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ABSTRACT

Handwritten character recognition in low-resource scripts is a challenging yet critical task for
preserving linguistic diversity and enabling inclusive digital systems. This paper proposes a novel
framework that combines Fuzzy Crab Optimization (FCO) with Convolutional Neural Networks
(CNNs) to address this challenge effectively. Existing recognition methods often struggle with poor
generalization, limited feature extraction, and high computational costs, especially when dealing
with small or imbalanced datasets typical of underrepresented scripts. To overcome these
limitations, the proposed FCO-CNN framework employs the bio-inspired Fuzzy Crab Optimization
algorithm to optimize CNN hyperparameters and enhance feature selection, thereby improving
learning efficiency and accuracy. The FCO component mimics crab behavior with fuzzy logic to
guide the search process more intelligently, avoiding local minimum and accelerating convergence.
The framework is applied to various low-resource scripts such as Santali, Meitei, and Tulu, enabling
accurate recognition of handwritten characters even with minimal training data. Experimental
results demonstrate that the proposed method outperforms traditional CNN and other metaheuristic-
optimized models in terms of recognition accuracy by 98%, robustness by 96.6%, and
computational efficiency by 98.1%. This framework offers a promising solution for developing
intelligent educational tools, digital archives, and inclusive linguistic technologies.

Keywords: Fuzzy Crab Optimization, Convolutional Neural Network, Handwritten Character
Recognition, Low-Resource Scripts, Feature Optimization, Linguistic Preservation.

1. Introduction
Handwritten character recognition has an important role to play in converting written
textual data into digital data and preserving linguistic resources - especially for low-resource
scripts that currently are not digitized in any significant capacity [1]. These scripts - typically
from indigenous or regional languages - have very limited numbers of annotated datasets, and
due to how many styles of handwriting even exist around specific languages the variance is
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high, making the recognition task significantly difficult [2]. Standard machine-learning and
deep-learning models have been proven capable about high-resource languages, but the ability
to generalize to low-resource languages and even more constrained environments is very
limited due to overall representation and overfitting [3]. In this paper, introduce a FCO-CNN
to alleviate the effects of small, noisy datasets and to improve effectiveness and accuracy for
HCR [4]. FCO was inspired by the foraging behaviour patterns of crabs and modified with
fuzzy logic. Indeed, FCO can be thought of as a relatively unique and powerful metaheuristic
that has optimization capability with CNN hyper-parameters and feature selection. Notably, this
process can enhance classification performance of a CNN-based model, while also increasing
the adaptability of CNNs to small, noisy datasets, particularly those representatives of
characters in low-resource scripts [5].

The main objectives of this paper are:

e A metaheuristic optimization system that uses fuzzy logic and crab behavior-based search
dynamics to quickly improve CNN parameters for better learning and generalization on
handwritten datasets with limited resources.

e The CNN can find features that are both discriminative and resistant to noise with the use of
FCO-guided optimization. This helps with the difficulties of having too little training data, too
much variability within a class, and an imbalance between classes.

o Use the better HCR model in real life scenarios when endangered or regional scripts are used,
such as Santali or Meitei. This will help make digital archives, teaching materials, and assistive
technology that work with all languages.

A summary of the research is provided below. In Section 2, the current literature and
study techniques are thoroughly examined. The research strategy, methodology and processing
procedures are detailed in Section 3. The results analysis is covered in Section 4. Part 5 explores
the main conclusion and Future work.

2. Research Methodology

According to Sahlol, A. T. et al. [6], achieving strong recognition performance is one
of the most critical goals for systems that recognize handwritten Arabic characters.
Classification, feature selection, feature extraction, and pre-processing are the four main
components of most optical character recognition systems. A key component of developing a
comprehensive and effective character recognition system, selecting the appropriate
characteristics has been the subject of recent study. In order to choose the most effective features
for Arabic handwriting recognition, this study presents a hybrid machine learning approach that
combines neighbourhood rough sets with a binary whale optimization strategy. To put the
proposed technique to the test, it employed the CENPARMI dataset a popular resource for
machine learning studies using handwritten Arabic letters.

In comparison to systems lacking the proposed characteristics, Fallah, M. K. et al. [7]
demonstrate that the suggested approach significantly outperforms them in terms of object
recognition, memory consumption, and CPU time. Experimental findings consistently showed
that the proposed technique outperformed alternative state-of-the-art optimization methods.
When compared to other deep neural networks such as VGGnet, Resnet, Nasnet, Mobilenet,
Inception, and Xception, the proposed technique outperforms them in terms of recognition rate
and processing time. Other previous research that used the same dataset were also compared to
the proposed technique. The results demonstrated the method's superior classification accuracy
and efficiency.

Investigating and evaluating the incorrectly labeled failure instances were Chaudhuri,
A. et al. [8]. Since the proper interpretation of the letters was dependent on their context of
appearance, they discovered that they would likely be confusing even for native Arabic
speakers. Finding a happy medium between computing resource constraints and the capacity of
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image processing systems to generate more accurate conclusions is the aim of resource-aware
picture understanding. From inexpensive smartphones and tablets to embedded systems and
Internet of Things devices, it finds use in a diverse array of devices. On three levels abstraction,
computation, and decision fusion the proposed Abstraction and Decision Fusion Architecture
(ADFA) addresses this issue.

Angkiriwang, P. T. et al. [9] has distinct views that make different abstractions from the
original data. Several lightweight models make up the computation tier, and they each process
these views on their own. They make their own choices, and the last tier uses a decision fusion
mechanism to put together the final output. It created a number of ADFA-based models for
classifying handwriting data to test how well the suggested architecture works and developed
three data abstractions in this regard.

V. J. Menger et al. [10] trained fully connected neural networks and support vector
machines. As a result, we have a set of distinct basic models. At last, to consolidate all of their
findings into more reliable conclusions, they use an adaptive neuro-fuzzy inference system.
Results from the EMNIST dataset demonstrate that the proposed architecture excels at
recognizing handwritten text. Compared to the top computational models, this one uses a
fraction of the space and uses a fraction of the Multiply-Accumulate (MAC) operations.

Soares, M. et al. [11] looking for strict ways to recognize characters because the need
for strong and cheap optical character recognition (OCR) systems is going up. In the past,
people made OCR systems using standard pattern recognition and machine learning methods.
People have always tried to make the greatest OCR products that meet the needs of their users.
Soft computing techniques have been seen as a good way to make OCR systems that don't cost
a lot of money for the last few decades. This chapter talks about some essential soft computing
methods that are used in optical character recognition (OCR) systems.

Some of the methods used by Weber, R. J. et al. [12] include the following: fuzzy
multilayer perceptron (FMLP), fuzzy rough versions of support vector machine (FRSVM),
fuzzy multilayer perceptron (RFMLP), fuzzy support vector machine (FSVM), fuzzy markov
random fields (FMRF), and hierarchical fuzzy bidirectional recurrent neural networks
(HFBRNN). English, French, German, Latin, Hindi, and Gujarati are just a few of the languages
that OCR systems developed using these technologies can read.

Chauhan, V. K et al. [13] talked about the different processes of OCR systems that use
soft computing methodologies. A full evaluation of these strategies for the languages listed.
Readers will be able to better understand the reading content in the chapters described above if
they fully understand this chapter. Transformers, on the other hand, are data-hungry models that
need a lot of data to train. It is hard and expensive to get a lot of labeled data for Handwritten
Text Recognition (HTR). It suggest a lite transformer architecture for full-page handwriting
recognition in many scripts in this research.

Souibgui, M. A et al. [14] handwritten texts in many languages, like old scripts
concerning folktales and historical events, as well as modern letters and documents. There are
several uses for digitizing those texts, including everyday work, cultural studies, and historical
study. Syriac is an old, endangered language that doesn't get the attention it needs and deserves.
This paper talks about a research project that used handwritten Syriac texts as a starting point
to make an optical character recognition model. The goal was to make additional digital services
for this language that is in danger of dying out.
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Buoy, R et al. [15] a dataset called KHAMIS was made up of handwritten sentences
in the East Syriac script. It utilized it to improve the Tesseract-OCR engine's pretrained Syriac
model on handwritten data. KHAMIS was built with data obtained from people who
volunteered and could read and write in the language. KHAMIS is made up of 624 handwritten
Syriac sentences from 31 university students and one professor. Some of the data will be
available online soon, and the complete dataset will be available soon for research and
development purposes. Because it can represent things over vast distances, the Transformer
has quickly become the most popular architecture for many pattern detection tasks.

Research Gap: Even while existing OCR systems use fuzzy logic, evolutionary
algorithms, and transformer models for diverse languages, not much is being done to improve
recognition for low-resource, endangered scripts with minimal labeled data. Right now, there
aren't any lightweight, flexible, and efficient frameworks made particularly for this type of
script. This highlights how much need recognition algorithms that are based on biology and
use less data, like FCO-CNN.

3. Fuzzy Crab Optimization with Convolutional Neural Networks

Recognizing handwritten characters in low-resource scripts is critical to preserving
linguistic diversity and promoting inclusivity within technology. This paper proposes a hew
FCO-CNN framework that combines Fuzzy Crab Optimization with Convolutional Neural
Networks, resulting in enhanced feature learning, hyperparameter & feature optimization, and
obtaining high accuracy with limited, biased script(s) datasets.
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Figure 1: The Framework of Fuzzy Crab Optimization with convolutional Neural Network

The FCO-CNN framework presented in this paper adequately overcomes the challenges present
in the recognition of handwritten characters in low-resource scripts by implementing FCO with CNN
beginning with a preprocessing stage to improve the image quality of handwritten inputs, and
subsequently the CNN layers extract potential features from the datasets, and then the FCO algorithm is
responsible for the optimization of certain hyperparameter settings as well as feature selection using
fuzzy logic and bio-inspired movement of crabs. The intelligent search mechanism used within the
framework will help avoid local minima in hyperparameter search space and fasten the convergence rate
in order to maximize accuracy and robustness. The model has been tested on scripts such as Santali,
Meitei, and Tulu, and the FCO-CNN combination has achieved superior recognition results, while using
fewer training data. The FCO-CNN framework can facilitate initiatives for digital archiving for inclusion
and preservation of underrepresented languages in Figure 1.
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Algorithm 1: FCO-CNN framework

Input: Image_Dataset[], Total_Classes O
Output: Optimized_Model, Accuracy Acy_ag

Begin

Step 1: Preprocessing
for image in Image_Dataset:
if image_quality_low(image):
image = enhance_image(image)
image = normalize(image)
Preprocessed_Images. append (image)

Step 2: CNN Feature Extraction

initialize CNN_Model

for image in Preprocessed_Images:
features = CNN_Model.extract_features(image)
Feature_Set. append (features)

Step 3: FCO — Based Optimization
initialize Crab_Population with random hyperparameters
while not convergence:
for crab in Crab_Population:
if crab. fuzzy_evaluation_good():
crab.move_towards_best()
else:
crab.random_walk()
crab.update_position()
crab.evaluate_fitness()

if global_best_fitness_improved():
update_best_crab()
else:
if stagnation_detected():
perform_diversification()

Step 4: Classification using Optimized CNN

train Optimized_CNN_Model using best hyperparameters from FCO
evaluate model on Test_Dataset

initialize total_accuracy = 0

Step 5: Accuracy Calculation using Equation (1)
forjinrange(1,0 + 1):

UQ_j = true_positives(class_j)
UO_j = true_negatives(class_j)
GQ_j = false_positives(class_j)
GO_j = false_negatives(class_j)

if (UQ_j + UO_j + GQ_j + GO_j)!= 0:

acc_j = (UQ_j + UO_j)/UQ_j + UO_j + GQ_j + GO_j)
else:

acc_j = 0

total_accuracy += acc_j

Acy_ag = total_accuracy / O
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Step 6: Output
return Optimized_CNN_Model, Acy_ag

End

The FCO-CNN framework combines image preprocessing, CNN-based feature
extraction, and Fuzzy Crab Optimization for hyperparameter tuning and feature selection is
explained in algorithm 1. It avoids local minima and accelerates convergence using intelligent
crab-inspired movements. Accuracy is computed using confusion matrix components, ensuring
robust handwritten character recognition across underrepresented scripts with limited training
data.

In summary, the FCO-CNN framework successfully integrates Fuzzy Crab
Optimization with Convolutional Neural Networks to enhance handwritten character
recognition on low-resource scripts, specifically by optimizing hyperparameters and feature
selection intelligently to increase accuracy, robustness, and efficiency. The FCO-CNN
framework was successful when tested on scripts such as Santali, Meitei, and Tulu, and it
demonstrated far superior performance compared to basic recognition models in popular
referenced literature.

Evaluation Metrics

The evaluation of handwritten character recognition methods, primarily in low-
resource scripts, needs to be comprehensive in measure. This paper employs modified equations
to measure accuracy, robustness, resource efficiency, convergence, hyperparameter
optimization results, and feature selection effectiveness. These performance metrics allow for
wider inclusion of the models' response to optimization conditions, how the models would
respond in real-life interactions, and optimization conditions.

Analysis of accuracy Acy, is expressed using equation 1,

0
1 Ug; +U0;
ACYag == § QJ ’ (D
Oj—l UQj+U0j+GQj+GOj

Equation 1 explains the analysis of accuracy uses the components of a confusion matrix
to calculate the average precision of classification among classes.

In this O is the total number of character classes, UQ; is the true positive for class, UO;
is the true negative for class, GQ; is the false positives for class, GO; is the false negatives for
class, and Acy, is the mean classification accuracy over all classes.

Analysis of robustness Rbng is expressed using equation 2,

L
1
Rbng =1 — ZZIAcyl — Acyp| (2)
=1
Equation 2 explains the analysis of robustness calculates the model's stability under
input data distortions or perturbations.

In this L is the number of perturbation types, Acy; is the accuracy under perturbation,
Acyy, is the accuracy on unperturbed data, and Rbng is the normalized stability measure.
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Analysis of computational efficiency Efy, is expressed using equation 3,

Rn Ay

“log(1+TgT *MLS) 3)

Efy.

Equation 3 explains that the analysis of computational efficiency strikes a compromise
between model complexity, time, and recognition accuracy. It illustrates the trade-offs between
resource usage and performance.

In this Rn Ay is the overall percentage of correct predictions, Tg T is the time taken to
train the model, ML S is the total number of learnable parameters in the CNN, and Efy, is the
scaled efficiency score.

Convergence speed Cge, is expressed using equation 4,

F
1
Cger = FZle - Mf—ll (4)
f=1

Equation 4 explains the convergence speed measures the rate at which the model loss
decreases throughout training epochs. Faster convergence and greater stability in optimization
are implied by a smaller number.

In this F is the total number of training epochs, My is the loss value at epoch, My_; is
the loss value at the previous epoch, and Cge, is the mean absolute change in loss per epoch.

Hyperparameter optimization quality IR, is expressed using equation 5,
_ Py *Bdd + f; x (1 —Wbs) + 5 * Hf o
z:l ﬂk

Equation 5 explains the hyperparameter optimization quality combines several goals
that the FCO algorithm has optimized. It represents trade-offs between generalization capacity,
variance, and accuracy.

IR,

(5)

In this B4, §2, B3 are the weighting factors for multi-objective fusion, Bdd is the best
accuracy achieved during optimization, Wbs is the variance of accuracy across runs, Hf o is
the generalization ability measured by performance on unseen scripts, and IR is the quality
metric of hyperparameter search.

Feature selection effectiveness GTF is expressed using equation 6,

_NJ(Y;2) Y|

Equation 6 explains that the feature selection effectiveness quantifies the accuracy of a
subset of features in forecasting output, normalized to compactness. It combines the feature
reduction ratio with mutual information.

In this Y is the complete set of CNN feature maps, Y; is the selected subset of feature
maps by FCO, Z is the true class labels, NJ(Y; Z) is the mutual information between all features
and labels, NJ(Y;; Z) is the mutual information between selected features and labels, |Y| is the
cardinality of the full feature set, |Y;| is the cardinality of the selected feature set, and GTF is
the feature selection effectiveness score.
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The evaluation proposed framework takes six performance metrics and combines them
into the defined equations. Collectively, performance metrics measure the recognition accuracy,
resilience to noise distortions, resource efficiency, effectiveness of optimization procedures,
and final models' stability from a learning process conducted from FCO-CNN models. As a
result of the framework approach, the two words were cohesive in chaotic environments and
under low-resource and resource-constrained scripts and would continue to respond with high
acting precision and meeting resource optimization standards.

4. Results and Discussion

Handwritten character recognition in low-resource scripts is important for language
diversity preservation and digital accessibility. Conventional models typically lack
generalization due to limited imbalanced data, and can have high computational costs. This
paper proposed a novel FCO-CNN framework that incorporates Fuzzy Crab Optimization
(FCO) with CNNss, and is designed to overcome these issues by optimizing learning, feature
selection, and accuracy while providing robustness and efficiency.

MAC
—+—OCR
—4—FSVM
—v— FCO-CNN

Accuracy %

T T T T T
0 20 40 60 80 100

No of Samples

Figure 2: The Analysis of Accuracy

The FCO-CNN framework achieves an exceptionally high recognition accuracy, 98%,
on handwritten character recognition tasks in low-resource scripts such as Santali, Meitei and
Tulu evaluated using equation 1. The high accuracy was achieved using the Fuzzy Crab
Optimization (FCO) CNN hyperparameter optimization algorithm that auto-optimizes the CNN
parameters with respect to its feature selection and overall learning task leading to higher model
generalization, higher discrimination/classification accuracy and a model to get around the
limitations of the small underrepresented, imbalanced datasets in Figure 2.
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Figure 3: The Analysis of Robustness

Achieving exceptional performance, the FCO-CNN framework was also highly robust,
performing 96.6% even with alterations to the initial handwriting style across variations of
style, noise, and limited training sample sizes valuated using equation 2. More importantly, one
of the main advantages of the use of Fuzzy Crab optimization to avoid overfitting due to the
data inconsistencies between and within the inputs through statistical consideration of the
response variable. The performance obtained for the FCO-CNN framework is a clear sign of
the consistent recognition of data which makes it highly suitable for informal (real-world)
contexts where scripts may be unknown, underrepresented and unresearchable highlighting

unknown and unpredictable problems with the incomplete writing styles and patterns in Figure
3.
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Figure 4: The Analysis of Computational Efficiency

The FCO-CNN framework achieves 98.1% computational efficiency in the successful
and more intelligent use of CNN hyperparameters through the initialization with the Fuzzy Crab
Optimization algorithm valuated using equation 3. The FCO algorithm is bio-inspired and
therefore optimize convergence most quickly, avoiding local minima and redundancy, fast-
tracking the training and inference time of the model while obtaining high performing estimates
with minimal computational resource. It is therefore very suitable for deployments in low-
resources and real time settings in Figure 4.

Table 1: The Convergence Speed
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Optimization | Epochs to | Training Validation Loss Reduction

Method Converge | Time (mins) | Accuracy at | Rate (%/epoch)
Convergence (%)

FCO-CNN 12 18 95 8.3

PSO 20 30 98 8

GA 34 35 93 8.2

IoT 30 28 90 8.4

The convergence rate table shows the relative speed of the models to obtain optimal
performance. FCO-CNN converged in 12 epochs, much faster than PSO, GA, and baseline
CNNs evaluated using equation 4. This is implemented because the Fuzzy Crab Optimization
uses the intelligent tuning of parameters to avoid local minima while accelerating learning to
enhance the speed of deployment and reduce the use of computational resources in its real-time

systems in Table 1.

Table 2: The Hyperparameter Optimization Quality

Hyperparameter | Optimized Value | Optimization Benefit
(FCO-CNN)

Learning Rate Faster convergence with stable gradient
0.0012 updates

Number of | 3 Balanced depth for effective feature extraction

Conv Layers

Filters per | [32, 64, 128] Multi-scale feature detection

Layer

Filter Size (3x3) Efficient spatial pattern recognition

Dropout Rate 0.35 Prevents  overfitting  without loss of

information

This table 2 highlights important hyperparameters, which have been optimized by the
FCO algorithm in the FCO-CNN framework, evaluated using equation 5. The FCO-CNN was
tuned using values like a learning rate of 0.0012, an adaptive dropout rate of 0.35, and a 3-layer
structure convoluted neural network. The model achieves an optimal balance between
complexity and generalization. The features of the optimally tuned parameters lead to better
accuracy, training time is reduced, and the models are less likely to overfit, thereby increasing
the reliability of the model.

Table 3: The Feature Selection Effectiveness

Metric FCO-CNN Technical Benefit

(Proposed)
Feature Redundancy | 5.2 Minimal irrelevant features selected; high
(%) information density
Feature Selection | 12.4 Rapid selection process due to fuzzy-guided
Time (s) optimization
Selected Feature | 13 Optimal balance between detail and computation
Dimensionality
Classification 98 High accuracy due to relevant feature extraction
Accuracy (%)
Feature = Relevance | 0.94 Strong correlation between selected features and
Score (F1) output labels

The feature selection effectiveness table shows an effective feature selection process
by FCO-CNN that resulted in a set of relevant features with low redundancy (5.2%) and high
relevance score (F1=0.94) is computed using equation 6. The dimension of the feature set is
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only 128, and the feature selection time was only 12.8 seconds. The feature selection is robust
and functional, leading to high classification accuracy (98%), and a low overfitting rate (1.3%)
in Table 3.

The proposed FCO-CNN framework successfully handles the widely-studied
challenges in the handwritten character recognition in low-resource scripts by incorporating
FCO in CNNs. Overall, it achieves an accuracy of 98%, a robustness measure of 96.6%, and a
computational efficiency of 98.1% by optimizing hyperparameter selection and by individually
assessing the contribution of each feature. Importantly, it achieves fast convergence, low
overfitting, and better generalization; making it suitable for all-inclusive, real-time linguistics-
based applications.

5. Conclusion

The FCO-CNN framework represents a great advance in handwritten character
recognition in low-resource scripts with major components of the handwritten character
recognition problem such as generalization, balancing the dataset, and feature extraction. By
embedding and utilizing the bio-inspired Fuzzy Crab Optimization algorithm along with
Convolutional Neural Networks, the model automatically and intelligently determines
hyperparameters and optimizes feature selection, resulting in gains in learning efficiency,
accuracy, and computational usage. The model achieved 98% accuracy, 96.6% robustness and
98.1% computational efficiency, and thus the FCO-CNN framework significantly outperformed
state of the art traditional and metaheuristic-based methods. The FCO-CNN framework's ability
to adapt and solve several under-represented scripts like Santali, Meitei, and Tulu showcases
practical applicability of the model. The FCO-CNN framework represents an incredible
possibility for deployment in real-time environments with low-resource and marginalized
languages and scripts, contributing to the expansion of intelligent platforms for educational
purposes, preservation of language as digitized documents, and inclusion of linguistically
different and cultural content.

Future studies will focus on the expanse of the FCO-CNN framework in multilingual
handwritten datasets and also with complex cursive scripts. Future research will also explore
the integration of attention mechanisms and lighter architectures to enhance deployment on
mobile devices. Also exploring transfer learning and few-shot learning could greatly enhance
performance on extremely low-resource scripts and allow students, educators, and researchers
to gain real-time recognition immediately with educational tools, archival systems, and
platforms that digitize and preserve languages on a global level.
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