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Abstract: The semiconductor manufacturing process involves long and complex activities, with intensive use of
resources. Producers compete through the introduction of
new technologies for increasing yield and reducing costs.
So, yield improvement is becoming increasingly important since advanced production technologies are complex
and interrelated. In particular, Wafer Bin Maps (WBMs)
presenting specific fault models provide crucial information to keep track of process problems in semiconductor manufacturing. Production control is often based on
the "judgement" of expert engineers who, however, carry
out the analysis of map templates through simple visual
exploration. In this way, existing studies are subjective,
time consuming, and are also limited by the capacity
of human recognition. This study proposes a networkbased data mining approach, which integrates correlation
graphs with clustering analysis to quickly extract patterns
from WBMs and then bind them to manufacturing defects.
An empirical study has been conducted on real production data for validating the proposed clustering algorithm,
which showed a perfect correspondence between the malfunction patterns found by the algorithm and those discovered by human experts, so confirming the validity of our
approach in its ability of correctly identifying actual defective patterns to help improving production yield.
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1 Introduction
Semiconductor production involves lengthy and complex
processes, employing a significant amount of resources.
Manufacturers contend by means of increasing research
on new technologies to improve integrated circuit (IC) production yield and to reduce manufacturing costs [1–3].
Yield analysis is an activity common to all manufacturing companies of semiconductor devices on an industrial
scale. It consists of identifying problems related to the production cycle by analysing the number and distribution of
defective chips on a wafer [4, 5]. This is an extremely expensive activity from the point of view of the employed human resources because it requires the visual exploration
of thousands of wafer maps (graphical representations of
the distribution of defective chips on the silicon wafers produced) and analysis of a huge amount of (not only) electrical related data [6–8].
In any case, the objective is to increase production
yield. This is accomplished in two phases: a) identifying
yield "detractors"; b) changing the design processes, or
modifying the equipment (maintenance, replacement) to
eliminate these detractors from the production line.
On the other hand, yield (percentage of chips working
on a wafer) analysis is absolutely essential, because it is
linked directly to the marketing and the potential profit
margin of produced devices. Schematically, this activity
can lead to a problem of recognition of failure patterns in
a high noise environment, or how to bind the data to different wafers based on patterns that are not known "a priori"
(search for unknown problems, or clustering).
In the past, this was done typically by means of traditional statistical methods [9, 10], which are not much efficient in detecting failure patterns related to production
line drawbacks. On the other hand, today there are several "intelligent" machine learning algorithms which are
much more suited to analyze wafer maps in order to discover their failure patterns [3, 11–13]. In particular, Kang
et al. [6] follow a data-driven approach which simplifies
the analysis process because no domain knowledge is required. They consider the die positions in a wafer to char-
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acterize the failure patterns (and thus the yield) related to
the wafer center.

models are based on a measure of similarity (or distance)
between observations. By assigning a dataset D consisting
of m observations, it is possible to represent each observation using an n-dimensional vector, where n represents the
Clustering methods
number of attributes measured for each observation. We
The method of analysis presented in this paper is part of a can then represent the dataset through a rectangular mabroader set of clustering algorithms, which aim at group- trix X = [m × n] and compute the square symmetrical maing elements of a dataset into homogeneous groups (clus- trix S = [m × m] where each element (i, k) represents the
ters) in such a way that elements belonging to the same similarity (or distance) between the i-th and the k-th elegroup are similar or related to each other, and elements ment. The definition of an appropriate notion of similarity
belonging to different groups are dissimilar or not related or distance depends on the nature of the attributes that are
to each other [14].
measured in correspondence to the elements that belong
Clustering methods can be divided into basic types ac- to the dataset to be analyzed (e.g. Euclidean, Manhattan,
cording to the logic of clustering construction:
Mahalanobis distance, etc. [17]).
It is usual to evaluate clustering models by calculating
– Partitioning methods: they divide the dataset into a
certain performance indicators. One of the most common
fixed and known k number of non-empty clusters.
is the silhouette coefficient [19], which combines the meaThey are applicable to medium-sized datasets. The
surement of intra-cluster cohesion with the measurement
most representative is the k-means clustering [15].
of inter-cluster separation, varying in the range [−1, +1]:
– Hierarchical methods: they derive multiple cluster
positive values close to one are an index of ideal clustersubdivisions, exploit the tree structure and use difing. The overall silhouette coefficient is computed as the
ferent threshold values within each cluster and inhoaverage of the coefficients of the individual observations
mogeneity thresholds between distinct clusters [16].
of the dataset.
– Density-based methods: they use local density for
The interpretation of the large amounts of data proone observation, so that it considers not less than
duced by semiconductor manufacturing requires new effia prefixed number of neighbors (established by the
cient strategies to reduce the sizes involved. Clustering aldecision maker); they are able to isolate outliers [17].
gorithms typically group wafers into clusters of similar pro– Graph-based methods: they use graph partitioning
files in order to identify possible functional relationships
algorithms, and use a scattered representation of the
between them. Similar problems are found in the analysis
initial dataset [18].
of large networks, where the subnets that meet certain criA second breakdown concerns the way in which obser- teria can be extracted (such as the search for web pages on
vations are allocated to individual clusters:
the same subject) [20].
The clustering approach for discovering defective pat– Exclusive assignment: each observation is assigned
terns
in Wafer Bin Maps is a widely covered approach in
to a single cluster.
– Soft attribution: each observation can belong to sev- literature. Kim et al. [21] analyse the detection and separation of mixed-type defect patterns into clusters, with
eral clusters with different degrees of belonging.
– Full attribution: Each observation is assigned to at the aim of matching each cluster to a well-known defect
type or discovering a new defect pattern. In this paper, auleast one cluster.
– Partial assignment: some observations may not be thors propose the connected-path filtering method to reassigned to any cluster; they are very useful to iden- move "noise" from WBMs; then the infinite warped mixture model is adopted for the clustering of mixed-type detify the presence of outliers in the dataset.
fect patterns. Chia-Yu Hsu [22] uses "clustering ensemble",
Most clustering methods are heuristic in nature, genin which Wafer Bin Map pattern extraction is made in orerating good quality clusters but it is difficult to speak of
der to recognize systematic defect patterns efficiently. This
"optimality". An exhaustive method for the subdivisions of
approach integrates data transformation with k−means
m observations into k clusters requires examining a (proand particle swarm optimization (PSO) clustering algohibitive) number of solutions [17]. It is therefore necessary
rithms, assessing results through adaptive response theory
to use algorithms that do not follow a merely exhaustive
(ART) neural networks. In [23] Hang Dong et al. analyse
approach; they should rather take into account the structhe spatial patterns of defective chips on Wafer Bin Maps,
ture of the dataset in order to perform clustering efficiently
proposing a wafer yield prediction model that incorpoand effectively. Beyond these considerations, clustering
rates the spatial clustering information in functional test-
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ing. Liukkonen and Hiltunen [24] combine Self-Organizing
Map (SOM) network and k−means clustering algorithm for
analysing systematic defect patterns on spatially oriented
wafer maps.
Beyond the above clustering methods, we propose a
method which belongs to the class of "graph based" clustering methods. It performs a non-exclusive (each wafer
can be assigned to more than one cluster) and partial
(some wafers — typically outliers — may not belong to any
cluster) attribution. In particular, our method deals with a
computationally simple method for clustering defect patterns based on a "linearization" of the positions of the dies
on the wafer map surface. This allows a generalization of
the analysis, regardless of the individual spatial distribution of defective chips, also mitigating the effects of "excursions" through the monitoring and diagnosis of the causes
of failure due to extraordinary events such as incorrect operation, malfunction of machinery or contamination.
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ious shapes of random or repetitive type); c) in the same
wafer area (this obviously does not apply well to random
failures); d) with different spatial extensions.
An operation often performed to investigate the problems of a device is to run, on an adequate number of
wafers, a bar graph representing the relative frequencies of
electrical failures in descending order, where the bin relative to the functioning chip is removed from the graph. This
graph is called "Pareto bin" (Figure 1) and it helps to understand which electrical failures weigh more and should be
addressed first to try to understand their causes.

2 Materials and Methods
2.1 Wafer manufacturing critical factors
The critical factors that help maintaining a competitive
advantage for semiconductor wafer factories include low- Figure 1: Example of a Pareto bin diagram representing the relative
ering costs through the streamlining of production and frequencies of electrical failures.
increasing yield through a rapid response to excursions
(when process or equipment shift out of specifications)
[7, 25, 26]. In particular, the problems which originate deThis diagram is a strong descriptive tool for random defects have to be detected in time and the related causes fects. In addition, an electrical failure rarely occurs alone,
should be resolved as soon as possible to reduce the large but very often in conjunction with other ones (e.g. physiamount of wafers discarded.
cal corrosion, electrical leakage and shorts). So, in case of
In addition to the in-line control for the detection of problems, a single bin (i.e. a single failure configuration)
chip failures, some electrical tests are performed (circuit rarely changes its position in the diagram.
probe — CP) on the final product. The tests are performed
Moreover, yield learning is an activity that allows the
on all devices manufactured; each die undergoes a pre- identification of yield detractors; basically, it is a classificadetermined ordered series of electrical measurements. As tion of defects affecting devices. The eventual result of this
soon as a chip does not pass a particular test it is marked phase is the compilation of a yield Pareto diagram (see Figand, except in special cases, it does not undergo any addi- ure 2), used by engineers to analyze and identify the causes
tional testing. Test results can be analyzed at different lev- of failure that may influence the yield by means of a deels: "die" (for each mold of the wafer the particular "bin" in tailed list of defects, sorted by the impact that they have
charge of the event is shown), "wafer" (each wafer is asso- on the final result. A considerable amount of operational
ciated with a vector containing, for each test, the number data of electrical tests [27] forms the basis of the activity of
of failed devices), "lot" (an average of the wafer-level data). yield learning.
A "human" analyzer can recognize as belonging to the
In semiconductor manufacturing there is an imporsame cluster defective slices: a) having the same set of fail- tant computing need for the fulfillment of an expert system
ures (electrical conductivity, etc. detected after thermal, capable of "clustering" [28] (i.e. putting together) wafers
mechanical and electrical stresses); b) with the same spa- with similar sets of failures in similar zones, with similar
tial arrangement (e.g. spatially adjacent defects, with var- shapes but with different variable spatial extensions. For
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cal) test results, in which "green" devices have passed all
tests and other colors represent various types of failures.
WBM patterns can provide very useful information to monitor the production process and products [31].

Figure 2: Example of a yield Pareto diagram.

example, a "half-moon" pattern can be very small or very
large, but it retains the same shape and it is located in the Figure 3: An example of Wafer Bin Map: green color shows functionsame area of the wafer: this identifies wafers belonging to ing regions, whereas the other colours represent various types
of failures (source: https://en.wikipedia.org/wiki/Substrate_
the same cluster.
mapping).
These "identified problems" make up an important
knowledge base (also known as rules or defect patterns
[23]) useful for dealing with manufacturing problems.
Since modern manufacturing facilities are equipped
Then, in the production line, a wafer’s defects can be comwith
C.I.M. (Computer Integrated Manufacturing) systems,
pared with the set of known defect patterns [29] to verdata
collection is no longer an important issue. Moreover,
ify the possible presence of already known "rules": if the
defective wafer does not belong to any known feature (at there are also very widespread off-line data analysis sysleast with an acceptable degree of confidence), a new de- tems based on data warehouses [26, 32]. However, it refect pattern is submitted to the attention of the analyst mains the problem of "scouring" the relevant data from the
who, if that pattern is internally consistent, formalises the huge mass arising from the analysis of production in order
recognition of a new yield issue (rule) and inserts it in the to obtain information that can help analysts in the timely
resolution of problems and optimization of yield.
database of known issues.
Wafer Bin Maps are multi-dimensional and are
equipped with complex spatial structures, able to provide
information essential to identify problems in the produc2.2 Wafer Bin Maps
tion process.
Figure 4 shows some examples of WBMs’ patterns of
A largely used and useful tool for yield management are
defects
[30] where different grey levels denote defective
the Wafer Bin Maps (WBMs) [4, 13, 28, 30, 31]. Such maps
present specific fault models and provide crucial infor- chips in different functional tests (dark = working chip,
mation to keep track of process problems in semiconduc- light = defective chip). WBM defect patterns can be clastor manufacturing. Production monitoring often relies on sified into three main categories [5, 8, 22]:
the "evaluation" of experts who visually explore map templates: such approach leads to a biased judgement, it is
time consuming and it is also limited by the ability of human perception.
A Wafer Bin Map is the result of the "circuit probe"
check of the dies on the wafer at the end of production.
Figure 3 shows an example of a WBM, which is a spatial
representation of the (thermal, mechanical and/or electri-

Systematic defects: the positions of the defective chips
in the wafer show the spatial correlation. For example, ring, board, checkerboard patterns. Figure 4 (1–10)
shows some systematic patterns often found in factory,
as defined by experts.
Random defects: lack of spatial clustering or clearly
identifiable patterns. Defective chips are randomly dis-
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tributed in the two-dimensional map. Random defects
are usually caused by environmental factors in the
production process. Even in an almost sterile environment, polluting particles can not be removed completely. However, reducing the level of random defects
may improve the overall productivity in the manufacture of wafers.
Mixed defects: they are made of random and systematic
defects [21] (last pattern in Figure 4): most wafers have
maps of this type. It is appropriate to separate random
from systematic defects in WBMs, since systematic defect patterns can reveal a process problem [33].
In some cases, due to the particular spatial distribution of the defects on the surface of the wafer, it is also possible to formulate hypotheses as to which production step
may have caused the fault. For example, the checkerboardlike (also called repetitive) faults are almost certainly due
to a lithography process [13], so that the problem may be
related to a particular pattern. Often, a view of wafer bin
maps of an entire production lot is used, obtaining a noise
reduction.
(1)

(6)

Systematic

(2)

(7)

Random

(3)

(4)

(8)

(9)

(5)

(10)

large amounts of data collected from production and the
results can help engineers to make the right decision to
classify failure patterns.
Following a networking approach, we have developed
a "relaxed" clustering algorithm which allows the rapid
extraction of failure patterns in order to associate them
with defective manufacturing processes. A practical application of the clustering algorithm has been carried out on
real production data for its validation, with encouraging
results for a more complete development of an expert system aimed at the automated control of wafer production
yield.
The yield data used for testing our algorithm have
been acquired from 1817 wafers coming from 78 lots, indicating – for each chip – the relative bin value. Each wafer
is divided into 577 chips for a total of 1,048,409 chips, each
of which is accompanied by the following information: a)
Lot Id; b) Wafer Id; c) Die X/Y coordinates (see Figure 5);
d) Bin value (see the supplemental file in Section 4, which
shows the dataset without the batch references).
Bin values are in the range 0–56, with 0 = working chip
and 1–56 corresponding to 56 different failure configurations. Each bin (which was originally a pair of alphanumeric characters representative of a particular combination of chip malfunctions) was encoded as follows:
– value 0 has been assigned to the most frequent bin
(which corresponds to the working chips);
– whole numbers 1 to 56 were progressively assigned
to the successive bins in the relative frequency scale,
so that the value 56 corresponds to the rarest bin
(malfunction).

Mixed

Fig. 2.4 (Hsu and Chien, 2007)

Figure 4: Examples of patterns of systematic (1–10), random and
mixed defects in wafer maps, where dark regions correspond to
working chips and light regions to defective chips (source: Hsu and
Chien, 2007).

2.3 Our approach
In this work we present a data mining hybrid approach
that integrates cluster analysis and spatial statistics [21–
24, 30, 34] to quickly extract patterns from WBMs and associate them with manufacturing defects. The analysis of

Fig. 2.5 (Hsu and Chien, 2007)
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All bin values are sorted by progressive relative frequency;
and each chip is assigned the bin value given by the most
frequent one from all maps in the corresponding position.
The bi-dimensional coordinate system (DieX ∈
[−9, 17], DieY ∈ [0, 26]) was uniquely mapped — for simplicity — to a one-dimensional array (indexed between 1
and 577), while maintaining [24, 34] the concept of "adjacent chips" (see, for example, the two patterns shown in
Figure 6) or same electrical failures with different patterns
as shown in Figure 7. This isomorphic transformation of coordinate systems does not affect the search for patterns because the interrelationship between the single portions of
the wafer map is preserved.
For the implementation of the clustering algorithm
we run the Mathematica 10 and Orange data mining software on an Apple macOS server with dual Intel Quad-Xeon
and 12GB of RAM. In particular, numerical and matrix
manipulation functions, bi- and tri- dimensional graphic
packages, graph management libraries and the NeuralNet-
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Figure 5: The real wafer spatial coordinate system on which our
model is based, where the four corners do not belong to the pattern.

Figure 6: Some examples of "adjacent" chips (defective chips are
shown in red).

Figure 7: Examples of electrical failures with different spatial patterns (defective chips are shown in red).

works module have been used. When possible and necessary, calculations were performed in parallel (up to 8 kernels) using the native parallel processing capacity of Mathematica.

1. Read the input bi-dimensional array X made of n
rows, one row per wafer, and m columns, one for
each chip of the wafer. The array X is obtained from
each wafer bin map of the dataset, putting in its (577)
columns the bin values corresponding to the wafer
chips, according to the system coordinates in Fig.
5 (see also the attached supplemental file, which
shows the actual 1817 wafers of the dataset, each
with its 577 bin values.)
2. The n × n correlation matrix C is defined on all wafer
(m−dimensional vector) pairs (x k , x l ), k, l = 1 . . . n,
whose elements are computed using the Spearman
correlation coefficient ρ, defined as the Pearson correlation coefficient between the ranked variables
[35]. The m raw scores for each vector x are converted
to ranks r and the correlation coefficient between x k
and x l is computed as
∑︀
2
6 m
j=1 d j
c k,l = 1 − 2
∈ [−1, 1]
(n − 1)n
where d j = x k (j) − x l (j). The coefficient c k,l is discarded if it does not pass the statistical
significance
√︀
test on the random variable z = ρ(N − 1) (the test
is applicable [35, 36] since the sample size is greater
than 20). Note that the correlation coefficient is applied in absolute value. In fact, in the next step of
the algorithm two nodes k and l are connected only
if the absolute value of their correlation coefficient
c k,l is equal or higher than the threshold θ1 .
3. Let θ1 be a fixed threshold defining an open interval of symmetrical comparison (−θ1 , θ1 ) and let us
build the adjacency matrix A between wafers whose
elements a k,l , k, l = 1 . . . n, are defined as follows:
{︃
0 if c k,l ∈ (−θ1 , θ1 )
a k,l =
1 otherwise
4. An undirected (correlation) graph G is built from the
adjacency matrix, with edge weights equal to the correlation coefficients c k,l . This graph has one node
for each selected wafer; links between nodes correspond to the presence of a correlation between them
(see Figures A5 and A6).
5. A clustering coefficient k i is associated to each node
i belonging to the correlation graph:
ki =

3 The Relaxed Clustering Algorithm
The clustering algorithm steps are:

2α
∈ [0, 1]
𝛾 (𝛾 − 1)

where α is the number of triangles (a triangle is a
cluster of three directly and fully connected nodes)
having node i as one vertex and 𝛾 is the number of
nodes directly linked to i.
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6. Le us fix θ2 ∈ [0, 1] as a clustering threshold. From
the graph G we induce a subgraph H made of all
nodes i ∈ G (and related edges e) with relaxed clustering coefficient greater than or equal to θ2 : H =
{nodes i ∈ G and related edges e : k i ≥ θ2 }. The
relaxed clustering coefficient of a node i is given by
the maximum clustering coefficient among k i and
those of the nodes directly connected to it up to a predetermined maximum distance δ: this gives a "dragging" effect by the surrounding nodes, better taking
into account the complex structure of the relations
between the graph nodes (wafers) than the simple
clustering coefficient of each node.
7. From this subgraph we extract all connected components (made of at least two linked nodes) representing the clusters corresponding to the values chosen
for thresholds θ1 and θ2 .
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and directly connected to it, as shown in the examples provided in Section 5.
Our algorithm (which has been also applied, in its simple double threshold form, in a biological context with positive results [37, 38]) is based on the concept of curvature
[20, 39] applied to the network (aka correlation graph, see
Figures A5 and A6 in Section 5) of related wafers, where
nodes represent devices and edges represent correlations
between them. Typically the Spearman rank correlation coefficient ρ is used because it is not limited to a linear correlation [10] and it is less sensitive to possible high outliers
in the tails of both samples. On the contrary, if a normal
behavior is observed in data, then it would be preferable
to use Pearson’s correlation coefficient because it is simpler and less computationally expensive. In our case not
all distributions of bin values were normal, so we chose to
use Spearman’s rank correlation coefficient.
Whichever correlation method is used, it has to be folThe above illustrated algorithm is based on correlation
lowed by computing each coefficient, and a statistical sigcoefficients, combining a network analysis technique with
nificance test has to be passed as well. Possible tests for asthe classical clustering for the study of wafer failures. It
sessing correlations [35, 36] are z−, t− or F−test according
uses two parameters (correlation threshold θ1 and clusterto the correlation method chosen. We adopted√︀the z−test
ing threshold θ2 , as specified in the steps 3 and 6 of the
(which is based on the random variable z =
ρ(N − 1))
algorithm), resulting in a flexible and effective ability to
for normal distributions, and
the
t−test
(which
is
based
on
√︀
analyze the sensitivity of the results in response to the parthe random variable t = ρ/ (1 − ρ2 )/(N − 2)) for other disticular configuration chosen.
tributions. These tests are simpler than F−test but still efOn the contrary, the k−means clustering algorithm [24]
fective for a large sample size (N >> 20), which is the case
requires the a priori definition of the number k of clusters
in this type of applications.
to be searched; this is a method that gradually defines clusThe main objective of the algorithm is to verify "in real
ters by partitioning observations around an average distime" a batch of wafers coming from a specific device of
tance between them (centroid). This method is different
the production line, to test the malfunctioning of that deand not comparable to our algorithm, which in the first
vice and intervene on the production as soon as possible.
phase eliminates the correlations below threshold θ1 (posTherefore, the algorithm does not address "big data", but
sibly taking into account only the significant coefficients
instead it wants to identify with sufficient speed and preaccording to a proper statistical test). Then, in a second
cision the most important patterns of production defects
phase, our method computes — for each remaining node
(clusters) and present them to the production line manager
of the correlation graph — its "relaxed" clustering coeffito correct the malfunctions of the devices involved. Nevercient, removing those below the threshold θ2 .
theless, the characteristics of the algorithm (subsequent
In this second phase, our algorithm introduces a variause of the two thresholds, which allow to quickly and protion with respect to the classic method of performing clusgressively discard a high number of nodes not relevant in
tering, a variation from which the algorithm takes its name.
the correlation graph) make it suitable also for the processIn fact, the single clustering coefficients are "relaxed" (i.e.
ing of a high number (hundreds of thousands) of wafers.
made equal) to the value of the maximum clustering coefIn particular, in the first phase the (theoretical) computaficient of all the nodes connected — at a prefixed distance
tional complexity of the algorithm is O(n2 ), having to calδ, usually 1 — to the node under examination. In this way,
culate a (square) correlation matrix of n elements, with n
the "relaxed" clustering algorithm takes into account all
being the number of wafers to be processed. In practice,
nodes connected to a given node up to distance δ; if any
the correlation matrix is computed and stored in a "sparse"
of the δ−near nodes has a clustering coefficient greater or
way, which significantly reduces the calculation time and
equal to the threshold θ2 the given node will not be elimmemory occupation. Moreover, after the application of the
inated. In essence, there is a dragging effect of the nodes
first threshold, the initial correlation graph is considerably
with a low clustering coefficient by those with a higher one
reduced, and for the remaining nodes (which may be at
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most n but are normally many less) the order of the clustering index calculation is O(k · n) with k = α/𝛾 2 , where
α is the average number of "triangles" connected to each
node and 𝛾 is the average number of nodes directly linked
to the node itself.
The wafer bin clusters are the densest regions of the
correlation graph, which correspond to defect patterns.
It should be noted that the clustering coefficient, introduced in step 5 of our method, is typically extremely low
in random graphs that have a small average degree compared to the number of nodes [39]. Clusters of correlation
graphs with high clustering coefficients are thus highly
non-random structures which are difficult to extract when
the nodes are randomly distributed, and this point can be
a limitation of our method.
An application of the algorithm is illustrated in Section 5.

(a)

(b)

The algorithm’s "metaphor"
To better understand the operation of our relaxed doublethreshold clustering algorithm we can think of the initial
correlation graph as a seabed conformation corresponding
to a particular θ1 value. That is, the correlation graph G
depends on the chosen θ1 value and it depicts the correlation structure between nodes (wafers) extracted from the
correlation matrix that we can metaphorically associate to
a particular seabed conformation.
Threshold θ2 corresponds figuratively to sea level
and clusters are emerging islands. Varying the correlation
threshold θ1 results in changing the seabed landscape (as
in the example shown in Figure 8), while the clustering
threshold θ2 moves only the sea level and, consequently,
it changes the existence and relative size of clusters.

4 Results and Discussion
The two thresholds used in our algorithm are intended to
progressively refine the correlation graph (as illustrated in
Section 3), gradually eliminating the less closely related
wafers. In particular, the first threshold aims to define the
initial correlation graph containing the clusters of wafers
with a correlation coefficient at least equal to the threshold
itself. Once the initial correlation graph is obtained, which
contains one or more connected components (i.e. clusters),
each of these components is further thinned by eliminating the nodes (wafers) that do not have a clustering index
at least equal to the second threshold.

Figure 8: The "seabed" metaphor. The two landscapes in (a) correspond by analogy to two correlation structures (where peaks
represent all possible clusters) obtained with two different θ1 values; (b) shows the remaining clusters (peaks emerging above sea
level) after applying a particular θ2 value.

The clustering index in practice represents the capacity of a graph node to be an "aggregation" hub for the other
nodes directly connected to it, as it is normally calculated
in classic correlation graphs: in our algorithm, instead, the
clustering index of a node (wafer) is equal to the maximum
clustering index of the nodes "close" to it up to a prefixed
maximum distance δ (as shown in the examples in Section
5). This characterizes the concept of "relaxation", allowing
to keep nodes (wafers) which — in a traditional clustering
algorithm — would be discarded. Moreover, in the present
work, unlike the initial biological implementation, the distance δ has been used with a value of at least one, which
has increased the "dragging" effect of the neighbor nodes
allowing to heuristically calibrate the behavior of the algorithm according to the data under examination.
In particular, the thresholds θ1 and θ2 were set empirically; for θ1 the value 0.6 was used in order to keep the
wafers with a Spearman correlation coefficient of at least
60% in the same cluster. Subsequently, a progressive series of values of the threshold θ2 was applied to the initially obtained clusters (related components of the correlation graph). Further, the nodes with a clustering index
greater than the chosen threshold were removed. Eventually, the value of θ2 (in our case, 0.3) corresponding to the
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best overall average silhouette index of the corresponding
clustering was considered.
In the clustering process we first aimed to "discover"
the spatial distribution of the bins for each wafer, in order to have an empirical proof of the electrical failures distribution. In our specific case, this was accomplished by
plotting the bin values of the 27 × 27 matrix corresponding to a single wafer, where the white squares are the working chips (bin value=0), whereas a higher bin value corresponds to a more marked color for different failure configurations. Figure 9 illustrates an example map of some bin
values for all "overlapped" wafers in relation to the position of the chip.
0
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Figure
10: The wafer bin maps corresponding to the first 9 bin values
of the initial dataset from the manufacturing line (the four corners
do not belong to the maps).
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Figure 9: Some example bin values of the synthetic map derived
from a subset of (ideally overlapping) wafer bin maps. White
squares (bin value=0) represent the working chips; color squares
(bin values 2, 12, 16 and 20) correspond to an example of different
failure configurations. The color of a single chip in a particular position is given by the most frequent bin of all "overlapped" wafer bin
maps.
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The results of the wafer bin maps obtained for the first
9 bin values are illustrated in Figure 10. In this picture, for
each chip the highest frequency of the relative bin value
on all the sample’s wafer maps is highlighted: this can be
considered firstly as overlapping all the wafer maps of the
sample with only a particular bin marked, and then observing the overlapped maps from the top.
Figure 11 shows the complete three-dimensional histogram of the frequencies of the bin values for each one of
the 577 chips of the reference coordinate system shown in
Figure 5.
The clustering performed on the 1817 wafers according
to the algorithm illustrated in the previous section (with
θ1 = 0.60 and θ2 = 0.30) shows the "spatial" regularity of
some defective patterns, i.e. homologous sets of electrical
failures that occur in same areas of the wafers. The wafer
maps shown in Figure 12 were obtained by overlapping the
maps of all wafers belonging to the cluster, in order to visu-

0.5

Freq.

0.0
0
20
40

Bin

Figure 11: The frequency distribution of the 57 bin values for each
one of the 577 chips in the wafer maps of the initial dataset from the
manufacturing line.

ally expose the patterns found by the clustering algorithm.
In particular, the maps of the large number of the examined wafers highlight some different configurations of
electrical failures or rules corresponding to systematic or
mixed defects:
– Rule 1 "ring": clusters #1 and #4 of Figure 12.
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– Rule 2 "sector": clusters #2 and #3 of Figure 12.
– Rule 3 "stripe": clusters #5 (shaded) and #6 (strong)
of Figure 12.
These early findings have been examined and confirmed by the engineers of the factory where the tests have
been carried out, and coincided with the results of the visual inspections made by the experts. The above results
justify the viability of the "clustering" approach in classifying defect patterns of WBMs.

(#1)

(#2)

(#3)

(#4)

(#5)

(#6)

Figure 12: Figure shows the first six clusters obtained by our relaxed
clustering algorithm reported in Section 3 (the four corners do not
belong to the patterns). The aggregation function used to obtain the
six cluster maps is the "mode"; in fact each chip is colored according
to the most frequent bin in its position for all the overlapped wafer
bin maps constituting the cluster.

5 Conclusion
This investigation presents a hybrid clustering algorithm
for automatic extraction of failure patterns in the wafer
bin maps resulting from the production of wafer semiconductors. The proposed method is able to identify the maps
with spatial correlation and it provides, in a short time,
useful information to support decisions that improve the
production yield.
Compared to the initial version used for the biological analysis of gene correlation networks [37, 38], the proposed algorithm has been applied to the industrial field to
control the yield of semiconductor wafers by extending the
"double threshold" clustering approach. This method has
been extended through the "relaxed" computation of the
clustering index, considering a distance of at least 1 "neighbor" nodes (wafers), thus allowing to verify the generalizability of the proposed clustering algorithm.
The results obtained both from the visual analysis of
the wafer maps and our "relaxed" clustering algorithm confirm the effectiveness of the applied method. This reinforces the applied methodology, and encourages to carry
on a further series of experiments by properly fine-tuning
the clustering thresholds in order to optimally calibrate
the model.
The future research objective will be to start from the
identification of a set of "synthetic" parameters (clusters
of defects’ patterns), in order to detect similarities among
processed wafers by using the results obtained in the direction of the implementation of one (or more) automatic
classifiers (neural networks or similar machine learning algorithms). Such an issue is aimed at the recognition of existing "defect rules" in the manufactured wafers or at the
discovery of new rules to increase the knowledge base.
It could be then worth exploring the possibility to discover such new configurations (spatial distributions) of
Wafer Bin Map failures by processing a large number of
maps with a big-data approach, for developing an automated expert system able to identify manufacturing defects in order to facilitate yield management.
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Appendix – Application examples
1 Clustering performance analysis
Our algorithm is comparable with the classical clustering
methods described at the end of Section 1, both from a theoretical (how clusters are obtained) and practical (the obtained clusters) point of view. The classical methods (hierarchical, k−Means) are not generally applicable to the
domain of the problem with relevant results, because they
have — first of all — to define a priori the number of expected clusters (k−Means) or to obtain the clusters by subsequent agglomeration (hierarchical); therefore, these two
classical methods involve a considerable computing effort
compared to our method. Further, the classical clustering
methods suffer from the inability to "refine" progressively
the clusters obtained, since the results are based exclusively on the matrix of distances initially calculated.
The performance of our algorithm was compared with
the above mentioned classical methods by computing
(with the software tools Mathematica¹ and Orange²) the

Figure A1: The Orange workflow for computing the silhouette indexes of the clustering methods (a description and an initial part of
the dataset is also shown).

1 https://www.wolfram.com/mathematica/
2 https://orange.biolab.si

silhouette coefficients of the clusters obtained from the
dataset (see Figures A1-A4).
Figure A2 shows the silhouette plot for the hierarchical clustering obtained with the Ward distance metric and
a dendrogram threshold limited to 6 clusters. The related
maximum silhouette coefficient is less than 0.2. Figure A3
shows the results from the k−Means clustering with a prefixed number of 6 clusters. The related maximum silhouette coefficient is slightly greater than the one obtained
from the hierarchical clustering. In Figure A4 the results of
the application of our method are illustrated; in particular,
the top 6 clusters were selected, with an overall silhouette
index greater than 0.4 (about twice the classical methods).

Figure A2: The silhouette plot of the hierarchical clustering method
(linkage method: Ward; forced to 6 clusters; maximum silhouette
coeflcient less than 0.2).
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From this correlation matrix in the first phase of our
algorithm reported in Section 3 we derive the initial correlation graph shown in Figure A5, where the only (absolute)
correlation values above a predefined correlation threshold θ1 = 0.70 are shown and the initial single cluster identified consists of all six nodes.

f
Figure A3: The silhouette plot of the k-means clustering method
(fixed to 6 clusters; maximum coeflcient ≥ 0.2).
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Figure A5: Phase 1 — The initial correlation graph coming from Table
A1. Each node is associated (in italics) with the corresponding clustering coeflcient, while each edge shows the correlation coeflcient
between the two connected nodes.

Figure A4: The silhouette plot of the "relaxed" clustering method (top
6 clusters; maximum coeflcient ≥ 0.4).

2 Example 1: A simple example of the
"relaxed" clustering algorithm.
Suppose you want to identify the similarity clusters among
six given wafer bin maps a–f (which correspond to the
nodes in Figure A5), whose bin value sequences make the
array X of step 1 of our algorithm from Section 3. From array X we obtain, for example, the correlation matrix C (see
step 2 of our algorithm) shown in Table A1.
Table A1: The example correlation matrix C between nodes a–f
reported in Figure A5.

a
b
c
d
e
f

a
–
−0.80
0.35
0.40
0.82
0.74

b
−0.80
–
0.91
−0.92
0.81
0.68

c
0.35
0.91
–
0.77
0.83
0.55

d
0.40
−0.92
0.77
–
0.94
0.18

e
0.82
0.81
0.83
0.94
–
−0.33

f
0.74
0.68
0.55
0.18
−0.33
–

In the second phase, for each node i its clustering coefficient k i is computed, given by the number of "triangles"
(clusters of three directly and fully connected nodes comprising i) as shown in step 5 of our algorithm. In this example, the six clustering coefficients (shown in italics in
Figure A5) are: k a = 0.33, k b = k e = 0.67, k c = k d = 1.00,
k f = 0.00. Then a minimum threshold θ2 is established,
for the elimination of nodes having clustering coefficients
lower than this fixed threshold.
When removing a node i with k i < θ2 , our relaxed algorithm also takes into account the nodes close to it (up to
a predetermined distance δ). If any of the δ−neighboring
nodes has a clustering coefficient ≥ θ2 then node i will be
maintained. In essence, there is a dragging effect of a node
with a clustering coefficient lower than the threshold θ2 by
the nodes with a higher clustering coefficient and directly
connected to it up to a distance δ.
Now, we report some examples of relaxed clustering
for different values of θ2 applied to the initial correlation
graph, with the assumption δ = 1.
θ2 = 0.30
For the clustering threshold θ2 = 0.30 there are no
nodes to be removed, and the corresponding final
clustering graph is identical to the initial one:
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components in the starting graph and the corresponding
correlation and clustering coefficients.

Note that node f is maintained (dragged by node a at
distance δ = 1), whereas it should have to be removed
because its clustering coefficient k f = 0.00 is less than
θ2 = 0.30.
θ2 = 0.50
For θ2 = 0.50 there is one node out of six to be
removed (f ), and the corresponding final clustering
graph becomes:

3 Example 2: A more complete application of
the "relaxed" clustering algorithm.
Suppose you want now to identify the similarity clusters
among eight given wafer bin maps (nodes) a–h (making
the analogous array X as in the above example) from which
we obtain the correlation matrix C shown in Table A2.
From this correlation matrix in the first phase of our
algorithm reported in Section 3 we derive the initial correlation graph shown in Figure A6, where only the (absolute)
correlation values above or equal to a predefined correlation threshold θ1 = 0.40 are shown and the initial single
cluster identified consists of all eight nodes.
1.00 e

h

Note that the nodes b and e are kept (dragged by nodes
c and d), whereas they should have to be removed, due
to their clustering coefficient being k b = k e = 0.66 <
θ2 = 0.70.
θ2 = 1.00
Eventually, for θ2 = 1.00 there are the same two out of
six nodes to be removed (a, f ) from the previous case,
with the same final cluster. Also in this case nodes
b and e are maintained (dragged by nodes c and d),
whereas they should have to be removed.
It is worth noting that both the initial and final correlation graphs show only one cluster, given the simplicity
of our example. In the next example two clusters are obtained due to the different conformation of the connected

a

0.81
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1.00

0.78
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In this case we note that node a is retained (dragged
by nodes b and e at distance δ = 1), whereas it should
have to be removed because its clustering coefficient
k a = 0.33 is less than θ2 = 0.50.
θ2 = 0.70
Now, there are two out of six nodes to be removed (a,
f ), and the corresponding final cluster is:
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Figure A6: Phase 1 — The initial correlation graph coming from Table
A2. The corresponding clustering coeflcient (in italics) is associated
to each node, whereas each edge shows the correlation coeflcient
between the two connected nodes.

In the second phase, for each node i its clustering coefficient k i is computed (shown in italics in Figure A6): k c =
k d = 0.00, k a = k f = 0.33, k b = k e = k g = k h = 1.00. Then
a minimum threshold θ2 is established, for the elimination of nodes with a lower clustering coefficient. As already
shown, our algorithm takes also into account — when removing a node — the nodes close to it (up to a predetermined distance δ).
Now we report some examples of "relaxed" clustering
for different values of θ2 applied to the initial correlation
graph of Figure A6, with the assumption δ = 1.
θ2 = 0.30
For the clustering threshold θ2 = 0.30 there are no
nodes to be removed, and the corresponding final clustering graph is identical to the initial one:
e

h
a

b

d

c

f

g

Note that nodes c and d are retained ("dragged" by
nodes f and a at distance δ = 1), whereas they should
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Table A2: The example correlation matrix C between nodes a–h reported in Figure A6.

a
–
−0.80
0.35
0.40
0.82
0.24
0.00
0.00

a
b
c
d
e
f
g
h

b
−0.80
–
0.11
−0.11
0.81
0.38
0.00
0.00

c
0.35
0.11
–
0.77
0.13
0.55
0.00
0.00

d
0.40
−0.11
0.77
–
0.14
0.18
0.00
0.00

have to be removed because their clustering coefficient
k c = k d = 0.00 < θ2 = 0.30.
θ2 = 0.50
For θ2 = 0.50 the two nodes c and d are removed (in
fact, their clustering coefficients are k c = k d = 0.00
and their "relaxed" clustering coefficients are 0.33 <
θ2 = 0.50), and the corresponding final clustering
graph defines two clusters:
e

h

a

b

f

g

In this case let’s note that nodes a and f are retained
(dragged by nodes b and e and g and h at distance
δ = 1 with clustering coefficient equal to 1), whereas
they should have to be removed because their clustering coefficient k a = k f = 0.33 < θ2 = 0.50.

4 Supplemental file
The (anonymized) dataset is available under this
link: https://www.crescenziogallo.it/unifg/pub/ic-yield_
supplemental_file.xlsx

e
0.82
0.81
0.13
0.14
–
−0.33
0.00
0.00

f
0.24
0.38
0.55
0.18
−0.33
–
0.86
0.78

g
0.00
0.00
0.00
0.00
0.00
0.86
–
0.88

h
0.00
0.00
0.00
0.00
0.00
0.78
0.88
–

