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Abstract—With the increasing use of electronic devices, on-
line handwriting verification has become crucial for biometrics-
based identity authentication. Traditional methods, which rely
on content-dependent verification of the writer’s name, are vul-
nerable to forgery. This paper introduces a content-independent
handwriting authentication system, Ph-Wri, designed for com-
modity smartphones. The core innovation is a multi-path
attention feature fusion network that combines both static
features (image of the handwritten text) and dynamic features
(time-dependent properties during writing), to abstract the
handwriting style instead of specific content for recognition, en-
abling robust user authentication. To extract handwriting style
from dynamic writing features, we propose a polarity-aware
attention strategy during training. This strategy incorporates
Style Channel Attention (SCA) to capture direction-sensitive
stylistic features, and Trajectory Spatial Attention (TSA) to
highlight key handwriting trajectory regions. In the fine-tuning
stage, the Correlation-Aware Attention (CAA) module models
inter-channel structural correlations, mitigating the influence of
content and enhancing style-consistent representations. By link-
ing content-independent handwriting style to user identity, the
system achieves accurate authentication. Extensive experiments
on both the self-built CIEHD dataset and the public BiosecurID
dataset demonstrate exceptional performance, achieving a 99 %
Verification Accuracy on CIEHD. Compared to state-of-the-
art methods that utilize only static or dynamic data, Ph-Wri
significantly reduces the Equal Error Rate, showcasing the
effectiveness and practicality of the proposed approach.

Index Terms—Handwriting verification, style extraction,
content-independent, multi-modal fusion.

I. INTRODUCTION

ANDWRITING represents a fundamental and pivotal

biometric feature, primarily employed in the domains
of finance, commerce, and forensics [1]. Therefore, it is
essential to explore identity verification based on handwrit-
ing characteristics. With the widespread use of electronic
devices and digital documents, online electronic handwriting
has become a prevalent method for identity authentica-
tion, significantly enhancing users’ information security [2],
[3]. The field of handwriting verification presents several

Jinyang Huang, Xin Liu, and Meng Li are with the School of Computer
Science and Information Engineering, Hefei University of Technology,
Hefei 230601, China.

Feng-Qi Cui, and Jianchun Liu, are with the School of Computer Science
and Technology, University of Science and Technology of China, Hefei
230027, China.

Xiang Zhang is with the School of Cyber Security, Tianjin University,
Tianjin 300072, China.

Yuanhao Feng, and Zhi Liu are with the Department of Computer and
Network Engineering, The University of Electro-Communications, Tokyo
1828585, Japan.

Fusang Zhang is with Beihang University, Key Laboratory of Space-Air-
Ground Integrated Network Security, Ministry of Industry and Information
Technology, Beijing 100190, China.

TEqual contribution.

Corresponding author*: Xiang Zhang, Meng Li (Email: zhangxi-
ang @ieee.org, mengli @hfut.edu.cn).

) Traditional content _ _
related network

Static_img path

Press_img path
|/ |
[0

L1t |
dynamic_data path

Multi-modal fusion network
combining dynamic and
static features

N
Prposed content- A

independent scheme

Extract from a
single smartphone

Fig. 1. User authentication process difference between content-dependent
methods and the proposed system.

formidable challenges, with the most notable ones including
high inter-class similarity, significant intra-class variability,
and limitations in database size. In particular, intra-class
variability stems from inherent differences in handwriting
samples collected from the same individual under varying
motion states. Furthermore, dataset limitations are rooted in
constraints related to data collection conditions [3]-[6].

A pressing concern revolves around the issue of high inter-
class similarity, primarily fueled by the threat of skilled
forgery attacks within handwriting verification systems.
Skilled forgers meticulously replicate the handwriting of
legitimate users, possessing knowledge of both content and
style. These impostors manipulate authentication systems
to access secure environments using fraudulent handwritten
imitations [7], [8]. Due to the striking resemblance between
forged and genuine handwriting, systems with weak security
measures are often vulnerable to these sophisticated attacks,
jeopardizing the rights and interests of legitimate users. In
Fig. 1, we illustrate the distinct authentication processes of
content-dependent methods and our proposed system, Ph-
Wri, for highly similar handwritten signatures from both
the signature owner and skilled forgery attackers. The black
dotted line depicts the authentication process of content-
dependent methods. These methods, which rely on static
images and primarily focus on the written content, are prone
to errors in signature recognition. In contrast, our proposed
system, Ph-Wri, leverages dynamic information from the
writing process and effectively extracts content-independent
writing style features, thus improving handwriting verifica-
tion performance.

Handwriting verification can be basically classified into
two modalities, each based on different input sources:

« Static Handwriting Verification: This modality relies
on static images of handwritten text, and optical scan-
ners are commonly employed for acquiring such static
handwriting samples. Although previous researchers



have largely focused on improving the effectiveness
of image-based descriptors, they inevitably ignore the
dynamics of the handwriting process, i.e., the temporal
correlation between different handwriting movements in
handwriting, which inevitably downgrades the recogni-
tion performance.

+ Dynamic Handwriting Verification: The verification
of this modality relies on the time-dependent properties
generated during the handwriting act. Dynamic data
includes local elements of the handwriting process, e.g.,
pen position and pressure, from which temporal hand-
writing characteristics can be extracted. Different from
static handwriting predominantly concerns image-based
attributes, dynamic handwriting emphasizes temporal
and structural information. Apparently, single-modal
approaches fail to fully capture the comprehensive
spectrum of handwriting behavior.

As a result, a more promising approach is proposed, which
involves the integration of these two modalities and lever-
ages the synergies between static and dynamic handwriting
characteristics. Prior studies have demonstrated the efficacy
of data feature fusion in significantly reducing verification
error rates [9]-[11]. However, most of these pioneer methods
were confined to extracting basic structural features from
static handwriting or conducting simplistic data matching
for dynamic handwriting. Furthermore, specific works have
predominantly centered on signature synthesis rather than of-
fering a comprehensive exploration of the fusion of dynamic
and static handwriting. Hence, there is a need to explore
more robust and sophisticated fusion techniques to fully
unlock the potential of multi-modal handwriting verification.

To address the limitations of single-modal handwriting
verification, this paper introduces a multi-path model that
fuses dynamic and static handwriting features. Our model,
rooted in a convolutional neural network (CNN), recognizes
the temporal and spatial interplay between dynamic and
static handwriting. The design’s goal is to extract richer and
more diverse features from multi-modal handwriting data
[12]. On the other hand, handwriting verification, like visual
tasks such as face recognition, faces inherent challenges,
including high inter-class similarity and substantial intra-
class variability. In both domains, it is crucial not only to
extract discriminative representations but also to enforce a
supervision strategy that enhances feature separability [13].
To address these challenges, we incorporate the Arcface
loss function, which has proven highly effective in face
recognition tasks. The success of Arcface in visual domains,
where distinguishing subtle differences between individuals
is critical, makes it particularly suitable for handwriting
verification. By leveraging Arcface loss, the model aims to
improve the separation of handwriting features, enhancing
the overall verification accuracy.

In practical applications of handwriting authentication,
like signature verification, the key distinguishing factor
between genuine handwriting and skilled forgeries is the
writer’s distinctive style rather than the content of the
handwriting [14]. This highlights the significance of con-
centrating on the unique features of the writer’s handwriting
style, which are difficult to replicate, to accurately ascertain
the authenticity of the handwriting.

To address this challenge, we propose a content-
independent online handwriting verification system Ph-Wri.

In this system, the specific content of the handwriting, which
can be any text written by the individual, is not considered a
limiting factor. This system offers strong protection against
skilled forgery attacks because the attacker is not required
to mimic specific content, making it more challenging for
them to replicate the writer’s handwriting style. Our goal is
to reduce the impact of handwritten content by employing
three key techniques: data enhancement, a style attention
mechanism, and loss function construction. By diminishing
the significance of content in the extracted features, we can
highlight the handwriting style, which is extremely difficult
for attackers to reproduce.

Specifically, data enhancement serves a dual purpose: it
expands the dataset, reduces the risk of model overfitting,
and diversifies the handwriting content, providing more re-
sources for extracting content-independent handwriting style
features. The style attention mechanism is crafted to enhance
the influence of significant channels in the middle network
layers, directing the model’s attention toward handwriting
style features. This method amplifies the importance of these
features in the model’s analysis. The loss function consists
of two components: one quantifies the loss related to the
model’s ability to accurately recognize the authenticity of
handwriting, while the other component aims to minimize
the impact of handwriting content on feature extraction,
enabling the model to focus on content-independent hand-
writing style features. This approach reinforces the model’s
ability to differentiate handwriting based on style while
reducing its reliance on content-specific information.

Totally, the main contributions of this paper are as follows:

e As far as we know, we are the first to introduce a
content-independent handwriting authentication system
Ph-Wri based on a commodity smartphone. To better
capture handwriting act style features, we design a
multi-modal fusion network with full interaction be-
tween static and dynamic handwriting at the data level,
network layer level, and feature level to compensate for
the incompleteness and inaccurate of a single modality.

o To abstract handwriting style from handwriting act
features for better user authentication, a polarity-aware
attention learning strategy that incorporates Style Chan-
nel Attention (SCA) and Trajectory Spatial Attention
(TSA) are pertinently designed to extract direction-
sensitive stylistic features and highlight trajectory-
aware spatial regions that are most indicative of indi-
vidual writing behavior.

o To further eliminate the handwriting content influence
and enhance style-consistent representations, by mod-
eling inter-channel structural dependencies through the
handwriting Correlation-Aware Attention (CAA) mod-
ule in the fine-tuning stage, we significantly strengthen
the expression of style irrelevant to content.

o To comprehensively evaluate the performance of Ph-
Wri, we not only create an online handwriting dataset,
CIEHD, consisting of 9000 samples from 50 individ-
uals, but also assess its performance on the widely-
used public BiosecurID dataset. Extensive experiments
demonstrate that Ph-Wri achieves an average Verifi-
cation Accuracy of 99% on the CIEHD dataset. Fur-
thermore, by leveraging the advantages of both data
types, Ph-Wri achieves a 7.15% lower average Error
Rate compared to state-of-the-art (SOTA) methods on
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Fig. 2. The architecture of the proposed multi-path fusion network. The static_img path takes as input a static image, while the press_img path takes a
pressure image generated from dynamic pressure data as input. The dynamic_data path receives dynamic data as input. The fused feature vector (FV) is
obtained by combining the results from these three paths and passing them through a fully connected layer (FC1). FC2 incorporates the concept of an

Additive Angular Margin (Arcface).

the BiosecurID dataset.

II. RELATED WORK

In this section, we introduce relevant SOTA works on
handwriting verification, including static feature-based veri-
fication, dynamic feature-based verification, and multi-modal
fusion-based handwriting technologies.

A. Single-modality handwriting verification

Static features for handwriting authentication are typically
acquired using optical scanners that capture the written
material after the writing process. This approach requires
binarization and morphological operations [15], [16] to en-
hance symbol traces and remove noise from the signature
image. A common method for this involves applying a
denoising filter, such as a median filter [17], followed by
a general binarization technique to establish the optimal
threshold for extracting handwritten traces from the back-
ground. Subsequently, texture-based methods like LBP and
GLCM are used to extract static handwriting features. For
example, Fahn er al. [18] utilized a refinement algorithm to
capture skeleton information of the handwriting trajectory,
leveraging branch nodes in the skeleton to extract features.
Ghosh et al. [19] also focused on graphology-based features
to describe handwriting. To capture global features from
static handwritten images, CNN-based methods were intro-
duced [20], offering improvements in the feature extraction
process. Additionally, the use of Generative Adversarial
Networks (GANs) [21] has brought new perspectives to
handwriting image processing. While these techniques offer
advancements, they still depend heavily on visual attributes
of handwriting and do not account for the temporal and
dynamic factors that are crucial in distinguishing between
genuine handwriting and forgeries.

Despite these efforts, static feature-based authentication
suffers from several significant drawbacks. First, the focus
on visual attributes, i.e., texture and stroke, direction, makes
the system vulnerable to skilled forgery attacks, where
attackers can easily replicate the content and appearance

of the handwriting. Moreover, this reliance on visual char-
acteristics ignores the dynamic, real-time aspects of the
handwriting process, e.g., writing speed and pressure, which
could provide additional layers of identity verification.

In dynamic handwriting authentication, data is typically
collected using devices like digital handwriting tablets, cap-
turing a temporal sequence of values, e.g., pen position,
tilt, pressure, and other factors. Feature extraction from
dynamic handwriting can be approached in two main ways:
global-based and stroke-based. The global-based approach,
exemplified by the Gaussian Mixture Model-Universal Back-
ground Model [22], is effective in capturing general hand-
writing characteristics. Other methods, such as the Color Co-
herence Vector [23], also provided useful dynamic features
and demonstrated their effectiveness. On the other hand,
the stroke-based approach focuses on the finer details of
individual strokes. Novel techniques, e.g., sparse coding [24]
and time-series coding [25], have been successfully applied
in writer identification. Recurrent Neural Networks (RNNs),
known for their ability to model temporal dependencies,
have also been explored to enhance dynamic handwriting
verification. For instance, Zhang et al. [26] introduced a set
of random hybrid strokes, while Lai er al. [27] proposed
a Gated Autoregressive Unit (GARU) to extract dynamic
features for fine-grained handwriting verification.

Despite their effectiveness, dynamic feature-based meth-
ods face significant challenges. Dynamic data is highly
sensitive to variations in writing conditions, such as pen
speed or pressure, leading to substantial intra-class variabil-
ity. This makes it difficult to achieve consistent recognition
across different writing samples from the same individual.
Furthermore, dynamic handwriting authentication primarily
focuses on the temporal aspects of writing, which may
overlook the critical visual elements of handwriting that are
also essential for identity verification.

Therefore, while dynamic features provide valuable in-
sights, they are not sufficient on their own. By integrating
dynamic features with static ones, these systems can sig-
nificantly reduce intra-class variability and enhance forgery
detection. This fusion leverages both the temporal and spatial
characteristics of handwriting, offering a more comprehen-



sive and robust solution. Attackers would find it considerably
harder to replicate both the handwriting style (static fea-
tures) and the dynamic writing behavior (dynamic features),
thereby strengthening the overall authentication system’s
performance.

B. Multi-modal handwriting verification

The primary contribution of previous work on combining
dynamic and static handwriting features is the enhancement
of the dataset, addressing the problem of limited handwriting
data. A common approach is to synthesize offline handwrit-
ing from online handwriting samples. Naouel er al. [28]
proposed using a Gaussian model to synthesize offline sig-
natures from real dynamic handwritten information. These
synthetic samples perform similarly to real static handwritten
signatures, thereby improving the identification of skilled
forgery handwriting. Melo et al. [29] employed a deep
convolutional neural network to generate and synthesize
offline signatures, with the goal of enlarging the offline
training dataset and improving offline signature verification
performance. Furthermore, pioneer studies in [30], [31], and
[32] have demonstrated that multi-modal handwriting feature
fusion can significantly reduce the error rate of verification.
Zhang et al. [33] also explored the complementarity between
online and offline handwriting in handwritten mathematical
expression recognition, combining both modes of features to
effectively improve recognition performance.

While these works have advanced the research on dynamic
and static handwriting feature fusion, they overlook the criti-
cal issue of the correlation between static and dynamic hand-
writing features. In particular, the fusion methods used in
these studies focus primarily on enhancing dataset size and
feature diversity but fail to explicitly address how dynamic
and static features interact to capture handwriting style
characteristics more effectively. Furthermore, most existing
handwriting verification systems remain content-dependent,
meaning they do not adequately mitigate the influence of
the handwritten content on the verification process. Nev-
ertheless, content-independent handwriting verification, by
contrast, focuses primarily on extracting handwriting style
characteristics while weakening the impact of the written
content. This approach significantly helps reduce intra-class
similarity and significantly enhances the ability to resist
skilled forgery attacks.

Despite the promise of content-independent methods,
most pioneering works [34]-[36] require large samples of
handwritten text to accurately extract the writer’s style
characteristics, making data collection more difficult [37].
Therefore, developing a method that can effectively extract
handwriting style features from a smaller set of handwritten
characters is of great importance. This would not only
simplify data collection but also enhance the accuracy and
reliability of content-independent handwriting verification
systems in real-world applications.

IIT. MULTI-PATH HANDWRITING STYLE EXTRACTION
NETWORK

A. System overview

In this section, we introduce the handwriting feature
extractor across multiple modalities and detail the process
of multi-modal fusion for handwriting style extraction.

(a) (®) (©)

Fig. 3. The preprocessing of images. (a) Original static image. (b)
Preprocessed static image. (c) Pressure image converted from dynamic
pressure data.

A writer’s online handwriting comprises both static im-
ages, which visually represent the handwriting, and dynamic
time-series data, such as horizontal and vertical coordinates
(x,y coordinates) and pressure information. To fully capture
the handwriting characteristics, our approach employs a
multi-path feature fusion network, consisting of several inde-
pendent feature extraction paths. These paths are designed to
extract static and dynamic handwriting features as well as the
complementary information between them. Recognizing the
inherent relationship between static appearance and dynamic
motion in handwriting, the proposed network integrates data-
based fusion, network-based fusion, and feature-based fusion
to achieve comprehensive multi-modal feature integration.

As illustrated in Fig. 2, the static_img path processes
a preprocessed static handwritten image, normalized to
224 %224 pixels. Standard image enhancement techniques,
such as graying and dilation (Fig. 3(a), Fig. 3(b)), are applied
to reduce noise and highlight the handwriting traces. To
extract texture features from the static image, we employ
a Residual Convolutional Network (ResNet-18) [38], which
exhibits rotation invariance and consists of four convolution
modules, each containing four convolution layers. Batch
normalization (BN) layers and ReLU activations [39] are
applied throughout the network to stabilize and enhance
feature learning. After the convolutional modules and a fully
connected layer, we finally obtain the feature representation
of the static handwriting.

Style Channel Attention: To extract discriminative hand-
writing style features from static images, we introduce the
SCA module into this path. The SCA module enhances
channel-wise stylistic representations by decoupling and
reweighting positive and negative channel responses. This
polarity-aware modeling enables the network to focus on
style-specific features and improves the extraction of indi-
vidual writing styles critical for authentication.

The pressure image (press_img) is constructed by map-
ping the time-series pressure signals onto a spatial grid
aligned with the handwriting trajectory. Specifically, the
dynamic handwriting sequence (x¢, Y, p¢) is first normalized
and projected onto a 224 x 224 grid. Pressure values are
aggregated at each pixel location and normalized to [0, 1], re-
sulting in a single-channel pressure image that preserves the
spatial structure of handwriting while encoding pressure in-
tensity. This pressure image, derived from dynamic pressure
data, encodes the pen pressure intensity at each handwriting
position, which provides valuable structural information that
bridges both dynamic and static handwriting features. The
press_img path shares the same network architecture as
the static_img path to extract complementary image-level
features, as shown in Fig. 2.

Moreover, the dynamic_data path processes the dynamic
handwriting sequence, which includes x,y coordinates. The
time-series data is first segmented into 16 parts based on
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stroke information, with each segment comprising 224 data
units. Each unit contains a 14-dimensional feature vector
calculated from the x,y coordinates, as summarized in Tab. I.
If the stroke count or length is insufficient, zero padding is
applied. These segments are then temporally aligned to form
a two-dimensional input of size (14 x 16) x (14 x 16). This
path employs the same ResNet-18 structure as the static_img
path to extract dynamic handwriting features related to stroke
position and trajectory.

Trajectory Spatial Attention: To further capture style-
related spatial patterns in the writing process, we incorpo-
rate the TSA module after the convolutional layers. TSA
enhances the spatial sensitivity to writing trajectories by
modeling polarity-separated spatial activations and propa-
gating them over a graph-based spatial adjacency structure.
This mechanism highlights trajectory regions with distinc-
tive directional transitions and structural handwriting flows,
helping to extract stable handwriting style features that are
less influenced by content.

Building upon this multi-path feature extractor, we design
a multi-level fusion strategy that operates at the data level,
network layer level, and feature level. The creation of the
press_img represents the data-level fusion of pressure infor-
mation and static handwriting appearance. This synthesis,
and its correlation with the corresponding static handwriting,
is illustrated in Fig. 3(c) and Fig. 3(a). Through these
fusion mechanisms and the proposed attention modules, our
network is able to extract handwriting style features that are
crucial for accurate and robust handwriting authentication.

B. Network layer fusion

In handwriting style extraction, stylistic cues are often
expressed as directional asymmetries, such as preferred
stroke orientations, pressure emphasis, and motion transi-
tions, which are inherently different from content-dependent
character structures. Conventional attention mechanisms ag-
gregate activations symmetrically and thus tend to preserve
dominant content-related patterns.

To address this limitation, we design two polarity-aware
attention modules, i.e., SCA, and TSA, which are integrated
into intermediate layers of the network to guide cross-modal
feature fusion between static_img path, press_img path, and
dynamic_data path. The proposed SCA and TSA explicitly

Channel weights Spatial weights

(b)

Fig. 4. Network_based fusion: (a) Style Channel Attention (SCA) and
Trajectory Spatial Attention (TSA). (b) Processing.

decouple positive and negative activations. This polarity-
aware design enables the network to emphasize directional
and trajectory-sensitive features that are stable across dif-
ferent contents but distinctive across writers, making it par-
ticularly suitable for content-independent handwriting style
abstraction. Fig. 4 depicts the essential principle of SCA and
TSA and the specific processing flow.

Technical Details of Style Channel Attention: Specif-
ically, SCA 1is a polarity-aware mechanism designed to
emphasize channel-wise stylistic cues in the static hand-
writing feature map. Given an intermediate feature map
x € RBXCXHXW from the static_img path, we first con-
duct global average pooling to obtain a compact channel
descriptor as follows:

1 H W
4= G 2 D Ty € RPXC, (1

i=1 j=1

where B denotes the batch size, C' the number of chan-
nels, and H, W the height and width of the feature map,
respectively. © € REXCXHXW represents the intermediate
feature map extracted from the static image branch. Next,
to capture directional style tendencies, we perform positive
and negative polarity decoupling using:

¢" =ReLU(q)", ¢~ =ReLU(—q)™, @

where ¢ € RB*C is the global average pooled descriptor
across spatial dimensions. ¢ and ¢~ denote the positive
and negative polarity-enhanced components, modulated by
a non-linearity parameter «,.

Then, each polarity stream is passed through an inde-
pendent MLP and sigmoid branch to generate preliminary



polarity-aware activations as follows:
vF=0(MLP(¢")), 7~ =o(MLP(¢7)). (3

Instead of simply treating these two activations as two
independent channels, these activations are further combined
via element-wise addition: vye = 77 + 7. To better
capture higher-order interactions between the polarities, the
combined activation vector . is concatenated with the
original ¢, and fed into a second transformation module
composed of another MLP and sigmoid, forming a mutual
information—aware transformation:

v = o(MLP(Concat(q, Ype))) € RP*C. 4)

Finally, to effectively extract the handwriting style and ig-
nore the influence of irrelevant factors, this channel attention
map y is broadcast and used to reweight the original feature
map as follows:

Tga = T - [, 1, None, Nonel. (5)

This process enables SCA to highlight direction-sensitive
channel activations that are discriminative to individual
writer styles. Moreover, in our fusion framework, the SCA-
generated weights from the static_img path are used to
reweight the corresponding feature responses in the same
layer of the press_img path, facilitating consistent cross-
modal style enhancement.

By leveraging the polarity decomposition and mutual
information modeling at the channel level, SCA provides
a theoretically grounded means to disentangle style-specific
features from static_img path, thus effectively extracting the
handwriting style that corresponds to writer identity in static
images, which is beneficial for more accurate handwriting-
based identity authentication.

Technical Details of Trajectory Spatial Attention: To si-
multaneously extract the handwriting style from the dynamic
handwriting features, TSA focuses on enhancing spatial
sensitivity to writer-specific trajectory patterns by modeling
polarity-aware spatial activations. Given an intermediate
feature map x € REXCXHXW from the dynamic_data path,
we first perform channel-wise average pooling, which can
be denoted as:

c
1
5= C Zx:,c,:,: € REXHXW, (6)
c=1
where s € REXHXW ig the spatially aggregated map ob-

tained by averaging over channels. Then, a positive—negative
polarity decomposition is applied over the spatial plane,
which can be denoted as follows:

st =ReLU(s)?, s~ =ReLU(—s)", (7

where sT and s~ represent the polarity-enhanced spatial
responses modulated by exponent 3, and these two polarity
maps are concatenated to form a polarity-enhanced spatial
tensor: sy = Concat(st,s™) € REX2XHXW,

To first obtain a coarse attention map, this tensor is passed
through a convolutional layer followed by a sigmoid gate,
which can be expressed as:

s = 0(Conv(sey)) € REXPHXW, ®)

To further incorporate local spatial structure, we construct
a grid graph G over the spatial field and apply depthwise

graph convolution to simulate trajectory propagation, which
can be expressed as follows:

5 = DW-GraphConv (7ss, G) € REXIXHXW 0 (g)

The generated refined spatial attention § is used to
reweight the pressure pathway feature maps to better obtain
the style features in the corresponding layer, which can be
represented as:

Tia = T+ 8. (10)

This design enables TSA to highlight spatial regions that
are rich in directionality, curvature, and stroke transitions.
Apparently, these attributes are critical for modeling the
topological handwriting style. By integrating spatial polarity
decomposition and graph-based topological filtering, TSA
provides a principled mechanism to enhance trajectory-
sensitive features while mitigating superficial content depen-
dency, thereby further extracting features related to the user’s
handwriting style and reducing the reliance on handwritten
content to a certain extent.

Design Rationale of Cross-modal Reweighting: In our
multi-path architecture, the press_img path is intentionally
designed as a modality-bridging representation between
static appearance and dynamic motion. While the static_img
path focuses on visual stroke morphology and the dy-
namic_data path encodes temporal trajectory patterns, the
press_img path preserves spatial alignment while embedding
dynamic pressure cues, which makes it a natural anchor for
cross-modal interaction.

Specifically, the SCA module extracts channel-wise,
direction-sensitive style cues from the static_img path that
are strongly correlated with stroke orientation and structural
emphasis. Reweighting the press_img features using SCA-
generated weights encourages pressure-based representations
to focus on stylistically salient channels identified from static
appearance. Similarly, the TSA module captures trajectory-
aware spatial patterns from the dynamic_data path, which
highlights regions associated with distinctive writing mo-
tions. Apparently, applying TSA-generated spatial weights
to the press_img path aligns pressure features with motion-
sensitive trajectory cues.

Through this design, the press_img path serves as a
style-aligned fusion anchor, enabling coherent integration of
complementary static and dynamic style information, rather
than simple feature concatenation.

C. Feature layer fusion

To extract a wealth of information that can be used
to distinguish the authenticity of handwriting style, the
proposed method concatenates the feature vectors obtained
by different paths before the first full connection layer
(FC1). Then, each feature vector is given a reasonable
weight allocation to obtain more useful information, which
can effectively represent the features of handwriting style.
Different from the simple fusion of final decision results
[40], the proposed feature-based fusion provides flexibility
for the prediction of the task network, and the feature-based
fusion can be expressed as:
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Fig. 5. The workflow of the handwriting verification system. In the Training process, we use two datasets to train the proposed model to identify
authenticity and alleviate the influence of content by S/ and S2, respectively. In the Enrolling process, we randomly selected r samples to generate the
writer’s handwriting feature template. In the Testing process, we calculate the cosine similarity between the FV of the test sample and the reference
template. If it is higher than the threshold, the test sample will be judged as genuine(g). Otherwise, this ample will be judged as forgery(f).

where fv and A} are the value and the weight of the j-th
component in ¢-th feature vector obtained by corresponding
path, respectively. n,, and n, denote the number of feature
vectors participating in fusion and the number of components
of each feature vector, respectively.

By concatenating features extracted by the three paths
[41] and obtaining the final result after passing through two
fully connected layers, the proposed model effectively fuses
multiple features. In particular, we first choose the embed-
ding features of the first fully connected layer as FV. Then,
to better measure the loss of whether the input sample is
correctly classified, the process of Addictive angular margin
(Arcface) [42] is employed in the second fully connected
layer due to it introducing intervals between classes in the
angular space.

IV. CONTENT-INDEPENDENT ONLINE HANDWRITING
VERIFICATION

To effectively counter skilled forgery attacks, we pro-
pose a content-independent online handwriting verification
scheme that minimizes the impact of handwritten content on
the verification process. The core idea behind this approach
is to train the proposed handwriting feature extractor using
handwriting samples from various writers, each containing
different specific content. This training process encourages
the feature extractor to ignore the content of the writing and
instead focus on the distinctive handwriting style. As a result,
the system becomes more robust, enabling it to accurately
perform identity verification even when faced with various
types of forged handwriting.

A. Dataset

To comprehensively validate the effectiveness and gener-
alizability of the proposed handwriting authentication sys-
tem, we conduct experiments on both a widely used public
handwriting dataset and a self-curated dataset. The public
dataset enables us to assess the performance of our approach
under standardized evaluation protocols and diverse writing
scenarios, while the self-built dataset allows us to specifically

evaluate the system’s ability to extract content-independent
handwriting style features in real-world user-centric appli-
cations. By validating the system from these two comple-
mentary perspectives, we aim to demonstrate its robustness
across different writing environments, handwriting contents,
and participant groups.

The BiosecurID database, a frequently employed resource
for handwriting verification, comprises handwritten signature
samples from 132 writers gathered across four different
sessions. Specifically, each writer contributes a total of 16
genuine samples and 12 skilled forgery samples. These
samples encompass two handwriting modalities: a grayscale
static image and its corresponding dynamic data, which
includes x, y coordinates as well as pressure information.

Furthermore, to investigate the extraction of content-
independent handwriting style features, we construct
a content-independent Chinese Electronic Handwriting
Dataset (CIEHD) sourced from 50 individuals. This dataset
contains both genuine and skilled forgery handwriting sam-
ples across two modalities, all captured using a mobile
phone-based handwriting pad application. Particularly, the
genuine handwriting samples in CIEHD cover three distinct
word categories: name-content, fixed-content, and random-
content. The name-content refers to each participant’s per-
sonal name, the fixed-content includes five common words
written by all participants, and the random-content com-
prises 250 words randomly assigned to the 50 writers, with
each writer receiving five distinct words. Each participant is
asked to write five samples of their name-content and the
five fixed-content words, along with two samples of each
of the five random-content words. This writing process is
repeated in four different positional scenarios to increase
writing variability. As for skilled forgery handwriting, it
focuses exclusively on the name-content words. Four dif-
ferent imitators observe and replicate the genuine name-
content handwriting of each writer. As a result, each writer
contributes 20 skilled forgery handwriting samples, leading
to a comprehensive dataset containing approximately 9000
handwriting samples in total.
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Fig. 6. The implementation of data augmentation. (a) static handwritten
image. (b) press_image. (c) static handwritten image after ’cutting and
splicing’. (d) press_image after ’cutting and splicing’. (e) static handwritten
image after 'rotting’. (f) press_image after ’rotting’. (g) static handwritten
image after ’flipping’. (h) press_image after ’flipping’.

B. Implementation of content-independent online handwrit-
ing verification

The proposed content-independent handwriting verifica-
tion system seeks to determine the authenticity of handwrit-
ing by mitigating the influence of handwritten content. This
is achieved through a combination of data augmentation,
a handwriting style attention mechanism, and a specially
designed loss function. The system operates in three distinct
stages, as illustrated in Fig. 5.

To align with these stages, this dataset is divided into
three parts. Approximately 70% of both genuine and forged
samples from BiosecurID, as well as 70% of fixed-content
samples from CIEHD, comprise Brrarny and Crrarn.
Here, B and C represent the samples from BiosecurID
and CIEHD, respectively. The remaining 30% of genuine
handwriting samples are used to randomly select » samples,
forming Bepnyrorr and Cgnrorr- The rest of the samples
are designated as Brggsr and Crggsyr.

1) Data augmentation: Data collection conditions often
impose constraints, leading to small handwriting datasets
[43]. Consequently, trained network models are prone to
overfitting, which limits their generalization performance. A
common strategy to address overfitting is the use of data
augmentation techniques. These techniques involve transfor-
mations such as altering image shapes and other operations
that expand the dataset and increase its diversity, typically
applied in general image recognition tasks. However, in
the context of accurately identifying distinct handwriting
or verifying its authenticity, it is crucial to maintain the
handwriting style while also accounting for spatial and
temporal alignment between the transformed static images
and dynamic data. Therefore, our proposed method applies
identical processing to both static handwriting and corre-
sponding dynamic data. This includes operations such as
flipping, rotating, cutting, and splicing, as shown in Fig. 6.
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Fig. 7. The implementation of the handwriting Correlation-Aware Attention
mechanism.

2) Handwriting Correlation-Aware Attention: To improve
feature-level consistency and reduce reliance on fixed chan-
nel positions, the proposed handwriting CAA mechanism
models inter-channel dependencies within handwriting rep-
resentations. This mechanism provides the task network
with enhanced structural cues for extracting discriminative
identity information, as shown in Fig. 7. Each feature map in
the input tensor encodes a specific aspect of the handwrit-
ing, e.g., straight or curved textures, where the activation
intensity indicates the presence of that feature.

By using the Gram matrix of the input features, CAA
employs a covariance-based approach to compute the inter-
channel correlation structure. The Gram matrix quantifies the
pairwise similarity between channel responses and identifies
the feature maps with significant structural relevance. This
correlation structure is then used to derive a set of impor-
tance scores across channels, referred to as correlation-aware
channel weights.

Subsequently, the original feature tensor is reweighted ac-
cording to these attention weights and subjected to a channel
shuffle operation. The channel shuffle operation is introduced
as a regularization mechanism to disrupt fixed channel se-
mantics after correlation-aware reweighting, encouraging the
network to rely on stable inter-channel correlation patterns
rather than content-specific channel activations.

In a supervised learning framework, the task network,
which is responsible for extracting identity-relevant features,
is incentivized to overcome this perturbation and focus more
effectively on stable, consistent representations.

Specifically, the (k, k')-th element of the Gram matrix in
layer [ (denoted as G') can be computed as:

Lo
g Nw

chk’ = Z

i=1 j=

1 l
Wik~ g (12)
1

where n!, nt;, and n;, represent the number of channels,
height, and width of the feature maps in layer [, respectively.
al;;, indicates the activation value at position (i, j) of the k-
th channel. Then, to derive the relative importance of each
channel within the feature map, we compute the importance
vector s' and the normalized weight vector W' as:

’I’Ll
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Fig. 8. The workflow of S2. The inputs include static images, dynamic data, and pressure images. Correlation-Aware Attention mechanism module is
added to each network layer in the model. The loss function also has the effect of reducing the impact of content. The training task of S2 is to recognize

different handwriting, that is, different writers.

where W', sl € R"*1 are used to reweight the input feature
maps along the channel dimension.

3) Loss function based on Arcface: ArcFace, originally
proposed in [42] to enhance the discriminative power of
features in face recognition, is adopted in our handwriting
verification task due to the conceptual similarity between
the two domains. Both face recognition and handwriting
verification aim to distinguish between individuals based on
subtle biometric patterns, making techniques that improve
inter-class separability and intra-class compactness transfer-
able across these modalities. Therefore, ArcFace serves as
an effective loss function in our setting by enforcing angular
margin constraints that strengthen the identity discrimination
capability of the learned handwriting features. Specifically,
this loss function can be represented as:

LArcface (ya n) =
1 N

-5 Z loges(
1=1

where s denotes the radius of the hypersphere on which
the learned embedding features are distributed. z; is the
feature representation of the i-th sample belonging to class
i, and Wy, is the weight vector corresponding to class y;.
The angle between z; and W, is denoted as 6,,, while
0; represents the angle between x; and W;, the weight
vector of class j. The scalar m is an additive angular
margin penalty introduced to simultaneously improve intra-
class compactness and inter-class separability. We denote
the batch size as N and the number of classes as n.
Based on these definitions, we further design two margin-
based penalties tailored to content-independent handwriting
verification, formulated as:

es(cos(Qyi +m))

cos(Gyi +m)) + Z;’L:l,j;éyi eS cos 0;

, (15)

L= LArcface(uap) - alLArcface(C; q)v (16)

where p and ¢ denote the numbers of writers and fixed-
content words, respectively. For the i-th sample, u; and c;
indicate its corresponding writer and content labels. The two
loss terms share the same ArcFace formulation defined in
Eq. (16), but are applied to different classification objectives:
writer identity discrimination and content classification, re-
spectively. The negative sign encourages the model to extract
writer-specific features while suppressing content-related in-
formation. The scalar «; is a hyperparameter that balances
the contributions of the two objectives. In particular, the hy-
perparameter ¢ is selected based on validation performance,
which balances writer discrimination and content suppres-
sion. Extremely small or large values lead to insufficient
suppression or degraded identity separability, respectively.

We design two distinct training stages, denoted S/ and

S2, as illustrated in Fig.5 and Fig.8. In S stage, the primary
goal is to pre-train the feature extractor, enabling it to capture
handwriting style features specific to the writer. During this
stage, the focus is on distinguishing between genuine and
forged handwriting by learning the stylistic traits that are
unique to each writer. The feature extractor is built upon our
multi-path architecture and integrates the proposed SCA and
TSA modules to enhance polarity-aware stylistic modeling
and spatial trajectory sensitivity. The training inputs consist
of reference-test pairs, where the reference is a genuine
sample from the same writer, and the test is either a
genuine or forged sample from the same writer, excluding
the reference. Using the handwriting feature extractor, we
extract two feature vectors (FVs) from the reference-test pair.
These feature vectors are then fused and passed through the
ArcFace module, which effectively computes the loss based
on the accurate classification of the fest samples as either
genuine or a forgery.

In S2 stage, the focus shifts towards fine-tuning the
pre-trained feature extractor to minimize the influence of
handwriting content. The objective here is to decouple
the writer’s style from the content of the writing, thereby
enhancing the coupling between the handwriting style and
user identity. To further enhance identity-consistent repre-
sentations and suppress content-related variations, we incor-
porate the CAA module during training, which regularizes
the extractor through channel-wise correlation modeling
and structure-preserving perturbation. This stage involves
training on C'rrarn, Where each sample is associated with
both labell and label2, representing the writer and content
categories, respectively. Each sample is first passed through
the pre-trained handwriting feature extractor to obtain a
feature vector, which is then fed into two ArcFace-based
classification heads corresponding to writer identity and
content categories, respectively. The losses L arcface(U, D)
and L Arcface(c, ) are subsequently computed for optimiza-
tion. These modules compute the losses related to correctly
classifying the sample into the labell and label? categories.
Finally, the total loss in S2 is derived by combining these
two individual losses.

During the S2 fine-tuning stage, only fixed-content sam-
ples are used to supervise the content-suppression loss
Larcrace (¢, ¢). This design choice is intentional rather than
a limitation. When all writers produce identical lexical
content, variations in handwriting are dominated by style-
related factors, allowing the model to explicitly identify
and suppress content-discriminative cues in a controlled and
stable manner. In contrast, directly using random-content
samples for content suppression would introduce excessive
lexical and structural variability, making it difficult to disen-



tangle content-related factors from writer-specific style under
supervised training.

Training: This process focuses on training handwriting
feature extractors. Through the implementation of both S/
and S2, the proposed model effectively extracts content-
independent handwriting style features, enabling accurate
handwriting authenticity identification. Specifically, Extrac-
torl is obtained through the S/ stage, while Extractor2 is
derived by combining both S/ and S2. The goal of this pro-
cess is to train the model to better capture and differentiate
the stylistic features inherent to individual writers, which
ensures that the extracted features can be used for effective
handwriting verification.

Enrolling: This process involves creating handwriting fea-
ture templates for each writer. Feature vectors (FVs) are
extracted from r registered samples in either BpnrorLrL
or CgnRrorr using Extractorl or Extractor2. The writer’s
handwriting feature template is then computed as the average
of these FVs. Consequently, handwriting feature template
databases are established, denoted as Dpg1, Do1, Dps, and
Dco. The goal of the enrolling process is to generate a
reliable and stable feature template for each writer, which
will be used as a reference for later comparisons during
the testing process. This template helps in associating each
individual’s handwriting style with their unique identity.

Testing: In this process, the trained handwriting feature
extractors are used for testing. A test sample is randomly
selected from either Brggr or Crgsr, and its feature
vector (FV) is extracted using either Extractorl or Extrac-
tor2. This results in four distinct cases: Tg1, Tc1, Tho,
and Tco. The cosine similarity between the FV of the test
sample and the reference template of the claimed writer,
i.e., either Rp; from Dpgy, Rcy1 from D¢y, Rpo from
Dpo, or Rog from Dco, is computed. If the similarity
score exceeds a predefined threshold, the test sample is
classified as genuine; otherwise, it is deemed a forgery. The
purpose of the testing phase is to verify the authenticity of
a given handwriting sample by comparing it with the pre-
established feature templates. This step enables the model to
distinguish between genuine and forged handwriting based
on the extracted stylistic features.

V. EVALUATION

We conduct a series of experiments to showcase the
effectiveness of multi-modal fusion in handwriting verifi-
cation and to demonstrate the practicality of our proposed
content-independent approach, which effectively mitigates
the influence of handwritten content. Our experiments are
carried out using the BiosecurID and CIEHD datasets for
both training and testing, with the registered sample size set
at three based on our experimental analysis. Each experiment
was repeated five times, and the reported results represent
the average of these five runs.

A. Data preprocessing results

As depicted in Fig. 3(a) and Fig. 3(b), the preprocess-
ing of static handwriting through grayscale conversion and
scaling enhances the visibility of the handwriting skeleton
while also creating smoother stroke boundaries. This process
effectively retains keystroke information, such as the starting
stroke, closing stroke, and turning stroke. For dynamic hand-
writing, our proposed method incorporates pre-extraction

TABLE 11
COMPARISON OF static, dynamic, AND fusion ON BIOSECURID.

Modal Method EER_SF (%)

FINet 16.49

cati SherlockNet 20.73

statie Fusion at the decision level 25.87

The proposed method (S1) 14.14

SherlockNet 6.43

dynamic  Fusion at the decision level 5.42

The proposed method (S1) 5.06

FINet 15.74

SherlockNet 4.92

fusion Fusion at the decision level 3.52

The proposed method (S1) 3.64

The proposed method (S1+S2) 2.45

of time function features utilizing information from hand-
writing track locations and pressure data, as detailed in
Tab. 1. Following this feature pre-extraction, we obtain a
14-dimensional signal vector that adequately represents the
pre-extracted dynamic handwriting characteristics.

B. Metrics

We employ several evaluation metrics to comprehensively
assess the system’s performance, including Equal Error Rate
(EER), False Rejection Rate (FRR), False Acceptance Rate
(FAR), Classification Accuracy (CA), and Verification Ac-
curacy (VA). These metrics are selected to evaluate various
aspects of the system: CA measures the model’s ability to
distinguish between different writers, while VA evaluates
the model’s capability to verify handwriting authenticity.
FRR is defined as the ratio of false rejections to the total
number of genuine samples, whereas FAR is the ratio of
false acceptances to the total number of forgery samples.
EER, which represents the point where FRR equals FAR,
serves as a key indicator of system error. Lower EER
values indicate better system performance. Additionally, to
provide a visual assessment of the system’s performance, we
utilize the Detection Error Tradeoff (DET) curve. For binary
verification, a global decision threshold is determined based
on the EER criterion on the validation set, and the same
threshold is applied to compute FAR, FRR, EER, and VA
on the test set.

Accuracy rates, such as CA and VA, represent the propor-
tion of correctly classified samples out of the total samples.
Higher accuracy rates reflect improved system performance.
These accuracy metrics are further categorized based on the
content type of the samples used, resulting in the follow-
ing detailed categories: CA_FC, VA_SF, VA_FC, VA_RC,
EER_SF, EER_FC, EER_RC, FAR_RC, and FRR_RC. In
this classification, ’SF’ refers to name-content with skilled
forgery samples, 'FC’ indicates fixed-content with forgery
samples from other writers’ content, and 'RC’ denotes
random-content with forgery samples from other writers’
random-content. In particular, for name-content, the dataset
includes skilled forgeries, where human imitators are asked
to carefully observe and imitate the genuine handwriting
of a target writer. These samples are designed to simulate
realistic skilled forgery attacks. On the other hand, for fixed-
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Fig. 9. The visualization results of the feature maps obtained by Extractorl
and Extractor2. From top to bottom are the results of each layer of the
proposed network. (a) and (b) are the results of different writers (writer
1, writer 2, writer 3, writer 4) by Extractorl and Extractor2, respectively.
(c) and (d) are the results of different handwritten contents of writer 1 by
Extractorl and Extractor2, respectively.

content and random-content evaluations, no skilled imitation
process is conducted. Instead, the forgery samples corre-
spond to random forgeries, constructed by treating genuine
handwriting samples from other writers as impostor samples
for the target writer. By evaluating the system with these
diverse metrics, we gain a comprehensive understanding of
its strengths and weaknesses in handling different types of
handwriting verification tasks.

C. Single-modal vs multi-modal

In Tab. II, we present a comparison of static, dynamic, and
fusion methods applied to the BiosecurID dataset, alongside
various state-of-the-art techniques, including the Font Im-
itate Network (FINet) [44] and the Image-based Freeform
Handwriting Authentication SherlockNet [45]. Additionally,
we compare our approach with a method that combines static
images and dynamic information at the decision level, which
is denoted as Fusion at the decision level [1].

Our analysis demonstrates that the fusion approach
achieves the highest performance, with the dynamic method
closely following. This highlights the effectiveness of com-
bining both dynamic and static data in improving handwrit-
ing verification performance. Notably, the proposed method
outperforms SOTA techniques such as those in [44] and [45],
illustrating the advantages of our approach in fusing multi-
modal data without relying on handwriting synthesis.

Moreover, after incorporating S2, our method is fine-tuned
to focus on handwriting style characteristics, which leads to
superior performance compared to the Fusion at the decision
level [1]. This reinforces the significance of combining both
static and dynamic modalities to enhance the robustness and
accuracy of handwriting verification.

D. Feasibility analysis of the content-independent handwrit-
ing verification

To evaluate the proposed method’s ability to capture the
distinctive handwriting style features of different writers,
we design two key performance indicators. First, we assess
whether the model can effectively differentiate between
different writers based on their unique handwriting styles
when the same handwriting content is provided. Second, we
investigate whether the model can still accurately capture
a writer’s unique handwriting style when presented with
distinct handwriting contents.
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Fig. 10. The DET curves comparison of different fusion methods on two
datasets. (a) BiosecurID. (b) CIEHD.

For this analysis, we utilize the fixed-content and random-
content sample sets from CIEHD, conducting the evaluation
under two distinct scenarios: S7/+S2 and S/, as summarized
in Tab. III. The results show a substantial improvement
in verification performance with the addition of S2 stage.
Under the S7+S2 scenario, CA_FC achieves an impressive
99%, highlighting the method’s ability to enhance inter-
class differences among writers, even when they share the
same handwriting content. Furthermore, the False Rejection
Rate (FRR_RC) drops significantly to 5.88% under S1+S52,
demonstrating the model’s capability to accurately extract
unique handwriting characteristics from a writer’s work,
irrespective of the content.

Despite the higher absolute error rate under random-
content evaluations, the consistent improvement from S1
to S1+S2 demonstrates that the learned content-suppression
mechanism generalizes beyond fixed-content supervision.
This observation indicates that S2 fine-tuning effectively
weakens content-dependent biases, even when evaluated on
previously unseen and unconstrained content.

Fig. 9 illustrates the feature maps generated by both
Extractorl and Extractor2, emphasizing their effectiveness
in reducing the influence of handwritten content. Fig. 9(a)
and Fig. 9(b) visualize feature activations from different
writers writing the same content. It clarifies that before
content alleviation, the activations are concentrated in similar
spatial regions, indicating that the learned features are still
strongly influenced by content-dependent structural patterns.
After the content-alleviating process, the activation maps be-
come more spatially diversified and writer-specific, revealing
clearer inter-writer differences that correspond to individual
handwriting styles rather than shared content structure.

On the other hand, Fig. 9(c) and Fig. 9(d) demonstrate
feature activations from the same writer writing different
contents. Prior to content suppression, the feature maps
exhibit noticeable variations aligned with content-specific
stroke layouts. In contrast, after applying the proposed
content-alleviating mechanisms, the activation patterns show
higher spatial consistency across different contents, indicat-
ing that the extracted features are dominated by stable writer-
specific style cues instead of content variations.

E. Comparison of fusion methods

Fig. 10 presents the Detection Error Tradeoff (DET)
curves for various fusion schemes and their combinations,
tested on both the BiosecurID and CIEHD datasets. The
fusion schemes include ’front’ fusion, which exclusively



TABLE III
THE COMPARISON OF THE PERFORMANCE OF HANDWRITING VERIFICATION OBTAINED BY S/ AND S/+S2 ON BIOSECURID AND CIEHD BASED ON
DIFFERENT HANDWRITTEN CONTENTS (%).

Tfiﬁ:g Testset ~EER_SF VA_SF EER_FC VA_FC CA_FC EER RC FAR_RC FRR RC VA _RC
Y BiosecurID 3.64 93.24 - - - - - - -
CIEHD 2.94 98.96 3.49 97.07 98.56 8.76 6.48 8.72 93.66
S14S2 BiosecurID 245 96.49 - - - - - - -
CIEHD 0.19 100 1.70 98.65 99.95 5.71 6.13 5.88 94.38
utilizes data-based fusion; ’rear’ fusion, relying solely on ooy Bi"se_cv“_"DA; C'E:]Dd’i:ecs‘:'is) od0y Bi‘féf“::*i':?(;::; =
feature-based fusion; ’front+middle’ fusion, which combines 0351 Loss func (EER_SF-2.83) 035 Loss func (EER_SF:0.31)
data-based and network-based fusion; ’front+rear’ fusion, — osofl . oe o eners e 030k oot (tER SraaT)
integrating both data-based and feature-based fusion; and st === Non (EER SF.3.64) ozsfli | 777 Non (EER SF2.94
“front+middle+rear’ fusion, where all three fusion methods ' 020

are applied within the proposed model.

The results from Fig. 10 highlight that, among the in-
dividual fusion methods, ’front’ fusion demonstrates the
lowest performance, while ‘rear’ fusion stands out as the
most effective. This emphasizes the significant contribution
of ’feature_fusion’ in the high-dimensional feature space,
which plays a key role in enhancing the multi-modal fusion
handwriting verification system.

Furthermore, ’front+middle+rear’ fusion outperforms all
other fusion methods, showcasing the optimal performance
achieved when incorporating all three fusion techniques.
This suggests that the proposed model’s ability to extract
handwriting features and determine handwriting authentic-
ity is significantly improved by the combined effect of
’data_fusion’, 'network_fusion’, and ’feature_fusion’.

The observed improvement from ‘front+rear’ to
‘front+middle+rear’ fusion further underscores the
effectiveness of our network-based fusion strategy.

Specifically, the introduction of the SCA and TSA modules
enables polarity-aware channel modeling and trajectory-
sensitive spatial alignment, which strengthens the feature
interaction across modalities. This structural enhancement
allows the network to better capture identity-relevant
handwriting patterns, contributing directly to the overall
performance improvement.

F. Performance of content-alleviating methods

To evaluate the impact of various content-independence
methods on handwriting verification, we conduct exper-
iments using both the BiosecurID and CIEHD datasets.
The training process consisted of pre-training (S/) and
fine-tuning (S2), incorporating three content-alleviating
techniques: data augmentation (Data_aug), CAA mech-
anism (Style_att), and a specially designed loss func-
tion (Loss_func), along with a combination of all three
(All_methods). To make a complete comparison, we also
include a baseline model (Non), which is pre-trained without
any content-alleviating methods.

The results, shown in the color-coded DET curves of
Fig. 11, are further summarized in Tab. IV. Models ’F0’,
F1°, °F2’, ’F2 w/o CS’, ’F3’, and ’F4’ correspond to
the settings with different content-alleviating modules: Non,
Data_aug, Style_att (attention-based style modeling, i.e.,
SCA + TSA + CAA), Style_att without the channel shuffle,
Loss_func, and All_methods, respectively.

All_method achieves the lowest EER
outperforming individual strategies
and the baseline, demonstrating the
e s of content-independent
modeling

| In the low-FRR region, All_method
exhibits the sharpest drop in FAR
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Fig. 11. The DET curves of different content-reducing schemes based on
Biosecurid+CIEHD training set (%). (a) BiosecurID. (b) CIEHD.

From Fig. 11, we can observe that all content-alleviating
methods significantly enhance the performance of the pre-
trained model compared to the baseline model without
any content-alleviating techniques ("F0’). Notably, Loss_func
stands out as the most effective method in improving the
performance of the proposed model. Furthermore, combining
all three methods results in a substantial performance boost
compared to using any single method alone. This combina-
tion leads to a reduced error rate, increased accuracy, and
greater stability across multiple test results, demonstrating
the synergistic effect of integrating all three methods.

The ablation results further validate the necessity of
the proposed components. Simple feature fusion without
polarity-aware attention yields limited improvement, indicat-
ing that content-dependent correlations are still preserved.
Introducing SCA and TSA consistently improves perfor-
mance under cross-content evaluations, demonstrating their
effectiveness in extracting style cues invariant to textual
content. Moreover, incorporating CAA and the dual Arc-
Face objective leads to the most stable gains, especially
in random-content settings, highlighting the importance of
both feature-level and objective-level decoupling for content-
independent handwriting verification.

Furthermore, the effectiveness of the channel shuffle oper-
ation is validated by the comparison between F2 and F2 w/o
CS in Tab. IV. While both configurations employ the same
attention-based style modeling framework, removing the
channel shuffle consistently leads to inferior performance,
especially under cross-content evaluations. This observation
indicates that channel shuffle contributes to improved ro-
bustness by mitigating content-dependent overfitting, rather
than merely serving as an architectural detail. Although the
absolute performance gap is moderate, the consistent gains
demonstrate the regularization effect of channel shuffling in
content-independent handwriting verification.



TABLE IV

THE PERFORMANCE OF DIFFERENT CONTENT-INDEPENDENCE SCHEMES ON THE BIOSECURID AND CIEHD TEST SET: MEAN (VARIANCE) (%)

Method BiosecurID CIEHD
FAR FRR EER ACC FAR FRR EER ACC

FO 3.66 (0.0195) 3.65 (0.0121) 3.64 (0.0189) 96.49 (1.72) 2.62 (0.0082) 2.95 (0.0070) 2.94 (0.0073) 98.22 (2.54)
F1 3.27 (0.0022) 3.28 (0.0026) 3.26 (0.0026) 96.50 (0.73) 2.98 (0.0029) 2.87 (0.0025) 2.87 (0.0022) 98.38 (0.37)

F2 w/o CS 3.18 (0.0070) 3.21 (0.0074) 3.19 (0.0075) 97.03 (1.64) 2.84 (0.0032) 2.82 (0.0027) 2.83 (0.0035) 99.07 (0.037)
F2 3.07 (0.0061) 3.09 (0.0066) 3.09 (0.0062) 97.73 (1.54) 2.70 (0.0009) 2.71 (0.0006) 2.70 (0.0006) 99.92 (0.032)
F3 2.94 (0.0054) 3.12 (0.0070) 2.83 (0.0059) 97.22 (0.29) 0.29 (0.0005) 0.30 (0.0003) 0.31 (0.0007) 100 (0)
F4 2.45 (0.0053) 2.45 (0.0052) 2.45 (0.0075) 99.11 (0.17) 0.24 (0.0000) 0.26 (0.0005) 0.19 (0.0009) 100 (0)

TABLE V

TESTING ON CIEHD, THE INFLUENCE OF THE CHANGE IN THE REGISTERED SAMPLE SIZE ON THE VERIFICATION SYSTEM PERFORMANCE IS SHOWN
AS THE MEAN (VARIANCE) OF THE RESULTS OF MULTIPLE EXPERIMENTS (%).

Registered sample size

EER_SF

VA_SF

EER_FC

VA_FC

EER_RC

VA_RC

1 0.324 (0.005)  99.69 (0.062)
3 0.221 (0.001)  99.92 (0.043)
5 0.210 (0)  99.92 (0.033)
7 0.181 (0) 100 (0)

2.536 (0.828)
1.771 (0.067)
1.703 (0.133)
0.952 (0.029)

97.92 (0.035)
98.31 (0.099)
98.55 (0.087)
98.74 (0.043)

7.780 (3.366)
6.818 (0.532)
6.239 (2.182)
5.308 (1.887)

92.53 (3.042)
93.34 (0.869)
93.71 (2.251)
95.64 (3.071)

G. Impact of registered sample size

In practical authentication scenarios, it is crucial to strike
an optimal balance between user comfort and system perfor-
mance [46], [47]. To achieve this, we investigate the impact
of the registered sample size on verification performance.
As shown in Tab. V, the trends are clear: as the registered
sample size increases, the EER generally decreases, while
the VA tends to improve.

In our study, we carefully consider both the system’s
performance and the operational feasibility in real-world
user authentication scenarios. Consequently, we choose a
registered sample size of 3, as it provides an ideal trade-
off between ensuring satisfactory system performance and
meeting practical user authentication requirements.

VI. CONCLUSION

This paper introduces an innovative handwriting verifica-
tion system, Ph-Wri, which integrates both static images and
dynamic data with a content-independent learning strategy
for accurate identity authentication. The system leverages a
multi-path feature fusion mechanism to capture and integrate
writer-specific features across different handwriting modal-
ities. Notably, polarity-aware attention modules, i.e., SCA
and TSA, enhance channel-wise and spatial trajectory mod-
eling, leading to more discriminative handwriting style repre-
sentations. To mitigate the influence of handwritten content,
we propose several content-independent strategies, i.e., data
augmentation, the style attention mechanism based on inter-
channel dependencies, and a dual-objective loss function.
These methods collectively strengthen the system’s ability to
extract identity-relevant features independent of content vari-
ations. Extensive experiments show that the fusion of static
and dynamic data outperforms single-modal approaches.
Additionally, the application of content-independent strate-
gies significantly improves both verification accuracy and

robustness. Unlike traditional static signature systems, Ph-
Wri enables the creation of electronic signatures that incor-
porate both visual and temporal handwriting cues, offering
enhanced security. This approach holds great potential for
use in financial, commercial, and forensic applications.
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