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Abstract

In machine vision applications that involve comparing two images, it is necessary to match the capture conditions, which can
affect their graylevels. Illumination and exposure are two important causes for lighting variation that we should compensate for in
the resulting images. A standard technique for this purpose is to map one of the images to achieve the smallest mean square error
(MSE) between the two. However, applications in defect detection for manufacturing processes are more challenging, because the
existence of defects would affect the mapping significantly. In this paper, we present a robust method that is more tolerant to defects,
and discuss its formulation as a linear programming to achieve fast implementations. This algorithm is also flexible and capable of
incorporating further constraints, such as ensuring non-negativity of the pixel values.

© 2004 Elsevier Ltd. All rights reserved.

1. Introduction

When an image is captured by a camera, its quality
depends on a number of factors, such as illumination
condition, exposure time of the film or sensor, optical
aberration, and sensor noise [1]. Ordinarily, for con-
sumer photography, the aberration and noise can be
kept minimal. Therefore, two pictures taken under
similar illumination and exposure would appear fairly
identical. Yet for machine vision, when such images
need to be further processed or combined together, the
conditions are often more rigid and we need to pay
attention to the difference in image capture conditions.

One particularly challenging application that further
complicates the issue is in industrial inspection. Our
interest here is in semiconductor manufacturing, but the
technique we introduce can potentially be used in other
industries as well [2]. Semiconductor manufacturing is a
complicated task with very stringent requirements [3.4].
Scrupulous inspection is needed to avoid malfunctioning
of the integrated circuits (IC) due to misplacement,
contamination, or missing components, a process
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generally known as defect detection. This is usually
performed after every major step in the manufacturing
process with automated visual inspection (AVI) techni-
ques by machine vision. While such techniques con-
stantly need to be refined and improved to meet with the
ever-shrinking feature size and ever-increasing complex-
ity of the IC, a basic setup can be described as follows. A
reference IC is first carefully examined to ensure that it
is free from defect. A test IC is then compared against
the reference, and we observe if they have any visual
difference. This difference indicates the potential areas
of defect [5]. Usually, some post-processing steps are
required to analyze and classify the difference image,
which would eventually result in a report detailing the
existence and attributes of the defects. Clearly, the
success of this defect detection step depends on an
accurate comparison between the test and the reference.
This comparison needs to be robust against variations in
the image capture conditions. As usually a large volume
of ICs has to be inspected, the vision algorithm also
needs to be real-time.

Illumination and exposure differences are the two
main variations in capture conditions that need to be
accounted for [6]. The intensity of an image depends on
the nature of illumination, the reflectance of the subject,
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and the camera setting. We explore the details of the
lighting variation and its model in Section 2. This brings
us to the need of an illumination normalization scheme
[7]. We explore two alternatives, first with a least-
squares method in Section 2.1, and then with a linear
method in Section 2.2. The latter is seen to be more
robust against the existence of defects, and is capable of
high speed, due to the efficiency of linear programming.
Simulations are provided in Section 3 followed by some
concluding remarks.

2. Lighting variation minimization

Consider that we have taken two images: the first one
is with the reference die which we know to be defect-free,
while the second one is with the test die that we are
going to inspect. Let A denote the wavelength of
electromagnetic radiation. The first die has reflectance
R,(4;x,y) and is subject to illumination I.(4;x,y) at
location (x,y), while the second die has reflectance
R,(4;%,9) and is subject to illumination I,(4;X%,)) at
location (%, p). The subscripts r and ¢ refer to reference
and test, respectively. Note that they use different
coordinate systems because the two dies may not have
been loaded at identical positions. It is therefore
necessary to align them algorithmically. A correlation-
based subregion alignment method is a possible and
efficient technique for such a purpose, because this is not
very sensitive to illumination variation. This can be
achieved as follows: The reference and test images are
divided into blocks of size 64 x 64 or 128 x 128.
Correlations are computed on the corresponding blocks,
with the test block shifted within +1 to +2 pixels in
both the horizontal and vertical directions, the latter
often preferred to allow for greater robustness against
die positions. The shifts are at multiples of 0.25 pixel,
and employ a simple bilinear interpolation when
necessary. The corresponding blocks are aligned at the
shift amount that maximizes the correlation value. In
what follows, we use the same coordinate system
assuming that the two images have been properly
aligned spatially.

Let f,(x,y) denote the reference sub-image, and
f:(x,y) denote the test sub-image, each of size N x N.
We know

() = / (xR G x ) dis (1)
i) = / e 5 s %) RuCis %, ) i @)

where ¢,(4) and ¢,(1) are the camera sensor responses [8].
The reference and the test dies should have roughly the
same spectral reflectance, i.e., R.(4;x,y) =~ R;(4; x, ), if
both are free from defect. If they were subject to

illuminations with identical spectral power distribution
and the same camera setting, we have I,(1) ~ I,(1) and
¢(A) =~ ¢/(4). By Egs. (1) and (2), they would imply
f.(x,y) =f,(x,y) except in areas where defects exist,
which alter the spectral reflectance of the test die.
Therefore,

Af(x,y) = 1/,(, ) = f (x5, )l (€)

is a map for the defect locations.

In a more realistic situation, however, the two
illuminations 7,(4) and I,(Z) can be quite distinct, and
different settings of the exposure would imply
¢;(A) #c,(A). Mathematically, it is not possible to relate
f(x,y) and f,(x,y) simply except in degenerate cases,
such as when ¢,(1)I,(2) = ac,(1)I,() at all locations for
a constant «. The existence of noise in sensors would
render this impossible. However, it has been found
experimentally that under most lighting variations in
such a controlled environment as semiconductor inspec-
tion, we can approximate the relationships of f,(x,y)
and f.(x,y), when there is no defect, with a transforma-
tion 7 such that [9]

)~ TS (x, 0} “4)
M

= Z aift,i(xa y): (5)
i=1

where /', ;(x, y)’s are images that depend on f,(x, y). They
can incorporate various condition changes between
taking the reference and the test images, such as linear
scaling, x- and y-directional intensity changes, to name a
few. Therefore, some possible terms for f ;(x, y) include

9]

L ft(x9y)9

1 xf.t(x’ y)’

® )f (x, ),

o fi(x,y)—f(x—1p),

L4 |ft(x’y) _fr(x - 1J)|,

® v x2 +y2fz(>€,y),

® 1(x,y), which means that the entire image is a
constant.

The variable a’s are the design parameters. For
simple illumination changes that may occur in the
semiconductor manufacturing process, the approxima-
tion in Eq. (5) is fairly good [9]. Assuming that we are
able to obtain accurate values of @;’s, we can modify the
defect detection equation (3) to

M
Af(xay) = fr(xay) - Zaift,i(xay) > (6)
i=1

which again provides a map for the locations of possible
defects.

As such, an effective algorithm to determine the
values of a;’s is essential. In what follows, we first
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explain the tradition least-squares approach that is
often used to solve such a mapping problem, and
discuss the drawbacks that we would face. We then
describe our approach based on linear programming,
which is seen to provide us with a robust and fast
solution.

2.1. A least squares approach

We seek to find the optimal a,’s, or a using a vector
notation. A common method that is often employed to
deal with lighting variation presented in Eq. (5) is by
means of least square. Let f; and f; be the raster scan of
f1i(x,y) and f',(x, ), respectively, so each is a vector of
length N°. We also use f. to denote the matrix
[fe1 ... fom) The optimal value a* that gives the smallest
mean square error (MSE) in the approximation in Eq.
(5) can be found by

ai

a* =arg main fe1...foml| & | — 1 (7
ay )

= arg min [[f:a — ]|, ()

where || - ||, denotes the L, norm. Analytical solution

exists, which is given by

a* = (71, 'f7f,, 9)

where T denotes the transpose of a matrix.

Mathematically, a least-squares solution is valid
provided that the matrix f; is well conditioned [10].
Yet, our application in defect detection has an extra
complication that the direct least-squares solution
cannot address easily. The test image may contain
defects in addition to illumination variations. If we just
compute Eq. (8), the value of a* will be affected by the
defects. To cope with this problem, we can use least
squares iteratively with potential defect areas removed
from each successive calculations [9]. However, this
will slow down the inspection process. We therefore
face a tradeoff between speed and accuracy when
using the least-squares approach. Furthermore, a direct
least-squares approach makes no guarantee that
the resulting pixels in > a;f,(x,y) will create pixel
values that are within the allowable range, between
zero and maximum intensity. If we add these as
constraints, we no longer have an analytical solution
like Eq. (9). An ad hoc solution would be to clip the
resulting image in ) a;f,;(x,y) to have intensity
values within the allowable range, but then we would
have no guarantee of optimality with respect to least
squares error.

These factors bring us to a constrained minimization
using L; norm.

2.2. A linear programming approach

We reformulate our optimization criterion as

a* = arg min ||f;a — f;||,. (10)
a

Comparing Eq. (10) with Eq. (7) above, we see that this
is simply replacing L, norm with L; norm. Although the
change appears to be small, it is instrumental to ensure
that our solution is more robust against existence of
defects. This is because defects constitute the areas
where the mapping cannot be done. If we use the L,
norm, we penalize with the square of the errors in the
mapping; as such, the algorithm would tend to give less
correct parameters that attempt to map the defects as
much as possible and sacrifice the accuracy in the other
regions where defects do not exist. In other words, a*
will be significantly affected by the defects. With L,
norm, however, the error contribution is only linear, and
the algorithm is likely to favor greater accuracy in the
defect-free regions more. This change therefore pro-
duces better lighting variation minimization when the
size of the defect cannot be neglected. In addition, we
also like to have the constraint on the maximum and
minimum intensity values, so

imin < fra <inax, (1 1)

where < is an element-by-element inequality sign.

There is, however, no analytic solution to the
constrained minimization problem above. We now show
that it is possible to formulate it as a linear program-
ming (LP) problem. This can be solved very efficiently
using a variety of techniques, such as a primal-dual
simplex method [11].

We first transform Eq. (10) to

d(g) + P(g2) + -+ + dlgp2)
subjectto g=f.a—f,,

minimize

(12)

where g; denotes the ith component of the vector g, with
a total of N? elements, and ¢(g,) = |g;|. ¢ is called the
penalty function [11]. This formulation permits the use
of other forms of the penalty function, such as the
Huber function, which is a parabola in the vicinity of
zero and increases linearly after a given level [12].

We further transform the optimization problem by
introducing a new variable t. Let

b=|" 13
—H (13)

be our parameters, and we solve the following con-

strained optimization problem:

minimize [0 1]b

subject to [f; 0]b —f, < ¢, (14)
[f: 0]b —f, = —t.
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Note that for each N? element, one of the inequalities
above must be strict in order to minimize the objective
function. Hence, we see that with t = |g| the above
equation is an equivalent formulation to Eq. (12).

We can further rearrange the terms to be

minimize [0 1]b
subject to [f, — ITb < f,, (15)
[—f, —I]b < —f,,

where [ is the identity matrix. Moreover, we can add the
constraints

[fz O]b < imax,
[_fr O]b = _imin (16)

to ensure that the adjusted pixel values fall between
[imin 5 imax] .

It is important to realize that for the equations in (15)
and (16), they are all linear in b. In fact, we have already
presented them in a standard form of an LP problem.
This lends itself to direct usage of standard packages
that can solve such problems efficiently. For details, the
reader is referred to books such as Ref. [13].

3. Simulations

We apply the method described above on bump
inspection, which is a critical process in die bonding in
semiconductor assembly [3]. Bumps are the electrical
and mechanical connection between the die and the
substrate, and are formed from processes such as paste-
deposition and electroplating. As such, the shape of the
bumps may vary, and may have a few potential defects
such as missing bumps, bridged bumps, contaminants
on or between bumps, and incorrect bump volumes or
heights [14].

We test in particular two common types of defects:
missing bumps and bridged bumps. An image of the
reference IC is shown in Fig. 1(a). This reference is
defect-free. A test IC that missed some of the bumps is
shown in Fig. 1(b). In addition, there are some lighting
variations between the two images. If we just compute
their differences, the resulting image is shown in Fig.
1(c). The intensity in this image has been magnified for
us to observe the differences. Evidently, areas not due to
the defect can still have significant difference between
the reference and test images, which should be attributed
to the lighting variations. Figs. 1(d) and (e) are the
difference images after we performed mapping to the
test images. In both cases, the differences due to lighting
have been suppressed, with our linear programming
approach (Fig. 1(e)) slightly better than the least-squares
approach (Fig. 1(d)). It is implied that this defect does
not affect the mapping too much.

=
E
=
=

Fig. 1. An example of bump inspection with missing bump. (a)
Reference image, (b) test image with missing bump, (c) Af(x,y)
without mapping, (d) Af(x,y) with mapping using L, and (e) Af(x,y)
with mapping using L;.

Table 1
Quality improvement in bump inspection simulation

Signal-to-noise ratio (SNR) gain

Least square (L) Linear programming (L)

(dB) (dB)
Missing bump 2.31 2.38
Bridged bump 1.49 343

A numerical comparison of the signal-to-noise ratio
(SNR) gain is shown in Table 1, as a quantitative
measure of our L; norm minimization approach. The
SNR between an image f and a reference image f, is
computed as

SNR(f.1,)
2
Zlolong %) 2)1 )
Zny(f(x’y) _fr(xsy)) 95%
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where the notation [-]ys¢, means that we discard 5% of
the pixels with the greatest errors after the grayscale
adjustment, because those pixels are mostly likely
defects. The percentage can change with a priori
knowledge about the proportion of defects in the image.
The SNR gain in Table 1 is computed with

M
SNR gain = SNR <Z aif,(x, y),f,(x,y))

i=1

- SNR(ft(x:y):fr(x’y))’ (18)

where a larger value indicates more correction of the
lighting variation. For the case of missing bump, the L,
minimization method is slightly better than the one
using L, norm.

We also consider the case for bridged bumps in Fig. 2.
Again, the direct difference shows a lot of errors (Fig.
2(b)). When we compare the differences after the
mapping, our approach (Fig. 2(d)) is significantly better
than the one with least-square (Fig. 2(c)). For our
method, most of the non-defect differences have been
suppressed. This is because the defect imposes signifi-
cant effects on the least-squares mapping to render it
ineffective, while our method is more robust against it.
Again, the numerical comparison of the SNR is shown
in Table 1. The gain is more substantial for bridged
bumps, in agreement with our visual comparisons.

We also compare the two methods in terms of speed.
A QR factorization method is employed for the least-
squares method, while an interior point algorithm is
used for the linear programming [11,15]. The speed of

Fig. 2. An example of bump inspection with bridged bump. (a) Test
image with bridged bump, (b) Af(x,y) without mapping, (c) Af(x,y)
with mapping using L, and (d) Af(x,y) with mapping using L.

Table 2
Speed comparison in bump inspection simulation

Speed of execution

Least square (L,) (s) Linear programming (L) (s)

Missing bump  0.6717 1.2529
Bridged bump  0.6479 1.2496

execution for the entire illumination correction proce-
dure is shown in Table 2. We can observe that in both
cases, the linear programming method is slower by
nearly a factor of 2. However, we must bear in mind that
the least-squares method often has to be run multiple
times to minimize the effect of the defects, as we
discussed in Section 2.1. As such, it may not hold any
advantage in terms of speed as compared to the linear
programming method that we propose here.

4. Conclusions

In this paper, we have described a linear program-
ming formulation to minimize the lighting variation
between two images. This method is particularly useful
in inspection for manufacturing processes, where defects
could impose significant effects on the mapping of
intensity values. Simulation results on bump images in
semiconductor assembly have shown support for our
approach.
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