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ABSTRACT

Writer identification is a critical task in the realm of pattern classification, aimed
at determining the authorship of a manuscript based on labeled handwriting sam-
ples. This area has garnered considerable attention from researchers and has
seen significant advancements in the last two decades, propelled by the inte-
gration of novel computer vision and machine learning algorithms. Commonly,
approaches within this field rely on calculating local texture descriptors of im-
ages. In this work, we propose a novel local texture descriptor method, termed
multi-points local binary patterns (MP-LBP), which is an enhancement of the
traditional local binary patterns (LBP) descriptor. Our approach involves apply-
ing the MP-LBP descriptor to patches surrounding Harris key points and aggre-
gating the image descriptors into encoded vectors using the vector of locally ag-
gregated descriptors (VLAD) encoding method. These vectors are subsequently
classified by a ball tree classifier to associate the document with the most plau-
sible writer. To assess the efficacy of our descriptor, we conducted evaluations
on five publicly accessible handwritten databases: CVL, CERUG-EN, CERUG-
CH, BFL, and IAM. The results of these tests provide insights into the perfor-
mance of the MP-LBP descriptor in the context of writer identification.
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1. INTRODUCTION
Writer identification poses a significant research challenge. Over the past two decades, the research

community has devoted substantial efforts to addressing this challenge, particularly in scenarios involving cur-
sive and disjoint writing styles. In the field of handwriting analysis, two distinct research areas are recognized:
handwriting recognition and writer recognition. Handwriting recognition focuses on deciphering the content of
handwritten text within a document, irrespective of the writer. On the other hand, writer recognition addresses
two key aspects. Firstly, writer verification aims to determine whether two or more handwritten documents are
authored by the same writer. Secondly, writer identification pertains to techniques that enable the identification
of the author of a given document from a known set of writers. Writer identification focuses on invariants in the
writings of each writer [1] (features). This assumes that, when writing, an individual draws characters using
his unique basic shapes. Thus, identifying the writer of a given document relies on these writer-dependent
characteristics.

The hand writing is considered as a reliable behavioral biometric [2]. In fact, each individual devel-
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ops his proper writing style. Over time, the writing style becomes more stable. Finding the authorship of the
documents from scanned handwritten images is useful in historical document analysis and forensics. In the
historical document analysis to verify a manuscript authenticity, and in forensic to help investigators to find
suspects by analysing their manuscripts such as threatening letters, wills or ransom notes [3], [4]. The hand-
writing analysis can also be useful for determining the gender of the writer [5], as it can help to determine the
true writer of a manuscript based on documents written in another language [5], [6].

The writer identification approaches can be divided into text-dependent and text-independent mode.
Text-dependent [7] method requires all writers to produce the same text. Whereas in text-independent mode
[2], [8], the writers produce arbitrary textual content. This last scenario appears a more realistic scenario.
From another perspective, writer identification can be achieved in either online and offline mode. In the offline
mode, we are working with digitized versions of the handwritten documents. Whereas in the online mode,
the writers use an electronic pen which allows to capture more characteristics such as pen pressure and speed,
and thus provides additional insights for writer identification [9]. Researches in the field of writer identification
become even more challenging as an individual writing style depends on other noisy factors such as their mental
condition, pen thickness, and writing environment.

In the offline writer identification, we proceed generally in three main phases: the first one consists in
pre-processing the handwritten images. The second phase is feature extraction, where we extract the feature
vectors of the images. Finally, the classification phase allows to assign a test document to its appropriate writer
based on its extracted feature vectors and using the classification algorithm such as support vector machine
(SVM) [10]-[12], k-nearest neighbors (KNN) [13], X2 distance [2], vector of locally aggregated descriptors
(VLAD) [14], and Chi-square distance similarity [15].

In this paper, we address the problem of offline text-independent writer identification through intro-
ducing a new local texture descriptor. For this purpose, we organized this paper in six sections. In the next
section, we will present a survey of existing works. In section 3, we will describe the proposed methodology.
In section 4, we present the datasets that we used for tests and experiments. While section 5 presents the test
results and comparison with state-of-the-art works. Finally, section 6 concludes the study and proposes some
future directions.

2. RELATED WORK
As the handwritten analysis seems tedious and time consuming procedure for human examiners, de-

veloping automated systems for handwriting analysis has become necessary. Such a solution should identify
a writer using less amount of writing and in a short time. In this sense, many computerized solutions based
on artificial intelligence were created. In these solutions, the writer identification problem is dealt as a pattern
classification problem [16], [17].

One of the earlier works in automated writer identification is the one of Arazi [18] that dates back
to 1977. The author proposed a run-length histogram descriptor, which is described as a performant global
descriptor. Since then many studies have been realized. In the literature, the researchers have adopted many
approaches in order to address the writer identification problem. Indeed, some works used a global features
approach, which consists in studying overall characteristics at the document or paragraph level, such as line
separation and skew [19]-[21]. While other works used local characteristics features witch correspond to allo-
graph, character or shape level of the handwriting contours [22]-[25] to characterize the writer. At that level,
different works used local descriptors local binary patterns (LBP) [24], [26], [27], local phase quantization
(LPQ) [24], [26]. In 2014, Newell and Griffin [28] used oriented basic image feature columns (OBIF) and delta
encoding to enhance texture-based approach. OBIF was used later in many other works [21], [29]. Numer-
ous other descriptors are also reported in the literature: run length [10], edge-hinge [10], edge-direction [10],
local ternary patterns (LTP) [30], contour-direction [2], contour-hinge [2], or histogram of oriented gradients
(HOG) [30]. As our proposed multi-points local binary patterns (MP-LBP) texture descriptor is based on LBP,
it is worth noting that many works have used LBP texture descriptor in writer identification field, and realized
different identification performance.

LBP descriptors were first used in writer identification in 2002 by Ojala et al. [31]. LBP descriptor
were also used by Bertolini et al. [26]. In their approach, the writers used the LBP and LPQ texture descrip-
tors. In this study, the writers found that the discriminatory power of LPQ descriptor surpasses that of LBP.
The performance of their approach is reflected in the identification scores: 96.4% and 98.9% obtained using,
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respectively, the two datasets Qatar University Writer Identification-Arabic (QUWI-AR) and Qatar University
Writer Identification English (QUWI-EN).

In 2015 Hannad et al. [32] published their work on writer identification using the LBP texture de-
scriptor. Their method achieved an identification rate of 87% on the IFN/ENIT datasets. The interesting results
have proven again that using LBP in writer identification not only enhances the scores but also reduces the
execution time compared to other methods [33].

Hannad et al. [24] used LBP, LTP, and LPQ calculated on small fragments of the hand written doc-
uments. In this study, the writers emphasize also the importance of choosing good values of fragments’ size
parameter. For example, choosing the size 100x100 for IFN-ENIT dataset, and 110x110 for IAM, they obtained
the respective scores 94.9% and 89.5%. One other work using LBP descriptor is the one of Singh et al. [34].
This study compares performances of different descriptors. Indeed, the tests performed on KHATT and IAM
datasets showed that LBP and LPQ performance (95.6% and 97.6%) realized the best scores when compared
to the other descriptors. In 2019 Bennour et al. [35] introduced the key points in handwriting while using a
codebook approach.

Abbas et al. [29] published a more recent approach based on the crossing of multiple configurations
LBP model. The tests, carried out on BFL and KHATT datasets, realized respectively the scores 98.6% and
77.1%. Other researchers have proposed codebook-based graphemes systems [36] or codebook-based small
fragments [37] systems. Recently, many research works have tackled the writer identification problem using
deep learning and convolution neural network [9], [38]-[42]. Using deep learning in writer identification allows
to achieve better identification results. However, ne major inconvenient of using deep learning is that it requires
high processing power and storage capacity, and an extended computation time that can exceed several weeks
[43]. From another perspective, the works in the literature having used LBP, and other textural descriptors, ex-
tract features at different document levels. Indeed, for [2], [10] the features are extracted at the whole document
level. Whereas for [26], [34], [44]-[47] the features are extracted at the regions of interest level. These regions
may correspond to blocks, cells, or words. Another working level corresponds to writing fragments [24], [30],
[48]. In 2019, Bahram [49] found that the LBP histograms, when calculated at page or paragraph level, give
only an overall view of the document texture and allow a low performance in detecting discriminatory details.
However, the identification performance is improved when the texture features are calculated at the level of
connected-component.

3. METHODOLOGY
In this section, we present the different phases of our approach, which consists of the following: we

first start by pre-processing the handwritten document images, and then we identify the locations of the key
points. For each key point, we define a fixed-size window around it. We then extract the features using our
proposed texture method (MP-LBP). The image features are subsequently encoded with a VLAD method.
Finally, we assign the the test document to the most plausible writer using a KNN and ball tree algorithm.
These phases are illustrated in Figure 1.

3.1. Pre-processing

The training and test images are initially retrieved from stored image files. Pre-processing for each
image involves two steps: i) converting the image to a grayscale format and ii) applying a de-noising Gaussian
filter [50] to the intensity image to remove any background smudges or noise that can obstruct writer identifi-
cation. Our image pre-processing does not involve the skew and slant corrections. The different algorithms are
implemented using opencv and other Python libraries.

3.2. Key points detection

In computer vision field, “key point” term refers to a specific location in the image where the boundary
of an object changes direction abruptly. In our work we used Harris keypoints detector [51]. Harris is a powerful
and widely used detection method. The concept of Harris method consists in computing the difference in pixel
brightness when moving a sliding window in the different possible directions as illustrated in Figure 2.
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Figure 1. The proposed methodology

Figure 2. Harris corner detector method

3.3. Feature extraction
The handwriting characteristics are broadly measured by a number of geometric features, such as

global statistics of ink traces [2], [3] or the distribution of graphemes [22], [52]. Feature extraction from
images aims at reducing the big amount of data in the raw images to a smaller and concise set of parameters.
In this phase, local features (descriptors) are calculated on small square windows centered around the key
points that we obtained in the previous phase. Other works used descriptors that are calculated on random
non-overlapping windows extracted from the image [53], or using an adaptive window-positioning algorithm
[54]. Before introducing our proposed texture method, which is a generalization of LBP [24], operator, we
will, first, present the classic LBP method.

3.3.1. Local binary pattern descriptor
LBP operator assigns binary code to each pixel based on its surrounding. Indeed, LBP is obtained by

comparing the intensity of the pixel with the ones of its P neighbors in a circle of radius R. Then it calculates
the sum of the obtained values weighted by powers of 2. Given a pixel at the position C in the Figure 3, the
resulting LBP is obtained using (1):

LBP (C) =

P−1∑
i=0

s(gi − gc)2
i (1)

gc and gi are respectively the intensity of the central pixel c and the ith neighbor. s(x) is the function defined
as:

s (x) =

{
1, if x≥0

0, otherwise
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Figure 3. LBP code calculation

3.3.2. Multiple-points local binary patterns descriptor

LBP descriptor consists on one-to-one comparison of pixel intensities. Indeed, when comparing the
intensity of a central pixel gc to the one of its P neighbors (gi)0<=i<p the comparison returns two possible
values: either gi is greater than gc or not, this is why we use the power of 2 to encrypt the different possible
cases. In our new approach, we compare the intensities of 3 pixels instead of 2: each time we compare the
central gc with two other chosen pixels ai and bi. A combinatory reasoning indicates that the cardinality of the
comparison space relative to three elements comprises 3! = 6 possibilities. Thus, powers of 6 instead of 2 are
used to encode the obtained comparison results. An example of the 6 possibilities (comparison space) is the
one corresponding to the case: ai > gc > bi.

The resulting MLBP for a pixel C is:

MP − LBP (C) =

P−1∑
i=0

s(ai, gc, bi) ∗ 6i

The function s(gi, gc, gj) allows to map each element of the comparison space, that is calculated based on
the comparison of the three intensities ai, gc and bi with an element of the set {0, 1, .. ,5}. Table 1 shows the
values of the function s for all the possible cases.

Table 1. Mapping function
A>B B>C A>C s(A,B,C)

0 0 0 0
0 1 0 1
0 1 1 2
1 0 0 3
1 0 1 4
1 1 1 5

In the LBP approach, the neighbors that are compared to a central pixel are a set of individual points.
Whereas for our MP-LBP descriptors, each comparison i involves, besides the central pixel C, a pair of neigh-
bors Ai and Bi. The pixel (Ai)i and (Bi)i are chosen using the proposed pattern shown in Figure 4 which
defines the distance and the form of the chosen surrounding pixels. As for LBP descriptor, our MP-LBP is also
insensitive to variations in illumination Figure 5.

Figure 4. The pattern used in MP-LBP
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Figure 5. MP-LBP code calculation

3.4. Vector of locally aggregated descriptors feature encoding
Before encoding the features of the handwritten documents, we first start by clustering (i.e. grouping)

all the local descriptors of the training and test documents. As the total number of descriptors is too big, (e.g.
about 6 million for IAM dataset), we used the mini-batch K-means method [55] instead of traditional K-means.
Accordingly, we split the set of descriptors into 30 batches. At the end of the clustering step, we obtain k
clusters with k centers (c1, c2, ... ck). We then assign each descriptor to the its nearest cluster center.

Instead of dealing with the huge number of descriptors for each document, feature encoding allows
obtaining a single vector per image. The used method is VLAD [14]. VLAD is an encoding method that
aggregates the residuals of local descriptor at their nearest centers. To do this, we start by determining the
centers of the k clusters (c1, c2, ... ck), using the MinBatch K-Means method, for all images. Then we
calculate, for each document image, the VLAD vector of the set of descriptors (xi)i of the image.

We can represent the corresponding VLAD : V=(vi,j)i,j as a matrix whose rows elements dimension
is the same as the one of the descriptors. The elements of the descriptor are calculated using:

vi,j =
∑
i, j

Nearest (xi) = cj

(xi − cj)

After calculating the VLAD vector, we apply two successive normalization steps. The first one corresponds to
a power normalization:

V = sign (V ) ∗ |V |p

The second one is an L2 normalization:

V = V/∥V ∥ 2

3.5. Classification
Classification permits to assign a questioned document to the corresponding writer, by calculating

similarity between its corresponding features to the ones of reference samples. To do this, we first extract the
VLAD vector of the document, then we use the ball tree classifier to find, among the reference documents,
the nearest VLAD vector (i.e. vector with highest similarity) to the one of the questioned document. The
used ball tree [56] algorithm is an improvement of the KNN. It consists in clustering a set of data points in a
multi-dimensional space into a nested set of hyperspheres. The resulting data outcome has a tree-like structure.
Using ball tree allows to hugely reduce the calculation time of the classification phase through accelerating the
nearest neighbor search.

4. DATASETS
In order to evaluate the performance of our approach, we carried out tests on five handwritten doc-

uments datasets as shown in Figure 6. The datasets were chosen to cover a variety of handwriting styles
and document types to ensure comprehensive evaluation. In this section, we provide an overview of the used
datasets.
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4.1. CVL
CVL [57] is a bilingual script database. It comprises the manuscripts of 311 writers. The dataset

includes between 5 and 7 manuscripts per writer (6 in English and 1 in German). For each writer, we use one
document for the test phase, and the rest for the training phase.

Figure 6. Handwriting samples from the used datasets

4.2. IAM
The IAM database [58] comprises handwriting samples of free text in English. In the first version of

the dataset, the 400 participants produced 1066 documents. In our experimental phase, we used the extended
version of the IAM dataset. This version contains 1539 documents belonging to 657 participants.

4.3. CERUG
CERUG [59] is a bilingual dataset. The dataset is created with the help of 105 volunteers. Each

volunteer produces four manuscript documents. On the first document, the writer copied two fixed paragraphs
in Chinese language. The second document is a free Chinese text. On the third document, the participants
copy two paragraphs in English. This third document has been split into two pages, each of which contains one
paragraph. This split operation allowed to have two English documents. The CERUG-CH and CERUG-EN
dataset refer respectively to the documents in Chinese and the ones in English languages of the CERUG dataset.

4.4. Brazilian forensic letter
The Brazilian forensic letter (BFL) [60] is a Portuguese database. It was designed to help the Brazilian

forensic experts and federal police in writer identification and verification. This dataset includes the handwritten
documents belonging to 315 Brazilian participants. Each participant produced 3 pages, making a total of 945
page documents. All pages are scanned in gray level at 300 dpi resolution.

5. EXPERIMENTS & RESULTS
This section evaluates the effectiveness of the proposed MP-LBP texture descriptor. We employ a

two-pronged approach. First, we investigate the impact of varying system parameters on the descriptor’s per-
formance. This analysis helps us understand the sensitivity of the descriptor to different configuration settings.
Second, we compare the performance of MP-LBP against the original LBP descriptor. This comparison pro-
vides a direct assessment of the improvement achieved by our proposed method. Finally, we benchmark the
results of our approach against the state-of-the-art texture descriptors to situate its performance. The tests are
carried out on the five datasets detailed in section 4.

5.1. Effect of patch size on the system performance
Many studies showed that varying the fragment size can significantly influence the identification rate

[24], [41]. Indeed, the fragments are the conciliation between two contradictory constraints: the fragments
size must be big enough to include maximum information about the writer style, but must also be too small to
include only redundant pattern that can help identify uniquely each individual writer. The evaluation results
presented in Figure 7 demonstrate that the score exhibits dependence on the fragment size, but also that the
optimal fragment size depends on the nature and size of the used dataset. In fact, the optimal fragment size is
27 pixels for CERUG-EN, CERUG-CH, CVL, and IAM datasets. Whereas it is 31 pixels for BFL.
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Figure 7. Effect of fragment size on the system performance

5.2. Effect of cluster number on the system performance

The clustering operation consists in grouping similar descriptors into a reduced number of clusters.
This operation is performed before calculating the VLAD vectors of the hand written documents. In our
approach we used the mini-batch K-means method [55]. The set of descriptors introduced to the clustering
process by batches, and the number of batches is fixed to 30 for all the carried out tests. Worth noting that
using a big number of clusters requires large memory space and a long calculation time, especially for big
datasets. Therefore, a sound cluster number can be a compromise between execution time and identification
performance.

In our tests, we used four values of cluster number: k= 64, 128, 256 and 512. The test results are
shown in Figure 8. And we can deduce that the system performance is generally insensitive to the number of
clusters for the four datasets CERUG-CH, CVL, IAM, and BFL datasets. However, for the CERUG-EN dataset,
we observe that the identification rate increases as the cluster number increases: the score went up from 97.1%
with k=64 to 100% with k=512. Finally, we observe that the identification rate increases, in general, as the
cluster number increases. Nevertheless, the fluctuations in identification rate indicate that the optimal cluster
number can only be determined empirically.

Figure 8. Effect of cluster number on the system performance

5.3. Effect of radius parameter

The radius parameter is the unit distance between the central pixel C and the different neighbors.
Figure 9 shows the pattern corresponding to the radius values: R=1, R=2, R=3. We fixed the number of
neighbors to P=8. In our study, we used different values of the radius parameter, namely R=3, 5, 7, 9, 10, 11.
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Figure 9. Example of three values of the radius parameter

5.4. Effect of radius size on the system performance

Figure 10 shows that the optimal value of the radius parameter varies depending on the used dataset.
Notably, this variability highlights the importance of dataset-specific tuning for achieving optimal results. But
in general, the highest scores correspond to a radius parameter comprised between five and nine pixels for the
five datasets.

Figure 10. Effect of radius size on the system performance

5.5. Optimal parameter values for the different datasets

The optimal values for the different parameters that yield the best scores vary depending on the dataset
used. Table 2 summarizes the optimal values of these parameters. This variability underscores the necessity of
tuning parameter settings to each specific dataset for achieving maximum performance.

Table 2. Optimal parameter values patch size, cluster number and radius for the five datasets
Dataset Top 1 IR (%) Patch size Cluster number Radius
IAM 97.72 31 256 9
CVL 100 21 64 5
CERUG-EN 100 27 512 7
CERUG-CH 99.05 21 512 5
BFL 99.68 31 512 11

5.6. Performance comparison between LBP and MP-LBP

When comparing our MP-LBP texture descriptor’s results with those of the LBP, we can affirm that our
descriptor’s performance is the best in the five datasets. In fact, with our descriptor we reached 100% identifi-
cation rate for CERUG-EN and CVL. Moreover, for IAM dataset, our method improves the scores with about 6
points. And a less improvement is observed also in the BFL and CERUG-CH datasets, as depicted in Figure 11.
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Figure 11. Performance comparison between LBP and MP-LBP

5.7. Comparison with the state-of-the-art works

To verify the performance of our technique with respect to other existing methods, we present in
Tables 3 to 7 a performance comparison with several state-of-the-art works. For the IAM dataset, the classifi-
cation rates achieved by different studies are listed in Table 3, where it can be noted that the score achieved by
our approach remains comparable with the best rates obtained on the complete set of 657 writers. The same
remark can be deduced for the two databases BFL and CERUG-CN. Indeed, the two Tables 5 and 4 show
that the two scores achieved, which are respectively 99.68% and 99.05% are very close to the best identifica-
tion rates achieved by the other techniques using the two databases BFL and CERUG-CN. The two remaining
Tables 6 and 7 present the classification rates obtained by other state-of-the-art works, where we can see that
our system achieves the best performance with a 100% identification rate obtained in the two databases CVL
and CERUG-CN.

Table 3. Score comparison with state-of-the-art on the IAM dataset
Method Year Nbr Writers Feature-based Top 1 IR (%)
Bulacu and Schomaker [2] 2007 650 Texture and Codebook 89
Bertolini et al. [26] 2013 650 Texture 96.7
Wu et al. [44] 2014 657 Texture 98.5
He et al. [59] 2015 650 Codebook and Texture 91.1
Khan et al. [61] 2017 650 Codebook 97.2
Singh et al. [34] 2018 657 Texture 97.62
Khan et al. [46] 2019 650 Texture 97.85
Kumar and Sharma [62] 2019 657 Texture 97.5
Chahi et al. [47] 2020 657 Texture 97.85
He and Schomaker [63] 2020 657 Deep-learning 96.3
Lai et al. [64] 2021 657 Deep-learning 99.5
Semma et al. [43] 2021 657 Deep-learning 99.5
Bahram [15] 2021 657 Texture 98.17
Our (MP-LBP) 2023 657 Texture 97.72

Table 4. Score comparison with state-of-the-art on the CERUG-CN dataset
Method Year Nbr Writers Feature-based Top 1 IR (%)
He et al. [59] 2015 105 Texture 90.8
Brink et al. [65] 2015 105 Texture 82.7
He et al. [59] 2015 105 Codebook 90.84
He et al. [59] 2015 105 Codebook and Texture 94.2
Chahi et al. [47] 2020 105 Texture 100
Bahram [15] 2021 105 Texture 100
Our (MP-LBP) 2023 105 Texture 99.05
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Table 5. Score comparison with state-of-the-art on the BFL dataset
Method Year Nbr Writers Feature-based Top 1 IR (%)
Kessentini et al. [48] 2010 315 Texture 93.02
Bertolini et al. [26] 2013 315 Texture 99.2
Kessentini et al. [48] 2018 315 Texture 98.41
Bennour et al. [35] 2019 315 Codebook 98.33
Semma et al. [66] 2022 315 Texture 99.4
Bahram [15] 2022 315 Texture 100
Our (MP-LBP) 2023 315 Texture 99.68

Table 6. Score comparison with state-of-the-art on the CVL dataset
Method Year Nbr Writers Feature-based Top 1 IR (%)
Siddiqi and Vincent [67] 2010 310 Texture 96.13
Khan et al. [61] 2017 310 Codebook 99.6
Kessentini et al. [48] 2018 310 Texture 94.83
Khan et al. [46] 2019 310 Texture 99.03
Bennour et al. [35] 2019 311 Codebook 94.32
Kumar and Sharma [68] 2020 310 Deep-learning 99.35
Lai et al. [64] 2020 310 Deep-learning 99.76
He and Schomaker [63] 2020 310 Deep-learning 99.1
Semma et al. [66] 2022 315 Texture 99.4
Chahi et al. [47] 2020 310 Texture 100
Bahram [15] 2022 310 Texture 100
Our (MP-LBP) 2023 310 Texture 100

Table 7. Score comparison with state-of-the-art on the CERUG-EN dataset
Method Year Nbr Writers Feature-based Top 1 IR (%)
He et al. [59] 2015 105 Code-book et Texture 89.5
He et al. [69] 2017 105 Texture (LBPrun) 97.1
Chahi et al. [47] 2020 105 Texture (LSTP) 98.1
He and Schomaker [63] 2021 105 Deep Learning 100
He and Schomaker [70] 2021 105 Global-Context Residual RNN 99.1
Our (MP-LBP) 2023 105 Texture 100

6. CONCLUSION
Despite the great progress in automated handwriting analysis during the two last decades, this research

area remains an open problem. The handwriting analysis can concern either explicit attributes such as the
characters and words, or implicit ones such as writer’s identity, historical period, and writer’s gender. For
each of these attributes, the research community developed many methods in order to solve the address the
problem. In this paper, we presented a new texture descriptor MP-LBP. The MP-LBP is a generalization of
the LBP texture descriptor. The carried out experiment provide conclusive evidence that our new descriptor
outperforms the traditional LBP descriptor for all the five used datasets. This can be justified by the fact that
information in our descriptor is not derivable from the conventional LBP. Moreover, the performance of our
approach is comparable to one of the state of the art works. For further improvements, and inspired by the LTP
descriptor, we intend to evaluate the introduction of a threshold parameter. We also intend to test other point
numbers in order to verify the descriptive potential based on sorting 4 or 5 points.
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