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Abstract

Handwriting significantly contributes to the task of the
writer identification and verification of modern and historical
documents. This work developed a writer verification system for
ancient Hebrew square-script manuscripts, mainly based on the
edge-direction feature. Two configurations within the proposed
system are carried out, i.e., character-based edge-direction
feature extraction and extraction techniques of handwriting
shape representation that may drive the system performance. A
classification-based verification approach, utilizing Support
Vector Machine (SVM) as the classifier, is employed to evaluate
the performance of the two configurations. This study has
confirmed that the skeleton-based shape representation
technique outperforms the edge detection technique used in the
predecessor approach. Furthermore, a character-based writer
verification system provides the corresponding scholars and
experts with an alphabetical investigation to identify the
uniqueness of each writer’s handwriting.

Introduction

Handwriting has a pivotal role in the establishment of a
person’s identity. A key aspect of handwriting is motor skills
which indirectly reflect the unique quality of an individual’s
muscle movement, making a person’s verification and
identification possible [1]. So, unsurprisingly, there is a growing
body of literature on computational analysis that recognizes
handwriting, especially in the writer identification and
verification study [2].

Simultaneously with the existing progressive effort to
digitize historical documents, researchers have shown an
increased interest in writer identification and verification of
historical ~ documents. = However, determining  writer
identification and verifying historical documents is technically
challenging. To acquire a legible manuscript, one must have
good contrast between ink and background, which could be
better for cultural heritage documents due to the trade-off
between spatial resolution and sensitivity in low-light imaging
[3]. Performing binarization can help to enhance the contrast and
legibility of poor-quality or noisy digital images. However, no
single binarization techniques are suitable for all kinds of images
of historical documents [4] due to, e.g., varying noise levels. As
a result, in a writer verification system, we often must deal with
noisy images that may eventually lower the system’s
performance. When we consider scholars with expertise in
handwriting analysis, they are not as affected by noise as the
computational counterpart would be. While the two different
expertise are complementary, we can still improve the
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Figure 1. A snippet of digital image of ancient Hebrew square script
document, publicly available on The Israel Museum website
(http://dss.collections.imj.org.il/).

handwriting analysis system such that it is not as susceptible to
noise.

In the writer identification and verification field, edge-
based directional probability distributions, i.e., edge-direction
and edge-hinge of graphemes, are considered the robust features
for the writer’s identification of modern and historical
documents, for example, [5], [6], and [7]. These features refer
to a type of feature extraction technique used in writer
identification and verification, which detect the edges of
handwriting strokes and analyze the directional information
about an individual’s handwriting style. Research has tended to
focus on extracting edge-based directional features from the
whole page. This approach is not well suited to the scholar or
expert working on handwriting analysis of ancient historical
documents, which investigate the typical shape of a particular
character [8]. With this in mind, we initiated this research to
develop the character-based writer verification system for
ancient Hebrew square script documents. In addition to the edge-
direction features implementation, we applied different
techniques to extract the handwriting shape representation and to
investigate its influence on the verification performance.
Furthermore, it has previously been assumed by scholars in the
respected study [9] and proved computationally [6] that two
scribes wrote 1QIsa-a scroll (Figure 1). This opens up the
application of character-based writer verification of 1QIsa-a
scroll of which single characters have been previously collected
in the previous work [10].

This study has two primary aims: 1. To investigate the
impact of different shape representation extraction techniques



under the context of writer verification for 1QIsa-a scroll, and 2.
To explore a classification-based approach in building a writer
verification system. The approach includes robust SVM for
multidimensional features classifier. In this study, we used single
characters of ancient Hebrew square script instead of graphemes.
This way, our research outcomes would not merely be on a writer
verification system but also an alphabetical investigation to
provide scholars and experts with an in-depth analysis of the
uniqueness of a writer’s handwriting.

Material and Methods

The flowchart of the proposed writer verification system is
shown in Figure 2. The system consists of the dataset of single
characters, implementation of shape representation extraction
techniques, edge-direction feature extraction, classification-
based scribe verification, and verification performance
evaluation, which will be explained in this section.

1. Dataset: This study uses data from the author’s previous
work [10]: single characters correspond to Scribe 1 and
Scribe 2 of the 1QIsa-a scroll. The dataset consists of 180
single characters for every 22 ancient Hebrew square-script
characters, as depicted in Figure 3, to represent each
scribe’s handwriting.

2. Shape representation extraction: As described in [4], the
proposed edge-direction feature originally extracts features
from the edges of handwriting strokes or an individual
handwriting shape representation. Instead of implementing
only the predecessor technique, i.e., Sobel, we applied
additional shape representation extraction techniques, i.e.,
Canny and Skeleton, as depicted in Figure 4. These varied
techniques aim to comprehend better which techniques
would extract the best shape representation for ancient
Hebrew square scripts.

3. Feature extraction: We used the edge-direction probability
distribution of a single character as the features,
alternatively expressed as the probability distribution of
edge fragments that form a certain angle. We also
considered varying the pixel length of edge fragments
extracted, i.e., 3-pixels, 4-pixels, and 5-pixels long. This
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Figure 2. Flowchart of the proposed writer verification system.
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Figure 3. The 22 ancient Hebrew square-script, modified from [10].

Figure 4. Character Alef. From left to right: original, Sobel, Canny, and
Skeleton.
directly varies the number of features used in the
classification stage, i.e., 12, 16, and 20 features.

4. Classification: Support vector machine (SVM) is one of the

most popular classifiers for high-dimensional and non-
linearly separable data. Even so, solely relying on
hyperplane-based data separation may not be effective for
data with a small portion of the samples and high-level
noise [11], which is most likely the case in this study.
Therefore, we utilized a probabilistic SVM to solve the
challenges and to get more informative output, such as a
direct estimate of the probability of belonging to a specific
class. To provide a reliable probabilistic SVM, we applied
calibration curve representation for probability calibration
using a logistic regression approach, which has shown good
overall results for SVM model calibration [12]. To create a
calibration curve, we first divided a dataset into two equally
sized data: train data (40%) and test data (40%). The
predicted data obtained from the test data was calibrated by
logistic regression referring to the predicted probability
from the trained data. The rest 20% of unused data were
used for validation data and fed into the trained logistic
regression model, which then showed on the graph of the
calibration curve. The resulting values are plotted in Figure
5, where the x-axis represents the mean predicted
probability, and the y-axis represents the fraction of positive
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Figure 5. Calibration curve of SVM performance.
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output, Scribe 2 in this case. By implementing a calibration
curve, we ensured that the calibrated line was close to the
ideal line, representing improved reliability of the
classifier’s prediction in practice.

5.  Evaluation: The final stage of the study comprised the
performance evaluation with required metrics, i.e.,
precision, recall, and probability threshold.

Result and Discussion

In this study, we use edge-direction-feature-based
classification utilizing a probabilistic SVM classification model
for writer verification of historical documents. The dataset
consists of 720 images of the letters Alef-s and He-s. Each image
has a rectangular shape with a resolution of less than 50x50
pixels with an equally distributed representation of Scribe 1 and
Scribe 2 handwritings.

To evaluate the reliability of the probability SVM
classification model’s prediction, Figure 5 presents how the
model has been calibrated to the ideal line of mean predicted
probability vs. fractions of positives. Compared to the original
line, the calibrated line is much closer to the ideal line and
straight, indicating that the calibrated one will estimate the
probability of a sample belonging to Scribe 1 or 2 more
accurately. On the contrary, with different values of mean
predicted probability, the uncalibrated system may consistently
perform underestimation when the line is above the ideal line or
overestimate large probabilities when the line is under the ideal
line.

The first result generated by the proposed verification
system is reported in Table 1. The table summarizes the
performance metrics scores obtained by implementing the
system elements of the Skeleton-based edge-direction feature
with 4-pixel-long edge fragments. The table is revealing in
several ways. First, the higher the value of the probability
threshold (PT), the more the number of true positive (TP)
instances of Scribe 1 can be correctly predicted by the system,
which means the recall score for Scribe 1’s handwriting is getting
higher, but the precision score is getting lower. Second, the
number of true negatives (TN) instances of Scribe 2 decreases as
the PT value increases. With this contrary trend of performance
metric scores between Scribe 1 and Scribe 2, it is necessary to
choose an optimal PT value that is equally likely to accept a false

Table 1. Scribe 1 and Scribe 2’s handwriting verification performance
metrics with Skeleton extraction and 4-pixel-long edge fragments.

Confusi
PT | Scribe |Precision| Recall on us-lon
Matrix
01 51 0.00 0.00 0 36 Confusion
’ s2 0.50 1.00 0 36
0.2 s1 1.00 0.22 8 28
! 52 0.56 1.00 0 36
03 s1 0.96 0.69 25 11
. s2 0.76 0.97 1 35
51 0.87 0.72 26 10
0,4
52 0.76 32

08 : 4

06 s1 0.82 0.89 32 4
52 0.88 0.81 7 29

s1 0.80 0.89 32 4

0.7 52 0.88 0.78 8 28
s1 0.69 0.97 35 1

0.8 52 0.95 0.56 16 20
0.9 s1 0.50 1.00 36 0
52 0.00 0.00 36 0

s1 0.50 1.00 36 0

1 52 0.00 0.00 36 0
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Figure 6. The trend of probability threshold vs. precision and recall value.

match (false positive instances) as it is to reject a true match
(false negative instances).

In other words, the optimal trade-off is very much expected, as
presented by the performance metrics score with a PT value of
0.5. As verified in Table 1, the verification system can obtain
average precision and recall scores of 84,75% for both scribes,
with only a 2% score difference for precision and 3% for recall
between the two scribes. Additionally, it shows a slight score
difference between precision and recall for Scribe 1 and Scribe
2, i.e., 3% and 2%, respectively. This optimum trade-off-based
decision-making is used in this study to choose the best shape
representation extraction technique and the probability threshold
value. Furthermore, it is worthwhile noting that a PT value of 0,5
is not the universal optimum PT value of all determined pixel
lengths and extraction techniques in the proposed system. And,
it is most likely the case to have an optimum PT value between
0,4 and 0,7, as indicated in Figure 6.

In an attempt to investigate whether or not different pixel
lengths of edge fragments and different shape representation
extraction techniques will influence the precision and recall
scores, Table 2 and Table 3 highlight the precision and recall
scores with different combinations of edge fragment pixel
lengths and shape representation extraction techniques. It should
be noted that the color range of blue and orange on the tables
helps visualize the precision and recall score levels. The blueish
Table 2. Classification-based verification results of the letter Alef-s with three
different shape representation extraction techniques.

SOBEL CANNY SKELETON
3-pixels long ‘ 3-pixels long | 3-pixels long
Precision| Recall
Scribe 1 Scribe 1 Scribe 1
Scribe 2 Scribe 2 Scribe 2
4-pixels long 4-pixels long
ision| Recall Precision| Recall
Scribe 1 0.03 Scribe 1
Scribe 2 Scribe 2 Scribe 2
5-pixels long 5-pixels long 5-pixels long
‘Precision‘ Recall Precision| Recall Precision| Recall
Scribe 1 0.00 0.00 Scribe 1 Scribe 1
Scribe 2 Scribe 2 Scribe 2

Table 3. Classification-based verification results of the letter He-s with three
different shape representation extraction techniques.

SOBEL CANNY SKELETON
3-pixels long 3-pixels long 3-pixels long
Precision| Recall Precision| Recall
Scribe 1 Scribe 1 Scribe 1
Scribe 2 Scribe 2 Scribe 2
4-pixels long 4-pixels long 4-pixels long
Precision| Recall Precision| Recall Precision| Recall
Scribe 1 Scribe 1 Scribe 1
Scribe 2 Scribe 2 Scribe 2
S-pixels long 5-pixels long 5-pixels long
Precision| Recall Precision| Recall Precision| Recall
Scribe 1 Scribe 1 Scribe 1
Scribe 2 Scribe 2 0.19 | (scribe 2




color indicates a high score, while the orangish color indicates a
low score. Tables 2 and 3 show no significant correlation
between precision/ recall score and edge fragment pixel length is
identified. The small resolution of each character can justify this
apparent lack of correlation; as stated previously, it is not enough
to emphasize the difference in probability distribution despite
pixel length variation. Interestingly, for different pixel lengths,
letters (Alef-s and He-s), and scribes, the Skeleton technique
provides a significantly higher and more consistent precision-
recall score than Sobel and Canny. This suggests Skeleton might
be the best extraction technique for character-based writer
verification of ancient Hebrew square script for all
corresponding Hebrew characters.

Conclusion and Future Work

This study investigated the impact of different shape
representation  extraction techniques and explored a
classification-based approach in improving a writer verification
system’s reliability for a historical document. The skeleton
technique has emerged as a reliable element to enhance the
performance of edge-based directional features for writer
verification of an ancient Hebrew square-script manuscript. This
study also shows that adjusting the probability threshold
significantly shifts the proposed system into a reliable writer
verification system, allowing the system to verify whether a
given character belongs to the identified writer.

A further study could assess the performance of writer
verification using the remaining letters of ancient Hebrew square
script and investigate whether the characters could give different
performance scores. Such investigation could give scholars a
new comprehension of which characters have the best distinctive
stroke, allowing better verification performance. Also,
implementing other performance evaluation metrics used for
writer verification, i.e., FAR (False Acceptance Rate), FRR
(False Rejection Rate), and ERR (Equal Error Rate), would make
improvements in the system’s accuracy and reliability, as well as
user experience and satisfaction, especially for scholar and
expert in the field of historical document analysis.
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