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Zusammenfassung 
Segmentierung von sich bewegenden Objekten wird oft als erster Schritt in vielen Video 
Anwendungen, wie Verkehrsüberwachung und Verständnis menschlichen Verhaltens 
verwendet. Hintergrundsubtraktion ist eine gängig verwendete Technik für diese Art der 
Segmentierung, wobei im Wesentlichen das bewegende Objekt durch die Differenz zwischen 
dem aktuellen Bild und einem Hintergrund ermittelt wird. Die meisten, in der Literatur 
vorgeschlagenen, Methoden sind auf statische Kameras beschränkt, da ein Hintergrundmodell 
verwendet werden muss. Aus diesem Grund sind sie nicht für Anwendungen mit Pan-Tilt-Zoom 
(PTZ) Kameras anwendbar, welche sich durch die Abdeckung eines großes Sichtfelds 
auszeichnen.  

 

Kürzlich sind allerdings neue Lösungen für die Anwendung von PTZ Kameras mit 
Hintergrundtechniken vorgeschlagen worden. Die meisten dieser Ansätze beruhen auf der 
Möglichkeit eines Hintergrundmodells der Szene auf der Grundlage eines zuvor generierten 
Mosaiks. Weitere Modelle schlagen sogar die online-Generierung dieses Mosaiks oder sogar 
des kompletten Hintergrundmodells des betrachteten Teilausschnitts zu einem bestimmten 
Zeitpunkt vor. Ein typisches Problem all dieser Algorithmen ist das mapping des 
aufgenommenen Rahmens in ein übliches Bezugskoordinatensystem gemäß des verfügbaren 
Modells,Bilderkennung. In dieser Arbeit präsentieren, evaluieren und vergleichen wir die 
verschiedenen Hintergrundsubtraktionsverfahren 

  



Background Subtraction with PTZ Cameras 

6 
 

Abstract 
The segmentation of moving objects is often used as a first step in many video applications 
such as traffic monitoring and human activity understanding. Background subtraction is a 
commonly adopted technique for this segmentation, which basically involves detecting the 
moving objects by the difference between the current frame and a background model. 
However, most of the background subtraction approaches proposed in the literature are 
restricted to scenarios with static cameras due to the need of a background model, being 
therefore not applicable in scenarios with Pan-Tilt-Zoom (PTZ) cameras, which are a popular 
option because of their ability to cover a wide field of view. 

Recently, some solutions have been proposed in order to use background techniques with PTZ 
cameras. Most of these approaches rely on the availability of a background model of the scene 
in form of a previously generated mosaic, while some others propose an online generation of 
the mosaic or even an online generation of a background model for the portion of the scene 
being focused at a given time. A common key issue of all of those algorithms is the mapping of 
the captured frames into a common reference coordinate system according to the available 
model, image registration. In this work we present, evaluate and compare different techniques 
of background subtraction approaches. 
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1. Introduction and Thesis 
Structure 

1.a) Introduction to Motion Detection and Background 
Subtraction 
A basic example of motion detection is an image of the empty scene (Fig. 1).  Once a moving 
object appears in the scene (Fig. 2), it is detected by computing the difference between the 
current frame and the initial background image in grey scale (Fig. 3) and, by applying a 
threshold, we obtain a segmentation mask (Fig. 4). The pixels with the same value as the 
background image (black pixels in the segmentation mask) will be considered as part of non 
moving objects (the background) and the pixels with different value (white pixels in the 
segmentation mask) will be considered as part of moving objects (the foreground). 

 

   

                                 

   

 
 

However, several aspects concerning the environment, such as lighting changes, new static 
objects appearing in the scene or even non static objects (such as vans) affect the modeling:  

[Fig. 3] Difference between background 
image and current frame in grey scale. 

[Fig.4] Segmentation mask obtained 
after applying threshold to Fig.3. 

[Fig. 1] Background image.  [Fig. 2] Current frame.  
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- A natural lighting change can increase or decrease the brightness of a static object in 
the scene modifying its color. Therefore, even if the object was considered part of the 
background until then, now it could be classified as part of the foreground. 

- Some background scenes might not be completely static scenes; phenomena like the 
move of tree leafs lead to the need of considering more than one color as background.  

- Objects can appear or disappear from the scene, and remain as such for a long time. 
The background representation needs to adapt itself to these changes.  

For these reasons it is needed to develop a background model, an image of the empty scene 
cannot detect motion and handle the previous effects. One of the most accepted approaches 
in the scientific community states that the background can be described by a statistical model 
of the scene. This approach is called Mixtures of Gaussians. The Mixtures of Gaussians is a pixel 
level method, where each pixel is represented by Gaussian density functions (more than one if 
needed) and it is updated with every new frame.  

During the detection of the motion, a pixel value can change, smoothly in case of natural light, 
or sharply in case of turning on a switch.  In case of a smooth change, the mean and the 
variance of a Gaussian can describe properly a given pixel and can update their values using 
recursive equations in order to adjust the model to the environmental changes. In case of a 
sharp change, the Gaussian mode cannot follow the pixel value variation with and a new 
Gaussian mode is created. When a new object appears, a new Gaussian mode is created as 
well to represent it and tends to disappear in case the object does not remain in the scene. 
Notice that every new Gaussian function created is considered part of the foreground (it does 
not matter whether it has been created due to a new object or a sharp light change) until it 
remains static or only changes smoothly for a certain time. 

Nevertheless, when it comes to non-static cameras, the Gaussian representation by itself is not 
enough. A displaced frame compared with a background model (generated as explained 
before), will most likely misclassify the majority of pixels since the pixels will be compared 
against a background model representing the previous field of view of the camera. Background 
subtraction using Pan Tilt Zoom (P.T.Z.) cameras requires an algorithm to transform the 
background model in the best possible way in order to adapt it to new camera positions. 

We are going to review two techniques recently proposed in the literature: the Direct 
Transformation technique and the Mosaic technique. 

The basis of the Direct Transformation is the translation of the background model following 
the change of scene. When the camera moves, this method starts generating new background 
model in the newest parts of the scene and updating the oldest. It discards the parts of the 
background model where the camera is not focusing anymore. The Mosaic saves these latter 
parts of the background model instead, and reuses them if the camera returns to that position. 

Concerning the transformation of the background model, both methods rely on image 
registration and projective plane transformations, known as homographies. Homographies can 
be computed by an intensity-based algorithm [21, 22] or by a feature-based algorithm [9,11, 
12]. Intensity-based methods compare intensity patterns in images via correlation metrics, 
while feature-based methods find correspondence between image features such as points, 
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lines, and contours (although only the points are used with homographies). Intensity-based 
methods depend on a brightness constancy assumption, require initialization and need to 
register entire images, which makes them computationally demanding. Feature-based 
methods are typically applied when the local structure information is more significant than the 
information carried by the image intensity. They are faster, since they do not evaluate a 
matching criterion on every single pixel in the image, but rather rely on a certain number of 
features.  This method is not so effective in image with not so many distinctive objects such as 
medical images. 

In order to represent a camera movement (a change of scene) with a feature-based method, it 
is needed a set of feature points, commonly known as key points, in two consecutive frames. 
The key points from a frame are matched with their equivalent points of the other one. Once 
these points are matched, a transformation matrix linking both frames is computed. This 
homography allows in our case to place the previous frame into the current field of view. Since 
the background model generated until then belongs to the same field of view as the previous 
frame, it is transformed using the same homography. 

                                          
                                                     

 
 

 

We can see a clear example of the process in the previous images: a feature detection method 
has been applied on two consecutive frames (Fig. 5 and Fig. 6), detecting the key points in both 
images. Those key points are then matched. A homography matrix is computed from the 
corresponding pairs of points. And finally the previous frame and the background model can 
be transformed and translated to the current frame position (Fig. 7).  

[Fig. 5] Previous frame. [Fig. 6] Current frame. 

[Fig.7] Previous frame in the current frame field of view, 
after applying a projective transformation. 
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In this thesis we analyze how to transform the background model generated with the Mixtures 
of Gaussians algorithm. Therefore, we consider both the Direct Transform technique and the 
Mosaic technique, detect what the main problems are in the use of these techniques and 
define a proposal to afford them. We will then compare and evaluate both methods. 
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1.b) State of the Art 
 
Several algorithms concerning the transformation of the background model have been 
presented in the literature. We consider two of them, basically for their appropriateness to the 
analysis and interpretation of background subtraction with P.T.Z. cameras. 

1.b.i) Direct Transformation technique overview 
 
This method, proposed by Robinault [12], transforms directly the background model into the 
new frame plane, which is the corresponding field of view of the camera at time ‘t’, and 
discards the part of the background model not appearing in the new field. 

When the camera moves, the field of view of the initial position and the next positions are 
different, but they have common parts, and in those common parts is where the motion is 
going to be detected. By transforming the background model already generated, we can use 
the part that is still appearing in the new planes (the common part of the images), and 
segment the foreground (movement of the objects). After the transformation we cover only 
partially the new frame captured by the camera.  The outer parts of them will not be able to 
resolve proper motion detection, until a background model has been created for those specific 
areas. 
 
Since only the background model data concerning the current frame is saved, there is no need 
to have another method besides the Mixture of Gaussians in order to fix the illumination and 
other changes that might occur. The background model is being created and updated 
completely online, modifying the parameters in order to counteract the environmental 
changes and obtain more accurate foreground segmentation. 

1.b.ii) Mosaic technique overview 
 
The Mosaic is a technique used to model the background in scenes captured by PTZ cameras. 
The fundaments of the Mosaic technique are the projection of the frames captured by a PTZ 
camera into a common coordinate space, the mosaic model. The mosaic model contains the 
background model of the scenes along the camera range of movement. The main advantage of 
creating a mosaic model is to save the information of a certain scene that helps to segment the 
motion from the background, so whenever the camera moves to a new position or/and 
returns to a previous captured location, there is a background model already created. 
 
Mosaics can be divided into different classes attending to the following criteria: 
 
i) Online vs. offline generated mosaic models.  
Offline mosaic models need an initialization time in order to create a full fixed background 
model before starting applying segmentation techniques [11]. This kind of mosaic model is 
created using key frames placed around the whole camera range of movement, so it covers all 
the positions. Alternatively, mosaic models could be built on-line starting with the size of a 
frame and growing every time the camera moves to a new position. Therefore, this later 
technique gives much more freedom of movement since there is not space restriction due to 
the initial mosaic model extension, which is the limiting factor of the former. 
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ii) Opportunist vs. recursive updating process 
A mosaic model must be frequently updated due to some external factors such as illuminating 
changes, new objects remaining in the scene, etc. Some authors like Xue, Liu, Chen and Li [11] 
propose to update the mosaic model whenever the tracking of motion is not needed. The 
mosaic model is updated scanning the monitored frames used in the initial mosaic model 
generation. On the other hand, other authors Bevilaqua [10] and Azzari [23] have developed a 
histogram technique that aims to find an intensity mapping function able to transform a given 
cumulative histogram into a target cumulative histogram belonging to a reference image. 

Both the Direct Transformation algorithm and the Mosaic algorithm are computed by methods 
using homographies and transformations which are not able to represent 100% of the change 
of scene due to numerical inaccuracies during the computing process. A pixel, unit of position, 
might suffer from misalignment mistakes or even noise, therefore it can be displaced 
geometrically, respect to the position it is supposed to be located. This effect leads to errors 
and false motion recognitions since a pixel from the current frame is not being compared with 
the appropriate reference. 

Hyman [9] proposes an approach for handling various sources of error, such as motion blur, 
sub-pixel camera motion, mixed pixels at object boundaries, and also uncertainty in 
background stabilization caused by noise, unmodelled radial distortion and small translations 
of the camera. Hyman[9] proposes a model involving, for each pixel, a mixture of random 
processes plus a noise term. The mixture of processes refers to the Gaussians of the neighbor 
pixels, and they treat the model in order to obtain a weighted mean of the means of the 
individual random variables and a variance expression previously developed by Kitamoto [14] 
based on separable convolutions. 

1.c) Thesis structure 
 

The structure of this thesis is as follow: 

Firstly, the basic algorithms are explained. The Mixture of Gaussian, which is the algorithm 
used to subtract the background, will be first described, and followed by the algorithms used 
in the image registration process, such as SURF (Speed Up Robust Feature), RANSAC (RANdom 
Sample Cosenus) and Levenberg-Marquardt. 

Secondly, the Direct Transformation method and the Mosaic method are going to be explained 
with details, and also the contributions proposed. 

Thirdly, in the experimental part both methods are evaluated and compared. 
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2. Static background subtraction 
Background subtraction refers to the process of extracting a reference background model from 
the processed frames. The background model is used as the reference to segment the moving 
objects in the entering frames.  

We start our work using a background subtraction algorithm with static cameras. The Mixtures 
of Gaussians allows multimodal background models, it fits the real time requirements and the 
background can change with the time using a statistical and recursive formulation. 

2.a) Mixtures of Gaussians 
 
The mixture of Gaussians is a well-known algorithm initially proposed by Staufer [1] and 
improved by Zivkovic [2]. In our work we use this latter version. The algorithm generates a 
statistical model of the scene which allows us to detect intruding objects by comparing a given 
frame pixel by pixel, and classifying as foreground those which do not fit the model. 

The classification process works as follows: 

A Bayesian decision R is applied using probability functions in order to decide whether a frame 
pixel belongs to the background (BG) or the foreground (FG): 

𝑅 = 𝑝�𝐵𝐺|𝑥(𝑡)��������⃗ �

𝑝�𝐹𝐺|𝑥(𝑡)��������⃗��������⃑ �
 = 

𝑝�𝑥(𝑡)��������⃗ |𝐵𝐺�𝑝(𝐵𝐺)
𝑝�𝑥(𝑡)��������⃗ |𝐹𝐺�𝑝(𝐹𝐺)

 (1) 

Usually we do not have prior information about the intruding objects, so at first we will 
consider that a pixel is as likely to be consider foreground as background 𝑝(𝐹𝐺))= 𝑝(𝐵𝐺). 

Assuming uniform distribution for the foreground object appearance (𝑝�𝑥(𝑡)��������⃗ |𝐹𝐺� = 𝑐𝐹𝐺), we 

consider that a pixel belongs to the background if its probability is higher than a threshold: 

𝑝�𝑥(𝑡)��������⃗ |𝐵𝐺� >  𝑐𝑡ℎ𝑟 =  𝑅𝑐𝐹𝐺  (2) 

The Background model is generated from a set of samples obtained during a certain period of 
time. The samples are independent from each other. For every single pixel position, a Gaussian 
density function is estimated which will be the one deciding about the classification. 

Due to environmental changes, the background model needs to be continuously updated. In 
case of illumination changes, background objects removed from the scene or new objects 
appearing and remaining, it is required some modifications in the background model. 

Gradual illumination changes can be processed modifying with recursive equations the mean 
and the variance of the Gaussian. New objects appearing and sudden illumination changes can 
be handled by adding more than one Gaussian per each pixel position. Every big change 
happening in a pixel position will have its own representative density function: 
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�̂�(�⃗�|𝑋𝑇 ,𝐵𝐺 + 𝐹𝐺) =  ∑ 𝜋𝑚�𝑁(�⃗�;𝜇𝑚�����⃗� ,𝜎𝑚�
2𝐼)𝑀

𝑚=1  (3) 

 Where M is the number of Gaussians and 𝜇𝑚�����⃗�  and 𝜎𝑚�
2 are the mean and variance estimation 

respectively. All the Gaussian density functions are independent, therefore the covariance 
matrix is assumed diagonal. “Pi” represents the weight of each component, that is, the amount 
of data which each Gaussian is contributing to the model. For example, if an object appears 
only once in scene, it will have a Gaussian function representing it but its weight will be very 
low. On the other hand, if an objects remains static for a long time, its Gaussian function will 
reach a high weight, because it will be providing a lot of information about the background 
model. Notice that more than a Gaussian can be simultaneously considered background. 
Together all the component weights have to add one. 

Every time the background model is compared against a new frame, it is updated as follows: 

𝜎𝑚�
2  

 
←  𝜎𝑚�

2 +  𝑜𝑚
(𝑡)(𝛼 𝜋𝑚�� )(𝛿𝑚𝑇 𝛿𝑚 − 𝜎�𝑚2 ) (4) 

𝜇𝑚�����⃗�  
 
←  𝜇𝑚�����⃗� +  𝑜𝑚

(𝑡)(𝛼 𝜋𝑚�� )𝛿𝑚 (5) 

𝜋𝑚�  
 
←  𝜋𝑚� + 𝛼𝑚

(𝑡) �𝑜𝑚
(𝑡) − 𝜋𝑚��𝛿𝑚 − 𝛼𝑐𝑇  (6) 

Where 𝛿𝑚 =  𝑥(𝑡)��������⃗ −  𝜇𝑚�����⃗�   is the difference between the pixel value and the mean of the 

Gaussian function and 𝛼  is a learning parameter. For a new sample, the ownership 𝑜𝑚
(𝑡) is set 

to 1 for the most similar component with the highest weight. The others are set to 0. We 
define that a sample is close to a component using the Mahalanobis distance. If the 
Mahalanobis distance between a sample and a component is less than three standard 
deviations, it is considered close enough. The distance from the 𝑚-th component is calculated 

as: 𝐷𝑚2 �𝑥(𝑡)��������⃗ � = 𝛿𝑚𝑇 𝛿𝑚
𝜎𝑚�

2� .  

If there is no similar component, a new one is created with initial values of weight ( 𝛼 ), 
variance ( 𝜎0 ) and mean (the frame pixel value). If the maximum number of components is 
reached, the one with the lowest weight is removed. 

Since not all the Gaussian components in the model are representing the background, we have 
to decide which of them are considered part of it. We can approximate the model with the B 
components with highest weight: 

�̂�(�⃗�|𝑋𝑇 ,𝐵𝐺) ~ ∑ 𝜋𝑚�𝑁(�⃗�;𝜇𝑚�����⃗� ,𝜎𝑚�
2𝐼)𝐵

𝑚=1   (7) 

The components are sorted in a decreasing weight value order: 

𝐵 = arg𝑚𝑖𝑛𝑏(∑ 𝜋𝑚�𝑏
𝑚=1 > (1 −  𝑐𝑓)) (8) 

Where 𝑐𝑓 is a measure of the amount of data that can belong to the foreground objects 

without affecting the background model. 
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New objects appearing and remaining in scene tend to increase their weights until they can be 
considered part of the background, and the other way around: when objects being covered in 
the upcoming images, they tend to decrease their weight continuously until they are not part 
of the background anymore or they are completely removed. They disappear giving way to 
new components. 

After each update it is necessary to normalize the weights of the Gaussian functions. 
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3. Image Registration 
Image registration refers to the process of defining a common coordinate system in order to, 
for example, overlaying two different images acquired in the same scene from different points 
of views. Both images have common parts and it is possible to make these common parts 
recognize each other and generate a transformation matrix. Some applications of this 
transformation matrix are motion recognition, or applying a coordinate change on the images 
in order to bring them to the common coordinate system and overlay them. The general 
process of overlaying two images in image registration is shown by Fig. 8 and done as follows: 

a. Detect specific feature points in Image 1 and Image 2 from Fig. 8. These feature points 
are also knows as key points. 

b. Match the corresponding key points from one image to another. 
c. Create a transformation matrix from the matches obtained. 
d. Map one image to the other using the matrix and properly interpolate the values 

 
 

 

        

  

Image 1 Image 2 

a. 

b. 
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In the rest of this chapter we review the algorithms used in the different steps of image 
registration. Then we introduce the different possibilities of coordinate system changes 
performed by the transformation matrix together with an explanation of the transformation 
matrix coefficients and eventually some application examples. 

3.a) Feature detection and matching 
3.a.i) Introduction 
 
Detecting feature points in images is the first step concerning image registration. The 
functionality of the key points is to recognize the salient features, which are used to match two 
different images. Then, each one of these key points are uniquely identified by a descriptor 
and, thanks to it, we are able to match the features from one image to another (by recognizing 
a similar descriptor in two points of different images).  

Several feature detection algorithms have been proposed in the literature like SIFT (Scale 
Invariant Feature Transform) [18], SURF (Speeded Up Robust Feature) [7] or Harris (Harris 
Corner Detector) [20]. SIFT and SURF algorithms are the newest ones. A comparison carried 
out by Bauer [19] shows how SURF is probably the most appropriate algorithm for real time 
applications. Bauer [19] compares different implementations of the algorithms (available on 
their authors’ websites. Websites can be found in [19]): 

Two implementations of the SURF algorithm. Named in Fig. 9 as:  

- SURF: original author’s implementation. 
- SURF-d: the same implementation but with the feature of initial image resolution 

doubling activated. 
 

Three implementations of the SIFT algorithm. Named in Fig. 9 as: 
- sift++: free and open c++ implementation by Andrea Vedaldi from the Vision Lab of the 

University of California. 
- Lowe: C implementation by the original author. 

[Fig.8]  Image registration process. Image extracted from [15]. 

c. 

d. 
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-  LTI-Lib: a c++ implementation from a LGPL-licenced library. 
 

An implementation of the Harris algorithm. Named in Fig. 9 as: 
- Harris: since Harris only detects points, they use a naive description approach of the 

key points in grey scale. 
 
The comparison is performed against phenomena like: rotation, scale change, noise, change in 
light conditions and change of field of view (all of them are common effects in our work). 
The results show that even though SIFT can compute more key points and, in some situations, 
have slightly better matching rate (good matches against all matches), SURF algorithm is much 
faster and its results are robust enough. The following graphic shows the correct matches per 
second from the two implementations of SURF, three implementations of SIFT and an 
implementation of Harris. 

 
 

Both SURF implementations are the ones giving better results concerning the computing speed 
and the correct matches. Therefore, in the following we are going to use SURF as the feature 
detection algorithm. 

3.a.ii) SURF 
 
SURF (Speeded Up Robust Feature) is an algorithm proposed by H.Bay [7]. It detects specific 
kinds of feature points in an image, known as key points. These points are found operating 
with a Gaussian Hessian matrix on scaled images and detecting the maxima results. The 
maxima, whose value exceeds a given threshold known as Hessian threshold, are marked as 
the detected key points. 

[Fig. 9] Graphic extracted from [19]. 
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Those key points are then each one characterized by a descriptor. These descriptors make us 
possible to distinguish the key points from each other thanks to specific features that describe 
them. Haar-wavelets are used in order to find the gradient orientation of the key point and 
then four parameters are computed which are related with the underlying intensity structure 
of the key point region.  

A more detailed explanation of the SURF algorithm and its computing can be found in Annex I. 

3.a.iii) Matching algorithm 
 
The algorithm used to match the key points is known as the Brute-force descriptor matcher. 
Given two sets of descriptors, for each descriptor in the first set, this matcher finds the closest 
descriptor in the second set by trying each one. The result is a set of pairs of points matched by 
their similarity. For every matched pair, a distance value is given representing the similarity 
between both key points. 

This methods does not apply a threshold of similarity, which means that a key point can be 
matched with its most similar point in the other image, even if this similarity if not very close. 
These false-matched pairs are called outliers and the correct matches (with a very close 
similarity) are called inliers. 

Another possible case is that two key points from the first set can be matched to the same 
point in the second set. One of the two key points, or both, will most likely be discarded in the 
following step: the filtering process. 

3.a.iv) Filtering matched pairs 
 
All the key points from the first set of points have been matched. But two consecutive frames 
will not have the same field of view (in case of a change of scene). Some key points from the 
first image, which do not appear in the other image anymore, will have been matched to key 
points in the other image even though they have not a real correspondence. They are matched 
because of their descriptors’ similarities (the matching process finds always the closest 
descriptor in the second set of key points for each key point in the first set).  

This method obtains the minimum distance among all the matched pairs and set it as a 
reference. It is considered that several wrong matches will have a higher similarity distance 
value than the correct matched pairs. So the matched pairs, whose similarity value exceeds a 
given threshold, are considered outliers and are discarded. This threshold is determined by 
multiplying the minimum distance obtained in this set of matching pairs by a factor N.  

𝐹𝑖𝑙𝑡𝑒𝑟𝑖𝑛𝑔 𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 =  𝑀𝐼𝑁(𝑑𝑒𝑠𝑐𝑟𝑖𝑝𝑡𝑜𝑟 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 𝑚𝑎𝑡𝑐ℎ𝑒𝑠) 𝑥 𝑁 

Notice that this filtering threshold will have a different value for every transformation, since 
the minimum distance value might vary for every different set of matches. This means, that we 
control the multiplying factor but we do not control the absolute value of the threshold. Using 
a fixed threshold value could be risky. Slight changes of brightness or blurriness in the image 
would affect equally all the key points, so all the similarity distances would decrease or 
increase in a similar amount. Using a multiplying factor on the minimum distance takes in 
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account this effect. Even if an environment change occurs from one frame to the next one, 
which makes the similarity distance between the matches increase, using this multiplying 
factor on the threshold, it is possible to keep a similar amount of filtered matched pairs, 
otherwise (with a fixed threshold) this amount would easily decrease from one frame to the 
next one. 

 

 

 

 

 

Fig. 10 and Fig. 11 show the filtering process. Fig. 10 shows the matches immediately after the 
matching process. As we can see, some pairs following a diagonal direction are obviously 
wrong matched. In Fig. 11, several pairs have been discarded. It is important to highlight points 
such as the marked in red in Fig. 11, which do not appear in the following frame (after a 
magnification). Those points in Fig. 10 were matched completely wrong with points placed in 
the opposite side of the next frame. It can also happen that points appearing in both images 
are matched wrongly. Those matches lead also to inaccuracies, so they need to be discarded as 
well. 

The number of matched pairs in Fig. 10 and Fig. 11 has been reduced from 689 down to 45. 
The threshold used in this case is x4 times the minimum distance, and it has even discarded 
several proper matches, but the ones left in this case are correct. Notice that all the matches 
left in this case are placed in the bottom half part of the image because the majority of the 
distinctive objects are is this area. This effect might lead to inaccuracies and is discussed in 
section 7 and 8 of this thesis. 

[Fig. 10] Key points matched. 

 

[Fig. 11] Key points filtered. 
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 The threshold value can be modified depending on the complexity of the scene. If the scene 
has a lot of features and the key points are very well differenced from each other, the 
threshold can be higher (less restrictive) because there is a big difference between the 
similarity distances of the correct matches and the wrong matches. But in case the scene is 
more homogeneous, key points will be similar among them and the chances of wrong 
matching increase. In this case the filter threshold has to be lower (more restrictive), so only 
the matches whose similarity distance is very short remain. A method to automate this 
threshold value in proposed in section 8.  
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3.b) Geometric Transformations 
3.b.i) Introduction 
 
A geometrical transformation is defined as the process of transforming the position of an 
image pixel into another position through a  𝑅2

 
→ 𝑅2 function defined as: 

𝑅(𝑥,𝑦) =  𝐴(𝑓1(𝑥,𝑦),𝑓2(𝑥,𝑦)) 

Where A is the given image and R the destination image and 𝑓1 and 𝑓2 are functions defined as: 

𝑓1,𝑓2: 𝑁 𝑥 𝑁 →  𝑅 

A pixel position in the destination image 𝐴 depends on the position of a pixel in the original 
image 𝑅. The value of the pixel is not modified (unless interpolation methods are used, which 
are going to be explained in section 4). 
 
The most common geometrical transformations are the affine transformation and the 
projective transformation: 
 
An affine transformation involves four kinds of transformations: 

• Translation: this transformation displaces the image: 
 
 𝑅(𝑥, 𝑦) =  𝐴(𝑥 + 𝑑𝑥 ,𝑦 + 𝑑𝑦) 
 

• Scale: This transformation scales the axis of the image: 
 

𝑅(𝑥,𝑦) =  𝐴(𝑒𝑥 · 𝑥, 𝑒𝑦 · 𝑦) 
 
Where 𝑒𝑥 = scale in the X axis and 𝑒𝑦 = scale in the Y. 
  

• Rotation: this transformation rotates the image respect to the (0,0) point: 
 

𝑅(𝑥,𝑦) =  𝐴(𝑥 · 𝑐𝑜𝑠 𝛼 +  𝑦 · 𝑠𝑖𝑛 𝛼,−𝑥 · 𝑠𝑖𝑛 𝛼 +  𝑦 · 𝑐𝑜𝑠 𝛼) 
 
Generalizing to a generic center of rotation: 
 

𝑅(𝑐𝑥 , 𝑐𝑦) =  𝐴(𝑐𝑥 · 𝑐𝑜𝑠 𝛼 + 𝑐𝑦 · 𝑠𝑖𝑛 𝛼 + 𝑑𝑥 ,−𝑐𝑥 · 𝑠𝑖𝑛 𝛼 + 𝑐𝑦 · 𝑐𝑜𝑠 𝛼 + 𝑑𝑦) 
 
Where 𝑑𝑥 and 𝑑𝑦 are defined as: 
 

𝑑𝑥 =  𝑐𝑥  −  𝑐𝑥 · 𝑐𝑜𝑠 𝛼 −  𝑐𝑦 · 𝑠𝑖𝑛 𝛼 
 

 𝑑𝑦 =  𝑐𝑦  + 𝑐𝑥 · 𝑠𝑖𝑛 𝛼 −  𝑐𝑦 · 𝑐𝑜𝑠 𝛼 
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• Tilt : transform a rectangle into a rhombus. It tries to simulate a perspective. It can tilt 

the X axis, the Y axis or both. Fig. 12 shows an explanation of an X-axis tilt:  

 
 
 
 

 
 
A is the original image and is R the destination image. 
We define: 

(𝑥𝑎 ,𝑦𝑎)  =  (𝑥𝑟 − 𝑔,𝑦𝑟) 
We can obtain the value of 𝑔 by applying triangular similarities: 

𝑔/𝑦𝑟  =  𝑖𝑥/1 
 
→  𝑔 =  𝑖𝑥 · 𝑦𝑟  

 So we obtain the relation: 
𝑅(𝑥,𝑦) =  𝐴(𝑥 −  𝑖𝑥 · 𝑦,𝑦) 

Generalizing: 
𝑅(𝑥,𝑦) =  𝐴(𝑥 −  𝑖𝑥 · 𝑦,𝑦 −  𝑖𝑦 · 𝑥) 

 
All the affine transformations can be expressed as a 2x3 matrix: 
 

𝑅(𝑥,𝑦) =  𝐴 �
𝑐11 𝑐12 𝑐13
𝑐21 𝑐22 𝑐23� ∗ �

𝑥
𝑦
1
� 

And specifying for each case: 
 
 

�
1 0 𝑑𝑥
0 1 𝑑𝑦

�     �
𝑒𝑥 0 0
0 𝑒𝑦 0�     �

cos𝛼  sin𝛼  𝑐𝑥 − 𝑐𝑥 · 𝑐𝑜𝑠 𝛼 − 𝑐𝑦 · 𝑠𝑖𝑛 𝛼
− sin𝛼  cos𝛼  𝑐𝑦 + 𝑐𝑥 · 𝑠𝑖𝑛 𝛼 − 𝑐𝑦 · 𝑐𝑜𝑠 𝛼�     �

1 −𝑖𝑥 0
−𝑖𝑦 1 0� 

 
 
 
 
 
Fig. 13 shows some examples of each affine transformation: 
 
 
 
 
  

[Fig. 12] Tilt scheme. 

Translation Scale Rotation Tilt 
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Translation 

Scale Rotation 

Tilt 

[Fig. 13] Examples of affine transformations. 
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It is possible to apply several different transformations at once, multiplying the corresponding 
matrices will result into a final matrix, and only one transformation is needed even if, for 
example, a rotation and a scale transformation are computed.  

The affine transformation has a wide range of varieties, but all of them preserve parallelism, 
which means that a parallelogram will always be transformed into a parallelogram. In PTZ 
cameras, image distortions perspective occurs, so the affine transform is not enough to 
reproduce the change of scene. Another transformation is needed: the projective transform 

Projective transformation models the distortion created in an image plane when this image is 
taken from a different point of view. It describes the projection of a scene onto an image.  

The projective transformation is the perspective projection of a plane in the 3D space as 
shown in Fig. 14: 

  
 

It is represented by the following equations: 

�
𝑥′
𝑦′
𝑧′
� = �

𝑐11 𝑐12 𝑐13
𝑐21 𝑐22 𝑐23
𝑐31 𝑐32 𝑐33

� ∗ �
𝑥
𝑦
1
� 

Where (𝑥,𝑦) is the point in the original image, and (𝑥’,𝑦’, 𝑧’) is the point in the 3D space. 

The final image is the perspective projection of the (𝑥’,𝑦’, 𝑧’) point in the z=1 plane as shown 
in Fig. 15. 

 [Fig. 14] Perspective transformation scheme I.  
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The resulting point (projected in the z=1 plane) is defined as: 

𝑅(𝑥,𝑦) =  𝐴(𝑥’/𝑧’, 𝑦’/𝑧’) 

So the final equation defined for the projective transformation is: 

𝑑𝑠𝑡(𝑥, 𝑦) = 𝑠𝑟𝑐(
𝑐11 ∗ 𝑥 + 𝑐12 ∗ 𝑦 + 𝑐13
𝑐31 ∗ 𝑥 + 𝑐32 ∗ 𝑦 + 𝑐33

,
𝑐21 ∗ 𝑥 + 𝑐22 ∗ 𝑦 + 𝑐23
𝑐31 ∗ 𝑥 + 𝑐32 ∗ 𝑦 + 𝑐33

) 

Where 𝑐𝑎𝑏 are the coefficients of the transformation. This projective transformation which 
relates two different points of view of the same planar scene is known as homography. The 
homography matrix is determined up to a scale, thus it is normalized so that  𝑐33 coefficient is 
always set to 1. 

Notice that in case that the 𝑐31, 𝑐32  coefficients are equal to 0, it behaves exactly as an affine 
transformation, so the properties from the affine transformation are also applicable in the 
perspective transformation. 

3.b.ii) RANSAC algorithm 
 
RANdom SAmple Cosenus is an algorithm used to compute the homography between two 
images.  

RANSAC receives as input a set of matched key points. These key points have been paired 
before through the similarity of their descriptors. The matching algorithm finds always a match 
for each key point, even if the key point does not have a real correspondence in the 
destination image. This wrong matched pairs are known as outliers.  

RANSAC is in charge of getting rid of the outliers (as much as possible) and generating the 
corresponding homography. A homography needs four correspondences to be generated. 
Random set of four samples are picked and a homography estimation is computed. The 
estimation for each sample set is measured by applying the homography to all the points in 
the initial match set, and then counting the number of matches to their corresponding pair, 
within a distance threshold: 

 [Fig. 15] Perspective transformation scheme II.  
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‖𝑑𝑠𝑡𝑃𝑜𝑖𝑛𝑡𝑠𝑖 − 𝑐𝑜𝑛𝑣𝑒𝑟𝑡𝑃𝑜𝑖𝑛𝑡𝐻𝑜𝑚𝑜𝑔𝑒𝑛𝑒𝑜𝑢𝑠(𝐻𝑠𝑟𝑐𝑃𝑜𝑖𝑛𝑡𝑠𝑖)‖ > 𝑟𝑎𝑛𝑠𝑎𝑐𝑅𝑒𝑝𝑟𝑜𝑗𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 

 
The points accomplishing the previous equation are considered outliers. If there are not 
enough points below the given distance threshold, the homography estimation is not 
considered correct and the process restarts again with a different set of 4 random samples. 
There is a number of iterations set high enough to ensure that the probability, that at least a 
set of samples does not include an outlier, is 0.99. All the homography estimations are 
evaluated and the one giving the best performance among all them is the chosen one. 

3.b.iii) Levenberg algorithm 
 
The Levenberg-Marquardt method is applied after RANSAC to refine the computed 
homography matrix  (using inliers only) in order to reduce the re-projection error even more. It 
is an iterative technique that locates the minimum of a multivariate function.  

This algorithm needs an initial solution to iteratively work on it. It is combination of the Gauss-
Newton algorithm and the gradient descent method. The Gauss-Newton algorithm solves non 
linear least square problems but it can only be used to minimize a sum of squared function 
values.  It is a modification of the Newton algorithm but it does not use second derivatives 
which makes it much easier to compute. 

Gradient descent is a first-order optimization algorithm used to find a local minimum of a 
function .One takes steps proportional to the negative of the gradient (or of the approximate 
gradient) of the function at the current point. We see that gradient descent leads us to the 
minimum when the value of the function F is minimal. 

If the current solution is close to the final solution, this algorithm will behave as the Gauss-
Newton method which does not consumes a lot of computing time, but in case the current 
solution is still far, it will behave as a gradient descent method, which is slower, but will 
converge for sure. So this algorithm can give a good homography estimation even if the 
RANSAC was not successful. A more extended explanation and detailed demonstration can be 
found in [13]. 
  

http://en.wikipedia.org/wiki/First-order_approximation�
http://en.wikipedia.org/wiki/Mathematical_optimization�
http://en.wikipedia.org/wiki/Algorithm�
http://en.wikipedia.org/wiki/Local_minimum�
http://en.wikipedia.org/wiki/Gradient�
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4. Interpolation methods 
In this section we introduce interpolation methods. They need to be applied on images after 
being transformed.  We present three interpolation methods, how are they applied and an 
evaluation and comparison between them of their performance. 
 
Images are discrete signals. Each pixel has an integer position, but the transformation process 
considers the images as continuous signals. After applying a geometric transformation to an 
image, two things can occur: 

- Blank pixels: in a x2 magnification case, blank positions appear in between every two 
pixels. Fig. 16 shows this effect, where A is the original image and R the result image: 

 
 

 
 

𝑅(𝑥,𝑦)  =  𝐴(𝑥/2,𝑦/2), where 𝑅: (0. .2𝑚𝑥 + 1, 0. .2𝑚𝑦 + 1) 

 
- Non integer values: in an x1.8 magnification, not only the previous problem occurs, but 

it also happens that there is not an integer relation between corresponding points. 
 

𝑅(1.8, 1.8) =  𝐴(1,1) 
𝑅(1.8, 3.6) =  𝐴(1,2) 

The destination values from 𝐴(1,1)  and 𝐴(1,2) are not in an integer position. Positions in the 
destination image such as R(2,2) and R(2,3) have their corresponding values in A(2/1.8, 2/1.8) 
and A(2/1.8, 3/1.8) respectively. These positions do not have assigned a defined color value, 
therefore we must interpolate the values from their closest pixels in order to generate them. 

These issues lead us to introduce interpolation techniques applied to the transformation 
process. We present three interpolation methods: 

  

[Fig. 16] Blank pixels after a transformation. 
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4.a) Nearest neighbor interpolation 
 
Any point in the space of the resulting image gets the value from the closest pixel. It is a very 
easy and fast interpolation method but on the other hand the visual results are not very good. 
 

 
 

 
 
Fig. 17 shows the effect of the nearest neighbor interpolation.  We show the results from the 
different interpolation methods using Fig.18 as the original image. We apply a x10 
magnification on Fig. 18 and then the nearest neighbor interpolation. Fig. 19 shows the final 
result: 
 

 
 

[Fig. 17] Nearest Neighbor interpolation scheme. 
 

[Fig. 18] Original image. 
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We can see in Fig. 19 how the final result has a very strong pixelited effect and details are not 
well defined. This effect increases proportionally with the magnification factor  𝑥𝑁:  the higher 
it is, the bigger the squares become in the result image. 
 

4.b) Bilinear interpolation 
This interpolation offers better visuals results than the nearest neighbor interpolation. It is 
called bilinear interpolation because two linear interpolations are applied to the image: one in 
the X-axis direction and another one in the Y-axis direction. 

In just 1D case, the linear interpolation creates a line between two given points as shown in 
Fig. 20: 

[Fig. 19] Nearest neighbor result. 
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The points in between 𝑥 = 1 and 𝑥 = 2 are interpolated following a linear relation: 

𝐴’(𝑝) =  (1 − 𝑎)𝐴(𝑥1) +  𝑎𝐴(𝑥2) 

Bringing it to the 2D case, the bilinear interpolation is used. Firstly, a linear interpolation is 
applied through the horizontal direction (X-axis). Then, using the values interpolated in the 
horizontal direction, the image is interpolated in the vertical direction as shown in Fig. 21: 

 
 

The process is demonstrated below: 

A linear interpolation is done in the horizontal axis: 

𝐴’(𝑝𝑥, 𝑠)  =  (1 − 𝑎)𝐴(𝑖, 𝑠)  +  𝑎𝐴(𝑑, 𝑠) 

𝐴’(𝑝𝑥, 𝑟)  =  (1 − 𝑎)𝐴(𝑖, 𝑟)  +  𝑎𝐴(𝑑, 𝑟) 

Using the values found in (𝑝𝑥, 𝑠) and (𝑝𝑥, 𝑟) we can interpolate in the vertical axis: 

𝐴’(𝑝𝑥,𝑝𝑦)  =  (1 − 𝑏)𝐴’(𝑝𝑥, 𝑠)  +  𝑏𝐴’(𝑝𝑥, 𝑟) 

And substituting, we obtain the final equation of the bilinear interpolation: 

𝐴’(𝑝𝑥,𝑝𝑦)  =  (1 − 𝑎)(1 − 𝑏)𝐴(𝑖, 𝑠)  +  𝑎(1 − 𝑏)𝐴(𝑑, 𝑠)  + (1 − 𝑎)𝑏𝐴(𝑖, 𝑟)  +  𝑎𝑏𝐴(𝑑, 𝑟) 

 
The bilinear interpolation uses the values of the closest neighbors like the nearest neighbor 
interpolation, but a linear relation is computed between them. Thanks to the linear relation, 

[Fig. 20] Linear Interpolation scheme. 

[Fig. 21] Bilinear Interpolation scheme. 
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the image interpolated does not become pixelized. We use Fig. 18 as the original image, and 
apply a magnification of 𝑥10. Fig. 22 shows the result of the bilinear transformation: 
 
 

 
 
 

 
 

 

 

4.c) Bicubic interpolation 
This is the third interpolation method we present. It is the most costly in terms of computing. 
It is called bicubic interpolation because two cubic interpolations are applied to the image: one 
in the X-axis direction and another one in the Y-axis direction. 

 In the 1D case, the cubic interpolation creates a cubic polynomial approximation involving 
four points, two points to the left and two points to the right from our interest position ‘p’, as 
shown in Fig. 23: 

[Fig. 18] Original image. 
 

[Fig. 22] Bilinear interpolation result. 
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The polynomial approximation is: 

𝐴’(𝑥)  =  𝑐1𝑥3  + 𝑐2𝑥2  + 𝑐3𝑥 +  𝑐4  

The coefficients are found using a linear system of equations. Since we have four different 
points, we can create four different equations. Just like in the bilinear interpolation, the 
bicubic interpolation is performed interpolating the image in the horizontal direction firstly 
and then in the vertical direction as shown in Fig. 24: 

 
 

The equation describing the bicubic interpolation is: 

𝐴’(𝑝𝑥,𝑝𝑦)  = � � 𝐴(𝑖 + 𝑛, 𝑗 + 𝑚) · 𝑃(𝑛 − 𝑎) · 𝑃(𝑏 −𝑚)
2

𝑚=−1

2

𝑛=−1

 

Where : 𝑃(𝑘)  =  1/6(𝐶(𝑘 + 2)3 − 4𝐶(𝑘 + 1)3 + 6𝐶(𝑘)3 − 4𝐶(𝑘 − 1)3) 

And 𝐶(𝑘)  =  𝑚𝑎𝑥(0,𝑘) 

The bicubic interpolation uses values from a bigger region of neighbors than the bilinear 
interpolation and the nearest neighbor interpolation. The interpolation process is more 

[Fig. 23] Cubic Interpolation scheme. 
 

[Fig. 24] Bicubic Interpolation scheme. 
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complex, hence it requires more computational cost. We use Fig. 18 as the original image, and 
apply a magnification of 𝑥10. Fig. 25 shows the result of the bicubic transformation: 

 

 

 
 

 

  

[Fig. 18] Original image. 
 

[Fig. 25] Bicubic interpolation result. 
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The bicubic interpolation is the one obtaining better visual result, but is the most difficult and 
the slowest to compute. We can clearly see the difference between applying each one of the 
three interpolations in the following images: 

 

 

 

Fig. 26 shows the result obtained with the nearest neighbor interpolation, it generates very 
pixelated images and some details are not distinguishable. Notice that every different square 
value is a color value from a pixel in the original image. 

Fig. 27 shows the result obtained with the bilinear interpolation. Compared to Fig. 25, details 
are much more clearer, the improvement is remarkable. Interpolation effects are still 
noticeable, like linear affectations in the borders of the objects or in places where there is a 
sharp change of color. 

 Fig. 28 shows the result obtained with the bicubic interpolation. Among the three of them, 
this is the one giving the best visual result. Interpolation effects are barely noticeable and 
details are much better defined. Although the good results, it has still residual interpolation 
effects. A cubic estimation can generate peak values. The polynomial approximation has to fit 
the cubic model as accurate as possible using the four givenpoints and it can happen that the 
approximation obtained has a local maximum or minimum between two points. This local 
extreme produces peak values in the interpolated pixels. Fig. 28 shows this effect: the border 
of the tower is brighter than the rest of the sky. A peak has occurred which produced a sudden 
increase of the brightness in that specific area. 

  

[Fig. 28] Bicubic 
interpolation result. 

 

[Fig. 27] Bilinear 
interpolation result. 

 

[Fig. 26] Nearest neighbor 
interpolation.  
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5. Background Subtraction with 
PTZ cameras 
 

Background Subtraction with PTZ cameras combines the algorithms presented in section 3 and 
4. We apply the image registration techniques on the background model instead of images. 
The goal of this process is to use the Gaussian models generated during the period where the 
camera remains static, in the case of a moving scene. 
We have already presented two different techniques to achieve this goal: The Direct 
Transformation technique and the Mosaic technique. 
 
We present first the basic structure of both algorithms with a brief explanation and then 
improving proposals are introduced. In section 6 the following block diagrams (Fig. 29 and Fig. 
30) are explained in detail. 

5.a)Direct Transformation 
 

  

 

 

 

 

 

 

 
Fig. 29 shows the basic functionality of the Direct Transformation algorithm. The algorithm is 
applied to new frames at their arrival. For every new frame, the Scene Change Detector 
detects whether the camera has changed position or not. In case of not detecting a change of 
scene, the Mixtures of Gaussians updates the background model.  A mask with the motion 
segmentation is extracted and an image of the background model is produced, where the pixel 
values are obtained weighting the Gaussian mean values. 

In case the Scene Change Detector detects a change of scene, a homography linking frame n-1 
and frame n fields of view is computed. The transformation adapts the background model to 
the new field of view and the motion segmentation is carried out. 

  

[Fig. 29] Direct transform basic structure. 
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5.b) Mosaic 
 

 

 

 

 

 
 

 

Fig. 30 shows the basic functionality of the Mosaic algorithm. When a moving scene is 
detected, the current background model is saved in the mosaic. The saving process is carried 
out by homographies but, instead of computing the homography between frame n-1 and 
frame n, it is computed between the frame n-1 and the mosaic plane. The background model is 
transformed into the mosaic plane. A background model, which represents the frame n scene, 
is extracted from the mosaic model and transformed into the frame n plane. Eventually, the 
Mixtures of Gaussians updates the background model. 

5.c) Common issues with both algorithms 
Both the Direct Transformation and the Mosaic algorithm use homographies. However, 
transformations are not able to represent the 100% of the scene change due to numerical 
inaccuracies in the computing process. A pixel, unit of position, might suffer from 
misalignment mistakes and even noise, therefore it can be geometrically displaced with 
respect to the position where it should be located. This effect leads to errors and false motion 
recognitions since a pixel from the current frame is not compared with the appropriate 
Gaussian reference. 

Concerning the transformation process, not all the pixels have always a clear correspondence 
as happens in non integer positions, and blank pixels must be filled by interpolation methods. 
Therefore, in the following we discuss the effectiveness of the interpolation methods and 
propose some new contributions in order to improve the performance of the algorithms. 

  

[Fig. 30] Mosaic basic structure. 
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5.d) Contributions 
The first contribution is an interpolation method which improves the results of both Direct 
Transformation algorithm and Mosaic algorithms. The second contribution is a method 
involving a security time to improve the results of the Mosaic algorithm. The third contribution 
is an algorithm combining both Direct Transformation and Mosaic algorithms. 

5.d.i) First contribution. Best Neighbor Interpolation method 
 
The Direct Transformation and Mosaic algorithms are based on continuously transforming the 
background model. An important aspect concerning projective transformations, which is often 
overlooked, is the application of the interpolation method. The following figures show the 
problem: 

 

 

 

 

 

 

 

Fig. 31 shows a given a frame with textures and Fig. 32 shows the same frame after applying a 
x3 magnification. Since the scene changes from one frame to the next one, the background 
model needs to be transformed. 

Fig. 35 shows an approximate result of the background model transformation using the bicubic 
or bilinear interpolation methods. These methods fill the empty pixels with calculated color 
values. These values work out in smooth areas but they can cause uncertainty in object 
borders and edges. The color values obtained interpolating two pixels from different objects or 
textures do not exist in that positions of the original frame (Fig. 32 and Fig. 35). 

[Fig. 31] Original 
frame. 

[Fig. 32] Original frame 
after a x3 magnification. 

[Fig. 35] Background 
result using bicubic 

interpolation. 

[Fig. 33] Old 
background model. 

[Fig. 34] x2.7 magnification 
background result using nearest 

neighbor interpolation. 

[Fig. 36] New 
background model. 
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The nearest neighbor interpolation does not fill the blank pixels with new color values. It uses 
the value of the closest pixel position. 

Let’s suppose now that Fig. 32 shows the result from a x2.7 magnification applied to on the 
camera scene. When it comes to a non integer zoom value such as x2.7, the nearest neighbor 
position becomes uncertain and the transformation can suffer from misalignments (Fig. 34). 
Notice that noise and inaccuracies in the computation process contribute to this effect as well. 

Our contribution proposes an algorithm to minimize this problem by using an interpolation 
method called Best Neighbor interpolation: 

Given an empty background position in the new plane (square in Fig. 36), we back project it 
using the inverted homography in order to find its corresponding position in the former 
background model (small square in Fig. 33).  

The same given position in the original frame is white (square in Fig. 32) but the corresponding 
value in the old background is black, due to a pixel displacement (small square in Fig. 33).   

We compare the original frame pixel value (square in Fig. 32) with the first Gaussian function 
in the corresponding old background position (small square in Fig. 33). Then, we compute the 
Mahalanobis distance. If it is lower than three times its typical deviation, this pixel model is 
entirely copied to the new background model (square in Fig. 34).  

In case of exceeding the distance threshold, we proceed to define a squared searching area in 
the old background involving the neighbor pixels (big square in Fig. 33). Then we compare their 
first Gaussian modes with the given pixel value (square in Fig. 32) through the Mahalanobis 
distance. The pixel model with the minimum distance and accomplishing the distance 
threshold is entirely copied to the new background (square Fig. 36). In case any of them 
accomplishes the distance threshold, the corresponding pixel model (small square in Fig. 33) is 
the one used in the new background.  

5.d.ii) Second contribution. Security Time method 
 
If more than two transformations take place in a row and, considering that the 
transformations downgrade the background model, it would not be wise to save in the mosaic 
model a degraded background model for a future use. The mosaic model is a source of data, 
therefore it should store only proper Gaussian information. Our proposal introduces a 
“security time” immediately after a change of scene with the aim of allowing the Mixture of 
Gaussian algorithm to adapt itself to the little errors introduced by the transformation process.  

During this time, even if the camera moves again, the background model is not saved in the 
mosaic model. The camera must remain static during a certain period (measured in number of 
frames), so the Mixture of Gaussians algorithm can refresh the parameters and update the 
background until the misalignments produced are removed.  
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5.d.iii) Third contribution. Combining Mosaic and Direct Transformation algorithms 
 
The direct Transformation algorithm transforms the background model only one time 
compared to the two transformations needed by the Mosaics algorithm. On the other hand, 
the Mosaic algorithm can extract a wider range of information from the mosaic model, 
whether the Direct Transformation suffers from a lack of background model in new areas of 
the field of view. Combining the strengths of both algorithms, we expect to minimize the 
inaccuracies and wrong motion segmentations that might occur in each case. 
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5.e) The Improved Algorithms  
In this section we present in detail the algorithms. These algorithms are based on those 
introduced in the previous section and modified according with the contributions presented in 
section 5. 

5.e.i) Direct transform algorithm 
Fig. 37 in the next page shows the diagram of the algorithm. The algorithm starts with a new 
frame as input. In the different blocks we present the outputs resulting from the application of 
the algorithm. 

Detection of key points: The SURF algorithm is in charge of this block, (see section 3.b.ii). It has 
an image as input and a vector as output with the key points found and a matrix with the 
corresponding descriptors. It might happen that a bad frame appears. We consider a bad 
frame the one where the number of key points detected is really low compared with the 
previous ones and it is not enough for being used in the next steps. Usually these frames are 
blurry frames.  

An iterative method can be applied to some of these frames. Every time key points are 
detected, we compare the number of points obtained with an average number of key points 
found in previous frames. If the amount of the current key points is lower than the 65% of the 
average points, the bad frame counter is increased by one and the key points average number 
is decreased by a 10%. It can happen that a frame is wrongly considered blurry, because the 
number of key points found was not enough. It usually happens when a high level of zoom-in is 
applied to the scene and the number of features on it is considerably reduced. Therefore we 
reduce a 10% the number of the average value, so that the next frame has a lower number of 
key points required. The 65% and 10% values were chosen empirically. 65% is a percentage 
that can handle a decrease of the number of key points found due to a zoom-in applied to the 
scene and can recognize blurry frames as well, where the decrease of the number key points 
found is much higher.   

This goes on until the number of bad frames exceeds from 3, then the average value is reset to 
the current number of key points found.  

bad frames = 0: Every time the number of key points is high enough to compute a 
homography, the bad frames number is set down to 0. 

Matching key points: The key points from the frame n-1 and frame n are introduced as inputs 
and then matched using the matching algorithm (see section 3.a.iii). A vector with the resulting 
matches is created as output. Notice that the number of key points from frame n-1 does not 
have a minimum amount required as those in frame n. This is due to the fact that whenever a 
frame n is discarded by the previous block, it is never considered frame n-1. Hence, frame n-1 
always has enough key points. 

Filtering Matches: The matches vector is introduced as input, (see section 3.a.iv). The pairs are 
filtered according to their similarity distance. Those pairs whose similarity is lower than a given 
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threshold are discarded. The threshold is set as the minimum distance among all the matches 
multiplied by a factor N. A new vector with the filtered matches is created as output. 

 
 
 

 

[Fig. 37] Direct transformation algorithm improved. 
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Scene Change Detector I: The vector resulting from the filtered matches is introduced as input 
in this block. This block has the Radius as parameter. The Radius determines the freedom of a 
key point in terms of pixel positions. For each pair of matches, there is a key point in the 
source image and a key point in the destination image. The key point position in the source 
image is set as the reference and the Radius in measured from that position. If a key point in 
the destination image is placed inside the Radius area, the matched pair is considered as a 
static pair, otherwise as a moving pair. If among all the pairs of key points, more than the half 
of them are considered as moving pair, then a change of scene is detected (the camera has 
changed its field of view).  

Create Homography: The vector resulting from the filtered matches is introduced as input in 
this block. A minimum number of matches are needed in order to compute the homography. A 
homography is computed using the RANSAC algorithm and optimized with the Levenberg 
algorithm (see section 3.b.ii and 3.b.iii). A 3x3 matrix is returned as output. 

Verify homography: In this block we apply some restrictions on the homography coefficients in 
order to make sure that the transformation makes sense, the homography coefficients are 
explained in section 3.b.i.  

- Scale parameters: these are the (1,1) and the (2,2) coefficients. In case that any of 
both coefficients is negative, the homograhy is discarded.  These coefficients are also 
related with the rotation of the camera. The scale factors are both multiplied by cos𝛼. 
This constraint limits the camera rotation between -90º and 90º. 

- Tilt parameters: these are the (1,2) and the (2,1) coefficients. As seen in section 3.b, 
the tilt parameters are used as: 

𝑅(𝑥,𝑦) =  𝐴(𝑥 −  𝑖𝑥 · 𝑦,𝑦 −  𝑖𝑦 · 𝑥) 
We apply a restriction to the parameters in order to limit the deformation of the 
image. For the ix case: 
 

 
 

The image (Fig. 38) cannot be deformed more than half of its total size. The maximum distance 
where the bottom left corner of the image can move to is xmax/2 (red line in Fig. 39). 
Considering the bottom left corner of the original image as (xmin, ymax), we have the following 
limitation: 

− 𝑥𝑚𝑎𝑥/2 <  𝑥𝑚𝑖𝑛 –  𝑖𝑥 ∗  𝑦𝑚𝑎𝑥 <  𝑥𝑚𝑎𝑥/2 , 𝑥𝑚𝑖𝑛 = 0 

[Fig. 38] Original image. [Fig. 39] Transformed image. 
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− 𝑥𝑚𝑎𝑥/(2 ∗  𝑦𝑚𝑎𝑥)  <  𝑖𝑥  <  𝑥𝑚𝑎𝑥/(2 ∗  𝑦𝑚𝑎𝑥) 

And iy by analogy: 

− 𝑦𝑚𝑎𝑥/(2 ∗  𝑥𝑚𝑎𝑥)  <  𝑖𝑦  <  𝑦𝑚𝑎𝑥/(2 ∗  𝑥𝑚𝑎𝑥) 

Notice that this condition is flexible. In case we want to give more freedom to the tilt 
coefficient it is possible to change in the final expression of ix = xmax/2 by the desired limitation, 
and ymax/ 2 in case of vertical tilt iy.  

If the homography does not accomplish one of both restrictions, the homography is discarded 
and the bad matches counter is increased by one. Whenever this counter achieves in a row the 
value of 3, we consider that frame n and frame n-1 lost connection (they do not have enough 
common parts) and it is not possible to follow the change of scene. In this case the background 
model is restarted. 

bad matches = 0: Every time the homography is correct, we set the bad matches counter down 
to 0. 

Scene Change Detector II: This is the second part of the Scene Change Detector. It might 
happen that the first part detects a moving scene due to several key points placed on moving 
objects that the filtering process has not removed.  

The second part of the Scene Change Detector has the homography with its coefficients 
already verified as input. This block sums all the matrix coefficients and then decides whether 
a change of scene takes place or not. A homography not reproducing any change of scene tend 
to the unity matrix. If the total sum of the coefficients exceeds 3, we consider that a change of 
scene has taken place. 

Note: Someone might think that the (1,1) and (2,2) coefficients of the homography, which 
define the scale and the rotation factors, can be lower than 1, which implies a scale or a 
rotation transformation and, in consequence, the sum of coefficients is lower than 3. This 
could be true but then, in this case, the pixel positioned in (0,0) is the one considered the 
center of rotation and scale. In a video zoom effect and rotation effect, the point considered 
the center of rotation and scale is the one in the center of the image. This kind of scale and 
rotation implies as well a translation effect which increases considerably the sum of the 
coefficients. The translation coefficients are the ones in the (1,3) and (2,3) positions. 

Transform background model: The background model is transformed (see section 3.b). It has 
the old background model and the homography matrix as input and the new background 
model as output. It uses the best neighbor Interpolation(see section 5.d.i). 

Copy frame n to frame n-1: Every time a transformation takes place, we copy the frame n to 
frame n-1. 

Update background model: The Mixtures of Gaussians algorithm is performed in this block (see 
section 2). It has the frame n and the background model as input, and the foreground mask 
and the updated background model as output. It is the last step of the algorithm (the motion 
has been segmented). 
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5.e.ii) Mosaic algorithm 
Fig. 40 in the next page shows the general scheme of the improved Mosaic algorithm. The 
main difference with the Direct Transformation algorithm is the transformation of the 
background. Most of the blocks are the same but some new ones appear. 

Reliable count ++: This block is in charge of counting the number of frames without a change of 
scene. It is related to the security time contribution (see section 5.c.iii). In case a change of 
scene takes place, the counter starts from zero again. 

Update Mosaic: this block is explained in detail below (see section 6.b.ii). It represents the 
process of adding the background model to the mosaic model and extracting a new and valid 
background model from it. It has the background model and the mosaic model as input and 
the updated mosaic model and the transformed background model as output.  
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[Fig. 40] Mosaic algorithm improved. 
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Update Mosaic algorithm 

 

 

Fig. 41 shows the update of the mosaic model. There are two new homographies, one to 
transform the old background model to the common plane of the mosaic and another one to 
transform a piece of the mosaic model to the new frame plane.  

It is important to highlight that two kinds of mosaic are created at the same time. The first one 
that we have been referring until now, known as the mosaic model, contains all the Gaussian 
parameters. It is only updated if the security time is accomplished and it is the source from 
where we extract a valid background model whenever it is needed. The second mosaic, known 
image mosaic from now on, is generated stiching the frames in the mosaic plane, it contains 
only color values. The aim of this image mosaic is to keep track of the camera movement and 
the change of scene. This image mosaic is updated every time a change of scene takes place 
and it is not restricted by the security time. The homographies involving the mosaic are 
computed thanks to the key points found in this image mosaic. 

Verify Mosaic size: This bloc verifies that the mosaic matrix is big enough to receive new 
Gaussian data. The mosaic is a limited matrix and when the camera has moved several times 
towards the same direction, it can reach one of the borders of the mosaic matrix. In case no 
more Gaussian data can fit, the mosaic is corrected. Both the mosaic model and image mosaic 
are transformed to the plane where the current camera position is placed in the center of the 
mosaic matrix. If one frame is out of range but in the following one the camera returns to a 
previous position inside the mosaic border, the algorithm goes to the next step without 
transforming anything. 

[Fig. 41] Update Mosaic algorithm. 
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Correct Mosaic: This block corrects the mosaic. As explained before, it transforms the common 
plane of the mosaic to the current frame plane so the current field of view is centered in the 
mosaic matrix. 

Stick Frame n-1 to mosaic: This block updates the image mosaic.  

Reliable count > Reliable num frames? : This block decides whether the background model is 
reliable enough to be saved or not. Reliable num of frames is in fact the security time. 

Save Gaussian model in Mosaic: In this block we transform the background model into the 
common mosaic plane. It uses the nearest neighbor interpolation. 

Update Mosaic mask: This block defines a mask which specifies where exactly in the mosaic is 
located the frame n-1 field of view. This mask is applied to the detection of key points in the 
mosaic. The mosaic is an extensive matrix and looking for key points all over it would consume 
a lot of time. The Mosaic mask limits the searching area to the place where the camera was 
located in the previous frame. Fig. 42 and Fig. 43 show the utility of this mask: 

. 

                                  

 

[Fig. 42] Mosaic mask. 

[Fig. 43] Matching result using the mosaic mask. 
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Only key points inside the white area of the mosaic mask have been found, not all over the 
image mosaic. It saves computing time and prevents bad matching. 

Get Gaussian model from Mosaic: This block transforms the mosaic model into the new frame 
plane in order to obtain a valid background model. 

5.e.iii) Mosaic-Direct Transformation algorithm 
This algorithm combines the Direct Transformation and the Mosaic techniques. Fig. 44 shows 
the general scheme. We consider that the quality of the Gaussian parameters in the Direct 
Transformation is better due to the fact that during the transformation process the data is 
transformed only one time in comparison to the Mosaic technique, which needs two 
transformations.  But, on the other hand, when the camera returns to a previous position, the 
mosaic has already information about the background model. Combining both algorithms we 
transform the old background model applying the Direct Transformation technique and then 
we fill the blank positions of the new parts of the scene with the background model extracted 
from the mosaic model. This is carried out by the block called Update Mosaic (see section 
6.c.ii). 

Use Direct Transformation: It is also possible to take advantage of the Direct Transformation 
algorithm. Considering the case where the Update Mosaic block fails (Fig. 41), a valid 
background model would not be available and the Mixtures of Gaussians would not be 
applied. Combining both algorithms we can use only the Direct Transformation algorithm 
whenever the Update Mosaic block fails, and still segment motion of the current frame. 
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[Fig. 44]  Mosaic-Direct Transformation algorithm. 
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Update Mosaic-Direct Transform Algorithm 

 
 

 

Fig. 45 shows the general scheme of the update of the mosaic model and image mosaic in the 
combined algorithm. The main difference with the Mosaic algorithm is the extraction of the 
background model. Most of the blocks are the same but some new ones appear. 

Use Direct Transformation: this block transforms the old background model using the Direct 
Transformation algorithm. 

Combine information: This block combines the background model obtained by the Mosaic 
algorithm and the background model obtained by the Direct Transformation algorithms.  It 
considers the background model obtained by the Direct Transformation algorithm as the main 
one and fills its empty parts (the new parts of the scene) with the background model obtained 
from the mosaic model (in case it already contains it). 

 

  

[Fig. 45]  Update Mosaic-Direct transformation. 
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6. Experimental Part 
The experimental part has been carried out with 576x432 video frames and computed on an 
Intel Core DUO @ 2Ghz 2Ghz. The algorithms have been implemented in C++, on the Visual 
Studio 2010 platform and using the open source library OpenCV 2.3. 

6.a) Image registration 
In this first part we analyze the performance of the Scene Change Detector block, the Matches 
Filter block and the SURF algorithm. These three blocks are positioned in cascade in the 
following order: 

SURF -> Matches Filter -> Scene Change Detector 

The output of the SURF block is the input of the Matches Filter, and the output of the latter is 
the input of the Scene Change Detector. We analyze the behavior of these blocks by modifying 
their in the rising direction of the cascade. 

6.a.i) Scene Change Detector: 
 
We analyze the influence of the Radius in the Scene Change Detector:  

We have determined manually a ground truth of the change of  scene. A ground truth is a set 
of information usually manually collected which represents a reliable reference. This reference 
is used to evaluate the accuracy of the results performed by the algorithms. We have 
determined one by one which frames in the video sequence have a moving scene and 
generated a ground truth of frames containing a change  of scene and a ground truth of frames 
containing static scene. We recognized as change of scene all the frames that our vision 
permits to detect.  

It should be pointed out that among all the frames, some movements of the scene were really 
hard to appreciate. In some situations where the camera was supposed to stay static, we 
noticed that there was a slight change of scene taking place. The rate of this slight moving 
frame against the total moving scene frames (ground truth) is 0,309859, which means that the 
really appreciable change of scenes have a rate of at least 0,690141. We consider then, that 
the Scene Change Detector works properly if it has a detection rate (moving frames detected / 
total moving frames) higher than 0,690141. The fact of not detecting such small movements 
might affect mostly the motion detection in the objects’ borders, where there are edges of 
different colors. In any case, this uncertainty can be reduced by applying a morphological filter, 
which, in fact, is applied in almost all our experiments. However, several non appreciable 
movements in a row and in the same direction become an appreciable (and detectable) 
movement as we see in the following part of this section. 

We use three rates in order to evaluate the Scene Change Detector: 
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- True detections rate: number of correct detections of a moving scene frames against 
the ground truth of the moving scene frames. This is the rate that should be at least 
0,69. This determines how many moving scene frames have been detected out of the 
total number of moving scene frames belonging to the ground truth. 

- False detections rate: number of false detection of moving scene frames against the 
ground truth of the static scene frames. This determines how many frames have been 
detected as moving scene when, according to the ground truth, they should be 
recognized as static scene. 

- False discarded homography rate: number of frames which the first part of the Scene 
Change Detector has correctly considered as moving scene frames, but the second 
part has eventually considered them as a static scene frame. This rate is not so much 
related to the Scene Change Detector but to the Homography Creator block. The 
second part of the Scene Change Detector just sums the parameters and, whenever it 
is equal or lower than 3, it considers the homography as the unity matrix. So if a real 
change of scene has taken place and this block discards it, it means that the 
homography was not representing the movement of the scene properly (most likely 
because it was a very small movement). 
 

We start the evaluation using a SURF Hessian Threshold of 400 in the Key points Detector and 
a threshold of 4 in the Matches Filter. Table 1 shows the results performed by the Scene 
Change Detector modifying the Radius value: 

Radius 
(pixel) 

% mov. key 
points 

% static key 
points 

True 
detections 

rate 

False 
detections 

rate 

False 
discarded 

homography 
rate 

0 96,38479305 64,99565476 0,845070423 0,067669173 0,112676056 
1 93,08187096 89,15206358 0,830985915 0,007518797 0 
2 93,46384623 93,28364432 0,732394366 0,007518797 0 
3 92,71680062 87,32849287 0,661971831 0 0 

 

A Radius of 0 pixels is the one with higher true detections rate, which means that it detects all 
the change of scenes more accurately than all the others but it detects as well more false 
change of scenes. This is due to the fact that if the matched pairs are not exactly in the same 
position, the radius of 0 pixels considers them as moving pairs. The radius of 1 pixel is the 
second with higher true detections rate and has a much lower false detection rate than the 
radius of 0 pixels. 

We can appreciate how the true detection rate decreases as long as the Radius increases, even 
if the false detection rate also decreases. This is due to the fact that with a longer Radius, small 
changes of scene are harder to detect, so lesser changes of scene are detected (both true and 
false ones). 

We choose the Radius 1 as the best performance. Radius 0 has the best true detections rate, 
but detecting false changes of scene can eventually degrade the background model. 

[Table 1] Radius variation effect. 



Background Subtraction with PTZ Cameras 

54 
 

6.a.ii) Matches Filter and Homography creator: 
 
This block has as parameter the filtering threshold factor (see section 6.a). The Matches Filter 
works as follow:  If two matched key points have a similarity distance lower than the threshold, 
they are retained, otherwise they are discarded. Firstly, we evaluate how the filtering 
threshold influences in the filtering process and secondly, the influence in the change of scene 
detection.  

Table 2 shows the results of the influence in the Matches Filter produce by modifying the 
filtering threshold factor values. These values have been obtained averaging all the results 
from processing the video every time with a different value of the filtering threshold factor.  

Filtering 
threshold factor 
xN  

Total points 
average 

Filtered matches 
average 

% of filtered 
matches 

x3 762,1034483 49,81773399 6,536872928 
x4 763,3546798 94,99014778 12,44377618 
x5 764,2660099 142,6206897 18,66113209 
x6 763,0394089 189,1970443 24,79518648 
x7 764,2660099 231,0788177 30,23539118 

 

 

  
 

 

As expected, the lower the threshold factor is, the lesser matched pairs are retained. It follows 
a linear behavior, the higher we set the filtering threshold, the more quantity of matches 
filtered we obtain. Let’s see now how it affects the Scene Change Detector block. We are using 
a Radius of 1 pixel. Table 3 shows the results: 
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[Table 2] Variation of the Matches Filter threshold factor. 

[Fig. 46] % of filtered matches vs. filtering threshold. 
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Filtering 
Threshold 
factor xN 

% of filtered 
matches 

True 
detections 
rate 

False 
detections 
rate 

False 
discarded 
homography 
rate 

x3 6,536872928 0,830985915 0,015037594 0 
x4 12,44377618 0,830985915 0,007518797 0 
x5 18,66113209 0,845070423 0,015037594 0,014084507 
x6 24,79518648 0,845070423 0,015037594 0,014084507 
x7 30,23539118 0,845070423 0,015037594 0 

 

The variation of the filtering threshold factor does not really affect the Scene Change Detector 
results. The true detections rate does not have a significant change between the different 
values of the filtering threshold factor applied. 

But if we pay attention to the final result, which is the segmentation of object’s motion in the 
scene, there are some variations. The following cases show these variations: 

Case where we use a filtering threshold factor of x3: 

 

 

Only 14 matches are left and a proper homography cannot be computed. As we can see in Fig. 
48, the transformation has not been performed properly: 
 

[Table 3] Filtering threshold variation effect II. 

[Fig. 47] Matches remaining after a filtering process with a filtering threshold factor of N=3. 
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[Fig.48] Background model transformation not properly done. Filter factor N=3. 
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Case where we increase the filtering factor up to x5: 

 
 
 

 

 

Using a higher threshold factor, more matches remain after the filtering process and the 
homography is computed with more accuracy. 

Case where we do not use the Matches filter: 

[Fig. 49]Matches remaining after a filtering process with a filtering factor of 5. 

[Fig. 50] Background transformation properly done. Filter factor N=5. 
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In this case the transformation has been properly done without filtering. This can happen 
because the Matches Filter is not the single filter in the algorithm. The RANSAC algorithm is 
used just before creating the homography. 

In these examples we have seen that too much filtering do not affect the Scene Change 
Detector but the creation of a proper homography. Therefore the background model is not 
correctly transformed and the object motion segmentation gets worse.  But it is not just a 
matter of having a lot of matches either, it is a matter of having the proper matches. The issue 

[Fig. 51] Matches without filtering. 

[Fig. 52] Background transformation properly done. No filtering. 



Background Subtraction with PTZ Cameras 

59 
 

is to have good matched pairs of key points well distributed all over the image to be able to 
properly describe the transformation all over the image.  

So, why do we make use of the Matches Filter when we already have the RANSAC algorithm? 

First of all, because of the Scene Change Detector block. If we would not filter in advance all 
the matched key points, many more false movements would be detected. With a SURF Hessian 
threshold of 400 and a Radius of 1, filtering the matched pairs we obtain a false detection rate 
of 0,015037594 against the 0,052631579 obtained without filtering. 

Another reason to use the matching algorithm is the computing time. With a SURF Hessian 
threshold of 400 the RANSAC algorithm by itself lasts 10,38461538 ms to compute the 
homogaphy. If we use the Matches Filter with a threshold of 4, both filters together last 
3,209677 ms to compute the homography. The first filter has a computational cost much lower 
than the RANSAC, so we use the Matches Filter to relieve the amount of computing time of the 
RANSAC algorithm. 

It is important to highlight that the final results are very similar. The RANSAC algorithm is a 
very robust algorithm so it can handle the outliers coming directly from the matching process. 

The RANSAC uses a threshold parameter that has a similar behavior as the Radius in static 
scenes. The homography transformation is applied on a key point of the original image. The 
result position is compared with the position of its matching pair in the destination image. If 
the geometrical difference between these positions is higher than the RANSAC parameter, the 
matched pair is considered an outlier and, in consequence, discarded. We will set this 
parameter to 2 which is limited enough to discard outliers and compute accurate 
homographies.  All our experiments have been done with this value, chosen after considering 
that it can give good results. 

In the following images we have a first sequence of images with a radius value of 3, and the 
second sequence one with a radius value of 1. 

 
 
 

 
 

 

Sequence with radius 3. 

[Fig. 53] [Fig. 54] [Fig. 55] [Fig. 56] 

[Fig. 57] [Fig. 58] [Fig. 59] [Fig. 60] 

Sequence with radius 1. 
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Both sequences start at the same point (Fig. 53 and Fig. 57). The sequence using a radius of 3 
does not detect the change of scene during two frames (Fig. 54 and Fig. 55), therefore it does 
not transform the background model. The second sequence is using a radius of 1 and it detects 
the change of scene between all the frames (Fig. 58, Fig. 59 and Fig.60). It transforms the 
background model in every frame and the objects’ motion is properly carried out.  

The last image is equal for both of them (Fig. 56 and Fig. 60). This happens because at the third 
change of scene in a row, the sequence using a radius of 3 detects it and, since they both have 
the same RANSAC threshold, the final results is equal for both of them. In other words, the 
same movement is computed using only one homography transformation in the first 
sequence, and using three homographies transformations in the second sequence. 

Notice that in the first sequence only some objects borders are noticeable. This is due to the 
morphological filter applied, otherwise all object’s borders would be visible. 

6.a.iii) SURF 
 
We compare the SURF hessian threshold value against the number of key points detected and 
against the time it takes to compute them. These values are averaged values obtained during 
all the video frames. Each time the video sequence has been processed with a different 
Hessian threshold value. Table 4 shows the results: 

Hessian threshold Key points per image Time per image (ms) 

400 762,2413793 1307,477833 
1000 477,5172414 976,8719212 
3000 204,5566502 608,1527094 
4000 157,8078818 414,2561576 
5000 130,7931034 416,8275862 
6000 107,5665025 373,0985222 
7000 88,14778325 305,0098522 
9000 59,20197044 279,3990148 
11000 38,01970443 265,2807882 
15000 15,80295567 229,6206897 

 

Fig. 61 shows the time used per image vs. Hessian threshold and Fig. 60 shows the key points 
obtained per image vs. Hessian threshold: 

[Table 4] Hessian threshold effect. 
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As we can see, both graphics have similar behaviors. The higher the Hessian threshold is, the 
lesser key points are obtained and the lower time is needed to find them. It follows a behavior 
similar to a decreasing exponential function. 

In Fig. 63 we plot the % of filtered key points (filtered key points/total key points found) with 
against the Hessian threshold we can see how it behaves. Increasing the Hessian threshold, the 
proportion of the filtered key points increases: 
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[Fig. 61] Average time vs. Hessian threshold. 

[Fig. 62] Average key points found vs. Hessian threshold. 
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Computing points with a very high Hessian threshold can be very fast, but not so many points 
are detected. Even though those points are very distinctive (due to the high Hessian 
threshold), it does not mean that the matching process will be very accurate, since the 
matching process is based on the descriptors, not on the key points themselves. The intuitive 
solution would be to compute as many key points as possible so we can compute a lot of 
matches. This is not optimal neither. Computing a lot of key points means decreasing a lot the 
Hessian threshold and, as seen in Fig. 61, it also implies an increment of the computational 
cost.  

6.a.iv) Conclusions 
 
It is very hard to refine the parameters since the main issue is to have a homogeneous 
distribution of key points all over the image. With a proper distribution of the key points, all 
parts of the image would be properly represented. This is hard to achieve in scenes with 
several simultaneous features, because most likely the number of features in the scene will 
not be homogeneously distributed. 

In order to have a good performance, a study of the target scene is needed before using this 
system. There are not optimal parameters, because from one kind of scene to another the 
features vary, and it is necessary to study the scene in order to find the most proper values. 
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[Fig. 63] % of filtered points vs. Hessian threshold. Filtering factor N=5. 
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6.b) The algorithms 
To analyze the validity of the algorithms we use the same video as before, recorded with a PTZ 
camera. We compare both improved algorithms with their respective basic algorithms. Frames 
are manually segmented to generate a object motion segmentation ground truth. First, we 
evaluate the interpolation methods using the Direct Transformation algorithm. Then, we 
evaluate both algorithms and their improvements separately, and eventually compare both 
algorithms with their respective improvements.  

The following images are the results of using the Mixtures of Gaussian algorithm right after a 
camera displacement. In the shown scene, a person is entering in the field of view. 

 
 

6.b.i) Direct Transformation 
 
We evaluate the results before and after applying the best neighbor interpolation: 

Table 6 shows an average of processing time used applying the bicubic interpolation, the 
nearest neighbor interpolation and the best neighbor interpolation: 

Original Algorithm Best neighbor interpolation (ms) 

Bicubic interpolation (ms) Nearest neighbor interpolation (ms) 
607,7797 130,4576 137,8136 

 

 
        

[Fig. 65] Original frame. 

[Table 6] Computing time. 

[Fig. 68] Best neighbor. [Fig. 67] Nearest neighbor. [Fig. 66] Bicubic. 
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Concerning the interpolation methods, the nearest neighbor interpolation is much faster than 
the bicubic interpolation even though both resulting foreground masks have only few 
differences between each other. Using the best neighbor interpolation, we can observe how 
the processing time is similar to the nearest neighbor interpolation time.  Concerning object 
motion detection, the best neighbor interpolation (Fig. 68) performs much more defined 
results than the nearest neighbor interpolation (Fig. 67) and the bicubic interpolation (Fig. 66).  
The Best neighbor interpolation is the one giving best results concerning object motion 
segmentation and the processing time is very close to the nearest neighbor interpolation 
(much faster than the bicubic interpolation.) 

Applying a morphological filter to Fig. 66, Fig. 67 and Fig. 68, the motion segmentation results 
are clearer: 

 
 

6.b.ii) Pixel color value’s variation issue 
 
An effect is occurring in several video frames: some static objects of the scene are detected as 
moving objects. After analyzing this effect we found out that some frame pixels are changing 
their value continuously as shown in Fig.72.  This effect might be due to reflections of some 
objects.  

If a pixel belonging to the background starts changing its value, the Gaussian model will update 
its parameters in order to follow this change. If the variation speed of the pixel is faster than 
the updating speed of the model, at some point it will stop being considered background and 
will start being considered foreground. From the moment it is considered background, the 
Gaussian that was representing this pixel value stops following the pixel change. A new 
Gaussian is created with a very small weight. This new Gaussian will need a lot of frames in 
order to be classified as background again. 
 
We analyze the color values in the RBG space (Red, Blue and Green) of a certain pixel during an 
interval of frames (189 - 241) where the camera remains completely static (no change of 
scene): 

[Fig. 69] Bicubic. [Fig. 70] Nearest neighbor. [Fig. 71] Best neighbor. 
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The color values of this specific pixel vary while the camera remains static. This pixel was 
classified as background at the beginning of the analysis (frame 189) but the Mahalanobis 
distance between this pixel and its Gaussian model increases. 

 
 

Fig. 71 shows how the Mahalanobis distance increases and, from the frame 203, this pixel 
starts being considered part of the foreground. 

In order to reduce the impact of this effect, every time we transform the model, we slightly 
extend the variance value, so the Gaussian has a wider margin to keep recognizing the pixel as 
background. Fig. 74 shows the result using the best neighbor interpolation without extending 
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[Fig. 72] color values variation. 

[Fig. 71] Mahalanobis distance variation. 
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the variance and Fig. 75 shows the result using the best neighbor interpolation and extending 
the variance. 

                         
 

 

6.b.iii) Best neighbor interpolation issue 
 
The best neighbor interpolation helps to improve the motion detection, but as well can be 
harmful in certain situations.  

           
 

 

In Fig. 76 and Fig. 77 a transformation is taking place. Fig.77 represents the background model 
in the frame n-1 field of view and Fig. 76 represents the frame n. Notice that the scene in the 
current frame has moved one pixel towards the right with respect to the scene in frame n-1. 
The best neighbor interpolation is applied to transform the background model. 

A given pixel model and its neighbors in the old background model (squares in Fig. 77) are 
compared against the corresponding pixel in the new frame (square in Fig. 76). This 
correspondence is set by the homography.  

The Mahalanobis distance between the given pixels model (small square in Fig. 77) of the 
background and the frame pixel (square in Fig. 76) is computed. If this distance is lower than 

[Fig. 74] Mask without using extension of variance. [Fig. 75] Mask using extension of the variance. 

[Fig. 76] Frame n. [Fig. 77] Old background model. 
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nine times the Gaussian’s variance (the same threshold as used in the Mixtures of Gaussians 
algorithm), this pixel model is copied to the new background model. In case the distance is 
higher, a searching area is defined in the old background model (big square in Fig. 77). The 
pixel model whose first Gaussian has a lower Mahalanobis distance with the pixel frame value, 
is selected to represent the pixel in the new background (for more information about the best 
neighbor interpolation see section 6.d.i.). 

 
 

 

A specific case might lead to false detections, but the following conditions need to be 
accomplished:   

The corresponding pixel in the new frame (Fig. 76) belongs to a moving object (square in Fig. 
76 and Fig. 79) and it exists a similar color value among the given pixel and its neighbors in the 
old background model (green square in Fig. 80). If the given pixel or any of its neighbors 
accomplish the Mahalanobis distance computed with the pixel of the moving object, then the 
new background pixel will contain that value. This value is the closest one to the pixel which 
belongs to the moving object but it is not supposed to be part of the background model. In Fig. 
78 we can see how the black square contains the value of the green square in Fig. 80 instead of 
the value of the black square in Fig. 80.  

This leads us to evaluate the size of the searching area, since the bigger the searching are is, 
the more likely this effect is produced. The following images show the result with a 3x3, a 5x5 
and a 7x7 searching area in two different situations: 

- Situation 1: the background and the moving objects have similar colors: 

[Fig. 78] New background model. [Fig. 79] Frame pixel. [Fig. 80] Searching area (3x3). 
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The images show how the bigger the searching area is, less pixels are classified as foreground. 
This is due to the fact that with bigger searching areas, the effect previously explained 
increases its impact. With a bigger searching area there are more chances to find a pixel in the 
background model which accomplishes the Mahalanobis distances with the frame pixel color. 

-  Situation 2: the background and the moving object have contrasted colors: 

 

[Fig. 79] Frame. [Fig. 80] 3x3 searching area. 

[Fig. 81] 5x5 searching area. [Fig. 82] 7x7 searching area. 

[Fig. 83] Frame. [Fig. 84] 3x3 searching area. 
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In this situation the motion segmentation is approximately the same in the three cases, since 
the person is placed in front of a very contrasted background. So even if the searching are 
increases, there are no neighbors with a pixel model that accomplishes the Mahalanobis 
distance with the frame pixel color. 

 

6.b.iv) Mosaic 
 
Best neighbor interpolation 

We compare the result carried out by the mosaic algorithm using the nearest neighbor 
interpolation and the result carried out by the mosaic algorithm using the best neighbor 
interpolation. We use in both cases the extension of the variance. The best neighbor 
interpolation is performed with a 5x5 searching area. 

 

 
 

 

[Fig. 86] 7x7 searching area. [Fig. 85] 5x5 searching area. 

[Fig. 88] Best neighbor mask. [Fig. 87] Nearest neighbor mask. 
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As we can see in Fig. 87 and Fig. 88, the improvement from the nearest neighbor interpolation 
to the best neighbor interpolation is noticeable. The best neighbor interpolation consumes a 
similar amount of time as it has already been shown in section 7.b.i. 

6.b.v) Security time 
 
Now we evaluate the effect of the security time applied to the Mosaic algorithm. We evaluate 
the results applying the security time feature and without applying it. The experiments are 
performed using the best neighbor interpolation and the extend variance feature. Then, we 
compare the results obtained in the two cases. 

Case without using the security time feature: 

 
 

Case using the security time feature: 

[Fig. 89] Result without using security time. 
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Several things happen:  

Firstly, in the background of Fig. 90, part of the person appearing in the frame is in the 
background. This effect is due to the fact that the background model will not be saved in the 
mosaic model unless three frames without change of scene have passed in a row. But, in case 
the camera moves for the first time to a new position, the mosaic will not have a complete 
background model of that area.  

The background model in Fig. 90 has the person represented. The first time that the camera 
moved to that position, the security time was not accomplished and therefore a background 
model of that area was not saved in the mosaic model.  When the camera moved again to this 
position and the background model did not received data from the mosaic, the Mixtures of 
Gaussian algorithm had to generate new background model. The generation of the new 
background model starts using the information given by the current frame, and at that precise 
moment the person was in that position of the frame. This is the reason why the person is 
appearing in the background model. The background model containing the person can be 
saved in the mosaic model in case the security time is accomplished. If this happens, the 
mosaic will provide wrong background model of that area until it would be replaced.  

On the other hand, Fig. 90 is copying the background model to the mosaic every time a change 
of scene is taking place. Since a background model is saved after each change of scene, only 
the new part of the scene appearing in the current frame needs to be generated. 

If the camera moves when we do not use the security time, the new area of the scene where a 
background model cannot be provided is much smaller (since for every change of scene new 
Gaussian data was added to the mosaic). 

Let’s compare the segmentation masks without applying the morphological filter on them: 

[Fig. 90] Result using a security time of 3 frames. 
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Fig. 91 shows the result applying the security time. We can see how the red square marks the 
place where the motion is not well segmented. This is due to the wrong background model 
containing the person. It has been saved in the mosaic model and reused when the camera 
focused again this field of view. 

Fig. 92 shows the result of the mosaic algorithm without using the security time feature. The 
motion is much better segmented. The Gaussian model extracted from the mosaic has been 
updated continuously. So, even if there were wrong background models stored in the mosaic 
model, they have been replaced. 

Now let’s have a look at the mosaic image (the mosaic containing only color values) in two 
different moments. Fig. 93 shows the mosaic image at the first time the camera focused the 
right part of the scene. Fig. 94 shows the mosaic image when the camera focused the right 
part of the scene some later time. 

 
 

The image mosaic is updated every time the scene moves. The red square in Fig.94 shows a 
misalignment compared to the same area in Fig. 93. Therefore in Fig. 91 there is a wrong 
detection of movement in the red square. The background model is updated by the Mixtures 
of Gaussians and it is being saved in the mosaic model every time the camera moves. 
Therefore the misalignments errors in the mosaic model are reduced.  

But when it comes to the case of the security time, the information stored in the mosaic might 
not have been updated so often and the misalignment errors have not been reduced. In this 

[Fig. 91] Mask using security time. [Fig. 92] Mask without using security time. 

[Fig. 93] Image mosaic at frame 105                                    
 

[Fig. 94] Image mosaic at frame 285                                    
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case the motion detection is not very accurate due to this alignment problem and to the wrong 
background (containing the person) model saved in the mosaic model. 

 The security time feature has not given very good results. 

6.b.vi) Combining Mosaic and Direct Transformation algorithms 
 
Now we compare the performance of the Direct Transformation algorithm, the Mosaic 
algorithm and the combination of both algorithms. 

We expose three cases and see how each algorithm segments the objects’ motion in all them. 
All three of them use the best neighbor interpolation and the extend variance feature. We 
compare the images without applying the morphological filter on them. 

We manually create a ground truth corresponding to the pixels belonging to the moving 
objects or foreground, and another one corresponding to the pixels belonging to the static 
objects or background. In each case of the evaluation, we compute the ratio of true positives 
and false positives detections. True positives are pixels detected as foreground and belonging 
to the foreground ground truth and false positives are pixels detected as foreground and 
belonging to the background ground truth. 
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Case 1: Translation 

 
 

 
 

 

In this case, a translation change of scene takes place while the person is located in the right 
border of the image (Fig. 95).  

Fig. 96 corresponds to the Direct Transformation result. Since there is no background model in 
the border, the Gaussians generated in the new area of the scene include the person.  In Fig.97 
and Fig.98 that area is filled with the information extracted from the mosaic. Therefore the 
segmentation of the person is more accurate. 

Table 7 shows the proportion of true positive pixels detected with respect to the true 
detection ground truth and the proportion of false positive detected with respect to the false 
detection ground truth 

 Direct transformation Mosaic- Direct 
transformation 

Mosaic 

True positive 0,301365 0,632082 0,620819 
False positive 0,005716 0,005506 0,008673 
 

[Fig. 96] Direct Transformation. [Fig. 95] Frame.                                    
 

[Fig. 97] Mosaic- Direct Transformation 
combination.                                       . 

[Fig. 98] Mosaic.                                       
 

[Table 7] Detection rates. Translation. 
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This numbers show how the Direct Transformation has a lower true positive detection rate 
than the other two due to the lack of background model in the new area of the scene 
combined with the fact that the person in placed in this specific position. 

Case 2: Zoom in 

 
 

 
 

 

When the camera performs a magnification, the Direct Transformation (Fig. 100) algorithm 
does not have a lack of background model. Hence the Mosaic-Direct Transformation algorithm 
(Fig. 101) does not need to extract Gaussian model from the mosaic model and then it behaves 
as the Direct Transformation algorithm. Remember that the Direct Transformation algorithm 
transforms the Gaussians model only one time and the Mosaic algorithm transforms it two 
times. Comparing Fig. 102 with Fig. 100 and Fig. 101 we can clearly see how there are some 
detections mistakes in the Mosaic performance. Some objects borders are segmented as part 
of the foreground. This is due to misalignment problems. 

 Direct transformation Mosaic- Direct 
transformation 

Mosaic 

True positive 0,347246 0,343819 0,332558 
False positive 0,002793 0,002955 0,014589 

[Fig. 102] Mosaic. 

                                        

[Fig. 101] Mosaic-Direct Transformation 
combination.                                     . 

[Fig. 100] Direct Transformation. 

                                        

[Fig. 99] Frame. 

                                        

[Table 8] Detection rates. Zoom in. 
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The true positive values are very similar between the three algorithms (although the Mosaic 
one is the lowest). What makes the difference in this case is the false positive. Due to the two 
transformations of the background model in the Mosaic algorithm, the motion segmentation is 
not as accurate as in the other two algorithms. 

Case 3: Zoom out 

 
 

 
 

 

In this case, we can see how the Mosaic algorithm (Fig. 106) and the combined algorithm (Fig. 
105) have wrong motion detection in the new parts of the scene where the background model 
has been extracted from the mosaic. This is mainly due to the variation of the pixel value. The 
transformation inaccuracy contributes as well, as seen in the previous case, but it affects 
mostly object borders, not big areas such as the ones in Fig. 105 and Fig. 106. These big white 
areas are the result of a variation of the frame pixel value between the moment the 
information was saved in the mosaic model and the current moment. 

 

[Fig. 105] Mosaic-Direct Transformation 
combination. 

                                        

[Fig. 104] Direct Transformation. 

                                        

[Fig. 103] Frame. 

                                        

[Fig. 106] Mosaic. 
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 Direct transformation Mosaic- Direct 
transformation 

Mosaic 

True positive 0,297931 0,293942 0,276739 
False positive 0,002537 0,03952 0,042352 
 

Table 9 shows how the values of the true positive are similar between all three algorithms 
(again, the Mosaic has the lowest value) but the false positive values make a big the 
difference. In the Mosaic and the Mosaic-Direct Transformation algorithms, the value of false 
positive is very high in comparison with the Direct Transform value, as seen in Fig. 104, Fig. 105 
and Fig. 106. The person is similarly detected in all the three algorithms, therefore the true 
positive ratios are almost equal. 

So, after these three cases we can conclude that the Mosaic and the Direct Transformation 
algorithms have strengths and weaknesses depending on the situation. The combined 
algorithm tries to use the best of each one, so it aims at given the best results. The main 
handicaps, as seen in the third case, are the problems with the pixel value modification and 
the inaccuracies with the transformation process. These two problems make the mosaic 
algorithm lose reliability. When these two effects are not present (or in less amount) like in the 
first case, the mosaic is a very useful tool.  

The following image (Fig. 107) shows an example of the change of the value: 

 

 

Fig. 107 shows the same scene in two different moments (left: frame 23, right: frame 373). 
Even though not so much time has passed, the color value has changed. We would need a 
variance of at least 76 to keep recognizing them as part of the background. This effect is the 
same as the pixel variation explained in the section 7.b.ii . In section 7.b.ii the pixel color 
variation happened gradually whereas now we can see how the variation is detected suddenly 
due to the Gaussian model stored in the mosaic model during several frames. 

Another big advantage of combining the Direct Transform with the Mosaic is the possibility of 
having a background estimation when the homographies related to the mosaic are not 
properly computed and, in consequence, discarded (see section 6.b). Whenever the 
homography linking the mosaic with the new frame plane fails (because of the number of key 
points found is not enough or pairs of key points wrongly matched, etc), the Mosaic algorithm 
could not extract a background model and, in consequence, no motion would be segmented in 
that frame. Thanks to the combination of the Direct Transform whenever the homography 

[Table 9] Detection rates. Zoom out. 

[Fig. 107] Pixel value change. 
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linking the mosaic model with the new frame plane fails, a background model can still be 
obtained through the Direct Transformation algorithm. 

Table 10 shows an average of the processing time from each algorithm: 

Direct transformation 
algorithm (ms) 

Mosaic  Direct transformation 
algorithm (ms) 

Mosaic algorithm 
(ms) 

137,8136 4787,169 4441,339 
 

The Direct transformation algorithm is much faster than the other two, being the combined 
algorithm the slowest one. As said before, the combined algorithm tries to use the best 
features form the other two, but the price to pay is a high computational time (although the 
only Mosaic algorithm is not much faster). 

6.b.vii) Conclusions 
 
With our work we have presented an improvement in both algorithms: reducing the detecting 
errors induced by computing inaccuracies and noise with the best neighbor interpolation, and 
also a combined algorithm which uses the advantages of both algorithms. 

The finals results show that the Direct Transformation algorithm works much faster than the 
Mosaic algorithm, which is a very important feature in real time applications. On the other 
hand, the Mosaic algorithm is able to detect objects in the new areas appearing as the camera 
moves to previous positions, whereas the Direct Transformation needs to generate a new 
background model. Even though this detection is not sometimes very accurate due to 
alignment inaccuracies and pixel value variations (the data extracted from the mosaic model 
suffers usually more degradation due to the two transformations). This feature can have a very 
relevant importance depending on the speed of the camera. The faster the camera moves, the 
bigger the new parts appearing in the scene are going to be. Therefore we have combined 
both algorithms with the aim of having cleaner results in the common area of the new and old 
scene using the Direct Transformation algorithm and using the information from the mosaic 
model in the new areas of the scene. However, the computational time in the combined 
algorithm is the highest among all the algorithms presented. 

To sum up, we will conclude that with the contributions proposed and the tools used, the 
Direct Transformation algorithm improved with the best neighbor interpolation is the one 
giving the best performance in terms of quality in relation with the computational time 
required. 

  

[Table 10] Processing time comparison. 
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7. Future Work 
After all the work done, we have contributed to improve some methodologies. This thesis 
finish here but the algorithm can be always improved. We propose to introduce some ideas in 
order to continue the research. 

The main problem detected during the thesis is the proper representation of the movement by 
a homography, to be able to transform one image from its plane to another one as accurate as 
possible. The SURF algorithm is the one we have used to find key points in the image. This 
algorithm works well in its field: detecting key points and computing descriptors. The use given 
to the key points and the descriptors afterwards is a different issue. 

We have observed during all the experiments that the SURF algorithm computes key points all 
over the image. The key points found are the ones giving higher maxima than the given 
Hessian threshold. The only limiting factor in finding the key points is the Hessian  threshold, 
so the distribution of the key points along the image area cannot be controlled, nor the 
amount of key points, because depending on the Hessian threshold value, different images 
with different features distribution will obtain different amount and different location of key 
points. 

In order to have some control on the distribution of the key points found we could introduce 
two features: 

- Divide the image in smaller regions and find key points independently on each one of 
them. 

- Instead of setting a Hessian threshold to find the key points, we set a threshold in 
terms of amount of key points. The SURF algorithm would return as many key points 
as asked and those points would be the N points with higher response to the Hessian 
matrix method (the most remarkable points). 

The most remarkable key points are not necessarily the ones giving the best matches. So we 
would still use the filtering process in order to discard the wrong matched pairs.  

The main goal of this process would be to have a similar amount of matches in every square 
division of the image, so we could have some control on the distribution of the matched key 
points.  

This will help to improve the accuracy of the homography since, right now, it might happen 
that some parts of the image posses the majority of the matches and the homography 
computed represent the deformation in that specific area but not in the rest of the image. 
Corners where there are not any matches will most likely not stitch properly in, for example, 
the mosaic plane. 

With a more accurate projective transformation, the feature of the security time proposed in 
this thesis would most likely give better result and become a useful tool in the mosaic 
algorithm. 
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10. ANNEX  
 

This algorithm starts creating different scale images from the original and finding points which 
are present in all of them, so it assures the scale invariance. 

Scale images are computed by filtering an image with a Gaussian filter. The scale images are  
filtered with a Gaussian filter with a variance equal to the scale we are creating, that is, that 
image of the 4th scale have been filtered by a Gaussian filter with a variance of  4, and the 
original image with a variance of 0 (impulse response). We calculate a limited number of scaled 
images (since the ideal would be impossible, infinite images). 

Once calculated the scaled images, SURF uses the Hessian Matrix in order to detect points of 
interest: 

𝐻(𝑥,𝜎) = �
𝐿𝑥𝑥(𝑥,𝜎) 𝐿𝑥𝑦(𝑥,𝜎)
𝐿𝑥𝑦(𝑥,𝜎) 𝐿𝑦𝑦(𝑥,𝜎)� 

Where 𝐿𝑥𝑥(𝑥,𝜎) is the second Gaussian derivative convoluted with the image in a given 
point. Computing this operation is how the maxima are found. The maxima, whose value 
exceeds a threshold known as Hessian threshold, are marked as the detected key points. 

Gaussians filters are not linear, so they are approximated by box-filters (Fig. 108) in order to 
evaluate the results faster using integral images. 

 

 

Thanks to the use of integral images, the computational cost of the convolution between the 
image and the filter doesn’t depend on the image size. The integral image is defined as: 

𝑆(𝑥,𝑦) = � � 𝐼(𝑥′,𝑦′)
𝑦′≤𝑦𝑥′≤𝑥

 

Interest points are detected applying the hessian determinant in a 3x3x3 area in order to find 
the maxima. 

In order to calculate the descriptors, first we calculate the Haar-wavelet responses in the x and 
y directions in a circular neighborhood depending on the scale (also using integral images).  
Once all the responses are calculated (six operations needed at any scale), weighted and 

[Fig. 108] Box filters approximations. 
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centered in the interest point, a dominant orientation is extracted, and this orientation makes 
the descriptor invariant to the rotation. 

Fig. 109 shows the process to calculate the descriptors, we create a square region centered in 
the points of interest and oriented along the orientation previously calculated. We divide this 
region into smaller 4x4 square sub-regions and for each one of them four parameters are 
calculated: 

 

 

 

 
Fig. 109 shows the descriptor entries of a sub-region represent the nature of the underlying 
intensity pattern. Left: In case of a homogeneous region, all values are relatively low. Middle: 
In presence of frequencies in x direction, the value of |𝑑𝑥| is high, but all others remain low. If 
the intensity is gradually increasing in x direction, both values dx and |𝑑𝑥| are high. 

The groups of this sub-region parameters are considered the descriptors. These descriptors 
give invariance to illumination and contrast. 

One last information included in the descriptor is the sign of the Laplacian, the trace of the 
Hessian matrix. It gives information about brightness, so if at the matching stage, this sign is 
already different, the comparison of the descriptors is stopped. 

[Fig. 109] Descriptors entries 
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