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METHODOLOGY FOR EVALUATING COMPLEX OBJECT CONTOUR DETECTION
ACCURACY IN SLIC-BASED IMAGE SEGMENTATION

This paper investigates the application of the Simple Linear Iterative Clustering (SLIC) algorithm for complex object image seg-
mentation, on the example of images of human body injuries. The study solves the problem of the lack of quantitative evidence re-
garding SLIC's algorithm performance in high-precision area and boundary assessment of the lesion on a digital image of a human
body with a wound injury on it. A comprehensive methodology is developed to evaluate SLIC's algorithm efficacy across various
complex images and image resolutions. The research utilizes a combined dataset of 3696 wound images from the Foot Ulcer Seg-
mentation Challenge (FUSeg) and WoundSeg datasets. Bayesian optimization is utilized to fine-tune SLIC algorithm hyperparame-
ters, focusing on the number of segments and compactness. Results indicate that SLIC algorithm demonstrates consistent performan-
ce across different implementations, achieving Dice scores around 0.84 and Soft Boundary F1 scores around 0.55. The study reveals
that the optimal number of segments for SLIC algorithm can be defined relative to the spatial dimensions of the input image, with
maximal image dimension *2 being the most effective value. A thorough analysis of various segmentation metrics is conducted,
including IoU, Dice Score, and Boundary F1 Score. The research introduces and employs the Soft Boundary F1 Score — modification
of Boundary F1 Score, a novel metric designed to provide a more nuanced evaluation of boundary detection accuracy while offering
a smoother optimization landscape. This metric proves particularly valuable in assessing the performance of SLIC algorithm in image
with complex objects on them segmentation tasks. Importantly, this research presents an idealized SLIC-based segmentation appro-
ach, where superpixels are optimally combined using ground-truth masks to establish an upper bound of performance. This idealized
SLIC algorithm segmentation is compared with a pre-trained on the FUSeg dataset UNet model, showcasing superior generalization
capability across diverse wound types. On the WoundSeg dataset, the idealized SLIC algorithm approach achieved a Dice score of
0.84, significantly outperforming the UNet model (0.12 Dice score). As a result, this study provides valuable insights for improving
complex objects segmentation methods and highlights the need for further research on developing effective methods for superpixel
classification in real-world scenarios. The findings also highlight the potential of SLIC-based approaches in addressing the challen-
ges of diverse data types and limited training data.
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gorithm — Simple Linear Iterative Clustering (SLIC) [29].
For example, authors of the QTDU method [4] utilized
SLIC for initial image segmentation before employing deep
learning models for tissue classification. Chang et al. [8] in-
tegrated SLIC algorithm to facilitate the annotation process
of pressure ulcer images, highlighting its use in outlining
tissue boundaries — the annotator must label not every pixel,
but every superpixel (groups of pixels grouped together by
certain similarity into clusters). Another study used SLIC
algorithm to segment pre-isolated wound areas for subseq-
uent tissue classification [23].

However, despite its widespread use, the literature lacks
clear quantitative evidence regarding SLIC's algorithm ef-
fectiveness for precise segmentation of complex objects and
especially their boundaries on digital images, such as wo-
unds on human body. There is also a lack of systematic
evaluation of SLIC algorithm hyperparameters (parameters

Introduction / Bctyn

Automatic segmentation of complex objects in digital
images, classification of these objects and their components
are important areas of research in the field of computer
image analysis (computer vision). These approaches can be
effectively applied in medicine for segmentation of wound
lesions on human skin and classification of affected tissues.
This contributes greatly to the automation of patient exami-
nation, treatment planning, and monitoring of healing prog-
ress [5, 7, 26]. Research on this topic mainly concentrates
on utilizing supervised machine learning models, like diffe-
rent variants of artificial neural networks (ANN). The draw-
back of these approaches is the lack of generalization on
new data. Thus, some of the works [4, 8, 23] concentrate on
combining ANNs with unsupervised machine learning
techniques, the most frequently used and the most effective
of which is the k-means-based superpixel segmentation al-
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that remain constant during algorithm execution and are set
to control the learning process), such as the optimal number
of superpixels or compactness values, for various wound
image characteristics.

Given this context, a comprehensive study to evaluate
SLIC's algorithm complex object segmentation effective-
ness is required, as well as establishing a methodology for
such evaluation. Such research would fill a gap in the cur-
rent literature and provide valuable insights for improving
segmentation methods.

The research task is to develop a methodology for per-
forming complex object image segmentation (demonstrated
on human body wound images) based on the SLIC algo-
rithm, as well as multi-criteria evaluation of its effectiveness.

Object of research — the complex digital image analysis
and their segmentation using the SLIC algorithm.

Subject of research — the comparative evaluation of the
efficiency of using the SLIC algorithm in solving complex
digital image segmentation tasks, which allows to identify
optimal segmentation parameters and evaluate the algo-
rithm's execution performance across diverse datasets, the-
reby ensuring adaptability and robustness in segmentation
task of images with complex boundaries.

The purpose of the research — to develop a methodology
for performing analysis and optimal segmentation of
complex digital images based on the SLIC algorithm appli-
cation, enabling maximum effectiveness and accuracy in
the boundary detection of specified image elements and the
assessment of their area.

To achieve this purpose, the following main research
objectives are identified:

1. To conduct an analytical review of modern metrics, applied
in assessing segmentation boundary detection accuracy di-
gital image, as well as approaches to SLIC algorithm appli-
cation for segmentation of objects with complex shapes on
the images, which enables to identify the segmentation
evaluation metric most suitable, for assessing SLIC algo-
rithm performance, particularly for the tasks involving
complex object boundaries detection.

2. To develop a methodology for evaluating the effectiveness
of the SLIC algorithm in complex object segmentation
tasks with emphasis on boundary detection accuracy (de-
monstrated on the task of human skin wound segmentation
on the images), which will allow for systematic assessment
of SLIC algorithm performance across diverse data doma-
ins, providing insights into its adaptability and robustness
for various segmentation challenges.

3. To assess SLIC's algorithm segmentation effectiveness ac-
ross different hyperparameter settings using Bayesian opti-
mization, algorithm implementations and image resolutions
using publicly available datasets, which will provide a se-
tup of the optimal configurations needed to achieve high-
quality segmentation of complex objects using the SLIC al-
gorithm.

4. To conduct a comparative analysis of segmentation results
obtained using the SLIC algorithm and Convolutional Neu-
ral Network (CNN), commonly used in the medical ima-
ging, which will help to determine scenarios and parameter
settings where the SLIC algorithm offers advantages over
CNNs in terms of segmentation quality and adaptability to
limited training data.

By completing this task, we provide the scientific com-
munity with not only an assessment of how effectively su-
perpixels, generated by SLIC algorithm segment complex
object (like wounds) edges but also a methodology for rep-
roducing them with other input data. This should have a
great positive effect on future digital image automated
analysis research.

Analysis of recent research and publications. Simple
linear image clustering (SLIC) is a superpixel generation al-
gorithm proposed by Radhakrishna Achanta and colleagues
that adapts the k-means clustering approach in the image
domain for efficient superpixel generation. This method has
become an essential tool of computer vision due to its
simplicity, efficiency, and quality of contour selection for
the image. SLIC algorithm works by clustering pixels by
combining color properties in CIELAB and spatial coordi-
nates in 5-dimensional space. The advantage of this method
is that unlike classical k-means, which check the distance
from each pixel to each other, in SLIC algorithm, the search
space is limited to areas proportional to the size of the su-
perpixel. In the context of complex image analysis (like the
ones, with wounds on human skin), according to the already
mentioned papers [4, 8, 23] — SLIC algorithm has proven
particularly useful due to its ability to generate superpixels
that fit well with seeking object boundaries. Nevertheless,
there are some peculiarities of algorithm use in these met-
hods — they do not expect to cover a full object or some
specific wound tissue area with one superpixel; the authors
tackle this problem by generating multiple superpixels and
then merging them, based on some deep-learning based si-
milarity measure (like superpixel classification to one of the
wound tissue types or wound/not wound).

Authors of [4] and [23] do not state how many superpi-
xels they have divided their images into. Authors of [8] sta-
te that they have tested different numbers of superpixel
hyperparameter values, from 500 to 2000, on the fixed ima-
ges with the size of 1000%750 px. and while an increasing
number of superpixels causes better wound outline detecti-
on (no quantitative result provided), it becomes hard for the
annotator to annotate them as well as for deep learning mo-
del to perform classification, because of texture information
lost effectively. Thus, the authors conclude that 800-1000
superpixels are optimal. The authors of [14] chose another
approach — they tend to segment images with wounds on
them into a relatively small number of segments (superpi-
xels) (2, 3, and 4) utilizing ordinary k-means clustering
instead of SLIC algorithm. However, the authors utilize a
small dataset of only nine images of three classes (three
wound types). They do not show any statistically significant
results but conclude that segmentation into a larger number
of segments produces better results. Thus, in our research,
we consider experimentally exploring the selection of many
superpixels relative to the image resolution (more on this in
the Materials and methods of research section) and merging
them to cover the whole object area.

The other problem is selecting an efficiency evaluation
metric. Traditionally used metrics for image semantic seg-
mentation assessment are Dice Score and Intersection over
Union (IoU) [22]. While being performant for training seg-
mentation models, they are not designed to pay extra atten-
tion to the segmentation quality at the boundaries.

One of the famous metrics used in medical imaging for
boundary segmentation accuracy evaluation is Hausdorff
Distance (HD) [10], which measures the maximum distance
between the points on the predicted boundary and the clo-
sest points on the ground truth boundary. A lower HD indi-
cates a more accurate boundary detection. It is especially
useful for identifying significant localized errors in segmen-
tation [21]. The average Hausdorff distance is widely used
to assess segmentation performance by comparing ground
truth images with segmentations. However, the average HD
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can lead to ranking errors. Authors of [2] proposed a modi-
fied version, which balances the average Hausdorff distan-
ce, making it more suitable for quality assessment in medi-
cal imaging. The main weakness of this metric arises from
its main strength — it is highly sensitive to outliers and does
not present information on the overall boundary accuracy.

The other quite similar metric is the average symmetric
surface distance (ASSD), which is the average of all the
distances from points on the boundary of a machine-seg-
mented region to the boundary of the ground truth and vice
versa [32]. ASSD provides a more balanced and compre-
hensive view of boundary accuracy than HD. However,
ASSD is still sensitive to outliers, which can significantly
affect the results. This sensitivity appears because ASSD
calculates the mean of all point-to-surface distances, and a
few significant errors can affect the average result. In regi-
ons with considerable dissimilarities, such as those with com-
plex or irregular shapes, ASSD may not accurately reflect
the true segmentation quality. The metric does not account
for the distribution of errors across the surface, potentially
masking areas with poor segmentation performance [15].

The Boundary F1 Score, a harmonic mean between Pre-
cision and Recall of the boundary pixels, has gained popu-
larity in evaluating segmentation boundaries, particularly in
tasks where precise edge alignment is crucial. It is designed
to eliminate the limitations of region-based metrics like the
Dice Score, which may achieve high scores even when bo-
undary errors are present [6]. This metric is less sensitive to
outliers than the Hausdorff distance, making it more robust
in scenarios where precise boundary detection is crucial [2].
However, it is essential to remember that the Boundary F1
Score can be sensitive to slight variations in boundary pla-
cement and does not account for the severity of misa-
lignments, treating all errors equally. Despite these limitati-
ons, its focus on boundary accuracy and its balanced nature
makes it particularly valuable for evaluating SLIC algo-
rithm performance in wound segmentation tasks.

While SLIC algorithm has shown promise in various
medical imaging applications, there is a clear gap in syste-
matically evaluating its effectiveness specifically for
complex object border detection. The existing metrics, such
as IoU, Dice Score, HD, ASSD and Boundary F1 Score,
each have strengths and limitations in assessing segmentati-
on quality. Based on the review of the most popular met-
rics, used to assess boundary detection precision, we deci-
ded not to use HD and ASSD metrics for the further metho-
dology development, as they are much less descriptive in
terms of overall wound boundary detection precision and
concentrate on exploring IoU, Dice and Boundary F1 scores.

Materials and methods of research. This section focu-
ses on establishing the foundation to solve the research
tasks. We develop methodology of SLIC algorithm seg-
mentation evaluation by applying supervised segmentation
masks to merge the superpixels, generated by SLIC algo-
rithm into one, and evaluate the segmentation quality, pa-
ying particular attention to the seeking object border detec-
tion correctness through advanced metrics. The proposed
methodology also incorporates cross-validation and Bayesi-
an optimization [3] to fine-tune the SLIC algorithm hyper-
parameter selection and achieve optimal segmentation per-
formance. Finally, we compare the most performant SLIC
algorithm variant with the ANN, specifically trained for
complex object (like human skin wounds) segmentation.
Each component is described in detail to ensure reproduci-
bility and clarity of understanding.

Research results and their discussion /
Pe3y/ibTaTH AOC/i)KeHHSs Ta iX 06TOBOPEHHA

Overview of the SLIC algorithm segmentation evalua-
tion methodology. The methodology consists of the several
key steps:

. Generating superpixels.

. Applying supervised segmentation masks.

. Creating superpixel masks.

. Evaluating segmentation quality using specialized metrics.

. Optimizing the process of SLIC algorithm hyperparameter
selection through cross-validation and Bayesian search.
Figure 1 shows the flowchart representation of these steps:

(O N N S

Start

Apply Supervised Segmentation Masks

v

Create Superpixel Masks

v

Evaluate Segmentation Quality

Optimize SLIC Hyperp e

Cross-validation & Bayesian Search

Fig. 1. Generalized flow-chart of the proposed methodology of
complex object segmentation quality evaluation / Y3araibaena
6JI0K-CXeMa 3apPOIIOHOBAHOI METOIOJIOT T OLIIHFOBAHHSI SIKOCTI Cer-
MeHTaIlil 300paXeHb CKIIATHUX 00'€KTIB

Superpixel generation as an abstraction. The first step
is generating superpixels from the wound images using the
SLIC algorithm. The SLIC algorithm implementation is tre-
ated as an abstraction, meaning it can be easily replaced or
modified without changing the workflow. This abstraction
allows for the flexibility to experiment with different SLIC
algorithm implementation options and hyperparameter set-
tings, providing the ability to explore the optimal configura-
tion for the specific functional and non-functional require-
ments of the specific wound-segmentation task.

The superpixel generation process begins with the input
image, followed by selecting the SLIC algorithm variant
and parameters. The algorithm then processes the image
and outputs a label map, assigning each pixel to a superpi-
xel cluster. This label map is used in the following steps to
apply the supervised segmentation mask (ground truth) and
generate the superpixel segmentation mask.

Application of supervised segmentation mask and su-
perpixel segmentation mask generation. Once the superpi-
xels are generated, the next step is to apply a supervised
segmentation mask — ground-truth annotation of the object
of interest. This step is crucial for identifying which super-
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pixels intersect with the annotated wound region, thereby
isolating the relevant superpixels that will form the basis of
the final segmentation. The ground-truth segmentation
mask is overlaid on the superpixel map. Superpixels that in-
tersect with the mask for at least 10 percent of the superpi-
xel area are identified and marked as relevant. They are
merged to form a unified "superpixel mask". This mask rep-
resents the final predicted segmented object of interest (wo-
und) area. It is used to evaluate the accuracy of the segmen-
tation, as we desire to have it and its borders be as accurate
as possible:
1
1]
where o(/) is an overlap ratio, M(x, y) is the ground-truth
segmentation mask function, M(x, y) = 1 indicates that the
pixel (x, y) belongs to the wound region, |/| is the total
number of pixels in superpixel /,

R() = {I’f“(l)zo} , @)

0, otherwise

a(l) Z(x,yel)M(x’y) ’ (1)

where R(/) is the relevance function for the superpixel /, re-
turning 1 if the superpixel is considered relevant (overlaps

with the wound region by at least 10 %) and 0 otherwise.
Metric Calculation and Evaluation. Evaluating the ac-
curacy of the superpixel mask is a critical aspect of the fra-
mework, as it determines the overall effectiveness of the
segmentation process. We review several metrics for this,
including the already mentioned, widely used semantic seg-
Mask L__—*’;,’

g 4

Mask Il Mask 1l

mentation tasks, such as the IoU and Dice Score, but the es-
sential one is the Boundary F1 Score.

Intersection over Union (IoU) is a standard metric in
segmentation tasks; it measures the overlap between the
predicted superpixel mask and the ground truth mask. loU
is particularly useful for assessing the overall accuracy of
the segmentation in terms of area coverage.

The Dice Score is another standard metric for segmenta-
tion evaluation. It focuses on the similarity between the pre-
dicted and ground truth masks. It is sensitive to false positi-
ves and false negatives, making it a robust metric for gene-
ral segmentation tasks.

Boundary F1 Score is a more specific metric. In its he-
art, it is a Dice Score, but it is calculated only for the pixels
on the boundaries of the predicted mask compared with the
ground truth one. This metric is useful in medical image
analysis, where, as mentioned earlier, precise boundary de-
tection is critical.

Let us review Figure 2 to illustrate the effect of the dif-
ferent segmentation experiment outcomes on these metric
values.

Figure 2 shows a black polygon outline as an illustrative
representation of the ground-truth mask and a colored das-
hed outline as the predicted mask. Ten different examples
are used to calculate three aforementioned metrics and il-
lustrate their behavior based on the predicted/ground-truth
relation. Figure 3 shows the bar chart of the values of these
metrics for each of the made-of examples.

Mask IV Mask V

[ Original
polygon
3 Mask

Mask vl __, Mask Vil

Mask X

/

Fig. 2. Tllustrative example of ground truth segmentation mask and different segmentation predictions / ImocTpaTuBHUIA MPUKIIAA eTATOHHOT
MAaCKH CerMeHTaLlil Ta pi3HUX IPOTHO3iB cerMeHTaril

B Dice Score
. loU
B Boundary F1

1.0

Metric values

0.8

0.6

0.4

0.2

0o | n mn v Vv Vi vil Vil IX X
Fig. 3. Values of different metrics for different illustrative segmen-
tations / 3HaueHHs Pi3HUX METPHK [UISI PI3HUX 1TIOCTPATUBHHUX CEr-

MEHTaLjii

The metrics calculated for the masks reveal a main dif-
ference between traditional overlap measures (IoU, F1 Sco-
re). For masks, 1 to 4, both IoU and Dice show moderate to

high overlap, with scores ranging from 0.50 to 0.92. Howe-
ver, the Boundary F1 Score remains 0 for these masks,
highlighting a significant limitation: while the overall area
overlap might be considerable, these metrics fail to capture
the essential aspect for some research areas — boundary
alignment. This issue is evident when the mask is misalig-
ned or "shifted", leading to zero boundary precision despite
significant area overlap.

In contrast, masks VI to X demonstrate that even when
IoU and Dice are constantly high with smooth changes, the
Boundary F1 Score can vary significantly (from 0.26 to
0.86), reflecting differences in how well the boundaries
align. The Boundary F1 Score's sensitivity to edge
alignment is a key strength, making it indispensable in
applications where precise delineation of object edges is
crucial, such as in medical imaging.

The tolerance parameter in the Boundary F1 Score plays
a significant role in the result. It defines the maximal allo-
wed distance within which boundary points are considered
aligned. A smaller tolerance increases the strictness of the
metric, lowering the Boundary F1 Score even if the overall
segmentation is relatively accurate. A larger tolerance miti-
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gates minor boundary misalignments, leading to a higher
score. Therefore, the choice of tolerance directly affects the
balance between penalizing boundary errors and recogni-
zing overall segmentation quality.

This analysis highlights the limitations of using only
IoU or Dice Score metrics for segmentation, as they do not
account for boundary precision. Boudnary F1 addresses this
issue, as illustrated by the steep decline in its values compa-
red to other metrics when segmentation quality changes.
However, its high sensitivity to minor mask variations may
be impractical during the early stages of SLIC algorithm
hyperparameter optimization, particularly for images with
complex object boundaries. IoU and Dice may provide
smoother landscapes but fail to capture crucial boundary in-
formation, while Boundary F1 may create overly steep gra-
dients, potentially leading to suboptimal local minimum
that don't accurately reflect wound segmentation quality
and is too strict.

We propose to utilize Soft Boundary F1 Score in Baye-
sian optimization to eliminate the aforementioned issues.
The metric is calculated using the same general approach,
as in the already mentioned Boundary F1 Score [6], but
with the addition of exponential distance-based tolerance,
allowing for small misalignments in boundary detection:
2-(SP-SR) 3)

SP + SR

Where P is the predicted segmentation mask, G is the
ground-truth mask, z— distance tolerance, SP (Soft Precisi-
on) (4), and SR (Soft Recall) (5) are calculated using distan-
ce transforms.

SoftBF1(P,G,7) =

spo > exp(=Dist(G / T) - Booundary) ’ 4)
> Proundary

SR > exp(=Dist(P / 7) - Gpoundary) (5)
> Groundary ’

where Dis#(X) is the distance transform of mask X (X repre-
sents here either P or G mask), Xjounqary — boundary pixels
of mask X, 7 — is the distance tolerance parameter that
controls how quickly the exponential term decreases when
distance increases. Smaller T causes metric to be more sen-
sitive to differences of the border between predicted and
ground-truth. In our experiments, we use 2—4-pixel values
for it. This exponential term creates a smoother distance-ba-
sed weighting that decreases as the distance between pre-
dicted and ground truth boundaries increases in the. This al-
lows for some tolerance in boundary detection and thus
smoother gradient during optimization, while still prioriti-
zing boundary accuracy.

The Soft Boundary F1 score has several advantages:

1. It provides a smoother optimization gradient, even with sig-
nificant boundary misalignments, due to its tolerance for
small displacements (this parameter should be carefully se-
lected based on the level of edge detection accuracy, you
want to preserve and your input image size).

2. It remains sensitive to incremental improvements in boun-
dary accuracy, allowing for fine-tuning of the segmentation.

3. It balances the assessment of overall wound region segmen-
tation with boundary detection.

The Soft Boundary F1 score achieves this by incorpora-
ting a distance-based tolerance in its calculation, allowing
for small misalignments in boundary detection. This appro-
ach is particularly suitable for wound segmentation, where
precise boundary delineation is crucial, but minor deviati-
ons should not be overly penalized.

Figure 4 shows the behavior of SoftBF1 compared to
previously mentioned metrics across different segmentation
scenarios (same illustrative polygons and masks, as in the
previous example).

B Dice Score
. oU
Boundary F1
- Soft Boundary F1

1.0

Metric values

0.8

0.6

0.4

00 | [} L} [\ v Vi Vil Vil IX X

Fig. 4. Values of different metrics (including BSSI and SoftBF1) for

different illustrative segmentations / 3Ha4eHHsI pi3HUX METPUK (Bpaxo-
Bytoun BSSI Ta SoftBF1) junst pisHuX LIIOCTpaTUBHUX CErMEHTaIlii

The Soft Boundary F1 Score, a modification of the stan-
dard Boundary F1, it resolves the issue of zero metric val-
ues for minor mask shifts, ensuring smoother gradients in
the optimization process. As shown on the Figure 4,
SoftBF1 avoids the steep penalties, observed in Boudnary
F1 (e.g., masks I-III), while maintaining comparable perfor-
mance across scenarios, enabling more robust optimization
is segmentation tasks. However, as this metric is a result of
preliminary research, further experimentation and validati-
on on diverse datasets and segmentation tasks are required
to fully assess its effectiveness and generalizability.

Data. Two datasets in wound image segmentation are
publicly available: the Foot Ulcer Segmentation Challenge
Dataset (FUSeg) [31] and the WoundSeg Dataset [24].
Each contains images of wounds on human skin and corres-
ponding segmentation masks annotated by professionals.
We decided to use both to evaluate the proposed approach
of SLIC algorithm hyperparameter tuning and the ability of
superpixels to outline areas of the objects of interest.

The FUSeg dataset, initially created for the Foot Ulcer
Segmentation Challenge, comprises approximately 1210
images of diabetic foot ulcers, with around 1110 of them
being publicly available. Each image in this dataset has a
resolution of 512x512 pixels, providing high-detail repre-
sentations of diabetic ulcers. The obvious drawback is that
this dataset contains only one type of wound image, but un-
til recently, it was the only public dataset in this area.

WoundSeg Dataset offers a broader spectrum of wound
types. It contains 2686 images with corresponding segmen-
tation masks, with a resolution of 384x384 pixels. This da-
taset contains images of wounds of different types: diabetic
ulcers, pressure ulcers, traumatic wounds, venous ulcers,
surgical wounds, arterial ulcers, and phlegmon.

We merged these datasets, resulting in a combined set
of approximately 3696 wound images and their correspon-
ding ground truth segmentation masks. The combined data-
set allows us to assess our SLIC algorithm validation and
hyperparameter tuning method not only on multiple images
but also considering the great variety of wound types and
two different resolutions. The latter allows us to evaluate
the robustness of our SLIC algorithm hyperparameter opti-
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mization across different image scales, which is crucial for
developing a wound segmentation system applicable to va-
rious clinical imaging setups.

Experiment Setup. This section explains the proposed
methodology for optimizing algorithm hyperparameters in
wound segmentation. We use the combined dataset descri-
bed in the Data section, comprising 3696 wound images
from FUSeg and WoundSeg datasets, with resolutions of
512x512 and 384%384 pixels, respectively.

Experiment steps:

1. Data preparation:

a) Load and preprocess images as described in the Data

section.

b) Sample 300 images from the whole dataset, preserving
equal proportion of images from each of the datasets
(150 FUSeg, 150 WoundSeg)

c) Prepare the dataset for 3-fold cross-validation; each fold
has the same proportion of different image resolutions.

2. SLIC algorithm implementation setup: we evaluate three
SLIC implementation options (first two — CPU-optimized,
last one — GPU version of the algorithm):

a) Scikit-image SLIC algorithm implementation [30].

b) FastSLIC implementation [1].

¢) cuda-SLIC implementation [28].

3. Hyperparameter optimization: for each SLIC implementati-
on and each fold, use scikit-learn's Bayesian optimization
to find optimal values for the following parameters:

a) Number of segments (n_segments): we explore three
options based on the maximum image dimension
(max_dim = max (width, height)): max_dim *2,
max_dim; max_dim / 2; max_dim / 4. Using the maxi-
mum image width/height value for n_segments came as
an intuitive insight during initial experimentation on the
superpixel generation methods [12]. Here, we want to
prove or discard this idea. The logic for using the maxi-
mum dimension (max_dim) and its fractions for n_seg-
ments is hidden in maintaining a balance between the
segmentation quality of boundary detection and compu-
tational efficiency. Using max_dim ensures that even
the longest edge of the image can be segmented into se-
parate superpixels, potentially capturing details of wo-
und boundaries. The fractions (max _dim/2 and
max_dim/4) allow rougher segmentations, which may
work better for larger wound areas or for reducing com-
putational resource use.

b) Compactness: value range between 1 and 30.

¢) Objective function — the Soft Boundary F1 Score met-
ric, introduced earlier.

4. Optimization process: for each SLIC algorithm implemen-
tation and each fold:

a) Perform Bayesian optimization for 20 iterations or until
convergence on the training set (2 folds). With the 30 ite-
rations we get 10 pairs of hyperparameters being tested.

b) At each iteration:

— Generate superpixels using current hyperparameters.

— Apply the process described in "Application of supervised
segmentation mask and superpixel segmentation mask gene-
ration".

— Calculate the Soft Boundary F1 Score metric.

— Evaluate the best hyperparameters on the validation fold.

5. Cross-validation aggregation:

a) Average the best Soft Boundary F1 Score scores and
optimal hyperparameters across all folds.

b) Calculate the standard deviation of Soft Boundary F1
Score values.

6. Final Evaluation:

a) Compute average Soft Boundary F1 Score metric, and
average execution time on the entire data set using the
SLIC algorithm implementation and hyperparameter
values, obtained in the optimization process.

For the Bayesian optimization of SLIC algorithm hyper-
parameters, we use the Gaussian Process Regressor [3] as
the surrogate model, implemented in the scikit-optimize
package. The objective function is set to maximize the Soft
Boundary F1 Score metric. We use the Expected Improve-
ment (EI) [3] acquisition function to balance exploration
and exploitation.

Google Colab Pro with Nvidia A100 GPU was used to
conduct experiments.

As a final evaluation step, we compare SLIC algorithm
segmentation with a deep-learning approach to validate our
findings within the broader field of wound segmentation. It
is important to note that in this comparison, SLIC algorithm
is not used as a standalone segmentation method but rather
as a preprocessing step to generate superpixels. These su-
perpixels are then combined using ground-truth masks to si-
mulate an ideal superpixel classification, which is the goal
for future research. This approach allows us to assess the
upper bound of SLIC's algorithm performance and its po-
tential as a preprocessing tool for wound segmentation.

Due to its widespread use in medical image segmentati-
on tasks, we chose the UNet [27] model as a representative
deep learning method. The UNet model was pre-trained on
the Foot Ulcer segmentation dataset, achieving a Dice score
of 0.86 on the test dataset. The model architecture follows
the original UNet design with minor modifications: it ex-
pects 512x512 resolution RGB images as input, uses a 32-
channel initial convolution layer, and incorporates
BatchNormalization [17] layers after each convolution la-
yer to reduce internal covariate shift.

The primary goal of this comparison is to assess the po-
tential of SLIC-based approaches against a deep learning
method for complex object area segmentation when applied
to diverse wound types. We evaluate both methods on the
entire WoundSeg dataset, which contains various wound
types, not present in the Foot Ulcer dataset used for UNet
training. This comparison is intended to provide insights in-
to the robustness and adaptability of SLIC algorithm for
wound segmentation across different wound types and ima-
ge characteristics.

SLIC algorithm implementations evaluation. The ex-
periment results provide valuable information on the SLIC
algorithm performance for wound image segmentation.
Table 1 below shows the SLIC algorithm segmentation Di-
ce Score, Soft Boundary F1 Score, assnd Execution time (in
seconds) for the three mentioned earlier SLIC algorithm im-
plementations and the corresponding best sets of SLIC algo-
rithm hyperparameters found during Bayesian optimization.
Table 1. Algorithm segmentation quality and execution time com-

parison for the three SLIC implementations / [TopiBHSIHHS sTKOCT1

CerMeHTallii Ta TPUBAJIOCTI BUKOHAHHS allTOPUTMY JUISl TPHOX pe-
amizamiit SLIC

Execution Ti-

Implementation Dice Score | Soft Boundary me (s) (me-
P (mean™9) | F1 (mean™) s
cuda-slic 0.8430°"1% | 0.5537°1%° | 0.0303*%°""®

fast-slic 0.8480°"% | 0.5649°012¢* | (,0223*007%°
skimage 0.8426"1°M 1 0.5506""% | 0.19347%%2

The Bayesian optimization for each SLIC algorithm
implementation converged on very similar hyperparameter
values. All three implementations received the best results
at n_segments multiplier of 2, corresponding to max_dim *2
segments. The results support our initial hypothesis that
using the maximum image dimension to determine the

114 Haykoswuii BicHuK HATY Ykpainu, 2024, T. 34, Ne 8

Scientific Bulletin of UNFU, 2024, Vol. 34, no 8



number of segments is effective for wound segmentation on
images with different dimensions.

The optimal compactness values differ across imple-
mentations, with skimage having the highest compactness
(19), cuda-slic (12) and fast-slic (8). This variation suggests
that either different implementations may benefit from dif-
ferent levels of spatial compactness in the superpixel gene-
ration process or that there is no considerable difference in
the result for the approximate range of compactness [8, 21].
The last conclusion is supported by the chart, demonstrating
Bayesian optimization convergence curve (Soft Boundary
F1) maximization progression (Figure 5).

Objective metric

— cuda-slic
— fast-slic
—— skimage

12 keration 14

0 2 4 6 8 10
Fig. 5. Soft Boudnary F1 Score optimization curves for three SLIC
algorithm implementations / Kpusi onrumizarii merpuku Soft Bo-
undnary F1 st ppox peanizauiit anropurmy SLIC

Optimization curve demonstrates that while fast-slic
convering the fastest, all three implementations reach their
best values within the first two iterations and later only cu-
da-slic implementation has optimization objective improve-
ment on the third iteration.

All implementations show almost identical Dice and
Soft Boudnary F1 Score values, with very significant diffe-
rences between these metrics. Dice values are around 0.84,
and Soft Boundary F1 values are around 0.55. Results indi-
cate that while SLIC algorithm superpixels provide good
segmentation quality in traditional segmentation metrics,
improvements must be made to boundary detection. Howe-
ver, only final step of evaluation can compare algorithm
and UNet model boundary detection correctness.

In terms of execution time, results provide unexpected
insights. Fast-slick implementation appears to be the fastest
on average (0.0223 seconds), but the standard deviation
value (0.0706), which is larger than the average itself, is a
clear descriptor of significant outliers. Skimage implemen-
tation (0.1934°%%%?) has the same problem with the outliers
in the execution time, but it is also the slowest implementa-
tion among the tested. Cuda-slic implementation shows me-
an execution time being close to the fast-slic implementati-
on with much greater stability in the standard deviation
(0.0303*M%) " As segmentation metric results are almost si-
milar across the implementations, execution time indicates
that cuda-slic implementation is the best option for further
research.

To better examine Dice and Soft Boudary F1 scores, we
present Figures 6-7, which illustrate this metric values
distribution for the FUSeg and WoundSeg datasets for the
cuda-slic implementation of the SLIC algorithm.

The two datasets have no notable differences regarding
the Dice Score distribution. Both are right-skewed distribu-
tions, with FUSeg being considerably less steep. This right-
skewness suggests that while most samples achieve high
scores, there is a "tail" of specific cases that are mis seg-
mented and require further attention. For both datasets,

central values fall within the approximate range of [0.8;
0.9]. Both datasets contain few samples with small amounts
of zero or near-zero Dice Score metric values; notably, the
FUSeg dataset includes more outliers, an important aspect
for further examination. We could also see that some of the
FUSEG samples have perfect Dice Score values.
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Fig. 6. Histogram of Dice and Soft Boundary F1 scores for the cu-
da-slic implementation of the SLIC algorithm / T'icrorpamu Merpuk
mix gac BuKopucTanHs cuda-slic peanizanii anropurmy SLIC
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Fig. 7. Boxplot of Dice and Soft Boundary F1 scores for the cuda-

slic implementation of the SLIC algorithm / KopoGuacTa niarpama

pe3yabrariB Dice i Soft Boundary F1 mix yac Buxopucranss cuda-
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The Soft Boundary F1 Score distributions reveal a diffe-
rence between WoundSeg and FUSeg. The WoundSeg met-
ric distribution is much steeper than FUSeg and is centered
in the range [0.45; 0.55], while the FUSeg dataset distribu-
tion center lies more in the range [0.6; 0.8] but is much
smoother. As with the Dice Score distribution, samples ha-
ve zero metric values. The difference between WoundSeg
and FUSeg distributions indicates that different wound
types possess complex and diverse outlines. While we can
detect boundaries with better precision for one wound type,
such as foot ulcer wounds in the FUSeg dataset, results for
a mix of wound types are comparatively worse despite ma-
intaining similar Dice Scores.

In conclusion, this distribution analysis reveals that whi-
le segmentation, based on the SLIC algorithm, performs
consistently across implementations, it shows varying effi-
cacy for different wound types and metrics. The algorithm
generally achieves a high overall segmentation Dice Score
of 0.84, which indicates the applicability of SLIC algorithm
superpixels for wound segmentation (as examples of
complex objects), but it demonstrates more variability in
boundary precision, particularly for diverse object types.

After analyzing samples with extremely poor segmenta-
tion quality (zero or almost zero SoftBFF1 and Dice sco-
res), it was discovered this this is mostly caused by one of
two reasons:

e Object (wound) is not present on the image at all (very rare
case, few samples per whole dataset).

e Object (wound) segment is very small, so even the smallest
SLIC algorithm superpixel cannot capture its boundaries.
The second case is especially complex to be solved by

the further SLIC algorithm tuning, as forcing superpixels to
be smaller till they capture the smallest possible regions
may bring them back to being just ordinary pixels, thus eli-
minating all benefits of utilizing superpixels.

Figure 8 shows an example of good SLIC algorithm
segmentation (cropped near the wound to emphasize the
segmentation), where the ground-truth mask is overlayed
with Green, and the SLIC algorithm segmentation mask
with Red and Yellow indicates the area of their intersection.

|
Fig. 8. Example of an ideal SLIC algorithm segmentation
JaJ JOCKOHaJoi cermenTartii anroputMom SLIC

e
/ Ipuk-

SLIC algorithm and UNet wound segmentation com-
parison. The comparison between SLIC algorithm and
UNet model for wound segmentation on the WoundSeg da-
taset reveals striking differences in performance and gene-
ralization capabilities (Table 2). For SLIC algorithm we use

cuda-slic implementation with compactness hyperparameter
12 and n_segments multiplier equals 2.

Table 2. Comparison of cuda-slic SLIC algorithm implementation
with the UNet for segmentation on the WoundSeg dataset / [Topis-
usHHS cuda-slic peamizanii anropurmy SLIC ta mogeni UNet s
cerMeHrailii paH i3 Habopy nanux WoundSeg

Dice Score Soft Boundary F1
Model (mean™) (mean™'%)
cuda-slic SLIC 0.8416"7° 0.5057°%%
Unet 0.1181%0™ 0.075901253

The approaches, based on the SLIC algorithm, where
superpixels are optimally combined using ground-truth
masks, demonstrate consistent performance with a Dice
score of 0.8416™%% and a Soft Boundary F1 score of
0.5057°%%  The small standard deviations indicate stable
performance across various object types. In contrast, Unet
shows significantly lower performance, with a Dice score
of 0.1181"*"7 and a Soft Boundary F1 score of
0.0759""'*% The large standard deviations for Unet suggest
highly variable performance across different images.

These results highlight the potential of the aforementi-
oned approaches for adapting to diverse wound types. The
UNet model, despite its sophistication and high performan-
ce on the Foot Ulcer dataset, fails to generalize effectively
to other wound types. This contrast underscores a key ad-
vantage of the approach, that utilizes SLIC algorithm: its
ability to adapt to various wound characteristics without
requiring training data or computational resources. SLIC al-
gorithm segmentation could be a useful preprocessing tool
for wound segmentation in clinical settings where wound
diversity is high and annotated training data may be limited.

However, it is important to note that while the approach,
based on the SLIC algorithm shows promising results, its
Soft Boundary F1 score (0.5057) is far from ideal, however,
this value is still larger than that of U-Net (0.0759). Additi-
onally, the current results assume perfect superpixel classi-
fication, which is an idealized scenario. The next crucial
step in this research is to develop effective methods for
classifying superpixels, generated by SLIC algorithm as
wound or non-wound regions, which would be capable of
learning on a small amount of data and/or generalize well
on a variety of data sets.

Discussion of research results. While being not a last-
year algorithm, SLIC continues to grow its usage in a com-
bination with different other methods in the field of medical
image analysis.

For example, authors of [11] utilize SLIC algorithm for
breast cancer classification using ultrasound images. They
perform Rol (Region of Interest) extraction using SLIC al-
gorithm with the consequential image feature extraction and
classification with the Support Vector Machine machine le-
arning method. The authors state that the accuracy of the
segmentation is 88 % and sensitivity of the method up to
92.05 % — which are impressive results.

The other research related to breast cancer diagnostics
using Image analysis is presented by Mathias Ottl and ot-
hers [25]. The authors of [8] in this research utilize SLIC
algorithm to improve data annotation of HER2 protein (spe-
cific protein related to breast cancer). Authors investigate
different variants of the SLIC algorithm and achieve the
best Boundary F1 Score (with a margin of 15 pixels) of
0.46 when combining domain-adapted SLIC algorithm with
hierarchical clustering, which is an intriguing result, as it is
close to the results of our research, — we achieve Soft Boun-
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dary F1 Score — 0.50 for the task of diverse wound segmen-
tation.

However, SLIC algorithm is utilized not only in the fi-
eld of medical imaging but also in other complex mediums.
The authors of [16] perform analysis of complex geological
structures — sandstone thin section images. They improve
the SLIC algorithm, providing it with the features extracted
by Gabor filters and Local Binary Patterns. This results in
the semi-supervised method that achieves good segmentati-
on quality and various rock-type classification accuracy of
96.3 % on the test dataset.

The other medium that utilizes SLIC algorithm is the
aerospace industry. The authors of [13] solve the problem
of fatigue image identification of turbine blades and overall
microscopic crack and damage detection in aero-engine
components. They use SLIC algorithm to extract image bo-
undaries, a UNet feature migration model to obtain multidi-
mensional superpixel features, and a Random Forest classi-
fier to predict and update image segmentation results and
achieve the best mean IoU metric of 0.92.

SLIC algorithm in a combination with deep learning
models is used inf [20], where SLIC algorithm is used for
the UAV (unmanned aerial vehicles) image processing,
segmenting forest regions on the UAV images. After seg-
mentation, the corresponding segments are classified with
the ResNet-50, fine-tuned based on the available fo-
rest/background data, achieving 89 % accuracy. While also
a combination of SLIC algorithm and deep learning, aut-
hors of [9] modify the algorithm so it uses features extrac-
ted by deep learning to cluster the image into superpixels.

The SLIC algorithm is utilized across various domains
where complex object segmentation is required, including
medical imaging, geological analysis, aerospace industries,
and UAV image processing. Despite its versatility, none of
the reviewed studies provide clear guidelines for determi-
ning optimal of the SLIC algorithm hyperparameters for da-
tasets with different characteristics from the ones used in
the research. This highlights the necessity for a methodo-
logy introduced in this research to adapt SLIC algorithm for
diverse tasks and datasets by effectively tuning its hyperpa-
rameters to achieve reliable segmentation results.

So, based on the work performed, the following scienti-
fic novelty and practical significance of the research results
can be formulated.

The scientific novelty of the obtained research results —
for the first time, a methodology has been developed for
evaluating the effectiveness of using the SLIC algorithm in
complex image segmentation tasks, incorporating the intro-
duction of the Soft Boundary F1 metric and the optimizati-
on of hyperparameters through Bayesian methods, enabling
improved accuracy in identifying objects on the image and
calculating their areas.

The practical significance of the research results — the
study's results may be applied to solve practical tasks of
analyzing and processing complex images, particularly in
medical applications, thus enhancing the efficiency and ac-
curacy of doctors' diagnostic decision-making.

Conclusions / BUCHOBKH

In conclusion, this study successfully developed and
implemented a comprehensive methodology for assessing
the efficacy of SLIC algorithm in complex object segmen-
tation task, on the example of wound segmentation, with
the accent on boundary detection accuracy and determining

algorithms optimal hyperparameters across various object
types and two image resolutions. Our research, which
analyzed 3696 wound images from the FUSeg and Wo-
undSeg datasets, provided useful insights into the perfor-
mance and potential of the SLIC algorithm for wound seg-
mentation tasks. Based on the results of the research the fol-
lowing main conclusions can be drawn.

1. The SLIC algorithm demonstrates consistent perfor-
mance across different implementations (cuda-slic, fast-slic,
and skimage), with Dice scores around 0.84 and Soft Boun-
dary F1 scores around 0.55. This indicates that the SLIC al-
gorithm can effectively segment complex object areas, such
as wounds, but has room for improvement in precise boun-
dary detection.

2. Based on the conducted optimization we conclude
that the optimal number of segments for SLIC algorithm,
for the given task, can be defined relative to the spatial di-
mensions of the image to be segmented, experiments have
shown that the most effective value can be defined as
max_dim *2, where max_dim is the maximum size of the
input image. This provides a valuable insight on SLIC setup
in the given data domain — maximal number of segments
can be defined relatively to the input image size, elimina-
ting the need to select this parameter for each different in-
put image size.

3. Based on the conducted optimization, the optimal
compactness hyperparameter value, for the given task, lies
in the range of [8, 20] with no great difference between the
values in the range. This allows to use the defined value
while integrating SLIC algorithm into compound image
analysis methods on similar data, without the need for addi-
tional hyperparameter selection.

4. Execution speed evaluation shows that cuda-slic
implementation of the SLIC algorithm appeared the most
efficient, offering a balance of speed (0.0303**°"' seconds
per image) and stability in execution time, which shows
that among the others tested (skimage and fast-slic imple-
mentations) cuda-slic is the optimal choice, especially in a
scenario where SLIC algorithm is combined with the deep
learning models which utilize GPU, as cuda-slic implemen-
tation utilizes GPU as well.

5. The SLIC algorithm showed stable performance thro-
ughout different wound types, maintaining consistent Dice
scores. However, the Soft Boundary F1 scores show variati-
ons in boundary detection accuracy between different wo-
und types, particularly between the FUSeg (foot ulcers) and
WoundSeg (diverse wound types) datasets.

6. Comparison of UNet and SLIC algorithm (in as set-
ting of idealized superpixel classification) revealed, that
compared to the UNet model pre-trained on foot ulcer ima-
ges, the SLIC algorithm demonstrated better generalization
capability across diverse wound types both in terms of ove-
rall segmentation quality and boundary detection accuracy.
On the WoundSeg dataset, the SLIC algorithm achieved a
Dice score of 0.8416""%%% significantly outperforming the
UNet model (0.1181°*"*"); Soft Boundary F1 Score
0.5057"%5 for SLIC algorithm and 0.0759*"'** for UNet,
which indicates that superpixels, generated by the SLIC al-
gorithm are able to detect complex object boundaries in a
diverse data better, than the UNet model.

Based on the experiment conclusions, future research is
to be focused on developing a hybrid approach that combi-
nes the stxrengths of the SLIC algorithm as a preprocessing
step with deep learning techniques for superpixel classifica-
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tion in a way that emphasizes deep learning models' ability
to learn on a small dataset and generalize on diverse data.
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METO/IUKA OLIIHIOBAHHA TOYHOCTI IIEHTU®IKALII KOHTYPIB 30BPAYKEHD
CKJIAIHUX OB'EKTIB, BUALJIEHUX Y ITPOLIECI CETMEHTAIIII AITOPUTMOM SLIC

Jocnimpkeno ocobnuBocti 3acrocyBanns anropur™my SLIC (anrn. Simple Linear Iterative Clustering) [t cerMeHTaNii CKJIaJHIX
udpoBux 300paxkeHb, 30KpeMa — 300paKeHb YIIKO/PKEHb Tija JTIOAWHH. BeTaHOBIEHO, IO Iel alropuT™ Ha IU(pPOBUX 300pakeH-
HSIX J1a€ 3MOTYy e()eKTHBHO OL[HIOBATH ILIOILY YPaXKCHHS Tijia Ta BUABIATU Mexi paH. [IpoaHasi3oBaHO BiACYTHICTh KiNbKICHUX MET-
pUK e()eKTHBHOCTI BUKOPHUCTAHHS aJrOPUTMY B 3aBJIAHHAX BHCOKOTOYHOTO OLIIHIOBAHHS YIIKOJDKEHb Tijla JIIOJAMHHY, 110 CTAJIO Mij-
CTaBOIO JUISl PO3POOIICHHS KOMIUIEKCHOT METOJI0JIOTIi OLIHIOBAaHHS HOTO 3aCTOCYBaHHS Ul 300pa)KeHb 3 Pi3HOI0 PO3ZAUIBHOIO 3/aT-
HicTio. Po3po6ieHo koMOiHOBaHuit HAGIp AaHUX, sIKMH MicTUTh 3696 300paxens i3 FUSeg (aurn. Foot Ulcer Segmentation Challen-
ge) Ta WoundSeg nHabopiB nanux. [IpoBeneno ontumizaniio rinepnapamerpis anroput™my SLIC-ontumizanii 3a Mmetonom baiieca 3an-
st MakcuMizanii Metpuku Soft Boundary F1. OntumizoBani rimeprnapaMeTpy MIiCTSATh KibKICTh CETMEHTIB Ta KOMITAKTHICTb, SIKi
BIUIMBAIOTh Ha TOYHICTH MOJITY 00'€KTIB i KOPEKTHICTh BH3HAUCHHS MeX. 3'sicoBaHo, mo anroput™ SLIC memoHcTpye crabuipHy
eheKTHBHICTB, nocsratoun Dice Score 6:1m3bko 0,84 Ta Soft Boundary F1 Score 6mussko 0,55. BeTaHOBNIECHO, MO ONITUMANbHA KiJlb-
KicThb cerMeHTiB it anroputMy SLIC mponopuiiiHa mpocTopoBHM po3MipaM BXiIHOTro 300pakeHHs, a Hale(eKTUBHILIMM 3HaYCH-
HSIM € MakCHUMallbHUi1 po3Mip 300pakenHst *2. 3anpornonoBano moxudikario merpuku Boundary F1 — Soft Boundary F1 Score st
BHUKOPHUCTAHHS y mpolieci ontuMizauii rinepnapamerpiB anroputmy SLIC. ITonepenni pe3ynbTaTté CBiI4aTh, 110 BOHA HOTEHLIHHO
Moxe 3abe3rnedyBaTy OiIbLI IIaBHUIA TaHamadT onTUMizalii HopiBHAHO 3i ctanaapTHoio Boundary F1 Ta € mepcriekTuBHOO s 3a-
Jlad cerMeHTalli CKagHux 00'ekTiB. HaBeneHo imeanizoBaHmid MiaXiJ 10 CETMEHTAIi CKIATHUX 00'€KTIiB HA MPUKIAl CerMEHTAIIil
TIOMIKO/DKEHb HA IIKIpi JIOAWHY Ha IU(POBUX 300paxeHHsAX Ha mincTasi anroputMmy SLIC, ne cymepmikceni KOMOIHYIOTBCS 3 €Ta-
JIOHHOIO MAacCKOI0, BCTAaHOBIIIOIOUH BEPXHIO MEXY €(EeKTHBHOCTI 3aCTOCYBAHHS JITOPUTMY. 3HiCHEHO MOPIBHSIHHS 3 CErMEHTALEI0
3a nonomororo Moaeni UNet, moneperHpo HaTpeHOBaHOI Ha Habopi nanux FUSeg, 1 BcTaHOBJICHO, IO 1/1€ali30BaHUM MiAXid 10 Cer-
MeHTauil 3 BukopucTanusm anropurmy SLIC mocsr 3uadenns: Dice Score 0,84 na HaGopi nanux WoundSeg, nepesepummsiun UNet
(0,12 Dice Score). 3po6ieHO BUCHOBOK, 110 miaxoau Ha mifgcraBi SLIC € edekTUBHUMHU Uil CerMEHTALil 300pakeHb CKIIAJHUX
00'eKTiB 32 0OMEKEHOI KiTbKOCTI HaBYaNbHUX JaHKUX. HaronorieHo Ha HOTpeOi MPpOBEACHHS MOAANIBIINX JOCTIIKECHb, CIPSIMOBAHIX
Ha BJIOCKOHAJICHHS MiAXOMIB 10 Kiacuikallii cyneprikceiB BiIOMUMH METOAaMH, 10 0a3yBaTUMYThCS Ha pe3ysbTaTax reHeparil
CymnepmikceniB, HaBeIeHNX Y Liit poOoTi.

Kurouoi cioBa: o0poOlicHHsT 300paKeHb; CEMaHTHYHA CETMEHTAIlisl; alTOPUTM; MEAWYHA Bizyali3allis; ontumizaiis baifeca;
IITHOOKE HaBYaHHS.
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