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Abstract. This paper presents a training-free, interpretable, and computationally efficient multi-stage approach
for segmenting retinal layers in OCT B-scans. The method is designed to remain robust under speckle noise,
depth-dependent illumination nonuniformity, and device/protocol differences, and achieves practical speed on
CPU. Clinically meaningful criteria — Dice, IoU, Boundary F1, and layer thickness error — are used for
evaluation, alongside pragmatic guidance on parameter selection. The approach delivers reliable and repeatable
results while maintaining a “quality—complexity—resource” balance suitable for resource-constrained
environments.
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1 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 a result, 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.
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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 effect on segmentation quality. Clinically meaningful metrics — Dice,
IoU, 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.

While classical multi-stage methods cannot always replace deep learning, especially in heavily
artifacted cases or multimorbidity, they provide reliable and repeatable results under resource
constraints while preserving the ‘“quality—complexity—resource” balance. Future improvements
include speckle-aware diffusion (SRAD) or non-local filtering and hybridization with lightweight
learnable modules [6].

Organization. We first state the problem and image model; then describe each stage of the multi-
stage pipeline with parameter selection guidance; next, we define the evaluation protocol and ablation
study; finally, we discuss practical relevance, limitations, and future directions.

2 Problem statement (OCT layer segmentation)

Let the OCT B-scan image domain be Q. € R? and the input grayscale image I: Q — [0,L]. A
common physical observation model is

I(x,y) = L(x,y) I"(x,y) n(x,y), (1)

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 = {S;, ..., S} and recover their boundaries

[ ={(,y;(x)} i=1..,n-1, (2)
such that S; N'S; = @ for i # j, UL, S; = Q, and the retinal column-wise order holds:
Var y1(x) <yp(x) < < ypoq (). (3)

As a practical solution, we form a local cost (relief) using the gradient magnitude of a contrast-
enhanced image I,

G(x,y) =IVI.(x,y) I, 4)

and a distance transform D (x, y) computed on a morphologically cleaned edge mask. The composite
potential is

o(x,y)=D(x,y)+1G(x,y), A>0. (5)
Given a set of foreground markers F, the geodesic distance for each p € Q is
dist,, (p, t t dt, eF, 6
o@)=_ nf fy @) 1Y@ ) q (6)
and we assign the “cheapest” marker by
W(p) = argmin dist, (p, @). (7)

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)
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3 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. Each stage progressively refines
boundary localization while maintaining computational efficiency and robustness.

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. This ensures that subsequent enhancement and edge detection
stages operate on a stable, denoised input. The normalization and denoising step can be expressed as
I (x,y)—m&nl

L(x,y) = e -L, I; = Median(ly; 3 X 3). 9)

Local contrast enhancement is achieved using Contrast-Limited Adaptive Histogram Equalization
(CLAHE), which compensates for depth-dependent attenuation typical of OCT data. CLAHE
equalizes local histograms with clipped saturation, enhancing micro-contrast without overamplifying
global brightness variations. Tiled processing with bilinear interpolation preserves smooth 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. Gradients are computed in
horizontal and vertical directions, followed by non-maximum suppression and double-threshold
hysteresis. 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 (« € [0.3,0.5]):

Le=1I%Sy, L=1x*S, Gxy)=JFxy)+5xy), (11)
T, = quantile(G; p), T, = aTy,. (12)
Strong and weak edge sets are defined as
§={(y):6xy)2Tp}, W={(y):T =Gy <Th} (13)
and the final edge map E is obtained through hysteresis thresholding [10]:
E=SuU{we W |3Japathw » 5,5 € 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= (EoB)sB, (15)

where B is a structuring element (disk of radius r € {1,2} or a horizontal line of 3—5 pixels), and o
and e denote opening and closing, respectively.

On the 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:

D(x,y) = Ve —x)2+ (y—-y)? (16)

min
(eryn):M(xr,yn=1

D = Gaussian(D;0 = 1), F = RegMax(D), B = BackgroundMarkers(M).

To integrate region and boundary information, a local relief function is defined as
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o, y)=DC,y)+ A IVI.(x, ) I, 1>0, (17)

which balances adherence to strong edges and regional smoothness. The geodesic distance under ¢
between points p and q is defined as

1
dist, (p,q) = inf t "Il dt. 18
isty(p.q) = inf . Jo o @) 1Y © I (18)

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) = argmindist,(p,q), pE€Q (19)
qEF

producing a label map
Le(1,.. n}H>v,

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),  T; = {(x,v; ()} ,, (20)
Vx: y1(x) < yz(x) < < ypog(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) = Dpna(L; Ic) + aRgmooth (L) + BRorger(L) — min, (21)
where

Dbnd(L; Ic) = _Z(x,y)eﬂ 16L(x'y) I VIc(x'y) I, Rsmooth(L) = Z(x,y) 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, ..
{I;}7, from which layer thickness profiles are derived:

Tl(x) = yl(x) - yi—l(x)' i=1..,n-1L (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.

W or boundary curves

4 Experimental evaluation

The practical effectiveness of the proposed classical multi-stage segmentation pipeline was
evaluated under a training-free setup, where parameters were chosen once on a small validation subset
and then fixed for all test scans. Three data domains were considered: (i) Set A containing standard
retinal B-scans with moderate signal-to-noise ratio and minimal artifacts, (i1) Set B consisting of
artifact-heavy B-scans affected by shadowing, saturation, and motion distortions, and (iii) Set C
representing a domain-shift scenario with scans obtained from a different imaging device or

Problems of Artificial Intelligence and Machine Learning, 2025, Vol. 1, No. 1



73 Yusupov O.R., Shamsiyeva Kh.G., Badalova L.B.

acquisition protocol. For each dataset, retinal layer boundaries yig t(x) fori=1,..,n—1 were
annotated by expert clinicians as one-dimensional polylines, and in cases of multiple annotators,
consensus or mean annotations were used. The data were split into validation (10-20%) and test (80—
90%) subsets, while no training split was required since the approach is fully training-free.
Evaluation metrics included region-based and boundary-based measures. Dice and IoU scores
were computed as [11,12]
_2|snG|
Isl+lGl’

sG]

Dice = ,
|SUG|

IoU

respectively. Boundary accuracy was quantified using the Boundary-F1 (BF1) metric within a
tolerance of typically two pixels,
BF1 = 2~Prec'Rec.
Prec+Rec

To assess layer thickness fidelity, predicted and reference thickness profiles

TP = 0 — v, T =57 00 - v
were compared using the mean absolute error
MAEr = 5= S15 Sex, 177 () = T (0.

Additionally, one-dimensional structural similarity (SSIM) computed column-wise and the
smoothness of layer curves (RMS of second differences) were reported to capture geometric
regularity.

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 @ = 0.4. Morphological
operations employed disk structuring elements of radius 1-2 or horizontal lines of 3-5 pixels.
Distance transform smoothing used ¢ = 1, with the relief-balance weight A € [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}, a €
{0.3,0.4,0.5}, and A € {0.5,1.0,1.5,2.0}. The Pareto-optimal configuration was determined based on
BF1 and MAE; trade-offs and transferred unchanged to the test phase.

Ablation experiments were conducted to assess the contribution of individual stages. Removing
CLAHE led to weaker gradients and drops in BF1 and IoU; omitting markers caused pronounced
over-segmentation and larger MAE; excluding morphological refinement resulted in discontinuous
and rougher boundaries; and skipping distance-transform smoothing introduced unstable seeds and
excessive small fragments. Each ablated variant was evaluated over all datasets with mean + std
values for Dice, IoU, BF1, and MAE;.

Statistical analysis employed the Wilcoxon signed-rank test with @ = 0.05 to assess significance
of paired differences, testing the null hypothesis that median differences equal zero. p-values were
reported alongside 95% bootstrap confidence intervals (1,000—5,000 resamples) for mean and median
metrics [16,17]. Computational profiling indicated per-stage runtime scaling approximately as

tcLaHE T tCanny + tMorph + tDT/markers + tws t tpost = O(HW)'
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with total processing time on the order of seconds for 1-megapixel images and a memory footprint of
only a few tens of megabytes. CLAHE and morphological operations can be parallelized across CPU
threads, and no GPU acceleration is required.

Qualitative visualizations include the raw input image, contrast-enhanced version, Canny edges,
morphological mask, smoothed distance map with markers, and final segmentation with boundary
overlays, with artifact regions highlighted for clarity. Quantitative results are summarized as mean +
std tables supplemented with violin and box plots. Sensitivity plots showing BF1 versus A and MAE
versus clipLimit illustrate trade-offs and stability regions.

Robustness evaluation shows that parameters generalize well to unseen domains: on the domain-
shifted Set C, performance remains stable without re-tuning, while on artifact-heavy Set B, CLAHE
and morphology notably improve segmentation coherence. In challenging cases involving severe
shadows or saturation, reducing A and reinforcing morphological closing help stabilize boundaries;
for very thin layers, increasing distance-transform smoothing or lowering the minArea threshold
proves effective.

To ensure reproducibility, the release package includes the full configuration (clipLimit,
tileGridSize, p, a, structuring element type, A, minArea, o), deterministic random seeds, library
version details, intermediate outputs of all pipeline stages, and scripts for reporting Dice, loU, BF1,
MAE, and statistical significance tests.

5 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.

5.1 Quantitative results (main metrics)

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

Tab. 1. Illustrative results (values representative of ranges in the literature)

Method Dice IoU BF1 MAE; (px / um)(Time (s/img)

B1: Otsu + Morph 0.79+0.07 | 0.66+0.08 | 0.75+0.09| >+E20 / 0.62
21.1£7.8
. 48+1.8 /

B2: Canny + Plain WS | 0.82+0.06 | 0.70£0.07 | 0.8010.08 0.68
18.7+£7.0
: 43+1.6 /

B3: GraphCut-variant 0.84%0.05 | 0.731+0.06 | 0.821+0.07 0.95
16.81+6.2
_ .. 4.0£1.5 /

B4: TV-Partition 0.85+0.05 | 0.74+0.06 | 0.83+0.06 15.6+5.9 1.10
32412 /

Ours (full) 0.89+0.04 | 0.80+0.05 | 0.88+0.05 12.544.7 0.80

Per-layer thickness errors are summarized in Table 2.
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Tab. 2. Per-layer thickness error statistics (1 px = 3.9 um)

Layer MAE (px) MAE (um) Median (um) IQR (um)
T; (ILM-RNFL) 3.0 11.7 10.9 53
T, (RNFL-GCL) 3.4 13.3 12.5 5.9
T3 (GCL-IPL) 2.8 10.9 10.2 5.0
T, (IPL-INL) 3.6 14.0 13.1 6.2
Ts; (INL-OPL) 3.1 12.1 11.4 5.6
Ts (OPL-ONL) 3.5 13.7 12.9 6.0

5.2 Ablation study

Table 3 shows metric changes when removing components. The biggest drops occur without
markers and without CLAHE.

Tab. 3. Ablation: effect of removing stages

Variant Dice IoU BF1 MAE} (px)
Full chain (Ours) 0.89 0.80 0.88 3.2
— CLAHE 0.86 0.76 0.84 3.9
— Morph 0.87 0.78 0.85 3.6
;vl\é[)arkers (plain 0.83 0.71 0.81 46
— DT smoothing 0.88 0.79 0.86 3.5

5.3 Statistical significance

Table 4 reports paired Wilcoxon signed-rank test (¢ = 0.05) p-values comparing Ours to each
baseline; most improvements are significant.

Tab. 4. Wilcoxon signed-rank test (& = 0.05)

Comparison Ppice Piou PBF1 PMAE;
Ours vs Bl <107* <107* <107* <107*
Ours vs B2 3.0x 107* 4.0x 107 5.0 107* 7.0 x 107*
Ours vs B3 1.1 x1073 1.6 x 1073 9.0 x 107* 1.8 x 1073
Ours vs B4 1.8 x 1072 2.1x1072 9.0 x 1073 1.2 x 1072
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5.4 Time and resources

For a 1 MP image, per-stage average times are summarized in Table 5; total = 0.8 s/img (CPU),
no GPU required.

Tab. 5. Stage-wise runtime profile (CPU, 1 MP)

CLAHE |Grad/Canny| Morph |DT/Markers WS Post Total

Time

. 0.18 0.12 0.10 0.15 0.18 0.07 0.80
(s/img)

6 Discussion

Ours improves boundary accuracy (BF1 T) and reduces thickness error (MAE; 1) vs baselines.
Gains arise from: (i) CLAHE = stabilized gradients; (ii) adaptive Canny = cross-scan calibration;
(i11) DT seeds = less over-segmentation; (iv) balanced relief D-VI..

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

@, y)=D(0,y)+ A1 VI.(x,y) |

which ensures coherent and stable boundary localization.

Experimental results demonstrate that the proposed approach consistently outperforms classical
baselines in terms of BF1, Dice/loU, and MAE; 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 on a CPU, and does not rely on GPU acceleration.

Nevertheless, some limitations remain. Strong shadows or saturated regions can generate false
edges, and very thin layers or extremely low SNR may lead to sparse or missing markers. In such
cases, globally fixed parameters may need local adaptation to maintain performance. Future work
aims to incorporate speckle-aware denoising methods such as SRAD or NLM, introduce spatially
adaptive weighting for A, and apply 1D spline or Kalman-based smoothing with uncertainty
estimation. Further extensions will explore 3D C-scan temporal and cross-slice regularization,
multimodal OCT/OCTA fusion, and semi-automatic or active-learning-based marker optimization
for adaptive tuning.

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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MHOIO3TAMHAA CETMEHTALMUA C/IOEB CETYATKU HA OKT B-SCAN

L2 IOcynoe O.P., *Illamcuesa X.TI., *Badanoea JI.b.

tozodyusupov@gmail.com
!Camapkanckuii rocynapcreennsiii yausepcuter umenu Illapoga Pammnosa,
Camapkanj, Y30eKucTan
2 Hay4Ho-MCCIIe10BaTebCKHil HHCTUTYT Pa3BUTHS IU(POBBIX TEXHOJIOTHIA H HCKYCCTBEHHOTO
HHTEeJIIeKTa, TamkenT, Y30eKkucTan

AnHoTanus. B 1aHHO# paboTe mpeacTaBieH MHOTOITAITHBIN MOIXO0 K cerMeHTanuu cioés cetyarku Ha OKT
B-scan, He TpeOytommuii 00yueHHs, HHTEPIPETUPYEMBIH M BHIYMCIUTENBHO ¢ dekTHBHbIA. MeToa pa3padboran
TaKkUM 00pa3oM, YTOOBI COXPAHATh YCTOHYMBOCTH K CIIEKJI-IIyMY, TTyOMHHO-3aBHCHMOW HEpPaBHOMEPHOCTH
OCBEILCHUSI U MEXYCTPOWCTBEHHBIM/MEXIIPOTOKOIBHBIM Pa3IMYHsAM, OOeCleyrBas IMPHU 3TOM INPAKTUYHYIO
ckopocTb BeimoiHeHuss Ha CPU. [{ns oLleHKH NPUMEHSIOTCS KIMHUYECKH 3HauuMble MeTpuku — Dice, loU,
Boundary F1, a Ttakke ommuOKka ONpeACNICHHS TOJIUHBI CIOEB — B COYCTAHUU C MPAKTUICCKUMU
pPEKOMEHAAIMAMH 10 BBIOOpY mapaMeTpoB. [IpemnokeHHbIH ToOAXOox oOecneynBaeT HaA&KHBIC U
BOCIIPOM3BOIMMBIE PE3yJbTAThl, COXpaHAsA OaJlaHC «KA4eCTBO—CIOKHOCTb—PECYPCh», UYTO JENaeT €ro
MPUMEHUMBIM B yCIOBUSAX OTPAHUYEHHBIX BBIYHUCIUTEIBHBIX BOZMOKHOCTEH.

Karouesbie ciaoBa: OKT; crmom ceTyaTky; MHOTOATAIHAs CETMEHTAlHMs; CIEKJI-IIYM; HEPaBHOMEPHOCTh
OCBEIICHUS; MapKep-ympaBisieMbrid Watershed.

OKT B-SCAN TASVIRLARIDA TO‘R PARDA QATLAMLARIDA KO‘P
BOSQICHLI SEGMENTATSIYA
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Annotatsiya. Ushbu maqolada OKT B-scan tasvirlarida to‘r parda qatlamlarini segmentatsiya qilish uchun
o‘qitish talab etilmaydigan, interpretatsiya qilish oson va hisoblash resurslari bo‘yicha samarali bo‘lgan ko‘p
bosqichli yondashuv taqdim etiladi. Taklif etilgan usul dog‘li shovqini, chuqurlikka bog‘liq yoritilishning
notekisligi hamda qurilmalar/protokollar o‘rtasidagi farqlar sharoitida barqaror ishlashi uchun ishlab chiqilgan
bo‘lib, CPU muhitida ham amaliy tezlikni ta’minlaydi. Baholashda klinik ahamiyatga ega ko rsatkichlar — Dice,
IoU, Boundary F1 hamda qatlam qalinligini aniqlash xatosi — qo‘llaniladi, shuningdek parametrlarni tanlash
bo‘yicha amaliy tavsiyalar beriladi. Mazkur yondashuv resurslar cheklangan sharoitlarda ham “sifat—
murakkablik—resurs” muvozanatini saqlagan holda ishonchli va takrorlanadigan natijalarni ta’minlaydi.

Kalit so‘zlar: OKT; to‘r parda qatlamlari; ko‘p bosqichli segmentatsiya; dog‘li shovqin; yoritilishning
notekisligi; marker-boshqaruvli Watershed.
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