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Abstract Nepal Lipi, previously referred to as Prachalit Lipi, the historical script of the Kathmandu Valley, is the carrier of invaluable cultural
and historical knowledge stored in ancient manuscripts and artifacts. However, this heritage is largely inaccessible and faces a significant risk of
being lost due to the lack of effective digital preservation tools.
Our primary objective was to address lack of a system to systematically evaluate, compare and recognize Lipi text using modern OCR engines and
assist in the digitization/preservation of these scripts.
To achieve our goal we decided on using four prominent OCR engines : EasyOCR, PaddleOCR, TesseractOCR, CalamariOCR. To train and validate
the models we developed a custom dataset consisting of about 4,625 line level images sourced from historical dataset.
After evaluation there were significant performance differences between themodels. CalamariOCR emerged as the top performingmodel achiev-
ing a Character Error Rate (CER) of just 3.755 percent and PaddleOCR as the second most effective model with a CER of 9.06 percent. This study
establishes one of the few benchmarks of OCR engines for Nepali Lipi. To ensure practical impact and ease of use the models were integrated into
a simple web-app. This provided a tool for preservation and comparison of Prachalit Lipi which serves as a critical tool in this area.
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1. Introduction

Nepal Lipi (Nepal Script), traditionally used towrite Nepal Bhasa,
was replaced by Devanagari in modern times. With declining use
and the deteriorating condition of old documents, our heritage is
at risk. Digitizing such old manuscripts is of historical and cultural
importance. Developing a specialized Optical Character Recogni-
tion (OCR) model for Nepal Lipi is a step toward its preservation.
However, being a low-resource scripts, it is challenging to develop
such an OCR model.

Optical Character Recognition is the technique that converts
printed or handwritten text to editable text formats. Around the
world, OCR is widely used for the purpose of digitizing books, doc-
uments, and archival materials. It allows the possibility to search,
edit, and analyze texts that would otherwise be inaccessible. In the
context of Nepal Lipi, OCR plays a significant role in digitizing doc-
uments, allowing better access and study of historical Nepal Bhasa
texts.

Several OCR tools are available that claim to support a wide
range of scripts. In this research work, we assessed 4 such tools
for recognizing Nepal Lipi texts in handwritten manuscripts. We
trained four OCR models - EasyOCR [1], PaddleOCR [2], Tesserac-
tOCR [3], and CalamariOCR [4] - on a dataset collected from Patan
Campus. Among them, CalamariOCR had the best performace with
an average Character Error Rate (CER) of 3.755%. We also deployed
a web application for text extraction from images of documents
written in Nepal Lipi. With the aim to contribute to the preser-
vation of Nepal’s cultural heritage, we believe this work can open
opportunities in the field of Nepal Lipi OCR.

The paper is organized as follows: Section 1 provides an intro-
duction to the problemdomain and outlines themotivation behind
the study. Section 2 reviews relevant literature and existing meth-
ods related to Nepal Lipi and OCR engines. Section 3 describes the
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methodology, including data collection and the techniques used
for processing and analysis. Section 4 presents the results obtained
from experiments and discusses their implications. Section 5 con-
cludes the study with a summary of key findings and outlines po-
tential directions for future work.

2. Related Works

Optical Character Recognition (OCR) has now become a critical
application area of machine learning, especially for document dig-
itization, translation, and preservation. The development of deep
learning has had a remarkable impact on the improved perfor-
mance of OCR, especially in low-resource scripts such as Nepal Lipi.

[5] deliver an overview of modern OCR systems, highlighting
the evolution from traditional methods to deep learning architec-
tures like Convolutional Neural Networks (CNN), ecurrent Neural
Networks (RNN), onvolutional Recurrent Neural Networks (CRNN),
and Transformers. These models incorporate components such as
Connectionist Temporal Classification (CTC) decoding, facilitating
strong text recognition and layout analysis across multiple docu-
ment formats.

CNN-RNN hybrid, CRNNs have been proven efficient for se-
quence recognition in handwritten text, as emphasized by [6]
and [7]. PaddleOCR has further characterized the efficiency
of lightweight CRNN-based frameworks in handling multilingual
texts with convolutional layers for feature extraction, BiLSTM
(Bidirectional Long Short-Term Memory) for sequential under-
standing, and CTC for alignment-free decoding. On the other hand,
Transformer-based models such as TrOCR [8] surpass traditional
architectures at times by leveraging attention mechanisms and
large-scale pretraining, often reducing the need for extensive pre-
processing.

OCR for low-resource scripts is highly dependent upon high-
quality datasets and extensive pre-processing. [9], and [10] pre-
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sented the Ranjana Script Handwritten Character Datasets (RHCD),
Rañjanā Lipi Dataset (RLD) respectively. Similarly, [11], and [12]
published datasets on Nepal Lipi. These datasets were curated
through community participation and accurate pre-processing.
This helped achieve high accuracy and highlights the importance
of script-specific datasets. Similarly, PreP-OCR [13] demonstrates
that even advanced OCR systems perform significantly better with
image enhancement techniques such as denoising, distortion cor-
rection, and basic operations like resizing and binarization.

Fine-tuning and transfer learning have arisen as fundamental
strategies for adapting OCR models to low-resource languages.
[14] demonstrate how TrOCR can be effectively fine-tuned for
scripts likeNepali and Bengali using synthetic data and pre-trained
weights.

These past studies highlight the importance of integrating deep
architectures with dataset-focused strategies to build an effective
OCR system for complex and low-resource scripts.

3. Theoretical Background

3.1. Convolutional Neural Networks (CNNs)
CNNs are neural networks that process input images and extract

features like loops, curves, lines, and shapes of characters from the
input image with the use of filters. Filters are used for a convolu-
tion operation that converts a raw image into ameaningful feature
map. This is the first step in an OCR model.

3.2. Recurrent Neural Networks (RNNs)
Recurrent Neural Networks (RNN) RNNs are neural networks

that process the data by remembering the past data and utilizing it
to recognize future sequences. Long Short-Term Memory (LSTM)
makes use of the forget gate and the keep gate to manage past data
used in further processing. LSTM processes texts only in the for-
ward direction, while Bidirectional LSTM(BiLSTM) processes texts
in both forward and backward directions simultaneously. BiLSTM
offers better context and accuracy for that reason.

3.3. Connectionist Temporal Classification (CTC)
CTC is a loss function used in OCR when the alignment between

input and output is unknown. It allowsmodels to be trained end-to-
end without explicit character-level annotations by introducing a
blank token and collapsing repeated predictions. Decoding is done
either quickly with greedy search or more accurately with beam
search.

3.4. Convolutional Recurrent Neural Networks (CRNNs)
CRNNs are a hybrid architecture that combines CNNs and RNNs.

CNNs are used to extract features like loops, curves, lines, and
shapes of characters from the input image, and RNNs are used to
process the sequence of data. This makes CRNN perfect for tasks
that require both spatial and temporal information. It consists of
stacked convolutional layers, followed by recurrent layers, which
help to achieve accuracy in the real world.

3.5. Character Region Awareness for Text Detection (CRAFT)
CRAFT is a deep learning model used to locate and outline text

with images. CRAFT first identifies the individual characters and
then determines how they connect to form a word or a sequence
of texts. This can be achieved by creating twomaps: a region score
map that highlights where the charactersmight be present, and an
affinity score map that links the characters that might belong to
the same sequence. With the help of these two maps, CRAFT accu-
rately detects texts for the text detection stage in the OCR pipeline.

3.6. Data Augmentation
Data augmentation refers to using pre-processing techniques

such as rotation, distortion, and noise. These techniques can be
used to manipulate the thickness, height, and strokes of the ori-
gins; images to create a diverse dataset that simulates the varia-
tions found in real-world images.

3.7. Decoding Strategies
OCR output probabilities must be decoded into character se-

quences. Greedy decoding selects the most probable character at
each timestep and is computationally efficient but less accurate.
Beam search decoding considers multiple candidate sequences to
find the most likely output at the cost of higher computation.

3.8. Voting Ensembles
Voting Ensemble combines the predictions from multiple mod-

els and uses them to make the final prediction. This can be
achieved using majority voting or probability scores. This method
improves accuracy and reduces error even when handling uncer-
tain or noisy inputs.

3.9. OCR Pipelines and Architectures
EasyOCR: EasyOCR implements a modular OCR pipeline begin-

ning with image preprocessing, like noise reduction, binarization,
and skew correction, to enhance image quality. It utilizes the
CRAFTmodel for detecting character regions by generating charac-
ter region and affinity score maps. For text recognition, EasyOCR
employs a CRNN architecture composed of convolutional layers
for feature extraction and BiLSTM layers for sequence modeling.
The output is decoded using CTC with options for greedy or beam
search decoding. Finally, post-processing techniques such as spell
correction and text normalization improve the output quality.
TesseractOCR: TesseractOCR version 4 and above uses an LSTM-

based deep learning model. Its pipeline includes preprocessing
with grayscale conversion, thresholding, and noise correction, fol-
lowed by layout analysis to segment text blocks, lines, and words.
The character recognition stage uses a CNN combined with LSTM
layers, decoded with CTC loss. Language modeling with dictionar-
ies and n-grams assists in refining predictions.
CalamariOCR: CalamariOCR is designed for line-level OCR, oper-

ating on pre-segmented text lines. It preprocesses images by con-
verting them to grayscale and resizing them to a fixed height. It
consists of CNN layers for spatial feature extraction, followed by
BiLSTM layers for contextmodeling, and aCTCdecoding layer. Dur-
ing training, it uses the Adam optimizer with gradient clipping for
stability. At inference, CalamariOCR supports voting ensembles
across multiple trained models to improve prediction reliability
and confidence.
PaddleOCR: PaddleOCR’s pipeline begins with preprocessing

and augmentation using decoding, random augmentations, and re-
sizing. Its core recognition model is a CRNN variant using Mo-
bileNetV3 as the CNN backbone for efficient feature extraction,
Bi-RNN layers for sequence modeling, and a linear softmax head
with CTC loss for training. Optimization uses AdamWwith a cosine
learning rate scheduler. Decoding employs greedy methods with
CTC label decoding. This architecture is well-suited for resource-
constrained environments and supports multiple languages, in-
cluding Nepal Bhasa.

4. Methodology
With the aim of assessing the performance of various OCR mod-

els for recognizing texts from documents written in Nepal Lipi, we
followed a structured approach starting from data acquisition and
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augmentation to choosing and deploying the OCR model. Fig. 1
illustrates the methodology we followed.

Figure 1: Block diagram illustrating workflow of OCR system.

4.1. Data Acquisition

A data set of 1,156 line segmented images of handwritten
manuscripts was sourced from the Department of Nepal Bhasa,
Patan Campus. The obtained images had already gone through
data preprocessing steps that include binarization, line segmenta-
tion, noise reduction, and orientation correction. An example of
an image is shown in Fig. 2.

Figure 2: Original image

4.2. Data Preprocessing and Augmentation

In order to enhance model accuracy and generalization as well
as to avoid overfitting, data augmentation techniques like erosion,
resizing, and dilation were applied, resulting in an increase of the
dataset to 4,625 images. Fig. 3 and Fig. 4 show the images after
applying erosion, and dilation techniques respectively.

Figure 3: Eroded image

Figure 4: Dilated image

4.3. Model Comparison

The OCR models evaluated in this project were PaddleOCR, Cala-
mariOCR, EasyOCR, and TesseractOCR. Pre-trained models were
used for PaddleOCR, CalamariOCR, and TesseractOCR, while Easy-
OCR was trained from scratch. All of these models were trained on
line segmented imgages.

The data set was divided into three sets of train, test and val-
idation with an 80/10/10 ratio. The training set of 3,700 images,
testing set of 464 images, and validation set with 463 images were
prepared. Two sets with the same split were created to ensure an
unbiased treatment of model performance.

The models were trained using the following parameters:

• EasyOCR: 70,000 iterations, Batch Size = 16
• TesseractOCR: 300,000 iterations, Batch Size = 1
• PaddleOCR: 200 epochs, Batch Size = 32
• CalamariOCR: 107 epochs, Batch Size = 16

Although the models were intended to be trained under similar
conditions, variations in default batch sizes, training parameters
(iterations/epochs), and early stopping resulted in differences.

The input image sizes were:

• EasyOCR, TesseractOCR, CalamariOCR: 32×variable width
• PaddleOCR: 32×360

Thesemodels were evaluated based on their average CER perfor-
mance on the testing set.

4.4. Web App Development

Aweb appwas developed using ReactJS for front-end andDjango
for back-end. It allows users to upload images, processes them
through the OCR model, and returns recognized text, supporting
modularity and future scalability.

5. Results and Discussions
In this section we present the results and evaluation metrics for

the models. Models were evaluated based on their setup process
and results after running inference on the test set data.

5.1. Model Architecture Comparison

The models were initially evaluated on the basis of their ease
of setup,drawbacks, models, documentation and support as well as
their preferred/supported device. Tesseract only supported train-
ing on CPU which made the training lengthy and taxing on the
hardware, EasyOCR had lack of proper support for other languages
and documentation as well as requiring LMDB dataset to train,
while PaddleOCR had its limitation on the recognition of curved
text and CalamariOCR being sensitive to noise needing cleaner
data.

Table 1: Comparison of OCR Models

Model Device Setup Drawback Architecture
PaddleOCR CPU/GPU Easy, well-

documented
Limited with
long/curved
text

CRNN

TesseractOCR CPU Requires
external
tools

Sensitive to
image quality

CNN + LSTM

EasyOCR CPU/GPU Needs
LMDB; long
setup

Few
pretrained
models

CRNN + CTC

CalamariOCR CPU/GPU Simple, but
GPU setup
tricky

Weak on noisy
inputs

CNN + BiLSTM +
CTC

5.2. Model Performance

Character Error Rate (CER) was used to compare the model per-
formance. Table 2 and Figure 5 presents the CER observed on the
test data set.

Table 2: Average CER (%) of OCR Models

Model Average CER (%)
CalamariOCR 3.755
PaddleOCR 9.060
EasyOCR 11.039
TesseractOCR 25.516
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Figure 5: Average CER(%) of OCR Models

CalamariOCR performed the best with an average CER of 3.755%,
owing to its CNN + BiLSTM + CTC architecture and ensemble pre-
diction strategy. PaddleOCR followed with a CER of 9.06%, aided
by a robust CRNN pipeline. EasyOCR, though capable of flexible
input sizes, suffered due to its training complexity and limited pre-
trained support. TesseractOCR performed worst, struggling with
noise and variability in inputs.

PaddleOCR obtained the second-best performance with an aver-
age CER of 9.06% over two datasets. Its architecture which is based
on CRNN and the comprehensive documentation made it efficient
for us to train and deploy. Its fixed input size could have limited
it to adapt to variable text lengths causing a slightly higher error
rate.

EasyOCR obtained amoderate performance with an average CER
of 11.039%. Its flexible input size allowed proper handling of vari-
able text but the requirement of LMDB input format and limited
number of pretrained models affected its ease of use and perfor-
mance. Its architecture combines CRNN, LSTM and CTC which
sounds strong in theory but the lack of proper pre-training has im-
pacted its recognition accuracy, especially for augmented samples.

TesseractOCR obtained the highest CER of 25.516% which repre-
sents the significant recognition challenges it faced. The model
had a hard time recognizing images with noise, inconsistent for-
matting or even lower contrast. Due to it being dependent on clean,
well formatted inputs, it adapted poorly to real world document
conditions. TesseractOCR produced blank outputs and incorrect
characters when it was dealing with distorted samples leading to a
large number of substitution and deletion errors.

5.3. Output Comparsion

Figure 6 is a sample image from a test data on all of the fourmod-
els as a view point of comparison.

Figure 6: Sample from test data as a view point of comparison

5.3.1. EasyOCR

CER: 11.039%

Figure 7: Output from EasyOCR

5.3.2. PaddleOCR
CER: 9.06%

Figure 8: Output from PaddleOCR

5.3.3. CalamariOCR
CER: 3.755%

Figure 9: Output from CalamariOCR

5.3.4. TesseractOCR
CER:25.51%

Figure 10: Output from TesseractOCR

5.4. Demonstration
Figure 11 presents the web app interface for our project. We

have the ability to choose among the 4 trained models, get an in-
put image preview as shown in Figure 12. Figure 13 illustrates the
extracted text from the selected model. We can either download
the text file or copy from the webapp

Figure 11: Webapp interface
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Figure 12: Image upload portal

Figure 13: Extracted text displayed in webapp

6. Conclusion
This paper presented the development and evaluation of four

OCR engines for the digitization of Nepal Lipi, utilizing a custom
dataset. The dataset consisted of line-segmented images of hand-
written manuscripts. Among the four engines, CalamariOCR and
PaddleOCR demonstrated superior accuracy, achieving Character
Error Rate (CER) of 3.755% and 9.06%, respectively.

This project contributed to the digitization of ancient docu-
ments written in Nepal Lipi. Furthermore, it lays a strong founda-
tion for future research on Nepal Lipi digitization and script con-
servation.

Due to the lack of availability of resources, and time. The pri-
mary fine tuning was using either pretrained models with weights
or by training the model from scratch on the dataset.Further en-
hancement were based on adjusting the batch size and training it-
erations or epochs for eachmodel. Someof themodel utilized early
stopping to stop training beyond a specified threshold. The mod-
els were also trained on 3 sets of randomized selection of data from
the dataset to ensure variety and variability in the training.

The results of this project were successfully integrated into a
web app, allowing users to upload images and receive digitized out-
put in real time.

6.1. Future Work and Enhancement
Although a great deal of progress has been made in this project

for Lipi detection, there are still some limitations and further en-
hancements that can be made.

6.1.1. Short Term Future Work
Some short term goals that we have realized we can achieve in

this projects are :
• Model Refinement and Error Analysis: Instead of training
new architectures, focus on fine-tuning the hyperparameters
of your best-performing models (Calamari and PaddleOCR).

• Enhanced Data Augmentation: Go beyond the current
augmentation techniques. Experiment with more ad-
vanced methods like elastic distortions, perspective trans-
forms, and generating synthetic noise that mimics real-world
manuscript degradation.

6.1.2. Long Term Future Work
Although the project may seem sufficient for now, there are sev-

eral ways we can enhance this by introducing larger goals such as
these :

• CustomModel Development: Asmentioned in the literature
review, Transformer-based models like TrOCR show great
promise. A long-term goal would be to gather a much larger
dataset and fine-tune or train a Transformer architecture
specifically for Nepal Script.

• Creating a Public API and Collaborative Platform: Evolve
your web app into a fully-fledged public platform. Develop a
public API so that other researchers, digital archives, and li-
braries in Nepal and around the world can integrate your OCR
capabilities into their own systems.

• Full Document Layout Analysis: Current models work on
pre-segmented lines. A major next step is to develop a sys-
tem that can take a raw image of an entire manuscript page
and automatically perform layout analysis.
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