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Abstract

Alpha matting is an important topic in areas of computer vision. It has various applica-

tions, such as virtual reality, digital image and video editing, and image synthesis. The

conventional approaches for alpha matting perform unsatisfactorily when they encounter

complicated background and foreground. It is also difficult for them to extract alpha matte

accurately when the foreground objects are transparent, semi-transparent, perforated or

hairy. Fortunately, the rapid development of deep learning techniques brings new possibil-

ities for solving alpha matting problems.

In this thesis, we propose a residual convolutional grid network for alpha matting, which

is based on the convolutional neural networks (CNNs) and can learn the alpha matte di-

rectly from the original image and its trimap. Our grid network consists of horizontal

residual convolutional computation blocks and vertical upsampling/downsampling convo-

lutional computation blocks. By choosing different paths to pass information by itself,

our network can not only retain the rich details of the image but also extract high-level

abstract semantic information of the image. The experimental results demonstrate that

our method can solve the matting problems that plague conventional matting methods for

decades and outperform all the other state-of-the-art matting methods in quality and visual

evaluation. The only matting method performs a little better than ours is the current best

matting method. However, that matting method requires three times amount of trainable

parameters compared with ours. Hence, our matting method is the best considering the

computation complexity, memory usage, and matting performance.
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Chapter 1

Introduction

1.1 Alpha Matting

Alpha matting, which is also called natural image matting, aims at accurately extracting

the foreground objects and estimating the opacity information of the foreground objects

from a complicated natural image.

Alpha matting is an important topic in areas of computer vision. It has various appli-

cations, such as virtual reality, digital image and video editing, image and video segmenta-

tion, image synthesis, etc. With the recent advances of digital cameras and the flourishing

growth of films with virtual scene, using matting techniques to create novel composites or

accomplish other editing tasks has attracted more and more attentions from both research

communities as well as consumers in recent years.

Mathematically, alpha matting can be expressed using Equ. (1.1):

Ii = αiFi + (1− αi)Bi, (1.1)

where, Ii is the color of pixel i in a natural image. Fi is the foreground color of pixel i, Bi

is the background color of pixel i. The color Ii can be considered as a linear combination of
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foreground color Fi and background color Bi. αi represents the opacity of foreground color

of pixel i. It is a value in the range of [0,1], where α = 0 indicates a definite background

pixel and α = 1 denotes a definite foreground pixel. Otherwise it is a mixed pixel. There

are some reasons why mixed pixels exist in natural images, i.e. some pixels have an opacity

value of 0 < α < 1: Transparency, sub-pixel structure, optical blur and motion blur.

The purpose of alpha matting is to estimate the alpha matte, which is a whole opacity

image with corresponding α value for each pixel.

Alpha matting is an inherently under-constrained problem with no exact solution, be-

cause it involves seven unknowns: RGB three color components of each foreground color

Fi, RGB three color components of each background color Bi, and the α value of pixel i.

Meanwhile, it includes three knowns: RGB three color components of Ii for every pixel.

However, it contains only three equations. The short of equations and constrains makes

alpha matting a challenging problem in image processing since it was proposed.

1.2 User Interaction

To mitigate the difficulty in solving the inherently ill-posed problem, some additional con-

straints are provided manually by users, such as trimap and scribbles. The trimap roughly

segments the natural image into three parts: definite foreground, definite background and

unknown regions that consist of a mixture of F and B colors. In the definite foreground

region, the alpha values are 1. In the definite background region, the alpha values are 0.

Alpha values are computed only for pixels inside the unknown region. Figure 1.1 shows

the influence of trimap in alpha matting.

As shown in Figure 1.1, for some matting algorithms, the coarse level of trimaps can

influence the accuracy of alpha mattes, the smoother the trimap, the more accurate the

alpha matte. However, constructing and calibrating a trimap requires a considerable degree

2



Image Trimap Alpah Matte

Figure 1.1: Example images from the online benchmark [47] for alpha matting. The first

column is original image. The second column shows trimaps of different smoothness levels:

the first row is a smooth trimap, the second row is a coarse trimap, and the third row is a

trimap drawn by user. The third column shows the corresponding alpha mattes generated

according to the different trimaps. In the trimaps, the foreground is white, the background

is black, and the unknown area is gray. The alpha mattes are obtained by the Three layer

matting algorithm [35].
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of user interaction, which costs time and energy, especially when the foreground objects

are partially transparent, hairy or there is no known foreground object in image, such as

the cobweb, the dandelion, the bulb and glass images in Figure 1.2.

Meanwhile, it is almost impossible to manually create an optimal trimap. Hence, some

specialists try to obtain the alpha mattes from original images without user-drawn trimaps.

Some of them suggest to generate trimaps automatically [2] [20] and others use the scribbles

instead of trimaps [34] [60].

Unlike trimap, which carefully defines all pixels in the whole image as foreground pix-

els, background pixels and mixed pixels, the scribbles only use a few sparse strokes with

different colors to represent foreground and background respectively. Figure 1.3 (a) shows

an image with user specified foreground and background strokes, where the red strokes

represent the foreground objects, and the blue strokes indicate the background. The alpha

matte based on scribbles constrains is shown in Figure 1.3 (b), which is extracted by the

Iterative BP matting algorithm [60].

User interactions are really necessary for alpha matting. However, since they just help

to narrow the unknown regions and add some constrains for calculating, the information

provided by user in these way is limited and, as we describe above, expensive. Accurately

extracting alpha value from a natural image is still full of challenges.

1.3 Conventional Matting Algorithms

The approaches for solving alpha matting problems have progressed for thirty years. Since

new approaches based on deep learning showed up in recent years, we can roughly classify

all the alpha matting approaches into two categories: conventional approaches and deep

learning based approaches.

4



Image Trimap Three Layer Matting Our Method

Figure 1.2: The comparison between our method and the Three layer matting [35]. The

images and trimaps are from the deep image matting Composition-1k testing dataset [65].

The alpha mattes of the Three layer matting are obtained by running the source code

provided by the author.
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(a) (b)

Figure 1.3: (a)Original image with user scribbles. (b)Extracted matte by the Iterative BP

matting algorithm [60]. The image and alpha matte are from [60].

The conventional approaches for alpha matting can be classified into two categories:

sampling-based methods [8], [14], [21], [46], [49], [52], [53], [61], and propagation-based

methods [6], [19], [33], [34], [57].

Sampling-based methods collect foreground and background sample pairs from known

regions, choose the suitable pairs to represent the true foreground and background colors

of the given unknown pixel, and calculate the α value of that pixel based on the estimated

colors.

Propagation-based methods propagate α values from known regions to unknown ones

relying on the affinity between neighboring pixels.

These conventional approaches mainly rely on color information, spatial position infor-

mation of pixels, affinity between neighboring pixels, as well as some uncertain assumptions.

They are unable to comprehend the semantic information of the natural images. Hence,

when the foreground and background color distributions overlap; the background texture

is complex; the foreground objects are transparent (e.g., bulb, glass), semi-transparent

(e.g., plastic bag, dense mesh, fabrics, veil), perforated (e.g., net, grid, strainer) or hairy

6



(e.g., hair, feather, fur); or the underlying assumptions are violated, the matting results

will deteriorate. We will give an example in the following.

See Figure 1.2. The Three layer matting approach, which was proposed by Li [35], is one

of the top conventional approaches. As we can see in the first row of the Figure 1.2, when

the image has no known foreground pixels, the conventional matting approach may fail to

calculate alpha matte, since most of conventional matting approaches must leverage known

foreground and background pixels to calculate alpha matte. Similarly, when the foreground

objects are hairy like the ones in row two and row three, the conventional approach may also

fail to extract the alpha matte from those hairy regions. The reason is also obvious: in the

hairy region, the foreground color information is sparse and dispersive, it is difficult to judge

a pixel to be a foreground pixel, a background pixel or a mixed pixel, and it is also difficult

to sample a suitable pair to represent the true foreground and background colors of the

target pixel. The row four and row five show the situation where a conventional approach

encounters images with transparent foreground objects, even with reflection phenomenon

in foreground objects (row five). Since most of the conventional matting methods use color

information as distinguishing features, when the foreground objects are transparent, they

define definite background pixels as foreground ones by mistake (row four). They fail in

handling light reflection phenomenon, where they define the reflection part of foreground

as a background area.

In fact, the problem mentioned above has plagued image matting research community

for a long time, since a lot of foreground objects in natural images are hairy (e.g., ani-

mals with fur, people with hair, birds with feather), perforated (e.g., web, net, strainer),

transparent (e.g., window, glass, bulb), semi-transparent (e.g., bridal veil, dense mesh,

fabrics) and so on. The problem cannot be ignored by any alpha matting researchers. The

conventional matting approaches just rely on color and spatial position information as the

distinguishing feature, and they cannot comprehend semantic information of images. This

inevitably makes the conventional matting approaches fail in dealing with those kinds of
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matting problems. Fortunately, the advent of deep learning based matting approaches

bring new possibilities for matting problems.

1.4 Deep Learning based Matting Algorithms

The past few years have witnessed a rapid development of deep learning based techniques.

As a branch of deep learning, deep convolutional neural networks (CNNs) [32] have also

shown excellent performance in massive computer version tasks, such as image classification

[31], [56], [58], [66], semantic segmentation [16], [41], [54], [67] and object detection [15],

[16], [27], [37], [44], [45], [50]. In image classification task, CNNs define the objects in an

image. For semantic segmentation, CNNs identify and segment every object in an image.

For object detection, CNNs ascertain the location of objects in an image.

When accomplishing those massive computer vision tasks, CNNs have shown the ex-

cellent capability of comprehending the content of the images, as well as extracting the

features of the images. So, they are considered to be feasible for solving alpha matting

problems.

In recent three years, some matting methods based on CNNs have been proposed. The

DCNN [7] method takes the alpha matting results of closed-form matting [34] and KNN

matting [6], as well as three-channel original natural image as inputs. It is the first matting

method that introduces CNNs into alpha matting problem and has achieved an outstanding

performance in matting evaluation. However, the DCNN matting method depends largely

on the matting results of conventional matting methods: closed-form matting method

[34] and KNN matting method [6], which inevitably retains the matting errors existed in

previous matting methods. The automatic portrait matting method [55] only uses CNNs to

produce trimap of a person in a portrait image and use closed-form [34] for matting through

which matting errors are back propagated to the network. The deep image matting [65]
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learns alpha matte directly from three-channel RGB natural image and trimap, and obtains

the state-of-the-art performance on the benchmark dataset [47]. However, the network

architecture of the deep image matting is complicated. Without the refinement stage, it

could generate nearly 26 million parameters which leads to a long training time.

1.5 Thesis Contributions

In this thesis, we propose an alpha matting approach based on CNNs, which has the fol-

lowing four contributions in improving the performance and efficiency of the alpha matting

task.

The first contribution is that our method solves the conventional problems that trouble

the alpha matting area for decades. As we have mentioned above, conventional matting

methods have their own defects in dealing with some special kinds of foreground objects,

due to their inherent characteristics. Our method overcomes those defects by comprehend-

ing the content of images and learning the natural structure that is presented in images.

For example, in the first row of Figure 1.2, the foreground object is a cobweb, which pos-

sesses its own textural patterns. Our network can learn that patterns and extract alpha

matte from the original image accurately. In the same way, hair, fur, net, grid and other

foreground items, they all have their own strong structural and textural features, which can

also be learnt and extracted by our network. Our network can also recognize the edges, the

region of transparent, the region of light reflection (optional blur) by learning its special

structure, respectively. The column four of Figure 1.2 shows the good performance of our

method in dealing with those images with special foreground objects.

The second contribution is that we present a full convolutional neural network for

alpha matting, which directly learns an end-to-end mapping between image, trimap input

and alpha matte, with little pre/post-processing beyond the optimization. Unlike the

9



DCNN matting [7], which relies on matting results of conventional matting methods, and

the automatic portrait matting [55], which uses CNNs to create a trimap, and relies on a

propagation-based matting method for matting process, our network learns an alpha matte

directly from a given image and trimap pair. Without relying on any conventional matting

methods, our method avoids the drawback in conventional matting methods.

The third contribution is that we are the first to introduce grid network to alpha

matting and have demonstrated the superiority of this kind of network. Although CNNs

have shown impressive success for various computer vision tasks, it does not mean we can

use the existing structures directly to solve the matting problems. There are two main

reasons: firstly, there is a contradiction between rich matte details and abstract high-

level semantic information. For example, with a lot of layers of downsampling, network

structures used for classification may get the abstract high-level semantic information from

images, but the downsampling operation may led to the lose of matte details, which can

not be completely and accurately recovered even if we add some upsampling operation in

the following structures. Other low-level computer vision methods, such as image super

resolution [10], filtering [64], denoising [62] and deblurring [63], use CNNs to do regression.

They also do not fit matting problem because no semantic information is considered. The

second reason is the contradiction between a complex network architecture and a limited

training dataset. Unlike other computer vision tasks which have rich training and testing

dataset, alpha matting problem has a poor dataset because of the difficulty in getting a

ground truth. At the beginning, there are only 27 training images and 8 testing images

are public on the alpha matting evaluation benchmark website [47], which are used for

comparing performance of different kinds of matting methods. Thanks to the contribution

of deep image matting [65], which published 431 foreground objects for training and 50

foreground objects for testing, the dataset is much bigger than before, which gives the deep

learning based matting methods a chance. Hence, when designing the network for alpha

matting, the complexity of network architecture must be considered in case of overfitting.
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Our network architecture takes both factors in consideration. By allowing information to

flow along multiple paths through the grid network, we obtain both the high-level abstract

semantic information of images and the rich matte details of images. Our network has

adaptivity, because it can choose paths to pass the information by itself. Meanwhile, our

network has scalability. With changing the number of rows or columns of the network,

or changing the number of filters in every rows, our network has the ability to fit the

size of dataset to a large extent. Even if larger and more diverse datasets are available

in the future, our network architecture is still feasible. On the contrary, larger datasets

can present challenges for existing deep learning alpha matting methods, which have fixed

structures.

The fourth contribution is that our network has a higher efficiency than the best deep

learning matting method [65], and has the performance comparable to that method. Our

network is intentionally designed with simplicity in mind. Our network structure, which

demonstrates to be the best for the alpha matting task with current dataset, contains

only 8 million parameters, which is much less than the best matting method, deep image

matting method [65], which contains 26 million parameters in the network before adding

the refinement. Hence, our network has less complexity and training time. Meanwhile,

the alpha mattes obtained by our network have the similar accuracy compared with the

best matting method, that makes our method the best one when considering both the

efficiency and performance of matting. The numerical and visual comparison will be shown

in Chapter 5.

1.6 Thesis Structure

We focus on solving alpha matting problems in this thesis and proposing a novel method:

alpha matting via residual convolutional grid network. The rest of this thesis is organized

as follows:
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In Chapter 2, we introduce the fundamental concepts and techniques of convolutional

neural networks(CNNs). In Chapter 3, we review the prior methods used for alpha matting.

In Chapter 4, we describe the core components of proposed alpha matting method in detail.

In Chapter 5, we present the experimental results on testing dataset, and in Chapter 6 we

conclude this thesis and discuss the causes of some phenomena.
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Chapter 2

Fundamental Concepts and

Techniques

In this chapter, we introduce the fundamental concepts of deep learning, neural networks

and convolutional neural networks.

2.1 Artificial Intelligence (AI)

Nowadays, AI is a flourishing field with huge numbers of practical applications and affluent

research topics. Some pieces of intelligent software are designed to comprehend speech and

images, make diagnoses for patients and automate routine work replacing people. In the

early days, AI is used to solve problems that need huge calculation but can be described by

a list of formal, mathematical rules. Those problems are intellectually difficult for people

but easy for computers.

Gradually, it proves that it is difficult for AI to solve the tasks, which are solved by

people intuitively but are hard to be described by a list of completely formal rules. For
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example, if we are given a portrait, we can easily recognize the human face in it. However,

it is difficult for computers to do that because the knowledge we use to recognize a human

face is hard to describe by a list of formal rules. Hence, making the computer system have

the ability to solve intuitive problem (such as classification and recognition) becomes a big

challenge for AI system.

Some AI projects tried to hard-code some common sense in computer languages, but

none of them succeeds, which indicates that an AI system needs the ability to “learn” by

itself. This kind of capability is called as machine learning.

2.2 Machine Learning

Machine learning is a field of AI that uses statistical techniques to give computer systems

the ability to “learn” from data, without being explicitly programmed. In other word, a

machine learning algorithm automatically obtains rules from data and uses the learned

rules to do prediction on new data. We should notice that a machine learning algorithm

can be automatically improved by experience.

In classic machine learning, the “data” are the representations or features, extracted

manually by people from raw data to make machine learning algorithms work. For example,

a simple machine learning algorithm called logistic regression can determine whether to

recommend cesarean delivery [39]. When logistic regression does that determination, it

bases on the diagnostic report given by the doctor, rather than the original MRI scan of

the patient. Because, in diagnostic report, the doctor would extract the features from

an MRI scan by himself. The feature may be the presence or absence of a uterine scar.

What the logistic regression does is mapping the features to the decisions. The logistic

regression itself can not deal with the original MRI scan directly, because it can not find

the relationship between pixels in the MRI scan and final decisions.
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Many AI tasks can be solved by extracting the right set of features, and then providing

them to a machine learning algorithm. However, it is a consumption of time and effort

to manually extract features from raw data, and to decide which features are more useful

than others. Hence, we hope that the machine learning not only can learn the mapping

between features and output, but also can automatically extract the effective features by

themselves. This kind of machine learning can also be called representation learning or

feature learning.

2.3 Representation Learning

Representation learning or feature learning is a set of techniques in machine learning that

allows a system to extract the representations or features from raw data by itself and to

map the features to the outcomes (decisions or predictions). Comparing to classic machine

learning, representation learning has made a great progress by using computer system to

replace manual feature extraction. Hence, it provides the possibility in accomplishing some

image and video processing tasks with AI system.

However, there are some difficulties in extracting features from raw data, such as how

to choose the suitable features and discard unimportant ones. To solve those problems,

deep learning is proposed.

2.4 Deep Learning

Deep learning solves the difficulties in extracting the representations (features) in repre-

sentation learning by exacting high-level abstract features from low-level simpler features.

In other word, deep learning enables the computer to build complex concepts out of sim-

pler concepts. To realize this, deep learning uses a cascade of multiple layers of nonlinear
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processing units. Each successive layer uses the output from the previous layer as input.

In this way, deep learning can learn multiple levels of features that correspond to different

levels of abstraction, which forms a hierarchy of concepts.

The following example of computer vision field (see Figure 2.1) explains how a deep

learning system can comprehend the concepts of an image by constructing the hierarchy.

Figure 2.1: A deep learning model for image classification. The image is cited from the

book [18].

In fact, in computer vision field, although it is easy for a human being to get details

from an image, it is difficult for a computer to do that. This is because an image is encoded

as an array of numbers, each of which represents the color value of a pixel. The procedure

mapping from a set of pixels to an object identification is very complicated. It seems

impossible for an computer system to learn the mapping directly. Deep learning solves this

problem by decomposing the desired complicated mapping into a series of simple mappings.

Every simple mapping is described by a layer of the model. See Figure 2.1, the input to the
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computer system is a set of pixels from an image. We call the input layer as visible layer.

Following the visible layer, is a series of hidden layers, which extract increasingly abstract

features from the image. The first hidden layer extracts edges from the given pixels. The

second hidden layer identifies the corners and extended contours basing on edges. Then

the third hidden layer detects object parts basing on the results from the former layer.

Finally, these object parts contribute to recognize the objects in the original image.

A number of deep learning architectures, such as deep neural networks, deep belief

networks, and recurrent neural networks have been proposed in the fields including com-

puter vision, speech recognition, natural language processing and so on. The prefix “deep”

indicates that the depth of the corresponding networks are deep, in order to extract more

abstract information.

In this thesis, we focus on solving alpha matting problem, which is a branch of computer

vision. Since neural networks is the common representation learning technique applied in

computer vision field, we will use deep neural networks to accomplish our alpha matting

task. In the following section, we will introduce the related concepts in neural networks.

2.5 Neural Networks

In the following, we will introduce neural networks.

2.5.1 Neuron

The basic computational unit of a neural network is neuron, which has the similar working

principle as the biological one in brain. An input xi is given to the current neuron, multi-

plied with the corresponding weights wi. Then the weighted sum of all inputs is calculated,

and added with an optional bias b. The result is then passed to an activation function f(·),
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which performs a non-linear transformation to generate the output. Figure 2.2 illustrates

this procedure and Equ. (2.1) expresses it mathematically:

Figure 2.2: A neuron in a neural network.

y = f
( n∑
i=1

ωixi + b
)
. (2.1)

If we represent the weight as a matrix and the inputs and outputs as vectors, the above

function can also be expressed as:

y = f
(
w>x + b

)
, (2.2)

where w = {w1, w2, ..., wi, ...wn}>, x = {x1, x2, ..., xi, ...xn}>, b is a single number.

Sometimes, the activation function is a sigmoid function σ, which takes the addition

of the weighted sum of inputs and the optional bias b, and squashes it to range between

0 and 1. There are also many other kinds of activation functions. We will go into more

details about different activation functions in the following section.
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2.5.2 Neural Network Architectures

Neural Networks are collections of neurons. The neurons arranged in neural networks have

the following features:

• Those neurons are connected in an acyclic graph. Cycles are not allowed in the neural

networks because that will lead to an infinite loop in the forward pass of a network.

• Neurons are arranged in distinct layers. The first layer is input layer, this layer is the

input itself. And the last layer is the output layer, which is responsible for generating

the predicted values, i.e. the outputs of the whole neural network. The layers between

them are called hidden layers. The outputs of neurons in the previous layer are the

inputs of the neurons in the following layer. Neurons within the same layer share

no connections. The number of layers decides the depth of the network. In general,

deeper neural networks may extract more abstract features and accomplish the task

better. But deeper networks are difficult to train and may lead to overfitting and

vanishing gradients problems.

• There are various layer types for neural networks, the most common one is the

fully-connected layer, where neurons between two adjacent layers are fully pairwise

connected. Figure 2.3 is a fully-connected neural network with two hidden layers.

It is very important to apply matrix vector operations for neural networks, so we

describe the neural network by matrix in the following. Figure 2.3 shows a three-layer

neural network with five inputs and five outputs. We use a
[i]
j to represent the jth neuron

in the ith layer. The input layer is defined to be the 0th layer, which can be represented

as a[0]. In our example, input a[0] is a [5× 1] vector. We should notice that a[0] is a single

data with 5 different factors, such as a single image with 5 pixels.

There is a distinct weight for every connection between two neurons, for the ith layer,

all the weighted connection between the current layer and the previous layer can be stored
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Figure 2.3: A three-layer neural network. When we say N-layer neural network, the input

layer is not counted as one layer.
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in a single matrix W [i]. Every single neuron in the ith layer stores its all weights in a row

of W [i]. Hence, the size of the weight matrix of every layer in a neural network would be:

the number of neurons in the current layer [i] multiplies with the number of neurons in

the previous layer [i − 1]. For example, for the first hidden layer, the weight matrix W [1]

would be of size [4× 5].

For every neuron, except for the weights, the other parameter is bias b. For every layer,

the bias would be in the column vector b[i]. The dimension of b[i] would be: the number

of neurons in this layer [i] multiplies with 1. For example, the size of vector b[1] would be

[4× 1].

Using the above neural network structure as example, for a single data, calculating

the predicted value through neural network need the following six steps (assuming the

activation function is a sigmoid function σ):

z[1] = W [1]a[0] + b[1],

a[1] = σ(z[1]),

z[2] = W [2]a[1] + b[2],

a[2] = σ(z[2]),

z[3] = W [3]a[2] + b[3],

a[3] = σ(z[3]).

(2.3)

The full forward pass of this three-layer neural network can be seen as three matrix mul-

tiplications, interwoven with the application of the activation function. For some specific

task, the final neural network layer may not have an activation function.

In the above neural network, W [1],W [2],W [3], b[1], b[2], b[3] are the parameters we need to

learning from training dataset in training stage. After training, we may fix the values of

those parameters and pass forward the testing data to get the predicted value.
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If the input is not a single data but an entire batch of training data, we use matrix X

to represent the inputs, each single data would be a column of X. Then all the examples

would be calculated in parallel.

2.5.3 Activation Function

Firstly, we use the above-mentioned three-layer neural network example to explain the

reason why a neural network needs non-linear functions as activation functions for each

layer. Given an input vector x, a[0] = x, we assume the activation functions of the two

hidden layers are linear activation functions, e.g., f(x) = x.

For the output of the first hidden layer:

a[1] = W [1]x + b[1]. (2.4)

For the output of the second hidden layer:

a[2] = (W [2]W [1])x + (W [2]b[1] + b[2])

= W ′x + b′.
(2.5)

In the same way:

a[3] = (W [3]W [2]W [1])x + (W [3]W [2]b[1] +W [3]b[2] + b[3])

= W ′′x + b′′.
(2.6)

It turns out that if we use linear functions as the activation functions, or we do not

have activation function, then the neural network outputs a linear function of the input.

No matter how many layers the neural network has, it just computes a linear function of

the input. However, the desired function mapping the input and output is much more

complicated than a linear one. Hence, it is very important to introduce non-linear activa-

tion functions in neural network, so as to learn complicated function and extract abstract

features. We will introduce and compare four common activation functions in the following.
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Sigmoid function. The sigmoid function is one of the common used non-linear activa-

tion functions. It has the mathematical form:

sigmoid : σ(x) =
1

1 + e−x
, (2.7)

and is illustrated in Figure 2.4(a).

(a) (b)

Figure 2.4: The sigmoid function and its derivative function.

The sigmoid function takes a real-valued number x in the range of [−∞,+∞] and

squashes it into range [0, 1]. It is an S shape function, large positive numbers become 1

and large negative numbers become 0. The sigmoid function is frequently used in the last

layer of neural network for the binary classification problem. Because the sigmoid function

can classify all real-valued numbers into two categories. However, for the other situations,

the sigmoid non-linear function is rarely used. Because of the following two drawbacks:

• Sigmoid function saturates and kill gradients. As we can see in the Figure 2.4(a)

and Figure 2.4(b), when the input x tends to infinity, the output σ(x) saturates at

either 0 or 1, and the derivative at these regions is almost zero. However, when we

optimize the neural network, we need to back propagate the derivatives to update

the parameters, which we will introduce in the following section in detail. Since the

mathematical basis of back propagation is the chain rule of the derivative of calculus,
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which means that the derivative of the current layer is the product of the derivatives of

the previous layers. These small derivatives may stop the backpropagation, saturate

the neurons and finally make the network unable to learn. This phenomenon is also

called gradient vanishing.

• Sigmoid outputs are not zero-centered. This causes the data coming into neurons

in the later layers of neural network to have non-zero mean, which will affect the

gradient. Taking y = σ
(
w>x + b

)
as example, suppose the input is all positive

(or negative), then the gradient with respect to w is always positive (or negative),

This could introduce undesirable zig-zagging dynamics in the gradient updates for

the weights and slow down the speed of convergence.

Hyperbolic tangent function. The activation function that is similar with the sigmoid

function, but always works better than the sigmoid function is the hyperbolic tangent

function, which is also called the tanh function. The corresponding graph is illustrated

in Figure 2.5(a) and the derivative of the tanh function is shown in Figure 2.5(b). Tanh

(a) (b)

Figure 2.5: The tanh function and its derivative function.

function squashes a real-valued input x in the range of [−∞,+∞] to the range [−1, 1].
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The formula of the tanh function is shown in Equ. (2.8):

tanh(x) =
ex − e−x

ex + e−x
. (2.8)

It is mathematically a shift version of sigmoid function, which also can be expressed in this

way:

tanh(x) = 2σ(2x)− 1. (2.9)

Comparing Figure 2.4(b) and Figure 2.5(b), the tanh function has higher gradient

value around x = 0, which may speed up the gradient descent. Meanwhile, the output

of a tanh neuron is zero-centered, overcoming one of the two drawbacks of the sigmoid

function. However, the gradient vanishing is still existed because when x tends to infinity

the derivative of tanh function also tends to be zero. To overcome the gradient vanishing,

one other choice called rectified linear unit, is proposed.

Rectified linear unit. The Rectified linear unit can be called ReLU function for short.

The ReLU activation function become very popular in recent years. It is defined as:

ReLU(x) =


x if x ≥ 0

0 otherwise

. (2.10)

which means the ReLU function is a piecewise function. When the input is a positive value

in the range of [0,+∞], the function is a linear function, has the same form as f(x) = x.

When the input is a negative number in the range of [−∞, 0], the output is a constant

0. In other words, the activation is simply thresholded at zero. The corresponding graph

of ReLU function and its derivative function is shown in Figure 2.6(a) and Figure 2.6(b),

respectively. As we can seen in Figure 2.6(b), when x >= 0, the derivative is a constant

1, and no saturation any more.

This linear, non-saturating form of ReLU function greatly accelerates the speed of

convergence of stochastic gradient descent, and alleviate the vanishing gradient problem,
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comparing to the sigmoid and tanh functions [31]. Figure 2.7 shows the superiority of

ReLU comparing to the tanh unit. Also, both the sigmoid function and the tanh function

involve exponent arithmetic, which are very expensive operations. In contrast, the ReLU

is much simpler to be implemented. Those advantages make ReLU a highly recommended

activation function. And ReLU is suitable for most neural networks [40].

Unfortunately, ReLU activation function also has its own disadvantages:

• Dead RuLU Problem. It refers to the fact that certain neurons may never be ac-

tivated, causing the corresponding parameters to never be updated. There are two

main reasons that may lead to this situation:

1. Extremely unfortunate parameter initialization, which is rare.

2. High learning rate leads to large parameter updating during training, which

unfortunately makes the neuron dead.

The solution is to adopt “Xavier” initialization method, in the meanwhile, to use

an algorithm to avoid setting a large learning rate or to adopt “adagrad” [11] to

automatically adjust the learning rate.

• The derivative of ReLU activation function is 0 in negative part. And at the point

x = 0, the ReLU function is non-differentiable. Meanwhile, this function is also

non-zero centered.

Despite these two problems, ReLU is still the most recommended activation function

when building neural networks.

Leaky ReLU. Leaky ReLU activation function is a variant of ReLU activation function

proposed to solve the “Dead ReLU Problem” and reserve the information when x < 0. It
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(a) (b)

Figure 2.6: The ReLU function and its derivative function.

Figure 2.7: A plot from paper [31] indicating the improvement in convergence, comparing

with the ReLU and tanh function.
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sets the first half of ReLU to be 0.01x instead of 0. The formula of the Leaky ReLU is:

LeakyReLU(x) =


x if x ≥ 0

0.01x otherwise

. (2.11)

Its function and derivative function can be found in Figure 2.8(a) and Figure 2.8(b).

(a) (b)

Figure 2.8: The LeakyReLU function and its derivative function.

Another intuitive idea is a parameter-based approach: parametrized ReLU, i.e. PReLU

[23], which defines the function as:

PReLU(x) =


x if x ≥ 0

αx otherwise

, (2.12)

where α can be learned as a parameter by back propagation during training. In theory,

Leaky ReLU and PReLU have all the advantages of ReLU, and overcomes the “Dead

ReLU Problem”. However, in practice, it is not completely proved that the Leaky ReLU

and PReLU are always better than ReLU activation function.

28



Exponential linear unit. The exponential linear unit (ELU) [9] is also proposed to

solve the problem in ReLU activation functions. It is formulated as:

ELU(x) =


x if x ≥ 0

α(ex − 1) otherwise

, (2.13)

where the coefficient α can be adjusted. The illustration can be found in Figure 2.9(a)

and the corresponding derivative graph can be found in Figure 2.9(b). Obviously, the ELU

activation function is also a variant of ReLU activation function. Like ReLU, the ELU

function alleviates the vanishing gradient problem. Meanwhile, by defining an exponential

function for the negative part of x-axis, the ELU function solves the “Dead ReLU Problem”

and pushes mean unit activations closer to zero like batch normalization but with lower

computational complexity.

(a) (b)

Figure 2.9: The ELU function and its derivative function.

Comparing with the Leaky ReLU, the ELU function has higher computational com-

plexity. Similarly, although the ELU function seems better than the ReLU in theory, there

is no obvious evidence that ELU is always superior to the ReLU in practice.
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2.6 Training Neural Networks

After introducing the architectures of neural networks, we will focus on how to train the

neural networks.

2.6.1 Supervised Learning

In general, machine learning can be classified into two categories: supervised learning and

unsupervised learning. Supervised learning learns a function that maps an input to the cor-

responding output based on labeled data. The labeled data means that some known inputs

{x1, x2, ..., xi, ..., xm} are labeled by corresponding known outputs {y1, y2, ..., yi, ..., ym},

where xi is the ith sample in the data. The whole data has m samples. At the beginning,

we feed the system with the known input-output (label) pairs, then the error term, the

degree to which the system fails to produce the label, is calculated. After that the error

term is used as feedback to correct the learning process. When the error is small enough,

the system is fixed, which can be used to predict new data. Neural networks belong to this

category. In unsupervised learning, the data are unlabeled. In this thesis, we will focus on

supervised learning.

2.6.2 Parameters and Hyperparameters

In machine learning, there are two kinds of parameters: model parameter and model

hyperparameter. A model parameter is a configuration variable that is internal to the

model and whose value can be learnt from data. In neural networks, the collections of

all weights w and all bias b are parameters. In fact, the process known as model training

is using an optimization algorithm to estimate the optimal parameters according to the

historical training data.
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A model hyperparameter is a configuration that is external to the model and whose

value cannot be learnt from data, but need to be specified by the practitioner manually.

The model hyperparameters are often used in process to help estimate model parameters.

In neural networks, the learning rate for training the network; and in k-nearest neighbor

classification model, the value of k are all model hyperparameters.

We should notice that we can not use the testing dataset to find the suitable hyper-

parameters, because the testing dataset should never be used until the end. Hence, to

find the suitable hyperparameters, we should utilize training dataset effectively. We will

introduce the way to utilize training dataset in the following.

2.6.3 Dataset

The dataset is very important for machine learning, since the model determines its param-

eters and hyperparameters totally based on dataset. In general, the dataset can be split

into two parts: training dataset and testing dataset. The training dataset is used to train

the model and to learn the optimal parameters of the model. The testing dataset is not

used until we have learnt the optimal parameters and finished the training. The testing

dataset is used to measure the performance of our trained model.

Sometime, we further split the training dataset into two parts: a slightly smaller training

dataset, and a validation dataset. As we mention above, there are hyperparameters in the

model, and the values of the hyperparameters cannot be learnt directly from training

dataset. The way to find the best values of hyperparameters, is trying out different values

on them and using a “fake” testing dataset to estimate the effect. The validation dataset

can then be used as the “fake” testing dataset.
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2.6.4 Loss Function and Cost Function

In order to train the parameters (all weights w and bias b) for a neural network model, a

training set with m training examples is given: {(x1, y1), ..., (xi, yi), ..., (xm, ym)}. We hope

to find the parameters w and b, so that at least on the training set, the prediction we have,

which can be expressed as ŷi, is consistent with the ground truth label yi in the training

set. When we achieve this objective, we can say that our model learns the function that

maps the input with the output well. Or we can say that our model has done a good

prediction based on the training dataset.

To measure how well the prediction is doing by the model, the loss function, which

calculates the difference between prediction result ŷi and the ground truth label yi, is

used. Of course, the prediction result ŷi depends on inputs xi, weights w and bias b. A

“good” model of a dataset will have small prediction errors, and therefore produce small

loss function values. Determining the “best” model is equivalent to find suitable parameters

w and b, to minimize the loss function.

In our task, we hope the prediction of alpha matte is consistent with the ground truth

alpha matte, at least in training dataset. Hence, we focus on the loss functions which

evaluate the differences between two images. One of the simplest possibilities in comparing

images is to compare them pixel by pixel and add up all the differences. Hence, we use two

matrices, Ipre and Igt, to represent the predicted alpha matte and the ground truth alpha

matte, respectively. For an image of size m × n, Ipre is an m × n− dimensional matrix,

so is the Igt. Each entry in the matrix represents the grey value for a single pixel in the

image. In the following we introduce some common choices for loss functions.

SAD, L1-norm and MAE. SAD is the short name of the sum of absolute differences.

It measures the similarity between image blocks by taking the absolute difference between

each pixel in the ground truth image block and the corresponding pixel in the predicted
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image block. These differences are summed to create a metric of block similarity. It can

also be seen as the L1-norm loss function. The L1-norm loss function also minimizes the

sum of the absolute differences between the target image and the estimated image. The

SAD takes the formula the same as L1-norm loss function:

SAD(Ipre, Igt) = L1(Ipre, Igt) =
M−1∑
i=0

N−1∑
j=0

∣∣∣Ipre(i, j)− Igt(i, j)∣∣∣, (2.14)

where | · | denotes the absolute value, Igt(i, j) denotes the pixel value of the ith row, jth

column in the ground truth image, Ipre(i, j) denotes the pixel value of the ith row, jth

column in the predicted image.

If we take the mean of the L1-norm loss function, it is another loss function, named

MAE, the short for mean absolute error. It is formulated as:

MAE(Ipre, Igt) =
1

MN

M−1∑
i=0

N−1∑
j=0

∣∣∣Ipre(i, j)− Igt(i, j)∣∣∣. (2.15)

SSE, L2-norm and MSE. SSE is the short name of the sum of squared errors, it mea-

sures the difference between original image and the comparing image by calculating the

sum of the squares of the error between each pixel in the ground truth and the correspond-

ing pixel in the predicted image. It has the same function as L2-norm loss function. The

L2-norm loss function also minimizes the sum of the square of the differences between the

target image and the estimated image. The SSE and L2 loss function take the following

form:

SSE(Ipre, Igt) = L2(Ipre, Igt) =
M−1∑
i=0

N−1∑
j=0

[
Ipre(i, j)− Igt(i, j)

]2
. (2.16)

MSE, an abbreviation of the mean squared error measures the average of the squared

difference between the target image and the estimated image. It takes the following for-

mula:

MSE(Ipre, Igt) =
1

MN

M−1∑
i=0

N−1∑
j=0

[
Ipre(i, j)− Igt(i, j)

]2
. (2.17)
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We use Li(Ipre, Igt) to express the loss function of the ith sample in the training set.

Then the average of the sum of the all loss functions for the training set is called cost

function, which is defined as the following:

C(Ipre, Igt) =
1

m

m∑
i=1

Li(Ipre, Igt), (2.18)

where m is the number of the samples in the training set. In general, we do not tell the

difference between loss function and cost function. Hence, the aim of our training algorithm

is to minimize the cost function.

In the following section, we will introduce some efficient optimization algorithms that

attempt to find a local or global minima of the cost function.

2.6.5 Optimization

The process that neural network tunes its parameters so as to minimize the cost function

is called optimization. The smallest overall value of the cost function is a global minimum.

The cost function is a function has a large number of variables and it can be seen as a

surface in a very high-dimensional space. Every dimension is a tunable parameter. Figure

2.10 is a sketch map of a cost function in three-dimensional space. In theory, we hope

to find the global minima by training the neural network, however, in practice, it is very

difficult to really find the global minima, so it is also acceptable to find a small enough

value of cost function and use the parameters at that point to predict results of testing

dataset.

Gradient Descent (GD). Gradient descent is an efficient optimization algorithm that

attempts to find a local or global minima of a function. At the beginning, we generate a

random weight matrixW , it can be seen as an imaginary ball on the cost surface in the high-

dimensional space. The algorithm drives the ball to roll down the surface according to the
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Figure 2.10: The cost function in a 3D space.

gradient at its position. The interactive update process can be expressed mathematically:

wt+1 = wt − η∇Ct(w), (2.19)

where wt denotes the parameters vector in the t-th step. η is the step size of every iteration,

which is a small, positive parameter also called as learning rate. Ct(w) is the value of cost

function in the t-th iteration. ∇Ct(w) is a gradient vector. For example, if the cost function

has n dimensions variables w1, ..., wj, ..., wn, then the gradient is simply the vector of partial

derivatives in each dimension:

∇Ct(w) = (
∂Ct(w)

∂w1

, ...,
∂Ct(w)

∂wj
, ...,

∂Ct(w)

∂wn
)>. (2.20)

Gradient descent algorithm updates every parameter in every step (one iteration), by

computing the loss function over the entire training dataset. Hence, GD updates slowly and

has a high computation complexity. When further tweaks to the parameters produce little

or zero changes in the cost, convergence achieves. The coordinates where the imaginary

ball settles is the optimized parameters.
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Stochastic Gradient Descent (SGD). At the beginning, SGD [4] is the optimization

algorithm that uses only one single training data to compute the gradient at every step.

In recently, we prefer to use it to represent mini-batch gradient descent algorithm, which

uses the gradient of a batch of sampled training data to approximate the true gradient of

the whole training dataset. This raises two concepts: “epoch” and “mini batch size”. The

“epochs” is the number of times the entire training dataset will be traversal by the training

algorithm. The “mini batch size” is the size of the mini batches to use when sampling. In

each epoch, we firstly randomly shuffle the training data, and then partition it into mini

batches of the preset size. Then we update the network parameters for one iteration, by

applying gradient descend algorithm on a mini batch of training dataset.

In order to distinguish SGD and GD easily, we use J(w) instead of C(w) to express the

objective function:

J(w) =
1

m

m∑
i=1

Li(w), (2.21)

where Li(w) is the loss function of the i-th sample in the mini training batch. m is the size

of the mini training batch. For the t-th iteration, the SGD update procedure is given by:

wt+1 = wt − η∇Jt(w), (2.22)

where ∇Jt(w) is the gradient of the objective function, w is the parameter vector, η is the

learning rate.

Momentum. Momentum algorithm [43] utilizes the concept of Momentum in physics.

It assumes the imaginary ball has inertia when it rolls down from the hill, which means the

direction calculated previously will influence current direction. This prevents the imaginary

ball from oscillating and encourage the ball to keep traveling in the same direction (towards

the optimum). The momentum update is given by Equ. (2.23):

vt = η∇Jt(w) + γvt−1

wt+1 = wt − vt,
(2.23)

36



where vt is the velocity vector in the t-th iteration, which is of the same dimension as the

parameter vector wt. vt combines the gradient of the current objective function with the

influence of the previous gradient. η is the learning rate and γ is the momentum term, it

is usually set to 0.9.

Adagrad. Adagrad [11] is a gradient-based optimization algorithm that adapts the learn-

ing rate to the parameters. The learning rate is decreased for parameters associated with

frequently occurring features and is increased for parameters associated with infrequent

features. Hence, it is well-suited for dealing with sparse data. For every parameter wj,

Adagrad modifies the learning rate η at each step t by:

wt+1,j = wt,j −
η√

Gt,jj + ε
gt,j, (2.24)

where gt,j = ∂Jt(w)
∂wj

is the partial derivative of the objective function w.r.t. the parameter

wj at step t. ε is a smoothing term that avoids the denominator to be zero, which is always

on the order of 1e− 8. Gt ∈ Rn×n, is a diagonal matrix. Every diagonal element jj in Gt

is the sum of the squares of the gradients w.r.t.wj, from the first iteration to the current

iteration t. Gt,jj can be defined as:

Gt,jj =
t∑

τ=1

g2τ,j, (2.25)

where gτ is the gradient at τ iteration.

Adagrad algorithm eliminates the annoyance in manually tuning the learning rate. But

the accumulation of the squared gradients in the denominator causes the learning rate to

shrink during training and become infinitely small at some point. The following algorithms

aim to resolve the continual aggressive decay of learning rates throughout training.

RMSProp. RMSProp [59] is also an adaptive learning rate algorithm proposed to resolve

the radically diminishing learning rates in Adagrad algorithm. Instead of accumulating all
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the past squared gradients, the RMSProp calculates the moving average of the past squared

gradients for each weight. And then divides the gradient by the root of the mean squared

gradient. This is why its called RMSprop (root mean square). At the t-th iteration, the

moving average is E[g2]t, which depends on the current gradient and the previous average:

E[g2]t = 0.9E[g2]t−1 + 0.1g2t . (2.26)

The update procedure is given by:

wt+1 = wt −
η√

E[g2]t + ε
gt. (2.27)

The learning rate is initialized as 0.001, and ε defaults as 1e−8.

Adam. Adaptive Moment Estimation (Adam) [30] algorithm, essentially, it is an RM-

Sprop with momentum term, which dynamically adjusts the learning rate of each parameter

by using the first moment (the mean) estimation and the second moment (the uncentered

variance) estimation of gradient. The advantage of Adam is that, after bias correction, the

learning rate of each iteration has a certain range, so that the parameters are relatively

stable. Formula is as follows:

mt = µmt−1 + (1− µ)gt, (2.28)

nt = νnt−1 + (1− ν)g2t , (2.29)

where mt and nt are the first moment estimation and the second moment estimation of

gradient respectively, which can be seen as the estimation of expectation E[g]t and E[g2]t.

Then the bias-corrected first and second moment estimation are computed, which can be

approximated as unbiased estimation of the expectation E[g]t and E[g2]t.

m̂t =
mt

1− µt
, (2.30)

n̂t =
nt

1− νt
, (2.31)
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where µ has the default value 0.9 and ν has the default value 0.999. Finally, the bias-

corrected first moment estimation m̂t and the bias-corrected second moment estimation n̂t

are used to update the parameters:

wt+1 = wt −
η√
n̂t + ε

m̂t, (2.32)

where ε defaults as 1e−8.

Since − m̂t√
n̂t+ε

forms a dynamic constraint on the learning rate and has a clear range, the

parameter can be updated more smoothly. In practice, Adam works well and is superior to

other adaptive learning rate algorithms, hence, Adam is the default recommended optimizer

for most neural networks.

2.6.6 Backpropagation

When a neural network works, it receives an input xi from the input layer. Then it passes

the information through the following hidden layers, and finally produces an output ŷi.

This produce is so-called forward propagation. In training procedure, the output ŷi and

the ground truth label yi will be fed to the loss function L(ŷi, yi) and produce an scalar

error value. The backpropagation algorithm makes the error value backward flow from

the output layer, where the scalar error value produced, to the input layer. Along with

the error value passing backward through the network, the gradients of all parameters are

recalculated and all of the parameters are updated according to the gradients.

The backpropagation algorithm is a way of computing gradients through recursive

application of chain rule of calculus. The chain rule states that the derivative of a composite

function f(g(x)) can be expressed as the product of derivatives of the related functions.

For example, let f and g are two functions in real number domain, h = g(x), z = f(h) =

f(g(x)). Then according to the chain rule, the derivative of z with respect to x can be

expressed using:

dz

dx
=
dz

dh
· dh
dx

= f ′(h)g′(x). (2.33)

39



We will use an example to demonstrate how the back propagation algorithm works

based on the chain rule. Assuming we have a neural network like Figure 2.11. As we

explained in the previous section, in the forward propagation procedure, the information

is firstly passed from the input layer to the hidden layer and then to the output layer. Use

neuron o1 as examples:

ino1 = w5 ∗ h1 + w6 ∗ h2 + b3 ∗ 1,

outo1 =
1

1 + e−in01
,

(2.34)

when the activation function is sigmoid function.

Figure 2.11: An example neural network for backpropagation illustration.

Assume the target value of the outoi is the targetoi , then the total error Etotal is the

sum of Eoi :

Eo1 =
1

2
(targeto1 − outo1)2,

Eo2 =
1

2
(targeto2 − outo2)2,

Etotal = Eo1 + Eo2 .

(2.35)

Then we demonstrate the backpropagation algorithm. Using w5 as an example, if we

try to calculate that how much w5 contributes to the total error Etotal, we will calculate
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Figure 2.12: An example of calculating the partial derivative of the total error Etotal with

respect to w5 by using backpropagation algorithm.

the partial derivative of the total error w.r.t. w5. Based on the chain rule, it is given by:

∂Etotal
∂w5

=
∂Etotal
∂Eo1

∗ ∂Eo1
∂outo1

∗ ∂outo1
∂ino1

∗ ∂ino1
∂w5

. (2.36)

Calculating every product factor in the above equation, the first product factor is:

∂Etotal
∂Eo1

= 1; (2.37)

the second factor is calculated in this way:

∂Eo1
∂outo1

= 2 ∗ 1

2
(targeto1 − outo1)2−1 ∗ (−1)

= −(targeto1 − outo1);
(2.38)

the third factor can be calculated as:

∂outo1
∂ino1

= (−1) ∗ (1 + e−ino1 )−2 ∗ (e−ino1 ) ∗ (−1)

= outo1(1− outo1);
(2.39)

and the last product factor is:

∂ino1
∂w5

=
∂(w5 ∗ h1 + w6 ∗ h2 + b3 ∗ 1)

∂w5

= outh1 .

(2.40)

41



We multiply these five factors, get the value ∂Etotal

∂w5
, and update the parameter w5 using

gradient descend algorithm:

w′5 = w5 − η ∗
∂Etotal
∂w5

. (2.41)

In the same way, we can update the other parameters in the neural network, the Figure

2.12 illustrates this procedure.

In fact, the backpropagation algorithm refers to the way of calculating the gradients

of every parameter. The SGD-family algorithms described in Section 2.6.5 are actually

the optimization algorithms that guide the parameters update and optimize the neural

network according to the gradients.

2.7 Convolutional Neural Networks

Convolutional neural networks (CNNs) have shown excellent performance in solving com-

puter vision problems in recent years. CNNs have similar working principle with the

ordinary neural networks. The reason why we invent CNNs is that regular neural networks

do not scale well to full images. For example, when the input image of a fully connected

neural network is of size 320 × 320 × 3, a single neuron in the first hidden layer would

have 320 × 320 × 3 = 307200 weights. If we have 10 neurons in the first hidden layer, it

would be 3, 072, 000 weights just for one layer. It is clear that the parameters would add

up quickly as the neural network going deeper. To control the number of parameters in a

reasonable range and extract the features of high resolution images, CNNs are proposed.

We will introduce the concept of CNNs in the following.

2.7.1 Convolutional Neural Networks Architectures

Since the inputs of Convolutional Neural Networks are images, the CNNs constrain the

architecture in a way different with regular fully connected neural networks: the layers of
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a CNN have neurons arranged in three dimensions: width, height, depth; A neuron in a

layer only connects to a small local region of the previous layer, instead of all the neurons.

Figure 2.13 is a visualization.

Figure 2.13: An Illustration of CNN. Every layer in the CNN transforms an input 3D

volume to an output 3D volume.

The layers building CNNs architectures have two main types: convolutional layer, and

pooling layer. These layers are stacked to form a Convolutional Neural Network architec-

ture. Among them, convolutional layer contains parameters and pooling layer does not.

In the following section, we will introduce the two types of layers, respectively.

2.7.2 Convolutional Layer

The convolutional layer is the most important building block of a CNN, which undertakes

most of the computation. As we introduced in the previous section, the neurons in the

convolutional layer are arranged in 3−dimensions as a cuboid. We slice the cuboid in depth,

and get the 2−dimensional (width and height) slice of depth (depth slice). Every neuron

in one depth slice connects to an equivalent size local region in the input volume, assuming
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it is a 11×11×3 region. To control the number of parameters in CNNs, each neuron in the

same depth slice shares the weights and bias with others. For example, the convolutional

layer is of size 32×32×10, then we have 10 depth slices, each of size 32×32. For the fully

connected neural network, the whole layer would have 11×11×3×32×32×10 = 3, 717, 120

weights. However, for convolutional layer, since the neurons in the same depth slice share

the parameters, it would only have 11× 11× 3× 10 = 3, 630 weights.

This procedure can also be seen as using filters to extract features from input volume.

The learnable parameters (weights of neurons) are exactly the filter coefficients. Assume

the input of convolutional layer is a three channel image, the first filter in the convolutional

layer is of size 5× 5× 3. The 5× 5 (weight × height) is the kernel size of filter, which we

will introduce in the following, the depth 3 is always decided by the convolutional layer

input volume, and is totally the same as the full depth of the input volume.

During the forward propagation, the 5× 5× 3 filter slides along the width and height

of the input volume, from left to right, up to down. And the convolution between the

filter coefficients and the input volume of the corresponding position is computed. With

sliding, a 2−dimensional activation map is produced. We can set some different filters

in each convolutional layer, each of them produces a separate 2−dimensional activation

map. These maps are stacked along the depth dimension and produce the output volume.

Therefore, the number of filters in convolutional layer is equal to the depth of convolutional

layer and decides the output volume.

CNNs is actually a filter-based image processing system with self-learned filter coeffi-

cients. The following paragraphs will further introduce some unique concepts appeared in

convolutional layers.

Kernel Size (K) The kernel size (K) is the size of filter extending along width and

height, which is the most important hyperparameter for convolutional layer. The kernel
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size decides the respective field of neuron in each depth slice. In practice, it always is set

as an odd number, such as 3, 5, 7, 9 or 11.

Stride (S) Stride of a filter is the step the filter takes when it shifts over the input

matrix. When the stride is 1, it means we move the filter one pixel at a time. When the

stride is 2, the filter jumps 2 pixels at a time, which leads to the output size shrink. Stride

is 3 or more is uncommon to see.

Padding (P) Sliding a filter around an input without padding would lead to the shrink

of spatial size of the output, so it is common to pad zeros around the border of the input

volume. The size of this zero-padding is a hyperparameter. Zero padding allows us to

control the spatial size of the output volume. The most common condition is keeping the

input and output width and height same by padding zeros around the input. The spatial

size of the output volume can be computed by the given formula:

W ′ =
(W −K + 2P )

S
+ 1, (2.42)

where W ′ is the spatial size of the output volume, W is the spatial size of the input volume

before padding, K is the kernel size of filter, P is the number of zeros padding on the

border, S is the stride of filter.

Convolution Demo We can use a demo to demonstrate the behavior of a convolutional

layer in detail. Assume the input x of the convolutional layer is an 3−channel image with

spatial size 5× 5 (W=5), we pad 1 zero around the input volume (P=1) and get an input

volume of size 7× 7× 3. We express the three channels as I0 = x[:, :, 0], I1 = x[:, :, 1] and

I2 = x[:, :, 2], respectively.

Then we further assume that there are two different filters (W0 and W1) in the convo-

lutional layer, the kernel size of the filter is K = 3. Since the input has the depth of 3,
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the filters are of size 3 × 3 × 3. We use w00 = w0[:, :, 0], w01 = w0[:, :, 1], w02 = w0[:, :, 2],

to denote the coefficients of every layer of filter W0, and use w10 = w1[:, :, 0], w11 = w1[:, :

, 1], w12 = w1[:, :, 2], to denote the coefficients of every layer of filter W1.

We apply the filter with a stride of 2, then the spatial size of output volume o would

be W ′ = (W−K+2P )
S

+ 1 = 3. Since we have two different filters in the convolutional layer,

the output volume would be of size 3 × 3 × 2. We use O0 = o[:, :, 0] and O1 = o[:, :, 1] to

denote the two channels of outputs. Then the output O0, O1 can be calculated by:

O0 = w00 ∗ I0 + w01 ∗ I1 + w02 ∗ I2 + b0, (2.43)

O1 = w10 ∗ I0 + w11 ∗ I1 + w12 ∗ I2 + b1, (2.44)

An illustration of computing the first value of O0 is shown in Figure 2.14.

Figure 2.15 shows the next step after computing the first value of the first output

channel using filter W0. We can image that other element in the output O0 are computed

in the same way by iteratively convolving the filter W0 with the pixels in the sliding window

(the window has a size same as kernel size and slides two pixels for every step) and adding

with the bias b0. Figure 2.16 shows the situation when we change the filter to W1 and

begin to produce the element in the second layer of output.

2.7.3 Non Linearity (ReLU)

As we introduced in neural network, ReLU stands for Rectified linear unit, which is a

non-linear operation. In CNNs, ReLU layer follows with the convolutional layer, applies

non-linearity to the output volume of convolutional layer. Figure 2.17 shows the ReLU

operation on one channel of convolutional layer output volume.

Like in neural network, there are other non-linear operations such as sigmoid and tanh

layers can be used instead of ReLU layer after convolutional layer. However, ReLU layer

is the most common one in CNNs since its better performance.
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Figure 2.14: To produce the first value of O0, the dot products between each layer of filter

W0 and the highlighted region of the same layer of input are calculated. Then the results

are summed up, and offset by the bias b0. The demo is cited from [29].
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Figure 2.15: In the next step, since the stride is 2, the filter slides two pixels to the right

on the input. The dot products between each layer of filter W0 and new highlighted region

of input are calculated, the results are also added with bias b0 to produce the second value

of O0. The demo is cited from [29].
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Figure 2.16: Producing the second channel of output by using filter W1. The demo is cited

from [29].

Figure 2.17: ReLU operation in CNNs.
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2.7.4 Pooling Layer

Pooling layer is common to be inserted periodically in-between successive convolutional

layers in CNNs. Pooling layers reduce the spatial size of the representations and reduce

the number of parameters in the network. Hence, it effectively reduces the computation in

CNNs and controls overfitting. It is also called subsampling or downsampling.

Except for reducing parameters, pooling layer also helps the representations learned

by CNNs to be more invariant to small changes of the inputs. The invariance contains

translation invariance, rotation invariance and scale invariance. It means that if the rep-

resentations in the input of the pooling layer is shifted a few pixels, rotated a few degrees

or changed in size, the output keep unchanged. Figure 2.18, Figure 2.19 and Figure 2.20

illustrates the translation invariance, rotation invariance and scale invariance with max

pooling, respectively.

Figure 2.18: Translation invariance with max pooling layer.
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Figure 2.19: Rotation invariance with max pooling layer.

Figure 2.20: Scale invariance with max pooling layer.
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Figure 2.21: Pooling layers

We should notice that pooling operation is just a kind of downsampling without any

parameters need to be learned. The concepts of kernel size, stride and padding in pooling

layer is the same as those in convolutional layer. Figure 2.21 illustrates two kinds of

common pooling layers: max pooling layer and average pooling layer. After the max

pooling layer, only the maximum value in every kernel-size region is retained. For the

average pooling layer, the average value of the kernel-size region is retained. Hence, the

dimension of feature map shrinks after pooling layers in CNNs.

We should notice that the function of pooling layer can sometimes be replaced by convo-

lutional layers with stride more than one. Since the learnable parameters in convolutional

layer provide more flexibility, the convolutional layer with increased stride is considered to

be better than pooling layer in recent works.
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Chapter 3

Literature Review

As stated in Chapter 1, the alpha matting problem is a severely under-constrained problem.

Although with the help of user interactions: trimap (dividing the image into three parts:

user-defined foreground region, user-defined background region and unknown region) and

scribbles (labeling known foreground/background region and unknown region with sparse

scribbles), alpha matting is still a tough problem. In this chapter, we will introduce a

number of alpha matting algorithms, which contribute to the development of alpha matting

research.

3.1 Conventional Alpha Matting Algorithms

Before deep learning based alpha matting, solutions to the alpha matting problems are

restricted to conventional algorithms. Those conventional algorithms can be divided into

two categories: sampling-based methods and propagation-based methods. Both of them

utilize strong correlation between neighboring pixels to alleviate the difficulties of solving

the ill-posed matting problem.
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3.1.1 Sampling-based Methods

Sampling-based methods are based on a local spatial color coherence assumption, which

is also called local color smoothness assumption. The assumption indicates that for a

given unknown pixel i, the true foreground/background color Fi/Bi can be explicitly es-

timated by examining nearby pixels, which are located in the user-defined known fore-

ground/background regions. After obtaining the candidate foreground and background

colors of the unknown pixel, the alpha matte is calculated.

Sampling-based methods can be further categorized into two classes: parametric sam-

pling methods and non-parametric sampling methods.

Parametric sampling methods compute alpha values based on the probability distribu-

tions of foreground and background colors. The representatives of this class are Ruzon and

Tomasis work [49] and Bayesian Matting [8].

Ruzon and Tomasi’s Matting Method In the Ruzon and Tomasi’s matting method

[49], the local sample region is a rectangular window centered on an “anchor point”. As

Figure 3.1(a) shows. Those known foreground pixels in the local window are divided into

clusters and each cluster is fitted with a Gaussian distribution. Assume each of these

Gaussians has mean F and covariance ΣF . Then, both the foreground and the background

obey a mixture of Gaussian distributions in color space. The observed color I is then

modeled as coming from an intermediate distribution P (I) between a pair of foreground

and background distributions. Since there are a number of foreground and background

pairs, the intermediate distribution is also a mixture of Gaussian distributions. The mean I

and covariance ΣI of each Gaussian are linearly interpolated values between the foreground

and background Gaussian pair, according to the estimated α value. Figure 3.1(b) shows one

pair of foreground and background distributions as an example. The optimal α value is the

one that produces the distribution, where the observed color I has maximum probability.
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(a) Neighborhood determined by Ruzon’s Method [49](b) Alpha estimation model in

Ruzon’s Method [49]

Figure 3.1: Ruzon’s Method [49] analyzes unknown pixels by local distributions. The

rectangular window to the right of (a) is the local window, in which the known foreground

and background colors are clustered and fitted with Gaussians. (b) shows how the α value

of an unknown pixel is computed from a foreground and background Gaussian pair.

Bayesian Matting Method The Bayesian matting method [8] is based on the Ruzon

and Tomasi’s algorithm. It also clusters the colors of the known foreground and back-

ground regions, and fits them with mixtures of Gaussian distributions, but with some

improvements.

• First of all, the Bayesian matting method defines the local sample region with a con-

tinuously sliding window instead of the rectangle window. The window slides inward

from the foreground and background regions. Figure 3.2(a) shows this procedure.

• In addition, not only the samples in the known foreground and background region,

the nearby unknown pixels, whose F , B, α values are estimated in the previous step,

are also utilized for constructing Gaussian distributions.

• Furthermore, the contributions of nearby pixels are weighted by α and distance. The

weighted mean colors F , B and the weighted covariance matrixes ΣF , ΣB make the
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color distribution models for foreground and background more robust.

(a) Neighborhood determined by Bayesian Method [8] (b) Alpha estimation model in

Bayesian Method [8]

Figure 3.2: Bayesian method [8]. (a) calculates the unknown pixels by analyzing the local

color distributions in a sliding window. (b) shows the α value computed model.

After defining the neighborhood and the possibility distributions of nearby pixels, the

matting problem is formulated in a Bayesian framework and solved by using the maximum

a posterior (MAP) technique.

Although parametric sampling methods have been successful in dealing with some mat-

ting problems, the drawbacks are obvious, especially when the low-order parametric model

is not feasible to the real color distributions and the correct foreground and background

color samples are not in the local sample windows.

To overcome the drawbacks of parametric sampling methods, some non-parametric

sampling methods have been proposed, which have the following four improvements:

• They don’t fit probabilistic models to the foreground and background color distribu-

tions. On the contrary, they sample the colors in the user-defined foreground/background
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region to represent the true foreground/background color Fi/Bi of the mixed un-

known pixel i directly. Thus the quality of α computation mostly depends on whether

the picked samples present the true foreground and background colors.

• Instead of sampling in the local window, more sampling strategies are proposed, as

Figure 3.3 shows.

• In some matting methods, an objective function is built and the corresponding con-

fidence values of sample pairs are calculated, in order to select the suitable sample

pairs for unknown pixels [14] [21] [46] [52] [53] [61].

• For some algorithms, sampling is the first step. After obtaining a suitable initial

α value, post-processing is performed to optimize that value. The post-processing

method is minimizing an objective function, which contains data and smoothness

terms, by constructing a Laplacian matrix L and solving a large linear equation [21]

[46] [52] [53] [61]. The initial α value of unknown pixel with color I is estimated by

the following equation:

α̂ =
(I −Bj)(F i −Bj)

‖(F i −Bj)‖2
, (3.1)

where F i and Bj are the foreground and background colors of a sampling pair with

the sample indexes i and j.

(a) Image (b) RM [61] (c) SSM [14] (d) GSM [21] (e) CSM [53]

Figure 3.3: Sampling strategies of non-parametric sampling-based matting methods. The

figure is cited from [28].
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Robust Matting Method The Robust matting method (RM) [61] has two main in-

novations: applying a novel sampling strategy and using confidence value to evaluate the

sample pairs in order to find “good” samples. The Robust matting method spreads the

samples from the pixel with the shortest spatial distance to the unknown pixel, along the

boundaries of known foreground and background regions, as shown in Figure 3.3(b).

For a foreground and background sample pair with color (F i, Bj), the confidence value

f(F i, Bj) is calculated by the following formulas:

Rd(F
i, Bj) =

‖I − (α̂F i + (1− α̂)Bj)‖
‖F i −Bj‖

, (3.2)

w(F i) = exp
{
−‖F i − I‖2/DF

2
}

w(Bj) = exp
{
−‖Bj − I‖2/DB

2
}
,

(3.3)

f(F i, Bj) = exp

{
−Rd(F

i, Bj)
2 · w(F i) · w(Bj)

σ2

}
. (3.4)

Here, DF and DB are the minimum distance from unknown pixel to foreground and

background samples in color space, respectively. σ is a tuning parameter, fixed to be 0.1.

The confidence value is large if 1) the observed color I fits Equ. (1.1) well, 2) the

sample pair (F i, Bj) is widely separated in color space, and 3) the samples are not similar

to color I. We should notice that all the criteria for sample selection are based on the color

space information, no other information is under consideration.

After examining the confidence value of every pair in the large number of candidates,

the samples with high confidence are used in the following optimization process. The

alpha matte optimization process can be seen as a graph-based image labelling problem,

in which the matting energy function with data term and neighborhood smoothness term

is minimized by a random walk [19].

58



Improved Color Matting Method The improved color matting method [46] is inspired

by the robust matting method, but with improvements in two aspects: sampling strategy

and confidence values calculation.

In the sampling step, the improved color matting method [46] assumes the foreground

object is spatially connected. It spreads the samples from the pixel with the shortest

geodesic distance to the unknown pixel along the boundaries of known foreground region.

Figure 3.4 illustrates the difference between the robust matting and the improved color

matting. The blue nodes are the foreground samples defined by the robust matting and

the yellow ones are foreground samples collected by the improved color matting. As we

can see, the foreground color of the unknown pixel (green point) is dark brown, only the

improved color matting method collects the right foreground candidates. Hence, sampling

based on the geodesic distance is better than the spatial distance in some situations.

Figure 3.4: The comparison of two methods in spreading foreground samples. The figure

is cited from [46].

In calculating confidence values of samples, the author obeys the first two of the three

criteria proposed by the robust matting algorithm [61]: 1) the colors of foreground and

background samples F i, Bj and the observed color I fit the linear model in Equ. (1.1), 2)

F i and Bj are widely separated in color space, and the author does not follow the third
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criterion by changing the weights w(F i) and w(Bj) as:

w(F i) = exp

{
−maxi(‖F i − I‖2)
‖F i − I‖2

}

w(Bj) = exp

{
−maxj(‖Bj − I‖2)
‖Bj − I‖2

}
.

(3.5)

Then the confidence value f for each sample pair is computed by Equ. (3.4). The

sample pair with the highest confidence value f̂ is selected. In this method, the color space

information is also the only criterion considered in sample selection.

The alpha matte is also optimized by minimizing a cost function with data term and

smoothness term. The data term is formed by combining the pixel-wise estimated α̂ with

its confidence f̂ . And the smoothness term consists of a matting Laplacian matrix L of [34]:

α = arg minα>Lα + (α− α̂)>Γ̂(α− α̂). (3.6)

Here α̂ is the initially estimated alpha value. Γ̂ is a diagonal matrix, which trades off

the weight between two terms. The diagonal element γ̂i of Γ̂ satisfies: γ̂i = γf̂i, where

γ = 0.001.

The improved color matting method performs better than the robust matting, but it

faces a problem when dealing with transparent object abstraction. And sampling based

on the shortest geodesic distance may also lead to missing of suitable samples.

Shared Sampling Matting Method The shared sampling matting method (SSM) [14]

believes that pixels in a small neighborhood always have similar α, F and B values. Hence,

the share sampling matting method shares the computation results with adjacent pixels.

As shown in Figure 3.3(c) and Figure 3.5, in sampling stage, the unknown pixel p is

defined as an origin, a number of rays emit along with different directions from p. The

rays divide the image plane into equal areas. Only the nearest foreground/background
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Figure 3.5: Shared Sampling Matting. The figure is cited from [14].

samples on each ray would be selected as candidates of p. These samples are always along

the boundaries of user-defined foreground and background regions in a trimap.

For any unknown pixel p in a 3 × 3 neighborhood, the angle between the first ray

and x-axis is defined as θ (θ ∈ [0, π
2
]). Different unknown pixels in that 3 × 3 window

have different θ values. This ensures that the rays of neighboring pixels have a different

orientation and pass through different regions to sample variant pixels.

After having the candidates, a new objective function, taking the color fitness, spatial

distance, and probabilistic information into consideration, is used to select the best sample

pair of each unknown pixel. Then the best sample pair of p and the best sample pairs of its

kr nearest unknown pixels construct a sample set. Three best sample pairs in the sample

set are used to calculate α of unknown pixel p.

Although the sampling range of this method is enlarged and the correlation of neigh-

borhood is utilized, the true colors are still likely to be missed since only samples along

the boundary are taken into account and the number of samples are limited.

Global Sampling Matting Method To enlarge the sampling range and avoid missing

true colors, He et al. proposed a global sampling matting method (GSM) [21], which sam-

ples all the known foreground and background pixels along the boundary of the unknown

region. As shown in Figure 3.3(d).

An objective function, taking the color fitness and spatial distance into consideration,
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is proposed to select the best sample pair of unknown pixel from the big sample set. And

the initially alpha value α̂ for each pixel is estimated through Equ. (3.1).

Finally, the alpha matte is optimized by minimizing a global energy function with data

term and smoothness term:

α = arg minα>Lα + λ(α− α̂)>G(α− α̂), (3.7)

where λ is a weight to trade off two terms, α̂ is the initially estimated alpha value, L

is a matting Laplacian matrix proposed by [34]. G is a diagonal matrix, whose diagonal

element is a constant for known pixel, and a confidence g for unknown pixel, where g =

exp(−fc(F i,Bj)
2σ2 ), (σ = 1).

The global sampling matting method gathers more samples, even including the pixels

far away from the unknown one, and also utilizes the correlation among neighboring pixels.

However, the limitation of sampling range (just along the boundary of the trimap) and

sample selection criteria (color fitness and spatial distance) may also lead some errors in

the final alpha matte.

Comprehensive Sampling Matting Method The comprehensive sampling matting

method (CSM) [53] constructs a comprehensive sample set, which contains samples: not

only along the boundary of the trimap, but also inside the user-defined known foreground

and background regions. It tries to ensure that samples from each color distribution are

contained, as Figure 3.3(e) shows.

The objective function proposed by the comprehensive sampling matting method con-

tains three terms: color fitness, spatial distance and color statistics of the image. The

color fitness term is similar with the one in [14] [21] [46] [61], which detects if the observed

color of the unknown pixel is a linear combination of the colors of F i and Bj. The spatial

distance term tests the spatial distance between the sample pairs and the unknown pixel,
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and prefers the spatially close pairs. The last term favors the sample pairs coming from

well separated color distributions.

After using the object function to select the best sample pair, the initial alpha value

of the unknown pixel: α̂ is calculated by Equ. (3.1). Finally, the comprehensive sampling

matting method optimizes the alpha values by minimizing a cost function with a data

term and a smoothness term. The data term combines the pixel-wise initial α̂ with its

confidence value f̂ (the result of the former objective function). The smoothness term

contains a matting Laplacian matrix L [34]. The complete cost function is defined as:

α = arg minα>Lα + λ(α− α̂)>D(α− α̂) + γ(α− α̂)>Γ̂(α− α̂), (3.8)

where D is a diagonal matrix, whose diagonal element is 1 for known pixels and 0 for

unknown ones. Γ̂ is also a diagonal matrix, whose diagonal element is 0 for known pixels

and f̂ for unknown ones. λ and γ are weighting parameters. α̂ is the initially estimated

alpha value.

Weighted Color and Texture Matting Method The aforementioned sampling meth-

ods explore different kinds of sampling strategies, but only consider color information when

sampling. The weighted color and texture matting method [52] selects the sample candi-

dates relying on both the color information and the texture information.

The specific sampling method is similar with the shared sampling matting method [14].

An objective function, detecting the color fitness and the compatibility of color and texture

feature, is proposed to select the best sample pairs from the sample set. After calculating

the initial alpha matte, the weighted color and texture matting method smooths the alpha

matte with the similar post-processing method proposed by the comprehensive sampling

matting method [53].

As various sampling strategies and sampling selection criteria have been proposed,

some recent sampling-based methods have achieved impressive results. However, when the
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image content is complex, the trimap is coarse, or the suitable sample pairs are failed to be

collected due to the limitation of sampling range, the quality of the matte will attenuate.

To avoid the drawbacks, caused by imperfect sampling, the propagation based matting

methods are proposed.

3.1.2 Propagation-based Methods

The propagation-based methods do not calculate the alpha value by estimating the fore-

ground and background colors of the unknown pixel. Instead, it defines an affinity matrix

representing the similarity of neighboring pixels (i.e. sharing the same α) and propagates

the alpha values of known region into the unknown ones. Some representative propagation-

based matting methods are described in the following.

Poisson Matting Method The Poisson matting method [57] is proposed based on the

assumption that the colors of neighboring foreground/background pixels change smoothly.

It takes the partial derivatives (∇) on both sides of Equ. (1.1), neglects the gradients of

F and B, which are much smaller than the gradient of α, and gets the approximate matte

gradient from the input image:

∇αi ≈
1

(Fi −Bi)
∇Ii. (3.9)

Then the matte can be calculated by solving the associated Poission equation:

∆α ≈ div
( ∇I
F −B

)
, (3.10)

where ∆ is the Laplacian operator and div is the Divergence operator, according to the

Dirichlet boundary condition, which is defined by the trimap:

αj =

 1 if pixel j belongs to foreground pixels,

0 if pixel j belongs to background pixels.
(3.11)
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The Poission equation is solved by Gauss-Seidel iteration with over-relaxation method.

Since the initial values of F and B are selected from the nearest samples in the foreground

and background regions, and no effective information are provided to optimize F and B

in the iteration process, the drawbacks included in sampling-based methods may also be

preserved in this method. The Poission matting method also applies some local refine oper-

ations, such as channel selection and filtering to allow user to manipulate the gradient field

of alpha matte locally. However, such operations are usually time-consuming in practice.

Random Walk Matting Method The random walk matting method [19] was proposed

in 2005, after Poisson matting. Given a trimap, the random walk matting method defines

the α value of each unknown pixel as the probability, that a random walker starts from

this location and arrives at a foreground pixel before a background one. To guide the

trajectory of the random walker, a weighted graph with nodes and edges is defined. Each

pixel is treated as a node, connecting with its four neighboring pixels. The weight of the

edge between pixel i and its neighborhood j indicates the affinity of these two pixels (i.e.

sharing the same α), and can be defined as:

wij = exp
(‖Ii − Ij‖2

σ2

)
, (3.12)

where Ii is a vector representing the RGB color of pixel i, σ is a free parameter, set as 1
30

in [19]. The probability that a random walker at i moves to j can be then computed by:

pij =
wij

di
, where di can be computed as: di =

∑
j wij, the sum of the four weights of edges

that connect to pixel i. To calculate the color distance in Equ. (3.12) better, a Locality

Preserving Projections (LPP) technique is used. It projects the color image from RGB

channels to LPP channels, so as to distinguish the object boundary better. The definition

of weights of edges are changed accordingly, based on the application of LPP algorithm:

wij = exp
((Ii − Ij)>Q>Q(Ii − Ij)

σ2

)
, (3.13)

where Q is the solution of a generalized eigenvector problem:

ILI>x = λIDI>x, (3.14)
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where I is a 3×N matrix, whose column is Ii
>. N is the number of pixels. D is a N ×N

diagonal matrix, whose diagonal element Dii = di. L is the N ×N graph Laplacian matrix

formulated as:

Lpipj =


di if i = j,

−wij if pi and pj are adjacent nodes,

0 otherwise,

(3.15)

where Lpipj indicated that the matrix L is indexed by pixels pi and pj.

It turns out that the desired random walker probabilities (alpha matte) are the global

minimum to the Dirichlet energy function, with the boundary conditions (defined in Equ.

(3.11)):

α = arg minα>Lα, (3.16)

where L is the graph Laplacian matrix. The alpha matte will be calculated by solving the

system with linear equations. The random walk matting method makes full use of local

neighboring pixel correlation and produces a smooth alpha matte. However, sometime, the

final alpha matte is over-smoothed and some pure foreground and background pixels are

estimated as mixed ones by mistake.

Closed-form Matting Method Compared with the Poission matting algorithm that

believes the colors of neighboring pixels change smoothly, the Closed-form algorithm [34]

obeys the color line assumption. The color line assumption means that in a small window

(3× 3 or 5× 5) around a pixel i, the foreground (or background) color of each pixel in this

local window lies on a straight line in the color space. The color line assumption would be

invalid if the window is too big. If the color line assumption holds, the alpha value of the

pixel i in the small window w of a color image satisfies the given function:

αi = a>Ii + b, ∀i ∈ w, (3.17)

where a is a 3× 1 vector and b is a number. For every small window, a and b are fixed.

66



Ii is also a 3× 1 vector, representing the three color channels of the pixel i.

The Closed-form algorithm derives the alpha matte by minimizing the following cost

function:

J(α, a, b) =
N∑
j=1

(∑
i∈wj

(
αi − (a>j Ii + bj)

)2
+ ε‖aj‖2

)
, (3.18)

where N is the number of pixels, wj is the small window centered at pixel j, ε is a

regularization parameter. Since the windows overlap between each other, the information

between neighboring pixels can be propagated. By minimizing the cost function w.r.t.

(a, b), the cost function becomes quadratic in α:

J(α) = α>Lα. (3.19)

Here, α is an N × 1 vector, where N is the number of unknown pixels. L is also a graph

Laplacian matrix, with size N ×N . The (i, j)-th element of L can be formulated as:∑
k|(i,j)∈wk

(
δij −

1

|wk|

(
1 + (Ii − µk)

(
Σk +

ε

|wk|
I3
)−1

(Ij − µk)
))

, (3.20)

where δij is the Kronecker delta, |wk| is the number of pixels in wk, µk and Σk are the mean

vector and covariance matrix of the colors in window wk, I3 is a 3× 3 identity matrix. To

get the alpha matte, which is consistent with the user scribbles, they solve the following

function:

α = arg minα>Lα, s.t. αi = si ∀i ∈ S. (3.21)

Here, S is the set of scribbled pixels, si is the corresponding alpha value indicated by the

scribbles (0 or 1).

We should notice that the Laplacian matrix L also can be written as L = D−W , where

W is a symmetric weight matrix, whose off-diagonal elements are defined by:

W (i, j) =
∑

k|(i,j)∈wk

1

|wk|

(
1 + (Ii − µk)

(
Σk +

ε

|wk|
I3
)−1

(Ij − µk)
)
. (3.22)

D is also a diagonal matrix D(i, i) =
∑

jW (i, j), which is the same as [19]. Hence,

the matrix L in the Random walk matting method [19] and the one in the Closed-form
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matting method [34] are all the graph Laplacian matrices used in spectral methods for

segmentation. The difference between these two methods is the different affinity function

(Wi,j) for neighboring pixels. We call these kinds of propagation-based matting algorithms

as matting-Laplacian-based algorithms. In mathematics, they derive the alpha matte by

solving a sparse linear system.

The Closed-form matting is also often used as a smooth term in post-process after

sampling [21] [46] [52] [53] [61]. This method can work well if the color line model is

satisfied in a small window, but may cause over-smoothing in complex regions of image.

In the meantime, it may consume a lot of time to solve the large linear system.

KNN Matting Method The KNN matting method [6] obeys the assumption of non-

local principle, which is first proposed by [33]. The nonlocal principle indicates that the

alpha value αi of a pixel i can be expressed as a weighted sum of the alpha value αj. j

is the nonlocal neighboring pixel of i, which has similar appearance with i. Based on this

assumption, the KNN matting obtains nonlocal neighboring pixels j of i by collecting the

first K nearest neighbors of pixel i in the high dimensional feature space. The KNN defines

a novel feature vector X(i) for pixel i:

X(i) = (cos(Hi), sin(Hi), Si, Vi, xi, yi), (3.23)

where Hi, Si and Vi are the hue, saturation and lightness values in HSV color space and

(xi, yi) is the spatial coordinate of pixel i.

Given the feature vector for each pixel, a kernel function, which formulates the affinity

between two pixels, is defines as:

k(i, j) = 1− ‖X(i)−X(j)‖
U

, (3.24)

where U is the least upper bound of ‖X(i)−X(j)‖ to squash k(i, j) into [0, 1]. ‖ · ‖ is L1

norm, calculating the sum of the absolute values of the difference between the two vectors.
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The matting Laplacian matrix L can be obtained by:

L = D −W, (3.25)

where W is an N ×N affinity matrix with the (i, j)−th element defined as k(i, j). D is an

N ×N diagonal matrix, Dii =
∑

j k(i, j). N is the number of pixels.

Finally, combining the user-constraint information, the alpha matte is the closed form

solution of the equation:

(L+ λQ)
n∑
i

αi = λm, (3.26)

where Q = diag(m) and m is a binary vector of indices of all the user-constraint pixels,

λ is a parameter. The equation can be solved by the preconditioned conjugate gradient

method.

Comparing with the Closed-form matting method [34], the KNN matting method per-

forms well in dealing with highly textured regions or regions with holes in the trimap.

However, when encountering fur regions, such as animals’ hairs, its performance is lack of

smoothness.

In summary, the propagation-based methods utilize the relations among neighboring

pixels and propagate alpha values from the known regions to the unknown ones. They

perform well when the underlying assumptions stand. However, when the assumption

is violated, strong edges existed in highly textured regions block the propagation, and

the foreground and background colors are extremely similar, the matting quality deteri-

orates. In addition, the propagation process may accumulate the errors. Although some

recent sampling-based methods tend to utilize the propagation-based methods in their

post-processing so as to optimize their matting results, these kinds of combinations are

more like to be a simple tradeoff between the sample colors and pixel affinities, rather

than a perfectly complementary. As a result, both of them may fail to deal with some

complicated scenes with dense textures or color fusion.
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3.2 Deep Learning based Alpha Matting Algorithms

To solve the problems encountered by conventional matting algorithms, the matting meth-

ods based on deep learning are proposed following the explosion of deep learning technique

researching.

DCNN Matting Method The deep Convolutional Neural Network (DCNN) matting

method [7] can be regarded as the first matting method that applies the deep Convolutional

Neural Network, a branch of deep learning, in solving natural image matting problem.

The training dataset contains more than a hundred thousand of image patches, which

are original from 27 training images. With compositing the foreground onto different

backgrounds and data augmentation strategies, those training patches are generated. The

testing dataset contains 8 testing images. Both of 27 training and 8 testing images are

provided by alphamatting.com website [47].

The CNN architecture is an alternative pile of convolutional layer and ReLU layer, the

number and the size of kernels for each convolutional layer is illustrated in Figure 3.6. In

the training stage, the input of the CNN model is a 5-channel image patches (27 × 27 ×

5), which combines the alpha mattes obtained by local (Closed-form matting [34]) and

nonlocal (KNN matting [6]) propagation-based matting algorithms with the corresponding

normalized RGB color image. The output is a predicted alpha matte patch (15× 15× 1),

which compares with the ground truth alpha matte with the Euclidean loss function. The

errors are back propagated to the CNN model, from the output layer to the input one, in

order to update the kernels’ weights for each layer. In the testing stage, the input of the

CNN model is the original resolution of the testing images and after a single forward pass,

an estimated alpha matte with equal size is obtained.

Although the combination of the matting results from the previous conventional mat-

ting methods and the deep CNN technique leads to a better alpha matte at that time,
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Figure 3.6: The deep CNN architecture of the DCNN matting method [7].

there are some drawbacks in the DCNN matting method. Firstly, getting the alpha mattes

from other conventional matting methods before training the network is time consuming.

And adding more matting results from conventional methods as input can really reach a

better result, but it is considered to be kind of cheating, because the approximate answers

have been shown to the network when testing. Secondly, the usage of the Close-form and

the KNN matting’s results makes this method preserve the matting errors existed in the

previous matting methods. Thirdly, the dataset is so small, only containing 27 training

images and 8 testing images, and most of them are indoor scenes. The constraints of the

dataset may lead to the overfitting when training the network and may bias the network

to be more incentivized to fit to this kind of dataset instead of the real scenes.

Automatic Portrait Matting Method The automatic portrait matting method [55]

pays attention to calculating the alpha matte for the portrait images. Their system includes

two modules: trimap labelling and image matting. In the trimap labelling module, a

portrait image and its pre-trained shape mask is given as input, then a convolutional

neural networks (CNNs) is used to produce three maps: F s, Bs and U s, which indicates

the probability that each pixel belongs to the foreground, background or unknown regions

respectively. Then, a softmax function is used to transform the three channels into the

probability maps F and B, which are the input of the image matting module.
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In the image matting module, the alpha matte is computed through a propagation-

based matting method, which can be expressed as:

α = arg minλα>Bα + λ(α− C)>F(α− C) + α>Lα, (3.27)

where α is the alpha matte vector, C is an all-1 vector, B = diagB, F = diagF , and L is

the matting Laplacian matrix proposed by [34], λ is an adjusting parameter. According to

the solution of Equ. (3.27), the image matting module can be formulated as:

f(F,B;λ) = λ(λB + λF + L)−1F, (3.28)

where F and B are the input probability maps and λ is the parameter need to be learnt.

f(F,B;λ) = α defines the forward propagation. Then a loss function L(α,αgt) is defined

to measure the errors between the predicted alpha matte and the ground truth alpha matte.

With back propagating the errors, the parameters in the CNNs are updated.

Although this matting method generates a trimap with CNNs automatically, it is still

not a complete matting method based on deep learning. Because CNNs is only used to gen-

erate the probability maps and the truly matting process is still based on the propagation-

based matting method. The errors produced in the propagation-based matting algorithm

will still affect the matting results. In addition, this matting method just pays attention to

portrait images. We still hope to find a reasonable matting method based on deep learning

that can estimate alpha matte directly from the original image, and can deal with all the

natural images, not only for the portrait images.

Deep Image Matting Method The deep image matting method [65] is the first matting

method that uses a complete CNNs to learn the alpha matte directly, given an image and

its corresponding trimap as input. Its network has two stages: encoder-decoder stage and

matting refinement stage. In the encoder-decoder stage, the input is a 3-channel image

patch and its trimap. The loss function is the weighted sum of alpha prediction loss

and the compositional loss. The alpha prediction loss is the absolute difference between
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the predicted alpha matte and the ground truth alpha matte. The compositional loss is

the absolute difference between the ground truth RGB color image and the predicted RGB

color image, which is composited by the ground truth foreground, ground truth background

and the predicted alpha matte. The output of this stage is the predicted alpha matte. In

the refinement stage, the predicted alpha matte from first stage and the original 3-channel

image patch are concatenated as input. Then the input is fed to a few convolutional layers,

the output of these layers is then added with the predicted alpha matte produced by the

encoder-decoder stage to produce the final alpha matte. In fact, the refinement stage is

worked as a residual block [24]. The loss function of this stage is only the alpha prediction

loss. The whole network is shown in Figure 3.7.

Figure 3.7: The CNNs architecture of the deep image matting method. The figure is cited

from [65].

The deep learning method achieves a state-of-the-art performance. Meanwhile, it pro-

poses a new large matting dataset, which improves the possibility of solving matting prob-

lem through deep learning technique. The only imperfection of this method is the compli-

cated network architecture and the huge number of parameters. Without the refinement

stage, the network has generated nearly 26 million parameters. Training such a compli-

cated network leads to a huge time consumption. In the meanwhile, the network is lack of

flexibility, if the dataset is enlarged in the future, this network architecture will not fit to

that huge dataset anymore. Our proposed matting method is also based on an end-to-end

73



CNNs, but will be more flexible and simple, without sacrificing the quality of matting

results.

GAN Matting Method The GAN matting method [38] is a novel alpha matting

method based on deep learning, it can be seen as the first matting method using a gen-

erative adversarial networks (GANs) to solve matting problem for natural images. The

generative adversarial networks (GANs) has two parts: the generator G and the discrimi-

nator D.

The input of G is a 4-channel image, composited by the RGB color image and the

corresponding trimap. G aims at predicting the right alpha matte, which is similar to the

ground truth. D tries to distinguish the differences between the real 4-channel inputs and

the fake 4-channel inputs. The real 4-channel input is composited from the foreground,

ground truth alpha matte, the background and the trimap. And the fake one uses the

predicted alpha matte to replace the ground truth alpha matte in the real 4-channel input.

The generator of this network is a convolutional encoder-decoder network. For the

encoder, the ResNet50 [24] architecture is pre-trained on Imagenet [48], and modified ap-

propriately as the first part. Then the atrous spatial pyramid pooling (ASPP) module

from [5] is added to output 256 × 40 × 40 feature maps. For the decoder, bilinear inter-

polation, unpooling and fractionally-strided convolution are used to upsample the feature

maps back to 320×320 (the size of input image patch). And some skip lines connecting the

encoder layers to the decoder layers are also added so as to retain some local information

of inputs. The generator network architecture is illustrated in Figure 3.8.

The discriminator of this network is a PatchGAN proposed by [26], which tries to judge

every N × N patch of the input image as a real one or a fake one. The input of D has

4-channels: the original RGB color image and the trimap.

The loss function of this network contains three parts: the alpha prediction loss Lalpha,
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Figure 3.8: The architecture of the generator network of the GAN matting method. The

figure is cited from [38].

the compositional loss Lcomp, and the adversarial loss LGAN . The former two are proposed

by [65], and the third one is a specific one for GAN matting, which is formulated as:

LGAN(G,D) = logD(x) + log(1−D(C(G(X)))), (3.29)

where x is the real 4-channel input (with ground truth alpha matte). C(y) is the com-

position function, compositing the predicted alpha matte from G with the foreground,

background and trimap to form the fake image. G tries to minimize LGAN by generating

alpha matte similar to ground truth, while D attempts to maximize it by telling real from

fake composited images. Consequently, the alpha matte is obtained by:

α = arg min
G

max
D

LAlphaGAN(G,D), (3.30)

where

LAlphaGAN(G,D) = Lalpha(G) + Lcomp(G) + LGAN(G,D). (3.31)

The GAN matting method achieves a reasonable performance, but the performance is

not good as ours. In our opinion, GAN is not suitable for solving matting problems.

GAN is a deep learning, unsupervised learning technique proposed by Ian Goodfellow.

In GAN, we have a generator and an adversarial network called discriminator. Hence the
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network is named as generative adversarial network. The objective of generator is to model

or generate data that is very similar to the training data. In other words, generator needs

to generate data that is indistinguishable from the real data. Generated data should be

such that discriminator is tricked to identify it as real data. Meanwhile, the object of

discriminator is to identify if the data is real or fake. The discriminator gets two sets of

input. One input comes from the training dataset and the other input is the modelled

dataset generated by generator. Generator can be thought as counterfeiters making fake

items which look exactly like real items. Discriminators can be considered as law-executors

trying to detect the counterfeit items. Counterfeiters and law-executors both are trying

to beat each other at their game. In general, if we use GAN to deal with images, GAN is

more suitable to tell the “fake” from “real” visually. In other words, only when the “loss

function” is hard to expressed mathematically and “error” is small when the two compared

images are visual (not quantitative) similar, GAN is suitable.

In GAN matting, the predicted alpha mattes are the “counterfeit items”, the ground

truth alpha mattes will be the “real items”. The generator of the GAN matting method

works as the whole networks of previous matting methods based on deep learning, which

aim at producing good enough matting results. The difference is: the GAN matting method

uses a network (discriminator) to judge the quality of matting results, and back propagates

the errors to the generator. However, this kind of judgement can be accomplished by using

mathematical functions as loss functions, such as MSE, SAD, gradient and so on. Using

a network to do the judgement and training both the generator and the discriminator is

kind of waste. In addition, alpha matting is a pixel-wise accuracy work, we should exactly

know the alpha value of each pixel in the unknown region. We should judge the matting

results not only visually but also quantitatively.

In consideration of the inadequacy of GAN, we will solve the alpha matting problem

via convolutional neural networks (CNNs), and the experimental results show that our

method can get better matting results than GAN matting method.
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Chapter 4

Alpha Matting via Residual

Convolutional Grid Network

As we mentioned in the previous chapter, there are many drawbacks for conventional

matting methods in extracting some special kinds of foreground objects. And the recently

proposed deep learning based matting methods still have a large improvement space.

In this thesis, we propose a novel alpha matting method based on convolutional neural

networks (CNNs). The proposed matting method is shown in Figure 4.1, which utilizes a

convolutional grid network with residual learning framework [24] to realize an end-to-end

matting. This method has achieved a state-of-the-art performance, which is next only to

the best matting method: deep image matting method [65]. And the number of parameters

in this method is less than one third of the number of parameters in the deep image matting

method [65]. Our proposed matting method achieves good matting performance. We would

like to try to add a refinement module on it, in order to solve the existed over smoothness

problem and further improve our matting performance.

The experimental results of the proposed matting method, and the performance com-

parison with refinement module will be shown in Chapter 5. In this chapter, we will
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describe the network architecture, calculate the trainable parameters, and present the loss

function of the proposed method. We will also introduce the training and testing dataset,

and describe the refinement module at the end.

4.1 The Proposed Matting Method

In this section, we will introduce the network architecture, trainable parameter calculation,

and loss function of the proposed matting method: matting method based on the residual

convolutional grid network.

4.1.1 The Overall Network Structure

Figure 4.1: The overall network architecture. GT means the ground truth.

The overall network structure of our model is shown in Figure 4.1. This network

structure is inspired by the residual learning framework [24], which predicts differences
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between the input and the output, and is first proposed by Kaiming He (as Figure 4.2

shows).

Figure 4.2: The residual learning framework [24].

As we know, with the development of CNNs, it has been discovered that increasing

the depth of the network may increase the performance of the network in many data rich

computer vision tasks. However, it has also been observed that along with the increase

of network depth, the training becomes more and more difficult. Many problems appear

and hamper further increase of the performance. One of the problem is the notorious

vanishing/exploding gradients problem [3] [17] during the back-propagation steps. This

problem may stop the network from further learning. The other problem is the degradation

problem in training a deeper network. With the increase of network depth, accuracy gets

saturated and then degrades rapidly. In other word, adding more layers to a network

model leads to higher training and test errors. The degradation of accuracy is not due to

overfitting.

To address these issues, residual learning framework is proposed. Figure 4.2 shows a

residual learning framework [24]. The residual learning framework guides the stacked layers

to learn residual function R(x) with respect to the layer inputs x, instead of learning target
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function D(x) directly. The central idea of this design is as follows: when directly learning

the desired function D(x) is difficult, we can learn the residual function R(x) instead. Then

the desired function is obtained by D(x) = R(x) + x. The orange connection in Figure

4.2 is an identity skip connection (“shortcut”). In [25], various different types of mappings

are used for the skip connections, and the identity mapping h(x) = x is proved to be the

best. With this skip connection, the gradient is back-propagated more easily. This residual

learning architecture makes deep networks easier to optimize.

At the time the residual learning framework was first proposed, the residual learning

network based on this framework had a striking performance in many computer vision

tasks, such as ImageNet detection, ImageNet localization, MS COCO detection and seg-

mentation. And now, the residual learning framework is still commonly used in all new

proposed network architectures. In our network, we also use residual learning framework

in many places, which we will introduce in detail in the following.

In our proposed matting method (as Figure 4.1 shows), we concatenate the three-

channel image and the corresponding trimap along the channel to form the four-channel

input and feed them to a convolutional grid network, which will be introduced in detail in

the following subsection. The convolutional grid network extracts the low/mid/high-level

semantic information progressively from the concatenation of the original image and the

trimap, and synthesizes an error map. The error map represents the differences between the

predicted alpha matte and the input trimap. The orange connection in Figure 4.1 is also

an identity skip connection, which delivers all the pixel values of the trimap to the output

of the convolutional grid network. There, the output of the convolutional grid network

(“error map”) has the same dimension with the trimap, and it will be pixel-wise added

with the trimap to form the predicted alpha matte. This structure guides the Gridnet to

focus on estimating the alpha values in the unknown regions, which effectively reduces the

burden of Gridnet.

During the training, the original training images are cropped to 320×320 image patches,
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so are the corresponding trimaps, before being fed to the overall network. The network

is penalized by two loss functions: alpha prediction loss function and compositional loss

function. During the testing, the images with original resolution and their same size trimaps

will be fed to the network without cropping. The process can be expressed mathematically:

z = x +G
(
x(+)y

)
, (4.1)

where x is the trimap, y is the three-channel image, (+) represents concatenating along

the channel, G(·) is the mapping in convolutional grid network and z is the predicted alpha

matte.

4.1.2 Grid Network

The network that generates the error map is called convolutional grid network (Gridnet).

In this subsection, we will introduce the inspiration and the structure of grid network.

The Inspiration of Gridnet

Our grid network is inspired by the network architecture proposed by Damien Fourure

in [13]. The original Gridnet [13] works for image semantic segmentation, which aims at

providing a class label for each pixel of an image, in order to segment an image into seman-

tically meaningful regions. Semantic segmentation is a pixel-wise work, hence, the detail

information of each pixel should be kept. Meanwhile, the high-level semantic information

also needs to be extracted, in order to implement segmentation. To satisfy this kind of

requirement, Damien Fourure proposed the grid network architecture in [13] for the first

time. As its name shows, the grid network is organized as a two-dimensional grid. The

“intersections” of grid are feature maps and the “edges” of grid are computation blocks.

Every row of the grid is stack of blocks, which consist of convolutional networks. They

keep the resolution of input and output of each row as constant, in order to keep the
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detail information of each pixel. The columns in the left half of the grid are composed

of downsampling blocks, which consist of classical convolutional networks with downsam-

pling operations, which reduce the resolution of feature maps and enlarge the receptive

field. The columns in the right half of the grid are composed of upsampling blocks, which

consist of deconvolutional networks with upsampling operations, which increase the res-

olution of feature maps back to the ones before downsampling. By combining the rows

and columns, the grid network retains the detail information of each pixel and extracts the

high-level abstract information of the original image.

Our matting task has the same requirement as the semantic segmentation, we hope to

keep the detail information of each pixel, in order to assign an alpha value for each pixel in

the unknown region. Meanwhile, we also need to learn the high-level semantic information

from the original image, in order to extract the foreground object accurately by recognizing

the foreground item. Hence, we use the similar network architecture for our work and

change the detailed compositions in each computation block of the original grid network so

as to make the network adapt to our task well. The comprehensive experimental evidence

provided in Chapter 5 indicates the rationality and validity of our network architecture in

dealing with alpha matting problems.

The Structure of Gridnet

The grid network architecture of our model is shown in Figure 4.3, which is organized as a

two-dimensional grid pattern, with m rows and n columns. The number of rows (m) and

columns (n) in the network can be set by ourselves. We also call the rows as “streams”.

The intersections of the grid are stack of feature maps. We use Xi,j to express the feature

maps of line i and column j. Those feature maps are connected through computation

blocks, and the information is processed in the computation blocks. Those computation

blocks are placed horizontally or vertically with different colors.
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Figure 4.3: The grid network architecture.

The horizontal computation blocks (i.e. green blocks) are residual convolutional blocks,

without upsampling or downsampling, they change neither the image resolution nor the

number of feature maps. That means when the information pass through stream blocks,

the resolution is a constant. The vertical computation blocks can be divided into two

categories symmetrically. The left-half part are blue blocks and the right-half part are

yellow blocks. Each blue block is a downsampling convolutional block, which doubles the

number of feature maps and divides the size of feature map by two. On the contrary, each

yellow block is an upsampling convolutional block, which doubles the spatial width and

height of feature maps and halves the number of feature maps. The detailed configuration

of those blocks will be described later.

During the training, the image patch and the corresponding trimap patch are con-

catenated along the channel dimension and to form the 4-channel input. The input passes

through the first convolutional layer in stream 0 and output the feature map X0,0. Then the

information can be passed through any computation blocks along the arrows: If it chooses

a straight way to only pass through the horizontal green computation blocks in stream 0,

the resolution of feature maps will stay constant and the detail information of the original

image can be reserved. If it passes through the vertical connections in the left-half part

and goes back through the vertical connections in the right-half part, the downsampling
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and upsampling operations reduce and recover the resolution of input image, respectively.

Meanwhile, the downsampling operation increase the size of receptive fields significantly

without enlarging the filter sizes, which will increase the number of parameters. Pass-

ing through the vertical connections means that the high-level abstract information can

be better extracted and the more context information will be obtained from the original

image.

By combining the different information flow paths (parallel paths and vertical paths), we

hope the network can either retain the detail of the image or learn the high-level semantic

information and context information of image. And we also hope that the network itself

can decide the paths to pass the information, in accordance with its requirements. After

choosing different ways, the information is finally converged as X0,n−1, these feature maps

are then passed through the convolutional layer on the “tail” of the stream 0, and output

a 1-channel error map. The error map adds with the trimap to form the final predicted

alpha matte.

During the training, assuming that the information is passed along the blue paths show

in Figure 4.4, then the gradient will be back propagated along the red paths in Figure 4.5,

and the parameters in the convolutional layers along the red arrows will be updated.

Figure 4.4: A forward propagation example of grid network.

To further explain our network architecture and the rule of passing the information,
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Figure 4.5: The corresponding backward propagation example of grid network.

we magnify the red square in Figure 4.3 and show the detailed configuration of network in

Figure 4.6.

Each green block is a residual convolutional block [24], where we uses two-layer 3 × 3

convolutional natural networks with stride one and one-pixel padding, to calculate the

differences between the outputs and the inputs of the block. ReLU is the non-linear layer,

and is set before each convolutional layer. We set the kernel size of the filter to 3 × 3 to

minimize the number of parameters, for 3× 3 is the smallest size to capture the notion of

up/down, left/right and center. The 3× 3 filter is convolved with the input at every pixel

(with stride one) and the consecutive stack of two 3× 3 convolutional layers have achieved

an effective receptive field of 5 × 5. Since the convolution stride is fixed to one pixel in

both of the two convolutional layers, and the spatial padding of convolutional layer input

is one pixel, (which is realized by reflecting one-pixel value at the margin of image patch),

the spatial resolution of feature maps are constant between inputs and outputs.

Mathematically, we use G(·) to express the convolution operation for the residual block,

θG are some trainable parameters in residual block. When we fed the block with a feature

tensor Xi,j of dimension (Fi,j ×Wi,j ×Hi,j), where Fi,j is the number of feature maps and

Wi,j is the width of the map and Hi,j is the height of the map. Then the output of the

residual block is Xi,j +G(Xi,j, θ
G
i,j), which is a tensor of the same dimension as Xi,j.
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Figure 4.6: Detail configuration of grid network.

All the vertical blocks are not residual anymore. Each vertical blue block is a downsam-

pling convolutional block, which also contains two convolutional layers with a kernel size of

3×3. The spatial padding of convolutional layers input is also one pixel. We use reflection

to realize the padding. ReLU is the non-linear layer, and is set before each convolutional

layer. The first convolutional layer has stride two, as a result, the spatial width and height

of feature maps are reduced by two when they are passed through the first convolutional

layer. Meanwhile, the number of filters in the first convolutional layer is the twice of the

number of input feature maps, so the number of the output feature maps are doubled by

the first layer at the same time. The second convolutional layer in the vertical blue block

has stride one, and the same number of filters as the first convolutional layer, so the vol-

ume of feature maps is unchanged when they pass through the second convolutional layer.

We use B(·) to represent the mapping operation of the downsampling convolutional block.

Assume that the input of the block is the feature map Xi,j of dimension (Fi,j×Wi,j×Hi,j),

θB are some trainable parameters in the blue block, then the output is B(Xi,j, θ
B
i,j), which
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is a tensor of dimension (2Fi,j ×Wi,j/2×Hi,j/2).

On the contrary, each yellow block is an upsampling convolutional block, it first uses

bilinear interpolation method to increase the size of the feature maps by a factor 2. After

the size of the feature maps recovers to the one before downsampling operation, the feature

maps go through two successive convolutional layers, also with a kernel size of 3 × 3 and

stride one. The spatial padding of convolutional layers input is also one pixel and realized

by reflection. ReLU is the non-linear layer and is set before each convolutional layer.

The number of filters in these two layers are the half of the number of input feature

maps. As a results, these convolutional layers decrease the number of feature maps by two.

Hence, the upsampling computation blocks augment the feature map’s width and height

by two, and reduce the number of feature maps by 2, which makes the dimension of tensor

back to the original one (i.e. the one in the upper stream), to allow the addition. The

function Y (·) is used to defined the operation of the yellow block, θY are the trainable

parameters in the yellow block, after passing data Xi+1,j+1 through the yellow block, the

output Y (Xi+1,j+1, θ
Y
i+1,j+1) is of dimension (Fi+1,j+1/2× 2Wi+1,j+1 × 2Hi+1,j+1).

Except for the border feature maps, each feature map Xi,j in the grid is the sum of

two different kinds of computations: one is the horizontal residual computation processing

the information from its left neighboring feature map Xi,j−1, and the other is the vertical

downsampling (upsampling) convolutional computation processing the information from its

upper (lower) neighboring feature map Xi−1,j (Xi+1,j). The second computation depends

on if the column is a downsampling or upsampling one.

If Xi,j is in a downsampling column:

Xi,j = Xi,j−1 +G(Xi,j−1, θ
G
i,j−1) +B(Xi−1,j, θ

B
i−1,j). (4.2)

Otherwise, if Xi,j is in an upsampling column:

Xi,j = Xi,j−1 +G(Xi,j−1, θ
G
i,j−1) + Y (Xi+1,j, θ

Y
i+1,j). (4.3)
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The border feature maps are produced more simply than the interior ones in the grid.

Here, we use a specific Gridnet example to illustrate them. In our experiment, we adjust

the number of rows, columns and the feature maps in the first stream of the grid network,

in order to obtain the best matting result with an acceptable number of parameters. We

find that the grid network with five rows (5r), four columns (4c) and 16 feature maps (16f)

in the first stream works best. So we show that grid network in the Figure 4.7. And show

Figure 4.7: Grid network architecture with 5r4c16f.

the first column of this network in Figure 4.8 and the last column of this network in Figure

4.9. The configuration of network in the second column is totally the same as the first one

and the third column is the same as the last one.

For the first row, during the training, the input to our grid net is a fixed-size of 320×320,

4-channel image patch, which is formed by concatenating the original 320× 320, 3-channel

RGB image patch with its corresponding trimap along the channel dimension. Hence, the
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Figure 4.8: The first column of grid network with 5r4c16f.
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Figure 4.9: The last column of grid network with 5r4c16f.
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input volume is 4 × 320 × 320. The concatenated input is first fed to a convolutional

layer, which has 16 different filters, with a kernel size of 1 × 1 and stride one. So the

output feature maps of this first convolutional layer: X0,0 has the volume of 16×320×320.

The first convolutional layer aims at adjusting the dimension of the input in order to be

processed conveniently in the grid network. Then, we set each convolutional layer in the

green residual block in the first stream to have 16 different 3×3 filters, with stride one and

one-pixel padding. ReLU is the non-linear layer and is set before each convolutional layer.

As a consequence, the volume of all the feature maps in the first stream is 16× 320× 320.

Since the finally output is a 1-channel error map, the last feature maps of the first stream

X0,3 is arranged to go through a convolutional layer with just one filter, with a kernel size of

1×1 and stride one. ReLU is the non-linear layer and is set before the convolutional layer.

The 1-channel error map will be pixel-wise added with trimap to produce the predicted

alpha matte. We should notice that, due to the residual block does not change the volume

of feature maps, feature maps in the same stream have the same volume.

For the first column, to double the number of feature maps when they are passed

through the vertical blue block, we set the number of filters of convolutional layers in the

first blue block to be 32, 64 for the second block, 128 and 256 for the third and the fourth

blue block, respectively. The feature map passes through these four vertical blue block and

ends with a volume of 256× 20× 20. Figure 4.8 shows the volume of feature maps and the

number of filters in each convolutional layers of each block in the first column.

Meanwhile, for the last column, the yellow blocks upsample the feature maps back to

the volume before downsampling. So we set the number of filters in convolutional layers

of each block in the fourth column to be 128, 64, 32 and 16, respectively, from the bottom

one to the top one. Figure 4.9 shows the volume of feature maps and the number of filters

in each convolutional layer of each blocks in the last column.

As we mentioned above, we can choose the number of rows, columns, and feature maps

of the first row by ourselves. We should notice that the number of downsampling convolu-
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tional column and the number of upsampling convolutional column should be consistent,

which means that the number of columns should be an even number. After setting the

number of feature maps in the first row, the number of feature maps in other rows are

fixed: twice the number of the upper row. We have changed those adjustable parameters

in our experiment, and the corresponding experimental results are shown in the Chapter

5.

4.1.3 Trainable Parameter Calculation

In neural networks, the number of trainable parameters influences the computation com-

plexity and memory usage. Our Gridnet structure controls this number well by adjusting

the number of the rows/streams, the downsampling columns, the upsampling columns, and

the feature maps in the first row. In this subsection, we provide the counting method of

trainable parameters, and calculate the number of trainable parameters of 5r4c16f grid

network.

Assuming our grid network has M rows/streams, Nd downsampling columns, Nu up-

sampling columns, and F0 is the number of feature maps at resolution W0 × H0 in the

first row/stream. The number of channel of input is Ci, the number of channel of output

is Co. The kernel size of convolutional layer in the “head” and “tail” are khead and ktail,

respectively. The kernel size of convolutional layer in the grid is k. The input has a volume

of 4×W0 ×H0 and the output has a volume of 1×W0 ×H0. The following formulas can

be used to calculate trainable parameters of different grid networks with different number

of rows, columns, feature maps and so on. For our proposed 5r4c16f grid network, M = 5,

Nd = 2, Nu = 2, F0 = 16, Ci = 4, Co = 1, khead = 1, ktail = 1 and k = 3.

For the first convolutional layer (head) and the last convolutional layer (tail) in the

first row/stream, the number of trainable parameters are given by:

phead = Ci × khead × khead × F0 = 4× 1× 1× 16 = 64, (4.4)
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ptail = F0 × ktail × ktail × Co = 16× 1× 1× 1 = 16. (4.5)

For all the green block in all the M rows, the number of trainable parameters pr are given

by :

pr = 2{(20)2 + (21)2 + (22)2 + (23)2 + ...+ (2M−1)2}(F0 × k × k × F0)(Nd +Nu − 1)

=
2

3
(4M − 1)(F0 × k × k × F0)(Nd +Nu − 1)

=
2

3
(45 − 1)(16× 3× 3× 16)(2 + 2− 1)

= 4, 713, 984.

(4.6)

For all the blue blocks in all the Nd downsampling columns, the number of trainable

parameters pd are given by:

pd = {21 + 22 + 23 + ...+ 22(M−1)}(F0 × k × k × F0)(Nd)

= 2(22(M−1) − 1)(F0 × k × k × F0)(Nd)

= 2(22(5−1) − 1)(16× 3× 3× 16)(2)

= 2, 350, 080.

(4.7)

For all the yellow blocks in all the Nu upsampling columns, the number of trainable

parameters pu are given by:

pu = {20 + 21 + 22 + ...+ 22(M−1)−1}(F0 × k × k × F0)(Nu)

= (22(M−1) − 1)(F0 × k × k × F0)(Nu)

= (22(5−1) − 1)(16× 3× 3× 16)(2)

= 1, 175, 040.

(4.8)

The total parameters in our grid network with 5 rows, 4 columns, 16 feature maps in

the first row is 8, 239, 184, which is less than one-third of the number of parameters in deep

image matting method without refinement [65], which is more than 26 millions.
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4.1.4 Loss Function

Our proposed matting method, using a convolutional grid network to predict alpha matte

directly from image and trimap, leverages two losses to form the overall loss function, which

is inspired by [65].

The first loss is the alpha prediction loss, which is improved from L1 loss function. The

L1 loss function measures the sum of the absolute difference between each pixel value in

the ground truth alpha matte and the corresponding pixel value in the predicted alpha

matte. The formula is given by:

L1(αpre, αgt) =
M−1∑
i=0

N−1∑
j=0

∣∣∣αpre(i, j)− αgt(i, j)∣∣∣, (4.9)

where | · | denotes the absolute value, αgt(i, j) denotes the pixel value of the ith row, jth

column in ground truth alpha matte, αpre(i, j) denotes the pixel value of the ith row, jth

column in predicted alpha matte. The size of ground truth alpha matte is M ×N .

However, because the absolute values are non-differentiable, we improve the L1 loss

function to a differentiable one, called alpha prediction loss:

L1alpha(αpre, αgt) =
M−1∑
i=0

N−1∑
j=0

√
(αpre(i, j)− αgt(i, j))2 + σ2, (4.10)

where αpre(i, j), αgt(i, j) ∈ [0, 1], σ is a small value set to be 10−6 in our experiments. Then

the derivative of L1alpha with respect to αpre(i, j) is:

∂L1alpha(αpre, αgt)

∂αpre(i, j)
=

αpre(i, j)− αgt(i, j)√
(αpre(i, j)− αgt(i, j))2 + σ2

. (4.11)

The second loss is compositional loss, which is also improved from the L1 loss function.

At this time, the L1 loss function calculates the sum of the absolute difference between

each pixel value in the ground truth RGB color image and the corresponding pixel value

in the compositional predicted RGB color image:

L1(Ipre, Igt) =
M−1∑
i=0

N−1∑
j=0

∣∣∣Ipre(i, j)− Igt(i, j)∣∣∣, (4.12)
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where, Igt is the pixel value of the RGB 3-channel ground truth image, which is formed by

compositing ground truth foreground object, the ground truth alpha matte with the ground

truth background image. And Ipre is the pixel value of the RGB 3-channel predicted image,

which is formed by compositing the ground truth foreground image, the predicted alpha

matte with the ground truth background image. To make the loss function differentiable,

we use the compositional loss function to approximate the L1 loss function:

L1comp(Ipre, Igt) =
M−1∑
i=0

N−1∑
j=0

√
(Ipre(i, j)− Igt(i, j))2 + σ2, (4.13)

where σ is also set to be 10−6 in our experiments. The compositional loss forces the network

following the matting function in Equ. (1.1), in order to obtain more accurate alpha matte.

The overall loss is the weighted sum of these two loss functions, in our experiment, we

assign the same weight to these two loss functions:

Loverall = 0.5L1alpha(αpre, αgt) + 0.5L1comp(Ipre, Igt). (4.14)

The reason why we rely on the L1 loss function but not the L2 loss function is that

the L2 loss function performance bad if the outliers existed. The L2 loss function takes

the square of the differences, which inevitably lead to the outliers having larger influence

on the L2 loss function than the L1 loss function. Hence, the network with the L2 loss

function may try to minimize the error caused by outliers, at the expense of increasing

the error of common examples. In our task, outliers can be tolerated, hence, the L1 loss

function is adopted, which is more robust to outliers.

4.2 Dateset

Our dataset contains two parts: training dataset and testing dataset. Before the deep-

learning based matting methods, the conventional matting methods evaluate their mat-

ting performance by using the dataset provided by the alpha matting evaluation website
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alphamatting.com [47]. This dataset has achieved tremendously success in accelerating

the pace of development in alpha matting research. However, there are two defects in the

dataset provided by the website:

• The number of dataset is two small, it is not enough to train a neural network. It

contains only 27 images for training and 8 images for testing. If the network is a little

bit complex, the small training dataset will lead to overfitting. This is the reason

why the DCNN matting method [7], which uses this dataset as training and testing

dataset, has a simple CNN architecture: a stack of 6 convolutional layers.

• The content of the image of dataset is severely limited in its diversity and restricted

to lab scenes. Figure 4.10 and Figure 4.11 shows some training images and testing

images, respectively. We can find that no one is a real natural image. They have

two common characteristics: 1) The foreground objects are static and single: dolls,

stuffed toys, artificial potted plant, pen holder, net, plastic bag and so on. There

are no human beings or animals. In addition, those foreground objects rarely appear

in common natural image. 2) The dataset are created in indoor static environment.

The backgrounds of images are artificial. They are pictures with natural scenery,

or indoor scene. The backgrounds are also blurry, which may bias the network to

recognize the blur of images and choose the clear objects as foreground and blurry

parts as background. As a result, performing well in this dataset may not be equal

to having good results in dealing with a real natural image.

In general, the dataset for natural image (alpha) matting based on deep learning should

have several important properties. Firstly, the number of training dataset should be large

enough to allow for the training of network. Secondly, the images in dataset should be

like natural images, with natural lighting, natural background and foreground objects

common seen in real world. Thirdly, the foreground objects should be diversified, with

human beings, animals, plants, industrial products and so on. Fourthly, a variety of

96



(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 4.10: Training images provided by matting evaluation website alphamatting.com

[47]. In the purpose of keeping the layout neat, the resolution of images has been adjusted.

(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 4.11: Testing images provided by matting evaluation website alphamatting.com

[47]. In the purpose of keeping the layout neat, the resolution of images has been adjusted.
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difficult conditions found in real world image should be covered, such as color distributions

overlapping, complicated background, transparent and reflective phenomena. Fifthly, the

span of the resolution of images should be large, in order to deal with the natural images

with high resolution. Finally, the dataset should be paired with high quality ground truth

alpha matte, to allow for training and fair comparison.

In consideration of the flaws in the existed matting dataset, a bigger and more suitable

dataset for alpha matting methods based on deep learning are needed. However, there

is no standard method for producing the ground-truth alpha mattes for images. Because

producing the matting ground truth has strict restrictions, which is significantly much more

difficult than for most other computer vision tasks (e.g. labeling the objects of millions

images manually in order to realize image classification or image recognition and so on).

In addition, the quality of the ground-truth alpha matte needs to be very high, it should

define every pixel’s alpha value, which is a pixel-wise accuracy.

At the very beginning, we tried to produce the ground truth by ourselves, through

chroma keying technique. We set the foreground objects in front of the solid color back-

ground (green screen in our lab) with the constraint that there are no similar colors between

background and the foreground objects. Theoretically, with the simple background color

and the easily separable foreground and background color distribution, the chroma key-

ing technique can accurately and efficiently extract the foreground objects and obtain the

alpha mattes by subtracting the background color in each pixel.

However, the results are not satisfactory. The reason has three aspects: 1) the back-

ground can not be completely monochromatic and evenly lighted. 2) The defects in current

algorithms limit the accuracy. 3) This kind of work is really time consuming. In professional

studio, the background can be constant color by placing the lighting source evenly. On the

contrary, in practice, we inevitably have shadow and crumple on the background surface

and the lighting condition is also uneven. In addition, the current algorithms or keying

apps perform badly when they encounter the situation that the background light partially
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passes through the foreground, reflects on the foreground, or the foreground objects have

similar color with the background (green screen). Meanwhile, producing a ground truth

image need user interaction, it may take hours to refine the matting result in order to get

an accurate ground truth. However, we do not have enough time to produce hundreds of

ground truth alpha mattes and the limitation of accuracy in producing the ground truth

alpha mattes also restricts the accuracy of our results, because we use these ground truth

alpha mattes as “answers” to train our network.

Due to the strict restriction of generation of ground truth images and the time limi-

tation of our research, in our method, we use the training and testing dataset provided

by the deep image matting method [65]. This method [65] provides us with 431 fore-

ground objects and the corresponding ground truth alpha mattes for training, and 1000

composition images, trimaps and ground truth alpha matte for testing. The 431 training

foreground objects contain the 27 foreground objects provided by [47], every fifth frame

from the videos of [51] and some other objects extracted from real images with simple

or plain backgrounds. These pure foreground colors and the corresponding alpha mattes

are generated by Photoshop. These foreground objects contain rich content and multiple

diversity. As shown in Figure 4.13, they cover more matting cases, such as transparency,

semi-transparency, perforated structure, hair, fur and so on. Then we composite each

foreground object onto 100 background images, based on ground truth alpha matte and

matting function, to form a training dataset, which contains 431 × 100 = 43100 images.

Those background images are selected randomly but not repeatedly from MS COCO [36]

2014 released training dataset. The MS COCO dataset are proposed for segmenting in-

dividual object instances, and comprised of images depicting complex everyday scenes of

common objects in their natural context. The MS COCO images dataset contains multiple

object categories, each object category contains a number of instances. And a majority

of images in this dataset are non-iconic images, which means that a lot of objects are in

an unconventional context, with partially occluded, mirror, reflection, or clutter in back-
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ground. Figure 4.12 shows some images in the MS COCO 2014 released training dataset.

(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 4.12: Some example-images of MS COCO dataset [36].

Since the background images have multiple objects and complex context, when they are

composited with the 431 foreground objects, the composited images are more complicated.

They may have similar foreground and background colors and complex background tex-

tures, which are also challenging for conventional matting algorithms. Figure 4.13 shows

some representative examples of our training dataset and the corresponding alpha mattes.

The resolution of training images covers a wide range, from hundreds to 4k, which is also

much bigger than the training dataset provided by the alpha matting evaluation website

alphamatting.com [47]. For viewing convenience, the images shown in Figure 4.13 have

been reduced in resolution.

For fair comparison, we use the testing dataset that is the same as the one deep im-

age matting method [65] used. This testing dataset is called the Composition-1k testing

dataset, which contains 1000 images, generated by compositing each of 50 foreground

objects onto randomly but not repeatedly sampled 20 background images from Pascal

VOC [12] image dataset, based on ground truth alpha matte and matting function. The
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Figure 4.13: Some example-images and the corresponding alpha mattes of our training

dataset. The resolution of each image has been reduced for easily displaying.

101



deep image matting method also provided us with trimaps for testing dataset. There are

20 trimaps for each testing foreground image, one for each of the backgrounds on which

the foreground was composited.

We should notice that, when compositing the foreground objects on the background

images, we set the width and height of each foreground as w and h, respectively, and the

width and height of the background image as bw and bh. Then we calculate the ratio

R = max[ w
bw
, h
bh

], if R > 1, we resize the background image to be the same as or bigger

than the size of the foreground image by Bicubic interpolation method.

4.3 Refinement

In this section, we will introduce the refinement module, including the overall network

architecture after adding the refinement module and the architecture of the refinement

network in the refinement module.

4.3.1 The Overall Network Structure

Although the grid network proposed in the previous section has produced the state-of-the-

art alpha matting results, we observed that over smoothness still existed in the margin of

some foreground objects. We hope to improve our matting results by adding a refinement

module in our network, to solve the over smooth problem. Hence, the overall network

architecture of the matting method with refinement consists of two modules: Gridnet

module and a refinement module, as shown in Figure 4.14.

The previously proposed network architecture is used as the Gridnet module, which

extracts features from input and produces an initially predicted alpha matte. This initially

predicted alpha matte will be enhanced by the refinement module to obtain the final result.
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The refinement module also utilizes the residual learning framework [24]. The network

that generates the error map in the refinement module is call refinement network. This

refinement network extracts the detail information, missed by the Gridnet module, from

the original image and initially predicted alpha matte. To explain it more clearly, in the

process of refinement, the initially predicted alpha matte is concatenated with the original

3-channel image, and then fed to the refinement network. The output is a 1-channel

error map, which can be seen as supplement or fine tuning of the initially predicted alpha

matte. So it is added with the initially predicted alpha matte to produce the refined

matting results.

Figure 4.14: The overall network architecture. GT means the ground truth.

4.3.2 Refinement Network Architecture

We have tried two different refinement networks, the first is inspired by the refinement

network proposed by [65], and the second is proposed by ourselves.
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Four Convolutional Layers. The first refinement network architecture is shown in

Figure 4.15. It is the same as the one the deep image matting method [65] used. Since

this refinement network structure sharpens the edges effectively in their method, shows

a better performance than Guided filter [22] and improves the alpha matting results, we

use it in our method hoping to solve the over smooth problem in the marge of foreground

objects.

The refinement network contains four successive convolutional layers, as Figure 4.15

shows. These four convolutional layers with the same kernel size: 3× 3. The former three

convolutional layers have 64 filters and followed by ReLU layers, and the last layers only

has 1 filter and no non-linear layer followed. The deep image matting method uses these

simple layers to supplement the detail information missed by their alpha prediction stage,

and to sharpen the edges of alpha matte. However, our experimental results shown in

Chapter 5 indicate that this network structure is useless in our method. It not only fails to

sharpen the edges but also confuses our network and reduces the accuracy of alpha matte.

Figure 4.15: The four convolutional layers for refinement.

Grid Network with Two Rows and Four Columns. Considering that the first

refinement network structure is not useful, we propose a new refinement network structure

hoping to solve the over-smooth problems and improve our matting results. The second

refinement network architecture is shown in Figure 4.16. The Gridnet has been proved

to have the ability to learn the semantic information of image. Hence, we use a simple
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Gridnet as the refinement network. We hope that this simple Gridnet can learn the edge

information of the image specifically, in order to sharpen our matting results.

The refinement network is a two rows and four columns (2r4c) Gridnet. The 3-channel

original image and the 1-channel predicted alpha matte are concatenated to form a 4-

channel input, which is passed through a convolutional layer with a kernel size of 1 × 1

and stride one. Then the output X0,0 is fed to a grid network with 2r4c, and the number

of filters in the convolutional layers in the first row are 16. After that, the output of the

grid network X0,3 is passed through a convolutional layer, which has one filter, with a

kernel size of 1× 1 and stride one. ReLU is the non-linear layer, and is set before the last

convolutional layer. Finally, a 1-channel error map is output from the refinement network,

which will be added with the initially predicted alpha matte to form the refined matting

result. The input of interior convolutional layers in the Gridnet are padding with one pixel

around the edge. The padding is realized by reflection.

Figure 4.16: The 2r4c grid network for refinement.
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Chapter 5

Experimental Results

In this chapter, we will introduce our experiment setup and implemention, evaluation

criteria, then show and analyze the experimental results.

5.1 Experiment setup

The experiment platform is a PC equipped with an Intel Core i7-7700K CPU @ 3.60

GHz×8, 16 GB system memory, 512 GB Solid State Disk, and a single NVIDIA GeForce

GTX 1080Ti graphical adapter with 11 GB memory. The operating system is Debian

GNU/Linux version 9.4. The software framework is PyTorch [42] version 0.3, which is

an open-source library designed to enable rapid research on machine learning models.

PyTorch provides Tensor computation with strong GPU acceleration. To realize the GPU

acceleration computation, NVIDIA proprietary driver and GUDA toolkit are installed.

The language is Python 3.6 installed by Anaconda.
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5.2 Experimental Implemention

The training dataset has only 431 unique foreground images, although each foreground

image has been composited with 100 different background images (based on ground truth

alpha matte and matting function Equ. (1.1)), the 43100 images is also far less than the

training dataset for other computer vision tasks, such as ImageNet. Hence, some training

strategies must be used to improve the variation of training dataset, in order to avoid

overfitting and make full use of these precious training dataset:

• We get trimap by using a Gaussian filter on ground truth alpha matte with random

radius from 5 to 30. We set the pixel values in the unknown region (i.e. where the

pixels with value ∈ (0, 255)) to be 128. Producing trimaps by dilating ground truth

alpha matte randomly can save our time and make our network to be more robust.

• We randomly crop n×n (foreground, provided ground truth alpha matte, background,

as well as trimap) patches pairs centered on unknown regions. This focus our learning

on key regions. To achieve this, we randomly select a pixel in the unknown region

of trimap as the central point of the patches, and spread a square centered at that

point. The side length of the square is set previously. In this process, if the square

touches the edges, it will stretch the rest length on the opposite direction.

• We change the cropping size of the square patches pairs from 320× 320 to 480× 480

randomly and resize them to 320 × 320. This improves our network’s robustness to

scales, and makes our network to learn the semantic and context information better.

• Before we compositing the foreground images with background images (based on the

ground truth alpha matte and matting function Equ. (1.1)), we randomly horizon-

tally flip the foreground and the ground truth alpha matte, or background with fifty

percent chance, which leads to four different combinations with the same foreground

and background patches pairs.
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• For each epoch, we shuffle the dataset, randomly pick up image and trimap pairs in

43,100 training dataset and crop them in random place with random size.

These training dataset augmented strategies increase the variation and amount of training

dataset effectively.

5.2.1 Matting Method without Refinement

When training the Gridnet without refinement, we initialize the whole network with Xavier

random variables and pad one pixel on each input of interior convolutional layers in the

grid, by reflecting one pixel at the margin of the image (or feature map). We concatenate

the 3-channel 320 × 320 image patch and corresponding trimap patch along the channel

to form the 4-channel 320 × 320 input. We feed the Gridnet with the input and add

the output of the gridnet with trimap patch to form the predicted alpha matte. All the

training strategies proposed previously are used. The network is penalized by the overall

loss function Loverall defined by Equ. (5.1).

L1alpha(αpre, αgt) =
M−1∑
i=0

N−1∑
j=0

√
(αpre(i, j)− αgt(i, j))2 + σ2,

L1comp(Ipre, Igt) =
M−1∑
i=0

N−1∑
j=0

√
(Ipre(i, j)− Igt(i, j))2 + σ2,

Loverall = 0.5L1alpha(αpre, αgt) + 0.5L1comp(Ipre, Igt).

(5.1)

In the experiments, Adam [30] optimizer is used with learning rate 10−4, β1 = 0.9, β2 =

0.999, and ε = 1 × 10−8. The mini-batch size is 8. The program takes 0.064 second to

process one training image patch. We trained about 200 epoches before the Gridnet is

converged. After convergence, we finish training and fix its parameters.

During testing, we also concatenate the original image and its corresponding trimap as

4-channel input for testing. However, we reserve the resolution of the original image and
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do not crop them anymore. Then a forward-propagation of the network is performed to

output the alpha matte prediction.

5.2.2 Matting Method with Refinement

As we described in Section 4.3, the network architecture of matting method with refinement

consists of two modules: Gridnet module and a refinement module (as shown in Figure

4.14). To explicitly guide the behavior of the refinement module, these two modules should

be trained separately. Therefore, the training process is divided into three stages: Gridnet

module training stage, refinement module training stage and jointly training stage.

• Firstly, only the Gridnet module is trained. We concatenate the 3-channel 320× 320

image patch and corresponding trimap patch along the channel to form the 4-channel

320× 320 input. We feed the Gridnet with the input and pixel-wise add the output

of the Gridnet with trimap patch to form the initially predicted alpha matte. All the

training strategies proposed previously are used. We initialize the Gridnet module

with Xavier random variables. The optimizer is Adam [30] with learning rate 10−4,

β1 = 0.9, β2 = 0.999, and ε = 1× 10−8. The mini-batch size is 8. We trained about

200 epoches before the Gridnet is converged. The loss function is the overall loss

function Loverall defined by Equ. (5.1).

• After the Gridnet module is converged, we fix the parameters in this module and

attach the refinement module. We concatenate the initially predicted alpha matte

with the original 3-channel 320 × 320 image patch and feed them to the refinement

network. Then, the output of the refinement network is pixel-wise added with the

initially predicted alpha matte to form the refined alpha matte. The refinement

module is also initialized by Xavier random variables. The solver is also Adam [30]

with β1 = 0.9, β2 = 0.999, and ε = 1× 10−8. Learning rate is 10−4. The mini-batch
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size is 8. We trained about 50 epoches before the refinement module is converged. All

the training strategies proposed previously are also used. Only the alpha prediction

loss function defined by Equ. (5.2) is used.

L1alpha(αpre, αgt) =
M−1∑
i=0

N−1∑
j=0

√
(αpre(i, j)− αgt(i, j))2 + σ2. (5.2)

• After the refinement module is also converged, the whole network is trained jointly

with learning rate 10−5 until it is converged. The loss function is still alpha prediction

loss function defined by Equ. (5.2).

When testing, we concatenate the original resolution image and its trimap to form

a 4-channel input. The input is passed forward to the Gridnet module and output the

initially predicted alpha matte. Then the initially predicted alpha matte is concatenated

with the original image to be forward propagated through the refinement module to output

the refined alpha matte.

5.3 Evaluation Criteria

There are four error metrics used as the criteria in evaluating the matting performances.

The first one is SAD, the sum of absolute differences. It measures the differences between

unknown region of alpha mattes by taking the absolute difference between each pixel in

the unknown region of the ground truth alpha matte and the corresponding pixel in the

unknown region of the predicted alpha matte. These differences are summed to create a

metric of alpha matte differences. The SAD takes the formula as:

SAD(αpre, αgt) =
∑
i

∣∣∣αpre(i)− αgt(i)∣∣∣, i ∈ U, (5.3)

where | · | denotes the absolute value, U is the unknown region, αgt(i), αpre(i) denotes the

alpha value of i in the ground truth and the predicted alpha matte, respectively. The lower

the SAD function value, the better the matting result.
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The second error metric is MSE, the mean squared error. It measures the average of the

squared difference between the ground truth alpha matte and the predicted alpha matte.

It takes the following formula:

MSE(αpre, αgt) =
1

M

∑
i

[
αpre(i)− αgt(i)

]2
, i ∈ U, (5.4)

where U is the unknown region, M is the number of pixels in the unknown region of trimap.

The lower the MSE error value, the better the matting performance.

The above two error metrics are common criteria in calculating the differences between

images, however, it is not enough to evaluate matting performance by only using these two

error metrics. Because these two measures are not always correlated to the visual quality,

perceived by a human observer. Hence, some kind of perceptual error metrics are needed to

correctly reflect the visual differences between two images, and to realize a fair perceptual

comparison of different matting methods.

Therefore, gradient and connectivity error functions are proposed by [47] as perceptual

error metrics. Gradient error metric prefers the predicted alpha matte with the same

gradient value at each pixel as the ground truth alpha matte. It punishes over-smoothness

and erroneous discontinuities in the alpha matte. As Figure 5.1 shows, the matting result

in (c) has higher visual quality than the matting result in (d). However, the SAD error is

lower in (d) than (c), and the gradient error is lower in (c) than (d). Hence, gradient is a

more reasonable error criterion than SAD/MSE error in visual quality comparison.

The gradient error function is given by:

Grad(αpre, αgt) =
∑
i

[
||∇αpre(i)|| − ||∇αgt(i)||

]2
, i ∈ U, (5.5)

where U is the unknown region, ||∇αpre(i)|| and ||∇αgt(i)|| are the amplitude of the gra-
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(a) Image (b) Zoom (c) SAD:1215 (d) SAD:806

Figure 5.1: The example indicates that gradient error metric is needed and even more

suitable than SAD error metric in evaluating the visual quality of extracted foreground

objects. The images and data are cited from [47].

dient, which can be calculated by:

||∇αpre(i)|| =

√
∂αpre(i)

∂x

2

+
∂αpre(i)

∂y

2

,

||∇αgt(i)|| =

√
∂αgt(i)

∂x

2

+
∂αgt(i)

∂y

2

.

(5.6)

Here, ∇αpre(i) is the normalized gradient of the predicted alpha matte at pixel i and

∇αgt(i) is the normalized gradient of the ground truth alpha matte at pixel i. Gradients

are calculated by convolving the alpha mattes with first order Gaussian derivative filters,

whose variance is σ = 1.4. By using a 2-D Gaussian kernel, derivatives along x and y

directions are calculated. The lower the gradient error, the more similar the predicted

alpha matte with the ground truth alpha matte.

Connectivity error function punishes the disconnected foreground objects, such as a

human with a disconnected piece of hair floating in the air. It is an error metric, which

is sometimes better than SAD/MSE in visual quality assessment. Figure 5.2 shows the

situation that the foreground object has a lower SAD value (i.e. (d)) but with worse visual

effect, because of the higher connectivity error value.
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(a) Image (b) Zoom (c) SAD:312 (d) SAD:83

Figure 5.2: The example indicates that connectivity error metric is needed and even more

suitable than SAD error metric in evaluating the visual quality of extracted foreground

objects. The images and data are cited from [47].

The connectivity error is defined by:

Conn(αpre, αgt) =
∑
i

∣∣∣f(αpre(i),Ω)− f(αgt(i),Ω)∣∣∣, i ∈ U, (5.7)

where f(·) measures the degree of connectivity from pixel i to a source region Ω, in predicted

alpha matte and in ground truth alpha matte, respectively. α(i) is the alpha value of pixel

i. U is the unknown region.

All of the above four error metrics will be used in our experiments to quantitatively

evaluate our matting performance and provide a fair comparison with other methods.

5.4 Testing Dataset

We evaluated our method on the Composition-1k testing dataset [65], which is a challeng-

ing, high-quality test set. It consists of 1000 images, generated by compositing each of 50

foreground object onto 20 background images based on the alpha matte ground truth and

matting model described by Equ. (1.1).

The testing dataset has the following properties: First of all, they are in a natural

setting, with natural background, natural foreground and natural lighting. Secondly, the
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foreground objects have wide variety, and cover many difficult matting cases, such as human

with long hair, animals with downy fur, transparent glass, multi-hole web. Thirdly, they

cover many conditions difficult for existing alpha matting methods, such as highly textured

backgrounds and overlapped foreground and background color distributions. Fourthly, the

testing images are in high resolutions (e.g., 1920×1762), no one has the resolution less than

1K. All these characteristics reveal problems of existing matting methods, and make the

Composition-1k testing dataset a fair, representative and challenging dataset in evaluating

alpha matting performance.

5.5 Experimental Results

5.5.1 Measurement

Our matting performances are quantitatively evaluated by the four error metrics described

in Section 5.3 : SAD, MSE, gradient error and connectivity error. We normalized both the

ground truth alpha matte and the predicted alpha matte to 0 to 1 when calculating SAD,

MSE and connectivity error metrics. Each error value is the average value of the 1000

testing images. The trimap has divided the image into the definite foreground regions,

the definite background regions and the unknown regions clearly. We only focus on the

matting quality in the unknown regions. Hence, all the error metrics are calculated only

within the unknown regions.

5.5.2 Evaluation of Gridnet Configuration

First of all, we test the configurations of Gridnet by using a Gridnet with 5 rows, 2

subsampling columns followed by 2 upsampling columns. The number of feature maps from

the first row to the fifth row are: 16, 32, 64, 128, 256. We change some parts of our network
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configurations, compare the matting results in order to find the best configurations. In

Table 5.1, we show the results of Gridnets with different configurations on the Composition-

1k testing dataset. “Fusion” represents the way feature maps fused at the intersection of

the Gridnet (i.e. between horizontal and vertical blocks). “Add” means the output feature

maps of the horizontal block and the output feature maps of the vertical block are added to

form the final feature maps at the intersection (e.g. Xi,j). “Concat” means the two output

feature maps are concatenated along the channel, which significant increases the number of

feature maps at the intersection of the Gridnet. As the matting results indicate, “Concat”

degrades the Gridnet performance. “h-residual” indicates the horizontal block (i.e. green

block) is a residual block, and “v-residual” indicates the vertical block is also a residual

block. The results indicate that adding the residual connection in the vertical block is

unnecessary, which is not proved to be an optimal choice. The proposed configurations

are marked in bold. We prefer the Gridnet with “Add” as fusion method, and only design

horizontal computation block as residual block.

Configuration Quality Assessment

Fusion h-residual v-residual SAD MSE Gradient (103) Connectivity (103)

Add X 51.448 0.014 31.033 51.082

Add X X 52.316 0.015 30.704 51.471

Concat X 54.912 0.017 35.098 56.320

Table 5.1: Evaluation of different configurations. The best results are emphasized in bold.

5.5.3 Evaluation of Structure

As we mention in Section 4.1.2, our Gridnet has higher flexibility in performance by ad-

justing the number of rows, columns, and feature maps in the first row of Gridnet. In

our network structure evaluation stage, we change those numbers, in order to explore the

115



impact of the numbers and find the best combination of numbers.

Structure Quality Assessment

Rows Columns Feature maps SAD MSE Gradient (103) Connectivity (103)

6 6 16 52.630 0.017 30.921 52.683

5 4 16 51.448 0.014 31.033 51.082

4 4 16 60.182 0.022 33.456 60.709

Table 5.2: Evaluation of different network structures. The first column of the table is the

number of the rows (r), the second column is the number of the columns (c) and the third

column is the number of feature maps in the first row (f). The best results are emphasized

in bold.

In our experiment, according to our hardware constraints, we tried different combi-

nations of numbers, including: 6r6c16f , 6r4c16f , 6r2c16f , 5r6c16f , 5r4c16f , 5r2c16f ,

4r6c32f , 4r6c16f , 4r4c16f . We only record the best result for each different row number.

As Table 5.2 describes, the Gridnet with 5 rows 4 columns, 16 feature maps in the first

row (5r4c16f) has the best performance in our matting task, based on our training dataset

and hardware constraints. When our Gridnet has 5r4c, increasing the number of rows or

columns, respectively or together, will not be proved to improve the performance while

increasing the training complexity. However, when the number of rows is less than 5, the

matting performance degrades, even if we increase the column number and the feature map

number in the first row. Hence, we choose Gridnet with 5 rows 4 columns and 16 feature

maps in the first row as our network structure.

5.5.4 Performance Comparison with Refinement Module

In this section, we will explore the influence of the addition of refinement module. As we

introduced in the Section 4.3, we used two different network architectures as the refinement
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networks in refinement modules. We hope to use the refinement module to supplement the

detail information missed by our initial alpha prediction, in order to improve our matting

results. Table 5.3 shows the quality assessment of matting results, when we do not add

any refinement module, add the four conv layers as the refinement network in refinement

module, or add the Gridnet with two rows and four column as the refinement network in

refinement module.

Structure SAD MSE Gradient (103) Connectivity (103)

Gridnet 51.448 0.014 31.033 51.082

Gridnet+Four conv layers 51.506 0.015 31.713 52.057

Gridnet+Gridnet (2r4c16f) 51.395 0.015 31.316 51.898

Table 5.3: Performance comparison with different refinement module. The best results

are emphasized in bold.

The intention of us to add the refinement module is to overcome the over smoothness

problem existed at the edge of foreground objects. As Table 5.3 shows, these two network

architectures do not have this effect. The reason may have two aspects: 1) The main

Gridnet structure may have learnt the edge information of the image, those pieces of infor-

mation can not be improved by added network. 2) The network architecture of refinement

module is not suitable for its task. Since our main network has achieved a pretty good

matting result, we discard the refinement module and use the Gridnet with (5r4c16f) as

our final network architecture.

5.5.5 Performance Comparison with Other Matting Methods

In this section, we will compare the matting results of our method with other state-of-the-

art matting methods quantitatively and visually.
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The compared matting methods in Table 5.4 including 10 different matting meth-

ods. Among them, shared sampling matting [14], comprehensive sampling matting [53]

and global sampling matting [21], are representatives of sampling-based matting methods.

Closed-form matting [34] and KNN matting [6] are “local” and “nonlocal” representatives

of propagation-based matting methods. Learning based matting [68] solves matting prob-

lem with knowledge of machine learning. DCNN matting [7], GAN matting [38] and deep

image matting [65] are emerging matting methods based on deep learning.

Table 5.4 shows the quantitative comparison of our results and other matting methods

on the Composition-1k testing dataset. We should notice that, the deep learning matting

method does not publish their code. We reproduce their method, according to the network

architecture and training implementation described by them in their paper. However, since

parts of the original training dataset is not provided by them, we can not get the same

matting results as they stated in their paper. To fair comparison, we quote the matting

results released by themselves in their paper. In the same way, we quote the matting results

provided by GAN matting method [38].

As Table 5.4 shows, our method performs much better than the other matting methods

except for the deep image matting with refinement method [65], which currently is the best

matting method in natural image matting. However, the deep image matting method has

49, 300 images as training dataset, in contrary, we only have 43, 100 images for training.

In addition, the network of deep image matting has 26 million trainable parameters before

adding refinement stage, which is more than three times of the number of parameters

in our Gridnet architecture. The number of trainable parameters can prominently affect

computation complexity and memory usage. With the same experiment environment, the

more the parameters the longer the training time. Our matting method trades off the

computation complexity, memory usage and matting performance well.

The visual comparisons with deep image matting and other image matting methods are

shown in Figure 5.3, Figure 5.4, Figure 5.5 and Figure 5.6, which demonstrate the different
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Methods SAD MSE Grad(103) Conn(103)

Shared Sampling Matting (SSM) [14] 128.9 0.091 126.5 135.3

Comprehensive Sampling Matting (CSM) [53] 143.8 0.071 102.2 142.7

Global Sampling Matting (GSM) [21] 133.6 0.068 97.6 133.3

Closed-Form Matting (CFM) [34] 168.1 0.091 126.9 167.9

KNN Matting (KNNM) [6] 175.4 0.103 124.1 176.4

Learning Based Matting (LBM) [68] 113.9 0.048 91.6 122.2

DCNN Matting (DCNNM) [7] 161.4 0.087 115.1 161.9

GAN Matting (GANM) [38] 68.8 0.032 51.4 60.2

Deep Image Matting (without refinement) [65] 54.6 0.017 36.7 55.3

Deep Image Matting (DIM) [65] 50.4 0.014 31.0 50.8

Ours 51.4 0.014 31.0 51.0

Table 5.4: Quantitative comparison of various matting methods on the Composition-1k

dataset. The best results are emphasized in bold. “Grad” means Gradient, “Conn” means

Connectivity. The results are from [38] and [65].
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performance between our method and others. Because the code of deep image matting

method are not public, we compare our visual results with the same ones provided by [65].

(a) Image (b) Trimap (c) SSM [14] (d) CSM [53]

(e) GSM [21] (f) CFM [34] (g) KNNM [6] (h) LBM [68]

(i) DCNNM [7] (j) DIM [65] (k) Ours (l) Ground Truth

Figure 5.3: Visual comparison on Girl with previous matting methods.

In Figure 5.3, the light of the lamp in the background passes through the hair of

the small girl in the foreground, which seriously effects the matting performance of this

area. As we can see in this figure, previous matting methods (except for deep image

matting [65]) can not deal with this issue well. With the bad influence of the lamp light,

the hair floating in the air are in a mess in the predicted alpha mattes produced by previous

matting methods. Only our method and deep image matting method [65] can extract the

hair clearly and clean. However, both of us inevitably loss some detail of the hair at that

area.

Figure 5.4 shows the situation where the foreground is a mesh with fine micro-holes.

The light of background image passes through every micro-hole. The conventional matting
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(a) Image (b) Trimap (c) SSM [14] (d) CSM [53]

(e) GSM [21] (f) CFM [34] (g) KNNM [6] (h) LBM [68]

(i) DCNNM [7] (j) DIM [65] (k) Ours (l) Ground Truth

Figure 5.4: Visual comparison on Strainer with previous matting methods.
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methods, which distinguish the foreground from background relying on the color or position

information or some propagation rules, inevitably define the background as foreground and

retain background information in alpha mattes by mistake. Our method and deep image

matting method [65] have the ability to comprehend the semantic information and context

information of the image. For example, with the training, our network may “know” the

foreground is a “grid”. Hence, our matting result only retains the grid frame structure as

foreground object and discards the color information in the micro-holes.

(a) Image (b) Trimap (c) SSM [14] (d) CSM [53]

(e) GSM [21] (f) CFM [34] (g) KNNM [6] (h) LBM [68]

(i) DCNNM [7] (j) DIM [65] (k) Ours (l) Ground Truth

Figure 5.5: Visual comparison on Bulb with previous matting methods.

Figure 5.5 provides the situation where the foreground is a transparent item. As the

figure shows, all the previous matting methods judge the background as foreground and

retain the background information in their predicted alpha mattes by mistake. Only our

method and deep image matting method [65] discard the background information success-

fully by “learning” the semantic information of this image, which may indicate that, the
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foreground is a transparent “bulb”.

In Figure 5.6, there is no pure foreground pixels in the image. The totally dark alpha

mattes show the helplessness of conventional matting algorithms in this situation. Because

they can neither find the suitable samples to represent the true foreground color of the

unknown pixel, nor find the weight between pixels to propagate the alpha value. The

learning based matting method [68] can solve this problem to a certain extent. But the

background information still wrongly existed, and the alpha matte is over smooth. Our

matting method and deep image matting [65] can extract the foreground object clearly

and purely, with comprehending the semantic information and context information of the

image.

(a) Image (b) Trimap (c) SSM [14] (d) CSM [53]

(e) GSM [21] (f) CFM [34] (g) KNNM [6] (h) LBM [68]

(i) DCNNM [7] (j) DIM [65] (k) Ours (l) Ground Truth

Figure 5.6: Visual comparison on Plume with previous matting methods.

After comparing our matting method with deep image matting [65] and some previous

state-of-the-art matting methods, we focus on the comparison between our matting method

and the GAN matting method [38], which is a newest published matting method based on

deep learning, having top matting performance. Because the GAN matting method [38]
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neither provides the original code of their method nor provides matting results on the

same images that DIM [65] provides. We have to compare our visual results with the ones

provided by [38].

The visual comparison is shown from Figure 5.7 to Figure 5.12. The matting algorithms

involved in the comparison include: shared sampling matting method [14], comprehensive

sampling matting method [53], KNN matting method [6], three-layer matting method

[35], information flow matting method [1], DCNN matting method [7] and GAN matting

method [38]. Among them, shared sampling matting method [14] and comprehensive

sampling matting method [53] are representatives of sampling-based matting methods,

KNN matting method [6] is the representative of the propagation-based matting methods,

information flow matting method [1] is the currently best conventional matting method,

and GAN matting method [38] is the newest published matting method based on deep

learning.

As the Figure 5.7 shows, our matting result is much better than the one produced by

the GAN matting method [38]. The GAN predicted alpha matte, is lack of stereoscopic

sense, and is blurry in the area with holes. It seems to ignore the specific structure of the

ball and just keep the general appearance. In addition, the result from information flow

matting method [1] shows apparent discontinuity in the edge and the inside of foreground

object. Its performance is worse than the Three layer matting method [35]. However,

the information flow matting method performs much better than the Three layer matting

method on the online benchmark [47], which contains only 8 images as testing dataset.

This demonstrates the point we made in Chapter 4 that performing well on the online

benchmark does not mean having a good result in dealing with a natural image, because

of the inherently unrealistic nature of the dataset.

In Figure 5.8, we shows our matting performance in dealing with a plant, since plants are

inevitably appeared in natural images. We choose a plant with white pappi, which increases

the difficult in matting. As Figure 5.8 shows, we retain the detail of the pappi clearly,

124



(a) Image (b) Trimap (c) SSM [14] (d) CSM [53]

(e) KNNM [6] (f) TLM [35] (g) IFM [1] (h) DCNNM [7]

(i) GAN [38] (j) Ours (k) Ground Truth

Figure 5.7: Visual comparison on Ball with previous matting methods.
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(a) Image (b) Trimap (c) SSM [14] (d) CSM [53]

(e) KNNM [6] (f) TLM [35] (g) IFM [1] (h) DCNNM [7]

(i) GAN [38] (j) Ours (k) Ground Truth

Figure 5.8: Visual comparison on dandelion with previous matting methods.
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however, the matting result predicted by GAN is blurry and the stem of the dandelion is

judged as background composition by mistake. Other matting methods perform bad in

extracting the hair-like, white pappi.

In Figure 5.9, we expand our experiment further to deal with the image with fine tangled

fibers as foreground objects. It is really difficult for human beings to define the absolute

foreground pixels and absolute background pixels of the image, so the trimap is nearly

grey. Extracting the fibers may be considered as useless, but an accurate alpha matte can

help us to recover the background items, which is occluded by foreground objects. This

may provide assistance in medicine and criminal investigation. As we can seen in Figure

5.9, our matting method can extract the fiber information clearly. However, if we magnify

the alpha matte predicted by GAN, we can see the serious discontinuity in fibers and over

smoothness at the edge of each fiber. The KNN matting method [6] and the Three layer

matting method [35] fail to deal with this kind of images.

In Figure 5.10, we show our matting method in dealing with animals with hairs. When

we pay attention to horse’s whiskers, hairs and even eyelash, we can see that our method

retains all the detail information, which are lost to various degrees by other matting meth-

ods. In addition, the horse’s hair on its back is black, which is the same as the color of the

window frame in the background. All the conventional matting methods and the DCNN

matting method [7] define the window frame, in the unknown region of the trimap, as part

of the foreground object. This mistake is inevitably generated, when the matting methods

use the color information to extract foreground objects from images, or when they use the

color information to define the propagated weight between pixels.

Figure 5.11, Figure 5.12 and Figure 5.13 show our better matting performance in deal-

ing with transparent or semi-transparent foreground objects. In fact, failing in extracting

transparent or semi-transparent foreground objects has plagued researchers for a long time.

However, as we mention in our thesis repeatedly, conventional matting methods just rely

on color and spatial position information as the distinguishing features, and cannot com-
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(a) Image (b) Trimap (c) SSM [14] (d) CSM [53]

(e) KNNM [6] (f) TLM [35] (g) IFM [1] (h) DCNNM [7]

(i) GAN [38] (j) Ours (k) Ground Truth

Figure 5.9: Visual comparison on network with previous matting methods.
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(a) Image (b) Trimap (c) SSM [14] (d) CSM [53]

(e) KNNM [6] (f) TLM [35] (g) IFM [1] (h) DCNNM [7]

(i) GAN [38] (j) Ours (k) Ground Truth

Figure 5.10: Visual comparison on horse with previous matting methods.
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prehend semantic information of images. This inevitably makes the conventional matting

methods fail in dealing with those kinds of matting problems. These figures indicate the

tremendous advantage of deep learning based matting methods in dealing with these kinds

of matting problems. In addition, our matting results are much more realistic, smooth

than the GAN matting method [38].

(a) Image (b) Trimap (c) SSM [14] (d) CSM [53]

(e) KNNM [6] (f) TLM [35] (g) IFM [1] (h) DCNNM [7]

(i) GAN [38] (j) Ours (k) Ground Truth

Figure 5.11: Visual comparison on jellyfish with previous matting methods.
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(a) Image (b) Trimap (c) SSM [14] (d) CSM [53]

(e) KNNM [6] (f) TLM [35] (g) IFM [1] (h) DCNNM [7]

(i) GAN [38] (j) Ours (k) Ground Truth

Figure 5.12: Visual comparison on glass with previous matting methods.
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(a) Image (b) Trimap (c) SSM [14] (d) CSM [53]

(e) KNNM [6] (f) TLM [35] (g) IFM [1] (h) DCNNM [7]

(i) GAN [38] (j) Ours (k) Ground Truth

Figure 5.13: Visual comparison on pexel with previous matting methods.
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Chapter 6

Conclusions and Discussions

In this section, we will conclude our matting method and discuss some doubtful point

existed in our network structure.

6.1 Conclusions

Extracting foreground objects from a natural image and calculating the alpha matte of the

image are important requirements for various applications, such as virtual reality, digital

image/video editing or segmentation. The development of digital cameras and films with

virtual scene puts forward higher requirements for matting techniques.

Conventional matting algorithms for natural image matting (alpha matting) have de-

veloped for more than 30 years, and they have achieved satisfactory matting results in

many cases. However, due to their inherent characteristics, there are still many matting

cases are difficult for conventional matting algorithms to deal with. For example, when the

foreground objects of natural images are hairs, feathers, meshes, fibers, transparency/semi-

transparency or somethings with no pure foreground pixels, the matting performance of
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conventional algorithms will be severely degraded. Fortunately, deep learning techniques

provide new possibilities for solving alpha matting problems.

In this thesis, we proposed a novel matting method based on deep learning. By design-

ing a residual convolutional neural network: Grid network, we compute the alpha matte

directly from the original RGB image and its trimap. Instead of relying on color informa-

tion, our network can extract the semantic information and the context information of the

image. As the experimental results show in Chapter 5, by learning the natural structure

and extracting the feature of the images, our matting method can compute accurate alpha

mattes even in the difficult cases we mentioned above.

Our network architecture is a Gridnet with 5 rows, 4 columns and 16 feature maps

in the first row. Unlike other network structures, our network is extremely flexible. This

flexibility is reflected in the following two aspects:

• Our network has adaptivity, because it can choose paths to pass the information by

itself. Our network is a 2-D grid network, the horizontal computation blocks are

residual convolutional blocks without upsampling or downsampling, and the vertical

computation blocks are upsampling/downsampling convolutional blocks. When the

information just passes through the horizontal computation blocks, the details of the

images are reserved. When it passes through the vertical computation blocks, the

high-level abstract information can be extracted from the images. In our method, we

do not assign the path, along which the information is passed. Hence, our network

can choose any path to pass the information according to requirements. As the

matting results show in Chapter 5, after training, our network either retains the rich

details or extracts abstract semantic information from the image. This indicates that

our network can choose its own information transmission well.

• Our network has scalability. With changing the number of rows or columns of the

network, or changing the number of filters in every rows, our network has the ability
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to fit the size of dataset to a large extent. In Chapter 5, we changed the number of

rows, columns and feature maps in the first row of our Gridnet to find the suitable

number combination for our dataset and matting task. Gridnet with 5r4c16f is the

most suitable structure for current size of dataset. However, if the matting dataset

is enlarged, we believe our Gridnet can also be suitable by adjusting the numbers

of the rows, columns and feature maps. In contrast, all the other existed matting

methods based on deep learning may face challenges if a larger and more diverse

dataset appears, because of their fixed network structures.

The experimental results demonstrate that our proposed matting method outperforms

most previous matting methods and is comparable to the best matting method: deep

image matting method [65]. Considering that we only use less than one-third parameters

of deep image matting, our method achieves a remarkable result in balancing the calculation

complexity and matting performance.

6.2 Discussions

In this section, we discuss the reason why adding the number of rows of Gridnet does

not lead to a better matting result. As Table 5.2 shows in Chapter 5, the matting results

generated by Gridnet with 6r6c16f is not better than the results generated by Gridnet with

5r4c16f . This phenomenon is beyond our expectation of the Gridnet. In fact, we believed

that the bigger the Gridnet, the better the matting results, before our experiments.

Here, we discuss the possible causes of this situation. As we can see in our Gridnet

with 6r6c (Figure 6.1), the path connected input and output is shorter across the high

resolution stream (red path in Figure 6.1) than with the low resolution ones (blue path

in Figure 6.1). The longer the path, the deeper the network. However, deeper network

may lead to vanishing gradients and are more difficult to train. In our matting task, the
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information passing through the blue path may lose because of the vanishing gradients.

Or, the blue path is not selected by network to avoid overfitting, because of the limited

number of training dataset. Due to those possibilities, the Gridnet with 5r4c16f is the

most suitable network architecture for our matting task and training dataset.

Figure 6.1: The information flow in our network.

Since we have proved that the Gridnet performs well for alpha matting task, we may

try the same network structure for video matting task in the future work.
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