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Abstract: The essence of Chinese calligraphy inheritance resides in calligraphy education. However,
it encounters challenges such as a scarcity of calligraphy instructors, time‑consuming and inefficient
manual assessment methods, and inconsistent evaluation criteria. In response to these challenges,
this paper introduces a deep learning‑based automatic calligraphy evaluation model. Initially, hard‑
pen handwriting samples from 100 volunteers were collected and preprocessed to create a dataset
consisting of 4800 samples, along with the corresponding label files for hard‑pen calligraphy eval‑
uation. Subsequently, YOLOv5 was utilized for region detection and character recognition on the
evaluation samples to obtain the corresponding standard samples. Lastly, a Siamese metric model,
with VGG16 as the primary feature extraction submodule, was developed for hard‑pen calligraphy
evaluation. To improve feature extraction and propagation, a transformer structure was introduced
to extract global information from both the evaluated and standard samples, thereby optimizing the
evaluation results. Experimental results demonstrate that the proposed model achieves a precision
of 0.75, recall of 0.833, and mAP of 0.990 on the hard‑pen calligraphy evaluation dataset, effectively
realizing automatic calligraphy evaluation. This model presents a novel approach for intelligently
assessing hard‑pen calligraphy.

Keywords: calligraphy evaluation; deep learning; Siamese network; attention mechanism; transformer

1. Introduction
Learning calligraphy encapsulates the finest understanding and continuation of tradi‑

tional Chinese culture. However, the resources for calligraphy education remain relatively
limited, and the pressing issue of an insufficient number of specialized calligraphy instruc‑
tors is conspicuous. Calligraphy evaluation holds the potential to spark enthusiasm for
calligraphy learning, yet it faces challenges such as a scarcity of renowned mentors, low
evaluation efficiency, and disparities in evaluation criteria. Influenced by the rapid ad‑
vancement of computer and information technology, traditional calligraphy is becoming
digitized in terms of creative tools, artistic effects, writing techniques, and creativemethod‑
ologies, culminating in the emergence of the interdisciplinary domain of digital calligraphy
research. Digital calligraphy research primarily comprises three facets: (1) digitized mod‑
eling of calligraphy tools; (2) analysis and processing of calligraphy images; and (3) rep‑
resentation and synthesis of calligraphic characters. These three directions within digital
calligraphy research focus on a shared concern: the computational aesthetics and evalu‑
ation of calligraphy. Intelligent aesthetic evaluation poses a challenging problem within
the field of artificial intelligence. Current efforts in aesthetic evaluation primarily focus
on aesthetic ratings of photographic images [1], aesthetic evaluation of painted artwork
images [2], aesthetic evaluation of videos [3], and aesthetic evaluation of web page layout
design [4]. However, there is a relative scarcity of research on computational aesthetics and
evaluation of calligraphy. The existing related research predominantly branches into two
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directions, calligraphy evaluation based on feature engineering and calligraphy evaluation
based on deep learning.

The application of feature engineering in calligraphy evaluation commonly integrates
manually extracted features with classifiers. Common artificial features, based on tradi‑
tional visual theories, include SIFT [5], HOG [6], and Gabor [7], among others. These fea‑
tures, extracted from images, subsequently undergo common machine learning methods
for classification, such as SVM [8], RF [9], KNN [10], Xgboost [11], and LightGBM [12].
Han et al. [13] introduced an interactive calligraphy guidance system, leveraging image‑
processing techniques to extract quantifiable features such as the center, size, and projec‑
tion of each handwritten character. These features are then subjected to fuzzy inference to
render evaluations of the handwritten characters. Gao et al. [14] designed eight directional
features to implement Chinese handwritten quality evaluations by analyzing confidence
in online Chinese handwritten recognition. Li et al. [15] represented the topology of Chi‑
nese characters usingWFhistograms and employed these topological features as inputs for
calligraphy evaluation via an Adaboost ensemble composed of support vector regression
(SVR). Drawing inspiration from classical calligraphy principles, Sun et al. [16] proposed
22 global shape features. Incorporating a 10‑dimensional feature vector for sparse cod‑
ing to capture component layout information, these features are concatenated and input
into an artificial neural network for calligraphy evaluation. Wang et al. [17] introduced a
hierarchical evaluation approach that encompasses evaluations of entire characters and in‑
dividual strokes. This approach computes comprehensive weighted similarities and trans‑
forms them into final evaluation scores. In subsequent research efforts, the team employed
a skeleton‑based iterative nearest point algorithm to synthesize overall and stroke‑level
similarities, yielding ultimate comprehensive evaluation scores [18]. Zhou et al. [19] de‑
vised three feature criteria based on Chinese calligraphy theory for extracting features
of Chinese characters from calligraphy teaching materials. Subsequently, they employed
a possibility–probability distribution method to implement calligraphy evaluation. Ad‑
dressing challenges inherent in resistive touch screen handwriting, Xing [20] introduced a
method for fuzzy evaluation of Chinese character strokes, which entails the construction
of membership templates, the selection of fuzzy subsets, and the generation of template
parameters. While engineering‑designed artificial features have demonstrated favorable
performance across a range of evaluation tasks, the method is constrained by limitations
in feature quantity and representation scope. This often leads to the omission of nuanced
evaluation information in calligraphy. Furthermore, the intricate nature of manual feature
design results in substantial errors and limited applicability, thus constraining the effec‑
tiveness of evaluation models.

Significant progress has been achieved in image aesthetic quality evaluation through
deep learning methods. For instance, in the context of aesthetic quality evaluation focused
on landscape photographs in the AVA dataset, Zhang et al. [21] devised a multi‑modal
self‑cooperative attention network (MSCAN). Meanwhile, Li et al. [22] utilized a deep
Siamese network to introduce a multi‑task deep learning framework for personalized and
general image aesthetic evaluation. Due to the lack of public datasets for calligraphy eval‑
uation, there is less research on calligraphy evaluation based on deep learning than in
image aesthetic quality evaluation. In the field of calligraphy evaluation, Qiang et al. [23]
proposed amethod for categorizing the aesthetic quality of hard‑pen calligraphyworks by
students using a CNN‑based approach in 2019, achieving commendable accuracy. How‑
ever, a continuous and detailed aesthetic scoring system, along with the interpretability
of such scores, remains lacking. In 2022, Sun et al. introduced a framework for calligra‑
phy aesthetic evaluation through the utilization of a Siamese network architecture coupled
with transfer learning, primarily focusing on brush calligraphy evaluation [24]. In these
deep learning‑based calligraphy evaluationmethodologies, evaluation features aremainly
extracted from calligraphy images, overlooking the influence of brushstroke dynamics dur‑
ing calligraphy creation. Xu et al. [25] employed a TLD tracking algorithm to extract brush
movement trajectories from video streams and proposed the MCNN‑LSTM model to de‑
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rive scores of handwriting quality by comparing themwith reference templates. Similarly,
Wang et al. [26] collected sequential data of brushstroke creation using a nine‑axis sensor,
and proposed a combination of long short‑term memory networks with K‑nearest neigh‑
bor algorithms for calligraphy evaluation through the analysis of writing motion data.
Deep learning methods have the potential to enhance the efficiency, robustness, and re‑
liability of automated calligraphy evaluation. However, it is important to note that most
existing evaluation research focuses on brush calligraphy, with limited exploration into
the evaluation of hard‑pen calligraphy.

With the ongoing development of our era, the hard‑pen has gradually evolved into
the primary writing instrument for modern work and life, and hard‑pen calligraphy has
emerged as a branch of traditional calligraphy. Distinguished frombrush calligraphy by its
writing tool, hard‑pen calligraphy exhibits distinct aesthetic characteristics in its creations.
It readily highlights the beauty of character form and structure but exhibits relative limita‑
tions in stroke formation and expressive penmanship. Capitalizing on this attribute, this
paper primarily integrates Chinese character recognition and similarity calculation meth‑
ods, applying deep learning models to automate hard‑pen calligraphy evaluation. This
endeavor seeks to achieve an automated evaluation of hard‑pen calligraphy, as illustrated
in the overall structure of the evaluation model depicted in Figure 1.
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The main contributions of this paper are as follows:
(1) Establishment of a dataset specifically designed for evaluating hard‑penChinese char‑

acter writing. Key features of the dataset include: 100 volunteers transcribing six ran‑
domly selectedChinese characters to reduce randomerrors; collection of handwriting
images from volunteers with different styles to ensure sample diversity; application
of appropriate preprocessing techniques to enhance image quality; and annotation of
bounding boxes to enrich the dataset. The dataset caters to the experimental require‑
ments of hard‑pen calligraphy evaluation models.

(2) Utilization of YOLOv5 with a streamlined CSPDarknet53 as the backbone feature
extraction network enabled precise detection and recognition of Chinese characters,
aligning each character with its corresponding standard template. This robust foun‑
dation significantly enhances the subsequent evaluation processes.

(3) Adoption of a Siamese network architecture as the central framework, complemented
by an improved VGG16 as the primary feature extraction network. The extracted
feature maps are then fed into a Transformer structure to capture interrelationships,
thereby enhancing the model’s feature extraction capabilities. The incorporation of
similarity metrics enables the realization of hard‑pen calligraphy evaluation.
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2. Proposed Dataset
Currently, deep learning‑based network models rely primarily on data‑driven ap‑

proaches. Existing publicly available Chinese character datasets are mainly used for of‑
fline or online handwritten Chinese character recognition tasks. The HCL2000 dataset [27],
an offline, handwritten simplified Chinese character dataset, encompasses 3755 frequently
used primary‑level characters. It contains handwriting samples contributed by 1000 partic‑
ipants from various age groups, genders, educational backgrounds, and occupations. An‑
other dataset, HCD [28], is also an offline primary‑level Chinese character dataset. It is cate‑
gorized into ten subsets based on the quality of handwriting and contains samples written
by 1999 participants, doubling the size of HCL2000 dataset. The CASIA‑HWD dataset [29]
includes samples of handwritten Chinese characters and texts, comprising 7185 Chinese
characters and 171 English letters, digits, and symbols, gathered from 1020 individuals.
This dataset is applicable for both offline and online handwritten Chinese character recog‑
nition tasks. However, there is currently a lack of publicly available datasets specifically
designed for evaluating hard‑pen writing, necessitating the creation of such a dataset. To
facilitate network training and enhance model accuracy, annotation of the dataset is es‑
sential. Moreover, to improve the generalization capability of detection and recognition
models, data augmentation is required.

2.1. Data Acquisition and Preprocessing
A total of six Chinese characters were randomly selected from the first‑level Chinese

character database, and 100 individuals were invited to write these chosen characters. The
chosen characters were “爱” (love), “你” (you), “中” (middle), “华” (China), “天” (sky),
and “下” (under), with each character garnering 100 writing samples. To better suit mo‑
bile application scenarios, images were captured using smartphones, resulting in a total
of 600 photographs saved in JPEG format. During the capture process, the resolution of
the sample images initially proved insufficient, resulting in unclear outlines of the charac‑
ter strokes. This adversely affected the quality of the features extracted by the evaluation
model, consequently leading to a decline in model evaluation performance. Conversely,
excessively high resolution not only failed to significantly improve model evaluation per‑
formance but also incurred substantial computational costs. Following testing, the optimal
resolution for the captured sample images was determined to be 880 × 1230. To simulate
real‑world application scenarios, the lighting conditions during the sample capture pro‑
cess were not standardized. However, variations in lighting conditions could impact the
display of Chinese characters and background in the sample images. Thus, preprocessing
of the collected sample imageswas deemed necessary to ensure effectivemodel evaluation.

Preprocessing operations serve dual objectives. Firstly, they facilitate data augmen‑
tation, thereby creating a dataset with diverse characteristics to simulate real‑world influ‑
ences. This process ensures sample diversity, ultimately enhancing the model’s general‑
ization capabilities. Various types of noise, including Random noise, Gaussian noise, and
Salt and Pepper noise, are intentionally introduced to the collected dataset to achieve this
augmentation. Secondly, preprocessing aims to mitigate adverse effects stemming from
environmental conditions, thereby improving the accuracy of model training. To facili‑
tate subsequent recognition and processing, a thresholding method is employed to bina‑
rize Chinese character images, effectively removing interference caused by factors such as
lighting variations and shadows. The thresholding techniques utilized encompass single
thresholding, adaptive thresholding, and OTSU thresholding [30], as depicted in Figure 2.
Among them, OTSU thresholding yields suboptimal results, primarily due to the pres‑
ence of large shadow regions, which significantly impact character evaluation. Conversely,
both single thresholding and adaptive thresholding demonstrate satisfactory performance,
with single thresholding exhibiting notable speed advantages. To optimize preprocessing
speed, the single thresholding method is selected to binarize sample images, with a seg‑
mentation threshold set at 50. Furthermore, erosion and dilation operations are conducted
to eliminate residual noise post thresholding and to mitigate minor noise. To address com‑
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putational errors resulting from variations in character sizes, the dataset undergoes crop‑
ping to remove excess background and standardizing the images to a uniform size. The
outcomes of the sample preprocessing procedures are depicted in Figure 3.
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2.2. Data Annotation
In accordance with the training requirements of the Chinese character detection and

recognition model, the LabelImg software (version 1.8.1) was employed to perform cate‑
gory bounding box annotation on the sample images. The chosen format for annotation
boxes was YOLO‑style, involving the utilization of rectangular boxes to encompass the tar‑
get objects. After selecting these boxes, the specific target category was assigned, leading
to the creation of a corresponding label file. These label files followed a text document
format, containing relevant information such as category indices, central coordinates, and
relative dimensions of the annotated boxes. Figure 4 visually depicts the process of data
annotation. The Chinese character sampleswere organized in the “images” directory, with
the corresponding label files stored in the “labels” directory. This arrangement resulted in
a total of 4800 samples paired with 4800 corresponding labels. Additionally, to facilitate
the training of the Siamese network within the calligraphy evaluation model, distinct cate‑
gories of Chinese characters were segregated into individual folders. During the training
process, a random subset of 20 samples from each character category was selected from
the collected dataset.
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3. Proposed Methodology
This paper introduces an intelligent calligraphy evaluation approach based on deep

learning, with the overall process outlined in Figure 5. First, the evaluation dataset is estab‑
lished, which involves data collection and preprocessing. Subsequently, the Yolov5 object
detection network is employed to detect and recognize the input evaluation samples, yield‑
ing standardized reference samples for the evaluation candidates. Next, a Siamese model
is constructed, with VGG16 serving as the backbone network. By applying upsampling op‑
erations, feature extraction is enhanced. Additionally, the transformer structure is utilized
to capture contextual information from the evaluation samples, thereby enhancing both
feature extraction and propagation. This comprehensive process is aimed at optimizing
the evaluation outcomes of the model.
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3.1. Detection and Recognition Network
In this study, YOLOv5 is employed as the detection and recognition network to per‑

form region detection and recognition on the target evaluation samples, thereby obtaining
standardized samples for evaluation. YOLOv5 is a deep learning algorithm in the field
of object detection [31], which has demonstrated significant improvements in both detec‑
tion speed and recognition accuracy compared to YOLOv4. The model primarily consists
of three components: backbone, neck, and head, as illustrated in Figure 6. In the back‑
bone, key structures such as the Conv module, C3 module, and Spatial Pyramid Pooling
(SPP) module are employed to process the input image through a series of convolutional
and pooling layers, progressively extracting high‑level feature representations from the
image. The neck utilizes techniques such as convolutions at different scales, upsampling,
and downsampling from the Feature Pyramid Network (FPN) to fuse feature maps from
different levels, resulting in multi‑scale feature representations for more comprehensive
and enriched feature expression. These fused feature maps are then forwarded to the pre‑
diction layer. The head, responsible for object detection within the feature pyramid, com‑
prises convolutional layers, pooling layers, and fully connected layers. In the YOLOv5
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model, the detection head module is primarily responsible for multi‑scale object detection
on the feature maps extracted by the backbone network, ultimately achieving handwritten
Chinese character detection and character recognition tasks.
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3.2. Siamese Evaluation Network
The calligraphy evaluation network is built upon the Siamese network architecture [32],

which incorporates an enhanced VGG16 [33] as the backbone feature extraction network. The
featuremaps extracted by VGG16 are then input into a Transformer structure to capture inter‑
relationships, thereby enhancing the model’s generalization capacity. The Siamese network
comprises two input channels, with identical weights and parameters across all structures
within these channels. After extracting features from two input samples, two feature vectors
are obtained for each sample. The similarity between the two samples is evaluated by mea‑
suring the distance between their respective feature vectors. The Siamese network can be
employed to quantify the dissimilarity between two Chinese characters, making it a suitable
choice as the foundational network framework for the evaluation model.

3.3. Backbone Feature Extraction Network
The calligraphy evaluation model adopts the Siamese network as the overarching

structural framework, utilizing VGG16 as the backbone feature extraction network within
the Siamese structure. Input images undergo convolutional processing byVGG16 to derive
effective features. Images of size 256 × 256 × 3 are fed into the VGG16 network for hierar‑
chical feature extraction. Through multiple convolutional and pooling operations, and by
employing the ReLU activation function after each convolution operation to strengthen the
inter‑layer connections, the image features are extracted, ultimately resulting in a feature
matrix with a size of 4× 4× 512. Stacks of smaller convolutional kernels are a key element
of VGG16 [34]. To address the issue of diminished model accuracy due to the small fea‑
ture maps resulting frommultiple convolution operations, an enhancement is made to the
VGG16 network. A combination of upsampling and pointwise convolution is applied to
the vector processed by VGG16 to augment the feature map size and alter the feature map
dimensions. The improved structure is illustrated in Figure 7. Upsampling employs bilin‑
ear interpolation [35], utilizing interpolation algorithms to calculate new values inserted
between the existing matrix elements.
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3.4. Enhanced Feature Extraction Network
After image feature extraction by the backbone network, considering global image in‑

formation can enhance the model’s performance and processing efficiency. Therefore, in
this study, the Transformer structure [36] is incorporated into themodel framework. Since
the output of the main feature extraction network consists of two feature maps, and the
Transformer operates on tokens, it is necessary to transform the feature maps into token
structures with high‑dimensional semantic information. To represent the varying parts be‑
tween the two input images using a single token, the feature maps obtained from VGG16
network processing are converted into tokens using the Semantic Tokenizer, which ex‑
tracts compact semantic tokens from each temporal feature map. The processing proce‑
dure of the Semantic Tokenizer is illustrated in Figure 8. Initially, the obtained feature
maps are divided into multiple submaps, each of which is mapped to a token. To incorpo‑
rate spatial information, spatial attention is employed to compress the channels and extract
spatial information, resulting in compact tokens with enriched semantic information.
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To obtain concise tokens, a set of spatial attention mappings is learned using the
Tokenizer, aiming to concentrate the spatial feature mapping into a set of tokens. Let X1

and X2∈RHW×C represent the input dual‑temporal feature maps, where H, W, and C are
the height, width, and channel dimensions of the feature maps, respectively. Let T1 and
T2∈RL×C denote two sets of tokens, with L being the size of the token vocabulary set. The
feature map of size C ×W × H is compressed into a 1 ×W × H feature map, allowing the
aggregation of average andmaximum information along the dimension of the featuremap.
This aggregated information serves as the convolutional layer for extracting attention in‑
formation, enabling the extraction of image attention information. This process yields L
semantic groups, each representing a unique semantic concept. Subsequently, a softmax
operation is applied to theHW dimensions of each semantic group, ensuring non‑negative
attention weights and thus obtaining spatial attention mappings. Finally, the attention
mappings are employed to compute the weighted average of pixels in Xi, resulting in a
compact vocabulary set of size L, referred to as semantic tokens Ti.

3.5. Encoder
As shown in Figure 9, the encoding structure of the Transformer consists of multiple

layers, each composed of multi‑head self‑attention mechanisms and feedforward neural
networks. The input to this structure must be a sequence in time. Each time step of the
sequence is processed by the CNN Encoder and then enriched with positional encoding.
Every time step of the sequence is inputted into the multi‑layer Transformer encoder. The
self‑attention mechanism captures the interdependencies between the components of the
input sequence by computing self‑attention for each time step. In the feedforward neural
network, the model transforms each time step through two linear transformations and ac‑
tivation functions. After processing through the encoding structure, the sequence acquires
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its feature representation, which is then utilized by the decoder to generate the target im‑
age sequence.
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The processed tokens Ti (i = 1,2) from the Semantic Tokenizer module are concate‑
nated, yielding the input tokens represented as X = {x_1, x_2, …, x_2L}, where x_t denotes
the feature token at time step t. Positional Encoding incorporates a d‑dimensional vector
into each time step t to enable the model to discern the distances between various time
steps. This vector is defined by Equation (1):

pi,j =


sin

(
i/10, 0002j/d

)
, i f j is even

cos
(

i/10, 0002(j−1)/d
)

, i f j is odd
(1)

where i represents the position in the sequence, j denotes the dimension in the vector, and
d is the total dimension of the vector. Subsequently, x_t is added to p_t, resulting in z_t.
The matrix Z∈R2L×C is then subject to normalization.

To enhance the processing of multi‑modal data in this study, we employ a novel nor‑
malization method called “Norm”. Norm consists of twomain components: Instance Nor‑
malization (IN) and Layer Normalization (LN). IN is designed for normalizing individual
modalities and primarily operates on the channel dimension of a single modality’s data.
On the other hand, LN is devised for normalizing multi‑modal data, where it conducts
normalization on the feature vectors at each position of each modality within every sam‑
ple. The normalization formula for IN is given in Equation (2) [37], wherein µ signifies the
mean located along the channel dimension, σ indicates the standard deviation along the
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same dimension, and γ and β are, in turn, recognized as the learnable scaling and shifting
factors, respectively, within that dimension:

IN(z) = γ
z − µ

σ
+ β (2)

The normalization formula of LN is shown in Equation (3) [38]:

LN(z) = γ
z − µ√
σ2 + ε

+ β (3)

The input vectors utilizing this normalization technique comprise multiple batches,
wherein ε denotes a minute constant (typically chosen as 10−5). Following the application
of the normalization procedure, these vectors are projected into three distinct vector spaces:
Query, Key, and Value. These projections are carried out through the utilization of three
parameter matrices WQ, WK, and WV, each belonging to the domain Rd×L, as shown in
Equation (4):

Q = ZWQ K = ZWK V = ZWV (4)

The corresponding attention scores are computed through the dot product operation
between Q and K as follows:

Attention(qt, K, V) = ∑T
i=1

exp
(
qtkT

i
)

∑T
j=1 exp

(
qtkT

j

)vi (5)

Here, the exp(.) function computes the inner product between the query vector and
the key vector. When calculating attention scores, the process first involves determining
weights based on the similarity between the query and key vectors. Subsequently, these
weights are utilized for element‑wisemultiplication and summation across all values. Mul‑
tiple attention heads are concurrently connected to create a multi‑head attention mech‑
anism. The output, enriched with positional encodings, is concatenated with the result
of the multi‑head attention mechanism processing. Following normalization, this com‑
bined result is then passed through a multi‑layer perceptron (MLP) in the feedforward
neural network.

The role of the MLP is to perform a non‑linear transformation on the input atten‑
tion vectors, thereby enhancing the model’s representational capacity. Within this study,
this module also facilitates the transition between the self‑attention module and the cross‑
modal fusionmodule. In otherwords, it carries out the following operation on the outcome
derived from the multi‑head attention mechanism:

MLP(z) = ReLU(zW1 + b1)W2 + b2 (6)

Among these, W1∈RC×2C and W2∈R2C×C stand as two parameter matrices, while
b1∈RC×2C and b2∈RC represent two bias vectors. Following the transformation by the
MLP, a more enriched and intricate representation is obtained, leading to the enhancement
of model’s performance. After the processing by multiple Encoder modules, a novel set of
feature markers, Lnewi (where i = 1, 2), is derived.

3.6. Decoder
The architecture of the Decoder section, as depicted in Figure 10, is primarily responsible

for generating the output sequence, thereby mapping the token sequence back into the pixel‑
level space. Specifically, the Decoder initially receives a temporally informed feature as input
and then proceeds to generate the output sequence progressively, utilizing a self‑attention
mechanism. In this study, the decoding segment incorporates a Bitemporal Attention mech‑
anism, extending the attention mechanism across two time steps and enabling the model to
simultaneously account for relationships between the two temporal instances.
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In the Decoder section, given a sequence of features Xi, the Decoder leverages the re‑
lationship between each pixel and Tnewi to derive refined features Xnew

i. The initial step
involves employing the Self‑Attentionmechanism to learn representations for each tempo‑
ral instance. Its calculation is illustrated in Equations (7) and (8):

MultiHead
(

Xi,(l−1), Ti
new

)
= concat(head1, · · · , headh)WO (7)

where headi = Attention
(

Xi,(l−1)WQ
i , Ti

newWK
i , Ti

newWV
i

)
(8)

In these two expressions above, the parameter headi denotes the output of the i‑th
attention head, while the parameter matrices for the i‑th attention head are represented
by Wi

Q, Wi
K, Wi

V, and the output matrix is denoted as WO. Subsequently, these are fed
into the Bitemporal Attention mechanism to incorporate information across different time
steps. Its expression is shown in Equation (9).

BitempAttention(X1, X2) = so f t max
(

QKT
√

dk

)
V (9)

Following the processing through the attentionmechanism, the data are subsequently
directed into a feedforward neural network for nonlinear processing, ultimately resulting
in the refined features Xnew

i.

3.7. The Prediction Network
In total, two novel pixel‑level feature maps are derived through the initial two sections,

while the prediction network obtains a new differential prediction map through a sequence
of operations. The absolute value of the result after subtracting the two feature maps, as illus‑
trated in Equation (10), corresponds to the distinctive segment between the two feature maps:

D =
∣∣∣X1∗ − X2∗

∣∣∣ (10)

The results are input into the change classifier, which consists of two 3× 3 convolutional
layers along with BN normalization operations. After the softmax operations, the image di‑
mensions are transformed to 2× 64× 64. Finally, the ultimate similarity between the twoChi‑
nese character handwriting samples is inferred from the output of the fully connected layer.
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Calculating the disparity between predicted outcomes and actual labels is achieved using the
binary cross‑entropy loss formula, expressed mathematically as follows:

L =
1
N

N

∑
i=1

[
yilog

(∧
yi

)
+ (1 − yi)log

(
1 − ∧

yi

)]
(11)

where, N represents the total count of samples employed in training. The actual label for
the i‑th sample is denoted by yi, while an alternative yi is used to indicate the predictive
outcome of the i‑th sample. Within this loss function, when yi = 1, the focus of the loss func‑
tion is specifically on the portion where the model predicts a positive class. Conversely,
when yi = 0, the loss calculation solely takes into account the segment pertaining to the neg‑
ative class outcomes. Throughout the training process, optimization of the model’s evalu‑
ation of Chinese character handwriting samples is achieved by progressively reducing the
loss function.

4. Results and Discussion
4.1. Chinese Character Detection and Recognition Experiments Analysis

The Chinese character detection and recognition model was implemented using Python
version 3.7 and PyTorch version 1.5.1. Libraries such as Numpy, Torchvision, and OpenCV‑
Python were installed to facilitate the detection and recognition of handwritten Chinese char‑
acter samples. Following multiple rounds of testing, the model was trained using a learning
rate of 10−4 and a batch size of two.

The Chinese character detection and recognition model was implemented using the
YOLOv5 detection network. Alternatively, the usage of an image classification network
can also achieve satisfactory Chinese character recognition results. For comparative exper‑
iments, the well‑established and computationally efficient GoogLeNet network from the
realm of classification networks was selected for evaluation. As depicted in Figure 11, the
GoogLeNet network exhibited an optimal training set loss of 0.366, with the loss converg‑
ing around 0.40 after approximately 20 epochs. By the time the model reached six epochs,
the recognition accuracy on the validation set had reached one.

Appl. Sci. 2024, 14, 2051 12 of 19 
 

is achieved using the binary cross-entropy loss formula, expressed mathematically as fol-
lows: 𝐿 = ଵே ∑ ቂ𝑦௜𝑙𝑜𝑔 ቀ𝑦௜∧ ቁ + ሺ1 − 𝑦௜ሻ𝑙𝑜𝑔 ቀ1 − 𝑦௜∧ ቁቃே௜ୀଵ   (11)

where, N represents the total count of samples employed in training. The actual label for 
the i-th sample is denoted by yi, while an alternative yi is used to indicate the predictive 
outcome of the i-th sample. Within this loss function, when yi = 1, the focus of the loss 
function is specifically on the portion where the model predicts a positive class. Con-
versely, when yi = 0, the loss calculation solely takes into account the segment pertaining 
to the negative class outcomes. Throughout the training process, optimization of the 
model’s evaluation of Chinese character handwriting samples is achieved by progres-
sively reducing the loss function. 

4. Results and Discussion 
4.1. Chinese Character Detection and Recognition Experiments Analysis 

The Chinese character detection and recognition model was implemented using Py-
thon version 3.7 and PyTorch version 1.5.1. Libraries such as Numpy, Torchvision, and 
OpenCV-Python were installed to facilitate the detection and recognition of handwritten 
Chinese character samples. Following multiple rounds of testing, the model was trained 
using a learning rate of 10−4 and a batch size of two. 

The Chinese character detection and recognition model was implemented using the 
YOLOv5 detection network. Alternatively, the usage of an image classification network 
can also achieve satisfactory Chinese character recognition results. For comparative ex-
periments, the well-established and computationally efficient GoogLeNet network from 
the realm of classification networks was selected for evaluation. As depicted in Figure 11, 
the GoogLeNet network exhibited an optimal training set loss of 0.366, with the loss con-
verging around 0.40 after approximately 20 epochs. By the time the model reached six 
epochs, the recognition accuracy on the validation set had reached one. 

 
Figure 11. GoogleNet training process. 

In contrast, the training process of the YOLOv5 model, as depicted in Figure 12, il-
lustrates the behavior of various loss components over training epochs. The 
“train/box_loss” gradually approached 0.005 as the epoch value neared 100, indicating the 
loss in predicting bounding boxes. Examining the “train/obj_loss”, which represents the 
loss related to the presence of target objects, the optimal value achieved was 0.003. Simi-
larly, the “train/cls_loss”, indicating the loss pertaining to prediction results, reached its 
best value of 0.001. With an increase in the number of training epochs, precision, recall, 
and mAP values escalated, eventually reaching a maximum value of 1. 

Figure 11. GoogleNet training process.

In contrast, the training process of the YOLOv5 model, as depicted in Figure 12, illus‑
trates the behavior of various loss components over training epochs. The “train/box_loss”
gradually approached 0.005 as the epoch value neared 100, indicating the loss in predict‑
ing bounding boxes. Examining the “train/obj_loss”, which represents the loss related
to the presence of target objects, the optimal value achieved was 0.003. Similarly, the
“train/cls_loss”, indicating the loss pertaining to prediction results, reached its best value
of 0.001. With an increase in the number of training epochs, precision, recall, and mAP
values escalated, eventually reaching a maximum value of 1.
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weight CSPDarknet53 as the main feature extraction network, YOLOv5 reduces compu-
tational complexity, conserves storage space, and enhances inference speed. In compari-
son to the GoogLeNet network, this approach has resulted in a 0.10% improvement in 
precision, a 0.10% increase in recall, and a 0.25% enhancement in mAP metrics. These ad-
vancements signify the effectiveness of this method for Chinese character writing detec-
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ByobservingTable 1, it is evident that theYOLOv5model outperforms theGoogLeNet
network in terms of precision, recall, andmAPmetrics. Testing with the same sample as il‑
lustrated in Figure 13 clearly indicates the superior accuracy of the YOLOv5model. There‑
fore, it can be concluded that the performance of the YOLOv5 model surpasses that of the
GoogLeNet network in this task.

Table 1. Performance comparison of different models.

Model mPrecision (%) mRecall (%) mAP50 (%)

GoogLeNet 99.84 99.90 99.70
YOLOv5 99.99 100 99.95

Appl. Sci. 2024, 14, 2051 13 of 19 
 

 
Figure 12. YOLOv5 training process. 

By observing Table 1, it is evident that the YOLOv5 model outperforms the Goog-
LeNet network in terms of precision, recall, and mAP metrics. Testing with the same sam-
ple as illustrated in Figure 13 clearly indicates the superior accuracy of the YOLOv5 
model. Therefore, it can be concluded that the performance of the YOLOv5 model sur-
passes that of the GoogLeNet network in this task. 

Table 1. Performance comparison of different models. 

Model mPrecision (%) mRecall (%) mAP50 (%) 
GoogLeNet 99.84 99.90 99.70 

YOLOv5 99.99 100 99.95 
 

 
(a) (b) 

Figure 13. Comparison of test results. (a) GoogLeNet test results; (b) YOLOv5 test results. 

The Chinese character detection and recognition network, based on YOLOv5, has 
achieved the task of detecting and recognizing Chinese characters. By utilizing the light-
weight CSPDarknet53 as the main feature extraction network, YOLOv5 reduces compu-
tational complexity, conserves storage space, and enhances inference speed. In compari-
son to the GoogLeNet network, this approach has resulted in a 0.10% improvement in 
precision, a 0.10% increase in recall, and a 0.25% enhancement in mAP metrics. These ad-
vancements signify the effectiveness of this method for Chinese character writing detec-
tion and recognition. 

4.2. Analysis of Calligraphy Evaluation Experiments 
The calligraphy evaluation aims to predict the similarity between two images using 

a Siamese network framework. VGG16 is employed as the backbone feature extraction 

Figure 13. Comparison of test results. (a) GoogLeNet test results; (b) YOLOv5 test results.

TheChinese characterdetectionand recognitionnetwork, basedonYOLOv5, has achieved
the task of detecting and recognizing Chinese characters. By utilizing the lightweight CSP‑
Darknet53 as the main feature extraction network, YOLOv5 reduces computational complex‑
ity, conserves storage space, and enhances inference speed. In comparison to the GoogLeNet
network, this approach has resulted in a 0.10% improvement in precision, a 0.10% increase in
recall, and a 0.25% enhancement in mAP metrics. These advancements signify the effective‑
ness of this method for Chinese character writing detection and recognition.

4.2. Analysis of Calligraphy Evaluation Experiments
The calligraphy evaluation aims to predict the similarity between two images using

a Siamese network framework. VGG16 is employed as the backbone feature extraction
network, while a Transformer serves as the enhanced feature extraction network to accom‑
plish feature extraction. Then, the similarity between the written samples and standard
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samples is calculated. The experimental environment is built on PyTorch and utilizes
libraries such as NumPy, os, cv2, and PIL. The SGD optimizer is selected with a learn‑
ing rate of 0.01, a momentum value of 0.9, and a weight decay of 0.0005. The batch size
is set to two. The training process’s loss variation is illustrated in Figure 14, and training
concludes after 100 epochs with the minimum achieved loss of 0.178. The loss gradually
decreases around the 80th epoch, converging to a steady state, reaching an optimal value.
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To identify better‑performing evaluationmodels, it is necessary to execute operations
such as swapping backbone feature network models and removing network models to
compare the resulting differences. The comparison involves ResNet50 and VGG16 as
choices for the backbone feature extraction network. ResNet and VGG16 both belong to
the category of deep convolutional neural networks (CNNs), yet they exhibit certain archi‑
tectural distinctions. ResNet addresses the vanishing gradient problem through residual
connections, enabling cross‑layer information propagation that sustains performance in
deep networks [39]. ResNet is notably deeper than VGG16, capable of surpassing 100 lay‑
ers. Furthermore, to further assess the influence of the backbone feature extraction network
on the calligraphy evaluation model, we exclude the VGG16 network. Instead, the trans‑
former structure is directly employed for feature extraction, known as the ChangeFormer
network—a transformer‑based Siamese network. The core concept of the ChangeFormer
involves employing self‑attention mechanisms to establish global dependencies within in‑
put sequences. It also concurrently employs variable‑length sliding windows to capture
local dependencies. Similarly, to verify the role of the enhanced feature extraction network
in the calligraphy evaluation model, the transformer structure is removed. This involves
utilizing solely the backbone feature network for feature extraction, omitting the enhanced
feature extraction network and capturing more image‑feature information. Consequently,
the context and positional dependencies between input sequences are disregarded. This
approach aims to observe the network training outcomes under such conditions.

The variations in training loss for the calligraphy evaluation models are depicted in
Figure 15. When comparing Figure 15a with Figure 14, it becomes apparent that the rate of
loss decline is higher when VGG16 is utilized as the backbone feature extraction network.
The minimum loss value achieved is 0.178 and is reached around the 70th epoch, with rela‑
tively minor fluctuations thereafter, indicating near‑convergence to an optimal state. Con‑
versely, employing ResNet50 as the backbone feature extraction network results in a more
gradual descent of loss, with a minimum loss value of 0.385. By the 70th epoch, a similar
steady state is achieved. From this, it can be deduced that VGG16 outperforms ResNet50
as the backbone network for calligraphy evaluation. Comparing Figure 15bwith Figure 14,
when the backbone feature extraction network is omitted and only the transformer struc‑
ture is employed for feature extraction, the loss undergoes marginal fluctuations around
0.69. Notably, the ChangeFormer performs better when the epoch is less than 10. Observ‑
ing Figure 15c and its consistency with Figure 14 in terms of loss trends, the network’s
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minimum loss reaches 0.319. Around the 80th epoch, a relatively slight variation in loss is
observed, indicating a proximity to optimal convergence. This network exhibits relatively
minor differences in performance compared to the network selections of this study and
demonstrates an improved effectiveness compared to the model using ResNet50 as the
backbone network. Finally, when comparing Figure 15d with Figure 14, it shows the loss
trend for the Siamese network based on ResNet50. However, the minimum loss for this
network only reaches 0.331. By the 80th epoch, the loss variation stabilizes, approaching
optimal convergence.
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(d) ResNet50.

The comparative experimental results are presented in Table 2. Without the inclusion
of an enhanced feature extraction network, the Siamese networkwithResNet50 as the back‑
bone performs better. However, upon adding the transformer‑enhanced feature extraction
network, the network structure and parameters are finetuned. In this case, the Siamese net‑
work with VGG16 as the backbone outperforms the one with ResNet50 as the backbone.
The results of the comparative experimental testing are illustrated in Figure 16, showing
the effects of varying model structures on handwriting evaluations. The left side shows
the handwriting sample under evaluation, while the right side shows the standard sample.
Although there are slight differences in stroke forms and brushwork between the left hand‑
writing sample and the standard one, the overall structural framework of the characters is
quite similar to the standard sample. Given that hard‑pen writing is relatively constrained
in stroke forms and brushwork compared to brush writing, the structural framework is
more critical in evaluating hard‑pen calligraphy. From the results of the comparative ex‑
perimental testing, it can be observed that the lowest score is 0.354 for ResNet50 + trans‑
former, the highest score is 1 for VGG16, and the score for VGG16 + transformer is 0.714,
which aligns better with the intuitive perception of the handwriting sample.
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Table 2. The results of comparative experiments.

Model Precision (%) Recall (%) mAP50 (%)

VGG16 57.86 71.80 99.90
ResNet50 60.20 71.80 99.60

VGG16 + transformer 75.00 83.33 99.90
ResNet50 +
transformer 66.66 75.00 99.90

transformer 75.00 50.00 86.20
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To further evaluate the model performance, we randomly selected 20 handwritten sam‑
ples for each of the six Chinese characters from the dataset for manual assessment. A total of
10 evaluators participated, assigning scores based on the similarity between each handwrit‑
ten sample and the standard sample of each Chinese character. For comparative analysis with
evaluation models, scores were standardized from 0 to 1, rounded to two decimal places, re‑
sulting in 1200 manual scores. Handwritten samples were input into the evaluation models
to obtain similarity scores. We employed Mean Absolute Error (MAE) and Pearson Corre‑
lation Coefficient (PCC) as evaluation metrics to compare the performance of the different
structural models, as detailed in Table 3. Experimental results indicate that models incorpo‑
rating a Transformer (VGG16 + Transformer and ResNet50 + Transformer) outperform others
in terms ofMAE and PCC. Particularly, VGG16 + Transformer demonstrated the lowestMAE
(0.076) and the highest PCC (0.681), highlighting the positive impact of the Transformer, es‑
pecially on the VGG16 model.
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Table 3. The results of Mean Absolute Error and Pearson Correlation Coefficient.

Model MAE PCC

VGG16 0.090 0.610
ResNet50 0.087 0.624

VGG16 + transformer 0.076 0.681
ResNet50 + transformer 0.085 0.637

transformer 0.079 0.662

5. Conclusions
The proposed intelligent calligraphy evaluation model, based on deep learning with

the Siamese structure as its fundamental framework, achieves the evaluation of hard‑pen
writing by calculating the similarity between the samples under evaluation and standard
samples. The model utilizes an enhanced VGG16 as the backbone feature extraction net‑
work and introduces a Transformer structure to enhance the learning of interrelationships
between feature maps, thereby improving the model’s performance. Experimental results
demonstrate that the Siamese structure is effective for the comparative evaluation of writ‑
ing samples in hard‑pen calligraphy. Additionally, the Transformer structure significantly
enhances the evaluation model’s performance.

Considering the challenges posed by the weak representation of stroke forms and
brushwork in hard‑penwriting, themodel assesses the quality of hard‑penChinese charac‑
ter writing based on the overall feature similarity. This approach provides a novel method
for the automatic evaluation of hard‑pen calligraphy. Specifically designed for hard‑pen
calligraphy assessment, the model acquires its feature extraction capability through learn‑
ing from the hard‑pen calligraphy evaluation dataset, demonstrating strong specificity and
adaptability. However, themodel is subject to constraints, including the size of the training
dataset, which is relatively small, and the limited diversity of the evaluation features.

Future research could address these limitations in twoways. Firstly, by expanding the
scale of the handwriting evaluation dataset, increasing the number of Chinese characters
covered by the samples, and incorporating standardwriting samples from renowned hard‑
pen calligraphers. Secondly, by integrating dynamic data from the process of hard‑pen
calligraphy writing as a dimension of features into the similarity evaluation, enriching the
features for hard‑pen calligraphy evaluation, and better reflecting individual differences
in the process of hard‑pen writing.
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