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ABSTRACT

Palmprintrecognitionhasbeencomprehensivelyexaminedinthepastcoupleofyearsandvarious
undertakingsaredonetouseitasabiometricmethodologyforvariousapplications.Thepointofthis
studyistoconstructaneffectivepalmprintrecognitiontechniquewithlowcomputationalmultifaceted
natureandalongtheselinestoexpandtheacknowledgmentandprecision.Sinceedgesarefreefrom
distortion,theyareveryreliableandsubsequentlyusedforpalmprintrecognition.Theoriginalityof
theproposedtechniquedependsonnewareaofinterest(ROI)extractiontookafterbynewprincipal
lineextractionandtexturematchingstrategy.Thenewprincipallineextractiontechniqueiscreated
byusingtheHessianmatrixandEigenvalue.ThetexturematchingoftheROIisdoneusingnew
2-component partition method by segmenting the image into comparative and non-comparative
edges.Examinationsarefinishedonadatabaseandexploratoryresultsexhibitthattheaccuracyof
theproposedmethodiscomparabletopastmethodsusedforpalmprintrecognition.
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INTRoDUCTIoN

Checkinganindividualcharacterwithhighaccuracyisdesiredinvariousapplications,forinstance,
somenationalfoundationsgettheopportunitytocontrol,e-keepingcash,exitandpassageandso
on.Biometricrecognizingverificationadvancementisakindofstrategiestofeasiblyapprovethe
identityofamaninperspectiveofphysiologicalorbehavioralcharacteristics.InconnectionwithID
cardorsecretscratchcard,biometricrecognizingverificationdevelopmentisveryuseful,fruitful
andsecurewithmanyfar-reachingapplications.

The aim of this study is to construct an effective palmprint recognition technique from the
principallines.Sincepalmlinesarefreefromdistortion,theyareveryreliableandthuscanbeused
forpalmprintrecognition.Theoriginalityoftheproposedtechniqueincludesthedevelopmentof
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anewmethodforextractingtheregionofinterest(ROI)followedbynewprincipallineextraction
andtexturematchingtechnique.Thenewprincipallineextractiontechniqueiscreatedbyusingthe
HessianmatrixandEigenvalue.ThefeatureextractionoftheROIisdonebyusinganew2-component
partitionmethodwhere theprincipal linesaresegmented intocomparativeandnon-comparative
edges.Therecognitionofpalmprintimageisdonebycomparingormatchingthecomparativeand
non-comparativeedgesbetweenthetrainingandtestingimages.

Thearrangementofthepaperisaccordingtothefollowing:segment2describespreviousworks,
segment3diagramstheproposedapproach,segment4givesthedetailsofexperimentationandresults,
segment5analyzestheproposedapproachwithothercontemporarymethodologies,whilesegment
6mentionsthegeneralconclusions.

PReVIoUS woRKS

Beforedecades,distinctivesortsofbiometricrecognitionapproacheshavebeenmade(Deyet.al.
2014;Rajeswariet.al.2017),includingface,iris,palmprint,finger-knuckleprint(Kumar,2018),hand
geometryetc.Palmprint-basedbiometricsystemshavebeenattractingmuchinterestsincetheycan
achievehighaccuracy.Variousvisualfeatures,informationdemonstratingmethodsandclassifiers
havebeenproposedforpalmprintrecognition.Thelow-resolutionpalmprintrecognitionisfinished
byZhanget.al.(2003).Here2DGaborphaseencodingisutilizedforthedistinguishingproofof
the palmprint images. Zhang et.al. (2006) utilizes a feature level fusion approach by numerous
ellipticalGaborfilterwithvariousorientationforpalmprintrecognition.Thepalmprintrecognition
byutilizingimagesharpnessisdonebyZhanget.al.(2017).Apalmprintimagequalityappraisal
methodbasedonEdgeAcutancevalueisembracedtoassesswhethertheimagesharpnessissuitable
fortherecognitionornot.Kararet.al.(2012)utilizedmagnitudeoftherealandimaginarypartsof
thecomplexZernikemomentbyusinganarrangementofacomplexpolynomialwhichproducesa
totalorthogonalpremisesetcharacterizedontheunitplateforpalmprintrecognition.Thepalmprint
recognitionbyusingthirteenfeaturesofGrayLevelCo-occurrenceMatrix(GLCM)isdonebyZhu
et.al.(2011).Atlast,byusingtheSVMclassifierpalmprintimagesarerecognized.Guoet.al.(2010)
utilizedthemultiscaleLocalBinaryPattern(LBP)histogramforpalmprintrecognition.Initially,
thepatternisisolatedintouniform(histogram)andnon-uniform(LBPpattern)pixel.Theprocedure
stopswhenthepixelsbecomeuniform.Honget.al.(2014)utilizedenhanceddifferentialbox-counting
withthemultiscaleandmultidirectionalstrategyofGaborandCurvelettransformfortherecognition
ofpalmprintimages.Feiet.al.(2016)andShrivastavaet.al.(2013)usedsixorientationsofGabor
channeland6-bitcodeplanefeature for therecognitionofpalmprint images.Binaryorientation
co-occurrencevectorisusedforpalmprintrecognitionbyGuoet.al.(2009).Athresholdselection
inlightofbinaryvaluedistributionwasproposedfortheBOCVscheme.Honget.al.(2015)utilized
acombinationofmultispectralBlock-basedHistogramofOrientedGradient(BHOG)andBlock
DominantOrientationCode(BDOC)forpalmprintrecognition.Georgeet.al.(2014)usedminute
statisticalfeatureslikeorientationfield,regionmap,anddensitymapfortheclassificationofpalmprint
images.Finallybaseduponthesimilarityscorethepalmprintimagesaredistinguished.Thedouble
halforientationbasedstrategyisutilizedforfeatureextractionandclassificationofthepalmprintby
Feiet.al.(2016).Abankof“half-Gabor”filtersarecharacterizedforthehalf-orientationextraction
ofapalmprint.Sixgroupsofthedoublehalf-Gaborfilterwithsixsortsoforientationareconvolved
withthepalmprintimage.OrientationinvariancefeatureextractionisusedbyFenget.al.(2015)for
theclassificationofpalmprintimages.Initially,tomakethepalmimagerotationinvariant,theslope
ofeverypixelisascertainedandtheorientationisbalanced.Fromthatpointforward,tohavethe
featurevector,thehistogramoforientedgradientanddominantorientationiscombined.Oriented
multiscalelogGaborchannelisutilizedfortherecognitionofthepalmprintimagesbyBounneche
et.al.(2016).Thefeatureextractionutilizesamulti-resolutionlog-Gaborfilterwherethelastelement
ismadeoutofthewinningcodesoftheleastfilter’bankresponse.Thematchingprocedureutilizesa
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bitwiseHammingdistanceandKullback–Leiblerdivergence.Atlast,thedecisionstageisconveyed
byutilizingacombinationofthescoresproducedfromvariousspectralbandstoreduceoverlapping.
Maheshet.al.(2014)usedthecombinationoflocalandglobalfeaturesforthecharacterizationof
palmprintimages.ThelocalfeaturesarecalculatedbyusingdiscreteorthonormalStockwelltransform.
TogettheglobalfeaturethesizeofthediscreteorthonormalStockwelltransformisdecreasedto
infinity.Toobtainthefinalmatchingdistancetheglobalandlocalfeaturesarecombined.Royet.al.
(2014)reportsthecomparativestudyofdifferenttypesofthresholdingtechniquesthatcanbeused
asimagesegmentation.

PRoPoSeD APPRoACH

TheproposedpalmprintrecognitionmethodincorporatesROIextraction,Pre-processing,Feature
extractionandFeatureMatching.Ablockdiagramrepresentingmajorfunctionalblocksanddata
flowpathsoftheproposedapproachisshowninfigure1.

QistheQueryimage.Priortopreprocessing,aregionofinterest(abbreviatedasROI)istakeout
frompalmimages.ToextracttheROI,first,thepalmimageisbinarizedandthentheboundaryof
thepalmimageisextracted.AfterthatbymeansoftheHarriescorner-findingalgorithm,thecorners
ofthebinaryimageareidentified.AstheorientationisoneofthevitalpartsofROIextraction,the
furthestright2cornersareusedasthereferencepointtoaccuratethealignmentoftheimage.After
appropriatealignment,theROIiscroppedbasedonthecornersandkeptforfurtherprocessing.The
preprocessingstageisusedtonormalizethetranslationaspectandthecontrastoftheROI.Feature
extractionstepincludestwo-steps:(1)basedonHessianmatrixandEigenvaluesanovelprincipalline
extractiontechniqueisdesignedtoextracttheprincipallinesand(2)anew2-componentpartition
technique isdeveloped toextract thecomparativeandnon-comparativeedgesfromtheprincipal
linesofthetrainingandtestingimages.Lastly,thematchingofthefeatureisdonedependingonthe
similarityofthecomparativeandnon-comparativeedgesbetweenthetrainingandtestingsamples.
Dependingonthesimilarityscoretheoutput(O/P)classisidentified.

Algorithm1.Proposed_Approach(Q)

Input Query Image: Q (RGB Image), N (Total number of class), NT 
(Total number of the testing image) 
Output Class: CLS (Output Class)
1: IROI

¬ROI (Q)
2: I

B
¬Background_Shrunk (I

ROI
)

Figure 1. Block Diagram of the proposed approach
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3: I
C
¬ Contrast_Norm (I

B
)

4: I
P
¬ Principal_Line (I

C
)

5: [I
R1
, I

R2
]¬2-component_partition (I

PT
, I

PS
) //I

PT
 (Training Image), 

I
PS
 (Testing Image) are divided from I

P

6: CLS¬Feature_Matching (I
R1
, I

R2
, N, NT)

RoI extraction
ROIextractionisoneofthevitalphasesinthesefourphasessinceitreallyinfluencestheoverall
recognitionaccuracyoftheentireframework.ItisessentialtotaketheROIatasimilarplacefrom
numerouspalmprintimagestoguaranteethestrengthaccuracyofpalmprintfeaturestoprovidethe
finestrecognitionrateandfastprocessingspeed.Inthispaper,anovelROIextractionapproachis
suggested.Imagethresholding,Edgetracing,Cornerfinding,orientationcorrectionandfindingthe
ROIlocationaresuccessivelyperformedtogetasquareareawhichholdsthepalmprintdata.Inthe
succeedingcontext,thedetailsofeachstagearepresented.

Image Thresholding
ThepalmimagethresholdingprocedureistobinarizetheRGBimagetoacquirethebinary
palmimage.Inthisstep,theOtsuthresholding(Valaet.al.2013)isusedforbinarization.
Themotivationofusingthistechniqueisitscomputationaleaseandhigheradaptablequality.
Additionally,automaticallythethresholdvaluecanbeselectedbyusingthismethodandthere
isnonecessitytostudyandvisualizethehistogramtodiscovertheappropriatethreshold.The
imagecomprisestwosortsofpixels:backgroundandforeground.Thistechniquecomputes
theperfectborderof separating those twoclasseswith theobjective that their combined
spread(intra-classchange)isnegligible.Themethodcomprisesrepeatingthroughall the
possiblethresholdvaluesanddetermininganamountofspreadforthepixellevelseachside
ofthethreshold,i.e.thepixelsthatfalleitherinbackgroundorforeground.Theobjective
is todeterminethethresholdvaluewherethecombinationofbackgroundandforeground
spreadsisatitsminimum.Tosumthingsupthethresholdvalueisexaminedthatreduces
theintra-classchange,whichisthesameasmaximizinginterclasschange,consideredasa
weightedsummationofvariancesof the twoclasses.The intra-classvariance isgivenby
(Valaet.al.2013):

σ σ σ
q
t q t t q t t2

1 1
2

2 2
2( ) = ( ) ( )+ ( ) ( )  (1)

whereq
i
aretheprobabilitiesofthetwoclassesdividedbyathresholdt andσ

i
2 variancesofthese

classes.Theinter-classvarianceisspecifiedby:

σ σ σ µ µ
c q
t t q t q t t t2 2 2

1 2 1 2

2

( ) = − ( ) = ( ) ( ) ( )− ( )



  (2)

Theclassprobabilityq t
1 ( ) andclassmeanµ

1
t( ) iscomputedfromthehistogramast:

q t p i
i

t

1 0
( ) = ( )

=∑ 
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µ
1 0
t p i x i

i

t( ) = ( ) ( )
=∑  (3)

where x i( ) isthevalueatthecenteroftheithhistogrambin.Desiredthresholdcorrespondstothe
maximumofσ

c
t2 ( ) .

Algorithm2.Otsu(I, LP)

Input: I (x,y) (RGB Image), LP
 (x,y) (Low Pass Filter)

Output: B (x,y) (Binary Image)
1: For each intensity calculate the histogram and probability
2: q

i
← 0

3: µ
i
← 0

4: for t ¬ 1 to max (t). // t is the threshold.
5: Update q

i
and µ

i

6: Compute σ
c
t2 ( )

7: end for
8: T= max (σ

c
t2 ( ) )

9: if I(x,y)*L
P
(x,y)3 T

10: B(x,y) ¬ 1
11: end if
12: if I(x,y)*L

P
(x,y) < T

13: B(x,y) ¬ 0
14: end if

Afterthresholding,theinsignificantpixelsfromthebinaryimageareremovedwith3x3ones
arrangementerodecomponent.Thebinarizedimageisshowninfigure2(b).

Algorithm3.Erode(B, S)

Input: B (Binary Image), SC (Structuring Component)
Output: BE

 (Erosion Transformed Image)
1: B

E
¬ B SC = {c | c + s ∈I ∀ s ∈S}

Edge Tracing
Aftertheimagethresholdingphase,thecontourofthehandshapeisextractedbyusingtheedge
tracingalgorithm.ThepalmedgeisacquiredbyusingtheCannyedgetrackingalgorithm(Canny,
1987).Theachievededgeimageisshowninfigure2(c).

Algorithm4.Canny(BE, TH, TL)

Input: BE
 (Erosion Transformed Image), T

H
 (Higher Threshold), T

L
 

(Lower Threshold). 
Output: E (Edge Image)
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2: S
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¬
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3: SY
¬
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1 2 1

0 0 0

1 2 1

4: Apply SX
 and S

Y
 in x and y-direction of B

E
.

5: Gradient Strength G ¬ S S
X Y
2 2+

6: Gradient Direction θ¬arctan
S
S

Y

X











7: Direction is rounded to one of the four possible directions 00, 
450, 900, and 1350.
8: From each position (x,y) step in the two directions 
perpendicular to edge orientation.
9: Denote the initial pixel (x,y) by A, the two neighboring pixels 
in the perpendicular directions by B and C.
10: if G (B) >G (A) ||G (C) >G (A)
11: G(x,y) ¬ 0
12: end if
13: if G > T

H

14: E ¬ 1
15: end if
16: if G < T

L

17:  E ¬ 0
18: end if
19: if T

H
 > G > T

L

20: E ¬ 1 if and only if the pixel is connected to a pixel that is 
above the upper threshold.
21: end if

Corner Finding
Harriscornerfinder(Deyet.al.2012;Deyet.al.2011)isusedtoextractcornerdatafromthepalmprint
edge image. The purpose behind selecting this technique is its low mathematical complication,
reliabilityandinvarianttoimagemove,illumination,andorientation.Harriscornerfinderdetermined
bytheautocorrelationofimagegradientvalues.Thegradientcovariancematrixisspecifiedby:
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where I
x

and I
y

specifytheimagegradientinthexandydirections.Thistechniqueconsidersthe
lowermostandutmosteigenvaluesof the imagegradientcovariancematrix HC

x y,
 ingenerating

cornerfinder.A‘corner’isacquiredwhenthetwoeigenvaluesarealikeinmagnitudeandlarge.The
cornersarepresentedinfigure2(c).

Algorithm5.Harries(E)

Input: E (Edge Image)
Output: (PX

, P
Y
) (x and y coordinate of Corners)

1: HC
X, Y

¬
E E E

E E E
X X Y

X Y Y

2

2

















2: λ
1
, λ

2
¬ Eigen Values of HC

3: detHC .λ λ
1 2

4: traceHC .λ λ
1 2
+

5: P ¬ detHC k traceHC− ( )2
6: if P > 0
7: [P

X
, P

Y
]¬ Corner pixel

8: end if

Orientation Correction
Aftercornerdetection,tomaketheimageparallelwiththehorizontalplanetheorientationangleof
thepalmimageisstandardized.Oneveryimage,therightmostcornersareusedasthereference
points.Byjoiningthebottommostreferencepoint,Bandthetopmostreferencepoint,A,theline
segment (reference line)AB iscreated.See figure2(d).Once the reference line isobtained, the
proposedcalculationnormalizestheorientationofthepalmprintimagebyrotatingtheimagewith
anangle(ϕ sothatthereferencelineturnintoparallelwiththeverticalplane(Bertolineet.al.2003):

ϕ =
−

−











−cot
y y

x x
B A

B A

1  (5)

where x x
B A
−( ) and y y

B A
−( ) arethecoordinatesofthereferencepointAandB.

Algorithm6.Orientation(I)

Input: I(x,y) (RGB Image) 
Output: IR

 (Image after orientation correction)
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1: ϕ←
−

−











−cot
y y

x x
B A

B A

1

2: I rotate I
R
← ( )� ,ϕ  ROI Location

AfterfixingtheorientationangletheROIisextracted.Asthepalmimagesarepositionedparallel
withthehorizontalplane,theco-ordinateofthefurthestright2corners(A,B)arekeptastwocorners
oftheROI.Passingthroughfromrighttoleft(fromA,B),theformertwocoordinates(C,D)which
hasatleast20pixelseparationintheverticaldirectionarekeptasadditionaltwocornerlocationof
ROI.Seefigure2(e).Lastly,theimageinsidethe4coordinates(A,B,C,D)arecroppedandkept
astheROI.Seefigure2(f).

Algorithm7.ROI(IR)

Input: IR
(x,y) (RGB Image) 

Output: I
ROI
 (Extracted ROI)

1: P
r1
 ¬ P

X
 (length (P

X
) +1, 1) // P

X
 is obtained from Harries 

corner detection function
2: P

c1
 ¬ P

Y
 (length (P

Y
) +1, 1) // C

Y
 is obtained from Harries 

corner detection function
3: P

r2
 ¬ P

X
 (length (P

X
), 1)

4: P
c2
 ¬ P

Y
 (length (P

Y
), 1)

5: for w ¬ 1 to length (P
Y
)-1

6: s1 (w, 1) ¬ abs (P
Y
 (w, 1) - P

Y
 (w+1, 1))

7: if s1 (w, 1) <10
8: s2 (w, 1) ¬ abs (P

X
 (w, 1) - P

X
 (w+1, 1))

9: end if
10: end for

Figure 2. (a): original image, (b): binary image, (c) extracted palm boundary and corners, (d): linesegment drawn between the 
rightmost corners (A and B) to correct the orientation angle, (e) another two points (C and D) are identified, (f): ROI between A, 
B, C and D
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11: for h ¬ length (s2)-1 to 1
12: if s2 (h, 1)>20
13: P

r3
 ¬ P

X
 (h+1, 1)

14: P
c3
 ¬ P

Y
 (h+1, 1)

15: P
r4
 ¬ P

X
 (h, 1)

16: P
c4
 ¬ P

Y
 (h, 1)

17: break
18: end if
19: end for
20: P

c
 ¬ [P

c1
 P

c2
 P

c3
 P

c4
]

21: Y
MIN
¬ min (P

c
)

22: Y
MAX
¬ max (P

c
)

23: mask ¬ poly2mask ([P
r4
 P

r2
 P

r1
 P

r3
], [Y

MAX
Y
MAX
 Y

MIN
 Y

MIN
], size (I

R
, 

1), size (I
R
, 2))

24: I
ROI
 ¬ I

R
 * mask // * is the convolution operator

Algorithm8.poly2mask(a, b, c, d)

Input: a, b (Vectors to represent polygon vertices); c, d (Size of 
the binary image) 
Output: Mask (Binary region of interest)
1: Each unit square is divided into a 5-by-5 grid.
2: The vertices positions are altered to be on the intersections 
of the subpixel grid.
3: A path is drawn from each adjusted vertex to the next, 
following the edges of the subpixel grid.
4: The polygon inside pixels are identified to create the Mask 
using this rule: the pixel is considered as an inside pixel if 
and only if the pixel’s central subpixel is inside the boundaries 
defined by the path between adjusted vertices.

Pre-Processing
ToconvertthecontrastoftheROIevenandtomakeittranslationinvariantthepre-processingphase
isneeded.Tostandardizethetranslationissues,thebackgroundiscroppeduntiltheROIjustfitsinto
itsboundingbox.AfterthattostandardizethecontrastoftheROIimage,thelowestintensityofthe
imageisthefixedto0andtheupperintensityisfixedto255.Valueslowerthan0arefixedto0and
valuesnearby255arefixedto255.

Algorithm9.Background_Shrunk(I)

Input: RGB Image (I)
Output: RGB Image (B)
1: [r, c] ¬ size (I)
2: for q ¬ 1 to r
3: if I (q,:) == 0
4: continue
5: else
6: topmost ¬ q
7: break
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8: end if
9: end for
10: for q ¬ 1 to c
11: if I (:, q) == 0
12: continue
13: else
14: leftmost ¬ q
15: break
16: end if
17: end for
18: for q ¬ c to 1
19: if I (:, q) == 0
20: continue
21: else
22: rightmost ¬ q
23: break
24: end if
25: end for
26: for q ¬ r to 1
27: if I (q,:) == 0
28: continue
29: else
30: bottommost ¬ q
31: break
32: end if
33: end for
34: B ¬ I (topmost: bottommost, leftmost: rightmost)

Algorithm10.Contrast_Norm(I)

Input: I (RGB Image)
Output: IC

 (Contrast normalized image)
1: p ¬ min (I)
2: q ¬ max (I)
3: I

C
¬ (I - p) * (255 / (q - p))

Feature extraction
Principallineextraction,aswellastheextractionoffeaturesusinga2-componentpartitionmethod
fromtheprincipalline,isdoneinthisstage.

Principal Line Extraction
Afterpre-processingtheprincipallinesareseparatedfromtheROI.ToextractthePrincipalline,
first,theHessianmatrixiscomputedfromtheROI.Secondorderpartialderivativesareprocessed
foreachimagepixeltobuildtheHessianmatrixasshowninequation(6)(Hiriart-Urrutyet.al.1984):

H x y
S x y S x y

S x y S x y
xx xy

xy yy

,
, ,

, ,
( ) = ( ) ( )

( ) ( )
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S x y G x y I x y
xx xx
, , * ,( ) = ( ) ( ) 

S x y G x y I x y
yy yy
, , * ,( ) = ( ) ( ) 

S x y G x y I x y
xy xy
, , * ,( ) = ( ) ( )  (6)

where*istheconvolutionoperator.FromtheimageI (x,y),the2ndorderderivativecomputedvia
GaussianfunctionG(x,y)inxandy-directionwithalowvalueofthesmoothingfactorσ(Sigma)
andrepresentedasS

xx
,S

xy
andS

yy
.TheGaussianfunctioncanberepresentedas:

G x y exp
x y

,( ) = −
+









1
2 2

2

2 2

2πσ σ
 (7)

where*istheconvolutionoperator.FromtheimageI (x,y),the2ndorderderivativecomputedvia
GaussianfunctionG(x,y)inxandy-directionwithalowvalueofthesmoothingfactorσ(Sigma)
andrepresentedasS

xx
,S

xy
andS

yy
.TheGaussianfunctioncanberepresentedas:

ThenfromtheHessianmatrixthetwoEigenvalues(λ
1
andλ

2
)arecomputedateverypixel.

ThecomputedEigenvaluesarerealastheHessianmatrixissymmetric.Toidentifytheprincipal
lines, areas have to be found where λ λ

2 1
� . Here λ

1
 and λ

2
 represents the minor and major

Eigenvalue.Afterhavingtheprincipallinestheimageistransformedtobinary.Seefigure3.

Algorithm11.Principal_Line(I)

Input: I (RGB Image)
Output: I

PL
 (Image Containing Principal Line)

1: S x y
xx
� ,( )¬ G x y I x y

xx
, * ,( ) ( )

2: S x y
xy

,( ) ¬ G x y I x y
xy
, * ,( ) ( )

3: S x y
yy

,( ) ¬ G x y I x y
yy
, * ,( ) ( )

4: HES ¬ 
S x y S x y

S x y S x y
xx xy

xy yy

, ,

, ,
( ) ( )
( ) ( )

















5: [λ λ
2 1
, ] ¬ eigen (HES)

6: if �λ λ
2 1
�

7: I
PL
 (x,y) ¬ 1

8: else

Figure 3. (left): Extracted ROI, (right): Extracted principal lines using the proposed method
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9: I
PL
 (x,y) ¬ 0

10: end if

2-Component Partition Method
Theprincipallineimageisseparatedintotwoedgecomponents(comparativeandnon-comparative)
byusingtheimagegradientmagnitude.Fromthetrainingimage,thegradientmagnitudeiscalculated
usingtheSobeloperator.Thegradientmagnitudeatcoordinate(x,y)ofthetrainingimage I x y

tr
,( ) 

isrepresentedbyG x y
tr

,( ) andthegradientmagnitudeofthetestingimage I x y
ts

,( ) asG x y
ts

,( ) .
Thepixelseparationisdoneaccordingtothefollowingguidelines:

R1:IfG x y mean G
tr ts

,( ) > ( ) andG x y mean G
ts ts

,( ) > ( ) ,thenthepixelisdenotedasacomparative
edgepixeland1isallottedtotheresultingfeaturematrix I y

C 1
x,( ) ,else0.

R2:  I f  I x y mean G
tr ts

,( ) > ( )  and  I i j G
ts ts
,( ) ≤ ( )mean  o r  I x y mean G

ts ts
,( ) > ( )  and

I x y G
tr ts
,( ) ≤ ( )mean thenthepixelisdenotedasanon-comparativeedgepixeland1isallotted

totheresultingfeaturematrix I x y
C 2
,( ) ,else0.

Algorithm12.2-component_partition(Itr, Its)

Input: Itr
 (Training Image), I

ts
 (Testing Image)

Output: I
C1
 (Image containing comparative edges), I

C2
 (Image 

containing non-comparative edges) 

1: U
tsx
¬

+ −
+ −
+ −





















1 0 1

2 0 2

1 0 1

* I
ts
 // x- direction gradient calculation of 

testing image using Sobel operator 

2: U
tsy
¬

+ + +

− − +





















1 2 1

0 0 0

1 2 1

* I
ts
 // y- direction gradient calculation of 

testing image using Sobel operator 

3: G x y
ts

,( )¬ U U
tsx tsy
2 2+  // gradient magnitude of the testing image

4: U
trx
¬

+ −
+ −
+ −





















1 0 1

2 0 2

1 0 1

* I
tr
 // x- direction gradient calculation of 

training image using Sobel operator 

5: U
try
¬

+ + +

− − +





















1 2 1

0 0 0

1 2 1

* I
tr
 // y -direction gradient calculation of 

training image using Sobel operator 

6: G x y
tr

,( ) ¬ U U
trx try
2 2+

7: if G x y G
tr ts

,( ) > ( )mean  && G x y G
ts ts

,( ) > ( )mean
8: I x y

C 1
,( ) ¬ 1
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9: else
10: I x y

C 1
,( ) ¬ 0

11: end if
12: if ( ,I x y G

tr ts( ) > ( )mean  && I x y G
ts ts
, )( ) ≤ ( )mean  || ( ,I x y G

ts ts( ) > ( )mean &&

I x y G
tr ts
, )( ) ≤ ( )mean

13: I x y
C 2
,( )¬ 1

14: else
15: I x y

C 2
,( )¬ 0

16: end if

Feature Matching

Aftercalculatingthefeaturematrix I
C 1

and I
C 2

,theaverageofboththematricesiscomputedand
keptinthematrix I x y

SC 1
,( ) and I x y

SC 2
,( ) .Thenin I x y

SC 1
,( ) ,ifthevaluecalculatedfromthe

sametrainingandtestingclassimageishighestascomparedtothevaluecomputedfromdifferent
trainingandtestingclassimages, then1isallottedtothe1stcellofthefinalfeaturematrix I

F
.

Similarly,in I x y
SC 2

,( ) ,ifthevaluecalculatedfromthesametrainingandtestingclassesislowest
orhighestascomparedtothevaluecomputedfromdifferenttrainingandtestingclassimages,then
1isallocatedtothe1stcellofthefinalfeaturematrix I

F
.Herethehighestvalueisalsoconsidered

asifthereisashiftinthetestingimage,thenmostoftheedgeswillconvertedtonon-comparative.
Ifbothofthecellsof I

F
contains1,thenthetestimageisconsideredastherightclassification.

Algorithm13.Feature_Matching(IC1, IC2, N, NT)

Input: IC1
 (Image containing comparative edges), I

C2
 (Image 

containing non-comparative edges), N (Total number of class), NT 
(Total number of the testing image) 
Output: CLS (Class Name)
1: I

SC1
¬ mean (mean (I

C1
))

2: I
SC2
¬ mean (mean (I

C2
))

3: for k¬ 1 to NT
4: for j ¬ 1 to N
5: if I

SC1
 (k, 1) == max (I

SC1
 (k, j)

6: I
F
 (k, 1)¬ 1

7: end if
8: end for
9: end for
10: for k¬ 1 to NT
11: for j ¬ 1 to N
12: if (I

SC2
 (k, 1) == max (I

SC2
 (k, j)) || (I

SC2
 (k, 1) == min (I

SC2
 

(k, j))
13: I

F
 (k, 2) ¬ 1

14: end if
15: end for
16: end for
17: for k¬ 1 to NT
18: if sum (I

F
 (k,:)) ==2
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19: Accepted class (CLS)
20: end if
21: end for

eXPeRIMeNTATIoNS AND ReSULTS

Dataset
Experimentationisdoneusing800high-resolutionpalmimagesdividedinto40classes,collected
fromHongKongPolytechnicUniversity(PolyU)palmprintdatabase.Outof20imagesofeachclass,
10areconsideredfortrainingand10fortesting.Figure4demonstratesoneimageofeachclassin
thedataset.

RoI extraction
ToensuretheperformanceoftheproposedpalmprintROIextractionalgorithmsomeexperimentation
isdoneaspresentedinfigure5aswellasfigure6.Figure5designatestheROIextractionoutcome
usingtwounlikeleftpalmprintimagesandfigure6showstheROIextractionoutcomeontwodifferent
rightpalmprintimages.

Pre-Processing
AfterROIextractionthepre-processingstepcontainstheimprovementofcontrastandstandardization
oftranslationfactor.Figure7representstheoutcomeoftheROIafterpre-processing.

Feature extraction
ThisstageconsistsoftheprincipallineextractionfromROIbyapplyingtheproposedmethod.Then
2-componentpartitionmethodisusedtoextractfeaturesfromprincipallines.

Principal Line Extraction
The proposed method is used to extract the principal lines from the palm ROI. Furthermore, a
comparisonisdonebetweenthecannyfilterandproposedamethodtodetecttheprincipallinesfrom
thepalmROI.ThecannyfilteristhemostcommonlyusedgradientapproachinlightoftheSobel

Figure 4. Samples of 40 classes of the dataset
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filter.Thisfilterusesahysteresis thresholdingthathelpstodeterminetwoperfect thresholdsfor
thoroughextractionofprincipallinesfromtheROI.However,thelimitpointsfromthefirstdecided
mightneveragainbeperfectandcancausefalseidentification.Figure8displaysthecomparisonof
principallinesusingaCannyfilterandtheproposedmethod.

Figure 5. The ROI extraction result (a2, b2) by applying the proposed algorithm to two different left palmprint (a1, b1)

Figure 6. The ROI extraction result (a2, b2) by applying the proposed algorithm to two different right palmprint (a1, b1)

Figure 7. (a): Original ROI, (b): After standardizing the translation factor, (c): After improving the contrast

Figure 8. (a): Extracted ROI, (b): Extracted principal lines using a Canny filter, (c): Extracted principal lines using the proposed 
method
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Valuesofσ(Gaussiansmoothingfactor)varyingfrom1to5areusedtoextractthelinesbyusing
theproposedtechnique.Figure9designatestheoutputusingσ=1,2and3.

Fromfigure9itisclearthatatσ=1,thedataoftheprincipallinesaremuchbetter-qualityas
comparedtootherσvalues.So,inthisexperimentation,thevalueofσisconsideredas1.

2-Component Partition Method
Theextractedprincipallineimageisdividedinto2-componentsbyusingthistechnique:comparative
andnon-comparativebycomparing the trainingand testing images.Figure10and11shows the
outputofthisstep( I

C 1
and I

C 2
).

Feature Matching and Classification
Table1 indicates theresultsusingthisproposedmethod.Overallprecisionis90.25%.Figure12
showstheaccuracyplot(summationoftwocellsofISM)ofatestsampleofClass1.

ANALySIS

Thepresentworkiscontrastedwithothercontemporarypalmprintrecognitionmethodstothecurrent
datasettowatchtheirexhibitions.Inthispaper,themethodsusedforcomparisonaretheDiscrete
CosineTransform(DCT),ZernikeMoment,GrayLevelCo-occurrenceMatrix(GLCM),LocalBinary
Pattern(LBP)andHammingdistance.Thetimerequiredfortheexecutionoftheproposedmethod
is310secondswithIntelCorei5processorand2GBRAM.

Figure 9. Extracted Principal lines using Proposed method (a): σ = 1, (b): σ = 2, (c): σ = 3

Figure 10. S1: Extracted Testing image Principal line of Class 1; T1, T2, T3: Extracted Training image Principal Line of Class 1, 2 
and 3; T1_S1, T2_S1, T3_S1: IR1 output computed between the training and testing images
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Guo et.al. (2009) uses DCT for the recognition of palmprint images. While the input from
preprocessed8x8pieces is thewholenumber, theoutputvaluesare typicallyreal-valued.Soa
quantizationstepisrequiredtosettleonafewchoicesaboutthequalitiesineachDCTblockandcreate
outputthatisinteger-valued.Thushighcomputationaltimeisrequired.Obtainedoverallaccuracy
is70.25%usingthemethodusedbyGuoet.al.ThetimerequiredforthemethodusedbyGuoet.al.
is350seconds.Figure13analyzesclassexactnessoftheapproachusedbyGuoet.al.(red)withthe
proposedapproach(blue).

ZernikemomentisusedbyKararet.al.(2012)fortherecognitionofpalmprintimages.Themajor
drawbackwithZernikemoment:theyhavetostandardizeanimagetoaccomplishscaleinvariance.
Thispresentsafewmistakessinceitincludesthere-examiningandre-evaluatingofdigitalimages,

Figure 11. IR2 output computed between the training and testing images. T1_S1 (MS): when there is a minimum shift between the 
training and testing of the same class; T1_S1(S): when there is a maximum shift between the training and testing of same class

Table 1. Percent Recognition Rates of palmprint testing images

Class Accuracy Class Accuracy Class Accuracy Class Accuracy

1 90 11 80 21 90 31 100

2 100 12 90 22 90 32 90

3 80 13 90 23 90 33 100

4 80 14 90 24 100 34 80

5 90 15 90 25 90 35 70

6 100 16 100 26 90 36 90

7 90 17 90 27 100 37 90

8 90 18 100 28 100 38 90

9 90 19 100 29 90 39 60

10 90 20 90 30 90 40 90

Figure 12. Accuracy plot of a sample of Class 1
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andpromptstheincorrectnessoftheclassifier.Thedrawbackisthatitisnumericallycomplicatedand
computationallyheavy.Obtainedoverallaccuracyis81%usingthemethodusedbyKararet.al.The
timerequiredforthemethodusedbyKararet.al.is300seconds.Figure14analyzesclassexactness
oftheapproachusedbyKararet.al.(red)withtheproposedapproach(blue).

Zhu et.al. (2011) used GLCM features for the recognition of palmprint images. The major
drawback of the use of GLCM to calculate texture features for image segmentation is that it is
veryintensivecomputationally.Although,mostofthecalculationsaredoneoverunnecessaryzero
probabilities.Obtainedoverallaccuracyis79%usingthemethodusedbyJunet.al.Thetimerequired
forthemethodusedbyZhuet.al.is360seconds.Figure15analyzesclassexactnessoftheapproach
usedbyJunet.al.(red)withtheproposedapproach(blue).

LocalBinaryPatternisusedbyGuoet.al.(2010)fortherecognitionofpalmprintimages.The
localbinarypattern(LBP)operatorhavethreedisadvantages:(1)Theycreateratherlonghistograms,
whichbackofftherecognitionspeedparticularlyonvastscaledatabase;(2)Undersomespecific
situation,theymissthenearbystructureastheydon’tconsidertheimpactofthemiddlepixel;(3)
Thebinarydatadeliveredbythemaredelicatetonoise.Obtainedoverallaccuracyis67%usingthe

Figure 14. Accuracy using the approach used by Karar et.al. (red) and proposed approach (blue)

Figure 15. Accuracy using the approach used by Jun et.al. (red) and proposed approach (blue)

Figure 13. Accuracy using the approach used by Guo et.al. (red) and proposed approach (blue)
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methodusedbyGuoet.al.ThetimerequiredforthemethodusedbyGuoet.al.is340seconds.Figure
16analyzesclassexactnessoftheapproachusedbyGuoet.al.(red)withtheproposedapproach(blue).

HammingdistanceisusedbyKumaret.al.(2014)fortherecognitionofpalmprintimages.The
maindrawbackofthismethodis,itisverysensitivetotheappliedthresholdvalue.Also,thismethod
isveryrestrictivewhenmakingcomparisons.Obtainedoverallaccuracyis42.5%usingthemethod
usedbyKumaret.al.ThetimerequiredforthemethodusedbyKumaret.al.is370seconds.Figure17
analyzesclassexactnessoftheapproachusedbyKumaret.al.(red)withtheproposedapproach(blue).

CoNCLUSIoN

Thisarticleproposesanewtechniqueforrecognitionofpalmprintimages.Thispalmprintrecognition
technique incorporates ROI extraction, pre-processing, feature extraction and feature matching.
ROIextractionisconsideredasoneoftheimperativestagesinthesefourphasessinceitincredibly
impactsthegeneralrecognitionaccuracyandhandlingrateoftheentireframework.Itisnecessary
to takeROIatasimilarpositionfromdifferentpalmprint images toguarantee thequalityof the
recognitionofpalmprintimages.Inthispaper,anewROIextractionmethodissuggestedbasedon
corneridentification.CorneridentificationisdonebyHarriescornerdetectionalgorithm.Feature
extractionmethodincludestwo-steps:PrincipallineextractionwhichisbasedontheEigenvalues
computedfromtheHessianmatrixand2-componentpartitionmethodwhichisusedtosegmentthe
principallinesofanytestimageinsimilarandnon-similaredges.Atlastthefeaturematchingiscarried
outrelyinguponthescoreofsimilarandnon-similaredges.Futurescopeincludesthedetectionof
palmprintimagewithlowresolutionanddifferentlightingconditions.

Figure 16. Accuracy using the approach used by Guo et.al. (red) and proposed approach (blue)

Figure 17. Accuracy using the approach used by Kumar et.al. (red) and proposed approach (blue)
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