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ABSTRACT 

Optical inspection techniques have been widely adopted in industrial areas since they provide fast and accurate 
information on product quality, process status, and machine conditions. The technologies include sensing using  
vision, laser scattering and imaging, x-ray imaging, and other optical sensing, and data processing for classification and 
recognition problems. Frequently, data processing tasks are very difficult, which is mainly due to the large volume, the 
complexity, and the noise of the raw data acquired. Artificial neural networks have been proven to be an effective 
means to cope with the problems difficult to solve or inefficient to solve by convectional methodologies. This paper 
presents the applications of neural networks in optical inspection tasks. Among the variety of industrial areas, this paper 
focuses on the inspection tasks involved in printed circuit board manufacturing processes and semiconductor 
manufacturing processes, which are the most competing industries in the world today. In this paper, the inspection 
problems are addressed and the optical techniques together with neural networks to solve such problems are reviewed.  
The application cases to which neural networks are applied are also presented with their effects. 
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1. INTRODUCTION 

High quality and yield are the most critical subjects for manufacturers to be competitive in worldwide market today. To 
achieve these subjects, industries should pay more and more attention to monitor their manufacturing processes and to 
inspect their products. This trend has been accelerated by the continuing product trends such as miniaturization, high 
performance, lightweight, etc. The presence of camcorders, cellular phones, walkmans, and laptops is driving the 
consumer electronics market towards the trends. 
Generally, inspection tasks take longer time than the most manufacturing processes. Therefore, in-line inspection 
stations may slow down the overall manufacturing line in many cases. The line designer should pay an extra attention to 
determine how many inspection stations should be installed in parallel to keep the manufacturing speed goal. From this 
fact, inspection tasks often drive the industry to a huge amount of extra cost. If the inspection tasks are preformed by 
human labor, the inspection cost will continue to increase year by year, but the inspection accuracy may not be 
satisfactory. A literature reported that the inspection accuracy of human experts is typically 60 � 80% in semiconductor 
industries [1]. This inaccurate inspection may cause another extra cost. A faulty part probably makes the final product 
malfunction and finally the manufacturer possibly pay additional cost for after service. To cope with these problems, 
automation of inspection tasks can be an effective solution. Automated inspection equipments can speed up the 
manufacturing speed, improve productivity, and keep the inspection accuracy to a reliable degree. Thus, many 
industries are trying to adopt automated ways for inspection in their manufacturing processes. 
Optical methods for inspection utilize the characteristics of light when it propagates through optical components, when 
it is scattered at the interfaces of optical components, and the like. The main reason why the optical methods are now 
widely used is that they provide non-contacting ways in getting information. Thus one can obtain information without 
any damage to the object of interest and without any loading effect on the measurand. This advantage provides further 
advantages, i.e., sensing speed and precision. Light is the fastest thing, thus the speed of optical methods is limited only 
by mechanical and electrical components. Owing to the non-contacting characteristic, optical methods can be applied to 
fine objects such as semiconductor wafers, MEMS structures, and so on. 
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Optical inspection methods such as vision, laser imaging, and other optical sensing. often provide a lot of numerical or 
logical data to be analyzed. Using these data, the product quality and the process status are evaluated, classified, and 
recognized. In many cases, the volume of data is very large and the features to be extracted from the data are not 
explicit. These problems lead us to the necessity of proper data processing tools. Neural network can be an effective 
means to overcome these problems. Using neural networks, one can easily select features from data, classify the 
features into several groups, and construct the models of the input / output relationships of the physical system of 
interest. 
In this paper, a variety of neural network based optical inspection systems are introduced. To understand the roles of 
neural networks, the inspection problems and the optical techniques are also presented. Among a variety of industrial 
areas, this paper focuses on the inspection tasks involved in printed circuit board manufacturing processes and 
semiconductor manufacturing processes, which are the most competing industries in the world today. The neural 
networks presented in this paper take various kinds of roles in the inspection systems such as pattern classifier, sensor 
modeling tool, quality predictor, and operator. From the application cases, the neural networks are proved to be 
effective in many practical problems. 
 

2. ROLES OF NEURAL NETWORK IN INSPECTION TASKS 

Optical sensing methods such as vision, laser beam scattering and imaging, and other optical sensing are very useful in 
terms of the volume of data they provide. This means that one can obtain a lot of useful information if the data are 
properly analyzed and interpreted. However, it is not an easy task to process a large volume of data in many cases. For 
example, if we acquire the images of defect maps of semiconductor wafers and we want to analyze them to identify the 
sources of defect, we need to classify the spatial patterns of defect distribution on the wafers into several groups. But it 
is not easy to group the defect patterns with naked eyes because every defect pattern consists of many point defects and 
particles and their overall appearances may not be discriminative from each other. Thus we need an effective classifier, 
which is the most popular application of neural networks. 
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Figure 1  Network structures 
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Figure 1 shows various types of neural networks popularly used for pattern classification, among which ART and 
Kohonen SOFM are trained by unsupervised learning methods, while multi-layer perceptron and radial basis function 
network are trained by supervised learning methods. In the supervised classifier, the desired class for given data is 
provided by a teacher. If an error in assigning correct classification occurs, the error can be used to adjust weight so that 
the error decreases. 
In most classification tasks, we utilize heuristic features to determine product quality, process status, etc. But it is often 
very difficult to select heuristic features that accurately reflect the product quality, process status, etc. One possible 
solution is to use neural networks to select the features. The method how to select features using neural network is to be 
explained in the following section. 
Neural networks trained in a supervised learning method can simulate mathematical and physical models. That is the 
relationship between the input vector and output vector can be modeled. Neural networks such as multi-layer 
perceptron, functional-link network, radial basis function network, etc. can be used for this purpose. If we have a sensor 
whose output can not be predicted given the input, then a neural network can be trained to predict the output given the 
input. This can be performed using experimental data, or in many cases it is performed using a previously given 
theoretical model if available. Sometimes, we can get a theoretical model that estimates the input given the output, but 
the inversion, i.e., the estimation of the output given the input is not explicit. Neural networks can be trained to estimate 
the output given the input using the theoretical model that estimates the input given the output. This is a typical 
exemplary application of neural networks in sensor technologies. 
 
2.1 FEATURE SELECTION 

This issue concerns about relating the feature vector to classification and recognition. The method introduced herein is 
based upon multi-layer perceptron with sigmoidal nonlinearity. The first method [2] utilizes the concept of weight 
pruning that can determine the importance of each input feature. The method starts with selection of a certain weight of 
already trained network. This selected weight is then set to zero while the network processes a complete set of input 
feature vectors. Due to this change, the error will occur. If the error does not exceed a prescribed maximum value, the 
contribution of the weight omitted in the calculation is considered to be less important. After checking this weight its 
previous value is restored. And another weight is tested. The procedure of weight pruning continues until the 
elimination of a weight leads to the error above the prescribed value. 
The second method is referred to as weight sum method [3]. In this method, the sensitivity of each input feature to total 
error is evaluated based on the sum of absolute values of the weight. If the sum of the weight values is smaller than a 
prescribed value, the input can be discarded from further consideration, implying that the important input features can 
be removed. 
 
2.2 PATTERN CLASSIFICATION AND RECOGNITION 

The goal of pattern classification is to assign input patterns to partitioning the multidimensional space spanned by the 
selected features into decision regions that indicate to which any belongs. Good classification performance therefore 
requires selection of effective classifier, e.g. type of a neural network in addition to selection of effective features. 
In learning without supervision, the desired class is not known a priori, thus explicit error information can not be used 
to adjust network behavior. This means that the network must discover for itself dissimilarity between patterns based 
upon observation of the characteristics of input patterns. The unsupervised learning classifiers include Kohonen 
Feature-Map, learning vector quantizer with a single layer and ART 1 & 2. Classifiers that employ unsupervised / 
supervised learning first forms clusters by using unsupervised learning with unlabeled input patterns and then assign 
labels to cluster using a small amount of training input patterns in the supervised manner. By the supervised learning the 
sizes and locations of cluster are corrected to yield accurate classification. The primary advantage of this classifier is 
that it can alleviate the effort needed to collect input data by requiring a small amount of training data. The classifiers 
that belong to this group are the learning vector quantizer (LVQ1 & 2), and feature-map. 
The role of the neural network classifiers is to characterize the decision boundaries by the computing elements or 
neurons. Lippmann [4] divided various neural network classifiers into four broad groups according to the characteristics 
of decision boundaries made by neural network classifiers. First group is based on probabilistic distributions such as 
probabilistic or Bayesian classifiers. These types of neural networks can learn to estimate probabilistic distributions 
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such as Gaussian or Gaussian mixture distributions by using supervised learning. Second group is classifiers with 
hyper-plane decision boundaries. Nodes form weighted sum of the inputs and pass this sum through a sigmoid 
nonlinearity. They include multilayer perceptrons, Boltzman machines, and high order nets. Third group has complex 
boundaries which are created from kernel function nodes that form overlapping receptive fields. Kernel functions nodes 
use a kernel function as shown in the figure, which provides the strongest output when the input is near a node�s 
centroid. Kernel function indicates that the node output peaks when the input is near the centroid of the node and then 
falls off monotonically as the Euclidean distance between input and the centroid of a node increases. Classifications are 
made by high level nodes that form functions from weighted sums of outputs of kernel function nodes. These type of 
neural network classifies are classifier based on the cerebellar model articulation controller (CMAC), radial basis 
function classifier. Fourth group is exemplar classifiers which perform classification based on the identity of the 
training examples, or exemplars, that are nearest to the input similar to the kernel function nodes. Exemplar nodes 
compute the weighted Euclidean distance between inputs and node centroids. Centroids correspond to previously given 
labeled training examples or to cluster center and called prototypes. These classifiers includes k-nearest neighbor 
classifiers, the feature map classifiers, the learning vector quantizer(LVQ), restricted coulomb energy(RCE) classifiers, 
and adaptive resonance theory(ART). These four group classifiers provide similar low error rate. But their 
characteristics for real world problems are different. 
 
2.3 SENSOR MODELING 

Neural networks trained in a supervised learning method can simulate mathematical and physical models. That is the 
relationship between the input vector and output vector can be modeled on that of input variables and output variables. 
Therefore, neural networks such as multi-layer perceptron, functional-link network, radial basis function network, etc. 
are often used for this purpose. 
Park et. al. [5] adopted a functional-link network to obtain the thickness and refractive index of a thin film on a 
semiconductor wafer from ellipsometry measurements. Gelenbe and Wang [6] used a random neural network to obtain 
the 3-D shape of photo-resist on a semiconductor wafer from a SEM image. Bischoff et. al. [7] constructed a multi-layer 
perceptron to recognize sub-micron patterns from the scattered light. In these studies, the mathematical models are 
previously given, but it needs to make the inversions of the given models in practice. Thus the neural networks are 
trained to provide the inversion of the given models, for which the given models are used as teachers. 
 

3. INSPECTION TASKS IN PCB ASSEMBLY PROCESSES 

3.1 SOLDER JOINT INSPECTION 

Vision-based inspection 
The quality inspection problem for solder joints inspection has been recognized as a difficult-to-solve problem, since 
the joints have complicated geometrical shape as well as surface specularity which vary even under identical soldering 
conditions. To this end, the neural network approaches have been widely utilized to inspect solder joint as a means of 
decision making as to quality status. 
Most of machine vision approach to classification and recognition of defects of soldered joints utilizes a set of features 
to solder joint integrity. One of such approaches is a neural network-based classification method, which utilize 
automatically selected feature sets [8]. The method has the principle that the modified version of the Karhunen-Loeve 
transform (KLT) selects the features which best represents in a mean-square error sense the data in a particular class of 
images. To reduce the time required to train and test a neural network, a pruning technique was utilized to choose a 
MLP of the right size. This classification task has the following distinct features: (1) image data acquisition (2) data 
reduction by KLT coding (3) ANN classification from a small number of coded coefficients. 
The systems shown in Figure 2(a) employs a circular tiered illumination system composed of three color lamps. 
Typically, a neural network-based visual inspection system consists of a lighting system, a CCD camera, an image 
grabber and a personal computer for neural network processing. Typical synthetic examples of 3-D joint shapes and the 
corresponding highlight color patterns in window images by their soldering qualities are illustrated in Figure 2(b). To 
classify the highlight color patterns, the architechture of the neural network is made of two hiarachical structures, a 
preprocessing module operated by LVQ network and a trainable module by MLP network. Test data set of 135 samples 
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consists of 5 classes with 27 samples each show that the success rate ranges 78% to 97%, depending upon neural 
network architecture [9]. 
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Figure 2  A visual inspection system for solder joints 
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Figure 3  Sensing principle of optical solder joint inspection system 

 
Optical Solder Joint Inspection 
The optical system can inspect the condition solder joints by determining their 3D shape. The system introduced in 
[10,11] scans a focused laser beam over the area of the solder joint and observe the direction of the reflected beam. As 
shown in Figure 3, the system is composed of a GSU (galvanometer scanning unit) which steers the laser beams�s 
incident position, a parabolic mirror which gathers the reflected beam to its center and a sensing unit whose outer 
surface is covered by photo diode arrays. Extended Gaussian Images(EGI) are used to represent the three-dimensional 
shape of an solder joint surface. The orientation histogram is used as a discrete estimation of the EGI, and shape 
features derived from the orientation histogram represent distribution properties of surface element orientation. This 
approach permits an efficient shape classification without tedious registration and matching of local position features. 
The EGI of an object is obtained by placing at each point on the Gaussian sphere a mass proportional to the area of 
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surface elements on the object that have the orientation at that point on the sphere. From this EGI of the solder joint 
surface ten features were chosen. The classification scheme identifies two types of acceptable solder joints(QFP, SOP) 
and three different classes of joints(normal, insufficient, excess). Utilizing these 10 features a multi-layer perceptron 
artificial neural network is applied as classifier.  
The test result show that for a board �B1�, a total of 358 of the 360 joints inspected were correctly classified (99.4%) ; 
on another board �B2�, the proposed inspection scheme correctly classified 350 of the 360 joints, or 97.2%. In 
comparison, the performance of the statistical pattern recognition based solder joint inspection reported in [10,11] was 
about 95% for correct classification 
X-ray Imaging System 
X-ray imaging system is widely used to measure the density and shape characteristics of various objects. In particular, 
laminography and digital tomosynthesis (DT) have been frequently used for inspection as a means of acquiring cross-
sectional imaging methods since they can form a cross-sectional images of 3-D objects. In the field of PCB inspection, 
defects inside the solder joints, region visually occluded by its own package shape of solder joint and lead/pad 
alignment are the major inspection items needed to apply x-ray imaging technology. Typical components that have 
these inherent problems are ball grid array(BGA), J-lead and gull-wing type packages. 
The schematic diagram of a BGA and cross-sectional images at three differently located focal planes is shown in Figure 
4(a). The focal planes are changed from the ball-center(A) to the solder joint part(C) that is close to the pad. For the 
BGA solder joints inspection, the x-ray images for the focal plane C were used. Figure 4(b) shows the x-ray images 
acquired by the DT system. In the image of plane A, the balls have the largest diameter and there is no artifact. But as 
the focal plane departs from the plane of A, the diameters of the balls are imaged as smaller ones and the blurring 
effects and artifacts are shown in the images. 

Plane A
Plane B
Plane C

(a) Three planes for cross-section

plane Cplane A plane B

(b) Cross-sectional images  
Figure 4  The cross-sectional images of three different planes of BGA 

 
To discriminate defects in the solder joint the intensity distribution of the joints in the image is used. Rather than 
considering all the intensity values, four gray level profiles along the lines (0°, 45°, 90°, 135°) passing through the 
center of a joint in an image are used to reduce data size and computation time. 
The procedure for solder volume inspection is illustrated in Figure 5. The gray level profiles of a joint in the four 
directions are classified by four identical LVQ neural networks. Their classification results are used as an input element 
for the look up table(LUT) that determines the condition of the solder volume. The LVQ neural network can cluster 
gray-level profiles into several groups which can be understood as a representative of a solder joint quality. 
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Figure 5  Solder volume inspection process 
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The LVQ neural network classifier tested 232 profiles, called test samples, to check the validity of its classification 
results. For this purpose, the test samples were classified in advance by a human inspector, and then classified once 
again by the LVQ network. The results appear to be satisfactory because the results between human classifier and the 
LVQ classifier were coincident. The success rate of the LVQ classifier was more than 90% ; and fortunately, most mis-
classified samples yield correct results in the sense of quality groups, which were excessive, normal and insufficient. 
The X-ray inspection system [12] was developed for various types of solder joint geometries such as a solder plug a 
through-hole, die or substrate bonding, solder dump, a leadless chip carrier attachment and compliant lead chip carriers. 
It adopts two stage processing layers to detect defects such as solder voids, thickness variation within the components. 
At the first layer a MLP performs localization of parts and segmentation of solder joints from the image obtained from 
11�11 pixel receptive field within the PCB. The second MLP, which is trained to detect voids within the solder joints 
creates a defect map. Based on the defect map, the density of solder voids etc. can be obtained. 
Another interesting solder joints inspection method described in [13] uses various types of inputs for a MLP. Images 
utilized for the inputs are the sub-images of solder joint region-of-interest(ROI). They include localized features of the 
real image which can be of significance to the classification; histogram patterns and Fourier transform data. The 
network classifies solder joints into three different categories: normal excess solder and insufficient solder. The results 
show that the maximum accuracy in identifying solder joint defects was 92%. 
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 (a) Defects in bare PCB                    (b) Defect detection and extraction 

Figure 6  The schematic of extracting PCB defects 

An automated inspection system [14] developed for through hole solder joints can find the solder joints in an X-say 
image. Utilizing these images in gray scale, various neural network structures was applied to inspect the solder joints. 
Those include MLP, Kohonen and ART II. Among these the MLP shows the best performance, achieving successful 
classification 86%. This method identifies solder joints in the gray scale image without utilizing CAD data or manual 
registration of the solder joints. 
 
3.2 INSPECTION OF BARE PCBs 

Two typical types of NN applications [15,16,17] have been introduced to inspect the overall board layout. The first 
[15,16] is to inspect all defects appearing in patterns on a board, as shown in Figure 6(a) by employing artificial neural 
networks and the second is to implement inspection algorithms for defects using the cellular neural networks (CNN). 
Our discussion, here, will be made with regard to the former. In the first method utilizing MLP, the inspection 
algorithms is composed of three main stages. Here, we will introduce two types of ANN applications: multiplayer 
perception and Fuzzy associative memory which employs LVQ clustering algorithm. 
In the first method, an image of a PCB without defects are acquired to be used as a reference board. Secondly, various 
defects are extracted by comparing test board with the reference board. Thirdly, types of defects are recognized by 
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using a multi-layer perceptron neural network. We will discuss some details of each step with focus on the construction 
of neural network inspection algorithm. 
Test images are compared with the reference board image. Detection of pattern defects to find out any defects in the test 
board, the test image is operated on an XOR logic with the expanded reference image. And then, again with the 
contracted reference image. The result of the two XOR-operated images are then given an AND logic operation. This 
final result yields an image containing only defects that abnormally exist outside the upper limit. 
With the defects detected, a multi-layer perceptron network is utilized to classify the types of defects. As shown in 
Figure 6(b), an input vector to the network the features associated with defects are used, and they are defined as: fs : 
number of intensity changes along the boundary of defects in the test image, fN : ratio of the number of pixels �0� to that 
of pixel �255�, fP : perimeter of defect blob, fC : region where the focusing defect lies inside the conductor or insulator 
region. To train the network classifier, we have created a set of 360 defect samples, 40 samples per each defect. 
Classification results show that the features �nick� �line shrink�, �extrusion� and �line expansion� have 10% error out 
of the test samples. 
The other inspection method utilizes fuzzy associative memory consisted of three phases [15]; the preprocessing stage, 
the learning/ training phase, in which the shape classes are learned and the verification step. Here, the role of LVQ 
neural network is to categorize a set of input patterns into different clusters which is used for inspection. The results 
obtained from the experiments show that, while the existing inspection algorithms are limited to identifying specific 
types of defects, this method can deal with a much broader range of defect classes. 
 

4. INSPECTION TASKS IN SEMICONDUCTOR MANUFACTURING PROCESSES 

Semiconductor manufacturing has emerged as one of the most important industries. Even with the highly automated and 
precisely monitored equipments in a very clean environment, process variations in wafer fabrication still exist. The 
causes of these variations may arise from equipment malfunctions, complex manufacturing processes, or human 
mistakes, and the like. The detection of these problems becomes a critical issue because it is closely related to yield. 
Yield enhancement tasks usually focus on the elimination of defects. In general, the main cause of IC yield loss can be 
attributed to defects on the wafers. Thus inspection of defects is the essential task to compete in world market. Similar 
to other industries, optical technologies are the main subject for inspection. 
Neural networks have been adopted in many cases of optical inspection tasks in semiconductor manufacturing. Table 1 
shows the application examples, in which neural networks work as sensor modeling tool, pattern classifier, quality 
predictor, and operator. In this section, the optical inspection technologies involving the neural networks as pattern 
classifier, operator, and sensor modeling tool are presented. 

Table 1  NN applications in semiconductor and photo-mask inspections 

Process Quality variable Inspection technology Role of NN Type of NN 
Spinning, developing 3-D profile of photo-

resist 
SEM Sensor modeling 

(inverse problem) 
RNN 

Common Spatial pattern of defect 
and particle 

Vision, laser imaging Pattern classification ART1, MLP 

Common Defect and particle 
density 

Vision, laser imaging Pattern classification RBF 

Epitaxy 3-D profile of thin film Optical ellipsometry Sensor modeling 
(inverse problem) 

FLN 

Etching [18] Particle density Laser scattering (particle 
counting) 

Quality prediction MLP 

Packaging Pattern defect Vision Pattern classification LBE 
Photo-mask 
manufacturing 

Pattern defect Confocal laser scanning 
microscope 

Boolean operation CNN 

 
4.1 DEFECT AND CONTAMINATION INSPECTION FOR WAFERS 

A defect is defined as anything that may cause a product to fail. Defect density requirements vary substantially with the 
maturity of a process and the minimum feature sizes of the associated product. The occurrence of defects on a wafer 
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may result in the yield loss of a single wafer or, more seriously, an entire wafer lot must be discarded. Figure 8 shows 
some exemplary defects on a wafer. 

 
Figure 7  Defects on a wafer 

Figure 8 shows the most popular methods to detect defects and particles on a wafer. Figure 8(a) is based on image 
processing, while Figure 8(b) is based on laser scattering. Image processing method consists of two stages of 
magnification, macro and micro inspection stages. In macro inspection stage, the inspection system quickly detects 
large defects or particles of over 10 µm. While in micro inspection stage, the system scans slowly over the wafer 
surface and detects tiny defects and particles as small as 0.2 µm. Defect detection algorithm is based on image 
comparison as shown in Figure 9(a). Laser scanning method utilizes the reflected light while a laser beam scans the 
wafer. This method adopts a similar algorithm to that of image processing method to detect defects and particles, but it 
compares reflected light signals. 
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Figure 8  Detection of defects and particles by image processing and laser scattering 

 

XOR

defects

Image 1

Image 2

XOR

defects

Image 1

Image 2

          
Figure 9  Defect detection by image comparison 
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Semiconductor fabs usually monitor the total number of defects found on a wafer. However, this approach is not 
enough for efficient process variation detection. In addition to defect counting, the spatial pattern of the defects can 
provides useful information on process variation. Ken [19] pointed out that special process signatures appearing on the 
defect map pattern might come from machines or processes. Past experiences has also pointed out that when there were 
problems with machines or products, defects on the wafer would be distributed in certain patterns. Thus to monitor the 
process variation, the spatial pattern that the distribution of the defects forms is recognized widely in semiconductor 
industries today. Typical spatial patterns include ring, semiring, scratch, repeat, centralized, radiated, and die-edge 
defect types. Figure 10(a) shows an exemplary defect spatial pattern. These patterns are recognized by human reviewing 
according to some predetermined patterns, but this approach needs to train the human inspector and the inspection 
accuracy is not satisfactory. Thus the automated recognition algorithm is highly desirable. 
To recognize automatically the defect patterns on wafers, Chen and Liu [20], Sikka [21], and Kameyama and Kosugi 
[22] adopted several types of neural networks. 
Chen and Liu proposed ART1 to achieve this. ART1 can be trained by unsupervised learning. Thus it is suitable when it 
is difficult to decide how many clusters of defect patterns should be classified and recognized. Actually, since there are 
huge amount of defect data, it is very hard to determine how many kinds of defect patterns are in their industry by 
human intuition. Figure 10(b)shows the structure of the ART1 used in defect pattern classification. The input vector Xi 
of the network is defined as Xi = (xi1, xi2, xi3, � , xiN) where N represents the number of dies per wafer, xij = 1, if defect 
occurs on the jth die; xij = 0, otherwise. 
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Figure 10 Network input from defect distribution 

The network works for the three most frequent patterns, i.e., ring, scratch, and random. The ring type patterns can be 
divided into three different sizes such as 3.5cm, 4.5cm, 5.5cm, and the scratch type patterns can be divided into four 
directions such as right to up, right to down, left to up, left to down.. And if an input pattern can not be classified into 
any cluster, the pattern is regarded as new pattern and then the network is retrained. 
Sikka [21] has focused on somewhat different types of wafer defects from those of Chen and Liu [20]. The main 
interests have been the line defects as shown in Figure 11. The line defects are classified into curved line defect, 
horizontal line defect, vertical line defect, and diagonal line defect using a multi-layer perceptron that is trained by 
backpropagation learning. While convectional methods have used image processing and edge enhancement, which are 
not suitable for line defects in wafer due to the discrete nature of line defects, the neural network approach in this 
problem is highly recommendable. 

 
Figure 11  Line defects in wafers 

They have used a set of line shape primitives for line shape extraction such as vertical, horizontal, left diagonal, and 
right diagonal directions. The shape primitives are implemented within the neural network as connections between a 
shape extraction layer and the preceding input layer. The amplitudes of each of these features are then used as the input 
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for the subsequent shape extraction layer of the neural network. Curved line defects are recognized by the intensities of 
the set of shape primitives. The experimental results show overall classification accuracy of 91.7%. 
 

4.2 THICKNESS AND REFRACTIVE INDEX MEASUREMENT OF THIN FILM 

Optical ellipsometry is a promising technique for monitoring process parameters, such as film composition and film 
thickness, of semiconductor wafers grown with molecular beam epitaxy. Whereas it is a straightforward task to 
calculate ellipsometry angles given the thickness of the film and the refractive indices of the film and substrate, it is a 
difficult task to invert that mathematical relationship. However, the process must be inverted if the measured parameters 
are to be interpreted meaningfully in terms film composition and film thickness. Park et. al. [5] adopted a functional-
link net to solve this problem. They reported that functional-link net is very efficient to inverse the optical ellipsometry 
model in terms of speed and accuracy. Figure 12 shows an optically isotropic three-phase ambient-film-substrate 
(denoted as mediums 0, 1, 2 correspondingly) system. The ellipsometry measurements are two angles ψ and ∆ given N2, 
N0, φ0, λ, and N1, d are to be estimated. The relationship between the variables can be briefly expressed as follows : 

exp(j∆) tan ψ = ρ( N0, N1, N2, d, λ, φ0) 
where N�s represent the indices of refraction of the media, d for the depth of the film, and λ for the wavelength, φ0 for 
the angle of incident. ∆ represents the phase difference between p-polarization and s-polarization of reflected light and  

ψ = rp / rs 
where rp and rs represent the reflectance of p-polarization and s-polarization, respectively. For the details of the model, 
see the reference [5]. Given N0, N1, N2, d, λ, φ0, it is a straightforward matter to determine ψ and ∆ from the equation. 
The inverse problem, to determine N1, d given N2, N0, φ0, λ, ψ, and ∆, is incomparably more difficult. Thus functional-
link network is adopted, of which the input vector consists of N2, N0, φ0, λ, ψ, and ∆, while the output vector consists of 
N1, d. 
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Figure 12  Reflection from a composite structure consisting of a thin film and the substrate 

 
4.3 PHOTOLITHOGRAPHIC MASK INSPECTION 

Any structure deviation on photolithographic masks outside a tolerance zone impairs the function and lifetime of 
products and the yield of a manufacturing lot. Thus verification of the structures of photolithographic masks is required 
after their manufacturing and during their use, which is an expensive process concerning time and precision. For 
inspection of photolithographic masks, confocal laser scanning microscope is often used, whose schematic is shown in  
Figure 13. 
Photolithographic masks are inspected by one of the following methods: die-to-die, die-to-data, and die-to-design rule. 
The die-to-die method compares equal structures on a mask. The die-to-data method compares the structures on the 
mask against their layout data. The die-to-design rule method verifies the structures on the mask by a set of operators. 
A die-to-design rule method by cellular neural network based on local Boolean operators has been introduced by 
Schwarz et. al. [23]. They constructed cellular neural networks (CNN) that perform Boolean operations between local 
images of photolithographic masks. The Boolean operators compare the acquired images with the local design rules, 
which tolerate the deviations within some predetermined tolerance criteria. Through comparing the result image 
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obtained without tolerance criteria, and the result image obtained provided by the network trained with tolerance 
criteria, the CNN trained with tolerance criteria has been proved to show clear defect detection results. 
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Figure 13  Schematic of confocal laser scanning microscope 

 
4.4 LEADFRAME INSPECTION 

Leadframes are used to provide the mechanical support of the I.C. die and connections between the die and the pins of 
the integrated circuit. If there is any defect on a leadframe, the support of the pin will be weak or faulty. Thus it is 
necessary to inspect the leadframes. Lee and Chung [24] have constructed a LBE(learning by experience) network to 
recognized and classify the defects of leadframes. They sampled some local images from the overall leadframe image 
and utilized them for the network input. 
The network checks the leadframe patterns whether they are rotated or erroneous in any dimension. The network has 10 
output neurons so that it can discriminate 10 classes. 29 correct or faulty patterns have been classified well, but one that 
is actually defective in size has been classified to be normal. 
 

5. CONCLUSION 

In this paper, a variety of neural network based optical inspection systems have been introduced. Among a variety of 
industrial areas, this paper focuses on the inspection tasks involved with printed circuit board manufacturing processes 
and semiconductor manufacturing processes, which are the most competing industries in the world. The basic roles of 
neural networks in inspection tasks such as feature selection, pattern classification, and sensor modeling have been 
explained with the network structures applied. For the inspection tasks in printed circuit board manufacturing, solder 
joint inspection techniques using vision, laser scattering, and x-ray have been presented as well as the types of neural 
networks and the patterns used. And for bare PCBs, image comparison method has been used and the neural networks 
have been used to detect and classify the defects. In semiconductor manufacturing, neural networks such as ART1 and 
MLP have been used to classify the defect spatial patterns. And for thin film measurement using optical ellipsometry, 
functional-link network has been used to model the inverse function of the theoretical ellipsometry model. In a study to 
detect pattern defects on photolithographic mask, neural network has been used as a Boolean operator for binary image 
processing. The neural networks presented in this paper take various kinds of roles in the inspection systems such as 
pattern classifier, sensor modeling tool, quality predictor, and operator. From the application cases, the neural networks 
have been proved to be effective in many practical problems. 
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