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Advances in electronic technology have made integrated circuits (ICs) the fundamental
components in all electronic devices. To increase their production yield by catching
defects as early as possible, we need to perform quality assurance on the semiconductor
dies during the assembly and packaging processes. A common approach is to employ
machine vision to compare a test die with a “known good die”. However, difficulties
in ensuring identical imaging conditions (such as illumination) are limitations to this
die-to-die comparison approach. Instead, in this work we develop a novel reference-free
defect detection algorithm for an IC die by analyzing its image. By identifying intrinsic
and extrinsic features of various segments in the image, we implement a classification
scheme to identify whether the die is defective or not. We rely on the fact that normal
ICs contain regular patterns, and the abnormal and irregular regions are classified as
potential areas of defects. Experimental results show that the proposed reference-free
defect detection algorithm can detect most of the defects from different types of IC dies,
and can also correctly classify normal IC dies as non-defective. These results demonstrate
the feasibility of the reference-free defect detection approach.

Keywords: Industrial inspection; pattern recognition; feature extraction; image analysis.

1. Introduction

Integrated circuits (ICs) are the fundamental components of all electronic devices
today. In order to enhance the production yield of the ICs, it is vital to perform
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quality assurance during various stages of the manufacturing process.1 For instance,
in the IC assembly and packaging, even a small dust particle or dirt can cause mal-
function in the ICs at the end, resulting in a decrease of the production yield. Hence,
defect detection of the IC dies is a necessary step in semiconductor manufacturing.
This is commonly achieved through machine vision techniques.

This research follows on our previous work2, 3 in further developing a novel
method to inspect an IC die with only a single capture of its image and a classifica-
tion based on intrinsic and extrinsic properties of its various segments. The output
is a labeling of whether the die is defective, and if it is, where the defects are. We
call this a reference-free machine vision inspection, as it is fundamentally different
from the “die-to-die” comparison commonly used in practice and widely studied by
the researchers.4–7

In those methods, two images are needed during the inspection, with one of
them being a reference image known to be defect-free. It is also possible to com-
pare two repetitive patterns on the same image.8 Processing is often applied as
follows: The image under inspection is subtracted from the reference image to gen-
erate a difference image. Next, the difference image is filtered to attenuate the
noise. Then, thresholding is applied to check if there is any defect.9 For instance,
the golden image template reference approach10 needs to generate a golden tem-
plate of each patterned wafer image under inspection and then perform a pixel-
to-pixel comparison. Zhang et al.11 proposed to adopt the reference-based method
through extracting some features from the reference image, and then these features
are compared with the inspect images. However, it should be noted that rotation,
translation, brightness and alignment adjustments between the reference image and
the inspected image are always needed before the comparison is possible.12 Obvi-
ously, all these necessitate some non-trivial computation in pre-processing before
the inspection, and in some cases, this method is simply impractical because no
reference IC die image exists.

In contrast, our novel reference-free IC die defect detection algorithm only uti-
lizes the image of the IC die under inspection, and performs the defect detection
through image understanding and analysis. This is often fast and flexible, as there
is no need to identify a suitable reference image and pre-process it to suite the
imaging condition of the inspected image.13 In addition, since the input to the
proposed algorithm is only one image of any IC die, the machine vision system is
ready to inspect any type of IC die by applying the proposed algorithm. There is
also no need to adjust the lighting and other capturing parameters, such as the
“die-to-die” comparison method and the automated wafer inspection method by
Zoroofi et al.,14 where a set of multi-spectral optical filters are used to capture
wafers under different illumination conditions. Our method also has the advantage
over a neural-network approach for semiconductor wafer post-sawing inspection by
Su et al.,15 where samples of the IC die types need to be collected first for train-
ing the neural-network. Our method is also more powerful than a previously pro-
posed non-referential defect detection algorithm for the semiconductor wafers,16, 17
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Fig. 1. The processing steps of the reference-free detection of IC die defect algorithm.

where instead of distinguishing between the non-defective and the defective IC die
images, it is only targeted at the re-detection of defects within the historical defect
imagery. There are also methods targeted at particular types of defects, such as
the automated wafer defect detection proposed in Ref. 18 that focuses mainly on
micropipes and the IC package inspection for extrusion defects that result from
incorrect mounting of the die on the leadframe in Ref. 19.

Our reference-free machine vision inspection system consists of mainly two com-
ponents, namely the “Image Segmentation” and “Region Classification”, together
with detailed steps as shown in Fig. 1. This paper is organized accordingly: Sec. 2
describes the image segmentation algorithm. Section 3 explains the region classi-
fication scheme. Section 4 illustrates and discusses the detection results. Finally,
Sec. 5 concludes the paper and suggests future extensions. Before we proceed, we
would like to point out that although our method is developed for the inspection of
semiconductor die images during the assembly process, the concept of reference-free
inspection through image understanding and classification can be applied to other
instances, especially when the more traditional reference-based approach is costly
or infeasible.

2. Image Segmentation

Image segmentation is often adopted in the analysis of an image and is typically
the first step in computer vision. It divides an image into different homogeneous
regions according to the pixels’ properties. A homogeneous region is defined as
a region where the pixels are connected and have similar properties, such as the
intensity value.20 Through the segmentation result, the machine vision system can
understand how the image looks like. When applied on visual inspection of semicon-
ductor manufacturing, these homogeneous regions should ideally represent different
visual patterns of the IC die. However, due to the increase of component density
in the IC, the semiconductor die becomes increasingly complex. The fact that we
only obtain two-dimensional information based on this complex three-dimensional
object gives further challenge.21 Therefore it is usually difficult for the traditional
image segmentation algorithms to provide reasonable segmentation results.22, 23 In
order to segment the complex die effectively, the K-means segmentation algorithm,
which is specially designed for segmenting the IC die images, is proposed to be used
here.
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The K-means segmentation utilizes the K-means clustering method24–26 to
cluster the pixels and then perform image segmentation. Basically, pixels in
adjacent location and with similar intensity form an image feature, which is
the circuit pattern or any possible defect of IC die image. Thus, classification
of pixels into different clusters can help to segment the image feature. Prac-
tically, there are two parts in the proposed K-means segmentation algorithm:
The first part roughly segments an image by using K-means clustering on each
pixel, and the second part, called a K-means clustering post-processing, checks
the homogeneity of the segmented region and determines the final segmentation
result.

2.1. K-means clustering of image pixels

The K-means clustering of IC die image pixels can cluster the pixels into K groups
according to the pixels’ properties. However, pixels in the same cluster do not nec-
essarily belong to the same segment of the final segmented image, for two reasons.
First, the segmentation result is also affected by the corresponding location of the
pixels. A segment is formed only from the pixels sharing similar properties and are
connected to each other. If they are disjoint, they will be considered as separate
segments, even if their properties are similar according to the clustering. Second, as
described below, post-processing steps are needed to adjust the initial segmentation
results to avoid issues like over-segmentation, so that defects in the semiconductor
images are not merged with other patterns.

In ensuring a reasonable clustering result for the pixels, we need to look into four
important issues. First is about the number of clusters, i.e. how we set the value
of K. Second is about the formation of the feature vector for K-means clustering,
which relates to the amount of information extracted from a pixel for the clustering
step. Third is how we determine the initial centroid of each cluster. Finally, the
fourth is about reducing the noise in the images so that the clustering result is not
severely affected by the presence of noise.

2.1.1. Number of clusters

We need to determine the value of K for the number of clusters a priori before
performing the K-means clustering. If K is too small, the clustering result will
likely be not detailed enough for some IC dies with complicated circuit pat-
terns. On the other hand, if K is too large, it may be an overkill for those
dies with simpler patterns, and we have the tendency to over-segment the image
afterwards. Therefore, ideally K should be set in accordance with the complex-
ity of the circuit patterns. However, this knowledge is often unknown before
image segmentation in the reference-free detection approach, and as a compro-
mise we aim at obtaining a reasonable K that works with most of the IC die
images.
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In testing our collection of IC images during the assembly process,a we find
that setting K to two is often insufficient for even moderately complicated circuit
patterns. For the analysis point of view, this gives a result similar to thresholding
using Otsu’s method,27 which is of limited use. Setting K = 3 can handle a larger
pool of circuit patterns, yet with bearable processing time. For larger values of K,
the computational time is a lot longer, and that is undesirable especially considering
the need for near real-time defect detection. A plot on the processing time of 38
IC images with K = 3, 4, 5 is shown in Fig. 2. We sort the dies according to their
complexities, and normalize the time to unity for the first die with K = 5. As can
be seen from the Figure, K = 5 takes a lot longer to process in most cases, while
K = 4 also requires more time for a small fraction of the test images, compared
with K = 3. Hence for most practical purposes, using three or at most four clusters
is the most suitable.

2.1.2. Feature vector for K-means clustering

The input data to the clustering algorithm is a set of feature vectors, where each
feature vector v is associated with a particular pixel. For images, intensity is a
fundamental property of the pixel. Another important property is contrast, which
can be viewed as the difference in intensity of a pixel with its neighbors. These
two properties represent different types of features for the K-means clustering.
The former, pixel intensity, is an intrinsic feature, which deals with characteristics

Fig. 2. The time requirement for performing K-means clustering for different K.

aThe experimental results presented later in this paper are representative of the types of defects
and the inspection process, while our database also contains proprietary circuit patterns which
we cannot show here.
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innate to the pixel. On the other hand, contrast is an extrinsic feature, involving
the characteristics of the pixel in relation to its neighbors. Generalizing, we may
have P intrinsic features and Q extrinsic features in a feature vector, then v =
[f (i)

1 . . . f
(i)
P f

(e)
1 . . . f

(e)
Q ]T , with dimensionality P + Q. Higher dimensionality

means more information is fed to the K-means clustering, but this also induces
more computation and leads to slow speed of the algorithm. When time is of the
essence, we suggest using only the intrinsic feature for the clustering, whereas if a
better clustering is desired, we see that it is advantageous to involve the difference
in pixel intensities among neighbors as the additional extrinsic features.

2.1.3. Initial centroid of each cluster

The choice of initial centroid values for the K clusters can affect the ultimate
clustering result and the time it takes to process. While it is possible to choose
the initial centroids from the feature vectors randomly, and this may be desirable
in some applications, the processing time is rendered unpredictable. In an extreme
case, when the values of all the initial centroids are very close to each other, it
can take a long time to complete the K-means clustering. Hence, instead it is
preferable to determine the initial centroids based on the distribution of feature
vectors. We organize them according to the pixel intensities, which represent the
dominant intrinsic feature, and choose the K centroids that have a wide separation
in intensities. Due to the complexity of the gray-scale IC die image, the intensity
values often spread across the entire intensity range, and therefore these initial
centroids are usually well separated.

2.1.4. Image noise reduction

The raw IC die images from the solid state sensors may sometimes be too noisy
for image segmentation. It is desirable to reduce the noise content through a small
Gaussian lowpass filtering of the image before performing K-means clustering. As
the pixels within the same image feature often have close intensity values, they have
a higher chance to be clustered in the same cluster.

Following the discussion above, an example of clustering is shown in Fig. 3,
where (a) is the original IC die image and (b) is the result following clustering,
where different gray-levels denote different clusters. Note that after applying the
K-means clustering into the IC die image, the pixels are grouped into different
clusters instead of different segments. But from Fig. 3(b), it can be seen that even
within the same cluster, the pixels of different circuit patterns are well separated
by their locations. In order to perform image segmentation, the 4-neighbor pixels28

in the same cluster are connected together to form initial segments. However, due
to the limitations of the K-means clustering, the result sometimes contains issues
such as missing segment and edge-like segment in some IC die images. We design
the following post-processing schemes to mitigate such problems.
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(a) A sample IC die image. (b) Result of the K-means clustering.

Fig. 3. An example of K-means clustering.

2.2. K-means clustering post-processing

The example segmentation results shown above indicate that the K-means clus-
tering method can segment out most of the major circuit patterns and potential
defect on the IC dies. But as mentioned in Sec. 2.1.1, clustering the pixels into
about three groups may sometimes be insufficient or an overkill. For the latter, the
problem of edge-like segment as shown in Fig. 4 occurs. In (b), it can be seen that
some edge-like segments emerge around the white square circuit patterns on the
four sides of the IC die. This is not desirable because the segments cannot represent
any real circuit pattern or defect. On the other hand, if the clustering is insuffi-
cient, we have missing segments as shown in Fig. 5. In the initial segmentation
result, after removal of edge-like segments shown in (c), the top right defect is still
missing. It is because during the K-means clustering, the edge-like pixels dominate
to form one cluster instead of the defect as shown in (b). As a result, even after the
edge-like segments are removed, the corresponding defect still cannot be segmented
out. Hence, in order to perform image segmentation on IC die images, the K-means
clustering post-processing is needed to ensure the correctness of the segmentation.
The following subsections describe the methods to remove the edge-like segments
and recover the missing segments.

(a) A sample IC die image. (b) The initial segmentation result.

Fig. 4. An example of edge-like segment in K-means clustering, using three clusters. Different
colors refer to separate segments.
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(a) A sample IC die image. (b) The K-means clustering. (c) The initial segmentation.

Fig. 5. An example of missing segment in K-means clustering, using three clusters. Different
colors refer to separate segments.

2.2.1. Removal of edge-like segments

For some of the IC dies, the edge-like segment forms when the transition pixels
between the IC die’s background and circuit patterns are clustered together. How-
ever, edge-like segments have shapes that are unlikely to represent any real circuit
pattern or defect. It is therefore necessary to remove them for better representation
of the IC die. To achieve this, we first check whether there are edge-like pixels in the
K-means clustering result by comparing each cluster of pixels with the edge image
of the IC die image. The latter can be obtained using methods such as Canny’s edge
detector,29 as was used in the Figures in this paper, but other detection schemes
may also be used especially in the interest of time. If there is no cluster of pixels
similar to the edge image, there is no need to act further. Otherwise, if certain
clusters of pixels also belong to the edge image, such as in Fig. 6, removal of the
corresponding edge-like segments is needed.

Figure 6 shows the three clusters of pixels of Fig. 4(a) separately. Instead of
having circuit patterns or defects on each cluster of pixels, the third cluster of
pixels shown in (c) shares similar pixels with the corresponding edge image shown
in (d). Thus, the pixels in this third cluster are the edge-like pixels and together
they form edge-like segments. Hence all the pixels in this third cluster should be
removed.

For completeness of image segmentation, instead of eliminating all the pixels
in the edge-like cluster, these edge-like pixels are kept in the segmentation result
through merging into the closest remaining cluster in terms of gray-levels. After
connecting the 4-neighbor pixels in the same cluster, the new image segmentation
result of Fig. 4(a) is formed and it is shown in Fig. 7. As all the major circuit
patterns are segmented out in this case, this segmentation result is final.

2.2.2. Recovery of missing segments

One further step is needed in the image segmentation process, namely the recovery
of missing segments. After the initial IC die image segmentation, there are cases
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(a) The first cluster of pixels of Fig. 4(a)
with the IC die background.

(b) The second cluster of pixels with
the circuit patterns.

(c) The third cluster of pixels with the
edge-like pixels.

(d) The edge image of Fig. 4(a).

Fig. 6. An example of edge-like segment in K-means clustering.

Fig. 7. Segmentation result after merging edge-like pixels.

where we can identify that certain segments are missed, and need to be recon-
structed. They include the circuit patterns or defects of the IC dies, as shown in
Fig. 5.

Consider in particular the edge-like pixels. This cluster may contain a small
number of other circuit patterns (such as the example in Fig. 6(c)), and similarly it
is also possible for it to contain defects. Since these small number of circuit patterns
or defects are not the edge-like segments, merging them with other clusters of pixels
may induce missing segments. Hence, the recovery of missing segments is necessary
after the removal of edge segments. In theory, the pixels belonging to the missing
segments should be grouped together, but they were incorporated independently
into the nearest cluster because the total number of clusters, K, is fixed in advance.
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This, however, causes those pixels to deviate substantially from the centroids of
the respective cluster. Therefore, by checking the compactness of each cluster, the
missing segment can often be identified.

Compactness is one of the most important measures of a cluster, and can be
defined in terms of the average within-cluster variance as follows.30 If xk represents
the data in the kth cluster, and there are nk of them. ck =

∑
(xk/nk) is then the

center of the cluster, where the summation is over all pixels within the cluster, and

vk =
1
nk

∑
(xk − ck)2 (1)

is then the within-group variance. We need a threshold, which we term the “safe
distance”, to determine the value of vk that is deemed acceptable for a normal
defect-free variation within a cluster. Using a scheme suggested by Montolio et al.31

and adapted in Ref. 30, we first calculate the half distance to the nearest clus-
ter centroid. The minimum of the half distances from the three clusters is then
set to be the safe distance. With this, the pixels with a pixel-to-centroid dis-
tance larger than the safe distance are extracted out to form the potential missing
segment.

For those cases with a removal of edge-like segments beforehand, instead of
measuring the compactness of individual clusters, we estimate the correctness of
the segment by noting the variance of pixel intensities. This is because if there is
no missing segment, the pixel intensities of this segment should be similar to each
other. Then, the pixel-to-pixel intensity deviation, which is the difference between
the mean intensity of pixels in this segment and the intensity of each pixel, is
small. But if there is a missing segment, such as the case described in Fig. 5(c), the
variance of pixel intensities in that segment is necessarily large. It should however
be noted that pixels in the edge region of the segment may also have a large pixel-
to-pixel intensity variation, as these noisy pixels are located between two or more
segments. Therefore, the pixels in the edge region of the segment must be excluded
in computing the variance. Figure 8(a) shows the pixel-to-pixel intensity variation
for the non-edge region pixels of the background segment of Fig. 5(c). It can be seen
that the missing segments’ pixels have higher variation than the other normal pixels
in the segment. The potential missing segments are then extracted using adaptive
thresholding with non-maximum suppression, where the adaptive thresholds are set
based on the variance of that segment.

After performing these post-processing once per IC image, the final segmen-
tation result of our example shown in Fig. 5(a) is given in Fig. 9. All the major
features have been properly identified and segmented.

3. Region Classification

Visually, the IC die defects are very different from the regular circuit patterns both
in shape and intensity. For instance, the latter are usually periodic and regular, as
they mainly contain straight lines, squares, rectangles or symmetric polygons. The



February 13, 2009 16:39 WSPC/164-IJIG 00337

Reference-Free Machine Vision Inspection of Semiconductor Die Images 143

(a) The pixel-to-pixel intensity deviation
for the non-edge region pixels in the
background segment of Fig. 5(c).

(b) The potential missing segments
(shown in white) of Fig. 5(c).

Fig. 8. An example of extracting missing segments.

Fig. 9. The completed segmentation result after recovering missing segments.

word “periodic” here means that the circuit patterns commonly appear repeatedly
in a die. In contrast, the defects on the IC die are in random shapes, aperiodic, and
can be due to scratch, dirt, ink, crack, dust particle, probe mark and even defor-
mation. As opposed to periodic, we identify these defects as “aperiodic” because
they usually appear locally as anomaly in a die. Motivated by these differences in
properties, we design a classification scheme to distinguish between the defects and
normal circuit patterns effectively.

The aim of the region classification scheme is to differentiate defect regions
from circuit pattern regions by assigning different scores to the segmented regions
according to their properties and our scoring mechanisms. The classification is
based on the scores, and thus our aim is to assign distinct ones for circuit patterns
compared to the many different types of defects. Note that if there is no defect,
all the segmented regions should be classified into the circuit pattern group. The
corresponding IC die is then labeled as a normal die. Conversely, the segmented
regions of defects should be classified into the defect group, and the corresponding
IC die is then considered defective.

The scoring represents the segmented region mathematically in terms of the
probability that a region is a defect. This is decided based on certain selected
properties of the region. We first explain the characteristics of the target defects in
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Sec. 3.1. Then, Sec. 3.2 describes the selection of region properties that are used to
compute the score. Next, the rules for the scoring are then explained in Sec. 3.3.

3.1. Defect characteristics

In our reference-free approach of defect detection, we aim to identify defects that
have clear visual differences with the circuit patterns. But because of the presence of
noise, we must set certain criteria as the basic “requirement” for a defect. A feasible
one that we use is shown in Table 1. Certainly, when the application calls for even
more stringent or a relaxation of these requirements, the defection detection scheme
can be adapted accordingly.

In Table 1, the intensity contrast means the difference of intensity values between
a region and the corresponding neighboring regions. A defect is often very distinct
from its background and has a large intensity contrast. In the gray-level IC die
image, the dark region usually represents the scratch, dirt, ink, crack, dust particle
and even probe mark, hence the defect is highly possible to be low in intensity.
Moreover, since a defect occurs randomly, the shape of the target defect is often
random. Lastly, the minimum size of defect is adopted to effectively exclude the
image noise.

3.2. Selection of region properties

For a segmented region, properties such as area, compactness,32 eccentricity, major
and minor axis lengths, mean intensity, rectangularity,33 rectilinearity,34 solidity
and standard deviation of intensity are important characteristics for classifications.
However, it should be noted that the speed or computation complexity in calculating
these properties must be taken into account, as the overall defection detection
scheme must be completed within a short time. In addition to these properties,
which are intrinsic to the segmented regions in general, we also consider extrinsic
properties, which are the characteristics of a segmented region in relation to its
surroundings. The rationale is that any significant dissimilarity between a region
and its neighborhood is also a clue that the region is likely to be defect, again
because circuit patterns tend to be similar in nature and thus the difference between
adjacent ones in terms of their properties is ordinarily small. Based on the above
principle, five region properties (three of them intrinsic, two extrinsic) are selected
for computing the score for classification, as described below.

Table 1. Some possible characteristics of defects.

Minimum intensity contrast: 25 gray–levels
Intensity: Dark
Shape: Random
Minimum defect size: 3 pixels × 3 pixels
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Intrinsic properties

• Region area
The region area is essentially the number of pixels in the corresponding segmented
region, which is useful for checking the validity of a segmented region in possibly
being a defect. Given the criteria stated in Table 1, if the region is smaller than
3 pixels × 3 pixels, we would give a score of zero, meaning that it cannot be a
defect.

• Mean intensity
The mean intensity is the average intensity value of all the pixels within the
segmented region. It is expected that the defect has a different mean intensity
from the other circuit patterns. The mean intensity value can also be used to
calculate the contrast of the region.

• Rectangularity
The rectangularity measure is the area ratio of the segment to the segment’s
minimum rectangular bounding box,33 which is the minimum rectangle that can
enclose the segment. This is an effective measure because circuit patterns tend
to be rectangular, whereas for random defects the shapes are highly unlikely to
be so.

Extrinsic properties

• Intensity contrast
Intensity contrast measures the difference between the intensity value of the seg-
mented region as opposed to its neighbor segments. We expect the defects to
score sufficiently high in this respect, because of their general dissimilarity with
its neighborhood.

• Contrast map
The second way to model the visual contrast is specially designed for the line
type or scratch-like defects. We develop a novel contrast map to record the place
of the IC die image where the intensity contrast is sufficiently large according to
the defect characteristics. Figure 10(b) shows an example of contrast map, which
is generated by comparing the IC die image pixels’ intensities with its extended
neighborhood. Based on this contrast map, we model the visual contrast as the
ratio of the number of contrast pixel of a region to the area of that region. From
Fig. 10(b), it can be seen that the ratio of the number of contrast pixel of the
scratch-like defect region to the area of that region is higher than that of the
white square circuit pattern region. Almost all the pixels in the thin line type or
scratch-like defect region are contrast pixels. On the other hand, for the normal
circuit pattern region, such as the white square in Fig. 10(b), only the pixels
near the edge are contrast pixels. Hence, the contrast pixel ratio of a region can
distinguish between the line type or scratch-like defect region and the normal
circuit pattern region.
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(a) A sample IC die image. (b) The contrast map, with white pixels
indicating places where the intensity
contrast is sufficiently large.

Fig. 10. An example of scratch-like defect (marked by red oval) and contrast map.

3.3. Rules for scoring

Once the region properties are obtained, the score of each region can be calcu-
lated according to certain rules. They are set according to the characteristics of
defects commonly found in the IC dies. For our purpose here, we want to achieve
high scores for defects regions and low scores for segments that belong to normal
circuit patterns. The scores can be interpreted as probabilities of defects, which
are computed from individual sub-scores as reflected from the various intrinsic and
extrinsic features. As an example, ink defect is a common defect of the IC die which
is dark and irregular in shape. Hence, a segmented region with low intensity value
and a small rectangularity measure is set to a high mark. On the other hand, if a
segmented region is likely a circuit pattern or does not match with the defect char-
acteristics, such as a region with a small area or with a very high rectangularity
measure, the region’s score would be set to very low.

In order to speed up the processing time, we may not necessarily calculate all
of the intrinsic and extrinsic features for every segment. For instance, there is no
need to calculate the intensity contrast if a region is found to have a very high
rectangularity measure or with a small region, both of which suggesting that it
cannot be a defect irrespective of the intensity contrast.

After computing the score for each segmented region, the regions with a score
higher than a certain threshold are classified into the defect group. The value of the
threshold is determined a priori for the type of IC dies at hand. Note that often
some experimental trial-and-error may be needed to adjust this value.

4. Results and Discussion

Different IC die images are tested with the proposed reference-free IC die defect
detection algorithm. Each IC die image is first segmented into different regions.
Next the region properties stated in Sec. 3.2 are calculated and then a score is
computed for each segmented region. Classification of the region, and in turn the
IC dies, into normal or defective is performed based on the scores.
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4.1. Defect detection results

Both defective IC dies and normal IC dies are tested. The proposed algorithm is
capable of differentiating the defective regions and normal circuit pattern regions
in an IC die. Figure 11(a) shows an example where the ink defects spread over
the surfaces of the IC dies. The major part of these ink defects are detected and,
for the purpose of illustration, circled in red on the defect detection result as seen
in (b). Figure 11(c) is the same as the defective die shown in Fig. 10(a), and the
defect detection result, where the defect regions are circled in white, is shown in
(d). Figure 11(e) presents a defect due to the probe mark on an IC die. Although
it is often washed out by chemicals, sometimes it is possible that only part of it is
removed and the remaining mark forms a semi-transparent defect as illustrated in
(e). The detection of this defect is given in (f).

(a) The IC die with ink defect at the top left corner. (b) The defect detection result.

(c) The IC die with ink defects at the bottom. (d) The defect detection result.

(e) The IC die with semi-transparent defect in top right. (f) The defect detection result.

Fig. 11. Some defect detection example.
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Fig. 12. Some examples of non-defective IC dies.

For our algorithm to be useful, we also require that normal IC dies are not
classified as containing defective segments. In fact, in a typical industrial process,
most of the IC dies should be defect-free. Some normal IC dies are given in Fig. 12,
which are successfully classified as non-defective dies by the proposed algorithm of
reference-free IC die defect detection.

4.2. Discussions on defect detection results

From the above defect detection results, it can be seen that a variety of defect
patterns can be detected by the proposed method. But we should also point out
that invariably, there are still some challenging situations where our algorithm is
not yet capable of detecting the defects. To illustrate, we present two such cases in
Fig. 13. Figure 13(b) and (d) show the segmentation results of the respective dies

(a) A sample IC die image with defect. (b) The final segmentation result of (a).

(c) Another sample IC die image with defect. (d) The final segmentation result of (c).

Fig. 13. Examples of defects that are challenging to detect.
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shown in (a) and (c). In the former case, the defect region on the second bottom left
white square merges with the background of the IC die. In the latter, the scratch
from bottom left to middle right has similar gray-level with the corresponding
background, so it cannot be segmented out individually. Defects essentially hide
themselves in the segmentation process, and thus cannot be detected with any
classification scheme afterwards.

5. Conclusions and Recommendations

In this paper, we present a novel reference-free IC die defect detection algorithm for
the semiconductor assembly and packaging processes by performing image analysis
of a single captured image. More than 20 different types of IC dies are tested
under the proposed scheme. Results indicate that it can distinguish between the
defective IC dies and non-defective IC dies effectively. This shows the feasibility
of the reference-free defect detection approach. While there are still challenging
cases where the defects merge with the circuit patterns, making them very difficult
to detect, we expect that further fine-tuning to the algorithm can improve the
detection capability of the method.
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