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Abstract 

This project is based on the recent advances of 3D depth cameras, one being the 

Microsoft Kinect sensors. Nowadays, this technology enables to create really accurate 3D 

figures and scenes simplifying difficult tasks in Robotics and embedded systems. 

The purpose of this project consists of using both the color data and this depth sensing 

technology to reconstruct and recognize objects in a scene. The data from the Kinect 

sensor is processed first to eliminate the planes of the scene to get a better perception of 

the elements we may find, and consequently, to obtain relevant features of every single 

object for the creation of a model for every different class.  

The results show the performance of the system, by testing a database of different 

elements against the training of some specific objects previously selected: Bowls, pillows 

and monitors. We can conclude that the classification using the color information is more 

accurate than using 3D data, even though in both cases the results are quite satisfactory. 
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Resum 

Aquest projecte es basa en els avenços recents en càmeres de profunditat 3D, sent un 

dels sensors, el Kinect de Microsoft. Avui en dia, aquesta tecnologia permet crear figures 

i escenes en 3D molt més precises, fet que simplifica complexes tasques en Robòtica i 

Embedded Systems. 

Lôobjectiu d'aquest projecte, consisteix tant en l'ús tant de les dades de color com de 

profunditat que proporciona el sensor del Kinect, per reconstruir i reconèixer objectes en 

una escena. En primer lloc, es processa aquesta informació per eliminar els plans de 

l'escena corresponents a parets o grans superfícies per obtenir una millor percepció dels 

elements que podem trobar en la imatge i, en conseqüència, obtenir característiques 

rellevants de cada objecte, per a la creació d'un model per a cada classe diferent . 

Els resultats mostren el rendiment del sistema, testejant una base de dades de diferents 

elements, en contra lôentrenament previ d'alguns objectes específics que hem 

seleccionat: bols, coixins i pantalles. Podem concloure que la classificació utilitzant la 

informació de color és més precisa que amb l'ús de les dades 3D. Tot així, en ambdós 

casos, el resultat és suficientment satisfactori.  
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Resumen 

Este proyecto se basa en los más recientes avances en cámaras de profundidad 3D, 

siendo uno de los sensores, el Kinect de Microsoft. Hoy en día, esta tecnología permite 

crear figuras y escenas 3D mucho más precisas, lo que simplifica complejas tareas en 

Robótica y Embedded Systems. 

El objetivo de este proyecto, consiste tanto en el uso tanto de los datos de color como de 

profundidad que proporciona el sensor del Kinect, para reconstruir y reconocer objetos 

en una escena. En primer lugar, se procesa esta información para eliminar los planos de 

la escena correspondientes a paredes o grandes superficies para obtener una mejor 

percepción de los elementos que podemos encontrar en la imagen y, en consecuencia, 

obtener características relevantes de cada objeto, para la creación de un modelo de 

cada clase diferente. 

Los resultados muestran el rendimiento del sistema, testeando una base de datos de 

diferentes elementos, en oposición al entrenamiento previo de algunos objetos 

específicos que hemos seleccionado: cuencos, almohadas y pantallas. Podemos concluir 

que la clasificación utilizando la información de color es más precisa que con el uso de 

los datos 3D. Aún así, en ambos casos el resultado es suficientemente satisfactorio. 
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1. Introduction 

1.1. Statement of purpose 

The main objective of this thesis is to implement an algorithm based on machine learning 

capable of both identify and recognize objects in a scene, by extracting the color 

information of them as well as their representation in 3D. The database of color and 

depth images is provided by a Kinect. 

For this purpose, one of the first goals consists on an intensive exploration of the state of 

art in the fields of 3D object reconstruction and recognition, and an evaluation and 

benchmarking of the existing approaches.    

Our own approach is developed and implemented in MATLAB, in order to compare and 

decide which features can contribute with more valuable information, as well as 

determine which steps need to be done to achieve a good quality classifier.  

1.2. Motivation 

The general motivation for object recognition, relies on the latest improvement of depth 

cameras technology. The recent progress on this matter, aroused the interest of 

researchers and enthusiasts of robotics and embedded systems. Object recognition, can 

become indispensable in tasks for human-robot interaction, as well as really helpful in a 

medical environments, by simplifying difficult tasks. Nowadays, it is also used very often 

for augmented reality applications. 

1.3. Requirements and specifications 

The requirements to conduct this project are, on the one hand, technical skills such as 

mathematical background knowledge, insight in computer vision or programming skills.  

On the other hand, there is need for a database to train and test the system. The 

database required for the system needs to have both the color data and the depth 

measurements for every captured pixel, as well as a document defining which objects are 

contained together with their location in pixel coordinates. 

The system specifies a top-down approach, the usage of BERKELEY 3D Object 

detection and positive detection rate. 
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1.4. Methods and procedures 

The topic of this thesis is focused in the Computer vision field, in the Chair of Robotics 

and Embedded Systems. This Chair, has different projects related to visual tracking and 

person recognition, on image and video processing and also, some experience working 

on 3D object recognition and 3D reconstruction based on the depth data captured by the 

sensor on a Kinect camera.  

Although work has been done in this field before, this bachelor thesis in not a 

continuation of a previous project and starts from the scratch with a new approach. But 

the knowledge and tools can be used to support the work. 

1.5. Work Plan 

 

WP Name: Research on depth estimation and multiple view geometry  

WP ref: 1 
Major constituent: Research 

Short description: 

Kinect cameras enable the reconstruction of the scene by using an IR 

Depth sensor. This work package consist of the research of this sensor 

usage, the mathematical operation behind it, how does it work and 

evaluate whether it is the best option for estimate depth, as well as, find 

the most proper way for reconstruction and understand the geometry of 

it. 

Planned start 

date:10/05 

Planned end 

date:31/05 

Table1. Work Package 1 

WP Name: Research on 3D-based object recognition and databases  

WP ref: 2 
Major constituent: Research 

Short description: 

The work in this package consist of the research of resources and 

papers about object recognition using 3D data to design the approach 

that is going to be used in this project and research on the most suitable 

dataset of images, sequences and 3D data both for reconstruction and 

recognition. 

Planned start 

date:10/05 

Planned end 

date:31/05 

Table2. Work Package 2 
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WP Name: Development of own approach (Conceptually) 
 

WP ref: 3 

Major constituent: Development 

Short description: 

Definition of the approach for the project development .Resource usage, 

databases, libraries and any additional tool or code.  

Planned start 

date:01/06 

Planned end 

date:15/06 

Table3. Work Package 3 

WP Name: Modification/Adaptation of own approach  

WP ref: 4 
Major constituent: Development 

Short description: 

Modification on the approach previously defined in order to face the 

difficulties or problems that appear during the implementation of it. 

Planned start 

date:23/06 

Planned end 

date:05/08 

Table4. Work Package 4 

WP Name: Features Extraction  

WP ref: 5 
Major constituent: Development 

Short description: 

This package is one of the most extensive including the comparison and 

selection of the best features for both color and depth data. 

Planned start 

date:15/06 

Planned end 

date:05/08 

Table5. Work Package 5 

WP Name: Training  

WP ref: 6 
Major constituent: Development 

Short description: 

Obtaining models for different objects based on the common features of 

them 

Planned start 

date:5/08 

Planned end 

date:25/08 

Table6. Work Package 6 
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WP Name: Testing and obtaining results  

WP ref: 7 
Major constituent: Development 

Short description: 

Different tests with different parameters and thresholds in order to obtain 

the optimum classifier and compare the importance of every feature. 

Planned start 

date:25/08 

Planned end 

date:15/09 

Table7. Work Package 7 

WP Name: Evaluation and comparison of own approach  

WP ref: 8 
Major constituent: Evaluation 

Short description: 

Evaluate the results obtained and verify whether the specifications are 

correct and if the expected results and goals are accomplished.  

Planned start 

date:15/09 

Planned end 

date:20/09 

Table8. Work Package 8 

WP Name: Presentation   

WP ref: 9 
Major constituent: Presentation 

Short description: 

Oral presentation of the work done.  

Planned 

date:23/09 

Table9. Work Package 9 

WP Name: Continuous Documentation  

WP ref: 10 
Major constituent: Documentation 

Short description: 

Written documents of the work that is been doing.  

Planned start 

date:10/05 

Planned end 

date:20/09 

Table10. Work Package 10 
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1.6. Milestones 

 

WP# Task# Short title Milestone / deliverable Date (week) 

2 1 Database comparison Document 18/05 

10 2 Project Proposal and 

work plan 

Document 20/05 

10 3 Project critical review Document 28/06 

10 4 Bachelor thesis Document 22/09 

Table11. Milestones 

1.7. Gantt Diagram 

 

 

 

Figure1. Gantt Diagram 
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1.8. Deviations and incidences 

As part of every project, it is not until we begin to develop the algorithms, when we find 

some difficulties or incidences to face. This, usually requires of thinking on a different 

approach for the problem, or adapt the actual system, which may cause a delay. 

Taking this into account, during the development of the algorithms for the extraction of 

features, some methods were added to the initial design because it was noticed an 

improvement on the results. First, the plane detection on the point Cloud of the scene and 

secondly, the reconstruction of the objects after the plane detection, since it was seen 

that few pixels were overlooked.  
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2. State of the art of the technology used or applied in this 

thesis: 

2.1. Kinect senor and Depth Estimation 

A Kinect sensor, is a RGB-D camera that allows to capture the depth of an image giving 

extra information of how far the objects are. This technology, was built to enable people 

to physically interact with a game with their own body using human body-language 

understanding. Even though this has always been an active field of research in computer 

vision, nowadays Kinect technology is often used in Robotics and embedded systems to 

create 3D figures.[1] 

 

Figure 2. Scheme of a Microsoft Kinect Sensor [2] 

In order to create the depth image, the IR Emitter of the camera, projects a pattern of 

infrared light to a room. As the light hits a surface, the pattern becomes distorted and this 

distortion is read by the IR Depth Sensor which will create the 3D map. The Color 

Sensor provides the color information.[2] 

 

Figure 3. Trigonometry for depth calculation [3] 
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In figure 3, Pr is the position of a point in a reference depth Zr. Po is the same point 

captured by the Kinect at a depth Zo, the depth we want to calculate. D is the 3D 

disparity between the 2 points, while d is the disparity on the 2D image plane. f is the 

focal length, and b is the is the distance between the camera C and the IR Emitter L.[3] 

Using trigonometry, the depth of the object can be calculated as: 

ὤ
ὤ

ρ
ὤ
Ὢὦ
Ὠ

 

[3] 

2.2. Databases 

The state of the art in computer vision has rapidly advanced over the past decade and 

the cheap but quality depth Kinect sensor has brought the possibility of building datasets 

for a challenging category-level 3D object detection. Thus, the main idea behind the 

construction of these datasets, is to allow the validation of 3D surface reconstruction 

methodologies.[4][5] 

The good quality of existing image datasets do not include 3D or pose information, while 

other 3D datasets lack in variation of scenes, categories, instances, and viewpoints. 

The databased used in this project is the  Berkeley 3-D Object Dataset, taken in domestic 

and office settings. The sensor provides a color and depth image pair. 

The first release of the dataset contains 849 images taken in 75 different scenes. Over 50 

different object classes are represented in the crowd-sourced labels. The annotation is 

done by Amazon Mechanical Turk workers in the form of bounding boxes on the color 

image, which are automatically transferred to the depth image.[6] 

 

Figure 4.Number of representations for every object in the Database.[6] 
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2.3.  Object Recognition and Design of own approach 

Recognizing objects is not a new area of research. Object recognition methods have 

always employed a training phase. For example, to build a detector of objects belonging 

to the same class, we first need a lot of pictures of it in order to create a model: flexible in 

shape, size, color or every other feature that defines it, so we can find similarities in future 

objects we want to detect. So basically, pattern recognition and machine learning are 

needed. 

This Bachelor thesis, is going to be based on the work done by researchers of different 

universities, and described in the paper published by H.Ali in 2013.[7] 

 

Figure 5.Scheme for object recognition [7] 

The algorithm for object recognition relies on the scheme in Figure 5. The database used, 

provides separately the colour and the depth image. So, the main idea is to extract the 

corresponding features from each one. For the color data, a color histogram is needed 

while for the depth information a previous step is also needed: the generation of the point 

cloud.[7]. 

2.4.  Point Cloud Data 

A Point Cloud is a set of points represented in a three-dimensional coordinate system. 

 A recent initiative in this area is PCL (Point Cloud Library) created to provide support for 

all 3D building and 3D perception. It is also meant to incorporate 3D processing 

algorithms like filtering, feature estimation, surface reconstruction, model fitting, 

segmentation, registration, etc.  [8] 

In this project, the first functionality required will be the creation of the Point Cloud. For 

this, it is important to know the geometry of the camera used. 
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Figure 6. Ideal pinhole camera model [9] 

 

The ideal pinhole camera model describes the relationship between a 3D point 

ὢȟὣȟὤ  and its corresponding 2D projection (u,v) onto the image plane. 

The projection of a 3D world point ὢȟὣȟὤ   onto the image plane at pixel position 

όȟὺ  can be written as 

ό       and      ὺ   

f denotes the focal length. The focal length is the distance between the pinhole and the 

image plane, measured in pixels. 

 

[9] 

To avoid such a non-linear division operation, the previous relation can be reformulated 

as: 

ό
ὺ
ρ

Ὢ π π
π Ὢ π

π π ρ

  
  π
  π
  π

ὢ
ὣ
ὤ
ρ
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Most of the current imaging systems define the origin of the pixel coordinate system at 

the top-left pixel of the image. However, it was previously assumed that the origin of the 

pixel coordinate system corresponds to the principal point ὕȟὕ  , located at the center 

of the image.  

The camera's "principal axis" is the line perpendicular to the image plane that passes 

through the pinhole. Its intersection with the image plane is referred to as the "principal 

pointò.[9][10] 

 

A conversion of coordinate systems is thus necessary. Using homogeneous coordinates, 

the principal-point position can be readily integrated into the projection matrix. The 

perspective projection equation becomes now:[9][10] 

ό
ὺ
ρ

Ὢ π ὼ
π Ὢ ώ

π π ρ

  
  π
  π
  π

ὢ
ὣ
ὤ
ρ

 

 

ό Ὢ ὢ ὼ ὤ
ὺ  Ὢ ὣ  ώ ὤ

ὤ

 

 

ừ
Ử
Ừ

Ử
ứὢ

ὺ ώ

Ὢ

ὣ
ό ὼ

Ὢ
ὤ

 

                                              [9] 
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Secondly, most of the robots developed lately are meant to move in an indoor space on a 

horizontal surface. So, it is really important to have a good knowledge of the planes 

contained in the image such as walls, floors, doors, etc. to detect easily the objects laying 

to these surfaces.[11] 

2.5. Fast Point Feature Histogram 

The Viewpoint Feature Histogram(VFH) is a descriptor for 3D point cloud data that 

encodes both geometry and viewpoint. It has been demonstrated experimentally that can 

be used as a distinctive signature, coping well noise levels and different sampling 

densities, allowing simultaneous the recognition of the object and its pose.  

In this project, we are going to use the simpler version of this descriptor, the Point 

Feature Histogram (PFH). The goal of the PFH formulation is to encode a pointôs k-

neighborhood geometrical properties by generalizing the mean curvature around the 

point using a multi-dimensional histogram of values. Subsequently, the histogram collects 

the pairwise pan, tilt and yaw angles between every pair of normals on a surface 

patch.[12] 

The general algorithm to compute this histogram includes: 

 

 

 

 

 

 

Usually, a number of 16 neighbors allows to get good results. To compute the difference 

between two points ÐȟÐ  , and their associated normals ÎȟÎ , we define a fixed 

coordinate frame at one of the points: 

 
Figure 7.Model of PFH for a pair of points[12] 

For each point p in a cloud P 

1- Get the nearest neighbors of P. 

2- For each pair of neighbors, compute the three angular 

values. 

3- Bin all the results in an output histogram. 
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ừ
Ừ

ứ
ό ὲ

ὺ ό
ὴ ὴ

ᴁὴ ὴᴁ
 

ύ ό ὺ

 

Using the above uvw frame, the difference between the two normals  and  can be 

expressed as a set of angular features as follows: 

ừ
Ử
Ừ

Ử
ứ

ᶿ ὲ ὺ

ό
ὴ ὴ

ᴁὴ ὴᴁ
 

 
— ÁÒÃÔÁÎ ύ ὲȟό ὲ

 

 

 
Figure 8. Model of  a region diagram PFH [12] 

This  Figure below presents a region diagram of the PFH for a query point (Ð), placed in 

the middle of a circle, and all its k neighbors. The final PFH descriptor is computed as a 

histogram of relationships between all pairs of points in the neighborhood. 

Computationally PFH is complex, specifically O(Î) in the number of surface normals n. 

In order to make a more efficient algorithm, we will take advantage of the usefulness of 

the Fast Point Feature Histogram. The FPFH measures the same angular features as 

PFH, but estimates the sets of values only between every point and its k nearest 

neighbors, reducing the computationall complexity to O(Ëz Î).[12] 

SPFH (Simplified PFH) between the key point and every neighbor: 

ὊὖὊὌὴ ὛὖὊὌὴ
ρ

Ὧ

ρ

ύ
ὛὖὊὌὴ  

where the weight  ύ ,represents a distance between the point ὴ and ὴȢ [13] 
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Figure 9.Model of  a region diagram FPFH [13] 

To create the final SPFH representation for an specific point, the set of all angular 

features is binned into a histogram.  

This process divides each angular featureôs value range into  ὦ subdivisions, and counts 

the number of occurrences in each subinterval. One option is to divide each feature 

interval into the same number of equal parts, and consequently create a histogram 

with  ὦ  bins. In this space, a histogram bin increment corresponds to a point having 

certain values for all its 3 features. [13] 
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3. Methodology / project development:  

3.1.FEATURES EXTRACTION 

The database used in this project contains, for every image, the RGB information and the 

corresponding depth data, obtained from the Kinect camera. In order to conduct the 

recognition of the objects that are going to be trained, some features need to be extracted. 

In this case, information both from colour and depth will be used, following the algorithm 

mentioned in section 2.3. The first step, consists of an interpretation of the data in the 

XML file of the image we want to deal with.  The XML file would provide the information  

of how many objects are in the scene and the coordinates of the bounding boxes around 

them.  

After this first step, the algorithm is divided into two different branches. On the one hand, 

a segmentation is computed on the RGB image (as explained in section 3.1.1). This is 

useful to separate the pixels corresponding to the object from the pixels of the 

background. After transforming these pixels of colour into grayscale values, we obtain the 

histogram that would define the color properties of the object. 

On the other hand, using the depth map, we create a point cloud of the scene (section 

3.1.2). Secondly, using the position of the points in the 3D environment, the planes of the 

scene are eliminated in order to keep just the objects. The planes usually belong to walls, 

floors or background. Comparing the resulting point cloud and the one corresponding to 

the bounding box of the object, we finally obtain the true positive points: in other words, 

the points of the object we want to define. In some cases, we lose parts of the object in 

the plane detection (section 3.1.3), for example when the object is on a table. That is why, 

a reconstruction step (section 3.1.4)  needs to be performed in order to retrieve this data. 

Finally, we create a vector feature histogram (section 3.1.5), the feature that would allow 

to differentiate one object from the rest. 
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Figure 10. General scheme for feature extraction 
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3.1.1 Colour Segmentation 

In order to separate the pixels corresponding to the object from the pixels belonging to 

background, we need to segment the image. Different methods already exist for image 

processing, such as clustering, watershed segmentation, or texture filters. Nevertheless, 

after the evaluation of the images response from Berkeley Database to different methods, 

we can conclude the best results were obtained using an opening method (verified in 

section 4.1). 

This method uses a morphologic structuring element to detect the objects: the opening 

filter. This filter combines morphologic dilation and erosion in order to eliminate the small 

objects that do not belong to the object we want to detect, and reduce the noise of the 

image. The element we use has to be larger than the element we want to eliminate. 

The algorithm followed to obtain this binary mask of the original image performs the 

following steps: first, the background estimation in order to subtract the background 

image from the scene containing the object. After that, we increase the image contrast 

creating a new binary image by thresholding the adjusted image.[14] 
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Once we have segmented the image, we need to binaries it. We are going to use this 

binary mask to select the pixels from the original image that we consider part of the object.  

In order to finally create the histogram defining the colour information, we need to 

transform the RGB pixels in a grey scale. 
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Figure 11.Example of Colour Segmentation: From left to right: a) RGB image,  
b) Binary mask obtained after segmentation  

c) grey pixels of the object d) histogram 

 

3.1.2 Point Cloud Creation 

The information required for this step consists of: the depth map and the intrinsic 

parameters of the Kinect camera used for capturing the images. The information provided 

from these parameters, and the formulas mentioned in the previous section 2.4, allow the 

transformation of the 2D image into its 3D representation. Every parameter defining a 

geometrical property of the camera is provided in Table 12 below. Figure 12, shows an 

example of the 3D representation (point cloud) obtained. 
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Table 12. Intrinsic Parameters of Depth Camera (Kinect v1) [15] 

 

  

Figure 12.Example of Point Cloud: a) RGB Image b) Corresponding Point Cloud  
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3.1.3 Plane Detection 

Due to the increasing size and complexity of geometric data sets, the recognition of 

objects in these scenes has become a difficult task. Moreover, Kinect cameras have a lot 

of noise that make even more complicated to recognize the geometry of the objects. 

One approach for point clouds that can help improving the results, is the detection of 

shapes. In our case, we have a large variety of objects, all of them of different size and 

shape. However, in our database all images are indoor. This is very beneficial for this 

step because we can consider homogeneous backgrounds: walls, floors etc. Moreover, in 

some of the cases we have the desired object on a table, a uniform surface. 

Taking all of this into account, we implement an algorithm based on the work mentioned 

in the section 2.4, capable to detect every plane of the cloud, and eliminate it. [11]. 

 

Figure 13.Scheme of plane detection  

 

Figure 14. Example of Plane Detection: a) RGB image b) Point cloud c)d)e) plane 

detected f) Remaining point cloud  
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3.1.4  Object Reconstruction 

Once the planes had been removed from the point cloud of the image, the resulting cloud 

contains the detected objects and some noise produced in previous steps.  

Clustering this result, would allow recognizing how many groups of pixels belong to an 

object or, in the other hand, whether they are erroneous points and consequently have to 

be deleted or simply ignored. For this task, the information contained in the XML of every 

image will be very useful. 

The data we find in the XML specifies the pixels of the bounding boxes for every image. 

Therefore, this approach will start by creating the point cloud of the box containing the 

object which we are working. Comparing this result with the remaining point cloud we 

have stored, we obtain finally the 3D representation of the object. 

 
 

 

Figure 15.Example of Remaining Point Cloud 

a) Point cloud of the bounding box containing a bowl 

b) Common points from a) and the remaining point Cloud of the scene  

 

At this point, an optional step could be applied to improve the result. In some cases, 

when the size of the objects is not big enough, or if they are too close to a wall, an 

important loss of valid pixels can occur during the plane extraction. 

At this point, we compute the reconstruction of our object. This function includes an 

examination of the planes extracted, in the interest of finding that many lost points, 

considering the Euclidean distance of them to the center of the object. 

 


