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Abstract 

This project arose in response to the tremendous growth in the use of Deep Learning 
techniques in different fields of research in recent years. The main goal consists on 
integrating a neural network in a system to generate stereo images. Specifically, the aim 
of this work is the synthesis of a virtual view at a distance of 6 cm from an incoming 
image, according to the separation between eyes so both images could be able to 
perform binocular vision. 

To do this, an estimation of the depth map of the input image is needed, performed by a 
Convolutional Neural Network (CNN) used to extract features and thereby be able to 
compute depths. This procedure generates a 3D point cloud from which to render the 
new view by geometric reprojections based on Image-Based Rendering Techniques 
(IBRT). 

The results have been similar to those expected without achieving improvements over the 
state-of-art but considerably close.  
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Resum 

Aquest projecte neix donat el gran creixement en l'ús de tècniques de Deep Learning en 
diferents camps d'investigació produït en els últims anys, amb la intenció d'integrar una 
xarxa neuronal en un sistema per a la generació d'imatges estèreo. Concretament, 
l'objectiu és la creació d'una vista virtual situada a una distància de 6 cm d'una imatge 
d’entrada, en acordància amb la separació aproximada entre ulls de manera que 
ambdúes imatges generin una visió binocular. 

Per això, és necessària una estimació del mapa de profunditat de la imatge entrant, 
realitzada mitjançant una xarxa neuronal convolucional (CNN) capacitada per extraure 
les seves característiques i estimar profunditats. Amb això obtindrem un núvol de punts 
3D a partir del qual generar la nova vista mitjançant reprojeccions geomètriques basades 
en Image-Based Rendering Techniques (IBRT). 

Els resultats obtinguts han set similars als esperats, sense aconseguir millores respecte 
a l’actual State-Of-Art, però considerablement pròxims. 
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Resumen 

Este proyecto nace dado el gran crecimiento en el uso de técnicas de Deep Learning en 
distintos campos de investigación producido en los últimos años, con la intención de 
integrar una red neuronal en un sistema para la generación de imágenes estéreo. 
Concretamente, el objetivo del trabajo es la síntesis de una vista virtual situada a una 
distancia de 6 cm de una imagen entrante, de acuerdo con la separación aproximada 
entre ojos de manera que ambas imágenes generen visión binocular. 

Para ello, es necesaria una estimación del mapa de profundidad de la imagen entrante, 
la cual ha sido realizada mediante una red neuronal convolucional (CNN) capaz de 
extraer sus características y así estimar profundidades. Con esto obtendremos una nube 
de puntos 3D a partir de la cual generar la nueva vista mediante reproyecciones 
geométricas basadas en Image-Based Rendering Techniques (IBRT). 

Los resultados obtenidos han sido similares a los esperados, sin lograr mejoras respecto 
el estado del arte actual, pero considerablemente cercanos. 
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1. Introduction 

Nowadays, the growth of Deep Learning techniques has become extremely important 
and useful. The potential of using Neuronal Networks (NN) to take decisions in all kind of 
fields increases every year with the evolution of hardware and specifications for 
computers. Given this constant evolution, it is possible to simultaneously deal with 
enormous quantities of information and have more capacities to handle large amounts of 
data, as it can be observed in Figure 1 [1]. Due to the complexity of neuron connections 
inside the human brain, these improvements in data and image processing currently 
allows what was not possible years before, that is, simulate the behavior of thinking in 
order to generate artificial intelligence (AI).  

The use of Graphic Processor Units (GPU) in applications developed to generate huge 
number of streams of data has supposed a huge enhancement in applications that 
require big number of operations per second, since the architecture of Central Processing 
Units (CPU) is not built to work with as many data operations per second (on the other 
hand they are able to deal with more complex instructions). For this reason, all the 
network computations done in this project will be executed above Multi-GPU.  

 
Figure 1. Evolution of CPU and GPU speed for the last years 

 

Note that the term GFLOP/s mentioned on the previous figure means the number of Giga 
Floating Point Operations per second.  

A specific part of NN will be investigated and implemented in this project, Convolutional 
Neuronal Networks (CNN), being used in order to compute depth estimations from input 
images to subsequently generate its corresponding binocular view.  

Therefore, after the CNN procedure, a slightly modified common IBRT is used to 
generate stereo images for the input monocular image and its depth map. The definition 
for stereo image used on this paper is referred to a view created by enhancing the illusion 
of depth from a pair of binocular images. It means that it is necessary to create the 
corresponding image for the opposite eye to actually be able to synthetize stereo images 
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from both of them. Consult Figure 2 [2] to see the difference between the method used on 
this work and the common usage of IBRT.  

 

 
 

 

 

 

 

 

 

 

 

Figure 2. IBRT are used to generate virtual views from stereo images (left). Our method generates the 
corresponding stereo image from a monocular image and its (computed) depth map (right) 

 

Note that the main difference is that IBRT try to synthetize virtual views from binocular 
images whereas our method tries to generate the warped keyframe #2 they already know, 
since our input is only a monocular image. In order to generate the correspondent image 
that would provide binocular view, geometric projections of each input pixel of the input 
image(x1,…,n) to real world (X1,…,n) and its reprojections to pixels of the correspondent 
stereo image (x’1,…,n) are needed. The rendering will be applied to a 6 cm distance on top 
of the x-axis since it is approximately the distance between two human eyes.  
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1.1. Purpose  
The main goal of this project is to exploit the current novelty of using neuronal networking 
as a tool to improve the present of the technological environment into the simulation of 
virtual views, since this field did not seem to have been investigated yet.  

Therefore, this project presents a combination of the common Image-Based Rendering 
(IBR) methods helped by a CNN to generate virtual views. The final decision was to apply 
a hybrid system with two steps: 

• The CNN will be the responsible of compute the depth map of the input image. 
• Then, by using a specific IBR method considering the computed depth map as 

explicit geometry and ground-truth, the stereo image corresponding to the input 
will be generated.  

The stereo image to be generated is the corresponding binocular view representing how 
an opposite eye (located 6cm to the left/right of the input image) could observe the same 
scene than the input. 

NOTE: Even though the entire project is presented using single images, the idea could 
perfectly be extended to videos, dealing with each frame independently and taking into 
account possible problems with consistencies between consecutively frames. 
 

1.2. Requirements and specifications 
In order to fulfil the goal of generating stereo images faithfully to reality, the requirements 
of the project are: 

1) To study the contributions of deep-learning techniques in depth map generation. 
2) To understand the state-of-art of the current and most common methods of IBR, 

known as IBRT. 
3) To implement a system capable of generating depth maps for a set of images and 

to compute its corresponding stereo image  
a. Train and test the NN for depth computation 
b. Use IBRT to the generate stereo views  

4) To test the depth estimation and the new view qualitatively and quantitatively  
 

Furthermore, the specifications are: 

1) A modification of the CNN referred as AlexNet [3], pretrained with the all the 
dataset of over 15 million labelled high-resolution images called ImageNet [4], in 
order to estimate depth. 

2) The network is also retrained with segmented patches of the images contained in 
NYUv2 (indoor images with explicit depth maps) dataset [5]. 

 

1.3. Methods and procedures 
This project is built from scratch, so there is not a continuation of other projects. However, 
there are many references and information used from other papers.  

The most important references for the first part of the project are Deep Convolutional 
Neural Fields for Depth Estimation from a Single Image [6] and Convolutional Neural 
Networks for Depth Estimation on 2D Images [7]. There is not any external software used 
in this step. 
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The second part of the project, based on IBRT, makes use of a software created by 
external authors: View Synthesis [8, 25]. This software uses external geometry 
information in order to render new synthetic views from two stereo images. However, the 
intention of this project is not to generate a virtual view from two captures, but to generate 
the stereo image from a single one. For this reason, the behaviour of the View Synthesis 
software was slightly modified to avoid taking into account the second input image. 
 

1.4. Workplan, milestones and Gantt diagram 
The realization of the Final Grade has been modified in regard to the work plan initially 
established in the project proposal, as mentioned in the critical review. After that, the 
development has been performed in accordance to the critical review, except for small 
modifications on the final implementation and the timeplan. 

The different work packages (WP’s) and their associated tasks, milestones and Gantt 
diagram are detailed below in order to summarize how the final work has been completed. 

1.4.1. Workplan 
WP1: State-Of-Art. The first step of the project was an investigation process in order to 
search information about IBRT and CNN. 

WP2: System Approach. The second step corresponds for the creation of a model 
covering the full system to be subsequently implemented in order to generate virtual 
stereo images using a hybrid between IBRT and CNN. 

WP3: Software usage. This stage consists on gaining acquaintance with the environment 
to develop the system. It takes into account Python, MATLAB and especially the 
framework used to develop NN’s, Caffe. 

WP4: Implementation. Finally, creating a system with the previously commented 
environment and analyse the results quantitatively and qualitatively.  

1.4.2. Milestones 

 

Table 1. List of milestones 

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

1 1 IBRT State-Of-Art -- -- 

1 2   Deep-Learning Research -- -- 

2 1 IBRT and Deep-Network Combination  Document Explanation 5 

2 2 Depth Prediction Methodology Document Explanation 7 

3 1 Input generation for our system Code and Images 9 

3 2 Deep-learning frameworks State-Of-Art -- -- 

3 3 Simple project using Caffe Scripts, Code and Readme 18 

4 1 System Implementation Scripts, Code and Readme 25 

4 2 Training phase Configuration parameters -- 

4 3 Testing phase and Depth Estimation  Results  29 

4 4 Stereo Image Generation Results and Conclusions 32 
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1.4.3. Gantt diagram 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

Figure 3. Gantt diagram 
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1.5. Deviations and incidences 
The main deviation of the first purpose for the project has been that the neuronal network 
was thought to be the part that could compute a virtual view by itself, being built taking 
into account IBR methods to the synthesis of the stereo images. The only work found that 
performs this kind of work is DeepStereo [9], developed by Google.  

Precisely, the lack of work related with this field triggered the final decision to use a CNN 
as a first step to create the depth map and to use it to feed a software which computes its 
stereo image by still using IBRT. 
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2. State of the art of the technology used or applied in this 
thesis: 

The two main technologies used are Convolutional Neuronal Networks and Image-Based 
Rendering Techniques. The created CNN will produce the geometric information used by 
an IBRT to generate stereo images. 

 

2.1. Convolutional Neuronal Networks 
Artificial neural networks are a learning paradigm and automatic processing inspired on 
how the biological nervous system functions. They can be comprehended as 
interconnections of neurons that work together to produce a specific output stimulus of 
the received input. 

In order to generate depth maps from monocular images, this paper will use a type of 
feed-forward artificial neural network in which the connectivity pattern between its 
neurons is inspired by the organization of the animal visual cortex: CNN [10]. It is proved 
that the visual cortex contains a complex arrangement of cells sensitive to small sub-
regions of the visual field, called receptive field. These sub-regions are tiled to cover the 
entire visual field, so these cells act as local filters over the input space and are well-
suited to exploit the strong spatially local correlation present in natural images. 

CNN’s comprised of one or more convolutional layers which corresponds to different 
filters/combinations of them to detect simple/more complex image features (often with a 
subsampling step: ReLu, pooling) and then followed by one or more fully connected 
layers as in a standard multilayer neural network.  

The local connectivity pattern between neurons of adjacent layers used by CNNs exploits 
the spatially-local correlation in the image. It can be observed in Figure 4. 

 
Figure 4. Connectivity pattern between neurons (represented as circles) 

 

The architecture of a CNN is designed to take advantage of the 2D structure of an input 
image. This is achieved with local connections and tied weights followed by some form of 
pooling that results in translation invariant features. The idea below is to extract low level 
features on each convolutional filter of each convolutional layer and high level features by 
combining the different filters between layers. Finally, the fully connected layers are used 
for the learning phase, for example to classify an image into one of the different possible 
classes (represented by labels). Figure 5 [11] corresponds to an example of CNN. 
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Figure 5. Example of CNN. The red dashed box corresponds to the combination of two layers of 

convolution filters used for the feature extraction process. The blue dashed box corresponds to the 
fully connected layer used for image classification  

 

2.2. Image-Based Rendering Techniques 
Nowadays, in the fields of computer graphics and computer vision, IBRT [12,13] are the 
most widely used techniques to create virtual views, relying on a set of 2D images of a 
scene to generate a 3D model in order to render some novel views of this scene.  

These methods can be generally classified into three groups, taking into account the 
geometric specifications they use to do the rendering [14,15,16]:  

1) No geometry: If there is not geometric data available, the method to the new view 
generation is based on the plenoptic illumination function (parameterization of the 
light field) [17], which describes the light rays contained in the volume that the 
camera is capable to capture. These methods usually rely on a dense sampling of 
the scene in order to compensate the lack of geometric information. Light 
modelling and image mosaicking use this method to create new views.  

2) Implicit geometry: If the geometric data is indirectly computed by using the usual 
projection calculations, implicit geometry methods are considered. The new views 
are computed based on direct manipulation of these positional correspondences. 
View interpolation [18] and view morphing [19] are examples of this group.  

3) Explicit geometry: In this class of techniques, the representation has direct 3D 
information encoded. In these cases, the common methods to generate the new 
view are the projections with depth information or texture maps into the new target. 
3D warping [20] is the most common example of this group. 
 

The method used in this project is a 3D image warping technique modification assuming 
that depth information for every pixel in the image is available, as posed in the paper 
Stereoscopic Image Generation Based on Depth Images [20]. The main reason is the 
possibility of using the depth information computed before to render more precisely the 
corresponding stereo image. 

The new image can be rendered by projecting all the pixels in the source image to their 
corresponding 3D locations (generating a points cloud) and by reprojecting those onto the 
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new 2D plane (new coordinates). Figure 6 below represents the final decision taken in 
this project. 

 

 

 

 

 

 

 

 

 

 
Figure 6. Stereo image generation 

 

Also note that, as stated in [20], there is a hole-filling state needed to fill the disoclussion 
areas not available to reconstruct from the input image to its correspondent binocular 
view.  A texture average from neighbourhood pixels can produce a relatively similar visual 
effect to the reality, but without deforming the full image. 

  

Step 1:                
3D projections 

Step 2:                
Reprojections on 

new plane 
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3. Methodology / project development:  

The project development has been divided into two steps forming a hybrid system 
composed by a CNN and an IBRT. For this reason, the methodology can also be 
segmented into two independent steps: (I) depth estimation and (II) stereo image 
generation. Figure 7 shows a general scheme with the main blocks of the system. 

Figure 7. General block diagram of the full system. 

 [ Step 1: CNN  |  Step 2: IBRT ] 

 

3.1. Depth estimation using CNN 
In order to estimate the depth map for each input image, this project is based on the 
unary network presented by [6], as previously commented. Hence, from this moment all 
the steps will be applied in order to imitate their decisions. 

The network used to compute the depth maps is a modification of the common CNN 
called AlexNet [3], whose weights have already been pretrained. 

The differences between both networks can be observed by comparing Figures 8 and 9 
below, or only by observing the green highlighted layers in Figure 9. 

Figure 8. AlexNet (Caffe implementation) 

 

DB Training 
Split 

DB Testing Split 

STEREO IMAGE 
DEPTH MAP 
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Note that the implementation of AlexNet returns a vector of 1000 values. Each one of this 
value is assigned to the probability of one or another class, where the final decision 
corresponds to the maximum value of this vector. At the same time each class is related 
with one animal, making the network an image recognition for animal classification.  

Figure 9. Our CNN (modified AlexNet) 

However, note that our implementation of modified AlexNet only returns one value. In this 
case, the value corresponds to the unique depth value estimated for each input image, 
which in our case are specific regions of an image. 

In order to train the network, it is mandatory to create an imageset of these regions with 
its labelled depths to act as ground-truth. The “Preprocessing 1” block is the responsible 
for generating the input dataset to be introduced and for training our CNN. 

 

3.1.1. Preprocessing (1) 
An important note to be taken into account is that from this moment we assume that an 
image is composed of small homogeneous regions of pixels called superpixels [21, 22]. 
More importantly, we also assume that each region has a continuum depth value, so we 
will assign a unique value of depth for each superpixel. Figure 10 shows the 
preprocessing block in detail: 

 

 
Figure 10. Preprocessing (1) block detailed 

 

The following subsections analyse in detail each sub-block present in the preprocessing 
block. Starting by superpixel generation and ending with the LMDB creation. 

  

(For all train 
images in NYU 

DB) 
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3.1.1.1. Superpixel segmentation  
It is applied to the images to have regions with the same features, what means that they 
most likely belong to the same object, so their depth must be almost constant. The 
following Figure 11 shows each one of the segmentations in different superpixels. Note 
that whenever more number of superpixels sp are chosen, more squared shape they 
have. 

 

Figure 11. Superpixel segmentation 
 

3.1.1.2. Superpixel centers 
After segment the image in superpixels, it is needed to compute the center of each 
superpixel in order to create a patch around it with a specific window size ws. Figure 13 
shows with a blue circle the center position of each superpixel. 

 
 

Figure 12. Superpixel centers 
 

3.1.1.3. Patches for superpixels  
The patches around each superpixel are generated in order to be our real dataset to train 
our network. It is important to observe that the patches can exceed the limits of the image, 
so they are put to black in order to give them no relevance to the network weights and, 
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therefore, to the depth computation. Figure 13 shows how the algorithm works when the 
patch exceeds the image limits. 

 

Figure 13. Patch generation whenever the image limits are exceeded 
 

3.1.1.4. Depth map comparison 
The labels sent to the network as ground-truth are finally a unique depth value per patch. 
In order to decide the value of this depth it is possible to use the centre value of the 
superpixel, the average of the superpixel depths, and the average of the patch. Figure 14 
shows an entire image after assigning a constant depth value for each superpixel with all 
three different methods and divided by linear or logarithmic scale. 

 
Figure 14. Depth map comparison 

Once all this steps are correctly done, we can create a LMDB (database of images) and 
the average image of all our train and test dataset (for a better efficiency of the net).  
 

3.1.1.5. Lightning Memory-Mapped Database creation 

LMDB is a tiny database with some excellent properties to store images and labels: 
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• Ordered map interface (keys are always lexicographically sorted). 
• Read transactions are extremely cheap. 
• Memory mapped, allowing for zero copy lookup and iteration.  
• Maintenance requires no external process or background threads. 
• No application-level caching is required: LMDB fully exploits the operating 

system’s buffer cache. 

Exporting all the images of train and test associated with its unique depth value 
respectively to a LMDB allows to exploit all the different properties previously commented 
and also allows our network to finally be retrained to compute depths. This step is done 
by the “Training Network” block. 

 

3.1.2. Training Network 
After preparing the LMDB with our own labelled imageset built, the objective is to train the 
modified network (especially the non-trained added layers) with new images in order to 
use it to compute depth maps in a supervised manner (i.e. already knowing the correct 
value to be given).  

Training the network simply equates to re-computing the weights of each node (~neuron) 
of every layer in order to have the better performance in terms of accuracy or, 
equivalently, the smaller loss possible. This calculation of weights is applied by backward 
propagation. The gradient of a loss function is used with respect to all the weights, which 
are updated by searching a minimum to converge in an attempt to minimize the loss 
function. 
 

3.1.3. Preprocessing (2) 
Since the network is trained to generate a unique value of depth per “image” (remember 
that in our case the image is the patch around the center superpixel), the test data 
introduced must also be each patch corresponding to each superpixel generated for 
every test image in NYU dataset. The procedure is exactly the same as in the first block 
of preprocessing, but with test data as input, as it can be observed in Figure 15.  

 

Figure 15. Preprocessing (2) block detailed 
 

3.1.4. Testing Network 
In order to test the network, it is needed the network model, its solver parameters and the 
weights given by the training phase. With all these, the test for an input image implies to 
pass as input all the patches generated by the superpixel segmentation. 

However, it will return the same number of depth values as patches (and/or superpixels), 
but then is necessary to regroup all of them to reconstruct the depth map corresponding 
to the entire image. This is the final step, carried out by the “Postprocessing” block. 

(For test 
images in NYU 

DB) 
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3.1.5. Postprocessing 
This block is the responsible for assigning a unique depth value for all the pixels inside 
each superpixel and for regrouping them in the same matrix to form the depth map of the 
whole image. There is not any complexity on this step, since the superpixels are indexed 
before the testing phase in order to remember its position on the general image. Figure 
16 shows the procedure in blocks. 

Figure 16. Postprocessing step 
 

Then, the postprocessing consists on the final step for the depth estimation. Figure 17 
shows the results obtained after the entire process working with an example test image. 
 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

Figure 17. Depth estimation after the entire CNN stage for an example input 
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3.2. Stereo image generation 
To summarize, all the previous part corresponds to the Deep-Learning process, which is 
the environment we wanted to familiarize during this project due to its big breakthrough in 
recent years. The biggest effort done during the final thesis has been related to that part 
because of the challenge to learn about NN by researching and investigating new 
network configurations to our purpose.  

This part corresponds to the usage of the results of depth mapping over a monocular 
image in order to create its corresponding stereo image by using IBRT. As there are 
plenty of related works in IBRT, this section uses a small modification of an open-source 
software called View Synthesis [8,29]. 

As it can be seen in Figure 18, the inputs of the software are whichever image previously 
used to test the network and the final depth map resulting after the postprocessing step. 
They both unified can provide a points cloud (3D) that the IBR method is able to interpret 
and, based on geometric calculations, generate a faithful representation of its 
corresponding stereo image. 

 

 
Figure 18. Stereo image generation part 

 

For a complete understanding of the work applied by this software, observe Figure 19: 

 

 

 
 

 
Figure 19. Stereo view. Epipolar geometry 

 

Where the meaning of the letters showed on the figure is provided on Table 2. 

 

 

 

 

 

 

Full Image 

+ 

Depth Map  

A B  
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Letter Meaning 

x = (xl, yl) Pixel of known image A on left position i,j 

x’ = (xr, yr) Pixel of its corresponding binocular image B on right position i’,j’ 

X Spatial or real world point corresponding to x (image A) and x’ (image B) 

 
 

R 

 
 

      Rotation matrix:  

t  

Translation vector:  

C Projection matrix 
 

Table 2. Parameters described for stereo view generation 

 

The goal is to synthetize the image B from the image A. It means that is needed to 
compute the corresponding pixel x’ of image B from each pixel x in A.  

Note that besides the projection of each pixel (assuming that the depth values computed 
with our CNN are the ground-truth) onto a points cloud, a prerequirement of generating 
stereo images is to know the rotation and translation matrices of our images (given by the 
extrinsic camera parameters). However, stereo image generation assures that the 
rotation and translation matrices for both left and right views are equivalent except for tx = 
tx +- b (depending on whether the corresponding stereo image is the left or the right eye, 
and where b is the baseline distance between both eyes). 

Then, once the concepts are clear, Figure 20 shows the geometric implications for the 
computation of an example pixel of the right eye x=(xr, yr) respect of its correspondent 
pixel on left eye already known x’=(xl, yl) or viceversa. 

 
Figure 20. Triangulation process. Compute x from x’ 

 

As seen in the figure, it is possible to appeal to the principle of similar triangles in order to 
obtain xr in function of xl and yr from yl, since both shown triangles formed from camera L 
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are similar, and also the two triangles formed from camera R are similar between them 
(note that Y-axis is perpendicular to the page, so that it fulfils the same requirements of 
similar triangulation). 

As noted, when all three angles of two triangles are equal, it is possible to refer both 
triangles as similar, what implies that their sides are proportional (see Figure 21 below for 
graphical information).  

 

 

 

 

 
Figure 21. Similar triangles principle 

 

Then, using the similar triangles principle it is possible to state that: 

 
In this manner it is possible to isolate xr and yr or, equivalently, xl and yl to be obtained 
from the opposite eye. 
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4. Results 

In the following sections, numeric information and data analysis will be specified for both 
depth estimation from the created CNN and image stereo generation by IBRT. 

4.1. Development environment 
In order to develop this project, the used software has been varied depending on the 
needs to carry out each functionality. The following list shows the goals achieved with 
each program: 

• MATLAB [23]: Remove white contours in the NYU dataset and perform some 
tests or verifications throughout the project. Also YUV-RGB and RGB-YUV 
transformations. 

• Caffe [24]: Framework to create our NN. It is able to manage the different layers, 
create new ones, train and test the network, change the solver mode and 
parameters, choose the network parameters and continuously updating the 
weights of the network and saving them for the following test. 

• Python [25]: Language used to prepare the inputs for the network and to manage 
the outputs in order to generate the depth maps correctly.  

• ViewSyn [8]: Program to generate virtual views from stereo images/videos in YUV 
format. “Hacked” to generate virtual views from monocular images/videos. 

NOTE: All done remotely by connecting with the Server provided by the Image Group of 
Computer Vision at ETSETB-UPC. The GPU specifications of the server are very 
important for developing all the computations related with the network and they can be 
observed in Table 3 [26]:  

 

Table 3. GPU server specifications 

 

4.2. Depth estimation results  
Following the methodology explained at 3.1., at this work the decisions are established in 
order to imitate as faithfully as possible the results given by [6]. 

4.2.1. Preprocessing specifications (for train and test data generation) 
In order to clarify the specifications not explained in the procedure, the dataset used to 
generate our train data is the commonly recognized as NYUv2 dataset (can be found in 
[27]). Concretely, their 1449 images associated with its ground-truth depth map.  

These images, removing their white borders, are resized to 561x427px, following also the 
indications of the referenced paper. 

Then, the number of superpixels in which the images are divided is sp = 743, which also 
means 743 patches generated per each one of the 1449 original images in NYUv2 
dataset. In order to segment the image in these regions grouped by its similarity, a novel 
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algorithm called SLIC (Simple Linear Iterative Clustering) has been applied [21, 22]. SLIC 
clusters pixels in the combined five-dimensional color and image-plane space to 
efficiently generate compact, nearly uniform superpixels. 

Furthermore, the window size established is ws = 83, what means that each one of these 
patches will have dimensions of 167x167px, but they will be also resized to satisfy the 
same dimensionality each one of the images used to pretrain the first six layers of our 
network. The dimensions of each patch before the training stage will be 224x224px.  

On this point, the length of our dataset is the following: 

 

 

 

Note that in order to divide the dataset between training and testing phase, we used the 
file splits.mat that can be downloaded from [28]:   

 
(743 sp) Test dataset = 485922 images 
(743 sp) Train dataset = 590685 images 

 

Besides, the chose to compute depth correspondent to the label of each patch was the 
average of all the depths belonging to the superpixel in linear scale. This decision can be 
justified by the accuracy of the obtained results after comparing them with the ground-
truth depth map. The labels are normalized to range [0, 255] by using the formula: 

 
Where zmin and zmax are the minimum and maximum depth values in real world scale (m) 

Z is the current depth value to be normalized, and                                                                 
Id(z) is the value of normalized Z in the range 0-255  

The reason of normalizing the depth values between 0 and 255 is that is the same range 
of possible pixel values of images what provides better performance due to better 
regression and convergence of the loss function.  

The final percentage of appearance for each depth bin between 0 and 255 for the 
generated train and test data is graphically represented in Figure 22. 

   
 
 

Own dataset = 1449 images x 743 superpixels = 1076607 images 
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Figure 22. Percentage of depth bins appareances 

 

Table 4 shows a summary of the specifications of this taken up to this point, in order: 

Name Value 

NYUv2 Dataset 1449 images 

NYUv2 Split train 795 images 

NYUv2 Split test 654 images 

Original Dataset Resolution 640x480 pixels 

Resize Images 561x427 pixels 

sp 743 superpixels 

ws 83 pixels 

Original Patch Resolution 167x167 pixels 

Resize Patch 224x224 pixels 

Patches dataset (generated) 1076607 images 

Own split train 590685 images 

Own split test 485922 images 

Range bins depth [0, 255] 
 

Table 4. Summarize of specifications for preprocessing (train and test) 

 

4.2.2. CNN specifications 
Once the input data to be introduced in the CNN has been prepared, the only step left to 
start training is determining the network and solver parameters. In this case, the 
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decisions have been extremely similar from the parameters presented in [6]. Table 5 
shows the list of parameters, jointly with their parameter name in Caffe framework, a 
short description and their decided values. 

Parameter Caffe name Description Value in 
[6] 

Decided 
value 

Type of 
solver 

type Performs optimization by 
coordinating the network’s forward 

inference and backward gradients to 
form parameter (weight) updates that 

attempt to improve the loss 

SGD 

(Stochastic 
Gradient 
Descent) 

SGD 

(Initial) 
Learning 
Rate  

base_lr Initial value that determines how an 
updating step influences the current 

value of the weights 

0.0001 0.00001 

Weight 
decay 

weight_decay  Additional term in the weight update 
rule that causes the weights to 

exponentially decay to zero, if no 
other update is scheduled 

0.0005 0.0005 

Gamma gamma Determines when to decrease the 
learning rate 

0.4 0.4 

Momentum
 

momentum Weight of the previous update 0.9 0.9 

Number of 
epochs 

-- Number of times the database has 
been trained with all samples in 

database 

60 60 

Number of 
iterations 

max_iter Number of training iterations applied Unknown 276000 

Batch size batch_size Number of images to deal with for 
each iteration 

Unknown 128 

Stepsize  stepsize Number of iterations for changing the 
learning rate 

Unspecified 
(every 20 
epoches) 

92000 
(every 20 

epoch) 

Policy of 
learning 

rate 

lr_policy Determines how the learning rate 
decreases  

Step Step 

Loss 
function 

layer { name: 
[] } 

Determines the function to be 
minimized for a correct performance 

Euclidean 
Loss 

Euclidean 
Loss 

Solver 
mode 

solver_mode Determines whether use CPU or 
GPU to run the network computations 

GPU GPU 

 

Table 5. List of CNN parameters 
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Note that since the reference [6] does not provide neither the batch size nor the number 
of training iterations, the parameters applied in this thesis only have the restriction 
followed by the formula:   

 

 

That means that the number of iterations and batchsize can have different combination of 
values in order to satisfy the equation, knowing that epochs = 60 and images = 590685. 
In this case, batchsize was selected by following the recommendations of Caffe 
framework users group [24], so that batchsize = 128. Then, isolating the number of 
iterations the final result is iterations = 276883 ~= 276000, so that since the stepsize = 
iterations / 3 = 92000 (20 epochs, of a total of 60 epochs). It seems that the values used 
in [6] where applied with a different combination of values for batchsize and iterations, 
since their values are closely related with the learning rate to be applied, which in our 
CNN needed to be slower (x0.1) in order to avoid overfitting.  

Furthermore, the weights and values updating system is carried out following the SGD 
solver method, following the formula: 

 

 

 

Where: 

• t = current iteration 
• V(t) = (previous) weight update 

 

4.2.3. Training results 
After training the network, the results of loss function can be seen in Figure 23.  

 

Figure 23. Loss decreasing after 276000 iterations of train 
 

 
 

• W(t) = (current) weights, 
•  L(W(t)) = gradient of (current) weight. 
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Where: 

• Total lines:  276000 (iterations) -> 60 epochs (4600 iterations /epoch * 60 epochs) 
• Max loss value (iteration 1):  ['999.904785156'] 
• Min loss value (iteration 264900):  ['65.6667175293’] 

 

NOTE: Besides the learning rate of the full network, each layer have its own learning rate, 
then the multiplication of both is the final learning rate of the layer. Since the six first 
layers have already been trained for feature extraction with more than 700GB of images 
they LR = 0, as opposed to the new fully connected layers which will have a LR = 1 and 
their biases LR = 0.1.  

 

4.2.4. Testing results (after preprocessing) 
The network returns 743 depth values, one for each input patch. These values are then 
assigned to all the pixels onto the superpixel region and then regrouped in order to form a 
matrix corresponding to the depth map of the entire image. Then, this depth map can be 
denormalized (pixel bin value back to meter scale) and compared with the ground-truth 
depth-map.  

The denormalization can be applied following the next formula: 

 
Where: 

• zmin and zmax are the minimum and maximum depth values in real world scale (m)  
• Z is again the current depth value to be normalized 
• Id(z) is again the value of normalized Z in the range 0-255  

 

While the comparison has been applied by computing the error in three manners:  
 

• Root Mean Squared Error (RMSE): 

• Average Relative Error (RELE):  

• Average log10 Error (log10er): 

Note that dgtp and dp are the ground-truth and predicted depths respectively at pixel 
indexed by p, and T is the total number of pixels in all evaluated images.  

Graphical results of the performance for depth estimation performed by the whole CNN 
step are able in Figure 24. Whereas, Table 6 shows the measured error by the three 
different methods explained previously for the same images provided in Figure 24. Both 
of them can be observed below. 
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Figure 24. Results for test NYUv2 dataset images with index = {300, 411, 470, 1424} respectively 

 

Image NYUv2 of index # RMSE RELE log10er 

300 1.14725595794 0.245154475706 0.122090511168 

411 0.997968204846 0.201961171774 0.101826282516 

470 0.796610004569 0.234456760907 0.102788625002 

1424 0.872849968156 0.18986498045 0.0915506894308 
 

Table 6. The three different error measures for depth estimation of the images in Figure 24 
 

However, the results obtained by only four images are not enough data to verify the real 
performance of the CNN created on this thesis.  
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For this reason, the average results are computed over the full test split generated by 
NYUv2 Dataset. These results and comparisons with other common methods applied 
recent in the last years are able to be observed on Table 7. 

 

Method RMSE RELE log10er 

Make3d [30] 1.214 0.349 -- 

DepthTransfer [31] 1.200 0.350 0.131 

Discrete-continuous CRF [32] 1.06 0.335 0.127 

Ours 0.984 0.320 0.127 

Liu et al. (unary part. Reference) [6] 0.985 0.295 0.117 

Liu et al. (complete work) [6] 0.824 0.230 0.095 

Eigen et al. [33] 0.907 0.215 -- 
 

Table 7. Comparison between depth estimation methods 

 

4.3. Stereo image generation results 
In order to generate stereo images, in this paper the test images of NYUv2 dataset have 
been taken assuming they are the left image in the scenario. Their corresponding right 
images are, then, computed in two ways: 

• With the ground-truth depth-map provided by the dataset 
• With the estimated depth-map computed with our CNN 

Note that with depth maps it is possible to project each pixel x to its correspondent 3D 
space and, then, using the triangulation formulas and isolating x=(xr,yr) the result is: 
 
 
Where the needed parameters are already available: 

• x/y are the correspondent coordinates of the projection to 3D space 
• b is the intraocular separation for human eyes, b = 6 cm 
• xl/yl are the position in x-axis and y-axis of the the pixel to be 

reprojected in the input image (assuming it is the left image) 
Finally, in order to verify the performance of the network to generate stereo images 
correctly, the error between the right computed image by using both depth is performed 
by RMSE and PSNR.  
 

• Mean Squared Error (MSE):  
 

• Peak Signal-to-Noise Ratio (PSNR):  

  (Note that MSE = RMSE2) 
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Figure 25 shows the right images of NYUv2 Dataset with index 300 and 411 computed 
used the real depth map (left) and the estimated depth map (right). 
 

 

Figure 25. Stereo image generation from NYU images with index = {300, 411}. Right image: Stereo 
image by using predicted depth map. Left image: Stereo image by using ground-truth depth map. 

 

Furthermore, comparing the graphical results obtained for the synthesis of the right eye 
by using a ground-truth depth-map or using a depth map estimated by using the CNN 
previously commented, it is possible to observe that the changes are not very significant. 
The most prominent errors have been signalled with red circles in order to compare them 
with the stereo image generated using ground-truth depth.  

 

 
 

 

 
 

Table 8. Measuring error of stereo image generation  

Image NYUv2 of index # MSE RMSE PSNR 

300 2426.70 49.26 32.88 

411 437.04 20.91 50.03 

Average NYU dataset 948.48        35.87 42.22 
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The numerical results prove the same evidence that Figure 25, which is both stereo 
images created are almost identical between them. The major source of errors is the 
computation of depths in the background image, which provokes that using predicted 
depth the corresponding stereo view tries to compute more unavailable scene than the 
ground-truth map, since they are built to apply the most accentuated displacements to the 
objects allocated close to the focus point of the camera.   
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5. Budget 

 

Staff Price/
hour 

Hours/month Salary # Months Total 

Junior Telecommunications  
engineer 

8€ 80 640€ 9 5760€ 

 

Others (Server) Quantity Price/Month # Months Total 

Amazon EC2 1 1214€ 9 10926€ 

 

Hardware (GPU) Quantity Price/Unit Total 

Nvidia Geforce GTX 980 2 407€ 814€ 

Nvidia Geforce GTX Titan X 2 876€ 1752€ 

Nvidia Geforce GTX Titan Z 2 3157€ 6314€ 

 

Hardware (PC) Quantity Price/Unit Total 

MSI GE70 2PE Apache Pro 1 1099€ 1099€ 

 

                      Total  

Total cost of the project  26700€ 

 

Table 9. Budget  

  

Software Quantity Price/Unit Total 

MATLAB (Student version without toolboxes) 35€ 1 35€ 
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6. Conclusions and future development:  

As a conclusion, it can be said that the goals have been properly achieved, even though 
the first idea consisted on build a NN capable of create virtual views directly by its own; 
however, the final decision consisted on separating this procedure in the following steps. 
On the one hand, the performance of our CNN for depth estimation has resulted positive 
as expected by observing the results obtained by [6] using the AlexNet implementation of 
MatConvNet library instead of the implementation done by Caffe and used on this thesis. 
On the other hand, the results obtained by the stereo image generation using View 
Synthesis software have also resulted promising since they provide a view that can 
accurately emulate what the opposite eye would really observe.  

At this point, and for further implementations of this same work, it is possible to improve 
the performance of our CNN by modifying its architecture. As in the referenced paper [6], 
reproduce a pairwise step by combining another NN that takes into account that 
neighbour superpixels with a high similarity function (based on colour difference, Local 
Binary Patterns [LBP] and histogram form) are more likely to also have a similar depth 
value. Obviously, other possible improvements are to retrain the network with even more 
varied images by constantly increasing the range of depthness in order to create a NN 
that actually could estimate with guaranties the profundity of each pixel of any image, 
especially the images taken in open space (wide range of depthness). 

A recommendation for beginners in this amazing field of AI is to use the scripts provided 
in the Appendix, which allow the comfortably control of preprocessing decisions, network 
configuration and solver parameters. If none of these scripts are changed, everyone is 
able to reproduce the same results following the steps indicated on the Appendix.  

Finally, I would like to point that using ipython notebooks (.ipynb files) is a very good 
method to observe code working at different blocks that can be separately run on one 
click and it is very helpful when developing tests. All the images, captures and graphics 
provided in the methodology process have been extracted precisely from different ipynb 
files created in first instance to test different parts of the code, but they became also 
useful for generating examples. 
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Appendices 

In this section are presented the instructions in order to replicate the work as explained in 
the methodology and results. Note that the code that performs all the project 
development is not pasted, but only the configuration files and scripts that apply the calls 
to the executor code. The scripts provided are generated in bash or python, so it is 
required to have a version of python installed to run them. 

Note that other needs are to install an updated version of the Caffe framework, since it is 
the library used jointly with python to perform all the aspects related with the CNN, and 
the View Synthesis software. 

 

A. CNN Development 

A.1. Build train and test indexes with full dataset (patches) 
# Creates dataset directories (jpegs with an index file) 
import numpy as np 
import sys 
import matplotlib.pyplot as plt 
 
from image_handling import load_dataset 
from image_handling import segment_image 
 
# Generate full datasets, using splits file:  
import scipy.io 
 
# Load splits 
splits_path = '/imatge/jmari/work/my-caffe/DepthPrediction-master/splits.mat' 
splits = scipy.io.loadmat(splits_path) 
train_inds = splits['trainNdxs'] 
test_inds = splits['testNdxs'] 
 
from image_handling import create_segments_dataset 
from image_handling import create_segments_directory 
 
min_depth = 0.7; 
max_depth = 10; 
depth_bins = 256;  
 
window_size = 83; # 167x167~NYUv2 paper # 224x224, imagenet standard -> resize 
n_superpixels = 700; # As referenced paper 
 
output_images=True # True for creating jpg with images 
average_type=1     # 0: center val, 1: superpixel avg, 2: patch avg 
# Generate training set 
 
# matlab file 
input_file = '/projects/3dtv/2012-11-mpeg-
cfp/nyu_depth_dataset/nyu_depth_v2_labeled_after_cropping.mat' 
# Directory of images 
img_filepath_train = 'train_full_167_v3_NYUv2' 
img_filepath_test = 'test_full_167_v3_NYUv2' 
 
# Divide the splits in 10 parts in order to release memory and enhance speedness  
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train_slices = np.array_split(train_inds - 1,10) 
test_slices = np.array_split(test_inds - 1, 10) 
 
print "nBins = ",depth_bins 
print "Avg Type = ",average_type 
 
print 'Building training set...' 
for s in train_slices: 
    images = tuple(s) 
    create_segments_directory(input_filename=input_file, 
image_output_filepath=img_filepath_train, 
                   no_superpixels=n_superpixels, x_window_size=window_size, 
y_window_size=window_size, images=images, 
                   depth_bins=depth_bins, depth_min=min_depth, depth_max=max_depth, 
depth_type=average_type, 
                   output_images=output_images, index_name='index_' + str(depth_bins) + 
'_' + str(average_type) + '.txt') 
 
print 'Building validation set...' 
for s in test_slices: 
    images = tuple(s) 
    create_segments_directory(input_filename=input_file, 
image_output_filepath=img_filepath_test, 
                   no_superpixels=n_superpixels, x_window_size=window_size, 
y_window_size=window_size, images=images, 
                   depth_bins=depth_bins, depth_min=min_depth, depth_max=max_depth, 
depth_type=average_type, 
                   output_images=output_images, index_name='index_' + str(depth_bins) + 
'_' + str(average_type) + '.txt') 

 

A.2. Create train LMDB from its index file (same for test by changing “train”  “test”) 
#!/usr/bin/env sh 
# Create the imagenet lmdb inputs 
# N.B. set the path to the imagenet train + val data dirs 
 
CAFFE_HOME=/usr/local/opt/caffe-2015-10/bin 
 
OUTDIR=/work/jmari/my-caffe/DepthPrediction-master/train_full_167_v3_NYUv2_lmdb 
TOOLS=$CAFFE_HOME 
 
TRAIN_DATA_ROOT=/work/jmari/my-caffe/DepthPrediction-master/train_full_167_v3_NYUv2/ 
 
IND_NAME=index_256_1.txt 
OUT_NAME=train_lmdb 
 
RESIZE=true 
if $RESIZE; then 
  RESIZE_HEIGHT=224 
  RESIZE_WIDTH=224 
else 
  RESIZE_HEIGHT=0 
  RESIZE_WIDTH=0 
fi 
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if [ ! -d "$TRAIN_DATA_ROOT" ]; then 
  echo "Error: TRAIN_DATA_ROOT is not a path to a directory: $TRAIN_DATA_ROOT" 
  echo "Set the TRAIN_DATA_ROOT variable in create_imagenet.sh to the path" \ 
       "where the ImageNet training data is stored." 
  exit 1 
fi 
 
echo "Creating train lmdb..." 
 
GLOG_logtostderr=1 $TOOLS/convert_imageset.bin \ 
    --resize_height=$RESIZE_HEIGHT \ 
    --resize_width=$RESIZE_WIDTH \ 
    --shuffle \ 
    $TRAIN_DATA_ROOT \ 
    $TRAIN_DATA_ROOT/$IND_NAME \ 
    $OUTDIR/$OUT_NAME 
 
echo "Done." 
 

A.3. Make train mean image from LMDB (same for test by changing “train”  “test”) 

#!/usr/bin/env sh 
# Compute the mean image from a training database 
 
CAFFE_HOME=/usr/local/opt/caffe-2015-10/bin 
 
TRAIN_DB_PATH=/imatge/work/jmari/my-caffe/DepthPrediction-master/ 
train_full_167_v3_NYUv2_lmdb/train_lmdb 
OUTPUT_PATH=/imatge/work/jmari/my-caffe/DepthPrediction-master/ 
train_full_167_v3_NYUv2_lmdb/image_mean_train.binaryproto 
 
$CAFFE_HOME/compute_image_mean.bin $TRAIN_DB_PATH \ 
  $OUTPUT_PATH 
 
echo "Done." 
 

A.4. Configuration of solver parameters for our CNN 

net: "/imatge/jmari/work/my-
caffe/models/depth_estimation/unary_depth_regressor/udr_euclidean_lmdb.prototxt" 
test_iter: 1000  
test_interval: 40000 
# solver_type: ADAGRAD # Sure, let's try this! 
# lr for fine-tuning should be lower than when starting from scratch 
base_lr: 0.00001   
lr_policy: "step" 
gamma: 0.4 # Decrease 40% every stepsize  
# stepsize should also be lower, as we're closer to being done 
stepsize: 82000 # Interval between learning_rate drops, 20 epoches 
display: 100 
max_iter: 246000 # 60 epoches 
momentum: 0.9 
weight_decay: 0.0005 
snapshot: 200 
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snapshot_prefix: "/imatge/jmari/work/my-
caffe/models/depth_estimation/unary_depth_regressor/snapshots_euclidean_verylowlr60ep/ud
r_euclidean_d128_slowlearn_snapshot" 
# uncomment the following to default to CPU mode solving 
solver_mode: GPU 
 

A.5. Configuration of our CNN  

name: "Unary depth regressor, euclidean version" 
 
### LMDB INPUTS 
layers { 
  name: "data" 
  type: DATA 
  top: "data" 
  top: "label" 
  transform_param { 
    mean_file: "/imatge/jmari/work/my-caffe/DepthPrediction-
master/train_full_167_v3_NYUv2_lmdb/image_mean_train.binaryproto" 
  } 
  data_param { 
    source: "/imatge/jmari/work/my-caffe/DepthPrediction-
master/train_full_167_v3_NYUv2_lmdb/train_lmdb" 
    backend: LMDB 
    batch_size: 128 
  } 
  include: { phase: TRAIN } 
} 
 
layers {   
  name: "data" 
  type: DATA 
  top: "data" 
  top: "label" 
  transform_param { 
    mean_file: "/imatge/jmari/work/my-caffe/DepthPrediction-
master/test_full_167_v3_NYUv2_lmdb/image_mean_test.binaryproto" 
  } 
  data_param { 
    source: "/imatge/jmari/work/my-caffe/DepthPrediction-
master/test_full_167_v3_NYUv2_lmdb/test_lmdb" 
    batch_size: 128  
    backend: LMDB 
  } 
  include: { phase: TEST } 
} 
 
### PRE-TRAINED LAYERS ------------------------------------------ 
layers { 
  name: "conv1" 
  type: CONVOLUTION 
  bottom: "data" 
  top: "conv1" 
  blobs_lr: 0          # learning rate multiplier for the filters 
  blobs_lr: 0          # learning rate multiplier for the biases 
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  weight_decay: 1      # weight decay multiplier for the filters 
  weight_decay: 0      # weight decay multiplier for the biases 
  convolution_param { 
    num_output: 96     # learn 96 filters 
    kernel_size: 11    # each filter is 11x11 
    stride: 4          # step 4 pixels between each filter application 
    weight_filler { 
      type: "gaussian" # initialize the filters from a Gaussian 
      std: 0.01        # distribution with stdev 0.01 (default mean: 0) 
    } 
    bias_filler { 
      type: "constant" # initialize the biases to zero (0) 
      value: 0 
    } 
  } 
} 
 
layers { 
  name: "relu1" 
  type: RELU 
  bottom: "conv1" 
  top: "conv1" 
} 
 
layers { 
  name: "pool1" 
  type: POOLING 
  bottom: "conv1" 
  top: "pool1" 
  pooling_param { 
    pool: MAX 
    kernel_size: 3 
    stride: 2 
  } 
} 
 
layers { 
  name: "norm1" 
  type: LRN 
  bottom: "pool1" 
  top: "norm1" 
  lrn_param { 
    local_size: 5 
    alpha: 0.0001 
    beta: 0.75 
  } 
} 
 
layers { 
  name: "conv2" 
  type: CONVOLUTION 
  bottom: "norm1" 
  top: "conv2" 
  blobs_lr: 0          # learning rate multiplier for the filters 
  blobs_lr: 0          # learning rate multiplier for the biases 
  convolution_param { 
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    num_output: 256 
    pad: 2 
    kernel_size: 5 
    group: 2 
    weight_filler { 
      type: "gaussian" # initialize the filters from a Gaussian 
      std: 0.01        # distribution with stdev 0.01 (default mean: 0) 
    } 
    bias_filler { 
      type: "constant" 
      value: 1.0 
    } 
  } 
} 
 
layers { 
  name: "relu2" 
  type: RELU 
  bottom: "conv2" 
  top: "conv2" 
} 
 
layers { 
  name: "pool2" 
  type: POOLING 
  bottom: "conv2" 
  top: "pool2" 
  pooling_param { 
    pool: MAX 
    kernel_size: 3 
    stride: 2 
  } 
} 
 
layers { 
  name: "norm2" 
  type: LRN 
  bottom: "pool2" 
  top: "norm2" 
  lrn_param { 
    local_size: 5 
    alpha: 0.0001 
    beta: 0.75 
  } 
} 
 
layers { 
  name: "conv3" 
  type: CONVOLUTION 
  bottom: "norm2" 
  top: "conv3" 
  blobs_lr: 0          # learning rate multiplier for the filters 
  blobs_lr: 0          # learning rate multiplier for the biases 
  convolution_param { 
    num_output: 384 
    pad: 1 
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    kernel_size: 3 
  } 
} 
 
layers { 
  name: "relu3" 
  type: RELU 
  bottom: "conv3" 
  top: "conv3" 
} 
 
layers { 
  name: "conv4" 
  type: CONVOLUTION 
  bottom: "conv3" 
  top: "conv4" 
  blobs_lr: 0          # learning rate multiplier for the filters 
  blobs_lr: 0          # learning rate multiplier for the biases 
  convolution_param { 
    num_output: 384 
    pad: 1 
    kernel_size: 3 
    group: 2 
  } 
} 
layers { 
  name: "relu4" 
  type: RELU 
  bottom: "conv4" 
  top: "conv4" 
} 
 
layers { 
  name: "conv5" 
  type: CONVOLUTION 
  bottom: "conv4" 
  top: "conv5" 
  blobs_lr: 0          # learning rate multiplier for the filters 
  blobs_lr: 0          # learning rate multiplier for the biases   
  convolution_param { 
    num_output: 256 
    pad: 1 
    kernel_size: 3 
    group: 2 
  } 
} 
 
layers { 
  name: "relu5" 
  type: RELU 
  bottom: "conv5" 
  top: "conv5" 
} 
 
layers { 
  name: "pool5" 
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  type: POOLING 
  bottom: "conv5" 
  top: "pool5" 
  pooling_param { 
    pool: MAX 
    kernel_size: 3 
    stride: 2 
  } 
} 
 
### FULLY-CONNECTED LAYERS ------------------------------------------ 
layers { 
  name: "fc6" 
  type: INNER_PRODUCT 
  bottom: "pool5" 
  top: "fc6" 
  inner_product_param { 
    num_output: 4096 
    weight_filler { 
      type: "gaussian" 
      std: 0.01 
    } 
    bias_filler { 
      type: "constant" 
      value: 0 
    } 
  } 
  blobs_lr: 0 
  blobs_lr: 0 
} 
 
layers { 
  name: "relu6" 
  type: RELU 
  bottom: "fc6" 
  top: "fc6" 
} 
 
layers { 
  name: "drop6" 
  type: DROPOUT 
  bottom: "fc6" 
  top: "fc6" 
  dropout_param { 
    dropout_ratio: 0.5 
  } 
} 
 
layers { 
  name: "fc7" 
  type: INNER_PRODUCT 
  bottom: "fc6" 
  top: "fc7" 
  inner_product_param { 
    num_output: 4096 
    weight_filler { 
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      type: "gaussian" 
      std: 0.01 
    } 
    bias_filler { 
      type: "constant" 
      value: 0 
    } 
  } 
  blobs_lr: 1 
  blobs_lr: 0.1 
} 
layers { 
  name: "relu7" 
  type: RELU 
  bottom: "fc7" 
  top: "fc7" 
} 
layers { 
  name: "drop7" 
  type: DROPOUT 
  bottom: "fc7" 
  top: "fc7" 
  dropout_param { 
    dropout_ratio: 0.5 
  } 
} 
 
layers { 
  name: "fc_n1" 
  type: INNER_PRODUCT 
  bottom: "fc7" 
  top: "fc_n1" 
  inner_product_param { 
    num_output: 128 
    weight_filler { 
      type: "gaussian" 
      std: 0.01 
    } 
    bias_filler { 
      type: "constant" 
      value: 0 
    } 
  } 
  blobs_lr: 1 
  blobs_lr: 0.1 
} 
 
layers { 
  name: "relu_n1" 
  type: RELU 
  bottom: "fc_n1" 
  top: "fc_n1" 
} 
 
layers { 
  name: "drop_n1" 
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  type: DROPOUT 
  bottom: "fc_n1" 
  top: "fc_n1" 
  dropout_param { 
    dropout_ratio: 0.5 
  } 
} 
 
layers { 
  name: "fc_n2" 
  type: INNER_PRODUCT 
  bottom: "fc_n1" 
  top: "fc_n2" 
  inner_product_param { 
    num_output: 16 
    weight_filler { 
      type: "gaussian" 
      std: 0.01 
    } 
    bias_filler { 
      type: "constant" 
      value: 0 
    } 
  } 
  blobs_lr: 1 
  blobs_lr: 0.1 
} 
 
layers { 
  name: "prob" 
  type: SOFTMAX 
  bottom: "fc_n2" 
  top: "fc_n3" 
} 
 
layers { 
  name: "output_neuron" 
  type: INNER_PRODUCT 
  bottom: "fc_n3" 
 
  top: "output_neuron" 
  inner_product_param { 
    num_output: 1 
  } 
} 
 
layers { 
  name: "loss" 
  type: EUCLIDEAN_LOSS 
  bottom: "output_neuron" 
  bottom: "label" 
  top: "loss" 
} 
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A.6. Fine-tuning process. Remember that the first 6 layers are pretrained with ImageNet 

#!/usr/bin/env sh 
 
CAFFE_HOME=/usr/local/opt/caffe-2015-10/bin 
SOLVER_DIR=/imatge/jmari/work/my-caffe/models/depth_estimation/unary_depth_regressor 
WEIGHTS_DIR=/imatge/jmari/work/my-caffe/DepthPrediction-master 
$CAFFE_HOME/caffe.bin train  
--solver=$SOLVER_DIR/solver_udr_euclidean_lmdb_retrain_all.prototxt  
--weights==$WEIGHTS_DIR/bvlc_reference_caffenet_imagenetpretrain.caffemodel 
 

A.7. Resume fine-tuning (if needed) 

#!/usr/bin/env sh 
 
CAFFE_HOME=/usr/local/opt/caffe-2015-10/bin 
SOLVER_DIR=/imatge/jmari/work/my-caffe/models/depth_estimation/unary_depth_regressor  
SNAPSHOT_DIR=/imatge/jmari/work/my-caffe/DepthPrediction-master 
 
$CAFFE_HOME/caffe.bin train 
--solver=$SOLVER_DIR/solver_udr_euclidean_lmdb_retrain_all.prototxt  
prototxt 
--snapshot=$WEIGHTS_DIR/caffenet_train_10000.solverstate # change 10000 -> n. iteration 
 

A.8. Execute python to test the network and regroup the superpixels to form depth map 

#!/usr/bin/env sh  
DIR=/imatge/jmari/work/my-caffe/DepthPrediction-master 
python $DIR/testdepthimagewithgroundtruth.py 
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B. Stereo image view software development 

B.1. View_Synthesis configuration parameters 

#======================================================================================= 
#VSRS Input Parameters 
#======================================================================================= 
DepthType                      0                           # 0...Depth from camera, 
1...Depth from the origin of 3D space 
SourceWidth                    560                        # Input frame width 
SourceHeight                   432                        # Input frame height 
StartFrame                     0                           # Starting frame # 
TotalNumberOfFrames            1                         # Total number of input frames 
 
LeftNearestDepthValue          700  # Nearest depth value of left image from camera 
LeftFarthestDepthValue         9000 # Farthest depth value of left image from camera 
RightNearestDepthValue         700  # Nearest depth value of right image from camera 
RightFarthestDepthValue        9000 # Farthest depth value of right image from camera  
 
CameraParameterFile            camparamnyu2.txt        # Name of text file which 
includes real and virtual camera parameters (left camera separated 6cm from virtual 
camera and right camera allocated far away to avoid using it) 
LeftCameraName                 param_nyu               # Name of real left camera 
VirtualCameraName              param_nyu1              # Name of virtual camera 
RightCameraName                param_nyu2              # Name of real right camera 
 
LeftViewImageName              color0300.yuv             # Name of left input image 
RightViewImageName             blackimage.yuv            # Name of right input image 
LeftDepthMapName               depth0300.yuv             # Name of left depth map image 
RightDepthMapName              blackimage.yuv            # Name of right depth map image 
OutputVirtualViewImageName     color_300_from_right.yuv  # Name of output virtual view 
 
ColorSpace                     0       # 0...YUV, 1...RGB 
Precision                      4       # 1...Integer-pel, 2...Half-pel, 4...Quater-pel 
Filter                         1       # 0...(Bi)-linear, 1...(Bi)-Cubic, 2...MPEG-4 AVC 
 
BoundaryNoiseRemoval           0       # Boundary Noise Removal: Updated By GIST 
 
SynthesisMode                  0       # 0...General, 1...1D parallel 
 
#---- General mode ------ 
ViewBlending                   1       # 0...Blend left and right images, 1...Not Blend 
 

B.2. Execute View_Synthesis to generate stereo images 

./ViewSyn nyu.cfg 
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Glossary 

AI  Artificial Intelligence 

CNN  Convolutional Neuronal Network 

CPU  Central Processing Unit 

GPU  Graphic Processing Unit 

LBP  Local Binary Pattern 

LMDB  Lightning Memory-Mapped Database 

log10er Average log10 Error  

LR  Learning Rate 

IBR  Image-Based Rendering 

IBRT  Image-Based Rendering Techniques 

MSE  Mean Square Error 

NN   Neuronal Network 

PSNR  Peak Signal-to-Noise Ratio 

RELE  (Average) Relative Error 

ReLU  Rectified Linear Unit 

RMSE  Root Mean Square Error 

SGD  Stochastic Gradient Descent 

WP  Work Package 
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