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Abstract

Facial emotion recognition from thermal images has gained more attention in recent years. Thermal
cameras capture the heat emitted by objects and therefore thermal images are not sensitive to illumina-
tion changes. Furthermore, changes in temperature can indicate emotions and it is harder for humans
to fake emotions in front of a thermal camera. However, a limitation is that, thermal cameras that cap-
ture high-resolution images are expensive, and cheaper thermal cameras often capture images with a
low-resolution and/or contaminated with noise and blur. Besides, low-resolution thermal images can
also arise when images are captured from a far distance or from moving persons. When using these
low-resolution thermal images for facial emotion recognition this can negatively influence the emotion
classification accuracy.

To tackle the problem of low-resolution thermal facial expression images, super-resolution can be
used. In this exploratory work, we propose the Thermal Face Super-Resolution Network (TFSRNet)
and the Thermal Face Super-Resolution Generative Adversarial Network (TFSRGAN) to recover high-
resolution thermal facial expression images from low-resolution thermal facial expression images, with
the goal to use the super-resolved images for thermal facial emotion recognition. The architecture TF-
SRNet is optimized to minimize the mean squared error (MSE), which results in images with a high
peak signal-to-noise ratio (PSNR). However, these images often contain an unsatisfying perceptual
quality. To generate high-resolution images with a high perceptual quality we propose TFSRGAN.
Both architectures use facial prior knowledge, such as facial landmark heatmaps and parsing maps,
to enhance low-resolution thermal facial expression images. To emphasize the most important parts
of each facial expression and to suppress irrelevant facial parts, we integrate the Convolutional Block
Attention Module (CBAM) in both super-resolution architectures. The proposed super-resolution ar-
chitectures are used to enhance low-resolution thermal facial expression images, which are obtained
with three different degradation models, namely bi-cubic down-sampling (Bl) on scale x2, x3 and x4,
blurring followed by bi-cubic down-sampling (BD) on scale x3 and bi-cubic down-sampling followed by
adding noise (DN) on scale x3.

With an ablation study, the effectiveness of using facial prior knowledge and the attention mech-
anism CBAM for thermal super-resolution is shown. When using facial prior knowledge and the at-
tention mechanism CBAM, the image quality of the super-resolved images improves. Furthermore,
experiments show that images enhanced by TFSRNet outperform bi-cubic interpolated images, for
degradation models Bl x4, BD x3 and DN x3. Using these super-resolved images for thermal facial
emotion recognition also leads to an increase of the emotion classification accuracy. In addition, im-
ages enhanced by TFSRGAN outperform bi-cubic interpolated images for degradation model DN x3.
Although, this an exploratory work containing limitations, the experiments show the effectiveness of
using facial prior knowledge and the attention mechanism CBAM for thermal facial expression super-
resolution. In addition, thermal face super-resolution shows promising results for thermal facial emotion
recognition where future work can build upon.
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Introduction

Emotions play an important role in communication between humans. Understanding each other’s emo-
tions and being able to react on them, deeply enhances human interaction [107]. Emotions can be
expressed in various ways, verbally or non-verbally. Non-verbal expressions consist of facial expres-
sions, hand gestures, body movements and tone of voice. Of these expressions, facial expressions
are regarded as one of the most important to identify human emotions [63]. Over the past decades,
automatic facial emotion recognition has become a popular topic of research, since it can be used for
a wide range of applications such as human-computer interaction (HCI) systems [11] [32], driver sys-
tems [65] [102], education [97], surveillance systems [1] and entertainment [15]. The usage of these
systems is rapidly growing and they are becoming more important in our daily lives [72]. In order to
achieve effective human-computer interaction, computers need to be able to interact in a natural way
with the user. As emotions play an important role in the interaction, it is crucial for computers to recog-
nize human emotions. Once computers can recognize human emotions they can provide appropriate
feedback and customized interactions.

For the automatic classification of emotions a distinction can be made between two types of emotion
models: categorical models and dimensional models. In categorical models, emotions are classified in
discrete classes [23]. Often used discrete emotion classes are the six basic emotions: anger, disgust,
fear, happiness, sadness and surprise, defined by Ekman et al. [16]. In dimensional models, emotions
are related to each other and defined in a continuous space [23]. An often used model is the circumplex
of affect introduced by Russell [79], which has two-dimensions: valence and arousal. The valence
dimension shows how positive or negative the emotion is and the arousal dimension shows how excited
or calm the emotion is. In this thesis, the categorical model is used for the classification of emotions,
since the thermal datasets that are available contain labels for the categorical model.

In the past decades, various studies have been done on automatic facial emotion recognition. These
studies can be divided into two groups of approaches: conventional approaches and deep learning
based approaches. Conventional approaches are based on features that are handcrafted and consist
of three main steps as shown in Figure 1.1. In the first step, the facial images are pre-processed.
This pre-processing includes, among others, the normalization of the images and the detection of the
face or facial components. In the second step, hand-crafted features, such as Histograms of Oriented
Gradients (HOG) and Local Binary Patterns from Three Orthogonal Planes (LBP-TOP), are extracted
from the detected face or facial components. Finally, the extracted features are classified into one
of the categorical emotion classes. For the classification of the emotions several classifiers can be
used such as Support Vector Machine (SVM), K-Nearest Neighbors (KNN) or Random Forest (RF).
Deep learning based approaches are based on features that are generated by Deep Neural Networks
(DNNs). There exist several types of DNNs, among which Convolutional Neural Networks (CNNs) are
the most popular. Since CNNs are able to learn features directly from input images, instead of using
handcrafted features, they have achieved excellent performance in several computer vision tasks [2]
[44] [85]. Figure 1.2 shows an example of a CNN architecture for facial emotion recognition. First, the
network takes images with facial expressions as input. Then, the network learns features from these
input images by performing convolutional operations. Finally, the learned features are used for the
emotion classification.
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Figure 1.1: Steps of conventional facial emotion recognition approaches. The facial expression images are from the VIS-TH
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Figure 1.2: Example of a CNN. The facial expression images are from the VIS-TH dataset [61].

Currently, most research on facial emotion recognition is performed on RGB images or videos [43]
[68]. A limitation of RGB images and videos is that they are sensitive to illumination conditions. In en-
vironments with bad light conditions or in completely dark environments, the facial emotion recognition
accuracy is not that good [68]. To deal with this problem, several studies proposed thermal images
for facial emotion recognition. Examples of thermal facial expression images are presented in Figure
1.3. Thermal images, also called long wave infrared (LWIR) images, capture the heat emitted by ob-
jects. They are independent of light sources and therefore not sensitive to illumination conditions [43].
Besides that thermal images are invariant to illumination conditions, they have also other advantages.
Jiang et al. [35] have shown in their research that the temperature of the face changes when the facial
expression changes. Therefore, thermal images could be helpful in deriving emotions from facial ex-
pressions. Furthermore, since humans cannot hide or fake their facial temperature, it is much harder
to fake an emotion in thermal images than in RGB images and therefore it is harder to fool a system.

A limitation of the use of thermal images is that high-resolution thermal cameras are expensive,
while cheaper thermal cameras capture low-resolution images contaminated with noise, blur and low-
resolutions [78]. Furthermore, low-resolution thermal images can also arise when the images are cap-
tured from a far distance [25] or from moving persons [24], for example by security cameras. Using
these thermal low-resolution images for practical applications, such as thermal facial emotion recogni-
tion, can lead to a reduction of the classification accuracy and to less useful applications [109]. There-
fore, automatic thermal facial emotion recognition is still a challenging task.

To tackle the problem of low-resolution thermal facial expression images, single image super-
resolution can be used. Single image super-resolution’ is the process of recovering a high-resolution
image from a low-resolution image. In this thesis we will design two thermal super-resolution architec-
tures to enhance low-resolution thermal facial expression images with the aim to use the super-resolved
thermal facial expression images for thermal facial emotion recognition. In the remaining part of this
chapter, the current thermal super-resolution techniques are discussed followed by the research ques-
tions and the contributions.

"In rest of this thesis, we refer to as super-resolution
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Figure 1.3: Examples of thermal facial expression images from the Thermal Face dataset [43].

1.1. Thermal super-resolution

In contrast to the many super-resolution methods developed to enhance low-resolution RGB images,
there are only a few super-resolution methods developed to enhance low-resolution thermal images.
The first thermal super-resolution method is proposed by Choi et al. [10]. Inspired by the deep learn-
ing super-resolution methods for RGB images, they proposed a CNN for the enhancement of thermal
images, called the Thermal Enhancement Network (TEN). Due to the limited amount of large thermal
datasets, they investigated if datasets of different domains could be used for the training of TEN. They
considered images from two different domains, namely gray-scale images (from the RGB domain) and
mid-wavelength infrared (MWIR) images. Their research shows that images from other domains, such
as the RGB domain, can help to enhance low-resolution thermal images. Lee et al. [48] proposed a
Thermal Image Enhancement CNN (TIECNN) based on residual learning. In this network, images from
different RGB domains (gray, lightness, intensity and brightness) and thermal domains are considered
for training. The results show that the brightness domain in combination with residual learning resulted
in the best super-resolved thermal images. Kuang et al. [45] proposed an Image Enhancement Con-
ditional Generative Adversarial Network (IE-CGAN) to enhance low-resolution infrared images. This
network is trained on RGB images and is able to enhance infrared images with good visual results.
Rivadeneira et al. [77] proposed a deep CNN with a residual network and dense connections to en-
hance low-resolution thermal images. The proposed network is trained on RGB images and on thermal
images. From their experiments they conclude that the super-resolved images are better when the net-
work is trained on thermal images instead of RGB images.

The thermal super-resolution networks discussed above are used to enhance thermal low-resolution
generic images. For the specific domain of thermal face super-resolution only little research is done.
Guei et al. [21] proposed a Deep Convolutional Generative Adversarial Network (DCGAN) for super-
resolution infrared faces, called DeepSIRF. Their goal was to recover high-resolution images (64 x
64 pixels) from low-resolution images (16 x 16 pixels). The network that they proposed is trained and
tested on three different datasets. The first one is the Terravic Facial IR database [64], which is a thermal
LWIR dataset containing 22784 images with different head poses in different conditions. The second
one is the CBSR CASIA NIR Face dataset [51], this is a near-infrared (NIR) dataset containing 3940
images. This dataset contains among other images in different illumination conditions, with different
facial expressions. The last one is the CASIA NIR-VIS 2.0 dataset [52], which contains RGB and NIR
images. Guei et al. only used the NIR images in their research. The dataset contains 12487 images,
with among others different poses, light conditions and facial expressions. The DeepSIRF architecture
is developed in such a way that it can learn from a small amount of data. The results show that the
DeepSIRF architecture is able to enhance low-resolution thermal images.

DeepSIRF deals with thermal facial (expression) images, but it does not use facial prior knowl-
edge to enhance the low-resolution thermal facial (expression) images. In this exploratory thesis, we
design two architectures that use facial prior knowledge and an attention mechanism, to enhance low-
resolution thermal facial expression images. The first architecture, called TFSRNet, is an adapted
version of the Face Super-Resolution Network (FSRNet) [9]. FSRNet uses facial priors such as fa-
cial landmark heatmaps and parsing maps to enhance low-resolution RGB facial images. To focus on
the most important parts of the facial expressions and to suppress irrelevant facial parts, we propose
to integrate a Convolutional Block Attention Module (CBAM) [95] in TFSRNet. TFSRNet is optimized
to minimize for the mean squared error (MSE). Architectures optimized for MSE, have a high image
quality in terms of the peak signal-to-noise ratio (PSNR), which is the most used evaluation metric
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in super-resolution. Although, MSE-based super-resolution approaches achieve a high PSNR, it is
known that the generated images lack a high perceptual quality. Therefore, this first proposed thermal
super-resolution architecture will be compared with a second architecture that we will design, called
TFSRGAN, which is a Generative Adversarial Network (GAN) based architecture. GANs have shown
great results in the field of super-resolution, as they can recover high-resolution images from low-
resolution images with a high perceptual quality [46]. Our GAN-based architecture uses TFSRNet as
generator. To show the effectiveness of the two proposed approaches, both architectures will be used
to enhance different types of low-resolution thermal facial expression images. To simulate real-world
low-resolution images three different types of degradation models (down-sampling with bi-cubic inter-
polation (BI), blurring and down-sampling (BD), down-sampling and adding noise (DN)) will be used
to obtain low-resolution images. Furthermore, we will provide an ablation study to explain the effects
of our proposed networks and we will provide empirical findings to show which of the proposed super-
resolution approaches is the most suitable to enhance low-resolution thermal facial expression images
for the task of facial emotion recognition. Table 1.1 presents an overview of the existing thermal face
super-resolution methods compared to our proposed thermal super-resolution methods.

Table 1.1: Overview of the thermal face super-resolution approaches

Architecture Characteristics

- Does not use facial prior knowledge
DeepSIRF [21] - L1-loss and adversarial loss
- Designed to enhance low-resolution near infrared (NIR) and thermal facial (expression) images

- Based on FSRNet [9]
- Uses facial landmark heatmaps, parsing maps and CBAM

TFSRNet
© - MSE loss
- Designed to enhance low-resolution thermal facial expression images
- Based on SRGAN [46] and FSRGAN [9]
TESRGAN - Uses facial landmark heatmaps, parsing maps and CBAM

- Perceptual loss and adversarial loss
- Designed to enhance low-resolution thermal facial expression images

1.2. Research questions

The aim of this thesis is to recover high-resolution thermal facial expression images from low-resolution
thermal facial expression images and to use the super-resolved images for facial emotion recognition.
The corresponding research question is formulated as follows:

How can we use super-resolution to enhance low-resolution thermal facial expression images
for thermal facial emotion recognition?

To answer this research question, we will investigate the following sub-questions:

1. Does the use of facial priors (facial landmark heatmaps and/or parsing maps) and the attention
mechanism CBAM for thermal super-resolution lead to an improvement in image quality of the
super-resolved images?

2. Do the different types of low-resolution images enhanced by TFSRNet and TFSRGAN have a
better image quality than those enhanced by bi-cubic interpolation?

3. Which of the two proposed thermal super-resolution approaches, TFSRNet or TFSRGAN, is the
most suitable to enhance low-resolution thermal images for the task of thermal facial emotion
recognition?
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1.3. Contributions
Based on the research question stated above, the following contributions are made:

Contribution 1. Design two thermal facial expression super-resolution architectures, that use facial
priors (facial landmark heatmaps and/or parsing maps) and the Convolutional Block Attention Module
(CBAM). In addition, perform an ablation study to explain the effects of using facial priors and the
attention mechanism CBAM on the image quality of the super-resolved images.

The first architecture that we propose is the Thermal Face Super-Resolution Network (TFSRNet),
which is an adapted version of FSRNet [9]. We adapt FSRNet by integrating the Convolutional Block
Attention Module (CBAM) [95] as an attention mechanism. More specific, CBAM will be integrated in
FSRNet by replacing one or two residual blocks with residual blocks with CBAM. Through explorative
experiments we will search for the best place in FSRNet to integrate CBAM. CBAM is included to focus
on the most important parts of the face for each facial expression and to suppress less important facial
parts. FSRNet is optimized to minimize the mean squared error (MSE). Images optimized for MSE
have a high peak signal-to-noise ratio (PSNR), but they are over-smoothed and lack high-frequency
details resulting in a low perceptual quality. Therefore we propose a second approach, the Thermal
Face Super-Resolution Generative Adversarial Network (TFSRGAN), which is a GAN-based approach.
GANSs have shown to be very successful for super-resolution tasks [46] and can generate photo-realistic
images with high perceptual quality. TFSRGAN is optimized for a loss that consists of, among others, a
perceptual loss and an adversarial loss, which help to generate images with high perceptual quality. To
train the two proposed architectures, a large amount of data is needed to prevent the architectures from
overfitting. However, there are only a few thermal facial expression datasets available, which contain
a small amount of data. Inspired by the idea of Choi et al. [10] who have shown that RGB images
can be useful for thermal super-resolution, the two proposed architectures are first pre-trained on the
large-scale RGB dataset CelebAMask-HQ [47] and then fine-tuned on the smaller thermal datasets
Thermal Face [43] and VIS-TH [61]. With an ablation study we showed that using facial priors, such
as facial landmark heatmaps and/or parsing maps, and the attention mechanism CBAM, improves the
image quality of the thermal super-resolved images in terms of PSNR and SSIM.

Contribution 2. Provide empirical findings to show the effectiveness of TFSRNet and TFSRGAN
on super-resolving different types of low-resolution thermal images.

Real-world low-resolution images can be contaminated with four types of degradations, such as
blur, low-resolution, artifacts and noise [49]. Often they are contaminated with more than one of these
degradations. To simulate real-world low-resolution images several degradation models have been de-
veloped [53] [104]. In this thesis, three degradation models are used to obtain low-resolution images.
The three degradation models are bi-cubic down-sampling (BI) (scale x2, x3, x4), blurring and bi-cubic
down-sampling (BD) (scale x3), down-sampling and adding noise (DN) (scale x3). For the evaluation
of the super-resolved thermal images we use the two most used evaluation metrics in super-resolution,
namely the peak signal-to-noise ratio (PSNR) and the structural similarity (SSIM). For the Thermal Face
dataset, we showed that for large degradation models, such as Bl x4, BD x3 and DN x3, TFSRNet out-
performs bi-cubic interpolation in terms of PSNR and SSIM. For degradation model Bl x3, TFSRNet
outperforms bi-cubic interpolation in terms of SSIM but not in terms of PSNR. For degradation model Bl
x2, bi-cubic interpolation outperforms TFSRNet. Furthermore, we showed that TFSRGAN outperforms
bi-cubic interpolation only for low-resolution images from DN x3. For the VIS-TH dataset, TFSRNet and
TFSRGAN outperform bi-cubic interpolation in terms of PSNR and SSIM only for degradation model
DN x3.

Contribution 3. Provide empirical findings to show which of the two proposed thermal super-
resolution architectures is the most suitable to enhance low-resolution thermal images for facial emotion
recognition.

The thermal images enhanced by TFSRNet and TFSRGAN are used for facial emotion recognition.
Based on the Thermal Face dataset, we have shown that for large degradation models, such as Bl x4,
BD x3 and DN x3, the images enhanced by TFSRNet achieve a higher emotion classification accuracy
than bi-cubic interpolated images and images enhanced by TFSRGAN. For small degradation models,
such as Bl x2 and Bl x3, bi-cubic interpolated images achieve a higher emotion classification than
images enhanced by TFSRNet or TFSRGAN.
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1.4. Thesis outline

The outline of the thesis is as follows. In Chapter 2, background information on Deep Neural Networks
(DNNs) is provided. Furthermore, it presents an overview of related work on super-resolution and facial
emotion recognition. In Chapter 3, the selected datasets and their pre-processing steps are discussed.
In addition, the degradation models and the architectures are presented. In Chapter 4, an overview
and an analysis of the results are presented. Finally, in Chapter 5, we discuss what we have learned
during this thesis and the limitations of this work. Furthermore, we give suggestions for future work.
Finally, we summarize our findings.



Background and Related Work

In this thesis we design two thermal face super-resolution architectures, TFSRNet and TFSRGAN, to
enhance low-resolution thermal facial expression images for thermal facial emotion recognition. Our
thermal super-resolution architectures use facial prior knowledge, such as facial landmark heatmaps
and parsing maps, to enhance low-resolution thermal facial expression images. In addition, we inte-
grate the Convolutional Block Attention Module (CBAM) in TFSRNet and TFSRGAN, to focus on the
most important parts of each facial expression and to suppress other irrelevant parts.

In this chapter, an overview of the current studies, related to thermal (face) super-resolution and
thermal facial emotion recognition, is presented. Since most of these studies are based on deep learn-
ing, this chapter begins with providing some background information on deep learning in Section 2.1.
Then, in Section 2.2, an overview is given of super-resolution methods used to enhance low-resolution
generic RGB images. This is followed by an overview of super-resolution methods used to enhance
low-resolution face RGB images, in Section 2.3. Finally, in Section 2.4, the current thermal datasets
and thermal facial emotion recognition methods are presented.

2.1. Deep learning

Deep learning is a part of machine learning that uses Deep Neural Networks (DNNs) to extract features
from raw input data to get multiple levels of representations of the input data [87]. Since DNNs are able
to learn useful representations from data, they have achieved excellent performance in many tasks [27]
[44] [56]. For each task, different types of neural networks can be used. The neural networks used in
this thesis are based on Convolutional Neural Networks (CNNs) and Generative Adversarial Networks
(GANs). In the next sections, first DNNs are discussed, followed by a discussion of the two specific
types of neural networks, CNNs and GANs.

2.1.1. Deep Neural Networks (DNNs)

Neural Networks (NNs) consist of several layers, such as an input layer, one or more hidden layers
and an output layer. NNs that are used in deep learning contain more than one hidden layer and are
defined as Deep Neural Networks (DNNs) [87]. Figure 2.1 shows an example of a NN with one hidden
layer. Each layer in a NN consists of several components, called neurons. The neurons receive input
values which have been multiplied by a weight. Each neuron adds up the weighted input values and
can add some bias. The sum of the weighted values and the bias is passed through an activation
function, which leads to a final output value. This process can be described by the following formula:

= ( + ) (2.1)

where is the weight, theinput, the output, the bias and the activation function. Activation
functions are used to convert the sum of the weighted input value(s) to an output value. Activation
functions that typically are applied in DNNs, are non-linear activation functions. Due to these non-
linear activation functions a network is able to learn more complex relationships between the input and

7
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Figure 2.1: Example of a neural network. The network consists of an input layer with three neurons, one hidden layer with four
neurons and an output layer with two neurons.

output data. Figure 2.2 shows some non-linear activation functions’. Among these, the most popular
non-linear activation function is the rectified linear unit (ReLU).

D

(a) Sigmoid: —_— (b) Tanh: _ (c) ReLU: (.,) (d) LeakyReLU: « )

Figure 2.2: Activation functions.

Training of DNNs

During the training phase of a DNN, the weights of the network are learned. The aim is to find the
weights that minimize the average loss. There are several ways of learning, such as supervised learn-
ing, unsupervised learning and semi-supervised learning. In this thesis we use supervised learning,
which means that the input data is labeled. Thus, for each input value the corresponding output value
is known.

The training of a DNN, in a supervised way, proceeds in several steps. First, the weights of the
network are once initialized with random values. Then, in the forward propagation step, the training
inputs are passed through the network and an output is calculated. Next, a loss function calculates
the loss between the output generated by the network and the desired output. The loss defines how
similar the generated output is to the desired output. The lower the loss, the more similar the generated
output is to the real output. After computing the loss, backward propagation is performed. In the back
propagation step, the gradient of the loss function with respect to the weights is calculated. Based on
the gradients and a learning rate, the weights of the network are adjusted.

2.1.2. Convolutional Neural Networks (CNNs)

Convolutional Neural Networks (CNNs) are a special type of Neural Networks (NNs). They are used
for a wide range of applications, such as image classification [44], object detection [19][76] and face
recognition [83]. CNNs consist of three types of layers namely convolutional layers, pooling layers and

"For LeakyReLU is a small constant, here
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fully connected layers. By stacking those layers a CNN is created. Below, we will discuss the different
types of layers of a CNN.

Convolutional layer

A convolutional layer is used to extract local features from input images. The parameters of a convolu-
tional layer exists of a set of learnable kernels, also known as filters. The spatial size (width and height)
of each kernel is often small. The depth of each kernel equal to the depth of the input. Each kernel
is shifted over the input and at each point the dot product between the kernel values and the input
values is calculated. When shifting the kernel over the input, a feature map is created, which stores the
output values of each dot product. For each kernel, one feature map is created and the created feature
maps are stacked in the depth. By choosing the number of kernels, the depth of the output can be
determined. The distance that the kernel shifts over the input can be determined with the stride. When
the stride is 1, the kernel shifts one pixel. If the stride is larger than 1, the spatial size of the output will
be smaller than the spatial size of the input. This can be seen in Figure 2.3, that shows an example
of a convolutional layer with stride 2. To determine the spatial size of the output, zero-padding can be
used. When using zero-padding, zeros are pad around the borders of the input. The output volume
of a convolutional layer can thus be determined by three hyperparameters, namely depth, stride and
zero-padding.

f1{o|o0 00
oTz] [z]o]1{1] [o olz] [tlol2[2| [0T2
1|-1[ |of1|1]1 1[-1]-pof-1pr1
Kernel 11-1]10]1 Output Kernel 1T 2lo 1 Output
Input Input
1[-1ToJo 1[-1]o]o
o[1] [+]{o]-1]1 0]-2 of1}friof-1]1 0][-2
12| [of2lz]2]| 1 12| [olxlzlz| [1]2
Kernel "[1.]-1/0 (1| Output Kernet——{1-1]0 | 1| Output
Ihput _I‘nput ]

Figure 2.3: Example of a convolutional operation. The input image has size 4x4x1, the kernel has size 2x2x1 and the stride is
2. The convolutional operation results in an output (feature map) of size 2x2.

Pooling layer

A pooling layer is often applied after a convolutional layer. This layer is used to reduce the spatial size of
a feature map. There are two types of pooling that are used most often, namely maximum (max) pooling
and average pooling. Figure 2.4a shows an example of max pooling. For max pooling, the maximum
value is taken of the region that is overlapped by the kernel. Figure 2.4b shows an example of average
pooling. For average pooling, the average of the values is taken of the region that is overlapped by the
kernel.

Fully connected layer

Fully connected layers are often used as the last layers of a CNN. In fully connected layers, all the
neurons of one layer are connected to all the neurons in the following layer. The layers are used to
collect the information of the previous layers and to perform a classification.



10 2. Background and Related Work

Max pooling Average pooling | 4

~| o v w
| ~| o]
| o w| &
w| ~| | o
©
~| o] v w
s~ o @
| ol w| &
w| ~| ~| o
—4

(a) Example of max pooling (b) Example of average pooling

Figure 2.4: Examples of two pooling operations with input image of size 4x4x1, kernel 2x2x1 and stride 2.

2.1.3. Generative Adversarial Networks (GANS)

Generative Adversarial Networks (GANs) are introduced by Goodfellow et al. [20]. GANs consist of
two Neural Networks (NNs), namely a generator network and a discriminator network. The aim of the
generator is to generate samples similar to the samples that come from the distribution of the training
data. The aim of the discriminator is to distinguish the real samples from the fake samples.

Figure 2.5 shows the architecture of a GAN. The generator takes as input a random noise vector
from distribution  and maps it to the data distribution , which is trained to be similar to the distribution
of the training data . Discriminator takes as input the real and generated samples and classifies
them into one of the two classes, real or fake. is trained to maximize probability of the correct
classification of the real and the fake labels, while at the same time s trained to minimize (¢R3

( ())). Therefore, the training of the two networks can be described as a minimax game:

mnmax (., )= « [ O+ « o Q& (] (2.2)

At the beginning of training, the data samples generated by are poorand can distinguish the real
and fake samples with high confidence, which leads to the saturation of (L£ ( ())). Therefore,

in practice, is trained to maximize ( ()) instead of minimizing ae ( O)).
Samplex
from Puata
X
Disctiminator D —» é ilfffrael?é
Noise factor zZ Samplex ’
from P, from Pg

z —— Generator G

X

Figure 2.5: Architecture of a GAN.

2.2. Image super-resolution

2.2.1. Problem definition
Image super-resolution is the process of generating a high-resolution image from a low-resolution im-
age. A low-resolution image can be defined as follows:

= C ) (2.3)

where  denotes a degradation model, the high-resolution image and the parameters of the
degradation model (e.g. down-scaling factor, noise, etc.). In real world, the degradation model is
unknown. To simulate low-resolution images, researchers have generated several degradation models
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[53] [101] [104]. Given a low-resolution image , image super-resolution aims to generate a high-
resolution image , which is an approximation of the ground truth high-resolution image . This
process can be described as follows:

= () (2.4)

where is a super-resolution model and the parameters of the super-resolution model. When training
a super-resolution model, the objective function can be described as:

=argmn<( , ) (2.5)
where <( , ) denotes the loss function between the super-resolved image and the ground truth
high-resolution image . In super-resolution, the most commonly used loss function is the mean

squared error (MSE) loss. We will discuss current super-resolution models in Section 2.2.3. But first,
we discuss evaluation metrics for the image quality in Section 2.2.2.

2.2.2. Image quality assessment

In image super-resolution, the quality of the images can be evaluated based on quantitative evaluation
and based on qualitative evaluation. Quantitative evaluation is the evaluation of the images based on
mathematical methods. Quantitative evaluation is the evaluation of the images based on the perception
of humans. For this evaluation, humans are asked to assess the quality of the images. In this section,
we discuss the most commonly used evaluation metrics for super-resolution.

Peak signal-to-noise ratio (PSNR)

The peak signal-to-noise ratio (PSNR) is a quantitative evaluation metric. It represents the ratio be-
tween the maximum power of a signal and the maximum power of distorting noise. In the case of
super-resolution, it represents the ratio between the ground truth high-resolutionimage and the super-
resolved image . The PSNR can be calculated with the following formula:

=10V ) (2.6)

where, = iM (O () (2.7)

where is the maximum pixel value (in our case 255) and N the number of pixels in an image. The
higher the PSNR, the better the image quality. The PSNR calculates the difference between two images
on pixel-level. Since it only focuses on the difference between a pair of pixels instead of the human
visual perception, it often gives a poor representation of the image quality in real world scenarios, where
the perceptual quality is more important. However, PSNR is still the most used evaluation metric for
super-resolution.

Structural similarity (SSIM)

The structural similarity (SSIM) [94] is also an quantitative evaluation metric. It measures the structural
similarity between images. The structural similarity is measured based on three independent compo-
nents, namely contrast, luminance and structure. A detailed description of the computation of SSIM
can be found in the work of Wang et al. [94]. In the case of super-resolution, SSIM represents the
structural similarity between the ground truth high-resolution and the super-resolved image . The
SSIM is defined by a value in the range of 0 to 1. The higher the SSIM, the better the image quality.
Since the human visual system (HVS) is able to extract structural information from images, SSIM metric
is a better approximation of the perceptual quality and is commonly used for super-resolution.

2.2.3. Image super-resolution architectures

Various super-resolution methods have been proposed to enhance generic RGB images. Earlier meth-
ods can be divided in prediction-based methods [30], edge-based methods [33], statistical methods
[84], patch-based (or example-based) methods [73] and sparse representation methods [34]. Re-
cently, methods based on deep learning achieved the state-of-the-art performance. In this section
we will discuss a selection of super-resolution methods developed to enhance low-resolution generic
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RGB images and that have been an inspiration for our proposed networks. The methods that will be
discussed are deep learning methods based on Convolutional Neural Networks (CNNs), Generative
Adversarial Networks (GANs) and attention mechanisms.

Dong et al. [13] are the first who proposed a Convolutional Neural Network (CNN) for image super-
resolution, named Super-Resolution Convolutional Neural Network (SRCNN). SRCNN consists of three
layers and learns an end-to-end mapping from a low-resolution image to a high-resolution image. Be-
fore the low-resolution image is given as input to the network, it is up-scaled to the same size as the
high-resolution image with bi-cubic interpolation. The network is used to enhance low-resolution im-
ages with up-scaling factor x2, x3 or x4. For each factor a different network is trained. The network is
tested on five different datasets and evaluated with the commonly used evaluation metrics peak signal-
to-noise ratio (PSNR) and structural similarity (SSIM) [93]. Table 2.1 present an overview of the results
of SRCNN and the other methods that will be discussed in this section.

A limitation of SRCNN is that it has high computational costs. To speed up SRCNN, Dong et al. [14]
proposed a new architecture, called Fast Super-Resolution Convolutional Neural Network (FSRCNN).
In this network three things are changed to speed up SRCNN. First, FSRCNN contains a deconvolution
layer at the end of the network to up-sample the low-resolution image. In SRCNN the up-sampling was
performed using bi-cubic interpolation as pre-processing step. Second, FSRCNN contains three steps
(shrinking, mapping, expanding) instead of one non-linear mapping step as in SRCNN. In this way the
input features are first shrinked, then mapped and then expanded. Third, in FSRCNN more mapping
layers are used, but smaller filter sizes. The results show that FSRCNN is 40 times faster and achieves
better results.

To further improve the performance of SRCNN, one can increase the depth of the network. However,
this has two disadvantages. First, increasing the depth of the network can lead to overfitting. Second,
it introduces more parameters causing that the model needs more storage space. In order to increase
the depth of the super-resolution network without introducing a large amount of parameters, Kim et al.
[41] proposed a Deeply Recursive Convolutional Network (DRCN) for image super-resolution. In this
network, the same convolutional layer is repeated multiple times, which causes that more recursions
are executed while the number of parameters stays the same. However, training a deep recursive
network is very hard due to exploding or vanishing gradients. To deal with this problem, all recursions
in DRCN are supervised. Furthermore, DRCN contains a skip-connection from the input to the recon-
struction layer, such that the exact low-resolution input image can be used for the recovering of the
high-resolution output image. Kim et al. also proposed another deep network, namely a Very Deep
Convolutional Network for Super-Resolution (VDSR) [42]. The architecture consists of a repetition of
convolutional and nonlinear layers. An issue that can arise when training deep networks, is that they do
not converge in a reasonable amount of time. To solve this issue, VDSR uses high learning rates and
global residual learning. Since the low-resolution image and the high-resolution images are highly cor-
related, learning only the residual (difference between the low-resolution image and the high-resolution
image) can lead to faster convergence. Furthermore, gradient clipping is introduced to solve the van-
ishing/exploding gradients problems that can occur when high learning rates are used. Although, the
very deep networks achieve good performance, they still require a large amount of parameters. There-
fore, Tai et al. [88] proposed a Deep Recursive Residual Network (DRRN) for image super-resolution,
that contains 2x less parameters than VDSR and 6x less parameters than DRCN and still achieve bet-
ter performance. The DRRN introduces besides global residual learning also local residual learning.
When a network becomes deeper it could be that details of the images disappear after many layers.
The local residual learning ensures that image details remain in the deeper layers. Furthermore, they
suggest recursive learning of residual units.

A large amount of the super-resolution methods focuses on minimizing the mean squared er-
ror (MSE). Although, this leads to recovered images with a high PSNR, the images are often over-
smoothed and do not contain high-frequency details and thus have a poor perceptual quality. To re-
cover high-resolution images with high-perceptual quality from low-resolution images, Ledig et al. [46]
presented a Generative Adversarial Network for Super-Resolution (SRGAN). This network consist of a
generator and a discriminator. The generator generates a high-resolution image from a low resolution
image and the discriminator is trained to distinguish between the recovered high-resolution images and
the real high-resolution images. SRGAN is optimized for a new perceptual loss, which consist of a con-
tent loss and an adversarial loss. Instead of using the MSE-based content loss, a loss is introduced that
is calculated on the feature maps of the VGG network [85]. The architecture of the generator, named
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%DFNJURXQG DQG SHODWH

655HVIHW LVEDVHGRQDGHHS5HVLGX®D OULMWE@ENUBSRYHG DX (QKDQF
'"HHS 5HVLGXDO 1HWZRUN IRU LPDJH 6XSHU 5HVROXWLRQ ('65 7KLV Q
DUFKLWHFWXUH E\ UHPRYLQJ WKH EDWFK QRUPDOL]DWLRQ %1 OD\HU\
SXW RI HDFK OD\HU DQG WKHUHIRUH WKH UDQJH IOH[LELOLW\ GLVDSSH
OHVV *38 XVDJH )XUWKHUPRUH /LP HW DO GHVLJQHG D VLQJOH QHWZF
XS VFDOLQJIDFWRUV @ B MRMBREVULHEADIOD BFKLWHFWXUH WR JHQHUDWH LI
TXDOLW\ FDOOHG (QKDQFHQHW 7KLV IXOO\FRQYROXWLRQDO QHXUDO
FUHDWLQJUHDOLVWLF WH[WXUHV 7R IXUWKHU LPSURYH WKH SHUFHSW
HW DO@ SURSRVHG DQ (QKDQFHG YHUVLRQ RI 65*$1 (65*$1 ,Q WKLV HQ
FRPSRQHQWV RI 65*$1 DUH LPSURYHG )LUVW DOO WKH %1 OD\HUV DUH
YXUWKHUPRUH WKHEDVLFEORFNVRIWKHQHWZRUNDUFKLWHFWXUHDU
%ORFNV 55'% 6HFRQG LQVWHDG RIXVLQJWKHRULJLQDO GLVFULPLQ!
7KLV UHODWLYLVWLF GLVFULPLQDWRU SUHGLFWV WKH SUREDELOLW\ W
IDNHRQHLQVWHDG RI SUHGLFWLQJLIDQLPDJHVLVUHDORUVXSHU UH"
ORVV LVLQWURGXFHG 7KH TXDOLWDWLYH UHVXOWYV RI (65*$1 DQG WK
VKRZQ LQ )LJXUH

=KDQJ HW D@ SYRSRVHG D YHU\ GHHS 5HVLGXDO &KDQQHO $WWHQWL
VXSHU UHVROXWLRQ 7KH\LQWURGXFHG D UHVLGXDO LQ UHVLGXDO 5,
ZRUN 7KH 5,5 DUFKLWHFWXUH FRQVLVWYVY RI PXOWLSOH UHVLGXDO JUI
UHVLGXDO JURXS FRQVLVWV RIUHVLGXDO EORFNVDQGD VKRUW VNLS F
WLRQVLQ WKHQHWZRUN ORZ IUHTXHQF\LQIRUPDWLRQ FDQ EH E\SDV V'
KLJK IUHTXHQF\LQIRUPDWLRQ )XUWKHUPRUH WKH\LQWURGXFHD FKD
RQ WKHPRVW LPSRUWDQW FKD @QHIRS RKID@ D WWW\AG HHS 5HVLGXDO 1RQ
1IHWZRUN 51$1 7KLV QHWZRUNFRQVLVWVY RIUHVLGXDO ORFDO DQG QF
FRQVLVWYV RI WUXQN EUDQFKHYV DQG PDVN EUDQFKHV 7KH WUXQN EUD
IHDWXUHV DQG WKH ORFDO DQG QRQ ORFDO PDVN EUDQFKHV DUH XVHG"
RWKHUDWWHQWLRQ QHWZRUN IRU VXSHU UH® RTKLW L6RIF R'Q S URSRN Y G VE
1HWZRUN 6$1 IRULPDJH VXSHU UHVROXWLRQ IRFXV RQ WKH FRUUHOD
RUGHU WR GR WKLV D VHFRQG RUGHU FKDQQHO DWWHQWLRQ 62&$ PHF

JLIXUH 4AXDOLWDWLY®B UHVXOWV IURP >

J)DFH VXSHU UHVROXWLRQ

$ VSHFLILF GRPDLQLQ VXSHU UHVROXWLRQ LV IDFHVXSHU UHVROXWLR
GRPDLQ RQO\IDFHLPDJHV DUH XVHG LQVWHDG RI JHQHULF LPDJHV 7K
SULRUNQRZOHGJH ZKLFK FDQ KHOS WR EHWWHU HQKDQFH ORZ UHVRO|
KDV DOUHDG\ EHHQ XVHG IRU VHYHUDO IDFH UHODWHG WDVNV LQ UHD(
UHFRJQL\@L RMFH DO L@ PHGWDFH UHBR FHPAMIQRMQON GHHS OHDUQLQJ KDV
IRUIDFH VXSHU UHVROXWLRQ WDVNV DQG KDV DFKLHYHG JRRG UHVXOW
QHWZRUNV IRU 5*% IDFH VXSHU UHVROXWLRQ DUH GLVFXVVHG )ROOR!:



JDFH VXSHU UHVROXWLRQ

6XSHU 5SHVROXWDRRL HDMBRVUKNH )DFH 6 XSHU 5HVROXWLRQ *HQHUDWLYH $G°
)65*$1>@ RQ ZKLFK RXU SURSRVHG DUFKLWHFWXUHV DUH EDVHG

=KX HW D@ SURSRVHG D GHHS &DVFDGHG %L 1HWZRUN &%1 IRU IDFH V
FDVFDGHG IUDPHZRUN LV XVHG WR DOWHUQDWHO\LPSURYHWZR VWHSV GH
DQGIDFHKDOOXFLQDWLRQ 7KHIDFLDO VSDWLDO LQIRUPDWLRQ LV GHVFUL
HDFKLWHUDWLRQ WKHHVWLPDWLRQRIWKHGHQVHFRUUHVSRQGHQFHILHO
LPSURYHG UHVROXWLRQ RIWKHIDFHLPDJHDQG WKHPRUHDFFXUDWH HVWL
ILHOG KHOSV WR HQKDQFH WKH IDFH LPDJH $QRWKHU IDFH KDOOXFLQDW.L
DO & 7KHLU SURSRVHG PHWKRG FRQVLVW RI WZR VWDJHV ,Q WKH ILUVW
LVGLYLGHG LQILYHIDFLDO FRPSRQHQWY H\HV QRVH PRXWK H\H EURZQ\
IDFLDO FRPSRQHQW D GLIITHUHQW &11 LV WUDLQHG WR OHDUQ D KLJK UHVR
UHVROXWLRQIDFLDO FRPSRQHQW ,QWKHVHFRQGVWDJH ILQHIDFLDO VWU
LPDIJHVDQGDUH XVHGWREHWWHUHQKDQFHWKHIDFLDO FRPSRQHQW )LQD
WRIJHWKHU ZKLFK UHVXOWV LQDILQDO HQKDQFHG IDFLDO LPDJH

<XHWD@ SURSRVHG D PXOWL WDVN DUFKLWHFWXUH IRUIDFH VXSHU UHV
RI'WZR SDUWV 2QH SDUW LV D OXOWL 7DVN 8S 6DPSOLQJ 1IHWZRUN 0781
DQ XS VDPSOLQJEUDQFK DQG D IDFLDO FRPSRQHQW KHDWPDS HVWLPDWLR(
DIJHLVILUVW XS VDPSOHG E\ WKH XS VDPSOLQJ EUDQFK 7KHQ WKH XS VDP
WKH FRPSRQHQW KHDWPDS HVWLPDWLRQ EUDQFK ZKLFK HVWLPDWHYV IDFL
PDWHG IDFLDO FRPSRQHQW KHDWPDSV DQG WKH IHDWXUH PDSV RI WKH XS
DQG XVHG WR UHFRYHU D KLJK UHVROXWLRQ IDFH LPDJH 7KH RWKHU SDUYV
GLVFULPLQDWLYH QHWZRUN ZKLFK LV WUDLQHG WR GLVWLQJXLVK EHWZHF
7TKH GLVFULPLQDWLYH QHWZRUN KHOSV WR HQKDQFH IDFLDO LPDJHV ZLWK I

.LP HW D@ SURSRVHG D SURJUHVVLYH IDFH VXSHU UHVROXWLRQ QHWZR
D JHQHUDWRU DQG D GLVFULPLQDWRU WKDW DUH SURJUHVVLYHO\ WUDLQ
UHVROXWLRQ IDFLDO LPDJH DQG LQ VHYHUDO VWHSV WKLV LPDJH LV UHFRY
)XUWKHUPRUH D IDFLDO DWWHQWLRQ ORVV LV SUHVHQWHG ZKLFK LV FDO
IDFLDO FRPSRQHQWYV @OPWBRGXFEBG D>¢RPSRQHQW $WWHQWLRQ *XLGHG )
QHWZRUN QDPHG &$*)DFH 7KH QHWZRUN FRQVLVWV RI D FRPSRQHQW QHW
VWDJHV )LUVW WKHFRPSRQHQW QHWZRUN LV XVHG WR GLYLGH WKH IDFH L
DQG UHPDLQLQJ FRPSRQHQWY H\HV H\HEURZV PRXWK QRVH HDUV )URP
PDSV DUH JHQHUDWHG 7KH RULJLQDO ORZ UHVROXWLRQ LPDJHV DQG DWW
DV LQSXW WR WKH VXSHU UHVROXWLRQ VWDJHV ZKHUH WKH ORZ UHVROXV
UHVROXWLRQ IDFH LPDJH

ODHWD@® QWURGXFHG D '"HHS WHUDWLYH &&ROODERUDWLRQ ',& EHWZH
IDFHVXSHU UHVROXWLRQ 2QH UHFXUUHQW QHWZRUN IRFXVHV RQ WKH UHF
DQG WKH RWKHU UHFXUUHQW QHWZRUN IRFXVHV RQ WKH HVWLPDWLRQ RI IL
RXWSXWV Rl HDFK QHWZRUN DUH JLYH DV LQSXW WR WKH RWKHU QHWZRUN
WRIJHWKHU WR DFKLHYH EHWWHU SHUIRUPDQFH )XUWKHUPRUH OD HW DO
WRLQWHIJUDWH WKH ODQGPDUN LQIRUPDWLRQ LQVWHDG RIWKHFRQFDWHQ

‘:DQIJHWD®@ SURSRVHG D SDUVLQJPDSJXLGHG PXOWL VFDOHDWWHQWLRQ
7KLY QHWZRUN FRQVLVW RI WZR QHWZRUNV 7KH ILUVW LV 3DUVLQJ1IHW Z
NQRZOHGJH H J D SDUVLQJPDS RIIDFHLPDJHYVY 7KHVHFRQG QHWZRUN X
ORZ UHVROXWLRQIDFHLPDIJHWR UHFRYHU D KLIJK UHVROXWLRQ IDFHLPDJI

)651HW DQG )65*%1

7TKH IRXQGDWLRQ RI RXU SURSRVHG DUFKLWHFWXUHV LV WKH )DFH 6XSHU '
SRVHG E\ &KHQ &@W )BO61HW XVHV IDFLDO SULRU LQIRUPDWLRQ VXFK DV IDFI
DQG SbDUvLQJ PDSV WR JHQHUDWH KLJK UHVROXWLRQ IDFLDO LPDJHV IURF
QHWZRUN DUFKLWHFWXUH RI1 )651HW L WSRRYWHIQOARDERMB HLU XUHH/ ROXWLRQ
QHWZRUND@QEPHU UHVROXWLRQ QHWZRUN 7KH ILQH VXSHU UHVROXWLRQ
DILQH 65 HQASGHRU HVWLPDWOQRQDQHVBEFREWHVFRBEBRZ HDFK FRPSRQHQW RI W
DUFKLWHFWXUH LYV GLVFXVVHG LQ PRUHGHWDLO
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&RDUVH VXSHU UHVROXWLRQ QHWZRUN

%HIRUH D ORZ UHVROXWLRQ LPDJH LV JLYHQ DV LQSXW WR )651HW LW
SRODWLRQ VXFK WKDW LV KDV WKH VDPH UHVROXWLRQ DV WKH KLJK UF
UHVROXWLRQ LPDJH WDNHV DV LQSXW WKH XS VDPSOHG EL FXELF LQW|
RI WKH FRDUVH VXSHU UHVROXWLRQ QHWZRUN LV WR FRDUVH UHFRYHL
PLIJIKWEHHDVLHUWRHVWLPDWHIDFLDO SULRUV IURP D FRDUVH KLJK Ut
LPDJH )URP)LIXWWHDQ EH VHHQ WKDW WKH FRDUVH VXSHU UHVROXWLI
OD\HU ZLWK D NHUQHO VLIHRI [ 7KLV OD\HULVIROORZHG E\D EDWFK |
DFWLYDWLRQ IXQFWLRQ 7KLV LV IROOR@H BELB\DW Y HIHQURWWH IEX B R EYORRG-
ZLWK NHUQHO VL]H [ LV XVHG WR UHFRYHU WKH FRDUVH LPDJH 7KLV |
LQSXWWR ERWK WKHILQHVXSHU UHVROXWLRQ HQFRGHU DQG WKH SUL

JLQH VXSHU UHVROXWLRQ QHWZRUN

JLQH VXSHU UHVROXWLRQ HQFRGHU

7TKHWDVN RIWKHILQHVXSHU UHVROXWLRQ HQFRGHU LV WR HIWUDFW Il
DIJH 7KHILQH VXSHU UHVROXWLRQ HQFRGHU EHJLQV ZLWK D FRQYRO X\
VWULGH 7TKLVFRQYROXWLRQDO OD\HUGRZQ VDPSOHV WKH IHDWXUH |
WKHHVWLPDWHG SULRUIHDWXUHY 7KHFRQYROXWLRQDO OD\HU LV IRO
7TKHQ UHVLGXD@EMRFXNVHG WR HIWUDFW IHDWXUHV )LQDOO\ WKH UH
FRQYROXWLRQDO OD\HU ZLWK NHUQHO VLIH [ %1 DQG D 5H/8 DFWLYDW

SULRUHVWLPDWLRQ QHWZRUN

7KH WDVN RI WKH SULRU HVWLPDWLRQ QHWZRUN LV WR HVWLPDWH IDFL
DQG SDUVLQJPDSV IURP WKH FRDUVHUHFRYHUHG LPDJH 7KH SULRUH
YROXWLRQDO OD\HU ZLWK NHUQHO VL]IH [ )ROORZHG E\ %1 DQG 5H/X

EORFNV ZKHUH WKH SUH SURFHVVLQJ IRU W RHWRNKY GOV H * 7KW Q XN
VWUXFWXUH LV XVHG WR HVWLPDWH WKH IDFLDO SULRUV H J WKH IDFI
IURP WKH IDFH LPDJH

JLOH VXSHU UHVROXWLRQ GHFRGHU

7TKHIHDWXUH PDSV IURP WKH ILQH VXSHU UHVROXWLRQ HQFRGHU DUH
SULRUV IDFLDO ODQGPDUN KHDWPDSV DQG SDUVLQJ PDSV IURP WKH ¢
LOSXW WR WKH ILQH VXSHU UHVROXWLRQ GHFRGHU 7KH WDVN RI WKH
IRUPDWLRQ WR UHFRYHU D ILQDO KLJK UHVROXWLRQ IDFH LPDJH 7KH
[ FRQYROXWLRQDO OD\HU ZKLFK LV XVHG WR UHGXFH WKH DPRXQW R
E\D GHFRQYROXWLRQDO OD\HU %1 DQG D 5H/8 DFWLYDWLRQ IXQFWLRC
XS VDPSOH WKHIHDWXUH PDSV WR WKH VDPH VL]HDV WKHKLJK UHVROX
DUH XVHG WR GHFRGH WKH IHDWXUHV )LQDOO\ DFRQYROXWLRQDO OD
WKHILQDO KLIJK UHVROXWLRQ LPDJH
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ZKHUH JLYHQ WKH[W D SOV BVMWKH QXPEHU RI WUAMKHQIULROQB VW U X

KLJK UHVROXWLRQ LPDJH RI WKH ORBYUMK/IR OXRXER® WRXWK SULRU LQIR
WKHUPRMHQRWHY WKH S DAUD®HMWKHWZYMHWN WY RI WKH FRDUVH DQG SULRU
DQG® \ " DQ6? GHQRWH WKH UHFRYHUHG FRDUVH VXSHU UHVROXWLRQ L
DQG WKHHVWLPDWHG SULRWHK QPRU A DWH \RSHAE MR 1 O\

%HVLGHV)651HW &KHQHWDO DOVRSURSRVHG WKH)DFH6XSHU UHVRO
)65*$1 WR UHFRYHU KLJK UHVROXWLRQ IDFH LPDJHV ZLWK D KLJK SHL
RI WZR DUFKLWHFWXUHYVY D JHQHUDWRU DQG D GLVFULPLQDWRU 7KH
)651HW VHH )LIJXUKH DLP RI WKH JHQHUDWRU LV WR JHQHUDWH VXSHU L



HOTNAMWKNIHYIM ©90d ATRSAd
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JDFH VXSHU UHVROXWLRQ




%DFNJURXQG DQG SHODWH

YJLIXUH

7KH GLVFULPLQDWRU DUFKLWHFW X @HZR WK 30 J Y SWRRS W KHG: HUARHPE® 0 DK/ MU+ IND Y/ DWW EBHD QV WKO®MW WK HWNHUQHO VL]H
QXPEHU RI IHDWXWH PIDGE WKHIWWUTLIGHHFRQVWDQW XVHG LQ /HDN\5H/8 LV



7TKHUPDO IDFLDO HPRWLRQ UHFRJQLWLRQ

WR WKH WUXH KLJK UHVROXWLRQ IDFH LPDJHV WR IRRO ZD{MFEEYEULPLQDW
VWUXFWEUWR SUHGLFW LI HDFK SDWFK LV UHDO RU IDNH 7KH GLVFULPLQE
SUHVHQWHG LQ )LIXUH

7KH REMHFWLYH IXQFWLRQ RI1)65*$1 LV GHILQHG DV IROORZV
DURL®DIY E Qi) & 030

ZKHUWUHLY WKH DGYHUW,DWKDB G IODRVNVSW X D@RWK B ZBLIKWY RI WKH DGYHUVD
ORVVDQG WKH SHUFHSWXDO ORVV UHVSHFWLYHO\
TKHDGYHUVDRUNMG®GHIRYNG DV

g ) & ;>0RMN @ ORJI&)[ [ @
ZKHBWHV WKH SUREDELOLW\ WKDW WWHH®$ X WFIWDUMHIRORJGVKH SUREDELOLW

7TKHSHUFHSWXDO ORVV XVHV KLJK OHYHO IHDWXUH PD&VWR WKW BURLWUWID L (
SHUFHSWXDO LPSRUWDQW FKDUDFWHULVWLFV DQG LV GHILQHG DV

Ug 3\ ¢ \AY

ZKHUKMSHQRWHG WKH SUH WUDLQHG 9** PRG N O @BW RKAPKDHS MH\ W U PID/JS-DF H

KHUPDO IDFLDO HPRWLRQ UHFRJQLWLRQ

6XSHU UHVROXWLRQ FDQ DOVR EH XVHG WR H@ K@ Q BHMRP/S MHAUL Y/ LAH. IR Q KADIY
ORZ UHVROXWLRQ WKHUPDO IDFLDO H[SUHVVLRQ LPDJHV ZLWK WKH DLP W
7KHUPDO VXSHU UHVROXWLRQ FDQ EH XVHG DV SUH SURFHVVLQJ VWHS WR
H[SUHVVLRQ LPDJHV ,Q WKLV VHFWLRQ DQ RYHUYLHZ RI WKH FXUUHQW W|
SUHVHQWHG DQG WKH FXUUHQW WKHUPDO IDFLDO H[SUHVVLRQ PHWKRGV D!

7DEOHSUHVHQWY DQ RYHUYLHZ RI WKH WKHUPDO IDFLDO H[SUHVVLRQ GD\
WKH QXPEHURIVXEMHFWY WKHQXPEHURIH[SUHVVLRQVLQ WKH GDWDVHW
WKH ZDYH EDQG Rl WKH WKHUPDO FDPHUD DQG LI WKH\ KDYH FRUUHVSRQG!
WKDW RQO\D IHZ WKHUPDO IDFLDO H[SUHVVLRQ GDWDVHWYVY KDYH EHHQ GH"
(TXLQR[DQG ,5,6 DUH QRW DYDLODEOH DQ\PRUH

YRUIDFLDO HPRWLRQ UHFRJQLWLRQ IURP WKHUPDO IDFLDO H[SUHVVLRQ L
HW DO®@ SURSRVHG WR XVH WKH GHHS %ROW]PDQQ PDFKLQH WR OHDUQ IHDW
WKHUPDO IDFLDO LPDJHV 7KH UHJLRQ RI WKH IDFH LV VHOHFW@&G EDVHG R(
DQG QRUPDOL]HG 7KHIDFLDO LPDJHV DUH XVHG WR WUDLQ WKH GHHS %ROW
UHVXOWV VKRZ DQ DFFXUDF\ RI )XUWKHUPRUH LI XQODEHOHG GDWD |
GXULQJWUDLQLQJ WKHDFFXUDF\LQFUHDVHV WR

.RSDF]ND HW@bFRUKBDWHG D QHZ GDWDVHW FRQWDLQLQJWKHUPDO YLGHRYV
YLGHRV IUDPHV Rl  VXEMHFWV DUH VHOHFWHG DQG PDQXDOO\ DQQRW
WLRQ 7R HYDOXDWH WKH GDWDVHW WKHPDQXDOO\DQQRWDWHG LPDJHV D
BHYHUDO PHWKRGV DUH XVHG WR H[WUDFW IHDWXUHV I[URP WKH WKHUPDO
PDQXDOO\DQQRWDWHG ODQGPDUNV SL[HOLQWHQVLWLHV +2* /%3 DQG GH
YRU WKH FODVVLILFDWLRQ RI WKH H{[WUDFWHG IHDWXUHV VHYHUDO FODVVL
%LQDU\'HFLVLRQ 7UHH %'7 /'$ QDLYH %D\HV 1% DQG5) 7KH KLJKHVW DY
LV DFKLHYHG XVLQJ WKH GHQVH 6,)7 IHDWXUH H{WUDFWRU LQ FRPELQDWLR(

6KUH\DV .DPDWK@ WURBRVHG D GHHS &11 IRUWKHUPDO IDFLDO H[SUHV VLI
7(51HW )XUWKHUPRUH WKH\SURSRVHGDWUDQVIHU OHDUQLQJDSSURDFK V
DV OLPLWHG DPRXQW RI WKHUPDO IDFLDO H[SUHVVLRQ GDWD HWF )LUVW 7
WKH 9** YDFH PR@HG@KHQ WKH QHWZRUN LV ILQH WXQHG RQ WKH WKHUPDO
GDWDV@W *KH QHWZRUN LV WUDLQHG WR FODVVLI\ LPDJHV LQ IRXU FODVV
VOHHS\ 7KH UHVXOWV VKRZ D UHFRJQLWLRQ DFFXUDF\ RI



%DFNJURXQG DQG SHODWH

7DEOH 'HVFULSWLRQ RI GHJUDGDWLRQ PRGHOV XVHG WR REWDLQ ORZ UHVROXWLRQ
'DWDVHW 6XEMHFWYVY 1U RIH[SUHVVLRQV 5HVROXWLRQ WKHUPDO LPDJHYV
1,67 (TXLQR]J bP bP

,5,6 pP <HV

867& 19,( @ [ bP <HV
.7)('DWDEDV@ > bP <HV

9,6 7+ >@ [ bP <HV
7KHUPDO )D&F H > [ bP 1R

7XIWV )DFH 'DW@®EDVH > [ <HV

7KHOLQN WR WKH GDWDVHW LV QRW DYDLODEOH DQ\PRUH 7KH L@ RUPDWLRQ DERXW WK



'DWDVHWV DQG $UFKL

7TKHDLP RIWKLVWKHVLVLYVWRUHFRYHUKLIJK UHVROXWLRQ WKHUPDO IDFLEL
WKHUPDO IDFLDO H[SUHVVLRQ LPDJHV DQG WR XVH WKH VXSHU UHVROYHG !
IDFLDOHPRWLRQUHFRJQLWLRQ 7RDFKLHYHWKLVJRDO ZH)ROOWZ WKH SL
LQO6HFWLR®H VHOHFWHG GDWDVHWV DQG WKH SUH SURFHVVLQJVWHSV DUH
WKHWKUHHGHJUDGDWLRQPRGHOVDUHGLVFXVVHG WKDWDUHXVHG WRJHQ

WKHWZR SURSRVHG WKHUPDO VXSHU UHVROXWLRQ DUFKLWHFWXUHYV DU
KLIK UHVROXWLRQLPDJHVIURPORZ UHVROXWLKRHHYDONBWILR® ®BW UQF\W F
WRHYDOXDWH WKH TXDOLW\RI WKH VXSHU UHVROYHG LPDJHV DUHLQWUR(

JLIXUH 3LSHOLQH RIWKHDSSURDFK ZLWK L®DJHV RI WKH 9,6 7+ GDWDVHW :

'‘DWDVHWYV

&XUUHQWO\ WKHUHDUHRQO\DIHZWKHUPDO IDFLDOH[SUHRWHRQHKADWDVHW
WKHVH GDWDVHWYVY RQO\FRQWDLQ D VPDOO DPRXQW RIGDWD 7UDLQLQJD 'H
GDWDVHW LV GLIILFXOW VLQFH WKH QHWZRUN FDQ HDVLO\ RYHUILW 7R V
OHDUQLQJ 7UDQVIHUOHDUQLQJXVHVNQRZOHGIJHOHDUQHGIURPRQHGRPL
LWWRDQRWKHU GRPDLQ W&H \WHRXIHMADEFRPVIKH WKHUPDO VXSHU UHVROXYV
DUHILUVW WUDLQHG RQ WKH QBOBHESIDWNEBHIWGRWBRKMWFH GRPDLQ 7KHQ
DUFKLWHFWXUHV DUHILQH WXQHG RQ WKH WZR VPOBEHBMNWAIGHIGRD O IDFLDC
DQ®%,6 7» @ WKHWDUJHW GRPDLQ )J)URP WKHWKHUPDO GDWDVHWY WKH GI
867& 19, (ZHUH QRW DYDLODEOH )XUWKHUPRUH IRU 7XIWV )DFH 'DWDEDVH
LPDJHVY FRXOG QRW EH DOLIQHG DQG WKHUHIRUH LW ZDV LPSRVVLEOH WR R
SbUVLQJ PDSV )URP WKH WKHUPDO GDWDVHWY WKDW ZHUH OHIW 7KHUPD
VXLWDEOH ,Q WKH QH[W VHFWLRQV HDFK GDWDVHW DQG WKHLU SUH SUR
GHWDLO



'‘DWDVHWV DQG $UFKLWH

JLIXUH ([DPSOH LPDJHV RI WKH &HOH®$0DVN +4 GDWDVHW >

J)LIXUH ([DPSOHLPDJHV RI WKH7KH@&@PDO )DFH GDWDVHW >

J)LIXUH ([DPSOHLPDJHV RI WKH@®,6 7+ GDWDVHW >

'‘DWDVHWYV

&HOHES$ODVN +4 GDWDVHW
7KH &HOHE$0ODVN +4 GDWDVHW %VYDF & CODWDVHMOWKDW FRQWDLQV K
IDFHLPDIJHVDQG PDQXDOO\DQQRWDWHG PDVNVY :HKDYHVHOHFWHG W
GDWDVHW ZLWK KLIJK UHVROXWLRQIDFHLPDJHVDQGLWFRQWDLQV PDQ
WR JHQHUDWH SDUVLQJ PDSV )XUWKHUPRUH ZH KDYH FKRVHQ D 5*% (
GDWDVHW VLQFH WKHUHDUH FXUUHQWO\QR ODUJH VFDOH WKHUPDO 1|
KDYHVKRZQ WKDW 5*% LPDJHVY FRXOG KHOS WR LPSUR®H®@RZ UHVROXW
7KH &HOHE$ODVN +4 GDWDVHW LV EDVHG R@WEKKLEFKANES DL G BED/\DNG ¥
&HOHES$ GDWdD VHWM EHOHE$ GDWDVHW LV D ODUJH VFDOH 5*% LQWR WKH
PRUH WKDQ IDFH LPDJHV RI FHOHEULWLHY 6LQFH WKLV LV DQ LQW
KDYHGLIITHUHQWUHVROXWLRQVDQGVRPHLPDIHVFRQWDLQIDFHV RIPX
DVHOHFWLRQ RIWKH&HOHE$ GDWDVHW ZKLFKHQVXUHV WKDW WKH IDF
DUH FHQWHUHG 7KHILQDO &HOHES$ +4 GDWDVHW FRQVLVW RI FHQ\
R [ 7KH &HOHE$0DVN +4 GDWDVHW FRQWDLQV WKH VDPH LP
GDWDVHW RQO\ WKH UHVROXWLRQ RI WKH LPDJHV LV UHVL]HG WR [
VKRZVY H[DPSOH LPDJHV RI WKH &HOHE$0DVN +4 GDWDVHW ,Q DGGLW



'DWDVHWYV

PDQXDOO\DQQRWDWHG PDVN ZLWK D UHVROXWLRQ RI [ 7TKHPDQXDOO\
GLIITIHUHQW FODVVHV DPRQJRWKHUV VNLQ QRVH H\HV H\HEURZV HDUV P

7TKHUPDO )DFH GDWDVHW
7TKH IXOO\DQQRWDWH® KH UKDIFG \GRDOXMMHRWY KD ORPHGOWRHD VHW LQ WKLV WKH
VLV LV FUHDWHG E\ .RSOPFINMOLMW DWD¥HW FRQWDLQV KLJK UHVROXWLR
PDQXDOO\DQQRWDWHG ODQGPDUNY :HVHOHFWHG WKLY GDWDVHW EHFD X
IDFH LPDJHV DQG EHFDXVH LW FRQWDLQV PDQXDOO\DQQRWDWHG ODQGPD!
IDFLDO ODQGPDUN KHDWPDSV 7KH WKHUPDOLPDJHV DUHFROOHFWHG ILU
DVNHG WR VLWLQIURQWRIDFDPHUD ZKLFKZDV SODFHG DW D GLVWDQFH RI
WKHVXEMHFWY ZHUH SODFHG LQIURQW RID QHXWUDO EDFNJURXQG WR PLQL
DUH FDSWXUHG ZLWK DQ ,QIUDWHF +' KLIJK UHVROXWLRQ WKHUPDO LQIUD
[ SL[HOV 7KH WKHUPDO LPDJHV DUH FDSWXUHG LQ IRXU GLIITHUHQW VH
ZHUHJLYHQ GLIITHUHQW WDVNV WR H[HFXWH ,Q WKLV WKHVLVY WKHWKHUPDC
DUH XVHG QDPHO\ WKH RQH LQ ZKLFK WKH VXEMHFWY KDG WKH WDVN WR \
VDGQHVVY DQJHU IHDU VXUSULVH GLVIJXVW DQG FRQWHPSW 3HU HPRWL
SHUVXEMHFW DUH VHOHFWHG DQG PDQXDOO\DQQRWINWRZLGVZH VDR B/ H ODC
LPDJHV RI WKH 7KHUPDO )DFH GDWDVHW

9,6 7+ GDWDVHW

7KH YLVLEOH DQG WKHUPDO SDLUHGa b ¥H GIEDMIDAMHAW 3Y DM BER QWD LQ V
SUHVVLRQ LPDJHV ZLWK WWHKIHWUARFRQDVISFBQGENVFLRQ LPDIJHV H KDYH VHOF
GDWDVHW VLQFH LW FRQWDLQV WKHUPDO LPDJHV RQ ZKLFK WKH SURSRVF
WXUHV FDQ EH WUDLQHG DQG HYDOXDWHG ,Q DGGLWLRQ LW FRQWDLQV F
ZHFDQREWDLQIDFLDO ODQGPDUNV DQG SDUVLQJPDSV )XUWKHUPRUH LW

ZDVVWLOODYDLODEOH 7KH9,6 7+ GDWDVHW FRQWDLQV LPDJHV 5*9
VXEMHFWY PDOHDQGIHPDOH ZLWK GLIIHUHQW DJHV DQG HWKQLFLW\ 7KH
LQIURQW RI D FDPHUD ZKLFK ZDV SODFHG DW D GLVWDQFH RI PHWHU DQC

LPDIJHY ZHUH FDSWXUHG LQ D FROQWUROOHG HQYLURQPHQW ZLWK DQ DYHUD
ZHUH FDSWXUHG ZLWK WKH )/,5 'XR 5 FDPHUD ZKLFK FDSWXUHV 5*% LPDJH\
[ DQG WKHUPDO LQIUDUHG LPDJHYVY LQ D ZDYHOHQJWK RI —P ZLWK
JRUHDFK VXEMHFW LPDJHV DUH FROOHFWHG ZLWK GLIITHUHQW LOOXPLQDW
DQG IDFLDO H[SUHVVLRQV QHXWUDO KDSS\ DQJU\ VDG VKRBUDVHG EOLC(
VHOHFWLRQ RI WKH WKHUPDO LPDJHV RI WKH 9,6 7+ GDWDVHW

3UH SURFHVVLQJ VWHSV
$Q RYHUYLHZ RI WKH SUH SURFHVVLQJ VWHSV IRU WKH | PFHDIRRZD YHWHLV SUH
GHWDLOV RI WKHVHVWHSVY ZLOO EH GLVFXVVHG IRUHDFK GDWDVHW

JLIXUH 3LSHOLQH RI WKH SUH SURFHVVLQJ VWHSYV

&HOHES$ODVN +4 GDWDVHW
J)LUVW WKH 5*% LPDJHVY DUH WUDQVIRUPHG LQWRDUBRGXDGH URB MAK/H )RU
B\WKRQ ,PDJH /LEUDULVXYHG ZKLFK XVHV WKHIROORZLQJIRUPXOD IRU W|

Lp w rw rL rG

7TKHQ WKH LPDJHV VKRXOG EH FRDUVHO\ FURSSHG DFFRUGLQJ WR WKHLU |
FUHDWLRQ RI WKH &HOHES$ +4 GDWDVHW IURP WKH &HOHE$ GDWDVHW WKH
IDFLDO ODQGPDUN DQQRWDWLRQVDQG WKHUHIRUH WKH\ DOUHDG\ FRQWDL



'‘DWDVHWV DQG $UFKLWH

D $VHOHFWLRQ RIWKHIDFLDO ODQGPDUN KHDWPDSV

E 3DUVLQJPDSY REWDLQHG ZLWK PDVNV Rl W&H &HOHE$O0ODVN +4 GDWDVHW >

JLIXUH ([(DPSOHLPDJHV RIIDFLDO SULRUNQRZOHGJH

LPDJHV RI WKH & HOHE$0DVN +4 GDWDVHW DOVR DOUHDG\ FRQWDLQ WKF
FURSSHG IXUWKHU 1H[W WKH JUD\ VFDOH IDFH LPDJHV DUH UHVL]HG
LPDJHV DUH UHJDUGHG DV WKH JURXQG WUXWK KLJK UHVROXWLRQ LPD.
HJ WKHIDFLDO ODQGPDUN KHDWPDSV DQG WKH IDFLDO SDUVLQJ PDS
KHDWPDSV DUH FUHDWHG IURP WKH IDFLDO ODQGPDUN VHW 6LQFH W
FRQWDLQ IDFLDO ODQGPDUN DQQRW® \®BLRQW RZRIEXWHLDS H Q) BEBIO- OD Q G
FUHDWH WKH IDFLDO ODQGPDUN KHDWPDSV HDFK ODQGPDUN LV SUHVH

IDFLDO ODQGPDUN KHDWPDSV $ VHOHFWLRQRIWKHIDFLDO ODDQGPDL
7KH &HOHE$0ODVN +4 GDWDVHW FRQWDLQV PDQXDOO\ DQQRWDWHG PDV
PDSV ,Q WKLV WKHVLV JOREDO SDUVLQJ PDSV DUH XVHG LQVWHDG RI
VKRZQ E\ &KHQ ®WBOW>JOREDO SDUVLQJ PDSV DUH PRUH XVHIXO %\ FF
PDVNV WKUHH JOREDO SDUVLQJPDSV DUH FUHDWHG $Q H[DPSOH RID
RI WKH VXEMHFWV LV VKR YZLQID® AV XMKH LPDIJHY WKDW GR QRW FRQWDLC
IDFLDO ODQGPDUN KHDWPDSV DUH UHPRYHG IURP WKH GDWDVHW 7KLV

7TKHUPDO )DFH GDWDVHW

7TKH7KHUPDO )DFHGDWDVHW DOUHDG\FRQWDLQVJUD\ VFDOH WKHUPD
WDLQV PDQXDOO\DQQRWDWHG IDFLDO ODQGPDUNV %DVHG RQ WKHVH
WKDW WKH\ FRQVLVW RI WKH IDFH UHJLRQ 7KH FURSSHG LPDJHV DUH L
WKHVH LPDJHVY ZLOO EH XVHG DV WKH JURXQG WUXWK KLJK UHVROXWLR
ODQGPDUNKHDWPDSVDQG IDFLDO SDUVLQJPDSY 7TRREWDLQ WKHIDFLI
QRWDWHG ODQGPDUNV DUHUH VFDOHG VXFK WKDW WKH\FRUUHVSRQG
DQGIURP WKHVH ODQGPDUNV WKHIDFLDO ODQGPDUN KHDWPDSV DUH F1
GRHV QRW FRQWDLQ DQQRWDWHG PDVNV RUFRUUHVSRQGLQJ5*% LPDJ|
VLEOH WR REWDLQ SDUVLQJ PDSV ,Q WKLV WKHVLV ZH RQO\ XVH WKH
DQJHU KDSSLQHVV VDGQHVV VXUSULVH QHXWUDO JXUWKHUPRUH
RI WKHVH HPRWLRQY DUH GHOHWHG IURP WKH GDWDVHW 7KH ILQDO G
LPDJHV IURP SDUWLFLSDQWYV



'HIJUDGDWLRQ PRGHOV

7TDEOH 2YHUYLHZ RI WKH GDWDVHWYV ZLWK WKHLU FKDUDFWHULVWLFV DIWHU .

'DWDVHW &KDUDFWHULVWLFV DIWHU SUH SURFHVVLQJ

JUD\ VFDOH LPDJHYV
&HOHE$ODVN *RHPRWLRQ ODEHOV
3DUVLQJPDSVDQGIDFLDO ODQGPDUN KHDWPDSV

WKHUPDO JUD\ VFDOH LPDJHV IURP VXEMHFWYV
7KHUPDO )DFHHPRWLRQV DQJHU KDSSLQHVYVY VDGQHVV VXUSULVH
3DUVLQJ PD@NDEXKIWO ODQGPDUN KHDWPDSV

WKHUPDO JUD\ VFDOH LPDJHV IURP VXEMHFWYV
9,6 7+ HPRWLRQV DQJHU KDSSLQHVYV VDGQHVV VXUSULVH
3DUVLQJPDSVDQG IDFLDO ODQGPDUN KHDWPDSV

9,6 7+ GDWDVHW

7KH 9,6 7+ GDWDVHW FRQWDLQV 5*% LPDJHV DQG WKHUPDO LPDJHV 7KH W
WKHUPDO VXSHU UHVROXWLRQDQG IRUWKHUPDO IDFLDO H[SUHVVLRQ UHFI
WR REWDLQ WKHIDFLDO ODQGPDUN KHDWPDSVDQG SDUVLQJPDSV 6LQFH W
IDFLDO ODQGPDUNV RUDQQRWDWHG PDVNV ZH REWDLQ WKHP IURP WKH 5*%
DQG WKH JUD\ VFDOH WKHUPDO LPDJHV VKRXOG EH DOLJQHG 7KHUHIRUH

UHVL]HG XVLQJEL FXELFLQWHUSRODWLRQ WRDSSUR[LPDWHO\WKH VDPH
NHHSLQJ WKH DVSHFW UDWLR RI WK HLWHH UPVD/OHXREF IWHL RTK HUR PMWKKIH ,PDJH
BURFHVVLQJ 7RROER[IURP 0$7/$% LV XVHG WR DOLJQ WKH 5*% LPDJH ZLWK W
$IWHU WKH5*% LPDJHY DUHDOLJQHG ZLWK WKH FRUUHVSRQGLQJWKHUPDO
VWHSV DV VKRZQ LOUHISURIFHHGHG )LUYW) WIOHMKBIURFEBQYHUWHG WR JU
VFDOH LPDJHV 1H[W WKH IDFHLPDJHVY DUH FURSSHG DFFRUGLQJ WR WKHL
ODQGPDUNV DUHREWDLQHG ZLWK 2SHQ)DFH RQ WKH 5*% DOLJQHG LPDJHV

VFDOH LPDJHV DUH UHVL]HG WR [ ZKLFK DUH WKH JURXQG WUXWK KLJK
REWDLQHG IDFLDO ODQGPDUNVY DUH UH VFDOHG WR WKH FURSSHG IDFH LPD.
KHDWPDSVDQG WKHPDVNVDUHREWDLQHG IURPWKHDOLJQHGO5)% LPDJHV Z
JRUWKLV WKHVLY RQO\WKHIDFLDO H[SUHVVLRQ LPDJHV RI HPRWLRQV DU
VXUSULVH QHXWUDO 7KLV UHVXOWVLQDILQDO GDWDVHW RI WKHUPDO
,Q 7TDEOWKH FKDUDFWHULVWLFV RIHDFK GDWDVHW DIWHU SUH SURFHVVLQ.

'"HIUDGDWLRQ PRGHOV

)RU WKH WUDLQLQJ Rl WKH SURSRVHG WKHUPDO VXSHU UHVROXWLRQ DUF!
DJHV ZLWK WKHLU FRUUHVSRQGLQJ ORZ UHVROXWLRQ LPDJHV DUH QHHGHG
PRGHOV DUH XQNQRZQ DQG RQO\ WKH ORZ UHVROXWLRQ LPDJHV DUH DYDLC
DJHV FDQ EH FRQWDPLQDWHG ZLWK IRXU GHJUDGDWLRQV QDPB®O\EOXU OR
2IWHQ WKH LPDJHV DUH FRQWDPLQDWHG ZLWK D FRPELQDWLRQ RI WKHVH
VLPXODWH UHDO ZRUOG ORZ UHVROXWLRQ LPDJHV UHVHDUFK®BUV KDYH FU
> @>@ ,QWKLVWKHVLY WKUHH GLITHUHQW GHJUDGDWLRQ PRGHOV DUH X
IURP WKH JURXQG WUXWK KLJK UHVROXWLRQ LPDJH%, VYA WMKLWWGGBUDD G DV
GDWLRQ PRGHO EL FXELF GRZQ VDPSOLQJLV XVHG WR REWDLQ ORZ UHVRO:
LPDJHV )RU WKLV GHJUDGDWLRQ PRGHO WKUHH GLIITHUHQW VFDOLQJ IDFW
7KLV UHVXOWV LQ ORZ UHVROXWLRQV LPDJHV RI VL]H [ [ DQG [ U
PRGHO GHJUDGDWLRQ RRGRIO WKIQDBHBUDGDWLRQ PRGHO WKLJK UHVROXV
EOXUUHG ZLWK D *DXVVLDQ NHUQHO RIVL]H [ DQG D VWDQGDUG GHYLDWLF
FXELF GRZQ VDPSOHG ZLWK VFDOLQJ IDFWRW ] R U KWK O \B\W JFLRDGIDOML\R BDRORE
ILUVW EL FXELF GRZQ VDPSOLQJ ZLWK VFDOLQJIDFWRU[ LV SHUIRUPHG 7}

LVDGGHG 7WK®HY DQ RYHUYLHZ RI WKH GLIITHUHQW GHJUDGDWLRQ PRGH (

KWWSV JLWKXE FRP ]JOOUXQQLQJ IDFH SDUVLQJ 3\7RUFK



'‘DWDVHWV DQG $UFKLWH

7DEOH '"HVFULSWLRQ RIGHJUDGDWLRQ PRGHOV XVHG WR REWDLQ ORZ Ul

'"HIJUDGDWLRQ PRGHO 'HVFULSWLRQ

%, [ %L FXELF GRZQ VDPSOLQJZLWK VFDOH IDFWRU

%, [ %L FXELFGRZQ VDPSOLQJZLWK VFDOH IDFWRU

%, [ %L FXELFGRZQ VDPSOLQJZLWK VFDOH IDFWRU

%' [ JLUVW LPDJH EOXUULQJZLWK D *DXVVLDQ NHUQHO RI
GHYLDWLRQ IROORZHG EVEL FXELF GRZQ VDPSOLQ

"1 JLUVW EL FXELFGRZQ VDPSOLQJZLWKVFDOHIDFWRL

IROORZHG E\DGGLQJ*DXVVLDQ QRLVH ZLWK QRLVH OF

JLIXUH $ UHVLGX®» O EORFN >

SUFKLWHFWXUHYV

,Q WKLV WKHVLVY ZH GHVLJQ WZR WKHUPDO IDFH VXSHU UHVROXWLRQ
WKHUPDO IDFLDO H[SUHVVLRQLPDJHVY 7KHILUVWDUFKLWHFWXUHLV W
7)651HW 7KLVDUFKLWHFWXUHLVRSWLPLIHGWRPLQLPLIJHWKHPHDQ"
OHDGV WR VXSHU UHVROYHG LPDJHVY WKDW KDYH D JRRG LPDJH TXDOLW
PLVV KLIJK TUHTXHQF\GHWDLOV DQG KDY® D7&RIZ & HRIWFH SAHX®HOVTXY Q MLWH
FKLWHFWXUH ZKLFKLV WKH 7KHUPDO )DFH6XSHU 5HVROXWLRQ *HQHU
,PDIJHVY HQKDQFHG E\ *$1 EDVHG VXSHU UHVROXWLRQ DUFKLWHFWXUH\
WHUPV RI13615 EXWFRQWDLQ KLIJK TUHTXHQF\ GHWDLO WD QGVKIOH B B[ KL
VHFWLRQV ERWKDUFKLWHFWXUHY DUH GLVFXVVHG LQ PRUH GHWDLO

7TKHUPDO )DFH 6 XSHU 5HVROXWLRQ 1HWZRUN 7)651HW

7KH7KHUPDO )DFH6XSHU 5HVROXWLRQ 1HWZRUN FDOOHG 7)651HW LV I
ZKLFK LV GLVFXVVHG LXGWFDWLRG 1HW RXU SURSRVHG DUFKLWHFWXUL
ODQGPDUN KHDWPDSV DQG SDUVLQJPDSVY WR HQKDQFH ORZ UHVROXWL
LQWHJUDWH DQ DWWHQWLRQ PHFKDQLVP LQ 7)651HW 7KLV DWWHQWLF
WKH PRVW LPSRUWDQW IDFLDO SDUWV IRU HDFK IDFLDO H[SUHVVLRQ DC
7KH DWWHQWLRQ PHFKDQLVP WKDW ZH LQWHJUDWH LQ 7)651HW LV WKF
&%$0 @ 7KLV DWWHQWLRQPRGXOHFRQVLVWV RIDFKDQQHO DWWHQV
ZKLFK GHULYH DWWHQWLRXKRRS\D YUHYXGKDO EORFRKRQE KIRIZX &% $0
FDQ EH LQWHJUDWHG LQ D UHVLGXDO EORFN 7RLQWHJUDWH &%$0 LQ )¢
EORFNV RI WKH ILQH VXSHU UHVROXWLRQ HQFRGHU ZLWK UHVLGXDO EC
WKHVH WZR UHVLGXDO EORFNV LV EDVHG RQ H[SHULP H QYW K KIUPKRD BiH
7)651HW LV DGDSWHG VXFK WKDW LW FDQ EHWUDLQHG DQG HYDOXDWHG
5*% LPDJHV DQG VXFK WKDW LW FDQ GHDO ZLWK LPDJHV ZLWK D UHVRO X\
DUFKLWHFWXUH LV SUHVHQIWREMHFWURQHXQFWLRQ RI 7)651HW LV WKH
IXQFWLRQ RI1)651HW VHH (TXDWLRQ



,PDJH TXDOLW\DVVHVVPHQW

JLIXUH $ UHVLGX®D QLB/OR & %@ 0 >

7TKHUPDO )DFH 6 XSHU 5HVROXWLRQ *HQHUDWLYH $GYHUVEL

*$1
7KH 7TKHUPDO )DFH 6 XSHU 5HVROXWLRQ *HQHUDWLYH $GYHUVDULDO 1HWZI
EDVHG DUFKLWHFWXUH ZKLFK L@ IDQQ/& )68 GIEYEELVBDYFKLWHFWXUH FRQVLYV
JHQHUDWRU QHWZRUNDQG D GLVFULPLQDWRU QHWZRUN 7KHJRDO RI WKH (
WKHUHDO KLJK UHVROXWLRQ LPDIJHVDQG WKHVXSHU UHVROYHG KLJK UHV
HUDWRULVWRFUHDWHKLIJIK UHVROXWLRQLPDJHVIURP WKHORZ UHVROXW
JHQHUDWRU RI 7)65*%$1 KDV WKH VDPH DUFKLWHFWXUH DV 7)651HW 7KHDUF
LVSUHVHQWHG LQWBRQNLVWV RIVL[FRQYROXWLRQDO OD\HUV IROORZHG
/HDN\5H/8 DFWLYDWLRQ 7KH/HDN\5H/8 KDV EHHQ SUIR@ RKHE E DIFE ILIRAUHEFRWH
JXLGHOLQHVIRUVWDEOH GHHS FRQYROXWLRQDO *$1V 2Q WKHILQDO IHDW)
LVDSSOLHG WR REWDLQ D SUREDELOLW\IRU WKH FODVVLILFDWLRQ RI WKH
RI'7)65*$1 LV WKH VDPHDV WKHREMHFWLYHIXQFWLRQ RI)65*$1 VHH (TXDW

,PSOHPHQWDWLRQ
7KHDUFKLWHFWXUHV RI 7)651HW DQG 7)65*$1 DUH ERWK LPSOHPHQWHG LQ
DQG XVHG )6BbDHW& % $OKH DUFKLWHFWXUHY DUH WUDLQHG RQ D *H)RUFH 57;
JRU WKH WUDLQLQJ RI 7)651HW WKH VDPH SDUDPHWHUV DI@H XKHW DV GHV!
PHDQV WKDW DUFKLWHFWXUHV DUHWUDLQHG XVLQJ WKH[S(fg“BQBS DOJRULW
DEDWFK VL]H RI JRU WKH WUDLQLQJRI7)65*$1 WKH $GDP RSWLPL]JHU LV
[ A%RU ERWK WKH JHQHUDWRU DQG WKH GLVFULPLQDWRU $V SRVW SURF
ORZ UHVROXWLRQ LPDJHV DUH PDWFKHG ZLWK WKH KLV®&RJUDPV RI WKH VX!

,PDIJH TXDOLW\ DVVHVVPHQW

AXDQWLWDWLYHHYDOXDWLRQ
7TRVKRZ WKH HIITHFWLYHQHVV RI WKHWZR SURSRVHG WKHUPDO VXSHU UHVR
LW\ RI WKH VXSHU UHVROYHG LPDJHV ZLOO EH TXDQWLWDWLYHO\HYDOXDYV
HYDOXDWLRQ PHWULFV 3615DQG 66,0 DUH XVHG ZKLFKDUH GLVFXVVHG LQ

)DFLDO HPRWLRQ UHFRJQLWLRQ

,W KDV EHHQ VKRZQ WKDW VXSHU UHVROXWLRQ FDQ EH XVHG DV SUH SURF
PDQFH IRU IDFH UHRGRIDRWYRQX*DWH WKH SHUIRUPDQFH RI WKH WZR SURSR
PRGHOV WR HQKDQFH ORZ UHVROXWLRQ LPDJHV WKH VXSHU UHVROYHG LF
HPRWLRQ UHFRIJIQLWLRQ 7R SHUIRUP WKHUPDO IDFLDO HPRWLRQ UHFRJQLW
ORELOH1IHW®9 :H XVHORELOH1HWY9 EHFDXVHLWLVDEOHWRSURFHVV LPDJH

JXUWKHUPRUH WKLV QHWZRUNLV XVHG VXFKWKDW WKHVXSHU UHVROYH
GHYLFHV 7KHUHVXOWY ZLOOEHHYDOXDWHG EDVHG RQ SUHFLVLRQ UHFDC

KWWSV JLWKXE FRP FV JLXQJ )651HW S\WRUFK
KWWSV JLWKXE FRP -RQJFKDQ DWWHQWLRQ PRGXOH



'‘DWDVHWV DQG $UFKLWH

YLIXUH

7KHDUFKLWHFWXUH RI7)651HW ZLWK 1@ D:KHHW R ITWK® 9V 61 PH®MW DMVKHDMAEW K HMKHHU@HRCEWIUl R | IHIDW XD @ @ VKWHLWW U LG H
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SHVXOWYV DQG $QTC

,Q WKLY FKDSWHU WKH UHVXOWY REWDLQHG ZLWK WKH WZR SURSRVHG WK
SUHVHQWHG DQG HYDOXDWHG VHYHOUD OL BREHIEWLRPWLRQV RI1 )651HW ZLWK
PHFKDQLVP &%$0 DUH HYDOXDWHG LQ RUGHU WR ILQG WKH EHVW SODFH LQ
PHFKDQLVP &%$0 7KHEHVW FRQILIXUDWLRQLV XVHGLQRXUWZR SURSRVH
WHFWXUHY 7KHVXSHU UHVROYHG LPDJHV REWDLQHG ZLWK WKHVH DUFKL
6HFWLRQQ 6HFWLRXKH UHVXOWYV RI WKH DEODWLRQ VWXG\DUH GLVFXVVHG
WKHUPDO LPDJHVDUH XVHGIRUWKHUPDO IDFLDOHPRWLRQUHFRJQLWLRQ
IDFLDO HPRWLRQ UHFRIJQLWLRQ DUH SUHVHQWHG LQ 6HFWLRQ

$SWWHQWLRQ LQWHJUDWLRQLQ )651HW

7KH DUFKLWHFWXUH WKDW ZH SURSRVH IRU WKHUPDO IDFLDOLW[SUHVVLRQ
DQDGDSWHG YHUVLRQ RI )651HW :H DGDSW )651HW E\ LOQOWHJUDWLQJ WKH
ORGXOH &%$0 ,Q RUGHU WRILQG WKH EHVW SODFH LQ )651HW WR LQWHJU
RI )651HW ZLWK &%$0 DUH WUDLQHG DQG HYDOXDWHG 7KH DWWHQWLRQ P
)651HW E\ UHSODFLQJ RQH RUWZR UHVLGXDO EORFNV LQ RQH RI WKH WKUH
QHWZRUMN VXSHU UHYVROXWIRQHMWIRRDHRUIUR@QHMYWGHRJUNHVROXWANRQ GHFRG
UHVLGXDO EORFN V ZLWK &%$0 6LQFH OD\HUV DW WKH EHJLQQLQJ RI WKH C
DVHGJHV DQG OLQHVY DQG OD\HUV DW WKHHQG RI WKH QHWZRUN GHWHFW
ZHKDYH GHFLGHG WR UHSODFH WKH ODVW RQHRU WKH ODVW WZR UHVLGXD
ILQH VXSHU UHVROXWLRQ QHWZRUN ZLWK UHVLGXDO EORFNV ZLWK &%$0 ,
VSHFLILF IHDWXUHV DQG OHVV RQ EDVLF IHDWXUHV )XUWKHUPRUH ZH KD
WKH FRDUVH VXSHU UHVROXWLRQ QHWZRUN VLQFH WKLY QHWZRUN LV RQO\
GHFLVLRQV OHDG WR VL[ GLIITHUHQW FRQILIJXUDWLRQV RI)651HW ZLWK &% $(

7KH VL[ FRQILJXUDWLRQV DUH WUDLQHG DQG HYDOXDWHG RQ WKH &HOH
GDWDVHW LV VSOLW LQ D WUDLQ VHW RI LPDJHY DQG D YDOLGDWLRQ V
FRQILIXUDWLRQV LV WUDLQHG IRU HSRFKV KRZHYHU WKH WUDLQLQJ FI
66,0 YDOXH RI WKH VXSHU UHVROYHG LPDJHV RI WKH &HOHES$0ODVN +4 YDOI
ZLWKLQ HSRFKV 7KH ORZ UHVROXWLRQ LPDJHV IRU WKLV DWWHQWLRQ |
ZLWK WKH %, [ GHJUDGDWLRQ PRGHO ZKLFK LV WKH GHIJUDGDWLRQ PRGHC
LQ WKLV WKHVLV )XUWKHUPRUH IRUD EDVHOLQH FRPSDULVRQ WKH ORZ |
EL FXELFLQWHUSRODWLRQ 7KHFRQILIXUDWLRQ WKDW JHQHUDWHY VXSHU
YDOLGDWLRQ VHW ZLWK WKH KLIJKHVW DYHUDJH 66,0 YDOXH LV XVHG LQ WK
HDUO\ VWRSSLQJ FULWHULD DQG WKH FKRLFH IRU WKH EHVW FRQILJXUDWLF
RIWKH 3615 YDOXH VLQFH 66,0 EHWWHU PLPLFV KXPD@YLVXDO SHUFHSWLR



SHVXOWYV DQG $QDO\\

7TDEOH $QRYHUYLHZ RI WKH FRQILIXUDWLRQV RI)651HW ZLWK WKH DWWHQV

. '"HVFULSWLRQ

)651HW &% $0B( 7KH ODVW UHVLGXDO EORFNLQ WKHILQH VXS
HQFRGHU RI )651HW LV UHSODFHG ZLWK D UHVLG

)651HW &% $0B( 7KH ODVW WZR UHVLGXDO EORFNV LQ WKH IL(
HQFRGHU RI )651HW DUH UHSODFHG ZLWK UHVLG

)J)651HW &%3$0B3 7KH ODVW UHVLGXDO EORFN LQ WKH SULRU H
R1)651HW LV UHSODFHG ZLWK D UHVLGXDO EORF|

)J651HW &%$0B3 7TKHODVW WZR UHVLGXDO EORFNV LQ WKH S
R1)651HW DUH UHSODFHG ZLWK UHVLGXDO EORF|

)651HW &%3$0B"’ 7KHODVW UHVLGXDO EORFNLQ WKHILQH VXS
GHFRGHU RI )651HW LV UHSODFHG ZLWK D UHVLG

)651HW &%$0B’ 7KHODVWWZR UHVLGXDO EORFNV LQ WKH ILC
GHFRGHU RI )651HW DUH UHSODFHG ZLWK UHVLG.

7DEOH $YHUDJH 3615DQG 66,0 YDOXHV RI WKHVXSHU UHVROYHG LPHBRABRRILWEWRHWMOHE
WKHEHVW UHVXOWYV

&RQILIXUDWLRQ3615 66,0

%L FXELF LQWHUSRODWLRQ
)651HW &%$0B (
)651HW &%$0B (
)651HW &%$0B3
)651HW &%$0B3
)651HW &%$0B"
)651HW &%$0B"

TDEOHSUHVHQWV WKHDYHUDJH 3615DQG66,0YDOXHVRIWKHVXSHU U
ODVN +4 YDOLGDWLRQ VHW )URP WKLV LW FDQ EH VHHQ WKDW )651HW .
WKH ILQH VXSHU UHVROXWLRQ HQFRGHU DUH UHSODFHG ZLWK UHVLGX
DFKLHYH WKH KLIJIKHVW DYHUDJH 3615 DQG 66,0 YDOXHY 7KHVH DYHUL
KLIKHU WKDQ WKH YDOXHV RI WKH LPDJHY REWDLQHG ZLWK EL FXELF L
RXUWZR SURSRVHG DUFKLWHFWXUHYVY WKH ODVW WZR UHVLGXDO EORF
UHSODFHG ZLWK UHVLGXDO EORFNV ZIKWUK &RQOL HUHDWILRWDH-V XVHG G XL
WKH H[SHULPHQWV )XUWKHUPRUH LW FDQ EHVHHQ WKDW WKH DYHUD.
ZLWK WKH RWKHU ILYH FRQILIXUDWLRQV DUH DOO ORZHU WKDQ WKH DY
ZLWK EL FXELFLOQWHUSRODWLRQ 7KHDYHUDJH 66,0 YDOXHV RI WKHLP
DUHDOPRVWDOO KLIKHU WKDQ WKHDYHUDJH 66,0 YDOXH RI WKH LPDJt
TKHRQO\H[FHSWLRQVDUH WKHLPDJHV REWDLQHG ZLWK )651HW ZKHUH
UHVLGXDO EORFNV ZLWK &%%$0 LQ WKH SULRU HVWLPDWLRQ QHWZRUN

LWFDQ DOVREHREVHUYHG WKDW UHSODFLQJWKHODVW WZR UHVLG
JLYHV EHWWHU UHVXOWY WKDQ UHSODFLQJ RQO\ WKH ODVW RQH UHVLG



141 MHA Q4 TMADTOAA v+ NAQOSIHOHS HIM ddNI AHCAdTOHAOYAHN NHSXA HIM Id AMOXAHN OAXAT6 HAXc(

$WWHQWLRQ LQWHJUDWLRQ LQ )651HW




SHVXOWYV DQG $QDO\\

JLIXUH 7UDLQLQJ VWDJIJHV RI7)651HW DKDQG 7)65*$%$1 DK

$ VHOHFWLRQ RI WKH LPDJHV RI WKH &HOHES$ODVN +4 YDOLGIOWLRQ V
ILIXUH VKRZV WKH ORZ UHVROXWLRQ LPDJHV /5 WKHFRUUHVSRQGLQ
HQKDQFHG LPDJHV REWDLQHG EV\EL FXELFLQWHUSRODWLRQRURQHRI
WKDW WKHLPDJHVY REWDLQHG ZLWK WKH VL[ FRQILIXUDWLRQV FRQWDLC
WKHLPDJHV REWDLQHG ZLWK EL FXELFLOQWHUSRODWLRQ ZKHUH WKH I

TKHUPDO VXSHU UHVROXWLRQ

,Q WKLV VHFWLRQ WKH WKHUPDO VXSHU UHVROXWLRQ UHVXOWV REW
UHVROXWLRQDUFKLWHFWXUHY DUHSUHVHQWHGDQGDQDO\VHG )RUH
ODQGPDUN KKKDWPDSVQJPDYG RUWKHDWWHQWLR®@ P%HIOIRQZL YIPUSX/SY |
UHVXOWYKRHWXO-OGDWHDVHW DUH GLVFXVVHG IR OO®RBHGSEA\WIKVHHWH YV X O W

7TKHUPDO )DFH GDWDVHW
$QRYHUYLHZRIWKHWUDLQLQJVWDJHVRIWKHWZR SURSRV&5G MM HUP D (
DHOQ®)65*$1 DKV VKRZQ LQ )LIKHWH DUFKLWHEWXUHY XVH WKH DWWHQW
D DQG IDFLDO ODQGPDUNERSDWRDSY POSEXWH UHDVRQ IRU WKLV LV
)DFH GDWDVHW GRHV QRW FRQWDLQ IDFLDO SDUVLQJPDSVDQGLWLVQ
WKHUPDO VXSHU UHVROXWLRQ DUFKLWHFWXUHV DUH ILUVW SUH WUDL
DQGWKHQILQH WXQHGRQWKH 7KHUPDO )DFHGDWDVHW 7KHORZ UHVR
DUH REWDLQHG ZLWK WKUHH GLIIHUHQW GHJUDGDWLRQ PRGHOV QDP}
GHJUDGDWLRQ VFDOH[ DQG'1 GHJUDGDWLRQ VEB®IOHH WKW G \RBWRLVE
WKHUPDO VXSHU UHVROXWLRQ DUFKLWHFWXUHY FDQQRW UHFRQVW U X
RQH PRGHO VHSDUDWH PRGHOV DUH WUDLQHG IRUHDFK GHJUDGDWLR
WZR SURSRVHG WKHUPDO VXSHU UHVROXWLRQ DUFKLWHFWXUHV LQ WK

3UH WUDLQLQJVWDJH
,Q WKLV SUH WUDLQLQJ VWDJH WKH WKH U R PG VXS EIKG) B V*RBQ XDKLR Q DL
DUH SUH WUDLQHG RQ WKH & HOHE$ODVN +4 GDWDVHW )RU WKLV WKH &
VHW RI LPDJHV DQG D YDOLGDWLRQ VHW RI LPDJHV (DFK PRGHO
WKH WUDLQLQJFDQ EH WHUPLQDWHG HDUO\ LI WKHDYHUDJH 66,0 YDOX
ZLWKLQ HSRFKV $VEDVHOLQH WKHORZ UHVROXWLRQ LPDJHV DUH H

TDEOHVKRZV TXDQWLWDWLYHUHVXOWV RI WKHVXSHU UHVROYHGLPD
VHW WFDQ EHVHHQ WKDW WKHORZ UHVROXWLRQLPDJHY HQKDQFHG
3615 DQG 66,0 YDOXHV WKDQ WKHORZ UHVROXWLRQLPDJHVY HQKDQFHG
GHJUDGDWLRQ PRGHOV $0OVR WKH ORZ UHVROXWLRQ LPDJHV HQKDQF
HUDJH 3615 DQG 66,0 YDOXHV WKDQ WKH EL FXELF LQWHUSRODWHG LP
PRGHOV H[FHSWIRUGHJUDGDWLRQ PRGHO %,[ 7KXV EDVHGRQ36150D
VXSHU UHVROYHG LPDJHVY REWDLQHG ZLWK 7)651HW DKDQG 7)65*$1 DK



7TKHUPDO VXSHU UHVROXWLRQ

7TDEOH $YHUDJH 3615 DQG 66,0 YDOXHV RI WKH & H% RI& ®DLVFND WH Y DAOKLHG DMAMR @ N X0 W V

‘HiuDGDWL¥S FXELF LQWHUSREEIWUWRRK 7)65*$1 DK
PRGHO 3615 66,0 3615 66,0 3615 66,0

WKHEL FXELFLQWHUSRODWHG LPDJHV IRUDOPRVWDOO WKHGHJUDGDWLEF
VXSHU UHVROYHG LPDJHY REWDLQHG ZLWK 7)65*$1 DK IRU GHJUDGDWLRQ
LPDJH TXDOLW\RIWKHEL FXELFLQWHUSRODWHG LPDJHV

7KH TXDOLWDWLYH UHVXOWV RI WKH VXSHU UHVROYHG LPDJHV RI WKH &H
VHQWHG LQ )L)RUKEHJUDGDWLRQ PRGHOV %, [ %,[ %,[ DQG %'[ LW FDQ
LPDJHVY HQKDQFHG E\ 7)651HW DK DUH OHVV VPRRWKHG DQG FRQWDLQ VKD!
EL FXELFLQWHUSRODWHGLPDJHV $0OVR IRUWKHVHGHJUDGDWLRQPRGHO
DK FRQWDLQ VKDUSHUHGJHV DQG OLQHV WKDQ WKH EL FXELFLQWHUSRODW
WKDW IRU GHJUDGDWLRQ PRGHO %, [ WKH 7)65*$1 DK VXSHU UHVROYHG LI
FDXVH RI WKLV 7)65*$1 DK SHUIRUPV ZRUVH WKDQ EL FXELF LQWHUSRODW|
IRUGHJUDGDWLRQ PRGHO %, [

:KHQ FRPSDULQJ 7)651HW DK ZLWK 7)65*$1 DK LW FDQ EH REVHUYHG WKL
DIJHVHQKDQFHGE\7)651HW DKDFKLHYHKLJKHU 3615DQG 66,0 YDOXHV WKDC(
HOQOKDQFHG E\7)65*$1 DK IRUDOPRVWDOO WKHGHJUDGDWLRQ PRGHOV 2Q¢
7)65*$1 DK SHUIRUPV EHWWHU WKDQ 7)651HW DK 7KDW 7)651HW DK DFKLHY
YDOXHV WKDQ 7)65*$1 DK LV DV H[SHFWHG EHFDXVH SUHYLRXV UHVHDUFK
DSSURDFKHY VFRUH EHWWHU RQ WKHVH PHWU Ig YaVN KDV KIRLXH R VW & HD S$S1IUR D
EDVHG DSSURDFKHVY GR QRW VFRUH KLJKLQ WHUPV RI13615DQG 66,0 WKH\.
SHUFHSWXDO@XBDRZIMYXEHU ZKHQ ORRNLQJDW WKH LPDJHV REWDLQHG ZLWK
VHHQ WKDW VRPH FRQWDLQ DUWLIDFWV DQG WKDW WKH SHUFHSWXDO TXDO
EHWWHUWKDQ WKHSHUFHSWXDO TXDOLW\RIWKHLPDJHVRI7)651HW DK 6L
DORWRIK\SHUSDUDPHWHU WX@Q@L@J WR BBHQ RUWEBW®RXU PRGHOV DUH QRW
ZLWK RSWLPDO SDUDPHWHUV 2QO\IRU GHJUDGDWLRQ PRGHO '1[ WKHLPEL
DUHEHWWHU WKDQ WKHLPDJHV REWDLQHG ZLWK 7)651HW DKLQ WHUPV RI 3
+RZHYHU WKHORZ UHVROXWLRQLPDJHV REWDLQHG ZLWK WKLV GHJUDGDW
WKLY GHJUDGDWLRQ PRGHO LW LV KDUG WR UHFRYHU KLIJK UHVROXWLRQ LF
KLIJK UHVROXWLRQ LPDJHYV
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D 'HIJUDGDWLRQ PRGHO %, [

E '"HJUDGDWLRQ PRGHO %, [



7TKHUPDO VXSHU UHVROXWLRQ

F '"HJUDGDWLRQ PRGHO %, [

G 'HJUDGDWLRQ PRGHO %' [
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