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 ABSTRACT

 

With the increasing necessities for reliable PCB product, there has been a considerable demand for high
speed, high precision vision system to place the electric parts on PCB automatically. To identify the electric chips
with high accuracy and reliability with obtained images, a classification algorithm is needed to identify the type
of parts and their defects. In this paper, we design a learning vector quantization (LVQ) neural network to
achieve this. From the images obtained under the versatile lighting system, characteristic features for
classification are extracted, from which type of chip is identified through the neural network based classification
algorithm.

Keywords: neural network classifier, learning vector quantization, surface mount device, visual recognition,
integrated illumination system.

1.  INTRODUCTION

Surface mount technology(SMT) has been originally developed in the mid 1960's in part to overcome some of
the limitations of through hole assembly technology and more recently, surface mounting technology has
become a popular technique. Components are soldered directly onto metal pads on the surface of the board
without the use of through holes or the need of additional operations. Surface-mount devices(SMDs) are
typically smaller than the through hole-typed counterparts and allow their board density higher. The popular
surface mount electronic components are the rectangle chip(RC), the small-outline integrated circuit(SOIC), chip
capacitor, chip resistor, ball grid array(BGA), and chip scale package(CSP).

The major processes in SMT assembly process include applications of solder paste, component placement,
wave soldering and surface cleaning. Figure 1 shows the SMT system. After the electric components are picked
up from a feeder via a vacuum spindle, those are aligned to proper orientation and location and are placed
properly on the PCB upon release of the vacuum. The alignment process is very important to guarantee the
placement accuracy. Two types of alignment are accomplished either by mechanical means or with the aid of
machine vision. In these days, SMD components show smaller pins and narrow space between pins so that even
a very precise mechanical placement is considered to be not accuracy enough. Furthermore, the printed circuit
board can be slightly dilated by small change of condition of environment such as temperature or external
vibration. For those reasons, relative position of pins and footprints on PCB is relevant, and therefore, vision
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system is required to feedback the relative positioning and orientation error. The vision system is widely used
not only to measure the pose of components relative to the center of picker, but also to inspect the defects of the
picked component such as cracks, pitting, or chipping, missing lead, and the verification of component presence
in the assembly.

In the vision system, acquiring a good quality of image is very important in the placement of surface mount
devices, since subsequent image processing depends on the quality of acquired image to reduce the noise.[1]
Here, illumination technique plays an important role in the acquisition of a high-quality image. However, types
of SMD components exceed more 30, and the features of each component vary. In components such as QFP and
SOIC with gull-wing type of lead, lead position is an important feature and direct illumination technique is one
of a good solution. On the contrary, with direct illumination, the components with J-type of lead, stable features
are difficult to acquire from captured image because highlight patterns in the image are only near flat part of J-
type lead. To accommodate various types of SMD components, a versatile vision system was developed.[2] It is
equipped with three different types of illuminating devices; direct, indirect, and back-light illumination. The
direct illumination is used to recognize flat and specular surface of electric parts such as lead, and indirect
illumination to recognize lambertian surface or curved specular surface such as J-lead, BGA or CSP ball and gull-
wing type lead.[3] Finally, back-light illumination is used to extract the size and the position of electric parts
from acquired images. With these enhanced part images, the important task to do next is to assure the type of
chips to be placed and to identify their defects. Since these are to be assured and identified in an on-line manner
before placement, processing time and accuracy are vital to meet a specified cycle time.

Mount head

vision
system

Chip
picker

Pneumatic pipe 

Figure 1. Surface mount placement process

In order to operate surface mounters under this constraint, in this paper, we attempt to classify the type of
chip and to identify their defects by using a LVQ neural network. The inputs of classifier are the characteristic
features such as the size and geometry of chip, number of lead, size of lead. The performance of the developed
classifier system is tested on a number of samples of the SMD components. Experimental results show that the
proposed system can classify various types of electric parts with good accuracy.
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2.  VISION SYSTEM FOR CHIP CLASSIFICATION

In Figure 2, the vision system developed for part identification and defect inspection is shown. The
illumination system consists of three different types; a direct illumination, a indirect illumination, a back-light
illumination and a CCD camera with zoom lens which can vary a field of view from 4mm x 4mm to 40 mm
x40mm. The LED is selected as an illumination source because its intensity can be easily controlled. The direct
illumination system is based on co-axial illumination and is constructed by using a half-mirror. The target of
direct illumination is the flat specular surface of SMD components such as lead and body.  The only flat surface
reflects the ray from direct illumination into camera directly and high light patterns are acquired. The efficient
area of the illumination is 40mm x 40mm in size and the focal area which has the same light high intensity is
30mm x 30mm.

The curved surfaces such as J-type lead, BGA ball are captured by indirect illumination. The ray from indirect
illumination reflects curved surface and goes into the CCD camera. The indirect illumination generated by an
array of the SMD chip lead which has 3000 milicandela light intensity.  The incident angle of indirect system is
important because reflected ray from curved surface goes into the CCD camera. The incident angle in indirect
illumination is selected from 15° to 35° from the consideration of the surface angle distribution. [5, 6, 7]

The back-light system can be a problem to implement because light sources are attached to the picker. The
weight of picker is an important factor influencing the speed of picker movement. To reduce the weight of picker,
the back light source is attached vertically to the direct and indirect illumination system, and only the half mirror
is attached to the picker as shown in Fig 2.  The light is reflected to half mirror and goes into the camera directly.
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(a) Schematic diagram of the illumination system (b) photography of the illumination system

Figure 2. The configuration of the vision system
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(a) indirect illumination (b) direct illumination

(c) indirect + direct illumination (d) back-light illumination

Figure 3. The images of the SOIC under the various illumination conditions

Figure 3 shows some typical images of a SOIC under different illumination conditions. To obtain a precise
lead image, hybrid of indirect and direct illumination is recommended to guarantee enhanced and clear image.
However, to obtain better capture of size of chips, the back-light illumination is recommended.

3. FEATURE EXTRACTION OF CHIPS FOR CLASSIFICATION

In this section, we will introduce the characteristic features needed to identify the types of chips which are
frequently used for PCB package; SOIJ, QFP, TR, BGA etc. Those feature parameters are obtained through two
different image processing algorithms. One is the binary image based algorithm to increase the speed of image
processing algorithm and to recognize parts and defects, and the other is the gray-level based algorithm to
extract the information of components of parts.

3.1. The Types of Chips

To identify the type of chips, their characteristic features are defined from their images. Figure 4 shows each
part shape and the definition of part component. The SMT chip generally consists of three components: package,
lead and solder joint. The package is the hard plastic cover of the micro electric circuit and it's color is generally
black. It protects the inner circuit from impact force or external environment. The leads are conjunction parts
between inner circuit and PCB. The soldering joints are the connecting points with other chips or circuits. The
SMT chips can be classified into two types; lead type and leadless type. The lead type includes SOIC, SOIJ,
transistor, etc. The leadless type which has no lead includes BGA, the Aluminum capacity, rectangle chip, etc.
The characteristic features of leadless type are generally the length of body, the width of body, the center of
length axis, the center of width axis and the area of body. Those of lead type are generally the number of lead,
maximum lead width, maximum lead pitch, maximum foot length, minimum lead width, minimum lead pitch,
minimum foot length in addition to those of leadless type. In next section, how to extract the characteristic
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features will be discussed in detail.
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(d) shape and feature of a SOIJ

Figure 4. The characteristic features of various components

3.2. Characteristic Features of Components

   1) dimension of a component body

  To obtain the dimension of body, a captured image of an image of a transistor is binarized and the edge of the
image is extracted from it as shown in Figure 5 (a) and (b), which is the case. The shape of body is assumed as a
rectangle and from this assumption, the dimension of the body can be calculated as shown in Figure 5 (c), where

bw  means the width of body and bl  indicates length of body.

wb

lb

(a) a captured image (b) the edge image (c) the dimension of body (wb : width lb : length)

Figure 5. Extraction of the dimension of a transistor body
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  2) area of body( bA ) and center of mass( mc )

 To obtain the area of a body, the captured image is binarized by thresholding process. Figure 6 (a) shows the
captured image of Al capacity. From the image, the area of body( bA ) and mass center( mc ) can be calculated as
shown in Figures 6 (b) and (c). In the figure, bA  means the area of body, mc  denotes the mass center and wc  is
the center point of the width and lc  is the center point of the length.

A
b

.
cl

cw

cm

(a) a captured image of an Al
capacity (b) calculation of area (c) calculation of the center of mass

Figure 6. The extraction of area of body

  3) the number and the geometry of lead

  To obtain the number of lead, the captured image is binarized to detect only the lead image as shown in Figures
7 (a) and (b). The gray level of lead is brighter than that of body or background. By applying optimal
thresholding and labeling algorithm, we can count the number of lead( lN ). To obtain the geometry data of lead,
the shape of lead is assumed to be a rectangle. From the binarized image, the lead width( lw ), lead pitch( lp ) and
foot length( fl ) can be calculated as shown in Figure 7 (c). Generally, the number of lead is more than 10 which
requires a considerable amount of data for feature extraction. Therefore, to reduce the number of geometry data
of lead, we consider only the maximum and minimum values of lead width, lead pitch and foot length.
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Right leads

Left leads

Lead width (wl)

Lead pitch(pl)

Foot length (lf)

(a) a captured image of SOIC (b) the number of lead( lN ) (c) the geometry of lead

Figure 7. The extraction of geometry of lead

3.3. Defects of Chip

In SMT, on-line detection of part quality is very important for the placement of the surface mount devices.
Also, the detection of defected chip is a strongly recommended function of the vision system to obtain high
productivity of SMT. To detect the defected chip, the characteristics of defect are discussed in this section. There
are various defects in SMT chip. Due to space limitation, the most frequently encountered defects are considered.
The breakage of body, lead void of lead, the bridge of lead and deformation of lead are those defects. Figure 8
shows typical of those defects and the corresponding images.
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(c) bridge of lead (d) deformation of lead

Figure 8. The various defects and the corresponding images

Table 1. The change of characteristic features of chip due to defects

Feature

Defect
x1 x2 x3 x4 x5 x6 x7 x8 x9 x10 x11 x12

Chip breakage O O O O O × × × × × × ×

Lead void × × × × × O × O × × × ×

Lead bridge × × × × × O O O × × × ×

Lead
deformation × × × × × × O × O O × O

(x1: length of body( bl ), x2: width of body( bw ), x3: center point of x1( lc ), x4: center point of x2( wc ), x5: area of
body( bA ), x6: number of lead, x7: maximum lead width(maximum of wl ), x8:  maximum lead pitch(maximum of

lp ), x9: maximum foot length(maximum of fl ), x10: minimum lead width(minimum of wl ), x11: minimum lead
pitch(minimum of lp ), x12: minimum foot length(minimum of fl ),  O: changing parameter  ×: unchanging
parameter)

When the defects occurs, values of characteristic features are changed. For example, when the breakage of
chip occurs, the length of body and the center of mass are changed due to the occurrence. Similarly, if the chip
has the lead void, the number of lead and maximum lead pitch are accordingly changed. From these feature
changes, we can infer the type of defects.  Table 1 lists the corresponding change of characteristic features due to
the occurrence of such defects.
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4. DESIGN OF THE NEURAL NETWORK BASED CLASSIFIER

In recent years, artificial neural network (ANN) approaches have been applied to PCB solder inspection due
to learning capability and nonlinear classification performance. These methods are divided into two categories
according to their learning methods. One is the unsupervised ANN while the other is the supervised ANN.
Among many supervised neural networks, multilayered perceptrons have been used to solder joint classification
problems. [8,9] But those have the some problems in learning convergence. When input data space is too
complex to determine decision boundaries, the convergence rate of the neural network may get worse. The other
neural network approach is to use an unsupervised self-organizing neural network such as a Kohonen network
and a learning vector quantization (LVQ). In general, the LVQ clusters the input as the best similar cluster by
calculating the Euclidean distance between the input and the weight vectors connected to the output neurons.
The LVQ has a fast learning property and a convenience of use.

In this work, we use an LVQ for chip identification. The structure of the LVQ for chip classification is shown
in Figure. 9. In the figure, the subscript i denotes the dimension of input vector and j the number of output. The
extracted features are 12 items: length of body(x1, x2), mass of center(x3, x4), area of body(x5), number of lead(x6),
maximum lead width(x7), maximum lead pitch(x8), maximum foot length(x9), minimum lead width(x10),
minimum lead pitch(x11), minimum foot length(x12). Those features are entered into the classifier as an input
vector. To update the weights, all the NN parameters such as the number of output node, dynamic learning rate
are defined and the initial values of the vector (0)jw  are initialized randomly. After initialization of the
parameters, samples that are selected randomly, are entered through input layer and then the winner output
node wino  at time t by using minimum-distance Euclidean criterion.

 arg min ( ) ( ) ,     1, 2,3,......, .
j

o x t w t j Jwin j= − =
C C

(1)

where ( )x t
C

 and ( )jw t
C

 is the input vector and the weight vector which connected to the j th output node,
respectively. The J indicates the number of the output node, and t is the time step of iterations for learning. Then,
updating the weights of the winning nodes is made in the following manner;

 ( 1) ( ) ( )[ ( ) ( )]j j jw t w t t x t w tη+ = + −
� � � �

(2)

where ( )tη is the dynamic learning rate parameter and decreases gradually in time in order to guarantee
convergence to a unique limit. Equation (2) indicates that the weights are adjusted the input space by moving the
winning node in the same direction from the input pattern. In this manner, the trained weights of each output
node approach closer to the averaged feature values of its own chips. Repeat the above learning procedure until
all training input samples have been assigned and the iteration number reaches the predefined learning step or
no noticeable changes in the weights are observed. After training procedure, the weight vectors of the network
form a model of the input pattern space in terms of so-called prototypical feature patterns. When the above
training procedure is completed, all classes are labeled coarsely, according to learning data of each class
representing the type of chips. In this case, the number of target chips is 8; SOIC, SOIJ, BGA, transistor, rectangle
chip, Al capacity, QFP, SOP. The weights of the LVQ are the representative values of characteristic features of
each chip.

     In the recall mode, the output of each output node of the LVQ is similarity measure expressed by an
Euclidean distance between an input and weight of each output node. When new input features are entered into
the classifier, the Euclidean distances from each weights are calculated and the weight that has the smallest value
of Euclidean distance becomes the winning node. Then that input is classified as the type of chip which is
represented by the winning node.
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Figure 9. The neural network based classifier

5. EXPERIMENTS AND DISCUSSIONS

To evaluate the performance of the proposed neural network based classifier, a series of the experiment for
classification tasks is performed. The LVQ neural network consists of two stages. First stage is the learning stage
to adapt the weights of the LVQ. Second step is recall step, to evaluate the testing data that includes some defects.

5.1 Classification of the chips
     For the experiments, 40 images for each chip are obtained from the versatile illumination system. Among
them, 20 images are used for training the LVQ and the other 20 images are used for testing the LVQ classifier
having the defected data. The dimension of input of the LVQ is 12 as previously mentioned, and the maximum
iteration number of the LVQ is 5000. The number of output node is 8. As introduced before, the neural network
based classifier is firstly learned by training data. To evaluate the convergence of LVQ network, the total error is
defined as below.

1

1 arg min ( ) ( ) ,  1,..., .
M

total j
jm

e t t j J
M =

= − =∑ x w
C C

(3)

where, M is the number of pattern and J is the number of output nodes. From Eq. (3), the change of total error
according to iteration number is shown in Figure 10. The final total error of LVQ is 0.5052.
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Figure 10. The change of total error according to iteration number

5.2 Detection of defects
    To testify the identification performance of chip defect, other 20 images are used for testing.  After learning
process, the weights of the LVQ approach the mean value of characteristic features. An input is entered into the
classifier, the Euclidean distances between the assigned weights and the input are calculated. The weight that
has the closest distance from the input is a winning node and it belongs to this class.

    If there are any defects in chip, the Euclidean distance from the input and the weights are increased due to
change of characteristic features compared with standard chips. If distance is longer than pre-assigned distance
margin, input chip has a defect. This strategy is illustrated in Figure 11. The solid rectangles are weights of the
LVQ and the hollow circles are the input values. αx

�
 is an input feature. The closest weight of αx

�
 is class n. The

distance from weight is longer that the distance margin of class n. So, we can conclude that it has some defect. If
the LVQ decides that the chip of input feature has a defect, the procedure of defect identification is followed. As
mentioned previously, each defect makes the change of characteristic features as listed in table 1. By checking
those changing features, we can know which defect is occurred.

    The table 4 shows the classification results of training data with defects. [10] The number in parenthesis in
table 4 is the number of defected chip included in test data. And the type of defect is also identified previous
mentioned method. From the experiment results, the neural network based classifier and the defect identification
show a good performance.

6. CONCLUSIONS

In this paper, a neural network based classifier for identification of type of parts and their defects has been
developed. From a obtained image in versatile illumination system, the characteristic features were extracted
using image processing. To identify the type of chip from the features, the neural network based classifier was so
designed to identify type of components based on these features. When there is a defect in components, the
characteristic features of their normal components are changed. Since the features are the input parameters to the
neural network, these changes present clues to the networks. From the experimental results, it is found that the
proposed neural network based classifier shows good classification results.

Proc. SPIE Vol. 4564 277



nD

1nD +

xα
�

nw
�

1n+w
�

xβ
�

class n class n+1

Input space

: LVQ weight, 
: input,

defect chip

defect chip

x
�

w
�

( nw
�

: the weight of class n, 1n+w
�

: the weight of class n+1, nD : the distance margin of class n, 1nD +  : the distance
margin of class n+1, αx

�
: defect chip of class n type, βx

C
: defect chip of class n type )

Figure 11. The determination of defect chip using distance margin.

Table 4. Classification results of training data with defects

Classification result

Defects

Type of chip

Number of chips

(number of
defected chips) Classification Chip

breakage Lead void Lead
deformation

Lead
bridge

SOIC 20 (4) 20 (4) 2 0 2 0

SOIJ 20 (3) 20 (3) 0 1 1 1

BGA 20 (2) 20 (2) 2 0 0 0

Transistor 20 (2) 20 (2) 1 0 1 0

Rectangle chip 20 (1) 20 (1) 1 0 0 0

Capacity 20 (4) 20 (2) 2 0 0 0

QFP 20 (2) 20 (2) 0 1 0 1

SOP 20 (2) 20 (2) 0 1 1 0
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