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Abstract The following paper introduces a diagnostic

process to detect solder joint defects on Printed Circuit Boards ~—Solder Printing Pick and Place Reflow
assembled in Surface Mounting Technology. The diagnosis is Paste missing Missing parts Solder bridges
accomplished by a Neural Network System which processes the ~ Misplaced paste Misoriented Faulty solder ioints
images of the solder joints of the integrated circuits mounted on print parts y J

the board. The board images are acquired and then pre- Smudged print  Damaged parts Lifted leads
processed to extract the regions of interest for the diagnosis Paste bridges Wrong parts Raised parts

which are the solder joints of the integrated circuits. Five No wetting Doubled parts  Tombstoned parts
different levels of solder quality in respect to the amount of

- Contamination Face down Solder balls
solder paste have been defined. Two feature vectors have been -
extracted from each region of interest, the “geometric” feature 1 able 1.Defects after each stef theproductionprocess.
vector and the “wavelet” feature vector. Both vectors feed the
neural network system constituted by two Multi Layer Taple 1 shows several defects that could occur during each
Perceptron neural networks and a Linear Vector Quantization step of the production process. These defects are commonly

network for the classification. The experimental results are d d lovi he in-circui ICT). the f . |
devoted to comparing the performances of a Multi Layer etected employing the in-circuit test (ICT), the functiona

Perceptron network, of a Linear Vector Quantization network,  test (FBT), the automated or manual visual inspection (MVI)
and of the overall neural network system, considering both or other means. However, PCB manufacturers find it
geometric and wavelet features. The results prove that the difficult to gain physical test-probe access to dense, fine-
overall cle}ssifier is_the best compromi_se_in terms of recogqition pitch boards using the bed-of-nails test fixtures. Moreover,
L?;is?f?gr:me required for the diagnosis in respect to the single writing functional test programs is too expensive and time
' consuming for complex boards.
Keywords PCB, SMT, feature extraction, Wavelet transform, 10 overcome these difficulties, Automatic Optical
Multiple Neural Network System. Inspection (AOI) proves to be a useful supplement to ICT as
well as to the functional test. Human inspectors still perform
most inspections, but the progressive reduction of the board
. Introduction sizes have made manual inspection unreliable. In fact human

_inspection has a low repeatability level and visual fatigue

Or_1e of th? most common technglog|es used in prOduc"iﬁﬁ’evitably leads to missed defects. For these reasons, AOI is
Printed Circuit Boards (PCBS), is the Surface Mounte&adually replacing human inspection on the assembly line.
Technology (SMT). By emp_loymg SMT, t_he prOduCtlonAOI typically uses visible light and cameras to acquire the
process speeds up but the risk of defects increases bec pges of the PCB and employs algorithms to verify that the
of the miniaturization of the components, the denser paCk"Bgoduct has been correctly assembled. With this technology
of boards and the highly automated assembly equipment.tHﬂé AOI is employed in several critical points of the

these conditions the task of detecting defects becomes mBFSduction process in order to inspect the paste printing, the

cr|t_|r<;]al grll/c:Ilefncglt. . _ fth , re-reflow and the post-reflow component placement, as
N production process consists of three main ste Il as the correct forming of the solder joints.

1) solder printing, where a soldgr paste layer is printed on Another contribution provided by an in-line AOI system is
the surface'of th(.a. boadrd; 2)hp'%k agf’ 3p|ac§, whe;}re eahﬁna capability to record all the results and compare them
compopgnt Is positioned on the oard, ) reflow where WMt all the other process parameters. These advantages and
solder joints take shape by the reflowing of the solder PasiR simple technology described make AOI for PCB one of

(1].




338 G. Acciani, G. Brunetti and G. Fornarelli

the principal industrial applications for computerized imageecognizing short circuits developed during soldering
analysis techniques. process. Neubauer and Hanke [9] have integrated two MLP
In [2] Krippner and Beer show that the paste faultsetworks to detect solder pads. The first network decides
amount to only 8.3% of the whole printed circuit assemblffom a low resolution image where the solder joint is
process, while 90% percent of the faults, which consist tfcated, the second network performs the diagnosis detecting
component and soldering faults, were detectable only aftiéye presence of voids within solder joints. Kb al. [10]
soldering. Moreover, 80% of the optically recognizabléave developed a diagnosis system, constituted by an MLP
faults could not be recognized electrically. This result provesid four Linear Vector Quantization (LVQ) neural networks
that optical inspection is necessary. It has been shown thatrecognize three types of solder joints in a ball grid array.
paste inspection and component inspection detectedThe LVQ networks are used to cluster the input of the grey
relatively high percentage of process faults which amounevel profiles of the image evaluated in four directions. The
to over 50%; however, they corrected themselves during tMLP network performs the diagnosis; its inputs are the
subsequent process steps. Paste or pre-reflow quality coniatlidean distances between the grey level profiles of the
is certainly a practical way to optimize the process avoidingiage in each direction and the weight vectors, that are the
mass production faults or recognizing faults in theutputs of the LVQ networks.
production equipment, bt premature diagnosis would be Some of the methods described above have complex
inefficient and too costly. Though these results cannot lsgstems of image acquisition that need special illumination
generalized, they show that post-reflow AOI is a key fact@ystems. Solder joint inspection is arguably the most
in the production process and is very well suited fadifficult task for algorithm-based AOI systems because of
detecting relevant faults. the wide ranges in which the image parameters could vary.
Among the defects that could arise in the reflow stefn addition, the proposed algorithms and the classification
faulty solder joints are extremely important. They coulanethods are generally able to recognize three or four types
cause solder bridges and missing contacts that compromigesolder joints and to improve their recognition rate it is
the correct functioning of a PCB. For this reason, margften necessary to extract complex features, whose
works and various techniques have been developed dwaluation involves the knowledge of some of the physical
recognize faulty solder joints. In [3] Kirat al. develop a parameters of the soldering process and of the high
two-stage classifier to recognize four types of solder jointsomputational time.
good, none, insufficient and excess. They use three layers ofOne important stage of the diagnosis approach is to select
ring-shaped LEDs to extract shape information of the soldde right method for the classification. This stage is not easy
joint. From this information they extract 2D features i.ebecause there is a considerable overlap between the fields of
average grey level and highlight percentage to feed the figlifferent approaches and each method presents advantages
stage of the classifier, which is a Multi Layer Perceptrognd disadvantages. Often, given a specific problem, the
(MLP) network. In cases which are uncertain, they evaluafoice of one approach instead of another can be made on

also 3D features to feed the second stage of the classifidg basis of analysis of underlying statistical components and
which is a Bayes classifier. A three colour Circu|aperhaps through lack of suitable statistical or structural

illumination system has been used also by Ko and Cho ri‘%odels [11]. This is an important criterion to select a

[4], and by Yuret al.in [5]. classifier, in fact, in most appllcauons_ it can r_10t be assumed
o at the forms of the underlying density functions are known
A two-stage classifier has also been developed by

3 than t 76 th N f solder ioints. | herefore the common parametric forms rarely fit the
agannathan to recognize three types of Solder JOIN's. N Jigqsities actually encountered in practice. For this reason the
work [6] Jagannathan employs the adaptative learni

L : ,r?ﬂ)nparametric procedures are the most suitable methods that
capabilities of a neural network to study the characteristicS, pe used with arbitrary distributions and without the

of the grey-level histogram of a solder joint image, so thaksymption that the forms of the underlying densities are
some features can be extracted. These features are presgg{gtn [12]. However, parametric statistical classification
to a second stage of the neural network which selects andthods suffer from strong assumptions about the database,
interprets them to produce the diagnosis. while nonparametric ones are unsuitable for small data sets.
A neural network approach has been developed also Kgural network models dnot require the same restrictive
Fanniet al. in [7] to classify three types of solder joints.assumptions about the relationship between the independent
They employ the Fast Fourier Transform (FFT) and the Hagariables and dependent variables as parametric statistical
Transform (HT) to extract two kinds of features from PCBnethods and can learn to generalize from noisy data.
images that feed an MLP classifier. By comparing the resultéerefore the neural networks represent an important and
of the solder joint tests, they prove that the HT has a bet@ffective class of classifiers that satisfy the request for
recognition rate. deeming the structure of the data sets and can successfully
Other authors have acquired X-ray images of PCB. Voee used for the classification of anomaly detection in image

et al. [8] have developed a fuzzy rule based system fgyrocessing. Moreover when multiple neural networks are
used in the ensemble approach each network is trained using
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the same inputs so that each network provides a solution {Pentium 4 under Windows XP) that does the image

the same task. Outputs from these redundant networks precessing and the final diagnosis.

combined to reach an integrated result, mitigate the The inspection procedure is summarized in the chart of

limitations of each constituent network and minimize thﬁgure 1. The first step is the board image acquisition. The

errors [13]. . image acquired by the camera (figure 2) contains the region
In this paper a multiple neural network based AOI systesp interest and also useless zones for the diagnosis. In the

for solder joints inspection is presented. The proposgdcond step the ROI is extracted from an acquired image.
approach does not need a special illumination system or an

advanced X-Y positioning system and the images of the
board are acquired by an ordinary camera. Moreover, the [ '”BQEboafdaquiS‘tiD']
evaluation of the features that feed the classification system
do not require the knowledge of the physical parameter

extraction step in which the geometric features and the 3 Image Segmentation

industrial process. Finally, the architecture of the neural /r::?\\
o . . 1% Image Segmentatio
n_etwork_ classifier allows a low computational time for the { (Board Bxraction) | |
diagnosis. 2, |
The diagnostic process consists of three steps: 1) a pre- g I  Imege Segrentatio) I
processing step in which the region of interest (ROI) for the g ?L?;gegmacﬁon) I
diagnosis is extracted from the acquired image; 2) a feature ) I |
o

|

|
|
‘ /

wavelet features are extracted from each ROI (solder joint); \ (Pins Extraction) )

3) a classification step in which a neural network system S ———— -

performs the diagnosis. This system can be included in the e ————— <
class of Multiple Neural Network Systems (MNNS) because / A

it consists of two learning levels, the first formed by an MLP 2

and an LVQ neural network, the second formed only by an l Wavelet Feat“rel
MLP neural network. The inputs of the first level networks
are geometric features of the image under test, while those of { :

. . Correlation
the second level are vectors which contain the above (Pattem features)
geometric features together with new features extracted by
the wavelet transform. The second classification level \ /
analyzes only the images that are classified differently by the
first level networks. In fact, in this case it may be supposed
that one of them has performed a wrong classification so a
new more accurate classification is necessary. Classification

. S (Neural Network)

Five classes of solder joints in respect to the amount of
solder paste have been analyzed.

The experimental results show that the MNNS performs
the best compromise in recognition rate and time required for
the diagnosis: the recognition rate is better than the singleThe ROI is represented by each pin of the integrated
MLP and LVQ networks fed with both geometric andircuit mounted on each board. The third step of the
wavelet features, while the time required for the diagnosisdigagnosis process is the feature extraction. In this step two
close to the lowest time taken by the single MLP and LVnds of features are extracted from each pin image: the
networks. geometric and the wavelet features. Finally, these features

The paper is organized as follows: section Il describes tfed the network classifiers. Each of these steps is described
overall diagnosis approach which consists of the prén detail in the following subsection.
processing stage, the feature extraction stage and the
classification stage; section Il shows the results obtained by

applying the proposed method to a database of PCB images.A' Pr_e—pr(_)cessmg
In conclusion the findings are summarized. The acquired image shows more than one board but only the

solder joints of the central one are under test. The task of the
pre-processing stage is to obtain the ROI from the acquired
images; this is achieved by three subsequent image
The acquiring system is constituted by a digital camegegmentations. The first image segmentation extracts the
mounted on a X-Y positioning system that acquires thgoard under inspection from the acquired image. Figure 3
image of the PCB under test and by a personal computtiows the image after the first segmentation. In the second

Feature Extraction

[
|
|
|
|
|
|
|
|
[

Figure 1. Inspection procedure

[I. Diagnosis approach
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HA:ZrAi (3)
Hg = ZrRi (4)

with dimensions $m and Xn respectively andn>n. A
set of m— n+ 1vectorsH,, can be defined as follows:

Hae ={n O H, [10[k;k+ n-1]
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where h* is thei-th component of the vectoH ,. The

Figure 2. Acquired image horizontal energy consists of the sum of the grey level values

associated with the pixels for each column in the image.

step the image of the IC is extracted; this is shown in ﬁgu"l%erefore, the grey levels which are in an image along the
4. The third image segmentation extracts the images of eagd}izontal direction are resumed in only one vector. The
solder joint (figure 5). The images shown in figure 3,4 and @rtical energy has the same meaning, but in the vertical
have been obtained from the image of figure 2 by means @ifection because the sum of the grey levels is calculated for
the three segmentations previously described. each row of the image.

It is important to highlight that the sequence of the thrae is now possible to evaluate a vect@®, of m-n+1

image  segmentations described above allows g ments, each of which is the correlation coefficient

employment of an AOI system without an advanceflonyeen H, and each vectoH .. The k-th element of
positioning system and a digital camera for a direct

acquisition of the pin image. Moreover, the solder imagegH
for each IC are obtained with short computational time in i(hR—Fh)(hAk—Fk )
k

is given by the following equation:

step of the proposed approach will be given further on. N )

relation to the whole diagnosis time. The time taken for each oh = (6)
. . . O — 2 O _ ad

To perform the first image segmentation the features of the \/@Z (hR —nq) %Z(h’*k— mk) ﬁ
acquired images are matched with those of a reference E i=
image. The reference image is an image of the board as the R . _
one displayed in figure 4. The features are the “horizont4fth k=1....m=n+1 where h™ is thei-th element of the
energy” and the “vertical energy” vectors of the imagdorizontal energy vectoHy associated with the reference
turned into grey scale.

Let I denote apxm matrix associated with an image in

grey scale. The "horizontal energyH and "vertical

image, hy is the mean of the values iy, h** is thei-th

component of the vectdf 5, , h,, is the mean of the values

energy"V vectors are defined as follows: in Hp.
p In the same way the vertical energy vector associatedAwith
H= Z P (1)  andRare:
1= m

" Va=) Ca 1)
V:JZVU (2) ' JZ "

where O, and ¥, are thei-th row and thg-th column of

el

C=2

| respectively.
Let A be apxm matrix associated with the acquired

image andR a gxn matrix associated with the reference

one, both in grey scale. The horizontal energy vectors
associated withA and R are:

l. L
]
=]

T

Figure 3. First image segmention: extraction of the
board
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with 1 =1,...,.p—q+ 1, where \" is thei-th element of the
vertical energy vectorVy associated with the reference

image, Vp is the mean of the values Wy, viAI is thei-th
component of the vectdv,,, v, is the mean of the values
in V.

Figures 6 and 7 show the trends of the horizontal and

vertical correlation coefficients of an image of the database
respectively.

Figure 4. Second image segmentation: extraction of the IC S& kw andly, are the indexes that denote the positions of

the maximum values irfC, and C, respectively. Finally,

the ROI is obtained by extractinggex n sub-matrixS from
Figure 5. Third image segmentation: extraction of the

: A. Matrix Sis defined as follows:
s={s] (1)

where:

= 8, +Ljdy+1 (12)
. ‘ ‘ where a,, is the uwth entry of A and i=1,..q and
.

It is worth noting thatC, has always one maximum,

solder joints whereasC,, has three maxima which correspond to the three
n boards included in an acquired image. Therefore, the correct
Vg = Zch (8) Vvalue of ky s related to the second maximum, which
I= always corresponds to the image under test.

In the second pre-processing step the method previously
described is applied once again to the board image obtained
P>q. from the first step to extract the IC image (figure 4). In this

A set of p—g+1vectorsV, can be defined as follows: case the reference image is an IC image.
In the last step of the pre-processing stage the images of
each solder joint have been extracted from the image of the
Va = {VA DV, 0[5l +q- ]]} @ |C. For this purpose a simple image segmentation algorithm
=1.p-qgq+1 is used because the IC pins are in fixed positions in respect
to the IC. The obtained images of the solder joints are shown

where v is thei-th component of the vectdr, . It is now i figure S.

whose dimensions aréx p and 1xq respectively, with

possible to evaluate a vect@, of p-qg+1 elements, B. Feature extraction

each of which is the correlation coefficient betwagnand Two feature types have been extracted from each solder
joint image: the geometric features and the wavelet features

each vectolV,, .
Al which are described in detail below.

Thel-th element of C, is given by the following equation: ) ,
Let p(sj )denote the mapping of all the pixels of the

o N image of a solder joint. Rosenfeld [14] has defined various
;(V‘ _VR)(V' _VA') (10) geometrical properties op(sj) that have been employed

I 0 Y] E LRy extensively for pattern recognition. In this work the eight
p _VR) @Z("' _VA')H geometrical characteristics used by Howarth and Lotfi
. - (1999) [15], Pal and Mitra (1996) [16], are employed. They

are defined as follows:
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Figure 6. Curves of the correlation coefficients between
the vectordd

05

08
06 //\
/
0.4 / \
|

\
[ A

o L7 \ N \

0.2} / \/\/ \ /\/

04t

-06

I I
0 50 100 150 200 250

Figure 7. Curves of the correlation coefficients between
the vectors/

e Area

The areaA(p)is defined by:

A(p) = z P(Sj ) (13)

1]

» Perimeter
The perimeterP(p)is defined by:

P(p)=ZZ‘P(3j )_P($+1,j )‘+

(14)
z Z‘P(S] )_P($,j+1)
T ]
« Compactness
The compactnes€ (p)is defined by:
A
c(p)=200) (15)

G. Acciani, G. Brunetti and G. Fornarelli

* Height
The heightH (p) is defined by:

H(p)= dnaxp(s; )z (16)

« Width
The widthW (p) is defined by:

w(e)= Y o (S ) )

 Length
The lengthL (p) is defined by:

0
L(p)= mJax§ p(Sj )g (18)
* Breadth
The breadthB(p)is defined by:
(0)=maxy p(s))-
B(p)=maxCy p(S (19)
| ? "B

« Index of Area Convergence
The index of area convergentg, (p) is defined by:

__ Alp)
|ac(p)_ L(p)XB(p)
This way a vector formed by the eight values of the

geometric characteristics has been associated with each
solder joint image:

(20)

Vv =[A(p). P(p). C(p), H(p),
W(P) ,L(p) ,B(p) lac (p)]

The Discrete Wavelet Transform (DWT) has been used in
order to extract the wavelet features from each image of the
solder joint. How it is employed to obtain the features
proposed in this work will be described further on.

The DWT has already been employed for the feature
extraction step in the inspection of PCBs [17-19]. Each step
to achieve these new features is described below. First
consider the definition of the Continuous Wavelet Transform
of a signalx { )

Wx(sr):]f >(§BL/7§U( $ t—r)) dt (22)

(21)
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The signal x { ) is decomposed into a family of functionsthe signal processing community asam-channel subband
which are the translation and dilation of a unique functiofPder It computes a Fast Wavelet Transform (FWT). The

w(t). The functiony { )is called mother wavelet and thefirst level decomposition of Mallat's algorithm can be
corresponding wavelet family is given by: schematized as shown in figure 8. The decomposition

process can be iterated with successive approximations
which are decomposed in turn, so that one signal is broken

H/E’v” (S( t_T))aST)DDz (23)  down into many lower resolution components. This is called

' thewavelet decomposition tree
The parameters is called scale parameter white is the For a two dimensional decomposition problem the two-
translation parameter. dimensional DWT can be exploited. It works on images as
Let (t) denote the dilation o t( ith a factors: the one-dimensional DWT works on signals. In fact, the

algorithm used to extract the wavelet coefficients from the

matrix associated with the image of each solder joint has a
()=~ (sy (24)  structure similar to the structure of the one-dimensional
algorithm. It performs a one-dimensional DWT of rows and
columns according to the chart illustrated in figure 9 which
shows thg-th decomposition step.
& (t) :‘ps(_t) (25) At level j the two-dimensional DWT leads to a
decomposition of the approximation coefficients in four
components: the approximation coefficients at leyell

and the details in three directions (horizontal, vertical and
diagonal coefficients). In this work, the decomposition has
Wx(st)= P, () (26) been obtained by means of the haar filter in the low-pass as
well as in the high-pass branch of the decomposition
In this way a wavelet transform can be viewed as gtheme. The filter coefficients are defined by the following
filtering of x(t) by a band-pass filter whose impulseyectors:

and

The wavelet transform ofx t()can be rewritten as a
convolution product of t( Wwith @ (t):

response igJ (t) . For high values of the scate the result

of the filtering is a set of coefficients called approximation L =[0’7071; 0. 707]1 low-pass filter
coefficients. In this case the wavelet transfornxdf c4r) be e H= [—0,7071; 0, 707]1 high-pass filter

viewed as a low-pass filtering of t ( On the contrary low

values of the scals produce a high-pass filtering oft () N each filtering block of the decomposition scheme (figure

9) a convolution product of a single row or column with one

The wavelet transform can be discretized by samplirﬁgﬁ the previous vectors is obtained. In each downsampling
ock even-indexed columns and rows are selected.

either the scale parametsr or the translation parameter I ,
For this purpose it is necessary to fix a sequence of sc Tehe decompos!tlon process hgs been _stopped at the first
i purp y q q&7el. The matrix associated with each image of the solder

(a').DZ, in which a is the elementary dilation; then thejoint has dimensions of 26 1650 the wavelet coefficients

; extracted from the unique decomposition step are four 13 8

matrices, but it arises from the experimental results that the

the resulting coefficients are called detail coefficients.

translation parametertr can be sampled at a rate

proportional to a'. Therefore, the Discrete Wavelet

Transform (DWT) is defined by: Lowepass filer  Downsample

Wo X( j,k):wﬁai,%ﬁzf: )()(pajﬁt—%ﬁdt (27) N\ L2 CA

The DWT has been implemented by Mallat [20,21]. In [)a

Mallat's decomposition algorithm a dyadic scale is Low-pass filter Downsample

employed:

e
a=2 pB=1 (28)
This algorithm is an efficient way to implement the DWT of Figure 8. First step of Mallat's algorithm

signal x ¢) using filters. It is a classical scheme known in
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Reference Imagel
of poor solder join

cAL cVi Vector of th

wavelet featu

Reference Imagel
of acceptable poor
solder joint

- cA1 | cV1

Image of solder join| Reference Image

under test of good solder join
cA:i | cwu | correlation cAl | cWi :D

Reference Image
of acceptable excep:
solder joint

- cA1 | cV1

%]

Figure 9. j-th decomposition step of the two-dimensional Reference Imagg
DWT of excess solder joint

L cA1| cV1

horizontal and diagonal wavelet coefficients do not provide

further information than the approximation and vertical Figure 10.Construction of the wavelet feature vector

ones. For this reason, only the approximation and vertical

coefficients have been considered. actually occupied by the region represented py, the

_ The solder joints have been divided in five different typ eight is the sum of the maximum values of each row; the

in respect to the amount of solder paste: poor, ,a9cepta fdth is the sum of the maximum values of each column; the

poor, gqod, acceptable excess and excess solder joint. length is the longest expansion of the imaga column; the
Five images of the solder types have been assumed adth is the longest expansion of the image in a row; the

references. For each of these images the approximation (‘ijex of area convergence represents the fraction, which
vertical wavelet coefficients have been evaluated. Then t 2y be improper also, of the maximum area, that ’can be
correlation - coefficients among — these approxmaﬂogovered by the length and breadth of the image, actually

coefficients and those of the image under test are evaluatsgCupied by the image [16]. Therefore, ti@features

In tth el samel v;/ay t?f.e . cotrrelat|on Icolefilctljen_trsh amfong t ovide some global characteristics of the image under test.
vertical wavelet coelnicients aré calcliated. Therelore, ese characteristics are shared by all the analyzed images,

vector constituted by these ten values represents the Wavggt those features are able to give a quantitative

feature for each solder joint under investigation. Figure ]tg}scrimination of them. The two-dimensional DWT
shows the construction of the above-mentioned VethHroduces a new represeﬁtation of an image by mafa
Finally, the vector of the geometric features aqd the Vedﬁ%)proximation coefficients and allows the analysis of the
of the wavelet features have been normalized. In ﬂ?: aracteristics of the image under test along horizontal,

following sections the geometric features will be referred Brtical and diagonal directions by means of horizontal
G features, the wavelet features \&sfeatures. The vector vertical and diagonal coefficients. Therefore, Wideatures

constituted by the joining of th& andW features will be proposed in this paper take into account the level of

callledG(;Nfetatureds. tand better th .  the feat similarity among the image under test and the reference one,
n order o understand better the meanings ot he Tealulfy 1o |evel of similarity among the characteristics along

used in this work their definitions and some explanations e vertical direction of the two considered images. For these

given as follows. Th&-features can be described accordin?easonsit is possible to arguthat theG-features and th-
to the following verbal definitions: the area is the Weigh'[egleatures are able to give the information sufficient to

sum of the regions on whicp has constant value weightedperform the diagnosis, but also that the information
by these values; the perimeter is the sum of the absol@iduced by the two features is complementary.

difference values of two adjacent pixels along the rows and o

the columns of the image; the compactness is the fraction of ¢ Classification

the maximum area that can be encircled by the perimefBie last step of this approach is the classification. The
vectors of the features associated with the images feed a
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MNNS whose scheme is shown in figure 11. It is constituted The MNNS developed in this work could be part of the
by two learning levels: the first level is made by an MLP anstacking scheme for combining neural networks, in which
an LVQ neural network, while the second level is made e training set of the second level is generated by a simple
an MLP neural network only. matching algorithm that compares the outputs of the first
The MNNSs are studied and employed frequently in ordesvel networks. The training set of the second level is
to increase the learning accuracy of a classifier, therefogenerated as the set of those solder joints that give different
reducing the generalization error and improving theutputs for the two first level networks. These joints are
recognition rate in respect to a single neural network. Inrapresented by th@Wfeatures and feed the last MLP level.
MNNS the generalization capability of each neural network In the next section the performance of the proposed
is not the same, therefore, different neural networks genertd®&INS are described in detail, such as the improvement of
different errors. The combination of these networks makestite recognition rate and diagnosis time in respect to the
possible to improve this capability by suitably handling thesadividual neural networks.
errors. There are several strategies able to combine the
outputs of these networks. In 1998ittler developed a |||, Experimental results
theoretical framework based on the Bayesian theory for i .
combining classifiers [22-24]. In this framework, the mos?‘ database (_)f_64(_) images of so_ld_er10|_nts has been_ anal_yzed.
commonly used combination rules, such as the sum rule, t-ﬁ e solder joint images are_d|V|d_e(_j in the following five
product rule, the min rule, the max rule, the median rufé' erent groups: type 1 (insufficient solder), type 2
[25,26] and majority vote [13, 25], can be obtained using th(gcceptable poor solder), type 3 (good solder), type 4
Bayesian theory under different assumptions and Wi{ﬁcceptable excess solder), type 5 (excess solder). Each type

different approximations. Another general approach fo(?]c solder joints is represented in figure 12.

combining classifiers is the stacking approach [25, 27], inThe image database has been separated into two sets:

which there are two levels of learning. In particular, thgamlng set constituted by 400 images and a validation set

training set of the second level is constructed by the resu, t%nstltuted by 240 images of solder joints. The images used

: or the training and validation sets have been chosen
of the first level. These methods represent the mo 9

) : L .. randomly from the original database. The approach
important schemes that combine individual Class'f'eraescribed in the previous section has been employed to
achieving better recognition rates.

obtain two geometric feature matrices: the matrix of the
training setT, , whose dimensions arex8 40e matrix of

the test set/,, whose dimensions arex8 24 the same

geometric features vecqor

\ \4
Classification Classification
MLP Neural Networ] LVQ Neural Networl
Matching
agreeing non agreeing
classification classification
Extension of the
feature vector] T 4 T 5
\ " & &
addition of the IE IE
wavelet feature . o
| _ Figure 12. Types of solder joints
Final Classification
Classification] MLP Neural Network . .
way two other wavelet feature matrices have been obtained:

the matrix of the training sel, , whose dimensions are
10x 400; the matrix of the test s&{, whose dimensions
are 10« 240

Clasz_i][_‘:;t_o Two types of neural networks, MLP and LVQ, have been
teat trained by T, and T, and tested by, andV,,. A MLP

network with 8 neurons as input layer, 8 neurons as hidden

Figure 11.Scheme of the diagnosis system
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layer, and 5 neurons as output layer was found to give the Geometric Features
best result for th&-features, while the MLP neural network MLP LVQ
that performs that best result for the W-features has 10 Training set To To
neurons as input layer, 10 neurons as hidden layer, and 5 validation set Vs Vs
neurons as output layer. Both these networks have a sigmoid Recognition rate 95.8% 92.5%

activation function in both hidden layers and output layers, Time for feature

while the Levenberg-Marquardt algorithm is used with 100  extraction (240 pins) 03s 03s
learning epochs. The LVQ neural networks obtain the best Time for classification 012 012
results with the same number of neurons in each layer than (240 pins) S S
the MLP neural networks fofs-features andW-features Time for diagnosis 7.32s 7.32s
respectively. These networks have been trained using a
standard learning rate equal to 0.1 and 100 epochs [28]. Wavelet Features
Since five types of solder joints have been analyzed, an MLP LVQ
input vector is classified in thjeth class when theth output Training set Tw Tw
value is maximum. Therefore, the class of each input vector Validation set Viy Viy
xis defined as follows: Recognition rate 94.8% 93.7%
Time for feature
o . . 7.2s 7.2s
c(¥={j iff =mkax(y<) k=1,..5} (29) extraction (240 pins)
Time fpr classification 0.125 0.125
where y; is thej-th output value witth = 1,2,3,4,5. (240 pins) :
Time for diagnosis 7.32s 7.32s

The neural networks that yield the best results in terms of
recognition rate are shown in table 2. In this table the
diagnosis time is reported besides the recognition rates; the

simulations presented in this section have been run on

a . . . .
Pentium IV under Windows XP. It is worth noting that th@etwork whose architecture is summarized in table 3.

recognition rates have close values (the difference betwe‘glaerefore, a 18400 matrix T~ of the GW features which

maximum and minimum recognition rate is 2%) but thgams this MIB,P ngtworlf< idepned. q d classificati
diagnosis time evaluated employing the geometric features isT e combination 0 the first and second classl ication
much lower than the time evaluated employing the wavellﬁvel outputs constitutes the final classmcatlo.n of. the
features. The time of classification is 0.12 s for each net\No?NS;em'hThe Leisu'ts of thehtest stage_ are summ?rlrz]ed n taﬁle
while the time for the feature extraction is very different fo?_‘ S t.|s table s O,WS' t eo recogrjﬂltlop rgtelo t e.ovek:a
the two types of features: 0.3 s for geometric features al (RINoSIS system is 99.5%, whiie It is lower in the
7.2 s for wavelet features. For these reasons it is clear t rmediate stage of the classification, when the vectors

the MLP network fed with geometric features performs thgssoc_lateg W'Ith btheh images  of fthe so!der J(?m';s ar:e
best results, in fact it presents the lower diagnosis time afignstituted only by the geometric features: 95.8% for the

0 o

the best recognition rate. ML;'nEtWr?rk and 9_2.5/0 for tfhe Il_(;/Q_o_ne. Itis |mportan]'E t(r)]
The diagnosis time is a fundamental parameter in tlﬁég '9 t,\t/l a; sr(])me magels 0 ISC; ﬁr Jol'm e'xfr.e not parFfoht €

industrial process, so the various strategies for improving tHEOUt setM of the second level of the classifier, even if they

recognition rate must not neglect the diagnosis time. Fro'ﬁ?ve been Wr°_”9'y F:laSSIerd in the f|rst. stage. This oceurs
this point of view the proposed MNNS improves thé/vhen a solder joint is wrongly but not differently classified

recognition rate without losing performance time for th_@y the two. networks of the first st.age. Table 3'shows that the
diagnosis. input matrix of the second level is axX8 &fatrix M, even

Below, the experimental results of this system are givenifnth® number of the solder joints erroneously classified by
terms of time for the diagnosis and the recognition ra{gese two networks is 27. This means that the two networks

according to the classes defined in 22. The maEgixhas of the first level have made the same errors in classifying
' two solder joint images. Therefore, the recognition rate of

been employed to train the two networks of the first Iearnir}ge overall system is therefore 99.5% even if the second

level: an MLP and an _LVQ network._ L stage MLP classifies all the input vectors without errors. The

_ Th'e results pf the first level classification are compargq gh recognition rate of the second level MLP (100%) is due

:;jfefntlfy lthbe tl]nput vectorsk that have been classmeg) the fact that only a small number of samples have been
fiferently by the two networks. tested. It is reasonable to assert that a higher number of

Thelse IvecF]?r\:,j anfl thebrelated fS%Ider JO'”ti h%‘@ bqﬁButs would produce a lower recognition rate, however the
wrongly classified at ea;t y one o the networ.s.. recognition rate of the MNNS is better than that of each
features are then associated with these solder joints to feh

E‘eqwork of the first level.
the second level of the proposed MNNS: an MLP neural

Table 2.Recognition rate and diagnosis times of the
single classifiers.
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illumination systems or advanced X-Y positioning systems

First stage classifier MLP LVQ re_quired and the features usgd for Qiagnosi§ are evaluated
G Features without the knowledge of the industrial physical parameter

Recognition rate 95.8% 92.5% process.
Solder joint wrongly classified 10 17
Solder joint differently classified 25 References
Time for diagnosis 0.42s 0.42s
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