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Abstract: - Signature-based writer identification from static images is a critical biometric task, yet it tradition-
ally ignores the rich, dynamic information of the signing process. This paper introduces DynaSigNet (Dynamic
Signature Network), a novel deep learning framework that overcomes this limitation by learning to infer the la-
tent generative dynamics—trajectory, velocity, and pressure—from a single offline signature. Our architecture
employs a synergistic CNN-Transformer backbone to produce a holistic feature representation that captures both
local textures and global structural dependencies. The core of our method is a multi-task learning paradigm
where this shared representation is decoded in parallel: a primary head for writer classification, and auxiliary
motor-imagination heads for predicting the dynamic properties. By training the model to understand how the sig-
nature was formed, we achieve a more discriminative feature space. Validated on a challenging bilingual dataset
of Roman and Bengali scripts, DynaSigNet achieves state-of-the-art performance, demonstrating that inferring
latent motor processes is a powerful new direction for static biometric analysis. A system graphical user interface
(GUI) is also implemented.
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1 Introduction mains a trusted practice. Despite the advancement of
other biometric systems [ 1] such as facial recognition,
fingerprint scanning, iris identification, vein pattern
analysis, and DNA testing, signatures continue to be
favored due to their simplicity and traditional usage.
Consequently, researchers have dedicated decades to

Among the numerous biometric methods employed
for personal identification, signatures stand out as one
of the most widely recognized and utilized in every-
day life. Whether in banking, corporate offices, or
formal institutions, signature-based authentication re-
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developing automated systems for writer identifica-
tion using signature analysis [2], [3], [4]. Each in-
dividual’s signature is distinct, making it an effec-
tive marker for identification. Historically, human
experts analyzed handwriting manually, but with the
evolution of machine learning and deep learning tech-
niques [5], [6], [7], automated systems have emerged,
aiming to enhance precision, minimize human error,
and lower false-positive rates by combining compu-
tational analysis with expert validation.

This paper presents a method for analyzing hand-
written documents by retrieving digitized images
based on their graphical content, specifically hand-
writing styles and authorship. It outlines two main
applications: analyzing the textual content, which re-
quires transcription before applying information re-
trieval techniques, though this is currently limited by
the inefficiencies of handwriting recognition technol-
ogy; and analyzing the graphical content, where doc-
uments are retrieved based on handwriting styles to
identify specific calligraphy, detect multiple writing
styles, or date documents in relation to an author’s
chronology. The proposed approach leverages recent
advancements in automatic handwriting analysis for
these tasks. Automated writer identification systems
offer multiple advantages. They provide easy access
to extensive datasets, enabling detailed evaluation of
both text-based and graphical features in handwrit-
ten documents. These systems can identify individ-
uals by analyzing the consistency and unique charac-
teristics of their handwriting, often surpassing tradi-
tional methods like facial or fingerprint recognition
in speed. Additionally, they boost security, reduce
operational expenses, and offer a secure, permanent
method for database storage.

The primary objectives of a writer identification
system are to identify the most efficient techniques
for accurate identification, improve the system’s ac-
curacy, and extend its use to forensic and histori-
cal document analysis. Another key goal is the con-
version of handwritten documents into digital for-
mats, ensuring systematic processes for multi-writer
applications, and recognizing individuals through the
unique traits of their handwriting. These aims must be
achieved while maintaining both computational effi-
ciency and cost-effectiveness, which encourages con-
tinued research and development in this field.

The innovative application of pattern recognition
in writer identification has significant potential and
presents numerous challenges, especially when com-
pared to other biometric systems. Advances in this
area could place writer identification at the fore-
front of pattern recognition technology. Key areas of
application include forensic document examination,
criminal justice, biometric security systems, personal
identification, secure mobile banking, network access
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control, property protection, legal document verifica-
tion, signature authentication, and financial transac-
tion security. Additionally, the system can play a cru-
cial role in archiving historical documents, allowing
for effective indexing and retrieval. The broad ap-
plicability of writer identification systems highlights
their versatility and underscores their potential to im-
prove security and operational efficiency in multiple
industries.

Signature identification [8], [9], [10] can be di-
vided into offline (static) and online (dynamic) cat-
egories. In offline signature identification, writing
is done on solid paper, and the signature is captured
using a scanner or camera. The system then exam-
ines the topology and contour of the digitized signa-
ture. It is static, as it does not require stream process-
ing. On the other hand, online signature identification
captures live input by means of devices like tablets
or smartphones. This can include a stylus or pen, a
touch-sensitive surface, and software that tracks the
movement and pressure of the stylus. Offline iden-
tification is more challenging to analyze because it
is limited to a static two-dimensional image, while
online identification is easier because it captures dy-
namic features of the writing process

In the present study, we focus on Bangla and En-
glish languages that correspond to Bangla and Ro-
man scripts. These are not two different languages;
they are two entirely different script systems two sys-
tems that are most commonly used in India and fur-
ther. Bangla (or Bengali) is the official language of
Bangladesh and is also widely spoken in the Indian
state of West Bengal. Compared to English which
serves as an umbrella language across the globe and
across sectors like that of startups, education, and
governance. These two languages, as examples, ex-
hibit a range of scripts that an effective writer iden-
tification system should incorporate, as they belong
to different families of writing systems. For instance,
Bangla is an Abugida writing system with a connect-
ing “matra” while English is a true alphabetic writing
system with a much simpler and more linear structure.
This study seeks to develop an advanced system for
identifying writers through signatures that are written
in different languages. The diagram in Figure 1 illus-
trates the process of training a system and identifying
writers based on their Bangla and Roman signatures.
The contribution of this work can be summarized as:

* We introduce a new paradigm for offline writer
identification by framing it as a problem of infer-
ring the latent generative motor process (trajec-
tory, velocity, pressure) from a static 2D image,
shifting the analysis from static pattern recogni-
tion to dynamic process modeling.

* We propose DynaSigNet, a novel multi-task ar-
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chitecture featuring a shared perception back-
bone and parallel decoders for simultaneous
writer identification and dynamic process recon-
struction, which forces the learning of a more dis-
criminative feature space.

* We develop a novel heuristic framework to gen-
erate pseudo-ground truth for dynamic proper-
ties (trajectory, velocity, pressure) directly from
static images, enabling the training of dynamic
inference models on standard offline signature
datasets.

* We provide empirical validation of the complete
framework on a challenging bilingual (Roman
and Bengali) dataset, establishing a new state-
of-the-art in script-invariant writer identification
and proving the efficacy of our proposed dy-
namic inference approach.

Original Image
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Split data

Pre-process

Prediction

Fig. 1: Overview of the system for writer
identification using handwritten signatures as input.

Source: created by the authors.

The remainder of this paper is organized as fol-
lows: Section 2 discusses the literature review. Sec-
tion 3 details the methods, including data preprocess-
ing and the proposed architecture. Experimental de-
tails, including the dataset, are discussed in Section 4,
followed by the results in Section 5 and the conclu-
sion in Section 6.

2 Literature study
Signature-based writer identification plays a vital role
in forensic investigations and document verification.
By analyzing distinctive handwriting characteristics,
this method ensures accurate authorship attribution,
thus strengthening the credibility of evidence in legal
proceedings and improving security measures.
Document image processing, particularly in a
multi-script or multilingual environment, requires a
stage of writer identification and verification using
handwritten signature pictures. So far, several tech-
niques have been devised to address this problem.
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Support vector machine classifiers were exploited for
offline signature identification and verification on an
English dataset using global, directional, and grid
features, [11]. The Persian and English signature
database using Contourlet Transform was discussed,
[12], whereas in [13], both the contourlet transform
and support vector machine were used to identify
and verify the Persian Database using global geomet-
ric and moment-based features. The study on Ara-
bic handwriting recognition using the optimization
of MCS based on diversity measures was conducted,
[14]. In [15], foreground and background features for
the same were discussed. In [16], [17], work was con-
ducted on English and Hindi signature dataset GPDS
using modified gradient features, Gabor filters, SURF
features, water reservoir features, loop features, as-
pect ratios, etc. A two-stage approach was used,
[18], to work on a multi-script signature image dataset
(Bangla, Hindi, and English) GPDS160 using global,
grid, and texture features.

A script level recognition system was suggested
for six handwriting Indian scripts: Bangla, Devana-
gari, Gurmukhi, Malayalam, Oriya, Telugu and the
Roman script, [19]. In a character recognition prob-
lem of moderately large classes, [20], a fair degree of
training was accomplished on a 5-layer CNN, among
other things, in addition to other training parame-
ters. The methodology employed, [21], on efficient
signature verification works with an interval sym-
bolic representation and a fuzzy similarity measure
applied to both English signature images (GPDS-300)
and the images of the Bengali and Hindi signatures
(BHSig260). In [22], learning features for offline
handwritten signature verification using deep convo-
lutional neural networks were proposed to address the
difficulty of obtaining good features and improve sys-
tem performance.

A DAG-CNN for offline signature verification,
focusing on classifying and verifying the authentic-
ity of offline signatures using a writer-independent
method, was discussed, [22]. In [10], a two-stage
convolutional neural network (CNN) architecture for
signature-based writer identification was proposed,
utilizing a stack ensemble network (SEN) that com-
bines truncated versions of VGG-19 and EfficientNet-
B0 with a shallow base CNN model. Previous re-
search in this area has primarily utilized learning-
based approaches to detect writing patterns and feed
them into machine learning models for writer deter-
mination. In a different context, [23], sensor fusion
and multimodal learning for robotic grasp verification
were explored using neural networks. This involved
multimodal data fusion techniques such as early, late,
and intermediate fusion with 3D convolution-based
multimodal neural networks.

In [24], the concept of conditional multimodal bio-
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metrics (CMB) and a corresponding learning model
trained with N multimodal biometrics, showcasing
a generalized approach to multimodal biometrics,
were introduced. In [25], a novel data augmenta-
tion method called Inverted Cutout was proposed to
enhance the occlusion robustness of CNNs during
training. In [26], a method for writer retrieval using
compact convolutional transformers (CCTs) and Net-
MVLAD was presented, demonstrating superior per-
formance compared to traditional CNNs for writer re-
trieval tasks. Offline handwriting image analysis for
predicting Alzheimer’s disease through deep learning
was explored, [27], emphasizing the importance of
extracting features directly from handwritten images.
In a different domain, [28], PRNU-Net was devel-
oped as a deep learning approach for source camera
model identification based on videos captured with
smartphones. In [29], BAFL (Federated Learning
for Base Ablation) was proposed as a cost-effective
communication strategy in federated learning, aim-
ing to reduce communication costs while improv-
ing weight initialization. A unified statistical model
was explored, [30], for multi-band texture representa-
tion using finite mixtures of multivariate generalized
Gaussian distributions. In general, the review of the
literature highlights the diverse applications of neu-
ral networks, multimodal learning, data augmentation
techniques, and deep learning approaches in various
domains such as writer identification, robotic grasp
verification, biometrics, occlusion robustness, cam-
era model identification, and texture modeling. These
studies collectively contribute to advancing the field
of handwritten signature-based writer identification
and verification in offline mode.

3  Methodology

The proposed methodology introduces a novel frame-
work, Dynamic Signature Network (DynaSigNet), for
robust writer identification. The approach is pred-
icated on the hypothesis that a model trained to in-
fer the latent dynamic motor processes from a static
signature image will develop a more discriminative
feature representation. This section details the com-
plete pipeline, beginning with the crucial data pre-
processing and augmentation steps, followed by the
architecture of the multi-task model and its training
objective.

3.1 Data Pre-processing and Augmentation

To ensure model stability, robustness, and generaliza-
tion, a comprehensive pre-processing and augmenta-
tion pipeline is applied to each input signature image.
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3.1.1 Rescaling Normalization
Initially, each image, with pixel intensity values in
the 8-bit integer range [0, 255], is normalized to a
floating-point range of [0,1]. For an original pixel
value z, the normalized value 2’ is calculated as:
, T
T T 255 )

This normalization is fundamental for stable gradient-
based optimization during the training of the deep
neural network.

3.1.2 Geometric Data Augmentation

During the training phase, we apply a series of
stochastic geometric transformations to the normal-
ized images on-the-fly. This process artificially ex-
pands the training dataset and introduces critical in-
variances, thereby preventing overfitting and enhanc-
ing the model’s ability to generalize to unseen data.
The applied augmentations are defined as follows:

» Shear Transformation: Skews the image along
the horizontal axis to simulate variations in writ-
ing slant. For a pixel at coordinate (x, y), the new
coordinate (z/,y’) is given by:

x'| |1 shear range| |z
y'| [0 1 y

where shear_range is a randomly sampled in-
tensity factor.

2

* Zoom Augmentation: Randomly zooms
the image by a factor sampled from [1 —
zoom range, 1 + zoom range|, where we set
zoom_range = 0.2. This makes the model
robust to variations in signature scale.

* Horizontal and Vertical Flips: The image is
flipped along its horizontal and vertical axes,
each with a 50% probability. For an image of
dimensions (width, height), the transformations

are:
r' = width — x  (Horizontal Flip)

(Vertical Flip)

3
“4)
* Width and Height Shifts: The image is trans-

lated randomly along its axes. The transforma-
tion is defined by:

y' = height — y

2’ = x + width_shift range x width  (5)
(6)

where the shift ranges are set to £20% of the im-
age dimension.

y' = y + height_shift range x height

The final augmented and normalized data tensor, de-
noted as X € RF*WxC serves as the input to the
DynaSigNet architecture.
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3.2 DynaSigNet Architecture

The proposed DynaSigNet illustrated in Figure 2 is
a multi-task deep learning framework designed to
transcend the limitations of static image analysis for
writer identification. The core hypothesis is that a
model’s ability to identify a writer is significantly en-
hanced if it is compelled to learn the latent neuro-
motor dynamics inherent in the signature’s creation.
To this end, DynaSigNet is architected to perform
writer identification simultaneously with three auxil-
iary motor-imagination tasks: trajectory reconstruc-
tion, velocity estimation, and pressure mapping.

The architecture is formally composed of two pri-
mary stages: (1) a Shared Perception Backbone that
generates a rich, contextualized feature representation
of the input signature, and (2) a set of parallel Multi-
Task Decoders, each specialized for a specific task.

3.3 Shared Perception Backbone

Like the nodule feature encoder that is a powerful part
of the feature encoder itself, the backbone is a feature
encoder that mixes both the local feature extraction
networks of CNNs and the global context represen-
tation networks of Transformers in a symbiotic rela-

tionship. Let an input signature image be denoted by
X e R XWX C"

3.3.1 CNN Feature Extractor

The initial stage of the backbone is a CNN designed
to distill fine-grained spatial features. It consists of
an initial convolutional layer followed by a stack of
our novel Combined Blocks (CBs) which is shown
in Figure 3. Each CB is a computationally efficient
residual unit that performs a three-stage convolution
strategy. For an input feature map Fj, to a CB, the
output Fy is defined as:

F = COHVPW(U(Convstd(U(COHVdW(U(BN<FiH))))2%;
®)

where: Convgy,, Convgg, and Convp,, represent depth-
wise, standard, and pointwise (1x1) convolutions, re-
spectively; BN denotes Batch Normalization; and o
is the Swish activation function. The residual con-
nection ensures stable gradient flow. The output of
this stage is a low-resolution, high-dimensional spa-
tial feature map, F, € RF >XW'xC",

Fou = F + Fin

3.3.2 Transformer Encoder

To model the long-range dependencies between
learned features, F.,, is passed to a Transformer
encoder. The 2D feature map is first “patchified”
and flattened into a sequence of N tokens, P
{p1,p2,---,pN}, where N = H' x W'. Each to-

ken p; € R, This sequence is then processed by L
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layers of Transformer encoder blocks. Each block ap-
plies Multi-Head Self-Attention (MHSA) and a Feed-
Forward Network (FFN). The self-attention mecha-
nism is defined as:

QK?
Vi

where Q, K, and V are the query, key, and value ma-
trices derived from the input sequence P, and dy, is the
dimension of the key vectors. The output sequence is
then reshaped back into a spatial grid, yielding the fi-
nal Contextualized Feature Map, Z € R7'>xW'xC"
which serves as the shared input for all subsequent
decoders.

Attention(Q, K, V) = softmax < ) vV 9

3.4 Multi-Task Decoders

The contextualized feature map Z is concurrently fed
into four specialized decoders.

3.4.1 Probabilistic Framework for Latent
Dynamics

To provide a rigorous mathematical foundation for
DynaSigNet, we formalize the inference of the sign-
ing process as a probabilistic latent generative model.
Let X € REXWXC represent the observed static 2D
signature image. We postulate that the static image is
the result of a latent generative motor process charac-
terized by continuous dynamic variables: trajectory
(Yiraj), velocity (Yye), and pressure (Ypress).

Our objective is to maximize the joint conditional
probability of the discrete writer identity (y;q) and
these continuous latent dynamics, given the static
image observation X. Assuming that the auxil-
iary dynamic variables are conditionally independent
given the deeply contextualized feature map Z
Jou.ornon. (X), the joint conditional distribution is fac-
torized as follows:

P(yidaYtTaj7Yvel7
Ypress | X;©)
= P(yzd | Z; gid)P(Ytraj | Z; etraj)
: P(Yvel | Z; Hfuel)P(Ypress ‘ Z; Qpress)

(10)

Each decoder in our architecture functions as a param-
eter estimator for these specific conditional distribu-
tions:

* Identity Distribution: The writer classification
is modeled as a discrete Categorical distribution
parameterized by the Identification Head:

P(yia | Z; 0;q)
= Categorical(softmax(W;qZgap + biq))
(11)
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* Trajectory Distribution (Kinetic): The sequen-
tial trajectory points ¢; = (¢, y;) are modeled as
an autoregressive conditional Gaussian process.
At each time step ¢, the GRU hidden state h; es-
timates the mean of the continuous spatial coor-
dinates:

P(et | €<ty Z; O1raj) = N (et; po(he), I) - (12)

* Velocity and Pressure Distributions (Rhythm
& Emphasis): The dense 2D velocity and
pressure heatmaps are formulated as indepen-
dent pixel-wise continuous Gaussian distribu-
tions mapped from the static image space via
transposed convolutions. For a given pixel ¢ in
the spatial grid:

P(Yvel,i ‘ Z; evel)
= N (Yyer,i; Decodery,e; (Z);, 02)

P(Ypress,i ‘ Z; gpress)
= N(Ypress,i; DeCOderpress (Z)’La 02)

(13)

(14)

By framing the model through this strict prob-
abilistic lens, the network’s training objective can
be formally defined as Maximum Likelihood Esti-
mation (MLE). Taking the negative log-likelihood
(NLL) of the joint distribution transforms the Cate-
gorical probability into the Cross-Entropy loss (£;4),
and the Gaussian probabilities into Mean Squared Er-
ror losses (Lirqj, Lvel, Lpress). Consequently, mini-
mizing this NLL mathematically derives the weighted
composite multi-task loss function (L;es4;) presented
in Equation (21).

3.4.2 Identification Head

This head performs the primary task of writer classi-
fication. It first reduces the spatial dimensions of Z
into a single feature vector zg,, using Global Average
Pooling (GAP). This vector is then passed through a
fully connected (Dense) layer with a Softmax activa-
tion function to produce the final probability distribu-
tion over K writer classes.

H W’

1
Zgap = TW/ZZZ” (13)
i=1 j=1
Yid = softmax(WiqZgap + biq) (16)

where yiq € R¥ is the predicted probability distribu-
tion, and Wiq, byq are the learnable weights and biases.

3.4.3 Shared Dynamic Convolutional Decoder

As illustrated in our architectural schematic (Figure
2), instead of employing independent decoders or re-
current sequence generators, the three latent dynamic
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heads share a common upstream Convolutional De-
coder. This design choice optimizes computational
efficiency by allowing the network to learn a shared,
high-resolution spatial representation of the signa-
ture’s motor dynamics.

The contextualized feature map Z from the Trans-
former encoder is passed into this Convolutional De-
coder, which utilizes transposed convolutional layers
to progressively upsample the feature space. This

results in a shared dynamic feature map, Hyy, €
RH ><W><32:

H,», = Decoderon,(Z) (17)

3.4.4 Task-Specific Dynamic Heads (Kinetic,
Rhythm & Emphasis)

The shared dynamic feature map Hg,,, branches into
three specialized prediction heads. Rather than au-
toregressive sequence generation, we formulate the
inference of all dynamic properties—trajectory, ve-
locity, and pressure—as dense spatial regression
tasks.

Each head consists of a point-wise (1 x 1) Convo-
lutional layer followed by a Sigmoid activation func-
tion to map the 32-channel representation into the
desired output dimensionality, normalized between
[0, 1]:

* Trajectory Head (Kinetic): Reconstructs the
2D spatial vector field of the pen’s movement. It
maps to a 2-channel output representing the spa-
tial x and y trajectory features:

Yiraj = U(COHVZDlx 1,traj (den))
c RHXWXQ

(18)

* Velocity Head (Rhythm): Generates a single-
channel spatial heatmap representing the inferred
speed of the pen at each pixel:

Yvel = U(Conszlxl,vel (den>)
c RHXWXI

(19)

* Pressure Head (Emphasis): Generates a single-
channel spatial heatmap representing the inferred
pen pressure exerted on the paper:

Yoress = U(COHVZDlepress (den))
c RH><W><1 (20)

By predicting dense spatial heatmaps directly from
a shared convolutional backbone, the model success-
fully captures the local spatial correlations between
trajectory, velocity, and pressure simultaneously.
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3.5 Training Objective and Algorithm

The entire DynaSigNet model, parameterized by 6, is
trained end-to-end by minimizing a composite multi-
task loss function, Liy,1. This loss is a weighted sum
of the individual losses from each of the four tasks.

Ltotal = )\id»cid + )\traj ['traj + Avelﬁvel + )\press»cpr(e§sl)
where A are hyper-parameters that balance the task
contributions. The individual loss functions are: L4
(Categorical Cross-Entropy), and Lij, Lvel, Lpress
(Mean Squared Error).

The systematic optimization and training logic for
the proposed model are detailed in the following sec-
tion. Table 1 presents Algorithm 1, illustrating the
DynaSigNet end-to-end training procedure.

Tnput Signature Image
(256, 256, 1)

Shared Percegftion Backbone

Conv2D (7x7, Stride 2)
(128, 128, 64)

Combined Block x3
(128, 128, 64)

Conv2D (3x3, Stride 2)
(64, 64, 128)

Combined Block x3
(64, 64, 128)

Conv2D (3x3, Stride 2)
(32, 32,256)

Combined Block x1
(32, 32, 256)
CNN Feature Map

Transformr Encoder
Reshape (Patch Embedding)
(1024, 256)

Transformer Encoder Block x2
(1024, 256)

Reshape
(32, 32, 256)
Contextualized Feature Map

Multi-Task Pecoders

Convolutional Decoder
(256, 256,

Global Average Pooling 2D
6, 32) (256)

Pressure Head Velocity Head Trajectory Head
Conv2D (1x1, Sigmoid) | | Conv2D (1x1, Sigmoid) | | Conv2D (Ix1, Sigmoid)
(256, 256, 1) (256, 256, 1) (256, 256, 2)

Dense Layer (ReLU)
(128)

Dense Layer (Softmax)
N)
Classified Output
Writer Probabilities

Fig. 2: The architecture of the DynaSigNet model.
The model consists of a shared perception backbone
and a set of multi-task decoders. The backbone uses

a hybrid CNN-Transformer design to extract a
Contextualized Feature Map. This map is then
processed in parallel by an Identification Head for
writer classification and by Motor-Imagination
Heads to infer the latent dynamic properties
(pressure, velocity, and trajectory) of the signature.

Source: created by the authors.
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Table 1. DynaSigNet End-to-End Training
Procedure (Algorithm 1).

Require: Training dataset D =
(XY, 9, Vi
9 el Fonass) Ha
Require: Learning rate o, balancing weights
{Aid, Atrajy )\veh )\press}
1: Initialize: Model parameters 6
2: for each epoch do
3: for each batch {X, Vid, Yiraj, Yvel, Ypress  in D do
4: 1. Forward Pass (Backbone):
5 Fenn <— CNN_Extractor(X; Ocenn)
6 Z
' Transformer Encoder(Fenn; Oirans)
7: 2. Forward Pass (Decoders):
8: yia < Identification Head(Z; 0iq)
9 den —
' Convolutional Decoder(Z; Ogec)
10: Ytraj —
' Trajectory_Head(Hayn; Oiraj)
1 Yvel <~
' Velocity Head(Hayn; 6vel)
Ypress <
12:
Pressure_Head(Hayn; Opress)
13: 3. Loss Calculation:
14: L
’ CrossEntropy(¥id, ¥ia)
[rtraj —
15: N
MSE(YIraja Ytraj)
[:vel <~
16: N
MSE(yveh yvel)
17: [fpress —
’ MSE(Ypr6557 ypress)
18: 4. Composite Loss:
19: Liotat < ANidLid + Atraj Liraj
’ + )\velﬁvel + )\press[fpress
20: 5. Backpropagation and Optimization:
21: Compute gradients: Vg Lioal
22: Update parameters: 6 < 0 — aVg Lol
23: end for
24: end for
25: return Trained model parameters €

Source: created by the authors.

4 Experiment

Experiments were performed on a computer system
featuring 16GB of RAM, an Intel Core i5 processor,
and a dedicated GPU to improve training efficiency.
The experiments were executed on a Windows 10 Pro
(version 20H2) environment, leveraging TensorFlow
2.0.0 with cuDNN for optimized computational per-
formance. Detailed descriptions of the dataset and the
training protocols are provided in the following sec-
tions.
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Combined block (CB)

Depthwise
Conv2D

Standard
Convolution

Pointwise

Depthwise X
Convolution

\_ Convolution

Fig. 3: The structure of the Combined Block (CB).

Source: created by the authors.

prOREFHEDlock

The signature-based writer identification dataset
consists of contributions from 37 individual writers,
encompassing a total of 3612 signature images. This
dataset includes 1848 Roman script signatures and
1764 Bengali script signatures, reflecting a diverse
mix of linguistic and stylistic variations. A selection
of sample signatures from the dataset is illustrated in
Figure 4, highlighting the diversity in writing styles
across Roman and Bengali scripts. Such diversity
makes the dataset a rich resource for developing and
evaluating writer identification algorithms. It cap-
tures intricate handwriting characteristics, providing
an ideal benchmark for both training and testing for
our model.

T BifeIe eele ovgn W emgde MR e
(a) (b) (©) (d)

Riya Malie, Roit khdam  fobona Bivin
(e) €3} ()

Salthe: Koo
(h)

Fig. 4: Our dataset’s sample images are organized as
follows: Figures (a) and (d) in the first row show
Bangla script signatures, while Figures (e) and (h) in
the second row display Roman script signatures.
Source: [10].

The bilingual aspect allows for the exploration of
cross-script influences, providing valuable insights
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into how different writing systems affect handwrit-
ing. The extensive nature of the dataset ensures robust
analysis, supporting applications in forensic investi-
gations, banking security, and machine learning. To
enhance computational efficiency, all images are con-
verted to grayscale, focusing attention on the key sig-
nature features such as shape and texture while min-
imizing processing demands. The images are then
resized to a standardized 300x100 pixel dimension,
ensuring consistent input size for machine learning
models. The dataset is meticulously labeled and di-
vided into training and testing subsets, enabling ef-
fective model training and evaluation. In Figure 4 the
sample signature images of the persons in Bangla and
Roman are depicted.

It is important to note that the underlying bilin-
gual signature data acquisition paradigm, including
the specific script categories (Roman and Bengali)
and the targeted subset of 37 writers, builds directly
upon the baseline dataset extraction methodology es-
tablished in our previous work [10]. While the
foundational dataset is shared, the primary contribu-
tion of this current study lies in its algorithmic ad-
vancement. Specifically, this work transitions away
from static, shallow ensemble networks, introducing
a novel dynamic inference framework that utilizes a
hybrid CNN-Transformer architecture and multi-task
decoders to model the latent generative process of the
signatures

4.2 Training regime

The DynaSigNet model was trained using both the
Bangla script signatures and the Roman script signa-
tures of 37 authors, each of whom contributed 52 sig-
natures. The same 37 authors provided 52 signatures
each in Bangla script, which were used for testing.
For 100, 150, and 200 epochs, the model was trained
with a batch size of 16 and a dropout rate of 0.5. The
model’s accuracy and efficiency throughout various
training times could be assessed thanks to this step-
wise training methodology. The suggested model’s
efficacy was then evaluated and documented.

5 Results

An extensive ablation study was performed to vali-
date our architectural design, with results shown in
Table 2. Each major component of the DynaSigNet
model provides a clear, cumulative benefit. A base-
line CNN-only model (M1) achieved 90.78% accu-
racy. Adding the Transformer encoder for global con-
text (M2) raised this to 94.22%. Subsequently, in-
corporating the trajectory reconstruction task (M3)
further increased performance to 95.89%. The fi-
nal model (M4), our complete DynaSigNet with all
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motor-imagination heads (pressure, velocity, and tra-
jectory), achieved the highest accuracy of 98.103%.
This demonstrates that each component local feature
extraction, global context modeling, and latent dy-
namic inference plays a critical and synergistic role in
achieving state-of-the-art performance in writer iden-
tification.

Table 3 presents the classification performance
metrics for Bangla script recognition across differ-
ent batch sizes (8, 16, and 32). Each class’s perfor-
mance is evaluated using precision, recall, and F1-
score. With a batch size of 8, precision is generally
high, often reaching 0.97 or 0.98, indicating good ac-
curacy when the model does classify an instance into
a specific class. However, recall varies more signifi-
cantly, revealing differences in the model’s ability to
identify all instances of each class correctly. Notably,
class 7 exhibits a lower recall (0.52), resulting in a re-
duced F1-score (0.68) with a batch size of 8. Further-
more, class 2 exhibits a similarly low recall of 0.59
and an F1-score of 0.73 at this batch size.

While a batch size of 16 yields consistently
stronger performance across most classes, a batch size
of 32 displays significant variability. For instance,
class 5’s recall drops to 0.42, leading to a low F1-
score of 0.59. Crucially, class 12 also suffers an iden-
tical, massive drop to 0.44 recall under batch size 32.
This erratic behavior across specific classes under-
mines the claim that a batch size of 16 is universally
optimal merely due to minor smoothing. Instead, it
indicates that certain writer profiles are highly sensi-
tive to batch size scaling and gradient estimation vari-
ances.

Table 2. Comprehensive Ablation Study of
DynaSigNet Architecture. Metrics show the
cumulative contribution of each major module
(CNN, Transformer, and Dynamic Heads) to overall
writer identification accuracy.

Model CNN [Trans-|Trajec-[Motor|Accuracy
version features |former| tory | (P/V) (%)

M1: Baseline
(CNN-Only)
M2: Add
Global v
Context
M3: Add
Trajectory v v v x 95.89
Guidance
M4: Add
Full
Dynamic
Heads

v X X X 90.78

v X X 94.22

v v v v 98.10

Source: created by the authors.
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Table 3. Classification performance metrics of
Bangla scripts with Batch size 8, 16, and 32.

Batch size 8 | Batch size 16 | Batch size 32
#Class|P R |[F1 |P R [F1 |P R [F1
0 0.98[0.9210.97/0.99]0.97]0.98(0.65(0.98]0.78
1 0.98(0.97/0.97(0.98(0.97/0.97[1.00(0.96[0.98
2 0.97(0.59{0.73|0.97{0.96|0.96/0.96|0.90{0.93
3 0.78[0.97/0.86(0.98[0.97[0.97/0.90(0.980.94
4 0.98[1.00(0.99(0.99[0.98[0.980.98(0.95[0.96
5 0.99(0.98/0.98(0.98(0.99]0.98(0.97(0.42]0.59
6 0.98[0.88/0.93/0.97[0.98]0.97/0.97(0.90(0.93
7 0.98]0.5210.68|0.9810.98(0.98(0.97[0.92|0.94
8 0.76(0.98]0.86(0.99{0.97/0.9810.91|0.99{0.95
9 0.97[0.94/0.95(0.97[1.00{0.980.98]0.95[0.96
10 0.97[0.9910.980.97[0.98]0.97|0.94(0.96/0.95
11 0.98[0.98/0.98(0.98(0.99]0.98(0.98(1.00{0.99
12 0.99(0.94/0.96/0.98(0.98(0.98/0.98(0.44[0.61
13 0.95/0.98(0.96|0.98|0.97(0.97(0.62]0.97|0.76
14 0.9410.9410.94/0.99[0.97]0.98(0.99(0.96]0.97
15 0.99(1.00(0.99(0.96[0.98(0.97/0.96]0.92]0.94
16 0.99(0.98/0.98(0.98[0.96]0.97/0.91]0.97[0.94
17 0.98[0.97(0.97/0.99[0.95[0.97/0.95]0.97[0.96
18 0.99[0.90(0.94/0.96]0.94]0.95/0.97(0.94|0.95
19 0.98]0.99/0.98|0.97|0.95(0.96(0.81]0.96/0.88
20 0.98[0.9410.96(0.97[0.95]0.96/0.99(0.98]0.98
21 0.98[0.9910.98(0.98[0.97[0.97/0.98(0.96]0.97
22 0.98(0.94/0.96/0.97[0.97]0.97/0.98(0.97[0.97
23 0.90(0.9910.940.96]0.96]0.96]0.96(0.98(0.97
24 0.98[0.98/0.98(0.98(0.97]0.97/0.93(0.98]0.95
25 0.7210.9910.8310.9910.96(0.97(0.97[0.99]0.98
26 0.98[0.95/0.96(0.99[0.96]0.97/0.98]0.83[0.90
27 0.79]0.97/0.87/0.99]0.96]0.97|0.95(0.99]0.97
28 0.99[0.98/0.98(0.97[0.98(0.97/0.93]0.96(0.94
29 0.98[0.96/0.97/0.97[0.97]0.97|0.96]0.97[0.96
30 0.97[0.98/0.97/0.96]0.96]0.96/0.98(0.94[0.96
31 0.9210.67/0.7810.9810.98(0.98(0.98[0.980.98
32 0.80(0.98/0.88(0.96[0.98(0.97/0.96/0.92]0.94
33 0.99[0.98(0.98(1.00(0.97[0.98/0.97]0.85[0.91
34 0.98[0.98/0.98(0.97[0.96]0.96/0.99(0.83[0.90
35 0.99(0.98/0.98(0.97(0.96]0.96/0.85[0.99(0.91
36 0.96(0.99]0.97(0.96(0.98|0.97[0.91|0.98[0.94

P: precision; R: recall; F1: Fl-score.

Source. created by the authors.

Table 4 details the classification performance met-
rics: Precision, Recall, and F1-score for Roman script
recognition across three batch sizes: 8, 16, and 32.
This analysis examines how varying batch sizes affect
model accuracy and stability across different script
classes (labeled 0-36).

Using a batch size of 8, the model demonstrates
generally strong performance (e.g., class 0 achieves
0.95 precision, 0.93 recall, and 0.98 F1-score). How-
ever, there is a notable performance loss for class 10,
where recall drops to 0.62, resulting in a significantly
lower Fl-score of 0.76. Shifting to a batch size of
16, we observe a performance gain for class 10, with
precision, recall, and Fl-score all rising to around
0.98. This suggests that a larger batch size helps the
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model better learn the distinguishing features of this
class. While most other classes maintain similar per-
formance levels compared to batch size 8, there’s a
slight performance loss observed in classes 3, 6, 17,
18, and 34 with F1 scores of 0.89, 0.95, 0.93, 0.91,
and 0.91, respectively.

Increasing the batch size to 32, the model achieves
consistently high precision (around 0.97-0.98) and re-
call across nearly all classes. The performance gain
is that the variability seen with smaller batch sizes
is reduced, leading to more consistent performance.
However, there’s a small performance loss in recall
for some classes such as class 6, 26, and 31, indicat-
ing that while the model remains accurate, it might be
missing some instances due to the larger batch size po-
tentially smoothing out finer class distinctions. While
all batch sizes generally provide high accuracy, batch
size 32 offers the most consistent and robust perfor-
mance across classes, potentially due to better gradi-
ent estimation. However, the trade-off is a potential
slight reduction in recall for a few classes. Batch size
16 improves performance on previously challenging
classes but may introduce a small performance regres-
sion on other classes compared to 8 or 32.

The Table 5 shows the accuracies of a model for
Bangla and Roman scripts across three batch sizes (8,
16, and 32). For the Bangla script, the accuracy is
highest at a batch size of 16 (99%), but slightly drops
to 94% with a batch size of 32. In contrast, the Ro-
man script maintains a high accuracy of 98% for both
batch sizes 8 and 16, and improves slightly to 99% at
batch size 32. These results suggest that for Bangla, a
batch size of 16 yields the best performance, while the
Roman script benefits from larger batch sizes, with
accuracy either remaining stable or slightly increas-
ing.
Comparative study: The Table 6 in highlights the
performance gains achieved by the proposed model
over state-of-the-art architectures (VGG19, ResNet,
and DenseNet121) for writer identification in Bangla
and Roman signatures. The proposed model outper-
forms the best-performing baseline, ResNet, with a
gain of 2.48% in precision (98.50% vs. 96.02%),
1.13% in recall (98.44% vs. 97.31%), 1.80% in F1-
score (98.46% vs. 96.66%), and 1.52% in accuracy
(98.50% vs. 96.98%). Compared to DenseNetl21,
the gains are even more significant, with an accu-
racy improvement of 4.38% (98.50% vs. 94.12%).
These results underscore the superior ability of the
proposed model to extract and utilize distinctive fea-
tures, achieving substantial gains over standard archi-
tectures.
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Table 4. Classification performance metrics of
Roman scripts with Batch size 8, 16, and 32.

Batch size 8 | Batch size 16 | Batch size 32
#ClassfP |[R |F1 |P [R [FI |[P |R |[Fl
0 0.93{0.98(0.95/0.97/0.98{0.97{0.98{0.98(0.98
1 0.98]0.98(0.98{0.97{0.98]0.97(0.98[0.98]0.98
2 0.97/0.97(0.97{0.97{0.99]0.98(0.97{0.99]0.98
3 0.98]0.98(0.98(0.81{0.98/0.89{0.91{0.97]|0.94
4 0.93]0.98(0.95{0.94(0.96/0.95(0.98[0.98]0.98
5 0.97/0.92(0.94{0.98{0.95/0.96(0.97{0.98]0.97
6 0.97]0.85(0.91{0.98{0.9210.95(0.98{0.81]0.89
7 0.97]0.98(0.97{0.94(0.98]0.96(0.95[{0.98]0.96
8 0.96(0.98(0.97{0.96{0.98/0.97(0.98[0.98]0.98
9 0.98]0.95(0.96{0.98(0.99]0.98(0.98(0.97]0.97
10 0.97]0.62(0.76{0.98(0.98/0.98(0.95[{0.98]0.96
11 0.98]0.94(0.98(0.95(/0.98/0.96(0.97[0.97]0.97
12 0.99]0.98(0.98(0.98(0.98]0.98(0.95[{0.98]0.96
13 0.96/0.95(0.95{0.97{0.98]0.97(0.98{0.97|0.97
14 0.91]0.98(0.94{0.98{0.98]0.98(0.98[0.98]0.98
15 0.98]0.98(0.98(0.91{0.97/0.94{0.97{0.98]0.97
16 0.93]0.98(0.95{0.98(0.98/0.98(0.96{0.98]0.97
17 0.99]0.97(0.98(0.99(0.88]0.93(0.97[0.98]0.97
18 0.98]0.96(0.97{0.98]0.85/0.91{0.96{0.98]0.97
19 0.97]0.99(0.98(0.97{0.96/0.96(0.97{0.98]0.97
20 0.93]0.96(0.94{0.91{0.96/0.93{0.96{0.98]0.97
21 0.98]0.95(0.96{0.98(0.96/0.97(0.96{0.98]0.97
22 0.96(0.99(0.97{0.97(0.96/0.96(0.98[0.95]0.96
23 0.98(0.98(0.98/0.96(0.99{0.97{0.99{0.98{0.98
24 0.98]0.87(0.92{0.97{0.99]0.98(0.96{0.98]0.97
25 0.96/0.98(0.97{0.98]0.96/0.97(0.98{0.96|0.97
26 0.98]0.94(0.96{0.98(0.98]0.98(0.99{0.92]0.95
27 0.98]0.98(0.98(0.98(0.98/0.98(0.98[0.98]0.98
28 0.98]0.98(0.98(0.99(0.97/0.98(0.98[0.98]0.98
29 0.97{0.92(0.94|0.97/0.88{0.92{0.98{0.96(0.97
30 0.98]0.98(0.98{0.98(0.97/0.97(0.97{0.98]0.97
31 0.98]0.99(0.98(0.97{0.98]0.97(0.98[0.94]0.96
32 0.98]0.99(0.98{0.99{0.99/0.99(0.98{0.95]0.96
33 0.96/0.99(0.97{0.98(0.96/0.97(0.98{0.97]0.97
34 0.98]0.97(0.97{0.94(0.88/0.91{0.96{0.98]0.97
35 0.98(0.97(0.97/0.98|0.98{0.98{0.98{0.98(0.98
36 0.96/0.92(0.9410.96(0.98]0.97{0.93]0.96|0.94

P: precision; R: recall; F1: Fl-score.

Source: created by the authors.

Table 5. The accuracies of Bangla and Roman for
different batch sizes.

Batch size
Script 8 16 32
Bangla | 0.95 | 0.99 | 0.94
Roman | 0.98 | 0.98 | 0.99

Source: created by the authors.

5.1 GUI Interface

The graphical user interface (GUI) of the Signature
Verification System, shown in Figure 5 is built for in-
tuitive and easy to access, employing a combination
of PHP for backend functionality, HTML and CSS
for front-end presentation, and Flask for API integra-
tion. The ”Upload Signature” frame on the left side
is written in HTML and styled with CSS to display a
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clean and user-friendly interface for uploading signa-
ture images. Users can opt to drag-and-drop images
into the target zone or click to open their local file
system, made available by JavaScript for interactive
use. PHP handles the file uploading, storing the image
temporarily securely on the server. When the “Verify
Signature” button (CSS also styled) is clicked, PHP
makes an API call to a Flask backend, passing the im-
age data for processing.

The Flask backend receives the image data, pre-
processed it, and feeds it into our Hybrid Visual
Transformer model (.h5 file) to compute the identity
verification score and signature classification. Flask
returns the results back to the PHP frontend. The
”Verification Result” column, dynamically updated
by PHP, displays the uploaded signature, the identi-
fied script (e.g., Bangla, Roman), and the name of the
claimed person. The Flask backend acts as a critical
interface between the front-end interface and the core
deep learning model, carrying out all computationally
intensive tasks and ensuring efficient communication
between the different system components. This de-
sign establishes a separation of concerns, wherein the
presentation is handled by HTML/CSS and PHP and
complicated model processing handled by the Flask
backend, and the end result is a responsive and man-
ageable system.

Table 6. Comparison of the proposed model with the
state-of-the-art models. All scores are measured in

%.
Model P R F1 |Accuracy
VGG19 [31] 95.57|96.62{96.09 96.76
ResNet [32] 96.02|97.31{96.66 96.98
DenseNet121 [33]{93.28|94.19(93.73 94.12
Proposed 98.50/98.44198.46 98.50

P: precision; R: recall; F1: Fl-score.

Source: created by the authors.

Signature Verification System Signature Verification System

o 2 oo it AnguL Wil

s
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Fig. 5: The Signature Verification System accurately
identifies the signature of the person.

Source: created by the authors.
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6 Conclusions

In conclusion, this paper successfully introduced Dy-
naSigNet, a novel deep learning framework that pi-
oneers a new paradigm for offline writer identifi-
cation. By moving beyond static pattern recogni-
tion, our model learns to infer the latent neuro-motor
dynamics—such as signing trajectory, pressure, and
velocity—from a single 2D image. The architec-
ture synergistically combines a CNN-based backbone
for fine-grained local feature extraction with a Trans-
former encoder for capturing global contextual rela-
tions. Our core innovation, a multi-task learning ap-
proach with auxiliary motor-imagination heads, com-
pels the model to build a profoundly more discrimi-
native feature representation. By achieving a state-of-
the-art writer identification accuracy of 98.50% on a
challenging bilingual dataset of Roman and Bengali
scripts, this work validates our hypothesis that mod-
eling the generative process is a highly effective strat-
egy for script-invariant biometrics. The future scope
of this research is significant. Follow-up efforts will
focus on extending this dynamic inference framework
to the more challenging task of expert-level forgery
detection, where subtle variations in motor control are
key differentiators. Furthermore, we plan to evaluate
the model’s resilience to real-world degradations and
explore knowledge distillation techniques for deploy-
ment on low-end hardware in forensic and security
applications. Ultimately, this work lays the founda-
tion for a new class of biometric systems that bridge
the gap between static and dynamic analysis.
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