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via Marzolo 9, 35131 Padova (PD), Italy

Rajib Mukherjee and José A. Romagnoli
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Photolithography is one of the most important processes in the production of inte-
grated circuits. Usually, attentive inspections are required after this process, but are
limited to the measurement of some physical parameters such as the critical dimension
and the line edge roughness. In this paper, a novel multiresolution multivariate tech-
nique is presented to identify the abnormalities on the surface of a photolithographed
device and the location of defects in a sensitive fashion by comparing it to a reference
optimum, and generating fast, meaningful and reliable information. After analyzing the
semiconductor surface image in different levels of resolutions via wavelet decomposi-
tion, the application of multivariate statistical monitoring tools allows the in-depth ex-
amination of the imprinted features of the product. A two level nested PCA model is
used for surface roughness monitoring, while a new strategy based on ‘‘spatial moving
window’’ PCA is proposed to analyze the shape of the patterned surface. The effective-
ness of the proposed approach is tested in the case of semiconductor surface SEM
images after the photolithography process. The approach is general and can be
applied also to inspect a product through different types of images, different phases of
the same production systems, or different processes. VVC 2009 American Institute of Chemi-

cal Engineers AIChE J, 55: 1147–1160, 2009

Keywords: process monitoring, semiconductor manufacturing, multivariate statistical
methods, multiresolution methods

Introduction

Photolithography is a process that selectively removes
parts from a thin film using light, so that a geometric pattern
can be transferred (often from a mask) to a light sensitive

chemical (the resist) deposited on a substrate. This process is
used during the fabrication of integrated circuits (IC) as well
as in many other micro-fabrication processes (e.g., micro-
compressors production1). In particular, a microelectronics
manufacturing process comprises an extensive sequence
of complex semi-batch processes, among which photolithog-
raphy is referred to as one of the most important.2 In fact,
photolithography: i) recurs up to 35 times for a given device;
ii) defines the wafer critical dimension (CD) and the other
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most influencing parameters; and iii) affects all the succes-
sive processing phases (e.g., the doping) and the interconnec-
tion between different segments of the device. From an eco-
nomical point of view, the lithography is responsible for
about 60% of the processing time and 35–40% of the total
cost of the IC fabrication.2 As a consequence, it is quite
clear that monitoring the product quality during photolithog-
raphy through a fast, sensitive, and reliable system is highly
advocated.

Although considerable effort has been dedicated to define
technologies and procedures to meet the requirements on the
product quality,3,4 automatic process control has not yet
been implemented on a large scale in semiconductor manu-
facturing, and the industrial practice is often carried out
empirically with relatively little understanding of the under-
lying physics and chemistry.5 Statistical process control tech-
niques, too, are sometimes adopted5–7 in order to monitor
the variability of the process, to detect the abnormal condi-
tions, and to identify the cause for a perceived anomaly.

Currently, the most advanced monitoring strategies exploit
hardware and software devices for both signal filtering and
image processing.8,9 For instance, the use of scanning elec-
tron microscopy (SEM) images is common for the measure-
ment of the physical parameters of a device10 such as the
CD.11 However, the typical inspecting tools focus on inline
optical metrology systems measuring the CD of the pattern
and its variability; only the most sophisticated instruments
also determine the edge height and the side-wall angle12

(SWA). Several important quality features like the line edge
roughness (LER), the edge surface roughness, the actual
shape of an edge (and its variability) are still rather resilient
to effective, fast and low-cost monitoring technologies. Only
recently some researchers4,13 have suggested procedures to
start tackling the above issues.

Thus, the demand of satisfying the multiple requirements
of the wafer fabrication and the dynamics of a quickly
changeable microelectronics market call for new and more
powerful instrumentation. The accuracy of the manufactur-
ing quality monitoring can be greatly improved if fast and
more meaningful information were retrieved in a reliable
fashion.

One promising approach comes from suitably exploiting
the amount of information contained in SEM images. For
example, they may allow for a simultaneous and more prob-
ing examination of the complex device cross-section, of the
pattern shape, and of the surface roughness. Indeed, the pho-
tolithographed product analysis can be improved considering
that the images are multivariable signals in nature, and that
multivariate statistical techniques are some of the most suita-
ble and powerful methods to inspect a multivariate system.14

In this work a novel and general methodology is pre-
sented, where a multi-resolution filtering technique and mul-
tivariate image analysis are combined to inspect the surface
of a semiconductor after photolithography. The main compo-
nents of the proposed quality monitoring strategy are:
• sensitive filtering pre-treatment, which de-noises the

image signal and removes the image artifacts without affect-
ing the featured parts and their peculiar characteristics (i.e.,
the surface roughness);
• tailored multivariate statistical models, based on a prin-

cipal component analysis15 (PCA) approach, which extract

the information content embedded in such composite signals;
namely, quality information concerning LER, surface rough-
ness and edge shape will be obtained.

The article is structured as follows. After a brief introduc-
tion to the photolithography process, the proposed image
analysis technique will be described. A section will then
detail the approach for multi-resolution denoising and why
this step is needed. The subsequent section will explain the
multivariate monitoring methods developed in this work and
comment on their applicability and advantages. A case study
of an after-photolithography inspection will be used to illus-
trate the effectiveness of the methodology. Some final
remarks will conclude the paper.

Photolithography Process and Inspection Tools

Integrated circuits are recognized as some of the most
complex manufactured products and some of the most versa-
tile devices. As a basis, IC fabrication is obtained through a
complex infrastructure of materials supply, waste treatment,
logistics, and automation to support the entire process. Spe-
cifically, the semiconductor production technology develops
through an extensive series of photographical, mechanical,
and chemical steps in the cleanest environment, achieved by
ultra-precision engineered equipments.16 Typical processing
loops, which may recur several times, comprise some or all
of the following phases (Figure 1a): oxidation; photoresist
application; exposure to light; development of the resist;
etching; and photoresist removal.

In detail, the abovementioned procedure can be outlined
as follows. First of all, the wafer, a thin crystalline slice
from a semiconductor ingot (e.g.: silicon), is heated to drive
off the moisture from the surface, and cleaned. Later, the
wafer is maintained into a high temperature environment,
until an oxide layer grows on the substrate. After the addi-
tion of adhesion promoters, a thin (and as uniform as possi-
ble) layer of photoresist is applied by spin-coating, in a
high-speed centrifugal whirling process. Essentially, the pho-
toresist is a polymer mixed with light sensitive compounds.
Through light exposure, the desired pattern (often deter-
mined by a mask) can be impressed on the surface illuminat-
ing certain portions of the resist selectively.

If the light weakens the polymer to the so called ‘‘posi-
tive’’ photoresist, it will becomes a less chemically stable
aggregate and will be more easily removed during the
following stages. Conversely, a ‘‘negative’’ photoresist is
strengthened by light and becomes resistant to solvents. The
chemical change triggered by the light during the photoli-
thography step allows the resist to be removed by a solution
called developer. The resulting shape of the device surface
should be the one shown in Figure 1a, alternating zones in
which photoresist is present, the so called edges, and zones
(which in this paper will be indicated as valleys) in which
the oxidized substrate is no more protected and is completely
free from the resist (Figure 1b).

After the development, a hard baking is performed to give
a stronger structure to the residual resist and only then, dur-
ing the etching, the part of the surface that is not protected
by the resist is engraved. A chemical agent (a liquid or a
plasma) removes the oxide layer to prepare the surface for
the following phases. Finally, the remaining resist is
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removed and the surface is ready for the diffusion of dopants
on the part of the surface where the oxide barrier is not pres-
ent. The doping induces the formation of ions that create
regions with different electrical properties.

During each loop, it is crucial to meet stringent require-
ments in terms of quality uniformity and consistency. At
each stage, several inspections and measurements are per-
formed, but they monitor only few samples of different lots,
and some pieces of the processing equipment. Since photoli-
thography is performed several times on the same device
and, even after it is completed, a defective device can still
be reprocessed, it is common industrial practice to perform
quality inspections after the photolithography step (the so-
called after-development inspections). Usually, a CD-SEM is

adopted to measure some significant features of the semicon-
ductor surface. The SEM images are used mainly for metrol-
ogy purposes. In other words, the common inspection tools
measure the CD or, in the most advanced instrumentation,
the edge height, the SWA, or the LER (Figure 1b). Recently,
the possibility of measuring and reducing the edge wall
roughness using deep UV light scatterometry has been dis-
cussed.4 However, in order to detect, distinguish and classify
critical features of the manufactured device, more sensitive
and reliable tools are required by the new generation of
products.3 For instance, there is a number of defects affect-
ing the final product quality and performance (Figure 2) that
cannot be identified in terms of CD measurements, but to
which it could be possible to remedy if timely detected.

Figure 1. (a) Simplified processing sequence for the semiconductor manufacturing and (b) simplified graphical rep-
resentation of the most important quality parameters of an edge.
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Thus, an automatic monitoring system for the frequent
and accurate quality monitoring of a photolithographed sur-
face would be a highly attractive perspective to increase the
yield and the consistency of the fabrication program.

Image Analysis through Multiresolution and
Multivariate Statistical Techniques

Images are bi-dimensional (2-D) maps summarizing the
characteristics of a three-dimensional (3-D) scene. In this
work, industrial SEM images representing the product sur-
face after photolithography with positive photoresist will be
used as a case study. These images are grey scale functions
of light intensities and can be used to extract meaningful in-
formation about the quality of the product, its regularity and
conformity to the requirements, and the types and location
of defects. The scale of the images is such that 1 pixel corre-
sponds to about 9.8 nm.

In general, an image is a collection of well identified char-
acteristics. As such, it is intrinsically a multivariate system,
being a wide collection of pixels, where each pixel is highly
correlated to its neighbors. In addition, in a surface image
the apparent variability comprises both the actual roughness
of the surface (which is an actual product feature) and the
signal disturbance (which corresponds to noise to be
removed). Thus, a number of tasks need to be taken into
account by a monitoring system in order to ‘‘use’’ an image

for quality control. Figure 3 illustrates the general architec-
ture for a monitoring system.

First of all, a reference model is defined by selecting a suit-
able reference image. As the quality problem involves differ-
ent scales of resolution, a multiresolution approach is needed
to filter the image and denoise the signal. Subsequently, mul-
tivariate statistical techniques are used to exploit the informa-
tion content of the filtered image, to formulate the monitoring
model, and to build the monitoring charts for the product
quality inspection. Three quality features are described and
monitored through the monitoring system: the LER, the sur-
face roughness, and the shape of an edge trans-section profile.

In the following subsections, the main properties and the
mathematical foundations of the multiresolution-multivariate
monitoring system will be discussed.

Image multiresolution denoising

An image is always affected by disturbances, e.g., the ran-
dom fluctuation of the pixel light intensity. In general, multi-
variate statistical techniques can discard the nonsystematic
part of a signal, distinguishing the meaningful variability
from the random one. Unfortunately, in this case, the noise
is somehow blurred with the roughness of the surface (which
is a structural part of the device and defines the quality prop-
erties one is interested in). Therefore, a pretreatment is
needed on the image to remove the noise without discarding
the structure of the surface roughness.

Figure 2. Ideal shape of an edge and possible defects on the edge shape and surface.

Figure 3. Sketch of the semiconductor monitoring system through (wavelet) image filtering and multivariate statis-
tical techniques.
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The problem of the dual nature of the noise is faced fol-
lowing a multi-resolution approach, which examines the
different scales of the image through wavelet decomposi-
tion (details on wavelets can be found in Refs. 17 and 18).
Specifically, a scale-dependent smoothing of the image is
performed by subtracting the unwanted part of the noise.
In fact, the smoother version iM of the image i in the do-
main of the pixel space s 2 <2 is the approximation at the
scale M of the original image:

iM sð Þ ¼
Xþ1

n¼�1
SM;n/M;n sð Þ þ

XM
m¼�1

Xþ1

n¼�1
Tdenoised
m;n wm;n sð Þ; (1)

where the first term on the right-hand side is the summation of
the products between the approximation coefficients SM,n at the
Mth scale and the selected father wavelet / (lower frequencies
of the signal), and the second term is the summation of the
products between the detail coefficients Tdenoisedm;n and the mother
wavelet w (higher frequencies of the signal). Some of the
higher frequencies (scales m over a prescribed limit M1) are
redundant and, as a consequence, can be removed:

Tdenoised
m;n ¼ 0 m � M1

Tm;n m\M1

�
: (2)

Only the lower resolutions are retained, because of their
relevance to the purpose of the roughness monitoring. So, af-
ter being convolved through the wavelet decomposition in
different scales of resolution, the image is reconstructed, by
merging together all the significant scales.

Different types of wavelets were tested for the denoising of
the photolithographed surface. The Daubechies wavelet with
8 scaling coefficients was eventually selected. The use of the
Daubechies wavelet is suggested in several studies,13,19 espe-
cially for segmentation and texture analysis problems. Indeed,
the Daubechies 8 wavelet seems to respond very well to the
requirements discussed in Ref. 20 as it introduces very limited
phase distortion, maintains a faithful localization on the spa-

tial domain, and decorrelates the signal in a sensitive manner
for both the image smooth features and discontinuities.

Once a reference wavelet has been identified, the issue is
to find the best smoothing scale for roughness monitoring.
We found that useful indications can be obtained by evaluat-
ing the correlation coefficients between the side-wall rough-
ness lines at different light intensity levels. A procedure
inspired by the work of Patsis21 was followed to detect the
side-wall roughness. The locus of minimum light intensity in
the valleys (represented by the blue lines in Figure 4) is first
recognized, and then one moves upwards along any of the
two edge walls (upper wall and lower wall*), detecting dif-
ferent light intensity levels at preset thresholds. In this way,
the ‘‘topological lines’’ at light intensity thresholds of 0.5,
0.6, 0.7, and 0.8 are identified (respectively the green, yel-
low, red, and violet lines in Figure 4). Stated differently,
these lines represent the pixel location along an edge side
wall where the light intensity assumes a certain value (iso-
intensity lines). Therefore, according to this procedure, a
spatial location along the edge wall is identified through a
certain light intensity level.

The correlation coefficients between the different topologi-
cal lines are computed in the cases of the original image and
of the reconstructions at the 1st and at the 2nd approxima-
tion levels. As can be seen in Table 1, the correlation coeffi-
cients between the topological lines of the original image are
always low (even for neighboring lines). This means that the
noise corrupts the image determining an artificial ‘‘uncorrela-
tion’’ among pixels. However, note that the reconstruction at
the 1st approximation level exhibits a substantially different
situation: higher correlation is shown between neighboring
lines and a significantly lower correlation exists between dis-
tant lines. This occurrence is related to a certain level of
roughness, which determines a random shaping of the edge
wall (hence, of the topological lines). If the filtering level is
further increased as in the case of the reconstruction image

Figure 4. Magnified section of an edge image: detec-
tion of topological levels at different light
intensities for the identification of the side-
wall roughness on a reconstructed Daube-
chies-8 1st level approximation.

[Color figure can be viewed in the online issue, which is
available at www.interscience.wiley.com.]

Table 1. Correlation Coefficients Between Different
Topological Lines in the Original Image and in the 1st and
2nd Level Daubechies 8 Approximation Reconstructions

Threshold 0.5 0.6 0.7 0.8

Original image 0.5 1 0.5974 0.3881 0.3316
0.6 0.5974 1 0.5030 0.4573
0.7 0.3881 0.5030 1 0.6179
0.8 0.3316 0.4573 0.6179 1

1st level
approximation

0.5 1 0.7506 0.7676 0.5167
0.6 0.7506 1 0.7164 0.6321
0.7 0.7676 0.7164 1 0.6761
0.8 0.5167 0.6321 0.6761 1

2nd level
approximation

0.5 1 0.8086 0.7971 0.7784
0.6 0.8086 1 0.8337 0.7787
0.7 0.7971 0.8337 1 0.8889
0.8 0.7784 0.7787 0.8889 1

*The definition of upper and lower walls simply refer to the order they appear
in our images, i.e. for one edge the upper and lower wall are respectively the first
and second wall when moving in a top-down direction. In principles, they do not
have any systematic (physical) difference; however, from a statistical point of
view, we observed that they ‘‘belong’’ to different categories (perhaps because the
light hit them from a slightly different angle) and therefore we decided to identify
them.
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at the 2nd approximation level, the random shaping of the
lines is excessively reduced, i.e., the ability to capture the
roughness is lost. In fact, the correlation coefficient between
far thresholds (0.5 and 0.8) is almost the same as the one
between neighboring thresholds. This means that an exces-
sive ‘‘smoothing’’ of the signal has caused both the noise
and the structural roughness to be removed from the original
image. Thus, a first level decomposition is chosen.

After normalization (i.e., forcing the spectrum of the
black-and-white light intensities between the values 0 and 1)
and wavelet filtering, the resulting smoothing on the original
image is shown in Figures 5a,b. The trans-section profiles of
the original image along a given pixel column (Figure 5c)
show a confused trend (the noise is almost indistinguishable
from the underlying pattern). Once the image is filtered and
polished from the high frequency components, it gets a
clearer and more noticeable pattern (Figure 5d), to which
multivariate statistical techniques can be applied.

Multivariate statistical surface monitoring methods

Multivariate monitoring instruments are needed for ana-
lyzing and interpreting the multivariate nature of images.
Whenever there is the technical impossibility to perform a
measurement, or an analysis entails the simultaneous accessi-

bility of multiple characteristics, a multivariate statistical
monitoring system may prove significantly more powerful
and effective than common metrology tools.

Different multivariate statistical schemes were adopted
through modified PCA approaches. An extended treatment
on PCA methods can be found in textbooks.14,22 The basis
for a multivariate monitoring technique is its capability of
summarizing a plurality of quality clues embodied in an
image into a limited number of statistical indices. Usually
these are an indicator of the mean trend (the Hotelling T2

statistic, as a replacement of the scores t), and an indicator
of the model representation suitability (the Q statistic).

As stated before, the objective is to develop an image-
based strategy for the monitoring of LER, surface roughness
and edge shape.

LER monitoring

Line edge roughness is one of the typical reference parame-
ters in the after-development inspection of a photolitho-
graphed device.4 In fact, it plainly affects both the subsequent
production phases and the performance of the final product.

To monitor the LER of a single edge, information must be
provided on how the light intensity is distributed in the upper
and lower walls of the edge. As was mentioned in the

Figure 5. (a) Original image and (b) filtered image, with an example of trans-section profiles on the same pixel col-
umn for (c) the original image and (d) the filtered one.
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previous section, the topological lines on nlevels ¼ 4 light in-
tensity levels were identified. Two PCA models23 were devel-
oped, one for the upper wall and one for the lower wall. To
build each model, a reference [nel � nlevels] data matrix was
used, where nel is the edge length (in pixels). Each column of
this matrix represents the pixel locations, along an edge trans-
section (identified by the relevant row number), where the
light intensity assumes the value of 0.5, 0.6, 0.7, or 0.8. Oth-
erwise stated, each column represents the topological line
where light intensity assumes a specified value.

For each trans-section of an edge, the PCA model com-
bines the nlevels variables into a measure of the mean and
variance of the LER, and produces one point in the scores
space representing the edge quality on that trans-section of
the edge. When a new edge is inspected, a trans-section is
considered (thick black line in the upper part of Figure 6),
and the relevant topological levels data are projected onto
the reference model. Differences in the mean of topological
lines at a given light intensity (e.g., due to the presence of
side-wall bumps) or in their variance (e.g., due to the pres-
ence of large feet or spikes) are highlighted by the T2 (or
scores) and the Q monitoring charts (respectively). By pro-
ceeding this way for each trans-section, the whole edge
length can be scanned and inspected. This strategy allows to
detect and localize the imperfections on the edge side walls,
which can then be related to malfunctions or drifts in the
production machinery. The confidence levels for the T2 and
Q thresholds can be selected in such a way as to guarantee a
good sensitivity to faults, while at the same time keeping the
number of false alarms small.

Surface roughness monitoring

Semiconductor surface roughness is also a very important
parameter, as it can deliver substantial information concerning
the accuracy of the erosion during photolithography, the pres-
ence of resist residuals on the substrate, etc. The challenge in
monitoring is that the patterned surface of an after-photoli-
thography photoresist shows uneven characteristics in different
positions. In fact, the zones at lower light intensity (valleys)

have remarkably larger roughness than the zones at higher
light intensities (edges), due to irregular erosion from the light.
Therefore, not only the edge surface should be inspected, but
also the valley surface must be analyzed. This also implies that
one must be able to automatically distinguish between edges
and valleys along the whole surface of the device.

A single model on the entire semiconductor surface cannot
simultaneously capture the uneven variance structure on dif-
ferent locations of the surface. It has been suggested13 to
segment the surface in classes through a k-means clustering
on the light intensity. We propose here to use an unsuper-
vised PCA discriminant analysis to distinguish the edges
from the valleys. As a result, for each surface configuration
(edge or valley) a specific monitoring model is built.

A nested PCA monitoring system was designed to this
purpose, which is based on a two-stage procedure: the outer
level carries out the unsupervised discriminant analysis; the
inner level is the actual monitoring model, where two PCA
submodels are enclosed, one for the edges and one for the
valleys. Thus, in the sequential surface scanning procedure,
the outer level provides an automatic switching from one
submodel to the other, and the correct submodel is interro-
gated in the inner level for the monitoring step.

Each submodel works on either an [nEiw � nel] or an
[nViw � nel] matrix, where nEiw and nViw are the reference edge
and valley image widths (in pixels), respectively. The refer-
ence images for edges and valleys are built by considering a
statistically sound number of on-quality edges and valleys
(in fact, it is sufficient that a statistically sound number nEiw
and nViw of on-quality edge and valley image rows is col-
lected and assembled in two reference images). The j-th col-
umn of each matrix contains the values of light intensities
on the image trans-section located at pixel 0� j� nel along
the image (i.e., edge) length. The PCA submodels reduce the
dimension of the problem (nel variables) into a point on a 2-
D scores space that characterizes most of the information
content and the variability of the original space. As

Figure 6. Inspection of the upper and lower walls of an
edge by the LER monitoring model.

Two latent variables were used in the PCA model. [Color
figure can be viewed in the online issue, which is available
at www.interscience.wiley.com.]

Figure 7. Edge and valley surface roughness monitor-
ing using the nested PCA model.

Two latent variables were used.
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illustrated in Figure 7, a new picture is scanned row by row;
any new row is identified as belonging either to an edge or
to a valley, and then transformed by using the ad-hoc PCA
model. The value of the first score t1 was found to be a use-
ful indicator to classify a row. A threshold value for t1 was
determined by analysis of the reference images.

Each submodel allows to monitor the surface roughness
by analyzing the T2 and the Q indices. Excessively high val-
ues for the Hotelling’s T2 statistic alarm on an abnormal
mean light intensity along the whole length of an edge or
valley (e.g., due to uneven distribution of the photoresist
coating). Excessively high values for the Q statistic indicate
an abnormal variability of the light intensity (e.g., due to the
presence of holes or of photoresist residuals). Note that any
abnormality can be precisely located by analyzing the contri-
bution provided by each of the nel pixels to the altered value
of the relevant statistic. Therefore, the information that
becomes available through this surface monitoring system
complements and extends the information provided by the
LER monitoring system.

Edge shape monitoring

A more wholesome and meaningful monitoring approach
would attempt to examine the overall edge shape and to com-
pare it to a required standard. A methodology is suggested
here to achieve this goal. The proposed approach performs
the inspection of a single edge shape by scanning the edge
image in the sense of the pixel columns. The objective is to
compare different trans-section profiles of an edge (as charac-
terized in terms of light intensity) with respect to a reference
profile, while proceeding along the edge length direction.

There are two main difficulties in monitoring the edge
shape. First of all, the data are clearly nonlinear and non
normally distributed in the direction of the image column
trans-section, whereas the calibration of a PCA model
requires linear and normally distributed historical reference
information. Secondly, it is difficult to retain the spatial in-
formation when using a PCA model as, ideally, every pixel
should be considered for its position and for the spatial rela-
tion with its neighbors.24

The strategy proposed to overcome these issues is to con-
sider each pixel together with its nearest neighbors located
in the same trans-section profile within a predefined spatial
moving window (Figure 8), in which the correlation between
the neighbors (i.e., the local edge shape) is maintained and
the nonlinearity of the profile is negligible. Thus, a moving
window of appropriate size (Dnmw) is defined in the space of
the pixels along the edge profile trans-section (whose overall
width is ntsw pixels). The moving window captures the corre-
lation between pixels located in a limited region, within
which it is reasonable to suppose a strong correlation
between neighbors. For this reason, Dnmw ¼ 5 pixels was
chosen; at larger distances the correlation between upper and
lower pixels within the same window vanishes.

In order to smooth nano-variations that may perturb the
comparison between the local shapes of different edge pro-
files, a segment is taken along the edge length direction (a
segment dimension of Dnsegm ¼ 5 pixels was chosen for this
study, which corresponds to �49 nm; at larger distances the
correlation between right and left pixels was not significantly

high). This segment is assumed to be the smallest width for
which a profile shape is analyzed; this also allows for a signif-
icant reduction in the computational burden. Therefore, each
segment represents the image of Dnsegm consecutive edge pro-
files. The shape of an edge is then analyzed by monitoring the
segments that edge is made of. Note that a segment can be
represented by a [ntsw � Dnsegm] matrix, whose entries are the
light intensities on each pixel belonging to the segment.

To define the optimal reference for a segment, a number
(equal to Nimage) of segments that conform to the required
quality standards are collected from different edges and
different images. The whole set of reference data is arranged
in a 3-D matrix (Figure 9), whose dimension is
[Nimage � Dnsegm � Dntsw]. Therefore, according to this
arrangement, the Nimage images are stored as horizontal
slices and piled up one another.

The spatial moving window multi-way PCA model is then
defined as follows. The spatial window moves pixel by pixel
along the matrix third dimension. For any position of the
window, a subset of the 3-D matrix is defined (Figure 9a).
This subset is unfolded ‘‘image-wise’’, by cutting the subma-
trix into Dnmw vertical slices along the trans-section width
dimension, and putting the slices side by side according to a
multi-way procedure25 (Figure 9b). This results in a
[Nimage � ðDnmw � DnsegmÞ] 2-D matrix that can be processed
through PCA. A column of this matrix represents how the
light intensity on a given position in segment and on a given
position along the edge profile varies between different
images. On the whole, (ntsw � Dnmw þ 1) 2-D reference mat-
rices are obtained, this number being equal to the number of
positions that the spatial window can take along the edge
trans-section width. For each of these matrices, threshold
values on the T2 and Q statistics can be determined that
allow to monitor the shape of the edge within the corre-
sponding spatial window.

For any segment on a test edge whose shape needs to be
monitored, the T2 statistic (or the scores) on a given edge
window summarizes the mean edge shape in that window.

Figure 8. Schematic of the main concepts underneath
the monitoring method for the shape analysis
of one edge.
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Therefore, large T2 values indicate that the local edge shape
is altered with respect to the average. Large Q values indi-
cate changes in the correlation structure between the profiles
of a segment. This signals a local variation on the edge
roughness, if the T2 statistic is found to be within its limit.

Case Study: Monitoring Results

The compliance of the surface product quality to the qual-
ity requirements after a photolithography process is eval-
uated in terms of LER, of surface roughness and of edge
shape by applying the techniques described in the previous
section. Hence, a multiple monitoring system is developed to
perform the monitoring of all the abovementioned features
through multi-scale and multivariate image analysis. The
monitoring results are presented in the following.

LER monitoring system

The LER monitoring strategy goes through the following
steps: (i) an edge is selected on the de-noised test image; (ii)
the four light intensity levels are identified on the edge; and
(iii) the edge is monitored through the scores plot (and/or
the T2 plot) and the Q plot.

The scores plot surveys the conformity of the mean side-
wall roughness on the edge. Any point in this plot is desig-

nated with a number, which represents the column position
(along the edge length) to which that point refers to. The
location of the point on the scores plot represents how the
topological lines are distributed along the edge side-wall at
that column position. Nonconformities are shown as points
located outside the confidence ellipse.

The Q plot points to irregularities in terms of excessive
variance on the edge side-wall roughness, and to changes in
the correlation between the topological lines (i.e., in the
‘‘parallelism’’ of topological lines). The column location
over the edge length is represented on the x-axis of this plot.
Nonconformities are shown as points located above the
confidence threshold.

In Figure 10, the scores plot (Figure 10a) and the Q plot
(Figure 10b) for the upper side wall of an edge are shown.
The Q plot shows four outliers within the first 30 pixel col-
umns. An off-line visual inspection of the upper side wall
(Figure 10c) indeed confirms that a bump is localized around
column 30 (note that the scores plot, too, provides a ‘‘mild’’
alarm for column 30). Furthermore, Figure 10c shows that
several side-wall irregularities are present in the first 30 col-
umns, i.e., a nonparallelism of the topological lines exists in
this section of the edge length. This confirms the indications
provided by the Q plot. Note, however, that inspecting the
side-wall image is much more time consuming and does not
provide a precise and unambiguous indication on the pixel

Figure 9. (a) Reference data arrangement on a 3-D matrix with a spatial moving window. (b) Image-wise unfolding
of the 3-D matrix on the moving window.
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column where a nonconformity is present. Conversely, the Q
chart is very quick to analyze, the response is localized and
unambiguously points to a column where a defect is deemed
to be present. The scores plot is somewhat less responsive

than the Q plot, but nevertheless the information provided
by the two monitoring diagrams can complement each other.

Strong outliers are also identified by the Q plot on pixel
columns 99 and 106. These indicate a very large variability
on the topological lines, or a nonparallelism between the
lines. The irregularity on column 99 is also clearly detected
by the scores plot. Visual inspection of the upper side wall
image (Figure 10c) confirms that two large feet are present
around pixel column 100.

Surface roughness monitoring system

The surface roughness monitoring strategy goes through
the following steps: i) a row is selected on the de-noised test
image following a sequential scanning from the top to the
bottom of the image; ii) the row is categorized as belonging
either to an edge or to a valley; iii) the edge/valley is
inspected through the relevant scores plot (and/or the T2

plot) and the Q residuals plot, which highlight potential
anomalies on the surface; and iv) an analysis of the contribu-
tion of each pixel to the T2 statistic and to the e residuals,
which constitute the Q-residuals,26,27 allows to precisely
localize the imperfections.

Figure 11 shows the e contributions to the residuals of all
the pixels along the length of a row within the same edge
considered in Figure 10. If the e contribution of a pixel
exceeds one of the confidence limits,28 this is an indication
that a surface imperfection is localized on that pixel. Follow-
ing this rationale, several imperfections are detected by the
contributions plot of Figure 11 around pixel columns 10 to
40, around column 100, and around column 135. Note that
irregularities in the same locations were highlighted in the
LER monitoring strategy, too.

The agreement between the results of LER monitoring
and of surface roughness monitoring is a proof of the reli-
ability of both approaches, which can be used simultane-
ously in a robust way. In fact, the topological lines at differ-
ent light intensity thresholds (obtained by cutting the image

Figure 10. Line edge roughness monitoring: analysis of
the upper side wall for one selected edge.

(a) Scores plot (the numbers within the squares represent
the column position along the edge length); (b) Q plot;
and (c) magnified section of the edge upper wall image.
[Color figure can be viewed in the online issue, which is
available at www.interscience.wiley.com.]

Figure 11. Surface roughness monitoring: typical trend
of the contributions to the residuals for the
localization of defects on an image row.

The dashed lines represent the confidence limits. [Color
figure can be viewed in the online issue, which is avail-
able at www.interscience.wiley.com.]
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with a plane parallel to the image itself) are highly corre-
lated to the light intensities along the trans-sections of the
edge surface (obtained by cutting the image with a plane or-
thogonal to the image). As an example, Table 2 shows the
correlation coefficients between the upper side-wall topologi-
cal levels of an edge and the trans-section profiles along the
edge length from row 5 up to row 11. The higher correlation
coefficients emphasize the similarity between the trajectories
of the LER lines and the profile of the light intensity on a
row of pixels along the edge length. This confirms the possi-
bility to observe accurately the LER through the surface
roughness in terms of light intensity.

Note that the surface roughness analysis can be used to
spot also other defects (which usually cannot be identified in
a practical way). For instance, Figure 12a shows the contri-
butions plot for a different pixel row along the image (the
row was categorized as a valley). It can be seen that around
pixel columns 25, 50, 100, 160, and 195 the contributions to
the residuals exceed the confidence limits. This means that
some defects are present in terms of excessive variance of
the light intensity (which could be associated to the presence
of holes or of photoresist residuals). However, only a few of
these defects would unambiguously be highlighted if an off-
line inspection of the light intensity profile were carried out
on the same row (Figure 12b).

Edge shape monitoring system

The edge shape monitoring strategy goes through the fol-
lowing steps: i) a segment is selected in the de-noised image
of an edge; ii) the trans-section profiles in this segment are
aligned to the reference one; iii) the segment is sequentially
scanned by the spatial moving window along the whole
trans-section width; and iv) the shape conformity to the
desired standard is surveyed using the ti plots and the Q
plot, along all the positions that the moving window can
take on the trans-section width. The confidence limits on the
ti charts and on the Q chart are not the same for the entire
width, but are defined for each spatial window. In particular,
the confidence limits of the Q chart take into account the
different variability between valleys and edges: higher limits
are set for the valleys because of a more marked shape vari-
ability; lower limits are set for the edges, in which the shape
is expected to be only slightly variable.

Figure 13a shows (full thin lines) the five light intensity
(trans-section) profiles on an edge segment that conforms to
the required quality standards. These profiles are compared to

the average light intensity profile on the reference segments
(broken thick line). All test profiles are aligned along the left-
hand rising branch of the reference profile. According to a
rough visual inspection of these profiles, the inspected seg-
ment seems to conform to the quality standards. However, it
is not completely clear whether the shape differences on the
center and on the borders of the trans-section profiles are to
be regarded as ‘‘regular’’ or not. A more rigorous and auto-
matic monitoring of the edge shape can be done by analyzing
the t1 plot (Figure 13b) and the Q plot (Figure 13c). It can be
seen that no violations of the confidence limits are detected
along the trans-section width (which is scanned by the mov-
ing window). Hence, Figures 13b,c unambiguously designate
the tested edge as an on-quality one.

A similar comparison is presented in Figure 13d for a
nonconforming segment. Again, although the analysis of Fig-
ure 13d is not completely satisfactory to assess the quality of
the trans-section profile, the analysis of the t1 plot (Figure
13e) and of the Q plot (Figure 13f) unambiguously points to
the locations (along the trans-section width) where the

Table 2. Correlation Coefficients Between the Topological
Lines at Different Light Intensity Thresholds and the Light

Intensity Along the Trans-Section of an Edge

0.5
threshold

0.6
threshold

0.7
threshold

0.8
threshold

Row 5 0.432 0.245 0.138 0.098
Row 6 0.731 0.769 0.579 0.372
Row 7 0.700 0.866 0.728 0.516
Row 8 0.663 0.887 0.863 0.735
Row 9 0.525 0.752 0.841 0.829
Row 10 0.466 0.631 0.744 0.795
Row 11 0.216 0.205 0.285 0.381

Figure 12. Surface roughness monitoring: identification
of defects on a valley from the analysis of
(a) the contributions to the residuals and (b)
the profile of light intensity along the valley
length.

[Color figure can be viewed in the online issue, which is
available at www.interscience.wiley.com.]
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nonconformity is present. Note that this test segment is cate-
gorized as an ‘‘on quality’’ one in the valleys, although Fig-
ure 13d shows that there is a significant difference between
the borders of the test and those of the reference profiles.

However, the spatial moving window approach effectively
allows to identify the difference in the roughness structure
between edges (smoother structure) and valleys (coarser
structure).

Figure 13. Edge shape monitoring for an on-quality segment (left column plots) and for an off-quality segment
(right column plots).

(a) light intensity profiles on one segment of a test edge conforming to the required quality standards; (b) first score as a function of the
moving window number for the same conforming segment; (c) Q statistic as a function of the moving window location for the same con-
forming segment; (d) light intensity profiles on one segment of a test edge not conforming to the required standards; (e) first score as a
function of the moving window location for the same nonconforming segment; (f) Q statistic as a function of the moving window num-
ber for the same nonconforming segment. The dashed lines represent the confidence limits. [Color figure can be viewed in the online
issue, which is available at www.interscience.wiley.com.]
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Conclusions

One of the most important step in the integrated circuit
fab is photolithography, because of its economical and
operational impact on the manufacturing scheduling. The
greatest part of the monitoring efforts in photolithography is
focused on the measurement of the most important physical
parameters of a photolithographed device, such as CD, LER,
or SWA and the common inspection tools are optical instru-
ments.

An image, however, retains information that largely
exceed the mere metrology, and which are useful to identify
the complex nature of the manufactured product quality.
Through image analysis, and in particular advanced image
processing techniques, it is possible to access without human
intervention several meaningful clues that help to better
understand the manufacturing process, to identify the critical
situations (for the product quality and the process progress)
and to counteract the problems.

In particular, in this paper, a monitoring system for the
after-development quality evaluation was introduced. The
approach, based on a combination of multiresolution and
multivariate statistics, can deal with the hidden characteris-
tics of a device, performing all the tasks of the instrumental
sensors, but grasping additionally features of the surface
product, which are commonly inaccessible. Being quality a
multivariable property in nature, multivariate statistical tech-
niques were exploited to extract the information embedded
in the image. Although the signals were corrupted by noise
and alterations, which affects different scales of resolutions,
only the relevant scales were considered through a multiscale
treatment by means of the wavelet decomposition. The result
was a multiscale and multivariate monitoring framework that
inspects the quality of the photolithographed device through
the analysis of a SEM image.

The proposed monitoring system was shown to be an
effective tool for the survey of the product. By adding new
features for the measurement of the critical physical parame-
ters, the image analysis system performs a full scanning of
the surface, identifying and localizing the defects and
anomalies, and detecting in advance the drifts of the process.
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Notation

e ¼ residual of a test sample
Dnsegm ¼ segment width (pixel)
Dnmw ¼ size of the moving window (pixel)

iM ¼ filtered image at the M-th scale of decomposition (squared
pixel)

j ¼ counter
m ¼ decomposition scale
M ¼ selected decomposition level
M1 ¼ decomposition level selected for the image de-noising
n ¼ counter

nel ¼ size of the edge length (pixel)
nEiw ¼ size of the image width for the edges
nViw ¼ size of the image width for the valleys

nlevels ¼ number of selected topological levels
ntsw ¼ size of the trans-section width (pixel)

Nimage ¼ number of images of edge segments

Q ¼ square prediction error of the PCA model
< ¼ set of the real numbers
s ¼ variable in the domain of pixel space (squared pixel)

SM,n ¼ approximation coefficient at the M-th scale
of decomposition

t1 ¼ score vector of the first principal component
ti ¼ score vector of the i-th principal component
T2 ¼ Hotelling statistics

Tm,n ¼ detail coefficient at the m-th scale of decomposition

Greek letters

/ ¼ father wavelet
w ¼ mother wavelet

Acronyms

2-D ¼ bi-dimesional
3-D ¼ three-dimensional
CD ¼ critical dimension

CD-SEM ¼ tool for the measurement of the CD through a SEM
IC ¼ integrated circuit

LER ¼ line edge roughness
PCA ¼ principal component analysis
SEM ¼ scanning electron microscopy (or microscope)
SWA ¼ side wall angle
UV ¼ ultra violet
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