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ABSTRACT 

 

Improvement of Spatial Resolution of 

 Long-Working Distance Measurement  

using Convolutional Neural Network 
 

Sang Yun Kim 

School of Mechanical and Aerospace Engineering 

The Graduate School 

Seoul National University 

 

The research in this dissertation aims at improvement of spatial resolution 

using convolution neural network in critical dimension (CD) measurement. CD 

measurement is widely used to get characteristic features of inspection targets in 

manufacturing process. This metrology step examines whether or not patterns are 

fabricated as designed. The results of such implementation are important for 

manufacturing process to produce high-quality products reliably. 

In recent years, organic light-emitting diodes (OLEDs) display continues 

to be a major trend, improving high pixel density. Because most OLED display are 

made using fully automated encapsulation system in order to prevent organic 

materials from oxidation, metrology equipment locates out of system, for example, 

vacuum chamber. This prevalence have demanded long working distance (W.D) 

measurement of small features, satisfying the measurement performance of 

industry–level at the same time. 

Long W.D measurement result in reducing numerical aperture (NA) of 

optical system. It is desirable to use a larger lens in order to increase the NA, 

however, telephoto lens are expensive and heavier. Imaging from large stand-off 
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distance typically suffer from low spatial resolution. Edge detection senses the 

intensity change of image and separates the object from the background by finding 

a boundary line. Therefore, blurry image drops the edge detection performance and 

it is hard to attain high-accuracy and high-repeatability.  

In this thesis, convolutional neural network (CNN) was suggested to 

improve spatial resolution without any changes in optics.  The proposed 

convolutional neural network use a single image acquired from long working 

distance measurement system as input, and rapidly outputs an image that having an 

improved spatial resolution. The convolution neural network was used to connect 

two different optical systems. We had learned the network so that the long-distance 

measured image was transformed like an image measured at a very close distance. 

In order to improve the performance and speed of learning, neurons, layers, and 

input-output data were newly constructed. In addition, it was configured to learn 

and correctly recognize dead neurons that were not learning properly in the 

network 

Under 195 mm W.D condition, the measurement accuracy and 3σ 

repeatability is 3.0%, 60 nm (20 repeat measurements), respectively. The 

measurable minimum size is 0.5 ㎛ and the measurement time is only under 0.2 s. 

The proposed method not only showed sub-micro level resolution, but also 

successfully industry-level measurement accuracy and repeatability in real time by 

implementing CNN. These results highlight the promise of the proposed method as 

a long-working distance measurement system of industry field.  

 

Keywords: Critical Dimension, Long Working Distance Measurement, Low Spatial 

Resolution, Convolutional Neural Network, Dead Neuron Reduction  

Student No.: 2011 - 20690 
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Chapter 1. 

Introduction 

 

1.1. Research motivation 

 

Display industry have been extremely developed for two decades. These 

days, there are two major trends in the display fabrication. The first is pixel per 

inch (PPI) has been larger and larger, improving high pixel density, such as full high 

definition (FHD) and ultra high definition (UHD). In other words, measurement items 

are getting smaller. Next, an organic light emitting diode (OLED) have been on the 

horizon for some time. OLED utilizes the electroluminescence of organic films. 

The electroluminescence generates light thru recombination of electrons and holes 

injected by the electric field. Because OLED has a self-luminescent property, it can 

be made without a back light unit and have a simple structure, a low power 

consumption, and a high color gamu. 
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Fig. 1-1 Structure of OLED 

The structure of OLED, as shown in Fig.1-1, consists of glass substrate, 

thin-film transistor (TFT), organic layer, cathode and anode. When voltage is 

applied to the OLED, electrons move to the cathode, and holes moves to the anode. 

At this time, the TFT serves as a switch that controls the flow of electrons that 

determines the emission from the organic film. Electrons and holes combine at the 

organic film to form excitons. The energy state of excitons is lowered to the ground 

state and emits light. Figure 1-1 shows a case of when a red organic film emits light. 

The color of the light changes according to the property of the organic film, and the 

brightness of the light is determined by the amount of current. 
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Fig. 1-2 Vacuum Deposition 

The deposition process forms a luminous organic layer on the TFT in a 

vacuum chamber. This process is standardized by a fine metal mask method for 

mass production [1]. As shown in Fig. 1-2, the organic source at the solid state is 

vaporized by the voltage drive. (In general, the organic matter is colorless at gas 

state. However, in Fig. 1-2, it is expressed in a red color for clarity). A fine metal 

mask, a thin metal film with numerous holes, is used as a cast to shape the organic 

layer. This is placed in front of the glass substrate to ensure that the vaporized 

organic material is accurately deposited on the TFT electrode. 
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Fig. 1-3 The position of optical system during deposition process 

 

The critical dimension (CD) measurement characterizes shape information 

of features deposited on substrates and examines whether or not patterns are 

fabricated as designed. The results of such implementation are important for 

manufacturing process to produce high-quality product reliably. The most difficult 

challenge for CD measurement during OLED fabrication process is the degradation 

of image resolution due to a long working distance (WD). W.D means the space 

between an object and the optical system. In order to eliminate impurities as much 

as possible in the vacuum chamber, the optical system has to be located outside of 

the vacuum chamber and images are taken through a viewport. This means that the 

WD has to be at between 180~190 mm, as show in Fig. 1-3. 

In Eq. 1-1 and 1-2, having a large WD means that the spatial resolution 

loss is caused by the diffraction light. At the same time, measurement accuracy is 



 

5 

 

poor.  

𝑁𝐴(𝑜𝑏𝑗𝑒𝑐𝑡) = 𝑛𝑠𝑖𝑛(𝜃)                   (1-1) 

where 𝜃 is the objective angular aperture, 𝑛 is the refractive index of the medium 

between the objective and the specimen. 

)(2

22.1
)(

objectNA
Airyr


                   (1-2) 

𝑟(𝐴𝑖𝑟𝑦) is the airy radius, and 𝜆 is the wavelength of the illuminating light. 
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1.2. Trends of research 

 

A number of techniques to improve spatial resolution have been proposed. 

There are three types method, pixel shift, deconvolution, deep learning. Pixel shift 

method have been universal in the industrial field and is reconstruction-based 

superresolution approaches. A high-resolution (HR) image is made from multiple 

low-resolution (LR) images. LR images serve as the subpixel data of the 

reconstructed HR image. Pixel shift can be divided according to the method of 

acquiring multiple images. To obtain LR images, additional structures are needed, 

such as dozens of camera arrays [2-4], various illumination angles [5-7], shifting of 

the actuator for camera aperture [8] or the camera sensor [9]. Because the approach 

also requires acquisition and reconstruction time for the multiple images, the real-

time measurement is impossible. 

The reflected light from the sample passes through the optical system, 

causing diffraction, which is formed in the shape of a concentric circle through a 

degradation function called a point spread function. Through such a series of 

processes, the image is blurred and mathematically expressed as a convolution 

operation, the inverse of this is called deconvolution.  

Deconvolution can be divided according to the method of removing the 

noise. To remove noise using the regularization term [10], the power spectral 

density [11], estimating point spread function (PSF) by using a maximum a 
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posteriori [12], noise removal network [13]. A real-time measurement is possible, 

but there is no guarantees of resolution improvement because of noise. 

Recently, deep learning methods have gained considerable attention for 

single image superresolution [14-17], restoration [18-19], deconvolution [20], and 

denoising [21, 22]. Deep learning for rich details in an image is based on a set of 

prior examples with LR images and corresponding HR images [23]. This method, 

called example-based superresolution, uses model mapping from LR to HR images 

that are trained in advance in order to obtain a high-quality image. In 2014, C. 

Dong et al. introduced a deep learning technique into superresolution for the first 

time, using convolution neural networks composed of three layers [14]. Fast 

superresolution convolutional neural networks (FSRCNN) [15] use the 

deconvolution layer instead of bicubic interpolation, aiming for faster and better 

performance. Very deep superresolution (VDSR) [16] includes 20 layers and uses 

residual learning, finding that deep networks improved image quality. There have 

been attempts to work toward both efficiency and robustness by compressing 

image data [17, 18] and producing a simpler model architecture [19]. Because the 

deep learning method is based on single image, it does not need multiple images, 

eliminating the concerns regarding capture time and additional structure. 
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1.3. Research objectives and coverage 

 

The objective of this thesis is improving spatial resolution to enhance the 

measurement accuracy and repeatability on small patterns. In order to remove the 

blur effect caused by long W.D, a new superresolution method that utilizes the 

relationship between two different optics expressed by the neural network. This 

method trains the neural networks for a conversion formula, which is used to 

convert the LR image measured at the long distance and low-resolution optics into 

a HR image as if the measurements were done with high-resolution optics. For the 

first time, this novel single-image superresolution method uses a deep learning 

technique for resolution enhancement and industrial-level measurement. The WD 

have to be over 170 mm, measurement accuracy is under 1.0 %, 3σ repetability is 

under 50 nm. 
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Chapter 2. 

Background Theory 

 

2.1. Neural Network 

 

Deep learning is a branch of machine learning techniques that uses multi-

layer structure of artificial neural networks. Each layers consist of neurons stacked 

over each other. One type of a deep neural network is the convolutional neural 

network (CNN). Typically, an individual layer of a deep convolutional network is 

composed of a convolutional layer and a nonlinear operator. The neuron (filters) in 

these convolutional layers are randomly initialized and can then be trained to learn 

how to perform specific tasks using supervised or unsupervised machine learning 

techniques [24] 

 

We denotes our data set S, which used to train the network   

                      𝑺 = {(𝑿𝒏, 𝐘𝒏), 𝒏 = 𝟏, … , 𝑵}             (2-1) 

where  

                     𝑋𝑛 = {𝑥𝑗
(𝑛)

, 𝑗 = 1, … , |𝑋𝑛|}                    (2-2)  
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                     Yn = {yj
(n)

, j = 1, … , |Yn|}                     (2-3) 

𝑋𝑛 denotes the low-resolution images captured thru the measurement optics and 

𝑌𝑛  denotes the high-resolution images, which correspond to the object image 

measured in the training optics. 𝑛 is the number of training samples.  

Our goal is to learn a model 𝐹 precisely to predict the values of output 𝑌𝑛. 

                           𝑌�̂� = 𝐹(X𝑛)                          (2-4) 

where 𝑌�̂� is its estimate of output 𝑌𝑛 (We drops the 𝑛 subscript for brevity).  

The model 𝐹 was comprised of a multiple layer structure and can be expressed as 

the composition of layer function 𝑓. 

                      𝐹(𝑥) = (𝑓𝑙 ∘ 𝑓𝑙−1 ∘ ⋯ ∘ 𝑓1)(𝑥)               (2-5) 

where 

                       𝑓𝑘(𝑥) = 𝑚𝑎𝑥(w𝑘 ∗ 𝑥 + 𝑏𝑘)                (2-6) 

𝒌 represents the order of layer, 𝒍 is the total number of layers, and 𝒙 is the input 

data. The operator ∘ denotes the function of the composition, the operator * denotes 

a convolution, and 𝒎𝒂𝒙(0, ·) corresponds to a ReLU. 𝐰𝒌 and 𝐛𝒌 are a 3-by-3 

convolution filter parameter and bias term for the 𝒌-th layer, respectively. These 

network parameters were trained in order to minimize the loss function using a 

stochastic gradient descent with the standard backpropagation. The loss function 

was chosen between 𝑳𝟏 distance in Eq. 2-7 and 𝑳𝟐 distance in Eq. 2-8. 
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                      𝑳𝟏(𝑾) =
𝟏

𝒏
∑ ∑ |𝒚𝒋

(𝒏)
− 𝒚𝒋

(𝒏)̂
|

|𝒀𝒏|
𝒋=𝟏

𝑵
𝒏=𝟏             (2-7) 

                       𝑳𝟐(𝑾) =
𝟏

𝒏
∑ ∑ |𝒚𝒋

(𝒏)
− 𝒚𝒋

(𝒏)̂
|

𝟐
|𝒀𝒏|
𝒋=𝟏

𝑵
𝒏=𝟏            (2-8) 
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2.2. Edge Detection 

 

Fig. 2-1. Pixel level and subpixel level edge detection 

 

The edge detection senses the intensity change in pixels and separates the 

object from the background by finding a boundary line. As shown in Fig.2-1, the 

one small rectangle corresponds to one pixel of the image. The white, gray, black 

rectangles are the intensity of the organic layer, intermediate, and background, 

respectively. Blue rectangles mean a pixel-level edge and the red line corresponds 

to a subpixel level edge. To obtain a higher level of accuracy, it is necessary to 

have edge detection at a sub-pixel level. 

A pixel level of accuracy, and finding the pixels of an image 

corresponding to an edge, can be obtained by the Sobel, Canny, Laplacian of 

Gaussian (LoG) operator. After edge detection with pixel-level accuracy is 
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complete, the intensity around pixels corresponding to an edge are assumed as a 

continuous function. Then, a sub-pixel level of accuracy can be accomplished by 

finding the greatest intensity value change in one pixel again. This paper exploited 

pixel-level edge detection thru LoG operator, which was expressed as 

                      𝛻2𝐺(𝑥, 𝑦, 𝜎) = (
𝑥2+𝑦2−2𝜎2

𝜎4 ) 𝑒
−

𝑥2+𝑦2

2𝜎2             (2-9) 

where 𝐺(𝑥, 𝑦, 𝜎) represents a two-dimensional Gaussian function 

Here, in order to shorten the computation time, the one-dimensional convolution 

operation in the row direction and the column direction were successively 

performed to replace the two-dimensional convolution operation. So, 

         𝛻2𝐺(𝑥, 𝑦, 𝜎) = ℎ12(𝑥, 𝑦) + ℎ21(𝑥, 𝑦) = ℎ1(𝑥)ℎ2(𝑦) + ℎ2(𝑥)ℎ1(𝑦) 

       (2-10) 

where  

                            ℎ1(𝜉) = √𝐾(1 −
𝜉2

𝜎2)                 (2-11) 

                            ℎ2(𝜉) = √𝐾𝑒
−

𝜉2

2𝜎2                   (2-12) 

𝐾 represents scale factor. 

The continuous function of intensity around an edge in subpixel edge detection was 

assumed as the facet model. Using the notation of [25, 26], let the discrete integer 

index 𝑅 and 𝐶  be an index satisfying the condition, 𝑟 ∈ 𝑅, 𝑐 ∈ 𝐶 . The facet 

model was expressed as 
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I𝐿𝑜𝐺(𝑟, 𝑐) = 𝑘0 + 𝑘1𝑟 + 𝑘2𝑐 + 𝑘3𝑟2 + 𝑘4𝑟𝑐 + 𝑘5𝑐2 + 𝑘6𝑟2𝑐 + 𝑘7𝑟𝑐2 + 𝑘8𝑟2𝑐2  

(2-13) 

where 𝑘𝑛  is the polynomial coefficient. If we assume I𝐿𝑜𝐺(𝑟, 𝑐) was a 

continuous function, it can be expressed as  

                         I𝐿𝑜𝐺(𝑟, 𝑐) = ∑ 𝑎𝑛𝑃𝑛(𝑟, 𝑐)𝑁
𝑛=1               (2-14) 

where  

                            𝑎𝑛 =
∑ ∑ 𝑃𝑛(𝑟,𝑐)𝑑(𝑟,𝑐) 𝑐𝑟

∑ ∑ 𝑃𝑛
2(𝑖,𝑗)𝑗𝑖

                (2-15) 

𝑃𝑛(𝑟, 𝑐) represents a Chebyshev discrete orthogonal polynomial set, and  𝑑(𝑟, 𝑐) 

represents a data value be observed. The image intensity I𝐿𝑜𝐺(𝑟, 𝑐)  can be 

obtained using the facet model technique. The zero-crossing operator is applied to 

the reconstructed image intensity I𝐿𝑜𝐺(𝑟, 𝑐) e, so that the edge points can finally 

be detected. 
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2.3. Working Distance and Image Resolution 

 

 

Fig. 2-2 Correlation between working distance and image resolution 

 

The light projected on the sample for measurement is reflected in the form 

of a light point source. At this time, part of the light reflected by the sample passes 

through the optical system. The optical system consists of several lenses, largely an 

objective lens and a zoom lens. The objective lens collects the light, and the zoom 

lens helps to focus the light on the camera sensor. In this case, the light passing 

through the optical system spreads like a disc , called as a airy disc, by diffraction. 

In this process, some of the reflected light does not pass through the 

optical system but spreads out. However, as the distance from the sample increases, 

the size of the disc becomes larger. In other words, if the distance between the 

sample and the optical system is increase, the spatial resolution will deteriorate. 
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Chapter 3. 

Convolutional Neural Network 

3.1. Data preparation 

3.1.1. Optics mapping 

 

 

Fig. 3-1 Input-output dataset using different optical system 

As shown in Fig.3-1, the objects used for the training data sets were 

measured in two different optical systems. The first optics had a long-working 

distance, but can acquire only low resolution (LR) image. The other optics had a 
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short-working distance, had high resolution (HR) image. The image obtained from 

the long-working distance optics was set as the LR image and the one taken by the 

short-working distance optics was set as the HR image in training dataset. 

Therefore, the trained network played a role of restoring clear images by 

connecting different optical systems, which is called optics mapping. 
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Fig. 3-2 Conventional deep learning LR-HR dataset (a), optics mapping dataset (b). 

 Because the sample was measured by changing the optical system, the 

position of the sample in the LR and HR images must inevitably vary. With a 

scale-invariant-feature transform [27], both images were corrected for the 

translational and rotational deviations from each other. This process was repeated 

for various samples to obtain the LR-HR training sets. It was possible to obtain the 

conversion formula by training deep learning network with these data sets. The 

training set, validation set, test set was 250 images, 50 images, 30 images, 

respectively. 

Various previous deep learning super-resolution techniques [14-19] , as 

shown in Fig. 3-2(a), basically used one image to create an LR-HR set. The 

original image was reduced and enlarged as a scale factor. Because the compressed 
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image underwent at bicubic interpolation process, the resolution of the image was 

degraded, and it became the LR image. The original image was then used as the 

HR image in order to train a network. Generally, a high-quality image dataset such 

as ImageNet, BSD300, BSD500, Set5, Set14, and DIV2K had been exploited. The 

quality of trained network output cannot surpass the one of raw images. In this 

thesis, however, Fig.3-2(b) shows that each images of a same specimen acquired 

from two optical systems were then used as LR-HR image sets. Configuring an 

image set in this way provided several benefits, including a higher resolution, 

which exceeds that of the original image. Therefore, the superior performance 

came from a new way of preparing training data set, not a neural network 

architecture. For example, the NA of training optics was approximately four times 

that of the measurement optics, and its magnification from objective lens was twice 

that of the measurement optics. Theoretically, if the learning was done perfectly, 

the image of the measurement optics can be converted into a super-resolved image 

whose resolution would be four times better and the size doubled. This was a 

surprising result, given that resolution usually went down as image size increased. 

In contrast, the super-resolved image of a conventional method might have a 

resolution that was less than that of the original image. 
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3.1.2. Wavelet transformation 

 

Fig. 3-0-3 Persistence homology concept 

Persistence homology is a tool for analyzing the topology structure of data 

through changes in betti number. Betti number is the number of holes in the m-

dimensional structure (0-dimnesional and 1-dimensional of the number of 

connected components and cycles, respectively [28, 29]. As shown in Fig.3-3(a),  

when the allowable distance ε is increased by A, a hole appears around the data 

point cloud. When the allowable distance becomes larger and becomes B, the hole 

disappears (Fig.3-3(b). When the period in which the hole exists is called 

persistence homology, it can be expressed by the barcode.In Fig. 3-3(c) show that 

the structure of the short barcode data is simple. In this paper, we made the data 

structure simple with wavelet transform of Eq. (3-1).  
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where 
0[ , ]W j k is the approximation coefficient and [ , ]W j k  is the detail 

coefficient. 
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3.2. Network Architecture 

 

Fig. 3-4 Network Architecture 

 

The network, as shown in Fig.3-4, was based on a VDSR structure [16] 

and was composed of 20 layers. Each layer had 64 convolutional neurons with a 3-

by-3 convolution filter. The last layer was a residual image, which was the 

subtracted result between an input and output image. Most values of the residual 

image were likely to be zero or small. 
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3.2.1. Neuron 

 

Fig. 3-5 Neuron structure 

 

Neurons, the smallest components of a network, consist of a combination 

of linear and non-linear operators. As shown in Fig.3-4, convolution was used as 

linear operator and ReLu function is used as nonlinear operator. The ReLu function 

shows the value as it is when it is a positive number, and the value is set to 0 when 

it is negative. The reason for using linear and nonlinear functions is that they can 

output the input values as various output values. Previously, the sigmoid function 

or hyperbolic function was used, but it was difficult to learn about deep network. 

As in this paper, we currently use the ReLu function for speed and stability. 
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3.2.2. Layer 

 

Fig. 3-6 Layer structure 

 

One layer is composed of 64 neurons and the network is composed of 20 

layers. The deeper your network, the more variations you can make, so you can 

create similar values for output. When learning networks, we optimize the 

convolution parameter values of neurons through forward propagation and 

backpropagation. However, when the network is deep, the convergence stability 

and speed of learning are lowered. Therefore, in order to solve this problem in this 

paper, we use the relatively simple l1 function function as the train loss function, 

Rivenson et al. [24] implemented a convolution neural network for 

statistical transformation between a low-resolution and a high-resolution 

microscopic image, enhancing its spatial resolution, a large field of view and depth 

of field. Our proposed method applied the same concept in order to improve 

measurement accuracy and the spatial resolution degraded by diffraction blur. Our 
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papers have a very similar methodology. However, there are two differences in the 

deep neural network architecture. The first is depth of layers. Rivenson et al. [24] 

composed a network of 10 layers (5 blocks × 2 convolution layers), which was a 

relatively shallow network in the field of deep learning super resolution. For 

example, most networks that competed in the New Trends in Image Restoration 

and Enhancement workshop and challenge on image super-resolution (NTIRE) 

2017 [23] had more than 20 layers and the 1st prize network of this contest 

consisted of 36 layers). We assume that the reason behind employing a smaller 

shallow layer might have been to settle convergence for various biological samples, 

while accepting a small loss in performance. In comparison, our samples were 

OLED and these had repeated patterns. Additionally, the shape deviations among 

samples tended to be small. Therefore, we can construct our network to be deeper, 

20 layers, achieving stable convergence and high super resolution performance at 

the same time. The second difference was convergence speed. The number of 

epochs till convergence by Rivenson et al. was 460 (lung tissue sample) or 630 

(breast tissue sample). Rivenson et al. exploited the combination of Means Square 

Error and the L2 norm of the image gradient and focused on the stability of the 

convergence. We employed a very simple L1 loss function and high value for the 

learning rate in order to speed up the training process. This enabled convergnce  

of the training process such that it was stable by virtue of similar structures in the 

samples, repetitive patterns in the image, and a carefully initialization of kernels 

and bias terms. 
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Chapter 4. 

Dead Neuron 

 

4.1. Neuron State 

 

As the training process proceeds, parameters of neurons in convolution 

operator are optimized. The optimization algorithm follows a stochastic gradient 

descent, training proceeds from a layer that is nearest output. Therefore, the 

variation of the parameter value becomes smaller as it goes closer to the input layer. 

 

Fig. 4-1 Parameter variation of a neuron 

As shown in Fig.4-1, training process proceeds, the parameter variation 

goes small and converge. The epoch is the number of times all of the training 
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dataset are used once in order to update the weight in convolution filters.  

Our aim to train network is converting images measured in a low-

resolution optical system to images as if measured in a high-resolution optical 

system. Thus, if each neuron is normally trained, as shown in Fig.4-2, the 

sharpness of output image should be enhanced rather than the one of the input 

image. The sharpness is calculated as gradient of image [30]. 

 

Fig.4-2 Sharpness variation between input-output image of a normal neuron 

 

From the same point of view, as shown in Fig.4-3, the noise of the output 

image must be less than or no more than the noise of the input image. The noise is 

calculated by single image estimation [31]. 
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Fig. 4-3 Noise variation between input-output image of a normal neuron 

 

However, the dead neuron whose training converges wrong local 

minimum cannot generate a HR image. As shown in Fig.4-4 and 4-5, The 

sharpness of the image does not increase, but the noise amplified. 

 

Fig.4-4 Sharpness variation between input-output image of a dead neuron 
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Fig.4-5 Noise variation between input-output image of a dead neuron 
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4.2. Reduction of dead neuron 

 

 

Fig. 4-6 Parameter initialization of a dead neuron 

 

It is quite natural that the more the number of dead neurons, the lower the 

performance of the network. Therefore, the performance of the network can be 

improved by reducing the number of dead neurons. To do this, as shown in Fig. 4-6, 

it need to check which neurons are dead at each layer. To check the status of 

neurons, the sharpness and noise values were used. The initial output value of the 

neuron is stored and compared with the current output value. As the training 

progresses, the variation of sharpness was increased while the variation of the 

parameter is decreased. When the amount of change of noise was decreased, the 

normal neuron is determined. In the opposite case, that neuron was judged as a 

dead neuron state.  

If the state was determined to be a dead neuron, the parameter of 
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convolution operation of the neuron were initialized. At this time, rather than using 

a specific range of values for the initialization value, for example MSRA method 

[32], the performance was improved in case of using random initialization.  

The determination of the state of the neuron proceeds every 10 epochs. 

The biggest reason not to proceed each epoch was degradation of training speed. 

The parameter initialization method is similar to drop out, one of the existing deep 

learning methods. Drop out stops the activity state of the neurons at random, 

preventing from that learning is concentrated on some neurons and other neurons 

stop learning. This method shows good performance but involves a decrease in 

learning speed. Because the parameter initialization technique needs to know the 

state of all neurons, the drop in training speed was greater than the drop out 

technique. Also, since there were outliers in the epoch of learning, it was 

impossible to judge every epoch. 
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4.3. Effect of dead neuron ratio 

 

 

Fig. 4-7 Change of normal neuron ratio after initialization of dead neurons 

 

Fig. 4-8 Change of image sharpness after initialization of dead neurons 
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Figure 4-7 shows the change in the ratio of normal neurons in the network 

through the initialization of dead neurons. Especially, in the case of the initial layer 

close to the input, the ratio of dead neurons is high.  The change of normal neuron 

ratio after initialization of dead neurons. In the case of Fig. 4-8, the parameter 

initialization method shows the improvement of the sharpness of the super-resolved 

image through the learned network. 
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Chapter 5. 

Experimental Setup 

 

5.1. Configuration of optics 

5.1.1.  Lens 

 

Table 5-0-1 Long working distance and short working distance optical system 

 

Table 5-1 shows the long working distance and short working distance 

optical configuration. This system consisted of a, First, the long working distance 
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system optical specification were 10 × objective lens for magnifying the sample, 

195 mm WD, 0.12 numerical aperture (NA), 0.55-µm per pixel of spatial resolution, 

2.80 µm resolution, minimum measurable size. Compared to a conventional optical 

microscope, this optics had a dramatically long WD, and thus, can be located 

outside of a vacuum chamber. However, the resolution was too low to achieve 

appropriate accuracy. As a comparison, a 10 × CFI Plan Nikon objective lens was 

frequently used for industrial measurements, with specification of 16.0 mm WD 

and 0.3 of NA.  

In contrast, the short working distance optical system was manufactured to capture 

HR images used as ground truth images when training the network. This optics was 

composed of a 50 × objective lens of the CFI Plan from Nikon. The WD of this 

system was 0.85 mm, the NA was 0.95, and the resolution was 0.35 µm. The PZT 

moved the objective lens along the z direction to obtaining the best focus and a 

clear image. It had an accuracy of 0.1 nm and scanned at 15 µm to acquire an 

image at 0.075 µm intervals and found the optimal focus position. Other 

configuration and measurement principles were the same as for long working 

distance system. 
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5.1.2.  Light source 

Another unique feature of these optics setup was the inclusion of two 

different illumination sources. The first source was a white LED to illuminate 

general TFT samples. Fig. 5-1 shows a real image of hexagonal TFT electrodes and 

TFT circuits illuminated by the white light. (Note: as the anode was made of 

indium tin oxide, which was a transparent electrode, it can’t be seen in image). The 

image shows that electric circuits and electrodes existed on the glass substrate to 

flow current to each TFT electrodes. Because the organic layers were transparent, it 

was impossible to see organic layers using white light.  

Fig. 5-2 shows the second light source which was a UV laser diode. This 

source was not used for curing, but as an energy source in order to generate photo-

luminescence light for the organic layer. Electrons orbiting the nucleus at a ground-

state energy level absorbed energy from the UV photons and revolved at an excited 

state. However, these were very unstable, and the emitted photo-luminescence 

photons occurred in a very short amount of time. The position of the transparent 

organic film can be confirmed by acquiring the emitted photo-luminescence light 

with the camera. The shape of the organic layer made by the deposition process had 

blurrier edges than the TFT made by photolithography (Images of Fig. 5-1, 5-2 

were obtained by a color camera for research purpose). 
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Fig. 5-1 White LED illumination for sample of optical system 
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Fig. 5-2 UV laser diode illumination for OLED sample of optical system 
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5.2. Training process 

5.2.1.  Data preparation 

 

Fig. 5-3 Measure sample and type for training image dataset 

 

TFT array glass and OLED LTPS glass sample were used for preparing 

the training dataset. Each images contained measure items such as line width, hole, 

and size. A total of 300 training data sets were composed of 100 images of line 

width, 100 images of hole and 100 images of size. 250 images were used for 

training, 50 images were used for validation.  A five-fold cross-validation method 

was used. 
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5.2.2.  Implementation 

Training condition  Specification  

Optimization  Stochastic gradient descent  

Learning Rate  0.005~0.0001  

Epoch  500  

Convolution Filter  64 (3×3 size)  

Patch Size  32×32 pixels  

Weight Decay  0.0001  

Momentum  0.9  

 

Table 5-0-2 Detail implementation for training parameters 

PC  Specification  

CPU  Xeon®  E3-1225 v3 3.2GHz 

RAM  8.00GB 

VGA  Quadro k620  

Image Size  640 × 480 [pixels]  

 

Table 5-0-3 PC specification for training 

Detail implementation about parameter and pc specification are listed in 

Table 5-2, Table 5-3. 
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5.2.3.  Evaluation metrics 

 

Type  Evaluation metrics  

Training Loss  Mean Absolute Error (MAE) 

Sharpness  Image gradient 

Noise  Noise level estimation  

Accuracy  20 Repeat measurement  

3σ Repeatability  20 Repeat measurement  

 

Table 5-0-4 Evaluation metrics for the trained network 

 

The trained network was tested on the test dataset. The image resolution 

and measurement performance was assessed quantitatively through the following 

metrics: training loss, sharpness, noise, accuracy, 3σ Repeatability, as listed in 

Table 5-4. 
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Chapter 6. 

Experimental Result 

6.1.Training Result 

6.1.1. Training loss 

 

 

Fig. 6-1 Training loss of training and validation dataset 

 

Training process evaluation was implemented to confirm that the network 

had been successfully trained. As the training proceeed, the mean absolute error 

decreases, and this tendency was the same in both training and validation data. The 

value of training loss was smaller in initial state, however, as the epoch increased, 

proceeds had a similar value in a direction. 
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6.1.2. Sharpness and noise 

 

Fig. 6-2 Image sharpness of training and validation dataset 

 

Fig. 6-3 Image noise of training and validation dataset 

Fig. 6-2 and Fig. 6-3 show that image sharpness and noise had similar 

tendency like as training loss, respectively 
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6.1.3. Accuracy and repeatability 

 

Fig. 6-4 Measurement accuracy of training and validation dataset 

 

Fig. 6-5 Measurement repeatability of training and validation dataset 

 

Measurement accuracy represents the degree of closeness between data to 
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be measured and the true values. Measurement repeatability represent the value 

below which the absolute difference between two repeated test results may be 

expected to lie with a probability of 95%. If the resolution is low, it is difficult to 

extract the correct edge, resulting in poor accuracy and repeatability. As training 

progressed, both accuracy and repeatability were improved. The same results were 

obtained for training and validation datasets. 
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6.1.4. Data compressing 

We compared the difference between wavelet transform method and raw 

method in residual image. In the case of wavelet transform, convergence was stable 

without divergence or vibration even if the learning rates were high. In addition, it 

was more efficient in terms of speed and performance improvement to use high 

learning rate in the wavelet method because the final MSE value was small. 
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Fig. 6-6 Comparison between the wavelet transform and 
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6.2. Test Result 

6.2.1. Standard specimen 

 

Fig. 6-7 Comparison of proposed method with conventional way 

of standard specimen images 

 

I had applied the trained network to the standard specimen samples 

according to the previous procedure. Fig. 6-7 figure shows the restored image 

results through the existing methods and the proposed method. Deconvolution [10], 

and deep learning deconvolution [13] method are showed in Fig. 6-7. 
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Table 6-1 Qualitative comparison of proposed method with other works about the 

sharpness and noise of standard specimen 

 

Qualitative comparison of proposed method with conventional method is 

listed in Table 6-1. 

Fig. 6-8 and Fig. 6-9 show the measurement accuracy and repeatability 

depend on the size of standard specimen and stable performance even at sub-micro 

size, respectively. 
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Fig. 6-8 Standard specimen accuracy result 

 

Fig. 6-9 Standard specimen repeatability result 
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6.2.2. Test sample result 

 

Fig. 6-10 Comparison of proposed method with conventional way 

of sample 1 images 

 

Table 6-2 Qualitative comparison of proposed method with other works about 

the sharpness and noise of sample 1 
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Fig. 6-11 Comparison of proposed method with conventional way 

of sample 2 images 

 

Table 6-3 Qualitative comparison of proposed method with other works about 

the sharpness and noise of sample 2 
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Fig. 6-12 Comparison of proposed method with conventional way 

of sample 3 images 

 

Table 6-4 Qualitative comparison of proposed method with other works about 

the sharpness and noise of sample 3 
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Fig. 6-13 Comparison of proposed method with conventional way 

of sample 4 images 

 

Table 6-5 Qualitative comparison of proposed method with other works about 

the sharpness and noise of sample 4 
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Fig. 6-14 Comparison of proposed method with conventional way 

of sample 5 images 

 

Table 6-6 Qualitative comparison of proposed method with other works about 

the sharpness and noise of sample 5 
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Fig. 6-15 Comparison sharpness summary of proposed method with conventional 

way of sample 1~15  

 

Fig. 6-16 Comparison noise summary of proposed method with conventional way 

of sample 1~15  
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Fig. 6-17 Comparison repeatability summary of proposed method with 

conventional way of sample 1~15  

 

Fig. 6-15 show that the comparison sharpness summary of proposed 

method with conventional way of sample 1~15.  Unsharp [33], wiener [34], and 

blind deconvolutoin [35] method were contained in that result. Fig. 6-16 and Fig. 

6-17 show the result of noise and repeatability, respectively. [36] 
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6.2.3. Defect Sample 

 

   

Fig. 6-18 Image restoration of defect pattern 

 

Fig. 6-18 show that the image restoration by applying the trained network to the 

defect pattern 
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6.2.4. Computation time 

 

Fig. 6-19 Computation time of test sample 1~15 

Fig. 6-19 shows that the real time result for converting the super-resolved 

image about test sample 1~15. The specifications of the used PC are shown in 

Table 5-3. 0.3 
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Chapter 7. 

Conclusion 

 

The research in this dissertation aims the improvement of spatial 

resolution of critical dimension measurement, which can overcome diffraction blur 

caused by long-working distance. By using convolutional neural network, it is 

possible to restore the image resolution in real time. The optics mapping and 

reduction of dead neurons are proposed for a new architecture of the convolutional 

neural network. The conventional method, such as pixel shift and deconvolution, 

suffer from long measure time and low performance, respectively. Proposal of the 

deeper layer network show that the spatial resolution can be improved by trained 

network and two different optical system and reduction of dead neurons are used 

for training network  

Measurement experiment is also conducted to verify the proposed method. 

The different sample test is performed to compare the conventional method and the 

proposed method. The measurement result of standard specimen shows that sub 

micro level resolution and industrial-level performance. The different industry 

sample test also shows that high-resolution , high-repeability. 

By using the proposed method, the image resolution and measurement 

performance can get the great improvement in the data.  

 

1) Measurable pattern size is 0.5 µm, image resolution enhancement is about 

х 5.34. 

2) Under 195 mm working distance, the measurement accuracy is also under 

3.0 %. The measurement repeatability is achieved under 60 nm in real time.  

From the above result, the proposed method can effectively restore the 
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spatial resolution caused by the diffraction blur. It is possible to use the proposed 

method in long working distance measurement. 
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컨볼루션 신경망을 이용한 장거리 측정의 

수평방향 분해능 향상에 관한 연구 

 

 

김 상 윤 

서울대학교 대학원 

기계항공공학부 

 

본 논문은 임계치수 측정에서 컨볼루션 신경망을 이용한 수평 

방향 분해능 개선 방법을 제안한다. 임계치수 측정은 제조공정에서 검사 

대상의 차원 특징을 얻기 위해 널리 이용되는 방법이다. 측정 단계는 제

조 공정의 형상이 설계대로 제작되었느지를 확인하는 과정이다. 이러한 

측정의 결과는 고품질의 제품을 안정적으로 생산하는데 있어서 매우 중

요하다. 

최근 유기발광다이오드가 해상도를 개선하며 디스플레이의 주요

한 흐름이 되었다. 대부분의 유기발광다이오드 제품은 유기막이 산화되

는 것을 방지하기 위해 완전 밀폐 자동 과정으로 제작된다. 따라서 측정 

장비는 진공 챔버와 같은 제조 장비 외부에 위치해야 한다. 따라서, 작은 

형상에 대한 장거리 측정 기술의 개발이 요구되기에 이르렀다.  

장거리 측정은 측정 시스템의 개구수의 하락을 초래한다. 장거리 
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측정 렌즈는 비용과 무게에서 한계점을 가지고 있다. 따라서, 먼 거리에

서 측정한 이미지는 일반적으로 낮은 수준의 수평 방향 분해능을 갖게 

된다.  경계 추출은 물체와 배경을 구분하는 방법인데, 희미한 이미지는 

경계추출의 정확도를 떨어뜨려, 측정 정확도 및 반복도의 하락을 초래한

다.  

 본 논문에서는 컨볼루션 신경망을 제안하여 광학계 시스템의 

설계 변경 없이 수평 방향 분해능을 개선하고자 하였다. 경제성과 측정 

안정성을 위하여 광학 시스템은 간단한 구조를 가질수록 유리하다. 컨볼

루션 신경망을 두 개의 서로 다른 광학계를 연결하기 위해 이용하였다. 

장거리 측정한 이미지를 마치 매우 가까운 거리에서 측정한 이미지처럼 

변환되도록 네트워크를 학습하였다. 학습의 성능과 속도를 향상하기 위

하여 뉴런, 레이어, 입력-출력 데이터 등을 새롭게 구성하였다. 또한 네

트워크 내에 학습이 제대로 되지 않는 데드뉴런을 판별하고 초기화하는 

과정을 거쳐 올바르게 학습하도록 구성하였다.  

제안된 시스템은 195 mm 의 측정 거리를 가지며, 3.0%의 측정 

정확도, 60 nm의 측정 반복도를 가지며, 측정 가능한 최소한의 패턴 크기

는 0.5 ㎛ 이며 측정시간은 0.2s이하를 만족하였다.  

주요어 : 임계 치수, 장거리 측정, 수평 방향 분해능, 컨볼루션 신경망, 

Optics Mapping, Dead Neuron 
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