Quantification of Cytoskeletal deformation

In Living Cells
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In order to get a better insight in the mechanisms causing tissue damage there
is an interest from within the biology community to quantify cellular deforma-
tions upon external loading. The cytoskeleton plays an important role in the
transmission of forces throughout the cell. This study aims to quantify defor-
mation by applying image matching algorithms on confocal microscopy images.

Intr oduction

In biology, various cell types are sensitve to

changesn mechanicaloading. On the shortterm

physiologicalmechanicaloading leadsto cell re-

sponse. For instanceupon increasedoad in the
heart,musclecellsimmediatelyincreasetheir con-
tractile force. In blood vessels,increasedshear
stresson endothelialcells leadsto cellular defor

mation and subsequenvasodilation,mediatedby

chemicalsignalsfrom the endothelialcells to the
underlyingsmoothmusclecells. On thelong term,

increasedmechanicaloading leadsto changesn

cellular geneexpression,resultingin a more ade-
guatefunction. Prolongedpathologicalmechanical
loadingcanalsobe harmful for living cells, which

lose their ability to adaptto the changederviron-

mentalconditions.For instanceprolongedexternal
mechanicaloading on skeletal musclecanleadto

pressuresores,characterizedy necrosisof thetis-

sue[l].

Externalforcescanbe transducednechanicallyto

the cell nucleusvia anintracellularnetwork of pro-

teins, composingthe cytoskeleton [2] (Figure 1).

The cytoskeletonis the internal framework of the

cell, composedf threedifferenttypesof molecu-
lar polymers(Figure?2). Thefirst type arethe thick

filamentsor microtuhules. They arerelatively thick

secondypeof filamentsarethethin filaments com-
posedof actin. They canbe found mainly nearthe
cell membrane The third type of filamentsarethe
intermediatefilamentswhich extend from the cell
nucleugo thecell periphery Severaltypesof inter
mediatefilamentsexist, suchasvimentin.
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Figurel: Thecytoskeletonis involvedin the
transmissiorof forcesthroughouthecell.

In orderto geta betterinsightin the mechanisms
which actuallycausecellularadaptatioror damage
it is necessaryo getaccesdo strainsandstresses
insidethetissueasawhole,andthusin its compos-
ing cells. Deformationof the cytoskeletoncaused
by mechanicalloading can be measuredn living

cells. Theaim of this studyis to quantifythe defor

structureswith oneendanchoredn the centrosome mationof the cytoskeletonby applyingimageanal-

nearthe nucleusandthe otherfree in the cytosol;
this endcanlengthenandshortervery quickly. The

ysistechnique®n confocalmicroscoy images.In
this study the intermediatefilament vimentin was
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chosenas a representate for cytoskeletal defor

facereconstructior{6], navigation of spacecrafor

mation. Vimentin filamentswere selectedbecause autonomousobots[7], thevisualizationof weather

they arein close contactwith the cell membrane
aswell aswith the nucleus. In orderto visualize
thedisplacementanddeformationf thevimentin

filaments, culturedliving ChineseHamsterOvary

(CHO) cellswereused.In thesecells, the vimentin

filamentswere fluorescentlylabelled through the

couplingwith the GreenFluorescenProtein(GFP).

Naturalspontaneoumovementsof thesecells,and

thusof the cytoskeletoninside ,werefollowedusing

confocalmicroscop [3].

Thedynamicbehaiour of theintermediatdilament
network in living cells hasbeenstudiedbeforeus-
ing GFP [4, 5]. However thesestudieswere lim-

ited to the calculationof displacementsf vimentin
dotsandend pointsof vimentin filaments. In con-
trast,thisstudyaimsatthedevelopmenof amethod
which canbe usedto quantify the deformationsof

theentirevimentincytoskeleton.

To quantify deformationsof the cytoskeleton, the
appliedimageanalysisshouldmeetcertaincriteria.
Themostimportantrequirementsrethatthe defor

mation of the entire cytoskeleton should be quan-
tified andthatit shouldbe possibleto quantify de-
formationsup to maximal physiologicaldeforma-
tion. The Hierarchical FeatureVector Matching
(HFVM) programwasappliedto determinghedis-
placementanddeformationsf the cytoskeleton.

Hierar chical Feature Vector
Matching

HierarchicalFeaturé/ectorMatching(HFVM) was
developedatthe Instituteof Digital ImageProcess-
ing of JoanneunResearchn Graz,Austria. Orig-
inally, it was developedto createa 3-dimensional
model of a scenerylike, for instance,a planetary
surface. Two 2-dimensionalimagesgeneratedyy
CCD camerasare processeda so-calleddisparity
mapis computed. The disparity map indicatesfor
eachpixel of oneof the input images,which pixel
of the otherimagerepresentshe samespotin the
scenery From the disparity map, the Digital Ele-
vation Model can be computed,if the exact posi-
tions of the camerasndtheir optical propertiesare
known. HFVM is arobustalgorithmwhich canbe
usedfor all sortsof applications,suchas 3D sur

XOOTIC MAGAZINE

satelliteimageg[8], and,asdescribechere,for the
quantificationof cytoslkeletaldeformation9].
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Figure2: Constituentof the cytoskeleton.

Two equally sizedimagesof the sceneryare gen-
erated,and storedin a computermemory as two

gridsof pixels. Eachpixel hasa grey-level. To dis-

tinguishbetweenthe two images,oneis calledthe
refeenceimage andthe otherthe seach image. A

referencepixel is saidto correspondwith a search
pixel if thereferencepixel representthe samereal-

world location as the searchpixel. However, we

needto be carefulwith this definition. As we work

with discretegrids of theimagesthe exactposition
that correspondsvith a referencepixel may be in

betweerseveral pixelsin thesearchimage.

Matching

Matchingis performedtio computewhich reference
pixels correspondvith which searchpixels. From
the results,the disparity mapis constructed. The
disparity map containsthe horizontaland vertical
displacement®f the searchpixel with respectto
the referencepixel. Whena piece of the scenery
is only visible in one image, for some pixels no
matchwill be found. Most matchingalgorithms
arebasedon thefactthattwo correspondingixels
have correspondingneighborhoods. One method
frequently usedis basedon crosscorrelationbe-
tweengrey level valuesof pixelsin the respeciie
neighborhoodsAnothermatchingtechniquewhich
seemsnoreappropriatdor this applicationis based
on FeaturevVectorMatching.



Feature Vector Matching

A featue of apixel is avaluewhich depend®nthe

characteristicsf thegrey-levelsof pixelswithin the

neighborhoodf the pixel. If we calculatethe fea-

ture for all pixels of animage,we get a so-called
featue image. We presenta methodto matchpix-

elsby comparingseveralfeatures Selectedeatures
areusuallythelocal average,a numberof horizon-
tal and vertical edgeoperatorsand the local vari-

ance. Most of them are describedas corvolutions
or canbe approximatedy meansof corvolutions.
Applying a corvolution on animagemeanghatfor

eachpixel a valueis computedwhich dependson

the grey-levels of the surroundingpixels and the
convolutionkernel Theresultis anotheimagecon-
tainingthefilteredvalues.

Supposeéherearem features.If we denoteall fea-
ture valuesof a certainpixel asa vector we obtain
thefeatue vector f for this pixel. Fromthecontents
of the featureimageswe canderie this vectorfor
eachpixel of the stereamagepair. Matchingusing
featurevectorsis calledFeatue VectorMatching or
FVM. Findinga matchfor eachpixel is performed
by comparingits featurevector the refeencevec-
tor, to all featurevectorsof the seach area For
a pixel with coordinatesz, y), the searchareais
definedby theexpectedcoordinatesi,, j,) andthe
extensions); andé;. Forall coordinategk, ) in the
searchareawe definethe seach vectors),; asthe
featurevectorwhich belongsto (%, 1) in the search
image.Thesearh spaceo,. , is thendefinedas

Ogy = {gk,lwf S [Zm — 61‘,2'95 -+ (m,

L€ [jy — 6.y + 651}
To compardhereferencerectorr’to thesearchvec-
tors 53, ; in the searchspace we determinethe fea-
ture distancel|” — 5} ;|. Thefeaturedistanceis de-
fined suchthat eachcomponentof the vectorsis
weighted. If we denotethe value of featurel of
pixel p as f;(p) andthe weight of featurel aswy,
thenthe featuredistancebetweerthe vectorsr and
sis definedas
= i r)—f1(s))-w;)?

7§ = \/Ez,l((g(ﬁ)] ffz )-wi)?
Bestcorrespondence foundon position (., ly) in
thesearchareawherethefeaturedistancebetween
the referencevectorandthe searchvectoris mini-
mal,i.e.

|7 — Sko,to] = (MiN§:5€0:|7—3]).
RecapitulatingFeature/ectorMatchingcanbede-

scribedas:

1. Createfeatureimagesfor both imagesof the
steredmagepair.

2. Comparesachreferencevectorto all searctvec-
torsof thesearchspace Bestcorrespondencs
foundwherethe featuredistancehasa minimal
value. If theminimumfeaturedistancesxceeds
agiventhresholdthe correspondencss invalid
andthe referencepixel is not matchable.As a
result,thedisparityremainsundefined.

3. Removeerrorsandinterpolateundefineddispar
ities.

In Figure 3 FeatureVector Matching is depicted.

Applying this algorithmresultsin adisparitymap.
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Figure3: FeaturevectorMatching.

Pyramids

HierarchicalFeatureVector Matchingis an exten-
sion of FeatureVectorMatching. The computation
time of matchingalgorithmscanbereducedoy lim-
iting the searchareas. To constructsmallersearch
areas,the disparity map of the samestereoimage
pair, but with a resolutionwhich is half the resolu-
tion of the original imagepair, is calculated. This
disparitymapis usedasinitial disparitymapin or-
dertoreducethesizeof thesearchareasn theorigi-
nalimage.For astereamagepairof size512 x 512,
4 or 5 iterationswill do. Theseimagestogetherare
calledthe pyramid The smallestimageis the top
level of the pyramid andthe originalimageis level
0. Building the pyramid startswith the original im-
age. To createthe next level of the pyramidfirst a
Gaussiarcorvolution is performedandall pixelsin

Januari 2001




the even rows and columnsare retained(subsam-

pling). Applying a Gaussiarcornvolution onanim-
ageresultsin animagefor which eachpixel is a
weightedaverageof the original pixel andits sur
roundings.In Figure4, the creationof the pyramid
is visualized.
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Figure4: Pyramidof imageswith level O theoriginal
inputimage.

Matchingstartsat thetop level of the pyramid. The
resultof the matchingalgorithmis a disparitymap.
Thismaphasto befilteredandtheundefinedlispar
ities have to beinterpolatedpeforeit canbeusedas
initial disparity mapfor matchingthe next, lower,
level of the pyramid.

In orderto assurehatthe disparitiesrom therefer
enceto thesearchmageareof goodquality, match-
ing is performedin two directions. Consisteng
checkingis doneby badkmatding. For eachpixel
r of thereferencamage,the matchingpixel in the
searchimages is obtainedby applyingthe dispar
ity map. Next, for pixel s the matchingpixel in the
referencamager’ is obtainedby applyingthe sec-
onddisparitymap. If thedistancebetween- andr’
exceedsa specifieddistance say1 pixel, the match
will bedefinedasinvalid.

Hierarchical FeatureVector Matching can be de-
scribedas follows: for both imagesof the stereo
imagepair thefollowing stepshave to be taken:

1. Build the pyramid.

2. Computethe featureimagesfor eachpyramid
level.

Matchthetop level of the pyramid.

Filter theresultingdisparitymap.
Checkmatchingconsisteng by backmatching.
Interpolatethe undefineddisparities.

o0k w
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7. Usetheresultingdisparitymapasinitial dispar
ity mapto matchthenext, lower, pyramidlevel.

StepsA through? arerepeatedill adisparitymapof
level 0 is computed.TheHFVM methodis depicted
in Figure5.
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Figure5: HierarchicalFeaturevectorMatching.

Results

After optimalisationof the parametersindthe fea-
ture set, the HFVM programwas appliedon im-
agef thespontaneousiovementof thecytoslkele-
ton of living cells [3]. To this end, seven images
(eachtaken every five minutes)of a time seriesof
thespontaneousmovementof thecytosleletonwere
matched In thefirstimage,pointsbelongingto the
cytoskeletonwere selected.Of the selectedooints,
98% could be traceduntil the lastimage. How-
ever, dueto discretisatiorerrorswhich occurwhen
matchingeachintermediateimagewith the previ-
ousimagein the time series,the structuresfound
aftermatchingwerenot smoothanddid not always
coincidewith the fibers. If the changesn the lo-
cal characteristicbetweensuccesse imageswere
too large, the programwasnot ableto find enough
matcheswith highreliability.

The resultsof matchingthe first andlastimageof
thetime seriesaredepictedn Figures6 and?.

The total displacemenin both horizontaland ver
tical directionsis depictedin Figure8. Maximum
displacemenmeasureds 42 pixels, whichis about
2.1pum.

In Figures9 and10 detailsareshavn of the match-
ing resultswith andwithoutintermediatamatching.



Noticefor instancethe differentmatchingresultsat
theintersectiorof two fibersin thelower right cor
nerof thetwo images.

Figure6: Firstimageof time serieswith pixels
belongingto the cytoskeletonselectedselectedpixels
areblack).

Figure7: MatchingresultsafterapplyingHFVM on
first andlastimageof time seriesmatchedor selected
pixelsarewhite).

42 pixels

Figure8: Total displacementield.

Figure9: Detail of matchingresultswith intermediate
matching.

Figure10: Detail of matchingresultswithout
intermediatematching.

Conclusionsand Futur e Dir ections

The aim of this studywasto quantify cytosleletal
deformation.The requirementgor the appliedim-
ageanalysiswere: quantify deformationf the en-
tire cytoslkeletonwith the size of the deformations
up to maximal physiologicalloading, the analysis
mustnot be hamperedy rotationor translationof
thecell duringtheimageacquisition,anddetermine
deformationsn threedimensionsjf possiblefrom
multiple imagestacks.

Thematchingresultsof HFVM arevery goodwhen
matchingtwo imagesof naturaldeformation®f the
cytoslkeleton. Approximately98% of the pointsin
the image belongingto the cytoslkeleton could be
matchedwith pointsin the lastimageof atime se-
ries of imagesof the spontaneoumovementof the
cytoslkeleton,takenthirty minutesafterthefirstim-
age.

Whenmatchingthe completetime seriesof images,
the percentagef pointsthatcould be tracedis still
approximatelythe same. The global displacement
field of the cytoskeletonis correct, but locally the
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matchedpointsstartto let go of thefilaments.This
is dueto the accumulatiorof discretisatiorerrors.
After sevenimagematchingstepsthe matchingre-
sultsdo not coincidewith thefilaments.

A morestructure-baserhatchingalgorithm,thatal-

lows tracing of correspondingstructures,suchas
completecytosleletal filaments,in a seriesof im-

agescanbeasolutionto thisproblem.Theultimate
goalof thisresearclprojectwill beto determinecy-

toscleletaldeformationdgnsidethe cell in threedi-

mensionsBy describingthe structuredy meansof

graphstheimagematchingtransformsnto agraph
matchingproblem. If the graphscan be obtained
from astackof imagesthegraphmatchingcanalso
be appliedto solve the matchingproblemin three
dimensionsWe referto [9] for moredetailson this
ideaof structurematching.
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