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Abstract
Fire fighting operations, sometimes, can put the life of fire fighters in threat. For example an environment with potential fire risk and with the presence of gas bottles can
cause an explosion, besides other dangers, and certainly put the life of both the victims and fire fighters at risk. Recent advancements in the field of robotics enabled to
develop a robotic system which can assist the fire fighters to avoid any human injury
and property damage. The live update of the map displayed on the operator’s screen,
while teleoperating the robot for search process, can help to properly plan the rescue
operation. This thesis details the implementation of a rich 2D mapping system for
FUMO2 a fire fighting assistant robot developed by AB Realisator. Rich 2D mapping
system produces an occupancy grid map, having the geometry and temperature of the
environment with position of fire extinguishers, by fusing different sensor modalities.
By rich we mean any type of additional information on top of the standard, geometric
only, 2D maps. A sensor fusion method is proposed to integrate the distance measurements reported by a laser range finder, temperature readings acquired by a thermal IR
camera and the position of fire extinguishers delivered by visible spectrum camera
based object detector. The object detector detects the object in real time and is developed utilizing the technique of cascade of boosted classifiers using MB-LBP features.
The proposed system is implemented on both FUMO2 a fire fighting assistant robot
and in Gazebo simulator for testing and evaluation.
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Chapter 1

Introduction
The research presented in this work, aimed to build a mobile robotic application for
fire fighters to get an overview of the site at fire risk. The work is carried out at Örebro University under the AB Realisator’s1 project FUMO2 a fire fighting assistant
robot, in collaboration with Kungliga Tekniska Högskolan (KTH) and Mälardalens
Högskolan. The robot will be tele-operated in an environment, measure its geometrics, relate these geometrics with the temperature of it, identify objects of interest,
update the rich 2D map and transmit it to the operator. Rich 2D map is a 2D scale
map, which holds low level information like geometry and temperature of the environment and high level information like position of objects of interest. The system
should provide a real time map update to the operator in order to plan rescue operations and reduce the risk of human injury and property damage. For example prior
knowledge of locations under fire and whereabouts of explosive gas bottles can lead
to proper rescue planning and in time decision making.
The robot is equipped with sensory capabilities which includes a) a laser range
finder for measuring the geometry of walls and objects; b) a thermal infrared (IR)
camera for measuring surface temperatures; and c) a visible spectrum camera for
detecting objects of interest.
The main focus of this thesis work has been to implement and run the rich 2D
mapping system on the FUMO2 platform. In addition, I have endeavored to answer
the following research questions:
• whether the cascade of boosted classifiers object detection method can be utilized for cylinder (gas bottles) like objects?
• whether a rich 2d mapping system can be utilized in real time?
• what type of information will be sufficient in the rich map to fulfill the fire
fighters needs?
These questions are answered through out the thesis and in the conclusion section of
the thesis.
1 http://www.realisator.se/
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CHAPTER 1. INTRODUCTION

Generally, the fundamental goal of a mobile robot is to perceive and understand
the environment, it is operating in. The understanding of space is very important and
is required to achieve other basic tasks such as navigation, obstacle avoidance and
autonomous exploration. Besides that, there are other complex functionalities such
as task planning, reasoning & relating space, action planning and interactivity with
objects & humans; this also depends on accurate realization of environment. Despite
the significance of the spatial understanding the uncertainties and complexities in
unstructured environments are still enormous.
The definition and solution of Simultaneous localization and mapping (SLAM)
lead researchers to make mobile agent capable of learning the space and localizing
itself in that space. SLAM problem is observed when a mobile robot is mapping an
unknown environment and determining its position. In order to accurately estimate
the pose of robot, an accurate map is required, whereas to acquire an accurate map
the correct pose of the robot is needed. Both of these steps depend on each other due
to which it is often referred as chicken or egg problem. In the last fifteen years, several
approaches have been proposed to estimate the map and robot pose concurrently. This
has been discussed further in Chapter 3.
There are many aspects of environment which can be measured by a mobile agent.
For example geometrics of space, semantics of space, tracking the existing objects in
space, detecting presence of human, and many alike. This is mostly dependent on the
environment in question and application of mobile agent. However, the classical 2D
maps which usually provides only the geometrics of space, yet an important feature
as mentioned above, but still lacks other important features of the environment. In
contrast to this, rich 2D mapping provides not only the geometrics of an environment
but also its temperature and the position of objects of interest.
To this end, the research performed in this work provides an efficient and robust
implementation of spatial model on a mobile robot working in a real world environment. This spatial model produces a 2D mathematical description of any indoor
environment which represents the geometrics and temperature of the environment
along with the location of object of interest. The model is named as rich 2D mapping
because of its distinction from classical 2D maps having richer information of the
space. The environment in discussion is any indoor large warehouse having multiple
explosive gas cylinders and is potentially at fire risk, where the fire fighters are required to perform rescue. This representation of space should help human operators
to get better idea of the environment before performing any rescue actions.
The work uses Gmapping2 , an implementation of Rao-Blackwellized particle filter (RBPF) for SLAM [20], to produce the geometry of the environment relying
on laser range finder. The thermal camera collects the images of the environment
which represent the temperature of it. The model is enriched with this temperature
information by fusing both sensors data. In order to fuse both sensors, first a Matlab
calibration toolbox [4] based intrinsic calibration of thermal camera is performed to
find the internal parameters of it. Second, an implementation of extrinsic calibration
2 http://wiki.ros.org/gmapping
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of a laser range finder and visible spectrum camera [58] has been utilized to extrinsically calibrate the thermal camera and laser range finder. Then, the model is further
augmented with the position of object of interest. For this purpose a visible spectrum
camera, which produces the images of the environment, based object detector has
been developed. The object detector is based on cascade of boosted classifiers [54]
using MB-LBP features. Finally, the system has been implemented on the real robot
(FUMO2) and in simulation for testing.
Rest of the thesis is organized as follows.
• Chapter 2: describes the background and motivation of usage of search and
rescue robots and fire fighting robots. It also provides the details of FUMO2
project, the requirements in the context of FUMO2 and contributions to the
project.
• Chapter 3: presents a brief overview of SLAM methodologies and related
work.
• Chapter 4 : describes the related work, methodology and implementation of
extrinsic calibration of the thermal IR camera and laser range finder.
• Chapter 5 : provides an overview of object detection approaches and presents
the implementation of object detector.
• Chapter 6 : presents the sensor fusion utilizing the work performed in previous
chapters and produces the final rich 2D mapping system. It also provides the
implementation of system and its results.
• Chapter 7 : concludes the thesis with a summary and possible directions for
future work.

Chapter 2

Fire Fighting Assistant
Robot (FUMO2)
2.1

Search and Rescue robots

Robots have always been considered to replace human search and rescue tasks in a
disastrous environment. This is not without a reason - robots performing search and
rescue can be very useful and can save human lives. The main advantages of robotic
search and rescue are a) stronger than humans: robots can be made stronger and
hard; b) better perception: robots can be equipped with sensors which may capture
the various traits of environment, better than human perception; c) expendable: robots
can be built in different sizes and shapes to fit in the places where human can not reach
or do not want to reach; d) intelligent: robots can be designed intelligent to perform
complex tasks; and many alike. Considering these advantages robots can be a good
alternative for search and rescue.
The first known use of robots for search and rescue in an urban environment was
deployment of robots at world trade center New York, USA in 2001 in response to terrorist attack. A team of mobile robots developed by the Defense Advanced Research
Projects Agency1 (DARPA) has been utilized to perform search and rescue. The four
major goals of these robots were victims search, path search through rubble to excavate, structural inspection and detection of hazardous materials [39]. These robots
were very helpful in search process; foremost in the places where human could not
reach. However, It was noted that the major improvements were required in localization, mapping, navigation, image processing and wireless relay [35].
Besides that, a major competition named Robocup Rescue2 held annually to promote research and development in the field of search and rescue robots. The initiation
of the project was motivated because of the great Hanshin-Awaji earth quake in Kobe
city, Japan in year 1995. The earth quake claimed 6500 human lives and caused critical property damage. Robocup Rescue has two different leagues; Rescue Robot and
1 http://www.darpa.mil
2 http://www.robocuprescue.org
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Rescue Simulation. The former league is themed to deploy real robots in a disastrous
environment and perform the search and rescue. Whereas, the latter league provides
Urban Search and Rescue Simulator (USARSIM) to simulate the robots and mainly
focus on the development of solutions for challenges involved in search and rescue.
Recently, search and rescue robots are gaining popularity in the fire situations
with aim of saving human lives, of those affected by fire disaster and of the fire fighters. Scenarios where it is impossible for fire fighters to access the premises due to the
fire or explosive materials it is highly desirable to deploy fire fighting robots. However, fire fighting robot rescuing people, extinguishing fire and avoiding the property
damage is yet to be achieved but research in this domain brings us closer to it every
year. Several fire fighting robots are developed to extinguish the fire and/or to gather
the information of the site at fire risk. For example AnnaKonda3 , Hoya fire fighter’s
assistant4 , Firo-S5 , Firo-F6 , Archibot-M7 and QinetiQ8 etc.

(a) Hoya Fire Fighting Assitant

(b) Archibot-M

(c) Annakonda Robot

Figure 2.1: Images of different fire fighting robots
3 http://robotnor.no/research/anna-konda-the-fire-fighting-snake-robot
4 http://www.hoyarobot.com
5 http://www.izholding.com.sg/security/firos.htm
6 http://www.izholding.com.sg/security/firof.htm
7 http://www.drbfatec.com/frd_center/fighting_m.htm
8 http://www.qinetiq.com/media/news/releases/Pages/fire-fighting-robots.aspx
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2.2

FUMO2

Figure 2.2: FUMO2 a fire fighting assistant robot

FUMO2 is a remote controlled fire fighting assistant robot. To this end, the robot is
aimed to explore the environment affected by fire and deliver the gathered information to operator for actions. The robot should enable the fire fighting in challenging
environments which were previously avoided due to the danger involved in it. For
example a site which is filled with explosive material; it is very dangerous to perform
fire fighting in such environment due to risk of explosion.
The locomotion of the robot is performed using base tracks similar to an armored
tank, and is equipped with flappers on both front sides. Using such design enables
motion on rough terrain and even on stairs. The robot has differential drive motion,
that it can move around its own axis. The wireless control unit of the robot enables
the motion, which on the other end is connected to hand held controller and screen.
The screen displays the crucial data to operator, to control the robot and issue further
rescue actions. The robot is equipped with following sensors.

Laser Range Finder
Laser range finders are commonly used depth sensors in robotic mapping. The approaches described in Chapter 3, rely on this sensor. A typical laser range finder
works on the principle of time of flight, where a narrow beam of laser is transmitted and received back after it gets reflected. The time of this flight is recorded to
eventually compute the distance of the closest object from the source.
Hokuyo UTM-30LX9 laser range finder has been used in this work for computing the distance, and eventually producing a representation of the geometry of an
9 https://www.hokuyo-aut.jp/02sensor/07scanner/utm_30lx.html
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environment. The sensor has 0.1 m and 30 m of minimum and maximum distance
range respectively with 270 degrees scanning angle. The resolution of the sensor is
0.1 degree and is capable of collecting up to 10 readings per second.

Figure 2.3: Laser Range Finder (Hokuyo UTM-30LX)

Thermal Infrared (IR) Camera
Thermal IR camera plays an important role in robotic search and rescue scenario.
A thermal camera measures the intensity of heat emitted by a body and maps it to
an image, where each pixel color represents the relative intensity. All matters emit
heat, in IR range invisible to human eye, unless it is not at absolute zero. The main
advantage of using a thermal IR camera over a regular camera is that it can see in the
dark, dust, fog and even in smoke.
FLIR A325 thermal IR camera is used in this work to record the temperature of
an environment in order to produce rich representation of it and also to provide the
live feed of it to the robot operator. The field of view of the camera is 25 × 19 degrees
with 0.4 m minimal focus distance and 320 × 240 pixels resolution.

Figure 2.4: Thermal IR Camera (FLIR A325)

Visible spectrum Camera
Robots are often equipped with visible spectrum cameras to capture the perspective
of the environment they are operating in. In case of remotely controlled robot, a live

9
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feed of the environment helps the robot operator to control the robot and monitor the
environment. Whereas, in the context of mapping, the visible spectrum cameras are
used to detect different objects and augment the map with it [34] or recognize the
scene and generate semantic maps [41].
FUMO2 robot is equipped with two such cameras that is SONY IPELA SNCCH180 and DLINK DCS-930L. Both of the camera’s uses IP protocol to transmit
the images. The former is a primary view of the robot, comes up with IR illuminators
thus enables vision upto 15 m in complete dark. The camera supports High Definition
(HD) stream of 720 pixels at 30 frames per second. Whereas, the latter camera provides the rear view of the robot at 20 frames per second with resolution of 640 × 480
pixels.

(a) SONY IPELA SNC-CH180

(b) DLINK DCS-930L

Figure 2.5: Two visible spectrum cameras mounted on the robot

Figure 2.6: Communication Interface developed at KTH University (courtesy TeamPheonix).
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2.2.1 Collaborations and Partners
The Project was initiated by AB Realisator as an extension of FUMO fire fighting
robot. This upgrades the robot in terms of flexibility in mobility, efficient communication and intelligence. AB Realisator intended this project as a commercial product.
Other stakeholders includes Södertörn Fire and Rescue Service, Greater Stockholm
Fire Brigade, Greater Gothenburg Fire Rescue Service, Swedish Civil Contingencies
Agency, Swedish Fire Research Board. These organizations are interested in a product which could be use for/assist the fire fighting operations.
FUMO2 project is further divided in four major sub projects that is Design, Robot
Development, communication and sensors. Each of these tasks are carried out by different teams and merged together at the end. The robot has been designed at Mälardlans Högskola [12]. The development of robot and communication module has been
done at KTH. Whereas, the sensors part which includes the fusion of sensory information to create a better representation of the environment has been done at Örebro
University. The interest of these institutes in the project is of academic nature.

2.2.2 Requirements
There were multiple stake holders involved in the overall project so requirements
were also very diverse depending upon the development group. The final requirements for the sensors group (Örebro universitet) are given below as these were catered
here and discussed in detail in the rest of thesis.

Sensor group Requirements
"The robot is to be used for assisting rescue personnel in fires and other accident
scenarios. The robot should have well-developed sensor systems for sensing the environment. It should be able to send the recorded environment information wirelessly
to the rescue staff, presenting pictures and to-scale plans of the site. The robot is to
be used in environments such as parking garages, tunnels, shopping complexes, etc.
One other specific example is an accident where acetylene bottles are at risk of being
affected by the fire. The robot should be capable of transmitting pictures, maps, and
other measurements (such as temperature)."

Contributions To Fulll The Requirements
• In order to produce rich representation a set of sensors have been chosen to perceive the required aspects of the environment that is laser range finder, thermal
IR camera and regular camera.
• To create a to-scale plan of the environment 2D mapping approach is presented.
Given the scenario where site is potentially filled with smoke 3D mapping is
not possible due to restricted visibility.

2.2. FUMO2
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• Utilizing the thermal IR camera, this 2D map is further enriched by adding the
temperature information of the environment.
• An object detection approach is presented to detect the gas cylinders in real
time.
• The produced 2D map is further augmented with the position of these detected
objects.
• A Graphical User Interface (GUI) has been developed to provide the live update of this rich 2D map, along with the position of robot and path taken by it.
Furthermore, live feed from sensors that is thermal IR camera and regular camera are also included in the GUI to help the operator in controlling the robot
remotely.
• The system is implemented both in a 3D simulator and on FUMO2 robot.

Chapter 3

Simultaneous Localization
and Mapping
3.1

Map Representation

The fundamental goal of a SLAM algorithm is to compute a mathematical description
of an environment while, at the same time, localizing the robot in it. This description
of the environment is usually represented in either metric or topological map [50]
, and is often dependent on environment in question and/or application of the robot.
In metric maps an environment is represented in terms of raw metric coordinates,
utilizing geometry of it. Whereas, the topological maps distinguish different places
of an environment and represent them in a graph, where vertices defines different
regions and edges provide the path route in these regions.
Both of these approaches have their advantages and disadvantages. For example
metric maps are easy to build and maintain but are associated with a higher computational cost due to their detailed nature. Metric maps are also useful for human
readability in terms of getting the idea of geometrical appearance of a space. On the
other hand, topological maps are simpler and efficient in use but it is harder to recognize different places which appears similar thus become inconsistent in large indoor
environments. However, there exists hybrid approaches to utilize positives and avoid
the negatives of both, for example in [50] a hybrid approach is presented by integrating both representations to increase the efficiency, consistency and accuracy.
One of the most dominant example of metric map is the occupancy grid map,
introduced by Elfes and Moravec in [13] [38]. Occupancy grid map represents the
space in evenly partitioned grid. Where each partition or cell corresponds to a small
area in space and holds the probability of it being occupied, free or unknown. Occupancy grid map in 2D represents a plane or slice of 3D space and relies only on geometrical features of environment. Thus, any generic space containing walls, doors,
chairs and tables etc can be represented in occupancy grid maps, without depending
on any predefined features. However, despite the ubiquity of these maps it is often
challenging to map large indoor environments due to computational cost.
13
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Below is a brief overview of SLAM problem and different approaches to solve
it. The discussed approaches emphasizes on occupancy grid based representation. As
the implementation used in the presented work also maintains the occupancy grid
map of the environment.

Figure 3.1: Occupancy grid maps of MIT Killian Court, the Intel Research lab, and the ACES
building (Austin), courtesy [19]

3.2

SLAM Problem

SLAM is a process of building map of an unknown environment and tracking the
position of the robot concurrently with in the created map so far. These both quantities are dependent of each other; a good map is required for robot localization while
an accurate position estimate can only yield that map. To estimate these both quantities the availability of motion commands and sensor measurements is prerequisite.
Motion commands deliver the information of robot position at the time when a sensor
measurement is recorded. Whereas, the sensor measurement provides the information
that how the world looks like at a certain position of robot.
Almost all of the state of art solutions of SLAM have one thing in common, they
rely on probabilities. The usage of probability is beneficial in terms of robustness to
noise in both sensors and actuators, thus enables the formal representation of uncertainties in measurement and estimation process. In probability the motion commands
and sensor measurements are modeled as p(xt |ut , xt−1 ) known as motion model and
p(zt |xt , m) corresponds to measurement model or observation model at time t respectively. Where xt is the state of the robot at time t, ut is motion command, zt is sensor
reading and m represents the map.
In SLAM we are interested to estimate the pose of robot and map simultaneously
so in probability it can be written as following.
P(xt , m|zt , ut )

(3.1)

15
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Where zt = {z0 , z1 , z2 , ......, zt } is the set of sensor readings and ut = {u0 , u1 , u2 , ......, ut }
shows set of motion commands. This problem can be solve using Bayes filter [49].
Bayes filter is the extension of Bayes rule to time dimension and recursively estimates the posterior probability at time t using the prior probability that is at time
t − 1. Applying Bayes filter to the Equation 3.1 yields following.
p(xt , m|zt , ut ) = η p(zt |xt , m)

Z

p(xt |ut , xt−1 )p(xt−1 , m|zt−1 , ut−1 )dxt−1

(3.2)

Where η is a normalization factor.
There exists various approaches to implement and approximate Equation 3.2.
Among most famous approaches are Extended Kalman filter (EKF) and RBPF. EKF
is based on Kalman filter and RBPF is based on particle filter. The implementation
used in the present work is based on RBPF. A brief overview of Kalman filter, EKF,
particle filter and RBPF is given below.

3.2.1 Kalman Filter
R.E. Kalman [26] proposed a recursive filtering algorithm in year 1960. The filter
estimates the underlying system using the series of measurements over time. This
underlying system is linear dynamic model and all the measurements and noise have
Gaussian distribution. There are two steps of this filter; prediction and correction. In
prediction step the state space at time t is estimated using the priori state. Then, in the
correction step this estimated state space is combined with sensor measurements to
update the posterior. For example to estimate the state of a process given At the state
transition model, Bt control input model, ut control input, Rt the process noise, Ct the
observation model, Qt the observation noise and zt an observation, at time t both of
the steps can be written as following and corresponds to the standard Kalman filter.
Prediction Step:
µ̄t = At µt−1 + Bt ut
(3.3)
Σ̄t = At Σt−1 AtT + Rt

(3.4)

Kt = Σ̄t CtT (Ct Σ̄t CtT + Qt )−1

(3.5)

µt = µ̄t + Kt (zt −Ct µ̄t )

(3.6)

Σt = (I − Kt Ct )Σ̄t

(3.7)

Correction Step:

Where µ is the state estimate, Σ is the error covariance matrix giving accuracy measure of the state estimate and K shows the Kalman gain. Both prediction and correction steps are performed iteratively. The filter is very popular for simple implementations like linear models.

16
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3.2.2 Extended Kalman Filter
Unfortunately, most robotic mapping problems are non-linear with non Gaussian
noise. EKF addresses the issue of non-linearity using Taylor expansion. Typically,
a map is represented by a set of features in Cartesian coordinates and is estimated
over these features and robot pose. Where, each feature is represented as two dimensional landmark Θi = {Θix , Θiy } and the robot pose as three dimensional vector
xt = {xtx , xty , xtω }. Which results in a covariance matrix, for N landmarks, of 2N + 3
dimensions. Each sensor reading zt is associated to the landmark/s Θ observed by the
robot at xt position. The computational cost of the algorithm is quadratic and can be
implemented in O(N 2 ) time, where N is the number of landmarks [49]. Thus, as the
map grows the run time and memory needed for EKF increases largely.
A major limitation of the approach occurs when wrong landmark/s has been associated with the sensor reading due to uncertainty in the robot pose. The issue is
known as correspondence problem or data association problem. Such scenario causes
a multi-modal distribution which can not be handled by EKF due to Gaussian assumption. However, to avoid this problem Lu and Milios algorithm [32] is often
employed. The algorithm uses a maximum likelihood heuristic to pair up the measurements. Still, if a wrong association is made or the initial estimate of the state is
wrong, the system may quickly diverge owing to its linearization. Moreover, a lost
robot situation also produces a multi-modal distribution and usually causes failure of
EKF. Particle filter and RBPF, discussed in next sections, can handle the multi-modal
distribution as they do not use the Gaussian assumption of noise in both motion and
observation model.

3.2.3 Particle lter
Particle filter approximates the Baysian filter using a non-parametric distribution
[18]. The algorithm belongs to the Monte Carlo algorithms family. Unlike, Kalman
filter where the probability distribution is Gaussian, particle filter represents probability distribution using particles. The particles can be seen as randomly distributed
samples having unknown distribution.
In particle filter, each particle is assigned a weight on the basis of importance
factor. The weight is a measure of the probability of a particle. Thus, a particle which
has more probability and coincides with the sensor measurement has more weight.
The particle filter utilizes the Markov assumption [9], according to which the next
state is only dependent on the current estimated state and does not effected by the
series of events preceded it. For example to predict the position of a robot xt at time
t where previous position of the robot xt−1 is known, previous sensor measurements
zt−1 and motion commands ut−1 does not provide any additional information.
P(xt |xt−1 , zt , ut ) = η P(zt |xt ) P(xt |xt−1 , ut )
Where η is a normalization factor.

(3.8)
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Sampling Importance Resampling (SIR) is the most common algorithm of particle filter and is also used in the work presented here. The algorithm works in three
phases as the name suggests that is sampling, importance and resampling. In the first
phase the samples are drawn from the proposal distribution. In the second phase the
importance weights are assigned to all of the samples based on how close the target
distribution is to proposal distribution. In the final phase the particles are replaced proportional to their importance weight and are assigned equal weights. The resampling
step plays a critical role in maintaining the target distribution; in order to approximate
this continuous distribution only finite number of particles are used.
Particle filter suffers with the problem of higher computational cost. To estimate a
high dimensional space the number of particles grows exponentially. For example, to
solve a SLAM problem using particle filter, each particle would have the position of
robot and its map. In case of a high dimensional map like grid based map, sampling
over all possible positions and corresponding maps would require a large number of
particles, thus requires extremely high computation. Particle filter can be best use in
less dimensional applications for example localizing a robot in a known environment
that is Monte Carlo localization [9].

3.2.4 Rao-Blackwellized Particle Filter (RBPF)
To address the SLAM problem using particle filter, RBPF was introduced in [40] [11].
The filter tries to increase the efficiency of particle filter and reduce the sampling
space for particles. RBPF based algorithms cover both landmark based and grid based
map representations.
Montemerlo et. al. proposed FastSLAM [36] to approach the SLAM problem
with landmark based map, and can be seen as a combination of particle filter and
EKF. The approach is based on an important observation that uncertainty in the robot
pose correlates error in the map. Thus, if the path of the robot xt = {x0 , x1 , x2 , ......, xt }
is known then the position of landmarks Θ is conditionally independent. The SLAM
posterior p(xt , Θ|zt , ut ) has been factorized in path posterior and landmarks posterior
as following:
N

p(xt , Θ|zt , ut ) = p(xt |zt , ut ) ∏ p(Θi |xt , zt , ut )

(3.9)

i=1

Both factors on the right hand side of Equation 3.9 can be estimated independently
where first represents path posterior and second shows the position of landmarks. The
path posterior is estimated by a particle filter which provides good approximation in
non-linear motion as well. As the estimated position of landmarks is conditioned on
the path estimate, the position of each landmark is measured by separate Kalman
filter and each particle has its own local landmarks estimates. Finally, there are total
M × N numbers of 2 dimensional EKF, where M and N are the number of particles
and landmarks respectively.
In a follow up, Montemerlo et. al. proposed FastSLAM 2.0 [37]. The approach
incorporates measurement model as well in the posterior estimate, unlike FastSlam
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which relied only on motion model. The measurement model is incorporated to increase the efficiency of particles especially in scenarios where motion noise is high.
This approach guarantees the time complexity to O(MlogN) where M is the number
of particles and N is the number of landmarks thus over perform the EKF which have
quadratic complexity. The approach is proved to converge as the number of particles
tends to infinity and is suitable to map large environments. Besides the complexity
issue, the EKF has the problem of data association that if the wrong association is
made the filter is likely to diverge. The FastSlam overcomes this issue as well. For
example if a wrong association is made then that particle will be assigned low weight
in resampling step and finally will be eliminated.
FastSLAM maintains a landmark based map but RBPF can be used to estimate
grid based maps too. The key idea is similar where each particle estimates the pose
of robot, but instead of tracking the list of Kalman filters for landmarks, each particle
maintains the individual map of the environment. However, an inherent problem of
large memory consumption in grid maps persists due to their detailed nature.
Hänhel et. al. [22] introduced an approach to maintain grid maps. The algorithm improves robot motion model by combining the RBPF and scan matching. Scan
matching provides a locally consistent pose correction and improves the pose estimate
before applying the particle filter, hence reduces the required number of particles.
Grisetti et. al. [20] proposed an occupancy grid based approach using RBPF and
scan matching. The approach is inspired from the work of Montemerlo et. al. and
Hänhel et. al. This work is discussed in detail in chapter 6, as the work presented in
this thesis work further builds upon it. RBPF does not explicitly handles the loop closure. Loop closure is a scenario in SLAM where robot covers a cyclic trajectory and
returns to already observed location. Ideally, robot needs to recognize the revisited
features and associate new observation with old one. Particle depletion problem can
occur in RBPF while closing the loops where single particle can dominate the filter.
This can affect the accuracy of filter badly specially in environments with several
nested loops. For example in case of multiple nested loops where a robot is traversing
an inner loop it can lose those particles, while resampling, which have less uncertainty
about the outer loop. Stachniss et.al. [47] proposed a solution, where the posterior is
approximated upon the entry to a loop and the uncertainty is propagated through it.
Thus, making sure that the particles responsible to close the outer loop does not get
depleted.

Chapter 4

Sensor Fusion
Integrating the information of sensors is known as sensor fusion. Combining data of
the same type of sensors is relatively easy as compared to fusing two different types
of sensors. For example fusion of laser readings from two laser range finders can be
done easily if both sensors poses are known. The former approach is often referred to
as homogeneous sensor fusion while latter one as heterogeneous sensor fusion.
In robotic mapping, some researchers have integrated different sensors data to
increase the efficiency of mapping systems and to overcome the limitations posed by
the rigidity of the environment. For example in [10] fusion of a laser range finder
and sonar data has been demonstrated; sonar has been used to detect door jamb to
distinguish the door from corridor which can not be detected by laser range finder
because of larger range quantization and laser error. In [57] sonar has been used to
complement laser range finder to detect the glass doors and mirrors, which can not
be seen by laser range finder alone. In [1] a regular camera is used to detect the
vertical lines to improve the localization along with laser range finder which can only
detect the horizontal lines, hence is very useful in long corridors which have more
vertical line features. These approaches rely on more than one sensor for the robot’s
perception of the environment and eventually results in more accurate localization
which yields better maps.
Other researchers, on the other hand, have tried to improve the representation of
map. Where the localization of a robot depends on a single sensor and the acquired
map from that belief is further augmented with other useful information measured by
different sensors.For instance in [34] a map has been augmented with the position of
victims and hazmat signs using thermal IR and visible spectrum camera. Hahn et. al.
in [21] overlaid an occupancy grid map with a heat map representing the position of
victims in an environment. Similar to these approaches, the work presented here also
produces an occupancy grid map using a laser range finder, which is further overlaid
by temperature information and the position of objects of interest.
Recent advancements of technology, digital circuitry and electronics have resulted
in sensors which could capture various aspects of the environment. In classical 2D
mapping, distance sensors (laser range finder and sonar) have been used to capture the
19
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geometric nature of the environment. Approaches described in chapter 3 sufficiently
rely on these distance sensors only; the robot can accurately map the environment
for navigational purposes using only the distance sensor. However, in the context of
fire fighting assistant robot, additional information of the environment along with the
geometrical information can be useful for operator to make decisions. To produce
such representation of the environment, a simultaneous input can be to capture the
thermal information of the environment using a thermal camera and then add it to the
map. A thermal camera measures the infrared intensity emitted by any material, and
represents it in a color map. The thermal information and laser scan can be combined
together, to produce rich representation, provided that both sensors readings are taken
simultaneously and the position of both sensors relative to each other is known. This
combination of sensors, and input being acquired, makes the representation of the
environment more informative. As the geometrical data is being overlaid with the
temperature information resulting in a map with rich information specifying the hot
regions. Moreover, a third simultaneous input via a visible spectral camera can be to
detect the objects of interest and add it to the map. This auxiliary information gives
an idea of the nature of the environment.
In order to fuse the data of sensors, to produce the rich representation of the
environment, the sensors need to be represented in a common reference frame. The
sensors in question are thermal IR camera and laser range finder (see chapter 2 for
physical properties of both). It is critical that system is aware of the configuration of
these sensors relative to each other or relative to a reference frame. The configuration
of a sensor is defined as its translation (3 degree of freedom) and orientation (3 degree
of freedom) relative to other coordinate frames or relative to a reference frame. The
process of estimating this configuration is known as extrinsic calibration.
Before discussing the extrinsic calibration of laser range finder and thermal camera, an overview of the geometric camera calibration of the thermal IR camera is
given. This describes the estimation of the intrinsic and extrinsic parameters of the
camera relative to world coordinates. In contrast to extrinsic calibration of the camera
and laser range finder, it can be achieved in two ways: either as a simultaneous step or
as a prerequisite step of/for extrinsic calibration of laser range finder and the camera.
In this thesis work the latter approach has been considered and the thermal camera
has been geometrically calibrated before estimating the translation and orientation of
one sensor relative to other. However, a global optimization is also performed where
both geometric and extrinsic calibration is combined to further optimize the results of
all the estimated parameters. The next section gives a brief overview of the geometric
camera calibration in general with focus on thermal IR camera.
4.1

Thermal IR Camera Calibration

The process of a camera calibration comprises spectral calibration and geometric
camera calibration. Spectral calibration is a process which determines the sampling
accuracy of the power incident of a camera image sensor to corresponding pixel intensity values. Literature shows how to perform spectral calibration [43] [42] as it
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can be relevant for regular cameras and is even more useful for thermal cameras to
accurately map the temperature of an environment to image pixel intensity. However,
it is not considered in this work as the focus of this thesis is to distinguish the hot and
cold regions rather than measuring the accurate temperature of the surfaces. The geometric camera calibration often referred to as camera resectioning, is the process of
estimating the camera parameters which are generally responsible to sample the 3D
world scene to generate the 2D image. Computation of these estimates is important
to correct the inconsistencies in camera and to compute the relation of camera pixels
with 3D world coordinates.

4.1.1 Camera Model
Pinhole camera model can be used to define above mentioned camera parameters.
The model considers a small hole, as the light passes through this hole and projects
the inverted image on the camera surface opposite to this hole, called the screen, it
can be manipulated to get the upward image by placing the image plane between
the focal point of the camera and the object. However, both configurations are used
commonly and do not affect the calibration process. The transformation of 3D world
coordinates to 2D image coordinates is known as perspective projection. According
to the pinhole camera model, perspective projection of a point PW = {X,Y, Z, 1}T in
world coordinates, can be written in image coordinates p = {u, v, 1}T as below [23]:
sp = M[R|t]PW

(4.1)

where s is an arbitrary scaling factor, M is the camera matrix, R is the rotation and t
is the translation. A brief explanation of these parameters is discussed in next sections.

Figure 4.1: Pinhole camera model, illustrating a perspective projection of P (world) to p (image) with intrinsic and extrinsic parameters
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Intrinsic Parameters of Camera
In equation 4.1 matrix M is known as the camera matrix and comprises the intrinsic
parameters of camera.


fu c ou
M =  0 f v ov 
(4.2)
0 0 1
Where fu and fv constitutes the focal length in horizontal and vertical pixels respectively. which is the distance between the pinhole aperture and the screen. The ratio of
fu
fv is called the aspect ratio; the value of aspect ratio as 1 represents that the pixels
are of square shape. The o = (ou , ov ) are the pixel coordinates of the principal point;
it is a point on the image plane which is intersected by optical ray perpendicular to
that image plane. The skew coefficient c defines the angle between u and v pixels and
is often set to 0.
Pinhole model does not consider any lens in the formation of image from a world
scene. But in real cameras, lens are used to gather more light compare to the available
at the small hole of pinhole camera. The usage of lens, on the other hand, has a side
effect known as lens distortion due to which the produced images are distorted. Two
types of lens distortions were found in literature; radial distortion and tangential
distortion.
Radial distortion in a lens arises due to imperfect manufacturing of the lens. A
perfect lens is of parabolic shape but in practice it is much easy to shape the lens
spherical. The spherical shape of lens causes those light rays bend more which are
away from the center of the lens. Figure 4.2 shows the effect of radial distortion on
an image. In order to correct a pixel at location (u, v)in a radially distorted image
following equations are used.
0

u = u(1 + K1 r2 + K2 r4 + K3 r6 )
0

v = v(1 + K1 r2 + K2 r4 + K3 r6 )

(4.3)

√
0
0
Where r = u2 + v2 , u and v are corrected location coordinates. K1 , K2 and K3 are
referred to as radial parameters.
Tangential distortion, on the other hand, is the result of imperfect centering of the
lens. In the process of camera manufacturing if the lens is not placed perfectly aligned
to the screen or image plane produces this distortion. A point p(u, v) in a tangentially
distorted image can be corrected using following equations.

0
u = u + 2P1 v + P2 (r2 + 2u2 )
(4.4)

0
v = v + P1 (r2 + 2v2 ) + 2P2 u
0

0

where u and v are corrected location coordinates. P1 and P2 are tangential parameters. Both of these distortions together are known as distortion model and is introduced by D.C.Brown in [5].
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(a) Normal image with
K1 = 0

(b) Distorted image with
K1 > 0

(c) Distorted image with
K1 < 0

Figure 4.2: Image of a regular chess board distorted with different values of K1

Extrinsic Parameters of Camera
In equation 4.1 the parameters R and t are known as the extrinsic parameters of the
camera, defining a 3 × 3 orthogonal rotation matrix and 3 × 1 translation vector respectively, transforms the world coordinates to image coordinates. The rotation matrix R consists of the rotation along all the three axis i.e Roll, Pitch and Yaw.
Replacing the values for intrinsic and extrinsic parameters in the equation 4.1,
which defines pinhole camera model, it can be rewritten in homogeneous coordinates
as:
 
  

 X
u
fu 0 ou R11 R12 R13 t1  
Y
s v =  0 fu ov  R21 R22 R23 t2  
(4.5)
Z 
1
0 0 1
R31 R32 R33 t3
1
Several approaches exist to estimate the above mentioned intrinsic and extrinsic
parameters of the camera. These approaches can be roughly divided in two groups;
Self calibration and Target based calibration.

4.1.2 Self Calibration
Self calibration (often referred to as auto calibration or target less calibration) is a
process of camera calibration which does not rely on any calibration object, rather
the features obtained from natural scene are used to estimate the camera parameters.
Several such methods have been developed [14] [33] but still lack perfect autonomy,
which is the sole motivation for pursuing the self calibration. The reasons for this lack
are point correspondence problem and restrictive assumptions as pointed out in [48]
and [44]. These approaches also lack to produce the estimates for extrinsic parameters
of camera, which are prerequisite to extrinsically calibrating the camera and the laser
[27].
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4.1.3 Target Based Calibration
Target based approaches, rely on a calibration object for which the three dimensional
position in space is known. The calibration object is observed by camera from multiple poses for accurate calibration. Checkerboard pattern is commonly used and is
proven effective for visible spectrum camera calibration. However, In thermal camera it is difficult to locate and extract the corners of checkerboard squares for calibration process. This is due to the low contrast image produced by the camera as the
surface temperature of the checkerboard is uniform. A checkerboard, being at same
surface temperature can not give a temperature contrast to the camera and hence is
all the same to the eye of the camera. To resolve this, the checkerboard was heated
via a lamp; the black squares absorbed higher heat than the white ones due to the
difference in thermal radiance, hence is detectable and differentiable by the thermal
camera being used. This is a common approach to this problem addressed in literature [7]. Additionally, other approaches that can be taken to this problem include: A
mask based approach where a calibration pattern with high thermal contrast is produced using geometric mask [52]. A circuit board pattern where a chessboard pattern
was printed on a circuit board [25]. Both of these approaches produce more sharp
corners compare to the heated checkerboard used in this thesis work. However they
require additional setup and resources, also the results obtained from standard heated
checkerboard were accurate enough for the work presented in this thesis.

(a) heated via lamp, produced in this work

(b) Circuit board, courtesy
of [25]

(c) Mask based board, courtesy of [52]

Figure 4.3: Comparison of appearance of different checkerboards in thermal IR camera.

Once a contrast is possible, the thermal camera is essentially serving the same
purpose for heat images that a general camera does on normal images. The checkerboard would, hence, be visible to the thermal camera in dark and light just as it is to
the regular camera. The most common methods to perform target based calibration
of a regular camera can then be used.
Heikkila and Silven [24] camera calibration method uses closed form solution
based on direct linear transformation (DLT) to estimate the initial values of intrinsic
and extrinsic parameters of the camera. In order to solve for this pin hole camera
model is used considering the zero distortion. To compute the distortion coefficients
and further refinement of the estimates a non linear least-squares optimization based
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on Levenberg-Marquardt algorithm was performed. The method estimates the first
two coefficients for both radial and tangential distortion.
Bouguet Matlab toolbox [4] is a mostly used method for camera calibration,
which is based on Heikkila [24] calibration model. The method estimates the initial
guess for intrinsic and extrinsic parameters of the camera by a direct solution which
follows a non linear optimization using gradient descent algorithm and minimizing
the reprojection error (MRE). In this thesis work, the same toolbox has been used to
calibrate the thermal camera. Once the thermal IR camera is calibrated the next step
is to extrinsically calibrate the thermal IR camera and laser range finder.
4.2

Extrinsic Calibration of Thermal IR Camera
and Laser Range Finder

Extrinsic calibration of a camera and range sensor is the technique to estimate the
rotation and translation of camera relative to range sensor to fuse the data of both
sensors. Extrinsic Calibration of camera and range sensor can also be categorized in
self calibration and target based calibration like geometrical camera calibration. Several approaches have been proposed to address this problem. However, as mentioned
above, the self calibration suffers from the problem of point correspondence as in
[59] and restrictive assumptions like manual selection of the corresponding points as
required in [45]. The approach in [45] requires manual selection of the corresponding
points.
On the other hand, the target based approaches for extrinsic calibration of camera and laser range finder are more reliable. One such approach has been proposed
by Zhang and Pless [58] , which estimates the transformation of a regular camera
to laser range finder coordinate frame. The work presented in this thesis, uses the
same approach for extrinsic calibration of thermal camera and laser range finder. A
checkerboard pattern is placed in front of both sensors and is viewed from multiple
poses to find the accurate estimates.
A point PC in camera coordinate system can be transformed to the PL in laser
range finder coordinate system as
PL = ΦPC + ∆

(4.6)

where Φ is the 3 × 3 orthonormal rotation matrix defining the rotation and ∆ is 3 ×
1 vector defining the translation, from camera coordinate system to the laser range
finder coordinate system. The mapping of a point PW in world coordinate system to
image coordinates, denoted as p is already defined in Equation 4.1.
Zhang and Pless [58] defined a point to plane geometric constraint to solve for
Φ and ∆. The plane is called calibration plane, and is defined at Z = 0 in world
coordinate system. This calibration plane in camera coordinate system can be defined
by a 3 × 1 vector N as following:
N = −R3 (RT3 . t)

(4.7)
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Where R3 is the third column of the rotation matrix R and t is the translation vector
described in Equation 4.1. Vector N is parallel to the normal on the plane and its
magnitude ||N|| is equal to the distance between the camera and calibration plane. As
Point PL transformed to PC will lie on the calibration plane, hence:
N · PC = ||N||2

(4.8)

Exchanging the value of PC from Equation 4.6 in Equation 4.8 and rearranging yields
N · Φ−1 (PL − ∆) = ||N||2

(4.9)

Further Equation 4.9 can be rewritten as:
N · H(PL ) = ||N||2

(4.10)


1 0
Where H is a 3 × 3 transformation matrix H = Φ−1 0 0 − ∆ from laser coor0 1
dinate to camera coordinate system for each pose of the calibration plane.
Solving for H using the standard linear least squares, the position(∆) and orientation(Φ)
of camera relative to laser range finder is estimated. Furthermore, the authors approximated (Φ) to compute Φ̂ by minimizing the Frobenius norm of the difference Φ̂ − Φ,
conditioned to Φ̂T Φ̂ = I. Φ̂ is computed to convert (Φ) to a rotation matrix, as it does
not hold the properties of a rotation matrix.
Next, to refine the initial estimates the Euclidean distance between a laser point
and the calibration plane (see equation 4.9), for each pose of the calibration plane and
each laser point is defined as the error function, and minimized as a nonlinear optimization problem using Levenberg Marquardt method. This error function is defined
as the sum of distances:
Ni
(4.11)
∑ ∑( ||Ni || . (Φ−1 (PiLj − ∆)) − ||Ni ||)2
i j
where i is the ith pose of the calibration plane and j denotes the jth laser point.
Finally, a global optimization is suggested by Zhang and Pless [58] to further improve the intrinsic and extrinsic parameters of the thermal IR camera described in
Section 4.1 and computed in Section 4.1.3. So a grid point PW located on checker
board or calibration plane in world coordinate system, and the corresponding extracted grid point p in image frame, and its re-projection p̃ using the estimated intrinsic and extrinsic parameters of the camera; the error function can be written as
following:

∑ ∑ ||pi j − p̃(M, Ri ,ti , PWj )||2
i

(4.12)

j

Where j refers to jth point at the checkerboard, M corresponds to the initial camera
matrix defined in Equation 4.2, Ri and ti are the rotation and translation matrix for the
ith pose of the checkerboard.

4.3. EXPERIMENTAL SETUP AND RESULTS

27

Using a combination of Equation 4.11 and Equation 4.12, the minimization of the
both error function together can be obtained using Levenberg Marquardt method.
Ni

∑ ∑( ||Ni || . (Φ−1 (PiLj − ∆)) − ||Ni ||)2
i

j

+

(4.13)

2
α ∑ ∑ ||pi j − p̃(M, Ri ,ti , PW
j )||
i

j

Where α is a normalizing factor for both error functions. Table 4.1 shows initial and
final estimates of the intrinsic parameters obtained using [4] and global optimization
given in Equation 4.13 respectively. The standard deviations in Table 4.1 show that
the results were more consistent for global optimization. However the improvement
is not very significant; because the initial estimates were also accurate and consistent.
4.3

Experimental Setup and Results

The geometric calibration of thermal camera is carried out using the Matlab toolbox
[4]. The extrinsic calibration of thermal camera and laser range finder, performed
in this work, is based on Zhang and Pless extrinsic calibration method [58]. Both
of these approaches belong to the target based calibration category, hence relying
on a calibration object (Checkerboard). In the case of thermal camera, to enable the
checkerboard to be viewed by it, two flood lamps of 1000 watts were used to heat the
checkerboard. The emissivity difference between black and white color enables the
thermal camera to differentiate both colors. The checkerboard in discussion is a chess
pattern printed on A3 paper and attached to a wooden plane. The chess pattern is of
9 × 7 square size where each square is 50mm × 50mm. The thermal camera used in
this work is FLIR A325, having 320 × 240 pixels resolution and 25 × 19 degrees of
field of view. Laser range finder is Hokuyo UTM-30LX having maximum range of 30
meters and field of view of 0 x 180 degrees (see chapter 2 for physical properties of
both sensors). The angular resolution of laser range finder is set to 1 degree, resulting
in 180 distance values for each scan.

4.3.1 Data Collection
ROS (Robot Operating System) has been used to collect the sensors data. The laser
range finder published data at 40 Hz whereas the thermal camera was operating on 25
frames per second. Twenty data samples have been taken from both thermal camera
and laser range finder concurrently, for different poses of checkerboard. The pose
of checkerboard has been changed manually, and those pose of checkerboard were
registered which lead to the accurate estimates of the parameters. Each data sample
comprises laser points stored in a separate log file and the corresponding image stored
in JPEG format. Figure 4.4 shows the checkerboard in thermal camera and laser range
finder.
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(a) View of the Checkerboard in thermal camera
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(b) View of the checkerboard in laser range
finder, where the red line indicates the detected
checkerboard

Figure 4.4: One data sample of the checkerboard out of total twenty data samples

4.3.2 Results
The used Matlab toolbox extracts the corners of checkerboard in image pixel coordinates using Harris corner finder algorithm and then estimates the pose of checkerboard in world coordinates as mentioned in Section 4.1.3. Figure 4.5 shows the extracted corners of the checkerboard in image coordinates. The corresponding estimated world coordinates of these corners are projected back on the image with average euclidean distance between estimated coordinates and the projected points. Figure 4.6 shows the the estimated and projected coordinates of corners for two different
poses of checkerboard. Mean re-projection error (MRE) is calculated to measure the
accuracy of estimates in terms of pixels. Figure 4.7 represents the re-projection error
for each pose of the checkerboard. Majority of the points are converged to 0, with
maximum error of 0.4 pixels.
Table 4.1 expresses the estimates of intrinsic parameters, that is the focal length
( fu , fv ) and the principal point (ou , ov ), of the thermal IR camera. The initial values
of the parameters were computed using the Matlab calibration toolbox [4], while the
final values were estimated using the Equation 4.12. The standard deviation of the
estimates is calculated using leave-p-out method, where p is set to 2. For twenty
images total 10 estimates are computed, every time ignoring two different images. As
the Table 4.1 suggests that the values did not change significantly but still the results
were consistent; can be verified by the values of standard deviation.
Table 4.2 gives the values of radial and tangential distortion coefficients along
with the standard deviation. The results were computed using the Matlab calibration
toolbox [4]. The values of standard deviation suggests the consistency of the estimated values. Only two coefficients that is K1 and K2 are estimated because, usually,
only these two are sufficient to un-distort the images. The values of these radial coefficients lie between -1 and 1,however, the estimated values very close to 0 suggests
that there was no significant lens distortion in the thermal IR camera. The values of P1
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and P2 were also very close to 0 suggesting, almost, negligible tangential distortion
in the thermal IR camera.
These estimated parameters are required for the extrinsic calibration of thermal
camera and laser range finder. The Φ and ∆ of the thermal IR camera relative to the
laser range finder were estimated as mentioned in Section 4.2, and laser points were
reprojected on the camera images to check the accuracy of the results. The center of
laser range finder was assumed to always hit the calibration plane in order to register
the laser points which hit the checkerboard. Figure 4.8 shows the reprojected laser
points on the corresponding two images of twenty images. The accuracy of the results
is measured in terms of average Euclidean distance error, which was between 2-3 cm
(see Equation 4.11 for error function).
The red crosses should be close to the image corners
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Figure 4.5: Extracted corners of the checkerboard in image coordinates, drawn on the image
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(a) Extracted corners of checkerboard reprojected on an image using initial estimates of intrinsic and extrinsic parameters of the thermal
IR camera.

(b) Extracted corners of checkerboard reprojected on an imageusing initial estimates of intrinsic and extrinsic parameters of the thermal
IR camera.

Figure 4.6: Two different views of checkerboard in thermal camera out of total twenty views

Figure 4.7: The total reprojection error(in pixels) for all twenty images
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Table 4.1: Initial intrinsic parameters and globally optimized intrinsic parameters of the camera
along with standard deviations

Initial Values

σinitial

Final Values

σ f inal

726.34
726.07
146.23
154.83

2.66
2.62
1.74
1.23

726.17
726.20
145.90
154.09

2.59
2.17
1.60
1.14

fu
fv
ou
ov

Table 4.2: Estimated radial and tangential distortion coefficients of the camera along with
standard deviations

K1
K2
P1
P2

(a)

Values

σ

-0.0089
0.0021
0.0012
0.0015

0.02532
0.04671
0.00006
0.00003

(b)

Figure 4.8: Two different views of images out of total twenty with reprojected laser points

Chapter 5

Object Recognition
Mapping of an environment refers to generating a representation of world. The choice
of the information carried by a map depends on the application and the environment
in question. In this thesis work, a representation of an environment is produced which
contains the geometry and temperature of that environment along with the position
of objects of interest. Map with such rich description of an environment can assist
human operators to plan certain actions for rescue. Map enrichment with temperature
information and position of object of interest is demonstrated in chapter 6. However,
to enrich a map with this high level description a challenge is to recognize the object
of interest. This chapter first describes the different approaches of solving the object
detection problem with focus on finding easy to implement and real time object detector. Finally, it gives a brief overview of cascade of boosted classifiers method as
the object detector trained in this work is based on that method.
Recognizing an object in an image is a challenging problem. The reliability of
an object recognition system is measured on the basis of its sensitivity to several
challenges. Literature shows that following challenges received special attention in
designing a recognition system. These challenges include a) viewpoint variation:
objects appear different from different viewpoints for example side view of an object
might be totally different from the front view; b) illumination: different lighting conditions can change an object appearance for example bright or dull light can enhance
or hide the texture of object respectively or an object appearing in blueish daylight
or in greenish florescent ceiling lamp renders different in image ; c) scale: objects
captured at different distance by a camera are rendered in different size in an image;
d) clutter: objects can appear with background and removal of this background is a
demanding task; e) occlusion: Objects can be occluded by other objects thus blocking the parts of it; f) deformation: objects can be deformable by nature thus enabling
different appearances for example a standing person appears totally different than a
person sitting; and g) intra class variation: objects belonging to same category can
appear very different from each other for example chairs.
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Machine learning in Object Recognition

In real world applications of object recognition, it is very hard to compute an exact
solution using conventional programing techniques. Hence, machine learning methods are used commonly to approximate the solution. Machine learning methods use
statistical reasoning to learn any patterns available in data and predicts a new example
on the basis of that learning. To define an object recognition problem as a machine
learning problem, a probabilistic overview of the problem is required to introduce.
Let’s consider if an image is given and it is inquired that whether it contains a car or
not can be written in probabilities as p(car|image) and p(nocar|image) respectively.
According to Bayes rule the odds ratio of these probability is equivalent to following.
P(image | car)
P(car)
P(car | image)
=
×
P(no car | image) P(image | no car)
P(no car)

(5.1)

There are two types of learning methods used in machine learning; discriminative
learning and generative learning. The first method models the posterior probability,
given in the left hand side of Equation 5.1, directly and separates between car and
no car. The second method, on the other hand, models the likelihood and prior, given
in the right hand side of Equation 5.1. Both approaches are actively used in object
recognition and have different advantages which are discussed in the end of this section.
In order to create a learning model for object recognition, three main issues need
to be addressed (i) object category representation; (ii) choice of learning model; and
(iii) final recognition.
Object category representation refers to a sampling of an object for learning
model. A learning model takes training data as input to produce a classification
boundary or probability distribution in case of discriminative and generative learning respectively. A training data consists of several positive and negative examples
along with their corresponding labels in case of supervised learning. It is important
that positive examples only contain the object for which learning is performed or its
features to avoid a learning model from learning noise. Moreover, an object category
can be defined as appearance only or both appearance and its location and this information can be encoded in pixel intensities or by features of that object. Bag of words
model and part based model are two widely used category modeling approaches,
which are discussed briefly in next section.
A choice of learning model depends on the application of object recognition system. Discriminative models are fast since they try to separate a data between two or
more classes, on the other hand generative models are relatively slow since they take
into account a joint probability distribution. Hence, discriminative models can be a
good choice for real time applications. Generative models produce a strong description of data. A new object category can be added independently of other categories
if its conditional probability is modeled, as can be seen in Equation 5.1. Naive Bayes
classifier is a traditional generative learning model whereas boosting is widely used
discriminative model. A brief overview of boosting is given in next section.
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Once a learning model is trained, a new example is given to the model for prediction. In case of positive example, the object can be at different scale and location
along with background and other objects. So a search at different scale using multiple
sub windows must be performed to locate the object. Such image segmentation can
be expensive in terms of computation time and will affect a real time applications. In
[54] cascade of boosted classifiers are introduced which performed final recognition
at 15 frames per second on an year 2000 architecture. The method is briefly discussed
in next section.

5.1.1 Bag of words
Bag of words model is used in natural language processing to classify documents; text
files are represented in a collection of important keywords disregarding the order it
appears in a document. The model can be adopted in object recognition by taking the
patches of an object, which describes its appearance while disregarding its geometric
shape. These patches of an object in a visual bag or dictionary gives a meaningful
representation of the object category even without taking its shape into account. In
order to extract the patches of an object and create a dictionary of these patches, it is
important to address that what would be those patches. In [55] and [29] an image is
divided in a regular grid and each cell of the grid is treated as a patch. On the other
hand, an interest point detector such as Scale Invariant Feature Transform(SIFT) [31]
and Speeded Up Robust Features (SURF) [2] can also be used to locate interest point
and compute their descriptors (patches). These descriptor vectors are clustered together in an unsupervised setting, typically using k-nearest neighbourhood clustering
algorithm. This results in a dictionary or a code book which contains the defining
components of the object.
An histogram of features or a code vector is created for each image from this dictionary. The histogram of features gives a count of the components for each image.
Finally, all these histograms are fed to a learning algorithm as training data. Literature shows that both generative and discriminative approaches can be used for learning process. For example in [29] a Bayesian hierarchical model (generative) whereas,
in [8] a naive Bayes classifier(generative) and support vector machines (discriminative) are used as a learning algorithm. According to [8] support vector machines out
performed naive Bayes classifier and reduced error from 28 to 15%, shows that a discriminative model can not only be fast but also more accurate compares to generative
model.
An inherent problem in bag of words model is that they lack the geometric information of the components of an object and also its unclear that how to perform
image segmentation and localization in the model. However, the method is invariant
to occlusion up to some extent since objects are defined as the patches and certain
threshold of patches visible can enable a learning algorithm to predict the object.

36

CHAPTER 5. OBJECT RECOGNITION

5.1.2 Part based model
Fischler [16] in seventies came up with the idea of decomposing an object in parts
and modeled both parts and structure. Typically, a part based model samples an object
using the appearance of its parts and their geometrical relationship. The approach is
often called constellation model because an object is represented as a composition
of parts, where every part is connected with each other and forming a structure. Burl
et.al in [6] represented an object in a constellation of parts and adopted probabilistic
methods. Later, Weber et.al [56] and Fergus et.al [15] further developed the approach
and used Expectation maximization (genrative model) in an unsupervised setting to
produce the likelihood of a training data. The former approach used fixed appearance of parts when modeling their shape, while latter sampled appearance and shape
simultaneously along with the relative scale.
Generally in part based models interest points of an object are extracted, and these
interest regions are modeled as a combination of appearance and spatial configuration. Such representation of an object is fed to a learning algorithm as training data
which produce the likelihood distribution of this data. The main issue part based models faced is that an object is defined as small parts which lacks complete definition of
that object. For example a bike represented as the composition of two wheels might
not be distinguished from motorbike. Also, in part based models, it is computationally very expensive to relate the extracted regions to corresponding part of the object.
In order to solve this correspondence problem all combinations can be considered
but is very costly e.g considering N number of possible locations for n number of
parts there are N n possibilities [15]. Thus increasing the number of parts results in
exponential growth in computational time while taking the small numbers of parts
in account results in poor recognition. In [15] A∗ and space search methods are used
to efficiently associate the parts with location, still for 7 parts with 20-30 features,
learning time was between 24 to 36 hours while in recognition each image took 2 to
3 seconds.

5.1.3 Boosting
Boosting is a discriminative learning model, in which a combination of weak classifiers is used to create a strong classifier. Boosting algorithms are result of Kearns
[28] question posed in 1988 that whether any weak classifiers which have slightly
better performance than random guessing can create a single accurate strong classifier. To discriminate between two classes, it is a difficult task to define an accurate
classification rule. whereas, several weak rules can be define easily which performs
better than a random guess. For example to classify emails between spam and important messages a weak classification rule can be to look for buy now in messages.
The rule will perform better than random guessing but will not cover all the spam
messages [46]. In boosting, a set of such rules is defined and repeatedly a selection
of rules is chosen from the set which yields better prediction. Finally, these selected
weak rules are combined and result in a single strong decision with very high accu-
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racy. As boosting creates a strong classifier using a combination of weak classifiers,
these weak classifiers can be of any type for example decision trees, a simple linear
classifier or support vector machines etc.
AdaBoost Algorithm:
input: xi ∈ X and yi ∈ Y = {−1, +1} where i = {1, 2, ...., m}
initialize: D1 (i) = m1
for: t = {1, 2, ...., T }
step 1. Train ht weak classifier using Dt
step 2. Calculate εt = ∑m
i=1 Dt (i) conditioned yi 6= ht (x)
t
step 3. Calculate αt = 21 log( 1−ε
εt )
step 4. Calculate Dt+1 (i) =
end for

Dt (i) exp(−αt yi ht )
Zt

Table 5.1: AdaBoost algorithm where Zt in step 4 is a normalization factor

AdaBoost algorithm (Adaptive boosting) proposed by Freund and Schapire [17]
is a widely used boosting algorithm. The method assigns more weights to the examples which were misclassified by previous classifier so subsequent classifiers are
more focused on those examples. Table 5.1 shows the AdaBoost algorithm. A set
of m examples denoted as X and corresponding labels denoted as Y is considered
as a training set, where Y = {−1, +1} in a binary classification setting. xi and yi
are ith example and label respectively. The algorithm trains T weak classifiers where
each classifier is denoted as ht and t = {1, 2, ....., T }. For a training example i in a t
classifier, a weight distribution is defined as Dt (i). Initially, Dt (i) is set equal for all
the examples. In each subsequent classifier weights are assigned to examples on the
basis of previous classifier misclassification rate. The key idea is that the later classifiers will focus on those examples for which the performance of previous classifiers
was poor. A weak classifier ht , which has a binary decision range that is in between
{−1, +1} , tries to minimize error εt and generates a voting weight αt ; and using this
error function and voting weight a weighted distribution Dt+1 (i) is produced for next
classifiers. The values of εt , αt and Dt+1 (i) are computed according to step 2,3 and
4 of AdaBoost algorithm shown in Table 5.1, respectively. Once, training process is
completed a final classifier denoted as H(x) is a weighted sum of the weak classifiers:
H(x) = α1 h1 + α2 h2 + α3 h3 + ...... + αT hT

(5.2)

In object recognition, Viola and Tileu [51] used boosting to select sparse feature
set. In their approach objects were defined with very simple features. For a particular class of object there were 45000 possible features; AdaBoost tracked the object with small discriminatory sparse features and discard the redundant information.
Each weak classifier computed a Gaussian model for positive and negative examples
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and feature with effective value for model was selected. The final classifier which
consists of weak classifiers depended on only 20 features.

Cascade of boosted classiers
Viola and Jones [53] [54] proposed a face detector based on cascade of boosted classifiers. The approach uses boosting in an efficient way to produce a real time face
detector. They extracted simple rectangular features (Haar) to represent an object.
They introduced a concept of integral image to efficiently compute such large set of
features. Integral image is an intermediate representation of an image in which any
pixel is the sum of pixels above and to the left, including that pixel.
0

ii(x, y) =
0

∑0

0

i(x , y )

x ≤x,y ≤y

ii(x, y) is the integral image and i(x, y) is the original image. To compute a whole
integral image in one pass, following recursive equations were used:
s(x, y) = s(x, y − 1)i(x, y)
ii(x, y) = ii(x − 1, y)s(x, y)
Where s(x, y) is cumulative sum of row, s(x, −1) and s(−1, y) are set to 0. Figure 5.1
shows an integral image, the average intensity in block D can be computed independently of block size just in four sums.

Figure 5.1: The sum of all pixels in block D can be computed in four sums [54].

Since the calculated features are in large numbers and contain redundant information, they used AdaBoost for sparse features selection. The base learner (weak
classifier) in their case, is a simple decision tree with two leaves often referred to
as decision stumps. Thus each weak classifier is depending on a single feature, only
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allowing those features which give best prediction. Finally, AdaBoost creates a classifier which is a weighted sum of these weak classifiers (see Equation 5.2).
Further, Viola and Jones introduced the concept of cascade to reduce the computation time in contrast with high detection rate. In their work, boosted classifiers
are computed iteratively in stages, where each stage contains a combination of weak
classifiers trained using different features. Each stage in the cascade is trained unless the desired accuracy is not achieved. The key idea of cascade is that in first
stage a combination of weak classifiers is chosen which can detect an image area that
contains the object along with many false detections. Then in second stage another
combination of weak classifiers is selected which has high detection rate and less
rejection rate compare to previous stage classifiers. The process chooses a combination of weak classifiers until the final stage, which has the best features to classify
an object. Once the cascade of boosted classifiers is ready, a given test image is divided in sub windows and only those windows are predicted as object which makes
it through the whole cascade. The initial stages of cascade rejects many regions of
image which does not contain the object and further computation is only performed
on those regions which passed the initial stages.
In this thesis work the same approach [54] is used to detect the object of interest,
except that MB-LBP(Multi Block Local Binary patterns) features are used to represent an object instead of Haar features. MB-LBP is a variant of LBP(Local Binary
Pattern) proposed in [30]. Local binary operator in its original form takes a 3 × 3
pixels square and performs thresholding on the basis of center pixel and generate a
binary string or a decimal number. Considering a 3 × 3 pixels square region in an
image where each pixel is represented as pi, j with i, j ∈ {1, 2, 3} and the center pixel
of region as c the binary values are assigned as following:

0
if pi, j < c
pi, j =
1
if pi, j ≥ c
Whereas, MB-LBP does not performs computation on individual pixel values rather
it takes the average intensity of adjacent regions. For example a 9 × 9 MB-LBP takes
the average intensity of neighboring 3 × 3 and performs thresholding on the basis of
its center. This integration of larger area makes MB-LBP robust in comparison to
LBP, and can be computed very fast using integral image. A 9 × 9 MB-LBP is shown
in Figure 5.2. MB-LBP is a complete representation of an object as it contains both
micro and macro structure of image textures. MB-LBP features based detector is fast
both in training and testing compare to Haar features based detector. For example a
detector which takes 24-30 hours for training using MB-LBP features may take more
than a week in similar settings with Haar features. This is because that MB-LBP
features hold more information of an object and usually a small number of features
are needed to train the cascade of boosted classifier [3]. This can be confirmed in the
Section 5.2.2; the classifier trained in this work depends on only 75 features.
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Figure 5.2: A 9 × 9 MB-LBP, where the average intensity of all 3 × 3neighboring regions is
thresholded by center region [30].

5.2

Experimental setup and Results

OpenCV comes with opencv_traincascade utility which is an implementation of cascade of boosted classifiers. The utility has many input parameters, Table 5.2 shows
the values of these parameters which are used in this work. numStages is the maximum count of cascades to be train or stops earlier if a desired accuracy is achieved.
minHitRate is the desired true positive rate to be achieved in a stage. The true positive
rate for the whole cascade is calculated as minHitRatenumStages . maxFalseAlarmRate
is the desired false positive rate for each stage where false positive rate for whole cascade is calculated as maxFalseAlarmRatenumStages . For example in case of this thesis
work the true positive rate is 0.99914 ≈ 98% and false positive rate is 0.514 ≈ 0.006%
for whole cascade. featureType shows the choice of features between LBP and Haar
features to be used for object representation. w and h is the width and height of the
object.
numStages

minHitRate

maxFalseAlarmRate

featureType

w

h

14

0.999

0.5

LBP

30

64

Table 5.2: Values for input parameters of opencv_traincascade utility.

5.2.1 Data Collection
In this thesis work one interest is to detect a gas cylinder and locate it in a map. The
choice of gas cylinder is because of the explosive nature of it, which might hinders
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the rescue operations in any disastrous environment. Fire extinguisher is used as an
alternative for gas cylinders as it shares similarities with gas cylinders. Moreover, it
can be easily accessed in any indoor environment for experiments. Once the detection
of fire extinguisher is successful the same procedure can be adopted for gas cylinder.
In order to train a classifier to predict an object category two types of data are
required; training data and test data.

Training Data
Training data consists of positive and negative examples, which are input to a classifier for learning process. A video of the scene which contained fire extinguisher at
different scale and different viewpoint was recorded. In total, 2500 positive images
were extracted from the video making sure all of them contained fire extinguisher.
On the other hand, 10000 negative images were collected which contained arbitrary
backgrounds and objects other than fire extinguisher. Negative examples were carefully inspected to confirm that there is no fire extinguisher in negatives. Because in
such case classifier would not be able to distinguish between both classes and might
get stuck.
For each positive image the cascade of boosted classifiers require the position of
object, where it is located in an image and its label. An OpenCV based algorithm has
been implemented to draw a bounding box around the object and manually tag all the
positive images. The algorithm stores the pixel values of object location along with
the corresponding label in a file. The process of manually tagging the images took
several hours but its not in vain since the performance of classifier depends on how
carefully the pixel coordinates for an object are extracted.
opencv_traincascade expects all the positive training images of same pixel size
whereas, the images of fire extinguisher were at different scale. opencv_createsamples
utility was used to generate a standard size representation of the object. The standard
size for fire extinguisher was defined as 30 × 64 pixels, because smaller fire extinguishers in an image than this size might not be distinguishable.

Test Data
Test data is used to validate the classifier and measures its performance. A trained
classifier is given positive and negative images as an input to test how accurately it
predicts the image category. it is important that test data does not contain examples
from training data to accurately measure the behavior of classifier. The test data in
this thesis work contained 100 positive and 100 negative images.

5.2.2 Results
Any prediction of a binary classifier can have four possibilities (i) true positive: classifier predicts positive where actual label is also positive; (ii) false positive: classifier
predicts positive where actual label is negative; (iii) true negative: classifier predicts
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negative where actual label is also negative; and (iv) false negative: classifier predicts
negative where actual label is positive. The positive here, refers to the fire extinguisher
detected while negative means no fire extinguisher is found in an image.
True Positive

False Negative

True Negative

False Positive

72 %

28%

81%

19%

Table 5.3: The predictions percentages of classifier on the test data

The performance of classifier trained in this work, was measured on test data
(described in previous section). Table 5.3 shows the confusion matrix of classifier
predictions belonging to all four possibilities. The true positive average shows that
out of 100 positive images the detector was able to detect the fire extinguisher in 72
images. Whereas, the false positive average represents that out of 100 negative images
the detector falsely detected the fire extinguisher in 19 images.
Figure 5.3 illustrates a discrimination point of the detector in Receiver Operating
Characteristic space. ROC is a performance measure of binary classifier which gives a
relative trade-offs between true positive rate(TPR) and true false positive rate (FPR).
The TPR is a ratio of the true positive to the total positive test examples wheras, the
FPR gives a ratio of the false positive to the total negative test examples. Both TPR
and FPR can be computed as Equation 5.3 and 5.4 respectively.
T PR =

true positive
true positive + f alse negative

(5.3)

FPR =

f alse positive
f alse positive + true negative

(5.4)

Ideally, a point at extreme upper left corner of ROC space gives the best classification accuracy. Such classifier will be able to give average of true positive and true
negative as 100 % for test images. On the other hand, a point at extreme right corner
of ROC space will be able to accurately detect all positive images but will falsely
detect all the negative images as well. Moreover, the points which lie on the diagonal
line in ROC space corresponds to a random guess. The classifiers with discrimination points above or below to the diagonal line performs better or worse than random
guess respectively. Hence, a classifier with discrimination point as near to upper left
corner of ROC space is considered as accurate.
The classifier trained in this work gives the FPR = 0.19 and T PR = 0.72. This
small number for FPR shows that the negative training data was very different from
the fire extinguisher and produces a good generalization. Moreover, it reasons that
the classifier had learned the features of the fire extinguisher well and is able to differentiate negative examples from the positive. On the other hand the TPR, which
ideally should be close to 1 is mainly dependent on the positive training images. The
positive training examples contained images of fire extinguisher from various view

43

5.2. EXPERIMENTAL SETUP AND RESULTS

point along with intra-class variation. Moreover, the illumination or lighting conditions were constant in all positive training images. Only a single classifier with no
specific view settings was trained in this work to predict fire extinguisher from front,
left and right. Generally, in such case it is hard for a classifier to define and learn the
salient features of object. However, a good classifier can be train for fire extinguisher
by using larger training data compared to the current positive training data, and/or in a
view specific setting along with limited intra class variations and under different illumination. But, in case of gas cylinders view point variation will not affect the results
as they render same from all view points because of their symmetrical geometry.
1
0.9

Discrimination
point,
p (0.19,0.72)

True Positive Rate (TPR)

0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0

0

0.1

0.2

0.3

0.4
0.5
0.6
0.7
False Positive Rate (FPR)

0.8

0.9

1

Figure 5.3: ROC space showing the discrimination point for trained classifier, where diagonal
line illustrates the random guess.

Figure 5.4 shows six instances of test images; the bounding box for the object
was predicted by classifier. The classifier accurately classified the fire extinguisher
at different scale, different view point, different illumination, different background
and in a blurry setting. In Figure 5.5 three misclassified test images are shown where
actual labels were negative but the classifier predicted a bounding box considering
them positive.
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Figure 5.5: Three different negative instances of test images along with the falsely predicted
bounding box

Figure 5.4: Six different positive instances of test images along with the predicted bounding
box

The training time for classifier was between 28-30 hours for 14 stages of cascade. It has been observed that the initial stages were computed fast compared to
later stages. This is because the initial stages of cascade were depending on very
few features to immediately discard any negative sub windows and pass, positively
recognized sub windows to next stage of cascade. The number of weak classifiers,
which are equivalent to number of features since each weak classifier was depending
on a single feature, are shown in Figure 5.6 for each stage. The final classifier was
depending on only 75 features to categorize the fire extinguisher.
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Figure 5.6: Number of weak classifiers in each stage
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Chapter 6

Rich 2D Mapping
This chapter first describes the Gmapping an implementation of RBPF SLAM. Next,
it gives the details of complete system with RBPF SLAM, thermal data, and object
detection. Finally, the results of the system as running both in a controlled simulated
environment and real robot platform are given in the end of the chapter.
The main focus of the work presented in this thesis is to produce a representation
of an environment by fusing different sensor modalities. Rich 2D mapping proposed
in this work, is a such representation which incorporates not only the geometrical
information but also other additional information like temperature of the environment
and location of object of interest. As mentioned in Chapter 2 the robot will teleoperate in an unknown indoor environment potentially at fire risk with the aim of
creating a to-scale plan of it. In case of fire situation in an environment, 3D mapping
is not possible due to restricted visibility caused by smoke except for close to the
floor. However, a 2D map with additional information can give more meaningful
idea of the environment. The system should be capable of generating a 2D map,
enriched with temperature information and augmented with the position of objects,
of the environment. The produced map is transmitted to the robot operator, hence the
system should be robust and operational in real time.
A mobile robot exploring an unknown environment to create a map of it, is a
SLAM problem. Simultaneous localization and mapping is a process of estimating
both the pose of a robot and map of the environment concurrently. Several approaches
are proposed to solve SLAM which are briefly discussed in chapter 3. The produced
map is represented either in metric or topological configuration or sometimes combination of both. The choice of the configuration often depends on the nature of application. Gmapping is a state of the art SLAM algorithm proposed by Grisetti et. al. in
[20] which produces map in a grid based representation. Rich 2D mapping developed
in this work builds upon Gmapping and enrich the produced occupancy grid map with
further critical information of an environment. Next, a brief overview of Gmapping
is given.
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6.1

Gmapping

Gmapping is a widely used mapping algorithm which belongs to the family of particle
filter based SLAM. The algorithm uses RBPF to produce a grid based map representation. The posterior probability is represented as a set of particles, each of which carries a trajectory of the robot and its own map. However, two main issues are bounded
with particle filter which cause it computationally complex and less accurate. These
issues are the number of particles to be used and particle depletion as explained
in Chapter 3. Each particle carries a map of environment over a trajectory of robot
hence its computationally very expensive to use a large set of particles. While particle
depletion is observed in the resampling step of a particle filter; particles with high importance weight might get deleted. Both of these issues are addressed in the approach
by using better proposal distribution and adaptive resampling respectively.
An improved proposal distribution is used in Gmapping, which incorporates both
the trajectory and the recent observation of a robot. To efficiently compute this proposal distribution, a scan matching algorithm is used to compute a meaningful area
of the observation likelihood. Thus sampling is only performed in important regions,
which results in less computation and less number of samples. Scan matching produces an observation likelihood given a map and an initial guess of the robot’s pose.
Moreover, a Gaussian approximation is computed to sample the next generation samples as following:
(i)

µt =

(i)

Σt =

1 K
(i)
(i)
. ∑ x j .p(zt |mt−1 , x j ).p(x j |xt−1 , ut−1 )
η (i) j=1

(6.1)

1 K
(i)
(i)
(i)
(i)
. ∑ p(zt |mt−1 , x j ).p(x j |xt−1 , ut−1 ).(x j − µt )(x j − µt )T
η (i) j=1
η (i) =

K

(i)

(6.2)

(i)

∑ p(zt |mt−1 , x j ).p(x j |xt−1 , ut−1 )

(6.3)

j=1

Where i denotes the i-th particle, K is the total number of samples, η is a normalization factor, µ and Σ are Gaussian parameters representing the mean and variance
respectively.
(i)
The term p(zt |mt−1 , x j ) corresponds to observation likelihood for a given pose and
(i)

a map also referred to as observation model(see chapter 3). Whereas, p(x j |xt−1 , ut−1 )
represents the pose given previous poses and motion commands also referred to as
motion model(see chapter 3).
For each particle i the new weights are computed as following:
(i)

(i)

wt = wt−1 · η (i)

(6.4)

Furthermore, an adaptive resampling approach determines when to resample the
particles. Particles are needed to be resampled since the whole continuous distribution
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is represented by finite numbers of particles. A resampling criterion Ne f f is computed
as following:
Ne f f =

1
∑Ni=1 (w̃(i) )2

(6.5)

where N is the total number of particles and w̃(i) is a normalized weight of i-th particle. The approximation of target distribution, maintained by the particles is measured
in terms of Ne f f . It gives the variance of particle weights; where higher the value of
Ne f f better the approximation of target distribution. Resampling is performed only
when Ne f f < N2 . This reduces the chance of replacing particles with high importance
weight, since resampling is only performed when it is needed.
This introduction of improved proposal distribution and controlled resampling reduce the number of required samples and increase the accuracy of mapping algorithm
respectively. Incorporation of scan matching yields the correction of the pose of robot
before applying the filter, thus the uncertainty in robot pose is reduced and eventually the distribution can be maintained with less number of particles. The complexity
of the resampling step and the rest of steps is O(NM) and O(N); as all the steps of
algorithm except resampling are linearly dependent on N. Where N is the number
of particles and M is the maintained grid map. The resampling step has worst complexity because the whole map carried by a particle needs to be copied. However, in
practice resampling does not occur often due to adaptive resampling criteria.
6.2

Rich 2D Mapping

As mentioned above the Rich 2D mapping is a mapping system which generates
a rich representation of an environment. The rich representation holds not only the
geometrical information which is a typical goal of any conventional mapping system,
but also the degree of hotness in terms of color and the position of object of interest.
The system is implemented on a fire fighting mobile robot (FUMO 2). Where the
environment of operation is any indoor environment which is potentially at fire risk.
The goal of the robot is to gather geometric information, temperature and position of
object of interest and produce the rich 2D map of environment using all these cues.
Furthermore, the map is updated in real time and transmitted it to the robot operator
for rescue operations. The requirements for the system and the design of the robot are
discussed in Chapter 2. In this section the various components of Rich 2D mapping
system are described.
Figure 6.1 shows the flow chart of the whole system, with important components.
Four sensors a) laser range finder b) thermal camera c) regular camera ; and d) odometry collects the data of environment and robot simultaneously. At an instance the
system takes a pose of the robot and the corresponding laser scan, thermal image and
color image.
Object detector takes the color image and detects the object of interest in that image. The object detector is based on cascade of boosted classifiers with Local Binary
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Figure 6.1: Flow chart of the components of Rich 2D mapping system
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patterns as feature set. A detailed description of training the detector and methodology is given in Chapter 5. The object detector gives the sub image which is a bounding
box containing the detected object.
Sensor fusion block consists of two different perspective projections. The first
perspective projection is a transformation of 3D laser points to thermal camera pixels.
Where the second perspective projection is a transformation of 3D laser points to
regular camera pixels. Both of the transformations are computed independently, using
the extrinsic calibration method described in Chapter 4.
Table 6.1 shows the algorithm of fusing the data of sensors using the both computed projection matrices. The input to algorithm consists of both transformation
matrices trans f ormT and trans f ormC for thermal and regular camera respectively
along with the beams of a laser scan beamst (i), thermal image imageTt (u, v) and a sub
0
0
image containing the object boundingBoxt (u , v ) at time t. Where L, width, height,
0
0
width and height are the size of beams, width of thermal image, height of thermal
image, width of bounding box and height of bounding box respectively. Each beam(i)
is projected to thermal camera frame and regular camera frame and corresponding 2D
0
0
pixel coordinates are retrieved. These resulting pixel coordinates u, v and u , v represents the ith beam in thermal camera and regular camera frame respectively. Next, If
the u, v coordinate belongs to the range of thermal image then corresponding intensity or color value at that coordinate in the image is stored otherwise a default color
0
0
value is assigned. In similar manner, u , v coordinate are tested if they belong to the
range of bounding box the index of i − th beam is stored. Finally, the algorithm gives
richVectort which contains the beams, corresponding color values and indexes of the
beams which hit the object of interest at time t.
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Sensor Fusion Algorithm:
0

0

input: trans f ormT , trans f ormC,beamst (i), imageTt (u, v), boundingBoxt (u , v )
where i ∈ [1, 2, ..., L], u ∈ [1, 2, ..., width], v ∈ [1, 2, ..., height],
0
0
0
0
u ∈ [1, 2, ..., width ], v ∈ [1, 2, ..., height ]
for: i = 1, 2, ....., L
u v ← pro j3Dto2D(beam(i),trans f ormT )
0 0
u v ← pro j3Dto2D(beam(i),trans f ormC)
if: u ≤ width && v ≤ height
c[i] ← intensityat(imageT (u, v))
end if
else:
c[i] ← de f aultIntensity
end else
0
0
0
0
if: u ≤ width && v ≤ height
indexArray ← i
end if
end for
output:
richVectort ← beamst , ct , indexArrayt
Table 6.1: Algorithm for sensor fusion.

Next, odometry xt and rich vector richVectort is registered with all the particles.
A particle in rich 2D mapping has a trajectory of robot poses x1:t and an array of rich
vectors richVector1:t . The pose is computed by motion model which takes the motion
commands and previous pose to predict the current pose.
Scan matching takes the pose as an initial guess and maximizes the likelihood of
observation to choose the correct pose. The search is performed in a minimal local
map around the likelihood maxima to reduce the computation complexity.
Finally, map is updated for all particles using the following conditional probability:
p(m(i) | xt , zt )
(6.6)
Where, i represents the ith particle. The posterior over map in Equation 6.6 is equivalent to mapping with known poses [38] and can be computed efficiently since both
the pose xt and observation zt is known.

6.2.1 Map Representation
In this thesis work the rich 2d maps are represented in an occupancy grid map. Such
representation provides mathematical description of an environment in grid, where
each cell of the grid corresponds to certain area of the environment. The size of the
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area of a cell depends upon the chosen resolution of the map. In Gmapping each
cell has the occupancy information which is the probability that the corresponding
region of the environment is occupied or free. Unlike Gmapping each cell in rich 2D
mapping holds two additional types of information of the corresponding region of the
environment i.e color and objectProb. Where color represents the degree of hotness
and objectProb shows how likely the corresponding area of environment contained
the object of interest.
In the Figure 6.1 if the map is required to render and prepared for display the
best particle is chosen and its map is produced. The particle which approximates the
target distribution better than the rest of the particles is considered the best. The map
is updated using the following conditional probability.
p(m | xt , zt , ct , indexArrayt )

(6.7)

Where, xt , zt , ct and indexArrayt are the history of the pose, observation, colors
representing the degree of hotness and laser scan beams hitting the object of interest respectively. Equation 6.7 can be computed analytically in a similar manner like
Equation 6.6.
Table 6.2 shows the algorithm to update the occupancy, temperature and object
probability of each cell of the map. computeActivearea() takes the pose of robot and
observation to compute the submap which contains only those cells which are needed
to be updated. The pose of the robot is transformed in map coordinates to calculate
the corresponding cell cell_R, which represents the robot in the map. For each beam
of the laser scan the corresponding cell cell_current is computed by transforming it to
the map coordinates. All cells between cell_R and cell_current are extracted, which
corresponds to free space of the environment. Next, if the distance value of certain
beam is less then the maximum range of the laser sensor the beam is classified as
hit. Also, if the beam belongs to indexArray and holds a valid color value then the
occupancy, color and object probability of corresponding cell are updated. The final
occupancy, color and object probability of a cell is an average of all the increments
and visits. A cell in the map can occupy more than one beams which could be classified as hit or miss depending upon the distance value hence taking the average value
of all the activities in a cell gives better idea of corresponding area in environment.
As the environment in question is dynamic; this can cause three different scenarios to occur. These scenarios and how rich 2D mapping handles them are discussed
below.
• Geometrics of the environment gets changed: This occurs when a wall or any
other obstacle gets disappeared from the environment. A wall damaged by fire
and may eventually collapsed can change the geometrics of the environment.
Before its disappearance the corresponding cell were always observed occupied
and their occupancy grows. But after collapse the robot reports the area as free,
hence, the occupancy starts to get decreased. As the occupancy value of a cell
corresponds to the average of history of observations, an equally large number
of observations are required to update the cell as free. This issue is handled by
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clamping, where the confidence of occupancy of a cell is bound to a minimum
and maximum threshold. Moreover, the robot registers new sensor readings,
only, if it translates 0.25 meters and rotates 10 degrees. This avoids the robot
to register unnecessary static data.
• Temperature of the environment gets changed: The temperature of the environment can be changed in two cases under fire situation. For example a wall,
initially clear, gets fire or a wall at fire gets free of fire. The algorithm uses
average value of all the past observations to calculate the color or temperature
of a cell. In this case the temperature update is slow and equally large number
of observations are required, to change the color of the cell significantly. As
mentioned above, the criterion of registering sensor readings control this up to
some extent as the readings are registered only if the robot translates or rotates.
Alternatively, this can be handled by using average of N number of most recent
observations or can be bounded with time. For example the information gets
evaporated after a certain threshold of the time. But this might results in the
loss of information.
• Disappearance of object of interest: The object of interest can get disappeared
from the environment. The cells responsible cells holding the object of interest
gets updated similar to the occupancy update. The algorithm uses clamping to
update the cell and remove the object of interest from the map. A threshold of
minimum and maximum value enables to quickly update the map in comparison to the usage of plain average, which will require an equally large number
of observations reporting the disappearance of the object.
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Map update Algorithm:
input: xt , zt , ct , arrayIndext
subMap ← computeActivearea(xt , zt )
cellR ← worldTomap(xt )
for: i = 1, 2, ..., L
cellcurrent ← Select the cell from submap corresponding to xt and zt [i]
cellsList ← Select the line of cells from cellR to cellcurrent
for: j = 1, 2, ..., Size(cellsList)
cellsList[ j].visits + +
if: cellsList[ j].ob ject > 0
cellsList[ j].countOb j + +
end if
end for
if: i ∈ indexArray
cellcurrent .ob ject + +
cellcurrent .countOb j + +
end if
if: zt [i] < maxRange && ct [i] 6= de f aultIntensity
cellcurrent .number + +
cellcurrent .visits + +
cellcurrent .count + +
cellcurrent .color+ = ct [i]
end if
elseif: zt [i] < maxRange && ct [i] ≡ de f aultIntensity
cellcurrent .number + +
cellcurrent .visits + +
end elseif
end for
output:
current .number
cellcurrent .occupancy = cell
cellcurrent .visitis
cellcurrent .colorAvg =

cellcurrent .color
cellcurrent .count

cellcurrent .ob jectProb =

cellcurrent .ob ject
cellcurrent .countOb j

Table 6.2: Algorithm for updating the occupancy, color and objectProb.

6.3

Implementation and Results

This section describes the experimental setup and software environment used for the
implementation and testing of rich 2D mapping system. The system was implemented
on Robot Operating System (ROS) using C++ programming language. Using ROS as
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the implementation platform has various advantages and are discussed in next section
.

6.3.1 Robot Operating System (ROS)
ROS is an open source (BSD) meta operating system, which provides several tools,
libraries, simulators, visualizers and drivers for robotic applications. One of the inherent problem in robotic research is the growing scope of robotics, which limits the
re-usability of the code in different robotic platforms. ROS provides the hardware abstraction layer thus enabling its usage on different robotic platforms. The framework
is based on a graph architecture where a peer-to-peer network of nodes communicate through messages. The nodes and messages refers to processes and data sharing
protocol respectively. In order to develop a robotic application one can pick from the
available stacks and packages to build upon them; thus enables the quick and efficient
reuse of the code in robotic research and development. The stacks in ROS are collections of different stable robotic software packages like Gmapping, sensor drivers and
simulators used in this work.

6.3.2 Experimental Design
The experimental design contained two setups one in simulation and second on real
data. The details of both setups are given below.

Gazebo Simulator
Gazebo is a dynamic multi-robot simulator available in ROS under simulator_gazebo
stack. The simulator provides multiple robots like Pioneer 2 Dx, Videre Erratic,
iRobot create, Turtlebot and PR2 etc simulated in different 3D world scenarios. Moreover, It comes with a XML based language URDF which allow users to create their
own models of robot and world scenarios. The motion control and sensors of robot
can be defined using plug-in module, to interact with environment and objects present
in it.
Trosa facility environment was simulated in Gazebo to test the developed rich 2D
mapping system. A 3D model of the object of interest is placed in the mentioned
environment to test the map augmentation. Trosa facility is an indoor building where
the office of AB-Realistor is located. Moreover, a 3D model of object of interest is
spawned in the environment.
erratic_robot, stack of ROS provides a model of Videre Erratic mobile robot and
plug-ins for control and sensors. The robot is used, in above mentioned environment
for testing the rich 2D mapping system in simulated world. The robot is equipped
with a laser range finder and a color camera having differential drive based motion
controller, gives similar motion model and sensors like FUMO2 a fire fighting assistant robot used in this work.
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In order to map the temperature of the environment a thermal IR camera is required to be mounted on the robot. But, the robot used in the simulation can not be
equipped with this sensor; such a sensor is impossible to simulate. An assumption is
made on the temperature in simulated environment, where the 8-bit image delivered
by visible spectrum camera is considered as the 8-bit image of thermal IR camera
giving the intensities of temperature. Hence, the white color in the environment corresponds to the intensity value 255 is treated as hot.

Real Environment
For real world experiments the system is implemented on FUMO2, fire fighting assitant robot. The central processing unit is on board ADLQMPC computer with Linux
(ubuntu) operating system. The computer has core i3 processor with 4 giga byte of
RAM. Rich 2D mapping system does not use any odometry source for real world
experiments. Rather, a scan matcher algorithm is used for providing the initial guess
of the pose of the robot. The second setup to conduct the experiments in real world
was a table setup. All of three sensors, laser range finder, regular camera and thermal
IR camera was installed on a table mounted with a core i7 laptop with 8 giga byte of
RAM and Linux (ubuntu) operating system. The table setup was providing the similar
behavior of the robot. Three different indoor environments, two corridor like and one
room like, with artificial heat sources placed at random position were used to test the
system and produce map. Both of the corridors and room like environment (AASS
Lab) are located in Teknikhuset building of Örebro University.

6.3.3 Results
As mentioned above, two types of several data sets were recorded and the maps were
produced utilizing rich 2D mapping system to measure the quality of maps. The first
experiment was performed in simulated environment was a scenario based experiment. Initially, the environment with a wall,randomly selected, is simulated as hot by
assigning it white color as discussed in previous section. The environment has two
fire extinguishers placed randomly at two different places. The robot is tele-operated
in the environment to create the map of it. Figure 6.2 shows the rich 2D map and the
corresponding simulated Trosa environment. The wall in the left below corner has
been drawn red by the mapper due to its white color in simulated environment, which
is considered as hot. The remaining walls in the environment has a uniform temperature (same color), hence, drawn with a same cold color by the mapper. The two fire
extinguishers were detected by object detector and are placed in the map utilizing the
algorithm shown in Table 6.2.
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(a)

(b)

(c)

Figure 6.2: Rich 2D map and corresponding simulated Trosa environment at time t; (a) a
thermal map of the intensities, (b) the rich 2D map augmented with objects of interest, (c) the
corresponding simulated environment

Later, at time t + 1, one of the room in the simulated environment has been
brighten by exposing some lights. This exposure of the light on the walls changes their
brightness and eventually results in different intensity values. This setup is equivalent
to the effect of temperature variation described in Section 6.2.1. Figure 6.3 shows
the updated map and corresponding simulated environment. The room in the left top
has been adopted to new temperature, gradually, as it gets change in real world. The
temperature update required an equally large number of sensor readings verifying the
expected behavior discussed in the Section 6.2.1.
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(a)

(b)

(c)

Figure 6.3: Rich 2D map and corresponding simulated Trosa environment at time t + 1; (a)
a thermal map of the intensities, (b) the rich 2D map augmented with objects of interest and
updated color of a room, (c) the corresponding simulated environment, where white boxes in
upper left corner shows the simulated lights

Moreover, As the mapper is capable of detecting multiple instances of the object of interest and adds them in the map, disregarding the prior information of the
position of them in the world. If at time t + 2 the belief of robot gets changed and
previously mapped object gets removed from the environment; this can happen in
real world where the object of interest is removed for example during rescue process,
as discussed in Section 6.2.1 . The mapper should update the map and remove the
object in it. Figure 6.4 gives the updated map where one of the object of interest is
removed from the map since it is no longer available in the corresponding simulated
environment.
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(a)

(b)

(c)

Figure 6.4: Rich 2D map and corresponding simulated Trosa environment at time t + 2; (a) a
thermal map of the intensities, (b) the updated rich 2D map where one of the object is removed
from the map, (c) the corresponding simulated environment, where an instance of object of
interest is removed

Figure 6.5 illustrates the computed map along with the robot path. The blue path
has been reported by the odometry that is the encoder values of the robot. Whereas,
the red path has been reported by the localization of mapper.
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Figure 6.5: Rich 2D map of the Trosa environment at time t with robot path trajectory, the blue
path corresponds to odometry and the red path is reported by localization

Figure 6.6 shows the corresponding rich 2d map of one of the real world experiment conducted at AASS lab . The map is produced using the table setup discussed
in previous section. The table is not equipped with any odometry sensor so the initial
guess of the position of the robot has been acquired using laser range finder and scan
matcher. The center bottom of the map has been drawn red by the mapper. Which corresponds to the artificial target, exposed to hot light for changing its surface temperature in the environment. The black walls depicts the places for which the temperature
is not, yet, discovered by the robot. whereas, the blue color walls corresponds to the
normal cold temperature which is a usual temperature of an indoor environment.
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(a)

(b)

Figure 6.6: Rich 2D map of the AASS lab environment at time t; (a) a thermal map of the
intensities, (b) the center bottom of the map indicates the corresponding artificially hot target,
the temperature of black walls is not yet discovered

Figure 6.7 shows the map of AASS Lab corridor. The test was performed to check
the performance of the mapping system in a corridor like environment, which is typically a challenging environment for mapping systems. This is due to the less features
present in the corridor environment and also different places appear similar in a corridor environment. However, the map produced in this scenario is of good quality with
the hot wall at extreme right corner in the map. In the left corner of the figure the
mapped places beyond the boundary is due to the glass door, where some of the laser
range finder rays gets passed from the glass.
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(a)

(b)

Figure 6.7: Rich 2D map of a corridor at Teknikhuset building at time t; (a) a thermal map of
the intensities, (b) the free spaces beyond the boundaries are result of laser range finder rays
passed through the glass door

Figure 6.8 shows the map of a corridor of Teknikhuset building at Örebro university. The top right corner of the map corresponds to artificial hot target, whereas
the adjacent wall has the mirror like surface which is causing it to appear hot in the
thermal camera. Moreover, the wall at bottom left corner of the map has been drawn
red due to the hot water pipe passing through it.

(a)

(b)

Figure 6.8: Rich 2D map of a corridor at Teknikhuset building at time t; (a) a thermal map
of the intensities, (b) the red drawn wall at the bottom left corner of the map corresponds to
passing by hot water pipe
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A visual inspection of the produced maps suggests that the quality of maps is
good. As the work is build upon Gmapping, so, the underlying localization and map
building is similar to it; it can be suggested that the maps have similar quality as maps
produced by Gmapping. The accuracy of the correct assignment of color representing
the temperature and the true position of object of interest, depends upon the quality
of extrinsic calibration of camera and laser range finder. Hence, the more accurate the
calibration of sensor yields more accurate map in terms of assigned color and object
labels.

Chapter 7

Conclusion
This chapter describes a short summary, discussions, possible future directions and
author’s remarks of the work presented in this thesis.
7.1

Summary

Rich 2D mapping system developed in this project, maps an environment by fusing
the information of different sensors. The system is intended to be used by fire fighters
to investigate any site, potentially at fire risk, and plan a rescue operation. The importance of having a map before having humans enter the site comes from the dangerous
nature of fire and explosive materials present in it.
The work presented in this thesis extends a RBPF based 2D SLAM technique
[20] which produces a 2D occupancy grid map of an environment relying on laser
range finder. A sensor fusion approach is presented to enrich the map with additional
information. The additional information contains a temperature input of the environment perceived by a thermal IR camera and location of the object of interest reported
by a visible spectrum camera based object detector. An object detector that is implemented as a cascade of boosted classifiers [54], using MB-LBP features, detects the
object in real time and report its location. To make use of developed sensor fusion
module an extrinsic calibration method [58] was used to perform the extrinsic calibration of thermal IR camera and laser range finder. To visualize the produced rich 2D
map along with live feed of both the thermal IR and the visible spectrum camera a Qt
based GUI was developed which can be further augmented with other virtual content
for example position and trajectory of the robot. Finally, the system was implemented
on both real robot platform (FUMO2) and in simulation (Gazebo) to test and evaluate
the performance.
7.2

Discussions

The overall system presents an implementation of rich 2D mapping that has been
implemented and tested on a real-world platform and in simulation. Experimental
65
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results prove the successful integration of sensors to provide a rich representation of
the environment. The main advantage of the system is that all the critical information
of the environment is compacted online in a 2D map and is readily available to the
operator screen. The system is flexible and adaptable, hence can be implemented on
other mobile robot. Moreover, it can be extended to incorporate the information of
other sensors (see Section 7.3 for more on this). The system can perform ideally in
any indoor environment having sufficient natural/artificial features with no smoke to
block or deflect the laser rays and enough lighting conditions to detect the object of
interest via visible spectrum camera.
However, one of the limitation in the system arises from the harsh nature of the
environment in question. As the environment can potentially be filled with smoke
which can block or deflect the laser rays and obstruct the view of visible spectrum
camera. In such case the system may fail to produce accurate mapping of the environment and detection of the object of interest.
A second limitation can arise when the robot is exploring an environment which
has not enough features or is an empty space (for example a very big empty parking lot); the scan matching can fail to align the subsequent scans. Gmapping deals
this issue by relying on odometry for the localization and map building. But, the implementation of the rich 2D system on real robot platform lacks the integration of
odometry source. And the initial guess of the position of the robot is acquired from
the laser range finder using scan matching. This lack of the odometry can cause failure
in localization of robot and affects the quality of map badly.
Moreover, the object detector can falsely detect or can miss the object of interest.
This can result in false or no annotation of the map with the object of interest respectively. However, the values for true positive rate and false positive rate of object
detector produced in Chapter 5 suggests low chances of this occurrence. More accurate object detector can be trained taking the observations in to account discussed in
Chapter 5 to reduce the chances of false or miss annotations.
Walls having shiny or reflective surface for example steel or mirrors can reflect
the nearby heat. This effect can cause the system to map that wall as hot, however,
in reality the wall is rather not hot but giving the reflection of hotness. This effect is
illustrated in Figure 6.8.
7.3

Future Work

Extensions of the work presented in this thesis can be divided in two groups.
The first group addresses the extensions to overcome the identified limitations
in the present system. For example integration of high accuracy odometry source
like IMU in the real robot platform can overcome the localization failure in special
scenarios, as discussed in Section 7.2, and can improve the initial guess of the position
of the robot resulting in better quality maps. Next, an extensive testing of the system
in harsh scenarios can be performed to build the confidence that how badly the system
is affected by the smoke. Furthermore, additional sensors such as sonar or radar and
thermal IR camera can be integrated to aid the laser range finder for better localization
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and map building in the presence of smoke. As both of these sensors can see through
the smoke and do not get obstructed with such noise. Sonar integration can also be
helpful in case of mapping the environment having glass doors and windows, where
laser range sensor gets passed through them. This effect is visible in the Figure 6.7.
The second group corresponds to possible extensions by adding more features
to the work. For example the object detector can be trained for other important object categories like victims and hazmat signs indicating the hazardous materials. Another, possible future direction can be integration of different sensors to produce a
richer representation of an environment, beside improving the localization. For instance an integration of Remote Methane Leak Detector (RMLD) can be used to find
the methane gas leakage. Adding this critical information in rich 2D map can give a
meaningful representation of the environment having gas leakage risk.
7.4

Author's Remarks

This thesis provided an opportunity to author to apply complex algorithms in both
simulation and real world settings, integrate developed system with other software
packages into a widely use robotics framework that is ROS and optimizing the algorithms to real time performance. The research work in this stimulating project
exposed the author to build strong understanding of the different fields of robotics
like probabilistic robotics particularly SLAM, computer vision, machine learning and
sensor fusion. The results obtained in the project shows that an impressive mapping
system can be achieved having different aspects of the environment, but still have
enormous challenges posed by uncertainty and harsh nature of the environment. This
research to enable a robot to understand its functioning environment and produce a
representation adds in increasing the intelligence of robot which is an exciting and
much needed area of research today in the field of robotics.
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