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Abstract 

 

This project is mainly based on mosaicing of images and similarity 

measurements with different methods. The map of a floor is created from 

a database of small-images that have been captured by a camera-mounted 

robot scanning the wooden floor of a living room. We call this ground 

mapping. After the ground mapping, the robot can achieve 

self-positioning on the map by using novel small images it captures as it 

displaces on the ground. Similarity measurements based on the Schwartz 

inequality have been used to achieve the ground mapping, as well as to 

position the robot once the ground map is available. Because the natural 

light affects the gray value of images, this effect must be accounted for in 

the envisaged similarity measurements. A new approach to mosaicing is 

suggested. It uses the local texture orientation, instead of the original gray 

values, in ground mapping as well as in positioning. Additionally, we 

report on ground mapping results using other features, gray-values as 

features. 

The robot can find its position with few pixel errors by using the novel 

approach and similarity measurements based on the Schwartz inequality. 

 

Keywords  

Image mosaicing, Ground mapping, Robot positioning, Schwartz 

inequality, Texture orientation, Structure tensor, Linear symmetry 
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1 Introduction 
 

Currently, mobile robots navigation is a popular in various applications 

but also it is a broad research field. Within this field, the mobile robots 

navigation problems can be divided into three categories [1]: 

 

The Global navigation can determine one‟s position in absolute or 

map-based terms, and also give directions to a known destination.  

 

The Local navigation can determine one‟s position relative to objects 

(stationary or moving obstacles). However, it can “only” handle local 

positioning, meaning its environments will be non-mapped. 

 

The Personal navigation involves being aware of the positioning of the 

various parts that make up oneself, in relation to each other and in 

handling objects. 

 

1.1 Problem Formulation  

 

It is assumed that a mobile robot will transport goods from position A to 

position B in a factory, this factory may be equipped with a textured floor 

where it is possible to apply local navigation methods to achieve 

positioning. A traditional method adopted to address localization is 

dead-reckoning [3]. However, because of error accumulation, the robot 

can drift off its intended course or get lost. To compensate for this error or 
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avoid having a “lost” robot, one could use global navigation systems, 

widely known as GPS (Global positioning system) [4]. The system that 

was developed by The US Navy and their Air Force, is today used by a 

large user community for civilian purposes.  

 

However, we actually may not be able to obtain the GPS signals because 

the problem we addressed is in an indoor environment. Our work 

hypothesis is that the robot does not need to know its absolute position. It 

just needs to know its own position in relation to other objects. 

 

Kelly et. Al. suggested an infrastructure-free guidance of an Automated 

Guided Vehicle (AGV) based on a computer vision system [2,3,5] utilized 

for automatic localization of (lift or fork-trucks in factories). Their 

assumptions are similar to ours, though we studied additional vision 

techniques to address the localization problem and performed our tests in 

home-environments with wooden, parquet-tiled floors (as opposed to 

concrete floors). 

 

First, we needed a “home floor” for our project to experiment with, e.g. to 

let the robot move around in it. In our disposition we had a floor made of 

texture (natural and unique textures because they were made of wooden 

parquet). The second requirement is to have a map for the floor. This was 

made a goal of the project, i.e. a robot would automatically build the map, 

ground mapping. This map will serve as our reference map, which is 

called here as database, occasionally. After that, wherever the robot is on 

the floor, it takes a local picture of the ground and compares it to the 

reference map (database) to estimate the current self-position. 

 

Naturally, it is possible to position the robot by other methods. We can for 
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instance mount a camera on the roof of the „factory‟, as in a surveillance 

system, whereby the surveillance system can locate where the robot at 

any moment [6]. However, this technique has some disadvantages in that 

it may require too many cameras, e.g. when the robot works on a rather 

large area. By contrast, mobile robots with onboard cameras can work in 

large area. Considering the rapid development of modern robot 

techniques, domestic or household robots will be available massively 

even in home environments, not only in production environments such as 

factories.  

 

In this context, our goal is to achieve a self-positioning and navigation 

method which is easy to implement and with robust positioning 

achievements. Instead of a vacuum cleaner robot getting lost, the robot 

will then know exactly where it is in relation to this map, by 

photographing the floor and comparing to the map built previously. 
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2 Background 
 

Kunglin and Hines [7] presented phase correlation image alignment 

method. This method is based on the Fourier transforms which first 

changes the two matching images into frequency domain, then by 

calculating the Cross-power spectrum of them directly receives the 

translation vectors of the two images. De Castro and Morandi [8] 

presented an extended phase correlation image matching method which 

first of all translates and rotates images by using the finite Fourier 

transforms.  With the emergence and development of the fast Fourier 

transform, the Fourier Transform based methods have become widely 

used in the field of signal analysis. Reddy and Chatterji [9] presented an 

approach based on the fast Fourier transforms (FFT-based) and it 

discusses an extension of the well-known phase correlation technique to 

cover translation, rotation, and scaling. The Fourier scaling properties and 

the Fourier rotational properties are used to find scaling parameters, as 

well as rotational movement parameters. Then, phase correlation 

technique determines the translational movement. This method displays 

robustness w.r.t. random noise. Due to its implementation simplicity and 

reasonable accuracy, the phase correlation method has been widely used 

in the image matching. It has its limitations since it requires the 

corresponding images to contain large areas of overlapping image regions 

to accomplish the image matching. Moreover, the oversized image might 
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lead to a time-consuming computation which makes this method difficult 

to use it in matching tasks involving large images. 

 

Because of the diversity of the application fields of image matching, the 

problem is addressed by many approaches and under work hypothesis. 

 

One approach is using the interest points of images to accomplish the 

image matching which can be traced back to the work of Moravec [10] on 

stereo matching using a corner detector. Then Harris [11] improved this 

method and presented a more repeatable interest-point extraction 

technique, which is also related to the structure tensor used in this work to 

construct orientation features.  

 

Zhang [12] presented an approach whose purpose was to exploit only 

geometric constraints, i.e. the epipolar constraint, to establish robustly 

correspondences between two perspective images of a single scene 

(stereo images). He extracted high curvature points and matched them in 

three steps: first he established initial correspondences using some corner 

detection techniques (Harris corner detector), secondly he estimated 

robustly the epipolar geometry, and thirdly he established correspondence 

using estimated epipolar geometry as in stereo matching.  

 



 

7 

 

Because the Harris corner detector is very sensitive to changes to the 

scale of the image, it does not provide a good basis for matching images 

of different sizes. Lowe [13] attempted to address this deficiency by 

suggesting the Scale Invariant Feature Transform (SIFT). This approach 

extracts from an image a large collection of points at which local feature 

vectors are measured. Each of these feature vectors is designed to be 

invariant to image translation, scaling, and rotation, and partially 

invariant to illumination changes and affine or 3D projection. Many 

panorama image matching tasks use SIFT features to do mosaicing for 

obtaining a large image from a collection of smaller images.  

 

While the Scale-space extrema detection of SIFT is implemented 

efficiently by using a difference-of-Gaussian (DoG) to identify potential 

interest points that are invariant to scale and orientation, the large number 

of key points that extracts makes the computation of SIFT features 

time-consuming.  

 

In 2006, Herbert Bay, Andreas Ess, Tinne Tuytelaars , and Luc Van Gool 

[14] suggested an improved feature detecting method named Speeded-Up 

Robust Features (SURF), SURF approximates or even outperforms 

previously proposed schemes with respect to repeatability, distinctiveness, 

and robustness, yet it can be computed and compared much faster which 
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was achieved by relying on integral images for image convolutions; by 

building on the strengths of the leading existing detectors and descriptors 

(specifically, using a Hessian matrix-based measure for the detector, and a 

distribution-based descriptor); and by simplifying these methods to the 

essential. Additionally, this approach is mostly used in moving image 

matching tasks because of its fast running and local image fast detection 

features.     

 

In another area of image processing, called image mosaicing, though the 

feature detector can be used to mosaic the panorama image, it is limited 

in matching similar texture image since the interest points of the image 

may not exhibit a reliable similarity between different images having 

overlapping regions. Commonly, gray value of the image is used in image 

matching. The main idea of image matching based on Gray correlation 

approach is finding the corresponding gray levels, the RGB components, 

or the CMYK components that are most similar between a pair of images. 

There are currently three basic approaches to acquire the accurate 

position of the corresponding matching images. 

 

The Ratio Matching method is presented by R.Hartley and R.Gupta [15]. 

It is based on increasing the number of the ratio template lines of a certain 

distance between two rows in the overlap parts of the images and finding 
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the optimistic position to accomplish matching. Because of less amount 

of the information used when matching, the result might not be accurate 

enough.  

 

The Block Matching [16] method is another approach to achieve the 

image mosaicing by the vector fields. This method firstly “cuts” fixed 

size blocks from the target image, it then finds the block corresponding to 

the reference-block by computing a matching score, or a matching error. 

In general, the error of the block minimizing the matching error is usually 

selected as the matching block. Alternatively, the matching score is 

maximized. However, straight forward block matching with matching 

errors may not yield accurate matching results if the blocks contain too 

much redundant information, not relevant to uniquely characterize the 

blocks.  

 

Grid Matching starts off by making a rough global matching then moves 

a step in vertical or horizontal direction and records the best matching 

position at the same time. After that, it makes a more accurate matching, 

and decreases the moving steps into half iteratively until the step 

decreases to zero. Although the computation and precision are more 

acceptable than the methods above, a small failure in rough matching 

may result in large errors. Also, good features characterizing the blocks at 
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every resolution are needed. 
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3 Data Sets 
 

3.1 System Construction and Image Acquisition 

 

Before we start to take images, we must have a mobile robot (see Fig 3.1) 

and an experiment field (playground). We call our mobile robot PIE, 

which is a round robot with diameter 26 cm. We choose our experiment 

field in a living room with natural wood floor, so that we can make sure 

that the texture on the wood floor is unique, such that a position and a 

local texture can uniquely correspond to each other. The playground is an 

area of 252 by 252 cm. In order to let the PIE have an eye and a brain, we 

put a laptop on it to store the images as well as to help in the analysis task, 

and a web camera (see Fig 3.2) mounted on the PIE connected to the 

lap-top to take images of the floor. The camera faces the floor in a frontal 

parallel fashion to make sure that the camera can fully capture every local 

position using the same scale and with negligible rotation. We set the 

distance of the camera to the floor 33cm. 
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Fig 3.1 The PIE with a camera mounted on 

 

 

Fig 3.2 A close up picture of the camera relative the laptop,  

the camera can be rotated to face the ground. 

 

3.1.1 Explanation of Some Repeatedly Used Concepts 

 

Local position: This is the positions of the PIE at which the onboard 

camera takes pictures of the floor. The diameter of the PIE is 26cm. 

A camera 

A laptop as 

processing system 
Mobile robot 

PIE 
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However, we measured that it occupied an area of 28 by 28 cm to stand 

on, so from a corner of the playground. Accordingly every square (28 by 

28 cm) within the playground is a local position. All in all there are 81 

local positions. 

 

Local image: by local image we refer to an image taken from the camera 

mounted on the PIE, at a camera position. These are used to create a 

mosaic map as our database. The size of each local image is 240 by 320 

pixels. Every local image captured a distinct local position; however, it 

also has enough common areas with its neighboring local positions 

(meaning the area of each local position which is smaller than the area of 

each local image). The common areas are essential to build the ground 

map by mosaicing local images. 

 

Map column: the map column that is divided into a mosaic of nine by one 

local images (juxtaposed on the top of each other). 

 

Map: the combined image of map columns, i.e. by juxtaposing nine map 

columns. 

 

Gray image map: the map mosaiced by using the gray values of the local 

images. These are normalized gray images. 
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Enhanced gray image map: firstly we enhance every local image by 

filtering the image with Laplacian of Gaussian (LoG) filter, then the 

ground map is mosaiced by using the enhanced gray values of the local 

images. 

 

Orientation map: the map mosaiced by local images which are calculated 

from gray images. The computed features are orientation features as 

delivered by the linear symmetry algorithm, or the structure tensor 

eigenvectors, as will be detailed later. 

 

Test image: This is an image taken at an arbitrary position on the 

playground after that the ground-map has been built. It has the same size 

as local images used to build the ground map.  

 

In all, we have two main datasets. A first dataset consists of 153 local 

images to mosaic our ground map, each one with the size of 240 by 320 

pixels. The second dataset consists of 189 test images and serves as to 

establish the performance of the various mosaicing and matching 

techniques. They are shot at arbitrary positions within the playground to 

make the matching experiment w.r.t. performance reasonably realistic. 

The test images should be obtained at a different day and time of the day 

in comparison with local images. Furthermore, these two sets should be 
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kept apart between ground map building and testing, i.e. they should not 

be substituted by each other.  

 

3.1.2 Details about Image Acquisition System 

 

The image acquisition system can be divided into two parts, the hardware 

and the software one. Below we present the details for these two parts in 

the form of tables. 

 

Table 3.1 Hardware environment 

Device Name USB 2.0 1.3M UVC Web Camera 

Setting Format RGB24_320x240 

Focus 35mm 

 

Table 3.2 Software environment 

Software Name Matlab 

Software Version 7.0 (R14) 

Toolbox Name Image Acquisition Toolbox 

Toolbox Version 1.5 (R14) 
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4 Method 
 

There are three central parts of this project: Image acquisition and 

preprocessing, Local images mosaicing (mapping), Test images matching. 

 

4.1 Image Acquisition and Preprocessing 

 

Image acquisition is our first step of our project. As mentioned above we 

have shot 153 local images and 189 test images. To make this task 

acceptable and easier, we take local images from column to column, 

meaning we put the PIE on the first local position of column 1 at the very 

beginning, after that, the PIE will move to next local position and take a 

pause for shooting a local image of the former local position, then the 

next local position till the last one of column 1, automatically.  

 

To build the ground map, we assumed that the local images are taken in 

an axis parallel fashion, which is they are not rotated with respect to each 

other. With axis we mean that there is a global coordinate system 

measuring the playground and that the edges of every image (captured by 

the robot) should be either parallel or perpendicular to x and y-axes. 

 

Because the original format of images is RGB24, before we mosaic them, 

we converted them to gray-value format. However, the images were 
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occasionally brighter or darker compared to each other due to the fact that 

we captured the images during several days. This is because different 

conditions of illumination were prevailing during the captures. In an 

attempt to counter balance this, before turning the local images into 

mosaic, preprocessing of the local images were effectuated. As 

preprocessing, we tried 2 methods to reduce the effect of illumination 

variation: image enhancement, and gray-value normalization. 

 

4.1.1 Image Enhancement 

 

As we consider that the images contain useful information in their texture, 

so first of all we tried to enhance every local image by filtering the image 

with Laplacian of Gaussian filter. 

 

As known the Laplace filter may detect edges, it is still desirable to 

smooth the image first by convolution with a Gaussian kernel. 

The 2D Gaussian kernel is expressed as below: 

𝐺 𝑥, 𝑦 =
1

 2𝜋𝜎2
𝑒𝑥𝑝  

−𝑟2

2𝜎2        (4.1) 

Here r represents the radial distance to the centre of the filter, the origin, 

i.e. . After Gaussian filtering the result is filtered by Laplacian 

filter which is expressed as below: 

𝐿 𝑥, 𝑦 =
𝜕2𝑓 𝑥 ,𝑦 

𝜕𝑥2 +
𝜕2𝑓 𝑥 ,𝑦 

𝜕𝑦2       (4.2) 
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Here, 𝜕2𝑓 𝑥, 𝑦  is obtained as the weighted sum of each pixel of its 

neighboring pixels as shown by the equation. This represents a discrete 

estimation of the sum of the second-order partial derivatives with respect 

to x-axis and y-axis. In addition, we can use the Laplacian of Gaussian 

(LoG) as an operator or convolution kernel which can be expressed: 

𝐿𝑜𝐺 𝑥, 𝑦 = −
1

𝜋𝜎4  1 −
𝑥2+𝑦2

2𝜎2  𝑒𝑥𝑝  −
𝑥2+𝑦2

2𝜎2              (4.3) 

to convolve with the input image (Fig 4.3). 

 

The result is an edge image and the texture of the local images became 

more prominent than before such that the illumination appears to have 

less effect. 

 

4.1.2 Gray-Value Normalization  

 

When we have two neighboring local images to be mosaiced, the 

prerequisite is that they have enough common area. If we find their 

relative translation the two images should form a perfect mosaic. 

However, the illuminations changes and the gray-value of two 

neighboring images even in the common area, differ significantly. One 

idea is that we remap their gray values such that they will have a common 

mean and common variance. We can do this mapping by multiplying the 

gray values with the parameter „𝑎‟ and add a constant offset „𝑏‟. By 

choosing appropriate „𝑎‟ and „𝑏‟, we can fix the mean and variance of 
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every local image to be a predetermined (common) mean and variance, [2] 

[17]. 

                   (4.4) 

           (4.5) 

Here „ ‟ represents the index for the local image, while the suffix „ ’ 

represents the common image. In other words,  is the common 

variance of all local images, whereas  represents the variance of the 

local image . Likewise  refers to the common mean of all local 

images, and  represents the mean of the local image .  

 

When we know „ ‟ and „ ‟ parameters for each local image, we can 

normalize every local image by applying the formula: 

 

          (4.6) 

 

where „ ‟ refers to the input local image  to be normalized. In this 

formula  is the output local image after normalization (Fig 4.2).  
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Fig 4.1 Local image p36 of grayscale 

 

 

Fig 4.2 Local image p36 after gray-value normalization 

 

 

Fig 4.3 Local image p36 after image enhancement with 0.25   
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Fig 4.4 Histogram of local image p36 of grayscale 

 

Fig 4.5 Histogram of local image p36 after gray-value normalization 

 

Fig 4.6 Histogram of local image p36 after image enhancement with 0.25   
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After having tried these 2 methods, we drew the histograms of the three 

images (Fig 4.4-Fig 4.6). We found that after the preprocessing 

(normalization and image enhancement), the image contrast have become 

higher, i.e. the dynamic range of the output have become larger compared 

to the input. As can be seen by comparing Fig 4.5 with Fig 4.6, the image 

enhancement operation achieves to cover nearly all the available gray 

scale range.  

 

4.2 Local Images Mosaicing (mapping) 

 

In order to turn the images into a mosaic, we have tried several methods 

and we discuss below the two most reasonable approaches: 

 

4.2.1 Image mosaicing based on the Schwartz Inequality 

 

First of all, we present an important inequality, known as the Schwartz 

inequality [18]. 

         (4.7) 

 

The Schwartz inequality holds for vectors in Hilbert spaces. It is also 

known as cross-correlation. The inequality holds with equality if and only 

if u=C.v, with C being a constant. In images this happens when one 

image is the same as the other everywhere except that it is brighter with 

the same (multiplicative) amount.  
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To illustrate the recognition mechanism afforded by this inequality, first, 

we need three concepts, which are „norms of vectors‟, „scalar product‟ 

and „Hilbert spaces‟. 

 

4.2.1.1 Norms of Vectors 

 

The norm of a vector is also known as the magnitude of a vector, also 

known as the length of a vector. The symbol for the norm of a vector „ ‟ 

is . The norm of an image that we used here is presented below: 

     (4.8) 

where „ ‟ represents an image, the  in the exponent is the complex 

conjugate, and the pair  represents the coordinates of a point in the 

image. 

 

4.2.1.2 The Scalar Product 

 

The norms can measure distances between points or vectors. Next, we 

will present another the concept „scalar product‟, affording us to measure 

“angles” between vectors in Hilbert spaces. The symbol of a scalar 

product of two vectors in vector spaces is: . A scalar product 

between two vectors can represent the angle   between the two vectors 

involved in the product. This is achieved by the ratio of the left hand side 

of Schwartz inequality with the right hand side as will be detailed in 
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Section 4.2.4. If we assume  and  are gray-values of two images, the 

scalar product „ ‟ with „ ‟ are expressed as below: 

  )],(),([, jivjiuvu     (4.9) 

If vectors have complex elements, then we have 

  )],(),([, * jivjiuvu    (4.10) 

where „ ‟ is the complex conjugate and ,  are the elements of 

, . 

 

4.2.1.3 The Hilbert Spaces 

 

As mentioned before, the Schwartz inequality holds for the Hilbert spaces, 

so therefore it is of interest to acquire more information about the Hilbert 

space. A Hilbert space is a (mathematical) vector space that is equipped 

with a scalar product. A Hilbert space is also referred to as an inner 

product space. The elements of Hilbert spaces are typically sequences of 

scalars called arrays (such as discrete images). They can also be 

continuous functions for which scalar products are defined by using 

integrals instead of sums.  

 

4.2.1.4 Mosaicing by Using Schwartz Inequality 

 

We know that we can mosaic images since neighboring images have 

common areas. We decided to measure how similar these common areas 
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are by using the Schwartz inequality. Consequently we used two such 

images and then merged them into a mosaic image after having found the 

corresponding points by finding a common translation. 

 

We know that the Schwartz inequality applies in Hilbert Spaces, which by 

definition have scalar products in it. Rewriting the inequality we obtain 

the matching score   

         (4.11) 

 

The matching score can be interpreted as the cosine of an angle, but we 

use directly the matching score (instead of the angle) to compare the 

similarity of two images. 

 

Now we consider that „ ‟ and „ ‟ are two patterns. If they are the common 

areas of two neighboring images we hypothesize that they are only 

differing with a multiplicative constant. Accordingly, only when the two 

images are representing the same (physical) floor region, the matching 

score  in (4.11) of Schwartz inequality will be 1. In practice, this means 

that the two images representing the same floor region will yield the 

highest matching score. As a result, one can attempt to locate the 

matching points by identifying the location where the matching score is 

the maximum. 
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4.2.1.5 Mosacing Improvement by Local Optimization 

 

When we have constructed the ground map by mosaicing using the 

Schwartz inequality, we found that there were shifts between some of 

neighboring images (Fig 4.7). Some of these shifts could be recognized 

by eyes, because they were significant. We retraced the similarity values 

of all matching areas, and we found that their similarity values were not 

perfectly 1 but near. The average of similarity values was 0.9994, which 

is quite close to 1. 

 

 

Fig 4.7 A shift between two neighboring images at the boundary 

 

To overcome these shifts, we needed thus to improve the matching. The 

shifts could occur in x-axis direction (from top to bottom) or in y-axis 
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direction (from right to left), so we call these shifts  and . The 

rotation is assumed not to exist. We attempted to find that the  and  

of two neighboring images by using additional methods, but we were not 

successful. This is discussed next.  

 

In MATLAB, there is an optimization toolbox [19], which provides 

functions „fminsearch‟ and „fminbnd‟ which appeared to be suitable for 

solving the shifting problem. For function „fminsearch‟, if we put a pair 

of initial values of  and , it attempts to find a minimum of a scalar 

function of these variables, This is referred to as unconstrained nonlinear 

optimization. Function „fminbnd‟ is similar to „fminsearch‟, the 

difference is that instead of a fixed initial value, we put the variables as 

fixed interval. 

 

However, both functions have limitations, they are searching local 

optimization instead of global optimization, it means that the  and  

may stuck into a local minimum, rather than a global minimum. This is 

what we observed and abandoned the numerical optimization approaches 

using non-linear local methods. 

 

4.2.2 Image Mosaicing Based on Orientation Maps 

 

As mentioned before, the local images have similar texture which may 
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lead to the mismatching if we only base the matching on gray-value of 

the images. Because we obtained undesired boundaries between the 

mosaiced images, we attempted to match their local orientation instead of 

their gray values. The local orientation is estimated by the linear 

symmetry algorithm which is the same as orientation estimation by the 

structure tensor approach [18],  

 

A linearly symmetric is defined as: 

     (4.12) 

for some  , which is a two-dimensional unit vector 

representing a constant direction in the plane of the image.  is a 

two dimensional real vector that represents the coordinates of a point. The 

function 𝑔 is a 1D function which is the profile of the linearly symmetric 

image. It is not important what it is, as long as it is one dimensional 

because it constructs 2D images that have parallel lines as iso-curves. 

 

If we take a 2D Fourier transform of the image then this will be 

concentrated to a line through the origin which results in:  

         (4.13)  

where k, u are orthogonal vectors and  is the Dirac distribution. The 

vector  is the angular frequency vector . The function G 

is the one-dimensional Fourier transform of 𝑔. 
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We measure the real moment of the power spectrum, which is 2|| F , as  

                 (4.14)   

to compare it with other functions where „p‟, „q‟ is the real moment of the 

function 2|| F . 

 

Another type of moment is the complex moment, which is a linear 

combination of real moments. The complex moments of the power 

spectrum is given by: 

     (4.15) 

where 1i . The complex moments are thus linear combinations of 

the real moments, 

                                  (4.16) 

                                        (4.17) 

 

The linear symmetry algorithm measures the above mentioned second 

order complex moments of the power spectrum as given in eq. (4.16) and 

(4.17), but without doing Fourier transformation. The second order 

complex moments give directly the optimal-line fit to the spectrum. 

Finding the optimal line-fit makes sense because in the ideal case, an 

image that possesses an orientation is linearly symmetric. The spectrum 

of such an image is then perfectly concentrated to a line through the 
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origin (of the spectrum).  

 

Only, the second order moment 20I  is truly complex whereas 11I  is not 

only real, it is also always positive (or zero).  

 

The complex moment 20I  is also called as the orientation tensor because 

the argument of it directly represents the orientation of the best line-fit 

and is identical to the best fit given by the structure tensor [18]. These 

second order complex moments are built (without the Fourier 

transformation) as follows: 

 

We derivate the local image with respect to x and y separately, 

     (4.18)  

     (4.19)  

using convolution with derivative filters. Here  is the local image,

 and  are the 1-D Gaussian kernels with standard deviation of 

. The net effect of multiplying the 1-D Gaussian kernels with x 

respective y is creation of separable derivation filters (that are effectively 

two dimensional). These filterings are evidently also implemented as 

separable filterings, i.e. an one dimensional filtering along rows, is 

followed by another along columns, for computational speed. 
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The 20I  complex image is built from the  and  images by 

creating the intermediate image TS:  

       (4.20) 

where 1i . Then this image is averaged, yielding 20I : 

     (4.21)  

Here  and  are 1-D Gaussian kernels with standard deviation of 

, which is chosen larger than . 

 

The 20I  image contains the optimal orientation information of the 

neighborhood around a pixel, (in its complex valued pixel argument). The 

optimality is in the total least square sense. Because the Schwartz 

inequality is valid even for complex images, it is possible to use the 20I  

image, which contains orientation information, to achieve the image 

matching and mosaicing. 

 

4.3 Mosaicing Procedures 

 

Firstly the local images need to be preprocessed to ensure the matching 

can yield a better localization performance. Two methods are used to 

mosaic the local images into ground maps. 
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4.3.1 Gray-Value Image and Enhanced Image Mosaicing 

Approachs 

 

Before mosaicing, every local image needs to be normalized to a certain 

value or alternatively be enhanced. Enhancement is done by linear 

filtering with a Laplacian of Gaussian filter (LoG) given by: 

LoG
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where LoGA  and LoGB  are two normalization constants such that:  
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Initially, we did not expect that 5.0LoG  would yield useful 

enhancements because they appeared visually too noisy too us. However, 

when we actually performed the matching using LoG filtering as a 

preprocessing step on the original, we found that such enhancement 

amplifies the patterns that make each parquet tile unique.  

 

We chose empirically (by experimenting) 25.0LoG  since this gave 

good localization results. Evidently the magnitudes of filter coefficients 

are decreasing as they distance themselves from the center. Accordingly, 

we chose to truncate the LoG filter at the size 5x5, as this did not give an 

appreciable difference in the enhanced image in comparison with a 7x7 

(with the same 25.0LoG ). At 5x5 size, the quotient of the magnitude of 
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smallest filter coefficient (at the boundary) to the largest one (in the 

center) is ~0.04. The filter is shown below: 

H =

 
 
 
 
 

1.2663    1.2663    1.2663    1.2663    1.2663
 1.2663    1.2663    1.3413    1.2663    1.2663

1.2663    1.3413  − 30.6908    1.3413    1.2663
    1.2663    1.2663    1.3413    1.2663    1.2663
    1.2663    1.2663    1.2663    1.2663    1.2663  

 
 
 
 

 

 

The images filtered by the filter of different LoG  and different filter 

sizes are below: 

 

Fig 4.8 Left: the enhanced image with 15.0LoG , middle: the enhanced image with 

25.0LoG , right: the enhanced image with 35.0LoG  and in the same filter size of 5x5 

 

 

Fig 4.9 Left: the enhanced image with filter size of 3x3, middle: the enhanced image with 

filter size of 5x5, right: the enhanced image with filter size of 7x7 and in the same 
25.0LoG

 

 

1) Because each local image has a part that overlaps with its neighboring 

image, we used the matching scores given by the Schwartz inequality, 

to find the most similar sub-parts. 
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Fig 4.10 Left: half of the local images with normalization (top) and with enhancement (bottom), 

right: parts of the overlap of the next local image with normalization (top) and with enhancement 

(bottom) 

 

2) Hence these two local images are juxtaposed such that the center of 

the matching pattern is placed on the most similar point (the star in 

the picture) (Fig 4.10). This in turn allows to merge two images to 

obtain a large image (Fig 4.11, Fig 4.12). The process is called 

mosaicing. 

 

 

Fig 4.11 Left: Two neighboring local images, right: mosaiced image with the left two local images 
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Fig 4.12 Left: Two neighboring local images with enhancement, right: mosaiced image with the 

left two local images 

 

3) Applying mosaicing, a column containing 9 local images is built  

(Fig 4.13). 
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Fig 4.13 Left: Normalized column with 17 boundaries, middle: normalized column with 9 

boundaries, right: column built by using enhanced images 

 

4) Each column has overlapping regions with its neighboring columns. 

By using the Schwartz inequality we were able to find the most 

similar parts between two columns and merge two columns to obtain 

a larger image that eventually grows to the ground map (Fig 4.14). 
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Fig 4.14 Left: the mid half part of the column, right: the mid half overlapping of the neighboring 

column using images with normalization (top), left: the mid half part of the column using images 

with enhancement, right: the mid half overlapping of the neighboring column using images with 

enhancement (bottom). 
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Repeating the column building and column merging procedures, we were 

able to mosaic the ground maps (Fig 4.15-Fig 4.17). 

 

  

Fig 4.15 Normalized map with 9 boundaries in each column 

 

      

     Fig 4.16 Normalized map with 17 boundaries in each column 
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      Fig 4.17 Enhanced map with 17 boundaries in each column 

 

4.3.2 Mosaicing by Linear Symmetry Measurements 

 

1) For this, firstly, for every local image we need to compute its 

orientation tensor image (Fig 4.18, Fig 4.19) such that each pixel contains 

the orientation information in the arguments of (complex) pixel values.  

 

 

Fig 4.18 Left: The local gray image, right: the corresponding orientation image. The color 

represents the orientation, i.e. the same color is the same orientation. 

 

 



 

41 

 

 

 

 

 

Fig 4.19 Left: the enhanced local gray image, right: the corresponding orientation image. The 

color represents the orientation, i.e. the same color is the same orientation. 

 

2) Then we applied the matching scores as obtained from the Schwartz 

inequality to find the most similar parts between two neighboring local 

images. Because 20I  contains complex pixel values, when using the 

Schwartz inequality we need to consider this. One possibility is changing 

the complex values of 20I  into an angle image (with real pixel values) to 

calculate the scalar product and another method is using the Schwartz 

inequality in a straight forward manner, i.e. using conjugated pixel-values 

in the first image, to do the scalar product, in accordance with the formal 

definition of scalar products. 
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Fig 4.20 Left: the column of orientation images using local images without normalization, right: 

the column of orientation images using local images with enhancement. 

 

3) The remaining step is the same as before. We find the best matching 

parts in overlapping images and mosaic them together into a column map 

(Fig 4.20) and then ground maps (Fig 4.21, Fig 4.22).  
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Fig 4.21 The orientation tensors of local images without normalization (mosaiced map) 

 

 

Fig 4.22 The orientation tensors of local images with enhancement (mosaiced map) 

 

4.3.3 Mosaicing Image Comparison  

 

We tested five different types of ground map building techniques to 

evaluate them from the localization performance point of view. The five 
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different types of the column maps are below: 

 

      

Fig 4.23 The images from left to right are: a) the column map without normalized local images, b) 

the column map with normalized local images in 17 boundaries, c) the column map with 

normalized local images in 9 boundaries, d) the column map with enhanced local images, e) the 

column map with orientation tensors of local images without normalization, f) the column map     

with the orientation tensors of local images with enhancement 

 

It is obvious that the column map without normalization have many 

bright and dark areas which make the column inconsistent. Besides, 

because each local image is normalized, the boundaries in the column 

map do not seem abrupt and it makes the whole column looks smooth. 

Less pronounced boundaries means better ground maps. Accordingly the 

column map with 9 boundaries yielded a better result than the one with 



 

45 

 

17 boundaries. Seventeen local images generate more problems because 

we will then have more boundaries as compared to a nine boundary 

column. The boundaries in the enhancement based column are less 

pronounced than the gray-value column map. 

 

Pixel values at boundaries in the orientation tensor images are mostly 

zero. Because of the adverse boundary effects in gray images boundaries 

influenced the matching accuracy negatively. Consequently, decreasing 

most pixel-values to zero at boundaries should influence the matching 

accuracy positively. 

 

Furthermore, the orientation tensor image using the local image with 

enhancement as input, can be expected to enhance the texture information 

which are useful in matching.  

 

4.4 Matching  

 

As explained before, to find the most similar part of the ground map 

compared to a test (or current) image at hand, the basic idea of image 

matching relies on the Schwartz inequality. The number of local images 

which are used to mosaic the map is 153 (17 local images in each column 

with 9 rows), and our test images may contain images from floor regions 

falling between two columns or between two neighboring local images 
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within the same column, or even in the intersection of four neighboring 

local images. 

 

We conducted separate gray-value ground map, enhanced image ground 

map and orientation tensor ground map tests.  

 

4.4.1Gray-value and Enhanced Image Map Matching Test 

 

1 Before the matching test, the test image needs to be normalized in the 

same manner as the local images which are preprocessed to build the 

ground map or filtered by LoG filter (with the same value of σ used 

when building the ground maps), to decrease the error of 

mismatching. 

 

2 It is time-consuming to use the Schwartz inequality to detect the most 

similar part of the test image in the map since the size of the map is 

about 2000*2000 pixels. To decrease the calculating time the Binary 

spline interpolation is applied to resize the map. 

 

3 After preprocessing of the test image and reducing the map size, we 

applied the Schwartz inequality to find the matching scores q in (4.11), 

and subsequently to find the location with the highest matching score 

(Fig 4.24-Fig 4.26). 



 

47 

 

 

Fig 4.24 Left: the normalized map of 9 boundaries in each column, right: the test image with 

normalization 

 

 

Fig 4.25 Left: the normalized map of 17 boundaries in each column, right: the test image with 

normalization 

 

 

Fig 4.26 Left: the enhanced map, right: the test image with enhancement 
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4.4.2 Matching Test with Orientation Tensor Ground Map  

 

1  Before the matching test, the test image needs to be transformed into 

the orientation tensor image, so that the values of each pixel of the 

test image contains the same type of information as that of the 

orientation tensor ground map. 

 

2 Again, it is time-consuming to use the Schwartz inequality to detect 

the most similar part of the test image in the map since the size of the 

map is about 2000*2000 pixels. To decrease the calculating time the 

binary spline interpolation was applied to resize the test image and 

the orientation map. 

 

3 After preprocessing the test image and the map, we effectuated the 

matching test (Fig 4.27, Fig 4.28). 
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Fig 4.27 Left: the orientation map using the local images without normalization, right: the test 

image using the local images without normalization 

 

 

    

Fig 4.28 Left: the orientation map using the local images with enhancement, right: the test image 

using the local images with enhancement 
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5 Results and Analysis 
 

5.1 Results 

 

Based on different approaches, five mosaiced maps are made as the 

ground maps which will be used to test whether a local test image can be 

correctly located within a ground map. 

 

To compare the matching accuracy w.r.t. the size of test image, the test 

image is cut into different sizes to execute the matching test (See Fig 5.1). 

The total number of such test images is 189. Out of these 153 test images 

are within various columns, and 36 are in positions between columns. 

 

The test images need to be subjected to the same pre-processing as the 

ground map local images. This means that they are normalized in the 

same way when effectuating matching tests with the gray-level ground 

maps. Similarly, when using orientation tensor ground map to carry out 

the matching test, the test image needs to be transformed to orientation 

test image, too.  

 

Finally, by computing the matching scores q in (4.11) using the Schwartz 

inequality, a most similar point in the map is marked to check whether or 

not the matching has been correct. 
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Fig 5.1 The three different sizes of test image used to make the test are 200*300 pixels, 120*160 

pixels and 60*120 pixels. 
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Table 5.1 Matching test with all 189 test images 

* For each distinct test area, its center is its mid-point (Fig 5.1). 

Test-area* 

type 

 

 

 

 

Map type 

The percentage 

of correct 

matching based 

on the test area 

of size of 200 by 

300 pixels (all 

189 test images) 

The percentage 

of correct 

matching based 

on the test area 

of size of 120 

by 160 pixels 

(all 189 test 

images) 

The percentage 

of correct 

matching based 

on the test area 

of size of 60 by 

120 pixels (all 

189 test images) 

9 gray-image 

map with 

normalization 

Lower than 50% 66.6% 60.8% 

17 gray-image 

map with 

normalization 

Lower than 50% 65.6% 64% 

Enhanced 

gray-image map 

92% 93.6% 65.6% 

Orientation map  

(I20 angle) 

80.4% 87.3% 78.3% 

Orientation map 

(I20./ I11) 

95.7% 95.7% 89.4% 
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Table 5.2 Matching test with 153 test images within columns 

* For each distinct test area, its center is its mid-point (Fig 5.1). 

Test-area* 

type 

 

 

 

 

Map type 

The percentage 

of correct 

matching based 

on the test area 

of size of 200 by 

300 pixels (153 

test images 

within columns) 

The percentage 

of correct 

matching based 

on the test area 

of size of 120 

by 160 pixels 

(153 test images 

within columns) 

The percentage 

of correct 

matching based 

on the test area 

of size of 60 by 

120 pixels (153 

test images 

within columns) 

9 gray-image 

map with 

normalization 

Lower than 50% 75.8% 68.6% 

17 gray-image 

map with 

normalization 

Lower than 50% 74.5% 72.5% 

Enhanced 

gray-image map 

93.6% 100% 71.9% 

Orientation map 

(I20 angle) 

83.6% 91.5% 90.8% 

Orientation map 

(I20./abs(I11)) 

100% 100% 95.4% 
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Table 5.3 Matching test with 36 test images between columns 

* For each distinct test area, its center is its mid-point (Fig 5.1). 

Test-area* 

type 

 

 

 

 

Map type 

The percentage of 

correct matching 

based on the test 

area of size of 

200 by 300 pixels 

(36 test images 

between columns) 

The percentage of 

correct matching 

based on the test 

area of size of 

120 by 160 pixels 

(36 test images 

between columns) 

The percentage of 

correct matching 

based on the test 

area of size of 60 

by 120 pixels 

(36 test images 

between columns) 

9 gray-image 

map with 

normalization 

Lower than 50% Lower than 50% Lower than 50% 

17 gray-image 

map with 

normalization 

Lower than 50% Lower than 50% Lower than 50% 

Enhanced 

gray-image map 

69.4% 66.6% Lower than 50% 

Orientation map 

(I20 angle) 

66.7% 69.4% Lower than 50% 

Orientation map 

(I20./abs(I11)) 

77.7% 

 

77.7% 63.8% 
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Firstly, the accuracy of matching test based on the orientation maps (both 

I20 angle and I20./abs(I11)) as well as the enhanced gray-image map are 

better than the one based on gray-value ground map. Secondly, when the 

test image is between two local columns the accuracy of matching test 

based on gray-value image map has unacceptable results (less than 50%). 

By contrast, although the accuracy of matching test based on orientation 

tensor ground map when the test image is between two columns is not as 

high as is the one originating from within one column, the rate of 

mismatching is still smaller than the gray-image maps. Finally, the 

percentages of correct matching based on two gray-value ground maps 

are approximately the same. 

 

With respect to different sizes of test areas, from the matching test results 

above in the three tables, we can see that the orientation map 

(I20./abs(I11)) is most robust to different tests. In addition, both the 

enhanced gray-image map and the orientation map (I20 angle) have a 

better robustness than the two gray-value ground maps. 

 

After this test, we can make a conclusion that both the enhanced 

gray-image map and the orientation maps are robust to the boundaries 

within neighboring local images. However, to see the boundaries how 

affect the gray-image maps, different parts of the test images are used to 
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make the matching test. 

 

 

 

 

 

Fig 5.2 The test image is divided into three parts (the top part, the middle part and the bottom part) 

with the same size of 80*160 pixels.   
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Table 5.4 Matching test for different parts of the test image (Fig 5.2) 

 The percentage 

of correct 

matching based 

on the top part 

(153 test images 

within column) 

The percentage 

of correct 

matching based 

on the middle 

part (153 test 

images within 

column) 

The percentage 

of correct 

matching based 

on the bottom 

part (153 test 

images within 

column) 

9 gray-image 

map with 

normalization 

73.2% 61.4% 79.1% 

17 gray-image 

map with 

normalization 

90% 64.7% 66.7% 

 

According to the matching results above, the accuracy of matching test 

based on the middle part of test images is lower than the other two parts 

by using gray-image maps. This can possibly be explained by the 

sensitivity of this method to the boundary effects and to the size of the 

test image. This is because the central portions are more likely to be in 

the boundary regions of the local images in the ground map. Also it is 

more likely that the common portions that shows a good match is smaller 

in size in boundary regions of the local images in the ground map.   
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5.2 Analysis 

 

As the results given in the section before show, the locations of most test 

images can be pointed out based on three different ground maps.  There 

are still some mismatches which cannot be ignored. The systematic 

causes of the mismatches need to be considered further in order to 

improve the matching performance. 

 

5.2.1 Errors from The Image Mosaic 

 

The largest problem which appears to affect the image matching 

negatively is the shifts between the neighboring local images. There are 

many causes for this: 

 

Illumination  

Though the matching score based on the Schwartz inequality, is invariant 

to a multiplicative illumination variation (uniform change everywhere), 

this invariance does not hold when illumination variation is not 

multiplicative. So before image mosaicing and image matching test the 

image needs to be preprocessed. We attempted to do that by normalizing 

the gray-value intensities, or by using LoG which suppresses the DC 

component altogether, but apparently this cause was neither completely 

eliminated nor it was the only cause of mismatching. 
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Boundaries 

It can be seen that between neighboring local images there is a boundary 

caused by illumination differences, which in particular affects the image 

matching test based on gray image map (even if the image is 

preprocessed by normalization). From our results it is clear that the 

mosaiced ground maps with less pronounced illumination differences at 

boundaries give better matching results.  

 

Imperfect Ground Map 

Because the similarity between two images is calculated by the matching 

score using the Schwartz inequality, if any significant shift exists in the 

boundary regions it is difficult for all methods to cope with this. Likewise, 

if the missing image information occurs due to the shifts made by 

incorrect image mosaicing of the ground map, the location suggested by 

matching will be poor. 

 

Error accumulation  

As expected, the test images within columns give better matching results 

than those between two columns, because the ground maps were 

mosaiced column by column. As the mosaicing errors appear unavoidable, 

the obvious inaccurate patching between two columns of the map leads to 

mismatch of the test image between two columns despite that column 
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maps are mosaiced with small errors. Even if mosaicing between two 

neighboring local images would have an error of 1 pixel in the average, 

after completing the total 9 boundaries in one column this error can be 

accumulated to 9 pixels or more within columns as compared to the 

physical location. Similarly, considering each two columns have an error 

due to shifts, the mosaicing between two columns will also yield poor 

matching across columns.  

 

However, this may not pose a real problem because a robot position with 

respect to physical location will be erroneous not w.r.t. to the map. 

Accordingly, a robot may still achieve successful navigation if its 

destinations are w.r.t. the ground-map, i.e. the destinations are mapped 

directly in the map.  

 

5.2.2 Errors from The Experimental Set-up and The 

Assumptions 

 

Beside the reasons we mentioned in 5.2.1, there are still some factors that 

affect the performance of matching a test image against the ground map. 

These are attributed to the limitations of experiment equipments, 

experiment environment, and the experiment assumptions. 
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Rotation and Scale-Changing 

We were taking local images or test images within several weeks. In this 

time, the illumination conditions were changing, and also the experiment 

equipments conditions were changing. Since our map mosaicing methods 

are not robust to images rotation and scale changing, we attempted to 

avoid these as the best as we could. However, it was nearly impossible for 

us to capture such images avoiding both rotation and scale-changes fully. 

 

To avoid the images from rotating, we should make sure that the PIE face 

the x-axis perpendicularly all the time (coordinate system see 4.1), 

However, the PIE was moving automatically alone within each column, 

so small shifts from the ideal route were not excluded. This in turn leads 

to image rotation. Evidently, in future methodologies, rotation invariance 

between the test image and the ground map must be relaxed, by using 

additional image analysis techniques. 

 

Besides the images rotation, the scale-change is also a factor that affects 

the matching performance. The scale-change refers to that the distance to 

the ground is not the same for two captured images (the one in the test 

and the one in the ground map). This happens because the camera did not 

face the floor perfectly paralle, due to camera tilt. See the figure below 

(Fig 5.4), where the left side matching is good, but shifts occurs on the 
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right side. Either rotation or scale-changing may lead to this. Evidently, in 

future methodologies, scale invariance between the test image and the 

ground map must be relaxed, by using additional image analysis 

techniques. 

 

 

 

Fig 5.4 
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6 Conclusions  
 

1. By using the local images taken by the camera mounted on the robot 

we completed ground maps by mosaicing. When locating the position 

of one test image in a ground map, both gray-value ground map, 

enhanced image ground map and orientation tensor ground map give 

acceptable results if the test image is within columns if illumination, 

rotation, and scale changes can be avoided to a reasonable extent. 

Generally, calculating the matching scores by the Schwartz inequality 

the most similar part between the test image and the map will be found 

accurately and can be marked on the map. The test image matching 

and our quantification of errors show that there is still room to obtain 

even better results in the future. 

 

2. Better localization results are obtained by orientation tensors despite 

that gray values give a more eye-pleasing ground map. This is because 

the causes which affect the accuracy of the matching tests based on 

gray values (illumination, image boundaries, rotation, and scaling) 

have less effect on orientation tensors based matching. Accordingly, 

the location which is pointed by orientation tensors will be more 

accurate and more stable. 
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3. Although the approaches we summarized appear to have provided us 

with ideal images, the errors from the environment and human 

handling resulted in less than ideal images w.r.t. experimental 

hypothesis (illumination, rotation, and scale invariance). The image 

rotation occurred by the robot‟s non-straight and non-parallel 

movements. Significantly different levels of average illuminations 

were obtained between test and ground-map images, as well as 

between images of the ground-maps. This was caused by illumination 

variations. For further research, we have several ideas including using 

the (artificial) floodlight instead of natural light, exploring other 

texture features even less affected by the negative causes mentioned 

above (including rotation and orientation), other strategies to mosaic 

than two local images at a time, and even possibly to move the robot 

on a fixed track for experimental studies of the most adverse causes of 

mismatch.  
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