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ABSTRACT

[n this paper, an Industrial machine vision system incorporating Optical Character Recognition
(OCR) is employed to inspect the marking on the Integrated Circuit (IC) Chips. This inspection
is carried out while the ICs are coming out from the manufacturing line. A TSSOP-DGG type of
IC package from Texas Instrument is used in the mvestigation. The 1C chips are laser printed.
This inspection system ensures that the laser printed marking on IC chips is proper. The
inspection has ic identify the print errors such as illegible character, missing characters and up
side down printing. The vision insp'ection of the printed markings on the 1C chip is carried out in
three phases namely image preprocessing, feature extraction and classification. MATLAB
platform and its toolboxes are used for designing the inspection processing technique. Projection
profile and Motments are employed for fealure extraction. A neural network is used as a classifier
to detect the defectively marked IC chips coming from the manufacturing line. Four different
neural network input structures are considered for optimizing the training speed in projection
profiie extraction method and (wo different moments is used for moments feature extraction
method. The performance of projection profile is compared with that of few feature extraction
methodologies. in neural network, feature extracted from moments and projection profile are
used for inspection. Both feature extraction methods arc compared in terms of marking
inspection time
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LINTRODUCTION

Since 1950, Optical Character Recopnition
fOCR} has been very active in the application
of awtorngtic pattern roCognition; now it is
used to recognize the printed characters at
high speed [1, 2]. Al techmiques are widely
used in recognition of both hard written and
printed character [1-4]. The OCR is applied
for business card recognition [5] where the
manual fRput s optional; however, by
scanning, the OCR is able 10 create an eagier
database. The docoment reading and analysis
have reached an important place in certain
markgets. The application of OCR in the poatut
automation has followed into the banks and
industrial inspection processes [6, 7.

IC chips piey 2 vital role in electronic
industries. Mass production of IC chips have
brought down the price of the electronic
products. Texas Instrument is one of the well-
established IC chips manufacturing companies
in the world market, In the Texas group, Texas
lustrument, Malaysia, is one of the leading
producers of IC chips in region of the world,
The IC chips underge many inspections and
verifications to ensure & puaranteed quikity.
Quality contro|

of 1€ is performed by inspecting the
placement of die, inspecting lead dimension,
inspecting -packaging and imspecting marking
of symbols (1C number, year of manufacture
and batch code ete). In this paper OCR is
cmployed o check the markings of the IC
chips especially, marking on the Thin Shrink
Small Outline Packages (TSSOP-DGG) uSing
neural nerwork and fuzzy logic. Figure |
illustrates various marking errors that can
occur durmg production where as Figure 2
shows the crror free marking.

IL INDUSTRIAL SETUP

In Texas Instrement inspection set wp, &
digital video camera is used to capture the
marking of JC

chips  coming out of

manufacturing line one by one. These images
are zoomed about 20 o 30 times in size.
Figure 3 shows the dimensions of 1O chip. The
roomling index depends on the size of the I
chip. The earlier industrial  version of
inspection system checks about 7300 to 7500
IC chips per hour. IC chips undergo on fly
inspection as shown in Figure 4 where OCR
checks any defects in the markings on the ICs,

The softwarc used in this inspoction set up
docs not apply Al technigues. Instead, simple
binary logic iz employed in marking
imspectjon. M has been found in Texas
Instrument (M), the success rate of the
inspection system is still to be improved. This
paper Investigates thc application of Al
technigues such as neural network in marking
inspection of 1T chips with an uitimate
objective of modilying the existing sofiware,

L MARKING INSPECTION PROCESS

In Texas Instrument (M), the IC chips are
lined up in a running conveyor for marking
ingpection. The marking on the IC chips are
captured 43 & movie clip by a Charged Couple
Device (CCI) non-standard camera. Iinages
of the IC chips are extracted from the Moving
Picture Expert Group (MPEG) format The
software ihen identifies whether the IC
marking is of good cquality. IC with non
acceptable quality of marking s rejeetcd
without identifying the type of crrors in
marking. In this paper more systemmatic
procedure 15 proposcd for inspecting and also
for ¢lassifying 1C chip marking.

In this paper, the extracted images, thus
caplured, are made b undergo certain image
processing techniques (6] namely
preprocessing [1,7], feature extraction [8,9]
and classification using Al technigues [ 0-13]
These processing sequence are shown in
Figure 3.
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Preprocessing

The inspection begins with the extraction of
single image from the moving picture. The
extracted color image is copverted into a 256
gray scale image as shown m Figure 6. Then,
the pray scale image iz the binanzed with a
suitable threshold value as shown in Figure 7.
The binarization converts the imape pixels
into '0” {black} and ‘1" (white). The threshold
value differentiates the foreground and
background of the given image, Threshold
value is seiccled after performing a set of
experiments using MATLAB. Regiom of
Interest (RO} specified by the production
inspector is shown in Figure 8. 1f the RO is Figure 3. ROI Arca of binarized image
nat specified, a search forthe RO from the
extracted full image can be perfvrmed but it is
time consuming. From the specified ROI area
the sum of the white pixels of each row and
those of each column are determined.
Cropping marking from ROl i3 done by
sumtning row and column of the ROIL

The preprocessed image is cropped based
on the preseace of white pixel it the RO area,
The RO white pixel 35 summed in row and
colurmn wise. The row sum i3 taken into
consideration to split the two rows as shown
m Figure % Then the column sum of cach row Figure 9. Row sum for Separating Two Rows
creates the required ROI of each character
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Feature Extraction Methods
In this paper four different feature extraction

methods  are  discussed for IC  marking
inspection and their performances aie
compared. The methods are Projection

Profile, Momenis, Zoning and contour profile

Projection Profile:

The rtow-sum (P and column-sum (P
features of each character are displayced as
prajection profiles. Horizontal projection
{row sum) and vertical projection (coluwmn
sum) as shown in Figure 10, are extracted for
the cach character image. Let S (n, m) be a
binary image of n rows and m columns, Then,

EE i

Figure 10, Progeciion Proille for
Acceptabic 1T imuge "A™
Vertical Profile: Sum of white pixels of each
column perpenchicular to the x-axis, this is
represented by the vector P, of size n as
defined by [B]:

n

P.)=ZS[Li] i=i23,..m i
7]

lorizontal Profile: Sum of while pixels of
each row perpendicular to the y-axis; this is
represented by the vector Pr of size m

11

m
b, Li]"_E]S[i-iJ-

-
Profile projection of an acceptable image
character “A” and (hat of an illegible
character “A" are shown in Figure 10 and
Fipure 11 respectively to differentiate the
accepiable and illegible characters
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Figure | 1. Projection Profile for
Niegible Image "4

Muoments

Moments have been used in recogmizing
the printed and hand written characters
and are also widely used in pattem
recognition. There are different types of
moments  uwsed for recogoition  of
characters, here Central moments of
binary image for each column of the image
orders arc obtained. The image orders can
be 2 or 3. In the crder 1, moments values
are zero. On the other hand, orders more
than 3 produces smaller and smaller
moments values that cannet be generally
used for feature extraction,

Let xy) be an image. Then, the 2D
continuous function of
the moment of order (ptq), M, , is

M 2
defined as [6].
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The central moment | dpgy oF fixyy is
defined as is [6],

Moy = 0]0]'[3‘-"" ;]P(}’—;]qf[x,y}dmfp

[}

where x=MJ arul y=ﬂ.

Bt e
If fixy) is a digital image then cquation
{2} becomes

He =2 X (x=X3 (v = 31" Fx,0)

(5
where p and q are nonnegative integer
values,

The moment values are gconsidered for
cxfracting the featurc, This method takes
the central moments value of each columm
of the binary image. Iy, i =1,.k is the
central moment value of each column
from 0 to k of the marking. D; can he
computed using Equation (3). In this work
k iz taken as 25,

Zoning

Zoming feature extraction method has been
performed. The term “zone” implies a
gegmentation of more complex spatial
realities. it has a high degree of similarity
with the term “region™. Zoned region of
the image will be same through out image
processing. Zoning is widely used iIn
commercial OCR system. The recognizer
uses formation about the word shape. As
this information is strongly retated to word
zoning [14]. It was designed to recopoize
the maching printed characters. A (wo
level zoning is shown in Figure, 12, Iere,
the intage is separated into two porlions as
top and bottom zones. The presence of
white pixels o cach zonc is summed up,

Zoning is applied to marking but this has a
limitation, The sum of cach zone, some

e Top Zone

l—-=  Botlom fone

Figure 12. Two Level Zuning for Character =2

times, will be the same value even though
it is illegite, But by taking both zone sum
values, the marking can be classified
These sums of each zone can be taken as
features of top and bottom zones,

Contour Profile
A point operation can add lines 1o an
image. Onc  can  also  accomplish

thresholding with a point operation that
divides an image into disjoint regions on
the basis of gray level. This is useful for
defining boundaries. This is called contour
profile. Contour profile is one of the
fundamental techniques used for object
identification n the field of pattemn
recognition [15] The contour projection
for character *2° is presented in Figure 13,
The outer vertical and horizontal profiles
of black pixels in white background arc
vomputed. These profiles are unique for
any alphanumeric characters and have
been used as features [9].

|

B iD ie Bl

Figure 13, Coetour Triagse fr 2
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IV, FEATURE EXTRACTION
PROCESSING TIME

In addition to projection profile, other
feature extraction methods such as
toments, contour profile and zoning (%)
are  considered for determining  the
processing  time. Processing  time s
important in real-time industrial inspection
of marking of 1. Among these four
features extraction methods, the
processittg by projection profile requires
less time compared to other three methods.
The moments processing is higher but
nearer to profile projection processing
time, 50 we have considerad motments also
as fcature. Table 1 illustrates the
cffcetiveness of projection profile and
moments as the methodology feature
extraction,

V. MARKING INSPECTION USING
NEURAL
MNETWORK

Rewently, there has been a high level of
interest in  applying artificial neurai
network for solving many problems [10-
13]. The application of neural network
gives easicr solution to complex problems
such as character recognition. Here, neural
network is employed to classify the
character by the extracted feawres (row
and colomn profiles and’ momems of
different order). A feed forward neural
network is proposed 1o identify acceptable
ot to classify the various types of errors in
marking as shown in Figure 14 and Figure
15 respectively. The moments valuc for
two different orders such order 2 and order
3 und projection profile data (extracted
features) are considerad for training. The

extacted features are tzkert as inpuwt 12 the
netwark, model,

The network consists of 4-output neurons
and 1- hidden layer of 20 neurons. The
output of the neural nctwork cannal be

13

binary since the weight updating algorithm
and aclivalions are analog. However, each
output can be made to converge either
lowards zero ¢r towards one.  An
additional analog-digital ‘modifier’ s
included ab the output in orders to get
binary oulput data. The binary outpul
neuton gives the elassification as shown in
Tigure 14 and Figure 15, In order to
determmine the output input size of the
neural network i term of minmizing the
time; the network is trained with different
input sizes such as 28 neurons (14 rows +
14 colomms), 38 neurons (25 rows + 13
columns), 75 newrons {50 rows + I35
columns) and 94 newrons (63 rows + 31
columns) and It has beon trained for
moments order 2 and 3. Zooming contiol
of camera can offcr these characler size 1n
terins of pixels

The netwarks with each of the above
mentioned  data  are  trained wsing 2
backpropagation traimng algorithm. The
learting parameters for projection profile

Pl —d
Fh2 —— —* Aceept
fReject
Meyral
Fhon — Metwrnk ——" |llcgible
Clussi (et wlarking
Pl L
— 1pside down
P printing
+— bdissing
Py ——— characler

Figure 14, Neural Neowork Madel for Projeclion Profike
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and moments are chosen as given in Table
2 and Table 3 respectively: The
cumulative eTTOTS  versus  epoch
characteristics  of the training for
projection profile arc shown in Figure 16 -
Figure 19 and for moments {order? and
order 3) are shown in Fipore 20 and,
Figure 21.

Accepd
a8 —_— JRejeet
0, ———— eural )

Metwork ———p  [lerible

H Clussifier Marking
— Upsidc down

T . printiag

D ——w L Missing

character

Figure, t5 MNewral neraork model for mwoments

Figure 16 Cumulative Errar (C.E) veraws Epoch
Flot for 28 input for Mewral Network Classifcr

Tabie 1 Progeszing Thne for Each Methodology

i Melhodology | Processlng T Process-
Feature Activities Ing
Extraction . Time
Reading image, gray
Projesiion seale, Binary image, GG -
profile cropping the imapge,  © 32190
{aking projection e
pradile e the
crapped, Taking row
sum and ¢olemna sum
and writing i tpa
B file.
Reading imape, pray
hdarmeats sgale, binary imape, 0.2614 -
cropping the inage, 0.27140
taking momenis tg B
the cropped and
wriking it io a file.
Peadinp image, gray
Zonirg scale, hinary image, 03340 -
cropping the imape, 03600
| separeting the LR

crapped mavking into
2 zomes, Taking sum
of twe zanes

, sepuraie |y aind
writing it to g filg,

Reading image, gy
Comteor Prafile | scale, binary image, 10620 -
cropping the image, 1.30280
| taking eontonr 4o the sec
ceopped, iake row
; sucn and column 3m
i and wiiling itio o
| file.

The networks with sach of the above histed
mput  sizes  are  lrained  using  a
backpropagatim training algorithm, The
leaming parameters are chosen as in Table
1 and Jable 2: These figures indicate a
reasonable converpence charactiristic, The
time and epoch details are given in Table. ]
and Table 2.

The Training is carried gut for 12 times in
each case by reshuffling input data with
the same network model. Table 2 and table
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1 indicate the maximum and minimum
epoch and duration of convergence i
seconds wilhin 12 wials. *Ave’ is the mesn
value among all 12 trials,

The cumulative errors are made to
converge to the training and testing
tolerance levels. Among the four difterent
input training, the optimum input size for a
fast processing is determined as (50+25)
as shown in Figure 22.

Figura 19, Cwoulative Emor (.} versus Epoch
Phol for 94 input for Neural Netwark Classifier
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Fig. 20 Curulmive error versus epach
plot For rmarments seeond order

V1. CONCLUSION

Al techniques such as neural network are
applied to marking inspection of IC chips.
The preprocessing and two feature
extraction methods have been suggested
(ot this inspection. A feed forward neural
network has been developed for training
and testing the samples of marking. have
been involved in this traming. Trainings
are carried out for moments order 2,
moments order 3 and projection profile
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using backpropagation algorithm,
Comparing moments order 2 and order 3,
order 3 i3 faster for training. Among these

training, projection profile is found to be
faster in treining. The projection profile

n the IC chips are coming out of manu

facturing line in semiconductor industries
Processing time for different feature
cutraction has been carmied out. Among
feature extraction projection profile and

moments are found to be faster than other
two., Two different feature extraction
{moments and projection profile) methad

method of marking classification can be
used for real time application such as
marking inspection whe

Table 2 Dara Trained ior Different Inpue Sizes of Neural Wetwork

" BackPropagation Algorlthm Wi of training of ezch input size: 12 times
Oatput henrons: 4 Hidden nevrons: 20 Leaming rate: 0.25
Activation function: (17 {1+ homentum factar .87 Mo, of samples tested
L] Training 1olecqange: 001 M, of lrained samples: 40{ .
Testing Wlemnee; 0.k
. : Input | Training | Mo oFEpoch Time(Sec) . e
A No | Size | Hpoch [ i ! Maxp e T | M | dove Wischassification
1_! 28 4500 | 4400 ) 3163 | 38605 | 186 | 152 | 1622 0 0 | )
i i 2B 2200 [ 2201 P 1633 [ 196] | 106 [ 87 [ 103.6 0
I 1 75 000 LBLZ | T | R9&G | BA § 62 | TIR [
. . 2000 (1087 ] 654 | 8233 [ 112 ] 67 [ 847 ] O "

Table 3. Data Trained for Two Different Moments arger (o Mewral Metwark

BackPropagation Algarichim
Chulput nevrons: 4

Activation function: (14 {+e™)
Traming telemnes; 0.0°

Training done: 12 times
Hidden nearons: 20
hMomentuwm Gelor; 087
Mo, of traingd samples; 400

Testing tolerance: 0.03
Leaming eate: (1.2
Mo, of samples: ffd

] - No. of Epach TimeScch

_ | Trmmng § - mae. frnme o o — i i _
SMa | Oeder l Epoch | Min | Max | ave | Min | Max Ave | hlisglassi ication
L1 2 | 16060 34]4_] 16567 9254 | 316 | £24 gy L a

16
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Fig. 21: Cumulative error versus epoch
plot for moments third order
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