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ABSTRACT

Background. Text image binarization is an important preprocessing task in document
analysis, optical character recognition, and automated information extraction. The task
becomes challenging when images contain blur, noise, low contrast, or background
degradation.

Materials and Methods. This study compares classical and lightweight neural methods
for binarizing degraded text images. The evaluation was conducted on a paired text
binarization dataset comprising degraded input images and their corresponding clean binary
target masks. The evaluated methods included simple global thresholding, Otsu
binarization, adaptive thresholding, K-means clustering, Fuzzy C-means clustering,
watershed segmentation, region growing, region splitting and merging, Canny edge
detection, Laplacian of Gaussian filtering, and a U-Net model. Tunable parameters were
selected on the validation subset, while final results were reported on the independent test
subset. The methods were assessed using Intersection over Union (loU, Jaccard index),
Dice similarity coefficient (DSC), Pixel Accuracy (PA), Precision, Recall, and execution time.

Results and Discussion. Adaptive thresholding achieved the best performance among
classical methods: loU =0.785, DSC =0.877, PA=0.961, Precision =0.851, and
Recall = 0.923. Simple global thresholding was the fastest method, with a runtime of 0.0015
ms/image, but lower Precision. K-means, Fuzzy C-means, Otsu, and region growing
demonstrated high Recall values above 0.97, but lower Precision, indicating that degraded
background regions were often classified as foreground. Edge-based methods produced
lower loU and DSC because they mainly detected character contours. The Tiny U-Net model
achieved the highest overall quality: IoU=0.959, DSC=0.979, PA=0.994,
Precision = 0.979, and Recall = 0.979.

Conclusion. The results show that different binarization methods are suitable for
different scenarios, depending on the required accuracy, runtime constraints, and available
resources. Classical methods remain useful for low-latency processing, while lightweight
neural models provide higher accuracy when sufficient computational resources are
available. Pixel Accuracy should be interpreted carefully because background pixels
dominate document images.

Keywords: text binarization, image segmentation, thresholding, clustering, U-Net,
evaluation metrics.

INTRODUCTION

Image segmentation is one of the fundamental tasks in computer vision and digital
image processing. It aims to divide an image into meaningful regions or classes and is
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widely used as a preprocessing or decision-support stage in many computer vision
systems. The quality of segmentation directly affects the reliability of subsequent tasks
such as object recognition, measurement, classification, and visual analysis. Despite
significant progress in this field, accurate and computationally efficient segmentation
remains challenging, especially under conditions of noise, blur, uneven illumination, and
low contrast.

One practically important segmentation problem is text image binarization. In this task,
textimage is transformed into a binary representation, where text pixels are separated from
the background. Text binarization is an essential preprocessing step for optical character
recognition, document analysis, historical document restoration, and automated
information extraction. Although the task may appear simple in high-contrast images, its
complexity increases significantly when the input contains degradation artifacts such as
blur, background noise, low contrast, or non-uniform illumination [1-2].

Over the decades, many classical methods have been proposed for image
segmentation and binarization. Threshold-based approaches, such as simple global
thresholding [3], Otsu binarization [4], and adaptive thresholding [5], remain widely used
because of their simplicity and low computational cost. Clustering-based methods,
including K-means [6] and Fuzzy C-means [7], separate pixels according to intensity
similarity and can be applied without supervised training. Region-based methods, such as
watershed segmentation [8], region growing [9], and region splitting and merging [10], use
spatial or structural information to form image regions. Edge-based methods, including
Canny edge detection [11] and Laplacian of Gaussian filtering [12], focus on detecting
intensity transitions and object boundaries.

Each of these methods has its own advantages and limitations. Global thresholding
methods are fast but sensitive to illumination and contrast variation. Adaptive thresholding
can handle local intensity changes but strongly depends on the choice of block size and
threshold offset. Clustering-based methods may detect most text pixels but can also assign
noisy background regions to the foreground when intensity distributions overlap. Region-
based methods can incorporate spatial structure but are sensitive to seed selection, region
homogeneity criteria, or marker generation. Edge-based methods are effective for
detecting character contours but do not naturally produce filled foreground masks.
Therefore, the choice of a segmentation method depends not only on accuracy but also on
robustness, parameter sensitivity, and computational cost.

Recent deep learning methods have significantly improved segmentation performance
in many computer vision tasks and have become a dominant direction in modern
segmentation research [13]. However, neural models require training data, computational
resources, and careful validation. For small text images, lightweight architectures may be
more appropriate than deep backbone-based models because excessive downsampling
can remove fine character details. Therefore, compact encoder-decoder architectures such
as lightweight U-Net [14] models are of particular interest for text binarization.

A common limitation of comparative studies is that segmentation methods are often
evaluated under limited experimental conditions or on a small number of examples. In such
cases, conclusions about the superiority of a method may be strongly influenced by image
characteristics, parameter choices, or class imbalance. In document binarization, this is
especially important because background pixels usually dominate the image area, making
Pixel Accuracy (PA) [15] less informative than foreground-oriented metrics such as loU
[16], Dice similarity coefficient (DSC) [17], Precision, and Recall.

This study presents a comparative experimental evaluation of classical segmentation
algorithms and a lightweight neural baseline for text image binarization. The evaluated
methods include simple global thresholding, Otsu binarization, adaptive thresholding, K-
means clustering, Fuzzy C-means clustering, watershed segmentation, region growing,
region splitting and merging, Canny edge detection, Laplacian of Gaussian filtering, and a
compact U-Net model. The experiments are conducted on a paired text binarization dataset
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containing degraded input images and corresponding clean binary target masks. To ensure
a fair comparison, tunable parameters are selected using a validation subset, while final
results are reported on an independent test subset.

The main contribution of this study is a unified benchmark of classical and lightweight
neural methods for degraded text binarization. The comparison considers not only
segmentation accuracy but also parameter sensitivity, runtime efficiency, and differences
between metrics. This allows a more detailed analysis of why methods with similar Pixel
Accuracy may differ substantially in foreground segmentation quality and practical
applicability.

MATERIALS AND METHODS

This study evaluates classical and lightweight neural methods for text image
binarization, formulated as a binary segmentation task where text pixels represent the
foreground class and background pixels represent the background class. The experimental
protocol includes dataset preparation, validation-based parameter selection, final
evaluation on an independent test subset, and runtime analysis.

Dataset

The experiments were conducted using the Text Binarization dataset available on
Kaggle [18]. The dataset contains 20,000 paired examples of randomly generated multiline
text images, where each degraded input image is matched with a clean binarized target
mask. The input images contain blur and noise, making the dataset suitable for evaluating
binarization methods under degraded image conditions. An example of the input images is
shown in Fig. 1.
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Fig. 1. Example of the dataset images

All images were processed in grayscale, and the provided binary target images were
used as ground-truth masks. The dataset was divided into training, validation, and test
subsets using a 70/15/15 split. The training subset was used only for the neural network
model, while the validation subset was used for parameter selection in classical methods
and threshold selection for the neural baseline. Final results were reported only on the
independent test subset to avoid test-set-based parameter tuning.

Evaluated Methods

The study evaluated classical and lightweight neural approaches for degraded text
image binarization. The classical methods included simple global thresholding, Otsu
binarization, adaptive thresholding, K-means clustering, Fuzzy C-means clustering,
watershed segmentation, region growing, region splitting and merging, Canny edge
detection, and Laplacian of Gaussian filtering. These methods cover threshold-based,
clustering-based, region-based, and edge-based segmentation strategies. [3-12]

A compact two-level U-Net [14] was additionally trained as a neural baseline. This
architecture was selected because the input images have a small spatial resolution of
50x50 pixels, where deeper backbone-based models may lose fine text details due to
excessive downsampling. The model consists of two encoder blocks, a bottleneck, and two
decoder blocks with skip connections, producing a single-channel probability map. The
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architecture of the model is shown in Fig. 2. It was trained using a combined binary cross-
entropy and Dice loss, and the best checkpoint was selected according to validation loU.

Input ConvBlock = Conv 3x3 + BN + ReLU
3 x50x50 + Conv 3x3 + BN + ReLU

Decoder 1
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Encoder 1
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Fig. 2. Visualization of model architecture

Parameter Selection Protocol

All tunable parameters were selected on the validation subset using a predefined
parameter grid. For each method, the configuration with the highest mean loU was selected
and then fixed for final evaluation on the independent test subset. Otsu binarization was
the only exception, since its threshold was estimated automatically for each image. For the
neural baseline, the probability threshold used to convert the output probability map into a
binary mask was also selected on the validation subset.

Evaluation Metrics

loU and Dice were used as the main foreground segmentation metrics because they
directly measure the overlap between predicted and ground-truth text regions. Precision
and Recall were used to analyze over-segmentation and under-segmentation behavior.
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Pixel Accuracy was reported as an auxiliary metric, since background pixels dominate
document images and may increase this metric even when the foreground mask is not
accurately segmented.

Runtime Measurement

Computational efficiency was evaluated as execution time in milliseconds per image.
For classical algorithms, runtime included only image processing time and excluded file
loading and result saving. For the neural network, inference time included the forward pass
of the model. Final runtime values are reported as mean milliseconds per image.

Experimental Environment

All experiments were implemented in Python 3.9. Classical methods were
implemented using OpenCV and NumPYy, while the neural network model was implemented
using PyTorch. The experiments were conducted on a workstation equipped with an Apple
M1 CPU and 8 GB of RAM, running macOS 26.4.1.

RESULTS AND DISCUSSION

Simple Global Thresholding

The global threshold value was selected on the validation subset, with the best result
obtained at T = 165. As shown in Fig. 3, increasing the threshold improved text coverage
up to an optimal range, after which additional background pixels started to be classified as
foreground. On the test subset, the method achieved loU =0.661, DSC =0.784,
PA = 0.933, Precision = 0.751, and Recall = 0.861. The high Recall indicates that most text
pixels were detected, while the lower Precision shows that some background degradation
was also included in the foreground mask. The visual examples in Fig. 4 and Fig. 5 confirm
this behavior. The method was extremely fast, with an average runtime of 0.0015
ms/image, but its robustness is limited by the use of a single global threshold.
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Fig. 3. Effect of the global threshold value on validation metrics for simple thresholding
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Fig. 4. Visual comparison of simple thresholding results with different threshold values on a test image
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Fig. 5. Example of the best simple thresholding result on the test subset using the validation-selected threshold
T=165

K-means Clustering

For K-means clustering, the number of clusters was fixed to K = 2, and the maximum
number of iterations was selected on the validation subset. The best validation result was
obtained with max_iter = 5, although the validation curves in Fig. 6 show that increasing
this value had almost no effect on the metrics, indicating early convergence. On the test
subset, K-means achieved loU = 0.587, DSC = 0.730, PA = 0.886, Precision = 0.596, and
Recall = 0.984. The very high Recall shows that the method detected almost all text pixels,
while the lower Precision indicates that many degraded background pixels were also
assigned to the foreground cluster. The visual examples in Fig. 7 and Fig. 8 confirm this
tendency toward over-segmentation. The average runtime was 0.305 ms/image, which is
higher than simple thresholding but still computationally efficient.
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Fig. 6. Effect of the maximum number of K-means iterations on validation metrics
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Fig. 7. Visual comparison of K-means results with different max_iter values on a test image

Fig. 8. Example of the best K-means result on the test subset using the validation-selected parameter max_iter = 5
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Otsu Binarization

Otsu binarization was applied as an automatic thresholding method, so no validation-
based parameter selection was required. On the test subset, it achieved loU = 0.587,
DSC =0.725, PA =0.884, Precision = 0.595, and Recall = 0.984. The very high Recall
shows that Otsu detected almost all text pixels, but the lower Precision indicates that
background noise and degraded regions were often included as foreground. As shown in
Fig. 9, the automatically selected thresholds varied across images, with an average
threshold of 181.853. A representative qualitative result of Otsu binarization is shown in
Fig. 10. The average runtime was 0.0073 ms/image, confirming that Otsu remains a very
fast classical baseline.
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Fig. 9. Distribution of automatically selected Otsu threshold values on the test subset
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Fig. 10. Example of Otsu binarization on the test subset with the automatically selected threshold

Watershed Segmentation

For watershed segmentation, the distance threshold ratio for foreground marker
generation was selected on the validation subset. The best result was obtained with
ratio = 0.4. As shown in Fig. 11, increasing the ratio improved Precision but reduced Recall,
since stricter foreground markers limited the segmented text regions. The comparison in
Fig. 12 illustrates how different ratio values affect the resulting masks. On the test subset,
watershed achieved loU =0.567, DSC =0.718, PA =0.905, Precision=0.721, and
Recall = 0.756. Compared with K-means and Otsu, watershed produced more balanced
Precision and Recall, but it missed more text pixels. The best test example obtained with
the selected ratio is shown in Fig. 13. The average runtime was 0.111 ms/image, remaining
relatively low for a region-based method.

Fuzzy C-means Clustering

For Fuzzy C-means, the number of clusters was fixed to 2, and the fuzziness
coefficient was selected on the validation subset. The best result was obtained with
m = 1.7. As shown in Fig. 14, changing m had only a minor effect on the validation metrics,
indicating that the method behaved similarly across the tested fuzziness values. The
comparison in Fig. 15 illustrates how different values affect the resulting masks. On the
test subset, Fuzzy C-means achieved loU =0.590, DSC =0.727, PA =0.885,
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Precision = 0.599, and Recall = 0.983. Similar to K-means and Otsu, the method detected
almost all text pixels, but also included degraded background regions as foreground. The
best test example obtained with the selected parameters is shown in Fig. 16. The average
runtime was 2.965 ms/image, making it noticeably slower than K-means due to iterative
soft membership estimation.
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Fig. 11. Effect of the watershed distance threshold ratio on validation metrics
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Fig. 12. Visual comparison of watershed results with different distance threshold ratios on a test image

Fig. 13. Example of the best watershed result on the test subset using the validation-selected ratio r= 0.4

1.0

0.9

—o— loU

Dice
—8— Pixel Accuracy
—8— Precision
—8— Recall

°
@

Metric value

0.7 4

0.6 1

$ 4 » 4 »

125 1.50 1.75 2.00 2.25 2.50 275 3.00
Fuzzy C-means fuzziness coefficient m

Fig. 14. Effect of the fuzziness coefficient m on validation metrics for Fuzzy C-mean
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Fig. 15. Visual comparison of Fuzzy C-means results with different m values on a test image.

Fig. 16. Example of the best Fuzzy C-means result on the test subset using the validation-selected value m = 1.7

Adaptive Thresholding

For adaptive thresholding, the best validation configuration was Gaussian adaptive
thresholding with block size = 3 and C=5. As shown in Fig. 17, the method was highly
sensitive to the local window size and C value, confirming the importance of validation-
based parameter selection. The comparison in Fig. 18 illustrates how different values affect
the resulting masks. On the test subset, adaptive thresholding achieved loU = 0.785,
DSC =0.877, PA =0.961, Precision = 0.851, and Recall = 0.923. Compared with global
thresholding, it provided a better balance between Precision and Recall, indicating stronger
robustness to local intensity variation and noise. The best test example obtained with the
selected parameters is shown in Fig. 19. The average runtime was 0.022 ms/image, which
is still very low and suitable for lightweight processing.
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Fig. 17. Effect of adaptive thresholding parameters on validation metrics
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Fig. 18. Visual comparison of adaptive thresholding results with different parameter configurations on a testimage
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Fig. 19. Example of the best adaptive thresholding result on the test subset using Gaussian adaptive thresholding
with block size =3 and C =5

Region Growing

For region growing, the growth margin was selected on the validation subset, with the
best result obtained at grow_margin = 0. As shown in Fig. 20, increasing the growth margin
did not improve the segmentation quality, because additional expansion mainly introduced
background artifacts rather than useful text pixels. The comparison in Fig. 21 illustrates
how different values affect the resulting masks. On the test subset, the method achieved
loU = 0.590, DSC = 0.727, PA = 0.886, Precision = 0.601, and Recall = 0.978. Similar to
clustering-based methods, Region Growing detected almost all text pixels but also included
degraded background regions as foreground. The best test example obtained with the
selected parameters is shown in Fig. 22. The average runtime was 0.073 ms/image,
making it relatively fast among region-based methods.

1.04

0.94

0.8+

o
~
N

Metric value

o
o
L

0.5+

—&— loU
0.4 Dice
—@— Pixel Accuracy
—8— Precision

—8— Recall

0.3+

T T T T T T
0 10 20 30 40 50
Region growing margin

Fig. 20. Effect of the growth margin on validation metrics for Region Growing.
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Fig. 21. Visual comparison of Region Growing results with different growth margin values on a test image
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Fig. 22. Example of the best Region Growing result on the test subset using the validation-selected value
grow_margin =0
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Region Splitting and Merging

For Region Splitting and Merging, the split threshold was selected on the validation
subset, with the best result obtained at split_threshold = 5. As shown in Fig. 23, increasing
the split threshold reduced loU, Dice, and Recall because larger regions were no longer
divided sufficiently and more text pixels were missed. The comparison in Fig. 24 illustrates
how different values affect the resulting masks. On the test subset, the method achieved
loU = 0.460, DSC =0.620, PA =0.830, Precision =0.500, and Recall =0.868. The
relatively high Recall indicates that much of the text was detected, but the low Precision
shows that the region-level decisions also introduced many false foreground pixels. The
best test example obtained with the selected parameters is shown in Fig. 25. The average
runtime was 5.836 ms/image, making it slower than threshold-based and clustering-based
methods.
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Fig. 23. Effect of the split threshold on validation metrics for Region Splitting and Merging
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Fig. 24. Visual comparison of Region Splitting and Merging results with different split threshold values on a test
image
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Fig. 25. Example of the best Region Splitting and Merging result on the test subset using the validation-selected
value split_threshold = 5

Edge-Based Detection

For edge-based detection, the best validation configuration was Canny low
threshold = 100, high threshold = 250, and dilation iterations = 1. As shown in Fig. 26,
changing the Canny low threshold had only a minor effect on the validation metrics. As
shown in Fig. 27, dilation improved overlap with the ground-truth masks, but the method
remained limited because it detects character contours rather than filled text regions. On
the test subset, it achieved loU = 0.313, DSC = 0.469, PA = 0.646, Precision = 0.320, and
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Recall = 0.955. The high Recall indicates that most text boundaries were detected, while
the low Precision shows that many non-text edges and background artifacts were also
included. The best test example obtained with the selected parameters is shown in Fig. 28.
The average runtime was 0.058 ms/image.
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Fig. 26. Effect of Canny edge detection parameters on validation metrics

Fig. 28. Example of the best edge-based result on the test subset using Canny thresholds 100/250 and one
dilation iteration

Laplacian of Gaussian Filtering

For Laplacian of Gaussian filtering, the best validation configuration was Gaussian
kernel size = 7, sigma = 1.5, LoG threshold = 40, and dilation iterations = 0. Fig. 29 shows
the influence of LoG threshold on metrics. As shown in Fig. 30, the method was sensitive
to the response threshold, since low thresholds introduced more noisy edges, while high
thresholds removed weak text structures. On the test subset, it achieved loU = 0.415,
DSC =0.584, PA =0.823, Precision = 0.492, and Recall = 0.742. These results confirm
that LoG captures part of the text structure, but as an edge-based method, it does not fully
recover complete foreground regions. The best test example obtained with the selected
parameters is shown in Fig. 31. The average runtime was 0.036 ms/image.
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Fig. 29. Effect of Laplacian of Gaussian parameters on validation metrics.
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Fig. 30. Visual comparison of Laplacian of Gaussian results with different parameter configurations on a test
image
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Fig. 31. Example of the best Laplacian of Gaussian result on the test subset using Gaussian kernel size =7,
sigma = 1.5, and LoG threshold = 40

Tiny U-Net

For the neural baseline, the probability threshold was selected on the validation
subset, with the best result obtained at threshold = 0.55. The training curve in Fig. 32
shows that both training and validation loss decreased and stabilized, indicating successful
model training. As shown in Fig. 33, the validation metrics remained high across a wide
threshold range, indicating stable model predictions and good separation between text and
background probabilities. The comparison in Fig. 34 illustrates how different values affect
the resulting masks. On the test subset, Tiny U-Net achieved IoU = 0.959, DSC = 0.979,
PA = 0.994, Precision = 0.979, and Recall = 0.979. These results substantially outperform
the classical methods, showing that the model successfully learned spatial text structure
and degraded background patterns. The best test example obtained with the selected
threshold is shown in Fig. 35. The average inference time was 3.191 ms/image, which is
slower than most classical methods but still practical for lightweight processing.

Overall Comparison of Methods

Table 1 summarizes the final test results for all evaluated methods. The reported
parameters were selected on the validation subset, while the metrics were computed on
the independent test subset.
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Fig. 35. Example of the best Tiny U-Net result on the test subset using the validation-selected threshold T=0.55
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Fig. 32. Training and validation loss during Tiny U-Net training
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Fig. 34. Visual comparison of Tiny U-Net predictions with different probability thresholds on a test image
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Table 1. Final comparison of segmentation methods on the test subset.

Method SEEEER loU Dice Pixel Precision Recall R“'.“'me’
parameters Accuracy ms/image
Simple Global - _ 455 0661 0784 0933 0751 0861 0.0015
Thresholding
e automatic 4 557 0725 0.884 0595 0.984 0.0073
Binarization threshold

Adaptive Gaussian, block

Thresholding size = 3, (C = 5) 0.785 0.877 0.961 0.851 0.923 0.022

K-means (K=2), 587 0730 0886 0596 0984 0.305
Clustering max_iter =5
Fuzzy C-

means (c=2),(m=1.7) 0.590 0.727 0.885 0.599 0.983 2.965
Clustering

Watershed distance

Segmentation ratio = 0.4 0.567 0.718  0.905 0.721 0.756  0.111

Region

Growi grow_margin=0 0.590 0.727 0.886 0.601 0.978 0.073
rowing

Region
Splitting and split_threshold =5 0.460 0.620 0.830 0.500 0.868 5.836
Merging
Edge-Based Canny 100/250,
Detection dilation = 1
(k=7),
Laplacian of  (\sigma = 1.5),
Gaussian threshold = 40,
dilation =0

0.313 0.469 0.646 0.320 0.955 0.058

0.415 0.584 0.823 0492 0.742 0.036

input
Tiny U-Net size = 50x50, 0.959 0.979 0.994 0.979 0979 3.191
threshold = 0.55

CONCLUSION

This study presented a comparative evaluation of classical segmentation methods and
a lightweight neural baseline for binarizing degraded text images. The task was formulated
as binary semantic segmentation, where text pixels were treated as the foreground class
and background pixels as the background class. To ensure a fair comparison, all tunable
parameters were selected on the validation subset, while the final quantitative results were
reported on the independent test subset.

The experimental results showed that the evaluated methods differ substantially in
terms of segmentation quality, robustness, and computational efficiency. Among the
classical approaches, adaptive thresholding achieved the best overall performance, with
loU =0.785, DSC =0.877, and PA = 0.961. This confirms that local threshold estimation is
more suitable for degraded text images than a single global threshold. At the same time,
simple global thresholding demonstrated the lowest runtime, requiring only 0.0015
ms/image, which makes it an attractive option for extremely resource-constrained
scenarios despite its lower robustness.
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Clustering-based methods, including K-means and Fuzzy C-means, achieved very
high Recall values, indicating that they detected most text pixels. However, their lower
Precision showed that background degradation and noise were often incorrectly assigned
to the foreground class. Region-based methods demonstrated mixed performance.
Watershed segmentation provided a more balanced Precision—Recall trade-off, while
Region Splitting and Merging suffered from lower foreground accuracy due to coarse
region-level decisions. Edge-based methods, including Canny edge detection and
Laplacian of Gaussian filtering, were less effective for full-text mask extraction because
they primarily detected character contours rather than complete foreground regions.

The Tiny U-Net neural baseline achieved the highest segmentation quality among all
evaluated methods, with loU = 0.959, DSC = 0.979, PA = 0.994, Precision = 0.979, and
Recall = 0.979. These results indicate that even a compact neural architecture can
effectively learn spatial text structures and distinguish text from degraded background
patterns. However, this improvement comes at the cost of higher inference time compared
with most classical algorithms.

The results also confirmed that Pixel Accuracy should not be used as the only
evaluation metric for text binarization. Due to the dominance of background pixels, Pixel
Accuracy can remain high even when the foreground text mask is incomplete or contains
many false positives. Therefore, foreground-oriented metrics such as loU, DSC, Precision,
and Recall provide a more reliable interpretation of segmentation quality.

Overall, the results show that different binarization methods are suitable for different
application scenarios, depending on the required accuracy, runtime constraints, and
available computational resources. Classical methods remain useful when simplicity,
interpretability, and low runtime are the main requirements. Adaptive thresholding provides
the strongest classical baseline, while Tiny U-Net offers the best segmentation quality when
training data and computational resources are available. Future research will focus on
extending this comparative evaluation framework to 3D point cloud segmentation and
classification, where irregular data structure, noise, varying point density, and complex
object geometry introduce additional methodological challenges.
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EBOJIIOLIA METOAIB CEFMEHTALIT 306PAXEHb: KNACUYHI
ANropnTMu TA rMUBUHHE HABYAHHSA

Bikmop BdoesuyeHko QO
JIbsiecbkuli HayioHanbHUl yHieepcumem iMeHi IeaHa ®paHka,
syn. [pazomarosa 50, 79005 flksis, YkpaiHa

AHOTALIA

BcTyn. BiHapusauis TekcToBux 306paxeHb € BaXMBUM eTanom nonepeaHboi 06pobku
B 3aJla4ax aHanisdy JOKYMEHTIB, ONTUYHOro po3ni3HaBaHHSA CMMBOSIB Ta aBTOMaTN30BaHOIoO
BUITyYeEHHs iHcpopmalii. 3aBaaHHs cTae ckrnagHWM, KOnu 306paXkeHHs! MIiCTATb PO3MUTTS,
LUYM, HU3bKY KOHTPACTHICTb abo aerpagauito oHy.

MaTtepianu Ta meToaun. Y UbOMY AOCNIMKEHHI MOPIBHIOTLCA KNACWUYHI Ta HENPOHHI
meToam BiHapu3auii gerpagoBaHuX TEKCTOBUX 300paxeHb. OuiHIOBaHHA NPOBOAMITIOCS Ha
napHomy Habopi gaHux gna 6GiHapusauii TEkCTy, SKMM MICTUTb AerpagoBaHi  BXigHi
306paxeHHs Ta BignoBigHI YncTi GiHapHi LinboBi mackn. OuiHioBanbHI MeToan BKIOYanm
npocTe rnobanesHe noporose 3HayeHHs, GiHapuaauito Ouy, aganTyBHE MOPOroBe 3HAYEHHS,
knacTtepusauito K-cepefHix, MeTtoa HeuiTkoi knacudikauii C-cepegHix, Bogopo3ainbHa
cermeHTaLisi, HapollyBaHHsA obnacTtewn, po3buTTs Ta 3nMTTa obnacTen, 4ETEKTOP rpaHnLb
KenHi, nannaciaH raycciaHa i mogenb U-Net. MeTogu ouiHoBanuca 3a HacCTynMHUMMU
meTpukamu: koedilienTom Xakkapa (KXK), koediuieHtom nogibHocTi [Hanca (KMA),
TouHicTio nikcenis (TT1), BNyYHICTIO, MOBHOTOIO Ta YaCOM BUKOHAHHS.

Pe3ynbTatn Ta 06roBopeHHs. AganTvBHe MOPOroBe 3HaYeHHA NPOAEMOHCTPYBarno
HalKpally siKiCTb cepef, KnacudHux MeToais, aocsrHyswm KK = 0,785. Mpocte rmobansHe
noporoe 3HayeHHs Oyno HaiwBMAWWMM MeToAoM i3 4Yacom BuKOHaHHA 0,0015
MC/306pakeHHs1, ane 3 Hk4Yo TouHicTio. MeTog K-cepeaHix, HeviTkuii metop C-cepefHix
GiHapusauis Ouy Ta HapollyBaHHS obnacte nNpoOAEeMOHCTPYBanu BUCOKI 3HaYEHHS
noBHoTM noHag 0,97, NpoTe HWXKYi 3HAYEHHS BITyYHOCTI MoKasanu, Wo AerpagoBaHi OinsiHKA
POHY YacTo knacudikyBanucst sik nepefHii nnaH. Metoam Ha OCHOBI rpaHWLUb NMokasanmu
HWwkdi 3HaveHHA KK ta KIM[, ockinbkv BOHW MepeBaXHO BUSABMNANM KOHTYpW CMMBOSIB.
Mogenb U-Net gocsirna HarBuLLoi 3aranbHoi sikocTi: KXK = 0,959.

BucHoBkuW. Pe3ynbTatin [OCNigKEHHs] NOKasykTb, WO pi3Hi meTtoau GiHapu3sauii €
OOUiNbHUMY NS Pi3HUX YMOB 3aCTOCYBaHHS, 3aneXHo Bif BUMOT A0 TOYHOCTI, WBKAKoAil Ta
obumcnioBanbHUX pecypcis. KnacuyHi metoam 3anvwaiotbest NnprBabnvemMmMmn Ans cueHapiis
i3 HM3bKOK 3aTPMMKOM, TOAi K Nerki HeMpOHHI Moaeni 3abe3nevyloTe CYTTEBO BULLY
TOYHICTb CermMeHTauii 3a HasiBHOCTI OOCTaTHiIX obuucnoBanbHUX pecypciB. PesynbtaTtu
TaKOX MOKa3ylTb, WO TOYHICTb MiKCeniB MOTPiOHO iHTepnpeTyBaTn 06epexHo 4epes
OOMiHYBaHHSA (hOHOBUX MiKCENIB Yy 300paKeHHSIX JOKYMEHTIB.

Knroyoei cnoea: GiHapusauisa TeKCTy, cermeHTauia 306paxeHb, MOPOroBe 3HaYEHHs,
knactepmusauiqa, U-Net, nokasHMKM OUiHIOBaHHS.
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