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Mindenek el6tt szeretnék kdszonetet mondani az értekezésem biralatara szant idejéért és annak nagyon
alapos véleményezésért. Az alabbiakban idézem az opponensi kérdéseket, illetve az altalam
megvalaszolanddnak érzett megjegyzéseket, majd az erre adott valaszaimat.

1) ,Sajnos a dolgozat tobb részében is hidnyoznak a hivatkozasok fontosabb felhasznalt algoritmusokra,
osszefiiggésekre (legyen az szakirodalmi hivatkozas vagy az 1. fejezet relevans része). A teljesség igénye
nélkiil:

1. Section 3.2: Eulerian curve, Floodfill8 algorithm

2. Section 5.6.1: (5.59) — (5.62) mértékekhez egyetlen hivatkozas sincs megadva

3. Section 6.1: Simulated annealing

4. Section 7.3.2: Egyetlen osztalyoz6 algoritmushoz sincs megadva referencia”

Viélasz:

Az opponensi észrevétel jogos, mivel az értekezésben — részben terjedelmi okok miatt is — igyekeztem az
altalam koézismertebbnek feltételezett fogalmak, eredmények hivatkozasit mellézni. Ennek megitélése
természetesen részben szubjektiv, illetve fennallt annak a hibdnak a lehet6sége, hogy egyes hivatkozasok
kimaradnak. Az opponens altal emlitett hidnyossagokkal kapcsolatban:

e 3.2: Eulerian curve, Floodfill§ algorithm
A szakirodalom explicit médon nem ismeri az Eulerian curve (Euler-gorbe) fogalmat, azaz itt
hivatkozadst megadni nem igazan lehetséges. Az értekezésben felvazolt és hivatkozott médon
felhaszndlom a grafelméletben hasznalt Euler-tulajdonsagot, beidézem az abstract curve graph
(absztrakt gorbegraf) fogalmat, amelyeket Euler-gérbeként kapcsolok éssze. Mivel a fogalom igy nem
elterjedt, valészinlleg hasznos lett volna ezt az eljarast egy magyarazé mondattal még tisztazni az
értekezéshen.
A Floodfill8 algoritmus hivatkozasa az els6 eléforduldsnal (3.1.1. szakasz, 47. oldal) az értekezésben az
alabbiak szerint szerepel: ... we can use the recursive Floodfill8 algorithm [124]”

e 5.6.1:(5.59) — (5.62) mértékek
A meértékek definicidjanak ismertetésekor valéban nem szerepel az explicit irodalmi hivatkozas,
viszont az (5.59) egyenlet el6tti bevezet6 bekezdésben megadasra keriiltek a megfeleld



szakirodalmak: ,In the current literature (see e.g. [166, 174]) the following diversity measures are
suggested..:”

e 6.1: Simulated annealing
A Simulated annealing (szimuldlt hiités) algoritmus hivatkozasa az elsé el6forduldsnal (6.1 szakasz,
117. oldal) az értekezésben az aldbbiak szerint szerepel: ,Our search framework is based on simulated
annealing [201], which is a stochastic search algorithm”

e 7.3.2: Osztalyozo algoritmusok
Az értekezésben szereplé osztdlyozok tesztelésére a Weka programcsomag szolgalt, igy ennek
hivatkozasa célszer( lett volna: Eibe Frank, Mark A. Hall, and lan H. Witten (2016). The WEKA
Workbench. Online Appendix for "Data Mining: Practical Machine Learning Tools and Techniques",
Morgan Kaufmann, Fourth Edition, 2016.

Az egyes osztalyozékhoz (Alternating Decision Tree, kNN, AdaBoost, Multilayer Perceptron, Naive
Bayes, Random Forest, SVM) tartoz6 szakirodalom:

Freund, Y., Mason, L.: The alternating decision tree learning algorithm. In: Proceeding of theSixteenth
International Conference on Machine Learning, Bled, Slovenia, 124-133, 1999.

Fix, E., Hodges, J.L. Discriminatory analysis, nonparametric discrimination: Consistency properties.
Technical Report 4, USAF School of Aviation Medicine, Randolph Field, Texas, 1951.

Freund, Y.; Schapire, R.E. (1997), "A decision-theoretic generalization of on-line learning and an
application to boosting", Journal of Computer and System Sciences, Elsevier, 55 (1): 119-139.

Paul Werbos (1974). Beyond regression: New tools for prediction and analysis in the behavioral
sciences. PhD thesis, Harvard University.

Russell, Stuart; Norvig, Peter (2003) [1995]. Artificial Intelligence: A Modern Approach (2nd ed.).
Prentice Hall.

Ho, Tin Kam (1995). Random Decision Forests (PDF). Proceedings of the 3rd International Conference
on Document Analysis and Recognition, Montreal, QC, 14-16 August 1995. pp. 278-282.

Cortes, C.; Vapnik, V. (1995). "Support-vector networks". Machine Learning. 20 (3): 273-297.

2) ,,Mindkét tesztesettel az a f6 probléma, hogy a szerzé nem hasonlitja 6ssze az altala javasolt Chamfer-
illesztésen alapul6 detektalé médszert mas ember- illetve érrendszer-detektalé algoritmusokkal. Ezért
a tesztek csak annyit igazolnak, hogy a mintavételezésre vonatkozé elméleti eredmények a
gyakorlatban is kézzelfoghatéak. Azonban a tesztek alapjan nem jelentheté ki, hogy a médszer az
emberdetekci6 teriiletén valéjaban mennyire jelentds.”

Vélasz:

Egyetértve az opponensi véleménnyel, ennek a munkanak a fé6 motivacidja egy Uj, chamfer-illesztést
tekint6 eljarasokban legkisebb hibaval jaré mintavételezés kidolgozasa volt a sablonillesztés
gyorsitasaként. A vizsgalatok kiterjedtek arra is, hogy a mintavételezésb6l szarmazo hiba a mintavételezés
fokanak fiiggvényében milyen médon né, igy becsiilhetd a sablonillesztés pontossaganak visszaesése. igy
annak a kérdésnek a megvalaszolasa, hogy a javasolt médszer mennyire alkalmas példaul az emberi alak
detektdlasara elsGsorban arra vezethet§ vissza, hogy a chamfer-illesztés alapd mdédszerek mennyire



alkalmasak erre feladatra, mivel a javasolt mintavételezé eljaras ezt egy adott mértékben becsiilhetd
modon rontja. A chamfer-illesztésen alapulé detektdlé mddszerek elsGsorban olyan alkalmazasokban
voltak népszerlek, ahol kisebb szamitasi kapacitas allt rendelkezésre (példaul gépjarmii fedélzeti
kamerajanak valds idej(i feldolgozdsa gyalogosok detektalasara), igy a pontossag mellett a futdsi id6 is
kiemelten fontos volt. Munkamat alapvet6en Dariu M. Gavrila mddszerei és eredményei inspiraltak, aki
1997-2013 ko6z6tt a Daimler cég szamara fejlesztett gyalogos-érzékeld eljarasokat, és a szakterileten a
mai napig aktiv (ldsd www.gavrila.net) folyamatos, kifejezetten nivos publikacids tevékenységgel a
modszerek valddi alkalmazasa mellett. Legelemibb vizsgdléddsaimkor még Gavrila és szerzétarsa 1999-es
[1] munkajdra tdmaszkodtam. Az azéta eltel id6ben az latszott, hogy a chamfer-illesztésen alapuld
modszer a mai napig megmaradt a fejlesztett rendszerekben, csak folyamatosan kiegésziilt tovabbi
hatékony és gyorsan szamolhaté sajatsagokkal. Mindezen leirdk egy oOsszetett (ensemble-based)
keretrendszerben keriilnek aggregalasra; lasd példaul [2]: , Our Mixture-of-Experts framework [24] for
pedestrian classification combines four modalities (shape, intensity, depth, and motion) and three
features (Chamfer distance, HOG, and LBP).” A chamfer-tavolsag, HOG és LBP sajatsagokrdl az is kiderdl
ebben a munkaban, hogy meglehetdsen diverz viselkedésliek, ami az Osszetett rendszerek esetében
kifejezetten jotékony tulajdonsag. A kozleményben szintén szerepel egy oOsszehasonlitas, ami a fals
pozitivok szdmanak csokkenését igazolja az Gsszetett rendszer hasznalatakor egy korabbi (csak HOG
sajatsdgokat és linedris SVM osztdlyozot) tekinté eljaras esetén, mely [3] alapjan kifejezetten
versenyképes a teriileten; az elemzésekben hasznalt adatbdzist a szerz6k publikussad tették (lasd
http://www.gavrila.net/Datasets/datasets.html).

A fentiek alapjan jelenleg nagyon nehéz lenne egy korszer(i Osszetett gyalogos-detektaléd rendszer
pontossagaval kapcsolatban nyilatkozni arrél, hogy a mintavételezés alkalmazasa mekkora
pontossagvesztést eredményezne a teljes rendszer szintjén. Mindenesetre, az 0Osszehasonlitd
eredmények azt sugalljdk, hogy a mddszernek helye van a szakterileten, egy Osszetett rendszer egy
lehetséges komponenseként mindenképpen. A mintavételezés viselkedésének valds hatasat — az
opponenssel egyetértve — kifejezetten érdekes lehet a jov6ben megvizsgalni az elérheté adatbazisokon,
valészinUsithetd azonban, hogy 6nmagaban a chamfer-illesztés nem lenne mar versenyképes. Az egyszer(i
empirikus tesztelés mellett izgalmas elméleti kérdéseket vethetne fel itt az, hogy a sablonok hierarchikus
klaszterezéssel faba valo rendszerezését milyen mértékben modositja a mintavételezés.

A mintavételez eljardsnak az érhaldzat detektalasdban, mint egy masik lehetséges alkalmazasban, valé
felhaszndldsa mar [ényegesen messzebb esik a klasszikus chamfer-illesztéstdl. Itt az alapgondolat az volt,
hogy a képpont-szinti leirok meghatarozdsakor az egyes osztédlyok (érpont/hattérpont)
jobb/egyenletesebb reprezentécidjahoz célszerii lehet irdnyitott moédon végezni a mintavételezést, mert
példaul a hatdron lényegesen valtozatosabb sajatsagvektorok jelenhetnek meg, igy a tanulasokhoz
relative tobb informacio szuikséges. Magat a mintavételezést pedig az indokolja, hogy ellenkezé esetben
nagyon magas lenne a képpontszam a tanuldeljarasok szamara. Az osztilyok egyenletesebb
reprezentdcioja természetesen a sajatsagtérben is analizdlhaté lenne a tanulévektorok segitségével,
viszont ennek a vizsgalatnak éppen az volt a motivacidja, hogy hasonlé eredmény a képtartomanyban is
elérhet6-e geometriai megfontolasok alapjan. A képpont-szintl érhaldzat-detektorok versenyképesek a
terileten (lasd példaul Gyorgy Kovacs, Andras Hajdu: A Self-Calibrating Approach for the Segmentation of



Retinal Vessels by Template Matching and Contour Reconstruction, Medical Image Analysis 29 (2016 Apr),
24-46).

[1] D. Gavrila and V. Philomin, “Real-time object detection for smart vehicles,” in IEEE International
Conference on Computer Vision (ICCV), vol. 1, 1999, pp. 87-93.

[2] M. Enzweiler and D. M. Gavrila, "A Multilevel Mixture-of-Experts Framework for Pedestrian
Classification," in IEEE Transactions on Image Processing, vol. 20, no. 10, pp. 2967-2979, Oct. 2011.

[3] Enzweiler M, Gavrila DM, Monocular pedestrian detection: survey and experiments, IEEE Trans Pattern
Anal Mach Intell. 2009 Dec;31(12):2179-95.

3) ,,A 3.1 tablazatban azonban csak a tomaorités mértéke szerepel, mint egyetlen paraméter. Mivel a
tomorités veszteséges, ezért legalabb ilyen fontos lenne a tomorités mindségének elemzése is. Ugyanez
mondhaté el a 3.4.2 fejezetben targyalt MPEG-4 alakzat kddolasrdl is (3.2 tablazat).”

Valasz:

A bemutatott gérbetémérité eljaras valdban veszteséges, ezért a JBEAM [1] tomorité eljarassal valo
Osszevetés is ugy volt korrekt, hogy a JBEAM veszteséges tomoritést adé paraméterezésével lett
hasonlitva (a JBEAM veszteségmentesen is tud tomaoriteni, de a szerz6k javaslata a veszteséges tomorités).

A javasolt gorbetomorits tomaoritési mingségének vizsgalatat illetéen a legfontosabb szempont, hogy egy
gorbeszakasz feldolgozasa egy online linearis szakaszokra bonté algoritmussal torténik, melynek
kimeneteit Bresenham-szakaszok egy abécéjébdl helyettesitjik. Ez az eljards bizonyitottan garantalja,
hogy az eredeti és témoritett gérbe tavolsdga mindenhol 1 képponton beliil marad, mivel az eredeti
felbontaséaval nyert egyenes szakaszok és azok Bresenham-reprezentacidinak a végpontja megegyeznek.
A JBEAM esetében a szerz6k dltal javasolt toémoritési szinten nincsen garancia az eredeti gorbétdl valo 1
képponton beliili tdvolsagra, ahogyan ezt az alabbi példa is mutatja ([1]-b&l idézve):

(a) (b)

Figure G: (a) Country borders. We use them as our test images. (b) Reconstruction
of maps in the lossy beamlet coding.

Az MPEG-4 konturkodoldssal egyszeribb a mindségi oOsszevetés. Nevezetesen — ahogyan ez az
értekezésben is szerepel (ldsd 3.4.2. szakasz, 53. oldal) — az MPEG-4 poligonfelosztason alapuld
approximacids algoritmusa akkor eredményez linedris gorbedarabokat, ha a felosztds soran hasznalt
tavolsagkiiszob sqrt(2)/2. Az MPEG-4 a minGség rovasara nagyobb tomoritési hatékonysagot ér el a kiiszéb
novelésével, és a tesztek alapjan a javasolt mddszer tomoritési hatékonysaga kb. az 1 kiszobértéknél
egyezett meg az MPEG-4 hatasfokaval (mikdzben a javasolt modszer betartotta a linedris tulajdonsagot,
azaz jobb mingséget biztositott). Ahogyan ez szintén szerepel az értekezésben, az MPEG-4 szabvany —
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pszichologiai tesztek alapjan — 1,4-es kiiszobértéket jeldl meg még vizuélisan elfogadhatéként, amibél az
is kovetkezik, hogy a javasolt eljaras témoritési minésége stabilan az MPEG-4 irdnymutatasa felett van.

[1] Huo, X., Chen, J., Donoho, D. L.: JBEAM: Coding Lines and Curves via Digital Beamlets, in IEEE DATA
COMPRESSION CONFERENCE; 449-458.

4) ,A 4.1.2 alfejezetben targyalt médszer meglehetésen kezdetleges, sok a kézzel bedllitott és Iathatéan
képfiigg6 paraméter. Nem vildgos, hogy a médszer mennyire alkalmazhat6 mas tipusi képekre.”

Egyetértve a birdl6i kritikdval, valdban elmondhaté, hogy a 4.1.2 szakaszban bemutatott eljaras
mddszertanilag egyszeri. Mindenképpen figyelembe kell venni azonban, hogy idérendben ez volt a
legels6 fuzios modell, melynek gyakorlati sikeressége erésen motivalta a késébbi elmélyiltebb
vizsgdlatokat a tovdbbi javitdsokhoz az elméleti alapok lefektetésével egyiitt. A targyalt fuzios
modszertanokban vizsgélataimban mindig fontos szerepet kapott, hogy a paraméterek beallitisa
lehetbleg ne kézzel, hanem valamilyen optimalizacids eljaras segitségével térténjen. Az opponens altal
emlitett paraméterek a 4.1.2 szakaszban azonban kevéshé szabadon valtoztathatéak, mivel alapvetéen
humanbioldgiai értékekhez kapcsolodnak. Nevezetesen, a vakfolt dtmérdjeként hasznalt d_OD paraméter
varhato értéke a klinikkumban pontosan definiadlhaté egy egészséges ember vakfoltjanak atmérgjeként. A
retinaképeken ez a paraméter a digitalis képekre a ldtdsz6g (FOV) alapjan nagy biztonsaggal kalkulalhaté.
Ez a becslés empirikusan elégségesnek bizonyult. Hozzitehetjiik azonban, hogy a FOV ismeretének
hidnyaban is megoldhaté a paraméter preciz bedllitésa, mert példaul klinikai metrikus adat ismert a
vakfolt alatt megfigyelhetd legvastagabb kilépé ér atmérgjére, melynek detektaldsaval a vakfolt atmérdje
képpontban is megadhatdva valik.

A masik paraméter a szavazategyezés esetében hozott déntési mechanizmusban keriil felhasznélasra a
kép egy er6teljes Gauss simitasaban. A paraméter bedllitasa itt valéban empirikusan tortént, viszont
értéke elég nagy skaldn mozoghatd, mivel a cél lényegében egy erés elmosas.

A kérdésre adott vélaszt 6sszegezve tehdt elmondhatd, hogy nem is annyira a paraméterek beallitisa
okozhat gondot mads tipusu képekre val6 alkalmazhatosag esetén, hanem a teljes fuzids modell
adaptdlasa. Ez els6sorban a detektalni kivant objektum megfelel6 geometriai paraméterekkel vald
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5) ,A 69. oldal aljan a szerz6 javasol egy kozelitd formulat (4.8), amelyet a tesztekben hasznal. Sajnos
itt hianyzik annak elemzése, hogy ezen kozelités alkalmazasa mennyire van hatassal az eredményekre,
a kozelités hatasa pontosan miben jelentkezik az elméleti korrekt formulahoz képest.”

Vilasz:

Az opponensi felvetés jogos, hiszen a (4.8) formula nem veszi figyelembe a részt vevé algoritmusok
véarhato pontossagat és fiiggGségi viszonyait, szemben példaul a (4.7) eljarassal. A nagyon egyszertii valasz
a kérdésre természetesen az, hogy jelent8s kilonbséget nem tapasztaltunk az egyszer(ibb formula
hasznalatakor, kiilonos tekintettel arra, hogy ez a hiba az objektum detektalasanak helyességét mar nem
befolyasolja, csak annak pontos kdzéppontja meghatarozasat, mely informacié nem volt kritikus az



alkalmazasainkban. Mindazonaltal az alabbi szempontok Iényegesen tovabb arnyaljak ezt az els6re trivialis
valaszt:

i) A (4.7) formula alapjan térténé szamolds meglehetGsen impraktikus, mivel a paronkénti fuggéségek
(kovariancidk) szamoldsa id6igényes, kiléndsen nagyobb szamu algoritmus esetében. Valos
alkalmazasban szintén nehézkes lehet az eljaras, mert példaul egy Uj algoritmus felvétele esetén a
dontéshez mindig ismételni kell a teljes kiértékelést.

ii) EIméleti szempontbdl is kardinalis problémat jelent, hogy bar a (4.7) eljaras szakirodalmi ajanlas, ez a
lépés onmagaban kevés a rendszer teljes fuiggségének feltardsara, amihez a paronkénti fliggéségek
megallapitdsa még nem elegendd. Ezért, mivel a fuggéségek feltdrdsa a fuzids rendszerek gyakorlati
hasznalhatésaganak szempontjabdl kritikus, ezt a kérdéskort az értekezésben is targyalt modon késébb
Iényegesen alaposabb vizsgalatnak vetettiik ala (Idsd 5.2 és 5.6 szakasz). Ez a vizsgalat a mai napig folyik,
elsésorban hatékonyabb diverzitdsmérék bevezetésével. Az opponens 4altal hidnyolt vizsgdlat igy
reményeink szerint a fligg6ségi viszonyok egy hatékonyabb feltdrasa mellett teljesedik ki.

6) ,,A 4.2. tablazatban kozolt eredmények esetében nem vilagos, hogy OD5 miért ad konzisztensen jobb
eredményt a javasolt halmaz-alapii médszernél. A 4.1 tablazat szerint pedig a javasolt médszer alig
teljesit jobban, mint OD4. Mi ennek a magyarazata?”

Valasz:

A fuzids rendszerek elméleti eredményekkel is alatamaszthato el6nye, hogy az egyedi megkodzelitéseknél
ltaldban nagyobb stabilitdst mutatnak, mely tulajdonsaguk igen népszer(ivé tette ket szamos
alkalmazas korében. A retinafelvételek elemzésénél ez a megallapitds szintén helytallénak bizonyult,
melyben fontos szerepe lehet a kapcsol6dé képi adatok szakterileten jol ismert meglehet6sen heterogén
voltdnak. Gyakorlati szempontbdl tovabbi ingadozast jelenthet az egyedi algoritmusok teljesitménye
esetén, ha a fejlesztés soran modosul egy olyan eljards, amire az adott algoritmus raépdil. igy példaul, ha
a feldolgozasi id6vel valé takarékoskodas jegyében egyetlen érhaldzat-detektort haszndlunk az dsszetett
rendszerben és arra vakfolt (OD) detektélé algoritmusok épiilnek, akkor azok egyedi pontossaga valtozhat
az érhaldzat-detektor cseréjével. A fuziés rendszerek elénye, hogy ezeket az anomalidkat is képesek
kiegyenliteni.

A 4.2. tablazatban az OD algoritmusok masodlagos hibdja van osszefoglalva, nevezetesen, hogy mekkora
az altaluk adott jelolt és a kézzel annotalt kézéppont dtlagos euklideszi tavolsaga. Ezt a masodlagos hibat
azonban csak Ugy korrekt szamolni, ha a jelolt kell6en kozel volt az annotalt kdzépponthoz (azaz elsérend i
hiba szerint megtalalta az OD-t, vagyis beleesett a kézzel jelolt OD teriiletbe), egyébként dridsiva nGhet.
Mas széval, mivel nem szandékoztuk az elsGdleges detektalds szempontjabdl pontosabb dsszetett
rendszert ilyen mddon elénybe hozni, minden egyedi algoritmusndl — igy az OD5-nél is — az elsédlegesen
hibas jeldlteket kihagytuk a masodlagos hiba szamitasakor. A 4.1. tablazatbol megfigyelhet6, hogy az OD5
elsédleges detektaldsi pontossdga 15-20%-kal volt gyengébb a vizsgalt adatbazisokon az osszetett
rendszernél, igy ennyivel kevesebb jelélt alapjan kerllt a masodlagos hibdja is meghatarozasra.
Osszességében tehat kijelenthetd, hogy ha még a pontos kdzéppont kijelolésénél a mért adatbazisokon
arnyalatnyival nagyobb is a pontossaga, az OD5 semmiképpen sem tekinthetd hatékonyabb detektornak
az Osszetett rendszernél, mivel pontossaga jelentGsen elmarad attdl a sokkal lényegesebb elsédleges
hibara nézve.



Az OD4 algoritmus 4.1. tabldzatban kozolt, az ésszetett rendszer pontossagat kozelits teljesitménye
valésan mért adat, mellyel kapcsolatban jogosan meriilt fel az opponensi kérdés. Az értelmezéssel
kapcsolatban azonban szeretnék visszautalni az dsszetett rendszerek nagyobb stabilitasaval kapcsolatos
kordbbi fejtegetésre. A kozolt adatbazisokon tul szémos mas — nagyobb heterogenitast mutaté — adaton
is folyamatosan teszteljlik a rendszert, és mig az &sszetett rendszerek nagy megbizhatdsaggal dolgoznak,
az egyedi algoritmusok teljesitménye meglehetdsen nagy valtozatossagot mutat (példaul egy-egy
befolyasol6, mas tipusi detektor mddositasakor). Az ebben a szakaszban targyalt megkozelitések
kronologidjéhoz hozzatartozik tovabbd, hogy az azonos tipusti (OD/MAC) detektorok fliggetlen fuzids
rendszereit azok geometriai alapu aggregélasaval kivantuk a detektalds hatékonysagat tovabb javitani. Ez
a torekvés a 4.5. tablazat alapjan sikeresnek is bizonyult, igy az dsszetett rendszer és az OD4 algoritmus
kozotti pontossagkilonbség tovabb nétt.

7) ,A 3. altézis (7. fejezet) megfogalmazasa ismét éltalanosabb, mint ahogy az a disszertacioban
targyaldsra keriil. Ezért itt is csak az alkalmazas erejéig tudom elfogadni az eredményeket, azok
altalanossaga nincs kell6képpen alatamasztva.”

A javasolt modell Osszetett rendszerek 6sszedllitdsara valdban az adott alkalmazdsra nézve keriilt
bemutatdsra (mikroaneurizma detektalasa). Mindazonaltal, ugyanezen sziir6rendszeren beliil a médszer
hatékonysagat sikerllt mas megjelenési formaval rendelkez6 objektum (exudatum) detektéldsara is
igazolni, ahogyan ez az értekezés 7.1.2 szakaszdban réviden megjegyzésre is keril. A hasznélt
megkozelitést mas — jelenleg kidolgozas alatt 4ll6 — klinikai szlir6rendszerekben is teszteljik és varhatéan
alkalmazni fogjuk. A kapcsol6dé elméleti igény(i vizsgalatok viszont igen komoly kihivasnak igérkeznek.

8) ,Az eredményekkel kapcsolatban csupan annyi (inkabb a prezenticiéra vonatkozd) kritikat
fogalmaznék meg, hogy 113. oldalon targyalt szimulalt hiités algoritmusanal illett volna megemliteni,
hogy ez a sokféle véltozat koziil az Gin. Metropolis-Hastings algoritmus. Tovabba nem szerencsés, hogy
az algoritmus konvergenciaja szempontjabél kritikus hémérséklet iitemezé egyaltalin nincs a
jelentéségének megfelelGen kezelve. Nincs megemlitve sem, hogy elméletileg csak logaritmikus skalan
szabad valtoztatni a h6mérsékletet, kiilonben elvész a konvergencia elméleti garanciaja. Ugyanakkor a
gyakorlatban elterjedt Gn. exponecialis litemez8, melyet vélhetden a szerzé is hasznal, csak akkor ad jé
eredményt, ha a disszertaciéban g-val jelélt szorzéfaktor kozel 11”

Jogos a kritika a szimulalt h(ités valamivel mostohabb kezelését illetéen az értekezésben kdzolt
eredmeényekben. Az adott munkaban kisebb figyelmet szenteltiink az optimumkeresés hatékonysaganak,
lévén a f6 eredményben ez a kérdéskor kisebb sulyt kapott. Szamunkra itt a szimuldlt hiités egy egyszert
eszkoz volt, amit a szakterlet nagyon jél ismer és széles kdrben alkalmaz. Valasztasunk azonban nem volt
teljesen ad hoc, mivel a szimuldlt hitést gyakran alkalmazzak diszkrét problémakra is, és a
paraméterezésben kovettiik a minimdlis szakteriileti — beleértve a globalis konvergenciara vonatkozé —
elvarasokat, igy az altalunk valdban hasznalt exponencidlis itemez6 szorzéfaktora 1-hez kézeli (0,975)
volt.



Téavolrol sem biztos tovabba, hogy a szimulalt hiités az adott esetben a leghatékonyabb keres6 heurisztika.
Terveink kozott szerepel, hogy a jovSben jobban feltarjuk fuziés rendszereink energiafiiggvényeinek
viselkedését, és ehhez kapcsoléddan a szimulalt hitésnél hatékonyabb optimalizacios eljarasokat
valasszunk ki a szakteriilet tapasztalt kollégdinak segitségével, akik szintén felhivtak erre a lehetéségre a
figyelminket.

9) ,Sajnos a tézis megfogalmazasa itt is tdlsagosan altalanosra sikeriilt, melyet megint csak a
disszertacié 7. fejezetében konkrétan targyalt diabéteszes retinopatia automatikus sziirésének
keretében tudok elfogadni. Abbdl a szempontbdl az eredmények teljessége megfelel6 tesztekkel van
aldtdmasztva és a sziikséges osszehasonlitdé elemzések is megtorténtek a teriilet elfogadott
modszereivel. A kiértékelés alapjat a diagnosztikiban megfogalmazott alapelvek adjak, igy minden
bizonnyal a gyakorlatban is relevansak az elért eredmények. Sajnos a tézis alabbi mondataban szereplé
0j médszereket nem tudtam azonositani a disszertacioban bemutatott médszerekkel, ezért ezeket csak
ugy tudom elfogadni Gj eredményként, ha a szerz6 valaszdban kitér ezekre a mddszerekre:
,Matematikai morfolégiai eszkozokkel a sargafolt, rejtett Markov mez6t haszndlva a retina
érhélézatanak, mig intenzitasprofilok vizsgalataval mikroaneurizmak kinyerésére adtam eljarast.”

Valasz:

A 7) opponensi megjegyzésre adott valaszomhoz hasonléan most is elmondhaté, hogy a javasolt fuzios
modell valéban az adott alkalmazasra nézve kerllt bemutatasra (diabéteszes retinopatia automatikus
szlirése). A hasznalt megkoézelitést mas — jelenleg kidolgozas alatt all6 — klinikai szlir6rendszerekben is
teszteljiik és varhatéan alkalmazni fogjuk értelemszer(ien kiegészitve azt az azéta megjelent korszerd
technikak (példaul mélytanulas) nyujtotta lehetéségekkel.

Az opponens joggal kifogasolja tovabba, hogy egyes kapcsolddé modszerek részletes bemutatasa nem
szerepel az értekezésben. Mindazonaltal, az els6ként emlitett médszer (morfoldgia-alapu sérgafolt
detektald) az értekezésben a MAC5 néven hivatkozott detektorként az 1.6.3 szakaszban tomoren
bemutatasra keriil (17.oldal), a masodik eljaras (rejtett Markov mez6n alapu érhalézat szegmentdlo) az
1.7.1 szakasz ,Quality assessment” bekezdésében leirt, mig a harmadik mddszer (intenzitasprofilok
vizsgalatan alapulé mikroaneurizma detektald) az 1.6.4 szakaszban MAS néven hivatkozott detektornak
felel meg. Osszességében azonban valéban elmondhatd, hogy terjedelmi okok miatt az automatikus
szlir6rendszerben felhasznalt sajat fejlesztésli egyedi algoritmusok mélyebb bemutatasat kénytelen
voltam mell&zni az értekezéshen. Igyekeztem egyuttal ilyen mddon kevésbé megtorni a fuzios modellek
vizsgalata altal nyujtott kohéziét, mely modelleken alapuld rendszerekben a nevezett algoritmusok mégis
fontos szerepet téltenek be.

Az opponensi véleményre reagélva az értekezésben leirtnal valamivel részletesebb modon most
bemutatom a harom emlitett mddszert. Valaszom terjengGsségét elkerllendd, a tovabbi részletek
feltarasat az eredményeket részletesen bemutatd, az értekezésben is hivatkozott kodzlemények
megjelolésével teszem, melyeket valaszomhoz fuggelékként csatolok is.

i) Morfologia-alapu sargafolt detektald [1]: Ebben a munkaban bemutatdsra kerdil egy els6sorban orvosi
képfeldolgozasban haszndlt detektorok hatékonysaganak novelését szolgdld megkozelités, ami az



algoritmusok paramétereinek finomhangolasat megfelels tesztadatbazisokon valé kiértékeléssel végzi el.
A javasolt eljarés egy magas dimenzids paraméterterek esetében is hatékony sztochasztikus keresésen
alapul. Megkoézelitésink hatékonysagat sajat klinikai alkalmazasunk vizsgdlatan keresztil végezziik.
Nevezetesen, beszémolunk biztaté eredményeinkrél a sargafolt automatikus detektaldsat illetéen
retinaképeken, ahol a javasolt médszer alkalmazasanak segitségével detektorunk négy masik korszer(
sargafolt-detektorndl bizonyult pontosabbnak. A sargafolt detektalasahoz elséként kivalasztjuk a bementi
RGB kép z6ld csatornajat, majd eléfeldolgozasként ebbél kivonjuk annak egy median-sz(irt valtozatat. Az
igy el6allt hattérképet kiszobdléssel binarizaljuk, majd kijeloljik a legnagyobb komponenst a sargafolt
végso jeloltjeként. Eljarasunk soran szamos tovabbi hagyomanyos morfoldgiai eljarast tekinttink kisebb
korrekciokként. A detektor két szabad paramétere (median-sziir6 mérete és binarizalasi kiiszob)
sztochasztikus optimalizacidval keriil beéllitasra.

i) Rejtett Markov mez6n alapu érhalézat szegmentalé [2]: A retina érhaldzatanak pontos szegmentalasa
jelenleg egy sokak &ltal vizsgalt teriilet. A feladat sikeres megoldasa esetén ugyanis nagyot |épiink el6re a
retinaképek alapjan m(ikédé automatikus szlir6rendszerek napi klinikai rutinba valé bevezethetGsége
felé. Nevezetesen, az érhalézat helyének pontos ismeret nagy segitséget nyUjt mas kritikus anatémiai
képletek (sérgafolt, vakfolt, f6 érivek) és elvaltozasok (mikroaneurizma, vérzések) lokalizaldsahoz,
tovabba, az erek morfoldgiajanak torzulasa kézvetleniil utal egyes betegségek jelenlétére (példaul magas
vérnyomas). Ebben a munkankban egy uj, rejtett Markov mezékén alapul¢ eljarast vezetiink be a retina
érhélézatdnak szegmentaldsira. A rejtett Markov mezé modellek optimalizalasi problémdjat a kép
érintévektor-mez6je alapjan Kkiterjesztjik az elnyujtott elemekbdl felépulé érhalozat teljes
Osszefuggdségének erdsitéséhez. A valdszinliségi becslés javitasadhoz a rejtett Markov probléma
megoldasakor a hagyomanyosan hasznélt Bayes becslés helyett az d.n. Averaged One-Dependence
becslést (AODE) hasznaljuk, mivel az a sajatsagok teljes fliggetlenségénél gyengébb feltételt tekint.
Méodszeriink empirikus, kvantitativ kiértékelését egy publikusan elérheté adatbazison végeztik el.

iii) Intenzitasprofilok vizsgalatan alapulé mikroaneurizma detektald [3]: A retinaképek elemzésében
diagnosztikai szempontbdl az egyik legfontosabb és legnagyobb kihivast hordozé teriilet a
mikroaneurizmak (MAK) felismerése. igy a diabéteszes retinopatia (DR) feltardsat célzé automatikus
szlir6rendszerek is nagyban hagyatkoznak ezen elvaltozasok szegmentélasara. Ebben a munkaban eljarast
adunk egy, az MAk jelenlétét mutaté pontozokép meghatérozasara. A vélhetd poziciékat a magasabb
valoszin(iségi cstcsok jelzik, amelyeket egy képponton athaladé, kiilonbozé irdnyu intenzitasprofilokbdl
szarmaztatunk kihasznalva az MA alapvetéen korszertii jellegét. A végsé MA jel6ltek binaris kiiszdboléssel
nyerhetdk ki a pontozoképbdl. A legtobb elérheté MA detektorral szemben ez a médszer nem igényel
tanitast. Mindazonaltal, a gyakorlati tesztek alapjan a javasolt eljaras versenyképes a terlleten, kiiléndsen
az érhalozathoz kézel es6 mikroaneurizmak detektaldsakor. Algoritmusunkat egy publikusan elérheté
online versenyen is teszteltiik.

[1] B. Antal and A. Hajdu, “A stochastic approach to improve macula detection in retinal images,” Acta
Cybernetica, vol. 20, pp. 5-15, 2011.

[2] G. Kovacs and A. Hajdu, “Extraction of vascular system in retina images using averaged one-
dependence estimators and orientation estimation in hidden markov random fields,” in IEEE International
Symposium on Biomedical Imaging (ISBI), 2011, pp. 693—696.
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[3] I. Lazar and A. Hajdu, “Microaneurysm detection in retinal images using a rotating crosssection based
model,” in IEEE International Symposium on Biomedical Imaging (ISBI), 2011, pp. 1405-1409.

Befejezésiil, még egyszer kdsz6ndm az opponens munkajat és az értekezés nyilvdnos védésére
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A Stochastic Approach to Improve Macula
Detection in Retinal Images

Balint Antal and Andras Hajdu*

Abstract

In this paper, we present an approach to improve detectors used in med-
ical image processing by fine-tuning their parameters for a certain dataset.
The proposed algorithm uses a stochastic search algorithm to deal with large
search spaces. We investigate the effectiveness of this approach by evaluating
it on an actual clinical application. Namely, we present promising results
with outperforming four state-of-the-art algorithms used for the detection of
the center of the sharp vision (macula) in digital fundus images.

Keywords: biomedical image processing, simulated annealing, learning and
adaptive systems

1 Introduction

Diabetic Retinopathy (DR) is the most common cause of blindness in the developed
countries. Nowadays, the automatic screening of DR received much attention in
the medical imaging community [1], [7], [9], since replacing a resource-demanding
and expensive manual screening is a very challenging task. Automatic screening
is based on the analysis of retinal images taken at eye hospitals. One class of the
difficulties originates from the use of different kinds of retinal images, which leads to
varying performance in the anatomy or lesion detection processes. Some detectors
are based on machine learning, while others consider non-training approaches.

In this paper, we present a technique to improve a detection algorithm on retinal
images via a learning-based approach. The idea behind this technique is to fine-
tune the parameter setup for a certain detector. Since the selection of the optimal
parameter setup usually traverses a large search space, we decided to use a stochas-
tic approach, simulated annealing for this task. To demonstrate the effectiveness
of this technique, we present a novel macula detector and show that the proposed
framework improves detection performance. The contribution in this particular
area is justified by the fact that the detection of macula involves the lowest number
of reported works in the field of DR screening research [16]. A comparative analysis

*University of Debrecen, Hungary. E-mail: {antal.balint, hajdu.andras}@inf.unideb.hu

DOI: 10.14232/actacyb.20.1.2011.2
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reveals that our tuned algorithm outperforms other state-of-the-art algorithms in
the field.
The main contributions of the paper are organized into the following sections:

1. A stochastic approach to improve detector performance is introduced. We
also discuss the advantages of using simulated annealing over stochastic hill
climbing (Section 2).

2. We show how to adopt the simulated annealing based search method to im-
prove the performance of the proposed macula detector (Section 3).

3. A novel macula detector is proposed, which, in addition to its good perfor-
mance, can be easily fine-tuned by a search algorithm (Section 3.1).

4. We define an error measure to efficiently characterize macula detection per-
formance (Section 3.3).

5. We evaluate the performance of our macula detector using the proposed tun-
ing also in comparison with four state-of-the-art algorithms (Section 4).

2 A stochastic approach to improve detector per-
formance

In this section, we present our approach to select an optimal parameter setup for a
detector algorithm. For this task, we have to prepare for a large search space, since
these algorithms may operate with several parameters. In literature, stochastic hill
climbing is often recommended [10] [13]. Stochastic hill climbing is based on the
idea that using random jumps between the neighbouring elements of the search
space converges faster to the extrema than using exhaustive enumerations. An
element is accepted, if it provides better result than the current extremum. This
approach is an effective solution for many problems, but it can get stuck in a local
extrema in search spaces with many peaks.

To overcome this difficulty, we used a simulated annealing-based method. Sim-
ulated annealing [5] avoids getting stuck in local extrema by using a random ac-
ceptance function for rejected elements. That is, if an element does not provide
a better result than the current one, it is still accepted if the acceptance function
allows that. See Figure 1 for a visual comparison of hill climbing and simulated
annealing.

The formal description of the algorithm can be given as follows:

Algorithm 1.: Parameter setup selection by simulated annealing.

Input:
e An initial temperature T' € R.

e A minimal temperature T;,;, € R.
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Figure 1: The path of the hill climbing and the simulated annealing algorithm is
represented with gray and black colors, respectively. While hill climbing reaches
only the local optimum, simulated annealing can continue towards the global opti-
mum by using chaotic jumps.

e A temperature change ¢ € R with (0 < ¢ <1).

e A search space S C R™ with s € S is a parameter setup.

A function r (X), which chooses a random element z from a set X.

A function accept : R* — {true, false}, which is defined as the follows:

true, if exp (S2) > v,
accept (e, e;, T, y) = / p( ) >y
false, otherwise.

e An energy function £ : S — R.

Output: Soprimar € S, where E (Soptimal) = migE(s). That is, Septimar is the
ElS

parameter setup minimizing the energy function E.

s« r(9)
e+ E(s)
S S—{s}
while S # 0 or T < T},i, do
s; + 1(S)
if e; < e then
S < S5

© PN oW
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10. €< e

11. T+ T-q

12. else

13. y < r(R)

14. if accept (e, e;, T, y) = true then
15. S < S5

16. e < €

17. T+ T-q

18. end if

19. end if

20. end while
21. return s

3 Using the proposed approach: an example

In this section, we present an example to demonstrate the power of the proposed
method. For this task, we chose a novel approach for macula detection in retinal
images, which algorithm requires only two parameter to be optimized. Our pro-
posed approach for obtaining the optimal parameter setup can be adapted to any
similar problem, as well.

3.1 Macula detection

The macula is the central region of sharp vision in the human eye, with its center
referred to as the fovea (see Figure 2). Any lesions (e.g. microaneurysms) which
appear here can lead to severe loss of vision. Therefore, the efficient detection of
the macula is essential in an automatic screening system for diabetic retinopathy.

3.2 A novel algorithm for macula detection

In this section, we present a novel approach to detect macula in a retinal image. As
we can see later on, this algorithm outperforms state-of-the-art macula detectors
with the use of the proposed framework for optimal parameter setup.

The proposed macula detection algorithm can be formulated as follows:

Algorithm 2.: A novel macula detector

Input:
o A digital retinal image I in 24 bit RGB format.

e A parameter ¢ € R with 0 < ¢ < 1 to adjust of the mask size in the median
filtering step.

o A threshold ¢ € [-255, ... ,255].
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Figure 2: A sample fundus image with the main anatomical parts annotated.

Output: An image containing the macula region of the eye.

1. Extract the green intensity channel G from I.
2. Let A = [Min (width (I), height (I)) - q].

3. Produce image M with the same size as G by applying median filtering [12]
on G with a mask size A x A.

4. Create the difference image D = G — M.

5. Produce a binary image B by assigning all pixels with larger intensity than ¢
in the D to the foreground, while the rest to its background.

6. Select the largest binary component to locate the macula.

The results after each step of the algorithm can also be observed in Figure 3.
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(c) (d)

Figure 3: Steps of the proposed macula detection: (a) The green channel of the
input image. (b) The result of the median filtering. (c¢) The difference image. (d)
The binary image after thresholding and largest component selection.

3.3 Error measurement of macula detectors

To select the optimal parameter setup for the above detector algorithm, we need
a proper energy function to be minimized. An obvious choice for this task is to
minimize the distance of the centroid of the macula found by the detector and
the manually selected center of the macula for each image in a dataset. To avoid
overtraining, we also take into account the distance from the optic disc (see Figure
2), as the macula and the optic disc are spatially constrained [11].

Thus, we define the following energy function for this problem:

E= Y d(Maug(I), Mym (1) + > |d(Mag (I),0) = MOuyyl,
IeDS IeDS

where



A Stochastic Approach to Improve Macula Detection in Retinal Images 11

DS is the dataset,

d denotes the 2D Euclidean distance,

M4 is the centroid pixel of the detected macula,

My, is the manually selected macula center,

O is the manually selected optic disc center,

MOgyq is the average Euclidean distance of the manually selected macula
and optic disc center for the dataset DS.

4 Comparative results

We evaluate our method by comparing it with four other state-of-the-art macula
detectors (Section 4.1) on different datasets (Section 4.2). As our results will show,
the novel macula detector outperforms the others after finding its optimal param-
eter setup.

4.1 State-of-the-art macula detection algorithms

In this section, we list four macula detection algorithms, which are involved in our
comparative analysis. The parameters of the algorithms were set according to the
corresponding recommendations in literature.

4.1.1 Petsatodis et al. [§]

In [8] a region of interest (ROI) is defined to process macula detection. A Gaussian
low-pass filter is applied to smooth the image. The statistical mean and standard
deviation of the ROI area are used to compute a threshold for segmentation to
get binary objects. The object that is located nearest to the center of the ROI is
labelled as macula. Its center of mass is considered to be the center of the macula.
However, we did some modification to this approach, because it is not mentioned
how this ROI is defined; therefore we applied the smoothing to the whole image
using a large kernel (70 x 70 pixels with o = 10) so that vascular network and
small patches do not interfere in detection. Then, an iterative thresholding process
is launched to generate a set of binary images corresponding to different threshold
values. In each binary image, the component satisfying the area and distance from
the center constraints are identified, and the component found nearest to the center
with minimum area is marked as macula.

4.1.2 Sekhar et al. [11]

In [11] a region of interest (ROI) for macula is defined regarding its spatial rela-
tionship to the optic disc. That is the portion of a sector subtended at the center of
the optic disc by an angle of 30 ° above and below the line between this center and
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the center of the retinal image disc. The macula is identified within this ROI by
iteratively applying a threshold, and then applying morphological opening (erosion
followed by dilation) on the resulting blob. The value of the threshold parameter
is selected such that the area of the smoothed macula region is not more than 80%
of that of the detected optic disc. The fovea is simply determined as the centroid
of this blob.

4.1.3 Fleming et al. [2]

Fleming et al. [2] proposed to identify the macular region based on the informa-
tion of the temporal arcade and OD center. First, the arcade is found by using
semielliptical templates. Next, the optic disc is detected by using Hough trans-
formation with circular templates having diameters from 0.7 to 1.25 OD diameter
(DD). Finally, the fovea was detected by finding the maximum correlation coeffi-
cient between the image and a foveal model. The search was restricted to a circular
region with diameter 1.6 DD centered on a point that is 2.4 DD from the optic
disc and on a line between the detected optic disc and the center of the semi-ellipse
fitted to the temporal arcades.

4.1.4 Zana et al. [17]

Zana et al. [17] presented a region merging algorithm based on watershed cell
decomposition and morphological operations for macula recognition. After noise
removal, morphological closing followed by opening is performed to remove the
small dark holes and white spots. A watershed based decomposition of the gradient
image into cells is done, and the cell with darkest gray level inside the macula is
selected as the first step of a merging algorithm. A complex criterion based on the
gray values and of edges of the filtered image is calculated to merge the cells of
the macula, while rejecting perifoveal inter-capillary zones in order to produce the
contour of the macula.

4.2 Datasets

We have tested our approach on 199 images from three publicly available data
sources: DiaretDBO [3], DiaretDB1 [4] and DRIVE [15]. The characteristic prop-
erties of these datasets can be seen in Table 1. We have selected the optimal
parameter setup for each dataset using a separate training subset of a total of 60
images (20 images from each dataset). For each dataset, the ground truth are used
only for parameter selection.

4.3 Results

Table 2 shows the selected optimal parameters for each dataset. The size param-
eter ¢ and the threshold parameter ¢ have been found by the proposed stochastic
approach. Each dataset performed optimally using a different parameter setup.
We have evaluated our approach in two aspects [6]: whether the detected macula
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Dataset Images | Normal | DR | FOV | Resolution
DiaretDBO0 130 20 110 | 50 1500x1152
DiaretDB1 89 5 84 50 1500x1152

DRIVE 40 33 7 45 768x584

Table 1: Properties of the datasets.

Dataset q
DiaretDBO0 | 0.6
DiaretDB1 | 0.6

Drive 0.7

Ol U O =+

Table 2: Parameters selected by the proposed algorithm for macula detection.

center falls into the 0.5DD (Optic Disc Diameter) distance of the manually selected
macula center and we also measured the Euclidean distance of them (calculated on
normalized images). Table 3 and 4 contain the quantitative results using these mea-
sures, respectively. We disclose the results for each macula detector evaluated in all
dataset. For the more straight-forward comparison, we also calculated the simple
average of these performance values. In the terms of the first measure, the use of
the proposed algorithm on the novel macula detector resulted in a 85% average
accuracy, while the second best method only earned 77%. However, in the terms
Euclidean error it is only third in the comparison, mainly because of its difficulties
on the DRIVE database.

Dataset Petsatodis | Sekhar | Fleming | Zana | Proposed
DiaretDB0 68% 2% 85% 63% 86%
DiaretDB1 62% 76% 79% 1% 92%

DRIVE 66% 76% 53% 82% 68%

Average 66% 74% 7% 69% 85%

Table 3: Percentage of detected macula centers falling in the correct region.

5 Conclusion

In this paper, we have presented an approach to improve detection algorithms by
fine-tuning their parameters. For this task, we have used a simulated annealing-
based search algorithm. As our experiments have proved, this approach is capable
of improving a detector that outperforms state-of-the-art algorithms in the field of
macula detectors. As a future work, the selection of different preprocessing methods
for the dataset can further improve the detection of the macula. In addition, both
simulated annealing [14] and the proposed detector could be implemented in parallel
to reduce their computational needs.
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Dataset Petsatodis | Sekhar | Fleming | Zana | Proposed
DiaretDBO0 26.59 26.85 37.82 24.11 24.02
DiaretDB1 26.32 27.45 35.67 | 24.77 25.72
DRIVE 18.15 26.20 37.29 20.85 30.25
Average 23.69 26.83 36.92 23.24 26.75

Table 4: Average euclidean distance of the detected macula centers from the man-
ually selected ones.
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ABSTRACT

The proper segmentation of the vascular system of the retina
currently attracts wide interest. As a precious outcome, a suc-
cessful segmentation may lead to the improvement of auto-
matic screening systems. Namely, the detection of the ves-
sels helps the localization of other anatomical parts and le-
sions besides the vascular disorders. In this paper, we rec-
ommend a novel approach for the segmentation of the vascu-
lar system in retina images, based on Hidden Markov Ran-
dom Fields (HMRF). We extend the optimization problem of
HMRF models considering the tangent vector field of the im-
age to enhance the connectivity of the vascular system con-
sisting of elongated structures. To enhance the probability es-
timation during the solution of the Hidden Markov problem,
the Averaged One-Dependence Estimator (AODE) is used in-
stead of the commonly used naive Bayes estimators, since
AODE uses a weaker assumption than total independence of
features. The advantages of our method is discussed through
a quantitative analysis on a publicly available database.

Index Terms— averaged one-dependence estimator, hid-
den markov fields, retina, vessel

1. INTRODUCTION

Algorithms for segmenting the vascular system of the retina
have high importance in automatic systems for detecting dis-
eases (such as diabetic retinopathy) based on digital fundus
images. One of the most reliably detectable anatomical parts
even for low quality images is the vascular system, because
there are no similar lesions on the retina. Using an accu-
rately segmented vascular system, we have better chances to
locate other anatomical parts (e.g. optic disc and fovea) of
the retina and explore the disorders of the vascular system
itself. The extraction of the vascular system is a rather com-
plex task, knowing only that the vascular system has lower
intensity than its background and the widths of the vessels
are varying. Motivated by its importance, several vessel seg-
mentation approaches can be found in the literature including
intensity edges [1], adaptive thresholding [2], region growing
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[3], mathematical morphology [4], machine learning [5], en-
semble learning [6]. In this paper we propose a novel vascu-
lature segmentation approach based on Hidden Markov Ran-
dom Fields (HMRF). HMREF is a popular approach for the
statistical segmentation of images. The segmentation process
means the maximization of an energy functional defined on
the set of all possible labelings of the image, where the global
maximum of the energy functional belongs to the best seg-
mentation according to the image model. HMRF-based vas-
cular system extraction of the retina has already been sug-
gested in [7]. This method considers angiographic retinal im-
ages as input, where the appearance of the vessel system is
much more defined than in normal fundus images. However,
the usage of angiography is not allowed for the state-of-the-art
automatic screening systems and the method presented in [7]
gives poor results fo normal retinal images. In the commonly
used form of the HMRF based segmentation, the background
and foreground probability estimations are performed by con-
inuous naive Bayesian estimation[8], based on the continuous
model extracted from the training data. In the segmentation
of color images this approach performs well, however using
features extracted from intensity images, like the green chan-
nel of retinal images, the assumption that the distribution of
features is Gaussian or Mixture of Gaussians and the coor-
dinates of the feature vectors are independent, seems to be
too strong, smoothing the boundaries of classes in the fea-
ture space. To overcome this problem, we have integrated
the averaged one-dependence estimator (AODE) [9] into our
segmentation model, which does not have the assumption of
Gaussian feature distributions and total independence of fea-
ture coordinates. The use of AODE estimators has not yet
been reported in HMRF segmentation models. To enhance
the segmentation of thin vessels, we have trained the AODE
model for three classes: background, thin vessels and thick
vessels, but during the segmentation, the latter two classes
are considered to be one class. Since HMREF is a general ap-
proach that does not consider orientation information at the
pixels in its basic formulation, we integrate a corresponding
new term into the model. However, instead of following the
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classic way with using the local gradients directly, first we
determine the structure tensor field from them. Then, the ten-
sor field is smoothed and weighted and the local tangents are
estimated as the eigenvectors corresponding to the smaller
eigenvalues of the tensors. This approach leads to a more
reliable estimation of the vessel directions that helps to pre-
serve the connectivity of the vascular system during segmen-
tation. The rest of the paper is organized as follows. Section
2 describes the steps of our proposed method. In Section 3
we exhibit our experimental results on the publicly available
database DRIVE [10] and compare the results to a state-of-
the-art method. Finally in Section 4, some conclusions are
drawn.

2. THE PROPOSED METHOD

The input of our algorithm is the RGB retina image, the
output is a label image containing two labels: vessel, back-
ground. For the training of the segmentation model, the
DRIVE database is prepared by applying simple morpholog-
ical operators to isolate thick and thin vessels. In Figure 1 a
sample from the training database, the corresponding manu-
ally labeled mask and the extracted thick and thin vessels can
be seen, respectively.

(b) (d)

Fig. 1. Retina image from the training set (a), its standard
manual labeling (b), the extracted thin (c) and thick (d) vessels

Let I € [0..255]"*" be an intensity image (in our case the
green channel, since mainly the green channel contains infor-
mation about the vascular system) and L € {fg,bg}"™*™ a
possible labeling of the input image. The HMRF based seg-
mentation means the maximization of the functional

B(I,L) =} P(LG G 5) + 3 Cp(Lyig), ()

.7

where P is the conditional probability of the (i, j) pixel be-
longing to the L(i, j) class and C'p (L, 7, j) measures the con-
nectivity of the labeling in the (¢, j) position. The maximiza-
tion of the functional is performed by simulated annealing.

2.1. Probability term

The first term of the energy functional E' estimates the proba-
bility of L being the most appropriate labeling of I. The more
accurate probability estimation we use, the more accurate the
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segmentation becomes. Since the distribution of the features
we use to characterize the pixels and their neighborhood usu-
ally does not follow Gaussian distribution, we have chosen
discrete classifiers. The drawback of the commonly used dis-
crete naive Bayesian classifier is that it considers the corre-
lation of one feature and the class label independently from
other features, that is it assumes the total independence of
features. The averaged one-dependence estimator (AODE),
published in 2002 [9] considers the joint probabilities of every
pair of features, as well. Therefore, the probability estimation
becomes more accurate, but the computation demand is still a
fraction of that of multivariate Bayesian classification.

Let Y be the set of class labels and X C Z% be a set of d
dimensional discrete feature vectors with

{zilz € X}(Vzjle e X} =0, 1<ij<di#j 2

The training of the AODE classifier means the maintenance
of a two dimensional P(y, z;) and a three dimensional
Py, z;, x;) joint frequency table. The probability of the
d-dimensional feature vector & belonging to the class y can

be estimated by the following formula:

Y, Py, #:) 1, Py, &)

P(y|a) = 3)

Syey i Pl @) T, Plagly' &)

Fig. 2. Test image (a), standard manual segmentation (b),
orientation field (c), HMRF-segmentation (d)



2.2. Connectivity term

The connectivity term of the HMRF optimization problem
tries to quantitatively characterize the connectivity of the la-
beling to avoid the fragmented segmentation results based on
the probability term only. In the classic model of HMREF, 4-
connectivity is preferred:

—(d(Lij, Lit1,5) + d(Lij, Lio1,5)+
d(Li g, Lij1) + d(Lij, Lij-1)) * B,
“)
where d(l1,l2) = 1 if the I; and I3 labels are equivalent. Oth-
erwise, d(l1,l2) = 0. 8 is a penalty parameter of the objec-
tive functional F, used to control the connectivity property.
Since thin vessels have fine structure of 1 pixel width, this
commonly used connectivity term is a rough constraint on the
final segmentation. To enhance this component, we have de-
veloped the direction dependent connectivity term C'p, where
the connectivity is examined and penalized only in the di-
rection of the strongest tangents in the neighborhood of each

pixel (2, j):
Cp(L,i,j) =

C(L,i,j) =

—(A(Ligs List, (1,0,5).,54+t, (1)) T
d(Li gy Li—t,(1,,5),5—ty (1ig)) * Bs

(5)
where ¢,(I,4, ) and ¢, (I, 4, j) are the estimation of the = and
y components of the strongest tangent in the local neighbor-
hood of (4, j), respectively:

.. 1,ifAIi‘<MOI‘AIi‘>5*J,
ta (1,4, 5) { 0 othe(rvgiéi:, i e i ©)
o 1,if A(I);; > Z and A(I); ; < &%,
ty(I’Z’]) :{ 0, othegrw)iéje, ° s i @

where A([I) is the estimation of the main tangent angels in
each pixel (i, j) of I. For the estimation of A, we have com-
puted the structure tensor field ST'F of the image I, assigning
a 2 x 2 sized matrix to each pixel:

Gi. . Ga, ;% Gy,
STF,; = [ Gxi,j *Gyu Gii,j 7 ®

where G, ; and G, ; are the respective = and y components
of the gradient at pixel (4,7), estimated by the commonly
used Sobel-operators. The tensor field is then weighted by
the edge magnitudes and convolved by a Gaussian mask to
provide smooth estimates:

SFTsmoothedi,j = G(O’, k) * (Tz,J(Gi] + Gzl])%) )]

This step is similar to the step of smoothing the orientation
information in the scale-invariant feature transform (SIFT).
Using this smoothed tensor field the estimation of object tan-
gent directions comes as

A(I) ; = tan™" (g—) , (10)

Yi,j
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where FE is the vector field containing the eigenvector belong-
ing to the smallest eigenvalue of SF'T, elementwise. In Fig-
ure 2, one test image and the orientation field can be seen, the
latter one represented by spikes.

(b)

(© (d)

Fig. 3. Convolution based MLSF (a), correlation based
MLSEF, matched Gabor filter magnitude (c), adaptive local
contrast enhancement (d)

3. RESULTS

The proposed method is trained on the training set and tested
on the testing set of the publicly available DRIVE database.
In the training phase, 200 features (eccentricity, invariant im-
age moments, central moments, matched line segment filters
using convolution and correlation, matched Gabor filters, and
the result of several contrast enhancement methods with var-
ious parametrizations) have been extracted for each pixel in
the database and after forward feature subset selection, the fi-
nal AODE classifier is trained on the features providing the
best accuracy (in our case matched line segment filters using
correlation and convolution, Gabor filters and the result of the
adaptive local contrast enhancement with three parameteri-
zation). In Figure 3, four feature images of the six selected
features can be seen. To enhance the recognition of thin struc-
tures, we have used three classes in the training process, but in
the segmentation process the thin and thick vessel labels are
considered to be equivalent. Using only the AODE classifier
the accuracy became 93.7%, but the result is noisy. Keeping
only the largest connected component, the accuracy decreases



to 85.3%. See Figure 2. Using the HMRF-based segmen-
tation with orientation estimation and directional connectiv-
ity term, the result becomes less noisy and after extracting
the largest connected component, the accuracy increases to
91.2%. The specificity of the HMRF-based segmentation be-
comes 89.8% alghough several thin vessels are not labeled on
the manually segmented images but labeled by our method.
In Figure 4 one part of the same test image is highlighted, in
which the thin and low contrast vessel found by our method
is not labeled in the manual annotation available as part of the
DRIVE database. The state-of-the-art method published by
Oost et al. [6] reached 88.5% accuracy and 93.6% specificity,
on the same database. See Figure 2 for the standard manual
labeling and the HMRF segmentation of a test image.

(a) (b) (©

Fig. 4. A really thin and low contrast vessel on the test image
(a), its standard manual labeling (b), and the segmentation of
the proposed method.

4. SUMMARY

The proposed method delegates several new approaches into
the field of segmentation of vascular system in retinal images.
In the method we utilize the powerful AODE classifier which
does not use the assumption of Gaussian distribution of fea-
tures like many other classifiers and also weakens the strong
assumption of naive Bayesian classifiers, i.e. the features are
independent from each other. To increase the connectivity of
the final segmentation, the classic HMRF model is extended
with a direction dependent connectivity term. To increase ac-
curacy, in the training database the thin and thick vessels are
distinguished, but in the segmentation process, when the con-
nectivity is examined, both of them is considered belonging
to the same class. The overall method is straightforward, in-
creasing the variety of extracted features, the accuracy and
specificity of the segmentation may be increased further.
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ABSTRACT

Retinal image analysis is currently a very vivid field in
biomedical image analysis. One of the most challenging
tasks is the reliable automatic detection of microaneurysms
(MAs). Computer systems that aid the automatic detection
of diabetic retinopathy (DR) greatly rely on MA detection.
In this paper, we present a method to construct an MA score
map, from which the final MAs can be extracted by simple
thresholding for a binary output, or by considering all the
regional maxima to obtain probability scores. In contrary to
most of the currently available MA detectors, the proposed
one does not use any supervised training and classification.
However, it is still competitive in the field, with a prominent
performance in the detection of MAs close to the
vasculature, regarding the state-of-the-art methods. The
algorithm has been evaluated in a publicly available online
challenge.

Index Terms— Biomedical image processing, pattern
recognition, microaneurysm detection, intensity profile

1. INTRODUCTION

Fig. 1. Retinal image with microaneurysm marked.

Automated analysis of retinal (fundus) images has become a
quite active field among ophthalmologists and researchers in
digital image processing. One of the most important
motivations is the need for an effective computer-aided
diagnostic (CAD) system to recognize diabetic retinopathy
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(DR). DR is the damage of the retina caused by diabetes. It
is a sight-threatening disease that develops in most of the
patients with long-standing illness. An automated DR
screening system would be a great assist in the processes of
diagnosing and progression tracking. Currently, these tasks
are done by human graders who categorize each image
manually according to the diagnosis protocol.

The presence of microaneurysms (MAs) in the retina is
the earliest symptom of retinopathy, thus their reliable
detection is essential in an automatic DR screening system.
MAs are circular dark spots, whose diameters are less than
the diameter of the major optic veins. Figure 1 shows a
retinal image with an MA marked. In this paper, we present
a method for retinal MA detection, which in contrast to most
of the existing algorithms does not require any training.
Still, it is able to precisely locate MAs with high sensitivity
at low false positive rate. Moreover, it has an outstanding
performance on lesions close to the vasculature regarding
the state-of-the-art methods.

In section 2 we will briefly review the available
algorithms for retinal MA detection, after which in section 3
the proposed method is described in details. In section 4, the
results of our method in an open online challenge of MA
detectors are presented.

2. STATE-OF-THE-ART MA DETECTORS

Most of the currently available methods divide MA
detection into two consequent stages: candidate extraction
and classification. Usually, the first step of candidate
extraction is image preprocessing to reduce noise and
improve contrast. After preprocessing, specific image
segmentation is used to extract as much regions as possible
that probably correspond to MAs. In the second step, the
resulting candidates are labeled as true or false ones using a
supervised learning based method. This classification
requires a training set to establish the boundaries of the
classes. The training set consists of pairs of feature vectors
and class labels. Feature vectors are ordered sets of certain
property values, mostly geometrical or color descriptors that
may help to distinguish MAs from other objects. Such state
of the art methods are proposed by e.g. Niemeijer et al. [1],
Quellec et al. [2], and Zhang et al. [3].
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Methods different from this two-phase approach have
been also proposed. E.g. in [4] Giancdardo et al. presented a
method based on Radon transformation that does not require
explicit training.

3. THE PROPOSED METHOD

The method described in this paper is based on the two most
characteristic attributes of MAs: diameter and circularity.
We will show that it is possible to construct a score-map
that assigns a score value to every pixel in the image, where
the dark small circular objects will achieve the highest
scores, while the vessel structure almost completely
disappears.

3.1. Preprocessing

The only actual parameter of the proposed algorithm is the
maximal MA diameter (d,,,,). We consider this value as 7
pixels in the case of a horizontal resolution of 760 pixels for
the visible retinal part. Thus, input images in different
spatial resolution need to be rescaled. When working with a
retinal image, the usual approach is to use its green channel,
since it has the most useful information content. Though the
proposed method does not require a specific preprocessing,
a certain amount of noise reduction is necessary in most
fundus images. We suggest the use of a simple two
dimensional Gaussian blurring with a standard deviation of
1.4. Also, the input images are inverted, thus MAs and
vessels will appear as bright structures. From now on, when
referring to a retinal image, it is meant as the smoothened
inverted green channel I, of the original retinal image.

3.2. Cross-sectional profiles

Probably the most challenging task during automatic MA
detection is the distinction between MAs and thin vessel
fragments. Vessel segments are such structures in the retinal
image whose points are local maxima in at least one
direction. On the other hand, MAs are circular objects, thus
they appear as local maxima from all directions.

To utilize this approach in practice, we need to test
whether a pixel in the image is a local maximum in a
particular direction. Therefore, we consider discrete line
segments (scan lines) with different slopes, passing through
the specific position being tested. The recordings of the
pixel values along these scan lines result in a set of one
dimensional intensity profiles, or in other words, in a set of
cross-sectional profiles.

If we examine these profiles, we find that MAs show a
definite peak for all directions. In the case of vessel points,
only the profiles of scan lines perpendicular to the vessel
show strong peaks, and as the direction of the scan line
approximates the vessel segment, the peak on the profile
becomes more and more elongated, until it almost
completely disappears. Figure 2 shows the cross-section
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profiles of a vessel segment and an MA point at different
directions, respectively.

90°

-45°

0°

45°

Gl

Vessel fragment
Fig. 2. Cross-section profiles of a vessel segment and an MA,
respectively.

3.3 Scanning of the entire image

To exploit the observation about the cross-section profiles of
MAs and vessel segments, every pixel of the image has to
be accessed from every possible direction. For this reason
we will use scan lines that pass through the entire image. Let
us consider the slope-intercept equation y =m-x + b of
the line. By modifying the y-intercept parameter b at a fixed
slope m, every pixel of the image can be accessed for that
given m direction, except the vertical case which has to be
handled separately. This way, we define the scan line SL, j,
a point vector, whose " element (SL,, [i]) is the i point of
the discrete line defined by the y = tana - x + b equation.
That is,

(-90° < a < —45°: ([—_l J,le - i).
tan a
—45° < ¢ <45°: (i,|tana - i + b)),
| 45°<a<90°: (l;J,[bJ +i).
tan a

SLa,b [l] =

The intensity profile of SL, ), is defined as an integer valued
vector, whose i element is the intensity value of the image
at the SL, p[i] position. That is, IP, ,[i] = I;5(SLgp[i]). To
handle the intensity profile of vertical scan lines, we define
the VIP, vector, whose i element is the intensity value of
the image in the i row and x” column. That is, VIP,[i] =
Iig(x, ). As it can be seen from the definition of the scan
lines, the possible directions cover 180°. Also, we specify
that the scan directions have to be equidistantly sampled,
ie.

a€P={py,p;..}: =90°<; <90°N@Pip1 — ¢ = W,



where w denotes the scan step parameter. Theoretically,
choosing a small w would result in a finer scanning.
However, our experiments showed that, choosing w to be
less than 3° will not make relevant difference in the final
results. Figure 3 shows 4 examples of scan lines for
different directions. The arrows represent the direction of
the scanning.

Q)
&

o =22°
Gy =73°
0y = -62°

Fig. 3. Examples of scan lines with different directions.
3.4. Peak localization and height measurement

Since MAs appear as peaks on the intensity profiles of scan
lines, the next step is to detect these peaks. In this case we
have a width restriction to the peaks, that is, only those
peaks whose width is less than or equal to d,, can
correspond to MAs. Besides the position of the peaks, the
measure of their height is also required, since this
information describes how much the object is separated
from its surroundings in a particular direction. Such measure
is needed that will consider both the peak height and its
width, that is, peaks that are wide will receive a lower value,
even if their height would suggest otherwise. This
requirement is fulfilled by applying area opening, a special
type of attribute opening [5] on the intensity profiles. By
considering the difference of the result and the original
profile (top-hat transformation), we may obtain a proper
corrected peak height measure for every position in the
profile.

Attribute opening can be applied for both one and two
dimensional data as well. It is based on the successive
extension of all the regional maxima by progressively
lowering the local threshold level, until a certain criterion
becomes satisfied.

In the case of area opening, this halt condition is that
the area of the extended region becomes larger than the
given parameter. Let I (v) denote the result of area opening
applied to vector v with parameter A. This way, the area
opening top-hat operator is defined as I‘_}?(v) =v—-RW).
Figure 4 shows the result of the attribute opening top-hat
operator applied to an intensity profile with 4 = d,,,,. It can
be seen, that the top-hat values give a proper measure of the
peak height values along the profile.
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Fig. 4. Top-hat result of attribute opening on an intensity profile.

3.5. Assigning a directional height value to every pixel

To assign a height value for a given direction to every pixel,
we define the directional height map function
DHM(x,y,@), whose value is calculated as the
corresponding value of the area opening top-hat operator
applied to the intensity profile of the scan line that passes
through the (x,y) point at an o angle. That is,

(—90° < a < —45°: g, (IPgp)[lb"] = y],
—45° < a<45°: ?imax(IPa:b*)[x]'
45° <@ <90°: T3 _ (IPyp)[y — b7]],
a=90°:Tq (VIP)[y],

DHM(x,y,a) =

where b* =y —tana - x. Let DHV (x,y) denote the vector
containing the height values for a given position, i.e.:
DHV (x,y)[i] = DHM(x,y, ;). Considering the DHV of
an MA and a vessel point, we find that only MAs achieve
nearly equal height values for all the scan directions, while
in the case of vessel segments, there is a gap at the
directions when the scan line fits the vessel segment. The
DHYV of an MA and a vessel point can be seen in Figure 5.

MA ']
bty

-90° -45° 0° 45° 90°

Fig. 5. Plot of height values for an MA and a vessel point as the
scan direction is rotating.

3.6. MA score map construction

Eventually, our goal is to create a score map, from which
the MAs can be extracted by a simple thresholding for a
binary output, or by considering all the regional maxima to
obtain candidate points with the corresponding probability
scores. We have several requirements regarding this map. It
has to have high values for small circular objects (MAS),
while the response to elongated structures (vessels) has to be
minimal. Moreover, the response to MAs has to be
proportionate to their strength.

We have seen that MAs have nearly equal height
values for all scan directions. To obtain a measure of the
proportion of directions in which the height value was larger



than a given & level to the number of all scan directions, we
define the peak ratio map function PRM,,, i.e.:

e € ®: DHM(x,y, @) = h|
|®|

PRM;(x,y) =

PRM,, has a value near to 1.0 in the case of MA points.
However, usually it has high values for vessels, especially
for vessel crossings, as well. Figure 6 shows PRMg, the peak
ratio map for height level 6 for the fundus image in
Figure 1.

Fig. 6. The peak ratio map at height level 6 (PRMy) of the fundus
image in Fig. 1.

By applying a modified version of diameter opening
top-hat operation on PRM,,, vessels can be filtered out, and
an MA probability image can be constructed for height level
h. Diameter opening is a type of attribute opening, where the
diameter of the extended region is tested. We apply two
modifications. First, only those maximum regions have to be
extended, where the PRM), of the seed point is near to 1.0,
since only these regions correspond to MAs. Theoretically,
this value should be always 1.0 in the case of circular
objects. However, we found that, in practice, it is
recommended to lower the seed threshold to e.g. 0.9. This
limitation for the seed regions result in a faster execution,
since most of the regional maxima can be ignored. Second,
in the resulting top-hat, the extended regions are multiplied

with the PRM,, value of the corresponding seed. Let I (X)
denote the result of this modified diameter opening tophat
operation on image X, with parameter A. This way, we
obtain the MA probability map at height level 4, denoted as

Py, by applying Fad on PRM,, i.e.:
P, =Tg (PRMy).

To construct the final MA score map, which is
independent from the height level parameter, we consider all
possible P, probability maps and combine them in a
weighted pixelwise maximum selection. The value of each
pixel in the final score map will be the product of the
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maximal probability value among the probability maps, and
the corresponding height level, i.e.:

Score(x,y) = thax(x,y)(x' Y) * hnax (X, y)
hmax (%, y) = argmaxjpj(xﬂ y),

where Score denotes the final MA score map. We found that
it is sufficient to consider only the first 30 (2 = {1 ... 30})
probability maps. Moreover, the calculation of the P,
probability maps can be performed in parallel for the
different h values, which gives a further boost to the
method. The final MA score map of the fundus image in
Figure 1 is shown in Figure 7. We can see that the highest
score value was achieved by the strongest MA in the image.

Fig. 7. The final MA score map of the fundus image in Fig. 1.

4. EXPERIMENTAL RESULTS

To examine the performance of the proposed method in
comparison with other state-of-the-art algorithms, we have
submitted our results to the Retinopathy Online Challenge
(ROCQ) [6]. To the best of our knowledge, currently ROC is
the only possibility to compare MA detectors under the
same conditions. This dataset consists of a training and a
test set. Both sets contain 50 fundus images. The reference
MAs are available for the training set only, which enables
the participating teams to train their algorithms, and then
submit the results obtained on the test set. The organizers
evaluate the received data, and construct the FROC (free
receiver operating characteristic) curve. The final score is
calculated as the average sensitivity at seven fixed false
positive (FP) rates (from 0.125 to 8 FPs per image). Figure 8
shows the FROC curve of our algorithm. At the time of the
submission of this paper, our method (team Lazar et al.) is
ranked at the 5™ place among the 10 best participants.
Besides the method proposed by team ISMV [4], our
method is the only one that has achieved such a competitive
score without using any supervised training or classification.
Moreover, our method has achieved the highest score with
respect to detecting MAs close to the vasculature (0.339).
The currently first placed method (team DRSCREEN) is an
ensemble-based detector that combines multiple individual



algorithms, including this one, as well. The results of the
individual teams can be seen in Table 1.

0,80 A
0,70 -
0,60 -
> 0,50
2 040 -
8 030 -
0,20 A
0,10 -
0,00 ey
0,10 1,00 10,00 100,00
Average FPs per image
Fig. 8. FROC curve of the ROC result.

Team name Score

1. DRSCREEN 0.434

2. Niemeijer et al. [1] 0.395

3. LaTIM [2] 0.381

4. OKmedical [3] 0.357

5. Lazar et al. 0.355

6. GIB Valladolid 0.322

7. Fujita Lab 0.310

8. IRIA-Group 0.264

9. ISMV [4] 0.256

10. | Waikato Retinal Imaging Group | 0.206

Table 1. The participating teams in ROC with their achieved
scores.

The proposed method was implemented entirely in
Java SE 1.6. The average run time of an image from the
ROC dataset was 15 seconds, using a PC with an Intel®
Core™2 Quad Q8200 Processor and 2 GB RAM.

5. CONCLUSION

In this paper, we have presented a method that is capable of
constructing a score map to a fundus image, in which the
points corresponding to MAs will achieve high scores, while
the response to the vasculature is minimal. This is
accomplished without the usage of supervised learning
based classification, and the only actual parameter of the
method is the maximal MA diameter. The final MAs can be
extracted by simple thresholding for a binary output, or by

considering all the regional maxima to obtain probability
scores. The proposed algorithm has been evaluated in a
public online challenge aiming the comparison of MA
detectors, where it has achieved a competitive score among
the ten best participants; moreover, it has achieved the
highest score with respect to the detection of MAs close to
the vasculature. The method is also a component of an
ensemble based algorithm, which at the time of the
submission of this paper, holds the first place in the
mentioned online competition.

ACKNOWLEDGMENTS

This work was supported in part by the Janos Bolyai grant of the
Hungarian Academy of Sciences, and by the TECHO08-2 project
DRSCREEN- Developing a computer based image processing
system for diabetic retinopathy screening of the National Office for
Research and Technology of Hungary (contract no.. OM-
00194/2008, OM-00195/2008, OM-00196/2008).

REFERENCES

[1] M. Niemeijer, J. Staal, M. D. Abramoff, M.S. A.Suttorp-
Schulten, and B. van Ginneken, “Automatic detection of red
lesions in digital color fundus photographs,” IEEE Transactions on
Medical Imaging, vol. 24, pp. 584-592, 2005.

[2] G. Quellec, M. Lamard, P. M. Josselin, G. Cazuguel, B.
Cochener, and C. Roux, “Optimal wavelet transform for the
detection of microaneurysms in retina photographs,” IEEE Trans.
on Medical Imaging, vol. 27(9), pp. 1230-1241, 2008.

[3] B. Zhang, X. Wu, J. You, Q. Li, and F. Karray, “Hierarchical
detection of red lesions in retinal images by multiscale correlation
filtering,” SPIE Medical Imaging 2009: Computer-Aided
Diagnosis, Vol. 7260, pp. 72601L, 2009.

[4] L. Giancardo, F. Meriaudeau, T. P. Karnowski, K. W. Tobin,
Y. Li, and E. Chaum, “Microaneurysms Detection with the Radon
CIliff Operator in Retinal Fundus Images,” SPIE Medical Imaging,
Vol. 7623, pp. 29, 2010.

[5] L. Vincent, “Morphological Area Openings and Closings for
Greyscale Images,” Proc. NATO Shape in Picture Workshop,
Springer-Verlag, pp. 197-208, 1992.

[6] M. Niemeijer, B. van Ginneken, M. J. Cree, A. Mizutani, G.
Quellec, C. I. Sanchez, B. Zhang, R. Hornero, M. Lamard, C.
Muramatsu, X. Wu, G. Cazuguel, J. You, A. Mayo, Q. Li, Y.
Hatanaka, B. Cochener, C. Roux, F. Karray, M. Garcia, H. Fujita,
M. D. Abramoff, “Retinopathy online challenge: automatic
detection of microaneurysms in digital color fundus photographs,”
IEEE Transaction on Medical Imaging, 29(1), pp.185-95, 2010.

1409



