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Abstract

As the wafer process becomes more complex, the probability of mixed-type defective wafer maps is constantly increasing.
Therefore, it is necessary to perform effective filtering and denoising processing on the mixed-type defective wafer map
to facilitate the identification. We propose a Neighborhood Path Filtering Clustering (NPFC) algorithm in this paper. For
determining the number of clusters in the wafer map, we combine the clustering index of the Silhouette coefficient and the
similarity index of Mahalanobis distance to propose a clustering similarity index SD. Then, calculating the compactness
index between the clusters is judged whether the clusters are merged or not, to obtain the final clustering effect. The great-
est advantage of this method is that it avoids the influence of algorithm parameter settings on the filtering effectiveness.
Meanwhile, it can still effectively identify clusters of arbitrary shapes. The experimental results show that compared with
median filtering, K-mean clustering and adjacency clustering, the NPFC algorithm achieves good results in the filtering and

clustering effect.
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1 Introduction

Due to advancements in semiconductor technology, the com-
plexity of integrated circuit design has been steadily increas-
ing. The semiconductor manufacturing industry is focused
on achieving larger scales and smaller process dimensions.
Present-day wafer production relies on highly automated
processes and utilizes high-precision equipment. Nonethe-
less, the manufacturing of semiconductor wafers remains
intricate and time-consuming, involving numerous complex
chemical steps and requiring meticulous monitoring of vari-
ous process parameters. Despite professional regulation, the
occurrence of abnormal dies on the wafer is unavoidable
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[1]. Therefore, improving the yield of semiconductor pro-
duction is a crucial issue. The core step in the semicon-
ductor manufacturing process is wafer manufacturing. The
wafer manufacturing process requires a series of extremely
complex operations such as oxidation, photolithography,
etching, ion implantation, and metallization [2], which can
easily cause wafer defects [3]. Therefore, after the wafer is
manufactured, it is necessary to conduct an electrical test on
each die on the wafer to mark whether there are defects in
the wafer, and thus a wafer map [4] is generated. The wafer
map obtained through testability inspection often forms a
certain spatial pattern, which can reflect some problems in
the production process. Realizing accurate classification of
wafer maps can provide a theoretical basis for engineers to
solve production problems, improve wafer production yield,
and reduce production costs [5].

Wafer map defect pattern recognition and classification
is an indispensable part of the semiconductor manufactur-
ing process, because it can locate the cause of failures in
the manufacturing process. In 2023, Jianhong Ma et al. [6]
published a comprehensive review on wafer defect detec-
tion, which outlines the advancements in wafer defect pat-
tern recognition in recent years. Naigong Yu et al. [7] devel-
oped an 8-layer CNN model to inspect wafer map defects
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and a 13-layer model to classify defect patterns in 2019. In
2023, Chen et al. [8] proposed a deep convolutional neural
network architecture incorporating improved convolutional
block attention module (I-CBAM) for pattern recognition
and classification of single-type wafer map defects, but the
accuracy of Edge-Loc and Local still needs to be improved.

Some researchers have started using various methods
for defect pattern recognition. For example: Li et al. [9]
used semi-supervised learning for wafer map defect pat-
tern recognition. This approach leverages unlabeled sam-
ples to improve recognition accuracy. Iljoo Jeong et al. [10]
employed a geometric transformation-invariant convolu-
tional neural network. Wang et al. [11] utilized rotation-
invariant features Tziolas et al. [12] addressed the challenge
of imbalanced datasets.

In addition to the specific spatial pattern of the wafer map
itself, there is a lot of noise. The defect patterns in these
wafer maps can be well identified by manual recognition
[13, 14], but for machine learning methods, it is difficult
to identify the real defect pattern types of the wafer maps.
Therefore, it is necessary to filter the wafer map. Traditional
filtering algorithms include spatial filtering, median filtering,
mean filtering, etc. [14—16]. In 2022, Pourkaramdel et al.
[17] proposed a new texture descriptor called complete local
quartet pattern (CLQP), which is used to extract local texture
features of fabric images and detect fabric defects in the
training step. In 2023, Gulhan [18] proposed a new hybrid
optical sensor based on deep learning to sense the micro-size
defects on PCBs. These methods are extremely dependent
on the setting of parameters. If the parameter threshold is
set too small, the filtering will be incomplete, and if the
parameter threshold is set too large, the defect pattern of the
wafer map itself will be destroyed. Especially in the face of
a large number of wafer maps, it is even more difficult to
find a reasonable parameter that can be applied to all wafer
maps. Therefore, such traditional filtering algorithms are not
suitable for wafer maps.

(filter 57%)In addition to traditional filtering algorithms,
many algorithms for filtering through clustering have also
been derived [19]. For example, the Density-Based Spatial
Clustering of Applications with Noise (DBSCAN) algorithm
is a typical algorithm based on density clustering, which
can find clusters of arbitrary shapes and remove isolated
noise points. The most important thing about the DBSCAN
algorithm is to determine the two key parameters, the mini-
mum neighborhood radius (Eps) and the minimum num-
ber of points (MinPts). Chen et al. [20] used the DBSCAN
algorithm to filter the wafer map and chose to set the Eps
parameter to \/E and the MinPts parameter to 3. The selec-
tion of parameters directly affects the accuracy of cluster-
ing. Like traditional filtering algorithms, the setting of this
parameter is not suitable for large-scale wafer images with
variable shapes. Facing the problem that the parameters are
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difficult to determine, Chen et al. [21] proposed an adap-
tive DBSCAN clustering algorithm for wafer map data. The
algorithm uses a comprehensive index of inter-cluster den-
sity and intra-cluster density to select optimal parameters
and realizes adaptive filtering of large-scale wafer map data.
However, this algorithm is aimed at single-type wafer maps.
For mixed-type wafer maps, the number of clusters retained
cannot be determined well.

However, as the wafer process becomes more complex
and the wafer size becomes larger [22], the probability of
mixed-type wafer maps is constantly increasing. If the size
of the mixed-type wafer map and the single-type wafer map
are the same in the classification and recognition process on
the wafer map, the mixed-type wafer map is more suscep-
tible to noise points than the single-type wafer map. There-
fore, it is necessary to perform effective filtering and denois-
ing processing on the mixed-type wafer map to facilitate the
identification of the mixed-type wafer map. Kim et al. [23]
proposed a connecting path filtering algorithm for 6 mixed-
type wafer maps. The principle of this method is to find all
possible connecting paths between two defect points. How-
ever the path length needs to exceed a certain set threshold,
and the setting of this threshold is also related to the filtering
effect. The same threshold setting is not necessarily appli-
cable to all wafer maps. A. A. Ezzat et al. [24] proposed
an adjacency clustering (AC) filtering algorithm based on
graph theory for 12 mixed-type wafer maps. However, this
method also requires manual setting of parameters, and then
a large number of experiments on different parameters to
select a suitable parameter, which is not suitable for large-
scale wafer map data.

Among the above filtering algorithms for mixed-type
wafer maps, the most prominent problem is still the selec-
tion of parameters. No matter what parameters are selected,
they are not all applicable to different wafer maps. Therefore,
this paper proposes a method for denoising mixed-type wafer
maps—Neighborhood Path Filtering Clustering (NPFC),
which is not affected by parameters. Based on the idea of
clustering, this method uses the clustering index of the Sil-
houette coefficient and the similarity index of Mahalanobis
distance to propose a cluster similarity index SD to deter-
mine the number of clusters in the wafer map. Then, by cal-
culating the compactness index f between the clusters, it is
judged whether the clusters are merged or not, to obtain the
final clustering effect. The algorithm in this paper is mainly
designed for the particularity that the wafer map is a matrix
structure and consists of only three numeric values.

The rest of the paper is arranged as follows: The second
section introduces in detail some concepts of clustering and
related concepts redefined in this article and gives a detailed
description of the specific steps of the basic principles of
NPFC. The third section compares the method proposed
in this paper with other experimental methods from the
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Fig.1 Structure of the wafer map

perspectives of filtering and clustering. The fourth section
summarizes the content of the full text and the outlook for
future work.

2 Related Work

A wafer map is a two-dimensional digital matrix structure
that differs significantly from a typical image. As shown in
the left side in Fig. 1, a matrix composed of three numbers
zero, one, and two (zero means no grain, one means normal
grains, two means defective grains), and the pixel value of a
typical image is 0-255, with a relatively large range of val-
ues. Therefore, the traditional filtering method is not suitable
for this kind of image structure with only three digits. If each
wafer grain is represented by coordinates, each grid cell can
be regarded as a point. As shown on the right side of Fig. 1,
The data points in a wafer map are distributed in a relatively
regular pattern, with the distance between the central point
and its eight neighboring points being either 1 or \/5

Traditional clustering methods are typically designed for
scattered data, so clustering filtering methods need to be
adjusted to be applicable to wafer maps. In this paper, a fil-
tering algorithm based on clustering principles is proposed
to address the specificity of wafer map structures.

2.1 Algorithm Dependent Definition

This article defines some concepts related to points and
clusters, with examples illustrated in in Fig. 2. Given a data
set sample X = {xl,xz, ceea X, }, the specific concepts are as
follows:

(1) Initial point: Before forming a cluster, the first
selected point O is the initial point (the initial point is ran-
domly selected), O € X.

(2) Direct path connected: If there is a point P in the 3x 3
neighborhood of the initial pointO, then the point P, point R
and point O are direct path connected.

(3) Path connected: If a point Q is directly connected to
a connected point P, then point Q is path-connected to the
initial point O.
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Fig.2 Specific definition example

(4) Connected points: A point P that is directly con-
nected to the initial point O is referred to as a connected
point. In Fig. 2, all black triangles represent connected
points.

(5) Cluster: A non-empty set where any point within the
set is either direct path connected or path connected to an
initial point is classified as a cluster. A cluster D should
satisfy the following two conditions:

@x; € D,x; € D = point x; is path-connected with point
Y- |

@ x; € D, point x; is path-connected with point x; =
x; € D.

As shown in Fig. 2, the defect point marked with a penta-
gon and the surrounding defect points marked with triangles
form a cluster D.

(6) Core cluster: The collection of all clusters sorted
according to the number of data samples from high to low
is 7 =(C},C,,...,C,,...,Cy),whereM > i>2>1, and
select the Num clusters with the most data points from
among them as the core cluster(C;,C,, ..., Cj, ..., Cyyp)s
whereNum > i > 2 > 1. OverallLM > Num.

(7) Noise points: A noise point is a defect point with no
other defect points in its 3 X 3 neighborhood. Similarly, twin
defect points that only have each other in their respective
3% 3 neighborhoods are also considered noise point. For
instance, point G, H and I in Fig. 2 are examples of noise
points.

From the definitions above and as illustrated in Fig. 2, it
can be seen that regardless of whether point O, P, Q, or any
other point marked with a triangle is chosen as the initial
point, a cluster D can always be formed. Therefore, com-
pared to the DBSCAN clustering algorithm, the neighbor-
hood path filtering algorithm does not require identifying
core points of clusters or checking whether points directly
reachable from or density-reachable to core points need to
continue meeting the criteria for cluster expansion. This
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approach reduces computational complexity while still effec-
tively capturing clusters of arbitrary shapes.

2.2 Neighborhood Path Filtering Clustering

In response to the preprocessing challenges posed by mixed
defect pattern wafer maps, this paper introduces the Neigh-
borhood Path Filtering Clustering (NPFC) algorithm, which
circumvents the parameter selection issues encountered in
typical filtering methods and clustering-based filtering meth-
ods. The flowchart of the NPFC algorithm is depicted in
Fig. 3.

(1) Form preliminary clusters by using the initial point
as the core. Identify connected points within the smallest
neighborhood of 3 X 3 around the initial point. Include points
directly or path-connected within this area.

(2) Mark and remove noise points and clusters. Mark
isolated defect points or twin defect points [22] not in any
cluster as noise points, and remove noise points.

(3) Merge clusters. The Num clusters with the largest
number are selected as the core clusters, and the remaining
clusters are merged with the Num clusters as the core. Cal-
culate the distance between the remaining clusters and the

D

’ Preliminary clustering ‘
of wafer map

Mark and remove
noise points and noise clusters

I Set the number of clusters--Num ‘

‘ Sort the number of clusters ‘

v
’ Take the Targest Num clusters ‘
as the core cluster

’ Select the remaining clusters and ‘
Calculate the comprehensive index f. />

A

Merged with eligible core clusters

v

‘ Calculate the combined cluster index--SD I

v

‘ Clustering result at maximum SD }1—

v
C output ><7

Fig. 3 Flowchart of NPFC algorithm
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core cluster, the closest and the farthest distance relationship
between the core cluster and the central origin, and the clos-
est and farthest distance relationship between the remaining
clusters and the central origin. Through the above relation-
ship, it is determined whether the cluster needs to be merged
with the core cluster and which core cluster to merge with.

2.2.1 Preliminary Clustering of Wafer Map

The types of defects in the wafer map are composed of small
clusters. The preliminary clustering aims to form multiple
small clusters while eliminating isolated noise points and
twin noise points. For clarity, the preliminary clustering
steps of the wafer map are illustrated in Fig. 4. The specific
clustering steps are as follows:

(1) First select the initial point. The defect point marked
with a pentagon is designated as the initial point in Fig. 4 @,
and there are two defective points in the 3 X 3 neighborhood
of the initial point.

(2) Divide the connected point and the initial point into
the same cluster. As shown in Fig. 4®, two defect points
found are marked with triangles, and the pentagram mark
and the triangle mark are grouped into the same cluster.

(3) Find the point that is path connected with the initial
point. Query the 3 X 3 neighborhood of the triangle marked
defect point in Fig. 4 ®. Two defect points are found and
marked as triangles, as shown in Fig. 4 @.

(4) Repeat the process of step (3) until there are no
unmarked defect points in the 3 X 3 neighborhood of the
defect points to be queried, as shown in Fig. 4 @, that is, a
cluster is formed.

(5) Repeat steps 1) 2) 3) 4) until all the defect points on
the wafer map are divided into clusters or noise points, as
shown in Fig. 4 ®.

The defect types on a wafer map are all composed of
small clusters. By employing the aforementioned cluster-
ing method, it is possible to capture clusters of any shape.
This approach is versatile and applicable to various types
of wafer maps.

2.2.2 Determine the Number of Clusters in the Wafer Map

Preliminary clustering divides the wafer map into many
small clusters, but the overall defect type pattern of the wafer
map is less than or equal to the number of preliminary clus-
ters. Therefore, it is necessary to determine the total num-
ber of clusters representing the wafer map's overall defect
pattern before proceeding with the merging of these small
clusters. Through the observation of many wafer maps, the
number of defect types in the wafer map is generally 1 to 4.
To prevent the unobserved wafer map may have more defect
types, this article considers the number of defect types to be
1 to 5. Therefore, the number of clusters is also in the range
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Fig.4 Diagram of preliminary clustering

of 1 to 5. When discussing mixed-type wafer maps, the num-
ber of clusters ranges from 2 to 5. This paper proposes a new
clustering similarity index (SD) to determine the number of
clusters in wafer maps. It combines the Silhouette coefficient
and the Mahalanobis distance.

(1) Silhouette coefficient.

The Silhouette coefficient [25] is a way to evalu-
ate the clustering effect. Assuming that the data sample
X = {xl,xz, ,xn} has been divided into number Num
clusters by the algorithm. The silhouette coefficient for a
sample point x; in the k-th cluster is calculated as shown in
Eq. (2-1).

b(i) — a(i)

SO = X a®. b))

ey

Among them, a(i) is the average value of the distance
from the sample point x; and other points in the k-th cluster,
which is used to indicate the degree of separation between
clusters. b (i) is the minimum value of the distance from the
sample point x; and other points in the k-th cluster.

(2) Mahalanobis distance.

Mahalanobis distance [26] is a metric used to evaluate the
similarity between data points. For one-dimensional sample
data, The specific calculation is shown in Eq. (2).

Dy = /(= W= = ) @

When evaluating the similarity between two images
using the Mahalanobis distance, let the sample data of
the first image be X = {x;,x,, ..., X, }T, and the sample data

] D no die
D normal die
. * : x : D defect die
= = = SE - % start point
A connected point
@ noise point
\® i @ ©) @ || neighborhood range
o
*|A * | A *|A %A
A A A 2
— AlA[a > AlA[a[a — A[A[A[A]A] || [ [alalalala
A A A AlA A Al A AlA
[ JEJ
® ® @

of the second image be Y = {y,,y,,....y,}" . The specific
calculation is shown in Eq. (3).

Dy(x,y) = \/ x=y'Z 1 x-y) ©)

In Eq. (3), Z is the covariance matric of x and y.

(3) Clustering similarity index SD.

The silhouette coefficient is a metric used to evaluate
the clustering effectiveness of different algorithms based
on the same raw data. However, when determining the
number of clusters in this study, the comparison is made
between the clustering effects before and after merging or
removing clusters. Since these comparisons involve data
with certain differences, relying solely on the silhouette
coefficient could lead to inaccuracies. Therefore, this paper
uses a combined metric, SD, which integrates both the
silhouette coefficient and the Mahalanobis distance (used
as a similarity measure), to select the appropriate number
of clusters. The calculation method of SD is shown in the
formula (4).

n
SD= 23" S+ Dy(X. V) 4

The larger the silhouette coefficient, the better the cluster-
ing effect. The larger the Mahalanobis distance, the greater
the similarity between wafer maps. Therefore, the larger the
SD, the better. The process for determining the number of
clusters in wafer map clustering is shown in Fig. 5. The
number of clusters, Num, ranges from 2 to 5, and the optimal
number of clusters is the one where the SD is the largest.
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Fig.5 Flowchart for determining the number of clusters

2.2.3 Remove or Merge Wafer Map Clusters

The initial clustering results in many small clusters. To
obtain a clustering result with an appropriate number and
reasonable division of data samples, further cluster merg-
ing and removal are required. Given the number of clusters,
Num, the specific steps for merging or removing clusters
are as follows:

Combine the clusters whose closest distance between
clusters does not exceed \/§ (\/g is the distance from the
center of the entire square to the center of the diagonal
square when the neighborhood is 5 X 5).

Find the largest Num clusters as core clusters and merge
them with other clusters.

Merge or remove clusters. The rule are as follows:

Calculate the radius relationship between the remaining
clusters and the core clusters. Take the center of the wafer
map as the origin. Compute the distance from the origin to
each defect point within each cluster. Use the maximum and
minimum distances from the origin to determine the maximum
and minimum radius distances for each cluster. Then, assess
the relationship between the maximum and minimum radius
distances between the remaining clusters and the core clusters.
The schematic diagram of the radius relationship is shown in
Fig. 6. The red markers indicate the core clusters, and the red
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Fig.6 Schematic diagram of radius distance relationship

arrows represent the maximum and minimum radius distances
of the core clusters.

Figure 6 illustrates the following four possible cases
between the remaining clusters and the core clusters:

Case 1: The radius range of the cluster is entirely within the
radius range of the core cluster, namely:

lein = ROmin’ leax < ROmwc

Case 2: The maximum radius distance of the cluster
exceeds the maximum radius distance, namely:

RZmin 2 ROmin’ RZmax > ROmux

® Case 3: The minimum radius distance of the cluster
exceeds the minimum radius distance of the core cluster,
namely:

R3min < ROmin’RSmax < ROmax

@ Case 4: The radius range of the cluster is completely
outside the radius range of the core cluster, namely:

R4min > ROmin’ R4max > ROmax

If it belongs to the ®@® cases, set a parameter a=1. If it
belongs to the @ case, a=0, directly remove the cluster.

(2) The distance between the cluster and the core cluster.

Assuming that the initial set of clusters after prelimi-
nary clustering is P, = {Cl, C,, ..., CN}, the core cluster
setis P, = {Cl, . CNum}, then the rest of clusters set is
Py = {CNum IR, CN}. Calculate respectively the nearest
distance nDist, the farthest distance fDist, and the average
distance mDist between the sample points in the P, cluster and
those in cluster P;, as shown in Eqgs. (5, 6 and 7).

nDist = min(Dist(X,Y)) (®)]
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fDist = max(Dist(X,Y)) (6)

mDist = mean(Dist(X, Y)) 7)

where X = {xl,xz, ..,xm} represents the sample point of
cluster C; in the core cluster, X € C;, C; € P,. Similarly,
Y = {y1. ¥ ..y, } represents the sample points in cluster C
of the remaining clusters, Y € Cj, C ;€ P,. Dist denotes the
Euclidean distance, min is the minimum value, max denotes
the maximum value, and mean denotes the average value.

(3) The compactness after merging clusters.

Assume X = {x,,xz, xm} where X € C;and C; € P,,
Y= {yl,yz, ..,yn}, whereY € C;and C; € P5. After merging
the data into Z = {x,,x,, ..., X,,, ¥{> Y2, ---» ¥, }» the compact-
ness Den after merging clusters is given by Eq. (8) [27].
The larger compactness of Den is, the more suitable it is to
merge the two clusters.

Den = mean(mean(Dist(Z, Z))) ©))

(4) The closeness index.

The relationship between the radius and distance of com-
posite clustering clusters and core clusters, as well as the
compactness after merging two clustering clusters, establish
the comprehensive indicator of closeness f as the final crite-
rion for whether to merge. The expression of the closeness
index f'is shown in Egs. (9 and 10).

fl =a* Count(cmin(nDist) N Cmax(Den) n C(mDisl<R)) (9)

Jo = a x Count(Cinimpisny N Coninggpisty N Conaxpeny N Combist<k))

(10
where C,,;,..pisr TEPresents the core cluster with the mini-
mum nearest distance to the current clustering cluster,
Cingmisry tepresents the core cluster with the minimum fur-
thest distance to the current clustering cluster, and C,,; . pen)
represents the core cluster with the maximum density after
merging with the current clustering cluster, C,, p;,<g) re€p-
resents the intersection symbol, indicating that the average
distance to the current clustering cluster is less than the
wafer map radius R, N represents the intersection symbol,
and Count() means counting operations.

Regarding the decision of whether to merge or remove a
specific cluster (other than the core cluster), and determining
which core cluster to merge with, the following methods are
used for assessment:

Judge f,. If for any core cluster, f; = 0, then remove that
cluster.

If £, = 1, merge the cluster with the corresponding core
cluster.

If fi > 1, f, = 0, remove the cluster.

If fi > 1, f, = 1, merge the cluster with the correspond-
ing core cluster.

Apply the above judgments to each cluster until all
remaining clusters in the wafer map are either merged or
removed. The process of clustering and filtering on the wafer
map using the above method is illustrated in Fig. 7. Initially,
after preliminary clustering, a preliminary clustering image
is obtained as shown in Fig. 7(b). Then, through determining
the number of clusters, merging, and removing clusters, a
clustered image is obtained as shown in Fig. 7 (c). Finally,
the representation is restored to the original image format,
resulting in the filtered map as shown in in Fig. 7(d).

3 Experimental Results and Analysis

The Neighborhood Path Filtering Clustering (NPFC) algo-
rithm is a filtering method based on clustering concepts. To
validate the effectiveness of the NPF algorithm proposed in
this paper for preprocessing wafer maps with mixed defect
patterns, this section compares its filtering and clustering
performance with several existing methods.

3.1 Dataset
3.1.1 Data

The wafer map data used in this paper is 110 mixed-type
wafer maps selected from the marked wafer maps in the
WM-811 K database provided by Ming-Ju Wu et al. [28].
Among the 110 mixed-type wafer maps, there are 6 wafer
maps labeled Center, 3 wafer maps labeled Donut, 30 wafer
maps labeled Edge-Loc, 8 wafer maps labeled Edge-Ring,
60 wafer maps labeled Edge-Loc, and 3 wafer maps labeled
Scratch. For ease of comparative experimental study, this
paper uses the same 12 wafer maps with an article [24] as in
reference (not duplicated with the 110 wafer maps selected
above). Figure 8 shows the 12 mixed-type wafers.

3.2 Comparison Index

(1) Evaluation index of filtering effect.

Common filtering evaluation indexes are mainly as
follows:

® Mean Absolute Error (MAE).

The smaller the value of MAE, the smaller the deviation
from the original image and the better the image quality.

YL 2 1GG.)) - GG
LxW

MAE = (11)

® Normalized Mean Square Error (NMSE).

NMSE is a measurement method based on energy nor-
malization. The smaller the value of NMSE, the better the
image quality.
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Fig.7 Process of NPFC 40
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. w2 K k 2
> Z —11GG.) — GGl r—K 2nllG° =Gl
NMSE = — (12 CH=p—— 2 @
Zi=127=1|G(l,J)|2 Zk:lZi”Ck_Gk”
® Signal-to-Noise Ratio (SNR). . . . o
The larger the value of SNR, the better the image quality. s #k, [ (Z G =G+ Zjl |C]‘ - GYID
GDI = 22)

T Xl IGGE P
10l0g ol ‘ ] (13)

SNR = L w 2
Y1 2t |GG = GG

Peak signal-to-noise ratio (PSNR).
The higher the value of PSNR, the better the image quality.
2
PSNR = 10l0g;0[— fs xLxW
T XY 1GG.) — GIG. )

(14)

where G(i, j) represents the pixel value of the original image,
G}(i,j) represents the pixel value of the filtered image, and
L and W respectively represent the length and width of the
wafer map.

(2) Evaluation index of the internal clustering effect.

Assuming that the clusters of the clustering results of the
wafer map are divided intoC = (C1 .Gyt CK), the defini-
tions are as follows: the average distance between samples is
Avg(C), the longest distance between samples isdiam(C), the
nearest distance between cluster samples from different clus-
teris d,;, (C;, C; ) and the center distance between clusters is
den(C;, C;), as shown in formulas (15, 16, 17, 18 and 19).

avg(C) = ﬁzlgqm st(x;, %)) (15)
diam(C) = max, ¢; ;< c\dist(x;, x;) (16)

dpin(Ci> Cp) = min, e, e dist(x;, x;) (17)
deen(C;, C;) = dist(p;, 1)) (18)

where p represents the center point of cluster C,
H= ﬁleismxi-

Common metrics used for evaluating internal clustering
performance (Vinh et al. 2009) includes the Davies-Boul-
din Index (DBI), Dunn Index (DI), Calinski-Harabasz (CH)
index, and Generalized Dunn Index (GDI). Respectively as
shown in formulas (19, 20, 21 and 22).

DBI — 1 K avg(Cy) + avg(C-)
~ K& T 0 (19
DI ) ) dmin(C;, C;)
B g;gk{rﬂinmaxlgskdiam(cl) } (20)

maxmax||C* — C¥||
Ko

where G represents the center point of all coordinates, G
represents the center point of all defect point coordinates in
the k-th cluster, r represents the number of all defect points
on the wafer map, and r;, represents the number of defect
points in the k-th cluster. The smaller the value of DBI, the
better the clustering effect. On the contrary, the larger the
value of DI, CH, and GDI, the better the clustering effect.

(3) Evaluation index of the external clustering effect.

The Infinite Warped Mixture Model (WMM) is a non-
parametric Bayesian model that can find non-linearly sepa-
rable clusters with complex shapes (non-Gaussian distribu-
tion). Through the warping process, complex shapes with
non-Gaussian distributions can be modeled in the latent
space using simpler Gaussian distributions, so that the model
can be effectively inferred [23]. For a detailed introduction
to iWMM, please refer to the paper [23, 24].

In addition to internal clustering indicators, In addition to
internal clustering metrics, this paper also uses three exter-
nal metrics of the iWMM model to compare with adjacency
clustering [24]. The definitions of the three external indica-
tors are as follows:

Assuming that the true label of the data set D is
L= iLl,Lz, ,Ln} , the predicted label is

L= Zl s Zz, ey Zn } TP, FP, TN, and FN respectively rep-

resent the number of samples that meet the four conditions
in Table 1, then TP+FP+ TN+ FN is equal to the total num-

ber of samples N of the dataset D.
® Rand Index (RI)

B TP + TN
" TP+ FN+FP+TN

(23)

It can be seen from the above formula that the range of RI
is [0, 1]. When the predicted label is completely inconsist-
ent with the real label, RI=0. When the predicted label is
completely consistent with the real label, RI= 1. Therefore,
the larger the value of RI, the more accurate the prediction.

Table 1 Four relationships between true labels and predicted labels

True label Predict ~ Positive Negative

Label

Positive TP(True Positive) FN(False Negative)
Negative FP(False Positive) TN(True Negative)
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® Adjusted Rand Index (ARI)

N % (TP + FN) — [(TP + TN)(TP + FP) + (FP + FN)(TN + FN)]
- N2 — [(TP + TN)(TP + FP) + (FP + FN)(TN + FN)]
24
The larger the value of ARI, the more similar the pre-
dicted label and the real label, and the more accurate the
prediction result.
® Normalized mutual information (NMI)

ARI

wmiL b = 2D (25)
H(L,T)
D= Y0 P iy ik )
) i=1 ddj=1 (Z§:1nij)(ziL:1nij)/n2 (26)
~ L L 1 n;/n
H(L,L) = Zi:lZEl;log((zL—n-.)/n) (27)
i=1"j

where n; represents the same number of samples that have
the same true label belonging to cluster i and the predicted
label belonging to cluster j, n represents the number of clus-
ter samples in the cluster. The larger the NMI, the better the
clustering effect.

Fig.9 Comparison of median

Original
filtering and NPFC

(@)

(b)

(©

(d)

(e)

®
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3.3 Experimental Result and Comparison
3.3.1 Comparison of Filtering Effects

To validate the filtering effectiveness of the method pro-
posed in this paper, a comparison was made with median
filtering(MF) using four filtering evaluation metrics: MAE,
NMSE, SNR, and PSNR. The filtering effects of NPFC and
MF on the 12 wafer maps are shown in Fig. 9. The results
for the 110 wafer maps are shown in Table 2, and the com-
parison of filtering metrics for the 12 wafer maps is pre-
sented in Table 3. In all tables of the paper, superior data is
highlighted in bold, with “1” indicating that a higher value
is better for that metric and “|” indicating that a lower value
is better.

From the visual comparison in Fig. 9, it can be observed
that compared to median filtering, NPFC method’s wafer

Table 2 Comparison of the filtering effect of 110 wafer maps

Average value(|) Number of supe-

rior values(t)

method MF NPFC MF NPFC
MAE 0.0327 0.0238 11 99
NMSE 0.0270 0.0179 11 99
SNR 16.3432 19.6420 11 99
PSNR 64.1825 67.2271 11 99
NPF original MF NPF

(@

(h)

(M)

0

(k)

®
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Table 3 Comparison of the

filtering effec?of 12 wafer maps MAEW) NMSED) SNR( PSNR(D

MF NPFC MF NPFC MF NPFC MF NPFC

(a) 0.0679 0.0608 0.0609 0.0545 12.16 12.63 59.81 60.29
(b) 0.0598 0.0688 0.0395 0.0455 14.03 13.42 60.36 59.75
(c) 0.0608 0.0544 0.0530 0.0475 12.76 13.24 60.29 60.77
(d) 0.0728 0.0532 0.0419 0.0306 13.78 15.14 59.51 60.87
(e) 0.0603 0.0415 0.0502 0.0340 12.99 14.69 60.26 61.95
® 0.0603 0.0554 0.0484 0.0428 13.15 13.69 60.16 60.69
() 0.0635 0.0422 0.0439 0.0290 13.57 15.38 60.07 61.87
(h) 0.0591 0.0522 0.0495 0.0427 13.05 13.69 60.31 60.95
@) 0.0476 0.0527 0.0266 0.0294 15.75 15.31 61.35 60.91
) 0.0681 0.0681 0.0604 0.0591 12.19 12.28 59.71 59.80
k) 0.0059 0.0039 0.0063 0.0042 22.00 23.76 70.45 72.21
(o) 0.0128 0.0071 0.0154 0.0085 18.13 20.71 67.06 69.65

images (a) to (k) have removed more noise points while
retaining the main spatial patterns intact. In contrast, the
wafer image (1), after median filtering, shows that the basic
spatial patterns have been disrupted, whereas the NPFC
method retains them completely. According to the compari-
son results of the four evaluation metrics—MAE, NMSE,
SNR, and PSNR—shown in Tables 2 and 3, the NPFC
algorithm scores higher in most of these indicators than the
median filtering method. In the comparison of 110 wafer
images, the NPFC method has a superior number of 99 in all
four indicators, which is significantly higher than the median
filtering. Additionally, the average values are better with the
NPFC than with the median filtering. Therefore, the NPFC
algorithm proposed in this paper is superior to the median
filtering method.

3.3.2 Comparison of Clustering Effects

(1) Comparison of SD index for different numbers of
clusters.

When determining the number of clusters Num, the SD
index is used to determine the number of clusters. The larger
the value of the SD index, the better the cluster effects.
Therefore, the number of clusters corresponding to the maxi-
mum SD value is chosen as the final number of clusters. The
SD indicators for different numbers of clusters for the wafer
images are shown in Table 4 (clustering stops when Num
exceeds the actual number of core clusters that the wafer
images can form, hence some cluster numbers do not have
data).

From Table 4, it can be seen that only the wafer image (c)
has a final cluster number of 3, while the other images have
a cluster number of 2. Upon comparison, these results align
with the actual number of clusters that should be present in
the wafer images. Similarly, for the remaining 110 wafer
images, the determined number of clusters also meets the

Table 4 Comparison of SD index for different numbers of clusters

Number of cluster Num

2 3 4 5
(a) 2.3994 \ \ \
(b) 2.2649 \ \ \
© 2.4018 2.4597 \ \
(d 2.3014 \ \ \
(e) 2.3748 \ \ \
® 2.2566 \ \ \
(@ 2.2545 \ \ \
(h) 2.2011 2.1231 2.0859 \
@) 2.5110 2.4622 \ \
) 2.6256 2.5443 2.5885 2.5719
®) 27577 \ \ \
M 1.8269 1.6912 1.7372 1.7886

expected requirements. Therefore, the method used in this
paper to determine the number of clusters is feasible.

(2) Comparison of the NPFC clustering and K-means
clustering.

The NPFC method is a filtering technique based on the
clustering process. Therefore, this paper compares the clus-
tering process of the NPFC method with the traditional
K-means clustering method using four clustering indica-
tors: DBI, DI, CH, and GDI. The clustering results for 12
wafer images using different clustering methods are shown
in Table 5, while the clustering results for 110 wafer images
are illustrated in Fig. 10.

From the comparison of the four clustering indicators for
the 12 wafer images in Table 5, it is evident that the NPFC
algorithm has an absolute advantage over the K-means
algorithm in terms of the DBI, DI, and GDI indicators. For
the CH indicator, both algorithms perform similarly. Addi-
tionally, from the comparison of the optimal clustering
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Table 5 Comparison of four

indexes of different clustering DBI) DIt CHD GbI

methods for 12 wafer maps kmeans NPFC kmeans NPFC kmeans NPFC kmeans NPFC

(a) 0.3671 0.2857 14.5602 18.0278 322.49 407.82 0.1707 0.1926

(b) 0.9136 0.5303 1.0000 3.0000 661.41 471.97 0.2269 0.2974

(©) 0.4669 0.4142 6.3246 4.1231 278.85 294.27 0.2245 0.3121

(d) 0.8591 0.4622 1.0000 8.6023 941.30 371.92 0.2021 0.2758

(e) 0.4808 0.3891 9.4868 9.4868 344.92 330.16 0.2803 0.3653

() 0.6830 0.3947 1.0000 3.0000 603.01 531.26 0.1843 0.2677

(2) 0.6668 0.5799 1.0000 2.2361 845.76 537.65 0.2021 0.3093

(h) 0.9224 0.4494 1.0000 9.4868 378.02 211.20 0.2094 0.4642

(i) 0.5573 0.4226 1.0000 8.5440 1677.13 1791.71 0.2225 0.2781

) 0.4131 0.1386 1.0000 48.7545 631.11 970.36 0.2142 0.3075

(k) 0.1205 0.1205 30.4138 30.4138 940.71 940.71 0.3035 0.3035

) 0.5225 0.5177 1.0000 6.4031 217.70 120.26 0.3709 0.2195
demonstrates a decisive advantage over the AC method,
Number of superior values with higher scores in all three metrics. Overall, the cluster-
120 110 ing effectiveness of the NPFC algorithm is superior to that

102 . .
100 of the Adjacency Clustering method.
80 7 74 The effectiveness of clustering mixed defect pattern
60 | wafer maps using the iWMM method is shown in Fig. 11.
43
40 38 mkmeans From the visual results in Fig.11, this study also demon-
20 18 o I I | NPEC strates good clustering performance.
0 .
DBI | DI | CH | GDI
‘mkmeans| 8 | 0 | 43 | 36 3.3.3 Algorithm Complexity Analysis
(=NPFC | 102 | 110 | 67 | 74

For two-dimensional data, the basic time complexity of

Fig. 10 Comparison of the optimal clustering results for the 110
wafer images

indicators for the 110 wafer images shown in Fig. 10, it can
be observed that the neighborhood path clustering outper-
forms the K-means clustering. Therefore, the neighborhood
path filtering algorithm proposed in this paper is superior.

(3) Comparison of NPFC algorithm and Adjacent Clus-
tering algorithm.

The Adjacent Clustering (AC) [18] is a graph-theoretic
clustering method, and it is also a method designed for
mixed types of wafer maps. In this paper, we compare the
clustering performance of the NPFC method with the Adja-
cency Clustering method using the clustering metrics and 12
wafer images referenced in [22]. The comparison results are
shown in Table 6 and 7.

From the comparison of the clustering metrics CH and
GDI in Table 6, it is clear that the clustering performance
of the method proposed in this paper is significantly bet-
ter than that of the Adjacency Clustering (AC) method.
Furthermore, as shown in Table 7, for the RI, ARI, and
NMI indicators, the NPFC method presented in this paper

@ Springer

the traditional DBSCAN algorithm is O(n?)[29]. The
Adjacency Clustering (AC) algorithm, which is based on
graph theory, also has a time complexity ofO(n?). This is
because it involves calculations for both the separation
function and the deviation function for any two different
defect points [24]. In contrast, the NPFC algorithm only
requires repeating the process of merging and removing
clusters four times when determining the number of clus-
ters. Therefore, the time complexity of the Neighborhood
Path Filtering algorithm isO(4n), that is,0(n).

The space complexity of the traditional DBSCAN algo-
rithm is O(n?). The Adjacency Clustering (AC) algorithm
requires storing the relationships and weights between
defect points, as well as a binary label for each defect
point, resulting in a space complexity of O(n?). In contrast,
the Neighborhood Path Filtering algorithm only needs
to store the relevant metric data for four different clus-
ter numbers during the selection process. Consequently,
the space complexity of the Neighborhood Path Filtering
algorithm is O(4n), that is, O(n). Based on the complexity
analysis, the proposed method in this paper is more effi-
cient than both the traditional DBSCAN algorithm and the
AC clustering algorithm.
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(2)

(b)

(©)

(d)

(e)

S

Original

NPF

Fig. 11 iWMM result of wafer map

Table 6 Comparison of CH and GDI index of different clustering

NPF-iWMM

4

methods

CH(1) GDI(1)

AC NPFC AC NPFC
(a) 703.0000 407.8214 0.1950 0.1926
(b) 218.0000 471.9661 0.2850 0.2974
(©) 682.3000 294.2727 0.2280 0.3121
(d) 254.8000 371.9185 0.3020 0.2758
(e) 222.8000 330.1629 0.2760 0.3653
®) 304.4000 531.2631 0.2810 0.2677
(2) 148.4000 537.6503 0.2600 0.3093
(h) 240.8000 211.1955 0.3200 0.4642
@) 593.4000 1791.7148 0.2230 0.2781
Q) 1565.8000 970.3568 0.2150 0.3075
(k) 8266.1000 940.7053 0.3000 0.3035
(0] 54.7000 120.2559 0.1840 0.2195

Original NPF NPF-iWMM

(g)

(h)

(i)

LT

)

(k)

)

'
!

4 Conclusion

This chapter proposes a Neighborhood Path Filtering Clus-
tering (NPFC) algorithm based on clustering concepts for
wafer maps with mixed defect patterns. The algorithm
extends clustering within the neighborhood range of defect
points on the wafer map. It determines the number of clus-
ters by using a comprehensive metric combining the silhou-
ette coefficient and the Mahalanobis distance. Additionally,
it uses indicators designed from compactness, distances
between clusters, and the radius relationships between
clusters and the center of the wafer map to decide whether
clusters should be merged. The NPFC algorithm does not
require the confirmation of defect points as core points or
the assessment of whether points are density-reachable or
density-connected to core points, as in the DBSCAN algo-
rithm. Despite this, it can still effectively identify clusters of
arbitrary shapes. The paper compares the filtering effect of
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Table 7 Comparison of RI,

AMI, and NNE)I of different RI(T ARI(T) NMI(D)

clustering methods AC NPFC AC NPFC AC NPFC
(a) 0.9850 1.0000 0.9700 1.0000 0.9160 0.9566
(b) 0.9310 1.0000 0.8510 1.0000 0.7990 0.8927
(c) 0.9800 0.9929 0.9610 0.9894 0.9060 0.9226
(d) 0.9430 1.0000 0.8690 1.0000 0.8410 1.0000
(e) 0.9670 0.9977 0.9320 0.9955 0.8760 0.6749
) 0.9560 0.9684 0.9080 0.9369 0.8450 0.9379
(€3] 0.9390 0.9502 0.8770 0.9010 0.8120 0.6751
(h) 0.9230 1.0000 0.8300 1.0000 0.7900 0.6596
@) 0.8560 0.9996 0.6610 0.9991 0.6860 0.9841
) 0.9850 1.0000 0.9690 1.0000 0.9170 1.0000
(k) 0.9900 1.0000 0.9790 1.0000 0.9360 1.0000
O 0.9850 1.0000 0.9680 1.0000 0.9360 1.0000

12 mixed-type wafer maps that is better than median filter-
ing. This paper compares the proposed method with exist-
ing methods in terms of filtering performance, clustering
performance, and infinite Gaussian mixture warping effects.
Based on the visual results and the quantitative comparison
of various metrics, the results consistently indicate that the
proposed method is superior.

The data that support the findings of this study are avail-
able from the corresponding author upon reasonable request.
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