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Abstract

Image registration is the process of aligning the coordinate systems of

two or more images. This technique is used for many applications in

various fields, e.g. medical imaging, cartography, and robotics. Per-

forming image registration for general purposes often requires high

dimensional image deformation models because the images must be

significantly deformed in order to register into a single image. We re-

fer to image registration using high dimensional deformation models

as non-rigid registration. As is the case with most computer-science

problems, dealing with the computation in high dimensional spaces

leads to difficulties on accuracy and efficiency.

In this dissertation, we tackle these essential problems in two dif-

ferent scenarios by proposing novel approaches tailored for each of

them. First, we aim at performing accurate registration of misaligned

color channels of images captured asynchronously. A practical ex-

ample of such a registration problem is the inter-color alignment of

time-sampled endoscopic images for medical imaging applications, a

problem which requires high accuracy of the registration. Second,

we aim at the efficient registration for mosaicing of images captured

under flexible photographing, i.e. we use the images captured under

non-restricted camera motion w.r.t. scenes. In this topic, we focus on

efficient mosaicing. We compose the registered images and produce

high quality mosaics in real time.

Regarding inter-color alignment, we tackle an instance of non-rigid

registration problem that appears in time-sampled images. These are

RGB images generated by video, with each frame capturing only one

color channel of the RGB space. Each final RGB image is composed



by interpolating adjacent frames. However, if there is camera motion,

color artifacts appear due to misalignment of the color channels. We

propose a method to remove the color artifacts by using an efficient

formulation of joint-entropy to align the color channels. Because the

joint-entropy alone presents many local optima, we combined it with

an operator which uses the orientation of color gradients of the chan-

nels. Compared to related methods, our proposed method is precise

while still being efficient.

Our second scenario, mosaicing, is a very popular application of image

registration. Despite of the possible advantages, non-rigid registration

is almost never applied due to its computational cost. We propose

a registration algorithm that can alleviate this problem in different

scenarios. In the case of video mosaicing, we propose a registration

method that can align in real-time pairs of frames selected from the

input video. Our proposed method avoids the error accumulation that

may happen while performing this kind of task. The real-time perfor-

mance is achieved by using a registration formulation described by a

sparse linear system that can be solved efficiently. When composing a

mosaic, the aligned images must be combined to generate a seamless

result. This process is called stitching. A common algorithm used

during stitching is graph cut, an approach that uses graph algorithms

to decide which pixels will be part of the mosaic and which pixels

will be discarded. Using this method is desirable because of the qual-

ity of the resulting mosaic but, because it works pixel wise, it is not

suited for real-time mosaicing. To solve this problem, we propose an

efficient graph cut formulation that acts on the mesh triangles used

by the non-rigid registration model. Since the number of triangles

is much smaller than the number of pixels, our proposed method is

faster and can be used for real-time video processing. In addition, we

propose an extension of our video mosaicing method. This registra-

tion method is capable of registering a set of images while keeping the

alignment globally consistent. This method is intended to be used as

post-processing.



All the methods were evaluated experimentally, and at the end of this

dissertation we present our conclusions and consider possible future

venues of research.
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Chapter 1

Introduction

1.1 Image registration and deformation models

A photographer may wish to stitch together some photos to create a panorama

image. A physician may wish to analyze medical images. A cameraperson may

wish to stabilize a video taken from a shaking camera. A cartographer may wish

to create a map from a set of aerial photos. In all cases there is a need to align

images. The process of aligning two or more images is called image registration.

In the case of two images, it can be conceived as trying to position photos taken

from the same scene one over the other so that the overlapping regions are as

similar as possible. One of the photos is kept fixed and used as reference. The

shape of the other photos is deformed using some model (which depends on the

class of application) in order to attain the best alignment. Figure 1.1 shows an

example of image registration.

The process of image registration is normally modeled as an optimization

problem. Each input image has a coordinate system, and a deformation model

used to map the images into some reference coordinate system, generating the

alignment. A warping function is what defines a deformation model. It is a

function of the form p′ = w(θ, p) that maps a coordinate p from its original

coordinate system into another 2D coordinate p′. If two coordinates p1 and p2,

in two different images represent the same scene feature, then ideally p1 and p2

should be warped to the same coordinate after the registration is performed. This

is illustrated in Figure 1.2. Warping functions can be broadly divided into two
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classes: rigid and non-rigid.

In the case of rigid functions, w has a set of warping parameters θ with a

constant number of parameters. Examples of rigid warping function are transla-

tion (2 parameters), Euclidean (3 parameters), similarity (4 parameters), affine

(6 parameters), and homography (8 parameters). Figure 1.3 shows examples of

rigid functions.

Under some circumstances, rigid functions are not enough to guarantee a good

alignment. For these cases, non-rigid warping functions were developed. Non-

rigid warping functions are of the form w (θ(p), p). Note that θ (p) is a function

of a coordinate p since the warping parameters can vary for each coordinate

p. This non-rigid warping function allows much more flexibility. However, non-

rigid warping functions have some severe limitations which our research aims to

alleviate.

In order to solve the registration problem, the set or function θ that yields

the minimum misalignment must be chosen. Functions that measure the mis-

alignment are called energy function. They commonly take a given θ as input

and outputs a real value that indicates how good the alignment is (the lower the

better).

In this dissertation we will tackle two of the main complications related to non-

rigid image registration: precision and computational cost. The cause of these

problems is, in short, the high dimensionality of the non-rigid warping functions.

We will tackle the precision problem applied to the alignment of color channels

of RGB images. The efficiency problem will be tackled in mosaicing, a classical

image registration application.

The next section discusses in more details application specific problems that

arise in image registration.

2



Figure 1.1: Example of image registration. The image in the left is kept fixed
while the image in the right is transformed. The objective is to align the regions
present in both images.

1.2 Application-specific image registration ap-

proaches

As previously explained, we must define a warping function and an energy func-

tion in order to perform image registration. The design of these functions, how-

ever, is application specific: There is no energy or warping functions that will

have optimal performance for all possible applications.
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Figure 1.2: Two coordinates, p1 and p2, represent the same scene feature (the top
of a building). After a successful registration, p2 is warped into p1.

The most adequate class of warping function depends mostly on the geometric

relationship between the input images. Consider, for example, the case of a set

of photos of the night sky that are to be aligned to create a star map. Since the

celestial bodies are far away, the photos are related to each other by similarity

transformation: two photos with overlapping regions can be aligned by scaling,

rotation, and translation alone. Now, when generating a panorama image with

photos from a camera rotating around its optical center, any two overlapping

images can be aligned into each other by homography. Both similarity and ho-

mography are rigid warping functions. Now consider a medical researcher who
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Figure 1.3: Example of rigid warping functions.

needs to align brains of different people in order to compare them. The brains

cannot be aligned by any rigid function, because the brains of different people

have regions with different sizes. Thus, in this case, non-rigid deformation models

must be applied.

In the case of energy functions, the selection depends mostly on the nature of

the images being registered. Energy functions can be broadly divided into two

groups: area-based and feature-based.

Area-based energy functions work by analyzing aligned pixels (i.e., pixels shar-

ing the same coordinate after registration). How this analysis is done depends on

the characteristics of the images. If the images have the same spectral band (e.g.

photos taken using the same class of sensor), then a simple sum of squared differ-

ences (SSD) Szeliski [2006] can be used to evaluate the quality of the alignment.

This is possible because the aligned pixels will have approximately the same value.

However, when the images are captured in different spectral bands, aligned pixels

may have totally different values. In this case, correlation methods are commonly

applied, because the aligned pixel values will show strong correlation when the

5



images are properly registered.

Instead of comparing pixels, feature-based energy functions work by com-

paring feature points of the input images. Feature points are coordinates that

represent scene features which are easy to detect and identify. Initially, feature

points are detected in both input images. This is done using a feature detector

algorithm, such as SURF Bay et al. [2006]. The feature detector outputs the

coordinates and the descriptor vector of each detected feature. The features of

one image are then matched to the features of the other by comparing their de-

scriptors. For doing so, a variety of nearest-neighbor method is applied. The

matched features are then used to evaluate the registration result. As shown in

Figure 1.2, two matched features representing the same scene structure in both

images will be, ideally, mapped to the same coordinate after registration. This

information can be used to evaluate the quality of the alignment, by evaluating

the distance between the matched features after registration. This is illustrated

in Figure 1.4.

Again, the selection between area-based and feature-based energy functions is

application dependent. Area-based functions, when compared to feature-based,

are slow. Also, the registration process using area-based functions need an initial

solution close to the optimum. Feature-based functions tend to be fast (because

the number of features of an image is much smaller than the number of pixels), and

in most cases there is no need of an initial solution during registration. However,

feature-based energy functions will not perform well when the images have regions

without features, and also if the features come from repetitive patterns (since they

will not be unique and the correct match will be difficult). In these scenarios,

area-based functions may achieve more precision, specially in the case of non-rigid

registration.

As mentioned, non-rigid warping functions are more flexible than rigid warp-

ing functions, but they also have disadvantages. Because the number of parame-

ters is much greater than that of a rigid function (for comparison, rigid functions

have generally less than 10 parameters. while the non-rigid functions used in this

dissertation could reach more than 200), non-rigid registration generally undergo

the curse of dimensionality Friedman [1997] : the solution space of the registra-

tion problem grows exponentially regarding the number of parameters. Due to

6



Figure 1.4: Two coordinates, p1 and p2, represent the same scene feature (the
top of a building). After registration, p2 is warped into p′2. The distance between
p′2 and p1 is called projection error. The better the registration, the smaller the
projection errors are.

this growth, the number of local optima (i.e., points that are optimal in a given

neighborhood but are not necessarily the desired global optimum solution) also

grows exponentially, rendering the optimization problem harder to solve. Also,

due to the sheer size of the problem, solving it may take much longer. Due to

these problems, a regularization term must be added to the energy functions when

dealing with non-rigid registration. A regularization term is a function used to

smooth the search space, removing local optima.
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Our objective in this dissertation is trying to develop methods to circumvent

the problems with non-rigid registration methods so that their advantages may

outweigh their disadvantages. Our attempts will be detailed in the following

sections.

1.3 Objectives and contributions

Non-rigid image registration suffers from the problems described in the last sec-

tion: lack of precision, due to the size of the solution space, and high computa-

tional cost, due to the great number of parameters. In this dissertation we will

tackle some instances of this problem, to overcome some of these limitations and

make non-rigid warping functions more useful.

We will tackle two classes of problems: inter-color alignment of time-sampled

images and efficient image mosaicing. In the domain of inter-color alignment,

we will touch the subject of multispectral image registration, because each color

channel of an RGB image has its own spectral band. We will focus in the precision

of the method without neglecting efficiency. In the domain of mosaicing, we

will tackle the main problem preventing a wider use of non-rigid registration:

efficiency. Before our proposed method, to the best of our knowledge, only one

method used non-rigid registration for mosaicing. However, it was not designed

for real-time processing (Lin et al. [2011]). All the other mosaicing systems used

some form of rigid warping function. We believe that non-rigid warping functions,

thanks to their flexibility, can help generate better mosaics, and we will endeavor

to demonstrate it.

Our contributions in these two classes of problems are detailed below.

1.3.1 Accurate registration for inter-color alignment of

time-sampled endoscopic images

We will tackle the problem of inter-color alignment of time-sampled images. As

will be explained in Chapter 2, time-sampled images have their color channels

misaligned. The misalignment, depends on the local geometry of the scene in a
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Figure 1.5: Summary of our proposed inter-color alignment method. Images
are captured by an endoscopic camera. Due to the sampling process, the color
channels present misalignment, resulting in color artifacts. The color channels
are aligned back by non-rigid registration.

way that can not be represented by rigid warping functions. Non-rigid registra-

tion is applied for this reason. Also, we have to apply correlation based energy

functions since each color channel presents a different spectral band. As will be

demonstrated in Section 3.2, correlation based energy functions may be hard to

optimize because their global optimum is difficult to find.

This being the case, we propose an energy function that combines an efficient

computation of entropy (used to measure the correlation of pixel values) with a

new energy term that compares the divergence in gradient direction of aligned

pixels. The addition of this extra term, named squared cosine term, renders

the global optimum of the energy function easier to find. Consequently, the

registration results become more precise. A brief summary of the problem and

the proposed method is given in Figure 1.5.

These contributions will be detailed in Chapter 2.
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1.3.2 Efficient non-rigid registration for image mosaicing

under flexible photographing

Nowadays, mosaicing has become a popular application of image registration.

Even mobile phones are able to create mosaics. For this reason, the mosaicing

system must be fast to offer a good user experience. Commonly, since non-rigid

warping functions tend to be slow to optimize, rigid warping functions are used for

mosaicing. Also, feature-based energy functions are used due to their robustness

and efficiency Szeliski [2006]. The standard method of solving the registration

with feature-based energy functions is by RANSAC.

RANSAC (Fischler and Bolles [1981]) is a very important method that can

be used to estimate parameters of mathematical models in the presence of noise

(outliers). The model parameters are estimated iteratively, and the optimum can

be found even if the noise is very strong. However, the number of iterations, which

depends on the number of parameters being estimated, grows unacceptably high

when the amount of noise is significant and the number of parameters is large

(as in our case). For this reason we propose a fast non-rigid image registration

method that does not rely on RANSAC.

Our proposed method focused on real-time mosaicing of video streams. It

will be capable of generating seamless mosaics in real-time using non-rigid reg-

istration. The proposed method will create mosaics in real-time by stitching

together key-frames previously selected from the input stream. Our video mo-

saicing method will run in real-time, even though it uses non-rigid registration.

To achieve real-time performance, we propose a fast formulation for the non-rigid

registration problem, a fast method for selecting the video key-frames, and also an

efficient graph cut formulation for stitching the key-frames into the mosaic. This

graph cut formulation is tailored for non-rigid registration, being more efficient

than classical formulations. Finally we propose a registration method capable

of registering a set of images while keeping the alignment globally consistent.

This method is intended to be used as post-processing. A brief summary of the

problem and the proposed method is given in Figure 1.6.

These contributions will be detailed in Chapter 4.
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Figure 1.6: Summary of our proposed mosaicing system. Key-frames from the
input video stream are selected and aligned by non-rigid registration. The aligned
frames are stitched into a mosaic.

1.4 Thesis organization

The remaining of this dissertation is organized as follows.

Chapter 2, Accurate registration for inter-color alignment of time-sampled en-

doscopic images, presents the method for accurately aligning endoscopic images.

We explain the details of time-sampled endoscopic imaging, the challenges of per-

forming registration of this type of image, and the energy functions commonly

used for this problem. We then explain our proposed energy function that com-

bines joint entropy and color gradient for a more precise registration.

Chapter 3, Experiments on accurate registration for inter-color alignment,

shows the experimental results on the image registration of time-sampled endo-

scopic images. We first describe the experimental setup for image acquisition

of endoscopic images and the implementation details. Then, we compare our

method using the proposed energy function to the baseline method. Our results

validate that the inter-color alignment, according to the proposed energy func-
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tion, yields robust and precise results, comparable with the best related method

analyzed in our work, with significantly reduced computational cost.

Chapter 4 , Efficient non-rigid registration for image mosaicing under flexible

photographing, presents the proposed non-rigid registration method for creating

mosaics from video streams. First we introduce related methods, the scope of our

proposed method, and the non-rigid warping function our method uses. Then,

we present our proposed non-rigid registration system. Finally, we present our

efficient stitching formulation followed by the global registration method for post-

processing.

Chapter 5, Experiments on efficient registration for image mosaicing, shows

the experimental results on the image registration for a set of images (both video

key-frames and photos) captured under flexible photographing. We first describe

the experimental setup for image/video acquisition and the implementation de-

tails. Next, for video stream inputs, we demonstrate that our proposed mosaicing

method is capable of running in real-time while performing a more precise reg-

istration than related methods with rigid deformation models. In addition, we

qualitatively validate that our proposed post-processing methods improves the

quality of the final mosaics.

Finally, Chapter 6, Conclusions and future work, presents the contributions

of this dissertation, together with some possible future venues of research. First,

we discuss a possible improvement of our inter-color alignment method. Instead

of using a general optimization method, as previously done in the experiments,

we could investigate better optimization methods that explore the characteristics

of the proposed energy function. Second, we discuss possible extensions to our

proposed mosaicing method. Our system only creates planar mosaics. We could

extend the mosaic creation to other shapes, such as cylinders and spheres. Also,

our research dealt with 2D mosaics. Another possible extension would be creating

3D mosaics.
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Chapter 2

Accurate registration for
inter-color alignment of
time-sampled endoscopic images

2.1 Introduction

An RGB image contains three different spectral bands, one for each channel.

There are different ways of capturing an RGB image, mainly among them: color

separation, spatial sampling, and time-sampling.

• Color separation works by splitting the light into 3 different spectral bands

by using a prism (Figure 2.1(a)). Each one of the bands is then captured

by a different CCD sensor. High quality images can be recorded, but the

method is expensive because it requires a prism and three CCD sensors.

• Spatial color sampling works by detecting different spectral bands at dif-

ferent points on a single sensor (Figure 2.1(b)). The full RGB image is

reconstructed then by interpolation (demosaicing in this context). Since it

only uses one sensor, the quality is inferior to that of color separation, but

the low cost makes this the most popular sampling method for commercial

products.

• Time-sampling works by using a single CCD sensor by sampling different

spectral bands at different instants. An example of application of time-
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sampling can be seen in endoscopic camera (Figure 2.2). The camera illu-

minates the inside of the body with a different light for each video frame.

The color of the light is changed by a rotating color filter. The single color

frame is captured by a CCD sensor and sent to the the video processor.

There, it is combined with the previous single color frames to create the

RGB frames, as shown in Figure 2.3. Time-sampling can generate high

resolution images, but if the camera or the scene moves, the color chan-

nels become misaligned and color artifacts may appear. Time-sampling is

applied when the user wants images with both high-resolution and quality

in the color information but does not want the high cost of using color

separation.

In this chapter we will explain how to overcome the limitations of time-

sampling methods by proposing a new energy function. This function will be

used for inter-color alignment to remove the color artifacts. Since the misalign-

ment of the color channels depends on the local geometry of the scene, non-rigid

registration must be used. Feature-based energy functions are not suited to regis-

ter endoscopic images. This happens because the tissues of our digestive system

Figure 2.1: Two of the most common methods of RGB sampling: color separation
(a) and spatial color sampling (b).
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Figure 2.2: Scheme of an endoscopic camera that captures RGB images using
time-sampling.

Figure 2.3: How time-sampling works. For each frame, only one channel is sam-
pled. When composing the final RGB image, the current channel is combined
with the previous samples.

are mostly smooth and without feature points. For this reason, our proposed

method must be an area-based energy function. Also, since the spectral band of

each color channel is different, a correlation-based methods must be used. Our

proposed energy function will be based on information entropy. However, we
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empirically observed that entropy is difficult to optimize, for reasons that will be

explained in Chapter 3. From the literature, we understood that the orientation

of the color gradient can be used as an energy function for our problem. Thus,

in order to make our registration problem easier to solve, our proposed energy

function will fuse entropy and gradient orientation. This will yield a more precise

registration while still being efficient, as we will demonstrate.

The remaining of this chapter is organized as follows. Section 2.2 presents the

related methods. Section 2.3 presents energy functions for multispectral image

registration related to our research. Section 2.4 presents the mesh model that

implements the warping function used by our proposed method. Finally, Section

2.5 presents our proposed energy function.

2.2 Related methods

Many applications employ the sum of squared differences (SSD) minimization to

align gray scale images. For example, SSD is used for non-rigid image registration

Shimizu et al. [2008]. However, SSD is not an appropriate measure for channels

representing different spectra, because in this case the channel values for the same

pixel may have great variations.

It is assumed that there is a constant relationship among pixel values in the

color space. Early criteria for minimization in this scenario have been proposed in

Woods et al. [1992] and Woods et al. [1993]. Furthermore, evaluation criteria for

the relationship between pixel values (joint-distribution) are proposed in Ref. Hill

et al. [1993]. The following metrics have been proposed as similarity evaluation

criteria: distribution of the third order moment Hill et al. [1994], joint-entropy

of the probability density distribution Collignon et al. [1995b]; Studholme et al.

[1995], and mutual information showing the dependency of images Collignon et al.

[1995a]; Maes et al. [1997].

However, methods using histograms such as mutual information present a

considerable risk of the optimization algorithm being trapped in local minima.

This problem appears generally due to the interpolation method used to calculate

the histogram. To avoid this problem, multi-resolution hierarchical approaches
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have been proposed Likar and Pernus [2001]. In the work Pluim et al. [2000], a

method of combining Mutual Information and gradient orientation was proposed.

As discussed in Section 2.3, this additional information gives more robustness to

registration results, but ends up being harder to optimize. Image registration in

medical images, a modality which uses entropy based registration massively, is

presented in detail in Maintz and Viergever [1998] and Pluim et al. [2003].

2.3 Energy functions for multispectral image reg-

istration

This section presents the joint-histogram, a way of representing the joint distri-

bution of pixel values between images. In addition we present some common

methods of measuring correlation using this histogram: joint-entropy and mutual

information. A related method (introduced below), proposed an energy function

that combines mutual information and gradient orientation to have a more pre-

cise registration method. This section will discuss these methods, used as base

for comparison for our proposed method.

Joint-histogram of multiple images: The joint-histogram represents the

joint-distribution of two or more random variables. For the 2D joint-histogram,

the pixel values of two images are used as the coordinate axis. Given two single

channel images A and B, and a pixel coordinate x, p(A(x), B(x)) represents the

probability of a pixel to have the value A(x) on the image A and B(x) on the

image B.

The joint-distribution changes according to the transformations applied to the

images. Using image registration, we seek the transformation that yields the joint

distribution with the smallest entropy.

Figure 2.4 shows an example of a joint-histogram, where Figure 2.4(a) shows

the original image without any displacement between the color channels, its joint-

histogram in RGB space, and its projection on the plane defined by the green and

blue components. Figure 2.4(b) shows the same image with the green channel
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Figure 2.4: Color images and their joint-histograms.

shifted by (1, 2) pixels, the resulting joint-distribution and its projection. In

response to a tiny displacement, the joint-histogram changed significantly.

Joint-entropy of two images: We can measure the scattering of a proba-

bility density distribution by using entropy. When the distribution is uniformly

scattered, the entropy is maximized. On the other hand, when it is concentrated,

it reaches its minimal value. Let A and B be two images. When we calculate

the entropy of a joint-histogram of A and B, H(A,B), small values indicate that

A and B are correlated. On the other hand, H(A,B) increases as A and B are

more independent;

H (A,B) = −
∑
a∈A

∑
b∈B

p(a, b) log p(a, b) (2.1)
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where p(a, b) represents the joint-probability pixel values a and b, a ∈ A and

b ∈ B. We can calculate p(a, b) from the joint-histogram.

Mutual information: As described in Pluim et al. [2003], the joint-entropy

is computed from the overlapping portion of the images; it is sensitive to the size

and contents of the overlap. The joint entropy can take a low value for a complete

misalignment. Mutual information (MI ) has been proposed as a stable method

that can deal with this problem.

I(A,B) = H(A) +H(B)−H(A,B)

=
∑
a∈A

∑
b∈B

p(a, b) log
p(a, b)

p(a)p(b)
(2.2)

Mutual information is a measure that shows the degree of dependence of two

random variables. If two images are correlated, their mutual information will be

high. A more stable way of calculating MI has been proposed in Studholme et al.

[1999].

Adding color gradient information: Registration is in general an ill-posed

problem: The similarity functions present many local optima and it is not trivial

to determine which one is the global optimum. This problem brings serious effects

in entropy based functions, which present more local optima than the SSD based

ones. As we show in Section 3.2, SSD function presents a global optimum with

a wider basin, easier to find, but with an ambiguous optimum solution. On the

other hand, mutual information presents a global optimum with a more narrow

and sharper basin, harder to find but with a very unambiguous optimum solution.

The joint histogram entropy also presents a global optimum with basin narrower

than MI and SSD similarity functions, making the optimization process harder.

A way of tackling this problem is to add new information into the similarity

function, so that its global optimum is easier to find during optimization. The

idea behind this method is to combine two or more functions, defined over the
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same search space, whose global optimum is the same. This can accentuate the

global optimum and eliminate local optima, facilitating the optimization. One

way of adding such a type of information is by using gradient information. For the

case of RGB inter-color alignment, even when the pixel value changes in different

channels, the gradient direction keeps a high correlation. This is demonstrated

in Figure 2.5. The method described in Pluim et al. [2000] analyzes the color

gradient of the input images. It uses an energy function which compares the

similarity in module and orientation of the gradient fields. When these images

are aligned, their gradient fields are expected to have maximum similarity and

the mutual information is also expected to be maximal.

Therefore, color gradient information can be used to make the similarity func-

tions easier to optimize. However, one problem must be considered when com-

puting the similarity between gradient fields from images with different spectra.

Even when the fields are perfectly aligned, the gradient vector for a given coordi-

nate may have different modules, due to spectrum differences. Also, the vectors

may present opposite directions. This is illustrated in Figure 2.6. In this exam-

ple, we can see that the gradient fields are aligned in the red and green channels.

However, in the borders between the red and green regions, the gradient presents

opposite directions.

Here we give a brief description of the formulation proposed in Pluim et al.

[2000].

The angle α between two gradient vectors can be computed using their inner

product: αx,x′(σ) = cos−1 ∇x(σ)·∇x′(σ)
|∇x(σ)||∇x′(σ)| , where A and B are two input images, x

represents a pixel in A, x′ the warped position of x in B, and σ represents the

scale of the filter used to estimate the gradient. The ∇ represents an operator

that takes the gradient of the image intensity. The following equation represents

the weight of a given angle.

w(α) =
cos(2α) + 1

2
(2.3)

This weight function favors angles near zero or near 180 degrees, as can be

seen in Figure 2.7, making this gradient term (GRD) able to account for different

spectra. The next equation shows a way to combine this term with the classical
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Figure 2.5: Gradient direction of the red, green, and blue channels of a color
image. Even though the pixel values of each channel are different, the three
gradient fields show a strong correlation.

mutual information metric.

Inew(A,B) = G(A,B)I(A,B) (2.4)

G(A,B) =
∑

(x,x′)∈(A∩B)

w(αx,x′(σ))min(|∇x(σ)|, |∇x′(σ)|) (2.5)

The weight function is multiplied by the minimum gradient module. This

enforces that only gradient vectors present in both input images will be used,

thus eliminating a possible source of artifacts.

However, this method presents some problems. First, the cos−1(·) and cos(·)
are computationally expensive functions. Second, it uses the min(·) function,

which is numerically hard to optimize. Finally, it is not trivial how to generalize

this term for more than a pair of images while minimizing the growth in com-

putational time. In Section 2.5.2 we propose an alternative method of using the
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Figure 2.6: Example of aligned gradient fields displaying opposite directions.

Figure 2.7: Weighting function for gradient angles.

gradient information.

2.4 Mesh model for non-rigid warping

Using B-splines, the displacement at given coordinates is obtainable from the

weighted sum of displacements of a set of control points. The weights are com-

puted using B-spline base functions. The vector

θ = [∆x̂1, · · · ,∆x̂n,∆ŷ1, · · · ,∆ŷn]> is defined as the deformation parameters. The

components of the vector are the horizontal and vertical displacement from the

initial positions of n control points. The warped coordinates from the original
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position p are representable as follows, given that the control point positions are

equally spaced Kybic et al. [2000]:

w(p; θ) = p + J (p) θ (2.6)

Where J(p) denotes the following B-spline basis function matrix for the co-

ordinate p, computed as follows.

J(p) =

[
c1 · · · cn 0 · · · 0

0 · · · 0 c1 · · · cn

]
(2.7)

The B-spline basis ci are representable using the initial positions of the control

points p̂0i = [x̂0i, ŷ0i]
> and the interval between the control points (hx, hy):

ci = β

(
x− x̂0i

hx

)
β

(
y − ŷ0i

hy

)
(2.8)

The cubic function β is described below.

β(t) =


2/3− (1− |t|/2)t2 , if 0 ≤ |t| ≤ 1

(2− |t|)3/6 , if 1 < |t| < 2

0 , otherwise

2.5 Proposed method

Our proposed method for inter-color alignment of time-sampled images is pre-

sented in this section. First, Section 2.5.1 will present an efficient method of

computing the entropy of the RGB color distribution of 3 color channels. Section

2.5.2 will present a novel method of calculating the alignment of multispectral

images using the color gradient information. This method will be combined with

our efficient joint entropy to give it more precision. Details are given in the

following sections.
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2.5.1 Entropy of a color subspace

As shown in Figure 2.4, the 3D distribution of RGB values can be used to evaluate

the alignment of the color channels.

A naive approach would have a 3D joint histogram to represent the distri-

bution, but this can be improved in the following way. Through the analysis of

natural color images, we can observe that, by using principal component analysis,

the principal component of the joint distribution of the RGB color space cor-

responds to brightness. Comparing normal natural images with natural images

whose color channels have been misaligned (as in Figure 2.4), we can observe

that the subspace representing brightness has not changed significantly, only the

subspace representing the color has changed. Thus, the joint entropy of the three

color channels of an image can be computed from the subspace representing the

color distributions, ignoring the brightness component. This implies that we do

not need to use a 3D joint-histogram, because a 2D one is enough. This is

explored by our proposed method.

The entropy of a joint-histogram in a 2D subspace is described as follows.

E = −
∑
ξ∈Ω

p(ξ) log p(ξ), (2.9)

ξ = Cs,

where C : R3 → R2 is a projection matrix from the 3D joint-histogram onto

one of its subspaces. The vector s = (r, g, b)> represents the RGB values of a

pixel on the 3 color channels and Ω represents the region of interest. The matrix

C can be computed from the principal component analysis of the set of vectors

s.

Figure 2.8 shows the joint-histogram of Figure 2.4. The histogram is pro-

jected on the plane which has the normal vector of the first principal component

(0.62, 0.58, 0.53). Figure 2.8(a) shows the projection of Figure 2.4(a), where there

is no displacement of color channels. Figure 2.8(b) shows the correspondent pro-

jection of Figure 2.4(b), where the green channel is displaced. It can be seen that

the distribution is greatly spread over the projected subspace.
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(a) Original image (b) Green channel shifted image

Figure 2.8: Projection of the joint-histogram (Figure 2.4) onto a 2D subspace.

The subspace CbCr in the Y CbCr color space can be used as a good approx-

imation. The normal vector of the CbCr subspace is (0.577, 0.577, 0.577), which

is slightly different from the first principal component. However, the projected

joint-histogram is almost the same.

In our experiments, the projected joint-histogram is estimated as the proba-

bility density p(ξ) in a discretized subspace. The color value set s(x) at position

x in the images will be projected onto a position ξ(x) = Cs(x). In order to cal-

culate the joint-histogram of this discretized projected subspace, the real valued

coordinate ξ(x) must also be discretized into bins. The share of the real coor-

dinates into a set of bins is computed using B-Spline base functions described

below.

Dp(ξb(n)) =
∑
x

1

N
β

(
ξ(x)− ξb(n)

hb

)
(2.10)

β(t) =


2/3− (1− |t|/2)t2 , if 0 ≤ |t| ≤ 1

(2− |t|)3/6 , if 1 < |t| < 2

0 , otherwise
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where, Dp(ξb(n)) represents a distribution value of the probability density for

the n-th discretized position ξb(n), hb is the bin width, and N represents the total

number of pixels inside the region of interest.

For registering three color channels, for the case of RGB images, the vector

s in Equation 2.9 is a 3D vector. The projection matrix C is R3 → R2 and

the projected subspace is 2D. The proposed method needs only one computation

of entropy for registering the three channels, while the conventional registration

requires two independent registrations evaluating two MIs.

2.5.2 Adding gradient information using the squared co-

sine term

This section presents a new approach for combining color gradient information

with the joint-entropy for the registration of multiple images. We call it the

squared cosine term (CosSqr).

Let V = {v1, . . . ,vn} be a set of vectors and v̂ an estimation of the correct

gradient direction (the reference vector). The CosSqr(V, v̂) is defined as:

CosSqr(V, v̂) =
∑
vi∈V

cos2(v̂,vi) =
∑
vi∈V

(v̂.vi)
2

‖v̂‖2‖vi‖2
(2.11)

Let pa, pb, and pc be, respectively, W(p; Pa), W(p; Pb), and W(p; Pc) (B-

spline deformation model detailed in Section 2.4). Let Vp = {∇pA,∇pB,∇pC} be

the vector of gradients of the color channels A, B, and C. As reference vector v̂p,

we used the vector of the color channel that is kept fixed during the registration,

∇pA, ∇pB, or ∇pC , depending on the case. The CosSqr term is combined with

the joint-entropy similarity function by the following definition.

EG = W−1E (2.12)

W =
∑
p∈Ω

cosSqr(Vp, v̂p) (2.13)

where E denotes the entropy of Equation 2.9.
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This new similarity measure combines joint-entropy ( Equation 2.9) and the

summation of the CosSqr of all pixels in the region of interest.

Since the CosSqr of vectors pointing to opposite directions is the same, this

method is robust to differences in the spectral bands of the images. Also, it is

trivial to add new images (or channels) to the registration with linearly grow-

ing extra cost. The function only uses simple mathematical operations and its

derivatives are not hard to compute.
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Chapter 3

Experiments on accurate
registration for inter-color
alignment

As the experimental validation of our proposed method, we performed three

classes of experiments. We compared the registration using: sum of squared differ-

ences (SSD), mutual information (MI ), entropy of the projected joint-distribution

(JE ), MI combined with the gradient term presented in Pluim et al. [2000]

(MI+GRD), and JE combined with the squared cosine term presented in the

previous section (JE+COS2 ).

In the first set of experiments, we evaluated the behavior of these similar-

ity functions using a set of simple global transformations. In the second set of

experiments, the same methods were applied to time-sampled image sequences

presenting non-rigid deformations. Since we simulated the time-sampling, we had

the ground truth needed to quantitatively compare the previous approaches with

our proposed method. In the final set of experiments, we calculated the compu-

tational cost of our proposed method by comparing it with the other methods we

studied.

The remaining of this chapter is organized as follows. Section 3.1 explains

implementation details concerning the experimental setup. Section 3.2 presents

the experimental results regarding the three classes of experiments listed above.
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3.1 Implementation details

When estimating the deformation parameters for three images A, B, and C (the

color channels), the equations previously presented remain identical, except for

the parameter vector P, rewritten as P = (pa
>|pb

>|pc
>)>. One of the three

images is used as reference and its parameters are set to 0. The other calculations

are identical to the ones previously introduced.

The optimization method used in this project is the coordinate descent Abat-

zoglou and O’Donnell [1982], applied for all evaluation functions being compared.

We used Brent’s method Brent [1973] to the 1D optimizations required by the

coordinate descent algorithm. In our implementation, for each iteration, Brent’s

method is used to optimize all elements of P, i.e., each control point displacement,

while the other deformation parameters are kept fix. Since the displacement of

a single control point only affects the solution locally thanks to the spline defor-

mation model, the similarity metric value can be recomputed efficiently from the

previous calculations. Another reason for using the coordinate descent method

is its robustness. In our experiments, it always converged to a good solution (ex-

cept for SSD). Also, good solutions could be achieved even when the displacement

among color channels were big (i.e., 10 or more pixels).

In more details, our implementation used the following settings. The conver-

gence criteria was that the maximum displacement from the previous estimation.

When the displacement reaches a value smaller than 0.001 pixel, the optimization

was stopped. The parameters are optimized in raster order, related to the control

points coordinates. For every control point, first the row coordinates of image

A is optimized in 1D, then the row coordinates of image C. After, the column

coordinates are optimized in the same order. The entire project was programed

in C language using OpenCV. Some of the numerical methods were implemented

using the GNU Scientific Library. It was programmed to execute within a single

thread. The computer we used for the experiments had a Core 2 Quad 3GHz

processor and 3 Gbyte of RAM memory.
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3.2 Results

This section will present the experiments used to evaluate our proposed method.

We started by comparing the behavior of energy functions commonly used for

multispectral registration, including our proposed method. The next set of ex-

periments were conducted to quantitatively evaluate the performance of our pro-

posed method regarding alignment error. Finally, the last set of experiments were

conducted to evaluate the computational complexity of our proposed method

compared to other related methods. All three sets of experiments are described

below.

3.2.1 Behavior of the energy functions

In the first set of experiments, we applied a set of rigid transformations into an

image and plotted the resulting energy functions. Figure 3.1 shows the image

used for this purpose. We applied rotation and translation.The rotation range

was [−15, 15] degrees. The translation range was [−15, 15] pixels. For SSD, MI,

and MI+GRD, we compared the red and blue channels of the test image. For our

proposed methods (JE and JE+COS2 ), we compared all three channels. The

image size was 406× 304.

The results of our comparison are shown in Figure 3.2. As we can see, SSD

presents a wide basin around the global optimum, making it easy to converge.

However, its optimum position is ambiguous. MI has a narrower basin around the

optimum, rendering it harder to optimize. However, the global optimum position

is very unambiguous because the optimum basin is much sharper. Observing

the results of JE, it can be seen that the optimum basin is much narrower than

the others, making this similarity function very hard to optimize (unless the

displacement is very small). MI+GRD has a wider optimum basin. Although

it is ambiguous for the rotating transformation, this similarity function results

easier to optimize than MI and JE. Finally, the proposed similarity function

(JE+COS2 ) shows a behavior similar to that of JE. However, it presents a wider

optimum basin, making it easier to optimize.

By these simple experiments, we concluded that the similarity functions, when
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Figure 3.1: Image used in the first set of experiments.

combined with color gradient, are likely to perform better. We will demonstrate

this fact by the following set of experiments.

3.2.2 Registration error

To validate the accuracy of our proposed method, we experimented with 5 sets

of images presenting non-rigid transformations. The original images were used

to generate time-sampled sequences. To simulate time-sampling, for each frame

of the video, one of its channels was selected and the other two ignored. The

selection followed the usual channel order: R, G, and then B, repeated for all

images. Table 3.1 shows more details of the sequences: the number of frames

used, the image size, and the number of control points used in the registration.

We compared the same five methods we used for the last experiment.

Table 3.2 shows the experimental results. For each test sequence, we calcu-

lated the average RMS error over all images. The error is calculated from the
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Test Sequence # of frames size control points
1 10 448× 336 11× 8
2 6 360× 283 9× 7
3 5 430× 284 11× 7
4 5 391× 412 10× 10
5 5 460× 333 12× 9

Table 3.1: Details about the image sequences.

Test Sequence SSD MI JE MI+GRD JE+COS2
1 9.640 4.336 6.420 2.949 3.432
2 5.346 2.640 3.029 2.630 2.716
3 6.173 3.888 4.871 3.462 3.430
4 7.700 3.686 3.440 2.748 2.684
5 5.563 4.098 3.439 2.378 2.302

Table 3.2: Results of the average RMSE over the pixel values.

difference between the RGB values given by the ground truth images and the

estimated results. Figure 3.3 shows samples of each sequence and the average

RMSE (Root Mean Square Error). The error of each image in a sequence is bro-

ken down in Figure 3.4. As we could predict, SSD had the worst results because

the color channels present different spectra. Since JE has an optimum basin

narrower than MI, the performance of the former was generally worse than that

of the latter. Figures 3.5 and 3.6 show some examples of the results obtained

by our proposed method. The fist column shows the images before the color

channel registration; the second column shows the registered images; the last

column shows the ground truth. The comparison between the methods that use

color gradient information and the methods that do not indicate that gradient

information has a positive effect in the similarity function performance. As can

be seen in Figure 3.2, the result of using color gradient is the extension of the

global optimum basin, making the optimization process easier, and the average

error smaller. Both methods, MI+GRD and JE+C0S2, have statistically similar

average error. Figure 3.7 shows an example comparing the results of all energy

functions.
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3.2.3 Computational complexity

Finally, this set of experiments is used to evaluate computational complexity.

First, the similarity function over images with different sizes is computed. For

each image and each similarity function, 1000 computations were made. After

that, the average execution time was calculated. We took the time to calculate

the similarity between the red and blue channels comparing to green one.

Figure 3.8 shows the results for each method. As can be seen, the fastest sim-

ilarity function is SSD. The proposed similarity function (JE ) performed faster

than MI. This happened because this function only takes information of a smaller

subspace of the joint distribution, ignoring useless information. Among the meth-

ods using color gradient, the proposed method (JE+COS2 ) proved to be much

faster than MI+GRD, as predicted.

Second, we computed the average computational time and number of itera-

tions for the entire optimization process, using the studied similarity functions.

These experiments were conducted because even if one similarity function is faster

to be evaluated than another, it does not imply that the optimization process us-

ing the former metric will be faster than using the latter. This may happen

because, generally, the metric computation is a small proportion of all the opti-

mization computational cost.

The results for each similarity metric and each image sequence is shown in

Tables 3.3 and 3.4.

We can see that the proposed method (JE+COS2 ) performs always quicker

and also needs a smaller number of iterations to converge than MI+GRD.

In conclusion, these experiments show that the methods which use color gra-

dient information are slower than methods that do not, but they are more precise.

Also, the proposed method showed results that, comparing by precision, are sim-

ilar to the results of the related method presented in Pluim et al. [2000]. Finally,

it was verified that the proposed method needs a smaller number of iterations to

converge. Also, the total computation time is smaller than the related method.
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Test Sequence SSD MI JE MI+GRD JE+COS2
1 21 11 11 19 11
2 20 9 10 11 7
3 22 17 9 23 16
4 56 22 12 11 9
5 21 65 21 34 19

Table 3.3: Average number of iterations of the optimization process.

Test Sequence SSD MI JE MI+GRD JE+COS2
1 4255 2894 5240 10289 6536
2 2819 1635 3163 3546 2532
3 2050 3323 4452 8684 7024
4 7354 6334 6845 6592 6394
5 1620 13638 10144 14356 10523

Table 3.4: Average execution time of all the optimization process, in seconds.
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Figure 3.2: Behavior of the studied similarity functions under 1D transformations.
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Figure 3.3: Sample of each video sequence and the comparison of performance
for all studied methods.
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Figure 3.4: Registration error broken down by image sample.
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Figure 3.5: Examples of results comparing the time-sampled images, the results
of our proposed method, and the ground truth (sequences 1, 2, and 3).
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Figure 3.6: Examples of results comparing the time-sampled images, the results
of our proposed method, and the ground truth (sequences 4 and 5).
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Figure 3.7: Example of inter-color alignment results. The top-left position shows
the ground truth. We can see that SSD has the worst results. The proposed JE
shows results inferior to MI, while MI+GRD and the proposed JE+COS2 have
similar results.
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Figure 3.8: Computation times for all similarity functions studied.
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Chapter 4

Efficient non-rigid registration
for image mosaicing under
flexible photographing

4.1 Introduction

This chapter presents the proposed non-rigid registration method for creating

mosaics from images captured without restrictions in camera motion or in the

setup of the scenes.

First, we propose a real-time mosaicing method that uses video streams as in-

put. The method is online, i.e., the mosaic is instantly updated when new images

are input into the system. This method has a very efficient and flexible regis-

tration model based on a feature-based energy function and a non-rigid warping

function. In addition, for accelerating the entire process, we propose a method

for selecting informative key-frames by using the statistics of feature matches. A

crucial point in mosaic creation is to determine how the images will be combined

into the final mosaic. This process is called stitching. Stitching algorithms may

be very slow, specially with high resolution images. We propose a graph cut for-

mulation that explores the characteristics of the non-rigid warping function used

by both proposed methods in this chapter to stitch the mosaic very efficiently.

Finally we propose a post-processing method capable of performing registra-

tion while keeping the alignment globally consistent. This method is intended
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to be used to improve the mosaics generated by other methods (e.g. our video

mosaicing method). This registration model is an extension of our proposed video

mosaicing method that allows globally consistent alignment of the input images

while still being computationally efficient.

These contributions will be presented in the following sections.

The remaining of this chapter is organized as follows. Section 4.2 presents

the related methods. Section 4.3 presents the scope of our proposed methods.

Section 4.4 presents the triangular mesh model used to implement the warping

function used by our proposed methods. Finally, Section 4.5 presents our pro-

posed methods.

4.2 Related methods

Since mosaicing is a well studied area of computer vision, there are many ap-

proaches to 2D mosaicing. These works can be grouped into three classes: (1)

offline methods that use homography or lower degree functions, (2) offline meth-

ods that use higher degree transformations, and (3) online methods. The group

(1) includes the works, Brown and Lowe [2007]; Deng and Zhang [2003]; Hsu et al.

[2002]; Sawhney et al. [1998]; Vercauteren et al. [2005], which are based on rigid

warping functions such as homography. The group (2) includes the works Can

et al. [2000]; Chaiyasarn et al. [2009], which model the deformation as quadratic

functions. The work in Lin et al. [2011] handle non-planar scenes by using non-

rigid registration of image pairs. This method, however, was not designed to

handle either real-time or global registration.

The group (3), includes the works of Crispell et al. [2008]; Peleg et al. [2000].

The work in Crispell et al. [2008] uses 3D information for registering aerial images

using a non real-time algorithm. The method in Peleg et al. [2000] is online and

avoids the problem of over deformation by using fixed camera movements (e.g.

translation, forward motion).

Although most of the presented works dealing with mosaicing make use of rigid

transformations such as homography or affine, there are more general registration

methods that use non-rigid deformation. Some of them are feature based, e.g.
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Chui and Rangarajan [2003]; Pilet et al. [2005]; Zhu et al. [2009]. Feature based

methods are generally more computationally efficient than area based methods

Szeliski [2006], specially in the case of non-rigid image registration. The method

in Zhu et al. [2009] can register pairs of images correctly, even in the presence

of large amounts of outliers, in real-time. However, this method is designed for

pairs of images only. In this dissertation, this method was extended and used for

mosaicing.

4.3 Scope and limitations of the proposed meth-

ods

As showed in the previous section, most mosaicing systems use some sort of rigid

warping function, the most common being homography. However, homography

can only align images that were taken from a camera rotating around its optical

center or whether the scene being registered is a plane. If there is any deviation

from these constraints, the alignment will not be precise. Our proposed methods

go beyond these limitations. We aim at creating mosaics without restrictions in

camera motion or in the setup of the scenes.

However, our proposed methods have some limitations. In the case of the

real-time video mosaicing system, it will only be able to register pairs of images,

unlike our global registration method for post-processing. For this reason, loops

(the camera records a location, moves somewhere else and then returns to the

previous location again) will not be properly registered. Also, due to the nature of

the energy function, the non-rigid warping functions cannot have discontinuities.

This means, for example, that occluded objects will not register well. Also, scenes

presenting strong parallax will also fail to yield a precise registration result. A

final limitation comes from the characteristics feature-based energy functions.

The scene must not have a big number of repeating patterns, since the feature

points in these regions will be very similar and hard to match correctly.
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(a) (b)

Figure 4.1: Deformation using a mesh model. (a) Identity mesh S0. (b) Mesh S
warped to reduce the projection error of the matched features.

4.4 Mesh model for non-rigid warping

A 2D triangular mesh with M control points is used to express the non-rigid

transformations of our feature-based registration methods. Each control point v

has its coordinates (x, y). The control point coordinates for the mesh i are written

as θi = (Xi, Yi), where Xi is a vector containing the x coordinates of the control

points and Yi the vector containing the y coordinates (in the case of pairwise

registration as presented in Section 4.5.1, there is only one mesh being used at

a given time). The warp of any point p inside a mesh triangle defined by the

control points va, vb, and vc can be calculated using the barycentric coordinates

of p: w (p, θi) =
∑

k∈{a,b,c}B (p, vl) [Xi,k, Yi,k]
T, where B (p, vk) is the barycentric

coordinate of p in relation to vl ∈ {va, vb, vc} (computed in relation to the identity

warping). This warping function can be written as:

w (p, θi) = tTP θi, (4.1)

where tTP is a vector with M dimensions, set to zero except in the positions a, b,

and c, where it is set to B (p, va), B (p, vb), and B (p, vc), respectively. Figure 4.1

illustrates the basic principle of this kind of transformation.

45



4.5 Proposed methods

We propose three methods that tackle the main problem faced when performing

non-rigid registration for mosaicing: efficiency.

First, we present in Section 4.5.1 a real-time video mosaicing method, a

method that can create mosaics in real time using video streams as input. We

propose in Section 4.5.2 an efficient graph cut formulation for pixel selection,

specially tailored for non-rigid registration. Finally, we present in Section 4.5.3 a

post-processing registration method which performs global alignment of the input

images. All three contributions are listed in the following sections.

4.5.1 Flexible real-time non-rigid registration for video

mosaicing

The first method discussed in this chapter is a real-time mosaicing system. This

class of system must be able to increase the mosaic iteratively, avoid error accu-

mulation during the registration, and the algorithm must be efficient, despite the

complexity of the non-rigid model. Our proposed method has these characteris-

tics.

The mosaicing system implementing the proposed method consists of 4 mod-

ules, detailed in Figure 4.2: frame selection, feature matching, registration, and

mosaic rendering. The frame selection module reads the input video stream and

selects which key-frames will be used to create the mosaic. It also manages the

detection of the feature points to be used during registration. The feature match-

ing module matches the feature points in the newly selected frame to the features

in the previously selected frame. The non-rigid registration module receives the

set of matched features and registers the newly selected frame into the previously

selected one. The registered frame is then sent to the mosaic rendering mod-

ule, where it is stitched to the mosaic and displayed. The procedure is repeated

again, until the end of the video. The modules are explained in more details in

the following sections.

46



Figure 4.2: Real-time image registration system diagram.

Frame Selection: In order to create mosaics efficiently, only a small subset

of the video frames must be selected. This key-frame set must be as sparse as

possible, to reduce the number of registrations performed. At the same time, it

must contain overlapping key-frames so that a mosaic can be composed out of

them. To fulfill these requirements, it is necessary to estimate the overlap of pairs

of frames. This is achieved by the following proposed algorithm: (1) the features

in both frames being compared are detected using SURF descriptors Bay et al.

[2006]; (2) the nearest-neighbor matching of the features is computed; (3) the

distribution of the distance between the matched descriptors is approximated by

a histogram; (4) the overlap measure (OM ) is computed. The OM was defined

as follows:

OM(H) =

nBin∑
j=1

G ((j − 0.5)hsize, ς)Hj , (4.2)

where nBin is the number of bins in the histogram, hsize is the size of each bin,

(j − 0.5)hsize is the average range of the bin j, G is a Gaussian weighting function

with 0 mean and standard deviation ς. This weighting function assigns larger
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weights to values near zero, and the weight decays quickly, so that the bins

which probably contain correct matches receive a larger weight than the bins

with wrong matches. Thus, using the OM, the key-frames are selected by the

following algorithm: (1) the first video frame is selected and used as reference;

(2) the next frame whose OM (comparing with the reference frame) is smaller

than a given threshold is selected and becomes the new reference. Step (2) is

repeated until the end of the video.

It was experimentally observed that the probability distribution of the descrip-

tor distances changes according to the intersection size between the image pair.

Figure 4.3(a) shows two frames with a small overlap. The descriptor distance

has a bell-shape like distribution (Figure 4.3(c), red). Figure 4.3(b) shows two

frames with a larger overlap. The distribution becomes bimodal (Figure 4.3(c)

blue). The smallest peak represents the inliers among the matched features. Fig-

ure 4.3 shows the variation of OM over time, in a video recorded by a translating

camera. The value of OM decreases as the intersection becomes smaller and rises

again when a new frame is selected.

Registration Formulation: Now we explain the registration formulation

used in the proposed method. Two features are desirable: First, the mosaic must

be as seamless as possible; second, over-deformation must be avoided, as in Figure

4.4. For doing so, the proposed method applies a non-rigid deformation model

that uses triangle meshes (Section 4.4). It also performs feature-based registration

by using the feature points detected during the frame selection procedure and

pruned by RANSAC Fischler and Bolles [1981].

The initial model of pairwise non-rigid image registration was drawn from

Zhu et al. [2009], which was based on Pilet et al. [2005]. It is summarized by the

equation below:

E (S) = EC (S) + λESm (S) , (4.3)

where EC is the correspondence energy function and ESm is the smoothness en-

ergy. The constant λ balances the trade-off between precision and mesh smooth-

ness. The registration is solved by finding the mesh S which minimizes E (S).

The correspondence energy is proportional to the projection error of the warped
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(a) (b)

(c) (d)

Figure 4.3: Frame selection. (a) Pair of frames with a large overlap. (b) Pair of
frames with a small overlap. (c) Histogram of the distance of matched descriptors:
the blue bars represent pair (a) and the red bars the pair (b). (d) Variation of
the overlap measure over time.

features, while the smoothness energy measures the discontinuities on S; this

energy is important to remove wrong feature matchings. However, the initial

formulation described by Equation 4.3 is suitable for pairwise image registration.

The registration of sequences of images poses some additional problems. If only

pairwise registration is used to align a sequence of images, over-deformation due
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(a) (b)

Figure 4.4: Error accumulation using homography. (a) Rendered mosaic. (b)
Projected frame borders. The last frame is the most deformed.

to error accumulation may occur (Figure 4.4).

To avoid error accumulation, we propose a modified version of the previous

energy function. The new term, ERef(S−SRef) is named reference mesh energy.

The mesh SRef represents a model of how the mesh S should look like without

over-deformation. Alternatively, it may roughly represent how the user of the

mosaic system would expect the image (warped by S) to look like. The constant

µ regulates the reference mesh energy weight. The new formulation is presented

below:

E ′(S) = EC (S) + λESm (S) + µERef
(
S − SRef

)
. (4.4)

Correspondence Energy: The correspondence energy EC (S) is a function

of the projection error of the matched features. The matched feature set is rep-

resented by M . The matched feature pair c ∈ M is composed of two features

(c0, c1), where c0 is a feature found in the target image and c1 is its paired feature

found in the image being registered. The warp function is denoted by w (c1, S).

The function υ is the same robust estimator used by Zhu et al. [2009]. It is

defined below:

EC (S) =
∑
c∈M

υ (c0 − w (c1, S) , σ) ; υ (δ, σ) =


||δ||2
σn if ||δ|| ≤ σ

σ2−n otherwise

(4.5)

The function υ has two parameters: the projection error δ and the radius of

tolerance σ. The matches whose projection errors are greater than the radius of

tolerance are considered outliers and penalized. The radius of tolerance σ dictates
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which matched feature pairs will be considered outliers, conferring robustness to

the registration procedure.

Smoothness Energy: The correspondence energy, if used alone, is sensitive

to outliers among the matched features. A smoothness constraint is added to

the model in order to avoid this problem. The proposed method uses the same

smoothness constraint found in Zhu et al. [2009] and Pilet et al. [2005]. This

energy is the sum of the approximate second derivative of the mesh S. Let E be

the set of all collinear control points in S that define two adjacent edges. The

smoothness energy is defined below:

ESm(S) =
∑
i,j,k∈E

(−xi + 2xj − xk)2 + (−yi + 2yj − yk)2 = XTKX + Y TKY ,

(4.6)

where K = K ′TK ′, and K ′ is a matrix containing one row per triplet in E and

one column per mesh vertex. The row corresponding to the triplet (i, j, k) has all

of its values zero except by values in columns i, j, and k, that have values −1, 2,

and −1, respectively Pilet et al. [2005].

Reference Mesh Energy: The registration using the energy function in

Equation 4.3 is only suited for pairwise registration, because registration error

may accumulate, as shown in Figure 4.4. The role of the reference mesh energy

is to alleviate this problem. This energy is proportional to the L2 distance be-

tween the mesh S and the reference mesh SRef. The former is the registration

solution and the latter is an approximation of how S should be if it had no over-

deformation. The criteria selected to generate SRef was to make it look similar

to the original captured image. SRef is defined as the similarity transformation

(i.e., rotation, translation and scaling) that minimizes the correspondence energy.

This kind of rigid transformation was selected because it preserves the propor-

tions of the original key-frame. The reference mesh can be computed efficiently

by minimizing the projection error using the similarity transformations combined
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with RANSAC (Section 1.3.2). The reference mesh energy is defined below:

ERef
(
S − SRef

)
=

1

2
||S − SRef||

2 . (4.7)

During the optimization process, the reference mesh energy is stronger in the

regions of the mesh S where there are no features. While the region with features

is deformed to minimize the projection error, the region without features is de-

formed by similarity transformations. These local differences in the deformation

field are not possible for rigid deformation models.

Optimization Routine: As pointed in Zhu et al. [2009], the projection error

δ can be written as a linear system. Given that: c0 = (c0x, c0y), c1 = (c1x, c1y):

||δ||2 =
(
c0x − tTx

)2
+
(
c0y − tTy

)2
, (4.8)

where x and y are the coordinates of the mesh and tc1 ∈ RN is a vector (N is the

number of control points) representing the barycentric coordinates of the feature

point c1, which is inside the triangle defined by vi, vj, vk ∈ S0, (calculated in the

identity mesh). The vector tc1 has all its values 0, except in the coordinates i, j,

and k, where the barycentric coordinates of c1 in relation to vi, vj, and vk are set,

respectively. Using Equation 4.6 and Equation 4.7, the energy E ′ (S) in Equation

4.4 can be rewritten as:

E ′ (S) = 1
σn

∑
c∈MInl

c2
0x + c2

0y − 2

[
c0xt

c0yt

]T

S + ST

[
ttT 0

0 ttT

]
S

+

|MOut|σ2−n + λ
(
XTKX + Y TKY

)
+ µ

2
||S − SRef||

2 ,

(4.9)

where MInl is the set of inlier matches, MOut is the set of outlier matches. The

following definitions are done for simplification: A = 1
σn

∑
c∈MInl

ttT, and b =[
bx

by

]
= 1

σn

∑
c∈MInl

[
c0xt

c0yt

]
. Computing the gradient of E ′ and setting it to
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zero, the mesh S can be found by solving a linear system:

S =

[
λK + A+ µI 0

0 λK + A+ µI

]−1 (
b+ µSRef

)
. (4.10)

The optimization is repeated varying the value of σ, which decreases during the

optimization procedure. In the beginning, σ is large, allowing many possible

outliers to influence the result of the optimization process. However, since the

module of the derivative of the EC is small when σ is large, ESm and ERef
have a larger weight and they initially guide the optimization. As the value of σ

decreases, the weight of EC increases, guiding the optimization to minimize the

projection error of the remaining inliers. In this way, this registration method is

robust to outliers. The process stops when σ is smaller than a given threshold.

In order to display the results, the registered images are stitched together

using the method described in the next section.

4.5.2 Efficient stitching algorithm for non-rigid image reg-

istration

It is generally impossible to guarantee that the alignment of all regions of an

image will be equally good. This is specially true in the particular case of non-

rigid registration, where regions with few features are often misaligned. For this

reason, the key-frames must be carefully stitched into the mosaic. The standard

approaches for this problem consist of selecting which pixels of the new image

will be used in the mosaic. This is generally done by defining a stitching line.

Pixels in one side of the stitching line are added to the mosaic, and the pixels in

the other side are ignored. A common criteria for selecting the stitching line is

to make it pass through pixels which are well aligned to the mosaic. By this, the

pixels in both sides of the stitch (the pixels of the new registered key-frame and

the pixels already in the mosaic) will be similar and the final composite mosaic

will be seamless. The methods in Kwatra et al. [2003], for example, use this

approach. However, pixel selection is too slow for a real-time method, specially
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dealing with high resolution images.

Our proposed solution to this problem is to select mesh triangles instead of

pixels. Even in a mesh with a high degree of freedom, there are considerably fewer

triangles than pixels in the key-frame. In our approach, we define a stitching line

that passes through triangles that are well aligned. The number of inlier features

(i.e., feature points correctly aligned to the mosaic) inside a triangle was used to

evaluate its alignment. It was observed that triangles with inlier features inside

are much better aligned than triangles without them. The stitching line is selected

by solving a graph cut formulation, which is presented below.

Let S0, S1, S2, ..., Sn−1 be the meshes already added to the mosaic. They are

represented in gray in Fig 4(a). Let T0, T1, T2, ..., Tn−1 be the set of triangles that

compose these meshes. Each one of these sets is defined as Ti = {τ 0
i , τ

1
i , ..., τ

m
i },

wherem is the number of triangles inside each mesh (m is constant). Each triangle

is defined by three non-identical control points: τ ji = {va, vb, vc}; va, vb, vc ∈ Si.
Now, let T ′0, T

′
1, T

′
2, ..., T

′
n−1 be the set of triangles, for all previously added meshes,

which were selected to be included into the mosaic. Therefore, T ′i ⊆ Ti.

Let Sn be the next mesh to be inserted into the mosaic (represented in red in

4(a), and Cn the matched features of the last key-frame Fn. Let ω : Tn → N be

a function that receives as parameter a triangle τ jn from the mesh Sn and returns

the number of aligned features which lie inside τ jn.

To use graph cut, a graph and an edge-weight function must be defined. The

graph {U,E} is constructed based on Sn. The set of vertices U has one vertex

uj for each triangle τ jn in Sn. The set of edges E has one edge for each pair of

adjacent triangles in Sn (two triangles are adjacent if they share an edge). To

follow the graph cut formulation, two special vertices, s and t (source and sink)

are added. Let Tbn be the set of triangles that are on the borders of Sn. For each

one of the triangles in Tbn one extra edge is added to E: if a triangle τb ∈ Tbn,

represented in U by the vertex uj, has at least one intersection with one of the

triangles already in the mosaic, the edge (s, uj) is added. These triangles will

definitely not be added to the mosaic. Otherwise, the edge (uj, t) is added to E.

It means that the border triangles that do not intersect the mosaic will definitely

be added to the mosaic. Now let w : E → R be an edge-weight function. This

function is defined as follows:
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w (ui, uj) =

{
(ω (τ in) + ω (τ jn) + ε)

−1
For ui 6= s and uj 6= t

∞ otherwise
(4.11)

where ε is a small value used to avoid divisions by zero. This function gives

weights that are inversely proportional to the number of inlier features inside

the adjacent triangles, enforcing that the minimum cut must pass through the

triangles with the most inlier features. The edges from the sink and source vertices

are given infinite weight.

The graph generated by this process is illustrated in Fig. 4(b). Using these

definitions, the optimal stitching can be computed using the max-flow min-cut

algorithm as defined in Y.Boykov and Jolly [2001], for example. The triangles

τ jn whose vertices uj end up in the side of s (regarding the optimal cut) are not

added to the mosaic. The other triangles are selected and added to T ′n. Figure

4(c) shows the minimum cut obtained by the graph-cut algorithm.

4.5.3 Efficient non-rigid image registration with globally

consistent alignment for flexible image mosaicing

The next proposed method is similar to the mosaicing system presented in Section

4.5.1, except that it takes unordered image sets as input. It is intended to be used

as a post-processing method used to improve the final mosaic. It can be used

together with our video-mosaicing system or any other registration method. Since

all images are already available, this method can perform global registration, i.e.,

all images are registered at the same time, taking all other images into account.

However, the problems with efficiency become more serious, since the number of

variables of the deformation model is much greater. This section will present a

registration method that can address these problems.

The proposed registration system, detailed in Figure 4.6, is composed of 6

important modules. The input image module is responsible for reading the input

image set and detecting the feature points in each image. The topology infer-
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(a) (b)

(c)

Figure 4.5: Proposed triangle-wise graph cut algorithm. (a) New mesh added
into the mosaic. (b) A graph is created to represent the new mesh; vertices
representing the border triangles which overlap with the mosaic receive a s edge
and the other vertices representing border triangles receive a t edge; the weight of
each vertex is inversely proportional to the number of aligned features inside its
corresponding triangle. (c) The minimum cut is computed; the triangles whose
vertices are in the side of s will not be added to the mosaic, while the other
triangles will.

ence module detects, using the feature points, the relationship between the input

images. It is responsible for creating the image graph (explained in the next

section). The feature matching module receives the feature pairs and the image

graph and uses them to create a list of matched features, an information used by

the registration and rendering modules. The rigid registration model is responsi-

ble for generating a rough initial global registration. This initial solution is then

passed to the non-rigid registration module, which creates the final registration

that will be used by the rendering module to generate the final mosaic.

Details of the procedures described above are given in the following sections.
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Figure 4.6: Globally consistent registration system diagram.

Building an image graph with efficient image similarity computation:

First, in order to efficiently represent the relationship of the input images (topology

inference), we build an image graph. In the image graph, each vertex corresponds

to an input image. A pair of vertices is linked by an edge only if the correspond-

ing images have visual overlap. We consider that a pair of images overlaps if

there is a sufficient number of inlier feature point matches after geometric verifi-

cation Hartley and Zisserman [2004]; Philbin et al. [2007]. Since finding feature

correspondences by matching all pairs of input images is extremely costly, it is

necessary to select subsets of reasonable candidates to perform actual feature

matching. Such candidates are efficiently selected by using image similarities

computed as cosines of angles of bag-of-features (BoF) image vectors Sivic and

Zisserman [2006]. In our implementation, we give at most 6 candidates to each

node for performing actual feature matching. This way of creating the image
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graph is, in essence, the same as the method proposed in Agarwal et al. [2009].

Initialization by global rigid registration: The problem of global non-

rigid image registration is extremely high dimensional. Therefore, to achieve

good results, a proper initialization must be performed. This initialization is

done using similarity functions, i.e.. translation, rotation, and scaling. Based on

Brown and Lowe [2007], the process is as follows:

1. The image with most overlaps is the first to be added to the mosaic;

2. an input image which overlaps at least one image in the mosaic is added;

3. the warping of all images in the mosaic is updated.

Steps 2 and 3 are repeated until the mosaic is complete.

Other methods can also be used to generate the initial global registration.

Deformation model: Given the input image set I = {I0, I1, ..., IN−1}, each

image Ii has its corresponding warping parameters θi ∈ θ. Also, let Fi be the set

of feature points in image Ii, and F = {F0, F1, ..., FN−1}.

Energy function: The registration energy is the generalization for multiple

images of the function defined in de Souza et al. [2012]; Pilet et al. [2005]; Zhu

et al. [2009]. These are the same functions applied to the problem of real-time

video mosaicing (Section 4.5.1), generalized to global registration. This function

is defined as follows:

E(θ) = EC(θ) + λESm(θ) + µERef (θ − θ̂).

where EC is the correspondence energy function, ESM is the smoothness energy

and ERef is the reference mesh energy.

The correspondence energy EC (θ) is a function of the projection error of the

corresponding features. Each correspondence c ∈ C is composed of 4 values:

(i, j, k, l), used as indices of the features Fik and Fjl (feature k of image i, and

vice versa). The warping function is represented by w (Fik, θi). The function υ
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is the same robust estimator used in Section 4.5.1. The functions EC and υ are

defined below:

EC (θ) =
∑

(i,j,k,l)∈C

υ (w (Fik, θi)− w (Fjl, θj) , σ) ; (4.12)

υ (δ, σ) =


||δ||2
σn if ||δ|| ≤ σ

σ2−n otherwise

Again, the function υ has two parameters: the projection error δ and the

radius of tolerance σ. The matches whose projection error are greater than the

radius of tolerance are considered outliers and penalized.

The smoothness energy ESm is the sum of the modules of the second derivative

of θi. It is defined below:

ESm(θ) =
1

2

N−1∑
i=0

XT
i KXi + Y T

i KYi,

where K = K ′TK ′, and K ′ is a matrix containing one row per pair of adjacent

mesh edges [(a, b), (b, c)] and one column per control point. The row correspond-

ing to the triplet (a, b, c) has all of its values zero except in columns a, b, and c,

that have values −1, 2, and −1.

The third term is the reference mesh energy. The reference mesh set θ̂ repre-

sents a rough approximation of how the images are expected to be aligned. This

term is used to make the mosaic images not to deviate from their approximate

optimum position. In fact, if the reference mesh energy is removed, the mosaic

will collapse to a point, since a point would be an optimum solution of all other

terms. The reference mesh energy is proportional to the L2 distance between the
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mesh θi and the reference mesh θ̂i. It is defined below:

ERef (θ − θ̂) =
1

2

N−1∑
i=0

||θi − θ̂i||2.

The reference mesh parameters are initialized with the rigid mosaic results (Sec-

tion 4.5.3) and are updated during the optimization (as explained below). The

constants λ and µ regulate the energy weights.

Optimization routine: From Equation 4.1, the projection error of a pair of

features Fik and Fjl can be written as:

||δ||2 =
(
tTikXi − tTjlXj

)2
+
(
tTikYi − tTjlYj

)2

=
(
XT
i tikt

T
ikXi − 2XT

i tikt
T
jlXj +XT

j tjlt
T
jlXj

)
+
(
Y T
i tikt

T
ikYi − 2Y T

i tikt
T
jlYj + Y T

j tjlt
T
jlYj

)

Let T 2
ik, T

2
jl and TikTjl be

 tikt
T
ik 0

0 tikt
T
ik

,

 tjlt
T
jl 0

0 tjlt
T
jl

, and
 tikt

T
jl 0

0 tikt
T
jl

, re-

spectively. (4.12) can be rewritten as:

EC (θ) = 1
σn

∑
c∈Cinl

(
θT
i T

2
ikθi − 2θT

i TikTjlθj + θT
j T

2
jlθj

)
+|Cout|σ2−n,

where c is a correspondence, Cinl and Cout are the set of inlier and outlier cor-

respondences, according to σ. The derivatives regarding θi can be computed

as:
∂EC
∂θi

=
1

σn

∑
c∈C(i)

inl

(
2T 2

ikθi − 2TikTjlθj
)
,
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where C
(i)
inl are all inlier correspondences which has one of its feature points in Fi.

Since θi is constant in the summation, the equation can be rewritten as:

∂EC
∂θi

=
2

σn

∑
c∈C(i)

inl

(
T 2
ik

)
θi −

2

σn

∑
c∈C(i)

inl

(TikTjlθj) .

The derivatives of the smoothness and reference mesh energies can be computed

as:

∂ESm

∂θi
= λ

[
K 0

0 K

]
θi,

∂ERef

∂θi
= µ

(
θi − θ̂i

)
.

Combining the three derivatives:

∂E
∂θi

= 2
σn

 ∑
c∈C(i)

inl

(T 2
ik) + λ

[
K 0

0 K

]
+ µI

 θi

− 2
σn

∑
c∈C(i)

inl

(TikTjlθj)− µθ̂i.

Setting the derivative to zero, θi can be computed by a linear system which is

solved iteratively. In each iteration σ is reduced by ν. This increasingly gives more

weight to the correspondence energy and rejects more outlier correspondences.

Also, after each iteration, θ̂ is updated. Each θ̂i is set to be the mesh deformed

by similarity transformations which is the closest to θi. This can be quickly

calculated by least squares regression. Figure 4.7 shows an example of a result

obtained by our proposed method.
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(a)

(b)

Figure 4.7: Example of registration results. (a) 20 input images. (b) Globally
consistent mosaic created by our proposed method.
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Chapter 5

Experiments on efficient
registration for image mosaicing

This chapter presents the experimental results for our mosaicing methods. First,

the implementation details carried out for the experiments are presented, followed

by three sections detailing the results for each one of our proposed methods: real-

time mosaicing, globally consistent mosaicing, and fast stitching.

This chapter shows the experimental results for our mosaicing methods. We

first describe the experimental setup for image/video acquisition and the im-

plementation details. Next, for video stream inputs, we demonstrate that our

mosaicing by the proposed non-rigid registration is capable for running in real-

time while performing more precise registration than standard methods with the

rigid deformation models. We qualitatively evaluate that our proposed graph cut

algorithm improves the quality of the final mosaics.

The remaining of this chapter is organized as follows. Section 5.1 explains

implementation details concerning the experimental setup. Section 5.2 presents

the experimental results of our real-time video mosaicing method. Section 5.3

presents the qualitative results of our fast stitching method. Finally, Section 5.4

presents the qualitative results of our globally consistent registration method.
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Param. Value Description

ϑ 0.4 Frame selection threshold.
ς 1.0 Frame selection weight function std. deviation.
λ 10−6 Smoothness energy parameter.
µ 10−7 Reference mesh energy parameter.
n 4 Correspondence energy parameter.
σ0 32 Registration parameter; initial radius of tolerance.
σmin 3 Minimum radius of tolerance; i.e., projection error.
η 0.5 Radius of tolerance decay rate.

Table 5.1: Parameter settings for the proposed method.

5.1 Implementation details

The project was run in a computer with Intel(R) Core(TM) i7 CPU (2.93 GHz)

and 4GB of RAM. The proposed method was implemented using the OpenCV

library. The parameter setting is presented in Table 5.1.

For the reference mesh computation, the precision of RANSAC is set to 99%

in the presence of 70% of outliers. The size of the mesh was 19×28 control points.

The videos used on the experiments had a resolution of 720× 480.

In the case of our proposed globally consistent mosaicing method, the exper-

imental setup is as follows. The non-rigid energy parameters λ and µ were set to

10−5 and 10−9, respectively. The decay rate ν of σ is set to 1.30, its initial value

is set to 50 and its minimum value is set to 7. The optimization takes 8 iterations

to finish. Each mesh has 280 control points.

5.2 Results: video mosaicing

5.2.1 Registration Precision

This experiment presents the comparison between homography and non-rigid

transformations concerning precision. The experiments use the mean appearance

error, defined as the mean absolute difference between all aligned pixels. The

experiments were conducted by registering pairs of images. Figure 5.1(a) shows
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(a) (b)

Figure 5.1: Quantitative experiment results. (a) Appearance error with homogra-
phy and non-rigid transformations. The error is measured as the mean absolute
difference between pixel gray-scale values of aligned pixels, in a set of videos.
The red boxes show the results obtained by homography, and the green boxes
represent the results of the proposed method. (b) Execution time (seconds) in
relation to number of control points.

the results of the average error of pair-wise registration over different video se-

quences. Figure 5.2 shows a detail of a pair of registered frames (the averaged

image). As can be seen, the results achieved by the the proposed method are

always more precise than the results using homography. This happens because

the deformation field between the pairs of images can not be precisely described

by a global transformation like projection, since the displacement field depends

on the geometry of the scene.

5.2.2 Over-deformation avoidance

This set of experiments compares mosaics done by the proposed method and non-

rigid image registration as described by Zhu et al. [2009]. The comparisons are

done regarding over-deformation. Figure 5.3 shows the results. Both methods use

the same set of frames. As previously shown in Figure 4.4, using homography, the

registration error tends to build up and cause the frames to over-deform. When

using only non-rigid registration, without the reference mesh energy, error accu-

mulation also happens, even though the alignment error is small when compared

to homography. The proposed method, using the reference mesh energy, mini-
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(a) (b) (c)

Figure 5.2: Pairwise registration precision. (a) Original video frame. (b) Detail
of a pair of registered frames, aligned by the proposed method. (c) Detail of a
pair of registered frames, aligned using homography. The overlapping region of
the registered frames was averaged.

mizes the amount of over-deformation. This result may be achieved by related

methods using bundle adjustment, but the proposed method achieves the same

by only doing pair-wise registration.

5.2.3 Comparison with a standard method

In this set of experiments, the proposed method was compared to a standard

method, implemented by Microsoft Image Composite Editor (ICE), version 1.3.5.

Using ICE, the user can choose different camera movements. The one which

yielded the best result was selected. The proposed method used the parameters

described in Section 5.1. ICE and the proposed method used the same set of

key-frames. Figure 5.4 shows the mosaic created from a video taken by a camera

moving over a city model.

Figure 5.4(a) shows the results obtained by the proposed method. Figure

5.4(b) shows the results obtained by ICE. As can be seen, the results obtained

by the proposed method are more complete than the results given by ICE. This

happens because of the complex camera movement and the non-planar surface,

which violate the projection constraints used by ICE.
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(a) (b) (c)

Figure 5.3: Mosaicing results, regarding overdeformation. (a) City model used in
the experiments, showing the expected undeformed frame. (b) Result obtained
by the proposed method. (c) Results obtained using only non-rigid registration
without the reference mesh energy. The result generated by the proposed method
shows less deformation.

5.2.4 Computational complexity

The current implementation of the proposed method runs in about 32 frames per

second with a rate of 2 frames selected per second, reasonable for videos where

the camera movement is not excessively fast.

Each iteration of frame selection takes approximately 0.031 seconds, so the

frame rate is about 32 frames per second, enough for most videos. Figure 5.1(b)

shows runtime regarding only the registration procedure. It was executed 10

times for each quantity of control points (the computation of the reference mesh

is included). As can be seen from the experiments, registration runtime grows

slowly. This happens because the implementation uses sparse matrices to rep-

resent the registration model. The runtime of the frame selection and mosaic

creation procedure was also computed. Using approximately 1000 triangles, the

registration can be done in about 3 frames per second. Regarding the mosaic

creation, each frame takes on average 0.4 seconds to be added into the mosaic, a

tax of nearly 2 frames per second.
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(a) (b)

Figure 5.4: Comparison between the proposed method and a standard method;
(a) shows the result of the proposed method; (b) shows the result of the standard
method. The proposed method created a more complete mosaic since it can
handle more complex camera movements.

The conclusion is that the proposed method can run in real-time, given the

conditions above. Further optimization on the method may be performed in the

future.

5.3 Results: fast image stitching

This set of experiments is done to evaluate the improvements in the final mo-

saic when applying the triangle-wise graph cut algorithm presented in Section

4.5.2. The comparisons were done using two input videos. The proposed stitch-

ing method was compared to the mosaics created overlapping consecutively key-

frames. Both results use the same set of input images and the same registered

feature points. Figure 5.5 shows the results from the first video, and Figure 5.6

shows the results for the second video. Figure 5.5(a) and Figure 5.6(a) show the

results of the proposed method, while Figure 5.5(b) and Figure 5.6(b) show the

results of mosaic created by overlapping the key-frames. Figure 5.7 and 5.8 show

details of these mosaics. Figure 5.9 shows the triangles selected by the proposed

method to be included into the final mosaics. As can be seen in these results,

the proposed stitching scheme can ignore most registration errors which occur in

regions without inlier matched features.
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(a)

(b)

Figure 5.5: Mosaic stitching results. (a) Results of the proposed image stitching
method. (b) Results obtained by overlapping the selected key-frames. The mosaic
generated by the proposed method presents much less seam marks.

5.4 Results: globally consistent image mosaic-

ing

We demonstrate the advantages of the proposed method through experiments on

several sets of real images.

Figure 5.10(a) shows an example of input images, which capture a (non-

planar) city georama model. An example of our final result is shown in Figure

5.10(b). We compare the results on each set of images with the registration ap-

proaches used in state of the art softwares. We chose the global registration using

affine model as the baseline for the comparison, which is used by Microsoft Image

Composite Editor (ICE). Figure 5.10(c) and (d), show the results of affine regis-

tration and the mosaic created by ICE, respectively. Note that the result created
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Table 5.2: Registration error (RMSE) of overlapping pixels. The proposed
method is consistently more precise than affine registration.

Dataset 1 2 3 4 5 6 7

Proposed 20.5 18.6 22.9 23.8 12.3 27.3 15.5

Affine 26.8 28.3 26.8 26.8 18.6 32.2 16.7

by ICE is post processed; this is out of the scope of these experiments. Since our

result in Figure 5.10(b) registers fairly well compared to the other methods, post

processing would most likely generate a seamless mosaic.

Figures 5.11, 5.12, and 5.13 show more examples of the results obtainable

with our proposed method. Figure 5.11 shows a mosaic globally registered using

a rigid warping function (affine), while Figure 5.12 shows the same images being

aligned using our proposed method. The alignment using our proposed method

is more consistent. Figure 5.13 shows the comparison between a mosaic created

using our video mosaicing method (left) and our globally consistent registration

method (right). This shows global registration can be used as post-processing to

improve the mosaics created by our video mosaicing method.

As a quantitative evaluation, the registration error was measured on each set

of images as the RMSE of intensity differences in overlapping pixels, for all pairs

of overlapping images. The results are summarized in Table 5.2. As we can see,

the proposed method consistently yields less error than global affine registration.

We also conducted experiments to evaluate the computational efficiency and

scalability of our method. They were run in a 2.00GHz Core Duo notebook with

2.00GB RAM. Figure 5.14 shows the results of iteration time in relation to the

number of images. As we can see, the time grows linearly, even though the size

of the linear system grows quadratically. This is due to the sparsity of the linear

systems.
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(a)

(b)

Figure 5.6: Mosaic stitching results. (a) Results of the proposed image stitching
method. (b) Results of just overlapping the selected key-frames. The mosaic
generated by the proposed method presents much less seam marks.
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(a) (b) (c)

Figure 5.7: Details of the mosaic in Figure 5.5. (a) Video key-frame. (b) Result
of the proposed stitching method. (c) Result of overlapping the key-frames. The
seam marks are nearly invisible.

(a) (b) (c)

Figure 5.8: Details of the mosaic in Figure 5.6. (a) Video key-frame. (b) Result
of the proposed stitching method. (c) Result of overlapping the key-frames. The
seam marks are nearly invisible.
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(a)

(b)

Figure 5.9: Triangles selected by the proposed stitching method in (a) Figure 5.5
and (b) Fig. 5.6. The triangles are selected in order to minimize the amount of
seam marks.
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(a)

(b) (c) (d)

Figure 5.10: Example of registration results. (a) 20 input images. (b) Proposed
method. (c) Affine global registration result. (d) Microsoft Image Composite Ed-
itor (ICE), using homography. The regions with strong misalignment are circled.
Note that Microsoft ICE uses complex post-processing methods. We can evaluate
that the proposed method generates a result more geometrically consistent.

Figure 5.11: Mosaic created by global registration using affine transformations.
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Figure 5.12: Mosaic created by global registration using our proposed method.

Figure 5.13: Detail of a mosaic created by our proposed video mosaicing method
(left) and by our globally consistent registration method (right). The result shows
that global registration can be useful for post-processing.
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Figure 5.14: Computational time. Although the matrix sizes grow quadratically,
the iteration time grows linearly.
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Chapter 6

Conclusions and future work

6.1 Conclusions

This dissertation presented contributions to non-rigid image registration, partic-

ularly in the area of inter-color alignment and flexible mosaicing.

Regarding inter-color alignment, this dissertation presented a method for reg-

istration of color channels which uses a non-rigid deformation model. We pre-

sented a new energy function. This function was based on the entropy calculated

over a subspace of the joint-distribution of the color channels being registered.

Also, we presented a method to combine this similarity function and color gradi-

ent information. Our results validated that the inter-color alignment, according

to the proposed energy function, yielded robust and precise results, comparable

with the best related method analyzed in our work, with significantly reduced

computational cost. The proposed method is also applicable to other multimodal

registration problems.

Regarding mosaicing, the contributions presented were threefold: a method

for real-time non-rigid mosaicing creation, a stitching algorithm optimized for

non-rigid triangular meshes, and a fast non-rigid registration algorithm for global

image alignment. The presented real-time non-rigid mosaic creation algorithm

was designed to deal with the problem of lack of precision of the traditional meth-

ods when dealing with the mosaicing of non-planar surfaces. It also could handle

the error accumulation that may occur when images are added sequentially into

the mosaic. For this purpose, the so-called Reference Mesh Energy was presented.
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An efficient method of key-frame selection, created to achieve real-time perfor-

mance was also presented. To complement this method, a customized graph-cut

algorithm for mosaic stitching was proposed. This algorithm was optimized for

triangular meshes and registration by feature matches. It was able to generate

mosaics with reduced stitching errors efficiently. The proposed video mosaicing

method presents a serious restriction: Since it uses no global alignment, the gen-

erated mosaic is prone to error if a region of the scene is recorded more than once

(loop). In order to alleviate this problem, a fast globally consistent non-rigid reg-

istration algorithm was designed. This new global registration technique was an

extension of our video mosaicing method. It was designed as a post-processing

method to improve the mosaics created by other methods. The results were

precise while preserving computational efficiency.

6.2 Future Work

As possible extensions of the work presented in this dissertation, the presented

inter-color alignment objective function needs a more efficient optimization method.

Such algorithm may be the target of future research.

Regarding real-time image mosaicing and also the proposed global registra-

tion method, large discontinuities in the registration warping fields are heavily

penalized by the regularization terms. Allowing discontinuities would generate

much better mosaics in the case of non-planar surfaces with sharp discontinuous

regions. This would be an important research direction.

The real-time mosaicing and the global registration methods both use 2D

meshes. The extension to 3D meshes seems like a researching path with great

possibilities, with applications in 3D video recording and improvement of 3D

models generated by structure from motion systems.
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