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Abstract 
Autonomous navigation systems which operate in unknown or partially known environments 

strongly rely on sensor data to estimate the world state and do action planning. Considering such 

a scenario, the accuracy of the information supplied to the system is vital to make it able to 

operate correctly and safely. 

As a specific field of intelligent systems --in robotic applications-- it is desired to have semantic 

information of the environment for better recognition and navigation. For semantic perception, 

classification of objects into multiple classes is a fundamental requirement. On the other hand, it 

is an error-prone process as a consequence of variability of the scenes a robot may visit. 

However the lack of reliability of the classification step is often ignored or not explicitly 

measured. This problem is disregarded in existing literature. 

This master thesis work introduces a method to include uncertainty in the system. To this 

purpose, first the classifier and the specific dataset using an autonomous robot are created. Then 

the world scene is segmented and this information is projected to the 3D map. Later the 

uncertainty is estimated at different locations of the map. This map can then serve as input for 

variety of tasks such as exploration, active learning and human-robot interaction. Results on 

specific dataset generated using images from environment of TUM Theresienstrasse Campus 

show that uncertainty of classification is higher in misclassified areas. 
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NOMENCLATURE 

Here are the Notations and Abbreviations are listed which are used throughout this study. 

 

 

Notations 

Symbol Description 

N number of superpixels 

P probability 

H entropy 

h uncertainty 

 

Abbreviations 

IURO Interactive Urban Robot 

LIBELAS                   Library for Efficient Large-Scale Stereo Matching 

OpenCV Open Source Computer Vision 

SLAM Simultaneous Localization and Mapping 

DARPA Defense Advanced Research Projects Agency 

GPS Global Positioning System 

SIFT Scale Invariant Feature Transform 

LoG Laplacian of Gaussian 

DoG Difference of Gaussian 

SURF Speeded Up Robust Feature 

BRIEF Binary Robust Independent Elementary Features 

ORB Oriented FAST and Rotated BRIEF 

SLIC Simple Linear Iterative Clustering 

SVM Support Vector Machines 

MRF Markov Random Field 

CRF Conditional Random Field 

LibSVM A library for Support Vector Machines 

CamVid The Cambridge-driving Labeled Video Database      
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1 INTRODUCTION 

In this chapter, the idea behind the thesis topic, the contributions to the existing literature and 

the theoretical methods used for calculations are introduced. 

1.1 Background 

In robotic applications, enabling an autonomous robot to process precisely and safely through a 

dynamic environment is a big challenge among the researchers.  Such intelligent systems always 

need the maximum amount of information about the world they operate in. Mapping and 

segmentation
1
   of scenes are two fundamental requirements of such a process.  In many indoor 

and outdoor  applications, 3D maps together with semantic  knowledge are desired to 

differentiate the world better  and obtain more accurate  information,  however, the accuracy is a 

big challenge in  dynamic environments due to various changes of the scenes in front of the robot 

as a result  of its continuous motion. 

Semantic perception means giving meaning to the data obtained by --in this study-- stereo 

images.  This is done by creating classifier, training it using proper dataset and then classifying 

the new input data into semantic labels using trained classifier such as building, road, sky, etc.  

In this project, the specific training data set is prepared using images from IURO
2
 robot. 

3D mapping is representing the world in 3D formation using the data from stereo images. In this 

work occupancy grid method is used to create 3D map. Here, first disparity image is created 

from stereo data using LIBELAS algorithm (Geiger, Roser and Urtasun, 2010) and then a set of 

3D points is obtained from disparity
3
 using OpenCV library.   Then 3D data is projected to the 

map and represented as grid cells using proper mathematical equations.  In this project, a static 

map is initialized at the beginning of mapping process at desired dimensions specifying robot’s 

initial position as the center of the map. 

Using classification and mapping algorithms, a set of 3D points are produced with semantic label 

information and transposed to 3D map.  Having semantic  map, robot  becomes  able  to  

differentiate  the  world  better   and  navigate  more  precise through  its  environment.   As a 

new approach  to conventional  semantic  mapping, the uncertainty  caused  by  classification is 

included  in the  map  and  grid  cell-specific maps are created to record robot’s position and  

orientation  with  respect  to individual cells. These concepts are explained in 1.2 Thesis 

Contribution section in more detail. 

1.2 Thesis Contribution 

There are three main contributions of this work to existing literature. 

1.2.1 Propagating Uncertainty Data to the Map 

For semantic recognition, classification of the scene is needed.  In this study, because the robot 

has continuous motion, classification becomes error prone due to dynamical change of the world 

in front of robot.  Normally a class which gives highest result for a point is assigned as that 

point’s label. 

                                                 
1
 Image segmentation is the partition of an image into a set of nonoverlapping regions which are meaningful with 

respect to a particular application and whose union is the entire image. 
2
 http://www.iuro-project.eu/ 

3
 Disparity is known as differences between right and left images in stereo system. 

http://www.iuro-project.eu/
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Here one-vs-all type classification method is used, hence multiple classifier results are obtained 

for a single point.  Instead of taking the one giving highest result, all probabilities are kept for a 

point which enables to make more accurate predictions.  After creating 3D map, cell
4
 probability 

distribution is calculated from multiple observations.  Then the probability distribution is 

calibrated and uncertainty is calculated using entropy method.   Using this information robot 

becomes able to recognize the parts that it is not strongly sure about what exists there. 

1.2.2 Grid Cell Map 

For all grid cells in the map, a map for each of them is specified and a range is initialized.  Doing 

this, the position and orientation information of the robot are obtained according to the cells for 

which robot falls into their map. 

Later on using this  information,  for a specific cell, if the  cell is in uncertain  area of the robot  

map  and if the robot decides to visit there,  then  all cell maps in that  specific area can be 

checked and the robot can be led to visit that uncertain  part from different paths, so perspectives. 

1.2.3 Target Point Decision 

In the semantic 3D map, the information about current robot position, uncertainty and cell map 

are known. The robot’s purpose is to understand its environment better exploring the highly 

uncertain areas.  Since there are multiple uncertain parts in the map, a route plan should be done. 

To this purpose for all uncertain parts a value is calculated showing how interesting those parts 

for robot to visit first using the below equation as; 

                        

(1) 

where 

 

 Cr is robot position 

 Cti   is target cell i position  

 di is distance  to cell i 

 θi is orientation  of the target  cell i according to robot 

 Vi is interest value of cell i for robot to visit. 

 

In the map, we have multiple uncertain areas.   Using V values, robot will decide where to go 

first using priority order among multiple targets. 

1.3 Method 

In this  part,   the  theoretical  explanation  of  the  methods  used  in implementation  are  

explained.   The topics are in turn features, superpixels, classification and probability analysis in 

computer vision. 

1.3.1 Image Features 

In computer vision image features are the information source that can be gathered about an 

image to execute some computational task for an application.  As examples of features, edges or 

boundaries of an object, corners of structures, motion, etc. can be specified.  In other  words the 

                                                 
4
 A cell is said to be the smallest unit volume that the world is represented as consisting of cells in grid structure. 
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features of an image are the  points  or regions where there  is a certain  change either  in color or  

shape,  thereby information can be extracted observing changes. 

The feature concept is very general and the choice of features can vary depending on the 

application.  Generally many computer  vision algorithm  initially starts  with extracting  features 

from images and then processing the rest of the algorithm,  thence computer  vision algorithms  

highly depend on how the features  are provided to the rest of the algorithm. 

As mentioned, an image feature can be obtained in different forms such as edge, corner or color 

information.  Since the way of extracting features is critical for corresponding applications, 

sometimes more detailed features might be needed which results in higher computational cost. 

Sometimes it might not be enough to have one type of feature to get relevant information.  In 

such cases more than one feature can be extracted resulting in more feature descriptors.    The 

common way to follow is to merge different descriptors belonging one specific point and create 

one feature vector. At the end all feature vectors creates corresponding feature space. 

Feature descriptors constitute the base of many computer vision applications such as object 

recognition, 3D reconstruction, and image retrieval and so on. There are different ways of 

extracting features from a point.  Some common methods are explained below. 

1.3.1.1  SIFT Features 

The SIFT  feature  algorithm  is first introduced  by David G. Lowe (Lowe, 2004) which is also 

the  most common feature  extraction  algorithm  in today’s computer  vision algorithms.  

Basically the SIFT algorithm consists of the following steps; 

 

 Constructing a scale space 

 LoG Approximation 

 Finding keypoints 

 Eliminate edges and low contrast regions 

 Assigning an orientation to keypoints 

 Generating SIFT features 

Constructing a Scale Space 

The objects exist in many scales in the nature.   For example, chameleons change their color 

according to environment to be unrecognizable in the nature.  This multi scale nature of the 

objects is quite common in nature.  Scale space property of SIFT algorithm takes this effect into 

account. 

Sometimes the details in an image are not needed. The way to get rid of the details is blurring the 

image. Doing this, scale space representation of the image is created. In SIFT algorithm, the 

image is taken and the blurred images are created out of it.  Then the image is resized to half size 

and the blurring is done again.   This is repeated as much as desired times.   The suggested value 

by the creator of the SIFT blurring a certain size image 5 times and reducing the size of the 

image 4 times.  Technically, the group of images having same size is called octave and at each 

octave there are 5 blur levels (Figure 1). 

In more detail, blurring refers to convolution of the Gaussian operator and the image. Gaussian 

blur has a particular expression applied to each pixel which results in blurred image. That is; 

                          

(2) 
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where 

 L is a blurred image 

 G is the Gaussian blur operator 

 I is an image 

 x, y are the location coordinates 

 σ is the scale parameter. Can be thought as the amount of the blur. 

 * sign means the convolution operation.  It applies Gaussian blur onto I. 

         
 

   
  

        
    

(3) 

Laplacian of Gaussian Approximation 

In the Laplacian of Gaussian phase, an image is taken and blurred.  Then the second order 

derivative is calculated on the blurred image. This operation locates the edges and corners on the 

image. Those locations are utilized for finding keypoints
5
.  Normally the second order derivative 

is sensitive to noise, yet the blurring operation smoothes the noise out. 

To generate LoG images quickly, the scale space is used. The difference between two 

consecutive scales is calculated. 

This operation is called DoG (Difference of Gaussian).  The result of DoG operation; 

 

Figure 1. Difference of Gaussian (Sinha, 2010) 

Figure 1 is almost equal to those of Laplacian of Gaussian.  It saves an important amount of 

computational cost.  This approach makes the algorithm scale invariant. 

Finding Keypoints 

The next process in the SIFT algorithm is to find the locations of the keypoints. There are two 

steps to do; 

1. Locate maximum/minimum in DoG images 

2. Find subpixel maximum/minimum 

 

                                                 
5
 Keypoints are the interesting points in an image to extract data about the image. 
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The first step is locating maximum and minimum.   Here iteration is done through each pixel and 

all its neighbors are checked.  This check is done including current, below and above images. 

 

Figure 2. Keypoint Selection (Sinha, 2010) 

In Figure 2 X sign shows the current pixel and the colored circles show the neighbors. Using this 

method 26 checks are done.  If the marked pixel is the greatest or the least of those 26 neighbors 

then it is taken as a keypoint.  After this process, approximate maximum and minimum are 

decided.   One more operation is needed  to find exact maximum  and minimum,  since pure 

maximum  and  minimum points  do not lie exactly  on a pixel, it is somewhere between two  

pixels.  This is done by using Taylor expansion of the image around the approximate keypoint. 

The author of SIFT recommends having two images having maximum and minimum points.  

Therefore 4 DoG images are needed so 5 Gaussian blurred images in each octave. 

Eliminate edges and low contrast regions 

In the previous step lots of keypoints are produced.  Among these keypoints, some of them have 

low contrasts; some are on the edges and etc.  Such keypoints are not beneficial to extract 

features.  Therefore debugging is required. 

For the contrast, a threshold value is specified and the keypoints having contrast less than the 

threshold value are eliminated. It should be kept in mind that some keypoints are found using 

Taylor expansion, hence contrasts of those keypoints should be found using Taylor expansion as 

well. 

For the edges, a check is done for a specific keypoint in the image around it if it is a flat region 

or an edge or a corner.  This will be done by calculating the gradient at the keypoint in vertical 

and horizontal directions.   For the corners, both gradients will be high so we keep the corners as 

keypoints and disregard the others.   This method is very close to Harris corner detector (Harris 

and Stephens, 1988). 

Assigning keypoint orientation 

For this operation, different gradient directions and magnitudes are calculated around each 

keypoint.  Then the most noticeable orientation is taken and assigned to the keypoint.  The 

subsequent calculations are done according to this orientation, therefore rotation invariance is 

obtained. 

Gradient magnitudes and orientations are calculated using; 
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(4) 

and 

                                                        

(5) 

The magnitude and the orientation are calculated for all pixels around the keypoint. Then a 

histogram is created. 

In this histogram, the 360 degrees of orientation are broken into 36 bins (each 10 degrees).   As 

an example, if we assume the orientation of a point is 17 degrees, then it will add 1 to the 10-19 

degrees bin.  Doing this for all pixels, there will be peak at some point.   Then the bin number of 

the peak orientation is assigned to the keypoint.  If there observed some other high values close 

to the peak, then other keypoints are created having the orientation of corresponding bin number. 

Generating SIFT features 

In this phase, the aim is to create a very unique pattern for the keypoints.  To do this, a 16x16 

frame is used around a keypoint.  Then this frame is separated into sixteen 4x4 frames (Figure 3). 

Within each 4x4 frame, gradient magnitudes and orientations are calculated, then the orientations 

are put into an 8 bin histogram.  The orientation values lies between 0-44 degrees adds to the 

first bin.  This is done for all orientations. 

In this operation the value added to the histogram bin depends also in the distance from the 

keypoint meaning that the gradients which are further from the keypoint will add smaller values 

to the histogram.   The effect of distance is supplied using ’Gaussian weighing function’. 

 

Figure 3. Feature Vector Calculation (Sinha, 2010) 

Doing this for all pixels in 4x4 frame, the histogram of 8 bins is created.  This is done for all 

sixteen 4x4 frames and sixteen times 8 bin histograms are provided.  Then for a specific 

keypoint, all those histograms are merged and normalized.   This 128 element vector is called 

feature vector. 

1.3.1.2 SURF Features 

SURF feature detector (Bay, Tuytelaars and Van Gool, 2006) is partly inspired by SIFT detector. 

The standard version of it is several times faster than SIFT.  The aim of SURF detector  is to 

create a detector  and descriptor which is fast, repeatable  and distinctive  while at the same time  

keeping the  performance  good  compared  to  other  state-of-the  art  methods. The SURF 

algorithm focuses more on scale and image rotation invariance.  The detector of the SURF 
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algorithm is Hessian matrix
6
 (Mikolajczyk and Schmid, 2001).  It relies on integral images to 

reduce the computation time. The descriptor describes a distribution of Haar-wavelet
7
 responses 

within the interest point neighborhood.  Here 64 dimensions are used which is half of SIFT 

algorithm to reduce the time for feature computation and matching and to increase the 

robustness. 

For the integral images
8
, they allow the fast implementation of box type convolution filters

9
.  

The entry of an integral image IΣ(x) at a location x=(x, y) represents the sum of all pixels in the 

input image I of a rectangular region formed by the point x and the origin, IΣ (x) = ∑∑ (i, j). 

With  IΣ calculated,  it only takes four additions to calculate  the sum of the intensities  over any 

upright,  rectangular area,  independent of its size. 

When compared to SIFT, this algorithm is less time consuming better in scale and image rotation 

invariance.  On the other hand, SIFT is better in large scale analysis, viewpoint and illumination 

invariance.   In addition, SIFT detects more keypoints for a certain size of an image. 

1.3.1.3 BRIEF and ORB Feature Descriptors 

In recent years there many researches have been done due to need of having feature extraction 

algorithm which is fast to compute and match, computationally limited and memory efficient. 

One way of doing this is using binary features as well as short descriptors. 

BRIEF(Binary Robust  Independent Elementary  Features) is a method  which uses binary  

strings
10

  as feature  point  descriptor (Calonder, Lepetit and Fua, 2010)  that  is basically 

inspired by the work of (Ozuysal, Calonder, Lepetit and Fua, 2010).  Instead of first getting full 

descriptor and further processing it to decrease computational cost, in BRIEF method this 

process is done directly from image patches to get binary strings.  In addition, in this method the 

descriptor similarity is calculated using Hamming distance
11

 instead of common Euclidean 

distance which affects the computational efficiency vitally. 

ORB (Oriented FAST and Rotated BRIEF) is another method which uses binary descriptor.  This 

method is created based on (Calonder, Lepetit and Fua, 2010) and it is rotation invariant, 

resistant to noise and able to supply real time performance.  It is commonly used in image-

matching applications.   For the keypoint detection FAST method (Rosten and Drummond, 

2006) is used.  The distinctive properties in this method are; 

 The addition of a fast and accurate orientation component to FAST 

 The efficient computation of oriented BRIEF features 

 Analysis of variance and correlation of oriented BRIEF features 

 A learning method for de-correlating BRIEF features under rotational invariance, leading to 

better performance in nearest-neighbor applications 

1.3.2 Superpixels 

In computer  vision  and  image  processing,  segmenting  digital  images  into  small groups of 

pixels  is called superpixeling which has become popular  in applications.  The aim of this 

process is to simplify and change the representation of a digital image into another form which is 

more meaningful and easier to analyze.  Basically the purpose of image segmentation is to 

                                                 
6
 http://en.wikipedia.org/wiki/Hessian_matrix 

7
 http://en.wikipedia.org/wiki/Haar-like_features 

8
 http://en.wikipedia.org/wiki/Integral_image 

9
 An average-of-surrounding pixel kind of image filtering 

10
 The individual bits are obtained by comparing the intensities of pairs of points along the same lines 

11
 http://en.wikipedia.org/wiki/Hamming_distance 

http://en.wikipedia.org/wiki/Hessian_matrix
http://en.wikipedia.org/wiki/Haar-like_features
http://en.wikipedia.org/wiki/Integral_image
http://en.wikipedia.org/wiki/Hamming_distance
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declare the labels of pixels and gathering the one having same labels. Recently this is done by 

labeling the superpixels rather than pixels. 

There are some state-of-the-art algorithms which partition a digital image into superpixels.  

These are SLIC (Simple Linear Iterative Clustering) (Achanta et al., 2010), the Normalized cuts 

algorithm (Shi and Malik, 1997), Felzenszwalb and Huttenlocher (Felzenszwalb and 

Huttenlocher, 2004), Quick shift (Vedaldi and Soatto, 2008), Veksler et al. (Veksler, Boykov and 

Mehrani, 2010) and the Turbopixel method (Levinshtein et al., 2009). 

These methods are separated as graph-based and gradient-ascent-based algorithms.  In 

Normalized cuts algorithm (Shi and Malik, 1997) --graph-based-- all pixels in an image are 

processed recursively and a segmented graph is created.   The graph consists of regular and 

visually convincing superpixels.  In Felzenszwalb and Huttenlocher’s method (Felzenszwalb and 

Huttenlocher, 2004) --graph-based-- an accumulative clustering of pixels are done as different 

nodes on a graph.   This method produces superpixels with irregular sizes and shapes. In addition 

it does not have control over the number of superpixels.   In Quick shift algorithm (Vedaldi and 

Soatto, 2008) --gradient-ascent-based-- mode-seeking segmentation is used.   The segmentation 

is initialized using a medoid shift procedure and then each point in the feature space is moved to 

the nearest neighbour. This method does not have control over the size and number of 

superpixels as well. In Veksler’s method (Veksler, Boykov and Mehrani, 2010) --graph-based-- 

the overlapping image patches are analyzed and the image is separated into superpixels in such a 

way that each pixels belongs to merely one of the over- lapping regions.  In Turbopixel method 

(Levinshtein et al., 2009) --gradient-ascent-based-- level-set based geometric flow is used. The 

geometric flow depends on local image gradients, aiming to regularly distribute superpixels on 

the image plane.   This algorithm is dramatically slow compared to the others.  SLIC algorithm 

(Achanta et al., 2010) which is the most desired one among these methods will be explained in 

detail in the following section. 

1.3.2.1 SLIC Algorithm 

In the SLIC algorithm, a local clustering of pixels is performed in 5D space defined by L, a, b 

values of the CIELAB color space
12

 and x, y coordinates of the pixels. In one side the maximum 

possible distance between two colors is limited.  On the other side the maximum possible 

distance between coordinates of two points depends on the image size. Therefore, here applying 

Euclidean distance is not easy due to possibility of pixel distance being larger than color distance 

limit.  To do that, another distance measure is introduced utilizing superpixel size. Using this 

way, color similarity and pixel closeness is stressed resulting in almost equal superpixel sizes. 

In SLIC algorithm the input is desired superpixel number.  If the superpixel number is assumed 

as N, the  width  of the  image as w and the  height of the  image as h, then  the approximate 

single superpixel area is found as Area = w * h/N . 

In this algorithm, first the initialization of the cluster centers is done. Here N number of cluster 

center is sampled.  Then a gradient search is done at 3x3 grid around each cluster center.  Then 

the cluster center is moved to lowest gradient position to avoid being along an edge or noisy.  

After this operation each pixel in the image is processed and associated with the closest cluster 

center.  After assigning all pixel to a center, the location of each cluster center is updated taking 

average of all pixels belonging to same cluster and assigning the result as new center location to 

the corresponding center.   Depending on a threshold value, this updating process is done 

iteratively until satisfying the condition.   The good side of this method is that it converges 

rapidly. 

                                                 
12

 https://en.wikipedia.org/wiki/Lab_color_space 

https://en.wikipedia.org/wiki/Lab_color_space
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1.3.3 Classification 

In computer vision or image processing, giving a meaning to a newly observed data is called 

classification. On the other hand, to be able to make a decision about a new data somehow a 

preknowledge or a system doing it is needed.  This system is called classifier. The data that used 

to generate classifier is called training data. 

In computer vision there are two types of data; in one type there are just some kind of input data, 

however their output are not known. Therefore processing this kind of data and creating a 

classifier is called unsupervised learning. On the other hand, there are again some kind of input 

data but this time the outputs of them are known, hence this kind of data processing and creating 

classifier is called supervised learning. 

There are two types of classification; binary classification and multiclass classification.  In 

binary classification, a new observation is specified whether it has a property or not.  For 

instance; assuming data from two people one has a cancer and the other is healthy is obtained.   

Depending on these data sets, the binary classifier is created.  Then when a new data from a 

patient is arrived and asked to be analyzed, it is tested with our classifier and said if that patient 

has cancer or not.  In multiclass classification, a new data is assigned into one of more than two 

classes. For instance; assuming data from an image set is known which consists of n different 

objects.  According to those data the multiclass classifier is created and when a new image is 

tested labels are assigned to the objects in the test image using the classifier. There are different 

algorithms to create a classifier from a dataset. The common ones can be listed as; 

 Linear Classifiers  

o Logistic Regression  

o Naive Bayes Classifier 

 SVM(Support  Vector Machines) 

 Kernel Estimation 

 Decision Trees 

 Neural Networks 

 Bayesian Networks 

 Hidden Markov Models 

The SVM classifier (Chang and Lin, 2011) which is used in this thesis work will be explained in 

detail in the following section. 

1.3.3.1 SVM 

Support  Vector Machines (Cortes and Vapnik, 1995) is a kind of supervised learning model and 

large-margin  classifier  that it  is a  vector-based  algorithm  aiming  to  create  a  decision 

boundary  between two classes.  Given a set of training examples where each of them marked as 

belonging to one of two categories, a SVM algorithm generates a model that assigns new 

examples into one category or the other.   It basically takes the training data, processes it to 

create its patterns and then uses for classification of new observations. 

To make the classification, a support vector machine first constitutes a hyperplane or set of 

hyperplanes for separating the data Figure 4. Then a good separation is obtained choosing the 

hyperplane which has the largest distance to the nearest training data point of any class (The 

hyperplane shown as red in Figure 4).  Generally larger distances produce lower classification 

errors. 
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During separation phase of the training data, it is now always the case to do it using linear 

separation.  In this case original space of training data is moved into a higher dimensional space 

where the separation can be done easier.   To be able to have this translation without incresing 

the computational load, there a kernel function K(x, y) is introduced using the variables in the 

original space to fix the problem. The points x in the feature space that are mapped into the 

hyperplane are defined using the equation ∑i αi K (xi, x) = constant where αi  is defined as the 

parameters of the image. 

 

 

Figure 4. Hyperplane Construction (Support Vector Machine, 2012) 

The purpose of SVM is to decide to which class a new data will be assigned. In this case a data 

point is represented  as a n-dimensional vector and what  is tried  to find is to know if the training  

data can be separated  comprising such data  points  with (n-1)-dimensional hyperplanes.   This 

system is called linear classifier. As mentioned, initially there many hyperplanes are generated 

and at the end the one having largest margin is chosen with the nearest data point.  This 

hyperplane is called maximum-margin hyperplane and the classifier produces it is called 

maximum-margin classifier. 

Linear Classification 

For linear SVM, the training data consisting m data points is represented as; 

                                   
  

(6) 

where D is the training data,  yi  is the  corresponding class label of input  xi  where xi  is n-

dimensional  real vector.   The purpose is to find the hyperplane with the maximum margin 

separating the data having labels either -1 or +1.  A hyperplane can be represented as set of 

points x satisfying the equation 

         

(7) 

where b is the offset and w is the normal vector of the hyperplane.  Here 
 

     
 represents the offset 

of the hyperplane from the origin along the normal vector w. 
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If input data points are linearly separable, two hyperplanes can be specified in such a way that 

they separate the data and there no point exists between them.  Then the purpose is to maximize 

the distance between these two hyperplanes which will be the margin. 

The hyperplanes can be represented as 

         

(8) 

and 

         

(9) 

Geometrically the distance between these hyperplanes is 
 

     
  (eq. 6).  In this case we want to 

minimize ||w|| to get the highest margin.   To avoid the data points lie in the margin, the 

following equations are specified for each data point as 

                                     

(10) 

and 

                                     

(11) 

 

Figure 5. Maximum Separation of Data (Support Vector Machine, 2012) 

The equations 10 and 11 can be united as 

                            

(12) 

Here the optimization of the above equation is not easy since the norm of the normal vector 

includes square root. Without changing the above equation, ||w|| is substituted with ||w||
2
 and 
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multiplied by 1/2 for mathematical convenience. Adding Lagrange multipliers (for finding local 

maxima and minima of a function) α to the equation, the following equation is manipulated as 

              
 

 
                        

 

   

  

(13) 

Soft margin classification 

If there  are some points which does not belong to a category in the training  data i.e. if training 

data  is not linearly separable,  the normal  way is to allow some false decisions which results  in 

cost  of misclassified examples.   If there no hyperplane exists to separate all examples, the Soft 

margin will define one which partitions the data as clean as possible while keeping maximizing 

the distance to the nearest data point.   In this  method  slack variables  ξi  -non-zero value of  ξi  

allows data  point  xi to miss the margin requirement  at some cost proportional  to its value - are 

used in order to measure the amount of misclassification of the data  xi  as 

                           

(14) 

In linear SVM, we substituted the norm of normal vector with taking its square and dividing by 

two.  Now, we introduce additional term to previous substitution which penalizes non-zero ξi. 

Then eq. 13 becomes 

                
 

 
           

 

   

                           

 

   

 

   

  

(15) 

Multiclass SVM 

Naturally SVMs are two-class classifiers. However, multiclass classifiers can be generated using 

SVM in different ways. 

One way of doing multiclass classification is using one-vs-all method.  In this scenario, the 

following operations are applied in turn 

 Generating  an Abbreviated  description classifier for each class where training  data is 

prepared in  such  a  manner  that   we give positive  labels  to  the  points belonging to 

associated  class and negative labels to the rest, 

 Using the above method,  binary  classifiers are generated for all classes, 

 Having the test  data,  all classifiers are applied to the test  data  separately, 

 Then the labels are assigned to the test data comparing the results of all classifiers utilizing 

either 

the maximum score, 

the maximum confidence value or  

the maximum probability. 

The other way of doing that is to use one-vs-one method.  In this method, again binary classifiers 

are created for all different classes.  The strategy here depends on the voting system.  A new data 

is observed with all classifiers where each classifier votes to the assigned class. At the end the 

data is labeled with most voted class. 
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Nonlinear Classification 

Up to now, linear classification is analyzed where the training data is linearly separable.  On the 

other hand, there are also situations where linear separation cannot be applied.  In such situation, 

the procedure is to map the original feature space to higher-dimensional space where linear 

separation becomes possible.  This mapping operation is called kernel trick. 

Basically linear SVM depends on a dot product between data point vectors. In  non-linear  SVM,  

this  dot  product  is replaced  by  a  non-linear  kernel  function  which provides the maximum-

margin hyperplane  in the mapped space. 

In the context of functional analysis, kernel functions sometimes referred to as Mercel kernels 

due to the fact that they have to satisfy Mercer’s condition which is for any g(x) such that 

∫g(x)
2
dx is finite, we should satisfy 

                      

(16) 

A kernel function K must be continuous, symmetric and have a positive definite matrix.   Such 

kernel function  means  that  there  exists a mapping  to a reproducing kernel Hilbert  space --a  

Hilbert  space is a vector  space closed under  dot products-- such that  the dot product  there  

gives the  same value as the kernel function.   The common kernel functions are 

 Polynomial homogeneous specified as 

                 
 

 

(17) 

 Polynomial inhomogeneous specified as 

                   
 

 

(18) 

 Gaussian radial basis function specified as 

                          
 

  

(19) 

 

 Hyperbolic tangent specified as 

                         

(20) 

1.3.4  Probability Analysis in Computer Vision 

In computer vision or image processing applications, depending on the data that is collected 

about the world some decisions are made in the algorithms.  For this purpose sometimes the 

algorithm tries segmentation of the objects, sometimes works for 3D construction of outdoor 

scene and so on.  Naturally there is no idea about the future.  The only thing can be done is to 

make some predictions based on the previous knowledge.  Therefore the same logic is applied on 

the devices where the algorithms are applied such as robots or autonomous devices. 

Inherently the existing knowledge about the future totally depends on what is observed in the 

past.  Hence, in mobile systems the predictions are done about the future depending on the 

preknowledge and based on that some actions are taken such as walking, stopping, turning and 

etc.  At this point probabilistic methods are used in order to do some predictions about the future.  

Those predictions can be made using all the data gathered from beginning up to now, however in 
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mobile systems which are running on processors this process would cause huge amount of 

computational cost which are not applicable on real time systems. 

Regarding the problem above, there are common probabilistic models which solve this problem 

using different algorithms. 

1.3.4.1 Conditional Independence 

To explain conditional independence, it is better to first mention about the conditional 

probability. 

Conditional Probability 

In probabilistic analysis, it is studied to get how likely an event is to happen or how likely a 

specific result is obtained from an experiment. 

Assuming there is a variable x, if x represents a quantity which is uncertain, x is called a random 

variable.  This variable can be various things such as the result of rolling dice or a measurement 

of a physical property.   If different values of x are observed, then it means it can take different 

values in different situations.   Some observations might be captured more than other 

spontaneously.  This variability of x is stored using probability distribution of x and shown as 

P(x). Here the observations can be discrete --e.g.  flipping a coin-- or continuous --e.g.  time 

taken for an action  to happen. 

Supposing there are two random variables i.e. two different observations.  If both results are 

observed, then it is seen that some pair of (x, y) happens more than the others. In this case, this 

information is analyzed with joint probability of variables x and y and shown as P(x, y).  Having 

probability distribution P(x, y), the distribution of single variables can be extracted -P(x) and 

P(y) - from joint distribution by integrating over all the other variables.   This process is called 

marginalization.  For instance, assuming x and y are both continuous variables and P(x, y) is 

known. Then we find P(x) and P (y) as 

                                                             

(21) 

P(x) and P(y) are called marginal distributions. 

Then conditional probability of variable  x given variable  y equals to y* explains the capacity  of 

variables x to take different values for variable  y is fixed to y = y*. Here the probability of x 

conditioned on y is shown as P(x|y = y*). Here what is done is that the specific moment of P(x, 

y) is observed when y = y*. 

Particularly the conditional probability  P(x|y = y*) can be extracted from joint distribution.  As 

general rule in probability, sum of all probabilities is equal to 1.  In this  specific case, if the  

conditional  probability is obtained from joint  distribution, it cannot  sum up  to  one because it 

is a part  of the  whole distribution.  Therefore to calculate the conditional probability 

distribution, normalization is done using total probability and eq.21 as 

           
         

            
  

         

       
  

(22) 

More compactly, eq.22 can be written as 
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(23) 

which generates 

                   

(24) 

or symmetrically 

                  

(25) 

Conditional Independence 

If existence of variable x has no effect on variable y or vice versa i.e. if one variable provides no 

extra information about the other variable, then x and y are said to be independent which can be 

represented as 

                                           

(26) 

If this knowledge is substituted into eq.24 or eq.25 we get 

                                      

(27) 

Regarding more than two variables, this kind of independence relations becomes more complex.  

As an example, assuming x1, x2 and x3 are different variables, x1 is considered as conditionally 

independent of variable x3 give variable x2 when x1 and x3   are independent for fixed x2. This 

context can be formulated as 

                     

(28) 

                     

(29) 

Both above equations can be written using symmetrical property of conditional independence. 

Joint distribution can be written in terms of products of conditional probabilities as 

                                     

(30) 

                                         

(31) 

Here what is observed in conditional independence relation is that joint probability distribution 

can be explained in some other specific way. This operation shows that the distribution can be 

described with less parameters which contributes a lot when working with models including 

huge numbers of variables. 

1.3.4.2 Bayesian Network 

In equations 24 and 25, the joint probability P(x, y) is defined in different ways. Since both 

equations are equal it can be written as 
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(32) 

If the above equation is arranged as 

        
          

    
 

(33) 

              
          

         
 

(34) 

                       
          

             
 

(35) 

In eq.34 and eq.35 the previous denominator is improved using marginal and conditional 

probability, respectively. Those equations are known as Bayes’ rule. According to Bayes’ rule, 

the term P(y|x) is posterior, P(y) is prior, P(x|y) is likelihood and P(x) is evidence. 

 

Figure 6. Sample Bayesian Representation (Bayesian Network, 2012) 

A Bayesian  network (Figure 6) is known as a probabilistic  graphical  model where a set of 

random  variables  and  their  conditional  independencies  are represented  using a directed 

acyclic graph.  Bayesian networks are graphical representations where the nodes represent the 

random variables based on Bayes’ rule mentioned above. Edges represent the conditional 

dependencies where no connection means the conditional independency.  Each node represents a 

probability function which takes input from its parent node variables and outputs the probability 

of the variable represented by itself. 

1.3.4.3 Markov Random Field 

Up to now, Conditional Independence and Bayesian Network are studied which are both 

graphical models i.e. structured as chains or trees.  In this model, grid structure will be studied.  

Here the models are considered where each pixel of an image is assigned with a label. In other 

words graphical models are analyzed in which each label has a direct probabilistic connection to 

each of its neighbors. 

MRFs are similar to Bayesian networks.  Bayesian networks are directed and acyclic graphs, on 

the other hand MRFs are undirected and may be cyclic (Figure 7).  Therefore MRFs can 

represent cyclic dependencies where it not possible with Bayesian networks. 

A Markov Random Field can be described by 

 A set of sites S = 1, ..., N. These will correspond to the N pixel locations. 

 A set of random variables wn
N

n =1 associated with each of the sites. 
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 A set of neighbors Nn
N

n  at each of N sites. 

To represent a Markov random field, the variables should have Markov property defined as 

                       
(36) 

Eq.36 shows that the model should be conditionally independent of all the other variables given 

its neighbors.  A Markov Random Field can be represented as an undirected model which 

describes the joint probability of the variables as products of potential functions as 

      
 

 
        

 

 

   

 

(37) 

where φj [•]  is the j
th

  potential  function and always returns  a non-negative  value. This  value  

depends  on the  state  of the  subset  of variables  Cj ⊂{1, ..., N }.   The variable Z is called as 

partition function and it is a normalizing constant specifying the result is a valid probability 

distribution. 

When the probability distribution is positive, it is also referred as Gibbs Random Field 

 

Figure 7. Markov Random Field (Markov Random Field, 2012) 

which can be represented as 

      
 

 
             

 

 

   

  

 

(38) 

where ψ[•] = −log [ϕ [•]] is the cost function resulting  either  negative or positive. 

Conditional Random Field 

Conditional Random Fields are another model applied in computer vision. The distinctive 

property of CRFs is that they can take context into consideration. 
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CRFs are undirected probabilistic graphical model.  They are used to define known relationships 

between observations in a specific way and construct invariable representations.  They are very 

often used in computer vision for data labeling. 

 P(w) is described in Markov Random  Fields.  The joint probability P(w, x) can also be 

described with the undirected model as 

        
 

 
                      

  

  

(39) 

where the functions ψ[•] encourage the certain  configurations  of the label field and the  

functions  ζ [•, •] encourage agreement between the  data  and  the  label field.  If the data is 

conditioned, the relation P(w|x) ∝  P(w, x) can be used to get 

        
 

  
                      

  

  

(40) 

where Z2  = Z/P(x).  This model in eq.40 is known as Conditional Random Field. 
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2  FRAME OF REFERENCE 

3D mapping in mobile robotic systems has been studied since 1980s. This has become popular 

after combining the mechanical knowledge with artificial intelligence context in real world 

applications.   The desire for the mobile robots became more explicit due to need of reducing 

human effort in exhaustive tasks as well as avoiding human existence in dangerous tasks such as 

military purposes in unsafe areas or mine navigation.  Some examples of these works are indoor 

mapping (Lu and Milios, 1997), cleanup in nuclear facilities (Grinstead et al., 2004), industrial 

inspection (Granosik and Borenstein, 2005), mine navigation (Morris et al., 2005) and so on. 

At the beginning of 1990s researchers focused more on design of mechanical systems for mobile 

systems being able to work with sensors. Then mapping algorithms raised as in occupancy grid 

mapping (Elfes, 1990) or topological map building (Kuipers and Byun, 1991). These maps were 

in 2D. After improvement in 2D maps, probabilistic methods were used in mapping algorithms.  

The paper by Smith et al. (Smith, Self and Cheeseman, 1990) introduced a method to solve the 

mapping problem simultaneously and to localize the robot relative to its own map which is 

known as SLAM. 

With the easier availability of laser sensors and cheap cameras, 3D mapping became more 

feasible (Cole and Newman, 2006).  Then this mapping moved to large scale applications in 

(Zhao, Nister and Hsu, 2004) and (Zhao and Shibasaki, 2001). Based  on the enhancements  in 

mapping  together  with laser and  GPS  data,  several cars operated  autonomously  in DARPA  

Grand  Challenge Competition  in 2005. 

In mapping and localization, either laser data or image data might be used.  In this thesis stereo 

data is used for the mapping algorithm.   The initial implementations of vision in mapping can be 

seen in (Shapiro, Zisserman and Brady, 1994), (Johnson, Cheng and Matthies, 2000), (Pollefeys 

et al., 2002) and (Armanguè and Araújo, 2003). 

In recent years, using segmentation with mapping has become famous between researchers due 

to benefits of labeling information of the outdoor scene. In this work, a segmentation algorithm 

is used close to (Fulkerson, Vedaldi and Soatto, 2009). Segmentation using stereo vision in 

outdoor applications are also studied in (Bosch, Munoz and Freixenet, 2007) and (Konolige et 

al., 2006). In (Blodow et al., 2011) with segmentation process, robot explores the environment 

using calculation of next best view poses. 

In this thesis work, uncertainty knowledge included in the map is introduced.  Mapping 

including uncertainty has been studied using Bayesian techniques in (Elfes, 1989). In 

(Bouguerra, Karlsson and Saffiotti, 2007) the authors use probabilistic action models to take 

uncertainty in actions and sensing it into accounts.   Velez et al. (Velez et al., 2011) do online 

planning for active exploration to gain more certainty about the existence of an object in which 

the idea is very close to this project.  The closest approach to this thesis work is done by (de Nijs 

et al., 2012). Nijs et al.  use Perturb-and-MAP Random Field method  (Papandreou and Yuille, 

2011) to include uncertainty in their  labeling algorithm. 

In this thesis work, uncertainty of classification algorithm is calculated (de Nijs et al., 2012) and 

propagated into the semantic 3D map to help robot in its active learning process. 
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3  IMPLEMENTATION 

In this chapter how the theory behind the topic converted to application is explained in details. 

3.1 Classification Step 

In this chapter, the pipeline followed for the classification algorithm is explained.  Schematically 

the method is as follows; 

 

Superpixeling the images 

↓ 
Creating the adjacency matrix 

↓ 

Feature ex t rac t ion  

↓ 

Assigning class to superpixels 

↓ 

Creating visual Bag-of-Words 

↓ 

Generating superpixel histograms 

↓ 

Preparing training  and test  data 

↓ 

Training the classifier 

↓ 

Testing 

3.1.1 Superpixeling the Images 

In this part, all the images are processed and partitioned into desired number of superpixels using 

SLIC algorithm (Achanta et al., 2010).  Using SLIC, the desired number of superpixels is 

specified and at the end it is provided as 

                

(41) 

where n is the number of superpixels.  

In this method the similar pixels are grouped together. Later on instead of characterizing each 

pixel, the pixel groups are characterized together to represent meaningful identification for 

classification which makes the classification process faster compared to pixel wise one. 

3.1.2 Creating the Adjacency Matrix 

Here adjacency matrix is created for all images. Adjacency matrix is a square matrix; assuming 

there are n number of superpixels in an image then the size of the adjacency matrix is n × n. 
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where s12   represents  adjacency  between superpixel number 1 & 2. 

In adjacency matrix each superpixel is compared with all the other superpixels regarding 

neighborhood. If there exists an adjacency between two superpixels, the value 1 is added to the 

corresponding member in the matrix, 0 otherwise. There big numbers are expected through the 

diagonal of the adjacency matrix to have logical results. 

3.1.3 Feature Extraction 

SIFT algorithm (Lowe, 2004) is used to get feature descriptors for each pixel.  OpenCV
13

 is used 

to get SIFT descriptors. 

Normally, the feature vector of SIFT algorithm is represented as 

                       
(42) 

where n is equal to 128. 

Dense keypoints method is used where the keypoint positions are specified.  In addition, the 

features are extracted at 4 different scales and at the end 4 different feature vectors are merged 

into 1 extended feature vector for a specific keypoint which gives the size of 4 × 128 feature 

descriptor. 

3.1.4 Assigning Class to Superpixels 

From manually labeled images, the class of each pixel in an image is known. Based on this 

knowledge, all the pixels of a superpixel are processed and the classes are counted. Then the 

most appeared class in a superpixel is assigned as the class of that superpixel.  

Assuming there are m different classes, for superpixel i 

                

(43) 

represents number of observations of different classes. Then the most observed class is 

assigned as superpixel class as 

                    

(44) 

where classLabel  is a value between 1 and m. 

3.1.5 Creating Visual Bag-of-Words 

To generate the vocabulary
14

, visual bag-of-words method (Csurka et al., 2004) is used. Here k-

means algorithm is used to create desired number of words.   To do that first cluster centers are 

initialized randomly.   Then using all the features of training set, the ones which are close to the 

same cluster center decided by Euclidean distance are averaged dynamically.  Once the whole 

training set is processed, the average values obtained are assigned as new cluster centers. A 

threshold value is defined regarding the difference between new and old cluster centers.  Then 

this averaging process is done until the threshold condition is satisfied by each cluster centers.  

Finally the cluster centers represent the words in the vocabulary. 

                                                 
13

 http://opencv.org/ 
14

 Vocabulary is the set of identifiers calculated with a special method from the image. 

http://opencv.org/
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3.1.6 Generating Superpixel Histograms 

After having the vocabulary, the words-of-histogram is generated for all superpixels. In this 

process, first a histogram is created for all superpixels having bins equal to the number of words 

in the vocabulary.   Then  each keypoint  descriptor  lie within a specific superpixel is compared  

with the whole vocabulary. Calculated using the Euclidean distance, the value of the bin number 

which is equal to closest word number  is increased  by 1 in the histogram.  After creating 

histograms for all superpixels, the adjacent superpixels are also taken into consideration.   To do 

this,  for superpixel si , the  first and  second neighbors  of si   is determined  using  the  

adjacency  matrix,  then  the  histograms of these  superpixels are averaged and merged with the 

histogram  of  si .  This new 2 × vocabularysize histogram is assigned as the final histogram of si. 

This is done for all superpixels for the later usage. 

3.1.7 Preparing the Training and Test Data 

Once the histograms of superpixels are provided, training data is prepared utilizing them.  Since 

the class of all superpixels are known, training data is prepared as having desired number of data 

from each class. For testing, all the data from test images are taken. 

3.1.8 Training the Classifier 

For classification, SVM method is used. Since there are multiple classes, one-vs-all method is 

used utilizing SVM algorithm.  To do that, open source LibSVM library (Chang and Lin, 2011) 

is used. 

3.2 3D Semantic Mapping and Uncertainty 

Mapping is one of the fundamental requirements in mobile robotic systems.  Maps allow robots 

to efficiently carry out their tasks.   Effective robotic systems rely on maps for localization, path 

planning, activity planning and etc. 

In robotic applications having path planning 3D representation of the world gives better intuition 

about operating environment of the robot.  In addition  to 3D map, having knowledge of 

semantic perception of different parts of the scene makes it even better  for clarifying input  to 

robot  to learn its world.  On the other hand because the motion of the robot is continuous, the 

world in front of the robot changes continuously.  Hence, it gets harder to perceive the world.  

This situation causes decrease in the performance of classification process and introduces 

uncertainty consideration. In the following part, the occupancy grid map algorithm (Elfes, 1990) 

and uncertainty concepts will be explained used in robotic mapping applications. 

3.2.1 Occupancy Grid Mapping 

Occupancy grid mapping is a method to generate maps from raw sensor data assuming the robot 

pose is known. The basic idea under this algorithm is to represent the world as grid structure and  

according to sensor data  estimate  the probability  and assign values to the corresponding grid in 

the map if that  point in the world is occupied by an obstacle or not. 

The purpose of the occupancy mapping algorithm is to estimate the posterior probability over the 

maps given the data 

                              

(45) 
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(46) 

where m is the map, t is time  instance, u is the measurement, z is the robot pose and m[xy] is the 

individual grid cell. The controls and odometry data has no effect on occupancy grid mapping 

due to the assumption of a having known path. 

The occupancy grid maps are 2D maps representing a part of the 3D world. In this map, 

assuming mi represents the grid of index i, P(mi) describes the probability  of the cell i is 

occupied. 

One of the crucial problem in occupancy grid is the computational problem while estimating the 

posterior probability P(m|u1:t , z1:t ). Assuming a map contains 10000 cells, then  the  number  of  

possible maps  out  of this  grid structure is 2
10000

   which is not  applicable.   Therefore, the 

problem is separated into small parts where the analysis of the cells is done individually.   This 

approach results in data loss due to excluding the dependencies between neighbor cells.  Hence, 

posterior a map is approximated using 

                                  

 

 

(47) 

Updating the occupancy grid map is done using inverse sensor model as 

      
    

       
    

    
         

      
    

         

      
    

 

    
    

 

        
    

 

          
    

 
 

  

 

(48) 

or using log-odds representation as 

     
    

            
    

                    
    

          
    

  

(49) 

where           
    

      
 . 

In the above equation mt
[xy]

 represents the map grid at position (x,y) at time t.  

3.2.1.1 Cell Map Construction 

In the 3D map, cell specific maps are created (section 1.2.2) to record the robot’s orientation and 

position data corresponding to each cell. At the beginning of mapping process, as in the robot 

map, a map is also initialized for each cell at certain dimensions. 

Table 1. Hash Table for the Robot Position Data 

Index Number of Observations 

Index 1 # obs. of Index 1 

Index 2 # obs. of Index 2 

Index 3 # obs. of Index 3 
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To record position information of the robot, a hash list is created for the cell and data is inserted 

to the list once the robot is observed at different position.  The data type is the index of the cell in 

which the robot stands according to corresponding cell map.  For multiple observations of a 

same index, the information of how many times a specific index is observed is recorded as seen 

in Table 1. 

To record orientation information of the robot, a histogram is created where each bin 

representing an angle interval.   If the resolution of the angle is desired to get increased, number 

of bins is increased.   When a cell is observed in the robot’s active visual range, the orientation 

information is recorded by the observed cells by increasing the bin number corresponding to the 

robot’s orientation angle. 

                             

(50) 

where bi  represents  the bin number and Orientation(c) is angle histogram. 

3.2.1.2 Decision of Free Cells – Raytracing 

For free cell estimation, raytracing method is used. 

Raytracing method is applied in the map in a way that for each of points in point cloud data a 

line is defined between camera position and current point position.  Assuming camera position  

pc(xc, yc, zc), point  pi(xi , yi , zi ) and the  length  of the  line L, the length is calculated as; 

           
         

          
   

(51) 

After defining the line, the purpose is to specify points through the line having equal distance 

from each other.   To do that, first unit vector length is obtained to go from camera to target 

points as; 

              

(52) 

              

(53) 

              

(54) 

After defining the points lying on the line, each point is analyzed and the cell that it falls is 

decided.  Then since it is known that this cell should be free that it lies between the observed 

point and the camera, its occupancy probability is updated using equation 62. 

This process is done for all points and for every point cloud data.  Then using occupancy 

probability and a threshold value, free cells in the map are determined. 

3.2.1.3 Target Cell Calculation 

In this project, it is intended to include uncertainty data in the map.  After constructing the map, 

since there are multiple uncertain areas due to classification results, the purpose is to visit those 

regions to extract more information about them.  The problem is to visit all uncertain regions in 

an efficient manner. 
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To make priority order among multiple target points, uncertainty, orientation and distance values 

of targets are taken into consideration. 

In cell map construction orientation data is recorded for all cells.  Using this information, the 

robot is directed to visit regions from different perspective.  Also the distance  between the  robot 

and the  target  points  is another  dependency  which affects the  decision making.   Naturally 

uncertainty is the third dependency where more uncertain areas are more valuable to visit.  

Hence, the weights for the cells are calculated as 

               

(55) 

where 

 V(c) is weight of cell 

 u is uncertainty of cell 

 Wu is weight of uncertainty 

 d is distance from the robot to the cell 

 Wd  is weight of distance 

 

In V(c) calculation, all the cells within a certain region around uncertain parts are considered.   

Other  than  V   value,  the  orientation  and  position data  of cells are also checked to visit them  

different than  previous scenarios. 

3.2.2 Uncertainty 

In the 3D semantic map, there are 2 types of uncertainty.  One is occupancy uncertainty and the 

other is classification uncertainty. The main focus is on classification uncertainty; however 

occupancy uncertainty is calculated and analyzed separately as well. 

For classification one-vs-all method is used.   For instance assuming there are n classes, it results 

in n different classification for a point.  What normally done is to take the one giving highest 

probability for a point and assign it as class label. In this thesis work, the class assignment for a 

point is not done initially. The results of all different classifiers are taken and put into 

corresponding cell. Then, having probabilities of all classifiers the uncertainty of assigned class 

is calculated using other classifier results. 

The idea behind this application is that if uncertainty of a class is disregarded, the possibility of 

that class being wrong is also disregarded.  According to the application, after getting more 

information about uncertain areas in the map, the belief of class assignment for that region will 

get stronger, i.e.  the number of misclassified cells will get decreased. 

In 3D map, from a set of 3D points there multiple points fall into a grid cell. Since one-vs-all 

SVM is used, there is a class distribution of all classifiers for each point in data.   Since there 

should be one class probability distribution per grid cell, multiple point probability distributions 

are optimized into one for a specific grid cell. Assuming there are n number of different classes, 

then for a single point the class probability distribution is represented as; 

                                 

(56) 

where p(i1) represents  classification output of classifier number  1 for pointi .  For every set of  

3D points  provided  by stereo  data,  cell probability  distribution is calculated by averaging the  

distributions of multiple  points  falling into  same cell. Assuming N points falling into the same 

cell, then cell probability distribution is calculated as 
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(57) 

where 

 c is cell 

 N is number of points falling into the cell 

 p(pointi) is the class probability distribution of point i 

Equations 56 and 57 are used only for a set of 3D points.  On the other hand, 3D data is provided 

for every pair of stereo images. In this case, to calculate overall cell probability distribution, the 

data for all classes are recorded. Assuming n classes, after equation 57 the class probability 

distribution of a cell is provided as 

                         

(58) 

Then for a specific cell, for a set of 3D points the data is recorded as 

                 

(59) 

where 

        

(60) 

Obs can be expressed as observation recording structure for a cell.  Using equation 59, loss of 

information from previous observations is avoided. 

Having Obs information for a cell, overall cell class probabilities are calculated as 

      
  

   
 
   

 

(61) 

where p(i) is the output of classifier i. 

After calculating all probabilities of different classifiers, cell probability distribution is 

represented as in equation 56 taking the results of equation 61. For the 3D map, the world is 

divided into grid structure. While mapping, if a point falls into a grid cell, then it is believed that 

corresponding cell is occupied. Clearly this should not be the way of deciding for a cell occupied 

or not since some outliers might exist due to previous calculations.   To this purpose, initial 

probabilities of being occupied are assigned to all cells which is optionally 0.5.  Then using 

mathematical equations, once a point is observed in a cell then occupancy probability is 

increased or once it is understood that the cell is free then occupancy probability is decreased. 

The occupancy probability update process for grid cells (Elfes, 1989) is; 

                     
                                  

                               
 

(62) 

where 

 s(Ci) is state of cell i 

 {r}t  is observations {r1, r2, …, rt} 



 

 37 

 rt+1 is new observation 

If this process happens many times for a cell then the level of belief of being occupied or being 

free gets stronger.  Assuming initial probabilities as 0.5 it is represented as, 

 if P[s(Ci) = OCC] > 0.5 the state of cell i is occupied 

 if P[s(Ci) = OCC] < 0.5 the state of cell i is free 

 if P[s(Ci) = OCC] = 0.5 the state of cell i is unknown. 

 

Using mentioned uncertainty information, robo t s  can make more robust activity 

planning. 

3.2.2.1 Calibrating SVM outputs 

The output of a classifier should be a calibrated probability to calculate uncertainty. SVM 

algorithms do not provide such probabilities.   In this study, to convert SVM outputs into good 

estimated probabilites the following conversion (Platt, 1999) is used; 

    
 

             
 

(63) 

where 

 pi is calibrated probability of classifier i 

 fi  is SVM output of classifier i 

 parameter A and B are decided using maximum likelihood estimation from a training set 

3.2.2.2 Uncertainty calculation 

For calculation of uncertainty, entropy method is used. 

Entropy 

Entropy, known as Shannon entropy, is a measure of unpredictability. For instance, considering a  

fair  coin, the  probability  of heads is equal to tails,  in this  case the entropy  of a coin toss is the  

highest.   It is not possible to predict what will come next based on previous knowledge. If there 

is a coin having heads at both side, then entropy is zero, i.e. the coin will always come up heads. 

For a random variable x with n outcomes {xi : i = 1, 2, ..., n}, the entropy is calculated as 

                      

 

   

 

(64) 

Applying to classification 

In the classification calculation, since one-vs-all SVM method is used for a point there exists a 

vector of probabilities of all classifiers. The purpose is to include uncertainty of classification in 

the map.  To this purpose, entropy method gives a good idea about reliability of segmentation 

algorithm calculated from probability distribution of all classifiers (de Nijs et al., 2012). Since 

the type in this work is discrete probability distribution, uncertainty is calculated using; 
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(65) 

where 

 h is uncertainty 

 pi is probability values of classifier i 

 

Result of eq. 65 varies where higher value means higher uncertainty of that process . 

3.2.2.3 Uncertainty vs. Semantic Classification 

There is a relationship between uncertainty values and labeling results that reliability of 

classification decreases in misclassified regions.  This concept is studied in (de Nijs et al., 2012) 

where they show uncertainty is higher in wrongly labeled regions. 

In this thesis work, the purpose is to show this relation in our 3D map.  The idea is that in one 

hand the 3D map is constructed using classification results and in the other hand true labeled 

map is constructed and these two maps are compared considering class labels and uncertainty 

values pixel by pixel to get accuracy result. 
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4  RESULTS  

In this chapter,   experimental results of the work are explained in detail.  Initial development of 

the classifier is done using CamVid database (Brostow et al., 2008).  Later for 3D map, a dataset 

is generated using IURO images and the classifier is trained with these images which consist of 

51 training images. Also for IURO dataset, CamVid dataset colors are used as showed in Figure 

8. 

 

Figure 8. Class Label Colors 

4.1 Analysis of Classification 

The development of the classifier is done using CamVid dataset (Brostow et al., 2008).   The 

results of labeling can be seen in Figure 9. 

 

 

Figure 9. Classification result where first column is original image, second is ground truth and the third column is 

classifier output 

for which the confusion matrix is 
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Figure 10. Confusion matrix where vertical axis is original labels and horizontal is classifier output 

In the confusion matrix, the labels are placed at the same order along the vertical and horizontal 

axis. Vertical axis represents the original label and the horizontal axis represents the predicted 

label using classifier. Then each classified label is compared with all other ones and if they are 

same then 1 is added to the corresponding member of the matrix. Here the maximum numbers 

are expected along the diagonal of the matrix to have the information that the classifier has 

predicted the classes efficiently. 

There SVM classifier is trained with different feature histograms. Pixel wise classification 

accuracy of labeling algorithm is listed in the table below. 

Table 2. Classification result of the algorithm based on CamVid dataset (Brostow et al., 2008) 

 Classes 
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48.3 69.5 88.1 60.3 0.0 78.7 31.2 31.0 24.7 48.6 18.8 45.4 66.0 

 

In the above table, the classification performance of the classifier used in this project is seen for 

11 different classes using CamVid dataset. For instance; for car the classifier has predicted the 

60.3% of all car pixels in the used dataset images. 

After developing classifier with CamVid dataset (Brostow et al., 2008) due to having broad 

source, for the 3D semantic map the classifier is trained with IURO
15

 dataset to be familiar with 

the robot’s working environment. 

                                                 
15

 The image set taken using IURO robot from its working environment at TUM Theresienstrasse Campus. 
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. 

Figure 11. IURO Dataset results (First column original image, second column ground- truth labels and third  column 

classification result) 

4.2 Runtime Analysis 

Throughout this work, an Intel Core i5 2500K processor is used. In project the main processes 

are classification, mapping, raytracing and hashing.  The processing times to execute these 

processes are listed in the table below as; 

Table 3. Execution Time Analysis 

Process Time Spent 

Classification 5.44 s 

Mapping 327 ms 

Uncertainty calc. 116 ms 

Raytracing 82 ms 

Hash List 4 ms 

In Table 3 classification is for one image and the other values are for one disparity image input 

from which a set of 3D points is produced.   In one set of 3D points, there exists 307200 points 

depending on the input images. 

In this calculation a point is not considered unless it lies within the borders of robot map.  This 

strongly depends on initial map dimensions.  Most often the number of data processed is around 
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200000 for each point cloud data which is approximately 65% of the total data after excluding 

the points out of the map’s rage.  This makes the execution times a bit faster. 

4.3 3D Map Results 

In this section, semantic labeled 3D map results are shown in detail. 

 

Figure 12: Semantic 3D map result, left 3D visualization (top view), right a snapshot where the map is constructed 

(Arcisstrasse) 

For above map, the points are visualized within -1 m below and 2 m high from the initial 

position of the robot. 

In the map it is observed that the column pole at the beginning on the left is labeled as tree and 

the region at the left of sidewalk which is unknown originally is mostly labeled as sidewalk.  

Corresponding  to this  semantic  3D map of Arcisstrasse,  in figure 15 it is observed that  the 

uncertainty is higher in mentioned  mislabeled parts,  for example column pole part  is clearly 

seen that  it has high uncertainty. 

 

 

Figure 13:  Left image taken from building N5 to Hessstrasse, right image taken after turning left from the corner 
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Figure 14. 3D Semantic Map from building N5 to Hessstrasse (top view) 

In figure 14 the way from building N5 to Hessstrasse is visualized.  Based on figure 13 it is 

observed that the 3D map is mostly correctly labeled. 

For example, in map after beginning of the motion car is seen on the right side which does not 

exist in real scene. Therefore, referencing figure 16, it is seen that mentioned region has high 

uncertainty. 

4.4 Uncertainty Visualization 

After calibration SVM output with equation 63 uncertainty is calculated using equation 65.  To 

visualize all uncertainties, 0 value is accepted as pure blue and maximum possible uncertainty 

value calculated from making the probabilities equal accepted as pure red.  The result is seen in 

the figure below. 

 

Figure 15. Uncertainty (Arcisstrasse – top view) 
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Figure 16. Uncertainty (N5 to Hessstrasse -  top view) 

When the uncertainty maps in figure 15 and 16 are mapped to their corresponding 3D maps in 

figure 12 and 14 it is observed that they give reasonable results as explained in section 4.3. 

4.5 Cell Map Visualization 

For each cell in the map there exists their own map if it is observed by the robot. 

 

Figure 17. Cell Map (Arcisstrasse – top view) 

In above figure, the big green cube shows the cell which is the interested one.  The smaller 

greenish cubes show the robot position according to interested cell.  The position data is taken 

using index value recorded in hash list (Table 1).   When coloring, number of observation value 

for corresponding index is used to give more or less weight to the cells. Darker the color, higher 

it is observed at that location. The orientation data is recorded in histogram formation as 

explained in section 3.2.1.1. 
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4.6 Target Points Visualization 

Using uncertainty  information  of the  map,  the  robot  can  get  better  information about  its 

world.  For this purpose using the dependencies explained in section 1.2.3 an importance value is 

calculated for cells lying in uncertain regions. 

 

 
 

Figure 18. Interesting parts to visit (top view) 

As explained in section 3.2.1.2 there a range is specified for interested uncertain parts according 

to robot’s current position, 10m in our case, and then all the cells are checked falling into that 

region decided by making a circular scan around the robot taking the range value as diameter of 

that circular region.  Then depending on distance of the cell to the robot and the uncertainty 

values, a value is calculated for each cell showing how valuable it is to visit a cell for robot.  

In figure 18, the more reddish the color of the point, the more it worth visiting first. 
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5  CONCLUSIONS AND FUTURE WORK 

In this part, the conclusions and the future work about the thesis work has been explained. 

5.1 Conclusions 

In mobile robotic systems, it is of crucial importance to have semantic knowledge of the world 

together with the map to be able to operate.  Since the world in front of the robot  changes 

dynamically,  it gets harder  to get correct  classification which might up to multiple  reasons 

such as classifier performance,  data  production,  light and so on. 

Normally classes are assigned to the points according to highest classifier output. Doing this, the 

probability of the class being wrong is neglected.  To increase the belief, in this thesis work the 

uncertainty of classification is included in the map.  Then using this knowledge and the 

additional individual cell map information, robot can make more efficient decisions to get most 

information performing least. 

5.2 Future Work  

As continuation  of this  work,  to  increase  the  performance  of the  algorithm,  the IURO  

dataset  can  be extended  to  train  classifier which  currently  consists  of 51 images.   The code 

implementation might be improved for more efficient memory usage. The conversion of SVM 

output to meaningful probability distribution can be improved using training examples as in 

(Platt, 1999). 
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