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Abstract

With the development of artificial neural network (ANN), it has been introduced in
more and more computer vision tasks. Convolutional neural networks (CNNs) are
widely used in object detection, object tracking, and semantic segmentation,
achieving great performance improvement than traditional algorithms. As a
classical topic in computer vision, the exploration of applying deep CNNs for depth
recovery from monocular images is popular, since the single-view image is more
common than stereo image pair and video. However, due to the lack of motion and
geometry information, monocular depth estimation is much more difficult.

This thesis aims at investigating depth prediction from single images by exploiting
state-of-the-art deep CNN models. Two neural networks are studied: the first
network uses the idea of a global and local network, and the other one adopts a
deeper fully convolutional network by using a pre-trained backbone CNN (ResNet
or DenseNet). We compare the performance of the two networks and the result
shows that the deeper convolutional neural network with the pre-trained backbone
can achieve better performance. The pre-trained model can significantly accelerate
the training process. We also find that the amount of training dataset is essential
for CNN-based monocular depth prediction.
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Sammanfattning

Utvecklingen av artificiella neurala nätverk (ANN) har gjort att det nu använts i
flertal datorseende tekniker för att förbättra prestandan. Convolutional Neural
Networks (CNN) används ofta inom objektdetektering, objektspårning och
semantisk segmentering, och har en bättre prestanda än de föregående
algoritmerna. Användningen av CNNs för djup prediktering för single-image har
blivit populärt, på grund av att single-image är vanligare än stereo-image och
filmer. På grund av avsaknaden av rörelse och geometrisk information, är det
mycket svårare att veta djupet i en bild än för en film.

Syftet med masteruppsatsen är att implementera en ny algoritm för djup
prediktering, specifikt för bilder genom att använda CNN modeller. Två olika
neurala nätverk analyserades; det första använder sig av lokalt och globalt nätverk
och det andra består av ett avancerat  Convolutional Neural Network som
använder en pretrained backbone CNN (ResNet eller DenseNet). Våra analyser
visar att avancerat Convolutional Neural Network som använder en pre-trained
backbone CNN har en bättre prestanda som påskyndade inlärningsprocessen
avsevärt. Vi kom även fram till att mängden data för inlärningsprocessen var
avgörande för CNN-baserad monokulär djup prediktering. 

Nyckelord

Konvolutional neurala nätverk; monokulär djupförutsägelse; ResNet; DenseNet;
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1 Introduction

1.1 Background

Depth prediction is a classical task in the area of computer vision, which is helpful
to capture geometry relations of the environment. It is widely used in Visual
Simultaneous Localization and Mapping (VSLAM) [1, 4, 23], 3-dimension
reconstruction [6], scene understanding, and robotics. At the same time, object
recognition, object detection, and semantic segmentation can benefit a lot from the
depth prediction task. There are many traditional depth prediction approaches to
estimate the depth of scenes, such as structure from motion, shape from
photometric stereo, shape from stereo vision, and multi-view stereo. However,
most methods have strong geometric assumptions, and the processes are
complicated. For example, feature-based methods have to extract features such as
Scale-Invariant Feature Transform (SIFT) [21], Oriented FAST and Rotated BRIEF
(ORB) [22] and Speeded Up Robust Features (SURF) [2], match features and then
use triangulation to get sparse depth information. Considering such complex and
inaccurate methods, researchers were working on discovering new approaches that
can improve the accuracy and reduce the complexity.

Depth estimation using single images is an ill-posed problem since it is clueless to
map an intensity or an RGB value to a depth value directly. With the development
of deep convolutional neural networks (CNNs), more and more computer vision
tasks such as object recognition, object detection, and semantic segmentation
benefit a lot and achieve better accuracy. Similarly, CNN-based monocular depth
estimation can provide a reasonable depth prediction by leveraging features
learned from training data, which is hard to achieve for traditional approaches.
Monocular depth prediction can be applied in many scenarios, such as the
environment where direct depth measurement is not available or not possible. It
can also provide useful information for other computer vision tasks.

1.2 Problem

Depth prediction from stereo cameras or video has achieved rather a great accuracy
while predicting from single images has lower accuracy. This is very likely that
stereo images and video have more potential information than single images that
single images are independent of each other images. With the advances of CNN
frameworks, deep CNN can be widely used for computer vision tasks, including
depth prediction. Thus, this project aims to discover the application of CNN on
depth estimation tasks from single images. That is, how CNN can be beneficial to
the depth prediction task from monocular cameras? What are the factors that have
an impact on the CNN model?
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1.3 Goals

The goal of this project is to explore how CNN improves the performance of
predicting depth frommonocular cameras. It can be divided into the following
three sub-goals:

1. Explore several factors that could influence the performance of depth
prediction by leveraging CNN approaches, including pre-trained parameters,
loss function, optimizer, size of the dataset, and learning rate.

2. Discover the effect of state-of-the-art CNN models, which are fully
convolutional ResNet network (FCRN) [11] and coarse and fine-scale
network [9].

3. Search whether DenseNet [5] can be applied to the FCRN model and
improve the performance, which becomes a fully convolutional DenseNet
network (FCDN).

1.4 Research methodology

For the research methodology in this project, the literature review is a significant
part. Since the literature review would provide us with consolidated theoretical
support for the project. For the literature review, the theoretical background is
mainly collected from published papers by Google Scholar. We mainly learn the
knowledge of neural networks, CNN, and advances in the depth prediction task by
CNN approaches, and the knowledge is helpful for later design. We also adopt the
experimental methods to conduct many experiments to discover which factors
would have an impact on the performance of CNNmodels. The details of the
research methodology are described in chapter 3.

1.5 Ethics and sustainability

In this project, we use public indoor RGBD datasets which are the NYU Depth
Dataset [33, 34], so no privacy and ethics issues will be involved in this project.
Also, these datasets are only used for this project that we did not use them for other
purposes. All figures in this project are original that we did not copy from any
sources. So we did not infringe the rule of ethics.

This project is environmentally friendly that it only costs electricity. GPU resources
are acquired from Google Colaboratory, which are cloud resources. So the GUP
resources can be shared with a large number of developers while improving the
utilization rate of GPU resources. What is more, it is economic that exploiting
Colaboratory to get GPU resources because GPU resources are totally free, and we
can save money for other purposes.
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1.6 Structure of the thesis

According to the research topic, this thesis is composed of 6 chapters.

Chapter 1 introduces the topic of exploiting CNN for monocular depth prediction
tasks. The goals of this project are listed.

Chapter 2 introduces background knowledge of CNN and presents relevant
background information about depth prediction by CNN approaches and the
advances in this area.

Chapter 3 presents the methods of solving the problem, including the architecture
of CNNmodels, the algorithms of various optimizers, the exploiting of data
augmentation, and relevant loss function.

Chapter 4 introduces the mainly experimental environment, dependent libraries,
and preprocessing of the labeled dataset and the raw dataset. Also, it introduces the
configuration of each CNN model.

Chapter 5 conducts the experiments on the different loss functions, optimizers, pre-
trained parameters, and the size of the dataset. Moreover, we conduct experiments
on different CNNmodels. After getting the results, we analyze these results. At last,
reliability is analyzed in this chapter.

Chapter 6 summarizes and draws conclusions of this project. Furthermore, it
describes limitations and future work.
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2 Background

This chapter provides basic background information about the depth prediction
task and CNN architectures. Firstly, this chapter describes traditional methods to
estimate depth. Also, the chapter illustrates how CNNs attract researchers.
Meanwhile, a basic introduction of CNN is illustrated. The chapter also describes
related works that are working on depth estimation based on supervised learning,
semi-supervised learning, and unsupervised learning approaches in CNN
frameworks.

2.1 Major background

Structure from motion (SfM) [24] is the most popular approach to estimate depth
before convolutional neural networks emerge. For a moving camera, it can extract
the features and match the keypoints to estimate the pose of the camera, and then
estimate the depth through triangulation of corresponding keypoints. However,
the disadvantage of SfM is that it is hard to get dense depth maps since the noise of
the image. For example, the change of angle, reflection, and occlusion can cause
difficulties in the acquirement of data.

Researchers were working on improving the accuracy of the depth prediction with
advanced traditional methods and using traditional machine learning methods [7,
8] until a conspicuous event happened. There was an image classification
competition called ImageNet LSVRC-2010. The group which got first place only
had a 15.3% test error rate while the group got second place had a 26.2% test error
rate that had a huge difference. Researchers were shocked and curious about the
approach to get such great performance. Then the winners Krizhevsky et al.
published their model named AlexNet [18] in 2012. AlexNet is a deep convolutional
neural network, which makes people realize that a convolutional neural network
has magical power. AlexNet shows that CNN is effective in a complex and deep
model. In the meanwhile, with the development of Graphics Processing Unit (GPU),
training complicated CNN is feasible and acceptable in time consumption.

Figure 2-1 shows the architecture of the AlexNet. Parts of the network are trained
in two GPUs (GTX 580) since it is more efficient. There are five convolutional
operations, three max pooling operations, and three fully connected layers and
finally output 1000 values for image classification tasks. In the AlexNet, the kernel
size is larger than stride in the max pooling operation, so when the max pooling is
working, the sliding window will always slide overlapping area, which could keep
feature information.
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Figure 2-1 Architecture of AlexNet
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Because of the appearance of AlexNet, the exploration of CNN is becoming popular
and many outstanding CNNs such as GoogLeNet [25], VGGNet [26], and ResNet
[19] are all based on AlexNet. Researches also attempt to apply CNN on various
occasions, for example, using CNN to predict the depth of image becomes
especially popular.

2.2 Background of CNN

Convolutional neural networks are artificial neural networks that have
convolutional layers. For a better understanding of CNN, artificial neural networks
are introduced firstly.

2.2.1 Introduction of artificial neural networks

An artificial neural network is a computational model which is composed of many
neurons. It is inspired by biological neural networks of human brains. Neurons are
also called nodes that accept inputs and compute outputs according to the weight of
each input and activation function. It can be described in Figure 2-2.

Figure 2-2 A neuron

In Figure2-2, inputs are X1 and X2 while w1 and w2 are weights of the inputs. Here
b is bias, z is the sum of multiplication of each input and the weight. And a is an
activation function which computes the result. The computation of output can be
shown in Equation (2-1).

bXwXwZ  2211

)(ZaY  (2-1)

The activation function is crucial since typical data is not linear and activation
function brings non-linearity to help the neuron learn non-linear representations.
There are following popular non-linear activation functions.

Firstly, the sigmoid function shown in Equation (2-2) can output the data between
0 and 1. When Z is a large positive number, the output would approximate 1 while it
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is a small negative number, the output would approximate 0. The defects of the
sigmoid function are suffering from saturation problems and the output
distribution is not zero-centered.

Ze
Z 


1

1)a(  :Sigmoid
(2-2)

Figure 2-3 Sigmoid activation function

Tanh activation function can squeeze input data to the range between -1 and 1. The
disadvantages are gradient saturation and low training efficiency.

1
1

12)(aTanh 2 


  Ze
Z： (2-3)

Figure 2-4 Tanh activation function

Rectified linear unit (ReLU) could work as a threshold that if the input is smaller
than zero, the output would be 0. What is more, ReLU function is firstly used as the
activation function in the AlexNet, and it is illustrated in Equation (2-4).

),0max()(a :ReLU ZZ  (2-4)
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Figure 2-5 ReLU activation function

Before ReLU activation function is applied, researchers normally choose Sigmoid
or Tanh activation function. Compared to them, ReLU function could solve parts of
the problem of gradient explosion and vanishing gradient as well as the lighter
computational cost to reduce the time for training.

A completed and simple neural network usually has an input layer, several hidden
layers, and an output layer. The input layer consists of several input nodes. The
output layer has nodes which output result. The hidden layers are connecting the
input layer and the output layer and have many activation functions. Each layer has
many neurons connecting to nodes in the adjacent layer. They could compute and
transfer information from one node to other nodes in the adjacent layer. What is
more, each connection has its weight. Figure 2-6 is an example of a simple neuron
network.

Figure 2-6 A feedforward neural network

2.2.2 Introduction of convolutional neural networks

In a convolutional neural network, there is also an input layer, convolutional layers,
activation layers, pooling layers, and an output layer. For the input layer, a dataset
with pixels is the input of the network, while the output layer would output the
result. The functions of convolutional layers are computing and acquire features of
the input dataset. Activation layers could work as thresholds to compute the non-
linear result. Pooling layers are used to reduce the size of data. Now convolutional
layers are described in the following parts since they are the most significant
elements in a CNN.

Each convolutional layer has a large number of convolutional kernels. Theses
kernels work as filters to find specific features. With the increasing number of
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layers, more complicated features could be learned. Figure 2-7 shows the principle
of a convolutional operation which has a 3x3 convolutional kernel.

Figure 2-7 Convolutional operation

In Figure 2-7, there is a 3x3 convolutional kernel and it projects to the input image.
The result Y is in the center of original data, which is the position of X5. The
convolutional kernel is calculated as Equation (2-5). If the value of Y is larger, it is
more likely that this region has the feature we want. So if we want to get different
features, there should be many different convolutional kernels.
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The convolutional kernel is sliding after it calculates the result of this region, and it
would stop working until it calculates all regions. For convolutional kernels, there
are some essential properties. First is the depth of convolutional kernels, which
decides the channels of outputs. Second is stride, and it decides the length of the
sliding step each time. Another is padding, if we want to keep the original size of
the input, we can add zero in the surrounding areas. Equation (2-6) shows the
output size after the convolutional operation. The output value of OH and

OW should be integers which are lower or equal to the calculated results.

1*2
o 
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The pooling layer is also an important part of CNN that it can reduce the size of the
images. There are average pooling and max pooling. For example, if there is a 2x2
kernel, max pooling would output the largest value in a 2x2 region, while average
pooling would output the average value in a 2x2 region. Figure 2-8 shows the
different results by different pooling operations.

Figure 2-8 Two pooling approaches

2.3 Related works

Depth predictions by applying CNN can be classified according to image sources. It
can be divided into monocular cameras, stereo cameras, and a sequence of moving
cameras. Here, we discuss related works based on these features.

2.3.1 Depth predictions based on supervised learning

Depth predictions based on CNN from a monocular vision are firstly realized by
Eigen et al. [9]. Eigen builds the network based on AlexNet and he proposes two-
scale networks with a global network and a local network. The coarse global
network has the same structure as AlexNet. After training the coarse network, the
output of the coarse network is a global scale with a low-resolution depth map.
Then the output of the coarse network is used as the input of the fine local network
and the training result would output a high-resolution depth map. The benefit is
that we can get both global depth information and local depth information, which
improves the resolution of the predicted depth map. However, this approach needs
to be pre-trained on the classification task ImageNet [27]. At the same time, it costs
many memories because a large number of datasets with ground truth depth
information are needed, and training time is approximately three days on the GPU
NVidia GTX Titan Black.

Later Eigen et al. refine their work in 2015 [12] with three-scale networks. The first
scale network replaces AlexNet with VGGNet. The model not only predicts the
depth of images with higher resolution but also outputs surface normals and
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semantic labels. Li et al. [13] propose several skip fusion layers to apply to three
scales proposed in [12], which reduce the training time and are efficient especially
for large scale data. Li et al. also construct a novel loss function that leverages the
relation of the original image and the transformed image after data augmentation,
bringing extra constraint.

Laina et al. [11] propose a fully convolutional neural network and a fast up-
projection block based on ResNet, improving the accuracy and speeding up the
training. The model is refined and the output of the depth map is fused with the
depth map from direct monocular SLAM [28] method to get a dense depth map
and get the real scale of the depth information for SLAM systems [10].

There is another method to deal with depth prediction tasks. Based on the
conditional random field (CRF) method, it usually works well for semantic
segmentation tasks and it can also be applied to predict the depth for the image.
Liu et al. [17] propose a new approach that can exploit both deep CNN and
continuous CRF for a single image. By leveraging CRF in the loss function,
optimizing log-likelihood does not need approximation and the gradient is able to
be calculated in the backpropagation step, and it is efficient for training.

2.3.2 Depth predictions based on semi-supervised learning

The approaches we discuss above are all supervised learning that needs a large
amount of dataset and notated ground truth depth information. In an indoor
environment, RGB-D cameras are usually used to acquire RGB images and depth
maps, which could have the problem of alignment, missing values and low
resolution. For the outdoor environment, Light Detection and Ranging (LiDAR) is
typically used to get images and depth information. It, however, has the problem of
the sparsity of data and inherent noise. What is more, LiDAR is expensive so it is
not easy to afford it. Therefore, researchers begin to research on the unsupervised
method which is more plausible and promising. But for the unsupervised learning
method, scale information is lost that the predicted depth map is not accurate.
Thus, the semi-supervised learning method is a trade-off approach.

Kuznietsov et al. [3] propose an approach to predict the depth based on
unsupervised learning and supervised information, which is called a semi-
supervised learning method. The network is based on a fully convolutional ResNet
network [11] with the extra skip connections. The main contribution is creating a
novel loss function. The loss function considers supervised loss, unsupervised loss,
and regulation loss and combines them reasonably. This approach could not only
predict depth for thin and far objects in detail but also predict the depths that do
not have ground-truth depth information.
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2.3.3 Depth predictions based on unsupervised learning

Godard et al. [14] propose a novel and interesting approach to predict the depth
without any ground truth depth information. It is an end-to-end model based on
DispNet [31], and the training loss is defined to enhance the consistency of the left-
right depth map. Typically, stereo-based methods would check the left-right
consistency during the step of post-processing but the end-to-end network
integrates the post-processing step to make it more convenient. The input of the
network is left color-image of the stereo camera, and it can estimate the left-to-
right disparity and right-to-left disparity. To optimize, the loss is designed to make
the left-right disparities consistent. The result of depth would be the distance of the
baseline multiply the focal length of the camera and then divided by the disparity.
It is quite an excellent approach.

There is another unsupervised learning approach proposed by Zhou et al. [16]. It
can recover the depth and pose information from a sequence of monocular video,
which leverages nearby views of the video. There are two networks in the
architecture, which are depth CNN and pose CNN. The predicted depth and the
pose of the camera can recover a nearby image, and the difference between the
recovered image and the true image would be regarded as the loss function.
Therefore, by minimizing the loss function, the network could converge.



3 Methods

With the development of deep neural networks, deeper neural networks typically
work better with the increasing number of layers of the network. In the thesis, two
deep CNN frameworks called coarse and fine-scale network model and a fully
convolutional ResNet network (FCRN) model are chosen. Moreover, a dense
convolutional network will be discussed and applied to the FCRN model to be a
fully convolutional DenseNet network (FCDN). Additionally, optimizer, loss
function and data augmentation are described here.

3.1 Coarse and fine-scale network model

This model contains two networks, including a coarse global network and a fine
local network [9]. The coarse network is based on the AlexNet, which outputs a
global-scale depth prediction. For the fine network, it combines the output of the
coarse network and gets the final prediction with a more detailed depth map.
Figure 3-1 shows the architecture of the network. The input size is 304 x 228 while
the output size is 74x55.

Figure 3-1 Architecture of the coarse and fine-scale network

3.2 Fully convolutional ResNet network model

The network is a fully convolutional network [29] that consists of parts of ResNet-
50 network [19] without fully connected layers, followed by four fast up-projection
blocks, produces an output of nearly half resolution of the input. Figure 3-2 shows
the architecture of the network. The input size is 304 x 228 while the output size is
160 x 128, which is nearly half the size of the input size.

3.2.1 Fully convolutional network

Compared to the ResNet-50, the FCRN model does not have fully connected layers
which are common for classification tasks. Eigen et al. [9] firstly use a
convolutional neural network with fully connected layers and the output is
reshaped to the desired resolution for the depth prediction. Fully connected layers
have some disadvantages. Firstly, it costs a large number of memory resources that
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the sliding window is large and each window stores the classification information.
Secondly, the efficiency of the computation is low due duplicated computation.
Thirdly, the sliding window is independent that we could only constrain partial
features. However, Long et al. [29] propose a fully convolutional network which
solves parts of the problem of fully connected layers.

(a) Overview of FCRN model
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(b) Projection shortcut (c) Skip shortcut

(d) Fast up-projection block

Figure 3-2 Architecture of FCRN

3.2.2 Residual block

Figure 3-2 (b) and (c) are the explanation of blue and orange blocks in Figure 3-2
(a). The blue block is projection mapping and the orange block is identity mapping
which can solve degradation problems of deep neural networks. The approach is
proposed by He et al. [19]. According to this paper, a deep residual learning
framework can produce no higher training errors. Figure 3-3 is identity mapping by
shortcuts. The connection in the right part is a shortcut connection. Typically,
training errors would decrease in the beginning and increase gradually when the
network is deeper due to the problem of degradation that the gradient would be
zero.
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However, with the shortcut, the network will not have degradation problems that
training errors could reduce continually. The explanation is that it is hard to expect
a few stacked layers can directly fit a desired underlying mapping. For example, we
assume the input is x, and the output is H(x). It is hard to expect H(x) = x that
multiplying nonlinear layers can approximate identity mapping. So we can consider
residual function F(x) = H(x) - x, which means H(x) = F(x)+x. If we can
approximate F(x) to zero, it can be achieved by letting weights of the nonlinear
layers toward zero, which means H(x) = x. F(x) + x can be acquired by a
feedforward network with a shortcut connection shown in Figure3-3. Since adding
an identity shortcut does not add any parameters or computational costs so it can
still be trained. Furthermore, it could solve the problem of degradation. We assume
�� is the input of the l-th layer, yl �� is the output of the l-th layer. So, we get the
Equation (3-1).

llll xxF  ),(y  (3-1)

Also, we let σ denote the ReLU activation function, we can get

)(x 1 ll y (3-2)

For convenience, we can ignore the activation operation, so we get

ll y1x (3-3)

From Equation (3-1) and Equation (3-3), we have

llll xxF  ),(x 1  (3-4)

We can induce that, for any layer L,
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For backpropagation, we assume the error is E, so we can get
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could never be -1, and lx

E

will never be zero, so the gradient

will not be zero and the degradation problem is solved. This is the most attractive
part of the residual block.

Figure 3-3 Residual block

For a shallow ResNet network, a two-layer ResNet block is adopted. However, in
the project, we use ResNet-50. In order to reduce the computational cost, which is
a bottleneck problem, a three-layer ResNet block is used which consists of 1x1, 3x3,
1x3 convolutional kernels. In this project, we not only use identity shortcuts but
also use projection shortcuts which are shown in Figure 3-2(b).

3.2.3 Up-projection block

An unpooling operation is the reverse of the pooling operation, which can output a
larger size of the feature map. Dosovitskiy et al. [30] use an up-convolutional block
which combines an unpooling layer and a convolutional layer. For the unpooling
operation, 2 x 2 kernel is used and each entry in the input is placed on the top left
of the kernel and others are filled with zero. The unpooling operation is shown in
Figure 3-4.

Figure 3-4 Unpooling operation



18

In the thesis, an up-convolution block consists of an unpooling operation with 2 x 2
kernel, a 5x5 convolutional kernel, and a ReLU activation function. The function is
to increase resolution and it is shown in Figure 3-5.

Figure 3-5 Up-convolution block

There is a more efficient approach to achieve the up-convolution that training time
could be reduced. If we replace up-convolution with convolutional operation of four
different size of kernels (3 x 3, 2 x 3, 3 x 2, 2 x 2). It is because after unpooling
operation, the size of the image is increased and there are many zero elements
(75%). When we use a 5 x 5 convolution kernel to convolve, most would be operated
on zero elements. Only certain parts of the 5 x 5 kernel would be operated on the
non-zero elements and these parts are not overlapped. So we divide the 5x5 kernel
into 3 x3, 2 x 3, 3 x 2, 2 x 2 kernels that can output the same result. Figure 3-6 is
equivalent to Figure 3-5 but more efficient.

Figure 3-6 Fast up-convolution block

If we introduce residual blocks into up-convolution by using projection shortcut
and add a 3 x 3 convolutional kernel, it would have the benefit of res-blocks. The
structure called up-projection blocks is shown in Figure 3-7. If we combine both
up-projection blocks and fast up-convolutions, it would enjoy both advantages of
res-block and be more efficient. So the final structure we use in the project is fast
up-projection blocks shown in Figure 3-2 (c).
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Figure 3-7 Up-projection block

3.3 Dense convolutional network (DenseNet)

DenseNet is another popular convolutional neural network after ResNet. It is
proposed by Huang et al. [5] and inspired by ResNet. DenseNet has the advantages
of ResNet but more than that. DenseNet can not only solve parts of the problem of
vanishing gradient, reuse features, enhance feature propagation but also decrease
the number of parameters, which is beyond previous networks. What is more, to
reuse features efficiently and reduce redundancy, the number of feature maps in
each layer is small. The architecture of DenseNet is mainly composed of dense
blocks and transition layers.

Dense block

For dense block, it is an original block that connects all layers which is a dense
connection. Each layer would accept all layers before this layer as inputs, so the
number of connections is dramatically increased. Figure 3-8 indicates the way of
connections.

(a) Dense block

(b) Simplified dense block

Figure 3-8 Structure of a dense block with four layers
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From Figure 3-8, we know there are totally 10 connections for a four-layer dense
block. So it can be induced that for an N-layer dense block, the number of
connections is

2
)1(sNumber 


NNconnectionof (3-7)

The output channel of each layer is k which is called growth rate. So the number of
input channels for each layer is

)1(kkk 0n  n (3-8)

, where 0k is the quantity of input channels of this dense block.

Also, between layers in a dense block, there are two convolutional operations which
are a 1x1 convolutional kernel and a 3x3 convolutional kernel. It is because the 1x1
convolutional operation can reduce the number of feature-maps as a bottleneck
layer and decrease the number of parameters to speed up computational time.

Transition layers

The transition layer is between every two dense blocks which have a 1x1
convolution kernel and a 2x2 average pooling operation. It is shown in Figure 3-9.
The function of it is to connect different dense blocks and reduce the size of the
feature map. It can also compress the model through convolutional operation to
decrease the number of feature maps.

Figure 3-9 Transition layer

Classification layers

Classification layers are a part of DenseNet which consists of an average pooling
and fully connected layers to make the classification. But in this project, depth
predictions are the target, so the classification layer will be deduced in the later
design.

Fully convolutional DenseNet network model

In this project, a new model is composed of the DenseNet-121 and fully
convolutional layers, which is modified from the FCRN model. The new model is
FCDN and the architecture of the model is shown in Figure 3-10.



21

Figure 3-10 Architecture of FCDN

The FCDNmodel has four dense blocks and the quantities of layers in each dense
block are 6, 12, 24 and 16 respectively. There are three transition layers and four
up-projection blocks in the model.

3.4 Scale invariant loss

Eigen et al. [9] propose an approach to define an error as scale invariant error.
Here � denotes predicted depth maps and y denotes ground truth depths. Since
the value of the depth map follows log distribution which means most objects are in
the shallow depth, but few objects are in the deep depth in the image. So � is to
denote the difference of the depth in the log domain. We can minimize scale
invariant error by minimizing Equation (3-10).

ii yy  loglogd (3-9)
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The loss is defined and shown in Equation 3-9. We introduce � � �t � . When � � �,
the loss function becomes L2 loss and when � � � the loss function becomes scale
invariant error. Here we set � � �h� to get balance.
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3.5 Optimizer

The function of the optimizer is to optimize the objective function which updates
the parameters to decrease the loss function and gets optimal parameters for the
network after iterating for enough epochs. The choice of various optimizers could
influence the time for convergence and even have a different result for the training.
Thus, not all optimizers are suitable for every network, and we need to attempt
potential optimizers to know which is better for the specific network.

3.5.1 Batch gradient descent (BGD)

BGD algorithm updates parameters from all training data. The way to update
follows the rule of Equation (3-12), where θ represents parameters, and  is the
learning rate. means the gradient and J(θ) means objective function.

)(-  J (3-12)

After updating, the updated parameters are usually better than previous
parameters and the loss will decrease continuously. For a small dataset, it is an
ideal optimizer for training. However, if the dataset is large, going through all data
would cost too much time and require large memory. Also, it cannot update the
parameters in real time.
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3.5.2 Stochastic gradient descent (SGD)

SGD algorithm updates parameters for each training sample )(ix and the label
)(iy and it is calculated as Equation (3-13).

]),[;(- )()( ii yxJ   (3-13)

In this algorithm, the calculation of the gradient could avoid redundant
computation, so it is quicker than the BGD algorithm for training. The updating
could also perform in real time. Nevertheless, due to the difference of samples in
the dataset, frequent updating makes cost function fluctuate and it is not always
towards a better parameter. In general, parameters will finally get great values and
it could converge to a better local minimum.

3.5.3 Mini-bath gradient descent (MBGD)

To enjoy both benefits of BGD and SGD, MBGD updates parameters from a mini-
batch data, as it is shown in Equation (3-14). In the equation, n represents the
number of samples in a mini-batch dataset.

]),[;(- ):()ni:( niii yxJ 
   (3-14)

For MBGD, parameters will not have a large fluctuation and more stable. The
disadvantage is the result of the optimization is influenced by choice of the learning
rate that the speed of convergence could be slow if the learning rate is too small
while the parameters would vibrate if the learning rate is too large. What is more,
the value of the learning rate is the same for the whole updating process that could
not be adjusted.

Momentum

For the problem of the SGD algorithm, momentum  can be used to solve it. In

Equation (3-15), tv means speed. Initial speed usually is zero and the value of

momentum is 0.9 in most cases.

)(v 1   Jvtt 

tv- (3-15)

With momentum, the speed of convergence will be quicker, and vibration will be
decreased.
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3.5.4 RMSProp

RMSProp optimization algorithm is proposed by Geoffery Hinton in his class [20].
It is an adaptive learning rate approach. It can decrease the risk of oscillation but in
a different way compared to momentum. Also, it can decide a different learning
rate for various parameters. The steps for updating the parameters at each time are
as follows.

Firstly, calculate the gradient at time t.

)(g 1 tt J  (3-16)

Secondly, get an exponential average of squares of gradients.

2
1 )1()(v ttt gv    (3-17)

Lastly, update parameters.  is the initial learning rate.

)ˆ/(g1-tt   tt v (3-18)

RMSProp could avoid the problem that gradients decrease steeply. So, it is suitable
for the non-stationary objective function.

3.5.5 Adaptive moment estimation (Adam)

Adam [32] is an algorithm to calculate the adaptive learning rate for each
parameter for a deep learning network. Adam can be viewed as being formed by the
RMSprop algorithm and SGD with momentum. It applies the estimations of first
and second moments of the gradient to adjust parameters. The calculation of
moment can be described by Equation (3-19).

][ n
n XEm  (3-19)

Where nm is n-th moment, E is expectation and nX means random variable of

power n.

The rule of updating follows the following steps.

Step 1 is calculating gradients according to the SGD algorithm at time t.

)(g 1 ttt f  (3-20)

Step 2 is updating the biased first moment estimate.

ttt gmm   )1( 111  (3-21)

Step 3 is updating the biased second raw moment estimate.
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2
212t )1(v tt gv    (3-22)

Step 4 is calculating the corrected biased first moment estimate.

)1/(m̂ 1t
t

tm  (3-23)

Step 5 is calculating the corrected biased second raw moment estimate.

)1/(v̂ 2
t

tt v  (3-24)

Step 6 is updating parameters.  represents the step size.

)ˆ/(ˆ1-tt   tt vm (3-25)

These six steps will repeat until updated parameters converge at time t.

The advantages of Adam are efficient computation with low memory requirements
and suitable to deal with large scale datasets and parameters. It can also solve the
problem of noise and the sparse gradient. These advantages make Adam optimizer
work for most deep learning networks.

3.6 Data augmentation

For a deep neural network, the data augmentation is a great approach that could
expand the dataset. When the dataset is not large enough, it is especially practical.
There are two kinds of data augmentation which are online and offline data
augmentation. Offline data augmentation would increase the size of the dataset and
need extra space to store the dataset, while online data augmentation would
increase the size of the dataset without introducing additional space to store. In the
meanwhile, data augmentation is significant to get better training accuracy since it
can help a neural network understand the same object better. Thus, data
augmentation is necessary for a deep neural network. There are some common
operations to augment the dataset and they are introduced in the following parts.

Flip

Flip could be used in a horizontal and vertical direction. To increase the number of
datasets, we can set the probability of flip to 0.5, which means there is a half chance
to do the flip operation. Figure 3-11 shows the operation of the flip.
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(a) Original image

(b) Vertical flip (c) Horizontal flip

Figure 3-11 The result of horizontal and vertical flip

Rotation

We can apply rotation within a certain range to increase the quantity of datasets.
Figure 3-12 shows the result of rotating 5 degrees of the original image. Rotation is
helpful to enlarge the number of datasets, but the disadvantages are remarkable.
After rotation, there will be many invalid points in the image. Also, calculating the
corresponding position of the pixels after rotation operation is much more
expensive in computational cost compared to other approaches for data
augmentation. Therefore, rotation operation is not considered in the
implementation.
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Figure 3-12 An original image (left) and rotated image in 25 degrees (right)

Scale

Scaling is a frequently used method that can scale an image to a larger size or a
smaller size. If we scale it to a larger size image, we can cut parts of the image to get
the same size as the original image. But if we scale the image to a smaller size, the
size will be changed and we have to make extra assumptions to fill missing values.
Typically, we scale the image to a larger size and Figure 3-13 shows an example of
the scaling operation.

Figure 3-13 Scale the image

Crop

We can randomly crop an image or crop the center part of the image. And then
resize the image to the same size as the original image. It is different from scale
operation that the sequence for scale is firstly resizing and then cut the image while
crop operation is otherwise. Figure 3-14 shows the result of the crop operation.
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(a) Original image

(b) After center crop (c) After random crop

Figure 3-14 Crop the image

Change color

Changing the color of images can decrease the reliability and sensitivity of color.
We can multiply a coefficient in a range for the whole values in the image. We can
also change brightness, saturation, and contrast. Figure 3-15 shows a sample for
changing color.
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Figure 3-15 The result of changing color with random brightness

3.7 Evaluation method

There are many common measures to estimate accuracy, and the definition will be
given as follows, where iy is the ground truth and iy is the prediction of the model.

1. Mean square error (MSE)
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2. Root mean square error (RMSE)
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3. Average relative error (REL)
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4. Average 10log error (log10)
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3.8 Summary of the chapter

In this chapter, the architecture of the models of the coarse and fine-scale network,
FCRN and FCDN are introduced in detail. Also, we introduce some common
algorithms for optimization. Loss functions are also mentioned here. What is more,
we discuss various approaches for the data augmentation.
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4 Experimental environment and pre-processing

This chapter introduces experimental environments and conducts the experiments.
The basic flow diagram for the training process is shown in Figure 4-1.

Figure 4-1 Flow diagram for the project
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4.1 Experimental environment

According to the limitation of current hardware and environmental condition, the
experimental platform is based on Colaboratory in Python. The network is
implemented by using PyTorch framework.

4.1.1 Colaboratory (Colab)

Colab is a Python development environment based on Jupyter Notebook. It is
running on Google Cloud in the browser. Colab is a powerful tool that we can write
the code and run it in real time. The most attracting feature is we can use free GPU
resources. So we can train complicated neural networks with Colab even if we do
not have GPU hardware resources in our computer and GPU resources are totally
free.

Colab supported Tesla K80 GPU which had 12 GB RAM. But now Colab provides
with more a powerful GPU. That is NVIDIA Tesla T4 shown in Figure 4-2. It is
based on Turing architecture which has 320 Turing tensor cores, 2560 Nvidia Cuda
cores, and 16 GB memory. Telsa T4 is much faster than K80 and training in Colab
is quicker with lower power. Using the GPU resource in Colab is economical.

Figure 4-2 Nvidia Tesla T4

Files can be uploaded and downloaded among Colab, Google drive, and the local
device. Figure 4-3 shows the relation of file transmission. This feature makes Colab
easy to use.
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Figure 4-3 Data flow among Colab, Google drive and device

Colab also supports popular frameworks and libraries that we can use pip to install
the libraries we want. This is quite practical and convenient.

However, Colab has some disadvantages. Firstly, every time we access Colab, we
have to configure the project, including the libraries we need and accessing to
Google drive. Secondly, connection time cannot exceed 12 hours each time. Thirdly,
the connection is not stable, sometimes we could lose all results and we have to
restart all steps. Thus, we should save important information in time and pay
attention when the program is running.

In conclusion, Colab is a powerful development platform that is easy to use and can
save a lot of time and save money. Everyone can use it freely only if we have a
Google account.

4.1.2 PyTorch framework

There are many popular deep learning frameworks, such as TensorFlow, Caffe, and
MXNet. But in this project, we adopt PyTorch framework. PyTorch is developed in
2017 by Facebook. Although it is a relatively new framework, it is one of the most
popular frameworks for the deep learning task. Stable version PyTorch 1.0 was
released in 2018. The advantages of PyTorch are as follows.

Firstly, it is so easy and natural to start to use PyTorch that you do not have to learn
many additional rules for the framework. Comparing with the TensorFlow
framework, we have to follow lots of rules for the TensorFlow framework.

Secondly, reading source code of PyTorch is also easy to understand. And there are
many resources in open source community that you can learn from the detailed
tutorials and discuss questions with other developers.

Thirdly, it is fast to build our own neural networks and validate our ideas.

In short, PyTorch is an efficient and powerful deep learning framework.
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4.1.3 Required software packages

There are several necessary packages for this project. They are Numpy, SciPy, H5py,
and Matplotlib.

Numpy is a crucial software package for mathematics in Python. It supports most
calculations for array and matrix. It has a large number of functions that can solve
complicated problems such as linear algebra and Fourier transform.

SciPy is an open-source package for Python. It is popular to solve mathematical
and scientific problems. In this project, the sub-package called ndimage in SciPy is
used to deal with the image processing part.

H5py package is an interface for HDF5 binary file. Using this package, it can store a
large quantity of data as a container. In this project, it is used to store the dataset.

Matplotlib is a plotting package that can deal with most plotting tasks. All figures in
this project are drawn by the Matplotlib library.

4.2 Implementation overview

Labeled datasets to be used are NYU V1 [33] and NYU V2 [34] dataset which have
totally 3733 images. The raw dataset has more than 13k images. The ratio of the
training dataset to the validate dataset is always 8 to 2. Considering time efficiency,
data augmentation operations comprise scaling, vertical flip, horizontal flip and
change color. Loss functions have a scale-invariant loss and L2 loss. Optimizers
adopted here are SGD with momentum and Adam. The batch size is 32. Coarse and
fine-scale network, FCRN and FCDN models are used to discover the factors that
could influence the performances of depth predictions. In this project, most
experiments are conducted in the FCRN model.

4.3 Data collection

NYU depth dataset is used for this project. NYU depth dataset is composed of
indoor scenes, which are collected from the RGB-D camera of Microsoft Kinect.
There are NYU depth V1 [33] dataset and NYU depth V2 [34] dataset. There are
labeled datasets and raw datasets in both datasets.

For NYU depth V1 dataset, there are 64 different indoor scenes with seven types of
scenes. It provides with 108617 unlabeled frames while 2347 frames are densely
labeled frames. Compared to NYU depth V1 dataset, NYU depth V2 dataset
comprises more scenes. 464 various indoor scenes and 26 scene types are recorded
in the NYU depth V2 dataset. What is more, 407024 unlabeled frames and 1449
densely labeled frames are provided. Similarly, both V1 and V2 dataset have more
than 1000 classes.
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The labeled dataset is a subset of the completed raw dataset. For the labeled dataset,
RGB images and the depth maps are synchronized, and dense labels are given for
each image. Missing values in depth maps are also filled in. We can get the labeled
dataset from MATLAB files which are XXX.mat files, and the dataset can be
directly used without pre-processing the dataset, while the raw dataset needs to be
processed (synchronization and projection) between RGB frames and depth maps.
The missing values in the depth map also should be considered to cope with. Figure
4-4 shows an RGB image, depth map and raw depth map in the labeled dataset.

(a) RGB image

(b) Depth map (c) Raw depth map

Figure 4-4 An RGB image and the depth map in the labeled dataset

4.3.1 Sampling from the labeled dataset

The labeled dataset has the following variables which are accelData, depths, images,
labels, names, namesTolds, rawDepths and scenes. In this project, we only need to
consider the variables of depths and images.
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The size of the image is ��䁠��䁓, where � and䁠 are height and width,
respectively. The value 3 represents RGB channels. 䁓 represents the number of
images.

The size of depth maps is ��䁠�䁓. � represents height while䁠 represents width,
and 䁓 is the number of the images. The unit of values of depth variables is in
meters.

Since it is a labeled dataset which has been preprocessed already, each value in
image variables has the corresponding value in depth variables.

4.3.2 Sampling from the raw dataset

A large amount of dataset is required for the project, so we can use the raw dataset,
which is large enough for training. We extract the raw dataset from NYU depth V2
dataset in this project.

Due to the large size of the raw dataset, it has a certain structure of the file. A scene
could be stored in many folders, and each folder corresponds to a certain scene.
There could be many a-XXX.dump, d-XXX.pgm and r-XXX.ppm files in each
folder. A filename begins with the prefix ‘a’ is accelerometer dumps. A filename
begins with the prefix ‘d’ is the frame from the depth camera and starts with the
prefix ‘r’ is the frame from the RGB camera. A sequence number after the character
prefix means the recording time. To be more specific, Figure 4-5 shows the
structure of files.

Figure 4-5 Structure of the raw dataset

To cope with the raw dataset from Kinect easily, Silberman provides a toolbox in
MATLAB environment.
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In order to make the raw dataset available for training, firstly, related RGB files and
depth files should be connected. There is a time difference in recording the RGB
frame and depth frame from Kinect. So we regard the depth frame as the primary
principle which means each depth frame will be synchronized with the nearest RGB
frame. After getting synchronized RGB images and depth frames, the next step is
projecting the depth values into the RGB images and revising the meaningless
values of the depth map. Mask maps would provide the information about
unreliable values of depths.

The result of the preprocessing raw dataset is shown in Figure 4-6.

(a) RGB image

(b) Depth map (c) Mask map

Figure 4-6 Raw dataset after pre-processing

4.4 Data augmentation

In the dataset, the size of each RGB image is 640x480x3 and depth map is
640x480. If it is a raw dataset, there is a mask map with the size of 640x480.

For data augmentation process, this project adopts online data augmentation
which does not consume more memory while enlarging the size of the dataset.
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As for RGB images, firstly, images will be flipped vertically or horizontally with
50% probability. Then scaling is applied and the size of an RGB image will be
304x228x3. Thirdly, changing color is applied that each time a random number
between 0.8 and 1.2 is multiplied to each pixel. If the value exceeds 255, then it will
be constrained to 255. At last, the image will be converted to a tensor for further
process.

As for depth maps, they also have a 50% probability to flip vertically and
horizontally. Then it is scaled to 304x228. After that, the depth map is converted to
a tensor.

For the raw dataset, there are mask maps. The mask map follows the way of the
depth map so they have the same data augmentation processing.

4.5 Build FCRN model

The input size of an RGB image is 304x228. Building the FCRN model follows the
way of Figure 3-2 in Chapter 3. When constructing the fast up-projection block, in
order to keep the same size of the intermediate feature map, padding should be
properly adjusted. For the convolutional operation with 3x3 kernel size, padding
one more column or row for all sides. For the convolutional operation with 2x3
kernel size, paddings should be applied to left, right and top sides. For the
convolutional operation with 3x2 kernel size, paddings are applied to left, top and
down sides. For convolution operation with 2x2 kernel size, paddings are applied to
the left and top sides. Table 4-1 shows the size of the feature map in each step and
the output size.

Operation Output size

Convolution 7x7, stride=2 148x110x64

Pooling 2x2 76x57x64

Residual_block_1_projection 76x57x256

Residual_block_1_skip_1 76x57x256

Residual_block_1_skip_2 76x57x256

Residual_block_2_projection 38x29x512

Residual_block_2_skip_1 38x29x512

Residual_block_2_skip_2 38x29x512

Residual_block_2_skip_3 38x29x512

Residual_block_3_projection 18x15x1024



38

Residual_block_3_skip_1 18x15x1024

Residual_block_3_skip_2 18x15x1024

Residual_block_3_skip_3 18x15x1024

Residual_block_3_skip_4 18x15x1024

Residual_block_4_projection 10x8x2048

Residual_block_4_skip_1 10x8x2048

Residual_block_4_skip_2 10x8x2048

Convolution 1x1 10x8x1024

Fast up-projection_1 20x16x512

Fast up-projection_2 40x32x256

Fast up-projection_3 80x64x128

Fast up-projection_4 160x128x64

Convolution 3x3 160x128

Table 4-1 Steps of building the FCRN model

After getting the output of the network, the output image is then upsampled to the
size of 304x228 to have the same size as the input image.

4.6 Build coarse and fine-scale model

The input size of the RGB image is 304x228. Building the model follows the
method in Chapter 3. In this model, there are two networks. Firstly, the coarse-
scale network is trained for 50 epochs to output a global prediction. In the fine-
scale network, it regards both the original input image and the output of the coarse-
scale network as the new inputs of the model. After training the fine-scale network,
it outputs a final depth prediction. The steps and corresponding size of the feature
map during training are listed in Table 4-2.

Steps Output size

Coarse 1 37x27x96

Coarse 2 18x13x256

Coarse 3 18x13x384

Coarse 4 18x13x384

Coarse 5 8x6x256
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Table 4-2 Steps in coarse and fine-scale network

After getting the output of the network, the output image is then upsampled to the
size of 304x228 to have the same size as the input image.

4.7 Build FCDN model

DenseNet-121 replaces ResNet in the FCRN model which becomes the FCDN model.
The input size is also 304x228. The classification layers are removed from
DenseNet-121. Four fast up-projection blocks follow DenseNet-121. The last
operation is adjusting the number of channels of the output by a 3x3 convolution
layer. The details are shown in Table 4-3.

Operation Output size

Convolution 7x7, stride=2 152x114x64

Max pooling 3x3, stride=2 76x57x64

Dense block 1 76x57x256

Transition layer 1 38x28x128

Dense block 2 38x28x512

Transition layer 2 19x14x256

Dense block 3 19x14x1024

Transition layer 3 9x7x512

Dense block 4 9x7x1024

Fast up-projection 1 18x14x512

Fast up-projection 2 36x28x256

Fast up-projection 3 72x56x128

Fast up-projection 4 144x112x64

Coarse 6 4096

Coarse 7 74x55x1

Fine 1 74x55x63

Fine 2 74x55x64

Fine 3 74x55x64

Fine 4 74x55x1
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Convolution 3x3 144x112

Table 4-3 Steps in the FCDN model

4.8 Summary of the chapter

This chapter describes experimental parts, including experimental environments,
relied libraries, pre-processing of the dataset, and configuration of various CNN
models.
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5 Experiments and analysis of results

In this chapter, we conduct the experiments, present the results and analyze the
results.

5.1 Explore the impact of different loss functions in FCRN model

Only labeled datasets with 3733 images are used here. Adam is adopted for the
optimizer. Pre-trained weights of ResNet trained from ImageNet are applied to
initialize parts of the network.

Scale invariant loss function

Scale invariant loss function tries to minimize the pair difference in both ground
truth and prediction. The initial learning rate is 0.001, and it would be manually
multiplied by 0.8 every six epochs. The parameter weight decay is set to zero. In
Figure 5-1, the green line represents scale invariant loss, and the blue line is
training MSE error and the red line is testing MSE error.

Figure 5-1 Training and testing MSE with the scale invariant loss function

L2 loss function

The initial learning rate is 0.001, and it would manually multiply 0.8 every six
epochs. The parameter weight decay is set to zero. In Figure 5-2, the best training
error is 0.19 and the corresponding validating error is 0.48.
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Figure 5-2 Training and testing MSE with L2 loss function

Analysis of loss functions

According to Figure 5-3, it shows that L2 loss function outperforms the scale
invariant loss function significantly. This result is surprising.

Figure 5-3 Comparison of L2 and scale invariant loss function

In theory, scale invariant loss function is better than L2 loss function because scale
invariant loss function considers minimizing the error of each point and introduces
a penalty of average mean error for all points. It also considers the scale of depths.
From Figure 5-3, it can be found that the value of scale invariant loss is small and
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decreasing slowly. The reason for the result could be the insufficient dataset where
scale invariant loss function is put forward with 220k data in [9] while in this
experiment, there is only a 3k dataset. So scale invariant loss is hard to keep the
balance of reducing error for each point and average error for all point so scale
invariant loss decrease slowly and after 50 epochs it has not reached a good result.

5.2 Explore the impact of different optimizers in FCRN model

Different optimizers follow various rules to update parameters and they could have
different results. In this section, we discuss SGD and Adam optimizers. Only
labeled datasets with 3733 images are used here. The loss function is L2.

SGD optimizer

SGD optimizer with momentum could learn better, so the experiment is conducted
with constant momentum. The parameters of this experiment are as follows. The
initial learning rate is 1e-3, the momentum is 0.9, and the weight decay is 1e-4. The
number of training epochs is 50. After training for around 500 minutes in Colab,
the result is shown in Figure 5-4 and Figure 5-5. The best training MSE error is
0.25 while the best validating MES is 0.479.

Figure 5-4 Training and testing MSE with SGD optimizer
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(a)Prediction (b) RGB image (c) Ground truth depth

Figure 5-5 Prediction results of SGD optimizer

Adam optimizer

Here labeled dataset with 3733 images are used and Adam optimizer is chosen with
the weight decay equals to 0. The initial learning rate is 0.001, and it would be
manually multiplied by 0.8 every six epochs. The best training error is 0.19 and the
corresponding validating error is 0.48. The results are shown in Figure 5-2 and
Figure 5-6.



45

Figure 5-6 Prediction results of Adam optimizer

Analysis of optimizers

In the experiment of exploring the influence of the optimizer, the results from
Figure 5-7 indicates that Adam optimizer with manually changing learning rates is
better than pure Adam or SGD optimizer.

Figure 5-7 Compare the result of different optimizers
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This is out of my expectation because Adam optimizer is a self-adaptive optimizer
and according to its theory, each parameter could have their own learning rate and
learning rates are updating dynamically and towards a better direction. So Adam
should work best in theory.

However, the result shows that we can adjust a good algorithm by ourselves and it
may have a better result than the original algorithm. This result means that the best
algorithm in theory does not always cause the best result in practical application.
Thus, we should not always follow and obey the existing rules or theories. Doing
experiments is the best way to testify and convince ourselves.

SGD does not work well and it is in my expectation since all parameters have the
same learning rate. There are large quantities of parameters so we cannot simply
look forward to assigning all parameters with the same learning rate that would be
suitable for all parameters. SGD has merit which is very likely to jump out of the
local minimum but no promise of a better result because it is possible to converge
to a local optimal or saddle point.

SGD with momentum works better than pure SGD optimizer and it is reasonable
since momentum can exploit both the gradient of the previous batch and current
batch which can stably update the parameters. Moreover, it can escape from the
local minimum to some extent.

Actually, there is no best optimizer for all CNN models. That is why there are still
so many popular optimizers existing.

Typically learning rate should start from a large value and decrease gradually
because in the beginning of several epochs, the training process should learn fast
and update parameters in a large step to be quicker to converge. When the
parameters are close to convergence, the learning rate should be decreased so the
length of each step could be smaller that can deduce the risk of vibration and make
the speed of convergence faster. If we do not decrease the learning rate but keep the
learning rate the same for the whole training process, it has a large probability of
vibration and never converges to a good result.

5.3 Explore the impact of pre-trained parameters in FCRN model

No pre-trained parameters

In this section, there are no pre-trained parameters. The loss function is L2 loss.
The optimizer is SGD with momentum equals to 0.9, weight decay is 1e-4. The
learning rate is 0.001 initially and multiplies 0.8 every six epochs. Figure 5-8 shows
the training result.
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Figure 5-8 Training and testing MSE without pre-trained parameters

With pre-trained parameters

In this section, loss function is L2 and SGD optimizer is adopted. The learning rate
is 1e-3, momentum is 0.9, and weight decay is 1e-4. The number of training epoch
is 50. The result can be seen in Figure 5-4.

Analysis of pre-trained parameters

According to Figure 5-9, it has no doubt that pre-trained parameters play a crucial
part for training. Without pre-trained weights, the mean square error is still quite
large even after 50 epochs. But if the parameters of ResNet part of the FCRN are
initialized with pre-trained parameters from the ImageNet dataset, the speed of
training is much faster to converge. It is interesting that pre-trained parameters are
from a classification task and I use it for the depth prediction task. This means
training classification task has something in common with the depth prediction
task. A reasonable explanation is that each layer in a CNN model learns some
features of the input images and these features can help model understand better
about depth information. Also, these features are also useful in other datasets for
some tasks related to images.
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Figure 5-9 Comparison of pre-trained parameters

5.4 Explore the impact of size of dataset in FCRN model

Experiment on a small dataset

The small dataset is composed of NYU depth V1 labeled dataset and NYU depth V2
labeled dataset and the total number of the dataset is 3k. Figure 5-2 shows the best
result in the small dataset, and the implementation can refer to section 5.1.

Experiment on a large dataset

For a large dataset, there are 13k images extracted from NYU depth V2 raw dataset.
There are RGB images, depth maps and mask maps. In this project, the mask map
would mask unreliable pixels when calculating the loss, so only valid pixels would
be calculated.

There are two trainings in this section. Firstly, the training dataset has 13k raw
datasets, and the testing dataset has 3k from the labeled dataset. The optimizer is
Adam, where the learning rate is 1e-4 and the weight decay is 1e-4. Loss function is
L2. There are totally 19 epochs. The result is shown in Figure 5-10.
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Figure 5-10 Training result of large dataset

Based on the training result of the large dataset, the model is then trained with the
small dataset. The hyper-parameters are the same as large dataset and the number
of training epochs is 30. The result of the small dataset is shown in Figure 5-11.

Figure 5-11 Training result of small dataset with pre-trained parameters of the large
dataset

Analysis of size dataset

Figure 5-12 shows the result of the small dataset and large dataset for FCRN model.
According to it, a larger dataset achieves better depth predictions than a small
dataset. Meanwhile, the small dataset with pre-trained parameters (red line) from
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the large dataset is better than the small dataset with pre-trained parameters of
ImageNet (green line). This also indicates the significant role of pre-trained
weights for a CNNmodel.

Figure 5-12 Compare the result of different size of dataset

5.5 Explore the impact of different models

Due to the limitation of training time, this section is implemented in the small
dataset of the 3k NYU labeled dataset.

Experiment on the coarse and fine-scale network model

In the coarse and fine-scale model, there are actually two networks. Firstly, the
coarse-scale network is trained. Here the loss function is L2, and optimizer is Adam.
The learning rate is 0.001 without weight decay. Figure 5-13 is the training result of
the coarse-scale network.
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Figure 5-13 Training result of coarse-scale network

By exploiting the output of the coarse-scale network and the original input, the
fine-scale network can be trained with the same hyperparameters. However, it has
no difference from the result of the coarse-scale network.

Experiment on FCRNmodel

Since most experiments are conducted in the FCRN model, there is no necessary to
conduct extra experiments in this section. The best result by using the FCRN model
can refer to Figure 5-2.

Experiment on FCDNmodel

For the FCDN model, we mainly aim to testify DenseNet works better than ResNet.
The size of each layer is shown in Table 4-3. The best result of FCDN is shown in
Figure 5-14. In this training process, the L2 loss function is chosen. The Adam
optimizer with the learning rate equals to 1e-4 while the weight decay is 5e-4. For
the result of the last epoch, the training error is 0.146 while the testing error is
0.333.
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Figure 5-14 Training result of FCDN model

Analysis of various CNNmodels

From Figure 5-15, it is obvious that a proper model can achieve better results.
There are coarse and fine-scale network model, FCRN model and FCDN model.

Figure 5-15 Comparison of models

For the coarse and fine-scale model, it has only 11 layers where the first network
has seven layers. After training, we get a coarse scale depth prediction. The output
of the coarse-scale network is then concatenated with the original input as inputs
for a fine-scale network with four layers. There are totally 11 layers in the model
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and the mean square error is largest among these three models and it learns
nothing according to the prediction depth map. The FCRN model has 64 layers and
it outperforms the coarse and fine-scale network model significantly. A new model
FCDN with 138 layers achieves the best result among these three models.

It can be inferred that deeper networks usually work better than shallow networks
because deeper networks can learn more features and describe a more complicated
task. Some deep networks, however, get increasing errors as the number of layers
increases and it is not because of overfitting. It is because deeper networks could
suffer from the problem of the vanishing gradient or explosive gradient. The FCRN
consists of ResNet which can increase the number of layers and reduce the risk of
vanishing gradient. The FCDN model is better since it can not only increase the
number of layers and relieve the pressure of vanishing gradient, but also has fewer
parameters, reduce redundancy, and enhance feature reuse which is more efficient
and fit better.

It also can be learned that the learning rate is not always the same and it depends
on the model and inputs. Figure 5-2 shows that the initial learning rate which is
0.001 is better for the FCRN model while the result in the FCDN model indicates
the initial learning rate with 0.0001 works better for the FCDN model. Therefore,
to get a more proper learning rate, we should try different values but not just
according to our experience.

5.6 Reliability Analysis

In the same development environment, experimental results could be slightly
different due to the following reasons.

 Different input data and sequence in each epoch because of the randomly
shuffled dataset.

 Parts of parameters are initialized randomly. Because there are quite a large
number of parameters, it is impossible to assign value for all parameters one by
one.

 In data augmentation processing part, vertical flip, horizontal flip and change
color operations all have a random probability. So these operations could
happen or not happen, and the coefficient for changing color is not a certain
number but a random number in a range. Thus there are different new datasets
after data augmentation.

 If the network adopts the dropout method, we cannot decide which node will
be dropped and it is randomly assigned.

Despite random factors in the training process, the result and trend will not have
too much difference. So we can still trust the result and it is reliable.
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5.7 Summary of the chapter

This chapter conducts different experiments for the coarse and fine-scale network,
FCRN and FCDN model, and analyzes the results of different optimizers, loss
functions, pre-trained parameters, size of the dataset, and different CNN models.
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6 Conclusions and Future work

In this chapter, a summary of the work which has been done is described, and
conclusions according to experimental results are drawn. At the same time, we
discuss the limitation of this project and present some future work from different
perspectives to improve the performance of depth prediction.

6.1 Summary

Depth recovery is a classical task of computer vision area. Many traditional depth
prediction approaches can estimate the depth of scenes, but they all have common
drawbacks which are too complicated. With the development of CNN approaches,
CNN approaches have successfully applied to object recognition and semantic
segmentation and achieve better performance. Depth prediction task has
something in common to those tasks which benefit a lot from CNN methods, such
as features in the images. So researchers consider exploiting CNN to solve depth
estimation task.

This thesis introduces the background of CNN and the advances in predicting the
depth from single images, stereo images and videos in chapter 2. Methods for this
project are described in detail in chapter 3. Several experiments are conducted of
potential factors which could influence the performance of depth predictions by
CNN approaches. The potential factors are loss function, optimizer, pre-trained
weights, size of the dataset and complexity of a CNN model and we assume these
factors all have an impact on the final performance. We assume that scale invariant
loss function works better than L2 loss function since L2 loss function is a part of
scale invariant loss function. We also assume that Adam optimizer is the best
optimizer because it is a self-adaptive optimizer that it is not necessary to adjust
parameters manually. Furthermore, the pre-trained weights could improve
performance significantly since they already learn many features. Lastly, we
assume deeper CNN networks can achieve better results compared to the shallow
CNN networks. The experiments are conducted and discussed in Chapter 5. At the
same time, two popular CNNmodels for the depth prediction task are
experimented and compared. What is more, a state-of-the-art neural network
DenseNet for classification is applied to this predicting depth task.

6.2 Conclusions

In this project, through the experiments, it can be concluded that deeper
convolutional neural networks with the pre-trained parameters can achieve better
performance. At the same time, the pre-trained model can especially accelerate the
training process. We also find that the quantity of training dataset is essential for
CNN-based monocular depth predictions. Finally, the FCDN model achieves better
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performance than the FCRN model, which indicates DenseNet could also be
applied to the depth prediction task and work better. We also draw the conclusion
that there is no best optimizer for all CNNmodels, so we shall not fall into
empiricism and we can get the most suitable optimizer for a CNNmodel by
conducting several experiments.

6.3 Limitations and future works

In this project, the GPU resource is from Google Colab and it has problems of
instability and limitation of using time. At the same time, the I/O transmission
efficiency of the Colab platform is another bottleneck. Thus, we cannot train more
models on large-scale datasets. In future work, the project can be extended by a
high-performance computer and the training process can be executed locally.

In this project, the architecture of FCDN model is more complicated but has fewer
parameters and less training time compared to FCRN model. Thus, constructing a
deeper and more sophisticated model with fewer parameters is a feasible idea.

The scale of the dataset is crucial for training a CNN network. However, a large
dataset with ground truth is not always available, especially in outdoor scenarios.
Therefore, in the future, unsupervised learning approaches using motion stereo
and geometry constraints can be considered to solve the depth prediction task in a
data-efficient manner.

Constructing an appropriate CNN model to solve a specific task is complicated and
finding proper hyperparameters is not easy. AutoML is a promising tool for
network design and hyperparameter tuning. Recent works show the feasibility of
applying AutoML to object detection [35, 36, 37] using relatively small datasets
(CIFAR and etc. ). Introducing AutoML in the depth prediction task can
significantly reduce the workload of the tuning process and search the network
structure efficiently.
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