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Abstract—Handwriting recognition has emerged as a
crucial area of exploration and implementation within
Avrtificial Intelligence, fueled by the increasing demand
for automated document processing, analytical
archiving, and intelligent data extraction. Although
traditional Optical Character Recognition (OCR)
systems are effective with printed text, they frequently
face challenges with the variations and intricacies of
handwritten data. This has prompted the advancement
of more complex computational methods, particularly
deep learning and Natural Language Processing (NLP),
to boost accuracy in recognition and contextual
comprehension. This review evaluates seven recent
research contributions that together illustrate the
current state of handwriting recognition. These
contributions utilize a range of intelligent techniques,
such as Convolutional Neural Networks (CNNs) for
visual feature extraction, Recurrent Neural Networks
(RNNs) for predicting sequences, fuzzy logic for
interpretability and grading, and transformer-based
models like BERT and RoBERTa for refining context
post-recognition. The documented experiments deal with
tasks ranging among analytic response generation,
document scanning, fine-grained recognition of
characters, and parsing unstructured documents. This
paper has performed a task-specific survey of the
mentioned tasks and evaluates the methods best capable
of hybridizing deep learning and NLP methods to
enhance the efficacy and performance of handwriting
recognition systems. Currently the defined challenges
pertain to accuracy of its syntax, computational
scalability, and flexibility with respect to languages and
styles.

Index Terms—Deep Learning, NLP, CNN, RNN, BERT,
Fuzzy Logic

I. INTRODUCTION
Traditionally, handwriting recognition relied on rule-

based OCR (Optical Character Recognition) systems
that performed well on neatly printed or typewritten
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text but struggled with the irregularities of human
handwriting. Traditional methods have been proven
ineffective for uniform accuracy due to stark
difference in stroke width, curvatures, alignments, and
character spacing in cursive and printed letterforms.
Thus, it revolutionized the whole concept towards
data-driven systems even further when such systems
were supplemented by powerful deep-learning
algorithms such as Convolutional Neural Networks
(CNNs) and Recurrent Neural Networks (RNNS) .
CNNs has revolutionized the domain because they
provide healthy solutions toward the learning of their
descriptive features from images. They recognizes
low-level features such as lines and curves at shallow
layers and high-level shapes at deeper layers-highly
suited for digit and letter recognition [2].

The systems for recognizing handwriting have gone
through remarkable advancement, thus leading to
modern architectures that use a mixture of different
models to obtain the highest levels of accuracy. A
typical combination involves CNNs, BiLSTM, and
CTC, wherein CNNs are used as heavy-duty feature
extractors that are able to recognize important
handwriting features, such as shapes and strokes.
BiLSTMs takes care of preserving the temporarily
dependent character or stroke relationships that are
needed to sequence interpretations in handwriting-
words or sentences become very important in this
regard. CTC is then used to make clear the predictions
of the goal text from poor, possibly non-sequential,
handwriting. This hybrid architecture of CNN-
BiLSTM-CTC remains the best from the standards of
contemporary handwriting recognition, stressing its
greater recognition ability compared to previous
recognized systems [5]. However, these hybrid
architectures have been shown to performed poorly
due to confusion caused by unusual shapes, narrow
contexts, or the joined appearance of characters. To
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overcome these challenges, recent developments have
involved integrating NLP into the whole recognition
pipeline.

Models utilizing Transformers, such as BERT and
RoBERTa, has acheived for assisting in the
understanding of handwriting through summarizing
the syntactic structure of the input text [3][6]. Because
it uses contextual information, this allows the system
to recover from non-recognition events in a coherent
manner and to mark the symbols of semantic
structures when the input shows partial distortion. For
instance, in [3], an NLP-driven system for assessing
free-form  handwriting started by converting
handwriting to text using OCR and then utilized BERT
embeddings to assess context. Cosine similarity
between generated text and the expected responses
was calculated, and fuzzy logic was adopted to score
the responses with educational marks. The approach
shows how NLP could be instrumental in enhancing
handwriting recognition, where the emphasis shifts
from simple keyword matching to giving a meaningful
interpretation of the text [3].

This paper seeks to analyze and synthesize seven
recent research contributions that evaluate prior
integrations. By examining their methodologies,
architectural designs, and assessment outcomes, the
study provides a cohesive overview of the current
landscape in handwriting recognition research. It also
highlights  existing challenges, methodological
shortcomings, and promising areas for future
investigation, including multilingual recognition, real-
time inference, and zero-shot learning processes.

Il. LITERATURE SURVEY

Rewritten CNN-based architectures have become a
cornerstone of modern handwriting recognition
systems. In [1], the authors proposed a deep learning
model that employed various convolutional and dense
layers to extract features from handwritten inputs. The
process begins with preprocessing steps such as
binarization and resizing, followed by a series of
convolutional layers designed to reveal local patterns,
including curves and edges. Pooling layers are
incorporated for downsampling, and the final output is
generated through fully connected layers and a
softmax function. This system was trained on a dataset
of handwritten digits and characters and demonstrated
improved accuracy over traditional OCR methods.
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Another study [2] expanded on the existing CNN
framework and analyzed their effectiveness in
different contexts, focusing on the variability in
writing styles and character sets. The research also
highlighted the importance of large datasets in training
robust models and enhancing inference quality. These
findings underscore the application of CNN-based
approaches in both text and digit recognition, paving
the way for more sophisticated hybrid architectures.
In [5], the authors introduced a more advanced
combination model incorporating Gated
Convolutional Units (GCUs) and Bidirectional GRUs
(BGRUFs) for full-line handwriting verification. Unlike
character-level models, this framework can process
entire sentences in printed text. The CNN component
derives features from grayscale images, while the
BGRU manages dependencies, effectively capturing
both  structural and positional information.
Additionally, a Seq2Seq model was employed for
spelling correction, enhancing the system's capability
to address misrecognized speech. This approach is
particularly well-suited for complex applications
where digitizing printed materials and postal
documents presents significant line-level challenges.
The study conducted by Dash et al. [3] presents a
scalable method for gathering structured information
from unstructured documents using OCR techniques
combined with subsequent NLP processes. The
approach utilizes Apache Spark OCR to transform
scanned PDF files into plain text. NLP techniques,
specifically named entity recognition (NER) and part-
of-speech (POS) tagging, were then applied to extract
meaningful information. Additionally, tokenization
and document processing techniques enhanced the
dataset, increasing the accuracy of the information
extracted. The authors validated their approach using
sensitive documents and reported a 42% increase in
information accuracy following the application of
NLP techniques. Their research highlights how the
accuracy of OCR can be significantly improved when
paired with advanced syntactic parsing methods—an
important insight for managing textual data in either
formal or semi-structured documents.

In [4], a solution for the problem of marking formative
descriptive handwritten answers was provided by the
authors. The original idea was integrated from two
modalities: OCR with TF-IDF vectorization, BERT
embeddings, and soft inference marking method.
Initially, OCR extracts an unknown piece of
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information from an answer script, then it would go
ahead and use those match syntactic BERT
embeddings of student responses types to score the
cosine similarity between that student’s response and
the reference response and feed these scores to a fuzzy
inference system tapping its aggregation conference
rating competence for marking. They not only match
semantically but also understand the structure. It was
designed for closer wordings and appropriate student
responses than lecturers. The authors were capable of
identifying the 3 variable and 5 variable fuzzy
systems, and, in the end, the 3-variable system has
proven to yield high accuracy nearer to human levels.
The system was meant for evaluating written school-
level student responses and in outperforming the
traditional old grading procedures in an effort-based
grading mode.

BERT - Bidirectional Encoder Representations from
Transformers - has turned out to be a very important
step in achieving proper admissions post arrival or
correctness after-omission. BERT has the ability to
look at inputs from both streams of context at once:
left and right-instead of just using a standard RNN,
which takes the input independently left or right,
unlike previous systems. This makes BERT as the best
option available today for processing knowledge about
how a sentence flows in structure. The original BERT
paper focused on problems around language
arguments and reasoning, questions answering, etc.,
but then reached into text verification, especially to
correct bad OCR and create sentence breakpoints. In
handwriting recognition systems, for example, [4],
BERT was used to help translate unclear sequences
into clear phrases. While translating an unclear input
might not be ideal, it is important that the model
assigned can use its knowledge of syntactic structure
to fill-in the gaps around the sequence. BERT
improved upon the accuracy of text in not only text but
also structure and clarity.

In [7], the authors present a method that combines
Convolutional Neural Networks (CNNs) as a feature
extractor with support vector machines (SVMs) for
classification. Deep learning models like CNNs do
well at creating features that have good representation
and SVMs have been historically good at creating
decision boundaries. This hybrid model allowed the
team to benefit from both - a solid visual
understanding from a CNN and an efficient inference
from a SVM. The model did not incorporate natural

IJIRT 175741

language processing (NLP), but it presents a nice way
of thinking about some visions for advancing artificial
intelligence approaches to align with deep learning
trends. This approach works well when there is limited
labeled data, or where interpretability is valued.

In [4], the addition of soft logic to handwritten
verification was found to be beneficial for measuring
uncertain and underdeveloped characteristics. Instead
of making priority decision rules, the soft logic method
determines the probability that truth exists with
relevant recommendation variables. This is ideal for
those case where strokes are either overlapping or
absent.

Through involving relevant grammar rules in the
process, soft logic system becomes trained to deduce
how that human editor would interpret questionable
handwriting. This has functional applications robotics
for forensic science, document validation, and even
possibly to operational electronics for those to appear
to have cognitive impairment.

I11. CONCLUSION

The area of handwriting recognition has reached a
significant turning point, shifting from traditional rule-
based OCR systems to advanced deep learning and
NLP-driven frameworks. This literature review has
evaluated and discussed seven current and relevant
studies that contribute novel insights to applied
knowledge in navigating the complexities of
handwriting reading, image interpretation, and text
comprehension. Across all studies completed, a
common theme is the growing use of Convolutional
Neural Networks, or CNNs (for example, in [1] and
[2]), to consider visual feature extraction.

CNNs have been effective in training dimensional
representations for script recognition that have been
effective in predicting characters, numbers, and entire
lines of text. Any of the dimensional representations
learned with CNNs can then be fed into subsequent
models like Bidirectional Grouper Recurrent Units
(GRU's) or a Bidirectional Long Short-Term Memory
(BILSTM) architecture that can learn contextual
dependencies and interrelations across entire
sentences; thereby facilitating paragraph-level and
deeper sentence-level comprehension of text and
handwriting [5].

Another important trend is the integration of Natural
Language Processing (NLP), specifically through
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transformer-based models like BERT, to enhance
context understanding and resolve ambiguities in
recognized text [3], [6]. Unlike traditional post-
processing methods, BERT-based embeddings grasp
deeper syntactic relationships, allowing for correction
of underrepresented or misclassified content and
restructuring of missing outputs.

The studies reviewed also emphasize the importance
of preprocessing techniques (such as normalization
and noise removal), dataset types (for instance, IAM
datasets, standard academic datasets), and post-
processing strategies in reconstructing written content.
Evaluation metrics such as character error rate (CER),
word error rate (WER), cosine similarity, and fuzzy
grading scores provide comprehensive insights into
model performance.

Despite these advancements, challenges remain.
Handwriting recognition systems continue to struggle
with naturally flowing handwriting, diverse writing
styles, low-quality scans, and multilingual or domain-
specific inputs. Furthermore, training deep learning
models requires large labeled datasets and substantial
computational resources. Addressing these issues will
require innovative solutions, including zero-shot
learning, rule adaptation, and novel feature training
techniques.

In summary, the convergence of effective visual
feature extraction (CNNs), sequence learning (RNNs),
contextual understanding (NLP), and interpretability
through fuzzy logic is shaping the future of
handwriting  recognition  technologies.  These
approaches not only enhance accuracy and scalability
but also offer faster and more human-like capabilities
in understanding and interpreting written text. Future
research will continue to seek ways to integrate these
elements into lightweight, practical systems suitable
for operation across various environments and
languages.
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