
Vol.:(0123456789)

Reading and Writing
https://doi.org/10.1007/s11145-024-10531-w

1 3

Assessing penmanship of Chinese handwriting: a deep 
learning‑based approach

Zebo Xu1 · Prerit S. Mittal2 · Mohd. Mohsin Ahmed2 · Chandranath Adak3 · 
Zhenguang G. Cai1 

Accepted: 6 March 2024 
© The Author(s) 2024

Abstract
The rise of the digital era has led to a decline in handwriting as the primary mode 
of communication, resulting in negative effects on handwriting literacy, particularly 
in complex writing systems such as Chinese. The marginalization of handwriting 
has contributed to the deterioration of penmanship, defined as the ability to write 
aesthetically and legibly. Despite penmanship being widely acknowledged as a cru-
cial factor in predicting language literacy, research on its evaluation remains limited, 
with existing assessments primarily dependent on expert subjective ratings. Recent 
initiatives have started to explore the application of convolutional neural networks 
(CNN) for automated penmanship assessment. In this study, we adopted a similar 
approach, developing a CNN-based automatic assessment system for penmanship in 
traditional Chinese handwriting. Utilizing an existing database of 39,207 accurately 
handwritten characters (penscripts) from 40 handwriters, we had three human raters 
evaluate each penscript’s penmanship on a 10-point scale and calculated an aver-
age penmanship score. We trained a CNN on 90% of the penscripts and their corre-
sponding penmanship scores. Upon testing the CNN model on the remaining 10% of 
penscripts, it achieved a remarkable performance (overall 9.82% normalized Mean 
Absolute Percentage Error) in predicting human penmanship scores, illustrating its 
potential for assessing handwriters’ penmanship. To enhance accessibility, we devel-
oped a mobile application based on the CNN model, allowing users to conveniently 
evaluate their penmanship.
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Introduction

Handwriting in the digital age

Handwriting has been a cornerstone of human civilization; it enables people to 
record ideas and emotions through time. While some might think that modern 
technology has rendered handwriting archaic, it still plays a vital role in daily 
learning and communication; for instance, learning involves recording informa-
tion using handwriting (e.g., note-taking). Students, especially young ones, pre-
dominantly rely on handwriting rather than digital typing for learning (Cutler & 
Graham, 2008; Jones & Hall, 2013; Sheffield, 1996). After all, children expand 
their vocabularies via reading and writing. Also, preschool learners acquire let-
ters more effectively via handwriting compared to passive observation (James 
& Engelhardt, 2012), possibly because handwriting calls for a greater extent of 
sensorimotor involvement (Longcamp et al., 2006a, b). University students were 
shown to engage in more active message recording if they took notes with hand-
writing than with typing (Mueller & Oppenheimer, 2014). With the availability 
of digital pens and handwriting input methods, modern digital technologies, con-
trary to common perception, have actually afforded handwriting an increasingly 
important role in information processing and communication.

However, the digital age has witnessed a detrimental decline in handwriting 
literacy (Jones & Hall, 2013; Medwell & Wray, 2008; Wollscheid et  al., 2016). 
The prevalence of typing has particularly impacted the ability to handwrite Chi-
nese characters (Tong & McBride-Chang, 2010), leading to challenging ortho-
graphic retrieval (Huang et al., 2021a, b), compromised fluencies, and crucially 
for this paper, a deteriorating of penmanship. Penmanship refers to the ability 
to handwrite legibly and aesthetically (Fairbank, 2018). In particular, legibility 
pertains to the quality of being clear enough to read, while aesthetics refers to 
the beauty of handwriting style. Thus, in the context of Chinese handwriting, leg-
ibility relates to the clarity of handwritten text (or, penscript) to ensure that the 
readers can easily understand the penscript without struggling to decipher it. For 
instance, regular script (or, 楷书 in Chinese) is a standardized and formal style of 
Chinese calligraphy (widely used in school education and daily communication 
due to its readability). This script features standardized stroke (or, 笔画 in Chi-
nese) formations across characters (e.g., stroke form, length, direction, positions 
where the strokes are connected, and clear beginning/ending points for strokes). 
Different from legibility, the aesthetic aspect of handwriting focuses on the vis-
ual beauty derived from its style, strokes, and presentation, providing an artistic 
and visually appealing form of written expression. For example, the semi-cursive 
script (or 行书 in Chinese) diverges from regular script through its more varied 
stroke formations, facilitating greater room for artistic expression. This script is 
renowned for its partially connected strokes, which sometimes undergo simpli-
fication, combining or abbreviating specific strokes. Consequently, the script’s 
more fluid and dynamic strokes allow for personal expression and interpretation, 
fostering the creation of its distinct aesthetic. These alternations offer a spectrum 
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of aesthetic possibilities without (or slightly) compromising overall legibility (A 
more extreme example is the cursive script, celebrated for its aesthetic aspects but 
often lacking in legibility).

Under the age of the digital typing, the increased reliance on digital typing has 
been observed to impact the legibility of the penscript (Kiefer & Velay, 2016). 
Marquardt et al. (2016) conducted a large-scale survey among 1907 teachers from 
the primary and secondary schools, reporting that over 30% of girls and 50% of 
boys encountered difficulties acquiring legible handwriting. Among 1174 second-
ary school teachers, 93.2% of them reported that the biggest issue students faced 
in acquiring handwriting skills was the illebility of the penscript. Moreover, the 
appreciation for aesthetic qualities of handwriting has waned, contributing to a 
diminishing cultural and educational value placed on penmanship (Sang, 2023). In 
the context of Chinese handwriting, the loss of the aesthetic aspect is particularly 
concerning, as penmanship (e.g., calligraphy) has long been celebrated as forms of 
artistic expression and Chinese cultural heritage (Wood, 1982). The decline in pen-
manship not only hampers individual handwriting skills but also erodes the cultural 
appreciation for the arts of Chinese character handwriting. While there have been 
some efforts to assess Indic penmanship (Adak et al., 2017), there are currently no 
assessments for evaluating Chinese penmanship. In this paper, we develop a deep-
learning-based assessment system capable of generating human-like penmanship 
ratings for handwritten Chinese characters, offering a novel approach to assessing 
Chinese penmanship within the digital era.

Assessing handwriting

Handwriting entails the retrieval of orthographic codes and the stroke-by-stroke 
output of these codes as handwritten text. Consequently, there are multiple aspects 
of handwriting that can be assessed. One crucial aspect is the success or failure of 
orthographic retrieval (i.e., whether an individual retrieved the to-be-written charac-
ter correctly from the orthographic long-term memory, independent of legibility and 
aesthetics). While this issue may not be considered significant in writing systems 
with substantial phonology-orthography correspondence (e.g., English), it is vital 
in writing systems without such correspondence. In Chinese and Japanese kanji, for 
example, individuals may struggle to retrieve the orthographic makeup of a charac-
ter (a phenomenon known as character amnesia; e.g., Huang et al., 2021a, b), mak-
ing the assessment of orthographic retrieval success or failure essential for hand-
writing literacy (see Langsford et al., 2024, for an assessment).

Another aspect of handwriting that assessments have focused on is fluency. 
Skar et  al. (2022), for instance, had test-takers (children) copy sentences as 
quickly and accurately as possible within a time limit, using the number of cor-
rectly written letters as a measure of handwriting fluency (similar assessments 
can be found in Berninger et  al., 1991, and Peverly et  al., 2013). Some studies 
employed writing latencies to evaluate handwriting fluency. For instance, Rosen-
blum et  al. (2006) demonstrated that copying latency between letters (duration 
from the offset of the last letter to the onset of the following letter) is a valid 
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predictor for diagnosing children with handwriting difficulties. Martínez-García 
et al. (2021) found that the interval between the offset of the audio stimuli and the 
pen’s first touch on the tablet was longer for children with handwriting difficulties 
than typically developing controls. Additionally, a recent study used letter writing 
duration and the number of pauses per letter to assess individuals’ handwriting 
fluency in an alphabet writing task (Alamargot et al., 2020).

Although handwriting accuracy and fluency reflect the ability to retrieve 
orthographic representations and can thus serve as useful indices for handwrit-
ing literacy, they do not encapsulate penmanship, which concerns the quality of 
the end product of handwriting (i.e., penscript) (Fairbank, 2018). Importantly, 
there is evidence that penmanship contributes to language literacy development 
(Feder & Majnemer, 2007). It has been shown to be a significant factor in pre-
dicting individual spelling performance, reading ability, and mathematical ability 
(Eidlitz-Neufeld, 2003; Simner, 1988). There is an association between children’s 
penmanship and their reading and spelling proficiencies (Caravolas et al., 2020). 
Indeed, students with better penmanship tend to have better performance in their 
essay writing (Bull & Stevens, 1979). One possible reason for these associations 
could be due to good penmanship resulting from lots of handwriting practices, 
which is highly interactive with the linguistic processes (e.g., orthographic lexi-
con, semantic system, phonological lexicon and so on). For instance, previous 
studies on Chinese handwriting have shown that lexical variables, such as char-
acter frequency and regularity, modulating the central and peripheral processes 
of handwriting (Wang et  al., 2020; Huang et  al., 2021a, 2021b; for neuroimag-
ing evidence, see Yang et al., 2022; Li et al., 2023). Therefore, the end product 
of handwriting, penmanship, may inherit crucial details of individuals’ language 
competence, However, there are currently not many automatic tools for penman-
ship assessment.

Earlier penmanship assessments have employed subjective evaluations of pen-
manship, particularly for letter handwriting in alphabetic languages. In the Chil-
dren’s Handwriting Evaluation Scale (CHES; Phelps et  al., 1985), children copy 
sentences by handwriting, and trained raters assess the legibility of the penscript on 
a 5-point scale based on four factors: letter forms, slant, space, and general appear-
ance. Similarly, in the Minnesota Handwriting Assessment (MHA; Reisman, 1999), 
children copy English words, and occupational therapists evaluate the penscript on 
alignment, size, spacing, and form appearance (a similar approach was adopted in 
the Minnesota Handwriting Test; Reisman, 1993). In the Print Tool (Olsen & Knap-
ton, 2006), test-takers handwrite uppercase letters in the alphabetical order, low-
ercase words, and numbers in words; occupational therapists then assess penman-
ship according to the orientation, placement, and size of handwritten letters in the 
penscript. There are, however, two potential problems with these subjective tools 
of penmanship assessment. First, these tests tend to be costly, requiring an expert 
to evaluate handwriting. Second, subjective penmanship evaluation is susceptible to 
individual biases. Therefore, an automatic penmanship assessment is still in order 
for a more objective assessment.
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Assessing handwriting in Chinese

Chinese uses a logographic writing system, with characters as the smallest free-
standing meaning-carrying units. A Chinese character follows the “square script” 
(Chen & Kao, 2002), composed of one or more radicals in a specific spatial layout. 
For instance, the character 树 (shu4, meaning “tree”) consists of three radicals (i.e., 
木, 又, and 寸) arranged horizontally, while the character 李 (li3, meaning “plum”) 
comprises two radicals (i.e., 木 and 子) placed vertically. Radicals are further com-
prised of strokes; for example, the radical 木 is made up of 一, 丨, 丿, and . When 
learning to handwrite characters, children typically adhere to a strict order of radi-
cals within a character and a stringent sequence of strokes within a radical.

Some assessments have been developed for handwriting fluency in Chinese. 
Chow et al. (2003) asked children to copy Chinese characters as quickly and neatly 
as possible within 5 min, measuring handwriting fluency by the number of charac-
ters written correctly per minute (Chow et al., 2003; Tseng & Hsueh, 1997). More 
recently, Li-Tsang et al. (2022) had children copy characters on a digital tablet and 
assessed handwriting fluency in terms of pen-on-paper time, pen-in-air time, and the 
number of characters per minute (see also Lam et al., 2011; Li-Tsang et al., 2022).

Assessments have also been developed for penmanship in Chinese handwriting. 
In Tseng’s Handwriting Problem Checklist (Tseng, 1993), teachers evaluate the pen-
manship of children’s handwritten characters from daily writing samples according 
to spacing, spatial relationships, size consistency, and radical/stroke appearance. 
Similarly, Chan et al. (2008) assessed penmanship using space between characters 
and character size variations. Some penmanship assessments examined the similar-
ity between children’s handwritings of their own names and the typed characters 
(Chan & Louie, 1992; Tse et al., 2019).

Computerized assessment of penmanship

More recently, there have been attempts to use more objective computerized meas-
ures to assess penmanship. Rosenblum et al. (2004) examined children’s writing on 
a digital tablet and showed that a longer pen-on-paper duration (as captured by the 
digital tablet) predicted lower handwriting legibility (as rated by professional evalu-
ators on Hebrew handwriting; Erez & Parush, 1999). However, while demonstrat-
ing the correlation between writing duration and legibility, this study did not delve 
into assessments of both aesthetic and legibility. Falk et al. (2011) had children copy 
words on a tablet (using MHA) and were able to identify children with poor hand-
writing legibility utilizing the variation of letter height and distance of letter bound-
aries. Despite highlighting specific factors contributing to legibility, their approach 
does not offer a comprehensive computerized assessment of penmanship. Similarly, 
employing a random forest model, Asselborn et al. (2018) achieved a 96.6% accu-
racy in identifying children with poor handwriting legibility on the basis of writ-
ing speed, pen pressure, inter-word gaps, and writing slant. These studies demon-
strated that legibility can be assessed using computerized measures, However, they 
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only focused on handwriting fluency and letter characteristics, while penmanship 
involves a much more complex cognitive process, especially in the context of hand-
writing in Chinese (e.g., the clarity of stroke forms, proper spacing between strokes/
radicals, consistent sizing of strokes/radicals). Therefore, the indirect measures of 
handwriting (e.g., fluency and letter characteristics) in predicting legibility might 
not fully capture penmanship.

A recent attempt to computerize penmanship assessment is Adak et  al. (2017), 
who trained a convolutional neural network (CNN) to provide human-like penman-
ship assessment for Bengali penscripts. In particular, they were interested in testing 
whether their CNN model can perform like human beings in assessing aesthetics and 
legibility. They had participants given aesthetic and legibility scores respectively to 
the penscript documents; these data were imparted to the model. They achieved an 
overall 86.01% F-Measure for the aesthetic analysis and 85.74% F-Measure for leg-
ibility prediction in the Bengali penscript documents.

Research aims

In this paper, we take a similar approach to that of Adak et al. (2017) in develop-
ing a CNN for assessing the character penmanship (aesthetic and legibility) of tradi-
tional Chinese penscripts. Specifically, we leverage handwritten characters from an 
existing large-scale traditional Chinese handwriting database. For ground-truthing, 
human raters provided a subjective penmanship rating for a character penscript. 
We trained a CNN model on a training set of character penscripts (along with their 
corresponding penmanship ratings). Subsequently, the CNN was assessed on a test 
set of unseen character penscripts, and its generated ratings were compared against 
human ratings for these unseen penscripts.

Methods

Below, we first describe a database of handwriting whose penscripts we used in the 
current study; then we report how we collected penmanship ratings for character 
penscripts; finally we propose a deep learning mechanism for automated penman-
ship assessment.

The Chinese handwriting database

The character penscripts (handwritten character images) utilized in this study were 
derived from a recent large-scale handwriting database (Cai et  al., in prep), con-
taining 48,000 penscripts of 1,200 characters from 40 native Cantonese-speaking 
college students (i.e., writers) in a dictation task. All the writers were undergradu-
ate students at the Chinese University of Hong Kong. They were native speakers of 
Cantonese (mean age = 20.40 years, ranging from 18 to 27 years; 21 females and 19 
males). These individuals resided in Hong Kong and predominantly used traditional 
Chinese characters and Cantonese as their dominant language from early childhood. 
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All participants were typically developing writers, with none reporting difficulties 
in both reading and writing. Furthermore, the mean handwriting accuracy across 
all participants was 86.97%, ranging from 71.33% to 95.43%, indicating their gen-
eral proficiency in handwriting. Additionally, all the participants were right-handed 
and had normal or corrected-to-normal vision and hearing. None of them reported 
having any neurological or psychiatric disorders/deficits, nor were they undergoing 
medical treatment. During the task, writers listened to a dictation phrase specifying 
the target character (e.g., “吩咐嘅咐,” denoting the character “咐” in the word “吩
咐”). They employed an inking digitizer pen (Wacom KP-130-00DB, Japan) to write 
down the target character on a paper sheet placed on top of an Intuos graphic tablet 
(Wacom PTH-651, Japan). Penscripts were captured as vector images using Open-
HandWrite (https:// github. com/ isolv er/ OpenH andWr ite) and subsequently extracted 
for accuracy checking and penmanship rating.

Cai et  al. (in prep) selected characters from the traditional Chinese Character 
Database (http:// human um. arts. cuhk. edu. hk/ Lexis/ lexi- can) and filtered the charac-
ters according to two criteria. First, they chose character candidates with a frequency 
between 1 and 124,414 according to the Database. They only considered characters 
with more than four strokes (leaving a candidate set of 2095 characters). For each of 
character, they identified their most common two-character context words (e.g., 吩
咐) and asked 21 university undergraduate participants (from the same universities 
as the participants in our study) to give word familiarity rating based on a scale of 
1 to 7. They only included context words with an average familiarity equal or larger 
than 3.5. Dictation phrases (e.g., 吩咐嘅咐) were recorded using the text-to-speech 
reader Langdunv 7.6. In their study, they finally selected 1200 characters (with the 
corresponding dictation phrases) as the experimental stimuli and each participant 
attended four experimental sessions on different days, each session lasting for about 
one hour.

Penscript accuracy checking

We recruited three helpers (from the same population as the penmanship raters 
but not the raters themselves; see below) to check the accuracy of the penscripts 
(handwritten images) on the online survey platform Qualtrics (https:// www. qualt 
rics. com). For each target character, the helpers were first shown the character in its 
typed format, followed by the 40 corresponding penscripts. They were instructed to 
code a penscript as “correct” if they recognized it as the target character and “incor-
rect” if the penscript was not identified as the target character. Additionally, they 
were instructed to identify if a penscript, if correct, had an abandoned false start; if 
so identified, the false start strokes were later digitally removed from the image. We 
excluded all the incorrect penscripts, with a total of 39,207 correct penscripts (with 
false starts removed) included in the penmanship rating (see below).

https://github.com/isolver/OpenHandWrite
http://humanum.arts.cuhk.edu.hk/Lexis/lexi-can
https://www.qualtrics.com
https://www.qualtrics.com
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Penmanship rating

We recruited an additional 12 native Cantonese-speaking college students as pen-
manship raters (mean age = 21.25 years, ranging from 18 to 32 years; 8 females and 
4 males). Raters first participated in a discussion session with two of the authors 
(Z.X. and Z.G.C.) regarding how to assess penmanship. The two authors initially 
selected 20 penscripts (of the same target character) that they perceived to vary in 
penmanship and used them as training items. The raters were asked to provide their 
penmanship rating on each of the 20 training penscripts on a 10-point Likert scale 
(1 meant to very poor penmanship and 10 meant very good) and then collectively 
discussed with the two authors to reach an agreement on the penmanship rating for 
each of the training penscripts. All raters concurred on the final ratings for the 20 
training penscripts and were encouraged to use these as references in their subse-
quent penmanship rater.

Following the training session, the 12 raters were randomly assigned to three 
groups of four raters. Each group rated all 39,207 correct penscripts (roughly evenly 
divided into 120 lists), resulting in each penscript receiving three penmanship rat-
ings (i.e., one from a group). During the rating, a rater viewed a penscript image and 
provided a penmanship score on a 10-point scale.

To detect potential random responses by a rater, we incorporated two foil pen-
scripts (one determined by the above two authors to have poor penmanship and one 
to have good penmanship) in each of the 120 lists (yielding a total of 240 foils). 
Comparing the poor-penmanship and good-penmanship foil penscripts in each list 
for each rater, we found that the good-penmanship foil consistently received a higher 
rating than the poor-penmanship foil. Consequently, we did not discard any rater.

We also conducted an intraclass correlation analysis on the 10-point scale rat-
ings to assess inter-rater reliability. The results revealed an intraclass correlation 
coefficient (ICC) of 0.377, with a 95% confidence interval for ICC population val-
ues ranging from 0.371 to 0.383. This finding indicates a fair degree of agreement 
among the ratings provided by multiple raters, though the moderation correlation 
may also suggest that penmanship assessment can be subject to individual biases. 
We further explored the inter-rater agreement with a 2-point deviation criterion from 
the mean. This analysis resulted in 74.5% agreement, suggesting a good agreement 
among raters within this specific deviation range.

Automated penmanship assessment

We now describe the treatment of the penmanship ratings and the development of 
our CNN for penmanship assessment of Chinese character handwriting.

Problem formulation A penscript image was shown to the human rater 
as mentioned earlier, where they provided a penmanship score s in a dis-
crete Likert scale, ranging from the lowest score sL to the highest scoresH , 
i.e.,s ∈

{
sL, sL + 1, sL + 2,… , sH

}
, s ∈ ℤ . For each character sample, multi-

ple human raters provided their scoressi ; for i = 1 ton . We computed the mean 
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penmanship score p =
1

n

∑n

i=1
si and tagged it to each penscript sample. In our 

case,sL = 1, sH = 10, n = 3 . As a matter of fact, p ∈ ℝ and p is in the range of
[
sL, sH

]

.
In our database, we have penscript images Ii and corresponding ground-truthed 

penmanship scores pi ; for i = 1 to m , where m is the total number of samples in our 
database. To create a deep learning-based model that can mimic the human percep-
tion and provide a penmanship score of an unknown penscript, we formulate this 
penmanship score prediction task as a deep regression problem (Lathuilière et al., 
2019), where we predict the penmanship score p of a given penscript image I.

Solution architecture The given input image I was resized into Iz of size nz × nz 
without any loss of required information for our task while keeping the trace of 
the aspect ratio. This image size reduction helped to reduce training/computation 
time and to improve efficient memory management with limited hardware/GPU 
resources. For our task, empirically, we chose nz = 240.

We employed a Convolutional Neural Network (CNN) for deep feature extrac-
tion, since it works better than traditional hand-crafted features for handwritten 
samples (Adak et al., 2019). The CNN-extracted features were fed to a Multi-Layer 
Perceptron (MLP) for the prediction of penmanship score (Goodfellow et al., 2016). 
The pictorial representation of our framework can be seen in Fig. 1.

CNN The resized image Iz was input to the CNN that contains three convolution 
( Convi ) layers, each followed by a batch normalization ( BNi ) layer (Ioffe & Szegedy, 
2015) and a max-pooling ( MPi ) layer sequentially, for i = 1, 2, 3 . In each Conv layer, 
we used Rectified Linear Unit (ReLU) activation function to tackle complex non-
linear patterns and to avoid the vanishing gradient problem (Goodfellow et  al., 
2016). In the Convi layers, we chose the padding width ( wi

p
 ), stride ( di

s
 ), number of 

filters ( ni
f
 ), kernel size ( ki

f
× ki

f
 ), for i = 1, 2, 3 . For the first Conv layer (i.e., Conv1 ), 

we chose w1
p
= 0 , d1

s
= 1 , n1

f
= 16 , k1

f
= 3 . For Conv2 and Conv3 layers, we fixed 

w2
p
= 2 , d2

s
= 1 , n2

f
= 32 , k2

f
= 5 and w3

p
= 2 , d3

s
= 1 , n3

f
= 64 , k3

f
= 5 , respectively. 

We used BN layer, since it has regularization effect and is less bothered on weight 
initialization (Zhang et al., 2021). For all the MP layers, we employed a 3 × 3 sized 
kernel. We also used a dropout layer with 0.5 keep-probability after the third MP 
layer (i.e., MP3 ) to reduce overfitting (Goodfellow et al., 2016). From the CNN, after 
MP3 layer, we obtained 64 number of feature maps (Zhang et al., 2021) each of size 
8 × 8 , which we flattened and produced a 4096 ( = 64 × 8 × 8 ) dimensional feature 
vector fd.

MLP The fd was embedded to an MLP with four hidden layers ( Hi for 
i = 1, 2, 3, 4 ) added sequentially. The number of neurons in H1 , H2 , H3 , H4 are 
510, 480, 350, and 10 respectively, which were chosen empirically. In all the hid-
den layers, we used “He normal initializer” for weight initialization (Zhang et al., 
2021). In H1 , H2 , H3 , H4 , we employed L1, L2, L1_L2, L1_L2 regularizations 
to prevent the model from overfitting, where all regularization-parameters ( � ) 
were tuned to 0.01 experimentally (Goodfellow et  al., 2016). We also used two 
dropout layers, each with 0.5 keep-probability after H1 and H3 . The output layer 

fd = CNN(Iz)
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containing only one node is added sequentially to H4 , since we wanted to predict 
only one penmanship score for an input penscript image. In all the layers of MLP, 
ReLU activation function was used to attain non-linearity for handling arbitrary 
complex patterns. Here, the MLP worked as a deep regression model to predict 
the penmanship score p̂.

Loss (L). To train the model, we employed Mean Squared Error (MSE) loss, 
which is defined as below.

where, p and p̂ are actual (or, ground-truthed) and predicted penmanship scores, mtr 
is the number of samples in training set, � is the set of learning parameters that our 
model learns after proper training.

p̂ = MLP(fd)

L(�) = MSE =
1

mtr

mtr∑

i=1

(
pi − p̂i

)2

Fig. 1  The proposed framework for a deep feature extraction, b penmanship score prediction
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Weight optimization To optimize the learning weights of the model, we engaged 
Adam optimizer (Kingma Diederik & Adam, 2014), since it works better than 
some other contemporary optimizers (e.g., gradient descent, gradient descent with 
momentum, RMSProp; Zhang et al., 2021). In Algorithm 1, we present the Adam 
optimizer. The hyperparameters were fixed experimentally as follows: initial_learn-
ing_rate ( �) = 10−3 ; exponential decay rates for the 1st and 2nd moment estimates, 
i.e., �1 = 0.9 , �2 = 0.999 ; zero-denominator removal parameter ( �) = 10−8 . For train-
ing, we chose mini-batch size as 64.

Algorithm 1  Adam optimizer

Experiments

To check the efficacy of our model, we performed extensive experimentations. We 
begin by discussing the experimental setup, followed by the experimental results.

Experimental setup

For performing the experiments, we procured a total of 39,207 Chinese-character 
penscripts handwritten by 40 different writers, where every penscript sample was 
annotated by a penmanship score as mentioned earlier. Therefore, the database ( DB ) 
contains 39,207 penscript samples with corresponding ground-truthed penmanship 
rating scores. The DB was randomly split into training ( DBtr ) and testing ( DBt ) sets 
with a ratio of 9 ∶ 1 , where the sets were disjointed. We employed 10% data of DBtr 
as the validation set DBv . To reduce the overfitting of our model, we also employed 
a data augmentation technique (Zhang et al., 2021) on samples of DBtr . For the aug-
mentation, we randomly rotated the sample images within a range of [ 0o, 45o ], per-
formed zoom-in/out by 20%, and shifted the images along with x-axis/ y-axis by 
20% by filling up the shifted area using the nearest pixel.

The hyper-parameters of our model were tuned and fixed empirically over DBv . 
Here, all the presented results were executed on DBt . We performed the experi-
ments on the TensorFlow-2 framework having Python 3.7.13 over a machine with 
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the following configurations: Intel(R) Xeon(R) CPU @ 2.00 GHz with 52 GB RAM 
and Tesla T4 16 GB GPU.

Results

The performance of our automated penmanship assessment model was evalu-
ated with respect to normalized Mean Absolute Percentage Error ( nMAPE ) that is 
defined as follows:

where, p and p̂ are actual and predicted penmanship rating scores, pmax and pmin are 
maximum and minimum of actual penmanship ratings in the database, and mt is the 
number of test set samples. In our database, pmax = 9.33 and pmin = 1 . As a matter of 
fact, 0% ≤ nMAPE ≤ 100% , and the lower nMAPE signifies the better performance.

As we mentioned earlier, the penmanship score p ∈ ℝ and p is in the range 
of
[
sL, sH

]
 , i.e.,sL ≤ p ≤ sH . Here,sL = 1, sH = 10 . We now introduce the notion of 

score class Ck with respect to the range ofp . The k th score class Ck contains the sam-
ples having penmanship score p in the range of k and(k + 1 ), i.e.,Ck ∶ k ≤ p ≤ k + 1 . 
The interval of the score class range may be closed/open based on the previous/
next class ranges. For example,CL = C1 ∶ sL ≤ p < 2,CL+1 = C2 ∶ 2 ≤ p < 3

,C3 ∶ 3 ≤ p < 4 , …,CH−1 = C9 ∶ 9 ≤ p ≤ SH.
In Table 1, we present the performance in terms of nMAPE of the score classes, 

when both the actual ( p ) and predicted ( ̂p ) scores are within the correspond-
ing classes. From this table, we can observe that our model performed the best on 
test samples of score class C5 and produced 4.97% of nMAPE . For C3 , the model 
attained the highest nMAPE , i.e., 14.27%. Our model achieved greater than 10% 
nMAPE for test samples of four classes, i.e., C6 , C7 , C9 , and C3 . Overall, we achieved 
9.82% nMAPE across all the score classes.

nMAPE =

(
1

mt

mt∑

i=1

|
|pi − p̂i

|
|

pmax − pmin

)

× 100%

Table 1  Model performance 
over various score classes

Score class Actual ( p ) and predicted ( ̂p ) 
penmanship score range

nMAPE(%)

C1 1 ≤ p,�p < 2 6.92
C2 2 ≤ p,�p < 3 9.14
C3 3 ≤ p,�p < 4 14.27
C4 4 ≤ p,�p < 5 6.99
C5 5 ≤ p,�p < 6 4.97
C6 6 ≤ p,�p < 7 10.48
C7 7 ≤ p,�p < 8 12.67
C8 8 ≤ p,�p < 9 9.19
C9 9 ≤ p, p̂ ≤ 10 13.72
Overall 1 ≤ p, p̂ ≤ 10 9.82
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Furthermore, the score classes were categorized into low, medium, and high-
scored group to have an overview on the model performance. Here, C1 , C2 , C3 
classes were joined together to form the low-scored group. Similarly, C4 , C5 , C6 and 
C7 , C8 , C9 formed medium and high-scored groups, respectively. The model perfor-
mances on these groups are shown in Table 2. The best performance, i.e., 7.48% of 
nMAPE was achieved for the medium scored group, that was followed by the low 
and medium scored groups.

Mobile application We also built an Android mobile application with our model 
embedded (Fig. 2), this application can capture a penscript sample and predicts its pen-
manship score in realtime (Butler, 2010). The application was built on Android Stu-
dio Bumblebee 2021.1.1 with OpenJDK 64-bit Server VM Temurin-17.0.1 installed in 
Windows 10 operating system. The minimum requirement of this application is SDK 
version 23 or Android 6.0 (Android Marshmallow). We tested the application on AVD 

Table 2  Model performance 
over various score class group

Score class group Actual ( p ) and predicted 
( ̂p ) penmanship score range

nMAPE(%)

Low (C1 , C2 , C3) 1 ≤ pi < 4 10.11
Medium (C4 , C5 , C6) 4 ≤ pi < 7 7.48
High (C7 , C8 , C9) 7 ≤ pi ≤ 10 11.86

Fig. 2  Screen captures of the penmanship rating score prediction mobile app: (a) application screen 
before penscript input, (b) application screen after penscript input, (c) application screen of penmanship 
prediction for an input penscript
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(Android Virtual Device), i.e., Pixel 2 API 30 created within Android Studio, and two 
real devices, i.e., Redmi 6 Pro with Android 9 and Realme 9 with Android 12. All the 
materials including the data, scripts, and the application can be accessed in https:// 
github. com/ datal abv01/ Penma nship.

Descriptive analysis of penmanship rating

Figure 3 shows the descriptive statistics of penmanship ratings for all the 40 writers 
using a boxplot (Boddy et al., 2009). One writer had an upper quartile of the penman-
ship score more than 7; six had an upper score quartile between 6 and 7; one had a 
lower score quartile below 3. There were nine writers with an upper whisker more 
than score 8 and nineteen writers with a lower score whisker less than 2. Overall, 
32 out of the 40 writers had lower and upper quartiles within the penmanship rating 
score range of 3 to 6, i.e., within medium score class group. This is one possible rea-
son for obtaining the best performance for medium-scored group (refer to Table 2).

In Fig. 4, we plot the number of characters/penscripts against penmanship score 
classes. The plot became a bell curve due to depicting the real-world scenario, which 
attests the integrity of our data collection. There are very few samples for class C1 
and C9 , i.e., 46 and 98, respectively. The mode penmanship score class of our dataset 
is C4 that comprises 11,229 samples. The score classes C1 , C2 , C7 , C8 , C9 contain less 
than the mean sample count across the class. However, to perform deep regression, 
we required more number of samples; therefore, we employed data augmentation 
(Zhang et al., 2021) as mentioned earlier. It may be noted that the task could also 
be formulated as a classification problem; then, our model would provide a score 
class (i.e., a penmanship score range) instead of a specific penmanship rating score 
for a penscript. However, we surveyed and concluded that the general people need 
to know the exact penmanship score (as our application provides, refer to Fig. 2); 
therefore, we decided to formulate the task as a regression problem. Additionally, 
our model can provide the score class as we presented in Table 1.

Fig. 3  Boxplot of penmanship ratings for all writers’ penscripts of our database. The notch within the 
box indicates the median score of a writer, the whiskers extending from the box represent the score vari-
ability outside the upper/lower quartiles, and the dots denote some possible unusual scores/outliers

https://github.com/datalabv01/Penmanship
https://github.com/datalabv01/Penmanship
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Discussion

In this study, we collected human penmanship ratings for 39,207 penscripts of tra-
ditional Chinese characters (comprising 1200 characters from each of 40 writers) 
considering both aesthetic and legibility aspects of penmanship. We then developed 
a CNN and trained it on these penmanship ratings. Testing on unseen penscripts 
revealed that the model obtains an overall 9.82% nMAPE in penmanship predic-
tion (on a 10 point-scale). We then developed a real-time mobile application uti-
lizing CNN to provide real-time penmanship assessment in (traditional) Chinese 
handwriting.

One possible explanation for the observed differences in nMAPE results across 
the low, medium, and high groups is the varying sample sizes. The medium group, 
which displays a lower nMAPE, comprises a larger number of samples (refer to 
Fig. 4). It is plausible that the CNN model learned more distinctive features from 
the larger dataset in the medium group, leading to better performance (i.e., lower 
nMAPE). Although we used the data augmentation techniques and have balanced 
the sample sizes across three groups, the synthetic nature of data augmentation, 
although helpful, might not fully replicate the nuances of real handwritten penscript, 
which could have affected the learning outcomes in the high and low groups.

We anticipate a wide range of applications of our assessment in both research 
and educational domains. There is a widespread concern that digital typing has sig-
nificantly marginalized handwriting in written communication, leading to a decline 
in handwriting literacy in the Greater China area (e.g., Almog, 2019; Hilburger, 
2016). Questionnaire surveys (Lan, 2013; Zhou, 2013) and empirical studies (Huang 
et  al., 2021a, 2021b) have reported that character amnesia could be attributed to 
fewer paper-pen practice opportunities, as a lack of handwriting practice would 
deteriorate explicit orthographic-motor knowledge (Christensen, 2004; Jones & 
Christensen, 1999). The decline in handwriting literacy and the deterioration of pen-
manship in the digital age have raised concerns about the artistic expression and aes-
thetic beauty that can be conveyed through handwritten communication. However, 

Fig. 4  Sample frequency distribution over penmanship score class
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research on Chinese writers’ penmanship in the digital age and its potential impact 
on individual differences (e.g., daily exposure to handwriting) is scarce. Our assess-
ment tool thus can be used to conveniently generate objective penmanship ratings. 
It is important to highlight that while our assessment is developed for penmanship 
evaluation of traditional character penscripts, it has the potential to be applied to 
simplified Chinese penscripts. Indeed, for this purpose, our model would entail fine-
tuning with distinct parameters to capture the penmanship features specific to users 
of simplified Chinese characters. The effectiveness of this adapted model would be 
contingent upon the accuracy of penmanship ratings and the degree of variation in 
handwriting penmanship within the simplified Chinese character user population.

The CNN model, particularly the associated mobile application, can be utilised 
in various circumstances to assess penmanship. As individuals can use it for a quick 
self-assessment of their penmanship by writing one or more characters and upload-
ing the penscript images onto the mobile application to receive penmanship ratings. 
To evaluate multiple penscripts, one can compute the average of the penmanship 
scores generated by the model/app. While our trained model primarily emphasizes 
the evaluation of single-character penscripts, it has the potential to assess penman-
ship for penscripts at the sentence or even passage level. However, the accuracy of 
the model in these cases still needs to be examined. The model/application can be 
employed to assess penmanship in various handwriting tasks, such as dictation or 
copying, as long as these tasks yield images of penscripts that can be used as input 
for the model/app.

The introduction of digital typing in schools has led to a decline in handwriting 
exposure for school children (Konnikova, 2014), which may negatively impact hand-
writing, particularly penmanship. Good and fluent Chinese handwriting requires years, 
if not decades, of handwriting practice to consolidate orthographic and visual-motor 
knowledge in Chinese character writing (Tong & McBride-Chang, 2010). There-
fore, age could be an essential factor in the modulation of penmanship. Based on the 
development of current automatic penmanship assessment, future studies could col-
lect handwriting data from different ages (e.g., primary and middle school students) to 
develop penmanship assessment tools that are suitable for students of different ages.

Our research also has the potential to contribute to the pre-screening of chil-
dren with developmental dysgraphia, a learning disorder where children expe-
rience difficulties learning to handwrite. This disorder is estimated to affect 
approximately 7% to 15% of school-age children (McCloskey & Rapp, 2017). 
Specifically, compared to typically developing peers, children with developmental 
dysgraphia tend to exhibit greater variation in handwritten character size, more 
revised letters, and increased spatial misalignment of letters (Prunty & Barnett, 
2017; Rosenblum et  al., 2004, 2006). In the context of Chinese writing, Meng 
et  al. (2003) demonstrated that children with developmental dysgraphia often 
produce abnormal handwriting features, including inappropriate spacing between 
radicals, as well as irregular stroke lengths and connections. Consequently, chil-
dren with developmental dysgraphia may receive very low penmanship ratings; 
a phenomenon that can be exploited (e.g., using the CNN model) for prelimi-
nary identification of children who may require clinical assessment for develop-
mental dysgraphia. While establishing a general performance reference would 
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necessitate gathering norms across various age groups, the actual effectiveness of 
this model hinges on the differences in penmanship between typically developing 
individuals and those with dysgraphia across different ages. Additionally, the suc-
cess of this approach also depends on our ability to precisely adjust a CNN model 
architecture for evaluating penmanship.

It should be noted that handwriting difficulties are multifaceted, where impair-
ments in various cognitive processes of handwriting (such as the orthographic lexi-
con, semantic system, orthographic working memory, etc.) may lead to a range of 
abnormal handwriting performances that might not be directly related to penman-
ship. For example, individuals with deficiencies in the orthographic lexicon could 
demonstrate, in comparison to typically-developed counterparts, lower accuracy in 
writing less frequently-used characters (e.g., Rapp et al., 2016; Buchwald & Rapp, 
2009; Rapp & Dufor, 2011). However, it is noteworthy that the penmanship in suc-
cessfully executed handwriting could still appear normal.

Our model/application has the potential to identify elderly individuals who may 
be in the early stages of neurodegenerative diseases, as suggested by De Stefano 
et al. (2019) and Nackaerts et al. (2017), older adults with neurodegenerative dis-
eases often write smaller words and have poorer writing quality compared to their 
healthy counterparts. Additionally, they frequently face challenges in orthographic 
retrieval, as noted by Rapcsak et al. (1989). These characteristics are likely to result 
in lower scores in a well-calibrated penmanship assessment. To effectively detect 
these signs, our model would require recalibration to identify specific penmanship 
features prevalent in the elderly population. The accuracy of diagnosing neurode-
generative diseases using this method would hinge on the extent of handwriting 
variation between the normal elderly and those with neurodegenerative diseases, as 
well as on how precisely we fine-tune the model for this purpose.

Conclusion

We developed and trained a CNN model for penmanship assessment in Chinese 
handwriting. The model was capable of providing highly human-like penmanship 
ratings. We further developed a mobile application that implements the CNN model 
to offer real-time penmanship assessment. For experiments, we created a database 
comprising 39,207 Chinese penscript images with ground-truthed penmanship 
scores, where our model attained an overall 9.82% normalized Mean Absolute Per-
centage Error (nMAPE) on the test set, which is quite an encouraging performance. 
Both the CNN model and the mobile application can be employed for a wide range 
of academic and practical purposes.
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