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1. INTRODUCTION

Every human being has a unique personality. The study of personality traits based on handwriting is
called as handwriting analysis or graphology. A graphologist uses handwriting as a guidance of a person's
personality traits which are representations of neurological patterns in the brain. Handwriting analysis can be
done by extracting some specific features from various handwriting samples. The extracted features are
analyzed using handwriting analysis rules. Automated handwriting analysis helps graphologists to understand
and identify a person's personality automatically. Handwriting analysis applications have wide scopes include
recruitment, medical diagnosis, forensic, psychology, and human-computer interaction.

The development of automated handwriting analysis has become an active research area at this time.
Today, the role of the graphologist can be replaced by an automated handwriting analysis that can work with
a very fast, accurate, inexpensive, and easy-to-use method for identifying and predicting human personality.
The problem of handwriting analysis based on the pattern recognition approach can be solved by the
following three general aspects: 1) data collection and pre-processing technique, 2) data representation
(feature extraction or feature selection), and 3) decision making (classification). Several approaches of
pattern recognition have been used in handwriting analysis like template matching, syntactic pattern
recognition, statistical pattern recognition, and artificial neural networks [1].
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One of the earliest studies defined for automated handwriting analysis is called computer-aided
graphology which applies the principles of pattern recognition included data acquisition, pre-processing
technique, feature extraction of handwriting, and feature analysis [2]. After that, automated handwriting
analysis was developed rapidly and it became an area of research in determining human personality through
handwriting. Several handwritings analysis studies that refer to pattern recognition methods are explained
below.

Template matching, the simplest classification technique with the concept of similarity: the same
patterns can be grouped into the same class. Some letters like “t” and “i” are analyzed and detect personality
traits [3-8]. A template matching algorithm is used to measure the correlation between the height of the t-bar
on the stem of the letter ‘t” and the title over 'i' letters to determine a person's personality traits. To maximize
the correlation of measurement, the availability of a dataset containing the templates is essential. The larger
dataset is used, made the greater computation process in training the dataset. Faster processors and GPU
technology made this method more easily.

In a statistical approach, each pattern is represented in terms of d features or measurements and is
viewed as a point in a d-dimensional space [1]. Nonlinear discriminant analysis is used to analyze the main
features: time, pressure, acceleration, velocity, energy, and complexity [9]. Meanwhile, logistic regression is
used to determine Alzheimer’s disease from healthy individuals through handwriting analysis with measure
on-surface time, in-air time, and total time features [10, 11]. Naive Bayes is used to determining Parkinson’s
disease through handwriting analysis with measure displacement, pressure, average speed, maximal
acceleration [12, 13]. Other statistical approaches such as the KNN classification method are used to measure
the personality traits with the similarity matrix method revealed by extracting handwritten analysis features
such as baseline, slant, margin, and height of t-bar [3, 14].

Artificial neural networks can be described as a non-linear classification algorithm that models
complex relationships between input and output to find patterns in data. This algorithm maps the input data in
the input layer to the target in the output layer via neurons in the hidden layer. Personality classification
based on the features of handwriting analysis through unique letters using neural networks has been carried
out by Multilayer Perceptron with backpropagation algorithm [15], and neural network architecture to
determining personality traits from handwriting features such as baseline, pen pressure, slant, strokes, letter
‘t> and ‘f° [4, 5]. In several works, convolutional neural networks are used to analyze the handwriting
analysis feature through baseline, spacing, slant, pressure, size, and margin [16-18]. The advantages of the
neural networks are suits for nonlinear solutions, flexible procedures for finding good, and unified
approaches for feature extraction and classification. This paper aims to study several approaches in
handwriting analysis based on pattern recognition and each stage of the pattern recognition systems. The
block diagram of handwriting analysis based on the pattern recognition approach is shown in Figure 1.

This study is organized as follows: Section 2 contains data collection and pre-processing stages.
Section 3 explains the feature extraction of handwriting analysis. Section 4 presents the classification stages
of several automated handwriting analysis studies and a summary of their research. Section 5 describes
promising research directions, and section 6 contains the conclusion and future work.
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Figure 1. Block diagram of handwriting analysis based on pattern recognition approach
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2. DATA COLLECTION AND PRE-PROCESSING

Many researchers have worked to make the dataset. Several factors must be considered as follows:
defining a group of the respondent that might be included the ratio of male-female [19], group of
age [6, 7, 19], specification of paper size [15, 20], type of pen (ballpoint or ink pen) and ink colors [20]. After
the data is taken, then the data acquisition process is carried out in digital form using a scanner. Keep in
mind, the quality of the scanner used affects the quality of the digital data [19, 21]. The handwriting samples
are scanned and converted to JPEG format images and become a dataset of handwriting. Mostly, the dataset
used by many researchers is private and unpublished. Even though, some researchers have done their studies
with open access datasets and freely available such as IAM handwriting dataset English text [22-26].

The raw dataset produced by the scanning process must be improved to get a better quality image.
The most common pre-processing techniques that can be used in image processing include thresholding,
noise removal, and segmentation [27]. The thresholding process or what is often referred to as image
binarization is the process of converting a grayscale image into a black and white image. This technique
separates the foreground layer from an image that contains information (handwritten text) from the
background layer that contains noise (salt and pepper noise). In other words, noise removal removes the
unwanted object (interfering strokes) from the handwritten text. Segmentation in handwritten images is
divided into three types: line segmentation, word segmentation, and character (letter) segmentation. The
process of separating the image of a handwritten text line: word segmentation, the process of separating
words from the text line image; and character segmentation, the process of separating characters (letters)
from the word text image.

3. FEATURE EXTRACTION ON HANDWRITING ANALYSIS

Feature extraction is a process of dimensionality reduction (extraction data) from high dimensional
input data [28]. The output data is used for analyzing human personality. Neuroscientists confirm that
handwriting comes from existing minds and ideas in the human brain, so that handwriting can be made as a
measure of mood, physical condition, health emotional, and mental the author. Other characteristic traits are
linked to important behavioral personality traits such as concentration, emotional steadiness, motivation,
intelligence, adaptability, honestly, fear, energy, and defense. Table 1 shows handwriting analysis features
and associated personality characteristics.

The most common features in handwriting analysis are baseline, size, pressure, stroke, slant,
spacing, speed, margin, and letters. Most of the researchers use baseline, slant, and pressure as features to
predict human behavior [4, 5, 8, 18]. It is not surprising because the three features mentioned above describes
the emotional stability of the writer. The size of handwriting is among the most essential factors and it
reflects how an individual feels about the adaptability of a person, concentration, and nature. The size of
handwriting can help to discover an individual’s social aptitude [6, 18, 29-32]. The margin of handwriting
could be useful in handwriting analysis and the researchers use it to indicate personality characteristics like
adjustment, intelligence, past and future, truthfulness, and fastness [3, 18, 33-35]. In research [29, 31], the
authors use the spacing of handwriting that contained three spacing types: spacing between lines, the spacing
between words, and spacing between letters. The spacing between lines on the page refers to the clarity and
the orderliness of the writer’s philosophy and reasoning. The spacing between words describes the emotional
comfort of the writer with their social environment. Whereas the spacing between letters reflects how the
writer relates to people on a personal level. In research [4, 5, 8], the authors use the connecting stokes of
handwriting to find out the information of a person’s ability adaptation to changing environments. On the
other hand, the speed of handwriting has been considered as one of the feature amongst baseline and lower
letter case to determine personality traits [15, 29].

Table 1. Handwriting analysis features and associated personality characteristics

Feature Type Personality Characteristics
Baseline [3-5, 20, 22, Normal Straight lines Mind disciplines emotions; emotional stability
24,29, 30, 33] Ascending Continuous check on own impulse to become overly optimistic
Descending Fighting against depressive moods
Size [6, 18, 29-32] Normal or average size balance of mind, realistic, practical
Larger than average size Acts with boldness, enthusiasm, optimism, boastful and restless
Smaller than average size Not very communicative except with close friends
Pressure [5, 8, 18, 24, Heavy pressure Strong-willed, firm, can get easily excited; stubborn, inclined to depression
29,31, 36 Medium pressure Healthy vitality and willpower
Light pressure Sensitive, impressionable
Connecting Strokes Non-connected Monotonous
[4,5,8] Medium connected Like to change environments
Connected Easily adaptable to change
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Table 1. Handwriting analysis features and associated personality characteristics (continue)

Feature Type Personality Characteristics
Slant [3-8, 16, 18, 30- Vertical Head over heart emotional attitude, cautious and consider responses
32, 36] Inclined Emotions influence decisions. Ability to express emotional self
Reclined Independent, completely self-interested
Letter spacing [29, Normal spacing Balanced and flexible relationship
31] Narrow Introvert, narrow-minded, judgemental
Wide Cautious with own feelings
Word spacing [29, 31] Normal spacing Socially mature, intelligent, ability to deal flexibilily and objectively
Narrow Craving constant contact and closeness with others; selfishness in demands
Wide Preferably maintaining distance from social contact, need for privacy
Line spacing [29, 31] Normal spacing Harmony and flexibility
Narrow forceful, lively, and often creative; suffer from a lack of clarity of purpose
Wide Isolated, fear contact and closeness
Letter ‘i’ [6, 15, 21] Title is a dot Detail-oriented, organized, and emphatic
Title is circle Visionary and child-like
Title is slash Overly self-critical
Margin [3, 18, 33-35] Balanced Awareness of social boundaries, poise, order, control, aesthetic sense

Letter ‘t’ [3-5, 7, 8,
15]

Letter ‘f° [4, 5, 8]

Speed [15, 29]

Wide left margin
Wide right margin
Wide margin all over
Left margin widening
Left margin narrowing
Narrow on both sides
Uneven left margin
Uneven right margin
No margins anywhere
Wide upper margin
Narrow upper margin
Wide lower margin
Narrow lower margin
Short length
Average length
Long length

Lighter than stem pressure
Heavier than stem pressure

Big upper loop
Big lower loop
No loop
Slow writing
Fast writing

Avoidance of the past, sense of culture, vitality, communicative
Fear of the future, over sensitivity, self-consciousness, reserve
Withdrawn and aloof, sensitive in color and form in surroundings, artistic
Eager to move away from the past into the world, optimistic, impatient
Depression or inner fatigue caused by overwork or haste
Acquisitiveness or stinginess, lack of consideration and reserve
Rebellion and defiance against the rules of society
Impulsive moods act, and reactions unreliable
The writer eliminates all barriers between himself and other
Modesty and formality
Informality, the directness of approach, lack of respect, indifference
Idealism, aloofness, losing interest in one’s environment, reserve
Desire to communicate, materialism, sentimental, sometimes depressed
Lack of willpower, drive, confidence
Healthy, balanced: calm, self-controlled
Energetic, bold; unstoppable ambition
Extremely sensitive; resignation or timidity
Capable of being selfish in pursuing goals
Many theories: less concluding actions
Practical
Austerity
A tendency toward calculation; self-conscious, possibility of dishonestly
Natural and Spontaneous

CLASSIFICATION IN HANDWRITING ANALYSIS
Many classifiers have been used to reveal the character of human beings: artificial neural networks

(ANN), support vector machine (SVM), rule-based system, naive Bayes, and K-NN. Several researchers
combine several methods to reach maximum accuracy. In this section, we discuss several studies using
classifiers to determine human personality. K-NN classifier has been applied to identify the class which is
most appropriate for the handwriting sample, based on the similarity matrix [3]. The similarity matrix method
has been utilized to calculate the similarity of the training dataset with the feature vector matrix. Three years
later, the authors had been comparing random forest, naive Bayes, and SVM classifiers to fine maximum
accuracy in classification [7]. By applying the synthetic minority oversampling technique (SMOTE)
algorithm, SVM achieved superior accuracy with 97%, random forest with 94%, and naive Bayes with
90%.

SVM classifier has been revealed the character of the individual writer. In research [29], the
hyper-parameters and the kernel function of SVM have been influenced to find the maximum accuracy and
Radial Basis Function (RBF) kernel function archived better accuracy around 90% than linear and
polynomial kernel function. In research [35], SVM has been applied to analyze psychological behavior with
margin as a basic feature and the result showed an average accuracy of 82.73%. A different approach by [33],
it has been Farsi’s handwriting to analyze human behavior through handwriting with SVM classifier has been
considered different features as an input to analyze personality traits from handwriting and the system
showed promising results. Another research has been proved that the SVM classifier can perform better to
reach maximum accuracy and SVM showed superior accuracy with 98% and ANN with 70% [20]. Two
years later, the author’s had been studying to analyze handwriting using cursive O letter (FCC and zoning
features) with trained by SVM classifier and gave accuracy with 86.66% [19].
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Artificial neural networks have been applied to recognize unique letters and find out human
personality. Multilayer layer perceptron (MLP) has been used to identify letters a, d, i, m, and t as features
with wavelet transform has been given a special feature for noise removal and it gave identification accuracy
with 74% average while identification of unique letter gave accuracy with 81% [15]. In research [4], the
authors have been used 3 layer neural networks architecture to analyze handwriting with Myer-Briggs type
indicators (MBTI) parameter to measure human personality traits and it showed an accuracy of 86.7% that
the highest accuracy is achieved for the primitive personality analysis extrovert vs introvert (E/I) and
thinking vs feeling (T/F). They had been improving the previous research with combine neural network and
SVM method to their classifiers and it gave identification accuracy of 88.6% [5]. Same feature but different
measuring type, five-factor model (FFM) has been used to measure personality traits [7] with feedforward
neural network classifier and it gave accuracy around 84.4% [8]. In another research, Promising results were
also constructed to identify a person's personality traits through a deep learning approach using the
convolutional neural network (CNN) method [16-18].

A rule-based approach has been used for classification. An algorithm to identify human
characteristics using space has been analyzed; the system achieved the accuracy to detect skew with 96% and
character analysis with 63% [22]. In research [24], the different feature has been used to detect personality
traits and it gave the accuracy rate of lines segmentation with 95.65%, word segmentation with 92.56% and
respectively 96% offline and words were normalized perfectly with tiny error rate. In
research [6], rule base algorithm has been applied to analyze features of handwriting and it gave accuracy
with 95% accuracy in identifying the handwriting features and assigning the correct trait according to
principles of Graphology. The authors also propose a rule-based algorithm based on image processing to
extract handwriting features like size and title over ‘i’ using MATLAB [21]. In research [34], the authors
have been proposed a model for determining personality and gave accuracy for the left margin with 95%, the
right margin with 90%, and word spacing with 85%. In research [26], the rule-based system has been used to
determine personality identification using space in a handwriting image. The authors have been proposed
characteristic analysis with a single feature like spacing to determine specialization in business and gave
accuracy with 96% lines and words were segmented perfectly with a very small error rate and the character
analysis based on space calculation accuracy with 63%.

Several researchers have been used the fuzzy system in their research. In research [30], the authors
have been proposed fuzzy C-means as a classifier and the psychological method that used a series of
questions to determine a human personality called enneagram and it archived the accuracy with 81.6%. In
research [32], a fuzzy membership classifier is has been used to identify writer identification from
handwriting Devanagari script and it gave accuracy with 97% on the test set. Another research has been used
the fuzzy Sugeno model and proposed a promising framework in handwriting analysis [36]. In research [37],
the authors have been applied to fuzzy rule models called the fuzzy rule-based classification system (FRCS).
By applying chi’s algorithm as the learning method, FRCS achieved an accuracy of around 76%. The simple
overall discussion for handwriting analysis based on pattern recognition is summarized in Table 2.

Table 2. The summary of handwriting analysis based on pattern recognition

Reference Pre-processing Feature Classifier Dataset Result
Joshi P, Poligonalization, Baseline, slant, K-NN Method, 100 samples of Proposed an
etal. 2015 [3] thresholding Letter “t”, margin template matching handwriting algorithm in
handwriting
analysis
Bobade. Noise removal, Pressure, baseline,  SVM (RBF Kernel) Unspecified; the dataset ACC=90%
Ankur, M, segmentation size, spacing, takes from a different
etal. 2015 (letter, word, and margins, slant, person (write 50-60
[29] line) and speed words on a plain paper)
Hashemi. S, Pen width Margin, size, SVM 120 samples of Farsi Proposed an
etal. 2015 extraction, noise spacing, slant handwriting algorithm in
[33] and scratch handwriting
removal analysis
Asra. S, etal. Cropping (de- Baseline Comparing SVM 500 samples of SVM=98%
2015 [20] noising & resized), and ANN handwriting; A4 paper ANN=70%
thresholding with black ballpoint pen
Djamal. Grayscale, Speed, letter “a, d, Multilayer 125 samples of MLP=74%.
Esmeralda C., thresholding, i, m, t”, wavelet Perceptron (MLP) handwriting Unique
etal. 2015 segmentation letter=81%.
[18]
Gavrilescu. Segmentation, Baseline, slant, ANN architecture 64 samples of ACC=86%
M. 2015 [4] thresholding, noise stroke, letter “t” handwriting

removal

and “f”, pressure
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Table 2. The summary of handwriting analysis based on pattern recognition (continue)

Reference Pre-processing Feature Classifier Dataset Result
Pratiwi D., Grayscale, Baseline, slant, Fuzzy C-Means, 50 data collected; 1 data ACC=81.6%
etal., 2016 [30] thresholding break, size Enneagram not valid
method
Nagar S., et al. Noise removal, Spacing Rule Base System IAM Database Normalized line
2016 [22] thresholding. and word
acc.=6%, and
character
analysis
acc.=63%
Bal A, etal. Noise removal, Baseline (lineand  Rule Base System IAM Database ACC=96%
2016 [24] thresholding. word), pressure
Gavrilescu. M. Segmentation, Baseline, slant, ANN, Multi-class 64 samples of ACC=88.6%.
2017 [5] thresholding, noise stroke, letter “t” SVM (RBF handwriting
removal and “f”, pressure kernel), Template
Matching, K-NN
Asra S., etal. Resize, grayscale, Cursive O SVM 500 samples of ACC=86.66%
2017 [19] segmentation (drop handwriting; different
fall algorithm) educations, genders, ages
Sen A, etal. Binarization Baseline, margin,  Rule Base System 75 handwriting samples: ACC=95%
2017 [6] slant, size, word the age of correspondent
spacing, and title between 20-40 year
over i
Kumar R., etal. Noise removal, Slant, baseline, Fuzzy System CPAR-2012 dataset ACC=97%
2017 [32] thresholding and size of the
letter
Lakshmi K., Noise removal, Slant, size, Fuzzy System The handwriting samples Proposed a
Nithya, et al. segmentation, pressure, spacing (Sugeno Fuzzy are taken as input which ~ framework with
2017 [36] thresholding Model) is taken on a plain A4 fuzzy Sugeno
sheet model
Garoot A. H, A survey paper that presented different methodologies that are implemented for automated graphology. This
etal. 2017 [38] survey also presented various features on handwriting
Varshney A, A survey paper on human personality identification which is used for automated graphology. The crucial part of
et Al. 2017 [39] this survey is a different classification based on Artificial Neural Network
Joshi P, et al. Grayscale, Baseline, slant, Naive Bayes, 1890 samples of SVM=97%,
2018 [7] thresholding Letter “t”, margin Random Forest handwriting; different RF=94%, and
and Multi-Class ages, genders NB=90%
SVM
Wijaya W., Gray Scale, Margins SVM 42 samples of ACC=82.73%
etal. 2018 [35] Thresholding handwriting
Nags., et al. Segmentation Baseline with Multi-class SVM 100 writers per each Classification
2018 [40] (Horizontal COLD (Cloud of class (nation); Rate (CR)=75%
Projection Profile) Line Distribution)
method
Gavrilescu M., Segmentation, Baseline, slant, Feed-Forward London Letter, and 300 ACC=84.4%

etal. 2018 [8]

Lemos N., et al.
2018 [16]

Sen A, etal.
2018 [21]

Bhade V., et al.
2018 [34]

Riza L. S., etal.

2018 [37]

Valdez-
Rodriguez J. E.,
etal. 2019 [17]
Sony D., etal.

2019 [18]

thresholding, noise
removal (Gabor
filter)
Noise removal,
thresholding,

Noise removal

Noise removal,
Grayscale,
Thresholding
Segmentation,
thresholding

Grayscale
Noise removal,

segmentation,
thresholding

pressure, stroke,

the letter “t”, letter

“f”, spacing

Baseline, Spacing,

Slant

Size and title over

7331

1

Margin, spacing
Size, pressure,
margin, baseline
Baseline
Baseline, slant,

pressure, size,
margin, zone

Neural Network,
Template
Matching

CNN

Rule Base
System, Image
Processing

Rule Base System

Fuzzy Rule Base
Classification
System (FRBCS)
CNN (five
convolutional
layers)
CNN

words texts that subjects
could write freely and
randomly
Module image of
handwriting (the samples
is taken through a
website)
Handwriting samples
with the corresponding
writer

11 different handwriting
paragraphs have been
taken.

75 handwriting sample;
36 Males and 39
females)

2018 ICPR

Handwriting samples
with the corresponding
writer

Proposed an
algorithm in
handwriting
analysis
The proposed
algorithm
implemented to
MATLAB
application
ACC=90%

ACC=76%
AUC =upto
0.5314
Proposed a

framework with
CNN
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Table 2. The summary of handwriting analysis based on pattern recognition (continue)

Reference Pre-processing Feature Classifier Dataset Result
Chitlangia A, Histogram of Size, slant, Multi-Class SVM 50 different writers have ACC=80%
etal. 2019 [41] Oriented Gradient pressure, spacing, (polynomial been asked to write
(HOG) baseline kernel) several texts with the
same content
Chakraborty S., Grayscale, Spacing Rule Base System IAM Database Normalized line
etal. 2019 [26] normalization, and word
segmentation acc.=96%, and
character
analysis
acc.=63%
Ghosh S., et al. Grayscale, Lower letter a to z SVM 5300 samples of ACC=86.70%
2020 [42] thresholding handwriting

5. DISCUSSION

Personality traits assessment based on handwriting analysis has become a widely used benchmark in
forensics, employee recruitment, and even in the medical world. The relationship between personality traits
and handwriting analysis has been a long debate about the validity of the results obtained. The different
opinions expressed by [43], they conclude nothing characteristics of handwriting were specific to human
personality traits and there is no evidence for assessment of personality based on handwriting analysis with
measured by the NEO-FFI (big five model of personality) and EPQ-R. In the pro-graphology case, it can be a
relationship between handwriting analysis features and personality traits assessment (16PF-R measure
assessment with zoning feature) [44]. Despite these contradictions, the studies of graphology have become
very intensively as evidenced by the large number of journals related to the research area. A lot of evidence
linking human personality traits based on pattern recognition to handwriting is obtainable. Although various
specific issues have been already shown, in the following the most applicable are shortly discussed.

5.1. Data collection and pre-processing

Many research workers have taken database make by gathering data themselves. The tendency of
researchers to use their dataset is to determine the relationship between personality traits through
handwriting. To find out this relationship, some researchers compare the results with various psychological
questionnaire assessment methods that can be applied to handwriting analysis [4, 8, 30, 44]. These datasets
are dissimilar in sizes, age of participants, type of papers, male-female ratio, type of pen (ink pen, ballpoint
pen, and ink colors), and many more. The lack of a large-scale database involving a significant amount of
participants, as well as, a set of important tasks, very restricts the physical process of research. It should be
noted that there is a lack of research using databases of non-western scripts. Besides that, this would be of
great interest since scripts have many symbolic elements that could produce useful information [32, 33].
Taking handwriting samples from participants should be repeated much time to study human psychological
change and its effects on writing (several times a month or even a year to determine personality shifts and
hence conclude in mental disorders that affect the subject or psychological symptoms of a physical
disease) [4]. Unfortunately, developing such a benchmark dataset is an expensive process and time-
consuming.

Noise removal and thresholding techniques are generally used to refine and smooth images from the
results of scanning. The median filter can be used to remove Salt and paper noise [45, 46] and the Otsu
thresholding for image binarization [47, 48]. The handwriting pressure feature can be extracted by the
grayscale value of the handwriting portion and discards the background portion. For line segmentation, the
horizontal projection method can be applied to separate text lines from the handwritten image text [25]. After
line segmentation, different lines may occur with different skew angles. The orthogonal projection method
can be implemented to normalize the skew. For word segmentation, to calculate the distance between words,
a vertical projection histogram approach is used to measure the threshold value between the width of the
distance of each word.

Several image processing techniques are considered to apply: HOG technique [41] and two-stage
filtering technique [49]. HOG technique works by calculating the appearance of gradient orientation in a
localized part of sample images and the important idea behind HOG descriptors is that local object
appearances and shape within an image can be depicted by edge directions or distribution of intensity
gradients. HOG technique converts the digital handwriting sample into square grids. After that, based on the
central difference, the edge or histogram of gradient direction is calculated. In the two-stage filtering
technique, there are two steps: detection technique and filtering technique. Some algorithms in detection
techniques that can be used include rank order absolute difference (ROAD), rank order logarithmic
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difference (ROLD), adaptive switching median (ASM), measures of dispersions (MOD), and triangle-based
linear interpolation (TBLI). The algorithms in filtering techniques that can be used include median filter
(MF), fuzzy switching median filter (FSMF), and fuzzy switching weighted median filter (FSWMF).

5.2. Features in handwriting analysis

Many features have been considered to evaluate personality traits. The common features are used
by many researchers are baseline, slant, margin, pressure, spacing, and size of the letter. For global feature
extraction, the input is an analysis of the entire handwritten text. For local feature extraction, the page is
partitioned into lines of text and every line is partitioned into several connected components. The components
are used as units of local feature extraction. Several algorithms are needed for the extraction of various
features [31]. Variations of size may vary from each writer. The writers with large size letters need width
area and hence more number of black pixels than small-sized letters. It can be calculated by the measured
area and the number of black pixels. Template matching algorithms can be applied.to analyze personality
traits from the lower case letter ‘t” and ‘f".

Unfortunately, many researchers use handwriting analysis features independently. Combining two
or more features to created psychological traits would be a great interest and could convey useful information
to determine personality traits. Some methods can be used: myer-briggs type indicators (MBTI) [4],
five-factor models (FFM) [8], and enneagram [30] to measure the personality traits of an individual. Another
measure of personality traits can be used for furthermore like 16PF questionnaire method and the Birkman
Method.

5.3. Classification in handwriting analysis

Classification in handwriting analysis problems can be solved by using a pattern recognition
approach. In template matching, a good distance measurement must be determined to find similarity between
objects to be very important to the success of this approach. In determining the closest distance, some
distance algorithm can be used like Manhattan distance, Euclidean distance, Minkowski distance, and
Chebychev distance. If in the pre-processing stage there is no normalization of the object image, the same
character must be represented in various positions of the object in its feature space [1]. This condition will
require a large image template database and it can be affected by the computational process.

The SPR emphasizes the classification of features in the recognition process. The feature extraction
process is very important in achieving maximum accuracy. SVM has generalization capabilities where it can
identify patterns that do not belong to existing classes and can prevent the curse of dimensionality. SVM is
only able to handle the classification of two classes, but there has been a lot of research in handwriting
pattern recognition using multiclass SVM [7, 40, 41]. SVM has proven the highest achievement accuracy of
classification [7, 20, 41]. It must be underlined that the accuracy achieved by SVM is only in the
classification of one feature [20]. In several cases, determining the classification of personality traits using
complex features, the results obtained are not too significant [19, 29, 33, 35]. Determining the right kernel
also provides maximum accuracy for SVM [5].

The fundamental issue of neural networks is how to integrate the characteristics of existing features
with the classification process. Choosing a good feature extraction method can improve accuracy and
minimize the resulting error. FFNN with backpropagation algorithm provides an integrated procedure for
feature extraction and classification [4, 5, 8]. In determining the good feature extraction must be
accompanied by good pre-processing techniques, such as segmentation, noise removal, and thresholding on
the image object. In several cases, deep learning approaches also use to identify human personality behavior
[16-18]. Besides, combining neural network architecture with other classification is done to reach maximum
accuracy [5]. A hybrid approach using deep learning and other machine learning would be a good interest to
reach better accuracy [50-54].

5.4. Handwriting analysis applications

Handwriting analysis has a wide scope of application. Handwriting analysis applications are used in
employee recruitment, job applications, and marriage compatibility, motivate workers, career guidance,
student’s exam anxiety, and child development [55]. Handwriting is considered as a kind of biometric
behavior that can be used to identify someone through his/her handwriting [56]. Many researchers have
worked with handwriting analysis as the object of their research to identify personality traits of a person and
have studied how it can be useful in various aspects of life such as work profile, forensics, healthcare, and
others [57].
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6. CONCLUSION AND FUTURE WORK

These optimistic studies suggest a methodology in automated handwriting analysis based on the
pattern recognition approach. The selection of good and appropriate techniques in the pre-processing stage is
crucial to achieving maximum results in identifying personality traits through handwriting. We have defined
several handwriting features that are used to determine a person's personality in automated handwriting
analysis such as baseline, slant, margin, spacing, letter size, pen pressure, and speed of writing. These
features will serve as input in determining human personality through handwriting. It has been observed that
different analysis methods such as artificial neural networks, support vector machine, rule-based system,
K-NN, fuzzy model, and naive Bayes have been used widely in handwriting analysis and it shows promising
results. Applying a deep learning (LSTM, RNN, CNN, auto-encoder) method for designing a fully automated
handwriting analysis system to reach better accuracy on classification should be considered as future work.
Otherwise, combining one classifier and others to analyze the features of handwriting, applying the feature of
signature, and modified the quantity of training data could be an interesting area of future research in the
relationship between personality traits and handwriting analysis.
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