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ABSTRACT

Title: Research on Image Processing Models and Algorithms Based on Visual Prior
Speciality: Applied Mathematics
Applicant: Jian Sun
Supervisor: Prof. Zongben Xu

ABSTRACT

Image processing is an important research branch of patternrecognition and artificial intel-
ligence. It mainly concentrates on analysis and processingof the observed image to make
it satisfy the needs of visual perception, psychology and pattern recognition. It is widely
applied to artificial intelligence technology, aerospace technology, biomedical technology,
military technology, public security technology, and so on. Therefore, it is definitely worthy
of research and application.

This dissertation focuses on the following basic problems in image processing: image de-
noising, super-resolution, enhancement, inpainting and foreground/background segmenta-
tion. These problems are widely investigated and applied inthe area of image processing
and computer vision. However, these problems are all inverse problems in mathematics, i.e.
to infer the unknown original image or foreground/background segmentation result from the
observed image (e.g. noisy image, blur image, low-resolution image or image with missing
region). It implies that the optimal solutions of models forimage processing problems are
not unique or stable, therefore reduce the quality of image processing results.

In this dissertation, the generic rules of visual information (i.e. natural images), which it
is called visual prior, are investigated and modeled to constrain the solution space of image
processing models. The well-designed visual priors force the image processing results to
satisfy the generic rules of visual information, so that theresults are more pleasant to visual
perception. By modeling the visual priors, novel energy models or statistical models are
proposed for each image processing problem. Algorithms arealso designed and analyzed
for optimizing these models. The experiments and comparisons show that these proposed
models and algorithms achieve the state-of-the-art image processing results.

This dissertation made the following achievements.

1. Image super-resolution and enhancement algorithms using natural image gradient profile
prior are proposed. Through statistically modeling the distribution of the gradient magni-
tudes along the direction orthogonal to image edges, a novelnatural image prior, which is
called gradient profile prior, is proposed. This prior parametrically models the shape and
sharpness of the image gradients along edges. Using this prior, energy models are developed
for the problems of image super-resolution and enhancement. It is shown that these models
have excellent mathematical properties, and achieve the state-of-the-art super-resolution and
enhancement results.
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2. Anisotropic diffusion denoising algorithm based on the Markov Random Field scale se-
lection model is proposed. A novel spatially variant scale (i.e. diffusion stopping time) selec-
tion scheme is designed. Using this scheme, a novel scale selection model based on Markov
Random Field prior is developed and optimized using tree-reweighted message passing al-
gorithm. Combing with this scale selection model, a novel denoising framework is designed,
which can be seen as a scale space fusion algorithm. Comparisons show that it achieves the
best scale selection performance and the state-of-the-artdenoising performance.

3. Image inpainting algorithm using image patch sparsity prior is proposed. First, by defin-
ing the patch structure sparsity, a novel measurement is defined to measure the confidence
of image structure. The higher sparsity of a patch, the more confidence in its locating at
the structure. Second, patch sparse representation is designed based on the assumption that
the image patch can be represented by the sparse linear combination of candidate patches.
Then an optimization model for patch inpainting is proposedbased on patch sparse represen-
tation, and a greedy optimization algorithm is designed to optimize this model. Compared
with the previous inpainting algorithm, the proposed algorithm achieves better inpainting
performance.

4. Image foreground/background segmentation algorithm using flash and Markov Random
Field prior is proposed. The input images are a pair of imagestaken with flash on and off
respectively. By modeling the flash effect on the pair of images, a novel foreground/back-
ground segmentation model is proposed based on Markov Random Field prior modeling,
and optimized by graph cut algorithm. Comparison with the other algorithms show that the
proposed model achieves the most accurate segmentation results. The importance of this
model is that an accurate and easy-to-use foreground extraction technique is proposed, and
hopefully will be applied as a practical technique of the camera in the future.

KEY WORDS: Visual prior; Image processing; Image sparsity; Image statistics; Energy model

TYPE OF DISSERTATION: Application Fundamentals   
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1绪 论

1 绪 论

1.1 研究背景

图像是由视觉系统所感知到的记录客观世界中物体、场景或者现象的非结构化信

息，它是视觉信息的基本表现形式。随着电子与信息科学技术的快速发展与广泛应

用，图像处理技术已经成为人工智能技术、航空航天技术、生物医学技术、军事科学

技术、公共安全技术等的重要组成部分。而我们所熟悉的相机、摄像头、游戏产品、

医学成像系统等正在或者已经改变了我们的生活方式、工作方式和思维方式。

图像的种类有多种多样。从图像象素特征维数的角度区分，可以分为灰度图

像和彩色图像。灰度图像和彩色图像可分别形式化地记为映射I : ΩR −→ Γ1和I :

ΩR −→ Γ3，其中ΩR为图像域, Γ1和Γ3分别为灰度值空间和三维彩色通道值空间（通

常取为0到255之间的整数值）；从图像域的维数角度区分，图像又可以分为二维图像
（三维世界通过光学系统投影在二维平面上的图像）和三维图像。二维图像和三维图

像可分别形式化地记为映射I : Ω2
R −→ Γ和I : Ω3

R −→ Γ，其中Ω2
R和Ω3

R分别为二维和三

维图像域，Γ为象素特征空间；从图像的应用背景角度来区分，图像也可以分为自然

图像、卫星图像、医学图像等等。本文主要关注二维的灰度图像和彩色图像，所有可

能的这类图像构成了图像函数空间Λ = {I : Ω2
R −→ Γ1或Γ3}。

视觉系统的功能在于通过处理、分析与识别图像所记录的视觉信息，指导生物

体或者人工智能系统对客观世界进行学习与响应，以实现其自身的生存与发展。如

图1-1所示，计算机视觉系统通常包括三个层次 [1]：低层视觉（Low level vision）、中
层视觉（Middle level vision）和高层视觉（High level vision）。低层视觉的基本任务
是进行滤波、增强、恢复等图像预处理和获取图像的边缘（edge）、角点（corner）、
色彩、纹理、运动等基本特征；中层视觉的基本任务是基于低层图像特征对图像进行

分割或者检测，以获得图像的中层描述；高层视觉的基本任务是获取图像的类别、概

念等高层知识。

图像获取 图像预处理（去噪、增强、多尺度表达等） 图像特征提取（边缘、角点、关键点等） 检测与分割（图像特征组织） 高层识别（图像分类、理解等）低层视觉 中层视觉 高层视觉

图像处理技术

图 1-1 计算机视觉系统的三个层次：低层视觉、中层视觉和高层视觉。图

像处理主要关注于解决低层和中层视觉问题。

图像处理是人工智能和模式识别技术的重要分支，它主要关注于如何对图像进行

分析、加工和处理，使其满足视觉、心理和模式识别技术的需要。图像处理的主要任
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务包括去噪、增强、分割、匹配、运动估计、超分辨率、填充等，相应的问题是图像

处理的基本问题（如图1-2所示）。由此可知，图像处理主要关注于解决低层和中层视
觉问题。图像处理技术已被广泛地应用于人工智能系统的构建、相机等图像获取设备

的设计、医学图像分析、地理信息处理、数字娱乐产品的开发等。

图像分割 图像匹配图像去噪
图像填充图像超分辨率 图像锐化 图像特征检测（边缘、角点、关键点等）

图 1-2 图像处理的基本问题

1.2 图像处理的基本问题

本论文主要关注于解决图像去噪、超分辨率、图像增强、填充和前景/背景分割五
个基本问题。因此，有关这些基本问题的相关任务与背景概述如下：

1.2.1 图像去噪

图像去噪的基本任务是：输入噪声图像，去除图像中所包含的噪声信息，以利于

图像的进一步分析和处理。在实际应用中，图像的噪声来源于图像采集过程中光学系

统或电子系统所带来的各种误差 [2]。为处理方便，人们往往假设噪声为加性噪声，即
噪声图像模型为：

In = I∗ + n (1-1)

这里，I∗为原始的未加噪声图像，n为噪声，In为观测到的噪声图像。n往往被假设为

均值为0的高斯分布随机变量，其均方差σ2反映了噪声水平。因此图像去噪问题可概

nnI *I

图 1-3 图像噪声模型
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ã 1-6 ã�W¿¯K"�ãǑäk©i�ã�§mãǑò©i«�S"��ã�&EW¿�����ã�"
1.2.5 ã�
µ/�µ©�
µ´�ã�û�|µ¥ål�ÅC�ÔN£~~Ǒa,�ÔN¤§
�µK´�?u
µÔN�¡�|µ"
µ/�µ©��?Ö´µòÑ\ã��
µÔNl�µÔN¥©�Ñ5"�äN/`§b�Ñ\ã�ǑI§·�I�òã���©Ǒ
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µ/�µ©��~f§��«¹k
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ã 1-7 ã�
µ/�µ©�¯K"�ãǑÑ\ã�§mãǑ
µ/�µ©�(J£��«
µSN¤"
• ã��D¯KµÏL®��D(ã�§íÿ����©ã�¶
• ã��©EÇ¯KµÏL®��$©EÇã�§íÿ���p©EÇã�¶
• ã�W¿µÏL®���"�&E�ã�§íÿ�����ã�¶
• ã�OrµÏL®���
ã�§íÿ���pbzÝã�¶
• ã�
µ/�µ©�µÏL®��Ñ\ã�§íÿ���ã�©�(J"_¯KÏ~´¾��"�â)�·½5½Â£�35!��5Ú­½5¤§ã�?n¥�_¯KÙ)  Øäk��5Ú­½5"~Xéuã��D¯Kµ�½D(ã�In§÷vD(ã��.(1-1)�ã�I∗�ê8´�¡�§Ïd§XÛ�åã�?n¯K�)�m±��÷vÀúa��ã�´ã�?n�{ïÄ�Ø%"ã�?näkXeA:µ¤?n�&EǑ�*­.�N�§
·�¤�3��*­.´äk5Æ5�§Ïdg,.¥�ã�£=g,ã�¤Ǒäk5Æ5"·�òg,ã�AÆ£ªÇAÆ!�m|�AÆ½öÔNaO!û����'�AÆ¤�²�55ÆÚ¡Ǒggg,,,ããã������kkk���&&&EEE"g,ã�k�é�/�[
�MXÚ�PÁ�8BUå§=)ÔNéÀú&E�?n�£OØ=�6uÀú&E���AÆ§��6u�M¤8B�PÁ�k'Àú&E���55Æ"Äuù���n§·�±g,ã��k�&E�Ǒ��½�å§�±é�/)ûã�?n�_¯K£Xã1-8¤"

大脑的记忆与归纳功能

输入图像 图像处理结果

图像处理算法

视

觉

先

验

ã 1-8 ÄuÀúk��ã�?n"ÏL�[�M�PÁ�8BõU§Ǒã�?n�{JøÀúk�&E§±¼�÷vÀúa��ã�?n(J"
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5§<�Åì�£�g,ã�k�3O�ÅÀúÚã�?n¥�­�¿Â§ÏdF�'5XÛ�÷Úï�g,ã��k�&E§±)ûã�?nÚO�ÅÀú¥�Ä�¯K"±e·�ò{ã®k�k'g,ã�k�&E�ïÄ?��¹"
1.3.1 Äu1w5�k�1w5k�Áã£ãg,ã��1w55Æµ=g,ã��Ü©Ǒ$ªAÆ§
pªAÆ�~D�"~X§Xã1-9¤«§g,ã�FÝ��3ã�(�£=>Æ¤þ�"§
3�Ü©«�Ǒ""ég,ã��1w5k�?1ï��¢yã�_¯K��Kz?n"¢yég,ã�1w5ï���Ä��ª´�åã�I���½p��ê9Ù��5C�§±/¤ã�?n��KzUþ�."PS(I)Ǒ�åã�1w5�1w�§KÄuC©�{§`zT1w��FÝ6Ǒµ
∂I

∂t
= −

∂S(I)

∂I
. (1-2)ÏLæ^ØÓ�ã��ê9Ù��5/ª§�±�ÑØÓ/ª�1w5�å§l
�¤ÄuC©�{� �©�§ã�?n�{"~X§�1w5�å�ǑFÝ��²�£=|∇I|2¤�§ÙFÝ6Ǒµ

∂I

∂t
= △I, (1-3)ù�Ñ²;�9*Ñ�D�{ [4]¶�1w5�å�ǑFÝ�£=|∇I|¤�§�Ñ²;��C�£total variational¤�D�{ [5, 6]§=

∂I

∂t
= div(

∇I

|∇I|
). (1-4)�1w5�å�ǑFÝ���5¼ê£Xg(|∇I|)¤�§�Ñ��É5*Ñ�{ [7, 8]§=

∂I

∂t
= div(g′(|∇I|)

∇I

|∇I|
). (1-5)�1w5�åǑp��ê��§�Ñp���É5*Ñ�D�{ [9] (ÜA^¯K�µ§,kÙ�õ«1w5�å½Â§~Xë� [10]",�a1w5k�ï��ª´ÄuMarkov�Å|£Markov Random Field, MRF¤�k�ï�"Markov�Å|´ï�äk�m�6'X��ÅCþ|VÇ©Ù��«k�êÆ�{§�âMarkov�Å|�±^Gibbs©Ù5£ã��n§Ï~<�æ^Gibbs©Ù5£ãg,ã��1w5§~Xµ
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1绪 论

(a) 输入图像 (b) 图像的梯度模
22
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图 1-9 图像一阶导数（即梯度）的光滑性。左图为输入图像，右图为其梯度

模图像，越亮代表梯度模值越大。显然，图像的梯度模值大部分都很小，只有

位于图像边缘的象素具有较大的梯度模值。

P (I) =
1

Z
exp(βT

∑

i,j∈N(i)

|Ii − Ij|2) (1-6)

建模了图像相邻象素点之间颜色的相似性，其中N(i)为象素i的邻域，Z为常数使

得P (I)的积分为1，βT为物体学中的温度常数。

基于光滑性先验的图像处理方法已经被广泛地应用于图像去噪、分割等基本问

题，是计算机视觉和图像处理领域广泛研究与应用的重要方法。

1.3.2 基于自然图像统计规律的先验

自然图像统计先验一般是指图像滤波响应的统计分布规律。图像滤波是通过对图

像进行卷积操作以提取图像的高频、低频或某一频率范围内的特征信息的过程。按其

上述目的，图像滤波分别称为是高通滤波、低通滤波和带通滤波，卷积核被称为是滤

波器（filter），而滤波的结果称为是滤波响应（filter response）。图1-10显示了自然图
像的滤波响应及其统计分布图。

Huang等人 [11]系统研究了自然图像的导数滤波（derivative filter）响应和小波系
数的统计分布，提出了用t-分布或者指数类分布来进行统计建模，并通过自然图像集
学习统计分布的参数，从而得到自然图像滤波响应的一般性统计描述。该统计描述已

被应用于解决图像去模糊 [12]、去噪 [13, 14]等问题。

人们进一步提出了基于Markov随机场理论，特别是通过Gibbs分布来建模自然
图像滤波响应统计规律的方法。Zhu等人 [15, 16]提出采用Gibbs分布同时建模多个
滤波器的滤波响应分布，并将该模型应用于图像纹理建模。Hinton [42]和Roth等人
[17]提出了Product-of-Experts和Fields-of-Experts模型，通过Gibbs分布同时建模滤波器
组（experts）和它们的滤波响应分布。这些方法被成功地应用于图像去噪和填充问
题，取得了非常好的图像处理效果。
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滤波器

(放大图)

输入图像 滤波响应（越亮响应越大）

滤波响应值的分布

图 1-10 图像滤波与滤波响应分布。从左到右分别为滤波器，输入图像，滤波

响应（越亮代表响应值越大）和滤波响应分布图。滤波响应分布图横坐标为滤

波响应值，纵坐标为频数。自然图像统计即对滤波响应的分布进行统计建模

（例如，可用t-分布函数进行建模）。

不同于光滑性先验（即约束图像的局部光滑性），自然图像统计先验直接对

图像滤波响应的分布进行统计建模。例如，同样建模相邻象素颜色差，不同于基

于Markov随机场的光滑性先验（如公式(1-6)），自然图像统计先验关注于如何选择
更好的Gibbs分布形式对象素颜色差的分布进行建模。因此，基于自然图像统计先验
的Gibbs分布模型可一般地描述为：

P (I) =
1

Z
exp(βT

∑

i,j∈N(i)

φ(|Ii − Ij|)) (1-7)

可并通过自然图像训练集学习参数βT和势函数φ。

1.3.3 基于视觉编码稀疏性的先验

视觉信息处理流程可概括为：视觉信息（即自然图像）通过视网膜进入初级视觉

皮层进行特征提取（边缘、关键点等特征），进一步通过高级视觉皮层实现视觉信息

的理解。视觉皮层的神经细胞是通过其响应模式对视觉信息进行编码的，而该响应模

式具有稀疏性：即当视觉细胞群对视觉信息进行响应时，仅有极少（即稀疏）个数的

神经元具有强响应，大部分细胞响应很弱或者不响应。这样的稀疏性规律被称为是视

觉神经编码的稀疏性先验。

基于视觉编码的稀疏性先验，已有大量的研究工作关注于如何对视觉编码稀疏性

进行建模以挖掘自然图像的本质表达。典型的工作例如包括稀疏编码（sparse coding）
[18–20][21]和压缩传感（compressive sensing） [22, 23]。稀疏编码的基本思想是将视
觉信息用过完全的基（basis）集合进行稀疏线性表达，这些基可以为图像的变换域
[19]或图像块集合 [24]等基本表达单元。此时图像的能量模型可表达为：

E(I) = ||I −
∑

k

βkbk||2 + ||−→β ||`p (1-8)
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1X ØùpB = {bk}ǑL��Ä8Ü§−→
β = {βk}ǑL�Xê§1��ǑDÕ5¨v�£0 ≤ p ≤ 1¤§=��Xê−→

β�k�ê�""DÕ?è®²�2�A^uã��D
[24]!>Æuÿ [20]�Ä�¯K"Ø Da´C
52É'5�ïÄ+�§ÙÄ�g�K´ÏLØ DaÝ
òã�½ö&Ò?1prÝ�Ø §¿�±dØ &E­ïã�Ú&Ò"Ø Da®²�2�A^uã�Ø  [22]!�©EÇ [25]�¯K"

1.3.4 Äué�½���k�,	�a­��k�&E´é�£ÔN¤±9¼�ã��Ôn���'��£§Tak��éäN�¯K�µ§|^¤'5ÔN�5Æ5½öã�û����A55�Ǒk�&E§±�Ï)û(J�ã�?n½£O¯K"é��'�k�&E [26, 27]$^¤'5ÔNaO�5Æ5£�)/G!�m ��¤��ã�?nÚ©Û§~X<òäkér�5Æ5µdú«!&f�ØÓÜ©±A½��m'X|�3�å¶
Ù§aO�ÔN§~Xð�!ïÓÔ�ǑkÙg��5Æ5§A^ù
k�&E§�±��/)ûã�?nÚ£O�Ä�¯K"���'�k�&E [28, 29]ÏL(¹$^�Å!��Å����g�õU½A5��äkAÏ�J�ã�½öõÜØÓû��ª�ã�§¿A^êÆ�{©ÛÚï�ã�¥¤%¹�k�&E§?
�Ï)ûã�?n�_¯K"du���'�k�ï��±�~k�/)ûã�?n½O�ÅÀú¥�_¯K§Ïd�'ïÄ�É'5§<�AOF"ÏLd�¡ïÄ��½�#�Å�ã�æ8���õU�O"yk�ó��)|^ð1���'�k�&E [28–32]Ú�Å1����'�k�&E
[12, 33]�ï�ã�§ù
�{ÏLï�ð1�¤�5�1ìCzÚØÓ��1�¤�5��
Cz±¢yã�©�!Or�õU"
1.4 �©�Ì�ó��Ø©8¥uã�?nÄ�¯K�ï���{ïÄ"¤�9�Ä�¯KÌ��)µã��D!ã�Or!�©EÇ!W¿Ú
µ/�µ©��"ïÄ8I´XÚ/JÑ)ûù
Ä�¯K�êÆ�.9Ù�{§±u�Ñ�
���ã�?n�{�Eâ"�Ø©��NïÄg´´µ�éÄ�¯K�AÆ��µ§±ÚO�{!C©{Ú�Kz�{ǑÄ��ã§u÷Úï�g,ã��Àúk�&E§¿�OÑ)ûã�?nÄ�¯K�k��{"¤���Ì�¤J�)µ

(1)JÑ
Äug,ã�FÝÓ+k��ã��©EÇ­ï�Or�{"ÏL�÷g,ã��FÝ|÷ã�>ÆR����Ó+©Ù§JÑ
�«#�g,ã�ÚOk�—FÝÓ+k�£Gradient Profile Prior, GPP¤"FÝ|Ó+k�ëêz/£ã
g,ã�FÝ|Ó+�/GÚbzÝ©Ù"ÄuTk�§ÏL��FÝ|Ó+�/GÚbzÝëê§JÑ�«#�FÝ|C�§¿?
u�Ñ
�~k��ã��©EÇ­ïÚOr�{"¢�L²§#�{?n�JwÍ`u�
�Óa�{"
(2)JÑ
ÄuMRFºÝÀJ���É5*Ñ�D�{"ÏLïÄ��É5*Ñ�D�{�ºÝ£=*ÑÊÅ�m¤ÀJ¯K§JÑ
ÄuMRF1w5k�ï���mg·AºÝÀJ�.§T�.é�/�Ñ
DÚºÝÀJüÑǑ�ÛÀJÓ��º
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ÜS�Ï�ÆÆ¬Æ Ø©Ý�"�§ºÝÀJ5U��`uDÚºÝÀJüÑ¶(ÜTºÝÀJ�.§JÑ
#�Äu��É5*ÑÈÅ��D�{"A^L²§Ù5U��
����D�{��$���"
(3)JÑ
Äuã�¬DÕ5k��ã�W¿�{"ÏLÚ?ã�¬DÕ5Vg£�)(�DÕ5Úã�¬L�DÕ5¤§JÑ
Äu~f�#.ã�W¿�{"·�y²§ã�¬�(�DÕ5é�/Ýþ
ã�¬´Ä?uã��(�£=>Æ¤�¥§ã�¬�(�DÕ5��§§��U?uã�>Æ¶ã�¬DÕL�KÄuÀú?è�DÕ5k�§b��W¿ã�¬�±dÿÀã�¬8Ü�DÕ�5|Ü5L�§?
u�Ñ
ã�DÕ�5L��`z�.Ú`z�{"ã�¬(�DÕ5Úã�¬DÕL�é�/)û
Äu~f�ã�W¿�{�ü�Ä�¯Kµã�¬ÀJÚã�¬W¿"¤u��#�W¿�{�'± �W¿�{äk���W¿5U"
(4)JÑ
Äuð1k�&EÚMRF1w5k�ï��
µ/�µJ��{"±m/'�Åð1���¤Jø�ã�éǑÑ\§ÏLêÆ�.ï�1ìCz�k�&E§JÑ
ÄuMRF1w5k��ã�©�Uþ�.§é�/)û
ã�
µJ�¯K"�®k�
µJ��{�'§¤JÑ��{�±���Ǒ°(�©�(J"T�.�­�¿Â3uÏL�Å�ð1��§Jø
�«B$!¢^�
µJ��.Ú�{§Ï���Ǒ#���Å�Ä�õU��"�Ø©�(�SüXeµ12Ù0�Äug,ã�FÝÓ+k��ã��©EÇ­ï�Or�{¶13Ù0�ÄuMRFºÝÀJ���É5*Ñ�D�{¶14Ù0�Äuã�¬DÕ5k��ã�W¿�{¶15Ù0�Äuð1k�&EÚMRFk�ï��
µ/�µ©��{¶16Ùo(�©¿JÑ?�Ú��ïÄ�¯K"
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2Äug,ã�FÝÓ+k��ã��©EÇ­ï�Or�{
2 Äug,ã�FÝÓ+k��ã��©EÇ­ï�Or�{

2.1 Úóg,ã��ÚOk�ï�´O�ÅÀú¥2É'5�ïÄ�� [8, 15, 17, 34]"ã�ÚOk�A^ÚOÆ�{ég,ã����55Æ?1ï�§2�A^uã��©EÇ­ï [35–38]!�D [13, 14, 17]!W¿ [39]!��
 [12, 40]!ß²ã�©�[41]��"duã�?n¯K�¾�5§g,ã�k��±é�/�Kzã�?n�.�)�m§±��Ü�g,ã�ÚO5Æ�ã�?n(J"g,ã�k�Ï~ï�g,ã�ÈÅǑA�©Ù5Æ§�¡Ǒ´��5ã�k�(generic image prior)"^uï�g,ã�k��©Ù�)Laplacian©Ù [11]!2Âpd©Ù [11]!·Üpd©Ù [34]�§§�ï�g,ã�pªÈÅǑA�­�©Ù¶,��¡§Product-of-Experts�. [42]ÚField-of-Experts�.[17]�ÏLMarkov�Å|éÈÅì|ÚÈÅǑA©ÙÓ�?1ï�ÚÆS"DÚ�ã�ÚOk�='5ã�ÈÅǑA3�ã��S�>S©Ù£marginal

distribution¤§=��ã©Ù§
�ÑÈÅǑA��m©Ù5Æ",
§ÈÅǑA��FÝ÷Xã�>Æ��m©Ù/G~¥y�½�5Æ5"Ïd§�Ùò�÷Úï�g,ã�FÝ|÷ã�>ÆR����Ó+£½ÂǑFÝÓ+¤©Ù§¿±dǑÄ:JÑ�«#���5ã�ÚOk�—FÝÓ+k�£Gradient Profile Prior¤"FÝÓ+k�òëêz/£ãg,ã�FÝÓ+�/GÚbzÝ"·�uy§Tk��/Gëê�~­½uã��©EÇ"ÄuFÝÓ+k�§·�òÏL��FÝÓ+�/GÚbzÝ§JÑ�«FÝ|C�±ò�©ã�FÝ|C�Ǒ8Iã�FÝ|"ÏǑ/Gk�ëê­½uã�©EÇ§·��I�âØÓ�¯K�µu÷�©ã�Ú8Iã��m�bzÝ'X"òFÝÓ+k�A^uüÜã���©EÇ­ïÚã�Or"üÜã���©EÇ­ï¯K´dÑ\�$©EÇã�­ïÑp©EÇã�"T¯K´�_¯Kµ=�½$©EÇã�§ÙéA���p©Eã�´Ø���"Ïd§ǑJÑ����ã��©EÇ�{§7L�O��ã�k�±�åp©EÇã���m§�Ù÷vg,ã��AÆ©Ù"·�lp/$©EÇã�Ôö8¥ÆSp/$©EÇã��m�bzÝ'X§?
ÏLFÝ|C�d$©EÇã��FÝ|ínÑp©EÇã��FÝ|"(ÜFÝ|�åÚã�­ï�å§�±é�/�OÑp©EÇã�§�(J¥é�Ú\ç¸£jaggy§=ã�>ÆØ²w§¹kç¸¤½ö�'£ringing§=ã�>Æ±�äk'G�A¤��K�A£artifacts§=d�{Úå
�g,ã���¹k�(�½AÆ¤"ã�Or¯K´òÑ\��
ã�OrǑpbzÝã�"·�½Â
�«bzÝN�¼ê±ï��
ã��FÝÓ+bzÝÚpbzÝã��FÝÓ+bzÝ�m�'X§?
ÏLFÝ|C�d�
ã��FÝ|ínÑpbzÝã��FÝ|"pbzÝã��±ÏLC©�{l�O�pbzÝã�FÝ|­ïÑ5"�éuDÚ�ã�k�§FÝÓ+k�äkXe�`³µØÓu1w5k�§FÝÓ+k�¿Ø�åg,ã�FÝ|�þ�Cu"§Ïd�ºÝÚ�ºÝ�ã�[!
11



ÜS�Ï�ÆÆ¬Æ Ø©&Eþ�±�­ï¶ÏL3FÝ|?1C�Ú­ïö�§�±;�± �©E�{½Or�{�5��K�A"
2.1.1 k'ã��©EÇÚOr�®kó�8
Ì�kn«üÜã��©EÇ�{µÄu����{!Äu­ï��{ÚÄuÆS��{"Äu����{ÏL$©Çã��®�:?1����p©Eã�¥���:§�)�C�£nearest neighbor¤���{!V�5£bilinear¤½öVá�£bicubic¤���{�"Äu����{ [43, 44, 46]¢y{ü§�N´�
zpª&E½ö3ã�>ÆÚ\ç¸�A"Äu­ï��{ [47–50]ÏL4�z­ï�åµ
||Il − {Ih ∗Gσ} ↓ ||2 (2-1)5¢y�©EÇ­ï§=�����p©EÇã�£Ih¤?1pdòÈ�?1eæ���®��$©EÇã�£Il¤��U�C"Back-projection [47]�{´�«;.�Äu­ï��{"XJvkk�?1�å§T`z¯K�)¬3ã�>ÆÚ\ç¸½ö�'�A"ÏdI��O��ã�k�é�.?1�Kz"ÄuÆS��{

[25, 35, 36, 48, 51–56]�ïp/$©EÇã�¬é�Ôö8Ü§�o®�$©EÇã�¬éA�p©EÇã�¬�&E�±ÏLÔö8ÜínÑ5"Ø© [36]JÑ�éã��©{ã£Primal sketches§~X>Æ!Æ:�¤?1AO�'5§
Ù�«�ÏL���{?1�©EÇ­ï§ù´ÏǑ<�ÀúXÚ�\'5uã��>Æ�AÆ"ÄuÆS��{AO�6uÔö8ÚÿÁ8Ü��q5§
�Ø�Ùõ�5��Ôö8Ü´v
�"
Unsharp masking(UM)�{´�Ä��ã�Or�{ [57]"3T�{¥§ã�Äk�Ù$ÏÈÅ���
zã�?1�~��pª&Ò§,�òÜ©£±z©'P¤pª&Ò\��©ã�§l
¢yã�bz"T�{�±é�/Orã��bzÝÚé'Ý§�¬3ã�>ÆÚ\'G�A"ShockÈÅ [58, 59]́ ,�a­��ã�Or�{§T�{ÏL�)_*Ñ�§¢yéã�[!&E�Or"OsherÚRudin [60]JÑXe�§Or�
ã�I0:

∂I(·, t)

∂t
= −sign(△I)|DI|, I(·, 0) = I0(·). (2-2)Ù¥§sign(△I)�ÀǑ>Æuÿìµ�△I < 0�§T�§òzǑIt = |DI|§�du)ä/�Æö�¶�△I > 0�§T�§òzǑIt = −|DI|§�du�¡/�Æö�"�X�§�üz§Orã���uüzǑ©¡~êã�"Ø© [59, 61, 62]¥JÑ
Äu�õa.>Æuÿì��©�§�{"�ÙòJÑÄuFÝÓ+k���a#�ã��©E�{ÚOr�{§±e12.2!Äk½ÂFÝÓ+k�¿?1ëêÆS¶12.3!JÑÄuFÝÓ+k��FÝ|C�¶12.4!Ú2.5!©OòFÝÓ+k�A^uã��©EÇ¯KÚOr¯K§JÑ#��{¿�Ñ¢�(J¶��312.6!�(�Ùó�"

2.2 g,ã�FÝÓ+k��!òïÄg,ã�FÝ|R�uã�>Æ�Ó+�ÚO5Æ§·�Äk�Ñg,ã�FÝÓ+9Ùk��½Â"
12



2Äug,ã�FÝÓ+k��ã��©EÇ­ï�Or�{
p(x0)

x1

x2

x0

p(x0)

x1

x2

x0

(a)

(b)

(c)ã 2-1 FÝÓ+"(a)bzÝØÓ�ü^>Æã�"(b)FÝ�ã(�Ý��§FÝ���)"d>Æ:x0Ñu§÷XFÝ��½KFÝ��Å:ò���FÝ�Ø2ü$§l
��Ó+p(x0)"(c)Ó+p(x0)þ�FÝ�­�§=½ÂǑFÝÓ+"Pã�FÝ∇I = m ·
−→
N§Ù¥mǑFÝ��§=

m =

√

(
∂I

∂x
)2 + (

∂I

∂y
)2, (2-3)

−→
NǑFÝ��"FÝ��ÛÜ4��:¡Ǒ´ã�>Æ:£edge pixel¤"ã2-1(a)w«
ü^äkØÓbz§Ý�>Æã�"ã2-1(b)w«
�A�FÝ��ã"ã�2-

1(b)¥��x0Ǒã�>Æ:§lx0Ñu§÷XFÝ��ÚKFÝ��Å:ò���FÝ�Ø2ü$§����^���´»§·�¡FÝ��3T´»þ�©ÙǑFFFÝÝÝÓÓÓ+++"ã2-1(b)(c)w«
²Lx0�FÝÓ+"
2.2.1 FÝÓ+bzÝ�O·�^Xe��{5ÝþFÝÓ+�bzÝµ
σ(p(x0)) =

√

√

√

√

∑

x∈p(x0)

m(x)

M(x0)
d2(x, x0), (2-4)Ù¥§

M(x0) =
∑

s∈p(x0)

m(s), (2-5)

d(x, x0)L«��:xÚx0�m÷XFÝÓ+�­��Ý"5¿�§ã�>ÆbzÝ�p§IO�σ��§·�òσ½ÂǑFFFÝÝÝÓÓÓ+++���bbbzzzÝÝÝ"
13



ÜS�Ï�ÆÆ¬Æ Ø©Õá/Ǒz^FÝÓ+�ObzÝw,éD(´Ø°��§Ǒ
��/�Oã�>Æ�bzÝ§·�b�÷XÓ�^>Æ���FÝÓ+�bzÝäk��5§=b�bzÝäk1w5"ÄuTb�§·��ï��ãG§Ù¥z�ã!:Ǒã�>Æ:§ uÓ�^ã�>Æ�ål�u�½ål£~X��Ǒ5¤�ü�>Æ:£=ã!:¤i, j�mäkë�>§>��­wij½ÂǑµ
wi,j = exp(−ζ1 · |∇ui −∇uj|

2 − ζ2 · d(i, j)
2), (2-6)Ù¥§�ê¥�1��ǑFÝ�q5§1��Ǒi,j�m�î¼ål"éuz�>Æ:i§·��^úª(2-4)�OÙbzÝ§,�ÏL4�zXeUþ¼ê�O(Ü1w5k��ã�bzÝµ

E({σi}) =
∑

i

[(σi − σ̂i)
2 + γ

∑

j∈N(i)
⋂

p(i)

wi,j · (σi − σj)
2], (2-7)ùp§N(i)Ǒ!:i���:§p(i)Ǒ²Li:�FÝÓ+"·�ÏLFÝeü{`zTUþ¼ê§duUþ¼ê(2-7)äkà5§ÏdN´��Ù�Û�`)"3`z�)ù�Uþ¼ê�§���©bzÝǑz�FÝÓ+Õá�O�bzÝ§3¢y¥��γ = 5§ζ1 = 0.15§ζ2 = 0.08"

2.2.2 g,ã�FÝÓ+k�y3·�ÏLÚO�{5ï�g,ã�FÝÓ+�5Æ5"Xã2-1(c)¤«§g,ã��FÝÓ+äkapd©Ù/ª§Ïd·��^�����êx©Ù—2Âpd©Ùég,ã�FÝÓ+5?1ï�µ
g(x; σ, λ) =

λα(λ)

2σΓ( 1
λ
)
exp{−[α(λ)|

x

σ
|]λ}, (2-8)

−10 −5 0 5 10
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4

−10 −5 0 5 10
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4

0.45

0.5

λ = 1.5

λ = 1.0 σ = 1.0

σ = 3.0

σ = 2.0

λ = 2.0

ã 2-2 2Âpd©Ù3ØÓëêe�©Ù¼ê/G"(a) σ = 2.0, λ �Ǒ1.0§1.5§2.0"(b) λ = 1.5, σ�Ǒ1.0§2.0Ú3.0"ëêσ��©Ù��N/G"λ = 2�§T©ÙǑpd©Ù¶�λ = 1�§T©ÙǑLaplacian©Ù"ëêσǑ©Ù�IO�"
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2Äug,ã�FÝÓ+k��ã��©EÇ­ï�Or�{Ù¥§Γ(·)Ǒgamma¼ê¶α(λ) =
√

Γ( 3
λ
)/Γ( 1

λ
)ǑºÝÏf§8�´��2Âpd©Ù���Ý�uσ2§Ù¥σ�±ÏL2.2.1!¥¤0���{5�O§λǑ��T©Ù�N/G�/Gëê"w,§�λ = 2�§T©ÙǑpd©Ù¶�λ = 1�§T©ÙǑLaplacian©Ù"ã2-2w«
2Âpd©Ù3ØÓëêe�©Ù¼ê/G"e¡·�`²XÛÏLÆS5(½g,ã�FÝÓ+k�©Ù�ëê§±�Ng,ã�FÝAÆ���55Æ"·�l;��ã�Ø��Åe1
1000Ìg,ã�§¤kã�þ?u�©©EÇ"·�lz�Ìã�¥�ÅÂ8
1000̂ FÝÓ+±�¤8ÜΩ1£�1z��FÝÓ+¤"·��ÏLò�©ã� �2× 2�!3× 3�Ú4× 4�§¿©Oæ81z��FÝÓ+�¤n�FÝÓ+8ÜΩ2!Ω3!Ω4"w,§8Ü{Ωi}4i=1©O5guÓ�ã�83ØÓ©EÇe�ã�8Ü"e¡·�òÏLù4�FÝÓ+8ÜïÄFÝÓ+k��/Gëê§±9ØÓ©EÇe�bzÝëê'X"Ǒï�g,ã�FÝÓ+§·�ÏL¤æ8�FÝÓ+8Ü[Ük�©Ùúª(2-

8)§±`zÙ¥�/Gëê"ù�¤���k�©Ù9Ùëê�±é�/£ãg,ã�FÝÓ+�©Ù§=¢y
ég,ã�FÝAÆ�ï�"·�^Kullback-Leibler

(KL)ål [45]Ýþ[ÜØ�§Ïd�`/Gëêλ∗÷vµ
λ∗ = argminλ{

1

|Ω|

∑

p∈Ω

KL(p, g(·; σp, λ))}, (2-9)Ù¥§σpǑFÝÓ+8Ü¥�Ó+p�bzÝëê£X2.2.1!¥��¤"Kullback-

Leibler (KL)ål½ÂǑµ
KL(p, g(·; σp, λ)) =

∑

x∈p

m(x)

M(p)
log

m(x)/M(p)

g(x; σp, λ)/
∑

s∈p g(s; σp, λ)
, (2-10)Ù¥§xÚsǑFÝÓ+pþ���:"·�©O34�FÝÓ+8ÜþO�
ØÓ/Gëêe�[ÜØ�§Xã2-3¤«"·�uy§�`/GëêǑ1.6,�­½uã�©EÇ"ù¿�Xg,ã��FÝÓ+/Gëê�ã�©EÇ�'½ö'XØ�"·��^Pearson-χ2b�u�ÝþFÝÓ+k�ég,ã�FÝÓ+�[Ü§Ý"éFÝÓ+p(x0)�χ2b�u�½ÂǑ

χ2(p) =
∑

x∈p(x0)

[m(x)−E(x)]2

E(x)
, (2-11)Ù¥§

E(x) =
g(d(x, x0))

∑

s∈p(x0)
g(d(s, x0))

·
∑

s∈p(x0)

m(s). (2-12)éuwÍ5Y²κÚgdÝn − 1£nǑFÝÓ+pþ����ê¤§XJχ2(p) <

χ2
(κ,n−1)§�oFÝÓ+p(x0)÷vFÝÓ+k��b�ØU�áý§=¿�XFÝÓ+k��±é�/£ãFÝÓ+p(x0)"·��wÍ5Y²κ = 0.01§�oéu4�FÝÓ+8Ü,FÝÓ+[Ü�χ2��χ2

(κ,n−1)����²þ�©OǑ-2.22, -1.90, -1.50,

-1.20§ù¿�X�Nþg,ã��FÝÓ+Ué�/dFÝÓ+k�£ã"
15



ÜS�Ï�ÆÆ¬Æ Ø©

1 1.2 1.4 1.6 1.8 2 2.2 2.4 2.6 2.8 3
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0.135
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0.145

0.15
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0.16
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形形形低

平
平
K
L
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Ω
1
,原原低低低

Ω
2
,高低低低低高低2×2

Ω
3
,高低低低低高低3×3

Ω
4
,高低低低低高低4×4

ã 2-3 3ØÓ/Gëêλe§^2Âpdk�©Ù[Üã�FÝÓ+�²þKLØ�"34�8Üþ§�`�λþǑ1.6"
2.2.3 p/$©EÇã�FÝÓ+�bzÝ'Xy3·�ïÄp©EÇã��$©EÇã��m�FÝÓ+bzÝ'X"aqu

[36, 51, 54]¥��{§·�ïÄ$©EÇã�Il�þæ�ã�£©EÇ�p©EÇã���¤Iul�p©EÇã�Ih�FÝÓ+bzÝ'X"ù���8�´��p!$©EÇã��>ÆU
��/éà§?
�BïÄ§��
�bzÝ'X"3�{¢y¥§·�^Vá���é$©EÇã�?1þæ�ö�"éuIul ¥�z�FÝÓ+§·�¼�§3p©EÇã�Ih¥����FÝÓ+"ÏǑüã�¥�>Æ��:Ø�½U��éà§·�ÏLÿÝ>Æ��:�m�ålÚ���5ÀJ����>Æ��:"Ïd§�½ã�Iul¥�>Æ:el §3ã�Ih�Ù����>Æ:ehǑµ
eh = argmine∈N (el)

{||e− el||+ 2||
−→
N (e)−

−→
N (el)||}, (2-13)Ù¥§N (el)Ǒp©EÇã¥el�5× 5C�:"Ǒ
�Op/$©EÇã�bzÝ'X§·�òbzÝσlÑz"·��lÑzm�Ǒ0.1§Kσ�lÑzǑµσ = 0.0, 0.1, 0.2, ..."·�ÚOIul¥¤kbzÝǑσl

(σl ∈ {0.0, 0.1, 0.2, ...} )�FÝÓ+¤éA�ã�Ih¥�FÝÓ+�²þbzÝ"ã2-

4w«
3p/$©EÇ�êǑ2× 2!3× 3Ú4× 4�¹e§p/$©EÇã�bzÝéA'X"X-�I¶w«þæ��$©EÇã�FÝÓ+bzÝ§Y-�I¶w«����p©EÇFÝÓ+�²þbzÝ"ÏL±þ�{§·�V)Ñ
g,ã�FÝ|÷Xã�>ÆFÝÓ+���©Ù5Æ£FÝÓ+�.(2-8)9Ù�`/GëêÚØÓºÝe�bzÝ'X¤§ù�5Æ¡ǑFFFÝÝÝÓÓÓ+++kkk���"
2.3 g,ã�FÝ|C�A^FÝÓ+k�§·�3��!JÑFÝÓ+C�§8�´ÏLC�FÝÓ+
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2Äug,ã�FÝÓ+k��ã��©EÇ­ï�Or�{

0.5 1 1.5 2 2.5 3 3.5 4 4.5
0.5

1

1.5

2

2.5

3

3.5

4

4.5

 

 

高/低低低低低低低2×2
高/低低低低低低低3×3
高/低低低低低低低4×4

ã 2-4 p/$©EÇã�FÝÓ+�bzÝ'X"X-�I¶w«þæ��$©EÇã�FÝÓ+bzÝ§Y-�I¶w«����p©EÇFÝÓ+�²þbzÝ"�/GÚbzÝò�©FÝ|C�Ǒ8IFÝ|"·�Ǒ`²XÛlFÝ|¡E­ïÑã�"
2.3.1 FÝ|C�Äk§·��	XÛò�©FÝ|¥�FÝÓ+ps£/GëêÚbzÝëêǑ{λs, σs}¤C�Ǒ8IFÝ|¥�FÝÓ+pt£/GëêÚbzÝëêǑ{λt, σt}¤"ÄkO�FÝÓ+ps�pt�m�C�Ç(Transform Ratio):

r(d) =
g(d; σt, λt)

g(d; σs, λs)

=c · exp{−(
α(λt) · |d|

σt

)λt + (
α(λs) · |d|

σs

)λs}, (2-14)Ù¥§
c =

λt · α(λt) · σs · Γ(1/λs)

λs · α(λs) · σt · Γ(1/λt)
, (2-15)

dǑ÷XFÝÓ+�ã�>Æ:�ål"Ïd§8IFÝÓ+pt�±d�©FÝÓ+�C�Çr(d)����"�½�©FÝÓ+ëê{λs, σs}§8IFÝÓ+ëê{λt, σt}��âØÓA^�¯K�µÏLÆS½ö½Â�ª��"?�Ú§·�A^C�Ç(2-14)?1FÝ|C�§=ò�©FÝ|∇IsC�Ǒ8IFÝ|∇ITt µ
∇ITt (x) = r(d(x, x0)) · ∇Is(x), (2-16)Ù¥§eIt�L8IFÝ|§þIT�LÏLFÝC�¤�O�FÝ|"x0ǑÏLx�FÝÓ+þ�>Æ:§
d(x, x0)Ǒx�x0÷XFÝÓ+�ål"3�{¢y¥§·�lz��"FÝ���xÑu§÷XFÝ�O����£FÝ��½öKFÝ��¤����>Æ:x0£FÝ��ÛÜ4��:¤§,�^úª(2-16)N�ÙFÝ�"
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ÜS�Ï�ÆÆ¬Æ Ø©
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(
d
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r
(
d
)

     d      dã 2-5 C�Çã§Xúª(2-14)"(a) λt = 1.6, σt = 1.0, λs = 1.6, σs = 2.0"(b)

λt = 1.6, σt = 2.0, λs = 1.6, σs = 4.0"(c) λt = 1.6, σt = 2.0, λs = 2.0, σs = 4.0"���ål>Æ:�ål�uv�§C�Ç�u1§ÄKC�Ç�u1"^C�Ç�FÝÓ+���§�FÝÓ+>Æ:ål�uv�§FÝ��O�§ÄK�~�"ÏLé�©FÝ|�z�FÝÓ+?1Xþ�FÝC�§·��±ò�©FÝ|C�Ǒ8IFÝ|"ã2-5w«
äkØÓëê�C�Ç�/G"ÏL�FÝÓ+��§�>Æ:ål�uv���:FÝ��O�§ÄK�~�"
2.3.2 ÄuFÝ|�ã�­ï

梯度变换

x x0 x x0

( )T

t
I x∇

0( ) ( ( , )) ( )T

s t
I x r d x x I x∇ ⋅ → ∇

( )
s
I x∇

x0

x

ã 2-6 FÝ|C�§ã�ǑLenaã���Ü©"(a) �ãÚ¥ãw«ÏL:xÚx0�FÝÓ+"��:x?1FÝC���FÝǑ�©FÝ�C�Çr(d(x, x0))����¶(b)Ú(c)w«�©�ã�9ÙFÝ|¶(d)Ú(e)ǑFÝ|C���FÝ|Ú­ïã�"�½C���FÝ|§?�Ú�¯K´XÛlC���FÝ|­ïã� [63, 64]"�����{´éFÝ|?1È©§ù��FÝ|äk"ò­Ç£curl¤±�Ù�È"�´·��{�yC��FÝ|´�È�§�·�æ^C©�{5¢yã�­ï"
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2Äug,ã�FÝÓ+k��ã��©EÇ­ï�Or�{3C©{�µee§8I´��­ïã�I�FÝ|��½�8IFÝ|∇ITt (x)�C§=4�zUþµ
E(I;∇ITt ) =

∫

|∇I −∇ITt |
2. (2-17)Ǒ`zþãUþ�¼§·�y²Xe½nµ½n 2.1 Uþ�¼(2-17)��Û4�)ǑXeÑt�§�)µ

△I = △ITt . (2-18)y² Uþ�¼E(I;∇ITt )´'uI��g�¼�Ǒà"ÙÛÜ�`)=Ǒ�Û�`)"
E�ÛÜ4�)�±ÏLÙEulerõLagrange�§��"P
L = |∇I −∇ITt |

2 (2-19)

= [Ix − (ITt )x]
2 + [Iy − (ITt )y]

2, (2-20)Ù¥§eIx£½öy¤©O�L'ux£½öy¤� �ê"E�EulerõLagrange�§Ǒµ
∂L

∂I
=

∂

∂x

∂L

∂Ix
+

∂

∂y

∂L

∂Iy
(2-21)

= 2[Ixx − (ITt )xx] + 2[Iyy − (ITt )yy] (2-22)

= 2△I − 2△ITt , (2-23)Ù¥§△ǑLaplace�f§�∂L
∂I

= 0§KE��Û�`)÷vµ
△I = △ITt . (2-24)d=(2-18)ª"£y.¤�â½n2.1§Uþ�¼(2-17)�±ÏL)Ñt�§(2-18)5¼�4�)§Ù)I=ǑdC�FÝ|∇ITt ¤­ï�ã�"Ǒ3½Â�lÑ�êiã�þ�)Ñt�§§·��±ÏL�©�{éÑt�§?1�©lÑz§�©���Ǒêiã���¤�¤���§?
òëY/ª�Ñt�§=zǑêiã�����þ��5�§|§¿^tµGauss-Seidel�{�)lÑ�5�§|§¤��)=Ǒ­ï�ã�"ã2-6w«
FÝ|C��ã�­ï���~f"Ù¥§(a)w«FÝÓ+�C�§(b-e)w«
ý¢ã��FÝ|C�Úã�­ï§(c)Ǒã�(b)�FÝ|§(d)ǑC���FÝ|§(e)ǑÏL)Ñt�§­ï�ã�"lTã�±w�§­ï�ã���©ã��'bzÝ�p§
�(J¥vk'G�A"

2.4 ÄuFÝÓ+k���©EÇ­ï�{�!·�òFÝÓ+k�A^uã��©EÇ¯K§=�½$©EÇã�§�OÄuFÝÓ+k���©EÇ�.��{±�OÑ\ã��p©EÇã�/ª"ã�
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ÜS�Ï�ÆÆ¬Æ Ø©�©EÇ¯K�J:3u§Ǒ;.�_¯K§·�òA^FÝÓ+k�5�å¯K�)"A^FÝÓ+k��p©EÇã�Jø
Xe��åµ£1¤¤­ï�p©EÇã��FÝÓ+/Gëê�Cu1.6¶£2¤p/$©EÇã��FÝÓ+�bzÝ÷v2.2.3!¤ÆS��bzÝ'X"Ǒ¢yù���å§·�JÑXe�."
2.4.1 �©EÇ�.�½$©EÇã�§Äk�^úª£2-16¤C�Ñ\$©EÇã��þæ�ã�Iul �FÝ|§±�Op©EÇã��FÝ|"úª£2-16¤¥�/Gëêλs�λt��Ǒ12.2.2!¥¤ÆS��/Gëê"FÝC�Ç£úª(2-16)¤¥�bzÝëêσs�dã�Iul ���O§
8IFÝÓ+�bzÝëêσt�d12.2.3!¥¤ÆS��bzÝ'X��"·�^d$©EÇã�¤�OÑ�p©EÇã�FÝ|∇ITh�åp©EÇã�­ï"�½$©EÇã�Il§Ǒ­ïp©EÇã�Ih§·�3ã�¼ê�mΛ¥4�zµ
E(Ih|Il,∇ITh ) = Ei(Ih|Il) + βEg(∇Ih|∇ITh ), (2-25)Ù¥§Ei(Ih|Il)Ǒ�©EÇ¯K�­ï�å§Eg(∇Ih|∇ITh )ǑFÝ|�å"ã��­ï�åÝþ®�$©EÇã�Il�¤�p©EÇã�Ih�$©EÇã�£pdòÈ�eæ��ã�¤�m��C§Ý§=µ
Ei(Ih|Il) = |(Ih ∗G) ↓ −Il|

2. (2-26)Ù¥§GǑ�mÈÅì§∗ǑòÈ�f§↓Ǒeæ��f"·�^pdÈÅG�Ǒ�mÈÅì§����êǑ2 × 2!3× 3Ú4× 4�§ÙØ°Ý©O��Ǒ0.8!1.2Ú1.6"dupdÈÅÚeæ�ö�=·^ulÑ¼ê/ª§Ïdb½IhÚIlþǑêiã�¤�m��þ/ª£~Xµm× n©EÇã��U��mǑmn× 1��þ¤"FÝ|�å��¤�Op©EÇã��FÝ|��U%Cd$©EÇã�¤�O�p©EÇã�FÝ|∇ITh :

Eg(∇Ih|∇ITh ) = |∇dIh −∇dITh |
2, (2-27)Ù¥§∇IhǑ¤�p©EÇã�Ih�FÝ|"Ǒ��Uþ(2-25)¥�ü�½ÂÚ�ǑlÑ/ª§Ïd½Â¥æ^lÑFÝ�f∇d§=ǑFÝ�lÑ�©�f"ÏLT�å§·���p©EÇã�Ih�FÝÓ+äk�g,ã����FÝ|ÚO©Ù"Ǒ`zþãUþ�¼§·��±y²Xe½nµ½n 2.2 Uþ�¼(2-25)��Û4�)�±dXe� �©�§�)µ

∂Ih
∂t

= −
∂E

∂Ih
, (2-28)ùp§

∂E(Ih)

∂Ih
= ((Ih ∗G) ↓ −Il) ↑ ∗G− β · (∆dIh −∆dITh ). (2-29)

∆dǑlÑLaplacian�f§=Laplacian�f�lÑ�©/ª"
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2Äug,ã�FÝÓ+k��ã��©EÇ­ï�Or�{y² Uþ�¼E(Ih|Il,∇ITh )�¹ü�Ei(Ih|Il)ÚEg(∇Ih|∇d)"du1��¥�òÈö�Úeæ��fþ�±dÝ
L�§
IhǑ�þ/ª§Ïd4�zE�¯K´����¯K§�Eäkà5¶1��¥∇dǑlÑ�©�f�IhÚIlǑ�þ§�o∇IhÚ∇IThþ�±�ǑÝ
��þ���/ª§Ïd1��ǑǑ����¯K§äkà5"Ïd§E(Ih|Il,∇ITh )ÛÜ�`)=Ǒ�Û�`)"
E�ÛÜ4�)�±ÏLÙFÝeü6��"P
L = |(Ih ∗G) ↓ −Il|

2 + |∇dIh −∇dITh |
2 (2-30)�o§E'uIh�FÝeü6�§Ǒµ

∂E(Ih)

∂Ih
= ((Ih ∗G) ↓ −Il) ↑ ∗G− β · (∆dIh −∆dITh ). (2-31)þª¥§∆dǑlÑLaplace�f/ª"ÏdUþ�¼(2-25)��Û4���±dFÝeü{��"£y.¤·��æ^XeúªS��)�©�§(2-29)µ

I t+1
h = I th − τ

∂E(Ih)

∂Ih
. (2-32)S�Ú�~X��½Ǒτ = 0.2§ëêβ = 0.5§�^$©EÇã��þæ�ã£Vá���¤Iul �ǑS���©^�"ù«�¹e§ÄuFÝÓ+k���©EÇ�{�o(ǑXe�{"���{{{2.1µµµÄÄÄuuuFFFÝÝÝÓÓÓ+++kkk���������©©©EEEÇÇÇ���{{{ÑÑÑ\\\µµµ$©EÇã�IlÚ���êm×m"ÚÚÚ½½½1:�Op©EÇFÝ|∇IThµ

• ^Bicubic��é$©EÇã�Il��m×m���Iul ¶
• O�Iul �FÝ|§O�FÝ|�ÛÜ4���Ǒ>Æ:§?
O�ÏL>Æ:�ã�>ÆR��FÝÓ+¶
• �âFÝÓ+k�§éFÝÓ+?1FÝ|C�§l
�OÑp©EÇFÝ|∇ITh"ÚÚÚ½½½2: O�p©EÇã�µ±IulǑ�©p©EÇã�§S�£2-32¤��Âñ§Âñ(J=Ǒp©EÇã�"ÑÑÑÑÑÑ:p©EÇã�Ih"ã2-7w«
ã��©EÇ�(J"1�1ǑÑ\$©EÇã�"(a)Ǒ�C���(JÚþæ�£Vá���¤ã��FÝ|¶(d)Ǒý¢�p©EÇã�Ú§�F
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ÜS�Ï�ÆÆ¬Æ Ø©

(a) (c) (d) (b) 

输入图像

ã 2-7 �©EÇ�.(p/$©EÇ�ê3×3)"1�1ǑÑ\$©EÇã�"(a)�C����ã�Úþæ�£Vng��¤ã��FÝ|"(b) Back-projection�{��©EÇã�9ÙFÝ|"(c)·���©EÇ(J9ÙFÝ|"(d)ý¢�p©EÇã�9ÙFÝ|"�Back-projection�{(J�FÝ|�', ·��{�C�FÝ|�ý¢p©EÇã��FÝ|���§
·��­ï(Jé�äkç¸GÚ'G�J"Ý|¶(b)Ǒback-projection [47]�{(J9ÙFÝ|§T�{�^�
ã���­ï�å¶(c)�eãǑÏLFÝ|C�¤�O�p©EÇã�FÝ|§dã��§T�OFÝ|�ý¢FÝ|�~�C¶(c)¥�þãǑ·���©EÇ(J§�'back-

projection�{§·���{duÚ\
FÝÓ+��å§(Jé��k'G�J§�ÎÜÀúa�"ã2-8�w«
3)¤ã�þ�?n(J§·���{�±�~��­ïÑp©EÇã�§(Jäkép�bzÝ§�é�Ú\ç¸G½'G�J"
2.4.2 �õ�~f·�ò�Ù¤JÑ�T�©EÇ�{A^��õ�ã�~f¥"éuçÚã�§=3�ÝÏ�$^¤JÑ��©EÇö�§ù´ÏǑ<úéã���Ý&E�Ǒ¯a§
çÚÏ��±dVá����{?1�©EÇö�"¢�ã�Ǒú^�~fã�£~XLenaã�¤½5
u;��ã�¥"3ã2-9¥§·�ò¤JÑ��{�Vá����{!Or�Vá����{!back-projection [47]�{ÚFÝ|­ï�{£=lFÝC�¤�O�p©EÇFÝ
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2Äug,ã�FÝÓ+k��ã��©EÇ­ï�Or�{
(c) (d)(b)(a)输入图像ã 2-8 Ü¤ã���©EÇ(J§���êǑ4×4"��àǑÑ\$©EÇã�"(a)�C���(J"(b)­ï�p©EÇã�"(c)þæ�ã�£Vng��¤�FÝ|"(d)FÝ|C��p©EÇFÝ|"

(b)  (c) (d) (f) (g) (a) (e) ã 2-9 �©EÇ�{'�£���êǑ3 × 3¤"(a)$©EÇã�£Lenaã���Ü©¤"(b)Vá���(J"(c) Unsharp Masking�{Or�Vá���(J"(d)

back-projection�{(J"(e)FÝ­ï�{(J§=��dC�FÝ|­ï�p©EÇã�"(f) ·���{(J"(g)ý¢p©EÇã�"w,§·��(J(f)�ý¢ã�(g)��C"|­ïp©EÇã�¤?1'�"Vá����{�(JLu1wz§~XÝ/�µ¥¤w«�ã�«�"Or�Vá����{Úback-projection�{(J3ã�>Æ±�Ú\'GÚç¸Gy�"ÏL�O�p©EÇFÝ|­ïp©EÇã��(Jäké��'GÚç¸Gy�§�´�Úé'Ý�ý¢�p©EÇã�k�½��å"ÏL(ÜFÝ|�åÚã��­ï�å§·���{(J�ý¢"ã2-10w«
·���{�ÄuÆS��{ [51]ÚalphaÏ��©EÇ�{ [37]�
(a) (b) (c) (d) (e) ã 2-10 �©EÇ�{'�£���êǑ4× 4¤"(a)$©EÇã�"(b)ÄuÆS��{ [51]�(J"(c) alphaÏ��©EÇ�{ [37]�(J"(d)·���{(J"3·���©EÇ(J¥§�ºÝ>ÆÚ�ºÝ«nÑUé�/­ïÑ5"
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ÜS�Ï�ÆÆ¬Æ Ø©(J'�"�±wÑ§ÄuÆS��{(Jäkép�bzÝ§�´¬Ú\pª��K�J§~X÷X&f>Æ�'G�J"alphaÏ��©EÇ�{(J�ã��ºÝ>Æäkér�bzÝ§�´�ºÝ�ã�(�§'X<òþ��:vké��¡EÑ5"ù´ÏǑéJéã�f>Æ?1alphaÏ���O"�ù
(J�'§·���{Ué�/¡E�ºÝÚ�ºÝ�ã�(�"ã2-11w«
n�~f§���ê©OǑ8× 8§8× 8Ú16× 16"Ù¥p©EÇã�´ÏLzg��2× 2�§��õg��"du���êé�§�ã�é��(JL�§ÏdÑ\�$©EÇã�^Ù�C����(J?1w«§¿��Ý/µ¥�«�±B��/'��©EÇ(J"¤k(JÑw«µ·���{�±­è/¡Eã���ºÝÚ�ºÝã�(�§�é�3(J¥Ú\ç¸½'G�K�J"·��±RMS£Root Mean Square¤ÚERMS [36]£Edge Root Mean Square¤þzÿÝ�©EÇ(J�`�"L2-1w«
3Monarch (ã�2-7), Lena (ã2-9)ÚHead

(ã2-10)n�~fþ��©E5Uþz'�"�Vá����{Úback-projection�{�'§·���{(Jäk���RMSÚERMS�"33.0 GHz CPU��<>M²�þ§~fMonarch (�©©EÇǑ399× 423)§Lena (�©©EÇǑ500× 500)ÚHead (�©©EÇǑ280× 280)�$��m©OǑ7.4s!8.7sÚ3.5s"
2.5 ÄuFÝÓ+k��Or�{)ÔÀúXÚéã��>Æ£=�ÝCz���«�¤äk�r�¯a5§>ÆbzÝép�ã�3Àúa�þäk���Àú�J"�´§ã�  du�Å1ÆXÚ�$ÏÈÅö�½öã�?n^�£~XPhotoshop¤�ÈÅö�
�)�
z�J"Ïd§Ǒ
Jpã��Àú�J§·�òA^TFÝÓ+k�Orã��bz

ã 2-11 �©EÇ(J£���êǑ8× 8Ú16 × 16¤"(a)(b)�þãÚ(c)��ãǑ�C����(J§(a)(b)�eãÚ(c)�mãǑ·��(J"
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2Äug,ã�FÝÓ+k��ã��©EÇ­ï�Or�{L 2-1 �©EÇ(Jþz'�Vng�� back-projection ·���{ÿÁã�
RMS ERMS RMS ERMS RMS ERMS

Monarch 16.4 26.0 13.6 21.3 13.2 20.9

Lena 8.8 11.5 8.2 10.8 7.8 10.1

Head 8.7 10.9 8.6 10.6 8.4 10.3Ý"5¿�§3ã�Or¯K¥§·�¿vk'u�
ã��pbzÝã��m�bzÝ'X�k�&E"Ïd·��U/Ïu<-Å�p½öêÆ�.���
ã�Ú8Iã��m�bzÝ�6'X"·�½ÂXeü«�ªµÄk§½ÂbzÝC�¼ê§^¼ê/ªëêz/£ãbzÝ'X§Ù¥�ëê�±ÏL<-Å�pd^r�âI��½¶Ùg§JÑbzÝ=£�{§l
¢yò�½�pbzÝã��bzÝ©Ù=£��
ã�þ§±¢y�
ã��gÄOr"
2.5.1 bzÝC�¼ê���{{{2.2µµµÄÄÄuuuFFFÝÝÝÓÓÓ+++kkk������ããã���OOOrrr���{{{ÑÑÑ\\\µµµ�
ã�IbÚëêµ"ÚÚÚ½½½1:�ObzÝOrã��FÝ|∇Isµ

• O�Ib�FÝ|§O�FÝ|�ÛÜ4���Ǒ>Æ:§?
O�ÏL>Æ:�ã�>ÆR��FÝÓ+¶
• �âFÝÓ+k�§^bzÝC�¼êéFÝÓ+?1FÝ|C�§l
�OÑbz�FÝ|∇Is"ÚÚÚ½½½2:l∇Is­ïÑpbzÝã�Is§­ï�{X12.3.2!"ÑÑÑÑÑÑ:pbzÝã�Is"Äk½ÂbzÝC�¼êF§T¼êï�
bzÝOrã��FÝÓ+bzÝ��
ã��FÝÓ+bzÝ�m�¼ê'X§½ÂǑµ
F (σ) = [1− exp(−µσ)]σ, (2-33)Ù¥§µǑ��T¼ê/G�ëê"w,§F (σ) < σ§=Or���FÝÓ+bzÝ�'�
ã��FÝÓ+bzÝ�p£σ��§bzÝ�p¤"ã2-12w«
T¼ê
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0 0.5 1 1.5 2 2.5 3 3.5 4 4.5 5
0

0.5

1

1.5

2

2.5

3

3.5

4

4.5

5

σ

F
(σ

)

µ=0.1

µ=0.2

µ=0.5

µ=1.0

ã 2-12 ØÓëêµe�ã�>ÆbzÝC�¼ê(úª(2-33))

(a) (b) (c)ã 2-13 A^bzÝC�¼ê?1ã�Or�(J£úª(2-33)¤"(a)�
ã�Ú§�FÝã"(b) Or�FÝ|(eã)Ú­ï�Orã�£þã¤§Ù¥µ = 0.5"(c)Or�FÝ|(eã)Ú­ï�Orã�£þã¤§Ù¥µ = 0.1"w,§(c)¥�Orã�'(b)¥�Orã�äk�p�bzÝ§
(b)¥�Orã�'(a)¥�Orã�äk�p�bzÝ"
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2Äug,ã�FÝÓ+k��ã��©EÇ­ï�Or�{3ØÓëêµe�/G"µ���§>ÆbzÝOr�§Ý��"3T½Âe§FÝC�Ç½ÂǑµ
rs(x, x0) =

g(d(x, x0);F (σ(x)), λ∗)

g(d(x, x0); σ(x), λ∗)
, (2-34)Ù¥§x0Úσ(x)Ǒ>Æ��:ÚÏL:x�FÝÓ+�bzÝ§λ∗�Ǒ1.6§=Ǒlg,ã�¥¤ÆS��FÝÓ+�`ëê"ÄuFÝÓ+k��ã�Or�{µeX�{2.2"

      ã 2-14 dà�ØOÚå��
ã��Or(J"�ãǑ�
ã�§mãǑOrã�§µ�Ǒ0.2"ã2-13w«
^ØÓëêµ�bzÝC�¼ê(2-33)�ã�Or(J"ã2-13(a)w«
�
ã�Ú§�FÝã¶ã2-13(b)(c)´ëê©O�Ǒµ = 0.5Úµ = 0.1��ã�Or(J"ã2-13(b)(c)�1�1Ú1�1´Or�FÝãÚ­ï�Orã�"w,§ã2-13(c)�Or(J'ã2-13(b)�Or(Jäk�p�bzÝ"ëêµ�±d^rÏL<-Å�p�ª�½§Ï~�±��Ǒ0.1Ú0.5�m��"ã2-14w«
ý¢�du�Åà�ØO¤Úå��
~f"ã2-14¥�ãw«Ñ\�
ã�§mãw«ã�Or(J§ëêµ��Ǒ0.2"
2.5.2 bzÝ=£ã�=£(Image transfer)�{´O�Åã/Æ�ã�?n¥~^���Eâ [65,

66]"Ä��{´µò�©ã�AÆ£~X�Ú!�Ý�¤�ÚO5Æ�^u8Iã�þ§��8Iã�äk��©ã��q�AÆ©Ù"Äuã�=£�Ä�g�§·�JÑ�«gÄ�ã�bzÝOr�{§=bzÝ=£�{"Ä�g´´ò�½��©ã�Is£Ï~ǑpbzÝã�¤�bzÝ©Ù=£�Ñ\�8Iã�It (Ï~ǑÑ\��
ã�)§���
ã�Itäk�pbzÝã�Is�Ó�bzÝ©Ù§?
¢yã�Or"Äk·�O��©ã�Ú8Iã��bzÝ©Ù§,�òT�©ã��bzÝ©Ù�^�8Iã�þ"b�IsÚIt �bzÝ\O��ã©OǑHsÚHt§�oéuIt¥�,�FÝÓ+£bzÝǑσ¤§3bzÝ=£���bzÝǑµ
σ′ = H−1

s (Ht(σ)), (2-35)

27



ÜS�Ï�ÆÆ¬Æ Ø©Ù¥§H−1
s ǑHs�_"ÄuFÝÓ+k��bzÝ=£�{µeX�{2.3"ã2-15w«
��ã�bzÝ=£�~f"ã2-15(a)ǑÑ\�pbzÝã�£�©ã�¤§(b)ǑÑ\��
ã�£8Iã�¤§(d)(e)Ǒü�ã��bzÝ©Ù"w,§3�©ã�¥�FÝÓ+�bzÝ�Ñ©Ù31.0�m§�´8Iã��bzÝ�Ñ©Ùu2.4�m"ù�·��Àúa�´���µ=�©ã��éu8Iã�3Àúa�þbzÝ�p�
"ã2-15(f)ǑbzÝ©Ù=£�N�'XH−1

s Ht§§ò�©ã��bzÝ©Ù=£�^�8Iã�þ"ã2-15(c)ǑbzÝ=£���Or(J"w,§ã�Or(Jäkép�bzÝ§�÷Xã�>Æäké���K�J"���{{{2.3µµµÄÄÄuuuFFFÝÝÝÓÓÓ+++kkk������bbbzzzÝÝÝ===£££���{{{ÑÑÑ\\\µµµpbzÝã�IsÚÑ\��
ã�It"ÚÚÚ½½½1:©O�IsÚIt�FÝÓ+bzÝ\O��ãHsÚHt§¿O�Hs�_H−1
s ¶ÚÚÚ½½½2: �It�FÝÓ+9ÙbzÝσ§,��ÙbzÝ=£�#�bzÝσ′§úª�(2-35);ÚÚÚ½½½3: �âFÝÓ+k�ÚbzÝ=£
��bzÝ'Xé�
ã�FÝ|?1FÝ|C�§C��{X12.3.1!¶ÚÚÚ½½½4: lFÝ|C���FÝ|­ïÑpbzÝã�§­ï�{X12.3.2!"ÑÑÑÑÑÑ:pbzÝã�Is"

G H I J K LG
GMGI
GMGK
GMGN
GMGO
GMH
GMHI
GMHK
GMHN
GMHO
GMI

P Q R S T UP
PVR
PVT
PVW
PVX
Q
QVR
QVT
QVW
QVX
R

Y Z [ \ ] ^Y
Y_YZ
Y_Y[
Y_Y\
Y_Y]
Y_Y^
Y_Y`
Y_Ya
Y_Yb
Y_Yc
Y_Z

(a) (b) (c)

(d) (e) (f)

d
e

fghã 2-15 ã�bzÝ=£"(a)�©ã�"(b)8Iã�"(c)ò�©ã��bzÝ©Ù=£�8Iã��ã�Or(J"(d) �©ã�(a)�bzÝ©Ù"(e)8Iã�(b)�bzÝ©Ù"(f) l(d)�(e)�bzÝN�'X"
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2Äug,ã�FÝÓ+k��ã��©EÇ­ï�Or�{
2.5.3 é'¢�y3·�ò�!¤JÑ�Or�{�²;�ã�Or�{?15U'�§'���{�)µUnsharp masking (UM)�{ÚshockÈÅ�{ [59–61]§§�´üa�Ä�Ú�~^�ã�Or�{"Unsharp maskingOr�{�Ä�g�´µòÑ\��
ã�\þpª�[!&E±OrÙbz§Ý§
Tpª&E´dÑ\ã��§�pdòÈã�����"Osher-Rudin�shockÈÅ�{ [60]ÚKramer�shockÈÅ�{ [59, 61, 154]́ ü«Ä��shockÈÅ�{"ü«�{�«O3uµ
ö^ã��LaplacianC��uÿã�>Æ§
�ö´^ã�������êuÿ>Æ¶ü«�{��Ó:3uµã�>ÆOr�L§þæ^_*Ñ�§Or¤uÿ��ã�>Æ§
T�§�du÷Xã�>Æ?1/�Æö�£)äÚ�¡ö�¤"ã2-16Ǒã�Or�{�'�(J"ã2-16 (a)Ǒ�
ã�§(b)(c)(d)(e)©OǑ¤J�{�Or(J!Osher-Rudin�shockÈÅ(J!Kramer�shockÈÅ(JÚUnsharp

masking�(J"éuUnsharp masking�{§pdØ°Ý�Ǒ2.0§�¤V\�pª&E�z©'ÇǑ100%"dã��§Unsharp masking�{�±é�/¡Eã��é'Ý§�´Or(J÷X�ºÝ>Æk²w�'G�K§
�>ÆbzÝØ
p"Osher-Rudin�shockÈÅ�{ÚKramer�shockÈÅ�{Ñ�±�)bzÝép�Or(J"�´§ùü«����uò¤kuÿÑ�>Æbz¤�F.�>Æ§=>ÆØ�3�ÚLÞ"~X§I¯�òþ�[!ÚÒKǑ�OrǑ�F.>Æ"�ù
(J�'§¤JÑ�ÄuFÝÓ+k��ã�Or�{U
g·A/Or�ºÝÚ�ºÝ�>ÆbzÝ§
Ø¬ò¤k>ÆþOrǑ�F.>Æ"·��(J£µ�Ǒ0.2¤äk�g,�ã�Or(J§�(J¥é�k'G½L1w�y��)"

(a) (b) (c) (d) (e)ã 2-16 ã�Or(J'�"(a)Ñ\�
ã�"(b)·��Or(J§µ =

0.2"(c) Osher-Rudin�shockÈÅOr(J"(d) Kramer�shockÈÅ(J"(e)

Unsharp masking�Or(JÙ¥§pdØ°Ý�2.0§V\pª&E�z©'ÇǑ100%"
2.6 �(�ÙJÑ
�«#���5g,ã�k�µFÝÓ+k�"A^Tk�§½Â
�«g,ã��FÝ|C�§=ÏLN�ã�FÝÓ+�/GÚbzÝëê£N��
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ÜS�Ï�ÆÆ¬Æ Ø©ªdäN�A^û½¤¢yFÝ|�C�"A^C���FÝ|�åã��©EÇ¯K¥�p©EÇã�Úã�Or¯K¥�pbzÝã�"·�3g,ã�ÚÜ¤ã�þ?1
ã��©EÇÚã�Or�¢�Úé'"¢�L²§¤JÑ�ÄuFÝÓ+k��ã��©EÇÚOr�{�±é�/bzã��>ÆÚ[!&E§Ó�é�Ú\'G½ç¸�A¶é'L²§¤JÑ�{�éu®k�Óa�{äk���ã�?n�J"
(a) (b) ã 2-17 3D(ã�þ��©EÇ¢�£���êǑµ4× 4¤"(a)�D(�$©EÇã���C���(J¶(b)¤JÑ�{���(Jµ�D(�$©EÇã�Äkdnon-local�D�{ [67]?1�D§,�ò�D�ã�d¤JÑ��©EÇ�{?1��§
D(ÏLV�5��?1��¿\��Dã���©EÇ(J¥§l
���ª��©EÇ(J"éuD(ã�§duD(�KǑ§FÝÓ+��O�U¬ØO(!Ø­è"±�©EÇ¯KǑ~§·��Xe?nµÄkéD(ã�?1�D§,�é�Dã�?1�©EÇö�§¿òþæ��D(ã�\£��Dã���©EÇ(J¥§l
���ª(J"ù��±;�D(éFÝÓ+�O�KǑ"Xã 2-17Ǒ~§�D(�$©EÇã�Äkdnon-local�D�{ [67]?1�D§,�ò�D�ã�d·���©EÇ�{?1��§
D(ÏLV�5��?1��¿\��Dã���©EÇ(J¥§l
���ª��©EÇ(J"3e�Ú�ó�¥§·�OyòTã��©EÇÚOr�{A^�Àª¥§¿ÏL�O\��{§±ÏT�{�±A^up�>À!��Å�ó��¬¥"·��'5uXÛòFÝÓ+k�A^u�õ�ã�?n¯K¥"
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3ÄuMarkov�Å|ºÝÀJ���É5*Ñ�D�{
3 ÄuMarkov�Å|ºÝÀJ���É5*Ñ�D�{

3.1 Úóã��D´O�ÅÀúÚã�?n�²;¯K§Ä���D�{�)µÄuÈÅ��D�{ÚÄuC�£
Ù´�ÅC�¤��D�{"ÄuÈÅ��D�{ÏLÈÅì�D(ã��òÈ¢y�Øã��pª&E"pdÈÅ�{´�Ä��ÈÅ�D�{§T�{^����:ål�pd¼ê��Ǒ�­���²þ��#¥%����Ú�§T�{3�ØD(�Ó�¬�
zã�>Æ"V>ÈÅ£Bilateral Filtering¤�{ [68]ÏL�Ú! �üa&EO���²þ��­?
?1ã�ÈÅ§§�Ñ
pdÈÅ�{ØUé��±ã�>Æ�":"�ÛÜ²þ£Non-local Means¤ÈÅ�{ÏLO�����:¤3ã�¬��q5�Ǒ��²þ��­§T�{äk'V>ÈÅ���ÈÅ5U",�a­���D�{´Äu*Ñ�ÈÅ�D�{§Ta�{Äu �©�§�{ÚC©�{§òã�w�Ǒ¼ê¿ïá'uã��©�Uþ¼ê§ÏL�) �©�§`zUþ¼ê§±¢yéã��ÈÅ�D"9*Ñ�§´�Ä��*Ñ�D�{§�duã��pdÈÅ"Ǒ��*Ñ�§äk�±ã�>Æ�A5§<��O
�þ���5*Ñ�§ [8, 69–71]§~X��É5*Ñ�§ [7]!�C�*Ñ�§ [5]��"ÄuC���D�{ÏLã�C�£~X�ÅC��¤òã�©)ǑØÓ��!ØÓºÝe�AÆ§¿éù
AÆ©O?1�D§,�­�Ñ�Dã�"�ÅÂ �{£Wavelet Shrinkage¤�{ [72]ÏL�ÅC�òã�©)§¿3C��¥?1K�z?n±¢y�D"�Å�pdºÝ·Ü(Gaussian Scale Mixture Model)�.ÏLé�ÅC���Xê?1pdºÝ·Ü�.ï�§¿ÏL��dín���D���ÅXê§?
­ïÑ�Dã�§T�{´8
����D�{��"ºÝ�m�{´O�ÅÀú¥2�ïÄ�A^��{"Ì�A^uã�ÈÅ[73]!>Æuÿ [74–76]!AÆJ� [77–79]±9êâ�÷ [80]"·���§*ÑºÝ�m�{´�«­��ÈÅ�D�{§dÄu �©*Ñ�§�ÈÅ�{�Ñ"§±D(ã�Ǒ*Ñ�§��©^�§ÏLS��)*Ñ�§§D(Úã�[!&Eò¬�Åì�Ø"Ù¥§*Ñ�§�S�gê�S�Ú���È�¡Ǒ�
�ÈÅºÝ"�XºÝ�ØäO\§ÈÅã��¤
ÈÅºÝ�m [73, 81]"��Ó5�*ÑºÝ�m [82]d9*Ñ�§�Ñ§§éã�&E�*ÑØäk��5§=�����*Ñ§Ý��§ÏdT�§¬�
zã�>Æ"PeronaÚMalik [7] JÑ
��É5�*Ñ�§§Ù*ÑXê´�mg·A�µéuã�>Æ«�§Ù*ÑXê��¶éuã�²w«�§Ù*ÑXê��"Rudin�< [5]�O
�C�*ÑüÑ§TüÑ4�zã���C�£ã�¤k��:�FÝ��Ú¤�Ó��å¤�Ø�D(÷v®��D(ÚO [6, 83]"�Ù'5��É5*ÑºÝ�m§§dXe*Ñ�§p�[84]:

∂I(x, t)

∂t
= div[g(|∇I|)∇I]. (3-1)
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ÜS�Ï�ÆÆ¬Æ Ø©*Ñ�§A^uã��D���'�¯K´µXÛÀJ�`ºÝ£=ÊÅºÝ¤±������D(J§ù�¯K=Ǒ*Ñ�§�ºÝÀJ¯K"T¯K�Xe/ªz£ãµ�½d*Ñ�§¤p��ºÝ�m{I(x, t)}0≤t<+∞§8�´é��`�ÊÅºÝt∗§��3TºÝe§�D�ã�I(x, t∗)��©�\D(�ã���C"�ÀJ��ÊÅºÝ�§D(vk�¿©�Ø§�´�ÀJ��ÊÅºÝ�§D(��Ø�Ó�§ã��[!&EǑ��Ø"¤±ÀJÜ·�ºÝwÍKǑ*ÑÈÅ��D�J"·�I�ÀJÜ·�ÊÅOK±²ï*ÑÈÅ��DUåÚ�±[!�Uå"Ǒ*ÑÈÅÀJÜ·�ÊÅºÝ´�é(J�¯K§®²kéõó�ïÄXÛ)ûù�¯K"DolcettaÚFerretti [85]òºÝÀJ¯Kï�ǑUþ4�z¯K§TUþÍÜ
O�E,ÝÚÊÅ�dü�¡Ï�"¢�¥§I�
[/²ïü�¡Ï�±��Ü·�ÊÅºÝ"Weickert [86]JÑ
Äu&D'£Signal to Noise Ratio§SNR¤�ºÝÀJOK±ÀJ�`ºÝt∗§3�`ºÝe�Dã�I(x, t∗)÷vµ
Var(I(x, t∗))
Var(I(x, 0))

=
1

1 + 1/SNR
, (3-2)Ù¥§SNRǑ®��D(ã�&D'"du��&D'®�§¤±TOK�±é�/ÀJ�`ÊÅºÝ"Solo [87]�O
Äu­ï�þ��gÿÝ±ÀJºÝ§�±ÏLSURE (Stein’s Unbiased Risk Estimator)�{?1O�"Mrazek [88]JÑ
Äu�'5�ºÝÀJüÑ§=ÀJºÝ��3�`ºÝe§*Ñã���Ø�D(�m��'5��µ

t∗ = argmin{t≥0}

Cov(I(x, 0)− I(x, t), I(x, t))
√

Var(I(x, 0)− I(x, t))Var(I(x, t))
. (3-3)TüÑ{ü�ØI�b�?Û�D(©Ù½öD(ã��&D'§�T�'5OK¿ØUé�/�N�D�þ"Papandreou [89]u�
Äu���y�ºÝÀJüÑ"T�{òã�«�©ǑÔö8ÚÿÁ8§�`ºÝÀJ�OKǑ��ÿÁ8þ�L1 ½öL2Ø�ÿÝ��"TüÑäké��ÚOÆSÄ:§�éJ�y¤ÀJºÝ´�`�"�C��{£Total Variation, TV¤�. [5]�^D(©Ù�å�C�*ÑL§§�ÙÂñuXe­½G�µ=�Ø�D(÷v®��D(ÚO©Ù"T�{Ǒ�±w�Ǒaqu&D'�ºÝÀJüÑ"®kó�þǑ�Ìã�ÀJÓ��ÊÅºÝ§ù���ÛºÝÀJüÑkXe¯Kµ±ã3-1Ǒ~§·�Ǒ��ã�«�!1w«�£¢�Ý/«�S¤Ú«n«�£:�Ý/«�S¤©OÀJ�`ºÝ"ºÝÀJ�OKǑ4�z*Ñã���©�\D(ã��m�þ��£Mean Square Error, MSE¤"duØ�µÿ��ë�ã�Ǒ�©��\Dã�§Ïd¤ÀºÝǑý¢��`ºÝ"ã3-1(c)w«1w«���`ºÝǑ42.2§
«n«���`ºÝǑ14.8§��u1w«��ºÝ"ù¿�Xµ3«n«�§*Ñ�§I�äk���ÊÅºÝ§±�±ã��[!&E¶3²w«�§*Ñ�§I�äk���ÊÅºÝ§±¿©�ØD("XJǑ�Ìã�ÀJÚ��ºÝ§�o�`ºÝǑ25.0§?u«n«�Ú²w«���`ºÝ�m§ù´duã�´d«n«�Ú²w«�·Ü
¤§TºÝ²ï
ã�ØÓ«��ºÝÀJ"þã*	éu·��O�«Äuã�©���mg·AºÝÀJ�."·��Ä��{´µòã�©�Ǒõ��ã�¬£ã�¬S��äk�q��ÚÚ«n¤§¿

32



3ÄuMarkov�Å|ºÝÀJ���É5*Ñ�D�{

(a) ijklmno
(b) mpno

qmprstu30v
(c) wxtyz{|}~�nã 3-1 ã�9Ùf«���`ºÝ"(a)�©ã�"(b)D(ã�§D(�IO�Ǒ30"(c)ÈÅã���©ã��m�þ���éuÈÅºÝ�Cz'X"ã(a)¥�«n«�£:�Ý/>µS«�¤!��ã�«�Ú²w«�£¢�Ý/>µ«�¤��`ºÝ£=þ�����¤éA�ºÝ¤©OǑ14.8!25.0Ú42.2"ǑØÓ�ã�¬ÀJØÓ�ºÝ§Ïd�ª�*Ñã�Ǒ5guØÓ�`ºÝe�*Ñã�¬�|Ü§=��*ÑºÝ�m�KÜ"ù���mg·AÀJüÑkXe`:µ«n«�Ú1w«��©mǑØÓ�ã�¬§¿©OÀ�ºÝ§��ÑǑ�Ìã�ÀJÓ�ºÝ¤Úå�ØÓ«�ºÝÀJ�Øþï�A¶Ùg§Äu©��ã�L��±�Ï·��O���D(�O�."�Ä��ã�¬�m�ºÝ��5§·��JÑÄuMarkov�Å|(Markov Ran-

dom Field, MRF)1w5k��ºÝÀJ�."Ù�§MRF�.´�«Äuã�VÇï��{§�y²�½�Å|ǑMRF�du§÷vGibbs©Ù"C
5§T�.�2�A^uãIP£graph labeling¤¯K±)ûã�©� [30, 90–92]!êi��Û£digital

photomontage¤ [93]!áNÀú [94]!«nÜ¤ [95]�O�ÅÀú¯K"|^Tµe§·��±g,/ò��ºÝ¬�m�ºÝ��5Ú\��.¥§=ºÝÀJ�.��ué�q����ã�¬ÀJ�Ó�ºÝ§Ó�#NǑØ�q����ã�¬ÀJØÓ�ºÝ"�± �ºÝÀJüÑ�'§¤JÑ�MRFºÝÀJ�.wÍJp
��É5*Ñ�§^uã��D�5U"(ÜMRFºÝÀJüÑ§·�JÑ#�Äu��É5*ÑÈÅ��D�{§Ù6§Xã3-2¤«"Äk§^��É5*Ñ�§éã�?1ÅÚ/*Ñ±��*ÑºÝ�m§¿é��ºÝTe��Dã�?1L©�£=©�Ǒ�ã�¬8Ü¤§z�ã�¬äk�C��m�IÚ�Ú�",�^Äuã�¬�D(�O�{�OD(©Ù§?
^MRFºÝÀJ�.éã�?1ºÝÀJ"�ªÑÑ��D(JǑ��ºÝ�m�KÜµ=Ù¥�z�ã�¬þ5guÙ�`ºÝe�*Ñã�¥��Aã�¬"A^ug,ã��D�¢�(Jw«µ��É5*Ñ�§(ÜMRFºÝÀJüÑ§�±��/�±ã�«n§Ó�D(�±�¿©�Ø"±¸�&D'£Peak Signal to Noise

Ratio§PSNR¤ǑÿÝ§�{�±�8
����D�{�'$���"
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¥¦ã 3-2 �{6§"ÄkòD(ã�?1*Ñ±)¤*ÑºÝ�m§¿òºÝTe�*Ñã�?1©�§,�^Äu©��D(�O�.?1D(�O"A^T�O§^MRFºÝÀJ�.?1�mg·A�ºÝÀJ§�ªÑÑ��Dã�Ǒ��ºÝ�m�KÜ§=z�ã�¬5guÙ�`ºÝe�*Ñã�¥��Aã�¬"·�±eò^S0��{6§¥���|¤Ü©"13.2!Vã��É5*Ñ�§�Ä��£Ú��É5*ÑºÝ�m��E�{¶13.3!Äk�Ñã�L©��{§,�0�z�©�¬�ºÝÀJ�{§��0�MRFºÝÀJ�.¶13.4!JÑÄu©�¬�D(�O�{¶13.5!Jø�Ù��ºÝÀJ�.�'�(J¶13.4!o(Tó�"
3.2 ��É5*ÑºÝ�m��É5*Ñ�§�±w�Ǒ4�zXeUþ�¼�FÝeü6µ

E(I) = ρ(|∇I|2). (3-4)ÙFÝeü6�±dXe� �©�§��µ
∂I(x, t)

∂t
= div[ρ′(|∇I|2)∇I]. (3-5)�g(|∇I|) = ρ′(|∇I|2)�§§��§(3-1)����§=Ǒ��É5*Ñ�§"±Ñ\�D(ã�ǑÙ�©^�§��^��>.^�"g(·)ÀJǑ4~¼ê§�÷vµ�r → +∞�§g(r) → 0"
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3ÄuMarkov�Å|ºÝÀJ���É5*Ñ�D�{�XºÝt�O\§*Ñ�§¢y
éã��õºÝ©Û"�éuºÝt�*Ñã�8Ü{I(x, t)}0≤t<∞�¤
��ºÝ�m§¡Ǒ������ÉÉÉ555***ÑÑÑºººÝÝÝ���mmm§Ù'uºÝ�4�*Ñã�Ǒ~�ã�½ö©¡1wã�[96, 97]"��É5*Ñ�§�ê�¢y´Xe�S�L§µ
Im+1(i, j) = Im(i, j) + τ [g(|∇Im(i+ 1/2, j)|)× (Im(i+ 1, j)− Im(i, j))

+ g(|∇Im(i− 1/2, j)|)× (Im(i− 1, j)− Im(i, j))

+ g(|∇Im(i, j + 1/2)|)× (Im(i, j + 1)− Im(i, j))

+ g(|∇Im(i, j − 1/2)|)× (Im(i, j − 1)− Im(i, j))]. (3-6)Ïd§*Ñã�Im�ºÝǑt = m× τ§�{¥Ï~�τ = 0.15"Øä*ÑÑ\D(ã���ºÝTǑ�§��3TºÝe*Ñã�L1w(Xã3-3(a)Ǒ~)"�oºÝT�
�*Ñã��¤
����É5*ÑºÝ�m"ºÝT�ÀJIO´µ¤3ºÝe�Ø�D(IO�Ǒ®�½�O�D(IO��1.1�"3d§·�^�Å�D(�O�.[72]?1D(IO��O§
313.4!¥òJÑ�«�Ǒ°(�D(�O�.^uºÝÀJ"?�Ú§�må/lÑæ�ºÝ«m[0, T ]���N�*Ñã�§Ù¥ºÝm�Ǒ△t = T/N"?
�E���mÚ�mþǑlÑ�*ÑºÝ�mµ
S = {I(x, t)}t=△t,2△t,...,N△t, (3-7)·�ò±dǑÄ:?1*ÑºÝ�m�ºÝÀJ"

3.3 ºÝÀJ�.��!òJÑÄu©��ºÝÀJ�."ÙÄ��{´µÄk§òã�L©�§=©�Ǒ�ã�¬8Ü§��ã�¬S��äk�q��m �Ú�Ú�¶,�Ǒz�ã�¬�OºÝÀJOK¶�ª3ã�¬¤�¤�ã(�þïáMarkov�Å|£MRF¤ºÝÀJ�.§¿^tree-reweighted�ED4£message passing¤�{?1�.`z"
3.3.1 ã�L©�duD(�KǑ§��éÑ\�D(ã�?1©�¿Ø­è§Ïd·�éºÝTe�*Ñã�?1ã�©�§±�ØD(é©��KǑ"ã���:^5�AÆ£r!g!b�ÚÏ�Úx!y  ��I¤?1L�§,�^k-means�{éã�?1àa§z�a=Ǒ��©�¬[98, 99]"Ǒ
�©zk-means�{§·�òã��©©�Ǒ��Ǒ16× 16�Ý/ã�¬8Ü§,�S�/�#àa(J��Âñ"ã3-3(b)w«
��ã�©��~f"Pã�«�ǑΩR§z��ã�¬ǑSi§i = 1, ..., K§KǑ©�¬oê"w,§ΩR = ∪iSi"�½Äu©��ã�L�§·�òu���ÄuMRF�ºÝÀJ�."
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§¨© ª«¬­ §®© ¯§°©±²³´µ¶·¸¹º

§»¼½ ¾ ¿ÀÁÂÂÀÂ©

§Ã© ¯§Ä©±²³´µ¶·¸¹º

§»¼½ ¾ ÅÆÁÀÇÇÈ©

§É© ¯§Ê©±²³´µ¶·¸¹º

§»¼½ ¾ ÅÂÁËÂÀÌ©

§Í© ´µÎÏ¶ÐÑª« §°© ÒÓ´µÔÕ¶Ö×´µ §Ä© ØÙ¬­Ú¶´µÔÕ¶Ö×´µ §Ê© ØÙ¬­Ú¶»ÛÜ´µÔÕ¶

Ö×´µ

ã 3-3 �ÛºÝÀJüÑÚÄu©��ºÝÀJüÑé'£¤\D(IO�Ǒ35§MSEǑþ�Ø�¤"
3.3.2 ã�¬ºÝÀJüÑy3�ÄXÛǑz�ã�¬ÀJºÝ"duã�¬Ǒ'u���ÚÚ �AÆ�àa¬§Ïdz�¬¥���äk�q��Ú�§¤±·��±Ün/b�z�ã�¬¥��Ú´÷vpd©Ù�"�ÙïÄ÷vpd©Ù�\5D(§Ïdã�D(�.Ǒµ
In = I∗ + n, (3-8)Ù¥§I∗ Ǒ�©��\Dã�§InǑD(ã�§nǑ\5�pdD("3z�ã�©�¬Si¥§PIn���Úþ�©OǑΣÚµ§D(n���ǑΣn£�!¥b�®�¤§I∗���Úþ�ǑΣsÚµs"Äuù��ã�D(�.(Xúª(3-8))§·��O�Ñµ
Σ = Σs + Σn, (3-9)

µs = µ. (3-10)Ǒ
?1ºÝÀJ§·�ÄkATé�½ºÝe�*Ñã���D5U?1Ý
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3ÄuMarkov�Å|ºÝÀJ���É5*Ñ�D�{þ"Ǒd·�Äk©ÛºÝt��*Ñã���©�\Dã��m�Ø�ÿÝµ
Err(I∗(x), I(x, t)) = E{(I∗(x)− I(x, t))2}, (3-11)Ù¥§E(·)ǑÏ""ºÝÀJ�8I=Ǒ4�zTØ�ÿÝ"�´�©�\Dã�´���§¤±·�©Û*Ñã�I(x, t)ÚD(ã�In(x)�m�Ø�ÿÝ¶
E{(I(x, t)− In(x)))

2} = E{(I(x, t)− I∗(x) + I∗(x)− In(x))
2}

= E{(I(x, t)− I∗(x))2}+ E{(I∗(x)− In(x))
2}

+2E{(I(x, t)− I∗(x), I∗(x)− In(x))}. (3-12)3 �/��©Û¥§I∗(x)�b½Ǒ~ê§Ïdþª�Æ���Ǒ0"�dØÓ§·�b�I∗(x)3z�©�¬¥þǑpd©Ù��ÅCþ"ÏdǑ4�E{(I(x, t) −

I∗(x))2}§=F"µ
[E{(I∗(x)− In(x))

2} − E{(I(x, t)− In(x))
2}]

+2E{(I(x, t)− I∗(x), I∗(x)− In(x))} = 0. (3-13)·�Ï"úª(3-13)¥�ü�þǑ0µ
E{(In(x)− I∗(x))2} − E{(In(x)− I(x, t))2} = 0, (3-14)

E{(I(x, t)− I∗(x), I∗(x)− In(x))} = 0, (3-15)Ù¥§E{(In(x) − I∗(x))2} = Σn"��Ø�D(In(x) − I(x, t)©Ù÷v®��D(©Ù£=N(0,Σn)¤�§1���u0"
�I(x, t) = I∗(x)�§1���u0"�duI∗(x)��§I(x, t) = I∗(x)´�{¢y�§Ïd·���I(x, t)�I∗�©Ù´���"·�òþãü«���Ǒ©�¬�ºÝÀJOK§=��3¤À�`ºÝeµOOOKKK1µ�Ø�D(In(x)− I(x, t)©Ù÷v®��D(©Ù£=N(0,Σn)¤¶OOOKKK2µ*Ñã�¬��Ú©Ù��©�\D(ã�¬�Ú©Ù��"V)å5`§·�Ǒz��ã�¬ÀJºÝ�OKǑµ
In(x)− I(x, t) ∼ N(0,Σn), (3-16)

I(x, t) ∼ N(µs,Σs), (3-17)Ù¥§µs = µ�Σs = Σ − Σn"·�^Kullback - Leibler (K-L)ålÿÝ�O�©ÙÚ8I©Ù�ål"±1��OKǑ~µ�Oã�¬Si¥��ÚÚ�ØD(�pd©ÙëêǑµ
µ̂s =

1

|Si|

∑

x∈Si

I(x, t),

Σ̂s =
1

|Si|

∑

x∈Si

(I(x, t)− µ̂s)(I(x, t)− µ̂s)
T ,Ù¥§| · |Ǒ���ê"�o§3ºÝt�§*Ñã���Ú©Ù�ý¢��Ú©Ù�m�m�K-LålǑµ

KL s(ti;Si) =
∑

x∈Si

[G(I(x, t); µ̂s, Σ̂s) log2

G(I(x, t); µ̂s, Σ̂s)

G(I(x, t);µs,Σs)
], (3-18)
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ÜS�Ï�ÆÆ¬Æ Ø©Ù¥§G(·)Ǒpd©Ù�VÇ�Ý¼ê"�q/§·��±ǑOK�½Â�A�ålÿÝKL r(ti;Si)"òü�OK¤éA�ålÿÝKÜ3�å§=��Ǒã�¬SiÀJºÝti��dǑ:

Di(ti;Si) =
1

2

KL s(ti;Si)
∑

t′ KL s(t′;Si)
+

1

2

KL r(ti;Si)
∑

t′ KL r(t′;Si)
. (3-19)Ïd§ã�¬Si��`ºÝA4�zDi(ti;Si)§=

t∗i = argminti{Di(ti;Si)}. (3-20)^þãúªǑz�ã�¬ÀJ�`ºÝ§�ª��D(JǑ¤k5gÙ�`ºÝe�*Ñã�¬�KÜ(J"ã3-3(e)Ú(f)ǑA^TºÝÀJ�.ÀJ�ºÝ(JÚ�A��D(J"ã3-

3(c)Ú(d)w«
�ÛÀJÓ���`ºÝ£=Ǒ�Ìã�ÀJÓ���`ºÝ§��TºÝe*Ñã���©�\Dã���C¤�ºÝÀJ(J"��ÛÀJÓ�ºÝ�(J�'§·��(J��©ã���O��£±þ��ÿÝ¤"·�uy§éz�ã�¬Õá�ÀJºÝ¬�)ºÝ�Ø��5§=����q�ã�¬�ºÝk���O§Xã3-3(e)¤«§3�Ó«nSÜ§���ã�¬¤ÀJ�ºÝ�O��§¬��¤����ª�D(J3Àúa�þØg,"ºÝØ��5�)��Ï3uµéã�¬?1ºÝÀJ�IO´ÿÝ�ØD(½ö*Ñã��Ú�©Ù�8I©Ù�m��q5§
��ã�¬S  �kA�½öAz���:§lÚO¿Âþ`§k�����{�OÑý¢�©Ù§Ïd¬ÚåºÝÀJ�ØO("
3.3.3 Markov�Å|ºÝÀJ�.Ǒ
�ÑÕáǑã�¬ÀJºÝ¤�5�ºÝØ��5§·�JÑXe�1w5k�µ����q�ã�¬Aäk�C�ºÝ§�#N���Ø�q�ã�¬äkØÓ�ºÝ"Ïd§3ã�Ó�«n«�SÜ§ã�äk���ºÝ§
3ØÓ«n«�äkØÓ�ºÝ§l
�·��Àúa����"·�ò^Markov�Å| [100, 101]�.éºÝÀJ?11w5�å"3Tµee§��ã�¬�m�ºÝ��5�ï�¿K\¤ïá�MRFUþ�.¥"MRF�Å|ºÝÀJ�.ïáuãG = (V, E)þ§Ù¥V = {v1, v2, ..., vK} Ǒ�X��ã(:§�Ùb½z�ã�¬½ÂǑ��ã(:"Ïd§z�ã(:vi�L��ã�¬Si§�ã(:�oêǑã�¬�oêK"�Ù'5ÅéMarkov�ä£Pairwise

Markov Network¤§ÏdE Ǒ�X���ã�é�m���'X"TMarkovã(�Xã3-4"òz�ã�¬Si£=ã(:¤'é���ÅCþXi§¤k�ÅCþX =

{X1, X2, ..., XK}�¤
���Å|"z��ÅCþXi�ºÝ�m¥*Ñã��ºÝeI8Ü{1, ..., N}¥�,���ti"ºÝIP8Üt = {t1, t2, ..., tK}Ǒ�Å|X���*ÿ§3�½ã�I�
Je§Ù��VÇ©Ù½ÂǑµ
Pr(X = t|I) ∝ P(I|X = t)P(t)

38



3ÄuMarkov�Å|ºÝÀJ���É5*Ñ�D�{

ã 3-4 Äuã�¬�MRFã(�"ã(:Ǒã�©�¬§ã�>Ǒ��ã�¬�m���'X"3ºÝÀJ�.¥§Ǒz�ã�¬=ã(:ÀJºÝ�m¥�,�ºÝ"
∝

∏

i∈V

exp(−Di(ti;Si))
∏

(i,j)∈E

exp(−λVi,j(ti, tj ;Si, Sj)). (3-21)Ù¥1��Ǒã�¬ºÝÀJ�q,�§1��ǑºÝ1w5k��"·�òã�ºÝÀJ¯Kï�Ǒ4�zT��VÇ©Ù§ù�du4�zÙKéê§=Xe�Uþ¼êµ
E(t) =

∑

i∈V

Di(ti;Si) + λ
∑

(i,j)∈E

Vi,j(ti, tj;Si, Sj). (3-22)Uþ¼ê1��½ÂǑúª(3-19)§T�Ýþ
òã�¬SiD�ºÝti��d"1��Ǒ��ã�¬�m�ºÝ1w5ÿÝ§T�Ýþ
���ã�¬£SiÚSj¤�ºÝ£tiÚtj¤��5"éu���ã�¬SiÚSj§·�½ÂÙºÝ1w5¼êǑµ
Vi,j(ti, tj ;Si, Sj) = [1− δ(ti, tj)] exp(−

|µ(Si)− µ(Sj)|2

2 < (µ(Si)− µ(Sj)) >2
), (3-23)Ù¥§

δ(ti, tj) =

{

1 if ti = tj

0 ÄK . (3-24)

µ(Si)Ǒã�¬Si�²þ�Ú½ö�Ý�§�< · >ǑÏ""T½Â�¿ÂǑµéü�����q�ã�¬SiÚSj§�å§��ºÝäkr�q5¶éü�����q�ã
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ÜS�Ï�ÆÆ¬Æ Ø©�¬SiÚSj§#N§��ºÝäkf�q5"úª(3-23)¥��ê�½ÂÿÝ
ã�¬�m��q5"aq�1w5½ÂǑ�2�A^uã�©��¯K[30, 90–92]"ù�§·�¤JÑ�MRFºÝÀJ�.��ª½ÂǑµ
E(t) =

∑

i

[
1

2

KL s(ti;Si)
∑

t′ KL s(t′;Si)
+

1

2

KL r(ti;Si)
∑

t′ KL r(t′;Si)
] (3-25)

+ λ
∑

j∈N(i)

[(1− δ(ti, tj)) exp(−
|µ(Si)− µ(Sj)|2

< (µ(Si)− µ(Sj)) >2
)].ÏL3¼ê�m{t = {t1, ..., tk, ..., tK}; ∀k, tk ∈ {1, ..., N}}¥4�zTUþ¼ê§ã�¬Si��`ºÝǑti ×∆t"�o3�ª��D(J¥§ã�¬Si�SN5
uºÝ�m¥Ù�`ºÝe�ÈÅã���Aã�¬"Uþ¼ê (3-25)ǑMRFnØµe¥;.�ãIP¯K£graph-labeling¤§Ta¯K��Ǒ´NP-J�"C
5§<�JÑ
ã��{£graph cut¤ [102, 103]!k��&D4�{£loopy belief propagation) [104, 105]Útree-reweighted&ED4£message

passing¤�{ [106, 107]�§ù
�{Ñ�±k�!¯�/�)T`z¯K"¢�y²§ã��{Útree-reweighted&ED4�{þ�¼�p°Ý�`z(J[108]"�Ù¥§·��^tree-reweighted&ED4�{`zUþ¼ê(3-25)"T�{�ïÄå
uWainwright�< [106]éMRFUþ¼ê�ïÄ§����
MRFUþ¼ê�e.§¿ÏLtree-reweighted max-product&ED4�{4�zTe.l
`zUþ¼ê"T�{ÏL�X��&ED4fL§±uyäk�Ó�`��ä(�©Ù�8Ü"Kolmogorov [107]U?Úu�
T�{§3zÚS�¥�ye.Ñ¬O\"·��^TU?�tree-reweighted&ED4�{1?1�.`z"ã3-3(g)Ú(h)w«
^MRF�Å|ºÝÀJ�.?1ºÝÀJ�(J"du�Ä
��ã�¬�ºÝ��5§·���
�\Ün�ºÝÀJ(J"§3ã�«n��«�äk�q�ºÝ§¿�31w«�äk���ºÝ§
3«nr�«�äk���ºÝ"ÏǑ�å
ºÝ��5§�©�¬�>Æ�ã�>Æé�/éà§Ïd�ª��D(Jég,§é�Ú\�K"�ª��D(J�éu�©�\Dã��þ��Ǒ?�Úü$"
3.4 Äu©�¬�D(�O�.aquÄu&D'�ºÝÀJ�{§Äu©�¬�MRFºÝÀJ�{Ǒb�D(���´®��"�3¢SA^¥§·�¿Ø��D(�©Ù"u´§��(¥·�JÑ�Å�¥�Äuã�©�¬�D(�O�{"Äk4·�£�®k�D(�O�{µ�
û^^�£~XNeatImage¤ÏL3ã�¥À��¬1w�«�§,�òT«��D(���Ǒ��ã��D(��¶Donoho [72]JÑ
�«�Å��D(�O�{§^�Å©)Xê£HHªã¤�¥�ýé��£Median Absolute Deviation§MAD¤�OD(©Ù§T�{´ã�D(�O��«~^�{"Stefano [109]JÑ
�«ÄuÔö��Å�D(�O�.§w,D(�O�°Ý�6uÔö8Ü�ÀJ¶Liu�< [99]JÑ
�«Äu©��D(�O

1http://www.adastral.ucl.ac.uk/∼vladkolm/papers/TRW-S.html
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3ÄuMarkov�Å|ºÝÀJ���É5*Ñ�D�{�.§�T�.ý­u?n�ÅCCDD(§=�ã��Ý�'�D("��!§·�òu��«{ü�k��D(�O�.§¢y3�Å�¥�O\5D(�IO�"Äk0�ÄuMAD�D(�O�{"T�{^ã�3�Å©)�¥�HHf�¥��ÅXê?1D(�O§ù´ÏǑTf�¥��ÅXêǑã��pª&E§ÏdD(�Ñ��N3Tf���ÅXê¥§
�©ã�&E3Tf�¥�N��é��"�oD(�IO��OúªǑµ
σ = MAD(W )/0.6745, (3-26)Ù¥§WǑHHf�¥��ÅXê"T�{�f:´��uLp�OD(�IO�§ù´ÏǑµg,ã��pª&E��Ǒ¬3HHf�¥�5�"��ÅXê"AO/§�D(���éuã�pª&E�����õ��ÿ§D(¬�î­�Lp�O"

MADD(�O�{�U�5D(L�O�":�±^Äuã�¬�ã�L�5)û"·���§g,ã���ÅXê�>S©Ù£=��ã¤÷v�pd�­�©Ù
[14, 18, 110]"TDÕ5k�¿�X�þ��ÅXê�Ǒ0§
�0��Ó�Ü©"Ïd·��±òg,ã��pªÜ©�K§
�^$ª«���ÅXê?1D(�O§l
���°(�D(�O(J"TD(�O��{�±ÏLXe�Ú½¢yµÄk^MADD(�O�{éz�ã�©�¬?1D(���O§ò�����uã�¬�²þ���ã�¬�Ø§,�ò�{�ã�¬�²þD(���Ǒã��D(��"Øä/S�þãL§§��Âñ½ö��ý����S�ê£¢y¥��Ǒ10¤"Äuã�¬��Å�D(�O�{�V)Ǒ�{3.1"���{{{3.1µµµÄÄÄuuu©©©���¬¬¬���DDD(((���OOO���{{{ÑÑÑ\\\µµµD(ã�InÚ§�©�¬8Ü{Si}, i = 1, 2, ..., K"ÚÚÚ½½½1:òã�^Daubechies�Å?1�ÅC�§PÙHHf���ÅXêǑW¶ÚÚÚ½½½2: ^úª(3-26)Ǒz�ã�¬Si�OD(��σ2

i",�O�¤kã�¬D(��£=µ{σ2
1, σ

2
2, ..., σ

2
K}¤�²þ�µ2

σÚIO�τσ"�©zσ = µσ§�l = 1§L = 10;ÚÚÚ½½½3:S���Âñ½����ÚêL:ÚÚÚ½½½3.a: �σold = σ§òD(��σ2
i÷v|σ2

i − µ2
σ| > 2τσ�ã�¬�Ø§,�3�{¬þ­#�Oµ2

σÚτσ"ÚÚÚ½½½3.b:�σ = µσ§l = l + 1.ÑÑÑÑÑÑ:ÑÑ�O�D(��σ2"
3.5 ¢���!§·�ò^g,ã�ÿÁÄu©��MRFºÝÀJ�."ÿÁã�5
u
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ÜS�Ï�ÆÆ¬Æ Ø©�D�IOÿÁã�8Ü1ÚBerkeley©�êâ¥2"Berkeley©�êâ¥´d<?1©�IP�g,çÚã�¤|¤"C
5§duù
ã�´L��ÚÚ«n§Ǒ�2�A^uã��D [17, 35, 99]ÚW¿[17]"ã3-5�Ñ
·�¤æ^�ÿÁã�"·�ò'�MRFºÝÀJ�.�®kºÝÀJüÑ�ºÝÀJ5U§Ó��ò'�(ÜMRFºÝÀJüÑ���É5*Ñ�D��
61��D�{�5U"éuçÚã�§b�R!G!BÏ���´Õá�§�oΣsÚΣnǑ3-éÆÝ
"
3.5.1 D(�O'�

(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k) (l)ã 3-5 ÿÁã�Äkµ�Äu©�¬�D(�O�{"ǑÿÝD(�O�°(Ý§·�½Â�O�D(IO��ý¢�D(IO��m��É§�É^²þýé��£Mean Absolute

Deviation§MAD¤?1Ýþ"�¤\�ý¢D(IO�Ǒσ0�§ÿÁ8þ�O�D(IO��MADØ�ÿÝ½ÂǑµ
MAD(σ0) =

∑12
i=1 |σi − σ0|

12
, (3-27)Ù¥§σiǑÿÁã�8¥1i�ã��O�D(IO�"·�'�Äu©�¬�D(�O�{£PǑWav seg¤Ú²;��Å�MADD(�O�{(PǑWav)�5U"L3-1�Ñ
3\ØÓD(Y²�£IO�l5�50¤�D

1http://decsai.ugr.es/∼javier/denoise/index.html
2http://www.eecs.berkeley.edu/ Research/Projects/CS/vision/grouping/segbench/
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3ÄuMarkov�Å|ºÝÀJ���É5*Ñ�D�{(�OMADØ�ÿÝ�§ã3-6ǑD(�OØ�ã"dL3-1Úã3-6��§�D(IO�O\�§Äu©�¬�D(�O�{Wav seg�éuWav�{�\°("Ïd§¤JÑ�{wÍ/ü$
D(�O�Ø�§
Ù´�\�D(IO�'����ÿ"L 3-1 D(�O'�£�OØ�±MAD�ÿÝ¤D(IO��{
5 10 15 20 25 30 35 40 50

Wav 1.3536 1.0447 0.8296 0.6721 0.5504 0.4501 0.3730 0.31130.2303

Wav seg 0.8210 0.6500 0.5480 0.4476 0.3595 0.2835 0.2246 0.2140 0.2198

Ý Þß ÞÝ àß àÝ áß áÝ âß âÝ Ýß
ßãà

ßãâ

ßãä

ßãå

Þ

Þãà

Þãâ

Þãä

æçèéê

ë
ì
í
î
ï
ð

ñòó
ñòóôõö÷

ã 3-6 Äu©�¬�D(�O�.(Wav seg)�MADD(�O�.(Wav)�5U'�ã"X-�IǑD(IO�§Y-�IǑD(�OØ�£�OØ�±MAD�ÿÝ¤"y3�¯K´µ^TÄu©�¬�D(�O�.�OD(©Ù�IO�éMRFºÝÀJ�.�5UKǑ�¹XÛº·�ò3e�!¥�Ñ�Y"
3.5.2 ºÝÀJ'�3��!¥§·�ò'�MRFºÝÀJ�.�± ��ÛºÝÀJüÑ�5U"Ì�'�ü«;.��ÛºÝÀJüÑµÄu&D'�ºÝÀJ�{£PǑSNR¤ÚÄu�'5�ºÝÀJ�{£Corr¤"·��ò'��ÛÀJºÝ��n��¹£PǑOpt¤§=ÀJ*Ñã���©�\Dã���C�ºÝ"w,§T�¹Ǒ�ÛºÝÀJ�4��¹§ÏǑ¢S¥�©�\D�ã�´���§Ïd¤k��ÛºÝÀJüÑ�ºÝÀJ5U�U%CTn��¹§
Ø�U`uTn��¹"Ǒÿ
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ÜS�Ï�ÆÆ¬Æ Ø©Á¤JÑ�ºÝÀJ�{§·�ò¢�Äuý¢D(���MRFºÝÀJ�.£PǑMRF1¤�5UÚÄu�O�D(��£D(�OX13.4!¤�MRFºÝÀJ�.£PǑMRF2¤�5U"¢�¥§æ^��É5*Ñ�§¤2��^�ü«;.*Ñ�g(·)�½Â�ª
[7, 89],a.1: g(|∇I|) =

1
√

|∇I|2 + ε
, (3-28)a.2: g(|∇I|) =

1

1 + |∇I|2/Q2
. (3-29)��ε = 0.01§��1�a.*Ñ��©1��0"1�a.*Ñ��ëêQ��X[7]"�kùü«*Ñ����É5*Ñ�§�du4�zUþ¼ê(3-4)§Ù¥

ρ(|∇I|2) = |∇I|, (3-30)

ρ(|∇I|2) = log(1 +
|∇I|2

Q2
). (3-31)±Xe�ªµdºÝÀJüÑ�`�µ�½ºÝÀJüÑe§^��É5*ÑÈÅ3¤ÀJ��`ºÝe��Dã���©�\Dã��m�þ��(MSE)ÿÝºÝÀJ5U§Ù½ÂǑµ

MSE(I) =
1

|Ω|

∑

p∈Ω

(I(p)− I∗(p))2, (3-32)Ù¥§IǑ�Dã�§I∗Ǒ�©�\D(ã�§pǑã��Ω¥�����:"MSEÿÝ�$§¿�XºÝÀJ�5U�p"·��½Âþ��'R5ÿÝ�½ºÝÀJ�{��ÛºÝÀJ�n��¹�5U'§R½ÂǑµ
R =

MSEden
MSEopt

, (3-33)Ù¥§MSEdenǑ^�½ºÝÀJüÑ?1ºÝÀJ��Dþ��"MSEoptǑ�ÛºÝÀJüÑn��¹e��Dþ��"R < 1¿�XTºÝÀJüÑ5U`u�ÛºÝÀJüÑ�n��¹"w,§éu¤k��ÛºÝÀJüÑ§ÙR≥ 1"L3-2Ú3-3w«
�XD(Y²£=D(IO�¤�O\§ØÓºÝÀJüÑ��Dã��²þþ��"3z�D(Y²e§²þþ��½ÂǑÿÁã���Dþ���²þ�"L3-2Ú3-3�Ñ
��É5*Ñ�Ǒü«a.��²þþ���"3z�L¥§·�'�
5«ØÓ�ºÝÀJüÑ�5U§�)µSNR!Corr!Opt!MRF1ÚMRF2£�{`²�þ©¤"ã3-7Ǒ²þþ���ã"ã3-7��ãÚmã©OǑ1�a.Ú1�a.*Ñ����É5*ÑÈÅ�ºÝÀJ5U'�"L3-2!3-3Úã3-7w«µÄk§SNRÚCorrºÝÀJüÑ�²þþ��pu�ÛºÝÀJüÑ�n��¹�þ��¶Ùg§MRFºÝÀJ�.(MRF1ÚMRF2)�SNRÚCorr�ºÝÀJüÑ�'äk���²þþ��¶1n§MRF1ÚMRF25UþÑ`u�ÛºÝÀJ�n��¹"L3-4Ú3-5w«
3ØÓD(Y²e§©Oäk1�a*Ñ�Ú1�a*Ñ����É5*ÑÈÅ��D(J�þ��'"·�¢�Ú'�
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3ÄuMarkov�Å|ºÝÀJ���É5*Ñ�D�{L 3-2 éu1�a.*Ñ��ºÝÀJ²þþ��D(IO��{
5 10 15 20 25 30 35 40 50

SNR 16.258 44.144 73.950 103.556 131.045 157.090 182.585 206.726 250.402

Corr 55.094 64.255 79.535 124.524 139.796 154.457 168.390 181.588 220.706

Opt 12.412 32.656 53.715 73.988 93.084 110.977 127.791 143.627 172.796

MRF1 12.612 31.131 50.004 68.577 86.741 103.945 120.833 137.108 169.261

MRF2 13.396 31.719 50.504 68.741 86.369 103.627 112.421 137.394 169.930L 3-3 éu1�a.*Ñ��ºÝÀJ²þþ��D(IO��{
5 10 15 20 25 30 35 40 50

SNR 13.999 37.491 70.640 106.106 137.615 172.433 208.219 244.051 317.195

Corr 16.457 42.785 71.849 117.948 141.083 166.934 187.550 201.046 293.102

Opt 12.323 34.521 59.715 87.827 111.811 137.992 164.459 191.419 245.767

MRF1 11.909 32.511 54.834 78.844 98.945 120.530 141.695 162.591206.032

MRF2 12.138 32.653 54.842 76.836 98.403 119.639 140.629 161.689 208.264
SNR§Corr§MRF1ÚMRF2ºÝÀJüÑ�ºÝÀJ5U"z�L������Ñ
ù
ºÝÀJüÑ3ØÓD(Y²e�²þþ��'"ã3-8��ãÚmãw«
äka.�Úa.�*Ñ����É5*ÑÈÅ(J�þ��'"lL3-4Ú3-5�*	�§éu1�a*Ñ�§SNR�{ÚCorr�{�²þþ��'Ǒ1.452Ú1.724¶éu1�a*Ñ�§SNR�{ÚCorr�{�²þþ��'Ǒ1.256Ú1.191"ù
�þ�u1§ù´ÏǑùü«�{þǑ�ÛºÝÀJüÑ§7½¬'�ÛÀJüÑ��n��¹��"�´§MRF1ÚMRF2ü«ºÝÀJ�{�²þþ��'þ�u1"ù¿�X·��MRFºÝÀJüÑ(MRF1ÚMRF2)3²þ5UþÑ¬���u�ÛºÝÀJüÑ��n��¹"·��uy§MRF2�{£=^Äu©�¬�D(�O�{�O�D(���ǑÑ\�MRFºÝÀJ�{¤�5U�MRF1�{£=^ý¢�D(���ǑÑ\�MRFºÝÀJ�{¤é�C"XL3-4Ú3-5¤«§éu1�a*Ñ����É5*ÑÈÅ§MRF1ÚMRF2ºÝÀJ��D(J�²þþ��'Ǒ0.954Ú0.958¶
éu1�a*Ñ����É5*ÑÈÅ§MRF1ÚMRF2ºÝÀJ��D(J�²þþ��
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ã 3-7 A^ØÓa.�ºÝÀJ�.§��É5*Ñ�§�D(J�²þMSEØ�"�ãÚmã©OǑ*Ñ��Ǒ1�a.*Ñ�Ú1�a.*Ñ��(J"L 3-4 äk1�a*Ñ����É5ÈÅ��D(J²þþ��'D(Y²ºÝÀJ�{
5 10 15 20 25 30 35 40 50

²þ
SNR 1.366 1.421 1.441 1.466 1.466 1.469 1.476 1.482 1.483 1.452

Corr 3.979 1.793 1.391 1.669 1.486 1.375 1.300 1.246 1.276 1.724

MRF1 1.002 0.945 0.928 0.926 0.933 0.941 0.952 0.962 0.994 0.954

MRF2 1.053 0.959 0.935 0.930 0.933 0.940 0.900 0.972 1.003 0.958L 3-5 äk1�a*Ñ����É5ÈÅ��D(J²þþ��'D(Y²ºÝÀJ�{
5 10 15 20 25 30 35 40 50

²þ
SNR 1.166 1.103 1.233 1.259 1.281 1.298 1.312 1.318 1.330 1.256

Corr 1.270 1.196 1.169 1.333 1.238 1.183 1.120 1.043 1.171 1.191

MRF1 0.967 0.945 0.919 0.898 0.882 0.871 0.860 0.846 0.837 0.892

MRF2 0.982 0.947 0.920 0.883 0.882 0.866 0.857 0.847 0.851 0.893'Ǒ0.892Ú0.893"ù¿�XµduD(�O�Ø�¤Úå�ºÝÀJ5U�eü´�~��"^·��D(�O�.�O�D(��ǑÑ\§MRFºÝÀJ�.5Uþ
46



3ÄuMarkov�Å|ºÝÀJ���É5*Ñ�D�{

�� �� �� �� ��
���

�

���

�

���

�

���

�

���

�

� !"#

$
%
&
'
(
)
*
*
+
,
-

./0
1233

405�

405�

�� �� �� �� ��

��6

��7

�

���

���

��6

��7

�

���

� !"#

$
%
&
'
(
)
*
*
+
,
-

./0
1233

405�

405�

ã 3-8 A^ØÓa.�ºÝÀJ�.§��É5*Ñ�§�D(J�²þþ��'"�ãÚmã©OǑ*Ñ��Ǒ1�a.*Ñ�Ú1�a.*Ñ��(J"�´��`u�ÛºÝÀJ��n��¹"
3.5.3 ëê�½ù!ò?ØMRFºÝÀJ�.�ëêÀJ¯K"1��ëê´ºÝ�m�ÈÅã�êN§1��ëê´�Kzëê�λ£úª(3-25)¥¤"
1)ºººÝÝÝ���mmmÈÈÈÅÅÅããã���êêêÄk?ØºÝ�mÈÅã�êN"�½N�du�½ºÝ�m�ëYü�ÈÅã��m�ºÝm�∆t§§��m�'XǑ∆t = T/N§Ù¥T���®²313.2!¥?Ø"·�^ÿÁ8�D(ã�Ú�©ã�é5�½Ü·�ëêN"Ä��K´µéu�½�D(ã�/�©ã�é8Ü§ºÝm�∆t�À�ATU
«OD(ã�¥�ØÓã�¬�ºÝ�O§3d§ã�¬��`ºÝ½ÂǑ¤ÀºÝe�Dã���©�\Dã�3þ��ÿÝe��C"Äuù��{§·�3Xe8Üþïá
ã�¬é�m�ºÝ����ãµ
{|tgt(Si)− tgt(Sj)| ; i, j ∈ [1, K], i 6= j, �tgt(Si) 6= tgt(Sj)}, (3-34)Ù¥§tgt(Si)Ǒã�¬Si��`ºÝ"�o§·���∆tǑ��ã�bin§����ã3Tbin�±e�È©Ǒ0.05"�oºÝ�mÈÅã�êN = ⌈T/∆t⌉"ù�§D(ã��ã�¬�mºÝ��95%þ�u∆t§Ïd±dm��E�ºÝ�m�±«Oý�Ü©ã�¬�m�ºÝ�"·��O
ÿÁ83ØÓD(Y²e�²þºÝm�Ú²þÈÅã�ê§êâ�L3-6"éa.�Úa.�*Ñ�§²þºÝm��XD(�O�
O�"�´²þÈÅã��ê�é­½uD(Y²§ù´ÏǑºÝ�m��ºÝTǑ¬�XD(Y²�
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O�"Ïd·��½NǑØÓºÝÚØÓD(Y²e�²þÈÅã��ê§éäka.�*Ñ����É5*ÑÈÅ§²þÈÅã��êǑ35¶éäka.�*Ñ����É5*ÑÈÅ§²þÈÅã��êǑ41"L 3-6 ØÓD(Y²e�²þºÝm�Ú²þÈÅã��êD(Y²*Ñ�a.
5 10 15 20 25 30 35 40 50²þ∆t 0.140 0.267 0.467 0.547 0.760 0.940 1.120 1.307 1.500a.� ²þN 35 38 34 39 35 35 35 34 38²þ∆t 0.072 0.126 0.176 0.216 0.288 0.324 0.376 0.400 0.410a.� ²þN 42 47 45 42 38 38 38 38 44·�ïÄ
ÈÅã�ê8NéºÝÀJ5U�KǑ"ã3-9w«
MRFºÝÀJ5U£²þþ��¤�éuN�'X"�½*Ñ�§äka.�*Ñ�§�\D(Y²Ǒ30"�Nl5O\�100�§�Dã��²þþ��éN¿Ø¯a§?um�[111.34, 112.78]�m"¿��Né���ÿ§5U¿Ø´�½Op§ù´ÏǑµ��N½ö��∆t¬E¤ºÝÀJ(Jéz�©�¬ºÝÀJ°Ý�p¯a5§ù«y�aquêâ©aÚ£8¥�L[Üy�"

10 20 30 40 50 60 70 80 90 100
110

110.5

111

111.5

112

112.5

113

113.5

114

114.5

115

ã 3-9 ºÝ�mÈÅã�ê8é�D(J5U�KǑ"D(IO�Ǒ30§*Ñ�§�^a.�*Ñ�"X-�IǑºÝ�mÈÅã�ê8§Y-�IǑ�Dã��²þMSE"
2)���KKKzzzëëëêêêλ·�?
©ÛXÛ�½úª(3-25)¥��Kzëêλ"Tëê²ïz�ã�¬�ºÝÀJÚ��ã�¬�m�ºÝ��5"��½��λ�§¬Úå��ºÝ¬�m�ºÝØ��5§?
KǑ�ª��D(J"XJ�½��λò¬�)�r�ºÝ��
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3ÄuMarkov�Å|ºÝÀJ���É5*Ñ�D�{5§¬��ü�ºÝØÓ�ã�©�¬�D��Ó�ºÝ"¯K´XÛ��Ü·��Kzëê±��/²ïü��m�'XQº·�^XeúªÀJØÓD(Y²σe��`�Kzëêλ∗(σ)µ
λ∗(σ) = minλ{

1

12

12
∑

i=1

MSE(Ii(x;λ, σ))}, (3-35)Ù¥Ii(x;λ, σ)Ǒ�Këê�Ǒλ�D(IO�Ǒσ�§1i�ÿÁã���D(J"�`�ëêλ∗ÀJǑ��ÿÁã���D(J��©ã��m�²þþ������Kzëê"ù«�{Ǒ²~�^��Oªëê�½�{"L3-7�Ñ
3D(IO�Ǒ2�70�m���`��Kzëêλ∗"w,§�XD(IO��O�§λ∗�¬ÅìC�"Ïd§é?¿�D(Y²σ0§�`�Kzëêλ∗(σ0)�±dL3-7¥�êâ?1S�½ö	���" L 3-7 ØÓD(Y²e��`λ (×10−3)D(Y² 2 5 10 15 20 25 30 35 40 50 60 70

λ (a.�) 0.01 0.05 0.09 0.30 1.4 1.6 2.0 2.7 4.4 6.4 8.3 9.6

λ (a.�) 0.12 0.3 0.8 1.4 1.6 2.2 2.4 2.7 3.0 3.6 4.2 5.1

3.5.4 �D�J'�y3·�'�æ^MRFºÝÀJ�{���É5*Ñ�D�{�8
�61��D�{�5U"Äk0�8
A«61��D�{"�C��D�{(Total variation denoising)[5,

6, 9]́ �«²;�2��^�Äu �©�§�ÈÅ�{"§4�zã��C��Ó��å�ØD(�ÚOþ"Non-local denoising (NL)ÈÅ�{[67]´�Cu�å5��«#�ÈÅ�{"§ÏL��Sã�¬���²þ�5�O¥%��:��Ú½�Ý§
�­ÏL��:±��ã�¬��q55ÿÝ"¢�¥§·��½^5�²þ�Ú£�Ý¤���«�Ǒ¥%��:±�21× 21�I�§
^5'��q5�ã�¬��Ǒ7 × 7§�^uO��­�pd�°ëêǑ10��D(IO�"�Å��pdºÝ·Ü�D�.£Wavelet GSM¤[14]�^pdºÝ·Ü�.5[Ü�ÅXê�­�©Ù§¿ÏL��d����{¡E�©ã��ÅXê"·��^steerable

pyramidal�Å©)£�^5�ºÝ¤±��ã���Å©)(J[14]"�Å�pdºÝ·Ü�.�D�{��Ǒ´8
���ã��D�{��"ã3-10, 3-11Ú3-12�«
n�~f±'�ØÓ�D�{�5U"�C��{(TV)�(J3«n«��)L�
�A§'Xã3-10¥ÄÔ��NÜ©!ã3-11¥�ä�Ü©Úã3-12¥�ú/Ü©§�´31w«�D(vk�¿©�Ø"Non-local

denoising�{�(J3«n«�Ú1w«�Ñk�K�J"�Å��pdºÝ·Ü�.�±é��²ï²w«���DÚ«n«���±[!���§�´3¡E�ã�
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(a) 89:; (PSNR = 19.0852) (b) <=>?@ (PSNR = 29.5382)

(f) ABCD89:;(d) non-localE8?@ (PSNR = 29.078)

(c) FGHE8?@(PSNR = 28.9344)

(e) IJGSME8?@ (PSNR = 28.9408)ã 3-10 ã��D(J'�£D(ã��PSNR�Ǒ19.086¤¥k²w�'G�K(�"éu·���{§=(ÜMRFºÝÀJ�.���É5*ÑÈÅ§·��«
ã�L©�(J!ºÝÀJ(J(��¿�ºÝ��)Ú�ª��D(J"(Jw«§¤JÑ��{�±3²w«�¿©�ØD(§Ó�3«n«�é�/�±[!&E"·��^PSNR(Peak Signal-to-Noise Ratio)þzÿÝ
3ÿÁã�þ��D5U"�½�©�\Dã�I∗§ÙD(ã���D(JI�PSNR�½ÂǑµ
PSNR(I; I∗) = 10 log10

255× 255

MSE(I, I∗)
, (3-36)Ù¥§MSEǑþ��"L3-8�Ñ
�C�£TV¤�D!Non-localÈÅ£NL¤!�Å��pdºÝ·Ü�.�D£wavelet GSM¤Ú(ÜMRFºÝÀJ�.���É5*ÑÈÅ£æ^1�a*Ñ�¤��D5U"L3-8������«
ù
�D�{3ÿÁã�þ�²þ5U"dL3-8��µ(ÜMRFºÝÀJ�.���É5*ÑÈÅÚ�Å��pdºÝ·Ü�.�±������D�J"�Ñ\D(ã��PSNRǑ22.11Ú19.08�§·���{312�~f¥k6�~f(J��§�²þ5U�p"�C��D�{�±ÀǑ�«��É5*ÑÈÅ�{§
ºÝÀJ¯Kg,KÜ�
ÙUþ�å¥"�Ù�'§·��ºÝÀJ�{wÍ/Jp
��É5
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(c) 尺度图 (d) 我们的结果 (PSNR = 28.3360)

(e)全变差去噪结果 (PSNR= 27.2463) (f) non-local 去噪结果 (PSNR = 27.2672)

(g) 小波GSM去噪结果 (psnr = 28.2628) (h) 原始未加噪图像

(b) 分割结果(a) 噪声图像

ã 3-11 ã��D(J'�£D(ã��PSNR�Ǒ22.110¤
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(d) 我们的结果 (PSNR = 28.5537)

(e) 全变差去噪结果 (PSNR = 27.7884) (f) non-local去噪结果 (PSNR = 28.0657)

(g) 小波GSM去噪结果 (PSNR = 28.6408) (h) 原始未加噪图像

(c) 尺度图

(b) 分割结果(a) 噪声图像

ã 3-12 ã��D(J'�£D(ã��PSNR�Ǒ22.110¤
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3ÄuMarkov�Å|ºÝÀJ���É5*Ñ�D�{L 3-8 ØÓ�D�{�5U'�£PSNR¤
PSNR = 22.110 PSNR = 19.086

image
TV NL GSM MRF TV NL GSM MRF

(a) 30.400 31.358 32.667 31.650 29.473 29.239 30.910 29.932

(b) 28.853 29.883 30.305 30.084 27.644 27.666 28.220 27.981

(c) 30.862 30.888 31.113 31.730 28.934 29.078 29.225 30.145

(d) 28.840 29.218 29.441 29.873 27.806 27.061 27.204 28.153

(e) 29.163 29.665 31.567 30.788 28.187 27.637 29.493 28.934

(f) 27.898 27.838 29.266 28.920 26.406 26.065 27.072 27.080

(g) 27.788 28.066 28.767 28.554 26.553 26.525 27.040 26.853

(h) 27.699 28.035 27.997 28.167 26.235 26.167 25.731 26.202

(i) 36.917 35.549 36.984 37.505 35.137 32.756 34.728 35.393

(j) 27.652 27.405 28.359 28.328 26.214 25.848 26.436 26.562

(k) 27.246 27.267 28.246 28.406 26.067 25.606 25.839 26.549

(l) 28.529 28.314 28.518 29.241 27.067 26.464 27.700 27.459²þ 29.360 29.456 30.269 30.271 28.052 27.509 28.300 28.436*ÑÈÅ��D5U§3D(ã�PSNRǑ22.110Ú19.08�§²þPSNR�©OJp
0.911Ú0.384"
3.6 �(�ÙJÑ
�«�mg·A���É5ÈÅ�ºÝÀJ�."3d�.e§�ª��D(JǑ��ºÝ�m�KÜ§ÏdT�{Ǒ�±ÀǑºÝ�mKÜ��«k�&¢"du�Ä
��ã�¬�ºÝ�q5ù�Àúk�§·��O
�«ÄuMarkov�Å|�ºÝÀJ�.§¿dtree-reweighted&ED4�{?1`z"3ù��.¥§«n«�äk���ÊÅºÝ§Ïd[!&E¬'����±¶
31w«�äk���ÊÅºÝ§ÏdD(¬�¿©�Ø"ò�{A^ug,ã��D§·��ºÝÀJ(J��`u± ��ÛºÝÀJüÑ�(J§¿�`u�ÛºÝÀJ(J��n��¹"(ÜTºÝÀJüÑ§��É5*Ñ�§��D5U�wÍJp§²þ5U`u8
61��{(J§~Xµnon-local�D�{!�C��{Ú�Å�pdºÝ·Ü�{"�+ã�©�¬�±é�/«Oã�1w«�Ú«n«�§��
��(�£~XÞu¤�´éJ^©�¬L�§ù��·��ºÝÀJ�{ØUé�/Ǒ��(�
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KǑ�ª(J§Ïdk7�ïÄ�Ǒ[��ã�©��{",��¡§�´äkºÝ��D�{þ�±�¤ØÓ¿Âþ�ºÝ�m§�±A^aq�ºÝÀJ�.)ûÙºÝÀJ¯K§ÏdïÄ�Ǒ2��ºÝ�mºÝÀJ¯K´·�?�ÚïÄ���"
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4Äuã�¬DÕ5k��ã�W¿�{
4 Äuã�¬DÕ5k��ã�W¿�{

4.1 Úóã�W¿£image inpainting¤�?Ö´µòã�¥¿�«��&EW¿��§��W¿�ã�3Àúa�þäk�p��þ"ã�W¿´O�ÀúÚã�?n���Ä�?Ö§Ì�A^�)µPÎì¡½öK¡�?E!ã�DÑ¥¿�¬�W¿Úã�¥«�£Ø��«�W¿�"8
A^¥�Ä��ã�W¿�{´Äu*Ñ�W¿�{ [3, 83, 111]"Ta�{ÏLò"�«�>Æ�ã�&EÅ:*Ñ�"�«�SÜ��"�«��W¿��"Ta�{äk���nØ�µ§�{�õÄu �©�§�{ÚC©�{"Bertalmio� [3]JÑ÷Xã��isophote£=��Ý/�Ú��Ó+¤l"�«�>Æ�SÜ*Ñã�&E"?�Ú§���ò6NÄåXÚ¥�Navier-Strokes�§Ú\�ã�W¿¯K¥ [111]"ChanÚShen [83]JÑ
��Äu�C�µe�W¿�{§ã�"�«��±ÏL4�zã��C�5?1W¿"Äudµe§��?�ÚJÑ
­Ç°Ä�*Ñ�§§T�§¢y
Àúa��ëY5�n§
T�n3�C�µe¥¿vk��Ä [10]"Ballester [112]JÑéã�isophote��Ú�Ý�Ó�?1W¿��{§Ǒ±C©�{ǑÄ:�O
Uþ¼ê"C
5§<��ÏLég,ã�?1ÚOï�±)ûã�W¿¯K [13, 17, 39]"Äu*Ñ�W¿�{3ã�yè�Ø!©i�Ø��¡®²��
�~¤õ�(J"�N5`§Ta�{�±é�/A^u�«n½öd�"�«��W¿§�´3W¿«n«�½ö���"�«��¬Ú\1w�A"1�a�{´Äu~f£Examplar¤�ã�W¿�{"l�{ÆÝw§Ta�{Ǒ´�«Äu*Ñ�W¿�{§ØÓ�?´Ta�{?1*Ñ�ü ´ã�¬§
Ø´ã���:"Ta�{�Ä�g�´µ±ã�¬Ǒü §òã�®�«��&EØä/*Ñ�ã����«�§ã�®�«��ã�¬�¡Ǒ~f£examplar¤"T�{g�å
u«nÜ¤�ó� [113]µ«n�±ÏL3®�«�¥æ���q�«n¬?1Ü¤"T�{éX{�«nÜ¤�Jé�§�éJ?nQk«nqk(��«�"Ïd§Bertalmio�< [114]JÑ
òã�©)Ǒ«nÚ(�ü�§,�é(��^Äu*Ñ��{?1W¿§
é«n�^«nÜ¤��ª?1W¿"T�{�±�ÑÄu*Ñ�{�L1w�J§�´éJW¿��"�«�"Criminisi�< [115]�O
�«Äu~f��{§T�{(Ü
Äu*ÑÚ«nÜ¤��{g�"Ǒ
��{U
W¿Qk«nqk(��«�§T�{½Â
ã�¬`kÝ§?uã�(�þ�ã�¬äkp`kÝ§Ïd�k�ÀJ?1W¿"Wu�< [116]É���É5*ÑÈÅ�éu§JÑ�«cross-isophotes�Äu~f�ã�W¿�{"Wong�< [117]JÑ
�«Äunon-localþ���{§�±�­è!°(/W¿ã�"T�{^�À~f�non-localþ� [67]éã�¬?1W¿§
Ø´ÀJ������ã�¬"<���O
�õa.�Äu~f�W¿�{[118, 119]"�Äu*Ñ�W¿�{�'§Ta�{�`³3u�±é�/W¿����ã�"�«�"�C§ã��DÕL��Ú\�ã�W¿¯K¥ [120–123]"ÄuDÕ5k��ã�W¿�{�Ä��{´òã�^��L���C�8£over-complete transforms¤?
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ÜS�Ï�ÆÆ¬Æ Ø©1DÕ�5L�§C��)�ÅC�!contourletC�!DCTC��",�"�ã�&E�±ÏLg·A�#DÕL�5¢yW¿"Guleryuz [121–123]JÑ
g·A�ã�DÕL�§¿¤õA^uã�yè!¿�¬�W¿"Elad�< [120]U?
T�{§òã�©)Ǒ«nÚ(�üÜ©§©O^ü�Ø�N�L��C�8Ü?1DÕL�"T�{�±'�k�/W¿Qk«nqk(��ã�«�§�´�Äu*Ñ��{�q§¬3���"�«�W¿�Ú\L1w�J"
KΨ

Ω

Ω

Ω

Ω

LMN OPQRSTOPUVWXYZ
[\]^_`abcdefQRS

LgN QRSXYThijZ[fa
klQRSmnXY

Ω∂Ω∂

oΨ pΨ

ã 4-1 ²;�Äu~f�ã�¬*ÑW¿�{"ΩǑ�W¿«�§ΩǑ®�«�§l�W¿«�>Æ∂Ωm©§±ã�¬Ǒü Åì�ã�SÜ?1W¿"W¿L§ǑS�±eü�fÚ½µ(a)ÀJã�¬§=ÀJ?u�W¿«�>Æ�äk�p`kÝ�ã�¬Ψp ?1W¿¶(b)ã�¬W¿§=^®�«�¥�¤Àã�¬��q£®�����q5¤�ã�¬Ψqé¤Àã�¬¥�����?1W¿"·�Ì�'5Äu~f�ã�W¿�{ïÄ§Ta�{�Ä�Ú½Xã4-1¤«"¤�9�Ì�¯K´µ
• XÛ�Oã�¬`kÝ§±��?u�W¿«�>Æã�¬�ÀJW¿�^Sº
• XÛ^®�ã�«�¥�~fã�¬é�W¿ã�¬?1W¿º²;�Äu~f�ã�W¿�{ [115, 124]æ^Äuisophote�`kÝ½Â±��ã�¬�ÀJgS§äN/§^ã�¬¥%:¤3��W¿«�>Æ{����ã�isophote£��Ú/�Ý�Ó+¤���SÈÿÝã��`kÝ¶¿æ^����~fã�¬ [124]½öõ�~fã�¬���²þ [117]?1ã�¬W¿"Ǒ
��/)ûÄu~f�ã�W¿�{�ü�Ä�¯K§·�ò½Âüaã�¬�DÕ5k�§¿©O^u)ûã�¬`kÝ½ÂÚã�¬W¿§âd�O�«#�Äu~f�ã�¬*ÑW¿�{"üaã�¬�DÕ5k�Ǒ:

• (�DÕ5µÏL½Âã�¬�Ù±�ã�¬��q5DÕ§Ý5ÝþÙ?uã�(�þ��&§Ý"(�DÕ5�^u½Âã�¬�`kÝ§(�DÕ5r�ã�¬äk�p��U5?uã�(�þ§Ïd�`kÀJ"·��ò`²T½Â�Ün5"
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4Äuã�¬DÕ5k��ã�W¿�{
• ã�¬DÕL�µÏL®�«�ã�¬£examplar¤�DÕ�5|Ü5W¿¤ÀJã�¬"·��åT�5|ÜǑDÕ|Ü§==k�~��A�ã�¬��5|ÜXê�""T�{=Jp
W¿�­è5§Ó�;�
W¿(J¥�U�)�1w�A"·�ò(�DÕ5Úã�¬DÕL�Ú�¡Ǒããã���¬¬¬DDDÕÕÕ555"�± �Äu*ÑÚDÕ5�W¿�{�'§Äu~f�W¿�{�±é�/W¿����"�«�§�(Jäk�pbzÝ"�DÚ�Äu~f�ã�¬*Ñ�{�'§·���{�±��/W¿ã�«�§�W¿(J�Ù±�®�«��ã�SN�Ǒ��"(�DÕ5��{5
uC
5<�ég,ã��DÕ5k��þ��'ïÄó�"·���§g,ã�éÈÅ£FÝÈÅ!�ÅC��¤�ǑA��ãäkér�DÕ5§LyǑ�"�ǑA�~DÕ§=g,ã�ÈÅǑA�DÕ5"ùaDÕ5k��±é�/£ãg,ã����5ÚO5Æ§�2�A^uã��D [13, 125]!�©EÇ [35, 38]!W¿ [13, 17, 39]!��
 [12, 40]�"ã�¬DÕ5�daq§§£ã
,�ag,ã��DÕ5k�µ=?uã�(�þ�ã�¬�Ù��ã�¬��"�q5äkrDÕ5§=�"��q5�~DÕ"Ïd§(�DÕ5ÏLÝþã�¬�Ù��ã�¬��q5�DÕ§Ý5�NÙ´Ä?uã�(�þ"ã�¬DÕL��g�5
uC
5<�é&ÒDÕL� [18]��þ�'ïÄó�"DÕL�®¤Ǒã�!&Ò?n'5�9:§§b½ã�!&Ò�±d��L���Ä/C�8Ü�DÕ�5|Ü5L�§Ù|ÜXêb½÷vℓp(0 ≤ p ≤ 1)�DÕ5�å"DÕL�äk���)Ô)ºµ=�M�Àú��[�8Ü�±w�Ǒ��L���Ä/C�8§ÙéÀú&E�?èäkér�DÕ5"DÕL�µe�2�A^uã��D [24, 126]!>ÆJ� [20]!£O [127, 128]!�©EÇ [25]!«nÜ¤

[129]�§¿��
8
���(J"3ã�¬DÕL�¥§·�òDÕL��g�Ú\�Äu~f�ã�W¿¯K§=b½g,ã�¬�d®�«�ã�¬�DÕ�5|ÜL�§¿Äu¯Kïá
�å`z�.Ú`z�{"±e314.2!§·�ò�N0�¤JÑ�W¿�{µe¶14.3!Ú14.4!©O�ãW¿�{µe¥¤�9�ü�äN¯Kµ(�DÕ5Úã�¬DÕL�¶14.5!Jø¢�`²#�{�k�5±9�®��{�'�¶14.6!o(�Ùó�"
4.2 �{µe�½ã�I§b½Ù"�«�ǑΩ§®�«�ǑΩ§∂ΩǑ"�«��>Æ§PΨpǑ±��:pǑ¥%�ã�¬"�ÙòJÑ�ã�W¿�{µeXã4-2¤«§�{���£ãǑ�S��{§zgW¿L§�©Ǒµ�W¿ã�¬À�Úã�¬W¿§��"�«��W¿��"�W¿ã�¬À�§=3"�«��>ÆþÀJ,�ã�¬?1�W¿"ã�`kÝ�O�ªA�?uã�(�þ�ã�¬k�W¿§
 u«nSÜ�ã�¬��W¿§ù�Qk«nqk(��ã�"�«��±��{/W¿ [124]"·�JÑã�¬�(�DÕ5ï�±½Âã�¬�`kÝ"(�DÕ5�±°�/ÿÝã�¬´Ä?uã�(�§äN½ÂǑã�¬�Ù��ã�¬�q5�DÕ§Ý"(�DÕ5
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Ω
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(a) 图像块选择 (b) 图像块填充
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jpΨ
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Ω
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svwxy

( )N p ∩ Ω NqΨ

pΨ

pΨ

pΨ

pΨ

, jp pw

Ω∂ Ω∂ã 4-2 Äuã�¬DÕ5�W¿�{µe"ΩǑ�W¿«�§ΩǑ®�«�§∂ΩǑ"�«��>Æ"(a)ã�¬ÀJµ?u∂Ωþ�ã�¬`kÝ�pK��`kÀJ"`kÝÏLã�¬?uã�(�þ��&Ý5½Â§½ÂǑã�¬�Ù���?uΩ«��ã�¬��q5�DÕ§Ý"~X§(a)¥�ãw«Ψp�ã�¬8Ü{Ψpj}pj∈N(p)
⋂

Ω¥�ã�¬��q5äkér�DÕ5§ù´ÏǑ§?uã��>Æ(�þ"(b) ã�¬W¿µéu¤Àã�¬Ψp§^®�ã�¬{Ψq1 ,Ψq2 , ...,ΨqN }�DÕ�5|Ü5W¿Ψp¥�����§TW¿�.�É�ÙÛÜ��N(p)
⋂

Ω¥�ã�SN��å"�r§?uã�(�þ��U5��§Ïd�ÀJ�`kÝ�p"Xã4-2(a)�þãǑ~µã�¬Ψp uã���Ñ«nÚ�µ«n�m�>Æþ§w,?ur(��þ"ÏLO�Tã�¬�Ù��ã�¬��q5£Xã4-2(a)��eã¤«§ΩǑ®�«�§�{«����L�q5�r¤§w,�q5ãäkér�DÕ5§=�kDÕ��"���3"ÏdTã�¬äk�p�`kÝ§A�`kÀ�?1W¿"ã�¬W¿§=W¿þ�Ú¤À��W¿ã�¬S�"�&E"ã�¬W¿�Ä�g�´^®�«�¥�~fã�¬é�W¿ã�¬?1W¿"·�JÑã�¬DÕL��.§=b½�W¿ã�d®�«�¥�~fã�¬8Ü�DÕ�5|Ü5L�§·�ÏL�å|ÜXêǑ�DÕ/ª£ℓ0�Kz�å¤��W¿ã�¬����®�ã�¬äk��5"Xã4-2(b)¤«§�W¿¬Ψp^~fã�¬8Ü{Ψqk}
N
k=1�DÕ�5|Ü?1L�§|ÜXêǑ{αk}

N
k=1�=kDÕ��"���3§¿�å¤W¿�ã�¬A�Ù±��ã�¬£áu8ÜN(p)

⋂

Ω¤��Ú�C"3e�!¥§·�ò�[0�XÛ½Âã�¬`kÝÚã�¬DÕL�"
4.3 Äu(�DÕ5k��ã�¬`kÝã�¬`kÝ�½ÂéuW¿Qk«nqk(��ã�«��'­�"`kÝ½Â��K´µk(��«n§=?uã��eÜ©£=ã�(�¤�ã�¬�`kÀJÚW¿§
?u«nSÜ�ã�¬äk�$�W¿`kÝ§ù�Qk«nqk(��ã�"�«��±�é�/W¿�� [115, 124]"
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4Äuã�¬DÕ5k��ã�W¿�{
4.3.1 (�DÕ5ã�¬`kÝ½ÂAU°�/Ǒxã�¬?uã�(�þ��&Ý"�Ù¥§·�½Â
Äu(�DÕ5�`kÝ½Â§�±é��÷v��"dug,ã�¥�(��'«näk�p�DÕÝ§
?u(�£½«n¤þ�ã�¬�����q�ã�¬Ǒ�½?uÓ�(�£½«n¤þ§Ïd�±ÏLÿÝã�¬���ã�¬��"�q5�DÕ§Ý5�NTã�¬?uã�(�þ��&Ý§=(�DÕ5�Ä�g�"·�Äk`²XÛÝþã�¬�q5"±ã4-2(a)Ǒ~§ΨpǑ�W¿«�>Æ∂Ω�ã�¬§b½PǑéÆÝ
§J�ã�¬�"�&E"PΨpǑ��þ§^5�;ã�¬S��Ý/�Ú�§�oP½ÂǑéÆÝ
µP = diag({ai,i}Mi=1)§Ù¥MǑã�¬�ê§ai,i½ÂǑµ
ai,i =

{

1, 1i���Ǒ�W¿��, (4-1)

0, ÄK. (4-1′)aq/§½ÂP̄ǑJ�ã�¬�®�&E�éÆÝ
§÷vµP̄ + P = I"½Âã�¬Ψp���ã�¬ΨpjǑ¥%:pjáuXe8Ü�ã�¬µ
Ns(p) = {pj : pj ∈ N(p)�Ψpj ⊂ Ω}, (4-2)Ù¥§N(p)Ǒ��p���§�oΨpÚΨpj��q5Ǒµ
wp,pj =

1

Z(p)
exp(−

d(P̄Ψp, P̄Ψpj)

σ2
), (4-3)Ù¥§d(·, ·)L«� þ�m � þ�ål§Z(p)Ǒ�5zëê§��W =

∑

pj∈Ns(p)
wp,pj = 1§σ��Ǒ5.0"�½ã�¬��q5§?�Ú�¯K´XÛÝþΨp�{Ψpj}pj∈Ns(p)��"�q5�DÕ§Ý"éuã�¬Ψp§·�½Â§����®�ã�¬�q5�DÕ§ÝǑµ

ρ(p) =

√

[
∑

pj∈Ns(p)
w2

p,pj
] · |Ns(p)|

|N(p)|
, (4-4)ùp§| · |Ǒ���ê"Ǒ�BL�§·�¡TDÕÝÝþǑ(((���DDDÕÕÕ555"3TL�¥§�q5²�Ú��½ö«�Ns(p)��§(�DÕ5��"e¡òy²§T½Â�±éÜn/Ýþ�"�q5�DÕ§Ý"½n 4.1 ã�¬Ψp�(�DÕ5ρ(p)�3Ns(p)¥=�3��ã�¬�Ù�q5�"������√

|Ns(p)|
|N(p)|

¶
�Ψp�Ns(p)¥¤kã�¬�q5þ�"�þ�u√

1
|N(p)|

�§����� 1
|Ns(p)|

"y² �±*	�§ρ(p)�éuW =
∑

pj∈Ns(p)
w2

p,pj
üN4O"Ǒé�ρ(p)�4�!4��§·�=I�O�W�4�!4��"
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ÜS�Ï�ÆÆ¬Æ Ø©ÄkO�W�4��"¯K�±=zǑ3�å∑

pj∈Ns(p)
wp,pj = 1�
Je4�zW§�â.�KF�f{nØ§4�zµ

E(p) = −W + λ(
∑

pj∈Ns(p)

w2
p,pj

− 1) (4-5)N´y²§é?¿pj ∈ Ns(p)§wp,pj = 1/|Ns(p)|�§W��4��",��Ä4�zW"du0 ≤ wp,pj ≤ 1�½¤á§ÏdW ≤ 1"�ª¤á��=�3��wp,pj�0£=�u1¤§
Ù�¤k�qÝÑ�u0"Ïd�=�3��pj ∈ Ns(p)��wp,pj�"�§W��4��"òW�4�!4���\ρ(p)§±��ρ(p)�4�!4��"£y.¤½n4.1̀ ²µ�ã�¬��"�q5�©Ù�DÕÚ�ØDÕ�§(�DÕ5�©O����Ú���"

2154.0=ρ 0945.0=ρ 0355.0=ρ

Ψa

Ψb

Ψc

Ψa

Ψb

Ψc

Ns(a) Ns(b) Ns(c)

ã 4-3 (�DÕ5"©OO�
ã�Ψa!ΨbÚΨc�(�DÕ5"ã�¬��ÚÛÜI����Ǒ7 × 7Ú51 × 51"Ψa!ΨbÚΨc�(�DÕ5��Ǒ0.2154,

0.0945Ú0.0355§ u(�þ�ã�¬Ψa�(�DÕ5�p"±ã4-3Ǒ~§·�O�
Ù¥ã�¬Ψa!ΨbÚΨc�Ù��ã�¬��q5"(J�ã4-3mn��eã§Ù¥��¿�X�q5�r§ç:¿�X�q5Ǒ""lã¥�w�§ uã�(�þ�Ψaäk�DÕ��"�q5§
 u«nSÜ�Ψb�Ψc��q5ãDÕ5�$£ÏǑ�õ���ã�¬äk�"�q5¤"ã�¬Ψa!ΨbÚΨc(�DÕ5©OǑ0.2154!0.0945!0.0355§?u(�þ�ã�¬Ψaäk���(�DÕ5"
4.3.2 ã�¬`kÝ��§·�ã�¬�`kÝǑ(�DÕ5��ã�¬�&Ý���Èµ
P (p) = ρ(p)C(p), (4-6)Ù¥§C(p)Ǒã�¬Ψp��&Ý§½Â� [115]�Ó§=
C(p) =

∑

q∈Ψ(p)
⋂

Ω c(q)

|Ψ(p)|
, (4-7)
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4Äuã�¬DÕ5k��ã�W¿�{Ù¥§c(q)ÿÝ��q��Ú½�Ý&E��&Ý§3ã���«��©zǑ0§3ã�®�«��©zǑ1"3ã�W¿�zgS�¥§¤W¿�#��:��&Ý�D�¤3ã�¬¥%��:��&Ý"ù�§�XW¿L§�?1§#�#�W¿>Æþ�ã�¬�&Ý¬Åìü$"ÏL(�DÕ5��ã�¬�&Ý��È§?uW¿>Æþäk�p(�DÕ5���ã�¬�&Ý�ã�¬�`kÀ�"

缺失区域1 缺失区域2

8667.0=ρ

0380.0=ρ040.0=ρ

2297.0=ρ

a

b

a

b

);()( bPaP > );()( bPaP >)()( bPaP cc < )()( bPaP cc >

b

a

b

a

ã 4-4 ã�¬`kÝé'"PǑ¤JÑ�ã�¬`kÝ§PcǑCriminisiJÑ�`kÝ"·�Jø�|¢�'�Äu(�DÕ5�ã�`kÝP�Criminisi�`kÝPc[115, 124]�­è5"5¿�§3Criminisi�½Â¥§^��Ý��(=isophote��)Ú"�«�>Æ�{����m�SÈÿÝ´ã�¬Ä?u(�þ"ã4-4�«
Qk«nqk>Æ£J�>Æ§=<a���Øý¢�3�>Æ¤�~f"��a!b©O?u«n�m�J�>ÆÚ«nSÜ"�éCriminisi�`kÝ§3�ã¥§±aǑ¥%ã�¬�`kÝ÷vµPc(a) < Pc(b)§�3mã¥§Pc(a) > Pc(b)§ù`²Criminisi�`kÝØ­èuã�W¿«�>Æ���"�é·��`kÝ§3�!müã¥§þkP (a) > P (b)§ù`²·�½Â�ã�¬`kÝ��ã�¬��´Ä?u(�þk'X§
�"�«��/G�'§Ïd·��½Â�Ǒ­è"
4.4 ÄuDÕL��ã�¬W¿3þ�!¥§·�`²
äk�pã�¬`kÝ�ã�¬ΨpATXÛ�`kÀJ"du�`kÀJ�ã�¬?u"�«�>Æ§Ïdã�¬¥Q¹k����q¹k®���§ù��!§·�ò�ãXÛé¤ÀJã�¬�����?1W¿"3DÚ�Äu~f�ã�W¿�{¥ [115, 124]§ΨpÏL3®�«�¥æ��Ù��C�ã�¬?1W¿£^æ�ã�¬��:W¿�W¿¬¥��A"���¤"�dØÓ§Wong [117]JÑ
^®�«�¥õ�ã�¬�Non-local��²þ[67]ã�¬?1W¿§�­^ã�¬��W¿ã�¬��q5ÿÝ"
3ã��©EÇ¯K¥§61ÆS�Locally Linear Embedding (LLE) [130]�A^�XÛl$©EÇã�¬ínÑp©EÇã�¬"T�{ÏL©Û®�$©EÇã�¬�ÙC�ã�¬��5L�'X§¿òT'XA^�p©EÇ±ín���p©EÇã�¬"ùü«U?��{£Non-localþ�!LLE¤þ�^
õ�®��ã�¬�ín���ã�¬§
Ø´

6̂1



ÜS�Ï�ÆÆ¬Æ Ø©������ã�¬§ÏdU�­è/�OÑ��&El
�)���(J"�´§ù
�{þ^�½�ê�ã�¬�|Ü?1ã�¬W¿§��¡vk�Ä��éØÓã�¬�g·A5§,��¡§XJë�|Ü�ã�¬ê8L�§¬3W¿(J¥�)L�
y�"e¡òJÑ�«#�Äu&ÒDÕL��ã�¬W¿�.§=b��W¿ã�¬�±d®�ã�¬�DÕ�5|Ü5ín"T�.�± �{�ØÓ3uµ��¡§3DÕL�µeeg·A�ÀJë��5|Ü£=�5|ÜXê�"¤�ã�¬ê8§Tê8�éuØÓã�¬´g·A�DÕ�§Ïdã�¬W¿�Ǒ(¹�é�Ú\L�
�A¶,��¡§3�å`z�.¥§·��Ä
¤W¿ã�¬���Sã�¬�«n½(���5�å§��¤W¿�SN�±��SN�Ǒ��"
4.4.1 ã�¬DÕL��½�W¿ã�¬Ψp§·�Äkl®�«�¥æ�õ�~fã�¬£examplar¤§PǑµ{Ψq}Nq=1§Ù¥NǑã�¬Ψp�examplarê8"�® ó��q[117, 130]§~fã�¬À�Ǒ�Ψp��q�N�ã�¬§·���NǑ20"PPǑ¼�ã�¬Ψp¥�����Ý
§�úª(4-1)"·�b�µΨp�±d{Ψq}Nq=1��5|Ü5L�:

Ψ̂p =

N
∑

q=1

αqΨq. (4-8)l
§ã�¬Ψp�����:�±dΨ̂p¥�A���:5W¿:

PΨp = P Ψ̂p. (4-9)Ù¥|ÜXê~α = {α1, α2, ..., αN}�±3DÕL��µee§ÏL�)�å`z¯K5¼�"ÏǑb�ã�¬ΨpǑ{Ψq}Nq=1�DÕ�5L�§Ïd�å`z�8IǑ4�z|ÜXê~α�ℓ0�ê"e�Ú§ò0�T�å`z¯K��å�"·��OXeüa�å"1�a^u�åDÕ�5|ÜΨ̂p��Ú/�Ý�"Äk§3�W¿ã�¬¥®��Ú/�Ý���:þ§¤�O�ã�¬Ψ̂p��Ú/�ÝAT%C�W¿ã�¬¥�A�®��Ú/�Ýµ
||P̄ Ψ̂p − P̄Ψp||

2 < ǫ. (4-10)Ù¥§ǫǑ��%CØ��N=Ýëê"Ùg§3�W¿ã�¬¥�����:£=I�W¿���:¤þ§¤W¿����Ú/�Ý�Ù±�®��ã�¬�Ú/�ÝAäk�½��q5µ
β||P Ψ̂p − P

∑

pj∈Ns(p)

wp,pjΨpj ||
2 < ǫ. (4-11)Ù¥§wp,pj�½Â�úª(4-3)��"T�åÝ£ã
¤W¿�ã�¬�Ù±�®W¿�½®�ã�¬��q§Ý"ëêβ^u²ï�å(4-10)Ú(4-11)�m�rÝ§3¢y¥��Ǒ0.25"þã½Â��å¡ǑÛÜã�¬��5�å£Local Patch Consistency

Constraint¤"
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4Äuã�¬DÕ5k��ã�W¿�{1�a�åǑ'u|ÜXê��å§=�å�5|ÜXê~α= {αi}Ni=1�ÚǑ1µ
N
∑

i

αi = 1. (4-12)T�å¡Ǒ|ÜXê�Ú�å£Coefficients Summation Constraint§CSC¤"3T�åe§��þ~α��3����Xê�"�§T�"Xê�½Ǒ1§d�T�.�DÚ�Äu~f�W¿�{��§=�^������®�ã�¬?1W¿"�ª§�5|ÜXê~α�±ÏL`zXe�ℓ0�å`z¯K?1�)µ
min {||~α||0} (4-13)

s.t. ||P̄ Ψ̂p − P̄Ψp||
2 < ǫ (4-14)

β||P Ψ̂p − P
∑

pj∈Ns(p)

wp,pjΨpj ||
2 < ǫ

N
∑

i

αi = 1.Ù¥§||~α||0Ǒ~α�ℓ0�ê§=�þ¥��"���ê"ÛÜã�¬��5�å�±�Ǒ�{'�/ªµ
E = ||DΨ̂p −ΨT ||

2 < ǫ, (4-15)Ù¥§
D =

[

P̄
√

βP

] �ΨT =







P̄Ψp
√

βP
∑

pj∈Ns(p)

wp,pjΨpj






. (4-16)�o§�å`z¯K(4-13)�±?�Ú�Ǒµ

min {||~α||0} (4-17)

s.t. ||DΨ̂p −ΨT ||
2 < ǫ

N
∑

i

αi = 1.T�å`z¯KǑ�±�¤��Uþ4�z¯Kµ
~α∗ = min~α{γ||~α||0 + ||DΨ̂p −ΨT ||

2 + η||
N
∑

i

αi − 1||2}. (4-18)�ÀJÜ·�γÚη�§T¯K�du�å`z¯K(4-17)"
4.4.2 `z�{T!?ØXÛ�O�{�)¯K(4-17)"��5`§ℓ0`z¯K��þ´|Ü`z¯K§éJ?1�)"<�®k�JÑMatching Pursuit (MP)�{!Orthogonal

Matching Pursuit (OMP)�{ [131, 132]ÚBasis Pursuit (BP) [133]��{§±�8��ª
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ÜS�Ï�ÆÆ¬Æ Ø©�)�{�Cq�`)",	�a`zℓ0¯K�Ä��{´òℓ0¯K=zǑà`z¯K§=ÏL`z��ℓ1�Kz¯K5��Cq�`)"3ÚO�ÅìÆS+�§ℓ1�Kz¯K��
2��ïÄ§Lasso�{ [134]́ �«�~61��{",
§��5`§éJ(½�^=«�Kz�{?1`z£ℓ1�ê½öℓ0�ê¤�� [127]"3A^¥§duOMP�{é{ü�k�§�2�^uã��DÕL��)¥§¿A^uã��D [24, 126]!?è [135]!>Æuÿ [127]!Ñª&Ò©l [136]��"`z¯K(4-17)Ú(4-18)�²;�DÕ�Kz¯KØÓ§O\
'u~α�|ÜXê�Ú�å�"Ïd§® �ÏL`zℓ1�ê½öℓ0�ê�KzDÕL���{þØU��A^"·�JÑ�«#�aquMatching Pursuit��{5�)`z¯K(4-17)"T�{�Ä�g�´µ±Xê�"ã�¬8ÜǑ�8m©§zgl®�ã�¬8ÜQ = {Ψq}
N
q=1¥ÀJ��#��"��§?
­#�E÷v|ÜXê�Ú�å���ÛÜã�¬��5Ø�£Xúª(4-15)¤����5|Ü�ª§��Ø�(4-15)���å��"T�{±�8��ªé�÷vã�¬üa�å��DÕ�5|Ü�ª§äN�{Xe"b½31mÚ�§·�®²ÀJ
m��"�®�ã�¬(PǑSm =

{Ψq1,Ψq2, ...Ψqm})§�o�
�DÕL�Ǒµ
Ψ̂m

p =
m
∑

i=1

αm
i Ψqi. (4-19)3e�Úm + 1�§·�l�{�®�ã�¬8Ü£Q− Sm¤¥ÀJ��#�ã�¬Ψqm+1

"ÀJ�{´µ��3O\ã�¬Ψqm+1
�§#�DÕL�äk���ÛÜã�¬��5§=

{Ψqm+1
} = minΨ∈Q−Sm{E(Ψq1,Ψq2, ...,Ψqm,Ψ)} (4-20)

= minΨ∈Q−Sm{||D(
m
∑

i=1

αm+1
i ·Ψqi + αm+1

m+1 ·Ψ)−ΨT ||
2}.

αm+1
i ¥�þI�LS�gê§eI�Lã�¬IÒ"éu?¿ã�¬Ψ ∈ Q− Sm§�Xe�#|ÜXêµ

αm+1
i = min~α {||(

m
∑

i=1

αi ·DΨqi + αm+1 ·DΨ)−ΨT ||
2} (4-21)

s.t.
m+1
∑

i

αi = 1.PGramÝ
Ǒ:

G = (ΨT
~1T −X)T (ΨT

~1T −X), (4-22)Ù¥XǑÝ
§Ù�Ǒ{DΨq1, DΨq1, ..., DΨqm, DΨ}§�~1Ǒd1¤|¤��þ§KT¯Käkwª)µ
~α =

G−1~1

~1TG−1~1
. (4-23)
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4Äuã�¬DÕ5k��ã�W¿�{Uìþã�ªS���ÛÜã�¬��5�å(Xúª(4-15))÷v"o�§|^ã�¬DÕL�?1ã�¬W¿��{�V)Ǒ�{4.1"ÄuTã�¬W¿�{§�ª�Äuã�¬DÕ5�ã�W¿�{X�{4.2"���{{{4.1µµµÄÄÄuuuããã���¬¬¬DDDÕÕÕLLL������ããã���¬¬¬WWW¿¿¿���{{{ÑÑÑ\\\µµµ ΨpǑ�W¿ã�¬"Q = {Ψq}Nq=1Ǒ®�ã�«�Ω̄¥§�W¿ã�¬��C�N (��Ǒ20)�ã�¬£�q5½ÂǑã�¬®���þ�²�Ø�ÿÝ¤"���©©©zzzµµµ��m = 0§Sm = {}§ǫ = 5"���{{{SSS���µµµS�Xeö�µ
• éuz�ã�¬Ψ ∈ Q − Sm§ÏLúª(4− 23)O�ã�¬8ÜSm ∪ {Ψ}�DÕ�5|ÜXê�þ~α"
• l8ÜQ−Sm¥ÀJã�¬Ψqm+1

§��8ÜSm
⋃

{Ψqm+1
}þ�#��5L�äk��E§Xúª(4-15)"

• XJE eü§�oSm+1 = Sm
⋃

{Ψqm+1
}, m = m + 1¶�E < ǫ½öE O\�§aÑÌ�§?\e�Ú"WWW¿¿¿ããã���¬¬¬µµµã�¬Ψp¥�����^DÕ�5L�∑m

i=1 αiΨqi¥�A�®���?1W¿"���{{{4.2µµµÄÄÄuuuããã���¬¬¬DDDÕÕÕ555���ããã���WWW¿¿¿���{{{ÑÑÑ\\\µµµ�k��«�Ω�ã�I"ÚÚÚ½½½1: éu��«�Ω>.∂Ωþ�?¿��p§O�±pǑ¥%ã�¬Ψp�Ù±���®�ã�¬{Ψpj}pj∈Ns(p)��q5",�ÏL(�DÕ5O�ã�¬`kÝ"ÚÚÚ½½½2:S�XeL§§����«��W¿�.µ
• ÀJ∂Ωþäk�p`kÝ�ã�¬Ψ"
• ÏLã�¬DÕL��{O�®�ã�¬�éu¤Àã�¬�DÕL�£X�{4.1¤§¿^§W¿¤ÀJã�¬Ψ¥�����"
• �#��«�Ω§éu>.∂Ωþ#Ñy���:§O�Ùþã�¬�(��q5Úã�¬`kÝ"ÑÑÑÑÑÑ:W¿ã�"
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ÜS�Ï�ÆÆ¬Æ Ø©ã4-5w«
ã4-8¥1n�~f��W¿«�S200�ã�¬DÕL�¥��"���ê"dã��§ØÓ�ã�¬��"���ê´Ä�Cz�"ù�± �ü��"��Ú�½�ê�"����{²wØÓ"

ã 4-5 ã4-8¥1n�~f��W¿«�S200�ã�¬DÕL�¥��"���ê"X-�IǑã�¬IÒ§Y-�IǑ�"���ê"
4.5 ¢��'��!¥§·�ò3õ�)¤ã�½g,ã�þÿÁ¤JÑ�Äuã�¬DÕ5�W¿�{5U"·�ò�{A^uã�"�¬W¿!yè/©�£ØÚÔN£Ø"3ù
~f¥§·�òÿÁ¤JÑ�ã�¬DÕ5éÄu~f�ã�W¿�{�U?§Ý§¿�Äu*Ñ�W¿�{!Äu~f�ÓaW¿�{ÚÙ�ÄuDÕ5�W¿�{?1é'"3e¡~f¥§XJvkAÏ`²§�½ã�¬��Ǒ7× 7§ã�¬��I���Ǒ51× 51§�Ø�N=Ýëêǫ��Ǒ5.0"

4.5.1 3äkJ�>Æ�)¤~fþ�'�¢�ã4-6�«
3)¤�äkJ�>Æ�ã�þ�W¿L§Ú(J"Ñ\ã�´d^G«nÚ²w«n�¤§�üa«n�m�3J��>Æ£=d<¤���>Æ¤"ã4-6�þ�1Úe�1©O�«
·��W¿�{ÚCriminisi�W¿�{
[115, 124]?1ã�W¿�¥m(JÚ�ª(J"3Criminisi�Äu~f�W¿�{¥§ã�¬�`kÝ½ÂÄuisophote��Ú��«�>Æ{����SÈ"Xã4-

6�1�1Ǒ~§÷X^G«n���Ǒisophote��§3"�«�mþÆ§"�>.�isophote��R�§Ïdäk�p�`kÝ"d1�1��§ã�"�«�lmþÆm©Åì��eÆW¿§����W¿(J¥§^G«n*Ñ�
²w«n«�S§Xã4-6(f)eã"·��{�ã�W¿L§Xã4-6�1�1¤«"du?uJ�>Æþ�ã�¬äk�ǑDÕ���ã�¬�q5§Ïd`kÝ��§§��`k/�À�?1ã�¬W¿"*	·��{�ã�W¿L§µ�éu?u«nSÜ�ã�¬§÷XJ�>Æ�ã�¬��¯��W¿§��ã�(��ku«nW¿�."du·����
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4基于图像块稀疏性先验的图像填充算法

a b c d e f

图 4-6 图像填充过程比较。图像块大小取为11× 11。第一行和第二行分别展示

了我们的算法和Criminisi的基于例子的算法 [115, 124]的图像填充过程。(a)输入

的具有缺失区域的图像。(b)-(e)算法填充过程的中间结果，可见随着算法进行，

缺失区域逐渐被填充。(f)最终的填充结果。

图像块的局部一致性，所填充的图像块不会出现与其周围图像块差距过大的现象，因

此在Criminisi的算法结果中出现的位于矩形框内的错误并没有在我们的算法结果中出
现。

4.5.2 填充算法实验―应用于划痕和文字移除

现在将填充算法应用于划痕和文字填充，并与其他典型的填充算法进行性能比

较。首先与基于扩散的填充算法进行比较。基于扩散的填充算法可以很好地恢复图像

划痕和文字移除区域的图像结构，但其缺点在于不能很好地填充纹理较强的区域。

(a) 待填充图像 (b) 基于扩散填充算法[3]结果 (c) 所提出填充算法结果

(a)
(b)
(c)

图 4-7 与基于扩散的填充算法比较。(a)输入的待填充图像。(b)基于扩散的填

充算法[3]的结果。(c)我们填充算法的结果。基于扩散的算法能很好地填充纹理

平滑的划痕区域，但不能很好地填充纹理较强的区域。例如矩形框内的图像块

（最右侧一列为其放大显示），基于扩散的填充结果过于光滑，而我们的结果

可以很好地恢复皮毛的纹理。
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ÜS�Ï�ÆÆ¬Æ Ø©Xã4-7¤«§·�'�
¤JÑ�#�{�Äu*Ñ�W¿�{[3]"dA^¥�w�§Äu*Ñ��{Ué�/W¿«n²w�yè«�§�ØUé�/W¿«n�r�«�"~XÝ/µS�ã�¬£�mý��ǑÙ��w«¤§Äu*Ñ�W¿(JLu1w§
·��(J�±é�/¡E�f�«n"e¡ò�Ù§Äu~f�ã�W¿�{?1'�"·�ò�Xe�{?1'�µã�(��«n©OW¿�{[114]!Criminisi�Äu~f�W¿�{[115]

[124]ÚWong�Äu~f�W¿�{[117]"ã�(��«n©OW¿�{Ä�g�´òã�©)Ǒ(��Ú«n�§(��ÏLÄu*Ñ�W¿�{W¿[114]¶
«n�ÏL«nÜ¤��ª?1W¿[113]"3¢yT�{L§¥§·�^Criminisi�Äu~f�W¿�{?1«nW¿§T�{`u�©[114]¥¤æ^�«nÜ¤�{[113]"Criminisi�Äu~f�W¿�{[115, 124]ÚWong�Äu~f�W¿�{[117]þÏLã�¬*Ñ¢yã�W¿§ØÓ3uµ
öæ^����~fã�¬?1W¿¶
�öæ^õ�~fã�¬�Non-localþ�?1ã�¬W¿"ã4-8�«
é;.5�~f?1A^�'�(J§
n�~fA^uyè£Ø§�ü�~fA^u©�£Ø"1�1�«
�©�Ñ\ã�§3Ù�1¥§1��ǑÑ\�äk"�«��ã�§1���1Ê�©O�«
(�Ú«n©OW¿�{�?n(J[114]!Criminisi�Äu~f�W¿(J[115, 124]!Wong�Äu~f�W¿(J[117]Ú·��{�?n(J"·�^"�«�¥SW¿(J��©��ã��m�¸�&D'(Peak Signal to Noise Ratio, PSNR)½þÿÝã�W¿�þ"
Criminisi�W¿�{£Xã4-8(c)¤�±�)bzÝép�W¿(J"�´du�^
������~fã�¬?1W¿§Ïd(JØ­è§3(J¥�)
éõØg,�P{(�"~X§3ã4-8(c)�1�11n��(J¥§äZþÑyP{�ä{(�§
T(�3�©��ã�¥Ø�3"Wong�W¿�{£Xã4-8(d)¤du�^
õ�~fã�¬�|Ü?1ã�¬W¿§Ïd�{�Ǒ­è§W¿(J��"~X§þ¡J��P{�ä{(�3Wong�W¿�{(J¥²w�f
"(��«n©OW¿�{�±é�/¡Eã��(�Ú«n§��)ép�PSNR�"�´§T�{�(J3ã�(�þ�)�½��
�A§T�A3©Ù[115]Ǒ�*ÿ�"éu·���{§Äkã�`kÝ½Â�Ǒ­è§
�õ�~fã�¬ÏLDÕL�g·A|Ü�÷v¤W¿ã�SN�±�ã�SNäk��5§ÏdW¿(J��§�äk�p�PSNR�"
4.5.3 ã�¬DÕ5éW¿5U�J,e¡·��yã�¬DÕ5éÄu~f�ã�W¿�{�5UU?§S"�Ù©OJÑ
(�DÕ5Úã�¬DÕL�©O)ûÄu~f�ã�W¿�{¥�ã�¬À�Úã�¬W¿ü�Ä�¯K§Ǒ�y¤JÑ�üaã�¬DÕ5éW¿5U�KǑ§·�òéXe�{?1'�µ£1¤²;�Äu~f�W¿�{ [115, 124]§=(ÜÄuisophote�ã�¬`kÝ?1ã�¬À�Ú���ã�¬?1ã�¬W¿��{£PǑCrim¤¶£2¤U?ã�¬À�§=æ^Äu(�DÕ5�`kÝ?1ã�¬À�§�E^���ã�¬?1ã�¬W¿��{£PǑSparCrim¤¶£3¤U?ã�¬W¿§=æ^ã�¬DÕL�?1ã�¬W¿§�E^Äuisophote�ã�¬`kÝ?1ã�¬À��W¿�{£PǑCrim Spar¤¶£4¤U?ã�¬À�Úã�¬W
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4Äuã�¬DÕ5k��ã�W¿�{

§¨©ª « ¬­®¯° ±²³´µ¶·²³´²¸·²³´¶µ¹ §¨©ª º »¼½¾¿ ±À²´²¶·À¸´¶Á·À¸´ÂÃ¹ §¨©ª « ÄÅ®­­ ±ÀÀ´µµ· ÀÆ´µÁ· ÀÁ´Á¸¹

ÇÈÉ ÇÊÉ ÇËÉ ÇÌÉ

§¨©ª « Ä¬®ÍÍ ±À²´¸Á· À²´ÃÀ· À²´ÂÁ¹ §¨©ª« ÄÅ®ÅÄ ±ÀÀ´¸µ· ÀÆ´ÃÃ· ÀÁ´ÆÀ¹ §¨©ª « ÄÅ®ÍÍ ±ÀÆ´¸¶· ÀÆ´ÃÆ· ÀÆ´ÂÆ¹

§¨©ª « ÄÅ®¯Î ±ÀÁ´²³· ÀÆ´³Ã· ÀÀ´¶Á¹ §¨©ª « Ä¯®Í° ±ÀÁ´Â¸· À¶´¸³· ÀÆ´µÁ¹ §¨©ª « Ä°®°° ±ÀÃ´µÃ· ÀÃ´ÂÂ· ÀÃ´Á¶¹

§¨©ª « ¬Ï®̄ Î ±²Ã´µÃ· ²µ´Æ¸·²Â´¸Â¹ §¨©ª« ÄÎ®¯Ï ±À¸´²µ· À¸´²Ã· À²´¸Â¹ §¨©ª « ÄÎ®Í° ±À¸´¶Æ· À¸´Æ¸· À¸´Â²¹

§¨©ª « Ä¬®Ä¬ ±À²´²³· À¸´¶¸· ÀÀ´¸³¹ §¨©ª « Ä¯®ÏÎ ±ÀÁ´¸À· ÀÁ´ÃÀ· À¶´¶À¹ §¨©ª « ÄÍ®Í° ±À¶´µ³· À¶´²µ· À¶´Ã¸¹

ÐÑÒÓÔÕÖ× ØÙÚÛÜÝÞßàÕáâ ØÙÚÛ ÜÝÝãàÕáâ äåÕáâ

ÇæÉ

ØÙÚÛ ÜÝÝßàÕáâ

çèéê

§¨©ª « ÄÍ®Ä¯ ±À¶´³Ã· ÀÁ´Ã³· À¶´ÆÆ¹

§¨©ª « Ä°®ÄÅ ±ÀÃ´¶Ã· ÀÃ´Á¶· À³´Ã²¹

§¨©ª « ÄÄ®°° ±ÀÀ´¶À· ÀÀ´ÃÃ· ÀÆ´¸À¹

§¨©ª « ÄÎ®Î° ±À¸´²À· ²Â´µµ·À¸´À²¹

§¨©ª « Ä¬®°¯ ±À²´³²·À²´³Á·À²´ÂÂ¹

ã 4-8 W¿�{3�ØyèÚ©iA^¥�5U'�£~fǑçÚã�¤"±PSNR�ǑÿÝ§Ó�ÿÝçÚã�PSNR�Úz��ÚÏ��PSNR�£3)ÒSw«¤"1�1Ǒ�©ã�§1�1�181���©OǑ�W¿ã�!(��«n©OW¿�{�(J [113]!Criminisi�Äu~f�W¿(J [123]!Wong�Äu~f�W¿(J [115]Ú·��W¿(J"
69



ÜS�Ï�ÆÆ¬Æ Ø©¿§=æ^Äu(�DÕ5�`kÝ?1ã�¬À�§�æ^ã�¬DÕL�?1ã�¬W¿�W¿�{£PǑSpar¤¶£5¤WongJÑ�U?ã�¬W¿�{§=æ^Äuisophote�ã�¬`kÝ?1ã�¬À�§�æ^õ���ã�¬�Non-localþ�?1ã�¬W¿��{£PǑWong¤"L 4-1 ÄuØÓa.�ã�¬À�Úã�¬W¿�{�ã�W¿5U£±PSNR�ÿÝ¤"�{ Wong Crim CrimSpar SparCrim Spar

(a) 20.89 16.47 24.48 18.22 23.66

(b) 20.48 18.40 20.31 18.81 20.57

(c) 23.32 21.55 22.65 21.69 23.55

(d) 24.57 23.40 26.12 25.64 26.46

(e) 24.80 21.21 25.07 23.31 25.77²þ� 22.81 20.21 23.73 21.53 24.02L4-1�Ñ
A^þã5«�{3ã4-8¥5�~fþ�W¿5UPSNR�"dL��§�²;�Äu~fW¿�{ǑÄO§éuSparCrim�{§duæ^
Äu(�DÕ5�`kÝ?1ã�¬À�§W¿(J�éu²;�{äk�p�PSNR�¶éuCrim Spar�{§æ^
Äuã�¬DÕL��ã�¬W¿§W¿(J�PSNR�Ǒ�`u²;�{�(J§Ó�Ǒ`uSparCrim�{�(J¶éuSpar�{§æ^(�DÕ5Úã�¬DÕL�©OU?
ã�¬À�Úã�¬W¿§W¿(J²þ5U�p¶
éuWong�Äu~f�{§duU?
ã�¬W¿�{§��W¿5U�éu²;�{k
²w�U?§�²þ5U$uCrim SparÚSpar�{�(J"ù`²Äuã�¬DÕL��ã�¬W¿`uõ�~fã�¬Non-localþ��5U"
4.5.4 W¿�{¢�)A^uÔN£Ø��!ò�éÔN£ØA^'�·���{�®kÄu~f�W¿�{�5U"ÔN£Ø´�«­��ã�?6?Ö§8�´ò¤a,�ÔNlã�¥£Ø§¿éã�þ¤3e�"�«�?1W¿"ã�W¿�{3ÔN£Ø¥�A^3uéÔN£Ø�¤3e�"�«�?1W¿"duÔN  Óâã���¡È§ÏdW¿Ta"�«�äké��℄Ô5"Xã4-9¤«§1��Ú1��Ǒ�©��ã�Ú£ØÔN�¤3e�ã�§1n��1Ê�©OǑCriminisi�W¿�{(J!Wong�Äu~f�W¿�{(JÚ·��W¿�{(J"3Criminisi�{�W¿(J¥§¤W¿�ã�SN�Ù±��ã�«nØ��§~X31��~f¥�ä«nÑy3Y«n¥§
1o�~f¥�ú/«nÑy3ñ�«n¥"ù«y��)��Ï´µæ^�����~fã�¬?1W¿�{­è�ínÑ���ã�«n½ö(�"Wong��{�^õ�~fã�¬�²þã�¬?1ã�W¿§Ù(J3yèÚ©i£ØA^þ®²�«���(J"3W¿�¬�£Ø«��§T�{äk'���­è5§~X

70



4Äuã�¬DÕ5k��ã�W¿�{

ëìí îïðñ ëòí óôõö÷øðñ ëùí úûüýþÿ�ø
� ë�í úû üýý��ø
� ë�í��ø
�ã 4-9 ÔN£ØA^�W¿�{5U'�"(a)�©ã�"(b)ÔN£Ø��ã�"(c)-(e) Criminisi�W¿�{[123](J!Wong�W¿�{[115](JÚ·��W¿�{(J"·��{¤W¿�ã�SN�Ù±�ã�SNäk�����5"3CriminisiW¿(J¥Ñy�ã�SNØ��5¯K3T�{(J¥���f"�T�{�)²w�L1w�A"3·���{(J¥§du�å
ã���&E��5§Ïd¤W¿ã�SN�Ù±�SNäk�����5¶Ó�§duDÕ5�å§�kDÕê8�~fã�¬éã�¬��5L�k�z§ÏdW¿(Jé��)L1w�A"
4.5.5 �Ù§ÄuDÕ5�ã�W¿�{'�·��ò¤JÑ��{�Ù§ÄuDÕ5�W¿�{?1
'�"�·�JÑ�ã�¬DÕ5ØÓ§± ÄuDÕ5�W¿�{�Ä��{´é��ã�½�ã�«�£
Ø´��ã�¬¤?1DÕL�§Ä¼êǑã�L��C�8Ü"Guleryuz

[122, 123]JÑÏLéã�?1g·A�DÕ�5L�5¡EÙ¥���«�§Ùg·ANy3ØäS�/�#ã��DÕL�±9L�Ä�8Ü"Elad�< [120]�O
�«U?��{§=òã�ÏLMorphological Component Analysis (MCA)�{©)Ǒ«nÚ(�üÜ©§©OéüÜ©^Ø�N�ü�Ä8Ü?1DÕL�"
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ÜS�Ï�ÆÆ¬Æ Ø©Ǒ?15U'�§·�l�öÌ�þe1
Guleryuz��{1ÚElad��{2�
§S§¿A^u¿�ã�¬�SNW¿"éuGuleryuz��{§·�^ã��lÑ{uC�£Discrete Cosine Transform¤�ǑÄ?1DÕL�§C�¬��Ǒ16× 16"éuElad��{§·�$1MCALab¥�è?1«n/(�©) [19]Úã�W¿"��«n��ÄǑÛÜlÑ{uC�£C�¬��Ǒ32× 32¤§
(���Äæ^curveletC�£5«©EÇ¤"

PSNR = 16.65 PSNR = 16.27 PSNR = 28.45

PSNR = 20.41 PSNR = 22.42 PSNR = 23.53

PSNR = 18.39 PSNR = 19.20 PSNR = 23.07

PSNR = 16.46 PSNR = 19.01 PSNR = 20.87

(a) ������	 (b) 
�[122]��� (c) 
�[119]��� (d) ����� (e) ���	ã 4-10 �ÄuDÕ5�ã�W¿�{'�"1��Ǒ�k"�ã�¬�Ñ\ã�§1���1o�ã�w«Guleryuz�W¿�{ [123](J!Elad�W¿�{
[120](JÚ·���{(J§����w«�©ã�§W¿5U^W¿(J�é�©ã��PSNR�ÿÝ"ã4-10w«
�{A^u�k¿�¬�ã�W¿¯K"1��Ǒ�k"�ã�¬�Ñ\ã�§1���1o�ã�w«Guleryuz�W¿�{ [121–123](J!Elad�W¿�{ [120](JÚ·���{(J§����w«�©ã�§W¿5U^W¿(J�é�©ã��PSNR�ÿÝ"�X©Ù [121]¤�Ñ§Guleryuz�W¿�{�±é�/W¿��ã�¬SN£Ø�L16 × 16¤"�´éuã4-10¥�~f§¿�¬«���§T�{ØU°(W¿"Elad��{U?
Guleryuz��{�W¿(J§ù´ÏǑ

1http://eeweb.poly.edu/%7Eonur/source.html
2http://www.greyc.ensicaen.fr/ jfadili/demos/WaveRestore/downloads/mcalab/Home.html
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4Äuã�¬DÕ5k��ã�W¿�{ã�«nÚ(��©)�©O?1DÕL�"�´éuE,�(�§~X1��~f¥�(�vk�°(W¿"
4.5.6 |ÜXê�Ú�å�7�5Ǒw«ã�DÕL�¥|ÜXê�Ú�å(úª(4-12))�7�5§·��«
��~f±'�©O�kÚØ�k|ÜXê�Ú�å�ã�W¿(J"ã4-11(a)Ú(b)©Ow«
�kÚØ�kT�å�W¿(J"dã4-11¥(b)��§"��ñ�«n�W¿\éV�«n§=¤W¿�«n��Ý�±��ÝØ��"
3�åDÕ�5|ÜXê�ÚǑ1��§��ué|Ü(J��Ý��?1
�å§�ÙØ¬L���Ñ~fã�¬��Ý��§ÏdW¿(J�g,§Xã4-11(a)"

(a) 带有组合系数求和约束的结果 (b) 不带组合系数求和约束的结果ã 4-11 �kÚØ�k|ÜXê�Ú�å�ã�W¿(J'�
4.6 �(�ÙJÑ
�«#�Äuã�¬DÕ5�W¿�{§¿¤õA^uyè/©i�Ø!ÔN£ØÚ"�¬W¿"Tó��M#�?3uµ·�ïÄÚu�
�«#�g,ã�DÕ5k�§=ã�¬DÕ5k�§¿òTk�A^uã�W¿�{�O¥"Tó��ïÄg´5
uC
5<�ég,ã�ÚO!DÕL���þÄ:ÚA^5ïÄó�"¤JÑ�ã�¬DÕ5�)(�DÕ5Úã�¬DÕL�üÜ©"(�DÕ5Äuù��k�µ?u(�þ�g,ã�¬�Ù��ã�¬��q5�©Ù�ǑDÕ§Ïd(�DÕ5�r�ã�¬��U uã��(�þ",��¡§ã�¬DÕL�ÄuXe�k�µg,ã�¬�±d®�ã�¬�8Ü�DÕ�5|Ü?1L�"Xþü«DÕ5�©O^u)ûÄu~f�ã�W¿�{¥�ü�'�¯Kµã�¬À�Úã�¬W¿"¢�L²µ�²;Äu~f�W¿�{�'§·��W¿�{�±�­è/«O(�Ú«n§¿�¤W¿�ã�SN�±�SNäk�����5¶�± ÄuDÕ5W¿�{�'§·���{�±��/W¿���"�SN§
�W¿(JbzÝ
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ÜS�Ï�ÆÆ¬Æ Ø©p��Ǒg,"3e�Ú�ïÄó�¥§·�ò'5XÛ?�Úu÷Äuã�¬�g,ã�k�§?
A^uã�W¿!�©EÇÚ«nÜ¤"
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5Äuð1k�ÚMRFk�ï��
µÚ�µ©��{
5 Äuð1k�ÚMRFk�ï��
µÚ�µ©��{

5.1 Úóã�©�´O�ÅÀú¥���Ä�¯K§ïÄXÛòã���:?1­#àÜ§±��¥�Àú&EL�§¿A^u?�Ú�ã�?n½n)"XÛéüÜã¡?1gÄ�
µ£ål�ÅC�a,�ÔN¤Ú�µ£
µÔN���|µ¤©�´���~äk℄Ô5�¯K"lêâ�÷ÆÝ5w§ã�©��±ÀǑé��AÆ�àa!©a½�iÒ©a§8�´ò��:?18a§�äz���:�aO&E§~X§éu
µ/�µ©�¯K§=�Oã����:´áu
µa�´�µa"¢y
µ/�µ©���küaÄ��{"1�a�{´�pªã�©��{
[92, 137, 138]"T�{#N^rÏL�pªóä{�IPÜ©��:�aO§,�ÏL®²I½���:ÆSÙ��I½��:�aO"Ta�{æ^Äuã£Markov�Å|¤��iÒÆS�{?1
µ/�µ©�",�a�{KÜ�õ�ã�AÆ&E½ö�^�õ�ã�£~XÀª¤?1©�"ã�AÆ&E�)$Ä&E [139–142]§áNÀú&E [143]§N\1ì&E [144]§½öb��µ®�½ö·� [145]�"��5`§|^õÜã��©��{�±����!�°��(J [146, 147]"�´Ǒ
�©��{�Ǒ¢^§·�Ï"4�z¤I��ã�ê8§Ó���°(�ã�©�(J"�Ù§·�JÑ�«¢^�p�þ�
µ/�µ©��{"T�{�Ñ\Ǒ�éã�§=éÓ�|µ§©Oméð1�Ú'4ð1�¤û���éã�§·�¡ù��ã�Ǒmð1�ã�£flash image¤Ú'ð1�ã�£flash-off image¤"ã 5-1w«
��;.~fµg,|µd<£
µ¤Ú�µ�¤§�
µ��µäk�½�ål"©O'/mð1�û��éã�§Xã 5-1(a)(b)"5¿µdu
�û�üÌã�äk�½��mm�§Ïddu�Å$ÄÚ|µ$Ä�KǑ§üÌã�¿Ø´Å:éà�"·��8I´±ùéã�ǑÑ\¢ygÄ�
µ©�"éT|µ?1üÜã��gÄ©�A�´Ø�U�§ù´ÏǑ
µ/�µ��Ú©Ù½ö«n�&EÑ�{��«O
µÚ�µ"�´|^Xþ����éã�§·��±¢y°(�
µ/�µ©�"·�*	�µ3ð1��^e§
µÔN�¿©ð1§�ÝO�¶
�µduål
µ'��§Ïd�ÝÉ�ð1�KǑé�"ù�*	�S3�Ï´µð1��ð1Uþ�Xål�O�¯�eü£�ål�²�¤�'¤"Ïdð1�&E�·�Jø
��­��k�&E§�±«O
µ��µ¶,��¡§ã�©�¯K�­�k�&E´��:©�IP£�LaO¤äk1w5§·�ò^MRF(Markov random field)é1w5?1ï�"u´§¤JÑ�gÄã�©��{òÌ�A^Xeü«­��k�µ

• ð1k�µ�
µ/�µÔNäk�½ål�§ã�
µÔNÉ�ð1��KǑ���u�µ¤É��KǑ¶
• 1w5k�µã����
µ/�µIPäk1w5§=����:äk�q�IP"
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ÜS�Ï�ÆÆ¬Æ Ø©Äuþãü«k�&E§·�ò�O�«#�gÄ
µ/�µ©��{—ððð111©©©������{{{£flash cut¤"ð1©��{ÏLï�ð1k�&EÚ©�IP1w5k�§¿KÜ$Ä&EÚ�Ú©Ù&E¢ygÄ�
µ/�µ©�"·�ÏL�Û�Ú��ãéð1k�&E?1ï�§
ÏLGibbs©Ùé©�IP1w5k�&E?1ï�"3Markov�Å|µee§·�òJÑ
µ/�µ©�Uþ�.§¿ÏLGraph cut�{?1`z§
ò�.`z(J�Ǒ©�(J"ù��{�`³´µé�ÅÚÔN�$Ääk°�5§��±A^�äkä7/sú�E,
µ(��ã�©�¯K¥"Ïd§#�{�.¢y
��¢^!{ü�gÄ
µ/�µ©�Eâ§�¢y|^�kð1��[^�Å?1p�þ�
µJ�"Xã 5-1(c)(d)¤«§·���{¢y
°(�
µ/�µ©�(J§¿ò�ã�µO�Ǒ#��µ"
��� ������ �!� ����� �"� #$%&'()*+, �-� #$%&'()*+,ã 5-1 �Å©O'/mð1�ëYû��üÜã��
µ/�µ©��O��µ�(J"(a)�mð'��ì¡"(b)méð1��ì¡"(c)(d)A^
µ/�µ©��{?1©�¿O��µ�(J"

5.1.1 �'ó�C
5§ð1��'Eâ´O�ÅÀúÚO�Åã/ÆïÄ¥���­���"ð1�Eâ®²�A^u)¤p�þã�£~Xã�Or¤[31]!�µ�ØÚflash-exposureæ� [63]§±9ã��D![!=£!x²ï!ùú�Ø�ã�?n¯K [32]"�^õð1¤�Eâ§|^ð1�¤�)�ÒK��±^uuÿ�Ý>Æ
[148]ÚáNÀúO� [28]"�·��ó���C��{´flash matting [29]�{§3T�{¥§ð1&E�A^u�)p°Ý�ã�^©�"�´§T�{��Ñ\�m/'ð1�ã�é´Å:éà�§=�ÅÚ|µ´·��§
·���{é�ÅÚÔN�$ÄÑäk°�5§Ïdäk�r�¢^5"
5.2 ð1©��{�!òïáð1©��{�Uþ�."Äk0�ð1�¤��."

5.2.1 ð1¤��.b½ð1�Ǒ:1
�1
rÝǑL§�m¥,ÔNL¡þ��:ÉÙË��UþrÝǑ
E = L · ρ · r−2 · cosθ, (5-1)
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5Äuð1k�ÚMRFk�ï��
µÚ�µ©��{Ù¥§ρǑ�½ð1�ÆÝÚ*ÿÆÝe§:¤3L¡���5��©Ù¼ê£Bidirectional Reflectance Distribution Function§BRDF¤§rǑ:�ð1��ål§θǑð1��ÚL¡{����YÆ"��§ð1��rÝ�Xålr�O\×�ü$"Tó�¥§·�b�|µ¥�µ�Ú
µ�äk�½�ål"3Tb�e§
µ��Ý¬wÍ/É�ð1��KǑ§
�µÉ��KǑ¬é�§~Xã 5-1(a)Ú(b)¤«"duð'�é
µ/�µKǑ�wÍØÓ§Ǒ·�Jø
ér�k�&E^u
µ/�µ©�"
5.2.2 ©�Uþ�.
µ/�µ©�¯K�±ï�Ǒ�aIP¯K"�½ü�Ñ\ã�µmð1�ã�If½ö'ð1�ã�Inf§8�´éã�¥�?¿����:p?1IPµxp ∈

{�µ(= 0),
µ(= 1)}"·�^Markov�Å|µe?1ï�µ=òã���:�Ǒ(:£Vertice¤§¿ò����:���'X�Ǒ(:�m�>£Edge¤"�ïãG = (V, E)§Ù¥VǑ(:8Ü§EǑ>8Ü"Pz�!:Ǒ�ÅCþXp§Ù��xpǑ1½ö0§�oX = {Xp}p∈ΩR
�¤�Å|§
x = {xp}p∈ΩR

Ǒ�Å|X�*ÿ§?�Úb�µ
(1) P (x) > 0,

(2) P (xp|x− {xp}) = P (xp|xN(p)),Ù¥§N(p)Ǒ��p���"3Tb�e§�Å|XǑMarkov�Å|"�âHammersleyÚClifford½n§�Å|X÷vGibbs©Ùµ
P (x) =

1

Z
exp(−

1

T
E(x)), (5-2)Ù¥,ZǑ�5zëê§TǑ§Ýëê§E(x)Ǒ½Â3�Å|þ�Uþ¼ê"½Â��Markov�Å|§�oE(x)äk/ªµ

E(x) =
∑

p

Ed(xp) + α
∑

p<q

Es(xp, xq), (5-3)Ù¥§EdǑ½Â3��þUþ�£¡Ǒêâ�¤§
Es(xp, xq)Ǒ½Â3����:þ�Uþ�§ï�����IP�1w5"
µ��±ÏL3ã�©�IP�m{x = {xp}p∈ΩR
; xp ∈ {0, 1}}¥4�zGibbs©ÙP (x)§=4�zUþ¼ê(5-3)��"ëêα��^3u²ïü��m�KǑ§3¢�¥§·���TëêǑ30"1w�Es(xp, xq)^u�å����pÚq�IP���5§½ÂǑ

Es(xp, xq) = |xp − xq| · exp(−β||Ip − Iq||
2), (5-4)Ù¥§β = (2〈||Ip − Iq||2〉)−1 [90]§〈·〉ǑÏ""êâ�Edï�

µþ�ð1�A§$ÄÖ���µ�±9����Úq,�§§dXen��¤µ

Ed(xp) = γfEf(xp) + γmEm(xp) + Ec(xp), (5-5)Ù¥§γfÚγm3¢�¥��Ǒ10"
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ÜS�Ï�ÆÆ¬Æ Ø©
• EfǑ
µ�§ï�

µð1k�&Eµ�ÝÉ�ð1�r�KǑ���:��UǑ
µ"T�^ã���Ú©Ù��ã�Cz?1ï�§�Ǒ
µ©����­���Û5�¢"
• EmǑ�µ�§ï�
$ÄÖ���µð1k�&Eµã�é�±é�����ÝÄ�ØÉð1�KǑ���:��UǑ�µ"TUþ��Ä
ð1Ú$Ä&E"
• EcǑ�Ú�§©Oï�

µÚ�µ�Ú�©Ù§T©ÙÏL·Üpd�.ïá"

5.3 Uþ�.�[0��!¥§·�ò©O�[0�±þn�Uþ��ï�"
5.3.1 
µUþ�·�ÏL©Ûmð1�ã�/'ð1�ã�é��Ú©Ù5ï�ð1�é
µ�KǑ"duæ^�Ú��ã?1ï�§ÏdT�Ǒ�Û5�¢§é���Å$ÄÚÔN$Ääké��°�5"-Hf = {hf

k}ÚHnf = {hnf
k }©OǑmð1�ã�/'ð1�ã��RGBn��Ú��ã©Ù"hf

kÚhnf
k ©OǑá3ü��ã1k�bin¥����ê"XJhnf

k > hf
k§`²?u��ãHnf¥�,
��É�ð1�KǑ
£���ãHf¥äk�p�Ý�bin¥"Ïd§3'ð1�ã�¥§?u��ãHnf¥�ù«��äkép��U5´
µ��"aq/§éumð1�ã�If§XJhf

k > hnf
k §K¿�X,
��É�ð1KǑ
á\��ãHf¥1k�bin¥"Ïd§3mð1�ã�¥§?uTa��ã¥���äk�p�U´
µ��"·�òÏLéã�é¥���p½Âð1'Ç£flash ratio¤5�.zù«*	µ

rfp = max{
hf
kp
− hnf

kp

hf
kp

, 0}, (5-6)

rnfp = max{
hnf
kp

− hf
kp

hnf
kp

, 0}. (5-7)Ù¥§kpǑ��p¤3��ãbin�eI"ð1'Ç��§`²��p�k�Uáu
µ"ã 5-2w«
��1�~f±`²ð1'Ç�¿Â"ã 5-3(b)w«
m/'ð1�ã�é�ð1'Ç§���Lð1'Ç�p"du��ãǑ�Û5ÿÝ§Ïdð1'Ç¿����("~X§3'ð1�ã�¥�/¡Ü©£?u�µ¤���Ǒäk�p�ð1'Ç§ù´ÏǑÙþ�Ú�
µ¥<��Ô�Úé�q"üÜã¥çÚúºþäk�$�ð1'Ç´ÏǑçÚÔNdu�15$
É�ð1KǑé�"Äuð1'Ç§·�½Â
µUþ�
Ef (xp) =

{

0 , xp = 1
1

1−ζ
[max{rp, ζ} − ζ ] , xp = 0

. (5-8)
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5Äuð1k�ÚMRFk�ï��
µÚ�µ©��{
.//

0/

.0/

1/

2/

0/

0/

.//

1/

1/

.3/

0/

r = 0.80

r = 0

r = 0.67

r = 0

r = 0

r = 0

r = 0

r = 0.80

r = 0

r = 0

r = 0.62

r = 0

关闪光灯图像颜色直方图 h
45

开闪光灯图像颜色直方图 h
5

ã 5-2 m/'ð1�ã�é�ð1'Ç«¿ã"±���Ý��ãǑ~§éuz���ã§�?ue��bin�Ý��§
bin��Ý�N?uTbin¥���ê8��"��ã�àw«ð1'Ç"éu�þ�bin§3'ð1�ã���ã¥ªêǑ100§
3mð1�ã���ã¥ªêǑ20§Ïdð1'Ç= (100-20)/100 = 0.80"ù`²µ80����ð1�:�¿=£�
Ù§bin¥"Ù¥§ζǑ°�5ëê§��Ǒ0.2§Tëê�­�53uµXJrp�uζ§·���UIP��pǑ
µ§ÄK§·�vkAO���5òT��IPǑ
µ½ö�µ"ÏdTUþ�Jø
��'��Å�
µ�O"
678 9:;<=>?@A 6B8<=CD 6E8 FGHIJKL 6M8 NOPQR 6S8 TUVWã 5-3 m/'ð1�ã�é©��¥mÚ�ª(J"(a)Ñ\ã�é"(b)ð1'Ç"(c) SIFTAÆ:éA(þã)��µSIFTAÆ:éA(eã)"(d)�µ�U5"(e)©�(J"3(b)(d)¥§����¿��U5��"

5.3.2 $ÄÖ���µUþ�b�·�®²��
�éã��È�$Ä|m = {m(p)}§��'ð1�ã�InfÚmð1�ã�If�±Å:O(��"�o§Inf¥��:pÚÙ3If¥���:p′ = m(p)�m��Ý�Ǒµ
△Ip = If

m(p) − Infp = Ifp′ − Infp . (5-9)
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ÜS�Ï�ÆÆ¬Æ Ø©·�½ÂT�Ý�Ǒððð111���ÝÝÝ���(flash difference)"du·�b�^r3û�ã�é�ål�µ'���üÜã�ëYû�§Ïd�µ�ÝCzé���m��"·��±Ün/ò�µ���ð1�Ý�ï�Ǒpd©ÙN(△Ip|µ, σ2)§þ�Ǒµ���Ǒσ2"Ïd§·�½Â��páu�µ�VÇǑµ
pb(x) = exp(−σb(△Ip − µ)2). (5-10)·��½σb = ln 2/(3σ)2§��?uþ�±�±3σ���ð1�Ý�äk�p��U5?u�µ(�U5≥ 0.5)"·�¡pb(x)Ǒ�µ�U5§Xã 5-3(d)Ǒ~"�ª§Uþ�Em(xp)½ÂǑµ
Em(xp) =

{

2max{pb(xp), 0.5} − 1 , xp = 1

0 , xp = 0
. (5-11)|^T½Â§Em(xp)��5z�[0, 1]�m§éumð1�ã��Uþ��±aq½Â"3þ¡½Â¥§·�b½ëê{µ, σ2}´®���$Ä6mǑ´®��"y3§·�£ãXÛ�Où
ëê"

1. ëëëêêê���OOO·�ÏL©Ûã�é�AÆ:5éëê{µ, σ2}?1�O"ÄkéüÌã�©O?1AÆJ�£SIFTAÆJ� [149]¤§¿^�C���é�üã����:8Üµ�k�AÆ:�Ù���AÆ:�ålÚg��AÆ:�ål'�u0.6�§AÆ:éǑ­½��§�ÏLV���é�z�AÆ:�����:£�¤ü�'X¤"ã5-3(c)w«
ã�é���AÆ:§�ãüà:©OǑm/'ð1�ã�þ���AÆ:"�½­è���AÆ:é§·��EAÆ:�éuð1�Ý�©Ù£^��ãL�µÿÝäkØÓð1�Ý���AÆ:éê8¤"3�õê�¹e§==ké�½övk��AÆ:é?u
µ«�§ù´du
µ�Ý/«nÉ�ð1��KǑ
�{��§Xã 5-3(c)¤«"�3AÏ�¹e£~X
µAÆÉ�ð1��KǑǑØ´é�¤§¤���AÆ:é=5g
µǑ5g�µ"~X§ã 5-4(b)¤«�©Ùã§du¤���AÆ:é=5g
µǑ5g�µ§Ïd��:é�ð1�Ýäkõ¸�A:"Ø+©Ù´ÄäǑü¸§·��'%1��¸§T¸éAu�µ��:é§

ã 5-4 m/'ð1�ã�é��AÆ:�ð1�Ý���ã§X-�IǑð1�Ý�§Y-�IǑ��:ê8"(a)äkü¸�©Ù"(b)äkõ¸�©Ù"ëêµ�±ÏL1��¸��O§�TǑµmý�1��ÛÜ4��"
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5Äuð1k�ÚMRFk�ï��
µÚ�µ©��{ð1�Ý�þ�µ�OǑ��ã1��ÛÜ4��¤éA�ð1�Ý"ð1�Ý���σ2^ð1�Ý$uT���:é�ð1�Ý?1�O§Ù¥TǑµmý1��ÛÜ4��¤éA�ð1�Ý§Xã 5-4"
2. $$$ÄÄÄ���OOOdu�F"�O�µ�$Ä§·�Äkòð1�Ý�uT���:é�Ø§,�^�e��µ��:é�O�µ$Ä|"~X§ã 5-3(c)Ú5-5(d)w«
�µAÆ:��"��µǑ·�½ål�Åv
�§~Xã 5-7(a)Ú(c)§·��±^�Û�$Ä�.£homography½öaffine$Ä�.¤5ï��µ$Ä§¿�±��ÏL��:éO��A�Û$Ä�."�´§�Û$Ä�{ï��µÔN$Ä!»�Û­��¹§~Xã5-5¥äkÄ�$Ä��µ"ù
�¹e§·�I��O�«ÛÜ°[���{?1ã���£=�O$Ä¤"±'ð1�ã�Ǒ~§ÏLé��AÆ:é�lÑ$Ä|����OÈ��µ$Ä|m

0§���æ^g·AÛÜ��£8£Adaptively Locally Weighted Regres-

sion§ALWR¤�{ [149]"��:�m��Ú�Ǒµ
ep = If

m(p) − Infp − µp. (5-12)Ù¥§IfÚInf©OǑm/'ð1�ã���Ú§
µp^5Ö�ð1�é�ÚKǑ"w,§éu��p§����$Ä�Om(p)A����:p�Ù����:pnf ��Ú���U�"éu��p§|^��¤�O�$Ä�Jø��'����©�O§·��I�°zéÙ$Ä��O"TL§�ÏLXe�S��{¢yLucas-Kanade [150]"31kgS�§$Ä
��△mk(p)Ǒµ
△mk(p) = −(

∑

q∈w(p)

∇If
mk(q)

∇If
T

mk(q)
)−1

∑

q∈w(p)

∇If
mk(q)

ekq .Ù¥§w(p)Ǒ��:p±�5× 5I�"ã 5-5(e)Ú(f)©Ow«
^homography$Ä�.?1�µ���§·���{?1�µ�����µ�U5ã(�Ý�p¿��µ�U5��)"w,^·��$Ä�O�{§�µ�U5��O�Ǒ°("5¿�§du
µØU�é�/éà§
µ��µ�U5é�"
5.3.3 �Ú�
µÚ�µ�Ú©ÙÏLpd·Ü�.£Gaussian Mixture Models§GMMs¤?1ï�"±
µǑ~§·��
pc(Ip|xp = 1) =

K
∑

k=1

wf
kN (Ip|µ

f
k,Σ

f
k), (5-13)Ù¥N(·)Ǒpd©Ù§{wf

k, µ
f
k ,Σ

f
k}Ǒpd·Ü�.�1k�¤©��­!þ�ÚÆ��Ý
"K�;.��Ǒ10"
µpd·Ü�.ÏLEM(Expectation-maximization)�{3¤k÷vpb(x) < 0.4���:þ?1ÆS"
�µ�Ú©Ù3÷vpb(x) > 0.6��
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(e) 背景可能性

(homography匹配)

(a) 开闪光灯图像 (b) 关闪光灯图像

(f) 背景可能性

(ALWR回归和局部精化匹配)

(c) 特征点匹配 (d) 背景特征点匹配

ã 5-5 $ÄÖ����µ�U5ã"(a)mð1�ã�"(b)'ð1�ã�"(c)AÆ:é£�ãüà:©O�Lüã����AÆ:¤"(d)�µ�AÆ:éA§=ð1�Ý�uT���:é"(e)^homography$Ä�.?1�µ�����µ�U5ã"duÝ/«�Sk$ÄÔN§ÏdÙS���:��Ø°("(f) ÏLALWR��ÚÛÜ°z�����µ�U5ã"�:þÆS"�ª§�Ú�Ec(xp)½ÂǑµ
Ec(xp) =

{

− log(pc(Ip|xp = 1)) , xp = 1

− log(pc(Ip|xp = 0)) , xp = 0
. (5-14)

5.3.4 �.`z·�æ^Graph cut�{ [102, 151]é
µ/�µ©�Uþ¼ê?1`z"TUþ`z¯KǑÄuã�I½£Labelling¤¯Kµb½ãG = (V, E)äk�K>�­§�kü�AÏ�!:µsource!:s£�L
µI½1¤Úsink!:t£�L�µI½0¤§ãG����£cut¤C = (S, T )òã!:V©�Ǒü�pØ���8ÜSÚT§��áuSÚT�!:©Oáu
µÚ�µ"`z8IǑé�äk��Uþ��£l
Ǒmin-cut̄ K¤"ãI½¯K´ú��NP -J¯K§��D. Greig�< [93]JÑ
Graph cut�{§T�{�±¯�!k�/`zãI½Uþ¼ê"Graph cut�{ÏLS��α-expansion

moveö�§Øä�#äk��Uþ�I½��uyÛÜ4��"Graph cut�{�±¯�/�)��I½¯K§�2��A^uã�¡E [102]§�pª©� [91]�"
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µÚ�µ©��{e¡·�y²¤JÑ�
µ/�µ©�Uþ¼ê�±dGraph cut�{3õ�ª�mS`z"A^eã®�(J [151]:½n 5.1 [151]�UþEǑn���Cþ�¼ê§=
E(x1, x2, ..., xn) =

∑

i

Ed(xi) +
∑

p<q

Es(xp, xq), (5-15)�oE�±dGraph cut�{3õ�ª�mS��4���¿©^�´µ
Es(0, 0) + Es(1, 1) < Es(0, 1) + Es(1, 0). (5-16)Ùy²� [151]"e¡·�y²¤JÑ�
µ/�µ©�Uþ¼ê÷vþã½n�^�§Ïd�±dGraph cut�{3õ�ª�mS��Ù4��"½n 5.2 
µ/�µ©�Uþ(5-3)�±dGraph cut�{3õ�ª�mS��4��"y² Ǒy²Uþ(5-3)�±dGraph cut�{3õ�ª�mS��4��§�Iy²TUþ÷v'uEs��^�(5-16)§Ù¥Uþ�Es½Â�(5-4)§¯¢þ§
Es(0, 0) = Es(1, 1) = 0,

Es(1, 0) = Es(0, 1) = exp(β||Ip − Iq||
2) > 0.Ïd§

Es(0, 0) + Es(1, 1) < Es(0, 1) + Es(1, 0)�½÷v§¤±½n�y"£y.¤��5¿�´§Graph cut�{�+��{lnØþy²¤Âñ�4��:´ÄǑ�Û4��:§��±y²¤é��ÛÜ4�� u�Û4����ê��S [103]"
5.3.5 �{6§o(±þ?Ø§Äuð1&EÚMRFï��
µ/�µ©��{�±V)Ǒ�{5.1"

5.4 ¢�(Jã 5-6w«
ð1©��{Ú�
61��
©��{�'�(J"ã 5-6
ü1ǑÑ\ã�!ð1'Çã!$ÄÖ���µ�U5ã±9ð1©���ª(J"Ǒ
`²ð1'Ç!�µ�U5Ú�Únö"�Ø�§ã 5-6 (e)Ú(f)w«
�^ð1'ÇÚ�Ú©Ù?1©��(JÚ�^�µ�U5Ú�Ú©Ù?1©��(J§�KÜn«&E�©�(J�'§ù
©�(JÑØ´é°(§Ïdn«&E"�Ø�"
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µµµ/���µµµ©©©������{{{ÑÑÑ\\\µµµ�Å©Om'ð1�û���éã�IfÚInf"ÚÚÚ½½½1:J�ã�IfÚInf�SIFT'�:¿?1'�:��¶ÚÚÚ½½½2:O�ã�IfÚInf��Ú©Ù§¿O�
µUþ�¶ÚÚÚ½½½3: é��'�:��Ý�?1©ÙÚO§���µ��:§,��â��:�O�µ$Ä�.§¿?1ÛÜ$Ä�O§�ª��ã��Å:$Ä|¶ÚÚÚ½½½4: �âã�é$Ä|O��µUþ�¶ÚÚÚ½½½5: é�µ�U5?1K�z?n§l
��
µ/�µ�o©�§¿©Oé
µ/�µ��Ú?1pd·Ü�.ï�¶ÚÚÚ½½½6:^Graph cut̀ z�.(5-3)§l
��
µ/�µ©�(J¶ÑÑÑÑÑÑ:ã�é�
µ/�µ©�(J"·���Ù§ü«
µ©��{�(J?1
'�"ùü«©��{©OǑGrabCut [138]�{Úco-segmentation [152]�{"ùü«�{Ǒ´8
Ǒ�����gÄ/gÄ
µ©��{"ã 5-6 (g)w«
GrabCut�{©�(J§T�{ǑÄu�Ú©Ù��gÄ©��{"·�±ã�	Ó+Ǒ�©©�§du
µ/�µ�Úäk· 5§ÏǑT�{©�(JØ°("Co-segmentatioń�«Äu�Ú��ã��gÄ©��{§8�´ÏL�éã�§©�Ñäk�q�Ú©Ù�Ü©�Ǒ
µ"ã 5-6

(h)�«
A^T�{�©�(J§d(J�±w��^�Û��Ú©Ù�«O´�{é[��(�?1°(©�"·��òð1©��{A^�
�X��¿S/¿	û��m/'ð1�ã�é"ã 5-7w«
õ�¢�~f"ã 5-7(a)w«
��Ú1�<"Äu$Ä��{éJéT~f?1°(©�§ù´ÏǑ
�üÜã��$Ä�~�"ã 5-7(b)w«
äk$Ä�µ�~f§
ã 5-7(c)äk�~[(��
µÔN�~f"w,GrabCut!co-

segmentationÚÄu$Ä��{ÑéJ��÷¿�(J"ã 5-7(d)¥§
µǑäkE,(���Ô¶
3ã 5-7(e)¥§�µǑE,(��Æ�§d(J��·��ð1©��{�`³3u�±©�Ñ�~[��(�"ã 5-7(f)Ǒ=k
µ$Äqk�µ$Ä�~f"ã 5-7(g)w«
,��3¿Sû��~f§d(J��·��ð1©��{��±é�ÅÚ|µÔN$ÄÑäké��°�5§�é¿S/¿	û��ã�þ�±?1k�©�"3�ª�©�(J¥§·��^coherent matting�{ [153]é>Æ©�?1�Ǒ°(�©�§��O��µ�(J�ý¢"
5.5 �(�ÙJÑ
�«�^ð1k�Ú1w5k��ã�
µ©��{—ð1©��{"ÏLKÜð1&E!$ÄÚ�Ú&E§ð1©��{�±)¤p�þ�©�(J§¿�éÔN$ÄÚ�Å$Ääké��°�5§ÏdT�{�±Ǒäk�ð'��Å���^rJø¢^�p�þ�©�(J"duò©�¯Kï�Ǒ��I½¯K§=
µ��IPǑ1§�µ��IPǑ0§
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µÚ�µ©��{

XYZ [\]^_ X`ZabcdeXfZ ghij XkZ ghlmno

XpZ qrYfstulmno XvZ swxypzy{uYu|w{
lmno

XyZ }~ghij���

l����lmno
X�Z }~abcde���

l����lmnoã 5-6 ©�(J'�"(a-d)Ñ\ã�é!ð1'Çã!�µVÇã��ª©�(J"(e)�^ð1'ÇÚ�Ú&E�©�(J"(f) �^�µVÇÚ�Ú&E�©�(J"(g) GrabCut [137](J"(h) CoSegmentation [151](J"ÏLKÜð1'Çã!�µVÇÚ�Ú&E§·��{�±)¤�°(�©�(J"l
ã��.ǑµI = αF +(1−α)B"Ù¥§F,B©OǑ
µÚ�µ§
αǑ0½ö1"duæ^�0=1�©�IP§Ïd¿ØUé��©�^>Æ£=αǑ[0, 1]m�¢ê¤�
µÔN§~X�u^!�fÚß²Àæ�"ÏL(Ü°[�O�MattingEâ§·���{�Ué��?nù«�¹¶,	§ÓÙ�ð1�'�Eâ��§·���{é����
µÒK£=duñ	E¤�ð1��{KǑ��
µ«�¤'�¯a§�´duIP�1w5k���^§
µÒK«�Ǒ�±��(I½§Xã5-3!5-5!5-6Ú5-7(d)(f)¤«"e�ÚïÄó�¥§·�I��Ǒ�\/ïÄð1&E�ï��{"~X§ÏǑ��:��ÚÉ�ð1���^¿Ø´?¿�§
´,�Ï�£~X�ÝÏ�¤�©ÙÉ�wÍKǑ§�KǑ§ÝAäk�½�5Æ5§·�ATA^ù«5Æ5éð1�^?1�k��ï�",	§·��F"òT�{A^�Àª�
µ©�¥"
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(a) 运动中的人

(c) 花骨朵

(e) 竹栅栏

(f) 玩具虎

(d) 风中植物

(g) 玉石马

(b) 具有运动背景的雕像

ã 5-7 ð1©�(J"l��m©OǑµ'ð1�ã�!mð1�ã�!'ð1�ã�©�(JÚmð1�ã�©�(J"
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6.1 �©Ì��z�Ø©Ì�'5ã�?nÄ�¯K�ï���{ïÄ§XÚïÄ
ã��D!W¿!�©EÇ!OrÚ
µ/�µ©�Ê�Ä�¯K"�Ø©lã�?nz�Ä�¯K�AÉ5Ñu§±êÆï��©ÛǑ�ã§ÏLJÑã��Àúk��.§?
XÚ/u�
)û�AÄ�¯K�`z�.9Ù`z�{"¢�L²§ù
�.��{�éu�
�Óa�{äk���ã�?n�J"�Ø©�Ì��zXe"1�Ù§JÑ
Äug,ã�FÝÓ+k��ã��©EÇ�Or�{"ÏLï�g,ã�FÝ|3R�uã�>Æ��þ�FÝÓ+©Ù§JÑ
�«#�ÄuÚO�g,ã�k�—FÝÓ+k�"ÄuTk�§u�
)ûã��©EÇÚOr¯K�Uþ¼ê�.§¿ÄuC©�{�O
`z�{"nØ©Û�A^¢�L²µT�.Ú�{äkû��êÆ5�§
�'®k�{äk�`û�ã�?n�J"1nÙ§JÑ
ÄuMarkov�Å|ºÝÀJ�.���É5*Ñ�D�{"ÏLé��É5*Ñ�D�{�ºÝ£=*ÑÊÅ�m¤ÀJ?1ï�§JÑ
�mg·A���É5*ÑÈÅ�ºÝÀJüÑ§¿Äudu�
ÄuMarkov�Å|k�ï��ºÝÀJÚO�."(ÜTºÝÀJ�.§·�?
JÑ
#�Äu��É5*ÑÈÅ��D�{"T�{Ǒ�±)ºǑ��É5*ÑºÝ�m�KÜ�{§k�)û
± ºÝÀJüÑǑ�ÛÀ�Ó�ºÝ�":"¢�L²§¤JÑ�ÄuMarkov�Å|ºÝÀJ�.���É5*Ñ�D�{´8
����D�{��"1oÙ§JÑ
Äuã�¬DÕ5k��ã�W¿�{"ÏL½Âã�¬(�DÕ5§?
y²(�DÕ5´Ǒxã�­�(��k^�I§(�DÕ5��§Kã�¬��U?uã�>Æ¶ÄuÀú?è�DÕ5k�§3b��W¿ã�¬�±dÿÀã�¬8Ü�DÕ�5|Ü5L��Ä:þ§·�JÑ
ã�¬DÕ�5L��`z�.Ú`z�{§¿u�
Äuã�¬DÕ5k��ã�W¿�{"�'± �ÓaW¿�{§¤JÑ�#�{äk���W¿5U"1ÊÙ§JÑ
Äuð1&EÚMRFk�ï��
µ/�µ©��{"±m/'�Åð1���¤Jø�ã�éǑÑ\§ÏLêÆ�.ï�ð1��¤�5�1ìCz�k�&E§JÑ
ÄuMRFk��ã�©�Uþ�.§¿æ^Graph cut�{?1`z"�®k�©��{�'§¤JÑ��{�±���Ǒ°(�
µ/�µ©�(J"T�.�­�¿Â3uÏL�Å�ð1��§Jø
�«B$!¢^�
µJ��.Ú�{§�Ï�¤Ǒ#���Å�¢^Eâ��"nþ¤ã§�Ø©ÏLï�Àúk�&E§JÑ
)ûã�?nÊ�Ä�¯K�Uþ�.½ÚO�.§¿�O
�A�`z�{"¢�L²§¤JÑ��.��{�éu®k�Óa�.��{äk���ã�?n5U§Ïdäk�\2�
���A^
µ"
6.2 ?�Ú�ïÄó�3e�Ú�ïÄó�¥§·�òUY�\/�÷g,ã��S35Æ5§¿ÏL
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8
�ã�L�ïÄó�é��Ä�m&E§=é�ï�Àª&E�L�"e�Ú§·�ǑòïÄÚï�)ÔÀúXÚéÀª&E�?nÅ�§ÏLKÜÀª&E¤Jø�$Ä!�Ý�&E§u�Àªêâ�Àúk��.§?
��Àª�©Û�u¢"

88



ë�©zë�©z
[1] Marr D. Vision: A computational investigation into the human representation and processing of

visual information[M]. San Francisco: W. H. Freeman & Co Ltd, 1982.

[2] Healey GE, Kondepudy R. Radiometric CCD camera calibration and noise estimation[J]. IEEE
Transactions on Pattern Analysis and Machine Intelligence, 1994, 16(3): 267õ276.

[3] Bertalmio M, Sapiro G, Caselles V, et al. Image inpainting[J]. ACM Transaction on Graphics, 2000,
19(3): 417–424.

[4] Hummel RA. Representations based on zero-crossings in scale-space[M]. New York: Courant
Institute of Mathematical Sciences, New York University, 1986.

[5] Rudin L, Osher S, Fatemi E. Nonlinear total variation based noise removal algorithms[J]. Physica D,
1992, 60: 259–268.

[6] Chan T, Vese LA. Active contours without edges[J]. IEEE Transactions on Image Processing, 2001,
10(2): 266–277.

[7] Perona P, Malik J. Scale-space and edge detection using anisotropic diffusion[J]. IEEE Transaction
on Pattern Analysis and Machine Intelligence, 1990, 12(7):629–639.

[8] Black MJ, Sapiro G, Marimont DH, et al. Robust anisotropic diffusion[J]. IEEE Transaction on
Image Processing, 1998, 7(3): 421–432.

[9] Chan T, Marquina A, Mulet P. High-order total variation-based image restoration[J]. SIAM Journal
on Scientific Computing, 2000, 22(2): 503 – 516.

[10] Chan T, Osher S, Shen J. The digital TV filter and nonlinear denoising[J]. IEEE Transactions on
Image Processing, 2001, 10(2): 231–241.

[11] Huang JG, Mumford D. Statistics of natural images and models[C]. Proceedings of IEEE Computer
Society Conference on Computer Vision and Pattern Recognition, 1999, 540 – 547.

[12] Levin A, Fergus R, Durand F, et al. Image and depth from a conventional camera and depth from a
conventional camera with a coded aperture[J]. ACM Transcations on Graphics, 2007, 26(3): 1–9.

[13] Roth S, Black MJ. Steerable random fields[C]. Proceedings of International Conference on Computer
Vision, 2007.

[14] Portilla J, Strela V, Wainwright MJ, et al. Image denoising using scale mixtures of Gaussians in the
wavelet domain[J]. IEEE Transactions on Image Processing,2003, 12(11): 1338–1351.

[15] Zhu SC, Mumford D. Learning generic prior models for visual computation[C]. Proceedings of
IEEE Computer Society Conference on Computer Vision and Pattern Recognition, 1997, 463–469.

[16] Zhu SC, Mumford D. Prior learning and Gibbs reaction-diffusion[J]. IEEE Transaction on Pattern
Analysis and Machine Intelligence, 1997, 19(11): 1236–1250.

[17] S. Roth, M. J. Black. Fields of experts: a framework for learning image priors[C]. Proceedings of
IEEE Computer Society Conference on Computer Vision and Pattern Recognition, 2005, 860–867

[18] Olshausen B, Field DJ. Emergence of simple-cell receptive field properties by learning a sparse code
for natural images[J]. Nature, 1996, 381: 607–608.

[19] Starck JL, Elad M, Donoho DL. Image decomposition via the combination of sparse representations
and a variational approach[J]. IEEE Transactions on Image Processing, 2005, 14(10): 1570–1582.

[20] Mairal J, Leordeanu M, Bach F, et al. Discriminative sparse image models for class-specific edge
detextion and image interpretation[C]. Proceedings of IEEE Computer Society Conference on Com-
puter Vision and Pattern Recognition, 2008.

[21] Lee H, Battle A, Raina R, et al. Efficient sparse coding algorithms[C]. Proceedings of Advances in
Neural Information Processing Systems Conference, 2006.

[22] Donoho D. Compressed sensing[J]. IEEE Transaction on Information Theory, 2006, 52(4): 1289 –
1306.

89



ÜS�Ï�ÆÆ¬Æ Ø©
[23] Schass K Rauhut H, Vandergheynst P. Compressed sensingand redundant dictionaries[J]. IEEE

Transaction on Information Theory, 2008, 54(5): 2210–2219.

[24] Maire J, Elad M, Sapiro G. Sparse representation for color image restoration[J]. IEEE Transaction
on Image Processing, 2008, 17(1): 53–69.

[25] Yang JC, Wright J, Ma Y, et al. Image super-resolution assparse representation of raw image
patches[C]. Proceedings of IEEE Computer Society Conference on Computer Vision and Pattern
Recognition, 2008.

[26] Liang L, Xiao R, Wen F, et al. Face alignment via component-based discriminative[C]. Proceedings
of European Conference Computer Vision. 2008,

[27] Burl M, Leung T, Perona P. Face localization via shape statistics[C]. Proceedings of 1st Internata-
tional Workshop on Automatic Face and Gesture Recognition,1999, 154–159.

[28] Feris R, Raskar R, Chen LB, et al. Discontinuity preserving stereo with small baseline multi-flash
illumination[C]. Proceedings of International Conference on Computer Vision, 2005, 412–419.

[29] Sun J, Li Y, Kang SB, et al. Flash matting[J]. ACM Transaction on Graphics, 2006, 25(3): 361–366.

[30] Sun J, Sun J, Kang SB, et al. Flash cut: foreground extraction with flash and no-flash image pairs[C].
Proceedings of IEEE Computer Society Conference on Computer Vision and Pattern Recognition,
2007.

[31] Eisemann E, Durand F. Flash photography enhancement via intrinsic relighting[J]. ACM Transaction
on Graphics, 2004, 23(3): 673–678.

[32] Petschnigg G, Agrawala M, Hoppe H, et al. Digital photography with flash and no-flash image
pairs[J]. ACM Transactions on Graphics, 2004, 23(3): 664–672.

[33] McGuire M, Matusik W, Pfister H, et al. Defocus video matting[J]. ACM Transaction on Graphics,
2005, 24(3): 567 – 576.

[34] Lyu S, Simoncelli EP. Statistical modeling of images with fields of gaussian scale mixtures[C].
Proceedings of Neural Information Processing Systems Conference, 2006.

[35] Tappen MF, Russell BC, Freeman WT. Exploiting the sparse derivative prior for super-resolution and
image demosaicing[C]. IEEE Workshop on Statistical and Computational Theories of Vision, 2003.

[36] Sun J, Zheng NN, Tao H, et al. Image hallucination with primal sketch priors[C]. Proceedings of
IEEE Computer Society Conference on Computer Vision and Pattern Recognition, 2003, 729–736.

[37] Dai SY, Han M, Xu W, et al. Soft edge smoothness prior for alpha channel super resolution[C].
Proceedings of IEEE Computer Society Conference on Computer Vision and Pattern Recognition,
2007.

[38] Sun J, Sun J, Xu ZB, et al. Image super-resolution using gradient profile prior[C]. Proceedings
of IEEE Computer Society Conference on Computer Vision and Pattern Recognition, 2008, 2471–
2478.

[39] Levin A, Zomet A, Weiss Y. Learning how to inpaint from global image statistics[C]. Proceedings
of International Conference on Computer Vision, 2003, 305–312.

[40] Fergus R, Singh B, Hertzmann A, et al. Removing camera shake from a single photograph[J]. ACM
Transactions on Graphics, 2006, 25(3): 787–794.

[41] Levin A, Zomet A, Peleg S, et al. Seamless image stitching in the gradient domain[C]. Proceedings
of European Conference on Computer Vision, 2005, 377–389

[42] G. Hinton. Product of experts[C]. Proceedings of International Conference on Artificial Neural
Networks (ICANN), 1999, 1–6.

[43] Hou HS, Andrews HC. Cubic splines for image interpolation and digital filtering[J]. IEEE Transac-
tion on Singnal Processing, 1978, 26(6): 508–517.

[44] Thevenaz P, Blu T, Unser M. Handbook of Medical Imaging,Processing and Analysis[M], Academic
Press, San Diego, USA, 2000.

[45] Kullback S. The Kullback-Leibler distance[J], The American Statistician, 1987, 41: 340õ341.

90



ë�©z
[46] Li X, Orchard MT. New edge-directed interpolation[J].IEEE Transaction on Image processing,

2001, 10(10): 1521–1527.

[47] Irani M, Peleg S. Motion analysis for image enhancement: resolution, occlusion and transparency[J].
Journal of Visual Communication and Image Representation,1993, 4(4): 324–335.

[48] Baker S, Kanade T. Limits on super-resolution and how tobreak them[J]. IEEE Transaction on
Pattern Analysis and Machine Intelligence, 2002, 24(9): 1167–1183.

[49] Lin ZC, Shum HY. Fundamental limits of reconstruction-based super-resolution algorithms under
local translation[J]. IEEE Transaction on Pattern Analysis and Machine Intelligence, 2004, 26(1):
83–97.

[50] Ben-Ezra M, Lin ZC, Wilburn B. Penrose pixels: super-resolution in the detector layout domain[C].
Proceedings of International Conference on Computer Vision, 2007

[51] Freeman WT, Pasztor E, Carmichael O. Learning low-level vision[J]. International Journal of Com-
puter Vision, 2000, 40(1): 25–47.

[52] Freeman WT, Jones TR, Pasztor EC. Example-based super-resolution[J]. IEEE Computer Graphics
and Applications, 2002, 22(2): 56–65.

[53] Chang H, Yeung DY, Xiong Y. Super-resolution through neigbor embedding[C]. Proceedings of
IEEE Computer Society Conference on Computer Vision and Pattern Recognition, 2004, 275–282.

[54] Fattal R. Image upsampling via imposed edge statistics[J]. ACM Transactions on Graphics, 2007,
26(3): 1–8.

[55] Liu C, Shum HY, Freeman WT. Face hallucination: theory and practice[J]. International Journal of
Computer Vision, 2007, 75(1): 115–134.

[56] Wang Q, Tang X, Shum HY. Patch based blind image super resolution[C]. Proceedings of Interna-
tional Conference on Computer Vision, 2005, 709–716.

[57] Polesel A, Ramponi G, Mathews VJ. Image enhancement viaadaptive unsharp masking[J]. IEEE
Transaction on Image processing, 1999, 9(3): 505–510.

[58] Rudin LI. Images, numerical analysis of singularitiesand shock filters[D]. Ph.D. Thesis, California
Institute of Technology, 1987.

[59] Guichard F, Morel JM. A note on two classical enhancement filters and their associated PDE’s[J].
International Journal of Computer Vision, 2003, 52(2/3): 153–160.

[60] Osher S, Rudin LI. Feature-oriented image enhancementusing shock filters[J]. SIAM Journal on
Numerical Analysis, 1990, 27(4): 919õ940.

[61] Schavemaker JGM, Reinders MJT, Gerbrands JJ, et al. Image sharpening by morphological filter-
ing[J]. Pattern Recognition, 2000, 33(6): 997–1012.

[62] Weickert J. Coherence-enhancing shock filters[J]. Lecture Notes in Computer Science, 2003, 2781:
1–8.

[63] Agrawal A, Raskar R, Nayar SK, et al. Removing photography artifacts using gradient projection
and flash-exposure sampling[J]. ACM Transaction on Graphics, 2005, 24(3): 828 – 835.

[64] Agrawal A, Raskar R, Chellappa R. What is the range of surfacce reconstructions from a gradient
field?[C]. Proceedings of European Conference on Computer Vision, 2006, 578–591.

[65] Reinhard E, Ashikhmin M, Gooch B, et al. Color transfer between images[J]. IEEE Computer
Graphics and Applications, 2001, 21(5): 34 – 41.

[66] Tai YW, Jia J, Tang CK. Local color transfer via probabilistic segmentation by expectation-
maximization[C]. Proceedings of IEEE Computer Society Conference on Computer Vision and
Pattern Recognition, 2005, 747– 754.

[67] Buades A, Coll B, Morel JM. A non-local algorithm for image denoising[C]. Proceedings of IEEE
Computer Society Conference on Computer Vision and PatternRecognition, 2005, 60–65.

[68] Tomasi C, Manduchi R. Bilateral filtering for gray and color images[C]. Proceedings of International
Conference on Computer Vision, 1998.

91



ÜS�Ï�ÆÆ¬Æ Ø©
[69] Sapiro G. Geometric partial differential equations and image analysis[M]. Cambridge University

Press, 2001.

[70] Tschumperle D. Fast anisotropic smoothing of multi-valued images using curvature-preserving
PDE’s[J]. International Journal on Computer Vision, 2006,68(1): 65–82.

[71] Gilboa G, Sochen N, Zeevi YY. Variational denoising of partly-textured images by spatially varing
constrains[J]. IEEE Transactions on Image Processing, 2006, 15(8): 2281–2289.

[72] Donoho D. Denoising by soft-thresholding[J]. IEEE Transaction on Information Theory, 1995,
41(3): 613–627.

[73] Witkin AP. Scale space filtering[C]. Proceedings of International Joint Conference on Artificial
Intelligence, 1983, 1019–1021.

[74] Lindeberg T. Edge detection and ridge detection with automatic scale selection[J]. International
Journal of Computer Vision, 1998, 30(2): 117 –154.

[75] Elder JH, Zucker SW. Local scale control for edge detection and blur estimation[J]. IEEE Transaction
on Pattern Analysis and Machine Intelligence, 1998, 20(7):699–716.

[76] Kennedy LM, Basut M. Scale space contours and localization property of a Gaussian derivative
edge enhancement operator[C]. Proceedings of IEEE International Conference on Systems, Man,
and Cybernetics, 1997, 643–648.

[77] Lindeberg T. Feature detection with automatic scale selection[J]. International Journal of Computer
Vision, 1998, 30(2): 79–116.

[78] Cheng HD, Li J. Fuzzy homogeneity and scale-space approach to color image segmentation[J].
Pattern Recognition, 2003, 36(7): 1545–1562.

[79] Jolion JM Megret R. Tracking scale-space blobs for video description[J]. IEEE Multimedia, 2002,
9(2): 34–43.

[80] Leung Y, Zhang JS, Xu ZB. Clustering by scale-space filtering[J]. IEEE Trans. on Pattern Recogni-
tion and Machine Intelligence, 2000, 20(12): 1396–1410.

[81] Lindeberg T. Scale-space theory in computer vision[M]. Kluwer Academic Publishers, 1994.

[82] Babaud J, Witkin AP, Baudin M, et al. Uniqueness of the Gaussian kernel for scale-space filtering[J].
IEEE Transaction on Pattern Recognition and Machine Intelligence, 1986, 8(1): 26–33.

[83] Chan T, Osher S, Shen J. Total variation denoising and enhancement of color images based on the
CB and HSV color models[J]. Journal of Visual Communicationand Image Representation, 2001,
12(4): 422–435.

[84] Weikert J. Anisotropic diffusion in image processing[M]. Teubner-Verlag, 1998.

[85] Dolcetta IC, Ferretti R. Optimal stopping time formulation of adaptive image filtering[J]. Applied
Mathematics and Optimization, 2001, 43: 245–258.

[86] Weickert J. Coherence-enhancing diffusion of colour images[J]. IEEE Transactions on Image Pro-
cessing, 1999, 17(3): 201–212.

[87] Solo V. Fast automatic stopping criterion for anisotropic diffusion[C]. Proceedinigs of IEEE Inter-
national Conference on Acoustics, Speech and Signal, 2002,1661–1664.

[88] Mrazek P. Selection of optimal stopping time for nonlinear diffusion filtering[J]. International Journal
of Computer Vision, 2003, 52(2/3): 189–203.

[89] Papandreou G, Maragos P. A cross-validatory statistical approach to scale selection for image de-
noising by nonlinear diffusion[C]. Proceedings of the Conference on Computer Vision and Pattern
Recognition, 2005, 625–630.

[90] Blake A, Rother C, Brown M, et al. Interactive image segmentation using an adaptive GMMRF
model[C]. Proceedings of European Conference on Comupter Vision, 2004, 428–441.

[91] Boykov Y, Kolmogorov V. Computing geodesics and minimal surfaces via graph cuts[C]. Proceed-
ings of International Conference on Computer Vision, 2003.

[92] Li Y, Sun J, Tang CK, et al. Lazy snapping[J]. ACM Transaction on Graphics, 2004, 23(3): 303–308.

92



ë�©z
[93] Agarwala A, Dontcheva M, Agrawala M, et al. Interactivedigital photomontage[J]. ACM Transaction

on Graphics, 2004, 23(3): 292–300.

[94] Sun J, Zheng NN, Shum HY. Stereo matching using belief propagation[J]. IEEE Transactions On
Pattern Analysis And Machine Intelligence, 2003, 25(7): 1–14.

[95] Kwatra V, Schodl A, Essa I, et al. Graphcut textures: image and video synthesis using graph cuts[J].
ACM Transactions on Graphics, 2003, 22(3): 277–286.

[96] You YL, Xu WY, Tannenbaum A, et al. Behavioral analysis of anisotropic diffusion in image pro-
cessing[J]. IEEE Transactions on Image Processing, 1996, 5(11): 1539–1553.

[97] Aubert G, Kornprobst P. Mathematical problems in imageprocessing - patial differential equations
and the calculus of variations[M]. New York: Springer-Verlag, 2002.

[98] Zitnick CL, Jojic N, Kang SB. Consistent segmentation for optical flow estimation[C]. Proceedings
of the Tenth IEEE International Conference on Computer Vision, 2005, 1308–1315.

[99] Liu C, Freeman WT, Szeliski R, et al. Automatic estimation and removal of noise from a single
image[J]. IEEE Transaction on Pattern Analysis and MachineIntelligence, 2008, 30(2): 299–314.

[100] Li SZ. Markov random field modeling in image analysis[M]. Tokyo:Springer-Verlag, 2001.

[101] Modestino JW, Zhang J. A Markov random field model-based approach to image interpretation[J].
IEEE transactions on pattern analysis and machine intelligence, 1992, 14(6): 606–615.

[102] Boykov Y, Kolmogorov V. An experimental comparison ofmin-cut/max-flow algorithms for energy
minimization in vision[J]. IEEE transactions on pattern analysis and machine intelligence, 2004,
26(9): 1124–1137.

[103] Boykov Y, Veksler O, Zabih R. Fast approximate energy minimization via graph cuts[J]. IEEE
transactions on pattern analysis and machine intelligence, 2001, 23(11): 1222–1239.

[104] Felzenszwalb PF, Huttenlocher DP. Efficient belief propagation for early vision[J]. International
Journal of Computer Vision, 2006, 70(1): 41–54.

[105] Murphy K, Weiss Y, Jordan M. Loopy belief propagation for approximate inference: an empirical
study[C]. Proceedings of the Fifteenth Conference on Uncertainty in Artificial Intelligence, 1999,
467–475.

[106] Wainwright MJ, Jaakkola TS, Willsky AS. MAP estimation via agreement on (hyper)trees: message-
passing and linear-programming approaches[J]. IEEE Transactions on Information Theory, 2005,
51(11): 3697–3717.

[107] Kolmogorov V. Convergent tree-reweighted message passing for energy minimization[J]. IEEE
transactions on pattern analysis and machine intelligence, 2006, 28(10): 1568–1583.

[108] Szeliski R, Zabih R, Scharstein D, et al. A comparativestudy of energy minimization methods for
Markov random fields[C]. Proceedings of European Conference on Computer Vision, 2006, 16–29.

[109] DeStefano A, White PR, Collis WB. Training methods forimage noise level estimation on wavelet
components[J]. EURASIP Journal on Applied Signal Processing, 2004, 16: 2400–2407.

[110] Simoncelli E. Statistical models for images: compression restoration and synthesis[C]. Proceedings
of Asilomar Conference on Signals, Systems and Computers, 1997, 673–678.

[111] Bertalmio M, Bertozzi AL, Sapiro G. Navier-Strokes, fluid dynamics, and image and video in-
painting[C]. Proceedings of IEEE Computer Society Conference on Computer Vision and Pattern
Recognition, 2001, 417–424.

[112] Ballester C, Bertalmio M, Caselles V, et al. Filling-in by joint interpolation of vector fields and gray
levels[J]. IEEE Transactions on Image Processing, 2001, 10(8): 1200–1211.

[113] Efros A, Leung T. Texture synthesis by non-parametricsampling[C]. Proceedings of International
Conference on Computer Vision, 1999, 1033–1038.

[114] Bertalmio M, Vese L, Sapiro G, et al. Simultaneous structure and texture image inpainting[J]. IEEE
Transactions on Image Processing, 2003, 12(8): 882–889.

[115] Criminisi A, Perez P, Toyama K. Object removal by examplar-based image inpainting[C]. Proceed-
ings of International Conferece on Computer Vision, 2003, 721–728.

93



ÜS�Ï�ÆÆ¬Æ Ø©
[116] Wu J, Ruan Q. Object removal by cross isophotes examplar-based image inpainting[C]. Proceedings

of International Conference on Pattern Recognition, 2006,810–813.

[117] Wong A, Orchard J. A nonlocal-means approach to examplar-based inpainting[C]. Proceedings of
IEEE International Conference on Image Processing, 2008.

[118] Tziritas G Komodakis N. Image completion using efficient belief propagation via priority scheduling
and dynamic pruning[J]. IEEE Transactions on Image Processing, 2007, 16(11): 2649–2661.

[119] Jia JY, Tang CK. Image repairing: robust image synthesis by adaptive nd tensor voting[C]. Pro-
ceedings of IEEE Computer Society Conference on Computer Vision and Pattern Recognition, 2003,
643–650.

[120] Elad M, Starck JL, Querre P, et al. Simultaneous cartoon and texture image inpainting using mor-
phological component analysis[J]. Applied and Computational Harmonic Analysis, 2005, 19: 340 –
358.

[121] Guleryuz OG. Nonlinear approximation based image recovery using adaptive sparse reconstruc-
tions[C]. Proceedings of IEEE International Conference onImage Processing, 2003.

[122] Guleryuz OG. Nonlinear approximation based image recovery using adaptive sparse reconstructures
and iterated denoising-part I: theory[J]. IEEE Transactions on Image Processing, 2006, 15(3): 539 –
554.

[123] Guleryuz OG. Nonlinear approximation based image recovery using adaptive sparse reconstructures
and iterated denoising-part II: adaptive algorithms[J]. IEEE Transactions on Image Processing, 2006,
15(3): 555 – 571.

[124] Criminisi A, Perez P, Toyama K. Region filling and object removal by examplar-based image in-
painting[J]. IEEE Transactions on Image Processing, 2004,13(9): 1200–1212.

[125] Li YP, Huttenlocher D. Sparse long-range random field and its application to image denoising[C].
Proceedings of the European Conference of Computer Vision,2008.

[126] Elad M, Aharon M. Image denoising via sparse and redundant representations over learned dictio-
naries[J]. IEEE Transaction on Image Proceesing, 2006, 15(12): 3736 – 3745.

[127] Mairal J, Bach F, Ponce J, et al. Discriminative learned dictionary for local image analysis[C].
Proceedings of European Conference on Computer Vision, 2008.

[128] Winn J, Criminisi A, Cristianini N. Object categorization by learned universal visual dictionary[C].
Proceedings of International Conference on Computer Vision, 2005.

[129] Peyre G. Non-negative sparse modeling of textures[C]. Proceedings of Scale Space and Variational
Methods in Computer Vision, 2007.

[130] Chang H, Yeung DY, Xiong YM. Super-resolution throughneighbor embedding[C]. Proceedings of
IEEE Computer Society Conference on Computer Vision and Pattern Recognition, 2004.

[131] Mallat S, Zhang Z. Matching pursuit in a time-frequency dictionary[J]. IEEE Transactions on Signal
Processing, 1993, 41: 3397 – 3415.

[132] Pati YC, Rezaiifar R, Krishnaprasad PS. Orthogonal matching pursuit: recursive function approxi-
mation withapplications to wavelet decomposition[C]. Proceedings of The Twenty-Seventh Asilomar
Conference on Signals, Systems and Computers, 1993.

[133] Chen SS, Donoho DL, Saunders MA. Atomic decompositionby basis pursuit[J]. SIAM Review,
2001, 43(1): 129 – 159.

[134] Tibshirani R. Regression shrinkge and selection via the Lasso[J]. Journal of Royal Statistical Society
B, 1996, 58(1): 267–288.

[135] Figueras i Ventura RM, Vandergheynst P, Frossard P, etal. Color image scalable coding with match-
ing pursuit[C]. Proceedings of IEEE International Conference on Acoustics, Speech, and Signal
Processing, 2004.

[136] Gribonval R, Fvotte C, Vincent E. Performance measurement in blind audio source separation[J].
IEEE Transaction on Speech, Audio, Language Processing, 2006, 14(4): 1462–1469.

[137] Boykov Y, Jolly MP. Interactive graph cuts for optimalboundary & region segmentation of objects
in N-D images[C]. Proceedings of International Conferenceon Computer Vision, 2001.

94



ë�©z
[138] Rother C, Blake A, Kolmogorov V. Grabcut - interactiveforeground extraction using iterated graph

cuts[J]. ACM Transaction on Graphics, 2004, 23(3): 309–314.

[139] Bhat P, Zheng KC, Snavely N, et al. Piecewise image registration in the presence of multiple large
motions[C]. Proceedings of Proceedings of IEEE Computer Society Conference on Computer Vision
and Pattern Recognition, 2006, 2491–2497.

[140] Torr PHS, Szeliski R, Anandan P. An integrated bayesian approach to layer extraction from image
sequences[J]. IEEE Transaction on Pattern Analysis and Machine Intelligence, 2001, 23(3): 297–
303.

[141] Wills J, Agarwal S, Belongie S. What went where[C]. Proceedings of Proceedings of IEEE Computer
Society Conference on Computer Vision and Pattern Recognition, 2003, 37–44.

[142] Xiao JJ, Shah M. Motion layer extraction in the presence of occlusion using graph cut[C]. Pro-
ceedings of IEEE Computer Society Conference on Computer Vision and Pattern Recognition, 2004,
972–979.

[143] Kolmogorov V, Criminisi A, Blake A, et al. Probabilistic fusion of stereo with color and contrast for
bi-layer segmentation[J]. IEEE Transactions on Pattern Analysis and Machine Intelligence, 2006,
28(9): 1480–1492.

[144] Bolle RM, Connell JH, Haas N, et al. Object imaging system[P]. U. S. Patent 5,631,976. 1994.

[145] Sun J, Zhang W, Tang X, Shum HY. Background cut[C]. Proceedings of European Conference on
Computer Vision, 2006, 628–641.

[146] Apostoloff N, Fitzgibbon A. Bayesian video matting using learnt image priors[C]. Proceedings of
IEEE Computer Society Conference on Computer Vision and Pattern Recognition, 2004, 407–414.

[147] Chuang YY, Agarwala A, Curless B, et al. Video matting of complex scenes[J]. International Journal
of Computer Vision, 2002, 21(3): 243–248.

[148] Raskar R, Tan K, Feris R, et al. Non-photorealistic camera: depth edge detection and stylized ren-
dering using multi-flash imaging[J]. ACM Transactions on Graphics, 2004, 23(3): 673–678.

[149] Lowe DG. Distinctive image features from scale-invariant keypoints[J]. International Journal of
Computer Vision, 2004, 60(2): 91–110.

[150] Lucas B, Kanade T. An iterative image registration technique with application to stereo vision[C].
Proceedings of International Joint Conference Artificial Intelligence, 1981, 674–679.

[151] Kolmogorov V, Zabih R. What energy functions can be minimized via graph cuts?[J]. IEEE Trans-
actions on Pattern Analysis and Machine Intelligence, 2004, 26(2)

[152] Rother C, Kolmogorov V, Minka T, et al. Cosegmentationof image pairs by histogram matching-
Incorporating a Global Constraint into MRFs[C]. Proceedings of IEEE Computer Society Conference
on Computer Vision and Pattern Recognition, 2006, 993–1000.

[153] Shum HY, Sun J, Yamazaki S, et al. Pop-up light field: an interactive image-based modeling and
rendering system[J]. ACM Transaction of Graphics, 2004, 23(2): 143–162.

[154] Kramer HP, Bruckner JB. Iterations of a non-linear transformation for enhancement of digital im-
ages[J]. Pattern Recognition, 1975, 7(1-2):53–58.

95



ÜS�Ï�ÆÆ¬Æ Ø©���©´3·���Mm��Ç�G%��Ú�Ïe�¤�"3�ÖÆ¬Æ Ïm§�é·�ïÄÚ)¹Ñ��
��Ø��'~�|±§�©�ÀK!���?UþvàX���%É"MP�î>�£Æ�Ý!2Æ
°��ÆâEÅ!�¯ãå�©È° ÚéÆ)�)¹�
å�'~§Ñé·�)
�Ǒ�KǑ§��·�)�ÆS"8�§·�¬�\ãå!�¯/ÆS�ó�§±Ø�KMP�é·�'~���"AOa��^æ³ïÄ�ïÄ
�êÆ¬!�^�¥Boà!��Æ¬Ú�^RedmondïÄ�Ì?ïÄ
Kang SingbingÆ¬"3�^æ³ïÄ��¯ïÄÏm§��3�ïÚØ©���¡¤���kå��Ú�Ï�·É��f§���¯;5��ï° Ú5­¢��£Æ�Ý��/KǑX·"a��xwP�ÚÜU'P�§¨�3)¹Ú�ïþ¤���9�'~��Ï§�·U
��/m�ïÄó�"a�¤k��7£3*~¤Ú3�^�Ó¢S�Ó¯§���3�ïþ2�
k��?ØíÄX·Øä
?"��§AOa�·�I1�Óf§��¤��·��h�|±!GÑ�[Ì�§æ´·�¯ó��Øä?Ú�Äå"

96



�ÖÆ Ïm���ïÄ¤J�ÖÆ Ïm���ïÄ¤J
[1] Sun J, Xu ZB. Scale selection for anisotropic diffusion filter by Markov random field model[J].

Pattern Recognition, Accepted, 2009 (SCI, EI
Ïr).

[2] Sun J, Sun J, Xu ZB, Shum HY. Image super-resolution using gradient profile prior[C]. In Proceeding
of IEEE Computer Society Conference on Computer Vision and Pattern Recognition, 2008, 1: 2471-
2478 (EI: 083911592126).

[3] Sun J, Sun J, Kang SB, Xu ZB, Tang X, Shum HY. Flash cut: foreground extraction with flash and
no-flash image pairs[C]. In Proceeding of IEEE Computer Society Conference on Computer Vision
and Pattern Recognition, 2007, 1: 843-850 (EI: 074110860595).

[4] Sun J, Xu ZB. An edge preserving regularization model for image restoration based on Hop-
field neural network[C]. Lecture notes in computer science,2006, 3972:563-568 (SCI: BET84, EI:
062910011239).

[5] ���êêê,Mm�.O�ÅÀú¥�ºÝ�m�{[J].ó§êÆÆ�, 2005, 22 (6): 951-962.

[6] ��,Mm�,���êêê,x<�. ÄuPCA�ICAAÆJ��\�uÿ8¤©aXÚ[J].O�ÅïÄ�u�, 2006, 43(04): 633-638.

[7] ��,x<�,���êêê,Mm�,ÄuÕá¤©©ÛÚ|±�þÅ�\�uÿ�{[J].ÜS�Ï�ÆÆ�, 2006, 39(8)µ876-879 (EI: 05369347382).

[8] Xu ZB, Sun J. Image inpainting by patch propagation using sparsity of natural image patches[J].
Submitted to IEEE Transactions on Image Processing, 2009.

[9] Sun J, Sun J, Xu ZB, Shum HY. Gradient profile prior and its applications in image super-resolution
and enhancement[J]. Submitted to IEEE Transactions on Pattern Analysis and Machine Intelligence
(in revision), 2009.

97



ÜS�Ï�ÆÆ¬Æ Ø©
Æ Ø©ÕM5(²�<(²§¤¥��Æ Ø©X3����e�<Õá�¤�ïÄ¤J"©¥�{Ú^�<�¤J§þ®�Ñ²(I5½��N�"Ø©SN��¹{Æ¿Âþ®áu�<�?Û/ª�ïÄ¤J§ǑØ�¹�<®^uÙ�Æ ���Ø©½¤J"�<X��þã(²§�¿«ú±eI?Ú�Jµ

1©�£Æ�Ç��Æ yÖ¶
2©Æ��3�'xNþé�ö�<�1Ǒ?1Ï�¶
3©�<UìÆ�5½��ª§éÏØ���Æ �Æ�E¤�¶��³§?1úm�k"
4©�<KIÏØ©¤JØ¢�)�{ÆÅª"Ø©�ö\¶µ FÏµ 
 � FÆ Ø©�£���á(²�<3����e¤�¤�Ø©9�'��Ö�¬§�£��8áÆ�"Æ��k±?Û�ªuL!E�!úm�A!/�±9��;|��|"�<l��uL½�^Æ Ø©½�TØ©���'�ÆâØ©½¤J�§Ý¶ü E,ǑÜS�Ï�Æ"Ø©�ö\¶µ FÏµ 
 � F��\¶µ FÏµ 
 � F£�(²���8ÜS�Ï�Æ¤k§�²N�§?Ûü 9?Û�<Ø�òg�^¤

98


	博士毕业论文全文
	1 绪  论
	1.1 研究背景
	1.2 图像处理的基本问题
	1.2.1 图像去噪
	1.2.2 图像超分辨率重建
	1.2.3 图像增强
	1.2.4 图像填充
	1.2.5 图像前景/背景分割

	1.3 图像的先验建模
	1.3.1 基于光滑性的先验
	1.3.2 基于自然图像统计规律的先验
	1.3.3 基于视觉编码稀疏性的先验
	1.3.4 基于对象或设备的先验

	1.4 本文的主要工作

	2 基于自然图像梯度轮廓先验的图像超分辨率重建与增强算法
	2.1 引言
	2.1.1 有关图像超分辨率和增强的已有工作

	2.2 自然图像梯度轮廓先验
	2.2.1 梯度轮廓锐化度估计
	2.2.2 自然图像梯度轮廓先验
	2.2.3 高/低分辨率图像梯度轮廓的锐化度关系

	2.3 自然图像梯度场变换
	2.3.1 梯度场变换
	2.3.2 基于梯度场的图像重建

	2.4 基于梯度轮廓先验的超分辨率重建算法
	2.4.1 超分辨率模型
	2.4.2 更多的例子

	2.5 基于梯度轮廓先验的增强算法
	2.5.1 锐化度变换函数
	2.5.2 锐化度转移
	2.5.3 对比实验

	2.6 小结

	3 基于Markov随机场尺度选择的各向异性扩散去噪算法
	3.1 引言
	3.2 各向异性扩散尺度空间
	3.3 尺度选择模型
	3.3.1 图像过分割
	3.3.2 图像块尺度选择策略
	3.3.3 Markov随机场尺度选择模型

	3.4 基于分割块的噪声估计模型
	3.5 实验
	3.5.1 噪声估计比较
	3.5.2 尺度选择比较
	3.5.3 参数设定
	3.5.4 去噪效果比较

	3.6 小结

	4 基于图像块稀疏性先验的图像填充算法
	4.1 引言
	4.2 算法框架
	4.3 基于结构稀疏性先验的图像块优先度
	4.3.1 结构稀疏性
	4.3.2 图像块优先度

	4.4 基于稀疏表达的图像块填充
	4.4.1 图像块稀疏表达
	4.4.2 优化算法

	4.5 实验与比较
	4.5.1 在具有虚幻边缘的生成例子上的比较实验
	4.5.2 填充算法实验—应用于划痕和文字移除
	4.5.3 图像块稀疏性对填充性能的提升
	4.5.4 填充算法实验—应用于物体移除
	4.5.5 与其它基于稀疏性的图像填充算法比较
	4.5.6 组合系数求和约束的必要性

	4.6 小结

	5 基于闪光先验和MRF先验建模的前景和背景分割算法
	5.1 引言
	5.1.1 相关工作

	5.2 闪光分割算法
	5.2.1 闪光成像模型
	5.2.2 分割能量模型

	5.3 能量模型详细介绍
	5.3.1 前景能量项
	5.3.2 运动补偿的背景能量项
	5.3.3 颜色项
	5.3.4 模型优化
	5.3.5 算法流程

	5.4 实验结果
	5.5 小结

	6 结论与展望
	6.1 本文主要贡献
	6.2 进一步的研究工作

	参考文献
	致 谢
	攻读博士学位期间的研究成果

	博士毕业论文全文
	1 绪  论
	1.1 研究背景
	1.2 图像处理的基本问题
	1.2.1 图像去噪
	1.2.2 图像超分辨率重建
	1.2.3 图像增强
	1.2.4 图像填充
	1.2.5 图像前景/背景分割

	1.3 图像的先验建模
	1.3.1 基于光滑性的先验
	1.3.2 基于自然图像统计规律的先验
	1.3.3 基于视觉编码稀疏性的先验
	1.3.4 基于对象或设备的先验

	1.4 本文的主要工作

	2 基于自然图像梯度轮廓先验的图像超分辨率重建与增强算法
	2.1 引言
	2.1.1 有关图像超分辨率和增强的已有工作

	2.2 自然图像梯度轮廓先验
	2.2.1 梯度轮廓锐化度估计
	2.2.2 自然图像梯度轮廓先验
	2.2.3 高/低分辨率图像梯度轮廓的锐化度关系

	2.3 自然图像梯度场变换
	2.3.1 梯度场变换
	2.3.2 基于梯度场的图像重建

	2.4 基于梯度轮廓先验的超分辨率重建算法
	2.4.1 超分辨率模型
	2.4.2 更多的例子

	2.5 基于梯度轮廓先验的增强算法
	2.5.1 锐化度变换函数
	2.5.2 锐化度转移
	2.5.3 对比实验

	2.6 小结

	3 基于Markov随机场尺度选择的各向异性扩散去噪算法
	3.1 引言
	3.2 各向异性扩散尺度空间
	3.3 尺度选择模型
	3.3.1 图像过分割
	3.3.2 图像块尺度选择策略
	3.3.3 Markov随机场尺度选择模型

	3.4 基于分割块的噪声估计模型
	3.5 实验
	3.5.1 噪声估计比较
	3.5.2 尺度选择比较
	3.5.3 参数设定
	3.5.4 去噪效果比较

	3.6 小结

	4 基于图像块稀疏性先验的图像填充算法
	4.1 引言
	4.2 算法框架
	4.3 基于结构稀疏性先验的图像块优先度
	4.3.1 结构稀疏性
	4.3.2 图像块优先度

	4.4 基于稀疏表达的图像块填充
	4.4.1 图像块稀疏表达
	4.4.2 优化算法

	4.5 实验与比较
	4.5.1 在具有虚幻边缘的生成例子上的比较实验
	4.5.2 填充算法实验—应用于划痕和文字移除
	4.5.3 图像块稀疏性对填充性能的提升
	4.5.4 填充算法实验—应用于物体移除
	4.5.5 与其它基于稀疏性的图像填充算法比较
	4.5.6 组合系数求和约束的必要性

	4.6 小结

	5 基于闪光先验和MRF先验建模的前景和背景分割算法
	5.1 引言
	5.1.1 相关工作

	5.2 闪光分割算法
	5.2.1 闪光成像模型
	5.2.2 分割能量模型

	5.3 能量模型详细介绍
	5.3.1 前景能量项
	5.3.2 运动补偿的背景能量项
	5.3.3 颜色项
	5.3.4 模型优化
	5.3.5 算法流程

	5.4 实验结果
	5.5 小结

	6 结论与展望
	6.1 本文主要贡献
	6.2 进一步的研究工作

	参考文献
	致 谢
	攻读博士学位期间的研究成果

	博士毕业论文全文
	1 绪  论
	1.1 研究背景
	1.2 图像处理的基本问题
	1.2.1 图像去噪
	1.2.2 图像超分辨率重建
	1.2.3 图像增强
	1.2.4 图像填充
	1.2.5 图像前景/背景分割

	1.3 图像的先验建模
	1.3.1 基于光滑性的先验
	1.3.2 基于自然图像统计规律的先验
	1.3.3 基于视觉编码稀疏性的先验
	1.3.4 基于对象或设备的先验

	1.4 本文的主要工作

	2 基于自然图像梯度轮廓先验的图像超分辨率重建与增强算法
	2.1 引言
	2.1.1 有关图像超分辨率和增强的已有工作

	2.2 自然图像梯度轮廓先验
	2.2.1 梯度轮廓锐化度估计
	2.2.2 自然图像梯度轮廓先验
	2.2.3 高/低分辨率图像梯度轮廓的锐化度关系

	2.3 自然图像梯度场变换
	2.3.1 梯度场变换
	2.3.2 基于梯度场的图像重建

	2.4 基于梯度轮廓先验的超分辨率重建算法
	2.4.1 超分辨率模型
	2.4.2 更多的例子

	2.5 基于梯度轮廓先验的增强算法
	2.5.1 锐化度变换函数
	2.5.2 锐化度转移
	2.5.3 对比实验

	2.6 小结

	3 基于Markov随机场尺度选择的各向异性扩散去噪算法
	3.1 引言
	3.2 各向异性扩散尺度空间
	3.3 尺度选择模型
	3.3.1 图像过分割
	3.3.2 图像块尺度选择策略
	3.3.3 Markov随机场尺度选择模型

	3.4 基于分割块的噪声估计模型
	3.5 实验
	3.5.1 噪声估计比较
	3.5.2 尺度选择比较
	3.5.3 参数设定
	3.5.4 去噪效果比较

	3.6 小结

	4 基于图像块稀疏性先验的图像填充算法
	4.1 引言
	4.2 算法框架
	4.3 基于结构稀疏性先验的图像块优先度
	4.3.1 结构稀疏性
	4.3.2 图像块优先度

	4.4 基于稀疏表达的图像块填充
	4.4.1 图像块稀疏表达
	4.4.2 优化算法

	4.5 实验与比较
	4.5.1 在具有虚幻边缘的生成例子上的比较实验
	4.5.2 填充算法实验—应用于划痕和文字移除
	4.5.3 图像块稀疏性对填充性能的提升
	4.5.4 填充算法实验—应用于物体移除
	4.5.5 与其它基于稀疏性的图像填充算法比较
	4.5.6 组合系数求和约束的必要性

	4.6 小结

	5 基于闪光先验和MRF先验建模的前景和背景分割算法
	5.1 引言
	5.1.1 相关工作

	5.2 闪光分割算法
	5.2.1 闪光成像模型
	5.2.2 分割能量模型

	5.3 能量模型详细介绍
	5.3.1 前景能量项
	5.3.2 运动补偿的背景能量项
	5.3.3 颜色项
	5.3.4 模型优化
	5.3.5 算法流程

	5.4 实验结果
	5.5 小结

	6 结论与展望
	6.1 本文主要贡献
	6.2 进一步的研究工作

	参考文献
	致 谢
	攻读博士学位期间的研究成果




