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Abstract. Handwriting exhibits intra-variability within the same writer due to
friction between different writing surfaces, such as transitioning from paper to
a computer tablet. This study investigates such intra-variability in handwriting
characteristics across different writing surfaces and its implications for writer
identification. An empirical study is conducted to assess the performance of state-
of-the-art deep architectures in identifying writers amidst such intra-variation.
Additionally, a transformer-based model is proposed to capture writer identi-
fication under these intra-variable circumstances. A dataset comprising 1560
handwritten English text-line images from 130 writers is created and utilized
for experimentation. The results reveal insightful outcomes regarding the utiliza-
tion of deep architectures and the proposed model in handling intra-variability
for writer identification. This study contributes to advancing the understanding
of intra-variability in handwriting and offers practical implications for forensic
analysis and document authentication in the digital age.
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1 Introduction

In the realm of forensic investigation and beyond, the analysis of handwriting has
long been a fundamental tool for identifying individuals and authenticating documents.
However, with the advent of digital technology, traditional pen-and-paper writing is pro-
gressively giving way to computer tablets for various writing tasks [14]. This shift raises
pertinent questions about the consistency and reliability of handwriting characteristics
across different writing surfaces. Forensic contexts, such as writer identification in legal
documents or criminal investigations, necessitate a deep understanding of handwriting
intra-variability (variations within an individual’s writing) [2] across surface transitions
to ensure accurate analysis and interpretation [25,10]. Moreover, in the education sector,
studying handwriting analysis amidst surface transitions can provide valuable insights
into students’ adaptability [15].

The friction between the writing instrument and the writing surface plays a pivotal
role in shaping handwriting [15]. For instance, on a computer tablet, factors like pressure
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sensitivity, screen responsiveness, and the angle of the writing instrument contribute to
variations in writing output. As individuals adapt their writing behaviors to accommo-
date digital mediums, it becomes imperative to examine the degree of intra-variability
that may emerge within their handwriting patterns [3]. Writings among different writ-
ers are distinguished by unique styles, known as inter-class variance or inter-variability.
Moreover, within the writings of a single person, considerable variations can occur due to
various mechanical, physical, and psychological factors [22], termed intra-class variance
or intra-variability [4]. Despite significant intra-variations in ink-strokes among hand-
written samples of a writer, individuals familiar with certain writing over an extended
period may still identify it. This ability may stem from implicit stroke characteristics
present in the writing [1].

This paper explores the intra-variability inherent in individual handwriting across
surface transitions, particularly focusing on the transition from paper to computer tablets,
and its implications for writer identification. While the field of pattern recognition
lacks studies similar to ours, research in the domains of education and psychology has
addressed related topics [14,15]. Gerth et al. [15] studied whether age-related effects exist
in graphomotor execution due to variations in writing surfaces. Their another research
[14] also indicated that proficient writers can adjust their handwriting movements to suit
the writing surface. The study by Alamargot et al. [6] examined the impact of writing on
tablet screens on students’ graphomotor skills across different grade levels. Some past
studies also explored the impact of varying writing instruments (e.g., pen, and pencil) on
individual handwriting, revealing insights into these tools’ influence on intra-variability
[23,19].

In this paper, we recognize the potential of transformer networks in addressing
the challenges posed by handwriting intra-variability across different writing surfaces.
Through our empirical study, we aim to assess the effectiveness of deep architectures
in accurately identifying writers amidst intra-variation and discerning subtle nuances
in handwriting patterns. The past researches on writer identification can be found in
[26,8,36]. In recent days, contemporary deep convolutional architectures have also been
employed for writer identification, including models like CaffeNet [13], AlexNet [27],
SqueezeNet, GoogLeNet, Xception Net, VGG, ResNet, etc. [2]. Integration of global
and local features in architectures can also be seen, e.g., FragNet [17], GR-RNN [18].
Very recently, papers employing spatial attention [30] and multi-head self-attention
[21,5] have emerged. By bridging the gap between traditional handwriting analysis
and emerging digital technologies, our paper aims to provide valuable insights for
practitioners across diverse fields.

Our contributions to this paper are outlined as follows:
(i) We conducted a thorough study on writer identification using the intra-variable

characteristics found within an individual’s handwriting. This involves a comprehensive
and detailed investigation into the unique attributes and variations present in individual
writing style.

(ii) We investigated both traditional pen-and-paper writing and computer tablet
writing, demonstrating intra-variation influenced by a range of writing instruments.
We systematically investigate the variables within each category to mimic real-world
writing conditions, encompassing writing on paper, on-screen display tablets, and off-
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screen graphics tablets. This comprehensive approach facilitates research in handwriting
analysis by capturing the nuanced variations observed across different writing mediums
and environments.

(iii) We have proposed a transformer-based network and conducted rigorous exper-
iments aimed at thoroughly investigating the effects of intra-variability in handwriting.
Through systematic testing and data collection, we aimed to gain a comprehensive
understanding of how surface transitions influence handwriting characteristics within
individuals. Our experiments were designed to provide insights into the nuances of intra-
variability and its implications for handwriting analysis on surface changes, with the goal
of enhancing the accuracy and reliability of automated systems for writer identification.

The rest of the paper is organized as follows. In Section 2, we mention the employed
dataset details and associated challenges. Section 3 presents the proposed method. The
experimental analysis and results are discussed in Section 4. Finally, Section 5 concludes
this paper.

2 Dataset Details and Challenges

This study aims to examine intra-variability in handwriting across surface transitions
and its significance for writer identification. Given the absence of publicly available
datasets meeting our specific requirements, we undertook the task of creating our own
dataset.

Writer details: Our dataset includes contributions from 130 distinct writers from various
regions of India, all of whom have at least a professional working proficiency in English.
None of the writers are known to be native English speakers, and all have completed
at least a higher-secondary level of education with English as part of the curriculum.
The ages of the writers range from 16 to 33 years, with an average age of 19.14 and a
standard deviation of 2.22; among them, 101 are male, and 29 are female. The writers
have different levels of experience with writing on computer tablets, ranging from
extensive to minimal.

Text-dependent writing: In our dataset, all writers were tasked with writing a standard
English pangram, “The quick brown fox jumps over a lazy dog”. This enabled us to closely
examine the characteristics of each English character in a text-dependent manner.

Writing surface: For each of the 130 writers, we engaged three writing surfaces as
mentioned below:

(i) Paper: Each writer was provided with a standard form printed on 75 GSM white
A4 paper, featuring blank 24.5 𝑐𝑚 × 2 𝑐𝑚 sized rectangular boxes. Participants were
instructed to scribble the above English palindrome within this designated box. We
provided all the writers with the same 5 writing tools, i.e., pencil, gel pen, fountain
pen, 0.5 mm and 1 mm ball pens. Here, we have incorporated 2 distinct paper surfaces
to capture a comprehensive array of handwriting variations. Firstly, participants were
provided with a stack of paper containing fifty A4 sheets as platform, on which they kept
the printed paper form to write, allowing for a regular writing experience akin to standard
note-taking conditions. Secondly, we offered a wooden exam clipboard as an alternative
to place only the printed paper form, providing a hard platform for writing tasks. Here,
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each writing tool offers unique tactile feedback and line thickness, contributing to the
diverse range of handwriting styles observed in the dataset. By offering participants a
selection of tools commonly encountered in everyday writing contexts, we aimed to
capture the full spectrum of handwriting variability across different mediums and tools.
Thus, using 5 tools on paper placed on both regular and hard platforms, each writer
wrote 10 (= 5 × 2) copies of the above palindrome. The pages were scanned on an
autofed flatbed scanner (EPSON DS-1630) to convert into digital images.

(ii) On-screen display tablet: Each writer wrote 1 copy of the above palindrome on
Wacom One Pen DTC133W0C Display Tablet (size: medium). We captured this writing
as an image.

(iii) Off-screen display tablet: Each writer scribbled 1 copy of the abovementioned
palindrome on Wacom Intuos CTL-4100/K0-CX Digital Graphics Tablet (size: small).
This device features a decoupled writing surface without a built-in display, requiring the
writer to view the connected computer screen while writing. Here also, the writing was
captured as an image.
In this way, we have collected 12 (= 10 + 1 + 1) handwriting samples from each of the
130 writers. Therefore, our dataset contains a total of 1560 (= 12 × 130) handwritten
text lines.

Major challenges observed in dataset: This database offers valuable insights into intra-
variant handwriting, which encompasses the natural variations in a person’s handwriting
due to diverse mechanical factors. We have observed various challenging cases in our
database, some of which are mentioned below:

(i) Micro-structure intra-variation: This type of variation occurs when the writer
is less accustomed to touch tablets and must concentrate on the screen to which the
tablet is connected. It reflects the deviations in the micro-level details of handwriting
strokes due to the writer’s adjustment to the digital writing interface. These deviations
are often observable in the subtle details of pen movement, line thickness, and overall
flow of the handwriting, highlighting the impact of the digital medium on the intricacies
of handwritten expression. Fig. 1 shows the impact of micro-structure variations in Fig.
1.(a3) where the writer has lost the smoothness of the writing that was maintained in
Fig.s 1.(a1), (a2).

(ii) Stroke reduction intra-variation: It occurs due to the continuous surface of the
tablet screen, which requires the writer to maintain contact without lifting the pen as
frequently as with traditional paper writing. Consequently, the writing process on a tablet
involves longer strokes and fewer interruptions in pen movement, leading to alterations
in the typical patterns of handwriting strokes. This change in writing behavior can
result in differences in stroke length, spacing between letters, and overall fluidity of the
handwriting, reflecting the influence of the digital medium on the intricacies of writing
style. Fig.s 1.(b1), (b2), (b3),(b4) reflect the stroke reduction in the handwriting samples.

(iii) Ink type intra-variation: It refers to the variations in handwriting characteristics
resulting from the distinct visco-elastic properties of the inks used in these two types
of pens. The gel pen’s smooth, consistent lines from gel-based ink contrast with the
intermittent flow of the ballpoint pen’s oil-based ink, leading to varying stroke widths
and intensities in handwriting. Fig.s 1.(c1), (c2), (c3),(c4) illustrate the variation in ink
flow within the handwriting samples.
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Fig. 1: Some samples from our database. Here, Writer-a has written four samples (a1)-
(a4). Similarly, Writers-b, c, d have written (b1)-(b4), (c1)-(c4), (d1)-(d4), respectively.
(a1), (b1), (c1), (d1): Writing on paper while the paper is placed on a hard surface.
(a2), (b2), (c2), (d2): Scribbling on paper placed on a medium/ regular surface.
(a3), (b3), (c3), (d3): On-screen display tablet writing.
(a4), (b4), (c4), (d4): Off-screen graphics tablet scribbling.
Writing tools: (a2), (d1): pencil; (b1), (c2): gel pen; (d2): fountain pen; (b2): 0.5 mm
ball pen; (a1), (c1): 1 mm ball pen.
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(iv) Idiosyncratic intra-variation: Arises from the writer’s tendency to employ differ-
ent forms of letters while writing. This phenomenon reflects the unique stylistic choices
and habits of the writer, resulting in variations in the shapes, sizes, and embellishments
of individual letters within the handwriting samples. These idiosyncrasies contribute to
the distinctive and personalized appearance of the handwriting, highlighting the indi-
viduality and nuances in the writer’s writing style. In the writing structure of the first
character ‘T’, we can see a clear difference in Fig. 1.(𝑑4) from Fig.s 1.(d1),(d2),(d3).

3 Proposed Methodology

The aim of this study is to examine handwriting intra-variability across transitions
between various writing surfaces and explore its relevance to writer identification.
Therefore, we first formally define the problem in the context of writer identification,
and subsequently discuss the methodology to address it.

3.1 Problem Formulation

A handwriting image (I) has been given as input. The task is to identify the writer (𝑤𝑖)
from a set of writers (W), who has scribbled the text; for 𝑖 = 1, 2, . . . , |W|. Therefore,
we formulate the undertaken task as a multiclass classification problem to classify the
correct writer-class 𝑤𝑖 ∈ W of handwriting image I. The database employed in this
paper contains samples from 130 writers; i.e., |W| = 130.

3.2 Solution Architecture

Before moving on to the main processing module, we conducted some preprocessing
steps.

Pre-processing: A handwritten text-line image (I) is input to our model, which is first
resized into 𝑑ℎ × 𝑑𝑤 sized I𝑇 without distorting the aspect ratio. Such distortion is
undesirable in the context of writer identification tasks due to preserving the ink-stroke
individuality or writer inter-variability. We introduce zeros into certain rows or columns
to maintain the aspect ratio. We here empirically fix 𝑑ℎ = 192, and 𝑑𝑤 = 1920.

Transformer Network: For the task at hand, our approach involves utilizing a trans-
former network due to its minimal inductive bias and resilience to noise [12]. However,
unlike directly employing the Vision Transformer (ViT) [12] that feeds raw image
patches directly to the transformer encoder, our model initially extracts deep features
from the image patches before embedding in the transformer encoder. This workflow is
visually depicted in Fig. 2.

I𝑇 is partitioned into a sequence of non-overlapping 𝑛𝑝 patches denoted as 𝑥𝑖𝑝 (for
𝑖 = 1, 2, ..., 𝑛𝑝), each having dimensions 𝑑𝑝 × 𝑑𝑝 × 𝑐𝑝 , where 𝑐𝑝 represents the channel
count of I𝑇 . Each patch 𝑥𝑖𝑝 undergoes processing through a convolutional architecture
𝑓𝐶 to extract the corresponding deep feature 𝑔𝑖𝑝 with a dimension of 𝑑𝑔. In 𝑓𝐶 , we
utilize the layers before the global_average_pool of ResNeXt-50 [35], as it exhibited
superior performance compared to contemporary models like VGG19 [29], ResNet [16],
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Fig. 2: Workflow of the proposed writer identification model

MobileNetV2 [28], etc. The weights of 𝑓𝐶 ’s are shared across all patches. We refrain
from utilizing a distinct objectness network [34] to delineate between background and
foreground ink-stroke (object) patches, since transformer network inherently leverage
the attention mechanism [33] to prioritize important patches. Here, 𝑐𝑝 = 3, since I𝑇 is
an RGB image. Empirically, we fix 𝑑𝑝 = 64; therefore, 𝑛𝑝 = ⌊(𝑑ℎ × 𝑑𝑤)/(𝑑𝑝 × 𝑑𝑝)⌋ =
⌊(192 × 1920)/(64 × 64)⌋ = 90. We also choose 𝑑𝑔 = 2048.

Each 𝑔𝑖𝑝 undergoes further flattening and is then transformed into a 𝐷-dimensional
vector, i.e., embedding 𝑧0 through transformer layers [12], utilizing the following linear
projection:

𝑧0 = [𝑔𝑐𝑙𝑎𝑠𝑠 ; 𝑔1
𝑝 E ; 𝑔2

𝑝 E ; . . . ; 𝑔𝑛𝑝

𝑝 E] + E𝑝𝑜𝑠 (1)

Here, E ∈ R𝑑𝑔×𝐷 is the embedding projection matrix; E𝑝𝑜𝑠 ∈ R(𝑛𝑝+1)×𝐷 denotes
the position embedding added to the deep feature embeddings extracted from patches,
serving to retain positional information; 𝑔𝑐𝑙𝑎𝑠𝑠 = 𝑧00 refers to a learnable embedding
[11]. Following the embedding space, a sequence of transformer encoder is incorporated
[33,12]. The right-hand side of Fig. 2 depicts the internal structure of a transformer
encoder, which consists of alternating layers of 𝑀𝑆𝐴 (Multi-head Self-Attention) [12]
and 𝑀𝐿𝑃 (Multi-Layer Perceptron) [37] modules. 𝐿𝑁 (Layer Normalization) [7], and
residual connections [37] are applied before and after each of these modules, respectively.
This composition is formally presented in equation 2 with general semantics. The
𝑀𝐿𝑃 module utilized here comprises two layers with 4𝐷 and 𝐷 neurons, respectively,
incorporating the GELU (Gaussian Error Linear Unit) non-linear activation function
[12].

𝑧′𝑙 = 𝑀𝑆𝐴(𝐿𝑁 (𝑧𝑙−1)) + 𝑧𝑙−1; 𝑧𝑙 = 𝑀𝐿𝑃(𝐿𝑁 (𝑧′𝑙)) + 𝑧
′
𝑙; 𝑙 = 1, 2, . . . , 𝐿 (2)
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where, 𝐿 denotes the total count of transformer blocks. The core element of the trans-
former encoder is 𝑀𝑆𝐴, which incorporates ℎ (> 1) number of ℎ𝑒𝑎𝑑s. Each ℎ𝑒𝑎𝑑𝑖 ,
∀ 𝑖 ∈ {1, 2, ..., ℎ} uses 𝑆𝐴 (Scaled dot-product Attention) [12,33], wherein the input
consists of query (𝑄), key (𝐾), and value (𝑉) matrices. The 𝑆𝐴 module calculates the
attention assigned to the input patches. The results of 𝑆𝐴 computations across all heads
are concatenated within the 𝑀𝑆𝐴 module, as illustrated below.

𝑀𝑆𝐴 (𝑄, 𝐾,𝑉) = [ℎ𝑒𝑎𝑑1, ℎ𝑒𝑎𝑑2, . . . , ℎ𝑒𝑎𝑑ℎ] ;
ℎ𝑒𝑎𝑑𝑖 = 𝑆𝐴(𝑄 ·𝑊 𝑖

𝑞 , 𝐾 ·𝑊 𝑖
𝑘 , 𝑉 ·𝑊 𝑖

𝑣) ;

𝑆𝐴(𝑄, 𝐾,𝑉) = 𝑠𝑜 𝑓 𝑡𝑚𝑎𝑥
(
𝑄𝐾𝑇⧸

√︁
𝐷ℎ

)
𝑉

(3)

where, 𝑊𝑞 , 𝑊𝑘 , 𝑊𝑣 are the weight matrices for the linear transformation; 𝐷ℎ = 𝐷/ℎ.
Following 𝐿 transformer encoder blocks, the <class> token [11] is enriched with contex-
tual information. The learnable embedding state resulting from the transformer encoder
(𝑧0

𝐿
) serves as the image representation 𝑦 [12]; 𝑦 = 𝐿𝑁 (𝑧0

𝐿
).

Feed Forward Network (FFN): The final stage of our model integrates an FFN con-
sisting of two hidden layers, sequentially added with 1024 and 𝐷 nodes, respectively,
which engages GELU activation function. The output layer consists of 𝑛𝑤 neurons with
𝑠𝑜 𝑓 𝑡𝑚𝑎𝑥, resulting in the distribution 𝑠< 𝑗>, from which the writer-id 𝑤 is identified as
below.

𝑤 = arg max
𝑗

𝑠< 𝑗> ; for 𝑗 = 1, 2, . . . , 𝑛𝑤 ; (4)

where, 𝑛𝑤 is the number of writers in the database, i.e., 𝑛𝑤 = |W|. Here, we utilize
cross-entropy loss, as it has been found effective for multi-class classification tasks
[37]. Furthermore, we employ the Adam optimizer [20]. The details regarding hyper-
parameter tuning and training are elaborated in Section 4.

4 Experiments and Discussions

This section starts with an outline of the dataset and experimental setups, followed by
experimental results to evaluate the effectiveness of our model and some contemporary
deep architectures for the undertaken task.

4.1 Dataset Employed and Experimental Setups

As mentioned in section 2, we have collected a total of 1560 handwritten English
text-line images from 130 individuals. Each writer scribbled 10 samples on “paper”, 1
sample on “on-screen” display tablet, and 1 sample on “off-screen” graphics tablet.

We have created 4 experimental setups (ES), as below:
• ES-1: All samples written on paper (i.e., 10× 130 samples) were used as training set,
and on-screen 1 × 130 samples were engaged for testing.
• ES-2: The training set was kept similar to ES-1, and off-screen 1 × 130 samples were
used for testing.
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• ES-3: The training set was the same as ES-1. The test set combined the on-screen and
off-screen samples used for testing in ES-1 and ES-2 (i.e., 2 × 130 samples).
• ES-4: We randomly split all 1300 (= 10 × 130) samples written on paper only into
training and test sets with a ratio of 8 : 2. We ensured that the training set included
samples from all 130 writers.

In each of the above experimental setups, 10% of the training data was allocated
for validation purposes. During model training, we augmented the training set samples
by introducing random changes in image saturation, brightness, and contrast to mitigate
overfitting.

4.2 Results

We performed the experiments on an Intel(R) Xeon(R) CPU @ 2.00 GHz with 52 GB
RAM and Tesla T4 16 GB GPU. The hyperparameters of the employed models were
tuned and fixed during the model training, considering the performance of the validation
set [37]. For training, the mini-batch size was equal to 16. In this study, 100 epochs were
used for model training. The Adam optimizer [20] parameters were selected as follows:
the initial learning rate was set to 10−4, the exponential decay rates for the 1𝑠𝑡 and
2𝑛𝑑 moment estimates, 𝛽1 and 𝛽2, were set to 0.9 and 0.999, respectively, and the
zero-denominator removal parameter (𝜖) was set to 10−8. For transformer network, we
empirically chose 𝐿 = 6, 𝐷 = 192, and ℎ = 12. All results presented in this paper were
obtained from the testing set. We utilize average top-1 accuracy % over all writers as
the evaluation metric for assessing model performance [2].

Table 1 presents the performance of our model, and provides a comparison with some
major baseline deep architectures [29,16,31,9,28,32,24] and state-of-the-art (SOTA)

Table 1: Performance analysis on various experimental setups and comparative study

Methods Top-1 Accuracy %
ES-1 ES-2 ES-3 ES-4

B
as

el
in

e

VGG19 [29] 56.4391 56.3369 57.3468 67.4889
ResNet50-V2 [16] 64.3467 64.2342 65.4734 79.3504
Inception-V3 [31] 69.3458 69.3456 69.3456 80.0581
Xception [9] 69.3563 69.3873 69.5647 80.1904
MobileNet-V2 [28] 69.4737 69.3884 70.4098 80.4259
EfficientNet-B3 [32] 72.3422 72.8463 72.6833 81.2626
RAM [24] 72.4523 72.2346 72.5842 81.4558

SO
TA

Fiel et al. [13] 54.5692 54.1956 54.8073 65.4442
GR-RNN [18] 71.7432 71.6591 72.1226 81.0562
Koepf et al. [21] 73.2389 73.2420 73.3460 81.6678
Srivastava et al. [30] 75.1104 75.0188 75.3365 81.7277
WiT [5] 75.3602 75.3600 75.5308 83.1328
FragNet [17] 75.3613 75.0404 76.2904 83.4105
Ours 75.6061 75.5975 76.8509 83.6481
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writer identification methods [13,18,21,30,5,17] across abovementioned four experi-
mental setups (i.e., ES-1, ES-2, ES-3, and ES-4).

From the results presented in Table 1, we have the following major observations:
(i) Our method outperformed major baseline deep architectures and SOTA methods

by attaining 75.6061%, 75.5975%, 76.8509%, and 83.6481% top-1 accuracies for ES-1,
ES-2, ES-3, and ES-4, respectively.

(ii) Among the compared baseline and SOTA methods, EfficientNet-B3 [24] and
FragNet [17] obtained superior performances, respectively, in ES-3. In all individual
setups, the best performances of baseline and SOTA methods are underlined in Tabel 1.

(iii) Overall, the comparable methods, including ours, achieved better performances
in ES-4 than other setups. One possible reason is that the training and test samples in
ES-4 encompass handwriting produced by various tools (e.g., pencil, gel pen, fountain
pen, 0.5 mm and 1 mm ball pens) on paper while placed on regular and hard surfaces.

(iv) Overall, our method and some major baseline/ SOTA methods encountered
challenges stemming from the surface transition from paper to computer tablets. This
is evident from performances on ES-1, ES-2, and ES-3 setups, where training samples
were written on paper while test samples were scribbled on computer tablets.

(v) We also noted that overall, the comparable methods, including ours, demonstrated
better performance in ES-1 compared to ES-2. One plausible reason is that individuals
encountered more challenges in ES-2 when writing on an off-screen graphics tablet,
which involves a decoupled writing surface while viewing the computer screen. However,
for some writers, the act of scribbling on a on-screen relatively smoother surface of a
display tablet posed challenges in ES-1.

These observations highlight the presence of intra-variation in handwriting resulting
from surface transitions, as evidenced by the performance of writer identification meth-
ods. As a matter of fact, while baseline and state-of-the-art (SOTA) methods achieve
high accuracy in benchmark datasets [36], their performance is notably poorer in the
dataset examined in this paper.

Ablation Study : We also performed an ablation study by removing the 𝑓𝐶 component
from our model (refer to Fig. 2 and Section 3.2). After ablating 𝑓𝐶 , we obtained top-1
accuracies of 73.2389%, 73.2420%, 73.3460%, and 81.6678% in ES-1, ES-2, ES-3, and
ES-4 setups, respectively. This ablation led to a decrease in accuracy ranging from 1%
to 3.5%.

5 Conclusion

This paper studies the intricate challenge of understanding intra-variability in hand-
writing, which encompasses the variations observed across different writing surfaces,
ranging from traditional paper sheets to modern computer tablets. The study explores
these diverse writing contexts, including writing on both traditional paper and digital
tablets, with and without visual displays, to shed light on how they influence the char-
acteristics and patterns of handwriting. By examining the variations arising from these
different conditions, the paper aims to provide insights into the underlying factors con-
tributing to intra-variability in handwriting. We utilized a transformer network with deep
features to assess performance in this study. We curated an intra-variable handwriting
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dataset across various surfaces, incorporating English handwriting samples from 130
distinct writers, totaling 1560 samples. Our model demonstrated an overall accuracy of
76.8509% on this dataset, showcasing promising outcomes. In future research endeav-
ors, we aim to further investigate intra-variation stemming from various writing tools
and explore multiple scripts to deepen our understanding of handwriting characteristics
across diverse contexts.
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