coordi-
nates were extracted, while also recording the per-
son position with the motion tracking system. It
is then used Matlab function fitnlm() to extract
a1, a2, b1, b2. The values extracted are presented in
table 2.

Table 2: Constant values of αx and αy
a1 b1 a2 b2

9.732e-05 0.386 2.743e-04 0.082

3.3.2 Velocity Extraction

It is possible to extract raw velocity vector with
Xw(t) and Xw(t− 1) from two consecutive object
positions, and the time between two consecutive
frames δt .

Vw =
δXw

δt
(7)

However the extracted state is corrupted with
noise, inherent to every sensor. In order to miti-
gate this noise the Kalman Filter is used to estimate
both position and velocity vectors.

The estimated state x, state matrix A and input
matrix C are defined as:

x = [Xw, Yw, Vxw, Vyw] (8)

(9)

A =


1 0 dt 0
0 1 0 dt
0 0 1 0
0 0 0 1

 (10)

(11)

C =

[
1 0 0 0
0 1 0 0

]
(12)

Omni-directional robot and person velocity vec-
tors are extracted with Kalman filtered data as it
outperforms raw data. However position extraction
is achieved with raw data as it performs slightly
better.
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3.4. Collision Avoidance
To prove the algorithm feasibility an anti-collision
system is implemented.

It is used the Velocity Space algorithm presented
by [3] with the principal obstacle vector presented
by [4].

Both studies attribute the same weight to static
and dynamical objects. As such an adaptation is
presented that takes into consideration the proba-
bility of colliding trajectories.

3.4.1 Robot Safety Zones

The proximity zones around the robot are defined.
From further to closer to the robot (as seen in figure
5) the zones are: Warning zone; Danger zone and
Critical zone.

Figure 5: Proximity Zones

Defining the object distance to the robot as d0 =
||εro|| where εro is the object relative position to the
robot.

3.4.2 Principal Vector

It is the defined the unitary vector from the obstacle
pointing to body frame origin as:

u(θ, t) = − cos θi− sin θj (13)

It is now possible to calculate the principal obsta-
cle direction with the weighted average of all unitary
vectors:

θobs(t) =

{
θd(t)
||θd(t)|| , if ||θd(t)|| 6= 0

0, otherwise
(14)

θd(t) =
∑

u(θ, t)(Rw − d(θ, t)) (15)

Note that in (15) (Rw−d(θ, t) presents the weight
given to each obstacle.

The magnitude risk is calculated with the mini-
mum distance d(θ, t), i.e with the obstacle distance
closer to the robot:

dobs(t) = min(d(θ, t)) (16)

which results in a higher risk for smaller distances.

3.4.3 Velocity Space

It is used [3] deconfliction anti-collision system de-
scribed by the following equations:

vsc =



vsr − θobs(θobs · vsr )Rw−dobs
Rw−Rd

,

if Rd ≤ dobs < Rw and (θobs · vsr ) < 0

vsr − θobs(θobs · vsr ) + θobsVmax
Rd−dobs
Rd−Rc

,

if Rc ≤ dobs < Rd and (θobs · vsr ) < 0

vsr − θobs(θobs · vsr ) + θobsVmax,

if dobs < Rc and (θobs · vsr ) < 0

vsr ,

otherwise

(17)

where Rw, Rd and Rc are the warning, danger and
critical zones radius of respectively, vsr is the robot
reference velocity vector, vsc is the robot corrected
velocity vector and Vmax is the maximum physical
robot speed. The condition (θobs · vsr ) < 0 veri-
fies if the reference velocity vector has a component
towards the principal obstacle vectors.

3.4.4 Adaptation

The adaptation made attributes more weight to dy-
namical objects with trajectories colliding with the
robot. This is achieved by recalculating the radial
distance for each obstacle.

Based on the work developed by [16] a weight
depending on the collision angle γ is developed:

d(θ, t) = d(θ, t)−Rpf(γ) (18)

where Rp is the penalty radius subtracted when the
objects are is colliding trajectories and f(γ) ∈ [0, 1]
is a function of γ ∈ [0, 2π].

The collision angle is defined as the angle between
the relative position and relative velocity vectors as
demonstrated in figure 6. This angle tends to zero
or 2π if objects’ trajectories collide and to π if these
go further apart.

Figure 6 represents the body frame with origin on
the robot center where the obstacle is represented
with a circle. Also shown are the distance ||Xro||
and the direction θro. Robot and obstacle velocity
vectors are respective vr and vo with the relative
velocity vro with a direction of φro. It is possible to
calculate γ = φro − θro.
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Figure 6: Collision Angle

f(γ) =

{
tan(−γ4 + π

4 ), if ||vo|| > 0

1, if ||vo|| = 0
(19)

As such f(γ) ∈ [0, 1] with f(0) = 1 and f(2π) = 1
and f(π) = 0. In the latter this object is treated as
a static as it can change its direction at any time.

4. Experimental Implementation and Vali-
dation

It was concluded that an on-board image processing
system was not feasible due to low computational
power. For this reason an off-board image process-
ing system is implemented, as seen in figure 7, con-
sisting of two Raspberry Pi with respective camera
module streaming to a central computer.

Figure 7: Off-board image processing architecture

The omni-directional robot is identified and the
calculated velocity vector command with the anti-
collision algorithm is sent via UDP to the robot.

The streaming used between RPi and central
computer is RPi-Cam-Web-Interface1 which is a
web interface design and developed only for the
Raspberry Pi Camera module. It uses as a client
the RaspiMJPEG which is an optimized MJPEG-
streamer for RPi camera.

4.1. Localization system Results
To test the localization system first the omni-
directional robot is controlled remotely to achieve
a trajectory that covers the entire FOV alternating
its velocity vector throughout the path. Next the
same experience is made for a person. Through-
out the experience both data measured (extracted
from developed location system, explained in chap-
ter 3.3.1) and ground-truth data are extracted to
present the accuracy of the developed system.

In tables 3 and 4 the mean (e) and standard de-
viation (σ) errors of the person and omni, position
and velocity vectors are presented.

Table 3: Localization system errors for the person
Position Velocity

X-axis Y-axis Magnitude Direction
[mm] [mm] [mm/s] [◦]

e 62.4 55.3 195.6 23.4

σ 49.1 52.4 181.7 31.4

Table 4: Localization system errors for the omni-
directional

Position Velocity
X-axis Y-axis Magnitude Direction
[mm] [mm] [mm/s] [◦]

e 17.3 15.4 63.3 20.6

σ 16.2 16.2 95.6 34.5

Position errors in the x-direction are larger than
in the y-direction due to shadows, even though the
BS method used, eliminates shadows. However, it
is noticeable, in the person position errors that the
algorithm does not eliminate shadows completely.

As expected the omni-directional robot errors are
smaller as its position error projection is smaller due
to a smaller height when compared to the person.

Extracting person position with feet information
could introduce some volatile information due to
the person walking movement. However, the imple-
mented filter produced good results.

In position extraction small variations in centroid
or feet detection contribute to small position errors.
However, in velocity extraction these position errors
lead to great velocity errors due to the high process-
ing frequency. The next section shows the study on
the performance of using the estimated velocity for
the collision avoidance system.

1https://elinux.org/RPi-Cam-Web-Interface
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4.2. Static and Dynamical Obstacles Exper-
iment

To test the implementation of anti-collision using
the developed system two experiments are per-
formed. First it is tested with static objects placed
on the initial omni-directional path. A constant
reference velocity vector is imposed to the mobile
robot. Second it is tested with a dynamical object
crossing the omni-directional initial path, it is also
imposed a constant reference velocity vector to the
mobile robot. This last experiment is to test the
adaptation made to the anti-collision algorithm.

Table 5 presents the used parameters for safety
radius.

Table 5: Safety values in mm
Rw Rd Rc Re

1000 800 600 350

4.2.1 Results of Static Objects

Figure 8(a) represents in blue the trajectory pre-
formed by the omni-directional with deconfliction
anti-collision system implemented with position ex-
tracted from the localization system developed and
implemented. The two dots represent the two static
obstacles portrayed by two people.

In figure 8(b) the horizontal lines represent the
safety radii. In red with a value of 600 mm is the
critical radius Rc, in orange with a value of 800 mm
is the danger radius Rd and at last in yellow with
a value of 1000 mm is the warning radius Rw. This
figure represents the omni-directional distance to-
wards each obstacle represented in green and blue.
Obstacle 1 is represented in figure 8(a) with coor-
dinates [Xw, Yw] = [1460, 1500] and obstacle 2 with
coordinates [Xw, Yw] = [2650, 2540]. It is also pos-
sible to see each safety radius with the respective
color.

It is possible to say that the anti-collision system
performed very well as the omni-directional robot
did not enter the obstacle critical distance perform-
ing a smooth trajectory.

4.2.2 Results of Dynamical Objects

Figures 9 and 10 present a direct comparison be-
tween algorithms. In figures 9(a) and 10(a) omni-
directional and dynamical obstacle trajectories are
presented in blue and green respectively. The robot
starts its trajectory on the bottom and the obstacle
on the upper right of the FOV heading towards the
robot. The black dots on omni and obstacle tra-
jectories represent the moment when the minimum
distance between them occurs.

(a) Omni-directional trajectory when encountering two static ob-
stacles

(b) Distance of Omni-directional to each obstacle over time

Figure 8: Anti-collision experiment with static ob-
stacles

In figures 9(b) and 10(b) the distance between
the omni-directional robot and the obstacle are pre-
sented in green, with the horizontal lines represent-
ing the critical, danger and warning radius respec-
tively.

Both experiments are satisfactory as there were
no collisions. However in first experiment the robot
only reacts when it enters the obstacle critical ra-
dius as seen in 9(a). On the other hand in the sec-
ond experiment the robot changes its trajectory at
approximately 700 mm from the obstacle reacting
much sooner than with the first algorithm.

A prompt reaction with the adapted algorithm
results in a safer anti-collision system.

5. Conclusions
Design and implementation of localization and
anti-collision systems based only on vision were
achieved.

Position extraction using homography is possible
with different methods according to the object ge-
ometry. For the omni-directional a mean position
error of 2.3cm is achieved with centroid extraction.
For the person a mean position error of 8.3cm is
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(a) Trajectories

(b) Distance of omni-directional to a dynamical obstacle

Figure 9: Anti-collision experiment with original al-
gorithm

achieved, with a filter function using centroid and
feet coordinates.

Velocity is obtained using a Kalman filter.
For the omni-directional robot velocity errors of
6.3cm/s and 23◦ are achieved and for the person
velocity errors of 19.6cm/s and 21◦ are achieved.

The developed localization system is fast and pre-
cise enough to implement in an anti-collision system
as proved by the experiments with the two static
obstacles and with a dynamical obstacle.

In the dynamical obstacle experiment it is shown
the accuracy of the developed localization system
as in both, original and adapted anti-collision algo-
rithm implementations, there were no collisions.

However, there is a notorious improvement on
robot reaction time with the adaptation. While
with the original algorithm implementation the
robot only reacts when entering the critical zone,
with the adapted algorithm it reacts much sooner
not reaching the critical zone.

A big limitation encountered on this work was the
detection of static objects. In the method used, the
percentage of false positives was too high to include
in the algorithm. For this reason this stage was not

(a) Trajectories

(b) Distance of omni-directional to a dynamical obstacle

Figure 10: Anti-collision experiment with adapted
algorithm

implemented and it was assumed that there were no
static objects on the robot working area. Another
limitation encountered is in the dynamical object
detection due to Background Subtraction method
update rate. The object cannot be stationary for a
long period of time as it is updated into the back-
ground and not detected in the subsequent frames
until it moves again.

While in previous works [9][4] used ranging sen-
sors to detect obstacles, such as LIDAR, this solu-
tion has scalability issued when implemented. Each
robot would require one set of sensors and a pro-
cessing unit, which can be prohibitively expensive
when dealing with several robots. This solution can
be improved on to be independent of the number of
robots in the working area, thus proving to be a
cheaper and more interesting alternative. In ad-
dition with the developed system a more detailed
information of the robot and its surroundings is
extracted, contrary to sensors like LIDAR, which
provide more limited information from which it is
harder to extract the robot position and velocity.
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