BBJIITAPCKA AKAJIEMMA HA HAYKUTE . BULGARIAN ACADEMY OF SCIENCES

[IPOBJIEMMA HA TEXHMYECKATA KMBEPHETVKA " POBOTUKATA, 47
PROBLEMS OF ENGINEERING CYBERNETICS AND ROBOTICS, 47

Copmsa . 1998 . Sofia

Contrast Enhancement of Portal Images
with Adaptive HistogramClip

Georgi Gluhchev

Institute of Information Technologies, 1113Sofia

1. Introduction

The radiotherapy isawidelyused and effective method for cancer treatmentwhereahigh-
energy beam is targeted at the tumor volure . To properlydel iver the required radiation
to the tumor and to prevent surrounding tissue frandestruction, the beamhas tobe shaped
asprescribedby thephysician. Thisrequires registrationof two imeges: areference imege
andan image obtaiined during the radiatiiondel ivery cal led portal imege. Honever, portals
arenctoriouswiththeirpoor qual itywhichharpers the anatomical structuredel ineation
andmakes image comparisonachal lenge. Therefore, theaccurate registrationreguiresa
preprocessing step aimedat the contrast enhancement.

Many contrast enhancement techniques are based on the histogramequal ization
(HE) - The idea is to transform the distribution functionof theoriginal imageandmake
itasclosxeaspossible toadistributionofprescribedshape. Asaresultsoregrey levelsare
corbined into one bin and the dynamic range may increase. However, whenappliedtoa
whole image HEwi 11 ignore local peculiaritiesand may not performverywell . Toavoid
thisanadaptive histogramequal ization technigue (AHE) was developped [1, 2] - HereHE
isgpplied inawindovslidingover the imagepixel by pixel and thegrey level of the central
windowpixel istransformed, accordingly. This technique performs better thanHEbut att
the expense of much more canputational time. To reduce it, an interpolated AHEwas
davelgeedbyPizer etal. [3]- Inthelrapproachthe imege isdivided inmtornxxny contextual
regions of size dxxdyandhistogransare evaluated andequal ized forall regions. Thegreys
of the original image are transformed usingabilinear interpolationof the equal ized
histograms ofevery four neighbor regions. Aslightly different approachweas suggested
in[5].- Whilethe dotainedqual ity isalmost asgood as that dotained by AHE, the processing
time is significantly reduced . Amajor shortcoming of these approaches concems the
overenhancement of relatively homogeneous regions. Thus, the noise inthe background of
portal imegesmaybedrastical ly increased. Also, fieldedgesmay besignificantlyblurred.
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Toreduce the noiseenhancement anddistortionofthe radiationfieldedge, acontrast
limited adaptive histogramequal ization (CLAHE) hasbeen suggestedby S.M_Pi zer
etal. [4]. Theideaistocliphistograms fronthecontextual regionsbeforeequalization.
Thus the inflluence of daninantgrey levelswi ll bediminished. Themagnitude of theclip
permitsto tradeoff contrastenhancament fornoise increasement. Honever, aconstartclip
value applied to the entire image may not be approprate. For example, contrast
enhancament is not necessary outside the field. Also, contrastenhancemernt maynot be
wellcare for the contextual regionswhere the field edge goes throughbecause the edge may
besaverelydistorted.

An approach aimed at the addaption of clipping level all over the image was
publishedbyY. Bao[6]- Theauthor introducesa function

@ H =H(c) m,
where mando are themean value and standard deviation of thegreys fran the corntextual
region, respectively, andH(c) isapredifined function inc . Themegnitude of the clipping
factor issuggested to be proportional toH, - Whenapplied to portal images this technique
donotperformveryvell. Thisisdue tothefact that H, isusual lyhighatthe boundarywhich
leadstoasignificantedgeblur. Inanattenpttoavoid thiswe have developed anapproach
that recognizes contextual regionsR; asbelonging to the background,, fieldandfieldedge.
Thispemitstoassigndifferentclip levelsfor the three typesof regions.

2. ldentificationof contextual regions

Toobtainagood imagequal ity, small clipping values have tobe attached to homogeneous
regions, thus preventing fronmuch noise inthe background. Also, small values are
required for boundary regions inorder to reduce the edge blur, while large values are
recuired forthe regions inside the field. Toachieve this, contextual regionsR. havetobe
recognized as belonging to the background, boundary and inner part of the field,
reprtiely.

2.1 Definitionofcontextual regions

Three typesof contextual regionsR; are defined inthe parameter space (m, o) as follons:

a) B-at least 90%of pixels in the regionare from the background;

b) F- at least 0% of pixels inthe regionare from the field;

c) E-all regionsdifferentfronBandF.

TypesB, FandE are characterizedwithdifferentvaluesofmand o For instance,
regions fronBwill have small m, and o, , regions framFwi Il have average m, andaverage
orrelativelysnall o, , whileregions franEwil l reveaveragem and relatively large o, . This
isshown inFig- 1where parameters (n, o) areobtained frana real portal imageofa
patient treated inthe Head & Neck. The ROl (Region OF Interest) was divided into
contextual regionsR; of size 32x32 pixels. Toclassify them intogroups B, FandE, first,
the field contourwesautomatical ly detected [7] and second, conditionsa), b) andc) were
drededforeveryR. . Theblacksouares inFig. 1 represent regionsof typeB, black triangles
show regions of type F and open squares are used for edge regionsE.
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Standard deviation o

Mean value m
Fig. 1. Clusters corresponding to the background regions (B), field regions (F) and edge regions (E)

2_2_Clusteringproocedure

InFig. 1typesB, Fand Eof regionsare proper ly separated with straight lineswhich
suggests that anautomaticclassificationmaybe used to identify the region”s type. For this
aclustering techniquemay begpplied. Honever, incaseofdifferentspread of the clusters
Euclidean distancemay not be anappropriate measure of the simi larity betweenpoints in
theparareter space. Instead, metrictensorsare used basedontheevaluation of the inverse
covariancematricesy, ' of thecorrespondingclusters.

Let

K K
a;p  ap

K K
ay Ay

@ ko=

be the inverse covariance matrixandM(m,, o,,) be COG (Center Of Gravity) of the
clusterK (K=B, F, E). Thedistanced, betweenpointR (m,, c,)and cluster K isdefined

by the formula
(mi - mKO]
9i ~0ko
Treclusteringalgoritimlooks like this.
1. Selectstartingpoints S, forK=B, F, E. For this fol lowing suggestions may be
used (seeFig- D:
S, isthepointwithm=min, (m),
S; isthepointwithm=max, (M),
S isthepointwith o=max; (c,)-
2.Set M =S,.
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3. Bvaluatedistance d, between point (m,, o,) and pointM_ forall regionsR, and
allk.

4. AssignregionR; tothe clusterwithminimal distanced, .
After thisstep theregionswilll be redistributedbetweenclusters.

5. BEvaluate new COG for the clusters. If the new COG are different from COG
evaluatedat theprevious iteration, gotostep3, otherwise clustering is corpleted.

Thisprocedureusual lyconverges toasingle regiondistributionbetweenclusters. The
distribution does not depend on the starting points but the nurber of Iterationsmay

significantlydependon it
2_3.Clippinglevel selection

Now then the contextual regiions havebeen identified, cl ipping values have tobe assigned
to them depending on the type they belong to. The B regions do not need contrast
enhancementatall and c=1 hasto be selected for them. For Eregionsatrade offis
requiredbetween theenhancement of the useful informattion fronthe fieldandpreservation
of the fieldedge, therefore 1<c<3is recomended. The F regionsmay be assigneda

large clip level having inmind thatt large ¢ willl increase thenoiseasvwel l.

3. Bgerimental results

Berimentswith real portal imeges frandifferentsites havebeencarriedout tocheck the
aocouracyof thecluster algoritmand theeffect of differentclip leels. Thefol lovingmetric

tensorswere used for the three types of regions:
Ho,oeas 0,33 || HOCDlS 0,00853 |

-1
= , |
®  ]/-0,0331 0,045 || F || 0,00853 0,0884 |

Figures 2 b-dshowthe result of processing of aportal image of apatient treated in
the Head&Neck. The original image isshown InFig. 2a. Fig. 2bshons the selected ROI,
cottextual regionsof size 2x32pixelsand the three types of regions markedwithdifferent
color. Contrastenhanced imageswith constantclip c=7andadaptiveclipwithc, =1,
¢. =2andc. =7 respectively are presented inFig. 2cand Fig. 2d. Whilethenoise inthe
background is increased and the field edge is significantly distorted inFig. 2c, nosuch
effectsarevisible inFig. 2d.

The clusteringprocedurevaesable toproperly identify contextual regions. Therewere
nomisclassificationsof field regions for theHead &Neck imagewhich isdifficultone
because of the unclear field edge in the bottom-left part of the field. Nomore than 5
iterationsvere required to find the three clustersof regions. Theexperinmentshave proved
the good per-formance of this approach.
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Fig. 2. a) Original H&N image, b) Marked image,
¢) Constantclip, d)Adaptiveclip



4_Conclusion

We have developed an approach aimed at the contrast enhancement of portal images
wirthout noise enhancamentoutside the radiation fieldandwithout sever distortionof the
Tieldedge. Acluster procedurewss used that proved to berobust, accurateand fast. Itdoes
not depend neither ondynamic characteristicsof images nor onthe initial selectionof
clusteroints.
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YIIydleHue InopTajibHBIX I/ISO@paDKeHI/H\/JI C IIOMOIIBIO agallITMBHOI'O
I'MICTOI'PaMMHOTI'O KJIUIIIIMPOOBAHNMA

Teoprv ImyxyeB

UHCTUTYT MHPOPMALIMOHHEIX TexHoJormit, 1113 Copus

(PesmoMe)

OrmcheBaeTCa HOBBIM ITOOXOI IJ1 YITYUIlIeHMS KOHTPACTa I10PTaJIbHEIX MB300pakeHV .
KoHTekCcTyasbHEEe OBJIaCTM KJlacCHuoMUupylnTca B kjacTepsl B, F u E,
cooTBeTCTRyWIMEe QOHY, IOJIIO M KOHTYPY HoJjd. Cneumndmuyeckoe 3HaAUEHUE
KJIMMIIIMPOBAHUA [TPUCBAVBAETCA KXIOMY KJIACTePy IO I'MCTOIPaMMHOM SKBaJIA3aLIVIA .«
SKCIEPMMEHTEHL C [1OPTAaJIbHEIMYM M300paXEeHMAMY [T0KA3aJM 90OEeKTMBHOCTE 3TOTO
TIOIXOmA .
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