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ENHANCING WRITER
IDENTIFICATION AND WRITER
RETRIEVAL WITH CenSurE AND
VISION TRANSFORMERS

The object of research is the process of writer identification based on handwritten text. Despite significant progress, existing methods
for author identification from handwritten text have limitations that prevent them from achieving maximum accuracy and reliability.

This paper focuses on optimizing and improving the efficiency of writer identification from handwritten text by integrating image
preprocessing methods, feature detection, and modern machine learning architectures. To this end, a functional model was developed that
uses the CenSurE algorithm to detect key points and extract relevant image areas, and then the Vision Transformer model to identify
the writer based on these extracted features. To reduce the variability of the results, experimental validation was conducted using a dual
search and classification methodology. The use of the public CVL dataset increases reproducibility and helps in comparative analysis.
The findings indicate that the implementation of the proposed approach leads to an improvement in the identification accuracy during
retrieval, surpassing the results of other studies. This is evidenced by increased accuracy values of hard top k and soft top k by 1% and
mean average precision by 2%. In addition, findings indicate significant performance improvement in the feature detection preprocessing
stage. This improvement is quantitatively supported by reductions in both the average time per item and total processing duration by 39%,
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alongside the increase in total count of patches extracted by 70%.

The results obtained contribute to increasing the reliability of automated handwriting analysis systems, especially for the task of
writer identification. This achievement is a valuable tool for graphologists and forensic document experts, supporting such critical tasks

as the forensic authorship process.
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1. Introduction

Technological advancements of humanity directly influence every-
day human activities. Despite this, handwritten text continues to be used
in various areas of human life. The uniqueness of handwriting is based
on a persons health, age, abilities, personality traits, and character, which
creates a theoretical basis for its analysis. Handwriting analysis has three
main branches: graphology, handwriting expertise, and forensic linguis-
tics [1]. Graphology studies the behavior of a person that can be recog-
nized from handwriting [2], and its reliability is characterized by the fact
that the measurable variables in handwriting are extremely consistent [1].

Writer identification during handwriting analysis is used in vari-
ous areas of activity, including medicine, forensics, and legal proceed-
ings [2]. One example of the use of handwriting analysis is its use in
forensics when investigating various crimes [3]. Handwriting analysis
is used to recreate a person’s emotional state at the time of the crime, as
handwriting can reveal a persons emotional state. This can be one of the
key factors in determining the circumstances of a crime [4].

There are quite a few publications dedicated to the analysis of hand-
writing in various spheres of human activity. However, the widespread
use of such methods is still limited by insufficient formalization of hand-
writing characteristics, subjective expert assessment, limited hardware,
and imperfect algorithms. All of these factors prevent improvements in
the accuracy and reliability of results.

Modern approaches to handwriting analysis often do not take into
account handwriting variability and require modification to improve
the accuracy of the analysis results. Most approaches do not take into
account the physical and/or emotional state of the person, the type of
instrument used to write the text, the speed of writing, and language
characteristics. All these factors limit the use of handwriting analysis
in critical areas such as forensics, document examination, and others.

Modern developments in optical technology, combined with in-
formation technology, are expanding the possibilities for handwriting
analysis, thanks to the creation of high-resolution cameras. This makes
it possible to identify small details in the handwriting characteristics
of authors, which, combined with modern image processing methods
based on artificial intelligence, opens up new possibilities for analysis [2].

The use of artificial intelligence, in particular machine learning
methods, will enable the creation of more effective and reliable software
for identifying handwriting authors. This software will not only identify
the writer, but also provide experts with substantiated handwriting char-
acteristics that confirm authorship. Such software tools will enable experts
to make more objective conclusions when analyzing handwriting, which
in turn will expand the practical application of handwriting analysis.

Therefore, taking into account all of the above, further research is
needed to improve approaches that will overcome the limitations listed
above and provide a better understanding of the mechanisms of hand-
writing formation and identification. One of the key tasks is to develop
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unified standards for handwriting analysis. Specifically, this involves
integrating modern automated statistical methods, which will increase
the objectivity and validity of the results [5].

Therefore, the relevance of developing and improving approaches
for writer identification based on handwritten text is vital, since this
will not only overcome existing limitations, but also open up new op-
portunities for practical application in various fields.

Analysis of studies in the field of writer identification showed that
there are two approaches for identifying writer from handwriting: deep
learning and conventional handcrafted algorithms [4].

Authors in [6] proposed to use densely computed RootSIFT de-
scriptors to capture local properties of handwritten documents, use
GMM supervectors as encoding method and use Exemplar-support
vector machines (Exemplar-SVM) for similarity measure. This approach
relies on handcrafted features and a complex pipeline involving GMM
adaptation and Exemplar-SVMs, making it sensitive to parameter tuning
and limiting its ability to generalize to unseen handwriting variations.
Vision transformer (ViT) could potentially offer a more streamlined and
adaptable solution removing reliance on handcrafted features.

In paper [7] authors proposed a method for unsupervised feature
learning using convolutional neural network (CNN) activations, where
surrogate classes are created via clustering to train a deep residual net-
work, and the activations from the penultimate layer serve as features
for subsequent classification tasks like writer identification. The pro-
posed approach is highly dependent on the quality of clustering to
create a set of handwriting feature classes. But this in turn greatly affects
the completeness of handwriting feature discovery, unlike supervised
machine learning methods. It is expected that this problem can be
overcome by using the ViT model, which will allow detecting internal
patterns and connections in handwriting.

In publication [8], the authors used the weighted label smoothing
regularization (WLSR) method to expand the training set with unla-
beled data and increase the resolution of the CNN network (ResNet-50).
This method showed good results due to the use of unlabeled data. But
such use of the CNN network limits the ability of the entire approach
to take into account global dependencies in the writing style, and the
performance of the approach also depends on the efficiency of WLSR.
ViT model can learn more complete and robust representations without
the need for explicit data augmentation, as in the case of WLSR.

In [9], a deep adaptive learning method was proposed for writer
identification based on images of individual words using multi-task
learning. An auxiliary task is added to the training process to ensure the
emergence of reusable features. The proposed method transfers the ad-
vantages of the learned features of a convolutional neural network from
an auxiliary task, such as explicit content recognition, to the main task
of author identification in a single procedure. However, such a method
strongly depends on the relevance of the selected auxiliary tasks and
the effectiveness of the adaptive convolutional layer of the network in
detecting generalizing features. ViT can improve on this approach by
learning more complete and robust representations directly from word
images, without the need for predefined auxiliary tasks.

In paper [10], a convolutional neural network (CNN) was presented
for solving the problem of writer identification. The performance of
CNN-derived features when fed to a support vector machine (SVM)
classifier is also evaluated, considering the traditional classification
approach. This approach may be sensitive to specific parameters of
the texture generation process and CNN architecture. In contrast, the
ViT model is able to directly extract relevant details from the original
manuscript images and form deeper representations of the writing style.

In [11], a combination of deep and handwriting descriptors is
used to learn patterns from handwritten images. First, local regions
are extracted from the handwritten images. Then, these regions are
simultaneously fed to deep and handwriting descriptors to generate
local descriptions. The extracted local features are then aggregated

to create a whole description matrix. Next, by applying vector locally
aggregated descriptor (VLAD) encoding to the description matrix,
a one-dimensional feature vector is obtained to represent the author’s
pattern. The disadvantages of this approach include the fact that using
only local fragments without taking into account their spatial relation-
ships may limit the possibility of detecting deeper stylistic patterns.
Also, the combination of manually created features and deep descriptive
features may negatively affect the effectiveness of the entire approach,
since it depends very much on the choice of specific descriptors and
their impact on the final result.

In contrast, ViT model can learn more robust representations by
capturing the global relationships between patches. This allows it to
build a more complete and holistic understanding of an individuals
writing style.

In publication [12] authors presented a SEGmentation-free model
based on CNN with use of a weakly supervised region selection mecha-
nism to characterize the writer of a given sample. While this approach
is efficient, it has limitations. Its effectiveness depends on using a fixed
percentage of top regions for analysis and is sensitive to the quality of
the CNN’s probability map. In contrast, the ViT model offers a more
flexible method, as it can dynamically select the most informative re-
gions by learning their importance from the context.

Authors in [13] proposed a deep neural network, FragNet, with
two pathways: feature pyramid to extract feature maps and fragment
pathway to predict writer. FragNets focus on isolated word images
limits its ability to capture broader contextual information and makes
it sensitive to image quality variations, potentially leading to overfitting
and difficulty handling diverse handwriting styles. While computation-
ally demanding, a ViT could improve writer identification by using its
self-attention mechanism to capture long-range dependencies within
larger text samples and offer greater robustness to image variations.

In work [14] in contrast to CNN based approaches presented a ViT
based method with usage of SIFT algorithm for keypoint detection, and
demonstrates strong performance on multiple datasets, including foren-
sic data, with high top-1 accuracy and analysis of script and writing style
impact. However, usage of SIFT may be suboptimal because it can fail to
detect a sufficient number of reliable keypoints for the ViT to analyze.

In publication [15] authors proposed to use Resnet-34 trained to
capture deep features from small patches, patches are extracted using
the FAST algorithm and Harris Corner (HC) detector, while machine
learned features are encoded with VLAD and triangulation embedding.
While effective, the reliance on FAST keypoint detector and HC detec-
tor might miss crucial stylistic information present in other parts of the
handwriting, because they rely on simple localized features like corners.
Using SIFT or CenSurE keypoint detectors might further improve patch
extraction because they consider a wider context around each keypoint
and are more robust to variations in scale, rotation, and illumination.

Authors in [16] proposed global-context residual recurrent neural
network (GR-RNN) where spatial relationship between the sequence
of fragments is modeled by the recurrent neural network (RNN) to
strengthen the discriminative ability of the local fragment features and
the complementary information between the global-context and local
fragments is leveraged. However, this method needs the word or sub-
word image segmentation, which requires extra prepossessing steps for
applying it on other documents.

In paper [17] authors proposed to use the Siamese network to gen-
erate encoded representation and extract identification label, input data
is segmented into two inputs and then is processed by Xception feature
extractor. While this approach shows astonishing accuracy, the biggest
downside is training computation time of five to seven days.

The analysis of scientific publications [6-17] showed that despite
significant progress, existing methods of writer identification have sig-
nificant limitations. On the one hand, CNN-based approaches are
often unable to effectively capture the global context and long-term
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dependencies in handwriting. On the other hand, newer architectures,
such as deep convolutional networks or recurrent neural networks,
although they demonstrate high potential for analyzing complex pat-
terns, their effectiveness is largely offset by high computational costs
for training and critical sensitivity to input data preparation methods.

Thereby, the combination of these problems and shortcomings
indicates that there is a need for additional research in field of writer
identification to create an optimized and comprehensive approach to
author identification.

Thus, the object of research is the process of writer identification
based on handwritten text. The aim of research is to optimize and im-
prove efficiency of writer identification based on handwritten text by
integrating methods for image preprocessing, feature detection meth-
ods and modern machine learning architectures. This will result in
an increase in the reliability of automated systems for identifying the
writer by handwriting, which will strengthen the analytical capabilities
of specialists in the field of graphology and handwriting examination.

To achieve the aim, the following objectives were set:

- to build a functional model of an improved approach for writer

identification;

- to conduct an experimental study of the proposed approach.

2. Materials and Methods

The main hypothesis of research is that the use of modern machine
learning architectures, in particular visual transformers and new fea-
ture extraction methods, will ensure high accuracy and reliability of
writer identification from handwritten text. This, in turn, will provide
graphologists and handwriting experts with an effective automated
tool to increase the objectivity, accuracy, and completeness of their
expert conclusions.

This study utilized the publicly available Computer Vision Lab (CVL)
dataset as the source for input data [18]. This dataset contains images
of cursive handwritten texts in both German and English, sourced
from various literary works. It contains contributions from 310 distinct
authors, with each author providing seven unique text samples. The
entire dataset, encompassing all 310 subjects, was employed for the
subsequent analysis.

Machine learning models require the dataset to be split into the fol-
lowing parts: training, validation, and testing. To verify models ability
to predict writer of given text, a double validation approach was used.
This approach involves performing validation using retrieval and clas-
sification methods.

Image retrieval approach is based on calculating distances or simi-
larities between images and on the use of informative invariant rapidly

computed features [19]. Retrieval methods get the requested image
and calculate the distance (similarity) to other images in a dataset. Im-
ages with the closest distances are considered to be alike and returned
as results.

Image classification approach is based on assigning predefined cat-
egories/labels based on their visual content [2]. Classification methods
classify unlabeled data and recognize patterns because of training on
categorized/labeled.

The Vision transformer (Google, USA) [20] served as the foun-
dational machine learning model for this work, leveraging attention
mechanisms as its primary learning paradigm. Fig. 1 provides a com-
prehensive overview ofits architecture.

Atits core, the ViT is built upon the transformer encoder, an archi-
tecture comprising two critical layers: multi-head self-attention and
a feed-forward neural network. This encoder is engineered to process
input tokens, generating context-sensitive representations through
the interplay of these layers. Specifically, the multi-head self-attention
mechanism performs several key functions: it effectively captures intri-
cate relationships among diverse patches within the input sequence and
computes a weighted sum of patch embeddings. This weighting strate-
gically emphasizes salient patches by integrating both global and local
contextual information. Complementing this, the feed-forward neural
network introduces non-linearity, enabling the model to learn complex,
non-linear relationships across patches. Following each of these com-
putational stages, the outputs are channeled through a normalization
and residual connections sub-layer. This sub-layer is crucial for stabiliz-
ing and accelerating the learning process by normalizing inputs to each
layer and by mitigating the well-known issue of vanishing gradients.

To identify a writer, handwriting analysis uses a method of indi-
vidual personal identification. The essence of method is full exploration
of the individual characteristics of the document being examined and
the comparison of these with the known manifestations of these char-
acteristics in other documents (comparative material) [21].

Taking into account handwriting features, machine learning ar-
chitectures and the object of study, the following simplifications were
adopted in the study:

— the analysis was restricted to a standardized dataset written in

a single language and script, using a closed set of known writers;

- only graphological features are important thus word and sen-

tence meanings are not taken into account.

The modeling was carried out using the following technologies:
Python, OpenCV and PyTorch libraries.

The training/evaluation stand used for the research had the follow-
ing characteristics: Intel 12th gen CPU, NVIDIA GeForce RTX 3070Ti
Mobile, DDR4 32 GB.

Transformer Encoder

. Patch +
Linear ae

Input Proiecti Position
rojection Embedding

~ N\ ’ [
}—) MLP Head
Norm

Class
Result

Multi-Head-
Attention

Fig. 1. Visual transformer model
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Evaluation metrics for retrieval and classification performance
include: accuracy, soft top k, hard top k, completeness on k, accuracy
on k, average accuracy.

3. Results and Discussion

3.1. Writer identification functional model

After analysis of approaches used in the literature for writer identi-
fication based on analysis of handwritten text, common parts used for
writer identification with machine learning can identified. Common
parts include:

1) data preprocessing;

2) graphological features extraction;

3) writer identification.

According to these steps a high-level model for writer identification
based on handwritten text image using machine learning is built and
shown in Fig. 2.

Preprocessing

Feature extraction
Writer identification

Fig. 2. High-level model of the writer identification approach

According to the high-level model, a functional model for writer
identification using machine learning was built. This model includes
a preprocessing step and combined steps of graphological feature ex-
traction and writer identification.

To effectively separate objects from their background during input
data preprocessing, an automatic thresholding algorithm [23] was used.
This algorithm binarizes grayscale images by selecting an optimal thresh-
old that maximizes the inter-class variance in gray levels. Pixels below this
threshold are set to 0 (black), and those above are set to 1 (white), clearly
segmenting foreground from background.

The model of preprocessing of handwritten text input data is
shown in Fig. 3.

|

Input

i

Grayscale

i

CenSurE

i

Patch
extraction

i

Binarization

I

Save result

|

Fig. 3. Model of preprocessing of handwritten text input data

The proposed functional model for writer identification using ma-
chine learning is shown in Fig. 4.

Preprocessing step is a crucial part for the writer identifi-
cation approach, as it fulfills several purposes at once.

CVL Dataset H PreprocessingH ViT-Lite-7/4 H
Item

Class
Result

Processing multi-colored images presents inherent com-
plexities and demands significant computational resources.
To mitigate these challenges, a fundamental pre-processing
step involves converting the image to grayscale.

Input images in datasets like CVL often include substantial dimen-
sions, with some examples averaging 2500 x 1500 pixels. Such high
resolutions pose a significant challenge for machine learning models
due to the resulting large number of tokens generated. This is particu-
larly problematic for architectures like vision transformers, where the
computational complexity of self-attention scales quadratically with
the token count. To mitigate this computational complexity, a prepro-
cessing step of patch extraction is introduced. This involves dividing
the image into fixed-size patches, typically 32 x 32 pixels. This patch
size is commonly used for very high-resolution imagery as it effec-
tively reduces the total number of tokens the model needs to process,
thereby managing computational complexity.

Given that fields with empty space are present in CVL dataset
images, a targeted patch extraction strategy is necessary. To get most
relevant information from the image, an additional patch extraction
preprocessing step using Center Surround Extremas (CENSURE, also
known as OpenCV STAR) [22] was added. This step transforms im-
age data into features at the extrema of the center-surround filters
over multiple scales as a result local object coordinates are obtained.
These local object coordinates are used as center points for extracting
32 x 32 pixel patches.

Fig. 4. Proposed functional model for writer identification

The preprocessed input data was fed into a vision transformer, spe-
cifically the small-scale learning model detailed in [24]. This model was
selected because it is highly suitable for training on small data sets like
CVL, which are considerably smaller than conventional computer vi-
sion datasets like ImageNet. The architecture of the employed model,
ViT-Lite-7/4, features 7 transformer encoder layers and 4 attention heads.

3.2. Results of experimental study on the proposed approach

An experimental study conducted to verify the proposed approach
included several parts. The first part is related to Feature detection
methods. The second part is related to writer identification.

Feature detection methods were applied to images from the CVL
database to extract important features. To demonstrate the difference
between baseline method and proposed method detected areas of im-
ages were highlighted.

Fig. 5 demonstrates the keypoints identified by the SIFT feature de-
tection algorithm on a sample image from the dataset. The highlighted
areas correspond to the features deemed most significant by the detector.

Fig. 6 demonstrates the keypoints identified by the CenSurE feature
detection algorithm on a sample image from the dataset. The high-
lighted areas correspond to the features deemed most significant by
the detector.
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Fig. 6. Demonstration of feature detection using the proposed method

To quantitatively assess the performance of various feature detec-

Table 1
Comparison of feature detection methods
Method Avg per item, s | Total time, s | Total patches
Baseline (SIFT) 0.8665 1390.93 2555409
SURF 0.4633 744.50 3209245
ORB 0.1662 267.28 801000
Proposed (CenSurE) 0.52 848.44 4368819

The second part related to writer identification included training
of several models. Two models differ in dataset composition and veri-
fication approach. Dataset composition were following:

L. The dataset was partitioned into two equal halves. The first half
was allocated for model training and validation, while the second half
was reserved exclusively as a hold-out test set.

2. A per-subject partitioning strategy was implemented. For each of
the 310 subjects, their seven handwritten text samples were allocated as
follows: two samples for training, one for validation, and the remaining
four for testing.

To ensure reproducibility of results and uniform data shuffling
across all model modules, a fixed random seed was used. To avoid over-
fitting, an early stop mechanism was implemented that stops training if
the loss function does not improve within 10 epochs.

The parameters selected when tuning the model are presented
in Table 2.

To ensure that the models were trained correctly, the loss (loss_val,
loss_train) and accuracy (accuracy_val, accuracy_train) metrics were
monitored on the training and validation samples.

Fig. 7-10 illustrate the results of developing models for the clas-
sification (Fig. 7, 8) and retrieval (Fig. 9, 10) approaches.

Table 2

Model configuration parameters

0.40 A

o
L
&

0.30 A

0.25 1

S
o
=]

Average training accuracy (proportion)
=3
o

o
o

0.05 A

tion methods, comparative analysis was conducted focusing on compu- Parameter | Value Description
tational efficiency and feature yield. Each method was tested on an en- Ir 0.0005 learning rate
tire dataset to process every item under uniform conditions. During the num-epochs- 5 warmup epochs
experiment, key performance metrics were measured: the average time warmup
to indicate keypoints per item, the total time required for the complete batch-size 128 batch size
dataset, and the total number of patches extracted from the detected num-workers 4 PyTorch workers
keypoints. The results of this assessment are presented in Table 1. This | num-epochs- | ;| the number of cpochs after which training will
data provides a direct comparison, highlighting the trade-offs between patience stop if the validation loss no longer improves
the processing speed and feature detection density of each method. num-cpochs | 60 number of epochs
accuracy
accuracy_training
accuracy_validation
0 10 20 30 40 50 60

Epoch (number)

Fig. 7. Accuracy of validation and training of the proposed approach on the test dataset for the classification approach:
X-axis — epoch (number); Y-axis — average training accuracy (proportion)

;10

TECHNOLOGY AUDIT AND PRODUCTION RESERVES — No. 6/2(86), 2025



ISSN-L 2664-9969; E-ISSN 2706-5448 INFORMATION AND CONTROL SYSTEMS:
INFORMATION TECHNOLOGIES )

loss

5.00 1 — loss_training
—— loss_validation

Average training loss per batch (bit)

0 10 20 30 40 50 60
Epoch (number)
Fig. 8. Validation and training loss of the proposed approach on the test dataset for the classification approach:
X-axis — epoch (number); Y-axis — average training loss per batch (bit)
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Fig. 9. Accuracy of validation and training of the proposed approach on the test dataset for the retrieval approach:
X-axis — epoch (number); Y-axis — average training accuracy (proportion)

loss

loss_training
—— loss_validation

2.50 1

1.754

Average training loss per batch (bit)

1.254

T T T T T

0 10 20 30 40
Epoch (number)

Fig. 10. Validation and training loss of the proposed approach on the test dataset for the retrieval approach:
X-axis — epoch (number); Y-axis — average training loss per batch (bit)
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The main experiment evaluated the effectiveness of two approaches
to writer identification. For the classification approach, the key indica-
tor was the accuracy of the model, while for the retrieval approach, the
accuracy of identification based on the squared Euclidean distance
between feature vectors. For the purpose of comprehensive validation,
anumber of additional metrics relevant for evaluating machine learning
models were also calculated.

The results of testing the classification and retrieval approaches are
summarized in Tables 3 and 4, respectively.

Table 3
Classification approach performance metrics

Metric k Bascline Proposed
1 0.98 0.98
2 0.99 0.99
3 0.99 0.99
4 0.99 0.99
Accuracy 5 0.99 0.99
6 0.99 0.99
7 0.99 0.99
8 0.99 0.99
9 0.99 0.99
10 0.99 0.99

Table 4
Retrieval approach performance metrics using squared Euclidean distance

Metric k Bascline Proposed
Hard Top K 1 0.95 0.96
2 0.89 091
1 0.95 0.96
2 0.96 0.97
Soft Top K 3 0.96 0.97
4 0.97 0.97
5 0.97 0.98
mAP - 0.87 0.89

As can be seen in Table 1, approach based on CenSurE demon-
strates better results in identification of maximum number of informa-
tive points (Total patches) — over 4.3 million. Exceeding numbers, in
comparison to other approaches, mean that CenSurE captures greater
amount of handwriting features. In terms of processing speed CenSurE
demonstrates balanced performance while being significantly faster
than the baseline SIFT method.

Fig. 7 demonstrates that during training over 60 epochs classification
model performed good and showed steady improvement. During initial
stage (up to ~25 epoch) model shows gradual growth in accuracy on both
the training (accuracy_training) and validation (accuracy_validation)
samples. This indicates that model quickly and effectively captures pat-
terns from samples. During later stage (from ~30 epoch and higher),
validation accuracy can be seen reaching steady 39%. This indicates
that model reached its optimal performance thus confirming good
generalization ability and its ability to successfully work with new,
unknown information.

Fig. 8 shows that during training over 60 epochs classification
model loss function metrics demonstrated a constant reduction in pre-
diction errors. During initial stage (up to ~15 epoch) model shows
rapid decrease in loss values on both training (loss_training) and vali-
dation (loss_validation) samples. This indicates that model quickly and

effectively captures patterns from samples (this correlates to what can
be seen on accuracy graphs in Fig. 7). Simultaneous decrease and con-
stant proximity of both loss functions values indicate model’s good gen-
eralization ability and absence of overfitting. During later stage (from
~25 epoch and higher), training loss can be seen reaching steady
values. This indicates that model reached optimal state, where error on
new data is minimal.

Fig. 9 demonstrates that during training over 40 epochs retrieval
model accuracy metrics display a consistent gain. During initial
stage (up to ~20 epoch) model shows fast increase in accuracy values on
both training (accuracy_training) and validation (accuracy_validation)
samples. This indicates that model is able to correctly identify patterns
in samples. During later stage (from ~20 epoch and higher), validation
accuracy can be seen reaching as high as 69%. This indicates that model
training results into a complete and persistent perception of handwrit-
ing data from samples thus confirming the ability to accurately identify
relevant details from the training set.

Fig. 10 shows that during training over 40 epochs retrieval model
loss metric reflected a stable prediction error decrease. During initial
stage (up to ~15 epoch) model shows gradual decrease in loss values on
both training (loss_training) and validation (loss_validation) samples.
This indicates that model steadily improved over time hence making
better predictions (this correlates to what can be seen on accuracy
graphs in Fig. 9). During later stage (from ~20 epoch and higher), vali-
dation loss can be seen converging at approximately 1.5. This indicates
that model performance hit a ceiling, where it learned all that it could
from training samples. Small difference between both loss functions
values and absence of loss increase indicate that model has no overfit-
ting problem and performs well on unseen data.

Performance metrics of the proposed approach shown in
Tables 3 and 4 indicate an improvement in writer identification in
both classification and retrieval tasks. The major improvement is
seen in retrieval tasks. Metrics such as Hard Top K, Soft Top K, and
mean Average Precision (mAP) show an increase compared to the
baseline approach.

The advantages of the proposed approach can also be seen in
comparison with other well-known approaches. Unlike methods that
depend on complex, multi-stage pipelines and handcrafted features like
RootSIFT descriptors [6] or a combination of deep and handcrafted
features [11], proposed approach uses a more simplified and compu-
tationally effective feature extraction method. Usage of such feature
extraction methods also helps to avoid sensitive parameter tuning and
removes necessity in balancing and combining features.

Furthermore, proposed approach addresses known drawbacks of
other architectures such as those based on CNNs. Known drawbacks
of ResNet-50 [8] and FragNet [13] models include limited ability to
capture global context and difficulty handling diverse handwriting
styles. Since proposed approach is based on ViT it utilizes self-atten-
tion mechanism to capture long-range dependencies and relationships
between patches. These characteristics not only address the known
shortcomings of CNN architectures, but also serve as advantages over
patch-based methods [11, 12].

Finally, because ViT works directly with images, the proposed ap-
proach shows great results without using auxiliary tasks [9] or complex
segmentation preprocessing [16], thus avoiding potential complications
associated with the use of additional preparatory steps.

It is also important to note that the proposed approach maintains
high accuracy values for the classification approach. This, together with
improved values for the retrieval approach, allows to conclude that the
proposed approach demonstrates high effectiveness in writer identifi-
cation tasks.

Therefore, proposed approach to writer identification based on
handwritten text contributes to improving the efficiency of auto-
mated handwriting analysis systems. It also serves as a valuable tool for
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graphologists and forensic document examiners through optimization
of their professional activities.

Although the use of a public dataset contributes to the reproduc-
ibility of the experiment, its limitation to English and German lan-
guages affects the generalizability of the proposed approach. At the
same time, a key condition for reproducing the results of the search
method is to use exclusively squared Euclidean distance, since other
metrics may yield different results.

Further research is possible to develop and evaluate new image
processing methods to further improve writer identification accuracy
and lower computational complexity, as well as to improve existing
preprocessing methods including algorithms for feature detection,
grayscale and binarization.

4. Conclusions

1. The paper presents a functional model of an improved approach
for writer identification. The developed functional model establishes
a process for analyzing handwritten text. This process works by first fully
investigating the individual characteristics of a document. It then com-
pares these unique features to known examples from other documents,
a method which ultimately allows for the accurate identification of the
writer. The results were achieved using a two-step process. First, the
CenSurE algorithm identifies key points in the handwriting and extracts
small image sections, known as patches, from those points. Then, a vi-
sion transformer model classifies these patches to determine the writer’s
identity. In order to ensure the robustness and reliability of the results,
a two-component experimental validation methodology was applied,
combining retrieval and classification approaches. In addition, the use of
a public dataset ensures transparency, reproducibility, and comparabil-
ity of the obtained results in the context of modern scientific research.

2. An experimental study of the proposed writer identification
approach was conducted, which showed the advantages of the pro-
posed writer identification approach. In particular, higher accuracy
was achieved in retrieval tasks compared to existing methods, which
is confirmed by increased accuracy values of hard-top-k and soft-top-k
by 1% and mean average precision by 2%. At the same time, a signifi-
cant increase in computational efficiency was recorded at the feature
extraction stage. This is quantitatively confirmed by the simultaneous
reduction in the average processing time of one element and the total
duration of the process by 39%, alongside with an increase in the num-
ber of highlighted informative areas by 70%.
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