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ABSTRACT

Human hand and signature both endow various peigsof an individual that depicts the distineihess of an
individual. The present work recognized differeharmacteristics through features of hand namely pahape ratio and
finger index proportional ratio for categorizatioosf hand shape as Air, Fire, Water, and Earth whidéo involved the
features of signature such as curved start, endingke, underscore, the appearance of the dot terland streaks
disconnected. The fusion of these two modaliti¢ls mispect to predictive models and Big Five Fast@roduces an

88.0% accuracy rate and is found to be more efiicie predicting the personality of an individual.

Big Five Factors which encompasses personalityteelaraits and which include both positive and rtega
characteristics of an individual. The various fast@resent in Big Five were used for the evaluatjperformed on the
result of traits of signature and palm through ntang and replacing factor and algorithmic stepsisThesearch work

focuses on the predictive models which define uarersonalities of 25 subjects.
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INTRODUCTION

The personality focuses on behavioral or physiaalgcharacteristics of the person. Now a day’s queakty
identification is very popular in every field artccen be characterized through various modes sutlardwriting, speech,
face, hand geometry, signature, walking style,flvig personality traits and many more. The presesgarch depicts the

work done using bimodal personality prediction sys{bpps).

Every person has its own signature which rendeespérsonality traits. The signature analysis isaget pf
graphology theory; graphologists testify the vasiqualities which includes attitudes, personaktyd sentiments. These
aspects were described with the help of appearaindets on the letter as in i, j; ascending botiora; single or double
underline; ending stroke; starting stroke; the appece of letter t; streaks; shapes of each latter so on. Image
processing drives the method of extracting feataresrecognizes the pattern. In image processmgvtiole signature is
judged as an image so that detection can be achigweugh the numerous stages of conversion of ésiaguch as
arithmetical vector into binary, thresholding oéthialue and so on; which perk up the superioritthefimage. This also

emulates through feature extraction and patterogmtion.
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Human hand depicts with different temperaments tthigt the phenomenon and also portrays the peiigpiél
the individual. In the ancient age, the astrolagisere predicting the personality through hand sh&pnd length and
width called Chirognomy; and also through palneéircalled Chiromancy in the language of palmiskhese categories
diagnose hidden health problems, hidden skill; tedtdortune, best profession, reveals charactgtstrand many more.
Handshapes are classified into Fire, Air, Wated Barth hand; these are also pronounced as eldnoenttanperamental

hand shapes. These are believed to signify charaates corresponding to the type defined.
Artificial Neural Network

The central nervous system of human brain theme biees utilized in Artificial Neural Network (ANN)
sometimes called as biological neural networks. idivous systems are capable of machine learninvgelisas pattern
recognition. The system of interconnected neursnsne of the main aspects of the ANN. To descltigeattributes of
computing, the artificial neural networks go by mamrames such as connectionist models, paralleifluliséd processors,
or self-organizing system [1]. The name Neurabisrected to neurons, which is an essential paheobiological nervous
system. Human nervous system developed the infiomas it receives from nerves. Every neural netvearcompasses

the interconnected neurons which are configureé fepecific application.

The advantage is that the neural system can leamnimput-output patterns and adjust the systemnpeiexs.
With such features, an artificial neural system hasat potential in performing applications suchspgsech, image
recognition and prediction of various charactessstiwvhere intense computation can be done in phratid the

computational elements are connected by weighbdd.li
Work was done so far
Most of the researchers determined the persortalibpgh handwriting only.

[1] [2] described a method for personality idetfiion of a person via baseline of the sentenae ppessure, the
representation of the letter ‘t’ and letter 'y’ pest in an individual’s handwriting. Artificial Neal Network was applied
for prediction of personality traits. Similarly [8pnsidered baseline, slant letter, pen pressutahanletters ‘i’ and ‘f' is
identified. Various features of handwriting werensiwlered [4] for prediction of human personalittesh as words and
letters bluntness, size of the letters, baselie®, pressure, the spacing between letters and wmidg support vector
machine.

It was observed from the literature survey thatximam work based on handwriting, facial express&gnature,
palm, speech and many more, for prediction of peatty. Very few researchers considered the fusiork on
handwriting and signature for personality idengfion. [5] portrays the personality prediction bétindividual through
feature extraction methods which include statistictructural and global transformation; theobtdinealues were

classified using artificial neural network and §606 accuracy for the prediction of personalitytgai

A fusion of digit of each character and signatureravimplemented [6] using multi-structure algorithind
artificial neural networks. This research papersiered the characters present in the applicabom find the signature
image based on nine features; extreme margin, tdattsre, separate, streaks disconnected, curves,send streaks,
middle streaks, underline and shell with good aacyrate. [7] Completed the study on the handvgitmd signature
recognition using multiple artificial neural netwoand multi-structure algorithm and also done a garative analysis of

various techniques.
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Automated medical palm systems were implementedidgnose different diseases present in the humdyg bo
through palm lines and fingers. 92 images wereectly predicted from 100 and result so obtainedh\&it accuracy rate
of 94% [8], [9]. To recognize human behavior, humature, human personality, health, emotions, ahdrdeatures; the

well -known field called palmistry were applied Jy0].

The prediction of an individual’s first impressitimough visual and audio features accompanied 8iyituals
Big-Five Personality Traits namely Openness, Cammusness, Extroversion, Agreeableness and Neisrat
(OCEAN). The work had been done using Deep Bim&dgression LSTM model that extracts temporally mdesisual
and audio features from a video clip and outpws §icores with a range from 0 to 1. The model wasdd and evaluated
on HD Youtube videos provided by ChalLearn LAP APA@@ataset; and achieved excellent performanceaxcuate
with 90-91% [11]. [12] presented a technique on CRMdel interpretability, which had been combinedhwiace
detection and Actions Unit (AUS) recognition syssemhis system focused only on video frames, byadding the audio
information and then performed a deep study onrttegpretability of CNN models trained exclusivéfgm video frames
that revealed the facial feature detectors naneglgs, eyebrows, nose and mouth from the internestiigers of the CNN
models to perform apparent personality trait regjoes Thus achieved good results and demonstratdabe endow with
discriminative information for personality traitggumption and the interior CNN depiction analyzeg face section like
eyes, mouth, and nose. The development of an asdavdeep residual network for the multimodal appapersonality
trait of people in an end-to-end manner had begieimented by [13]. This approach obtained very tugHformance for
all traits through OCEAN and identified relevanttigres for the task of predicting apparent persgnaaits. The

resultant won third place in the Chalearn Firgpi@ssion Challenge with a test accuracy of 0.9109.
Experimental Work

The flow for experimentation is as follows:
Image Acquisition and Database Creation

The signature and hand images were taken from ShsuBjects belonging to different age groups atsthrme
time. Firstly, hand images were captured from thmera. These captured images were stored in dijpefigrmat. After
capturing hand images, the subjects were requéstsign on a white paper in the specified rectamgatea. The images
were scanned at 600*600 dpi resolution and resize®0*100 long. Thus the databases were created 25 subjects for
50 hand images (i.e. 25 images of left and rigimidhand 6 samples of signatures. Thus total ofsz0fples of signatures

were used for the further processing.
Preprocessing Stages of Hand Images and Signature

There are various types of images and these imaged to be gone through different processing steps.

Preprocessing consists of [14]:

« RGB image: This image is also called a true calmage. It is stored in m by n, 3 data array thaingefas Red,
Green and Blue color components for every pixel.eWlll the intensities values of RGB are equal thien
produces black (0, 0, 0) or white (1, 1, 1) color.

» Grayscale image: This is a data matrix whose vafyeesents intensities within some range. The MABLA

function rgb2gray( ) was applied to convert imé&gen color image to gray image.
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e Binary image: This image contains only two pixets black and white and abbreviated as BW image. gray

image can be converted to a binary image usingw2lunction in MATLAB.
Morphological Operations on Image

There are various morphological functions are preseMATLAB such as contrast enhancement, noiseonel,
thinning, skeletonization, filling, segmentatioflation, erosion and so on. Among them we had appimfill( ), imopen(

) and imerode( ) on the scanned signature and inaagkes.
Segmentation

« Both the images were segmented separately; thatsignimage is segmented into two; Vertical anditdmtal

segmentation, which includes left-right and uppédédie- top segments respectively.

e In asimilar manner, the hand image is also diitho sections; palm and fingers, which includesgth-width-

ratio and length-ratio respectively. These segnueimages were helpful for feature extraction.
Feature Extraction

Feature extraction is used in image processingpatiggrn recognition to obtain the most pertinefdrimation

from the distinctive data and accumulate the dateduce dimensionality.

e« The essential groups of the feature were extraftech both the images, after performing morpholobica
operations. To predict personality, total of fiveafures were considered for signature. TableHoetdes five

features.
» Hand also plays a vital role in the personalitydiction, thus the evaluation had been done through

Palm measurements which include palm length (plalmp breadth (pb), and palm shape ratio
(PB/PI) e, (1)

The finger palm ratio which include finger lengfh/(palm breadth (pb) and finger length (fl)/ palemngth (pl).
To enhance the evaluation finger index proportioraio were calculated using the formula:finger gigvt (palm
breadth+palm length)/2 .............. 2)

Palm features were calculated through the obtamaes of palm shape ratio and finger index prapoat ratio
using formula (1) and (2). After applying and ewing these two formulas and another correspontbngula, the
resultant values were helpful for the categorizatib elemental hand shapes such as earth hand, hieatd, air hand, and

fire hand.

Both signature and hand express the personalitias mdividual based on the feature set and ama/stin Table
1 and Table 2. The feature of signature of eaclestibvhich has been illustrated through binary gal@® and 1 were
passed through Artificial Neural Network for pretitig the personality with respect to the type ofidhaategory (using
formula (1) and (2)) is explained in Table 3.

Impact Factor (JCC): 6.0127 NAS Rating: 3.80



Prediction of Personality Through Signature and Hand Geometry

www.iaset.us

Table 1: Feature Set of Signature and Its Personayi

Feature Set

Personality

Curved Start

Careful. friendly. and
diplomatic.
Person is gentle, charming,
flexible., outgoing. and sociable

A frer sincere efforts the person

bottom line

Endi . R . .
g wwill fail to have anwv significant
Strolke .
achievement
. Irritabilitv,. easily annowved bw
Ascending

minor or Momentary
disturbances

Has initial communication
hitch/gap/fear/inhibition_

Streaks e . -
. Limiting desires, not taking
disconnected . .
anw risks. often discouraged
and hesitated to take decisions.
Optimism,. ambition. active.
Feels good about his’her public
Appearance
character. most mental energy
of dots

in regard to his/'her public
character.

Table 2: Feature Set of Palm and Its Personality

Category of
hand based
on feature
set

Persomnality

Earth Hand

R esponsible, materialistic,
conscious, stable, practical,
peaceful. active, tolerance and
constructive, independent

Fire Hand

E=citable, reactive, expansive
and energetic. motivated,
passionate, intuitive

A Hamd

Plentw of intellectual
stimulation. independent._
private, detached, controlled.
creative and passionate,
cheerful

Water Hand

Mdaprable, idealistic, highlw
sensitive, highlwv creative,
empathw. secretive and

protective
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Table 3: Feature Set of Signature of each Subjechd their Category of Hand Shape using Corresponding
Formulae

Features of Signature Category of

hand throush
Subjects Curved Ending Axce ndine Streaks Appearance of | palm shape
Start stroke bottom Drisc orme cted dot and finger
imnd ex r atio

Earth 1

512
513

=] = Ll =

319
520

S22
523
524

325

;

E

o] e § o) ] o] o) o] U ) ) ) ] ) e ] ] ) e ] o] el S EE N Nl
[} R (] ) (] o ] ] o o ) (] o ) ) o) o ) ) o] FE ] ] ) e )
e e e e e e e L e e L e e e e G G e G L e e s
) o § o] ] S ) ] ) o P o] o] o) o] o o] (o ] ] JE ] o] ] o
[ = =] =] ] fun] fu] o] PRy fum ) ) P ) o] o] o] (o o] o] ) ] o] ]

E

Signature, Palm and Big Five Factor Model

Scientific psychology has developed a high-levedioni of personality encompassing traits, sets ablst
dispositions towards action, belief and attitudenfation. Big Five Personality traitds a well known and one of the
influential example of this approach also called~ag& Factor Modelas they encompass a large portion of personality-

related terms which includes; Openness, Conscigsiiess, Extroversion, Agreeableness, and Neurticis

These five factors are not necessarily traits id ahthemselves, but factors in which many relataits and
characteristics fit. For example, the factor agbbm@ess includes terms like generosity, friendbnesd warmth (on the
positive side); and assertiveness and temper @médjgative side). All of these traits and charasties make the broader

factor of “agreeableness”. In a similar manndriale Factors describes its own positive face magative face.

Table 3 is sufficient to categorize the personadtyan individual; but for getting a better reswith respect to
Signature and Palm; the mapping is done throughHBig Factors thus, Predictive Model-1 and Predictilodel-2 is

implemented through algorithmic steps.

The Table 4 and 5 describe distinct ranges of Sigaand Palm which has been obtained from the melae of
each feature set i.e Curved start, Ending strolsegAding bottom, Streaks disconnected, Appearandetdor signature
and Palm ratio, Finger Index for hand respectiveliyeach 25 subjects. An AND operations were peréat through
ranges of each feature set which helps in obtaitliegsub-categories of Big-Five Factor such asdpves, Moderate,
Explorer in Openness Category; Flexible, Balancedcused in Conscientiousness Category; Introverhbifert,
Extrovert in Extroversion Category; Challenger, biggfor, Adapter in Agreeableness Category andlieesiResponsive,

Reactive in Neuroticism Category.
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Table 4: Ranges of Feature Set of Signature and IResult Based on AND Operation

Ranges Result
AND Operations on Each Ranges of Feature Set Big Five Factor based on AND Operation
Curved | Ending | Ascending | Sreals |Appearan Conscien | Extrover Agreeable| s
Start Stroke  |Bottom line| Disconnected | ce of dots Openness tiousmess|  sion ness | euroticisn

0.08-0.12 | 0.03-008 | 002006 | 0103008 [ 0014005 | Preserver | Flexible | Introvert |Challenger| Resilient

0.12-0.16 | 0.08-012 | 006010 | 018023 [ 00540009 | Moderate | Balanced [ Ambivert | Negotiator| Fesponsive

0.16-0.1% | 0.12017 | 010015 025028 | 0.090.13 | Explorer | Focused |Extrovert| Adapter | Reactive

Table 5: Ranges of Feature Set of Palm and its Rdsbased on AND operation

Fanges Result

AND Operations on Each

Ranges of Feature Set Big Five Factor based on AND Op eration

Conscientio | E xtrover| Agreeable
usness sion ness

0.150.92 0.36-0.80 Prezerver Flexible | ntrovert | Challenger Resilient
0.92-1.10 0.30-1.15 Lipderate | Balanced |Ambivert| MNegotator | Besponsive

Palm Ratio |Finger Index | Openness Newroticism

1.10-1.28 1.16-1.51 Explorer Focused |Extrovert| Adapter Feactive

The ranges oBignature those are in between 0.08 — 0.12 of Curved st A.03 — 0.08 of Ending stroke AND
0.02 - 0.06 of Ascending bottom line AND 0.13 —8df Streaks disconnected AND 0.01 — 0.05 of Appece
of dots. Similarly, ranges d&alm those are in between 0.18 - 0.92 of Palm ratio ANEBS — 0.80 of Finger Index

then categorization of five-factor model is:
In Openness the subject is Preserver

In Conscientiousness the subject is Flexible
In Extroversion the subject is Introvert

In Agreeableness the subject is Challenger
In Neuroticism the subject is Resilient.

The ranges oBignature those are in between 0.12 — 0.16 of Curved stsid 8.08 — 0.12 of Ending stroke AND
0.06 - 0.10 of Ascending bottom line AND 0.18 —df Streaks disconnected AND 0.05 — 0.09 of Apaece
of dots. Similarly, ranges ¢falm those are in between 0.92 - 1.10 of Palm ratio ANBD — 1.16 of Finger Index

then categorization of five-factor model is:
In Openness the subject is Moderate
In Conscientiousness the subject is Balanced

In Extroversion the subject is Ambivert
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In Agreeableness the subject is Negotiator
In Neuroticism the subject is Responsive.

The ranges of Signature those are in between 00L&3-of Curved start, 0.12 — 0.17 of Ending strdk&0 - 0.15
of Ascending bottom line, 0.23 — 0.29 of Strealscdinnected and 0.09 — 0.13 of Appearance of dotslagy,
ranges of Palm those are in between 1.10 - 1.Falh ration AND 1.16 — 1.51 then categorizatioffive-factor

model is:

In Openness the subject is Explorer

In Conscientiousness the subject is Focused
In Extroversion the subject is Extrovert

In Agreeableness the subject is Adapter

In Neuroticism the subject is Reactive.

Table 6 below describes the personality traitshef Big Five Factor of Signature and Palm. The coatpee
study has done through obtained ranges as showmbfe 4 and 5 above to enhance the personalityepnc
through the Big Five Factor. The match factor halsudated and obtained the overall accuracy of %1.2Zhe

present research considered this as Predictive Irdiode
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Table 6: Evaluation of Big Five Factor Traits through Signature and Palm

Subjects Optnnes Conscientiousnes Extroversion Agreeablenew Neur oticism ;I:::‘: :.:;u
Sim Falm Sizn Falm Sign Falm Sim Falm Sizn Falm L}

5l Prasrwer | Prener | Focpsed | Fledble | Ambivert | Ambiwert | Nesotitor | Megotiztor | Reslisnt | Redlisnt il
51 Prasrwer | Prener | Focused | Focussd | Extvovert | Extromrt | Adapter | MegotiEtor | Reslisnt | Redlisnt 4 ]
83 Explorsr | Explorsr | Balanced | Balenced | Introvert | Extrovert | Nesotiztor | Mesotitor | Resctie | Resctive 4 0
84 | Preserver | Moderats | Fooussd | Flevible | Ambivert | Ambivert | Nesotitor | Mestiztor | Responaive | Resliznt E| &0
85 Prezrer | Presner | Flexible | Flexibl | Ambivert | Ambiwert | Adspter | Nesotiator | Reactie |FRespomsie [ 3 &0
86 | DPramrwr | Dramner | Baleced | Balancad | Exteovert | Introvert| Adapter | Negtizior | Reponse |Repomsie | 10 | 8D
87 | Premrwr | Preerer | Balanced | Balanced | Ambivert | Ambivert | Negotitor | Megotiztor | Responsive | Resilisnt 3 &0
il Modaeratz | Modeate | Balznoed | Balanced | Intovert | Introvert | Challenzer | Challenzer | Reslient | Resctive 4 i
8% | Presmrwer | Premrer | Flexble | Focused | Extoovert | Extrovert | Adspter | Adepter | Resilient |Respomsive | 4 0
810 | Modeatz | Modeate | Balanced | Balanced | Ambivert | Ambivert | Challenger | Challenger | Redlisnt | Resfisat 4 | B
811 | Premrwr | Moderate | Foossed | Flevible | Inwovert |Extrovert| Nemtiztor | Memtistor | Redlisnt | Beactive 1 piil
811 | Premrwr | Premner | Balanced | Balarced | Inwowert | Inwovert | Challnssr | Challenssr | Redlisat | Resfisat il
813 | Presrer | Moderate | Flexible | Focussd | Introvert | Extrovert | Nagotistor | Memotitor | Redlisnt |Respomsie [ 1 1
514 | Presmrwr | Presner | Focvsed | Foousd | Ambivert | Ambivert | Nestiztor | Memfiztor | Redient | Resctive 4 0
813 | Presrwr | Modsate | Balznced | Balanced | Extrovert| Ambivest | Challenzer | Challenssr | Regpondwe |Regponsie | 4 0
816 | Presrwer | Prener | Balanced | Balanced | Inwovsrt | Inwovert | Challnger | Challenssr | Regpondwe |Regponsie | 4 0
817 | Presmrwer | Presner | Focused | Balanced | Intonsrt | Inkrovert | Masotitor | Megotistor | Responsive | Redliznt 4 0
518 | Presmrwer | Presner |Balanced | Flexible | Ambivert | Ambiwert | Challenger | Negotiator | Rasctive | Resifient 3 &0
515 | Premrwer | Explorer | Flexble | Forused | Ambivert | Ambivert | Adepter | Adepter | Resilient | Resilient 4 0
52 Explorsr | Explorsr | Flexibls |Balanced | Ambivert | Ambivert | Namotistor | Meeotister | Rasilisnt | Responsie| 2 40
811 | Presmrwer | Explorer | Focused | Balanced | Ambivert | Ambivert | Adspter | Adsptsr | Regonde Repomsie [ 3 &0
811 | Presmrwr | Presner | Fooused | Forussd | Ambivert | Ambiwert | Nestitor | Memotiztor | Regponsive (Repomsie [ 50 | 10
813 | Presmrwr | Presner | Balanced | Balanced |Extrovert| Ambiwert | Challnzer | Challnger | Raslisnt | Redlisnt 4 ]
514 | Exploryr | Explorsr | Focused | Forussd | Introvert | Extronsst | Mamotiztor | Memotiztor | Resctive | Resctive 4 0
35| Pemrer | Prmrer | Balemed | Balenced | Inbovert | Intovert | Challenser | Memotitor | Rescthe | Resilient | 4 | 20
Overall Accuracy Rate 712

To improve the overall accuracy rate, Predictivedele? is implemented where mapping has been dawedh

Predictive Model-1 and shown diagrammatically igufe 1 below:
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Acquaisiton of Sigmanzre and
Palm data
—— - ——
Implemaent "‘*-.I
N — Predictive MNodel-] S

o

L

Besult of Predictive Medel-1

!

T gl s emt
Predicrive Model.2 =

Figure 1: Mapping between Predictive Model-1 and Redictive Model-2

Predictive Model-2 is prepared through the resoftBredictive Model-1. Through obtained ranges (&aband
5), the categorization of Mid-values is producedohtis helpful for matching and replacing of théuwes and is shown in

Table 7 and 8 and for signature and palm respégtive

Table 7: Categorization of Mid-Values for Mapping with Big Five Factor through Signature

BigFive Factor Openness Conscientiousness Extroversion Agreeablemess Emotional Stability

Sub-Categories | Preserver | Moderate | Explorer | Flexible | Balanced | Focused | Introvet | Ambivert| Extrovent| Challenger | Negotiator | Adapter | Realiert| Responave | Reactive

FreDemed | oo | M foasa
Ranges L

Midsahe | 004 | Q08 | 0023 | Q1 | 004 | 0075 | 0035 | 0203 | 026 | QO35 | 01 0203 ) 003 | 007 | (I

1)0.12-0.16)0.16-0.19]0.13-0.18)0.18-0.23{0.23-0.29) 0.03-0.08 | 0.08-0.12 {0.12-0.17)0.00-0.0] 0.03-0.09 | 0.090.13
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Table 8: Categorization of Mid-Values for Mapping with Big Five Factor Through Palm

Big Five Factor Openness Conscientimmess Extroversion Agreaablenes Emotional Stab lity

Sub-Categories | Preserver | Mderate | Explorer | Flenible | Balanced | Focused | ntrovet | Ambivert| Extvovert| Challenger | Negotiator | Adapter | Reslient | Responave | Reactive

Pr;]}efmed 018092 {092-1.10 11‘130' 036-080{080-1.16|L16-131{0.18-0.92 | 0.92-1.10{1.10-128{ 036080 | 080-L16 |L16-151{0.180.92( 0.92-1.10 | 1.20-128
anges 2
Midvabe | 033 | 100 | L1

==

CI 3 S O W 1 1 I 0 S S B K 119

Algorithmic steps-I were applied which describes thatching and replacing steps.
Algorithmic Steps for Matching and Replacing

Step I Each subject’s highlighted sub-category of Bigre-iFactor has compared with equivalent non-
highlighted sub-category by observing their midues as described in Table 7 and 8.

Step 2 These mid-values were again added to obtainehgtant value.

Step 3 This resultant value is perfectly matched or matched was observed through the ranges of predkfin

values.
Step 4 If it is matched then replaced by resultant vaitfeerwise remain the same.

Thus, an overall accuracy rate is calculated bjopeting AND-Operations using Table 7 and 8 on lngffactor
of predictive model-1; the match factor was evaddaand accordingly accuracy rate was obtained wisichelpful to
achieve the result of 88.0% as described in Table 9
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Table 9: Evaluation of Big Five Factor Traits through Signature and Palm

Subjects Openness Conscientionsness Extrover son Agreeablens sy Neuroticism ;i::: :L;u
Sign | Pam | Sien | Pam | Sem | Pam SiEn Palm Sign Falm 5| w

51 Presarver | Prasarver | Focusad | Focvsed | Ambivert | Ambivaert | Nesotiator | Nezotiator | Reslient | Easilient 5 100
52 Preserver | Preserver | Focusad | Focwsed | Extrovert | Extrovert | Nesotiator | Nezotiator | Resflient | Rasilient 5 100
53 Explorer | Explorer |Balanced | Balanced | Extrovert | Introvert | MNezotiator | Mezotiator | Reactive | Reachve 4 &0
54 | Modemtz | Preserver | Focusad | Focvsed | Ambivert | Ambivert | Nesotator | Negotistor | Reslient |Responstve| 4 ]
53 Praserver | Prasarver | Flemible | Flaible | Ambivert | Ambivert | Adapter | Adapter | Rmpomstve |Respomste | 3 100
56 | Preserver | Praserver | Balanced | Balanced | Ambivert| Extrovert | Nesobiabr | Nesotistor | Respomsive |Respostve | 4 ]
57 | Preserver | Preserver | Focwsed |Balaneal | Ambivert | Ambivert | Nezobiator | Nesobiator | Resflient | Rasilient 4 &0
13 Moderate | Moderate | Balanced | Balanced | Introvert | Intovert | Challenzer | Challenger | Rzactive | Resilient 4 &0
50 Presarver | Prasarver | Focwsad |Balancal | Extrovert | Extrovert | Adapter Adapter | R=ponsive | Rasilient 5 100
510 | Modemtz | Modemte | Balanced | Baanced | Ambivert | Ambivert | Challenper | Negotiatar | Fesilient | Rasthient 4 &0
311 | Presarver | Prasarver | Focused | Foopsed |Ambivert| Iirovert | Nasotiator | Nasofiator | Fesilient | Rasilient 4 &0
812 | Presarver | Preserver | Balanced | Baanced | Introvert | Inovert | Challenser | Challenser | Resilient | Rasihient 5 100
813 | Presarver | Prasarver | Focwsad |Balancal | Extrovert | Introvert | MNesotistor | Nezotiator | Rasilient | Rasilient 3 &0
514 | Presarver | Prasarver | Focused | Focused | Ambivert | Ambivert | Nezotistor | Nazotiator | Reactive | Resilient 4 &0
815 | Modemtz | Praserver | Balanced | Balanced | Ambivert | Ambivert | Chalenzer | Challenzer | Rasponsive |Respomsive | 3 100
316 | Presarver | Prasarver | Focusad | Focused | Introvert | Inwovert | Challenger | Challenger | Raspomsive |Respomive | 3 100
817 | Presarver | Preserver | Focused | Focpsed | Introvert | Inbovert | Nesobator | Nesotiator | Resilient | Rasihent 5 100
818 | Presarver | Preserver | Flemible | Flexible | Ambivert | Ambivert | Adapter | Negotiator | Reactive | Reactw 4 &0
812 | Presarvar | Prasarver | Focused |Balanead | Ambivert | Ambivert |  Adapter Adapter | Rasillient | Rasilient 4 &0
510 | Explomr | Esplomr | Flexble | Flaxible | Introverdt | liwovert | Negotigtor | Nagofiator | Resilient | Rasthent 5 100
521 | Preserver | Praserver | Balanced | Focused | Ambivert | Ambivert | Adapter | Afapter | Rspomsive |Respomive| 4 &0
622 | Presarver | Preserver | Focused | Focpsed | Ambivert | Ambivert | Nezotiator | Nezotistor | Rasponsive (Respomive | 5 100
%23 | Presarver | Preserver | Balanced | Balanced | Ambivert | Ambivert | Challenser | Challenser | Resilient | Rasilient 5 100
524 Explorer | Explorer | Focusad | Focused | Extrovert | Infrovert | MNezotiator | Mezotiator | Reactive | Reachve 4 &0
513 | Presaver | Preserver | Balanced | Baanced | Introvert | Iwovert | Negotigtor | Challenper| Reactive | Reactw 4 &
Overall Accuracy Rate| 33

Result Analysis

The study involved the analysis of the personalftyhe selected data set consisting of 300 sangdlsignature
and hand images that were drawn from 25 peoplesbigg to various age groups. The images were ceghfor both left
and right hands. Thus a total of 50 palm imagesvesmalyzed including 25 left palm images and 25giesaof the right
palm. The analysis also included 6 samples of sigaa for each selected subject. These datasetsused for predicting
personality traits. Various functions of MATLAB weeused for preprocessing the dataset. The researalse conducted

the Big Five personality test to be used for vai@aof the final result.

The final mapping of the dataset was annotated thiglBig Five Personality Traits. The researcheydémented
two predictive models through performing AND-opé@as on the ranges and obtained the overall acguade of 71.2%
for Predictive Model-1 and 88.0% for Predictive Mba.

The results of Predictive Model-1 are helpful fettqng improved accuracy rates. The mapping hag dorough
the match factor between each trait of Big-Fivet&aevith each trait of Predictive Model-1. Hencdytained good

accuracy rate with several common personalitieshiePredictive Model-2.
CONCLUSIONS
Successful prediction of personality is one of thallenges faced by the modern world. Along with #ge-old
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systems, newer methods and models are being dedetopsuccessfully predict the personality. In phesent study, the
researchers have developed a predictive modelréigiting the common and prominent personalitytdraf people by

analyzing the pictures of palm and signatures wiidbund to be efficient and reliable. This is ddhrough:

» Categorization of Hand-shape into Earth, Air, Wated Fire using palm shape ratio and finger indepgrtional

ratio. And,

* Features of Signature namely Curved Start, Endimgk8, Underscore and Appearance of Dot on lettet a

Streaks Disconnected.
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