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Abstract
Objectives: The main purpose of this work is to develop an automatic
script identification system for multilingual documents by proposing a
benchmark dataset of printed Kashmiri (Perso-Arabic) and English scripts
and systematically evaluating HOG-based machine-learning models. The study
aims to support multilingual document analysis and enhance the pre-
processing step of Optical Character Recognition (OCR) systems. Method:
This study has created a dataset of 4,423 printed text images from different
publicly available academic sources, pre-processed the images by resizing and
binarization, and extracted Histogram of Oriented Gradients (HOG) descriptors
to represent script characteristics. Four machine learning classifiers – Support
Vector Machine (SVM), K-Nearest Neighbors (KNN), Naïve Bayes (NB), and
Random Forest (RF) were trained, and different evaluation metrics were used
to evaluate their performance. Findings: The proposed HOG-SVM framework
achieved an overall classification accuracy of 99.0%, demonstrating superior
performance compared with KNN, Naïve Bayes, and Random Forest classifiers,
and also produced the fewest misclassifications, with 8 English-to-Kashmiri
errors andonly 4Kashmiri-to-English errors,demonstrating its effectiveness
for Kashmiri–English script identification. Novelty: This work introduces a
printed Kashmiri-English script benchmark dataset and a detailed baseline
assessment of various machine learning classifiers in a low-resource scenario
for script identification. The proposed optimized HOG-SVM-based framework
is a reliable benchmark for further studies on Kashmiri script recognition and
can serve as a foundation for developing a multilingual OCR system for low-
resource languages.
Keywords: Kashmiri Language; HOG-ML; Perso-Arabic Script; Printed Text
Dataset; Multilingual Document Analysis; Script Identification
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1 Introduction
Script identification is a fundamental task in multilingual document analysis and OCR. It identifies the writing system of a
document before performing subsequent tasks such as text recognition, machine translation, and information retrieval. Deep
learning methods such as Convolutional Neural Networks (CNNs), lightweight architectures, and transformer-based models
have shown significant improvements in the identification of widely used scripts due to their increasing importance in the
field of multilingual document analysis, Optical Character Recognition (OCR) systems, and intelligent document processing
systems (1), (2). But low-resource languages like Kashmiri are still largely unexplored. Kashmiri is the main language of the
Kashmir Valley and is mostly written in the Perso-Arabic script. It shares many visual features with Arabic, Urdu, and Persian,
but also has its own distinctive orthographic features like a large number of diacritical marks, context-dependent character
shapes, and right-to-left writing as shown in Table 1. These features introduce fine-grained variations in character appearance
and can make visual discrimination of Kashmiri from other visually similar scripts difficult (3), (4), (5). Such script-specific
variations emphasize the need for models capable of learning discriminative visual patterns for reliable script identification.
Furthermore, the scarcity of standardized Kashmiri datasets limits the development, fair comparison, and reproducibility of
machine-learning and deep-learning models, thereby slowing progress in this important research area and posing significant
challenges for automated script recognition (6), (7).

Table 1. Typical Characteristics of the Kashmiri Language
S. No. Feature Particulars
1 Writing/Reading Order Right-Left
2 Diacritical Marks Significant use of (Hamza, Tashdeed, Pesh, Zaer, Dots, Zabbar, etc.)
3 Complexity More cursive than Devanagari & English.
4 Distinct Separation between Lines, Words & Letters Very Rare

Early studies in the field mainly dealt with printed and scanned documents with handcrafted feature extraction techniques.
Their applications have recently been expanded to handwritten documents, natural scene images, and multi-lingual script
identification (8), (9). Multilingual script identification by a patch based approach with Non-Negative Matrix Factorization
(NMF) has been suggested, in which document images are divided into smaller patches to get discriminative local features (10).
The method is able to reliably identify multiple scripts, by capturing script specific characteristics from local regions. These
methods however, are significantly relying on hand-crafted feature representations and are not capable of capturing complex
variations in the visual aspects of real-world document images. Line level script identification based on Chain Code Histogram
(CCH) and Discrete Fourier Transform (DFT) features, and Support Vector Machine (SVM) classification, recognized an
average of 95.14% of the line level scripts (11). These methods are good with regard to the accuracy of classification and
have relatively low computational complexity, however, when there are variations in writing styles, fonts or the quality of the
documents, the methods show limited performance. For natural scene images, two end-to-end solutions, Multi-Channel Mask
(MCM) and Multi-Channel Segmentation (MCS), have been suggested. It has been demonstrated that MCS performs better
than some of the existing methods, with a recall value of 54.34% on the ICDAR MLT 2017 dataset and 81.13% on MLe2e
dataset (12). Recent studies have explored deep learning based techniques for script identification in camera based document
images, such as, ScriptNet, a two-stream CNN for this task (13). The relatively low computational requirements of lightweight
CNN architectures can make them suitable for resource-constrained applications, including mobile and real-time document
processing. (14).

While deep learning has achieved significant progress in multilingual script identification using large annotated datasets (15),
low-resource languages like Kashmiri are still relatively under-explored. In particular, the efficacy of classical machine learning
methods for printed Kashmiri script identification has not been studied systematically. To address this research gap, this work
proposes a benchmark dataset for the printed Kashmiri-English script identification task and provides a detailed comparative
evaluation of state-of-the-art machine learning classifiers using Histogram of Oriented Gradients (HOG) feature descriptors.
The proposed framework provides a strong baseline for future work on Kashmiri script identification and development of
multilingual OCR systems for low resource languages.

1.1 Research Gap

Most existing work on script identification has been on high-resource languages and relatively little attention has been given to
low-resource languages.The absence of benchmark datasets and the scarcity of research in this area has limited the development,
evaluation and comparison of different approaches for script identification in a fair manner. Moreover, the lack of studies that
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systematically compare several traditional machine learning classifiers in a common experimental setting makes it difficult to
provide reliable baseline results and reproducibility. This has led to limited progress in developing robust script identification
systems for low-resource languages. Thus, benchmark datasets have to be created, and detailed baseline results have to be
established for future research in script identification and multilingual document analysis.

1.2 Objectives of the study
To fill these research gaps, this work presents a new printed Kashmiri-English script dataset for script identification. The
proposed dataset is tested with four traditional machine learning classifiers namely Support Vector Machine (SVM), K-
Nearest Neighbors (KNN), Naive Bayes (NB) and Random Forest (RF) with Histogram of Oriented Gradients (HOG) feature
descriptors. The main purpose of this study include:
• To develop a benchmark dataset for printed Kashmiri-English script identification;
• Systematically assess and compare performance of different machine learning classifiers under a common experimental

setup;
• Identify the best classifier for Kashmiri-English script recognition that can serve as a reliable baseline for future research

on Kashmiri Optical Character Recognition (OCR), multilingual document analysis, and other low-resource script
identification tasks.

2 Methodology

2.1 Dataset Creation
A custom dataset containing 4,423 script images was built from publicly available academic resources. There are more than
2,000 samples in the dataset for each of the two script classes, English and Kashmiri as represented in Figure 1. The dataset is
made up of printed text images as shown in Figure 2, to facilitate research on script identification in low-resource settings where
large standardized datasets are often not available.The dataset was divided into training and testing sets to test the generalization
ability of the models to unseen samples. The exact number of samples in each class is shown in Figure 1, which gives a clear
picture of the distribution of the dataset. The organization of the dataset enables reliable evaluation of machine learning-based
script identification methods.

Fig 1.Dataset Distribution.

English gloss of Kashmiri Sample Image (2b): “Sheikh Ul Aalam (RA) was a great Islamic scholar and spiritual leader who
devoted his life to worshipping Allah and spreading the teachings of Islam. He lived a simple and humble life and taught people
about faith, honesty, kindness, and good character. He stood against injustice. Helped the poor and needy, and always tried to
make things easier for people. His life remains an inspiration for us to live with simplicity, compassion, justice, and devotion to
Allah”.
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Fig 2. Sample Images of dataset.

2.2 Proposed Methodology

2.2.1. Data Pre-processing
The dataset undergoes a set of pre-processing methods to prepare it for script identification and to ensure consistency, quality,
and usefulness of the text images. These steps include:

• Transformation to Image Format
The PDFs from the sources were converted to high resolution image files. This step set the stage for later processing to
accurately extract text without compromising the visual integrity of the source materials.

• Text Region Extraction
The document images were pre-processed to extract text regions and remove non-text regions. This step is important to
reduce irrelevant information and improve the effectiveness of the subsequent script identification process.

• Image Standardization
Theextracted text snippetswere normalized to fulfill the input requirements of the script identificationmodel. Tomaintain
uniformity in the size of all images, all images were resized to a fixed resolution of 128x128 pixels. Other procedures were
used to make the text more understandable such as:
Noise Reduction: – Removal of visual distractions and artifacts to improve overall quality. Recent studies highlight the
importance of pre-processing for artifact removal, such as frequency-domain filtering in deraining task (16).
Contrast Enhancement: Adjusting the brightness and contrast of an image can help to improve the visibility of text
regions, especially in low quality or degraded document images.

2.2.2. Feature Extraction
The discriminative features of the pre-processed document images were obtained using the Histogram of Oriented Gradients
(HOG). HOG is a hand-crafted feature descriptor which shows the distribution of local intensity gradients and edge directions
in an image. It is particularly suitable for printed text material with structural properties like stroke patterns, character shapes
and edge orientations. HOG yields an effective and compact representation that is able to capture the differences well and hence
helps in accurate script identification (17).

Before feature extraction, each document image was converted to grayscale, and resized to 128×128 pixels. The HOG
descriptors were calculated using 9 orientation bins, cell size of 8×8 pixels, block size of 2×2 cells, and L2-Hys block
normalization.Then, the extractedHOG feature vectors were standardized using StandardScaler to normalize the feature values
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before classification.The normalized feature vectors thus obtained were used as input for all machine learning classifiers tested
in this study.

2.2.3. Machine learning Classifiers
Machine learning classifiers were selected for comparative evaluation of HOG features using different classification approaches.
The selected classifiers include: Support Vector Machine (SVM), Random Forest (RF), K-Nearest Neighbors (KNN) and Naïve
Bayes (NB), which represent margin-based, ensemble, distance-based and probabilistic learning approaches, respectively.
This selection allows the discriminative power of the HOG feature representation to be evaluated across classifiers with
different learning mechanisms, thus providing a more comprehensive basis for comparing their effectiveness in printed script
identification. Pre-processed document images were used to extract Histogram of Oriented Gradients (HOG) feature vectors,
which were used to train each classifier. To ensure a consistent evaluation process for all the classifiers, the dataset was split
into 80% training and 20% testing subsets. Hyperparameter optimization for all classifiers was done using GridSearchCV with
five-fold cross-validation, and the best parameter combination from the grid search was used to train each final classifier.

• Support Vector Machine (SVM) is a supervised machine learning algorithm that is used for classification problems and
can form a best decision boundary that maximizes the separation between classes.This property makes SVM particularly
appropriate for a high dimensional feature space, so that it can achieve good generalization performance (18). Histogram
of Oriented Gradients (HOG) feature vectors were used in training the SVM classifier in this study.The HOG descriptors
represent the structure of the script, and the SVMmodel is trained to discriminate between the scripts in order to achieve
accurate identification.The trained classifier was then used to classify the input document images to their respective script
categories.

• K-Nearest Neighbors (KNN)K-Nearest Neighbours (KNN) is a supervised non-parametric machine learning algorithm
which classifies an input sample based on the majority class of its k nearest neighbours in the feature space.The simplicity
and effectiveness of the classifier depends on the distance metric used to determine the similarity between the samples,
which is the reason for the simplicity and effectiveness of this approach (19). Pre-processed Document Images were used to
extract the HOG feature vectors to train the KNN (k-Nearest Neighbor) classifier. In the HOG descriptors, the structural
features of the scripts are encoded and when an image is presented to the KNNmodel, it is classified based on the feature
representation of the image and the feature representation of the nearest training sample.

• Random Forest (RF) is a powerful ensemble learning algorithm which constructs multiple decision trees in training and
classifies by voting themaximumof individual trees (20).TheRandomForest takes the output frommany trees to get amore
accurate and robust classification than a single decision tree and less likely to over-fit.TheHistogramofOrientedGradients
(HOG) feature vectors from the pre-processed document images were used to train the Random Forest Classifier. The
HOG descriptors are the structural properties of the scripts, which can be used to effectively learn the discriminative
patterns for script identification. The input document images were then classified to the script classes using the trained
Random Forest model.

• Naive Bayes (NB) is a kind of supervised machine learning algorithm that relies on the principle of conditional
independence of features given the class label, and on the Bayes’ theorem. Although this assumption is a simplification,
Naïve Bayes has been demonstrated to have good performance in many text classification and pattern recognition
problems because of its computational efficiency and its high-dimensional feature space tolerance (21). In this work we
used the Histogram of Oriented Gradients (HOG) feature vectors of the pre-processed document images for training the
Naive Bayes classifier. The extracted HOG descriptors represent discriminative information about the structure and the
classifier can estimate the posterior probability of each script class and classify the input image to the class with highest
posterior probability.

2.2.4. Implementation Details
The classical machine-learning models were implemented in Python using the Scikit-learn library. The images of the input
document were converted to grayscale and were resized to (128×128) pixels. The HOG features were extracted with 9
orientations, (8 x 8) pixels per cell, (2 x 2) cells per block, and L2-Hys block normalization. The extracted HOG feature vectors
were standardized using StandardScaler, and the class labels were encoded using LabelEncoder. The dataset was divided into
training and held-out test subsets using an 80:20 stratified split. Then, the classifiers, namely SVM, Naïve Bayes, Random
Forest, and KNN, were developed with their respective Scikit-learn implementation. For KNN, dimensionality reduction based
on PCA was also added in a sequential pipeline with feature scaling. For each model, the best hyperparameter configuration
was determined by GridSearchCV, with five-fold cross-validation and accuracy as the scoring criterion. The search spaces and
selected configurations are summarized in Table 2. After optimization, the selected models were trained on the training subset
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and evaluated on the held-out test subset with commonly used metrics for classification, including accuracy, precision, recall,
F1-score, confusion matrix. These evaluation measures give the complete picture on the performance of the classifiers and can
also facilitate a fair comparison among the classifiers evaluated.

2.2.5. Hyper-Parameter Configuration
The hyper-parameters of the machine learning classifiers were optimised via GridSearchCV. The search space and the selected
configuration are shown in Table 2.

Table 2.Hyper-Parameter configuration of diffrenet Models
Model Hyper-Parameters Best Configuration
SVM C={0.1,1,10,100}; kernel = {linear, RBF}; gamma = {scale, auto} Linear kernel, C=0.1
Naïve
Bayes

var_smoothing optimized using GridSearchCV with five-fold
cross-validation

var_smoothing =1 x 10-12

Ran-
dom
Forest

Splitting criterion; maximum tree depth; minimum samples to split a
node; minimum samples in a leaf node; number of decision trees

Gini criterion; 200 trees; max_depth = 20;
min_samples_split = 2; min_samples_leaf = 1

KNN Number of neighbors; distance metric; weighting scheme; number of
PCA components; GridSearchCV with five-fold cross-validation.

9 neighbors; Euclidean distance; distance-based
weighting; 150 PCA components

3 Results and Discussion
The document images were pre-processed, and Histogram of Oriented Gradients (HOG) feature descriptors were extracted to
train and evaluate various machine learning classifiers for Kashmiri-English script identification.The Support Vector Machine
(SVM) obtained the best overall performance among the classifiers considered. The optimized SVM model achieved a cross-
validation accuracy of 98.82%± 0.36% and a test accuracy of 99.0%.This indicates a good generalization across different subsets
of the dataset. The classifier achieved precision values of 0.99 and 0.98, recall values of 0.98 and 0.99 for English and Kashmiri,
respectively, andF1-scores of 0.99 for both English and Kashmiri scripts (shown in Table 3), indicating the classifier’s balanced
and reliable classification performance.The robustness of the classifier is also verified by the confusionmatrix shown in Figure 3
(a), where only 8 images of English script are misclassified as Kashmiri and 4 images of Kashmiri script are misclassified as
English. The better performance of SVM can be attributed to its ability to separate high-dimensional HOG feature vectors and
hence it is best suited for printed script identification.

The performance of the Naïve Bayes (NB) classifier was also evaluated using the extracted HOG feature descriptors. The
optimizedNBmodel obtained a cross-validation accuracy of 97.33%± 0.67% and a test accuracy of 97.0%.ThePrecision, Recall
and F1-score of English script include: 0.99, 0.95, 0.97 and for Kashmiri script, the values are: 0.96, 0.99, 0.98 represented in
Table 3.The confusionmatrix in Figure 3 (b) indicates that 20 English script images aremisclassified asKashmiri and 3Kashmiri
script images are misclassified as English. Naïve Bayes classifier has good performance for printed script identification. These
results show that the performance of Naïve Bayes is slightly lower than that of the SVM classifier. This is due to the conditional
independence assumption of Naïve Bayes, which limits its ability to model the complex relationships among HOG features.

The Random Forest (RF) classifier was also evaluated using the extracted HOG feature descriptors. Using these settings, the
optimized RF classifier obtained a cross-validation accuracy of 97.22% ± 0.69% and a test accuracy of 98.00%. The classifier
achieved precision of 0.99 and 0.96, recall of 0.95 and 0.99 and F1-scores of 0.97 and 0.98 for English and Kashmiri scripts
(shown in Table 3), respectively. The confusion matrix in Figure 3 (c) shows that 19 English script images are misclassified as
Kashmiri and only 3 Kashmiri script images are misclassified as English. The close agreement between the cross-validation
and test accuracies shows that the model generalised well to unseen data. The Random Forest classifier was good in terms of
classification, but its overall predictive performance was a little bit lower than that of the SVM classifier.

Another classifier tested in this study was the K-Nearest Neighbors (KNN) classifier, the baseline model achieved 58%
accuracy. To improve performance, the dimensionality of the HOG feature vectors was reduced by applying Principal
Component Analysis (PCA) to remove redundant and less informative components. With these settings the optimized model
scored a cross-validation accuracy of 97.58% ± 0.40% and a test accuracy of 98 %. The model achieved precision values of
0.99 and 0.97, recall values of 0.96 and 0.99, and F1-scores of 0.97 and 0.98 for the English and Kashmiri scripts (shown in
Table 3) respectively. The significant improvement over the baseline demonstrated that PCA was able to minimize the effect of
the high-dimensional HOG feature space on the distance-based KNN classifier, resulting in a more reliable and accurate script
identification.
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Table 3. Classification report of the implemented models
Model Class Precision Recall F1-Score Accuracy
SVM English

Kashmiri
0.99
0.98

0.98
0.99

0.99
0.99

0.99

KNN English
Kashmiri

0.99
0.97

0.96
0.99

0.97
0.98

0.98

Naïve Bayes English
Kashmiri

0.99
0.96

0.95
0.99

0.97
0.98

0.97

Random Forest English
Kashmiri

0.99
0.96

0.95
0.99

0.97
0.98

0.98

The comparative evaluation of the machine learning classifiers shows that the Support Vector Machine (SVM) performed
best in the Kashmiri-English script identification. The optimized SVM model achieved the best test accuracy of 99.0% and
cross-validation accuracy of 98.82% ± 0.36% which shows excellent generalization and the least misclassification errors. The
Random Forest and the PCA-enhanced K-Nearest Neighbors (KNN) classifiers also performed competitively, both of them
reaching a test accuracy of 98.0%. Naïve Bayes had the lowest performance among the evaluated classifiers, with a test accuracy
of 97.0%. The results in general show that the HOG feature descriptors perform very well for printed Kashmiri-English script
identification and SVM is found to be the most robust and accurate classifier.

3.1 Error Analysis

The confusion matrices in Figure 3 give us more information about the misclassification patterns of the evaluated classifiers.
Overall, the models predicted most of the samples correctly in both English and Kashmiri and are able to discriminate
between both scripts. The Naïve Bayes classifier misclassified 20 English samples as Kashmiri and only 3 Kashmiri samples
as English. Random Forest misclassified 19 English samples as Kashmiri and 3 Kashmiri samples as English. KNN had 15
English-to-Kashmiri and 5 Kashmiri-to-English errors. In contrast, SVM produced the fewest English-to-Kashmiri errors,
with 8 misclassifications, and 4 Kashmiri-to-English errors. The small number of errors across all models shows that HOG
descriptors can learn discriminative structural information from printed script images.

Nevertheless, the residual misclassifications are due to the variations in character shapes, stroke structures, spacing, font
properties, and other visual characteristics of the document images. Such differences can lead to similar local gradient and
edge patterns in HOG representations, which might decrease the discrimination between the two scripts for some samples.
In particular, there is the possibility that differences in character appearance and stroke arrangement may cause individual
Kashmiri samples to show visual patterns that overlap with those learned from English samples, and vise versa. This overlap
can lead to the cross-script misclassifications shown. For most classifiers, the higher number of English-to-Kashmiri errors
compared to Kashmiri-to-English errors also suggests that some English examples have structural patterns that are less
distinctive in the HOG feature space. However, all classifiers were able to separate the two scripts with high accuracy, and SVM
yielded the most consistent separation among all techniques explored. The effectiveness of the proposed approach is further
evaluated by comparing the proposed approach with the published studies in the following subsection.

3.2 Comparative Analysis with Published Studies

To further assess the effectiveness of the proposed approach, the performance of the proposed HOG-SVM framework was
compared with representative script identification methods reported in the literature, as summarized in Table 4. Most existing
studies have focused on high-resource languages and different types of datasets, whereas the present work focuses specifically
on printed Kashmiri–English script identification using a dedicated low-resource dataset. Since the published studies were
conducted using different datasets, script classes, pre-processing procedures, image types, and experimental protocols, their
reported performance values are not considered for direct quantitative comparisons. Instead, they are presented to provide
contextual insight into the competitiveness of the proposed framework.

Within the present experimental setting, SVM, KNN, Naïve Bayes, and Random Forest were independently implemented
and evaluated on the curated dataset described in this study. Evaluating all classifiers under the same dataset and experimental
conditions enabled a fair and consistent comparison of their performance. Among the evaluated classifiers,HOG-SVMachieved
the highest performance, with an overall test accuracy of 99.0%, and was therefore selected as the proposed framework.
The proposed HOG-SVM framework combines handcrafted Histogram of Oriented Gradients (HOG) features with an SVM
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Fig 3. Confusion Matrices of different Models

classifier, demonstrating that carefully designed handcrafted features coupled with a traditional machine-learning classifier
can achieve very high script-identification accuracy without the additional architectural complexity and computational
requirements associated with deep-learning models.

For comparison with published studies, Mukherjee and Roy (6) reported an accuracy of 99.2% using a CNN-BLSTM-
CTC framework for simultaneous script identification and OCR. Singh et al. (11) reported an accuracy of 95.14% using SVM
for line-level script identification, while Mahajan and Rani (22) reported an average F1-score of 94% using a CNN-based
approach for script identification from scene images. The proposed HOG-SVM model achieved an accuracy of 99.0% and
is therefore competitive with the reported results, particularly considering that it is obtained for a low-resource Kashmiri–
English setting using handcrafted features and a conventional machine-learning classifier. However, owing to the differences in
datasets, script classes, pre-processing procedures, and evaluation protocols, these results should be interpreted as contextual
comparisons rather than direct quantitative comparisons. Overall, the findings demonstrate the effectiveness of HOG-SVM for
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printed Kashmiri–English script identification and highlight its ability to achieve high accuracy with a comparatively simple
classification framework.

Table 4. Comparison of the proposed HOG–SVM framework with published script identification methods.
Reference Dataset Method Reported Performance Remarks
Mukherjee
and Roy (6)

ISIDDI, RETAS, and a custom
Hindi–Tamil dataset

CNN +
BLSTM + CTC

Script Identification
Accuracy = 99.2%

Simultaneous Scrpt
Identification and OCR

Singh et al. (11) Indic Scripts SVM Accurcay = 95.14% Script Identification at line-level
Mahajan and
Rani (22)

NITJDATASET CNN Average F1-Score = 94% Script Identification from Scene
Images

Proposed
Model

English-Kashmiri HOG-SVM Accuracy = 99% Script Identification of Printed
Document Images.

4 Conclusion
This study introduces a framework for identification of printed Kashmiri-English script using Histogram of Oriented Gradient
(HOG) feature descriptors. In this study, the goal was to build a robust script identification system for a low resource language
by creating a printed Kashmiri-English dataset and by evaluating several machine learning classifiers in a systematic way under
a common experimental framework. Among the classifiers evaluated, the proposed HOG-SVMmodel yielded the best results
with a cross-validation accuracy of 98.82% ± 0.36%, test accuracy of 99.0%, and precision and recall of 0.99 and 0.98 for
English and 0.98 and 0.99 for Kashmiri, respectively.These results show that HOG descriptors are able to capture the distinctive
structural features of the two scripts using a traditional machine learning approach.

Theprimary contribution of thiswork is a printedKashmiri-English script dataset and an extensive comparative evaluation of
classicalmachine learning classifiers using different learningmechanisms for script identification in the context of a low resource
language. Results show that handcrafted HOG features combined with the SVM classifier offer a strong and computationally
efficient baseline with competitive performance, without the complexity of deep learning models. This work provides a strong
benchmark for future research on Kashmiri script identification and multilingual document analysis.

Future work can extend the proposed framework for multilingual script identification by incorporating more Indic and
Perso-Arabic scripts and evaluating the performance onhandwritten documents, degraded historicalmanuscripts, and complex
document layouts. Furthermore, advanced architectures, including transformer-based approaches such as Vision Transformers
(ViTs) and OCR-based models such as TrOCR, PaddleOCR, and CRNN, could be explored to enhance the recognition
performance further. Since the current dataset contains approximately 300 more Kashmiri images than English images, future
versions of the proposed Kashmiri–English dataset will also aim for amore balanced class distribution. A balanced and publicly
available benchmark dataset will help the development, fair comparison, and evaluation of future script identificationmethods.
These developments will ease the development of reliable OCR systems, digital document preservation, and document analysis
for low-resource languages.
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