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Abstract. This study investigates algorithms for detecting and localizing defects in
code sequence structures on modulation disk surfaces. It targets small anomalies in
lithographically patterned elements that can cause readout errors or reduced measure-
ment accuracy. A multi-level image-processing model combines Gaussian smoothing,
adaptive thresholding, morphological operations, and contour-based segmentation.
Processing stages are formalized as mathematical operators for reproducible imple-
mentation. Defects are characterized using perimeter- and area-based metrics, and their
area distribution is approximated by a normal law. A spatial model computes defect
centroids, enabling comparative quality assessment of disk samples. The software pro-
vides an interface for tuning thresholds, visualizing contours and defect-area plots, and
exporting results. Tests on real defective disks confirm the method’s reliable detection
of local structural violations and its suitability for diagnostic systems.

Keywords: modulation disks, automated inspection, code sequence, microstructural
anomalies, image preprocessing, morphological analysis, contour segmentation.

INTRODUCTION

The integration of automated surface inspection methods into the technological
workflow of optical and micromechanical components, particularly modulation
disks, plays a crucial role in ensuring the accuracy and reliability of photoelectric
measurement systems [1-3]. Previous studies have reported that the formation of
high-precision coded structures on transparent substrates using photolithographic
techniques is often accompanied by the emergence of local defects. These defects
may result from technological inaccuracies, residual stresses, or surface contami-
nation [4—6]. In response to the growing demands placed on the metrological per-
formance of encoding systems, the development of effective technical diagnostic
procedures for the detection of defects within code sequences at submicron struc-
tural resolution has become increasingly relevant.

Traditional inspection methods based on visual assessment and manual sur-
face marking of modulation disks are significantly outperformed by modern ap-
proaches utilizing computer vision systems (Fig. 1). These advanced systems en-
able automated processing of digital images, integration with production lines,
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and real-time adaptation to new requirements through the implementation of neu-
ral network algorithms [7]. The development of corresponding algorithms for the
structured analysis of modulation disks is considered a priority direction in ad-
vancing the technology of high-precision optomechanical component fabrication
and verification.
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Fig. 1. Evolution of automated inspection tools for code sequences on modulation disks

An analysis of scientific studies devoted to the automation of defect detec-
tion in binary structures formed during the photolithographic deposition of code
sequences reveals the active development of two principal approaches: classical
algorithmic solutions [7—10] and machine learning-based methods [7; 11-14].
The first category focuses primarily on traditional image preprocessing tech-
niques, including filtering, adaptive thresholding, segmentation, and morphologi-
cal transformations [8—10]. These methods allow for both the restoration of the
digital image matrix and the basic detection of structural anomalies. However,
such approaches exhibit limited adaptability to changes in illumination, local dis-
tortions, and micro-scale defects, which are common in coded patterns produced
by photolithographic processes. The second category of research emphasizes the
use of neural network architectures, particularly convolutional neural networks
(CNNs), autoencoders, and transformer-based models [11-14], which offer supe-
rior classification accuracy and enhanced generalization in the presence of in-
complete input data and high noise levels. Nevertheless, the implementation of
these solutions imposes substantial computational demands, often requiring
graphics processing units (GPUs) or tensor accelerators, which complicates their
deployment in software systems operating in real-time environments [11-14].
Furthermore, training neural network models necessitates the preparation of large
datasets of annotated digital images with labeled defects, which may be infeasible
in production settings with a limited number of representative samples. These
considerations highlight the need for a comprehensive methodology that com-
bines the efficiency of classical image processing algorithms, the flexibility of
machine learning techniques, and the optimization of computational resources.
Such an approach should aim to strike a balance between defect detection accuracy,
processing speed, and adaptability to real-world industrial operating conditions.
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The aim of this study is to develop a mathematically grounded approach for
detecting defects in the structure of code sequences on the surface of modulation
disks by integrating image preprocessing techniques, morphological analysis, and
statistical interpretation of the results. The primary focus is placed on constructing
a comprehensive methodology based on thresholding and contour analysis, em-
ploying adaptive filters, shape moments, and area distribution approximation of
the detected defects. Given the constraints of computational resources and the
need for integration with embedded control systems, the study does not explore
the broad application of resource-intensive neural network models. Instead, it pro-
poses an efficient software-based algorithmic solution that prioritizes detection accu-
racy, processing speed, and feasibility for deployment in industrial environments. The
proposed model is designed to ensure the identification of local structural anomalies
within code sequences, with the potential for future enhancements tailored to the
specific characteristics of high-precision optomechanical components.

PROBLEM STATEMENT: DEFECT DETECTION IN THE BINARY
STRUCTURE OF A CODE SEQUENCE

The present study addresses the task of automatic defect detection in a binary
structure formed on the surface of a modulation disk as a result of photolitho-
graphic reproduction of a code sequence. The corresponding structure is com-
posed of a periodic or quasi-periodic set of elements, which are read by optoelec-
tronic sensors with high spatial resolution [4—6]. The occurrence of defects in
such structures—such as geometric distortions, fragmented damage, local darken-
ing, or bright artifacts—can lead to positioning errors, signal readout failures, and
degradation of the specified level of metrological accuracy.

The defect detection task is formalized as a process of digital image analysis,
where the code sequence is represented as a binary mask corresponding to a two-
dimensional matrix BM(x, y) € {0;1} , which contains pixel values obtained after

thresholding the input data. The input dataset, in turn, is defined as a grayscale
image matrix GI(x, y) €[0;255]. The objective of the software algorithm is to
localize and classify regions that potentially deviate from the expected geometry
of the binary structure. To achieve this, a sequence of filtering and morphological
operations is applied, resulting in a set of contours {C,}, where each n €[l; N]
denotes a distinct object in the input image matrix, indicating a possible defect in
the binary sequence structure. For each contour C,, the corresponding area S,
and perimeter P, are calculated based on the number of points forming the con-
tour. A contour C, is classified as defective if its geometric parameters fall out-
side the empirically or calibration-defined thresholds: S,;,, S and P, ,
which are set according to the objectives of the inspection system (see Fig. 2).
Thus, the problem of defect detection in a code sequence structure is reduced to
the construction of a computational procedure capable of reliably localizing
anomalous regions based on geometric features of contours formed through mor-
phological image processing

The selected approach avoids the use of complex machine learning models
by implementing a software algorithm with controllable parameters, which can be

max > Pmin
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adapted to the limited computational resources of the hardware platform within
the automated inspection system.
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Fig. 2. Algorithmic flowchart for processing the digital image matrix for defect detection

MATHEMATICAL MODEL FOR DEFECT RECOGNITION IN THE CODE
SEQUENCE STRUCTURE ON THE SURFACE OF MODULATION DISKS

The formalization of the defect recognition procedure within the code sequence
structure on the surface of a modulation disk is based on the development of a
mathematical model comprising the stages of digital image preprocessing, mor-
phological filtering, geometric contour analysis, and statistical evaluation of the
parameters of the detected objects. The proposed model describes image trans-
formations as a sequence of operations applied to the input image matrix and the
resulting binary mask, thereby ensuring algorithmic modularity, reproducibility of
results, and adaptability to specific application requirements.

At the first stage, the digital image matrix is converted into grayscale format,
which reduces computational costs and enables processing based on the bright-
ness values of each element GI(x,y)[0;255]. To reduce the negative impact of

high-frequency noise and eliminate digital artifacts that may be mistakenly identi-
fied as defects, a Gaussian smoothing procedure is applied. The Gaussian smooth-
ing method is based on the convolution of the image matrix with a two-
dimensional kernel G, which is mathematically formalized as:

L. 1 P2+ j?
Glg(x,y)=(GI*G)(x,y), me G(i,))=——5exp| - —2—|.
2no 20
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The parameters of the two-dimensional Gaussian kernel were selected to
ensure a balance between background smoothing and the preservation of image
components. Following the smoothing stage, adaptive thresholding is applied to
convert the image into binary form while accounting for local variations in
illumination. Each pixel GI/;(x,y) is mapped to a corresponding value in the

binary image BM (x, y) based on the average brightness g, (x,y) within a local
neighborhood of size Axx Ay, which was set to 11x11 pixels in this study,
while the threshold offset parameter Ay was determined empirically and adjusted
using an interactive control element:
|:BM(X,y) =1 npu G[G(an’)>HGI(x=J/)—AH,
BM(x,y)=0 mpu Glg(x,y)<pg (x,y)—Ap.

In the software implementation, inverse thresholding was applied, meaning
that the binary mask is interpreted with reversed polarity and is formalized as
BM(x,y)=1 when GI;(x,y) <pg;(x,y)—Ap. As aresult of the aforementioned
transformations, a binary mask BM (x, y) € {0;1} is obtained, in which potentially
defective regions are highlighted as connected components with high contrast
relative to the background. This stage is critically important for ensuring the clear
formation of contours in the subsequent steps of morphological analysis of the
image matrix.

After adaptive thresholding is applied, the binary mask matrix may contain
residual noise, small-size artifacts, and structural distortions in the components of
visual objects. To improve the quality of defect detection, classical morphological
operations are used, allowing for the restoration of object shapes within the binary
image matrix and the stabilization of the subsequent contour analysis stage. The
fundamental morphological operation in this context is the morphological closing
operation (MCO), which is implemented by sequentially performing dilation and
erosion procedures on the binary mask matrix. The application of the closing
operation to the binary mask BM (x, y) is mathematically formalized as:

BM yyc0(x, ) = (BM @ MK) © MK.

where MK is the structural element that defines the shape and size of the mor-
phological window (Morphological Kernel, MK). In the software implementation
used in this study, a 5x5 pixel kernel was applied, with all elements set to
MK (x,y)=1. The closing operation enables the suppression of digital artifacts
that cause internal holes, contour breaks, and distortions in the overall shape of
visual objects. This is followed by the application of the morphological opening
operation, which is performed in reverse sequence:

BM yy00(x,y) = (BM©O MK) ® MK.

The opening operation, in turn, is intended to remove small-size artifacts
from the image that do not correspond to actual visual objects, eliminate isolated
noise, and preserve the core geometry of larger objects. Thus, the sequential ap-
plication of closing and opening operations enables the formation of a refined bi-
nary mask in which local defects have clearly defined boundaries without internal
breaks or extraneous artifacts. This is critically important for the accurate extrac-
tion of contours in the subsequent stage. The structural element of the kernel MK
plays a key role in the quality of the restored image matrix. The selected rectangu-
lar kernel of 5x5 pixels ensures symmetric filtering of digital artifacts and thus
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enables proper processing of both horizontal and vertical components. If neces-
sary, the shape and size of the structural element can be adapted according to the
specific characteristics of the defects.

After the morphological processing of the image, a refined binary mask is
formed, reflecting potential regions with structural anomalies. The next step is the
contour detection procedure (CDP), which identifies closed sequences of pixels
that define the boundaries of connected components. Each contour is treated as a
separate object that may correspond to a local defect. For each detected contour
{C,}, containing n €[1; N] points, the perimeter P, and area S, are calculated,
serving as the fundamental geometric features:
MH

Z (xm Ym+1 — Xm+1 ym)

m=1

el 2 2
Pnzz\/(xm_xmﬂ) +(ym_ym+1) 5
m=1

5,1
2

2

where M, is the number of points in contour C,,. The contour C, is classified as

containing a defect based on the threshold value pairs {S and

min > Smax}
{Prin; Pmax | » 1f at least one of the following conditions is satisfied:
Sn<Smin5 Pn<Pminv
S,>S P,>P..-

Thus, a controllable feature set is formed for each detected defect in the fol-
lowing form:

max >

D, ={F,.S,, X, Y},
where {X,,Y,} are the coordinates of the centroid of the corresponding contour
C,. The resulting set {D,} serves as an analytical basis for subsequent visual and
statistical analysis. After classifying contours as defective based on geometric
criteria, a set of the areas of the detected objects {S,} is formed. To analyze the
statistical characteristics of the distribution, the mean area S, and the standard

deviation o are estimated as follows:
_ 1 X
S,=—)>.85,,
oy = -l-ﬁi(s ~5,)*
S N “~ n n/t -

The corresponding parameters make it possible to quantitatively characterize
the variability of the geometric properties of the defects and to identify the
presence of anomalous objects whose areas significantly deviate from the mean
level. To visualize the statistical distribution, a histogram of defect areas is
constructed and supplemented by a normal distribution approximation. In this
case, the probability density is modeled by the function:

(Sn=Sn)
1 B 262
e s

fS = \/%GS
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The parameters S, and og are considered maximum likelihood estimates

(MLE) for the normal distribution. The proximity of the empirical distribution toa
normal profile serves as an indicator of the homogeneity of the detected defect
class. Deviations from the normal distribution may indicate the presence of for-
eign objects or structural inhomogeneities.

SOFTWARE-BASED DEFECT RECOGNITION IN THE CODE SEQUENCE
STRUCTURE ON THE SURFACE OF MODULATION DISKS

To validate the functionality and effectiveness of the proposed approach, a soft-
ware implementation of the defect identification algorithm for the code sequence
structure of a modulation disk was developed. The corresponding software mod-
ule integrates stages of preprocessing, morphological filtering, contour analysis,
defect classification, and statistical evaluation of defect parameters. The user in-
terface provides interactive tools for adjusting thresholding and classification pa-
rameters and enables visualization of processing results, including graphical rep-
resentation of detected defects, histogram construction of defect areas, and tabular
output of coordinates and numerical characteristics.

The defect identification algorithm was implemented as a modular Python
application with a graphical user interface. The system architecture is based on
the principles of separating image processing logic, parameter control, result
visualization, and data export to external formats. This structure ensures
flexibility, scalability, and ease of modification for individual stages of the
algorithm. The software algorithm consists of three key components:

1. The graphical data processing module is responsible for the step-by-step
transformation of the input image matrix, including Gaussian smoothing, adaptive
thresholding, morphological filtering, contour detection, and the calculation of
geometric and statistical parameters of the detected objects. The core element is
the “ImageProcessor” class, which implements the main logic for binary mask
analysis and the formation of the defect feature set.

2. The Graphical User Interface (GUI) is implemented using the “Tkinter”
library. This component enables image loading, interactive adjustment of the
adaptive thresholding value, visualization mode switching, display of analysis
results, and result saving. The interface is divided into functional panels: the con-
trol panel, the visualization area, and the text fields for statistics and coordinates.

3. The result-saving mechanism enables the export of detected defects in
graphical PNG and tabular CSV formats. The defect mask, annotated image with
highlighted objects, and centroid coordinates can be saved as separate files for
further use in technical inspection systems or external analysis.

To implement the aforementioned functions, the following external libraries
were used: “OpenCV” for image loading, preprocessing, morphological opera-
tions, contour detection, and calculation of geometric parameters; “NumPy” for
vectorized data processing and basic statistical computations; “Matplotlib” for
generating histograms and visualizing the area distribution of detected defects;
“Pandas” for constructing tabular structures and exporting results in CSV format;
and “Scipy.stats” for approximating the area distribution using a normal distribu-
tion curve. The architectural design is based on a clearly structured separation of
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component functions, enabling both local testing of individual modules and inte-
gration of the system into a broader software environment for technical inspection
and machine-based analysis.

The defect detection algorithm is implemented using the methods of the
“ImageProcessor” class and automated through interaction with the graphical user
interface elements. The system’s operational logic involves the sequential execu-
tion of the following stages:

e Jloading the grayscale image matrix, which reduces computational com-
plexity by excluding color components;

o Gaussian smoothing with a fixed kernel to reduce noise levels and prepare
the image for thresholding;

e adaptive thresholding using a local mean, with an adjustable offset pa-
rameter controlled via a slider;

¢ morphological filtering, including a closing operation to eliminate internal
breaks and an opening operation to remove noise;

e contour analysis to determine the geometric characteristics of connected
components (perimeter and area) and evaluate their compliance with predefined
threshold criteria;

o classification of contours as defects based on whether their area or pe-
rimeter exceeds or falls below the specified threshold values.

The interface allows the user to modify key processing parameters in real
time, such as the threshold offset for adaptive image binarization, the minimum
perimeter value for classifying an object as defective, and a visualization mode
toggle that enables or disables the overlay of circles on the centroids of detected
defects. These parameters make it possible to adapt the algorithm’s sensitivity to
various lighting conditions, image scales, and defect types.

To evaluate the accuracy of the core functionalities performed by the modu-
lar Python application, verification was carried out using real microphotographs
of modulation disk surfaces. The processing results demonstrate the system’s abil-
ity to effectively detect defects originating from the photolithographic process by
isolating anomalous regions based on geometric and statistical criteria. Figs. 3—5 pre-
sent the processing outcomes for microimages of code sequence samples “17, “2”,
and “3”, respectively, showing the original grayscale microimage, the binary
mask with overlaid contours (green contours indicate objects without defect fea-
tures, while white circular markers denote objects classified as defective), as well
as the histogram of detected defect areas with an overlaid normal distribution
curve and corresponding statistical data:

o total number of detected defects;

e average defect area;

e average defect perimeter;

e range of defect areas;

o range of defect perimeters.

The histograms constructed based on defect areas characterize the structure
of the sample and visualize its variability. To approximate the empirical
distribution, a normal distribution model was applied using the parameters of
mean defect area and standard deviation. The obtained parameters represent
maximum likelihood estimates and reflect a distribution skewed toward lower
values, which is typical for defects associated with microcracks, scratches, and

14 ISSN 1681-6048 System Research & Information Technologies, 2025, Ne 4



Development of algorithms for detecting defects in the code sequence structure ...

contamination particles. It should be noted that statistical indicators provide
insight not only into the number but also the nature of the defects. For instance, a
high standard deviation indicates significant variability in defect sizes, which may
suggest inconsistency in the technological process. Additionally, the coordinates
of defect centroids can be used for targeted adjustment of the photolithography
system and for initiating subsequent stages of detailed inspection.

Fig. 3 presents the results of applying the algorithm to code sequence sample
“1”, demonstrating the system’s capability to effectively localize both isolated
anomalies and small-scale digital artifacts, thereby enabling a comprehensive as-
sessment of the processed surface condition.
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Fig. 3. Processing results for code sequence sample “1”: ¢ — original grayscale microimage;
b — binary mask with overlaid contours; ¢ — histogram of detected defect area distribution

Fig. 4 shows the analysis results for code sequence sample “2”, indicating a
higher total number of defects but with a lower maximum area and less pro-
nounced dominance of a single large defect. This suggests a different nature of
structural disturbance in the binary code sequence compared to sample “17,
potentially associated with dust or contamination deposition processes or
exposure instability in certain regions.
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Fig. 4. Processing results for code sequence sample “2”: ¢ — original grayscale microimage;
b — binary mask with overlaid contours; ¢ — histogram of detected defect area distribution

Fig. 5 presents the processing results for code sequence sample “3”, which
contains high-contrast geometric structures and noticeable foreign inclusions.
Sample “3” is characterized by greater area dispersion and the presence of pro-
nounced macro-scale defects. This is confirmed by both the numerical character-
istics and the shape of the histogram, where the normal distribution curve exhibits
strong asymmetry. Such results indicate localized disruptions during fabrication
or damage incurred during operation.

The presented results confirm the stability and consistency of the algorithm’s
performance under varying input conditions, such as defect geometry, image con-
trast, and noise variability. Thus, the proposed approach demonstrates high sensi-
tivity to local structural anomalies while maintaining robustness against back-
ground artifacts and digital noise. The analysis of defect area distribution
histograms shows that the system can adapt to changes in the nature of damage
and maintain the reliability of statistical evaluation even in cases of asymmetric or
anomalous distributions. As part of future improvements, it is planned to extend
the algorithm by integrating machine learning classifiers for automatic defect type
identification, incorporating spatial context in the analysis of centroid distribution,
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and optimizing processing procedures for implementation on computational mod-
ules of embedded machine analysis systems operating in real time.
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Fig. 5. Processing results for code sequence sample “3”: ¢ — original grayscale microimage;
b — binary mask with overlaid contours; ¢ — histogram of detected defect area distribution

CONCLUSIONS

The article presents a comprehensive methodology for the automatic detection of
defects in the binary structure of a code sequence on the surface of modulation
disks, combining image preprocessing methods, morphological analysis, and sta-
tistical evaluation of the geometric characteristics of objects. A mathematical
model is proposed that describes the stages of smoothing, adaptive thresholding,
filtering, and contour detection, followed by classification based on area and pe-
rimeter. The developed software module provides a complete processing cycle of
the input image: from conversion into a binary mask to the visualization of de-
tected defects and construction of histograms with normal distribution approxima-
tion. The modular system architecture and the presence of a user interface that
allows adjustment of key parameters enable the adaptation of the program to vari-
ations in image quality, scale, and the nature of defects. Experimental verification
on samples of binary code sequences of modulation disks demonstrated the algo-
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rithm’s ability to detect both microdefects and local structural anomalies of con-
siderable area. The stability of results under varying processing parameters con-
firms the algorithm’s adaptability and its suitability for implementation in techni-
cal diagnostic systems under constrained computational resources. Further
extension of the software functionality is possible through the use of machine
learning classifiers, application of spatial contextual analysis, and integration with
real-time hardware platforms to enable autonomous monitoring.
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POSPOB.JIEHHH AJITOPUTMIB PO3III3HABAHHSA JAE®EKTIB Y CTPYKTYPI
KOJOBOI IMOCJJIAOBHOCTI HA IMOBEPXHI MOAYJIAIIMHUX JUCKIB /
J.10. Manbko, €.B. bemsik, A.A. Kprounn, P.M. Imenko, B.B. 3aBap3ina

AHoTauisi. J[ociiPKeHHs IPUCBSIYCHO alrOpUTMaM BHSIBICHHS Ta JIOKaji3awil je-
(eKTiB y CTPYKTYpax KOAOBOI MOCITIJOBHOCTI Ha MOBEPXHIX MOAYJISALIIHUX AUCKIB.
BoHo cripsiMoBaHe Ha HEBEIUKi aHOMaJii B JTOrpadiyHO CTPYKTYPOBAHHUX E€IIEMEH-
TaX, sKi MOXKYTb CIIPHYMHUTH IOMHJIKH 3YUTYBaHHs a00 3HIDKEHHS TOYHOCTI BHMi-
proBanHs. baraTopiBHeBa MoJeb 00poOIeHHs 300paXkeHb OEJHY€E rayccoBe 3IJIa-
JDKYBaHHs, aJalNTHBHE IIOPOTOBE BHM3HAYCHHs, MopdosoriyHi omnepauii Ta
CerMEeHTAllif0 Ha OCHOBI KOHTYypiB. Etanm oGpoGieHHs popMaiizoBaHo K MaTeMa-
THUYHI OIlepaTopH Ul BiITBOpIOBaHOI peaiizawil. JepekTH xapakTepusyloThes 3a
JIOIIOMOT'OI0 METPUK HAa OCHOBI MEpHMETpa Ta IUIOILI, a X pPO3IMOIiI 3a IUIOLICO all-
POKCUMYETBCS HOPMaJBbHUM 3aKOHOM. IIpocTopoBa MoOJeib OGUHCIIOE LEHTPOINH
ne(eKTiB, IO a€ 3MOTy BUKOHYBATH MOPIBHAIBHE OIIHIOBAHHS SIKOCTI 3pa3KiB JH-
ckiB. [Iporpamue 3abe3nedeHHs Hajae iHTepQeiic A HaTalTyBaHHS IIOPOTiB, Bi3y-
anizanii KOHTYpiB Ta rpadikis mwionr geeKTiB, a TAKOK eKCIOPTY pe3ysbTaTiB. Tec-
TH Ha pealibHUX JIe(EKTHUX JUCKAX MiATBEPIKYIOTh Ha/liiiHE BUSBICHHS JIOKAIBHHX
CTPYKTYPHHX TTOPYLICHD Ta MPHIATHICT METOAY VISl IiarHOCTHYHHX CHCTEM.

Kio4oBi ciioBa: MomysmiitHi AUCKH, aBTOMAaTH30BaHUN KOHTPOJIb, KOJOBA MOCITi-
JIOBHICTb, TOPYIIEHHSI MIKPOCTPYKTYpH, HOIepenHe oOpoOIeHHs 300paxeHb, MOp-
(hororiunmii aHasi3, KOHTYpHA CErMEHTALis.
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