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Abstract. Developing an accurate means of classifying defects, such as crystal-originated pits,
surface-adhered foreign particles, and process-induced defects, using scanning surface inspection
systems (SSIS) is of paramount importance because it provides the opportunity to determine the
root causes of defects, which is valuable for yield enhancement. This report presents a novel defect
classification approach developed by optimizing the linear-based channeling (LBC) and rule-based
binning (RBB) algorithms that are applied to a commercially available SSIS (KLA-SPS), in
combination with test sample selection including the signature defect patterns associated with the
typical crystal growth process. The experimental results demonstrate that defect classification is
possible with an accuracy and purity above 80% using the LBC algorithm and 90% using the RBB
algorithm.

Abbreviations

Scanning surface inspection system (SSIS)
Crystal-originated pits (COP)
Surface-adhered foreign particles (SFP)
Process-induced defects (PID)
Linear-based channeling (LBC)
Rule-based binning (RBB)

Light point defects (LPD)

Non-cleanable light point defects (LPDN)
Localized light scatterer (LLS)

1. Introduction

Highly pure crystalline silicon (Si) wafers are used in the semiconductor industry as the basis for
manufacturing electronic devices, owing to silicon’s beneficial structure, satisfactory mechanical
strength, and favorable chemical and electrical properties. Defects on the surface of such wafers
may be generated during the various manufacturing steps. These surface defects are generally
classified into three categories, according to their source during the silicon wafer manufacturing
process [1,2],

e Crystal grown-in defects, such as crystal-originated pits (COP): These are voids in the bulk
crystal that are delineated as pits on the wafer surface. They are captured as non-cleanable light
point defects (LPDN) on the wafer surface by the scanning surface inspection systems (SSIS).
These defects have the greatest negative impact on the device performance - for example, they lead
to gate-oxide-integrity failure [3—5].

e Surface-adhered foreign particles (SFP): These are organic particles or metal contaminants
generated by human activities, fabrication facilities, equipment, and processes [6—8]. The
contemporary silicon wafer manufacturing process has been carefully designed to control the
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deposition of organic particles and metal contaminants, for eliminating their impact on the device
performance. SFP are often captured as light point defects (LPD) by SSIS.

e Process-induced defects (PID): These are also called polishing-induced defects. These include all
the unwanted imperfections generated from the manufacturing processes, particularly during
polishing, such as residues, stains, dimples, scratches, and surface particles. PID are responsible for
gate dielectric failures during the device fabrication process and are observed as either LPD or
LPDN by SSIS [9-11].

These surface defects are detrimental for the electronic devices made on the Si wafers.
Therefore, Si wafer manufacturing requires tight defect control. This is achieved by using highly
sensitive metrology tools for detecting the surface defects [12,13] and elaborate algorithms for
classifying them. Effectively using the linear-based channeling (LBC) and rule-based binning (RBB)
algorithms applied to commercially available SSIS such as the KLA-SP5 [14], will enable the
appropriate categorization of defects during the defect classification process. In the system, two
darkfield angles of incidence (oblique and normal) and two darkfield collectors (wide and narrow),
in addition to a brightfield subsystem (differential interference contrast) comprise the data channels
for collecting surface defect information [15]. As illustrated in Figure 1, there are several defect
characteristics such as the size information of the darkfield wide (DW) and darkfield narrow (DN)
channels, size information of the normal DW and DN channels, signal to noise ratio (SNR), and
positions of the oblique and normal light incidences. The LBC algorithm uses the result of the
cross-channel ratio for discriminating particles and defects on silicon wafers [16]. The RBB
algorithm does not simply apply the ratios of defect sizing by various channels. It is a combination
of defect characteristics including the information for the LBC algorithm, the attributes for
differential interference contrast (DIC) such as size, polarity, defect location (x-y positions), and
other general information including the aspect ratio, length, and area. [17]. The present paper
presents a report about an investigation about the effective of such algorithms provided by a
commercially available SSIS. Experimental details are presented in section 2 and the results are
discussed in section 3 before the report is closed by a section with a summary and conclusions.
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Fig. 1 Surface defect characteristics that applied in the LBC and RBB algorithms.

2. Experimental Details
2.1  Defect Engineering Flow and Preliminary Investigations

There are five steps involved during process control and defect engineering, for which
corresponding surface defect metrology is selected (Figure 2).
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Fig. 2 Overview of the defect engineering flow for detecting and identifying the surface defects -
from “defect detection & sizing” to “yield enhancement”.

Defect detection and sizing involve the use of an SSIS. In such a system a focused laser beam
spot is scanned across the wafer surface and the scattered light is collected by an optical system and
fed into one or more detectors. The detector(s) signal(s) are recorded as a function of the spot
position on the wafer surface. Any signal above a threshold close to the background, which is
generated by the overall surface roughness, is considered to result from a surface defect, called in
general LLS (localized light scatterer). In the current investigation an SSIS provided from KLA is
used, the KLLA-SPS5 (Figure 3). This tool is equipped with two collectors or channels DN and DW.
The channel DN collects light scattered close to the surface normal whereas the channel DW covers
a large solid angle of scattered light. The intensity of the light scattered by an LLS depends on the
refractive index, shape, and size of the LLS. An equivalent size expressed as umLSE or nmLSE is
assigned to the LLSs by calibrating the SSIS with polystyrene latex spheres of different diameters,
deposited on a reference silicon wafer surface [18-20]. The acronym “LSE” (latex sphere
equivalent or light scattering equivalent) [21] added to the length unit indicates that the size
reported by the SSIS is a metric for the light scattering cross section of the LLS and not for the true
geometrical size.

In addition, SP5 provides the option of different incidence angles of the laser beam. The user of
the SP5 may choose between incidence perpendicular to the wafer surface (normal incidence) or
incidence under an angle of 5° ,20° , 25° or 72° (oblique incidence). A brightfield subsystem
based on DIC comprise the data channels for collecting surface defect information [15].
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Fig. 3 Schematic overview of the KLA-SP5 surface scanning counter-dark-field inspection based on

light scattering technology (oblique and normal incidence beam, oblique and normal specular beam,
and a wide and narrow detector).
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Defect classification, which is the key focus of this study, is a crucial step in defect engineering
flow. The output of the various channels and illumination options is the basic for the algorithms
used for classifying the surface defects (Fig. 1). LBC and RBB are efficient defect classification
algorithms that are used by SSIS. LBC uses the cross-channel size ratio n (Equation 1), where DN
denotes equivalent size of a defect as captured by the narrow channel, whereas DW denotes the size
of the same defect as measured by the wide channel. Using LBC, surface defects are classified into
LPD and LPDN based on the cross channel ratio n where LPDN typically display an n > 1. RBB
also applies the concept of the cross-channel size ratio, however, it cascades the classification
process to introduce multi-level channeling. Particularly, it allows the area feature (radial or box) —
to be positioned for predefining defects of interest (DOI).

n=f(DN,ow) =DN/ )

For being able to correctly classify LLS by LBC and RBB it is necessary to set up the parameters
of these algorithms appropriately. This is achieved by reviewing the LLS with scanning electron
microscopy (SEM), which is a labor intensive and time-consuming method that is only suitable as a
verification process for DOI with known x-y coordinates on the sample wafer. In addition, SEM is a
destructive method. Classification and reviewing of defects are often iterative processes that
optimize the defect classification results. The LLS captured by the SSIS comprising LPD (e.g.,
particles, flakes, residues, stains, and spheres) and LPDN (e.g., COP, embedded defects, bumps,
pits/dents, dimples, scratches, faint lines, and gouges), were reviewed using SEM KLA-eDR7380 in
the current investigation, examples are displayed in Figure 4. Reviewing defects to identify DOI is
an effective step toward determining the root causes of defects.

» LPD > LPDN

Sphere Particle Random Particle Chatter Mark —

Fig. 4 LPD and LPDN high-resolution 2D images captured by SEM.

Defect analysis includes SEM studies for reviewing defect topographies, EDX studies for
elemental analysis of particles, and a root cause analysis for the inline manufacturing processes. By
identifying the root cause of the surface defects, process engineers can understand and reduce PID
for continuous process improvement. Yield enhancement is an important goal of defect engineering,
which is realized by improving individual processes as well as the overall operation [13,21,22].
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2.2 Challenges and the goal of defect classification

Surface defects are captured as LLS and classified as LPD and LPDN when using the LBC
algorithm applied in the SSIS, with a typical setting of a cross-channel ratio threshold rth for n with
1.10 < rth < 1.30 by which LPD and LPDN are distinguished. The situation is shown schematically
in Figure 5. Based on the LBC algorithm, the defects may be classified into two groups: One group
consists of SFP and PID, and the other group of COP. Therefore, the LBC algorithm with the
single-level channeling is not expected to efficiently distinguishing the SFP and PID. In contrast,
the RBB algorithm is expected to classify the SFP, PID, and COP efficiently using the multiple-
level channeling that involves defect characteristics such as the defect location, DIC information,
the aspect ratio, length, and area. The blank areas in Figure 5, where the circles overlap, indicate the
uncertain defect classification among the three defect sources. The task for being able to apply the
algorithms in a wafer production line is to minimize the uncertain sectors by tuning the parameters
of these algorithms. The next section describes how this was successfully achieved.

O
LBC RBB
?) LPD (D LPD or LPDN
@ LPDN O LPD or LPDN, Uncertain

Fig. 5 Schematic view of defect classification implemented using the LBC and RBB algorithms —
Categorization into SFP, COP, and PID is based on the source of defects; categorization into LPD
and LPDN is according to the SSIS equipment (KLA-SP5).

3 Results and Discussion

The investigation regarding to the classification accuracy and purity was performed in two steps.
In the first step specifically selected wafers were used for determining the appropriate parameters
for the LBC and RBB algorithms. In the second step, subsequently then a set of production wafers
was measured and analyzed with the such defined parameters. In both steps the results of the SSIS
measurement were cross-checked with SEM investigation of the defects found.

In the first step two groups (5 wafers each) of p-type, lightly doped, and mirror-polished silicon
wafers with a 300 mm diameter, (100) crystal orientation, and 7755 pm thickness were selected
for the experiments. In particular, the COP density and distribution of the two groups of wafers
were analyzed to investigate the results obtained using LBC and RBB. Group 1 (5 wafers) consisted
of COP-free wafers, in which the defect type of LPD dominated according to the SSIS used with n
< rth. Therefore, the LLS on the wafer surface, which were classified as LPD by the KLA-SP5,
primarily contribute to the defect counts. Group 2 (5 wafers) consisted of COP-dominated/COP-rich
wafers which exhibited the characteristic disk and ring pattern of COP [23,24]. By this it is possible
to apply RBB (radial positioning) to optimize the accuracy of defect classification [6,25]. The LBC
algorithm was applied to both groups of wafers in order to tune the cross-channel ratio according to
the DN and DW signals from the oblique and normal incident lights. Subsequently, the RBB
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algorithm was applied to wafer group 2 with respect to the information regarding the defect location,
aspect ratio, size, polarity of the DIC signal, length, and defect area.

Following the experiments, we selected one premium production lot (25 wafers) and ran through
it using the qualified KLA-SPS5 system. The defect classification result was verified by SEM (KLA-
eDR7380) using the confusion matrix technique [11]. The accuracy and purity were reported
accordingly.

The surface defects captured by the surface scanning counter are randomly distributed on the
Group 1 wafers, as shown in Figure 6. Most of the LPD detected by KLA-SP5 and reviewed by the
SEM are process-induced. Moreover, some SFP are also accurately classified as LPD. Notably,
crystal grown-in defect patterns, in terms of defect sizing, density, and distribution, were not
observed. The distribution of point defects varies from 30 to 145 mm across the radial direction of
the wafer, as shown in Figure 7 (defect count versus radius). Under this scenario, we can apply the
LBC algorithm in the defect classification process because zero grown-in defects were observed in
the prime grade of COP-free single crystalline silicon. Therefore, the key focus of the surface
defects is LLS that are generated by PID and SFP during silicon wafer manufacturing.
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Fig. 6 Defect classification using LBC for COP-free single crystal silicon wafer. There is no
specific pattern of defect distribution. PID dominated the defect map.
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Fig. 7 Size and density distribution of defects in the COP-free wafers.

The results of Group 2 wafers, silicon wafers with the signature COP defect distributions (disk
and ring patterns at the center and edges, respectively), are shown in Figure 8 and 9. The radially
varying COP distribution is aligned to the radial dependence of the vacancy concentration [23].
Based on this observation, the COP are distributed at the central area from 0 to 50 mm and close to
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the edge of the wafer at radii from 105 to 145mm. The COP size distribution also indicates the
radial position. This indicates that smaller sized COP (<0.026 umLSE) display higher densities at
the edge area, whereas larger COP (>0.032 umLSE) show lower densities at the central area of the
wafer (0 to 50 mm). In contrast to other studies on surface defect classification [9,26], we defined
two areas with COP - one was the disk-shaped center area (within the 0 - 50 mm radius) and the
other was the ring-shaped edge area (within the 105 -145 mm radius). The defects in these areas are
thus classified as LPDN based on the distribution of the crystal grown-in defects. In contrast, the
PID and SFP are captured as LPD in the exclusion area of the DOI. In this experiment, limited LPD
were observed based on the detection limit (DL) of 0.022 pmLSE.
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Fig. 8 Defect classification using RBB for the signature COP single crystal silicon wafer. Applying
defect characteristics such as position, aspect ratio, and area for discriminating surface defects.

Histogram of Defect Size Histogram of Radius

o

|

S

Defect Count (ea)

Defect Count (ea)
8

N

20

0.024 .036 .048 0.060 0.072 0.084 0.096
Defect Size (umLSE)

0 25 50 75 100 12 150
Radius (mm)

Fig. 9 Size and density distribution of defects in the signature COP sample for the second
experiment.

In the second step, in order to evaluate the defect classification performance of the KLA-SP5
using the LBC and RBB algorithms, a premium production lot of 25 wafers was measured and
reviewed. Comparing the result of the KLA-SPS5 and the KLA-eDR7380, the accuracy and purity of
the classification are calculated based on the Equation 2 and 3 using the confusion matrix technique
[11]. The results are reported in Table 1 and 2. Table 1 lists the results where only the LBC
algorithm was applied and the accuracy and purity were above 80%. However, it is reasonably
accepted, that this approach is usually not able to distinguish the SFP and PID efficiently (grouping
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the SFP and PID as one). As shown in Table 2, using the RBB algorithm the defects are efficiently
classified as SFP, PID, and COP and the accuracy and purity are above 90%. This is sufficient to
capture excursion wafers based on practical experience [11].

Accuracy (%) = Total correctly classified by SSIS/ Total classified by SEM (2)
Purity (%) = Total correctly classified by SSIS/ Total classified by SSIS 3)

Table 1 Results of defect classification using LBC only based on a confusion matrix (accuracy and

purity).

SEM Review
SFP+PID Ccop Purity
SFP+PID 500 56 89.9%
SSIS CoP 34 248 87.9%
Accuracy 93.6% 81.6%

Table 2 Results of defect classification using RBB based on a confusion matrix (accuracy and

purity).
SEM Review

SFP cop PID Purity
SFP 140 6 8 90.9%
COP 8 260 14 92.2%

SSIS
PID 7 12 255 93.1%
Accuracy 90.3% 93.5% 92.1%

Therefore, in this study, the LBC and RBB algorithms were quantitatively evaluated considering
one specific scenario. Other scenarios might be worth studying, including cases where only disk-
shaped or ring-shaped defect patterns are observed at the center or the edges, respectively, for
efficiently streamlining the troubleshooting process. Designing suitable scenarios for such studies
requires a proper understanding of the silicon crystal growth conditions, such as the interface shape
of crystal-melt, pulling speed, and temperature gradient [27]. Characterizing the silicon crystal in
terms of crystal type, defect density, and size distribution prior to defect classification is a
preliminary requirement [28,29]. This novel method works well in silicon wafer manufacturing,
specifically for manufacturing large wafers.

4 Summary and Conclusions

It was demonstrated that LBC and RBB algorithms are able to distinguish COP, SFP and PID with
a high success rate by using a commercially available SSIS, provided the algorithms are
appropriately set up. For establishing appropriate parameter settings for the algorithms two sets of
specifically selected wafers were used. The results show that it is essential to obtain grown-in defect
information and to select the appropriate samples for the LBC and RBB setup in the SSIS. In
addition, this approach is applicable for acquiring defect information during the manufacturing
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processes, such as special process-induced patterns on the surfaces and edges of the wafers, thus
opening opportunities for future studies.
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