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ABSTRACT Nanoscale manufacturing requires high-precision surface inspection to guarantee the quality
of the produced nanostructures. For production environments, angle-resolved scatterometry offers a
non-invasive and in-line compatible alternative to traditional surface inspection methods, such as scanning
electron microscopy. However, angle-resolved scatterometry currently suffers from long data acquisition
time. Our study addresses the issue of slow data acquisition by proposing a compressed learning framework
for the accurate recognition of nanosurface deficiencies using angle-resolved scatterometry data. The
framework uses the particle swarm optimization algorithm with a sampling scheme customized for scattering
patterns. This combination allows the identification of optimal sampling points in scatterometry data that
maximize the detection accuracy of five different levels of deficiency in ZnO nanosurfaces. The proposed
method significantly reduces the amount of sampled data while maintaining a high accuracy in deficiency
detection, even in noisy environments. Notably, by sampling only 1% of the data, the method achieves an
accuracy of over 88%, which further improves to more than 95%—approaching the 96.4% accuracy achieved
with full image classification—when the sampling rate is increased to 7%. These results demonstrate a
favorable balance between data reduction and classification performance. The obtained results also show
that the compressed learning framework effectively identifies critical sampling areas. The framework was
further validated on GaN nanosurfaces, which confirmed that the sampling strategy generalizes effectively
across different materials and achieves classification accuracies close to full-image performance.

INDEX TERMS Angle-resolved scatterometry, compressed learning, compressive sensing, optimization,
deficiency detection in nanosurfaces, feature extraction, feature selection.

I. INTRODUCTION are the available techniques that can be used to analyze

Nanoscale manufacturing has become an important part of
the production lines for various fields of application by
making enhancements in transistors [1], energy efficiency
of solar cells [2], and diagnostics in medicine [3]. The
manufactured nanostructures need to be monitored for quality
and detection of deficiencies [4], [5]. Scanning electron
microscopy (SEM) and atomic force microscopy (AFM)
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nanosurfaces. However, AFM requires direct contact with
the nanosurface, which may disturb delicate samples, and
SEM often requires conductive coating, making it partially
destructive [6], [7]. These limitations make them unsuitable
for use in a manufacturing environment where rapid, non-
destructive, and real-time monitoring of nanosurfaces is
required [8].

Scatterometry is an alternative technique to SEM and
AFM for surface inspection and dimensional metrology [9].
It is a non-contact technique that analyzes the interaction
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of light with a nanostructured surface. In scatterometry,
a coherent light source is directed onto the surface, and the
scattered light is measured using a light-detecting sensor to
extract structural information [10]. Scatterometry is widely
used in the semiconductor industry for the inspection and
metrology of manufactured computer chips. It provides
a non-destructive and high-resolution method for critical
dimension measurements and process control [11]. It is
also shown to be applicable in monitoring crystal growth
processes [12] and injection-molded plastic [13].

A specific type of scatterometry is called angle-resolved
scatterometry (ARS). In ARS, a light detector moves around
the nanostructured sample to measure scattered light from
all reflection angles across the surrounding spherical field.
ARS provides comprehensive angular characterization of the
surface by capturing a complete image of scatterometric data
that delivers detailed information about the surface charac-
teristics [14]. The provided comprehensive information from
angle-resolved data can help to analyze nanostructures for
surface roughness [15], [16], thin film characterization [17]
and 3D features metrology [18].

ARS has been shown to be useful for the detection of
local defects in nanostructured surfaces [19]. In a study,
Zimmerman et al. [20] designed a framework for the detection
of defective sub-100 nm structures in zinc oxide (ZnO)
nanosurfaces. They used discrete dipole approximation
(DDA) [21] to generate computer-simulated data for further
evaluation of the scattered light. In addition, an ARS device
was built for the comparison of the simulated data with
the real data. However, Zimmerman’s study did not carry
out a quantitative analysis on the detection of deficiencies
in surfaces. In addition, the ARS device should scan the
encompassing sphere of the nanosurface to record the
scattered light from all reflection angles. This task is normally
carried out using a single moving light sensor, which makes
this process significantly slow.

Similar to Zimmerman’s study, we will also study the
computer-simulated ARS data acquired from the ZnO
nanosurface. ZnO is a semiconductor known for its excellent
optical transparency, high electron mobility, and strong room-
temperature luminescence. These properties make it highly
suitable for applications in optoelectronics, sensors, and
surface coatings [22]. In these applications, the performance
of ZnO-based components is highly sensitive to surface
quality, as surface defects or irregularities can negatively
impact optical and electrical behavior [23], [24]. Therefore,
surface inspection plays an important role in maintaining the
functionality of the final product.

Additionally, our study addresses the mentioned chal-
lenges of quantitative analysis of the nanosurface deficiency
levels and faster data acquisition in ARS by utiliz-
ing compressed learning (CL). CL combines compressed
sensing [25], [26] with machine learning in an integrated
framework. In CL, the objective is shifted from the
reconstruction of the data, which was the case in com-
pressed sensing, to a higher-level machine learning task like
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classification. Therefore, instead of the reconstruction of the
data using the compressed measurements and then carrying
out a machine learning task, the data in the measurement
domain can be investigated directly using the machine
learning algorithms [27].

A related study presents a unified framework that connects
sparse signal modeling and supervised learning within the
context of compressed learning [28]. They show that it is
possible to carry out learning tasks directly in the compressed
domain without recovering the original data. The work estab-
lishes theoretical guarantees and provides practical results
showing that compressed learning can achieve comparable
or even superior performance to traditional learning methods
applied to uncompressed data, especially in settings where
data acquisition and storage are limited.

CL has been applied across various domains as a practical
tool for efficient data analysis [29]. In a study, Lohit et al.
[30] demonstrated that high-level visual inference tasks, such
as face recognition, can be performed using a compressive
camera. Their approach combined smashed filters [31] with
support vector machines to allow direct inference from
compressed measurements.

CL has also been utilized in biological data analysis.
Zhang et al. [32] applied CL techniques to reduce the
dimensionality of protein sequence feature vectors for the
prediction of protein-protein interactions. This reduction
in dimensionality helped lower computational complexity
while preserving the predictive performance of the model.
These studies illustrate the adaptability of CL in handling
high-dimensional data across different scientific and engi-
neering fields.

In optical metrology specifically, previous studies have
explored compressive measurement approaches to reduce
acquisition time in wavefront sensing [33], optical coherence
tomography [34], and aspheric surface metrology [35].
However, these works mainly focused on reconstructing
the complete signal from compressed measurements, then
applying analysis afterward. Our approach differs fundamen-
tally. We apply compressed learning directly to sparse ARS
measurements to perform defect detection without requiring
full signal reconstruction. This task-oriented framework helps
us to reduce both data acquisition time by sampling only
critical measurement points and computational complexity
for further analysis.

We modified the traditional CL framework to make
significant improvements to ARS sampling and analysis.
Traditional compressed learning builds on compressed sens-
ing by using a measurement matrix ® € R™*P  where
m < p, to obtain compressed measurements y = ®x from
the original signal x. Instead of reconstructing X, learning
tasks such as classification are performed directly on y.
Because sparsity is not a prerequisite in compressed learning,
the measurement matrix & can be learned or optimized
for better performance. While this method of sampling can
be implemented in an analog domain signal sampler, its
applicability in position-based sampling like ARS is limited.
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Our approach adapts compressed learning to a spatial
sampling context by applying a binary mask B € {0, 1}>*"
directly to the image I € R"*", producing compressed data
through element-wise (Hadamard) multiplication:

Icompressed =BOI,

where the Hadamard product ® denotes element-wise
multiplication such that each entry of Icompressed i given by
(Icompressed)ij = Bjjljj. The resulting matrix Icompressed €
R retains only the values of I at the locations selected
by the mask, effectively reducing the number of sampled
points. Using this sampling method, our framework performs
compressed learning to detect deficiency values from a small
subset of informative sampling points, which helps overcome
long recording times caused by delays in the mechanical
movement of the sensor in ARS.

Fig. 1 shows the workflow of the proposed CL framework.
In this framework, a particle swarm optimization (PSO)
algorithm is employed alongside a linear discriminant
analysis (LDA) classifier to search through the scattered
light samples and identify the optimal combination that
yields the highest accuracy for detecting deficiencies in ZnO
nanosurface.

The main contributions of this work are as follows:

e A comprehensive CL framework is proposed for the
analysis of ARS data, in which handcrafted features
are extracted, important features are selected using
recursive feature elimination (RFE), and classification
is performed using linear discriminant analysis (LDA).

o A latitude-based sampling scheme is introduced to
reduce ARS acquisition time significantly by focusing
on structurally informative sampling arcs while main-
taining robustness to rotational variations.

o The sampling optimization is defined as a constrained
problem and solved using PSO, making it possible to
identify the most informative sensing areas.

« An intra-latitudinal sampling approach is further intro-
duced, which enables a further reduction in sampling
rate and enhances the system’s flexibility in detecting
nanostructure deficiencies.

The remainder of this paper is organized as follows.
Section II describes the proposed CL framework in detail.
Section III presents the experimental evaluation of the
framework under various conditions and reports the results.
Section IV offers a deeper analysis and discussion of the
proposed methodology. Finally, Section V summarizes the
conclusions of this study.

Il. METHODOLOGY
In the present section, we lay out the foundation of the

proposed methodology by first introducing the dataset used in
our work and the methods to provide a good representation of
the dataset through handcrafted features and feature selection.
Then we continue by providing a more detailed description
of the different parts of the proposed CL framework, includ-
ing classification, optimization, and the sampling scheme.
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Additionally, we discuss how these components effectively
integrate to form a functional framework for sampling and
deficiency detection using ARS data. Lastly, we extend the
proposed sampling scheme to improve its flexibility and
the performance of the framework in the detection of the
deficiency level of the ZnO nanosurface using ARS images.

A. ARS DATASET

For our study, ARS data at different deficiency levels of
zinc oxide (ZnO) and gallium nitride (GaN) nanosurfaces are
used. The use of these datasets will help us to evaluate the
proposed method’s accuracy in deficiency detection. Since
introducing a specific type of deficiency to a nanosurface is
challenging [36], simulated data will be used in our study.

The simulations were generated using the Amsterdam
Discrete Dipole Approximation (ADDA) [21], an open-
source implementation of the discrete dipole approxima-
tion (DDA) algorithm that numerically solves Maxwell’s
equations for light scattering by arbitrarily shaped nanos-
tructures. Although the ARS dataset is simulated, the
optical configurations and nanosurface parameters strictly
follow experimentally realizable setups. The ADDA frame-
work reproduces realistic light—matter interactions in ZnO
and GaN nanostructures, producing physically consistent
scatterometry images suitable for validating the proposed
deficiency detection approach.

Scatterometry images of ZnO nanosurfaces with vacancy
deficiencies of 0%, 10%, 20%, 40%, and 60% and GaN
nanosurfaces with no defects, moderate defects, and major
defects were simulated. ZnO nanosurfaces consist of ver-
tically aligned nanograss that is randomly distributed but
densely packed. When a certain percentage of nanograss
is absent, the surface morphology becomes irregular, and
the overall density of the nanograss decreases. Vacancy
deficiency percentages refer to the proportion of nanograss
missing in the ZnO structure.

Similarly, GaN nanosurfaces consist of vertically aligned
nanowires, where the structural defect significantly affects
the spatial density of the nanowires, with a slight influence
on the size and angle of the nanowires. These changes in
structural properties of ZnO and GaN will have effects on
their interaction with light [37] and subsequently on the
resulting scatterometry data.

In our simulation configuration, a monochromatic laser
beam with a wavelength of 405 nm is directed perpendicular
to the nanosurface. The laser beam is Gaussian with a waist
radius of 10 um (defined as 1/e? radius). A light detector at
a distance of 60 cm from the nanosurface scans the scattered
light over the surrounding sphere [38]. The nanosurfaces
are considered to be constructed on a transparent substrate,
which makes it possible to have scattered light in the upper
and lower hemispheres. In the upper hemisphere, we have
reflected light, and in the lower hemisphere, transmitted light.

We only used reflected scattered light using a light detector
scanning the upper hemisphere with an angular resolution of
1°. The angles are «, the vertical angle measured from the
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FIGURE 1. Workflow of the proposed CL framework for latitudinal arc selection for the maximization of deficiency detection accuracy.

FIGURE 2. Scanning positions of the light-detecting sensor for a single
ARS image acquisition.

equator (0°) to the pole (90°) and back to the equator (180°),
and B, the horizontal angle measured around in a semicircle.
B could range from 0° to 180° or 0° to —180° (see Fig. 5):

o €[0°,180°], B e[—-180°, 180°]

To have a better understanding of the sampling points,
Fig. 2 is provided, which shows the possible positioning of
the sensor on the sampling sphere.

A set of 1400 scatterometry images, each with a size
of 180 x 180 pixels, was created to represent five distinct
levels of deficiency. Within this dataset, there are 280 images
corresponding to each deficiency level. For the GaN dataset,
300 images were simulated, including scatterometry images
of three different deficiency levels (no defects, moderate
defects, and major defects).

In Fig. 3, the first row illustrates an example of an ARS
image. For demonstration purposes, the spherical image is
converted into a 2D image. In this expanded view, the
half-latitudes of the sphere are arranged along the columns
of the 2D image, as shown in the bottom row of Fig. 3.
The details regarding these half-latitudes will be discussed
in Section II-C1.

B. FEATURE EXTRACTION, FEATURE SELECTION, AND
CLASSIFICATION

Here, as the first part of the CL framework, we introduce the
classification model and handcrafted features for the discrim-
ination between ARS images with different deficiency levels.
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FIGURE 3. An illustration of ARS data in spherical form and its
transformation to the expanded 2D image. In the second row, there is an
illustration of the placement of latitudinal arcs in the corresponding
columns in the 2D image.

Through feature extraction, high-dimensional data can be
transformed into meaningful representations. This process
reduces complexity while preserving essential information.
The extracted features reflect patterns, trends, and rela-
tionships within the data which makes interpretation and
analysis easier. In the context of ARS data, selecting
and extracting key features help in distinguishing between
different deficiency levels of nanosurfaces.

Due to the novelty of ARS imaging, a suitable feature
space that could thoroughly represent ARS data has not
yet been explored in the literature. Therefore, we first
conduct a comprehensive feature extraction to have a large
set of features representing ARS images from different
perspectives. Then, we utilize a feature selection method to
select specific features that are contributing to the detection
of deficiencies. The extracted features at the first stage can
be categorized into basic statistical features, higher-order
statistical features, histogram-based features, and texture-
based features. Statistical features can help detect overall
ARS image intensity distribution. Histogram-based features
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FIGURE 4. Workflow of recursive feature elimination (RFE) with linear
discriminant analysis (LDA)-based feature importance.

are useful in analyzing ARS image intensities and contrast
variations without considering spatial relationships. Texture-
based features provide information on speckle patterns in
ARS images. The extracted features build a feature space that
presents images in a lower dimension.

In order to further reduce this feature space, eliminate
redundancy, retain the most significant features, and speed up
feature extraction, we use the recursive feature elimination
(RFE) method. In RFE, features are recursively removed
according to their importance until the optimal subset
is found. RFE follows the objective of improving the
performance of a machine learning model by eliminating
the least important feature one by one. To achieve this, the
machine learning model must be capable of assigning feature
importance scores. The process of feature selection in RFE is
also shown in Fig. 4.

In our study, linear discriminant analysis (LDA) is used as
the machine learning model. For the detection of deficiencies
of nano surfaces from ARS data with different deficiency
levels, we employ the LDA as a classifier. In addition, LDA
can also provide a feature importance score for the feature
vector in the input space, which then will be used as an input
for RFE to reduce the number of features. LDA classifier
is a supervised machine learning algorithm. It works by
modeling the distribution of each class, assuming a Gaussian
distribution with the same covariance matrix but different
means. LDA projects the data onto a lower-dimensional space
by finding a linear combination of features that best separates
the classes. It maximizes the distance between the means of
different classes while minimizing the variance within each
class. LDA achieves that by optimizing Fisher’s criterion,
which maximizes the ratio of between-class variance to
within-class variance. This projection creates well-separated
classes while maintaining tight clustering within each class.
As aresult, the algorithm produces linear decision boundaries
that effectively distinguish between the classes.

The following presents the mathematical formulation of
LDA, detailing Fisher’s criterion, the underlying mechanism
for class separation, and how feature importance is derived
from the projection matrix.

7120

Given a dataset of N samples (feature vectors) f, €
R¢, each belonging to one of k classes, the matrices that
characterize class separability in LDA are defined as follows:

The between-class scatter matrix is defined as

k
Sp =D Nelpte — 1) — )" (1)
c=1
where 1. is the mean vector of class c,  is the overall mean
vector, and N, is the number of samples in class c.
The within-class scatter matrix is defined as

k
Sw= D> E—p)E—p)" @)
c=1feC,
where C,. represents the set of samples in class c.
The optimal projection matrix W € R** =D that
maximizes class separability is obtained by solving the
generalized eigenvalue problem:

Sw' SEW = AW 3)

where A is the diagonal matrix of eigenvalues, and the
eigenvectors in W define the transformation that maximizes
class separability.

Feature importance in LDA can be derived from the
absolute values of the elements in the projection matrix
W. Specifically, the importance of the j-th feature can be
estimated using:

k—1
b= > Wl )
=1

where Wj; represents the weight of feature j in the [-th
LDA discriminant component. The absolute values of these
weights indicate the contribution of each feature to class
separation.

Using RFE and feature importance analysis, we reduce
an initial set of 30 features to 12 without any loss in LDA
classification performance. To assess the contribution of
each feature, we conduct an ablation study with RFE: in
each iteration, one feature is removed, and the resulting
classification accuracy and execution time are recorded. This
approach enables a systematic evaluation of how individual
features impact model performance and helps form a subset
that balances accuracy and computational efficiency. The
results of this study are presented in Section IV and Fig. 10.

The selected features are shown in Table 1. In this table,
details of the calculation of each feature for a given input
signal or image I, are given. Each image I,, contains M pixels,
denoted asI,, ;, wherei = 1, ..., M. Equation 5 shows that all
of these features form a feature vector f,, = f(I,)) that provides
a specific representation of the scatterometric image I,, and
helps to distinguish scatterometric patterns that are present in
the ARS data.

f@) = [u@), o(L,), HA,), o(1,), min(l,), L,,
Pa5(L,), P1o(I,), MAD(,,), RMS(I,,), E(,),

R(I,)] &)
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TABLE 1. The selected features by RFE.

Calculation
M
3 i L
1 M
M Z,‘:l(ln,i - N)z

M 1
H:M/Zizlﬁ

2

Feature

Mean (1)

Standard Deviation (o)

Harmonic Mean (H)

Variance (o2) o

Minimum Value (min) min(L, 1, L2, .. Iim)

Middle value of sorted data

Median Value (i,,)

25th Percentile (p25) Value at 25% of sorted data

Value at 10% of sorted data

M
3 i1 Tni — pl

10th Percentile (p10)

Mean Absolute Deviation (MAD)

1 M
Root Mean Square (RMS) i i I
Energy (E) fW: 1 Iii
Range (R) max(I,) — min(I,)

C. OPTIMIZATION OF ARS SAMPLING

To improve the recording time of the ARS, a subset of
sampling points that are most contributing to the detection of
deficiencies will be scanned instead of the entire sphere. The
ARS device has the capability to sample every single point in
the scanning sphere independently. Therefore, it is possible to
define a search space that includes combinations of different
points in the scanning sphere or different pixels in the ARS
data.

However, there are two major drawbacks to using a
single point-based search space. Firstly, it needs a significant
amount of time to find the best combinations of the pixel
positions leading to the most accurate deficiency detection
result. Secondly, due to the spherical nature of the data, the
point-based sampling will be sensitive to the rotation around
the axis of the incident light (shown as the z-axis in Fig. 5).
This sensitivity is problematic because the optimizer can
converge to the sampling patterns that are not related to the
structural properties of the nanosurface but the placement of
it, and any changes in the placement or the rotation of the
nanosurface can cause the previously found sensing pattern
to be invalid.

To address the challenges mentioned, we propose a
latitude-based sampling scheme to effectively sense ARS
data. In this approach, the search space is limited to specific
latitudinal arcs. This significantly reduces the search space
of the optimizer that searches for a specific set of arcs.
By limiting search space, the optimizer can focus its efforts
on more targeted regions and can effectively search for the
optimum sampling areas. Furthermore, the latitude-based
sampling scheme is inherently robust to rotations around the
z-axis, which results in an optimization that is not sensitive
to such rotations.
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FIGURE 5. Vertical angle («) and horizontal angle (8) in ARS sphere.

1) DEFINITION OF THE LATITUDE-BASED SAMPLING
SCHEME

In this scheme, a set of latitudinal arcs is considered to be
sampled for analyzing the scattering properties of the surface
under study.

In our study, each latitudinal arc, or arc in short, is defined
in such a way that it spans half of a sphere’s latitude at a
specific angle. In other words, a single latitude is split into
two arcs, the first arc spanning horizontal angle 8 from 0 to
180 degrees and vertical angle @ = «af, a1 being a specific
angle between 0° and 90°. Horizontal and vertical angles
are shown in Fig. 5 for clarity. The second arc spanning
horizontal angle 8 from 0° to —180° degrees but with vertical
angle a2, where o = 180° — .

For instance, a few of these latitudinal arcs are illustrated
in the bottom row of Fig. 3. In this figure, six latitudinal arcs,
o = [20°,45°,70°,135°, 120°, 170°] with distinct colors
are shown in both spherical and expanded form. The reason
for considering half-latitudes or latitudinal arcs instead of
full latitudes is that it provides more flexibility in sampling
to search through different latitudes with a lower number of
sampling points.

The motivation behind this sampling scheme arises from
the observation that different latitudinal arcs of the sphere,
or alternatively, different columns of the 2D image, show
distinct scattering patterns. For instance, high-intensity light
is present at the pole of the sphere in contrast to the equator
area, which has lower intensities as illustrated in Fig. 3
first row. By using latitudinal arc selection, we ensure that
the scanned data provide the required information about
the scattering patterns. The search space is defined as
the range of latitudinal arcs covering the possible angles
of reflection in the upper hemisphere of the ARS data.
This method enables a thorough search of the angular
domain.

We aim to sample a subset of latitudinal arcs that
maximizes the classification accuracy of the LDA classifier.
Let the full set of candidate arcs be

A={a|ae0° 180°]},
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and let A C A denote a candidate subset of arcs. Define
f(A) as the feature vector obtained from the arcs in A. The
resulting classification accuracy of the LDA classifier is then
denoted by acc (f (A)).

The sampling problem can be formulated as the following
constrained combinatorial optimization problem:

A* = A .t. Al < k, 6
argf\ngaﬁacc(f( ) st Al < (6)

where k is the maximum number of arcs allowed, which
controls the sampling rate.

In this formulation, finding an exact solution is NP-hard
due to the exponential growth in the number of possible
latitudinal arc subsets. Exhaustive search methods can be
used to find the optimum solution. However, due to the
high complexity of the problem, these approaches can take
a significant amount of time to find the solution. A more
efficient method with faster convergence includes the greedy
search method that finds a suboptimal solution. However, this
method has the drawback of converging to local optima [39].
Considering the mentioned challenges, we will proceed with
a metaheuristic optimization algorithm called particle swarm
optimization (PSO).

2) PARTICLE SWARM OPTIMIZATION

We aim to use PSO [40] as the optimizer for the optimization
problem (6). PSO is known for its robustness in diverse
applications and fast convergence [41]. Inspired by the social
behavior of swarms, PSO creates a group of particles that
explore the search space. These particles represent potential
solutions to the problem. At first, particles are randomly
spread out throughout the search space. At each iteration,
each particle changes its position based on its own experience
and the experiences of nearby particles to find the best
position. This means that particles are influenced both by the
best position they have found so far, known as personal best,
and by the best position found by any particle in the swarm,
known as global best.

In PSO, the velocity of each particle determines its
movement in the search space. The velocity vector vi(i)
represents the step size and direction of particle k at iteration
i. The update of each particle’s velocity is controlled by
three parameters: inertia w, cognitive cy, and social cy. The
inertia parameter controls the effect of the particle’s current
velocity in the next velocity update, the cognitive parameter
determines the impact of the personal best position in the
velocity update, and the social parameter determines the
effect of the global best position in the velocity update.

The velocity update equation in PSO can be expressed as:

Vili+ 1) = w-vi() + c1 - 1 - (0 = pi@))
+ e ra - (PSP — pr(i)) )

best .
where r and r, are random numbers betweenOand 1, pg s

the personal best position of particle k, pg°st is the global best
position found by the swarm, and px (i) is the current position
of particle k. Random factors | and r» are included in the
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PSO to balance exploration and exploitation inside the search
space.

In the context of latitude-based sampling, each particle in
the PSO algorithm represents a set of sampling arcs. The
degrees or positions of these arcs within the ARS sphere serve
as optimization parameters that the particles try to adjust.
From a geometric perspective, the number of dimensions in
the search space corresponds to the number of arcs being
sampled, and the position of each particle within this space
defines the positions of the arcs. For instance, after an
iteration when a particle has positioned itself in the search
space, the location of a specific arc on the ARS sphere can be
determined by projecting a particle onto the corresponding
axis in the search space.

At each iteration of the optimization, the feature extraction
is carried out on the sampled arcs by the PSO algorithm.
Then, the extracted features are used to train and test
the LDA classifier, which evaluates their effectiveness for
classification. The classification accuracy obtained from
this evaluation is subsequently fed back into the PSO
algorithm, as shown in Fig. 1. This feedback mechanism
enables the algorithm to adjust the latitudinal arc positions
in the next iteration and improve the sampling process to
focus on the most promising regions. This iterative process
continues until the algorithm converges to the set of arcs
with the highest classification accuracy. A detailed step-by-
step description of the CL framework is provided in the
algorithm 1.

D. EXTENSION TO INTRA-LATITUDINAL SAMPLING

To further extend the capability of the methodology to
reach lower sampling rates and give more flexibility to the
sampling process, we extend the proposed method to have
intra-latitudinal sampling on the ARS sampling sphere. In this
scheme, after having the sampled latitudinal arcs from the
original latitude-based sampling, we run the algorithm for
the second time with a few modifications. In the second run,
the optimization algorithm takes the selected arcs of the ARS
images as the input. Then, it reduces the number of sampling
points within arcs according to a chosen sampling rate.

In this process, the particles in the PSO algorithm
originally responsible for optimizing latitudinal sampling
are now tasked with identifying the optimal combination of
sampling points within the previously optimized latitudinal
arcs. This hierarchical optimization approach ensures that
the final set of sampling points is not only sparse but also
strategically distributed.

The intra-latitudinal sampling scheme ensures the min-
imization of redundancy. This is because uniform or
high-density sampling often leads to redundant data points,
where neighboring samples contain similar or repetitive
information. By optimizing both latitude-based and intra-
latitudinal sampling, our approach effectively eliminates
unnecessary points, thereby reducing sampling time and the
computational complexity of downstream data processing
while preserving essential information.
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Algorithm 1 Compressed Learning Framework for ARS
Image Classification

Input: A set of ARS images I'80%180,
Number of latitudinal arcs to sample L
Swarm size or number of particles: K
Output: Optimized sampling arc indices (Pgpest)
Optimized classification accuracy acCgpest
Initialize particle positions PX*X randomly
Initialize empty set of features F
for i =1:i < i+ 1 until stopping criteria met do
for each particle k with position px in the swarm do
for all ARS images in the set do
A =1[:, pil
Add f(A) (Eq. 5) to feature set F
end for
Firain, Frest < Random Split(F)
aCCain < LDA(Firain)
if acCyain > aCCypest,x then
Ppbest.k < Pk
ACCpbest,k < ACCtrain
end if
if accyain > acCgpes: then
Pgbest <— Pk
aACCgbest <— ACCtrain
end if
Update velocity vi using Eq. 7
Update particle position py = px + Vi
Discretize pg: round to integers, shift duplicates to
next available index, clip to [0, 179]
end for
end for

Ill. EXPERIMENTAL RESULTS
In this section, we evaluate the proposed framework through

a series of experiments designed to assess its performance
under various conditions. We aim to validate the suitability
of our framework in finding areas within ARS data patterns
that are most beneficial for the detection of deficiency levels.

For all experiments, PSO is configured with the following
parameters: an inertia weight of w = 0.5, a cognitive
coefficient of ¢; = 1, and a social coefficient of ¢, =
3. These values were selected through trial and error to
balance exploration and exploitation in the search space.
The algorithm is run for 80 iterations to allow the model
to converge to the optimal solution. To ensure robust and
unbiased evaluation, we employed 10-fold cross-validation.
The dataset is partitioned into 10 subsets, and in each fold,
one subset is used as the test set while the remaining nine
subsets are used for training. The reported results are the
average performance across all 10 folds.

A. DEFICIENCY DETECTION USING FULL ARS DATA
We first study the suitability of the feature extraction and
classification methods with fully sampled data. This also
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provides us with benchmark results to further compare with
the compressively sensed samples. To better model the data in
real-world scenarios, different levels of noise are introduced
to the data. The introduced noises include Gaussian noise
with a signal-to-noise ratio (SNR) of 20 dB and 30 dB to
model the mechanical vibrations in the device and detector
sensitivity, salt-and-pepper noise with 10% corruption to
model sensor transmission error, and speckle noise with
variance 02 = 0.1 to model multiplicative sensor noise.
Additionally, five classifiers are employed for the detection
of deficiencies across five different classes.

To keep the evaluation practical, all classifiers were first
trained and tested on raw ARS data without any preprocessing
or normalization. Using raw data helps us evaluate how well
the feature extraction and classification methods perform
under real measurement conditions, where sensor outputs
may vary in scale or amplitude. To ensure fairness across all
classifiers, especially those that depend on feature scaling,
we also repeated the experiments with normalized data. The
results from both cases are shown in Table 2, with the values
in parentheses representing performance on normalized data.

The results, presented in Table 2, clearly demonstrate that
the extracted features provide a distinctive representation of
the ARS data to distinguish different levels of deficiencies
in nanosurfaces. For the noiseless case, the LDA classifier
achieved an accuracy of 96.43% (or 97.50% with normalized
data), indicating almost perfect classification. Further, when
noise is introduced, the LDA continues to perform robustly.
Additionally, Support Vector Machine (SVM), K-Nearest
Neighbors (KNN), Random Forest (RF), and Gradient
Boosting (GB) classifiers are tested. The RF and GB models
achieve high accuracy only after data normalization but
perform poorly on raw data, making them less suitable for
direct application on raw ARS data. For noisy conditions,
all other classifiers, except the LDA, show lower accuracy or
completely fail under the combination of noises. This makes
LDA the preferred choice for the CL framework.

B. LATITUDE-BASED SAMPLING SCHEME

In this experiment, we study the effect of selecting different
numbers of latitudinal arcs on the deficiency detection
results. Fig. 6 shows the deficiency detection accuracies
with different numbers of sampling arcs. After specifying
the number of arcs for sampling, the CL framework iterates
and searches for a combination of arcs that maximizes
classification accuracy. The framework is evaluated with
different numbers of sampling arcs ranging from 1 to 14 out of
180 latitudinal arcs, corresponding to sampling rates ranging
from 0.5% to 7.7%.

For instance, in a noiseless scenario with only 12 arcs,
the classification accuracy reaches 94.6%, whereas the full
image classification accuracy stands at 96.43%. This means
that reducing the sampling points by 94.4% only decreases
the classification accuracy by 1.83%. It can also be seen that
the noiseless curve is closely followed by Gaussian noise with
a 30 dB SNR, 10% salt-and-pepper noise, and speckle noise
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TABLE 2. Test accuracy (%) of different classifiers for detecting nanosurface deficiency using full ARS data with different levels of gaussian,
salt-and-pepper and speckle noise. Values in parentheses denote results based on normalized data, whereas those outside denote results based on raw

data.
Classification Model
Noise SVM KNN RF GB
Noiseless 96.43 (97.50) 73.93 (60.71) 75.71 (77.14) 18.93 (96.43) 18.93 (95.36)
Gaussian with 20 dB SNR 91.79 (90.71) 76.43 (63.57) 78.93 (78.93) 18.21 (91.43) 18.21 (90.36)
Gaussian with 30 dB SNR 94.29 (95.71) 72.50 (66.79) 75.36 (78.21) 19.29 (96.43) 18.21 (94.64)
Salt-and-Pepper (10%) 95.00(93.93) 18.57(17.86)  68.21 (65.36)  19.64 (18.21)  20.36 (19.64)
Speckle (2 = 0.1) 95.00 (97.14)  72.86 (49.64)  69.29 (81.79)  15.71(93.93)  15.71 (95.00)
Gaussian (30 dB), Salt-and-Pepper (10%) and speckle (2 =0.1) 93.93 (93.00) 17.14 (16.43) 22.86 (20.00) 20.00 (19.29) 18.57 (19.64)
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FIGURE 6. Deficiency detection accuracy of the CL framework for
different numbers of sampled latitudinal arcs under gaussian,

salt-and-pepper, and speckle noise in ARS data.

which indicates the robustness of the CL framework in noisy
conditions.

C. SENSING AREAS

After observing the framework’s success in identifying the
most useful latitudinal arcs for deficiency detection, we are
now interested in determining which areas of the recording
sphere are frequently utilized by the CL framework. In other
words, we aim to find the regions that contain critical
information for distinguishing ARS images of nanosurfaces
with various deficiency levels.

Fig. 7 displays a heatmap generated from the sampled
latitudinal arcs over 20 different runs, representing the most
frequently sampled latitudinal arcs through color intensity.
The heatmap is plotted in an expanded form of the sphere
as a 2D image. In this heatmap, the center line corresponds
to the region around the poles of the sphere, while the sides
of the image correspond to the regions around the equator,
as illustrated in Fig. 3. The lighter regions in the heat map
are sampled the most, and the darker regions are the less
frequently sampled regions.

Two specific regions are selected the most during the CL
process. First, the region near the poles, which was expected
because the light source is placed in this area directly over
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FIGURE 7. Heatmap of frequently sampled latitudinal arcs.

the nanosurface. Therefore, most of the incident light reflects
back at the same angle as the incident angle. Consequently,
the area around the pole has higher light intensities, as can be
seen in a sample image in Fig. 3. Second, the regions on two
sides of the heat map or around the equator, which include
latitudinal arcs in the range of 0° to 50° and 130° to 180°.
We can see from the sample images that these regions include
light intensities with higher frequency and sharp intensity
changes. Because this region has a larger area, the reflected
light is not superimposed, and the scattering patterns are
visible. This might be a possible reason for the equatorial
regions to be of interest to the CL framework.

D. INTRA-LATITUDINAL SAMPLING SCHEME

In the designed experiment for intra-latitudinal sampling,
we test the performance of the proposed method for different
numbers of latitudinal arcs and also different sampling rates.
In this experiment, first the latitude-based sampling is carried
out with a specific number of arcs, and after having the
optimized arcs, the intra-latitudinal sampling takes over and
reduces the number of sampling points with a specific rate.
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The accuracy values for the classification of 5 different
deficiency levels in ARS images with a limited number of
sampling points are reported in Table 3. From left to right, the
number of sampled arcs increases from 2 to 15, while moving
down the rows corresponds to an increase in the sampling rate
from 5% to 90%. The values inside each cell of the table
are the classification accuracy values in bold in the upper
part of the cell, and the number in the lower part of the cell
represents the number of sampling points out of 32400 points
in the original ARS sphere. For instance, the last value in the
first row shows 84.57% classification accuracy using 5% of
15 latitudinal arcs of the ARS data in which only 135 data
points are used.

Examining Table 3 from a different viewpoint shows the
robustness of the combined latitudinal and intra-latitudinal
sampling methods for a wide range of configurations. Even
at the minimal settings with fewer than 100 sampling points,
the accuracy values can reach up to 83.64%. This indicates
the method’s ability to extract meaningful information from
extremely sparse data. As the number of sampling points
increases—for example, when using 7 arcs at a 50% sampling
rate, which results in 630 points—the method maintains
strong performance, achieving an accuracy of 92.93%. This
adaptability suggests that the proposed method performs well
in exploiting critical characteristics of the ARS images and
makes it highly effective for applications where sampling
flexibility and resource efficiency are important.

An important aspect to consider is the robustness of the
proposed framework across different sampling rates and
sampling schemes. This consistency mostly results from the
selected features, because the chosen features are mostly
statistical and value-based, meaning they rely on individual
data point values rather than underlying structural patterns of
the ARS data.

E. TWO-DIMENSIONAL SAMPLING SCHEME
We conducted an experiment to illustrate the importance
of designing a suitable sampling scheme and how a
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different sampling scheme can affect the deficiency detection
outcome. So far, the latitude-based sampling scheme has been
employed to reduce sensitivity to rotations in the placement
of nanosurfaces. We now aim to investigate how the sampling
area is affected when the sampling scheme is modified from
a latitude-based approach to a two-dimensional, point-based
sampling along both latitude and longitude. This means the
algorithm will have more freedom in choosing sampling
points on the surface of the ARS sphere.

We modified the CL framework by changing PSO’s search
space. The dimension of the search space corresponds to the
desired number of sampling points and represents the number
of optimization parameters. The range of values in each
dimension is between 0 and 32400 (ARS image size). The
other parts of the framework, including the feature extraction,
classification, and optimization loop, are kept the same. In the
2D sampling setup, the number of iterations increased to
1000 from 80, which was the case in latitude-based sampling,
because of a more complex search space and an increase in the
number of optimization parameters. The algorithm was run
for 10 different runs for 1% sampling rate, and the heatmap
of frequently sampled areas is shown in Fig. 8. As can be seen,
the sampled points are mostly concentrated in the middle
area. This region corresponds to 2 sides of the sphere.

The resulting sampling patterns, which mostly include
random patterns and concentrated patterns on the sides
of the scatterometry sphere, suggest that the optimization
algorithm converges to a local minimum. Despite good
overall deficiency detection accuracy, the results were not
consistent across all runs. More importantly, concentrated
sampling points on a specific side of the sphere translate
to sensitivity to the orientation of nanosurface placement,
which makes this sampling scheme less robust when applied
to unseen data. The reason for this behavior can stem from
the small size of the dataset.

Therefore, it is important to use the appropriate latitude-
based sampling. This prior constraint can also help establish
a universal sampling scheme for ARS in future investigations
involving different surface types and deficiencies.

F. EXTENSION TO A NEW SURFACE TYPE

To assess the generalizability of the proposed CL framework
across different materials, we extended the analysis to ARS
images of a GaN nanosurface. The intra-latitudinal sampling
heatmaps previously derived from the ZnO dataset were used
for the sampling of the GaN data. Following this sampling
procedure, feature extraction was performed on the sampled
regions, and the resulting features were used to train and test
the LDA solely for classification purposes.

The GaN dataset consists of three surface quality classes:
no defects (D0), moderate defects (D1), and major defects
(D2). To evaluate the effect of sampling density, several
numbers of sampling points were tested, from 100 samples
to 3240 samples, and the full image was used as a baseline.
The resulting confusion matrices for each sampling condition
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TABLE 3. 5-class classification accuracy values for different numbers of sampling points using the intra-latitudinal sampling scheme.

Number of Sampled Latitudinal Arcs

Sampling Rate (%) 2 3 4 5 6 7 8 9 10 11 12 13 14 15

5 55.07 62.00 6650 7393 74.64 7636 77.86 77.86 81.71 83.64 82.86 83.50 83.00 84.57
18 27 36 45 54 63 72 81 90 99 108 117 126 135

10 6421 7221 7614 7893 80.79 81.36 8343 83.57 8586 8536 8543 86.57 8821 87.21
36 54 72 90 108 126 144 162 180 198 216 234 252 270

20 71.36 79.14 83.14 85.00 88.57 8871 88.50 8843 90.21 89.29 89.86 90.36 90.50 91.50
72 108 144 180 216 252 288 324 360 396 432 468 504 540

30 7893 84.14 8529 8743 8893 89.79 89.64 90.71 9136 9186 91.00 9193 91.71 92.29
108 162 216 270 324 378 432 486 540 594 648 702 756 810

40 7986 8543 8779 89.79 90.86 90.43 9150 92.29 9193 9243 9250 9343 92.86 93.71
144 216 288 360 432 504 576 648 720 792 864 936 1008 1080

50 8143 8693 89.00 90.21 92,57 9293 91.71 91.86 92,57 9321 93.00 93.79 9321 93.86
180 270 360 450 540 630 720 810 900 990 1080 1170 1260 1350

60 81.64 87.79 8929 90.21 9136 93.14 92.64 9243 9286 9357 9350 94.57 9529 94.93
216 324 432 540 648 756 864 972 1080 1188 1296 1404 1512 1620

70 8343 88.806 89.86 91.57 9236 92.64 94.00 93.07 93.64 9371 9393 9443 9471 9443
252 378 503 630 756 882 1007 1134 1260 1386 1512 1638 1764 1889

30 83.07 8943 9086 9193 93.00 9343 9386 94.29 9336 9414 9429 9536 9471 95.29
288 432 576 720 864 1008 1152 1296 1440 1584 1728 1872 2016 2160

90 84.86 89.07 90.71 91.71 9336 9343 94.00 95.00 9429 9414 9414 9514 9529 9543
324 486 648 810 972 1134 1296 1458 1620 1782 1944 2106 2268 2430

are presented in Fig. 9. Corresponding overall classification
accuracies are indicated above each confusion matrix.

The confusion patterns indicate that most misclassifica-
tions occur between classes DO and D2, while D1 (moderate
defects) remains well-separated across all sampling levels.
These results show that the sampling strategy performs well
on a different material type. Accuracy improves as the
number of sampling points increases, reaching 87% with 10%
sampling rate (3240 samples), which is close to the full-image
accuracy of 88%. This suggests that the proposed method can
be applied to various nanosurface analysis tasks.

IV. DISCUSSION
The feature selection holds special importance in our study.
In the optimization loop in the workflow of the proposed
method, which can be seen in Fig. 1, a feature extraction step
is needed at each iteration, which includes extracting each
feature from each image in the dataset. As a result, a larger
set of features to extract will slow down the convergence
process. However, feature selection, while reducing the input
space of the classifier, should not compromise its accuracy.
Considering time and accuracy as two important factors,
we run RFE and record the execution time and accuracy of the
classifier to select the appropriate number of features. These
two factors are shown in Fig. 10. At each iteration of RFE,
a single feature is eliminated, and the classification accuracy
and execution time are calculated for the remaining features.
In Fig. 10, the points on the far left correspond to the full
feature set, and as we move to the right, the least important
features are eliminated one by one, with the accuracy and
execution time calculated for the remaining features.

As can be seen, the number of features decreases from 30,
and the accuracy follows a constant trend up to the Mean Abs
feature. This constant trend could be due to redundancy in
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the features, where some features are highly correlated with
one another, and removing them does not significantly affect
the classifier’s performance. The classifier might be relying
on a subset of features that already capture the most relevant
information, making the additional features less important.

With 12 features, we achieve considerably faster feature
extraction while keeping accuracy at its highest level. This
results in a good trade-off between model performance and
execution time. The feature selection process made feature
extraction for ARS images 4.1 times faster, reducing the
extraction time from 8.7 seconds to 2.1 seconds for the entire
dataset.

Classification model choice also plays a special role in
our study. As discussed in Section III-A, LDA is preferred
due to its higher accuracy. In addition to this, the simplicity
and speed of LDA are also important factors in our work.
LDA can be trained significantly faster in comparison to other
classification models like neural networks [42], [43]. This
saves significant time in the optimization loop of the proposed
framework because the classifier should be trained and tested
at each iteration of the PSO algorithm. In addition, LDA
can be trained on smaller datasets [44]. This characteristic is
especially useful for our study, as the number of available data
samples is limited. In contrast, many other machine learning
models, particularly deep learning approaches, require large
amounts of labeled data to achieve high performance [45].

To have a better understanding of the advantage of
intra-latitudinal sampling, a closer look at the values in
Table 3 is necessary. For instance, for 14 latitudinal arcs
and a 10% sampling rate, the algorithm reaches 88.21%
accuracy using 252 sampling points. In contrast, with
2 latitudinal arcs and a 70% sampling rate, which includes
the same number of sampling points (252), the algorithm only
reaches 83.43% accuracy. This indicates that intra-latitudinal
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sampling increases accuracy by 4.78% without any increase case, reducing the density of sensors at different sampling
in the number of sampling points. In other words, a higher arcs makes the manufacturing of these scatterometry spheres
diversity of columns, even with lower sampling rates, more practical.
achieves better accuracies compared to a lower number of Lastly, despite the promising results, this study has
columns with higher sampling rates. some limitations. The framework was trained and tested
In areal-world production setting, the proposed framework on a relatively small dataset of simulated ARS images,
could significantly improve the efficiency of ZnO nanosur- which, due to the complexity of generating such data, may
face inspection by reducing the number of required sampling have contributed to the variations in accuracy observed in
points and accelerating ARS imaging. Traditional AFM or Fig. 6 and Table 3 when changing the number of sampling
SEM methods are often slow, require complex sample prepa- points. For example, high-noise cases show fluctuations
ration, and are not suitable for high-throughput inline indus- in accuracy as the number of sampled latitudinal arcs
trial inspections. Our proposed framework enables faster changes. These variations can arise not only from the limited
defect detection while keeping high accuracy. For instance, dataset but also because adding more sampling points may
in a ZnO thin-film production line, manufacturers could inte- introduce redundant or less informative measurements, and
grate this algorithm to speed up inline inspection, allowing also stochastic nature of the PSO can cause slight differences
for rapid identification of surface defects, and roughness across runs.
variations. ARS along with CL framework, helps minimize While simulations provide a controlled environment for
production bottlenecks and makes sure only high-quality ZnO ARS data generation, future studies should also consider
surfaces proceed to subsequent processing stages. using experimental ARS data to validate the applicability
Furthermore, the reduced sampling requirement has the of the framework to real-world scenarios. In addition,
potential to lower computational costs and hardware needs studying scatterometry images of another dataset that
and make ARS imaging more practical for large-scale includes images of different nanosurface structures can
manufacturing. A possible hardware manufacturing can validate the generalizability of the method across different
include a scatterometry sphere with mounted sensors in a nanosurface types, such as evaluation of the integrity of

fixed position instead of a single moving detector. In that advanced flexible nanostructured surfaces, such as intelligent
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metasurfaces [46]. Future extensions could include inte-
grating real-time adaptive sampling for faster inspections,
extending the framework to large-scale industrial production
environments, and investigating end-to-end frameworks that
directly map ARS measurements to surface quality assess-
ment.

V. CONCLUSION

This study presented a compressed learning framework
designed for ZnO nanosurface deficiency detection using
angle-resolved scatterometry data. Data simulations were
carried out using discrete dipole approximation to generate
the required data in a specific angle-resolved scatterometry
setup. The proposed framework successfully reduced the
amount of required data for the detection of deficiency
levels in ZnO nanosurface by sampling the latitudinal arcs
that are most contributing. The framework’s robustness
is demonstrated across various noise conditions, which
shows its potential for real-world applications in nanoscale
inspection. The results indicate that a significantly smaller set
of sampling points can achieve nearly the same accuracy as
full data sampling. Moreover, using sampling maps learned
from the ZnO dataset to classify GaN surfaces demonstrated
that the method generalizes well across materials without
requiring retraining of the sampling strategy. This work lays
the groundwork for future studies in rapid and precise quality
control in nanosurface manufacturing using scatterometry
data.
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