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Annotation: This study introduces an interpretable, training-free, and computationally efficient
multi-stage framework for the segmentation of retinal layers in OCT B-scan images. The proposed approach
is robust to common challenges such as speckle noise, depth-related illumination inconsistencies, and
variations across imaging devices and acquisition protocols, while maintaining fast execution on standard

CPU systems. Evaluation is carried out using clinically relevant metrics, including Dice
coefficient, loU, Boundary F1-score, and layer thickness error, along with practical recommendations for
parameter tuning. The method demonstrates consistent and reliable performance, achieving an effective
balance between quality, computational complexity, and resource consumption, making it suitable for
environments with limited computational capacity.

Keywords: OCT, retinal layer segmentation, multi-stage approach, speckle noise, illumination
variation, marker-controlled Watershed.
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AnHoTanusi: AHHoTanus: B nanHON paboTe mpecTaBieH HHTePIPETUPYEMbI, He TpeOyromuit
00y4YeHHUsI U BBIYUCIUTENBHO 3((HEKTUBHBI MHOTO3TAIHBINA IMOAX0A K CErMEHTALUH CJIOEB CETYaTKU Ha
OKT B-ckanax. [IpeanoxeHHBIH METO/I YCTOHYUB K PacpoCTpaHEHHBIM MPOOIeMaM, TAKUM KaK CIIeKJI-
IIyM, HEOAHOPOIHOCTh OCBEILICHHMS, 3aBHCALIAs OT TJIyOHHBI, a TAKXKe Pa3Indus MEXIY YCTPOHCTBaAMHU
BU3yaJHM3allid M TPOTOKOJAMHU TIONYyYEHHs JAHHBIX, MPH 3TOM oOecredyrnBas BBICOKYIO CKOPOCTh
BbIMOTHEHNs Ha cTaHaapTHbIX CPU-cuctemax. OneHkKa TMPOBOIWTCS C MCTOJIB30BAHWEM KIMHUYECKH
3HaYMMBIX METpPUK, BKIovast koddduuuent aiica, loU, Boundary F1-mepy 1 omubKy TONMIKHEL Cllod, a
TaK)Ke JAl0TCAd TPaKTHYECKHE DPEKOMEHJAlMW IO HACTPOiiKe mapameTpoB. MeTon AEMOHCTPUPYET
cTaOWiIbHBIE W Han&KHbBIE pe3yibTaThl, AocTuras 3(dexkTuBHOro OamaHca MeEXIy KauecTBOM,
BBIYMCIIUTEIHHOMN CIIOKHOCTBIO U MOTPEOJICHUEM PECYPCOB, UTO JENAET €TO MOAXOISMIINM ISl yCIOBHN C
OTPaHMYEHHBIMHU BBIYHCIUTETFHBIMIA BO3MOXXHOCTSIMHU.

KuaroueBsblie cinoBa: OKT, cermeHTarus cioéB ceTYATKH, MHOTOATATHBINA MMOAXOM, CICKI-IIYM,
BapHallly OCBEIICHM, MapKep-yIpaBiseMblii Watershed.

288



CoBpeMeHHBIC IPOOIIEMbl HHTEJUICKTYaIbHBIX CHCTEM.
I Pecniybnukanckas HayqHO-IIpakTHyecKas kondepenums. Jxuzak, 17-18 anpesns 2026 r.

OKT B-SKAN TASVIRLARIDA TO‘R PARDA QATLAMLARINI KO‘P BOSQICHLI
SEGMENTATSIYA QILISH YONDASHUVI
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Annotatsiya: Ushbu tadgiqotda OKT B-skan tasvirlarida to‘r parda qatlamlarini segmentatsiya
qilish uchun interpretatsiya qilinadigan, o‘qitishni talab qilmaydigan va hisoblash jihatdan samarali ko‘p
bosqichli yondashuv taklif etiladi. Taklif etilgan usul spekl shovqin, chuqurlikka bog‘liq yoritilish
notekisligi hamda tasvir olish qurilmalari va protokollari o‘rtasidagi farqlar kabi keng tarqalgan
muammolarga nisbatan barqaror bo‘lib, shu bilan birga oddiy CPU tizimlarida tez ishlashni ta’minlaydi.
Baholash klinik jihatdan muhim bo‘lgan ko‘rsatkichlar — Dice koeffitsienti, loU, Boundary F1 o‘Ichovi
va gatlam galinligi xatosi asosida amalga oshiriladi, shuningdek parametrlarni sozlash bo‘yicha amaliy
tavsiyalar beriladi. Taklif etilgan usul barqaror va ishonchli natijalarni ko‘rsatib, sifat, hisoblash
murakkabligi va resurs sarfi o‘rtasida samarali muvozanatni ta’minlaydi, bu esa uni hisoblash imkoniyatlari
cheklangan muhitlarda qo‘llashga mos giladi.

Kalit so‘zlar: OKT, to‘r parda gatlamlari segmentatsiyasi, ko‘p bosqichli yondashuv, spekl
shovqin, yoritilish variatsiyasi, marker-boshgaruvli Watershed.

Introduction. Optical Coherence Tomography (OCT) is an advanced imaging technology that
provides fast and non-invasive visualization of micron-scale cross sections of biological tissues [1]. It is
widely used in ophthalmology for morphological analysis of retinal layers and in cardiology for assessing
coronary artery wall conditions. Accurate segmentation of retinal layers enables automatic and repeatable
computation of clinical indicators — thickness profiles, boundary smoothness, and the area and depth of
pathological changes. These indicators are critical for early detection, monitoring, and treatment assessment
of diseases such as glaucoma, diabetic retinopathy, and age-related macular degeneration (AMD).

Several physical properties of OCT images make segmentation challenging. Multiplicative speckle
noise perturbs local intensities and attenuates edge responses. Attenuation of the signal with depth leads to
illumination nonuniformity: deeper layers appear with reduced contrast and stronger shadowing. In many
clinical scans, optical and motion artifacts occur, and there are differences between devices and scanning
protocols. As aresult, plain global thresholding or a single edge detector is insufficient to guarantee quality:
layer boundaries can break, thin structures can fragment, or blend with background.

Modern deep-learning architectures (U-Net, SegNet, Attention U-Net) achieve high accuracy on
OCT segmentation [2-4]. However, they require large, well-annotated datasets, substantial compute, and
regular retuning. In clinical environments, annotation resources are often limited, scanner/protocol settings
vary, and near-real-time processing is desirable. Especially in low-resource settings, training-free,
interpretable, and parameter-stable solutions are preferred.

Carefully coordinated classical image processing methods can yield robust results on layered
structures. CLAHE enhances local contrast without excessively amplifying speckle [5-6]. Percentile-
calibrated hysteresis Canny produces stable edge maps across scans [7]. Morphological operations reconnect
broken edges and remove spurious branches. The distance transform provides a strong signal for identifying
“interior” points of layers. Marker-controlled Watershed balances edge and region information, separating
segments in a physiologically plausible way [8-9]. With a prudent ordering and parameterization of these
stages, practical quality can be achieved without large neural-model resources.

We provide a training-free, interpretable, CPU-efficient multi-stage pipeline for segmenting OCT
B-scans into retinal layers, together with clear practical guidance. For each stage (contrast enhancement,
edge extraction, morphological cleanup, marker design, Watershed), we explain parameter choices and their
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effect on segmentation quality. Clinically meaningful metrics — Dice, loU, Boundary F1, and layer thickness
error (e.g., Mean Absolute Thickness Error, MATE) — are used for evaluation. The approach is robust on
CPU without supervised data, tolerant to scanner and protocol shifts, and provides actionable tuning tips for
failure cases.
Problem statement (OCT layer segmentation)

Let the OCT B-scan image domain be Q0 c R2 and the input grayscale image I: Q = [0, L]. A

common physical observation model is
I(x,y) = L(x, ) I"(x, ) n(x, ), oy

where L(x, y) is slowly varying illumination/attenuation, n(x, y) > 0 is multiplicative (speckle)
noise, and I* denotes the “ideal”” noise-free signal. The goal is to partition the image into n anatomical layers

S = {54, ..., Sn} and recover their boundaries

Fi={(x,yi(x))}, i=1,..,n—1, 3
such that S; N S; = & for j_# j, Un Si = Q, and the retinal column-wise order holds:
Vx: yi(x) < y2(x) < -+ < yn-1(X). ©))

As a practical solution, we form a local cost (relief) using the gradient magnitude of a contrast-
enhanced image I,
G, y) =1 Vi(x, y) |, (4)
and a distance transform D(x, y) computed on a morphologically cleaned edge mask. The composite
potential is

o(x,y)=D(xy)+1G(x,y), A1>0. )
Given a set of foreground markers F, the geodfsic distance for each p € Qis
disty(p, q) = inf t ‘(O 1l dt, € F,
@) = il Jo or@) 1Y@ I q
and we assign the “cheapest” (6)
marker by
W(p) = argmin dist,(p, q). )
qEF

This produces regions that are subsequently reconciled with column-wise ordering and anatomical
priors, optionally with projection/smoothing constraints. The output is either the label map L
€

{1, ..., n}>w (a layer label per pixel) or the set of boundaries {I';}. Reliable layer thickness profiles are
then

obtained as
Ti(x) = yi(x) — yi-1(x), i=1,..,
n—1. (8)
An approach to solving the problem

The proposed solution follows a classical multi-stage pipeline designed for retinal layer
segmentation in OCT B-scan images. The process sequentially performs contrast stabilization, edge
extraction, morphological refinement, distance transformation with marker generation, marker-controlled
watershed segmentation, and final post-processing.

The preprocessing stage performs affine normalization of intensity values to stabilize contrast across
scans and improve the transferability of parameters. Median filtering, being a nonlinear order-statistic filter,
effectively suppresses impulsive noise and speckle-related outliers while preserving edges better than

Gaussian smoothing.
1(x y) —min/

Medlan(l( 3 X 3%—@ 0

in/

CLAHE equalizes local histograms with cllpped saturation, enhancing micro-contrast without
overamplifying global brightness variations. Tiled processing with bilinear interpolation preserves smooth
290



CoBpeMeHHBIC IPOOIIEMbl HHTEJUICKTYaIbHBIX CHCTEM.
I Pecniybnukanckas HayqHO-IIpakTHyecKas kondepenums. Jxuzak, 17-18 anpesns 2026 r.

transitions between adjacent tiles and prevents block artifacts:
I = CLAHE(I;; clipLimit, tileGridSize), (10)

where tileGridSize € {8 X 8,12 x 12} and clipLimit € [2.0,3.0].
Edge detection is performed using an adaptive Canny operator. The high threshold is set adaptively
using an image percentile p € [0.7,0.9], while the low threshold is defined as a fraction of the high threshold

(a € [0.3,0.5]):
VI Y R, tady 1o 5>

Gxy) =
x y
Tr = quantile(G; p), T = aTh.
(12)
Strong and weak edge sets are defined as
S ={(x,v): G(x,y) =Thx}, W ={(,y):T <G(x,y) <Ts}, (13)
and the final edge map E is obtained through hysteresis thresholding [10]:
E=SU{w e W |3Japathw w s,s € §}. (14)
Morphological cleanup follows to geometrically regularize the detected edges. Opening removes
small spurious components, and closing bridges minor gaps or discontinuities. Since retinal layers are
predominantly horizontal, structuring elements are chosen as small disks or short horizontal lines:
M = (Eo°B)eB, (15)
where B is a structuring element (disk of radius r € {1,2} or a horizontal line of 3-5 pixels), and

and e denote opening and closing, respectively.
Onthe complement of the edge mask, the Euclidean distance transform encodes the distance of each

pixel from the nearest edge. The smoothed distance map is used to identify regional maxima as foreground
markers, while background markers stabilize the outer regions:
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D(x,y) = min Vix —xN2 + (y — y)?, 16
%)) e =2+ -y (16)

D = Gaussian(D; 0 = 1), F = RegMax(D), B = BackgroundMarkers(M).
To integrate region and boundary information, a local relief function is defined as
P, y) =D, y) + A IVI(x, y) I, A>
0, (17) which balances adherence to strong edges and
regional smoothness. The geodesic distance under ¢
between points p and q is defined as

diste@, @) =" [y OO 1Y@ I dr (18)
n

y(0)=py(1)=¢q

Larger values of A encourage sharper boundary alignment, while smaller A promotes smoother
segmentation.

Marker-controlled watershed segmentation is applied to the relief surface. In this mode, initial
minima are defined by the foreground and background markers, which greatly reduce over-segmentation.
The pixel-wise assignment is given by

W(p) = ar%mindistq,(p, q), peEN (19
€
producing a !
label map
Le{],..,
n}HxW_
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Post-processing involves removing small connected components and smoothing extracted
boundaries column-wise using median or spline filtering. The retinal layer order constraint is then enforced
to ensure anatomical validity:
L « RemoveSmallCC(L; minArea), =1 i = {(x,
Y, (20)
Vx: y1(x) < y2(x) < - < yno1(x).
The entire process can be interpreted from a variational perspective as the minimization of an energy
functional combining boundary fidelity, smoothness, and layer order regularization:
E(L) = Dvna(L; Ic) + aRsmooth(L) + BRorder(L) — min, (21)
where
Dina(L; Ic) = — X@wwea 1au(x,y) I VI(x,y) I, Rsmootn(L) = Xy I VL(x, y) .
The marker-controlled watershed provides a discrete and computationally efficient approximation
to minimizing this energy.
The final output consists of a labeled segmentation map L € {1, ..., n}**¥ or boundary curves
=1 {IJr-1, from which layer thickness profiles are derived:
Ti(x) = yi(x) — yi-1(x), i=1,..,n—1. (22)
These thickness profiles are subsequently used for clinical evaluation, such as mean or median layer
thickness estimation and identification of anomalous zones associated with pathologies.
Each component of the pipeline can be implemented with near-linear computational complexity
O(N), where N = H - W. Algorithmic stability depends on maintaining a lower-bounded relief ¢
> ¢ > 0, a sufficient number of markers, and effective morphological cleanup. Proper selection of
parameter ranges, including CLAHE tile size, Canny percentile thresholds, and A, supports cross-scanner
generalization and ensures reliable segmentation in diverse clinical imaging conditions.
Experimental evaluation. Comparisons were made against several classical baselines: (B1) global
Otsu thresholding [13] followed by morphology, (B2) Canny edge detection [14] with plain Watershed
segmentation without markers, (B3) a gradient-weighted GraphCut formulation [15], and (B4) variational
partitioning with total variation regularization. All baselines and the proposed method were tuned using the
same validation-based parameter selection strategy. The proposed pipeline follows the sequence: Normalize
— Median - CLAHE — Canny — Morphology — Distance Transform and Markers — Marker-
Controlled Watershed — Post-Processing.

All experiments were executed on an x86_64 CPU platform. Image intensities were normalized
to

[0, L] with L = 255. CLAHE parameters included tile grid sizes of 8 x 8 or 12 x 12 and clip
limits between

2.0 and 3.0. For adaptive Canny, parameters were set to p = 0.8 and a = 0.4. Morphological
operations employed disk structuring elements of radius 1-2 or horizontal lines of 3-5 pixels. Distance
transform smoothing used o = 1, with the relief-balance weight 4 € [0.5,2.0] (default 1.0), and a minimum
area threshold between 0.05% and 0.1% of total pixels. Parameters were optimized through grid or random
search over clipLimit € {2.0,2.5,3.0}, p € {0.75,0.80,0.85}, « € {0.3,0.4,0.5}, and 4 € {0.5,1.0,1.5,2.0}.
The

Pareto-optimal configuration was determined based on BF1 and MAEr trade-offs and transferred
unchanged to the test phase.

Results

We compare Ours against baselines B1-B4. All parameters are selected once on validation and
transferred unchanged to test. For axial scaling we assume 1 pixel ~ 3.9 um.

Table 1 reports test metrics (mean+std). Ours outperforms baselines in boundary accuracy (BF1),
region overlap (Dice/loU), and layer thickness error (MAE7).

Tab. 1. lllustrative results (values representative of ranges in the literature)
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Method Dice loU BF1 MAEr (px/ Time

pm) (s/img)

B1: Otsu + Morph 0.794+0.07 | 0.66+0.08 | 0.7540.09 54420 / 0.62
21.1+7.8

B2: Canny + Plain WS | 0.82+0.06 | 0.70+0.07 | 0.80+0.08 48418 / 0.68
18.7£7.0

B3: GraphCut-variant 0.8440.05 0.73+0.06 | 0.82+0.07 43116 / 0.95
16.8+6.2

B4: TV-Partition 0.85+0.05 | 0.74+0.06 | 0.83+0.06 4.0+15 / 1.10
15.6+5.9

Ours (full) 0.89+0.04 | 0.80+0.05 | 0.88+0.05 3.2+12 / 0.80
12.5+4.7

Conclusion. In this study, a training-free classical multi-stage pipeline for OCT B-scan
segmentation was proposed and theoretically justified. The pipeline consists of the following sequence of
operations: local contrast enhancement using CLAHE, adaptive Canny edge detection, morphological
refinement, distance transform with markers, marker-controlled watershed segmentation, and final post-
processing. The proposed method fuses regional and edge-based information through the integrated cost
function

@(x,y) =D(x,y) + 1 1l VI(x,y) |l
which ensures coherent and stable boundary localization.

Experimental results demonstrate that the proposed approach consistently outperforms classical
baselines interms of BF1, Dice/IoU, and MAEr metrics. The improvements in accuracy are primarily due
to gradient stabilization achieved by CLAHE, reduced over-segmentation through marker control, and
balanced relief representation. Once parameters are selected on a validation set, they generalize effectively
across different domains, including datasets affected by artifacts, varying imaging devices, and acquisition
protocols. The proposed method is also computationally efficient, with approximately O (HW) complexity
per stage, requiring about 0.8 seconds to process a 1-megapixel image ona CPU, and does not rely on GPU
acceleration.

In summary, the proposed classical pipeline provides accurate, robust, and computationally efficient
OCT segmentation without the need for large annotated datasets. It is particularly well-suited for low-
resource clinical environments and offers a solid foundation for future developments involving 3D
integration, adaptive parameterization, and uncertainty-aware segmentation frameworks.
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AnHoTauusi: B HacTosiiee BpeMs B JaHHOW CTAaTbe MPEJCTABICHBI Pa3IWYHbIE METOIbl U
KOMIUJICKC IMPUKIIAAHBIX IIpOorpaMm Jid PCIICHUA 3ada4d I/IJIeHTI/I(i)I/IKaIII/II/I IIOTOKOB BI/I}ICOI/I306pa)KeHI/II71,
KOTOPBIC MCIIOIB3YIOTCS JIJIS PEeUICHHS 3a/1ad OMOMETPHUYSCKHUX CHCTEM. ABTOPBI MPEIOKIIIN CO3/1aTh
aBTOMATHU3UPOBAHHYIO CHUCTEMY aHAJIM3aTopa Iia3 poboTa M UCHOJIB30BaTh MeToa Ko3(hduImeHTHOH
KOoppeianun JJIA I/IJICHTI/I(bI/IKaIH/II/I I/I306pa)KeHI/I$I JIM1a B TIIOJIYYE€HHBIX IIOTOKax IIBCTHBIX
BUJICOM300pKECHUN, U MIPEJICTaBIeHa (PYHKIIMOHAILHAS CXeMa 3TOTO METO/1a.

KiroueBnble ciioBa: mudposoe nzodpaxenue, rexuonorus Open MP, HHTEHCHBHOCTD, ITUKCEJIb,
BEKTOPH3AIIHS, IKCTPEMAIBHBIE TOUKH, N300payKEHUE JIUIIA.
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