










Figure 3.16 shows the differences between female and male handwriting in terms of word spac-

ing. It can be noticed that females tend to have smaller spaces between words, while males are

not consistent with the spacing. Males may have medium and large spacing between words or sub-

words in the case of Arabic writing.

Left and right margins are considered one of the most important features to distinguish be-

tween female and male, as female is recognised by a narrow beginning margin and a wide ending

one. However, male writing is the opposite, as they tend to have wide beginning of a line and narrow

ending. This can be shown in Figure 3.17.

(a) Margins in male handwriting (b) Margins in female handwriting

Figure 3.17: Margin difference between female and male handwriting

Figures 3.18 and 3.19 also show the distribution of male and female samples in terms of left

and right margins. Figure 3.18 (b) which is written by female writers, show that only a few samples

have large right margins. While in (a) great amount of samples have a large right margin, in which

those samples are written by male writers.

Figure 3.19 shows the left margin distribution in male and female samples. Figure (a) which

illustrates the left margin of documents written by female writers, a significantly large number of

documents have large left margin, while in (b) where the documents are written by male writers,

most of the documents have narrow left margin.

To measure the left and right margins of the handwritten documents, the documents were first

dilated using equation 1. Then, the left margins (end of the line) Rm were found by finding the
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(a) Right margin in male handwriting

(b) Right margin in female handwriting

Figure 3.18: Right margin feature in female and male handwriting

(a) Left margin in female handwriting

(b) Left margin in male handwriting

Figure 3.19: Left margin feature in female and male handwriting
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hits of the first black pixels from the left. We had experimentally discovered that finding the first

pixels of the only first 200 rows of the image document is sufficient to measure the margin, and this

can be shown in Table 3.4 and Figure 3.20 where the accuracy rate was the highest when we used

200 rows for each of the left and the right margins. Thus, if the first 200 black pixel coordinates are

(x1, y1), (x2, y2), (x3, y3) ...... (x200, y200), where xi is the first hit pixel and yi is the row number

(yi is the ith row, and y7 is the 7th row). Then, the resulting left margin (end of the line) feature will

be ( x1, x2, x3, ....., x200).

For the right margin (beginning of the line) the last black pixel of the line (last hit) is subtracted

from the width of the document Wdoc. Similar to the left margin features, the right margin features

are calculated as follows: for a set of points (x1, y1), (x2, y2), (x3, y3) ...... (x200, y200), where

xi is the last pixel of the line and yi is the line number, then the extracted feature vector will be (

Wdoc − x1, Wdoc − x2, Wdoc − x3, ....., Wdoc − x200), similar to the left Margin, 200 rows were

experimentally calculated to be sufficient to extract the right margin feature vector.

Left Margin Right Margin
Length (pixels) Accuracy (100%) Length (pixels) Accuracy (100%)

50 74.2 50 73.8
100 72.5 100 74.4
150 71.2 150 73.1
200 75.5 200 74.4
300 75.2 300 72.2
400 73.4 400 72.6
500 74.1 500 72.2

Table 3.4: Different accuracies for different margin lengths

(a) Left margin (b) Right margin

Figure 3.20: Comparison of different accuracy rates for different margin lengths
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Handwriting irregularity, there are many aspects of irregularity in handwriting, such as: slant

irregularity, and the irregularity between handwritten lines. We focused on extracting irregularity

between handwritten lines. We proposed measuring lines irregularity by applying the horizontal

and vertical projection profiles after dilating the text in a given document using equation 1. We used

dilation before the extraction of some features such as margins, handwritten irregularity and word

spacing. Figure 3.21 shows that the overlapping between text lines in (a) is easy to be discovered

and recognised in the dilated image in (b).

(a) Original image (b) Dilated image

Figure 3.21: Overlapping between text-lines

The horizontal projection profile f(y, p(y)) and the vertical projection profile f(x, p(x)) of the

document are found for the first n rows of the document, which was experimentally chosen to be

the first 700 rows for each projection. Table 3.5 shows the different experiments conducted to find

the optimal length of the projection profiles. It can be seen that the length of 700 pixels for the

horizontal profile (H) gave the highest accuracy. However, for the vertical projection (V), the one

with 100 pixels has the best performance. To choose the optimal lengths for both projection pro-

files, we tested three different length combinations. The combinations are 700 pixels for the vertical

profile with 700 pixels for the horizontal profile, 100 pixels for a vertical profile with 700 pixels for

a horizontal profile and 400 pixels for the vertical profile with 700 pixels for the horizontal profile.

Figure 3.23 shows the results of each combination. As the highest accuracy was obtained using 700

pixels for each projection profile. Figure 3.22 visualised the results obtained from different vertical

projection profile lengths in (a) and for horizontal projection profile in (b) .
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Vertical projection profile Horizontal projection profile
Length (pixels) Accuracy (100%) Length (pixels) Accuracy (100%)

100 90.7 100 89.1
200 89.6 200 90.1
300 88.6 300 90.2
400 90.6 400 91.4
500 89.0 500 91.5
600 85.8 600 91.6
700 86.6 700 91.7

Table 3.5: Different accuracy rates of different vertical and horizontal projection profiles

(a) (b)

Figure 3.22: Accuracy rates of different projection profiles where (a) vertical projection and (b)
horizontal projection

Figure 3.23: Different combinations of horizontal and vertical projection profiles

The projection profile reflects the nature of the document and the distribution of the text lines.

The algorithms consider the significant peaks and valleys.

Figure 3.25 shows the horizontal projection profile of two different documents. The horizontal

projection profile in Figure 3.25 (a) shows that the lines are irregular and not well separated. In

addition, there are no deep valleys in many parts of the profile, which gives an indication that the
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(a) (b)

Figure 3.24: Vertical projection profile of two different documents

(a) (b)

Figure 3.25: Horizontal projection profile of two different documents

lines are skewed and close to each other. The profile of Figure 3.25 (b) shows that the lines in the

documents are more regular and are nicely separated, since it has deep valleys and peaks.

Figure 3.24 shows the vertical projection profile of two different documents. Figure 3.24 (a)

reflects the nature of regular document, while in (b), it shows irregular documents which have no

uniform peaks and valleys

3.3.2 Age Related Features

A set of features were extracted from Arabic handwritten documents to detect the writer’s age.

A psychologist and a graphologist also recommended the selected features. These features are Ir-

regularity in pen pressure (IPP) with a vector of 200 features, irregularity in slant (IS) with a feature

51



vector of 100 features, irregularity in text line (TLI) with a vector of 700 features, and the percent-

age of white and black pixels (PWB) with 4 features. We examined these features separately and

combined by concatenating them. For example, one of the combinations is IPP (200 features) + IS

(100 features).

To find the optimal length of each age-related feature, we applied the SVM method on 2000

(15% for validation, 15% for testing and 70% for training) handwritten samples of the FSHS dataset,

then the length with the highest accuracy was chosen. A full description of each feature will be ex-

plained in the following section.

Slant irregularity: As mentioned before, Arabic writing is a horizontal cursive script whose

words consist of sub-words or Pieces of Arabic Words (PAWs), each consisting of one or more

letters; this can be shown in Figure 3.13 on page 40, where each colour corresponds to a single

separated CC. Consequently, a connected component (CC) [75] (sub-word) can be used to find the

irregularity in slant.

To find the irregularity in slant, we calculated the CCs of the binary images. Then, we applied

the method of least square [78] to find the slant by locating the best fit line of each CC. Given

a set of n points, the best fit can be found using equations 6 and to find the coefficients a and b,

equations 7 and 8 were applied, respectively, while equation 9 was used to find the skew angle (α).

The number of CCs used to find this feature was empirically set to 100 for FSHS dataset and 200

for Khatt dataset, with size(CC) > 10 pixels.

y = a+ bx (6)

b =
n
∑n

i=1 xiyi −
∑n

i=1 yi
n
∑n

i=1 x
2
i − (

∑n
i=1 xi)

2
(7)

a =

∑n
i=1 yi − b

∑n
i=1 xi

n
(8)
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α = tan−1(b) (9)

SVM method was utilized to conduct several experiments using different groups of CCs to deter-

mine the best one. The experiments were divided into three phases. In the first stage, the CCs

groups were tested to detect the writer’s age on female handwriting. Table 3.6 shows different ac-

curacy rates obtained using CCs groups ranging from 50 to 250. It can be noticed that most of the

results are close, but despite that, the 100 CCs group gave the highest performance of 56.5% in

accuracy. These results are visualized in Figure 3.26.

Slant Irregularity (Female)
Number of CCs Accuracy rate (100%)

50 53.2
100 56.5
150 54.5
200 51.6
250 51.6

Table 3.6: Results of using different number of
CCs on female handwriting

Figure 3.26: Corresponding accuracy rates
using different square numbers

Slant Irregularity (Male)
Number of CCs Accuracy rate (100%)

50 56
100 57.2
150 58.8
200 59.5
250 62.9

Table 3.7: Results of using different number of
CCs on male handwriting

Figure 3.27: Corresponding accuracy rates
using different square numbers

On the other hand, we conducted the same experiments and used the same CCs groups, but on

handwriting for males only. As a result, we obtained the accuracy rates shown in Table 3.7. The

highest performance occurred when we used the set of 250 CCs and got 62.9%. These results are

visualized in Figure 3.27.
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Slant Irregularity (Female & Male)
Number of CCs Accuracy rate (100%)

50 50.2
100 56.3
150 53.5
200 54.2
250 54.3

Table 3.8: Results of using different number of
CCs on female and male handwriting

Figure 3.28: Corresponding accuracy rate of
different number of CCs

(a) (b)

(c) (d)

Figure 3.29: Handwriting samples with their corresponding slant irregularity distribution

For both female and male handwritings, the experiments showed that the best group to detect

writer’s age is 100 CCs. The results of different groups can be seen in Table 3.8, where the highest

performance rate is 56.3% when using the 100 CCs group. These results are visualized in Figure

3.28.

Based on the previous results of slant irregularity experiments, we found that youth adult’s hand-

writings are more irregular than mature adults. For example, Figure 3.29 (a) shows the handwriting

of a 19 years old female and its corresponding slant distribution in (b), where it is so obvious that

the slants are irregular and distributed over different angles. On the other hand, in (c), which is the

handwriting of 44 years old female, the handwriting is more regular, which can be seen in (d).
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Pen pressure irregularity: to find the irregularity in pen pressure, the grey-scale image was

divided into uniform squares of size 100 × 100 pixels. The standard deviation (SD) and mean X ′

were calculated for each square separately, using equations 10 and 11, respectively. The number of

the segmented squares was empirically set to 200.

SD =

√√√√ 1

N − 1
×

n∑
i=1

m∑
j=1

(X(i,j) −X ′)2 (10)

X ′ =

∑n
i=1

∑m
j=1(X(i,j))

N
(11)

where, X ′ is the mean value of the pixel intensities of the square, N is the number of pixels in a

square (n×m), and X(i,j) is the intensity value of each pixel.

Many experiments were conducted using the SVM method to determine the optimal number

of squares to extract the pen pressure irregularity for age detection from handwritten documents.

The experiments were divided into three phases. In the first stage, the different groups of squares

were tested on female handwriting. Table 3.9 shows different accuracy rates obtained using square

groups ranging from 50 to 200, where the 100 uniform Squares group gave the highest performance

by 63.6% of accuracy. These results are visualized in Figure 3.30.

Pen Pressure Irregularity (Female)
Number of squares Accuracy rate (100%)

50 53.4
100 63.6
150 58
200 52.2

Table 3.9: Different number of square results on
female handwriting

Figure 3.30: Corresponding accuracy rates
using different square numbers

Moreover, testing the same square ranges on the handwriting of males only gave the results

shown in Table 3.10, where the 100 square groups gave the highest accuracy of 54.5%. These re-

sults are shown in Figure 3.31.
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Pen Pressure Irregularity (Male)
Number of squares Accuracy rate (100%)

50 52.5
100 54.5
150 52.1
200 53.7

Table 3.10: Different number of square results on
male handwriting

Figure 3.31: Corresponding accuracy rates
using different square numbers

Pen Pressure Irregularity (Female & Male)
Number of squares Accuracy rate (100%)

50 52.5
100 53.7
150 52.3
200 53.8

Table 3.11: Different number of square results on
female and male handwriting

Figure 3.32: Corresponding accuracy rates
using different square numbers

Per contra, the experiments showed that the best square group to extract the pen pressure irreg-

ularity is 200 squares for both female and male handwritings. Table 3.11 shows different accuracy

rates for different square groups. The highest performance rate is 53.8% when using the 100 squares.

These results are shown in Figure 3.32.

Figure 3.33 shows two different handwritings and their corresponding pen pressure distribu-

tions where (a) belongs to a youth-adult writer, with an irregular pen pressure distribution in (b).

In contrast, (c) is a mature adult’s handwriting, and (d) is its corresponding regular pen pressure

distribution.

Percentage of black and white pixels: in a handwritten document, this feature is an indication

of the width of the handwriting. This process starts by cropping the image to a square with a width

of m pixels. The size of the square was empirically chosen to be of size 250 x 250 pixels for the

FSHS dataset, and 100 x 100 pixels for the khatt dataset. The ratio of the black pixels was calculated

as follows: the number of black pixels in the cropped square was first calculated. Then the ratio
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(a) (b)

(c) (d)

Figure 3.33: Handwriting samples with their corresponding pen pressure irregularity distribution

between the number of black pixels and the size of the square was measured.

This feature consists of a vector of four values: the number of black pixels (BP), the number of

white pixels (WP = mxm - BP), the percentage of black pixels (PBP = BP/(mxm)) and white pixels

(PWP = WP/(mxm)) of the cropped square.

We examined different sizes ranging from 50 to 250 to find the best square size. Table 3.34

shows the results of applying the SVM method to the handwriting of female writers. It can be seen,

the best square size is 150, with an accuracy rate of 53.6%. The visualization of these results can be

shown in Figure 3.34.

Table 3.13 shows the results obtained by applying age classification using different square sizes

on male handwriting. The produced accuracy rates show that the best square size is 250, where it

got an accuracy of 54.1%, which also can be seen in figure 3.35.
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Black and white pixels percentage
(Female)

Dimension of the square Accuracy rate (100%)
50 50.4
100 51.9
150 53.6
200 49.3
250 50.7

Table 3.12: Different square dimension results on
female handwriting

Figure 3.34: Corresponding accuracy rates
using different square dimensions

Black and white pixels percentage
(male)

Dimension of the square Accuracy rate (100%)
50 52.5
100 52.5
150 54.
200 53.2
250 54.1

Table 3.13: Different square dimension results on male
handwriting

Figure 3.35: Corresponding accuracy rates
using different square dimensions

Black and white pixels percentage
(Female & Male)

Dimension of the square Accuracy rate (100%)
50 51.3
100 51.5
150 53.2
200 54.5
250 55.7

Table 3.14: Different square dimension results on Fe-
male and male handwriting

Figure 3.36: Corresponding accuracy rates
using different square dimensions

Table 3.14 shows the results of using different square sizes on both female and male handwrit-

ing. The square size of 250 got the highest accuracy rate of 55.7%, which is visualised in Figure

3.36.

The percentage of white and black pixels can give us an indication of writing speed. The writer

with a higher speed usually has lower black pixels than slower writers. Based on the results we
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(a) Youth adult (b) Mature adult

Figure 3.37: Distribution of the number of black pixels in youth and mature handwriting

got using this feature and despite the high similarity of the accuracy rates, we noticed that youth

people have a less expansive white space than adults, which is consistent with the opinion of the

graphologists that youth adults are slower in writing than mature adults.

Figure 3.37 shows the number of black pixels in youth and mature handwriting. It can be no-

ticed that the youth writers relatively have wider writing than mature writers; because of that, they

are considered slow writers.

In addition to the previous features, we have used the irregularity between text lines, which was

used in gender detection experiments, to reveal the writer’s age. It is measured by applying the

horizontal projection profile after dilating the text in a given document. The document’s horizontal

projection profile f (y, p(y)) is found for the first n rows of the document, which was experimentally

chosen to be the first 850 pixels for age detection.

Automatic Feature Extraction Using Pre-trained Deep Neural Networks

Convolution Neural Network (CNN) becomes a potent tool for image classification tasks be-

cause it automatically extracts the features from raw data without the need for traditional machine

learning techniques. This makes the feature extraction process easier and more effective. On the

other hand, CNN does not produce a good performance when the dataset is small, where the size of

the data must be large to get good results [79]. Collecting a large dataset of handwriting is not an

59



(a) Transfer learning (b) Machine learning

Figure 3.38: Traditional machine learning vs transfer learning

easy task, so to solve this problem, the concept of transfer-learning was introduced, which mainly

depends on using a pre-trained network as a starting point to train a new task. This concept helps

in making the process of training using a small number of samples more effective than training

a network from scratch [80]. The purpose of transfer learning is to leverage the knowledge of a

pre-trained model while performing a different task. Figure 3.38 from [81] shows the difference

between the traditional machine learning technique and the transfer learning method. As in the

transfer method, the learning process is faster, more precise, and needs fewer training samples and

learning new task based on a pre-trained task. While on the other hand, in the traditional machine

learning systems, each task is carried out separately, and no knowledge is transferred between tasks

[82].

In our experiment, we used two well-known CNN architectures GoogleNet [83] and ResNet [84]

to automatically extract the features from the handwritten documents. We then used the extracted

features from each network individually and fed them to an SVM classifier to detect gender and age.

Figure 3.42 shows the general structure of the automatic feature extraction.

The pre-processing step in this experiment is mainly the resizing of the images to the appropri-

ate size related to each pre-trained network. For ResNet, we resized the images to (223x223x3), and

for GoogleNet, we resized the images to (227x227x3). We applied the concept of transfer learning

using two CNN architectures, as mentioned earlier as fixed feature extractors from the handwritten

60



Figure 3.39: Residual learning: a building block

images. These CNN architectures have been trained over a million images from ImageNet, and they

can classify images into 1000 categories. Training a network deeper makes the training processes

very difficult. As the gradients become small, the weights become constant, leading to a halt in the

network learning process, which affects the network’s ability to do well. The residual network is

a powerful way to solve the vanishing gradient problem. ResNet has residual blocks (skip connec-

tions) to jump over layers. Figure 3.39 taken from [84] shows the building block of ResNet, which

speeds up learning by using a fewer number of layers to propagate through. The output of the skip

connection is added to the stacked-layer to form F (X) +X . Figure 3.40 shows the general archi-

tecture of ResNet network. On the other hand, GoogleNet is an inception network. Therefore, it

helps to reduce the computation cost by using a 1x1 convolution layer (bottleneck), which is used as

a non linear dimension reduction module [83]. Figure 3.41 shows the building blocks of GoogleNet.

In their first convolutional layer, most convolutional neural networks learn to spot features like

colour and edges. The network learns to detect more complex features as it progresses through the

convolutional layers. The features of later layers are built up by merging the features of earlier ones.

We applied the Stand-Alone Extractor approach, in which pre-trained layers are used to extract im-

age features only once. The retrieved features would then be combined to generate a new dataset

that does not require image processing.

61



Figure 3.40: ResNet architecture

In our proposed work, The architecture of the pre-trained model was employed to extract fea-

tures from our input dataset automatically. Only the Convolutional and Pooling layers were im-

ported, but the ”upper portion” of the model was left out (the fully-Connected layer), which can be

seen in Figure 3.42. Deeper layers of each CNN were used to extract features, which were then sent

to an SVM classifier. We used the output of ”Pool5” layer and the ”inception 4e-1x1” layer from

both ResNet and GoogleNet architectures, respectively.

3.4 Classification

Two classifiers were used to conduct the experiments of this research, one of which is Support

Vector Machines (SVM) and the other one is Neural Network (NN). The following sections briefly

describe the two classifiers.

Support vector machines [71] classify the input samples based on supervised learning meth-

ods. The strength of SVMs is centred on its ability to minimize the classification error and maximize

the margins between separable classes. Only small numbers of the training data that can determine
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Figure 3.41: Building blocks of GoogleNet

Figure 3.42: Structure of transfer learning method

this margin should be taken into account. These training data are called support vectors. SVM uti-

lizes a non linear mapping kernel to map the non linearly separable vectors into a high dimensional

feature space S where it can find the optimal hyper-plane to separate classes.

In our experiments, SVM was trained by a set of training samples labelled as 0 and 1 . As given

a set of labeled training patterns (v1, y1), (v2, y2). . . . . . (vn, yn), where yi ∈ {−1, 1}, vi ∈ V , v is
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p-dimensional training vector and V is the feature vector space, SVMs tend to solve the following

optimization expression:

min
w,b,ξ

1

2
wTw + C

l∑
i=1

ξi

subject to yi(wTϕ(vi) + b) ≥ 1− ξi, ξ ≥ 0

(12)

The function ϕ maps the training vectors vi to a higher dimensional space, and C is a penalty

strength of the error term. ξ are slack variables which help the model to avoid overfitting on the

training data. The idea of constructing support vector machines comes from considering the general

form of the dot-products:

ϕ(u).ϕ(v) = K(u, v) (13)

where K(u, v) is called the kernel function. In our experiments, we used Gaussian kernel

function:

K(vi, vj) = exp(−∥vi − vj∥2

2σ2
) (14)

where vi , vj are the support vectors and testing data point respectively and σ > 0 is the ker-

nel parameter. These parameters were empirically chosen by using the validation set, which helps

to find the optimal hyper-parameters. In this experiment, these parameters were optimally chosen

using a Bayesian optimization search on the validation set.

Artificial Neural Networks (ANNs) [85] or Neural networks (NNs) is inspired by the sophis-

ticated functionality of the human brain, where billions of interconnected neurons process informa-

tion in parallel.

An artificial neural network consists of an input layer, hidden layer and output layer. Figure

3.43 shows the basic architecture of a neural network. As given a set of labeled training patterns

(x1, y1), (x2, y2). . . . . . (xn, yn), where yi ∈ {−1, 1}, xi ∈ V , v is p-dimensional training vector and

V is the feature vector space. The input neurons (x1, x2, . . . . . . xn) are all connected to the hidden
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Figure 3.43: Basic Neural Network architecture

units. Each input neuron is connected to every hidden unit. The edges (connections) between them

have a numerical number called weight (wi), where i is the input vector.

NN networks tend to find the output by using an activation function. First, a sum of inner dot

products of the input and their corresponding weights is calculated. Then it is fed to an activation

function as follows:

θ = f(b+

n∑
i=1

xiwi) (15)

Many activation functions are extensively utilized, including relu, sigmoid, tanh and softmax.

In our experiments, we used the following sigmoid activation function:

f(θ) =
1

1 + e−θ
(16)

The network training is based on finding the loss function, which is calculated with the actual

expected output (y) and the predicted output (ŷ) using equation 17. The network tends to have the

minimum error rate by tuning the weights and the biases. This process is called back propagation,

which moves from the network’s end to the beginning to find the most accurate output. In our exper-

iments, the hyper-parameters were optimally chosen using a conjugate gradient back-propagation

optimization search on the validation set.

Loss(y, ŷ) =
n∑

i=1

(y − ŷ)2 (17)
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Chapter 4

Experiments and Results

This section presents the experiments and the results obtained by the proposed systems. the

experimental setup is described in section 4.0.1. The results are analyzed and discussed in section

4.0.2.

4.0.1 Experimental Setup

Gender Detection System Experimental Setup

The FSHS dataset (Section 3.1) consists of 2424 samples handwritten by 57% female writers

and 43% male writers. 2000 samples, divided equally between female and male handwritten doc-

uments, were chosen to run the experiments and evaluate the proposed method where we followed

the partitions that are mostly used in the handwritten analysis research which are 70% of the docu-

ments were used for training, 15% for testing and 15% for validation.

To compare the performance of our proposed method with other researcher works, we applied

our system to the public Kaggle (ICDAR2013) dataset, consisting of 1900 images written by 475

writers in Arabic and English. We used both languages individually to train and test our system.

Again, 70% of each category was used for training, 15% for testing and 15% for validation.

Figure 4.1 shows some handwritten samples of the ICDAR2013 dataset where Figure 4.1 (a)
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(a) (b)

(c) (d)

Figure 4.1: Handwritten samples from ICDAR2013 dataset

and (c) belong to a male writer, while Figure 4.1 (b) and (d) were written by a female.

Age Detection System Experimental Setup

We used a subset of the FSHS dataset consisting of 2000 samples in our experiments. The images

were divided into two main classes: youth adult class with ages ranging between 16 and 24 years

old, and Mature adult class with ages ranging from 25 to 55 where each class has 1000 samples. Fig-

ure 4.2 (a) shows a document written by an adult youth writer with slant and text lines irregularity,

while Figure 4.2 (b) shows mostly regular writing of a mature adult writer. To run the experiments

and evaluate the proposed method, 70% of the documents were used for training, 15% for testing

and 15% for validation.

To benchmark the performance of the proposed method with other age detection methods, we

applied our system to the public Khatt [40] dataset. That dataset contains Arabic handwritten docu-

ments with ground truth of gender, age, and handedness. It has three age ranges that can be defined
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(a) (b)

Figure 4.2: Samples of handwritten documents from FSHS dataset

(a) (b)

Figure 4.3: Samples of handwritten documents from Khatt dataset

as: ”under 15 years old”, ”16 to 25 years old”, and ”26 to 50 years old”. Each class contains 135

samples. Similar to the available works on the khatt dataset, we adapted two age ranges, ”16-25”

and ”26 and above”. Again, 70% of the dataset was used for training, 15% for testing and 15% for

validation. Figure 4.3 shows some handwritten samples of the Khatt dataset where Figure 4.3 (a)

belongs to a youth adult, while (b) was written by a mature adult.

4.0.2 Evaluation

Any project must include an evaluation of a machine learning method. As a result, specific

performance metrics are required to evaluate any system. Accuracy, recall, and precision are three

popular approaches to assess a handwriting analysis system’s performance, whether using correctly

categorised samples or wrongly classified data [86]. The following formulas can be used to compute
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the values of various performance metrics:

Accuracy is the most common performance metric; it measures the ratio of correct predictions

to the total number of input samples.

Accuracy =
TP + TN

TP + TN + FP + FN
(18)

Recall is the number of correct positives divided by the number of all samples that were clas-

sified correctly. it is used to evaluate the model’s quantity performance. as it indicates that the

algorithm returns the majority of the relevant outcomes.

Recall =
TP

TP + FN
(19)

Precision is the number of correct positive results divided by the number of positive results

predicted by the classifier. It is typically used to calculate the cost of the FP findings because it

indicates the quality of the model. A more precise algorithm will produce more relevant results than

irrelevant ones.

Precision =
TP

TP + FP
(20)

where, TP (True Positive): Determined as a document being classified correctly as relating to a cat-

egory. FN (False Negative): Determined as a document that is not marked as related to a category

but should be. FP (False Positive): Determined as a document that is said to be related to the cate-

gory incorrectly. TN (True Negative): Documents that should not be marked as being in a particular

category and are not.

Gender Detection System Evaluation

Our experiment is a two-class classification problem where the outcomes are either a male writer

or a female writer. We plot the predicted values (results) M against the ground truth (actual) values

N to get the confusion matrix [87] M ×N , which helps to evaluate the performance of supervised
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Actual class
Predicted class

(female)
Predicted class

(male)
Female TP FP
Male FN TP

Table 4.1: Gender detection confusion matrix

learning algorithms. Table 4.1 shows the confusion matrix of the gender detection system, which

can be used to derive several performance metrics such as accuracy, precision, recall and AUC (Area

Under Curve). Our experiments were divided into four categories: individual features, two-features

combinations, three-features combinations, and all-features combination.

Table 4.2 shows the experimental results of the proposed method in terms of precision, recall

and accuracy using SVM and NN, respectively. We evaluated the performance of each feature indi-

vidually to understand the relevance of each one. It can be shown that all the features attain a high

performance when applied to our dataset (FSHS). Moreover, among these features, it appears that

the text line irregularity feature can detect gender of the writer with high precision and recall rates.

Pen pressure has an accuracy of 76% which is higher than word-spacing and margins, although it

can be calculated using a feature vector of only two features for each document, in contrast to the

word-spacing with 32 features and the margins that have 400 features. Despite of the variance in

each feature performance, the combination of all features resulted in a high accuracy of 94.7% using

an SVM classifier with the Gaussian kernel and an accuracy rate equal 97.1% using ANN.

On the other hand, for the two features combinations, it can be noticed that the combination of

the word spacing and the irregularity has the highest performance among the others for both SVM

and NN. While the combination of margins, irregularity and pen pressure has relatively a higher

accuracy rate than the other three features combinations.
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Figure 4.4: Comparison of feature importance between SVM and NN

Figure 4.4 presents the obtained results in terms of accuracy rates. We can notice that there is

stability in the importance of features between the SVM and NN classifiers. The text line irregu-

larity (TLI) feature has the best performance among the separate features. While comparing to the

other two-features combinations, we can see that three of them: (LRM + TLI), (WS + TLI) and

(TLI + PP) have good classification rates. While looking at the three-features combinations, we can

observe that (LRM + WS + PP) has the lowest performance of the four combinations.

The performance of the proposed gender detection system with its four feature categories was

also evaluated using the Receiver Operating Characteristic curve (ROC) [88] and AUC. ROC curve

is a plot that represents the trade-off between True Positive Rate (TPR) and False Positive Rate

(FPR) at various threshold levels. While the AUC measures a model’s entire performance, the

greater the AUC value, the better the model.

The ROC curve and AUC for the four gender-relevant features are shown in Figure 4.5. As (c)

belongs to the text-line irregularity (TLI) feature, the findings are compatible with precision, recall,

and accuracy metrics, with the maximum AUC of 0.94 and 0.92 for both SVM and NN, respectively.

Moreover, Figure 4.6 shows the ROC curve and AUC for the two-features category. Again, the

three combinations, as shown in (b), (d), and (f), had the best performance among the others, with

AUC values ranging from 0.98 to 1 for both SVM and NN methods.
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(a) (b)

(c) (d)

Figure 4.5: ROC comparison between SVM and NN results using individual features on (a) Mar-
gins, (b) Word spacing, (c) Irregularity, and (d) Pen pressure, all applied on FSHS dataset.

Furthermore, among the other three-feature combinations, (LRM + WS + PP) has the lowest

performance, with AUC values of 0.76 and 0.64 for SVM and NN, respectively. Figure 4.7 illus-

trates this conclusion.

The classification rate increases when all the features are integrated. For all feature combina-

tions using SVM method, Figure 4.8 (a) shows the ROC curve and AUC of 0.99, whereas Figure 4.8

(b) shows the optimum hyperparameter point reached on iteration 26 with the lowest classification

error of 0.02. The full feature combination hit an accuracy rate of 94.7% using the SVM method.

Figure 4.9 represents the results of using the full features NN model. Figure 4.9 (a) depicts

the ROC curve and AUC value of 1, whereas Figure 4.9 (b) depicts the training NN characteristics
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in terms of minimum errors in training, validation, and testing, which tends to be stable after the

39th epoch generation, indicating that the network convergence speed is fast and the network per-

formance is good.

(a) (b)

(c) (d)

(e) (f)

Figure 4.6: ROC comparison between SVM and NN results using two features combination on (a)
LRM + WS, (b) LRM + TLI, (c) LRM + PP and (d) WS + TLI, (e) WS + PP, and (f) TLI + PP, all
applied on FSHS dataset.
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(a) (b)

(c) (d)

Figure 4.7: ROC comparison between SVM and NN results using three features combinations on
(a) LRM + WS + TLI, (b) LRM + TLI + PP, (c) LRM + WS + PP, and (d) WS + TLI + PP, all
applied on FSHS dataset.

(a) (b)

Figure 4.8: Performance of the SVM model using the full features combination in terms of (a) ROC
curve, and (b) The minimum classification error.
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(a) (b)

Figure 4.9: Performance of the NN model using the full features combination in terms of (a) ROC
curve, and (b) Loss function.

To compare our proposed method to other existing methods, we used the public dataset IC-

DAR2013 to test our gender detection system. The results of implementing the proposed manual

feature extraction method utilising both SVM and NN methods on the Arabic and English subsets

of the ICDAR2013 dataset are presented in Tables 4.3 and 4.4, respectively.

Individual features and all feature combination were examined on both subsets. With findings

similar to those obtained from the FSHS dataset, the text lines irregularity (TLI) has the highest ac-

curacy using the Arabic subset, with 91.7% and 88.7% using SVM and NN, respectively, followed

by pen pressure with 65.4% and 61.7% using SVM and NN. Word spacing and margins were ranked

third and fourth, respectively.

Using the SVM algorithm on the Arabic subset, the proposed strategy outperformed the avail-

able methods by 96.2% of accuracy rate. Table 4.5 shows how our proposed methods compare to

the current state-of-the-art.
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The results of applying the proposed gender detection method to the English subset of the IC-

DAR2013 dataset are shown in table 4.4. It is worth noting that, once again, the text line irregularity

feature outperforms the others, with accuracy rates of 84.2 and 74.6, respectively, using the SVM

and NN approaches. Word spacing, on the other hand, has the second-highest accuracy rates, with

62.2 and 58.2 using SVM and NN approaches, respectively. Despite this, the pen pressure has the

lowest accuracy among the other accuracy rates, with 57.1 and 53.7 for SVM and NN, respectively.

(a) (b)

(c) (d)

Figure 4.10: ROC comparison between SVM and NN results using individual features models: (a)
TLI, (b) PP, (c) WS, and (d) LRM applied on Arabic subset of ICDAR2013 dataset.

AUC was also used to test the proposed gender detection method using the ICDAR2013 dataset.

The ROC curves and AUC values obtained by applying the proposed models: (a) TLI, (b) PP, (c)

WS, and (d) LRM on the Arabic subset are shown in Figure 4.10. The TLI clearly outperforms the

other features with AUC values of 0.98 and 0.93 using SVM and NN, respectively.
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(a) (b)

(c) (d)

Figure 4.11: ROC comparison between SVM and NN results using individual feature models: (a)
TLI, (b) PP, (c) WS, and (d) LRM applied on English subset of ICDAR2013 dataset.

The AUC values presented in Figure 4.11 were obtained by applying the proposed gender detection

to the English subset of the ICDAR2013 dataset. It can be shown that utilising SVM and NN, the

TLI has the best performance with AUC values of 0.91 and 0.72, respectively.

Furthermore, Figure 4.12 displays the ROC and AUC values of the proposed full features ap-

plied to Figure 4.12 (a) the Arabic subset using both SVM and NN, with AUC values ranging from

0.98 to 0.99, and Figure 4.12 (b) which demonstrates the performance of the full features combi-

nation model with AUC values of 0.93 and 0.86 using SVM and NN, respectively, applied on the

English subset.
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(a) (b)

Figure 4.12: AUC values of all features combination model applied on (a) Arabic subset and (b)
English subset.

Method
Langauge

Classifier
Accuracy
(100%)Training Testing

Siddiqi et al.(2012)
Arabic Arabic

SVM
62.3

English English 77.1

Youssef et al.(2013)
Arabic Arabic

SVM
68.5

English English 68.5

Hassaine et al. (2013)
Arabic Arabic

SVM
68.6

English English 85.7

Akbari et sl.(2017)
Arabic Arabic

SVM
77.7

English English 75.5

Gattal et al. (2018)
Arabic Arabic

SVM
76.17

English English 77.98
Bi et al. (2019) Arabic And English Arabic And English KMI 66.3
Xue et al. (2020) Arabic And English Arabic And English ATP-DenseNet-169 71.8

Rabaev et al. (2021)
Arabic Arabic

Deep Learning
50

English English 67

Fahimeh and Alireza (2021)
Arabic English

SVM
73

English Arabic 70

Maken and Gupta (2021)

English English SVM 61.5
English English Logestic Regresion 63.3
English English KNN 56.5
English English Majority Voting 65.71

proposed all features combination
Arabic Arabic SVM 96.2

NN 92.5

English English SVM 88.7
NN 83

Proposed text line irregularity (TLI) Arabic Arabic SVM 91.7
NN 88.7

Table 4.5: Comparison between the results of our proposed gender detection method with other
research methods applied on ICDAR2013 dataset.
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The proposed model outperforms the state of the art when using Arabic and English datasets.

Table 4.5 compares our proposed gender detection method with the existing state of the art. Two

proposed models outperform the existing works. The first is the text line irregularity (TLI) feature,

with an accuracy rate of 91.7% when using SVM and 88.7% when using NN, both applied on Ara-

bic subset. The second proposed model contains all features that surpass available research using

SVM and NN on the Arabic subset, with accuracy rates of 96.2% and 92.5%, respectively, and an

accuracy rate of 88.75% using SVM on the English subset.

In addition to employing classic image processing techniques to extract the features, we em-

ployed the transfer learning technique to automatically extract the features from the handwritten

documents using multiple CNN architectures.

Table 4.6 shows the accuracy, precision, and recall values achieved from applying transfer learn-

ing to the FSHS dataset using ResNet and GoogleNet architectures. ResNet attained an accuracy

of 84.9%, which is higher than the accuracy reached by GoogleNet, which is 82.2%. Figure 4.13

also shows the ROC and AUC values for the two architectures. For example, the ResNet in (a) has

a greater AUC value of 93.5%, whereas the googleNet in (b) has an AUC value of 84.35%.

CNN Accuracy (100%)
Precision (100%) Recall (100%)
Female Male Female Male

ResNet 84.9 77.7 92.1 90.8 80.5
GoogleNet 82.2 65.6 98.9 98.4 74.1

Table 4.6: Results of applying transfer learning method to the FSHS dataset

CNN Language Accuracy (100%)
Precision (100%) Recall (100%)
Female Male Female Male

ResNet
English 66.06 67.9 64.2 66.1 66
Arabic 72 75.4 68.2 73.1 70.8

GoogleNet
English 63.3 67.9 58.7 62.8 64
Arabic 64 66.7 60.9 66.1 61.5

Table 4.7: Results of applying transfer learning method to the ICDAR2013 dataset
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(a) (b)

Figure 4.13: ROC curves and AUC values of (a) ResNet and (b) GoogleNet applied to the FSHS
dataset

(a) (b)

Figure 4.14: ROC curves and AUC values of (a) ResNet and (b) GoogleNet applied to the IC-
DAR2013 dataset

Moreover, the experimental results of implementing the proposed automatic feature extraction

methods on the ICDAR2013 (Kaggle) dataset are also shown in Table 4.7. When applied to English

and Arabic subsets, the ResNet network had a better accuracy rate of 66.06% and 72%, respectively.

The results of ResNet in terms of accuracy outperform the results obtained by Xue et al. [61] and

Rabaev et al. [62], both of which used deep learning in their methodologies. The two CNN archi-

tectures were also evaluated using ROC and AUC on the ICDAR2013 dataset. The ROC curves of

(a) ResNet and (b) GoogleNet are shown in Figure 4.14. When applied to the Arabic and English

subsets, the ResNet has an AUC of 0.77 and 0.70, respectively. While the GoogleNet has an AUC

values of 0.69 and 0.66 when applied on Arabic and English subsets, respectively.
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What can be inferred from the obtained results is that the traditional methods of extracting

features produce higher classification results than the automatic method using transfer learning.

As the extracted features in the second method are not directly related to the characteristics of the

writer. Moreover, it can be noticed that the transfer learning method gives a higher classification

rate when applied to a larger dataset, where we got a higher accuracy rate when we applied it to our

dataset (FSHS) compared to the ICDAR2013 dataset.

Age Detection System Evaluation

Our study is a two-class classification problem, with the outcomes being either a young adult

writer or a mature adult writer. The accuracy, precision, and recall metrics were used to evaluate the

proposed method which can be calculated using Equations 18, 19 and 20 mentioned in Section 4.0.2.

To produce the confusion matrix M × N , we plot the predicted values (results) M against the

ground truth (actual) values N . Table 4.8 depicts the age detection system’s confusion matrix, which

was utilised to calculate the performance metrics.

Actual class
Predicted class

Youth (adult) Mature (adult)
Youth (adult) TP FP
Mature (adult) FN TN

Table 4.8: Age detection confusion matrix

The experimental results of the proposed age detection approach in terms of precision, recall,

and accuracy utilising SVM and NN methods are shown in Table 4.9 and Table 4.10. Individual

features, three-feature combinations, and all-feature combinations were the three main categories

in which we split our experiments. All the feature combinations results are available in A. The

comparison of different feature combinations between SVM and NN is shown in Figure 4.15. We

can see that the relevance of features is consistent between the SVM and NN classifiers.
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Figure 4.15: Comparison of feature importance between SVM and NN

We firstly evaluated the performance of each feature individually to understand the relevance of

each one. Using the SVM and NN methods, we can find that the TLI has a greater accuracy rate than

the other features, with 66.2% and 58.5%, respectively. Additionally, The TLI model performs well

in the mature adult writer category because only 25.3% of the mature writers handwritten samples

were incorrectly categorised as youth adult writers, as opposed to 42.7% of youth writers samples

were incorrectly classified as mature adult writers. After the TLI, the SI feature ranked second with

an accuracy rate of 56.3% using SVM and 56.8% using NN. Furthermore, 45% of youth samples

were miss classified as mature adults using SI model, and 42% of the mature samples were incor-

rectly classified as youth-adults. PWB and PPI features are ranked third and fourth, respectively.

80% of the mature adult samples were classified correctly using PWB model while it was 51.3% of

the samples using PPI. These findings indicate that the TLI is a useful feature in handwritten analy-

sis applications, as it performs well in gender and age detection. In addition, PWB has the highest

performance when applied to the mature adult category which makes it a powerful feature for old

age groups application. Last but not least, the majority of samples that are correctly categorised fall

mostly into the mature adult group, showing that older writers have more consistent and reliable

writing styles than youth adult writers.

The best results from combining the individual features are presented in Tables 4.10. In the three

feature combination studies, the SI + PPI + TLI combination yielded the highest accuracy rates of

70.7% and 62.3% using SVM and NN, respectively. 24.5% of the samples from youth writers and

24.8% from mature writers were miss classified by this approach. The PPI + TLI + PWB model
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came in second with 69.7% and 60% accuracy rates using SVM and NN, respectively. In addition,

72% of the youth writers’ samples and 67% of the mature writers’ samples were correctly classified

using this combination. Using SVM and NN, SI + TLI + PWB was ranked at the end of the three

feature combinations with accuracy rates of 67.3% and 59.2%, respectively. On the other hand,

29.8% of youth writers’ samples and 35.6% of mature writers’ samples were miss classified.

Combining all features improves the proposed system’s performance, as shown in Table 4.10,

where the accuracy rates of all features models utilising SVM and NN are 71% and 63.3%, respec-

tively, which puts it ahead of all other feature combinations. 23.3% and 34.7% were the percentage

of miss classified samples in both categories youth and mature writers samples, respectively.

According to our manual error analysis of all the models, the majority of the miss-classified

samples for all of the proposed traditional feature extraction’s age classification models applied to

the FSHS dataset occur in the age range of 21 to 28 years old, which is considered the transitional

period between the two main proposed classes ( youth-adult and mature adult). The remaining

miss classified samples were distributed among the other age groups as a result of the significant

similarity in the handwriting extracted features from different writers. Despite having an error rate

that ranges from 29% to 46.3%, The proposed models can categorise the handwritten samples in

these categories with an accuracy of between 55% and 62%. Gathering more data samples for the

instances when mistakes occurred is one of the suggested future improvement for the proposed sys-

tem.

The proposed age detection system’s performance with its four feature categories was further as-

sessed using the Receiver Operating Characteristic curve (ROC) and the Area Under Curve (AUC).

Figure 4.16 presents the ROC curves and AUC values of the individual age-relevant feature models.

The AUC values are consistent with the accuracy rate results, as the TLI in (c) has a higher AUC

value than the other features, which is 0.68 and 0.61 using SVM and NN, respectively. The SI fea-

ture in (a) is next, with AUC values of 0.56 and 0.59 using SVM and NN techniques. On the other

hand, PPI in (b) and PWB in (d) have similar AUC values, putting them in the last rank.
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(a) (b)

(c) (d)

Figure 4.16: ROC curves and AUC values using individual feature models: (a) SI, (b) PPI, (c) TLI,
and (d) PWB, all applied to FSHS dataset

Moreover, SI + PPI + TLI, as shown in Figure 4.17, has the best AUC values, which correlates

to the findings of the three feature combinations provided in Table 4.9, as the AUC values for the

SVM and NN methods are 0.77 and 0.67, respectively. Additionally, With AUC values of 0.72 and

0.64 using SVM and NN, the PPI + TLI + PWB. On the other hand, SI + TLI + PWB model has an

AUC values of 0.74 and 0.62 using SVM and NN, respectively.

Figure 4.18 (a) depicts the ROC-AUC of all features combination model with an AUC of 0.78

using the SVM classifier, whereas Figure 4.18 (b) depicts the minimum classification error of 0.26

on iteration 30. Figure 4.19 also illustrates the ROC curve and loss function for the all-features

combination using the NN method. As seen, the best validation point occurred at epoch 46.
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(a) (b)

(c)

Figure 4.17: ROC curves and AUC values using three features combination models: (a) SI + PPI +
TLI, (b) PPI + TLI + PWB, and (c) SI + TLI + PWB , all applied to FSHS dataset

(a) (b)

Figure 4.18: Performance of the SVM model using all features combination applied to FSHS dataset
in terms of (a) ROC curve, and (b) The minimum classification error
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(a) (b)

Figure 4.19: Performance of the NN model using all features combination applied to FSHS dataset
in terms of (a) ROC curve, and (b) Loss function

We used the public Khatt dataset to compare the outcomes of our experiments with the state-of-

art. The accuracy rates of using the proposed approach on the Khatt dataset are shown in Table 4.11.

The results demonstrate that text lines irregularity (TLI) has the highest accuracy among the other

individual features, with accuracy rates of 63.8% and 60.9% using SVM and NN, respectively. SI

came in second, with accuracy rates of 62.3% and 59.7% using SVM and NN, respectively, while

the combination of all features outperformed the state-of-the-art methods with an accuracy rate of

65.2% using SVM method and 67% using NN method.

The AUC-ROC curve of the individual features applied to the Khatt dataset is shown in Figure

4.20. The TLI feature has the highest AUC, with values of 0.67 and 0.62 for SVM and NN, respec-

tively. Using the SVM method, the PPI feature has the lowest AUC value of 0.54.

Figure 4.21 displays the SVM and NN methods’ ROC curves and AUC values for the combi-

nation of all features. The SVM model’s ROC curves with an AUC value of 0.71 are shown in (a).

The ROC curve for the NN model with an AUC of 0.63 is shown in (b).
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(a) (b)

(c) (d)

Figure 4.20: ROC curves of SVM and NN results using individual features models: (a) SI, (b) PPI,
(c) TLI, and (d) PWB applied on Khatt dataset.

(a) (b)

Figure 4.21: ROC curves of SVM and NN results using all features models: (a) SVM and (b) NN,
applied to Khatt dataset.
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Method Extracted Features Classifier
Accuracy
(100%)

Bouadjerek et al.
1. Histogram of oriented gradient

SVM 60.3
2. Gradient local binary Patterns

Basavaraja et al. Disconnectedness K-means 64.44

Proposed Method

1. Slant irregularity (SI) SVM 65.22. Pen pressure irregularity (PI)
3. Text-lines irregularity (ITL) NN 674. Percentage of black and white pixels (PWB)

Table 4.12: Comparison between the proposed age detection method and the available works

Table 4.12 shows a comparison between the proposed method with other available methods.

Accuracy, extracted features and the used classifier are presented in the table for better comparison.

Similar to the available works on the khatt dataset, we adapted two age ranges, ”16-25” and ”26 and

above”. The proposed method outperformed the state-of-the-art with an accuracy rate of 65.2 using

a supervised classification method SVM and 67% using NN method similarly to work in [21]. On

the other hand, the unsupervised classification method used in [70] has achieved an accuracy rate of

64.44%.

In addition to performing the proposed method on the FSHS dataset and the Khatt dataset, we

examined the ability of the proposed features to classify the age groups of handwritings written

by only female writers and male writers. So the FSHS dataset was divided into two main subsets:

female and male. Then the two age ranges were determined for each sub-set individually. To il-

lustrate, the number of youth adult handwritten samples in the female subgroup were 465, and the

number of mature adult handwritten samples were 435. At the same time, there were 435 samples

of youth adult male writers and 465 for mature adult male writers.

Table 4.13 shows the results obtained by applying the proposed system on female and male

subsets separately. The full feature combinations results are available in B. It can be noticed that the

PPI can classify the age of the female writers better than male writers, where it gave an accuracy rate

of only 54.5% for male writers compared to 63.6% accuracy rate for female writers. In addition,

PPI performs well in classifying samples in the female youth category. In this case, 39.7% of the
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test samples were correctly classified as youth female writers, and 23.9% of the test sample were

correctly classified as mature writers. This is in contrast to SI, which better classifies mature female

writers than youth female writers, as 94% of the correctly classified samples belonged to mature

female writers. This also applies to mature male writers, as the SI classified 57.8% of correctly

classified samples as mature male writers and 42.2% as youth male writers. It implies that mature

writers write more consistently.

In both the subsets of male and female, TLI has the greatest accuracy rate among the other indi-

vidual feature models. In male handwriting, it produced a classification accuracy of 64.7%, while in

female handwriting, it generated an accuracy rate of 66.7%. When the full features were combined,

it is clear that it produced the highest accuracy on both female and male subsets, with accuracy rates

of 71.9% and 68%, respectively.

The majority of samples that were wrongly classified using individual or combined feature

models belonged to the 21-28 age group in both female and male subsets, which is regarded as

the border region between the two major classes. Increasing the sample size for each age group to

include additional handwriting styles and retraining the models using a new, larger dataset are our

recommendations for resolving this issue.
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(a) (b)

(c) (d)

Figure 4.22: ROC curves and AUC results using individual features models: (a) TLI, (b) PPI, (c)
SI, and (d) PWB applied on female and male subsets of the FSHS dataset.

The proposed age detection system’s performance applied to both female and male subsets of

the FSHS dataset was further assessed using the Receiver Operating Characteristic curve (ROC) and

the Area Under Curve (AUC).

The ROC curves and AUC results of applying the SVM method to the individual features of

female and male subsets of the FSHS dataset are shown in Figure 4.22. For example, the TLI fea-

ture is shown in Figure 4.22 (a) for both male and male subsets, with AUC values of 0.74 and 0.73,

respectively, the highest among the other features. In contrast, the PWB feature in Figure 4.22 (d)

has the lowest AUC values of 0.51 for both male and female subsets. For the individual features,

these results are consistent with those provided in Table B.1.
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(a) (b)

Figure 4.23: ROC curves and AUC values of the proposed age detection system of ALL features
combinations models: (a) Male and (b) Female, applied on female and male subset of the FSHS
dataset

The ROC curves and AUC values for the all features combination are shown in Figure 4.23.

Figure 4.23 (a) shows the ROC curve for the male subset, which has an AUC of 0.72, while Figure

4.23 (b) shows the ROC curve for the female group, which has an AUC of 0.74.

In addition to using traditional image processing techniques to extract the features, we used the

transfer learning technique to automatically extract the features from the handwritten documents

using two CNN architectures: ResNet and GoogleNet.

Table 4.14 displays the outcomes of applying transfer learning to the FSHS dataset using ResNet

and GoogleNet architectures, in terms of accuracy, precision, and recall. ResNet achieved an accu-

racy of 69.7%, which is higher than GoogleNet’s accuracy of 61.1%. Moreover, Figure 4.24 also

shows the ROC and AUC values for the two architectures. For example, the ResNet in (a) has a

greater AUC value of 0.75 , whereas the GoogleNet in (b) has an AUC value of 0.65.

The transfer learning technique was also applied to two separate subsets of the FSHS dataset:

female and male subsets. The results of utilising ResNet and GoogleNet for female and male subsets

are shown in Table 4.15. When applied to the male subset, the ResNet had a better accuracy rate
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CNN
Accuracy
(100%)

Precision (100%) Recall (100%)
Youth

(Adult)
Mature
(Adult)

Youth
(Adult)

Mature
(Adult)

ResNet 69.7 64.8 74.8 72.9 67
GoogleNet 61.1 63.2 58.9 61.6 60.5

Table 4.14: Results of applying the proposed automatic feature extraction method to the FSHS
dataset

(a) (b)

Figure 4.24: ROC curves and AUC values of applying transfer learning to FSHS dataset using (a)
ResNet and (b) GoogleNet

Precision (100%) Recall (100%)
CNN Subsets

Accuracy
(100%)

Youth
(Adult)

Mature
(Adult)

Youth
(Adult)

Mature
(Adult)

Female 60.4 58 62.7 61 59.7
ResNet

Male 61.6 55.6 67.6 63.2 60.3
Female 56.5 51 62 57.5 55.7

GoogleNet
Male 59.7 39.8 79.6 66.2 57

Table 4.15: Results of applying the transfer learning technique to the female and male subsets of
FSHS dataset

of 61.6%, compared to 60.4% when applied to the female subset. GoogleNet, on the other hand,

appears to be better when applied to the male subset, with an accuracy rate of 59.7%, but only 56.5%

when applied to the female subset.

Figure 4.25 shows the ROC curves and AUC values of applying the transfer learning technique

to the female and male subsets. The AUC values of 0.63 and 0.71 obtained by applying the ResNet
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(a) (b)

Figure 4.25: ROC curves and AUC values of applying Transfer learning using (a) ResNet and (b)
GoogleNet to female and male subsets of the FSHS dtataset

to female and male subsets are shown in Figure 4.25 (a). Figure 4.25 (b) depicts the ROC and AUC

values obtained from applying GoogleNet on the female subset, with an AUC of 0.59 and an AUC

of 0.63 when applied to the male subset.

The experimental findings show that traditional methods of extracting features yield a better

classification results than the automatic method based on transfer learning because the second

method’s extracted features are not directly related to the writer’s characteristics.

98



Chapter 5

Conclusion and Future Works

The goal of this study is to develop and implement automatic gender and age detection systems

derived from handwritten documents that can overcome all of all the challenges associated with

manual handwritten analysis, which mostly relies on the graphologist’s skills.

This research shows that the automatic detection of gender and age from handwritten documents

using the computer without human intervention is a viable possibility. Gender detection from hand-

written images is a widely discussed topic in a variety of fields, including psychology, document

analysis, paleography, graphology, and forensics. At the same time, age detection systems are cru-

cial in the forensic and health care fields.

The success of handwritten classification systems is determined by the discriminality power of

the extracted features from handwritten documents, which is a difficult task due to the high degree

of similarity between people’s handwriting. Extracting the most distinctive features from raw data

and representing them in a smaller set of feature vectors is a crucial step. Image processing and

transfer learning were utilised in this research to extract features. A set of highly discriminative

gender and age-relevant features recommended by a graphologist and a psychologist, such as pen

pressure (PP), word spacing (WS), text line irregularity (TLI), and margins (LRM) for gender de-

tection, were extracted using the image processing technique. For age detection, we also took into
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account the writing speed and four distinguishing features: slant irregularity (SI), text line irregu-

larity (TLI), pen pressure irregularity (PPI), and proportion of black and white pixels (PWB). We

have also developed some effective algorithms for extracting all these features. Chapter 3 contains

the details of the extracted features.

We divided our experiments into four categories: individual features models, two features mod-

els, three features models and full features models. For both age and gender detection systems, the

TLI performed best among the other individual features. In the gender detection system, (WS +

TLI) produced the highest accuracy rate of the two feature combinations.

In addition, of the three feature combinations, the combination (LRM + WS + PP) produced

the lowest performance. In the age detection system, (SI + PPI + TLI) has the best performance.

Finally, among the other feature combinations, the full features combination for both systems has

the highest accuracy rate.

We built an Arabic dataset named FSHS to analyse and test the proposed systems (Section

3.1). In addition, we compared our work to other available works using public datasets such as IC-

DAR2013 and Khatt dataset (Section 4.0.1). When applied to the Arabic subset of the ICDAR2013

dataset, the proposed gender detection system outperforms the state-of-the-art with accuracy rates

of 96.2% and 92.5%, using SVM and NN methods, respectively. On the English subset, we attained

an accuracy rate of 88.7% using the SVM approach. Furthermore, when applied to the Khatt data

set, the proposed age detection system outperforms the state-of-the-art with accuracy of 65.2% and

67%, respectively, using SVM and NN.

Furthermore, female and male subsets of the FSHS dataset were used to test the age detection

method. The findings revealed that different features have varying effects on different subsets. To

give an example, the female subset responds better to PPI model than the male subset. whereas the

male subset has better performance using SI compared to the female subset. In addition, integrating

all features gave the best performance for both subsets wit accuracy rates of 71.9% and 68% using
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SVM and NN methods, respectively.

Moreover, the transfer learning approach was employed to automatically extract features utilis-

ing the knowledge of GoogleNet and ResNet, since the two CNN architectures were used as fixed

feature extractors. In the gender detection system, applying the automatic feature extraction method

to the FSHS dataset produces accuracy rates of 84.9% and 82.2% using ResNet and GoogleNet, re-

spectively. While the age detection system using the automatic feature extraction method achieved

accuracy rates of 69.7% and 61.1% using ResNet and GoogleNet, respectively. We observed that

the manual features produced a better classification rate than the automatically extracted features,

which is because the manual features are more related to the writer characteristics, whereas the

automatic features are more general, such as edges and curves. The experimental results, detailed

performance evaluations and analysis are presented in Chapter 4.

Although our framework’s findings outperform those of other recently proposed methods in the

literature, numerous promising research directions could be explored to improve the proposed work:

• Generalizing the proposed systems so that they could detect age and gender from a variety of

languages.

• Exploring further age and gender-related features.

• Investigating more aspects of the writer’s characteristics indicated by the handwriting.

• Working on signatures and sketches to reveal the writers’ characters.

• Gathering a larger dataset with various labelling that can be used in various research fields,

such as stress detection from handwritten documents.

• Expanding the age detection systems to include more age groups.

• Applying the deep learning method to discover the writers’ age and gender from the hand-

written documents.
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(a) (b)

(c) (d)

(e) (f)

Figure A.1: ROC curves and AUC values using two feature combination models: (a) PPI + PWB,
(b) PPI + TLI, (c) SI + PPI, (d) SI + PWB, (e) SI + TLI, and (f) TLI + PWB, all applied to FSHS
dataset
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(a) (b)

(c) (d)

(e) (f)

Figure B.1: ROC curves and AUC values of the proposed age detection system of two feature
combination models: (a) TLI + PWB, (b) PPI + TLI, (c) SI + TLI (d) SI + PPI, (e) SI + PWB, and
(f) PPI + PWB, applied on female and male subset of the FSHS dataset
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(a) (b)

(c) (d)

Figure B.2: ROC curves and AUC values of the proposed age detection system of three feature
combination models: (a) SI + TLI + PWB, (b) PPI + TLI + PWB, (c) SI + PPI + TLI, and (d) SI +
PPI + PWB, applied on female and male subset of the FSHS dataset
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