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Abstract—Character Recognition (OCR) for the
Madurese language using Genetic Algorithms (GA). The
study addresses the challenges in processing Madurese text
documents by implementing a nine-step image
preprocessing workflow optimized through GA. Our
methodology combines rescaling, grayscale conversion,
adaptive thresholding, deskewing, median blur, Otsu
thresholding, border removal, contrast enhancement, and
noise reduction, with the sequence determined by GA
optimization. The system utilizes Tesseract 55 OCR
engine configured with Vietnamese language model
parameters to accommodate Maderese  writing
characteristics. Experiments conducted on a dataset of 500
images demonstrated significant improvements in
recognition accuracy. The GA-optimized preprocessing
sequence achieved a 24.32% Word Error Rate (WER) and
7.47% Character Error Rate (CER), marking substantial
improvements over the baseline Tesseract implementation.
Further optimization through language model selection,
particularly using the Occitan (OCI) model, yielded 100%
accuracy in specific test cases. The research also explored
various fitness function configurations, with a 0.7:0.3
WER-to-CER ratio proving most effective. These results
demonstrate the potential of GA optimization in enhancing
OCR performance for regional languages with unique
characteristics, contributing to the broader field of
document digitization and language preservation.
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I. INTRODUCTION

Optical Character Recognition (OCR) has become an
essential part of various image processing and document
digitization applications. With the advancement of
technology, OCR is increasingly used to process
documents in various languages, including those with
unique or uncommon characteristics [1,2]. One example
is the Madurese language. Madurese has a unique writing
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system and distinctive letter characteristics, such as
bhisat, kapeng, and other special symbols. As a result,
handling Optical Character Recognition (OCR) for
language requires a specialized approach in the character
recognition process [3].

Text processing in the Madurese language through
OCR still faces various challenges, such as variations in
writing styles, inconsistencies in image quality, and
significant noise interference in the images. Additional
challenges arise at the preprocessing stage, where the
number of preprocessing steps applied to an image can
result in over 2,000 combinations. This complexity
necessitates optimization due to the variations in the
images. Various approaches have been developed to
enhance OCR performance, including edge detection
methods, noise reduction techniques, and contrast
enhancement [4,5,6,7].

This study proposes a novel approach to image
processing for Madurese language OCR by utilizing nine
optimized image processing steps through a Genetic
Algorithm (GA) [8]. These steps include image rescaling,
grayscale conversion, adaptive thresholding, deskewing,
median blurring, Otsu thresholding, border removal
using contour detection, contrast enhancement with
CLAHE, and noise reduction. Optimizing the sequence
of these steps aims to significantly improve image
quality, which in turn can enhance the accuracy of the
OCR system in recognizing Madurese text.

One of the key innovations of this study is the
application of a Genetic Algorithm (GA) to determine
the optimal sequence of image processing rules that can
reduce text recognition errors, measured by metrics such
as Word Error Rate (WER), Character Error Rate (CER),
and Levenshtein Distance. By leveraging GA, the study
not only optimizes the sequence of image processing
steps but also minimizes the computational cost
associated with evaluating all possible rule combinations.

This research is expected to make a significant
contribution to the development of OCR systems for the
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Madurese language, particularly in supporting document
digitization and automatic translation within a broader
social and cultural context. The lack of digitization
efforts for the Madurese language can negatively impact
its preservation and dissemination. Additionally, this gap
in digitalization has resulted in limited research on the
Madurese language, leaving it less known and less
studied. This situation hinders efforts to preserve and
develop the language for future generations.

Il. METHODS

This study comprises six main stages, as illustrated in
Fig. 1. The first stage involves data collection.
Subsequently, the collected data undergoes an
optimization phase using the Genetic Algorithm (GA) to
determine the best rules for image processing. These
rules encompass nine steps, including rescaling to 300
DPI, grayscale conversion, adaptive Gaussian
thresholding, deskewing using the Hough Transform,
median blurring, Otsu thresholding, border removal with
contour detection, contrast enhancement using CLAHE,

and noise reduction with FastNIMeansDenoisingColored.

Once the optimal rules are identified by GA, the
images are processed according to these rules. The next
stage involves Optical Character Recognition (OCR)
using Tesseract 5.5. The results of OCR are then
evaluated using metrics such as Word Error Rate (WER),
Character Error Rate (CER), and Levenshtein Distance
to measure the accuracy of text extraction. The final
stage is result analysis, aimed at assessing system
performance and providing insights into the
effectiveness of the methods used in this study.
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The first step in this study is the data collection
process, which involves gathering images containing text
in the Madurese language. These image data are sourced
from various Madurese reading materials, such as books,
magazines, and other scanned documents. This data
collection aims to obtain a diverse and representative set
of Madurese text from different types of written media.

Once the images are collected, the next step is manual
transcription of the text present in the images to create
ground truth data. This transcription is carefully
performed to ensure an accurate representation of the text.
Each transcription is then verified by two assessors who
are proficient in the Madurese language, to ensure
accuracy and consistency in the ground truth writing.
The verification process involves comparing the
transcription results from both assessors and reaching a
consensus on any discrepancies found. The outcome of
this verification is used as a reference to ensure the
validity of the ground truth data that will be used in
subsequent research. Fig. 2 shows a sample of the
collected dataset.

A. Data Collection

The first step in this study is the data collection
process, which involves gathering images containing text
in the Madurese language. These image data are sourced
from various Madurese reading materials, such as books,
magazines, and other scanned documents. This data
collection aims to obtain a diverse and representative set
of Madurese text from different types of written media.
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Fig. 1 Research plan

110 Enhanced OCR Recognition ... | Arifin, M.N., et al., 109 — 118



JUITA: Jurnal Informatika e-ISSN: 2579-8901; Vol. 13, Issue 2, July 2025

DHADHABU PENYELIA

Kabiddhan kausa moshi sokkor dif Allah Sé Maha aghung, amarghs
buky Pengahdrdn Bhisa Dadrah Madhurd sé abhul-ombnul SEKKAR
ANOM ampan lastare épaterti.

sarenq bhilsa Madhurd ri-saaring

& lalampa'an s2 cokop abit, jhughd
ara Pangangohit sé ta’ cokb asabbhl
ham 0

Dhadhibuwin Kepala Dinas Pendidikan
Provinsi Jawa Timur

2soson ka'angghuy maoma d3"

353 M

Wassalamu/alaikum WrWo

(b) (c)

Fig. 2 Sample dataset

Once the images are collected, the next step is manual
transcription of the text present in the images to create
ground truth data. This transcription is carefully

performed to ensure an accurate representation of the text.

Each transcription is then verified by two assessors who
are proficient in the Madurese language, to ensure
accuracy and consistency in the ground truth writing.
The verification process involves comparing the
transcription results from both assessors and reaching a
consensus on any discrepancies found. The outcome of
this verification is used as a reference to ensure the
validity of the ground truth data that will be used in
subsequent research. Fig. 2 shows a sample of the
collected dataset.

B. GA Optimization

After the dataset is collected and manual transcription
(ground truth) is verified, the next step is optimization
using the Genetic Algorithm (GA). The GA is applied to
the nine rules defined according to Fig. 1 to find the
optimal sequence of rules. Given the number of rules, the
possible combinations that can be formed are 9! (9
factorial), which amounts to 362,880 different
combinations. Testing all these combinations on the
dataset would be highly inefficient in terms of time and
computational cost, especially considering the large
number of combinations and the size of the dataset that
needs to be processed. Based on literature review and
previous studies, the Genetic Algorithm has proven to be
effective and widely used in optimizing large datasets
with relatively efficient computational costs [9 -16].

The advantages of GA in this case include the ability
to efficiently explore a vast search space without having
to test every possible combination. The natural selection

mechanism allows for convergence toward an optimal
solution. GA’s flexibility in representing and optimizing
the sequence of rules through genetic operators enables
effective search. Additionally, GA can avoid local
optima through mutation processes and has good
scalability for large datasets [17,18,19]. The GA
implementation for rule optimization will involve
several key components, such as a suitable chromosome
representation for the rule sequence, a fitness function
that measures the effectiveness of a rule combination,
genetic operators (crossover and mutation) designed
specifically for permutation problems, and GA
parameters including population size, crossover
probability, mutation probability, and termination
criteria.

The GA implementation in this study is based on
several configuration values shown in Table I. These
parameters are chosen based on literature review and
preliminary experiments to ensure a balance between
exploring the search space and the algorithm's
convergence speed.

TABLE |
GA CONFIGURATION
Parameter Nilai
Maximum Generations 100
Tournament Size 3
Max Attempt 10
Mutation Rate 0.1
Sequence Length 9 Rules
Selection Tournament Selection
Crossover Single-point binary
Elitism 1 Best Individual
Fitness Function a(l— WER)
+ B(1 — CER)
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The selection of these parameters takes into account
the characteristics of the rule optimization problem at
hand, where a population size of 80 individuals provides
sufficient genetic diversity [20], Meanwhile, a maximum
of 100 generations provides ample opportunity for the
solution to converge [21,22,23]. The fitness function that
combines Word Error Rate (WER) and Character Error
Rate (CER) with weights. « and 8 enable balanced
optimization between word-level and character-level
accuracy, with the constraint that « + g = 1.

1) Rule 1 - Rescaling: The target DPI is set to 300,
as it is the recommended standard for the Tesseract OCR
engine[24,25]. Linear interpolation is chosen as the
default method in OpenCV because it provides good

results for most cases without requiring heavy
computation. The scaling factor is calculated using (1).
Scaling Factor = Target BPL (1)
Original DPI
Where
Target DPI 2300

Original DPI : 96

2) Rule 2 — Convert to Grayscale: The parameter
color space BGR2GRAY is used because OpenCV reads
images by default in BGR format (Blue, Green, Red).
The conversion results in a single-channel image, where
each pixel is represented by a single intensity value,
unlike RGB images which have three channels. An 8-bit
depth is chosen because it provides a sufficient range of
values (0-255) to represent grayscale intensity variations
in most document image processing cases [26]. A range
of O represents absolute black, while 255 represents
absolute white.

3) Rule 3 - Adaptive Gaussian Thresholding: This
creates a binary image with a max value of 255 for the
brightest pixels. A block size of 11 balances local detail
and noise, while a constant C of 2 adjusts the threshold
for robustness. ADAPTIVE_THRESH_GAUSSIAN_C
uses Gaussian weighting for smoother results, and
THRESH_BINARY sets pixels above the threshold to
255 and below to 0.

4) Rule 4 - Otsu Thresholding: The threshold starts
at 0 and is automatically set by the Otsu algorithm based
on the image’s histogram. With THRESH BINARY +
THRESH_OTSU, pixels above the threshold become
255, and those below become 0, using a max value of
255.

5) Rule 5 - Median Blur: A 3x3 kernel removes
salt-and-pepper noise while preserving details. The odd-

sized kernel ensures a central pixel, balancing noise
reduction and detail retention.

6) Rule 6 - Deskewing with Hough Transform: An
angle range of £30° covers most document tilts. Min line
length (width/4.0) ensures significant lines are detected,
max line gap (height/4.0) accommodates text spacing,
and a threshold of 30 balances line detection and noise
resistance.

7) Rule 7 - Border Removal with Contour Detection:
RETR_EXTERNAL retrieves only outer contours
efficiently, and CHAIN_APPROX SIMPLE saves
resources by storing contour endpoints. A threshold of
128 separates content from background effectively.

8) Rule 8 - CLAHE Enhancement: A clip limit of
2.0 prevents excessive noise amplification, and an (8,8)
tile grid size balances local and global contrast without
artifacts.

9) Rule 9 - Noise Reduction  with
FastNIMeansDenoisingColored: Parameters h
luminance and h color are set to 10 for filter strength. A
7x7 template window and 21x21 search window balance
denoising quality and computation time.

C. OCR With Tesseract

Text recognition is performed using Tesseract OCR
version 5.5, which is well-known for its superior
performance in handling documents with complex
characteristics. To achieve optimal recognition results,
Tesseract is configured with Page Segmentation Mode
(PSM) 6, which assumes the input document consists of
structured and uniform text blocks. This mode is suitable
for documents with consistent text layouts, such as book
pages or official documents. The engine mode used is a
combination of Legacy + LSTM, a classical approach
combined with Long Short-Term Memory (LSTM) deep
learning. This approach allows Tesseract to leverage the
strengths of both methods, resulting in more precise text
recognition, particularly for documents with unique
characteristics. During the model training phase to
determine the golden rule, no parameters are provided to
Tesseract. This ensures that Tesseract does not influence
the rule configuration. Parameter configuration will be
set after the golden rule is found.

D. Evaluation Metric

To evaluate OCR performance in recognizing
Madurese text, WER and CER are used as fitness
functions. WER assesses word-level accuracy, while
CER measures character-level errors. Additional metrics
include Accuracy (overall correctness), Precision
(correct recognitions among detected text), Recall
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(ability to capture correct text), and F1-Score (balance
between precision and recall).

E. Analysis Result

This stage is the final part of the research, where the
results are analyzed based on evaluation metrics to
measure the OCR system’s ability to recognize
Madurese text. A high accuracy and precision indicate
strong performance, while a good F1-Score shows a
balanced relationship between precision and recall.
However, a high WER or CER suggests frequent
recognition errors. Low recall or accuracy indicates the
system struggles to recognize text correctly. Based on
these findings, researchers can determine improvements,
such as model modifications, better character detection,
or enhanced training data.

1. RESULTS AND DISCUSSION

In this section, the results of the model training
process will be explained, leading to the testing phase
and comparisons between using genetic algorithms for
optimizing OCR Tesseract and OCR Tesseract without
any optimization. The testing results will be presented in
the form of evaluation metrics, including WER (Word
Error Rate), CER (Character Error Rate), Accuracy,
Precision, Recall, and F1-Score.

A. GA Model Training Test Results

The training process uses 500 images and
corresponding ground truth data, with an 80-20 split for
training and testing. The fitness function is tested in three
configurations: 0.7 x WER + 0.3 x CER, 0.3 x WER +
0.7 x CER, and 0.5 x WER + 0.5 x CER. WER and CER
values are obtained from Tesseract OCR without

parameter adjustments. Results from 15 GA model trials
(Table II) show that fitness function weight variations
significantly impact WER and CER.

From the 15 experiments conducted, there is
significant variation in the Word Error Rate (WER) and
Character Error Rate (CER) across three different weight
configurations  (0.3:0.7, 0.7:0.3, and 0.5:0.5).
Experiments 1-5 use the weight configuration 0.3:0.7,
where WER values range from 41.08% to 55.68% and
CER values range from 12.92% to 15.15%. In
experiments 6-10 with the weight configuration 0.7:0.3,
there is a noticeable performance improvement, with the
lowest WER reaching 24.32% in Experiment 7, which is
the best result across all experiments. The
implementation of the nine preprocessing rules
optimized by the Genetic Algorithm (GA) plays a key
role in achieving these results. As shown in Table II, the
optimal sequence from Experiment 7 (Rule 7: Border
Removal, Rule 8: CLAHE Enhancement, Rule 1:
Rescaling, Rule 5: Median Blur, Rule 9: Noise Reduction,
Rule 4: Otsu Thresholding, Rule 6: Deskewing, Rule 2:
Grayscale Conversion) effectively enhances image
quality for Madurese text recognition. Border removal
(Rule 7), as the initial step, eliminates non-text elements
from the document edges, as observed in Fig. 3(b), where
the colorful background is removed. CLAHE
enhancement (Rule 8) further improves text contrast,
enabling Tesseract to better recognize characters, which
contributes to a reduction in CER to 7.47%. Rescaling to
300 DPI (Rule 1) aligns the image resolution with
Tesseract’s standards, while Median Blur (Rule 5)
reduces noise without blurring character details. Rule 9
(Noise Reduction) and Rule 4 (Otsu Thresholding)
smooth the image and create a sharper binary separation

TABLE Il
EXPERIMENTAL RESULT OF TRAINING MODEL

Experiment WER (%) CER (%) Weight (WER:CER) Golden Rule Sequence
1 55,68 13,71 0.3:0.7 2,8,5,1,9,7,6,4
2 55,14 15,15 0.3:0.7 9,1,5,7,6,4,8,2
3 54,59 13,21 0.3:0.7 5,8,6,2,9,1,7,4
4 54,05 14,29 0.3:0.7 4,6,9,1,8,5,7,2
5 41,08 12,92 0.3:0.7 8,9,7,6,1,5,2,4
6 40,54 12,78 0.7:0.3 1,5,2,9,4,6,7,8
7 24,32 7,47 0.7:0.3 7,8,1,5,9,4,6,2
8 37,84 12,2 0.7:0.3 6,2,8,5,1,7,4,9
9 37,3 12,56 0.7:0.3 8,7,1,5,4,9,6,2
10 37,3 12,2 0.7:0.3 7,8,5,1,9,4,6,2
11 36,76 11,92 0.5:0.5 7,8,1,5,9,4,2,6
12 35,68 10,91 0.5:0.5 8,7,1,5,9,4,6,2
13 27,57 9,19 0.5:0.5 7,1,8,5,9,4,6,2
14 37,84 12,2 0.5:0.5 7,8,1,5,4,9,6,2
15 56,22 13,78 0.5:0.5 7,8,1,9,5,4,6,2
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between text and background. Deskewing (Rule 6)
corrects document tilt, which proves critical for images
like Fig. 3(a), and Grayscale Conversion (Rule 2)
simplifies pixel data for further processing. This
sequence, optimized by GA from 362,880 possible
combinations, significantly reduces WER from 55.68%
(Experiment 1) to 24.32% (Experiment 7),
demonstrating that the selection and ordering of rules
greatly influence OCR performance.

Further analysis of Fig. 4(c) indicates that Rule 6
(Deskewing) causes a temporary spike in WER, likely
due to the tilt correction revealing previously hidden text,
which is subsequently refined by rules such as Rule 9
(Noise Reduction). This highlights the importance of
Deskewing for tilted documents, followed by refinement
steps to ensure optimal final results.

B. Testing Results and Evaluation Metrics

In the testing process, training data with a pixel
dimension of 256 x 356, as shown in Fig. 3(a), is used as
a sample. Fig. 3(a) is chosen due to its slightly tilted
position and the presence of a colorful background. The
testing results can be seen in Table III.

Based on the testing results shown in the Table I,
there is a significant difference between the use of
Tesseract OCR with default settings or applying various
rules (RULE_1 to RULE_9) compared to the
implementation of Tesseract optimized using Genetic
Algorithm (GA). In all tests with default settings and
applied rules (RULE_1 to RULE_9), the system
produces a value of 0.00 for all evaluation metrics,
including WER (Word Error Rate), CER (Character
Error Rate), Precision, Accuracy, Recall, and F1-Score.
This result indicates that the system fails to recognize
text under those conditions. The tested image condition
is image (a) from Fig. 3.

TABLE Il
TESTING RESULT FOR TESSERACT
Categories WER CER Precision Accuracy Recall  F1-Score
Tesseract Default 0.00 0.00 0.00 0.00 0.00 0.00
Tesseract + RULE 1 0.00 0.00 0.00 0.00 0.00 0.00
Tesseract + RULE 2 0.00 0.00 0.00 0.00 0.00 0.00
Tesseract + RULE 3 0.00 0.00 0.00 0.00 0.00 0.00
Tesseract + RULE 4 0.00 0.00 0.00 0.00 0.00 0.00
Tesseract + RULE 5 0.00 0.00 0.00 0.00 0.00 0.00
Tesseract + RULE 7 0.00 0.00 0.00 0.00 0.00 0.00
Tesseract + RULE 8 0.00 0.00 0.00 0.00 0.00 0.00
Tesseract + RULE 9 0.00 0.00 0.00 0.00 0.00 0.00
Tesseract + GA 2222 3.81 75.00 75.00 70.59 72.73
|
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Fig. 3 Testing image before and after prepocessing
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When Tesseract is optimized using the Genetic
Algorithm (GA), the system shows significant
performance improvement with a WER of 22.22% and a
CER of 3.81%. At this stage, the image undergoes
preprocessing, resulting in data as shown in Fig. 3(b).
The system also achieves a good level of precision and
accuracy, at 75.00%, with a recall value of 70.59%,
indicating the system’s ability to recognize relevant text.
Additionally, the F1-Score reaching 72.73%
demonstrates a good balance between precision and
recall. This result confirms that optimization using the
Genetic Algorithm provides significant improvements in
OCR system performance compared to using Tesseract
without optimization or with predefined rules.

Next, Table IV shows the testing results with
Tesseract configured using various language models.
Given that Tesseract language models cover more than
100 languages, this study only displays 5 data points with

the most optimal WER and CER values. Table IV
presents the testing results with the combination of GA
optimization applied to Tesseract that is already
configured.

Based on the evaluation metric values shown in Table
IV, there is a significant increase in accuracy. From the
initial result of 70.59%, accuracy improved to 100% with
the OCI (Occitan) language model. Other languages,
such as COS (Corsican), FRA (French), GLA (Scottish
Gaelic), and HAT (Haitian Creole), also demonstrate
excellent performance, with WER (Word Error Rate)
ranging from 16.67% to 2.86%, and accuracy reaching
up to 81.25%. In this case, optimizing performance in
terms of WER and CER can be enhanced through
selecting the appropriate language model.

Additionally, researchers used test data on 19
images, resulting in an average performance as shown in
the graph.

TABLE IV
TESTING RESULTS WITH GA OPTIMIZATION AND TESSERACT CONFIGURATION
Language WER CER Precision Accuracy Recall F1-Score
Models
OCI 0.00 0.00 93.75 100.00 88.24 90.91
COS 16.67 2.86 81.25 81.25 76.47 78.79
FRA 16.67 2.86 81.25 81.25 76.47 78.79
GLA 16.67 2.86 81.25 81.25 76.47 78.79
HAT 16.67 2.86 81.25 81.25 76.47 78.79
1004 100
" e et
Zom —f—
: Vi
} t\ //O/O\Q—Q
B.ER CER Precision =~ Accuracy Recall S i = i 5 ’ : ; °
(@) (b)
Rie1 Rue2 Rue3 Rued Rue5 Rule6 Rue? RuUe8 Rueo
(©

Fig. 4 Training results of 19 training data
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Based on the graph in Fig. 4(a), the performance
comparison between TESSERACT PURE and
TESSERACT PURE GA reveals some interesting
patterns that highlight the significant impact of Genetic
Algorithm (GA) optimization. In terms of the Word
Error Rate (WER) metric, TESSERACT PURE has a
value of around 48%, indicating that nearly half of the
recognized words experience errors. In contrast,
TESSERACT PURE GA shows a significant
improvement, with WER dropping to approximately
20%, indicating a drastic reduction in word recognition
errors. However, for the Character Error Rate (CER)
metric, both models perform relatively similarly, at
around 10%. This suggests that GA optimization is more
effective in word pattern recognition than in character
recognition, where CER is more influenced by the
quality of the input images.

A striking difference is seen in metrics such as
Precision, Accuracy, Recall, and F1-Score. The
Precision of TESSERACT PURE GA reaches about 60%,
which is much higher than TESSERACT PURE's 45%.
This shows that TESSERACT PURE GA is better at
producing accurate text compared to the total text
detected. Similar patterns are observed in Accuracy,
where TESSERACT PURE GA achieves around 60%,
while TESSERACT PURE only reaches 47%. For Recall
and F1-Score, TESSERACT PURE GA records higher
values, around 58% for both, compared to TESSERACT
PURE's 45%. Overall, GA optimization consistently
improves performance across various important metrics,
especially in word recognition and error reduction.

Based on the graph in Fig. 4(b), language model
comparison reveals that OCI (Occitan) performs the best
with an accuracy of around 75% and a precision of about
75%. Other European languages like COS (Corsican),
FRA (French), GLA (Scottish Gaelic), and HAT (Haitian)
show relatively consistent performance, with accuracy
and precision ranging from 65-70%. For Southeast Asian
languages, JAV (Javanese) shows good performance
with precision and accuracy around 60%. On the other
hand, VIE (Vietnamese) performs lower, with accuracy
around 47% and precision around 36%. The IND
(Indonesian) model has the poorest performance, with an
accuracy of around 31% and precision of 23%. In terms
of error rate, all models show WER values between 20-
36% and relatively low CERs below 10%. Interestingly,
while VIE has the lowest WER (around 20%) and CER,
its performance in other metrics like precision, accuracy,
recall, and F1-Score is below the average of European
language models. This suggests that low error rates do
not always correlate with higher performance in other
evaluation metrics.
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According to the graph in Fig. 4(c), an interesting
pattern emerges when comparing different rules. The
values tend to remain stable from Rule 1 to Rule 5, with
the top blue line around 28%, the orange line around 25%,
the yellow line around 15%, and the green line the lowest
at 5%. Dramatic changes occur at Rule 6, where all lines
show significant increases. The blue line peaks at around
55%, followed by the orange line at 45%, the yellow line
at 35%, and the green line reaches around 10%. After
Rule 6, the values start to decline in Rule 7 and stabilize
again up to Rule 9, returning to levels similar to the initial
condition. The blue and orange lines return to around 28%
and 25%, the yellow line to 15%, and the green line to
5%.

V. CONCLUSION

Our research demonstrates the effectiveness of
genetic algorithm optimization in improving OCR
accuracy for Maderese language documents. The
implementation of GA-optimized preprocessing
sequences, combined with appropriate language model
selection, significantly ~ enhanced recognition
performance compared to standard Tesseract OCR
implementations. The study achieved notable
improvements in key metrics, with WER reduction to
24.32% and CER to 7.47% using optimal GA
configurations. The success of the Occitan language
model in achieving 100% accuracy in specific cases
suggests promising directions for future research in
cross-lingual OCR adaptation. These findings contribute
valuable insights to the field of OCR optimization for
regional languages and provide a framework for future
developments in document digitization technologies.
The methodology developed in this study can be adapted
for other regional languages with similar characteristics,
potentially advancing the preservation and accessibility
of cultural and linguistic heritage through digital means.
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