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  Abstract: Personality assessment based on handwriting is a 

difficult and challenging task. However, with the advancement 

of technology in intelligent systems, it is now possible to 

determine a person's personality by examining many aspects. 

The purpose of this paper is to propose a personality 

assessment system that is based on a baseline and the slant of 

handwritten words. The system accepts handwritten samples as 

input and determines the slant of each line statement and 

determines the personality of a person based on this particular 

feature. The Center for Pattern Analysis and Recognition 

(CPAR) dataset is used to evaluate the system's results. The 

system can be utilized to figure out who you are. Radon 

transform is used for estimating the slant from handwritten 

samples. . The system uses set of Structural linguistic variable 

Slant = {acutely reclined, very reclined, reclined, vertical, 

inclined, very inclined and acutely inclined}. These slant 

factors are used to measure mood, self-confidence, coherence 

of thought, continuity, and hostility using fuzzy logic. After 

analyzing feedback from users the acceptance percentages lies 

between 60 to 85 percentages. 

Keywords: Slant Estimation, Personality Assessment, 

Handwrittten document, CPAR dataset. 

 

1. Introduction 

The writer's emotive or dramatic expressions are depicted in a 

handwriting sample. All hand movements are visible in 

handwriting, and the writer's tendencies give handwritings their 

character. Individuality also stems from the handwriting 

learning process, which includes arm, wrist, and finger 

movements, the usage of writing equipment, the quantity of 

practice, professional needs, social imitation, and other factors. 

Some of these variables, such as the writer's arms, wrist, and 

finger, are influenced by the writer's physical and/or mental 

state, and thus influence the thickness, length, stiffness, and 

suppleness of the writer's handwriting strokes. The probability 

of two handwritings being identical is one in sixty-eight 

trillions, according to one estimate [1]. As a result, handwriting 

analysis results are being studied in order to learn more about 

the connections between handwriting samples and the writer's 

physical and mental health, as well as individuality. However, 

a quick review of recent achievements in several crucial areas 

is provided below for a better understanding of sources 

supplying knowledge for creating a handwriting processing 

system.  Handwriting analysis is used in criminology to solve 

crimes by identifying the author of handwritten notes obtained 

during a criminal investigation [2]. Handwriting analysis [3] is 

being used extremely well in child development to evaluate 

children's examination performance [4] handwriting assess 

handwriting assessment [5], attention deficit hyperactivity 

disorder and estimation [6].  The detailed application of 

personality development system (Graphology) is shown in 

Figure 1. 

 

 

Figure 1: applications of Graphology. 

 

The rest of paper organized as section 2 discuss literature 

review, Section 3 explains methodology , Section 4 details 

experimental results and analysis finally section 4 concludes 

the paper. 

2. Literaure Review 

Personality evaluation from handwritten materials is a difficult 

task. Everyone has a unique writing style. The nature of these 

applications reveals that developing handwriting analysis tools 

necessitates a thorough understanding of handwriting structure 

as well as its relationship to features that link handwriting 

constituents to personality traits, illnesses, and disabilities. 

There are ample amount of observational data on the 

relationship between handwriting constituent structures and 

personality traits, medical or mental diseases, and other 

behavioral flaws. Conclusions based on such subjective 

information, however, may not be scientifically acceptable. 

Although, decades of research efforts, indicate that systems 

that are being crafted for handwriting analysis applications are 

expected to touch the acceptable recognition performance 

level, but their acceptance will depend on the system’s ability 

to provide the scientific explanation and justification of its 

decision(s) with reasoning, and embedding such explanation 

ability in systems is a challenging research issue. This research 

is an effort in this direction. Handwriting analysis based on 

individual traits    Handwriting Analysis based Invidualistic 
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Traits Predictions [8] HABIT  has been proposed. In this  slant 

of baseline, pen pressure , slant of letters and size of writing 

were used for personality analysis. The roles and age and 

education  be related with handwriting analysis  [9].  To analyze 

data descriptive statistics were used along with person 

correlation and multiple regression. Results shows that there is 

a strong correlation between handwriting and age and 

education.  Robust soft-biometrics prediction from handwritten 

documents [10] for a robust prediction of the writer’s gender 

[11], age range and handedness. First, three prediction systems 

using SVM classifier and different features, that are pixel 

density, pixel distribution and gradient local binary patterns, 

are proposed.  Since each system performs differently to the 

others, a combination method that aggregates a robust 

prediction from individual systems, is proposed. This 

combination uses Fuzzy MIN and MAX rules to combine 

membership degrees derived from predictor outputs according 

to their performances, which are modeled by Fuzzy measures. 

Experiments are conducted on two Arabic and English public 

handwriting datasets. A study based on identifying personality 

traits have been discussed in [12]. The study differentiates 

violent and non-violent behavior from multiple samples of 

criminals. The process shows the various similar and different 

behaviors amongst the criminal. Personality traits from 

handwritten documents have been proposed in [13]. The 

recognition accuracy is between 55 and 70% with different 

parameters have been reported. A machine learning based 

approach for analyzing personality has been proposed in [14]. 

The baseline, margin, slant of the words and height of t-bar of 

a person's handwritings are used as features for computing 

personality. A writer identification techniques based on 

graphologist traits have been proposed in [15], [17].  Using 

these features 88 to 89 % recognition accuracy has been 

reported. The progress on personality Assessment has been 

highlighted in Table 1.   

Table 1: Progress on Personality Assesment 

Author 

Featur

e 

Extrac

tion 

Data 
Classific

ation 
Traits 

Res

ult 

Liwicky 

et. al,  

2010  

GMM 

IAM 

Datab

ase 

SVM 

Speed, 

accelera

tion, 

writing 

directio

n, 

Normal 

x, Y co-

ordinate 

84.6

6% 

Bouadje

nek,  et. 

al. 2016 

LBP NA SVM English 74% 

Kinjal 

Chaudh

ari, 

Ankit 

Thakkar 

2019 

Grapho

logy 

based 

features 

NA 
Predictio

n model 

Graphol

ogy 

based 

traits 

NA 

Suja 

Sreeith 

Panicke

r, P. 

Gayathr

i , 2018 

[12] 

EEG 

based 

feature 

NA SVM 

mental 

stress 

detectio

n 

systems, 

Emotion 

detectio

n 

NA 

Mekhaz

nia, 

Tahar, 

Chawki 

Djeddi, 

and 

Sobhan 

Sarkar 

[13] 

textural 

features 

TxPI-

u 

datab

ase 

artificial 

neural 

networks 

Personal

ity traits 

55 

% 

and 

70%  

Fisher, 

Janet, 

Anish 

Maredia

, Anita 

Nixon, 

Nerissa 

William

s, and 

Jonatha

n Leet. 

[12]  

Grapho

logy 

based 

features 

Own 

datas

et 

NEURO 

SCRIPT, 

WANDA

, 

CEDAR-

FOX, 

and 

Gaussian 

Mixture 

Model 

violent 

and non-

violent 

behavior 

NA 

P.  

Joshi,  

A.  

Agarwa

l,  A.  

Dhavale

,  R.  

Suryava

nsi,  and  

S.  

Kodolik

ar [14] 

baselin

e, 

margin, 

slant of 

the 

words 

and 

height 

of t-bar 

100 

sampl

es 

Machine 

learning 

Personal

ity traits 
NA 

 Rajiv 

Kumar, 

Kiran 

Kumar 

Ravulak

ollu, 

and 

Rajesh 

Bhat 

[15] 

Baselin

e, slant, 

margin 

CPA

R 

datas

et 

KNN 

Writer 

identific

ation 

88% 

and 

89% 

 

3. Methodology 

The experiments starts with input images , pre-process the 

image, further slants are calculated and using structural 

linguistic variable traits are estimated and finally personality of 

person can be evaluated. The detailed methodology used in 

developing graphology system is shown in Fig. 2. 
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Figure 2: Methodology used in Personality Assessment 

3.1 Input data 

 The handwriting analysis methods are generally trained and 

tested on non-standard in-house collected datasets. However, 

there some datasets that are available for benchmark studies for 

handwritten character, digit and handwriting recognition, and 

writer identification but, to the best of our information, no 

benchmark dataset is available for medical, forensic and 

personality assessment applications. To evaluate the 

performance of methods for these applications standard 

benchmark datasets is needed. In these applications, such a 

dataset will not only help in discovering clues to personality 

traits or illnesses for medical applications from the handwriting 

samples but also the discovered ground truth would help in 

authenticating the subjectivity of the handwriting related myths 

that are widely accepted. Therefore, without discovering the 

ground truth, embedded in handwriting it would be unrealistic 

to devise good handwriting processing methods. Thus, the 

system depicted in Figure 1 must have module to collect, 

compile, and store handwriting samples in an organized 

manner so that the data can be used and shared among 

researchers efficiently. To standardize the dataset all the writers 

must be asked to write a same piece of text that contains all 

possible combinations of alphabet. We are collecting dataset 

for Hindi, and English. For English no fixed test is designed. 

Experiments are done on any handwritten text documents in 

English. 

 

Figure 3 Hindi Text used in CPAR dataset 

For Hindi language 13 most commonly used vowels, 14 

modifiers and 36 consonants were used. The text was written 

by subjects of different age groups:  ranging from 6 to 77 years;  

genders: male and female; education backgrounds: ranging 

from grade 3rd  to post graduate levels;    professions like: 

software engineer,  professor,  assistant professor, students,  

accountants,  house wives, and retired persons; regions: states 

of Bihar, Uttar Pradesh, Haryana, Punjab, National Capital 

Region(NCR), Madhya Pradesh, Karnataka, Kerala, Rajasthan, 

and countries  Nigeria, China and Nepal. Two thousand (2000) 

writers from these groups participated in this experiment. 

Similarly, for English & Arabic text 1000 writers from 

different educational and ethnic backgrounds, age groups, 

professions, nationalities and linguistics background 

participated in the experiments. The collected data is being 

prepared to be placed on a website, so that it can be shared 

among the researchers of this field. For personality assessment 

the handwriting samples must be collected from the writers 

having known personality traits. Such data is difficult to obtain. 

However, we are trying to create such a dataset from the 

handwriting samples of known personalities that are available 

through Internet.  

 

3.2 Pre-Processing: 

The input images were resized during the pre-processing step. 

The smoothing filter was used to reduce noise from the images. 

A low-pass filter (Gaussian filters) is used to smooth the 

images during pre-processing. Figure 3 depicts the original and 

pre-processed images. 

 

 
 

Figure 3: (a) Original Image (b) Pre-Processed Image. 

During data collections different types of noises are observed 

in the dataset. These noises are removed by using wavelet 

based noise removal techniques mentioned in [16]. The 

processed images are shown in Figure 4.   

 

Sl.No

. 

Noisy Image Processed Image 

1 

 
 

2 

  

3 
  

Figure 4: Preprocessed Image. 

3.3 Slant Estimation: 

In this experiment features that graphologist and expert 

handwriting analyzer uses for writer’s personality assessments 

are used. The advantage of these features is that their definition 

is based on sound historical knowledge of handwriting 

analysis. Slant is used to find emotional feeling of a person. 

This can become a feature for writer identification. The various 

slant used for emotions  are shown in Table 1. In handwriting, 

as said before, a slant structural attribute signifies emotions. It 

takes values in set of structural linguistic variableSlant = 

{acutely reclined, very reclined, reclined, vertical, inclined, 

very inclined and acutely inclined}. In this implementation, 

slant values of handwriting words by Radon transform on word 

images are computed. The Radon transform of an image f(x, 

y) is the projection on x’ of the rotated image f(x’,y’) at an angle 

 as shown in Equation (1-4)  where,  

)( cos )sin('  yxx  ……… . . (1) 

)(sin  )cos('  yxy  ……… .… (2) 
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 At a given angle  the projection can be computed by Equation 

(3) 

),()( '''

'

yxfxR
y

 ………… . . . . (3)

  

the slant value of a word wi in the direction  at which R (x’) 

attains the maximum value for 0  2, and fuzzify it as in 

Equation (4) 

))(,(
~

~ sslantS
lantS

 …………… . . (4)
 

    

where The membership  is obtained 

from the membership function of the structural linguistic 

variables of Slant defined over the universe of discourse 0  

2. The fuzzy membership values for inclined slants (acutely 

reclined, very reclined, reclined, vertical, inclined, very 

inclined and acutely inclined) are computed by the relationship 

() = (-) / (-) where  and  by setting 

appropriate  and  values as mentioned in Figure 5.  

 

Figure 5: Slant values used in personality assessment. 

The frequency of occurrences of every is estimated 

and stored it in a bin bs corresponding to each s=1,2,…7.  

 The distribution of slant feature across 0 to 180 degree in 

reference to the degree of membership over seven variables of 

single slant structural linguistic are demonstrated. However 

finding the membership function is equally effective when it 

comes to an implementation. In the following a slant estimation 

algorithm is provided using the function connected component 

(w, U) that scans image U from top to bottom and line by line, 

and returns a list of connected components, also referred to as 

words, in the handwriting sample image U. The functions 

Radon(wi,,0..180) returns Radom transform of a word wi in  

R(Ө), and the slant fuzzification ( , max(R(Ө)), b) 

creates fuzzy subset by fuzzifying the maximum value 

of R(Ө), and increments the respective slant type counters in b. 

The algorithm is formally described below. 

Algorithm Slant 

 Get image U; 

{ 

          Find connected_component (w, U); 

          While w is not empty for each word wi do 

     {   

R(Ө)  Radon(wi,,0..180);  

  slant_fuzzification ( , max(R(Ө)), b);  

  } 

  

} 

 

There are two outputs of the algorithm: slant type counter array 

b and the fuzzy subset shown in Equation (5).  

 ………….. (5) 

where  Slant represents a slant type observed in all the 

words and  is computed from the membership values 

obtained in all the words. In this experiment all ten writers 

wrote the same text of Devnagari pangram.  

Baseline direction estimation 

In psychological prospect, according to E. Downey, baseline 

direction of handwritten text relates to the writer’s mood. This 

relation on computational line can be described using a series 

of structural linguistic variables such as leveled, ascending, 

descending, wavy, sinuous, convex, concave erratic, word 

rising, word falling. The various baseline direction in 

handwriting samples are shown in Table 3. 

In Devnagari script text is written as group of words where each 

words contain Sirorekha (a bridging line connecting individual 

characters). In order to estimate the alignment of baseline it is 

essential to identify all the Sirorekha of available words of that 

line. Horizontal projection defines the intensity of orientation 

to a given direction. This signifies horizontal projection can be 

used to estimate the orientation of all the Sirorekha of a given 

line.  

3.4 Personality Assessment 

The personality assessment depends on various factors. However 

in this paper personality assessment from slant based feature are 

considered.  Table 2 shows the different highest personality traits 

associated with handwritten documents on slant feature [19].  

Table 2: Slant and personality traits 

Sl.No. Slant Personality 

1 Vertical Self control 

2 Moderate right Mood 

3 Extreme right Coherence of thought 

4 Moderate left Continuity 

5 Extreme Left Aggression 

 

Similarly, handwriting experts have noted the characteristics of 

a large number of handwriting symbols like capital letters in a 

word and loops and extensions and their relationships with 

personality traits. A discussion on all of them is beyond the 

scope of this paper. Interested readers are may refer to [17-22]. 

4. Experimental details: 

In this experiment we have implemented fundamental feature 

based components based on slants. These features are essentials 

for personality prediction while accessories and other features 

would be required for improving the prediction strength. We 

describe below methods to estimate the values of features: 

slant, baseline direction, letter size, continuity, form, 

arrangement, pressure and speed. As can be accessed from their 

definitions, the estimation of these feature values is a 

challenging task. However, we have tried to emulate the 

process, as realistic as possible,   as described by graphology 

experts.  Our system stores the values obtained from all 

handwriting samples. Its’ advantage is that the feature values 
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can be scientifically quantized and that may provide better 

personality trait estimation. 

4.1 Personality Trait Estimation 

We have created the fact base of the system. It consists of 

feature values along with associated personality traits. Both 

are represented as a vector pair (Vf, Tp), where Vf  is a set of 

m values  (vf,1,vf,2,v f,3, …,v f,m) of feature f and associated with 

it are set of n personality traits Tp=(tp,1,t p,2,t p,3,…,t p,n). To 

improve the prediction veracity, the system keeps on 

updating, regularly,  the personality trait list Tp from experts 

observations and graphology literature. To discover a set of 

personality traits in an unknown writer we have implemented 

a nearest neighbor based procedure which is describe below.  

1. Extract N feature vectors  NiV u

if ,1   ,  from an 

unknown handwriting image U 

2. Ni ,1 , compute  f

u

if VV ,T ,

u

ip,  , where 

 f

u

if VV ,,  returns 
u

ip,T the traits of the nearest neighbor of 

the feature vector of the unknown handwriting f

u

if VV  in , . 

3. Observed personality traits 
N

i

u

ip

u

p TT
1

,



 in image U   

A comparative analysis of each trait can be seen by clicking 

the trait. After the click, the current trait values are displayed 

along with its minimum, average, and maximum values that 

have been observed by the system. In this case the value of 

the mood trait is displayed. It is above minimum value but 

less than the population average.  

4. 2Results and discussion 

The performance evaluation of the system is difficult because 

of the involved subjectivity. However, we have used a pretest 

and posttests agreement measure. In pretest, we asked an 

individual to assess his/her traits as low, medium and high. 

After the test, we asked the individual to write their agreement 

with the result on the scale of 0 to 5 where indicating no to total 

agreements. In these experiments 500 number of people 

participated. Their average agreement with prediction ranges 

between 70 to 95 percent. To check the prediction consistency, 

a single writer was asked to write different text over a period 

of time. The chart below shows the analysis of 15 samples. 

Only the sincerity trait showed high variation in that chart. To 

assess the prediction variability among writers, we analyzed 

handwritings of writers were. The chart below shows the trait 

prediction results for 7 writers. These results illustrate that the 

personality traits can be used to assess the handwriting 

individuality.   The obtained results are verified by the writer. 

The writers are agree with approximately 50-60 percentage. 

From figure 6 it is clear that  

 

Figure 6: personality characters. 

 

Figure 7:  Personality chart of one person. 

 

Personality chart of a person is shown in Figure 7.  From figure it 

is clear that self confidence and mood of person is high, whereas 

coherence of thought and continuity is medium and aggression is 

low.  To check the prediction consistency, a single writer was asked 

to write different text over a period of time. The chart below shows 

the analysis of 15 samples. Only the sincerity trait showed high 

variation in Figure 8. 

 

Figure 8: Consistency of single writer over period of time. 

To assess the prediction variability among writers, we analyzed 

handwritings of writers were. The chart below shows the trait 

prediction results for 10 writers. Figure 3  illustrate that the 

personality traits can be used to assess the handwriting 

individuality.    
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Figure 9: Variations among different writers.  

 

5. Conclusion and future research 

Handwriting analysis applications in diverse areas show its 

importance in exploring the hidden phenomena by a 

noninvasive means, but, the knowledge discovered from 

handwriting analysis need to be authenticated to provide the 

scientific basis. In this paper, we have presented an architecture 

of a system that allows continuous collection of handwriting 

samples from subjects having different personality traits, 

illnesses, learning disorders, criminal records, and other 

attributes that might help in exploring the writers mindset, 

compilation, store, retrieve and organize the samples for long 

term studies, discover knowledge from a large set of samples 

collected over a long period of time, and to make in 

scientifically viable authenticate the discovered knowledge.  In 

addition to these, the system can provide justification of its 

decision along with the explanation of the process through 

which it reaches to a decision. These two characteristics can 

help greatly in knowledge justification process and it may 

guide in learning about the knowledge.  To assess the viability 

of the system we have implemented a personality assessment 

module using the general and fundamental features. For this 

experiment, we have implemented simple and straight, forward 

algorithms to extract the speed, continuity, form, arrangement 

and pressure features. It gives the values of personality traits: 

emotions, mood, self-confidence, coherence of thought, and 

Aggression. The result obtained is also mapped with the users 

view. Almost we observe 50 to 60 percentage agreement with 

these results.  In future we will develop a process of grouping 

these values so that a personality assessment model can be 

formed.   
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