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Abstract

Accuateandautomaticparticle detection(or picking) from
cryo-electon microscopy(cryo-EM)imagesis veryimpor
tant for fastand correctreconstructiorof macomolecular
structues. In this paper we presenta new algorithm for
particle picking, basedon a natural modelof data cluster
ing. Thisapproadis fully automaticandhasbeensuccess-
fully appliedto detectthe particlesfrom cryo-EM images
with verylow signal-to-noiseatio (SNR).

1. Intr oduction

Techniquesfrom patternrecognitionand image process-
ing have beenwidely usedin biology for molecularstruc-
ture analysis. One of the examplesis the macromolecular
structurereconstructiorfrom cryo-EM images. This tech-
niguefor studyingmacromoleculastructuress commonly
known as single particle reconstructionin structuralbiol-
ogy [1, 2]. However, the signal-to-noiseratio (SNR) in
most cryo-EM imagesis very low dueto variousreasons
sothathigh-resolutionsingle particle analysisoften hasto
rely on averagingof alargenumberof identicalparticlesto
improve the signal-to-noisaatio [1, 2]. Therefore,locat-
ing most,if notall, of theparticlesin thedigitizedcryo-EM
imageds acrucialstepin high-resolutiorsingleparticlere-
construction.This task,commonlyknown asparticle pick-
ing or particledetectionin singleparticleanalysiscancer
tainly be carriedout manually(by mouseclicks). However,
asthe resolutionapproacheshe atomiclevel, hundredsof
thousand®f particlesmay be necessary3], which makes
it impracticalto manuallypick the particles. In addition,
particledetectiorby eyesmaybeinaccurateandsubjectve.
Several methodshave beenproposedfor automaticor
semi-automatigparticle detection(see[4] for a good re-
view). The rst automaticmethodfor particle picking was
proposedby Heel [5], basedon the local varianceover a
smallareaat eachpixel. Anothercommonlyusedapproach
is template-matchinglgorithm (see[6, 7, 8]), wherethe
templateis choserastherotationallyaveragedarticleim-
ageandthenthetemplateis usedto cross-correlatavith the
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entireimage. In [2], multiple referencdemplatesareused
to improve the accurag of particle detection. Someother
techniquesincludingthecrosspoinmethod[9], thetexture
analysismethod[10], thering- Iter basednethod[11], and
theneuralnetwork approact12], wereproposedecently

Anothergroupof particledetectioralgorithmsarebased
on edgedetection. Harauzet al [13] usededgedetection
followedby componentabelingfor automaticdetectionof
macromoleculesMore recently Zhu et al proposededge
detectiorfollowedby Houghtransformgor automatidden-
ti cation of particleswith rectangularor circular shapes
[14]. It is obvious that all techniqueshasedon edgede-
tectionrequirea goodsignal-to-noiseaatio. However, this
is notalway truein mary cryo-EMimages.

In this paperwe presenta new methodfor particlepick-
ing. Our approachis basedon a natural model of data
clustering. In the following we rst describethe cluster
ing modelandthenwe discusshow to apply the clustering
modelfor particlepicking. In Section3 we shallseesome
resultsof the particle picking algorithm on real cryo-EM
images Finally we give our conclusion.

2. Approach

2.1 Data Clustering

In the following we describea methodfor dataclustering.
Our methodis basedon the gravitation betweenary two
massesisfollows:

1)
where aretwo objectsin the spaceand are
the masseof objects , respectiely.  is the Eu-

clideandistancebetweerthesetwo objectsin thespaceand
is the universalgravitation constant.

In our application, we shall assumethat the input
for the clusteringalgorithmis a 2D image consistingof
backgroundpointswith zeromassanda setof objectswith
positive massesgachof which hasan XY -coordinatdn the
imagedomain. Eachobjectgenerates circular gravitation
eld as dened belon. All such elds are integrated
togetheyyielding anoverall gravitation eld. Every object
moves in the direction determinedby this vector eld.
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Figurel: Theillustrationof the movementof anobject.

Oncetwo or more objectshappento move to the same
position, they memge into a single but bigger object and
will never split in therestof the clusteringprocess.In the
following we shall discusshow to generatea gravitation
eld andhow anobjectmovesin a givengravitation eld.
How to generatethe gravitation eld. Everyobjectgen-
eratesa circular gravitation eld, in which the gravitation
vectoratary point hasthefollowing magnitude:

— )

where isthemassof theobjectat and isthedistance
from to is theuniversalgravitation constant.

From (2) we know that the gravitation decreasesery
rapidly to zeroas goesup. For the purposeof particle
picking, we madetwo modi cationson (2). First,we use
insteadof  asseenin (2) in orderto enhancehe “in u-
ence”of an objecton otherobjects. Secondlywe assume
the“in uence zone”of anobjectonly existsin a nite “cir-
cularzone”with a x edradius. This assumptiomot only
speedsipthealgorithmbut alsoavoidsanembarrassingit-
uationthatall objectseventuallygroupinto onecluster
How to determine the movementof an object. In thecal-
culatedgravitation eld, eachobjecthasapath,alongwhich
it canmove (e.g.,theonefrom to inFig.1). However,a
very smallmovementof ary objectwould changethe grav-
itation eld. A simpleway for this simulationis to let ev-
ery objectmove only onestep(thatis, only move to oneof
its neighboringpixels) andthenupdatethe overall gravita-
tion eld basedonthe new positionof eachobject. Repeat
thesetwo stepsalternatvely until no further movementis
obsened. This schemegivesan accuratesimulationof the
movementf all the objects,but clearlyit is computation-
ally tooslow dueto thevery smallmovementof eachobject
in eachiteration.

To speedup the algorithm,we canlet the objectsmove
asfar asit canon the path determinedby the computed
gravitation eld. It stopsmoving wheneerit seesa vector
thatpointsto the oppositedirectionof themovementon the
path.Fig.1shavsanexampleof thismovement.Theobject
startsfrom  andkeepsmoving until it reaches where

. Then is the farthestposition, to which

this objectcango. The new positionof this objectis setto
somavhere(labeledas ) ontheline from to

To determinethe exact positionof , we needto con-
siderthreefacts. First, the distance , by which the
objectat canmove, shouldbe inverselyproportionalto
themassof this object. Thisobsenationguaranteethatthe
objectswith smallmasseshouldalwaysmove towardsthe
objectswith muchbiggermassesThisis essentiallympor-
tantin our particlepickingalgorithmasseerin next section.
We shallconsidertherelative mass.Thatis, —
where istheaveragemassof all theobjectsand  isthe
massof the objectat is increasingduringthe cluster
ing processsincethe total massis a constantout the num-
ber of objectsis decreasingdue to the memging between
objects). Secondly the distance shouldbe propor

tional to the averagemagnitudg(denotecby ) of all the
vectorson the pathfrom to . Thirdly, the movement
should be no more than in orderto

male the clusteringprocessstable(for example,consider
only two objects).Hencewe have the following formulato
determinghe movementof anobject:

- — @)

Further improvements. The above algorithmcanbe fur-

ther improved to make it much faster First, note thatin

every iteration,we computeall the gravitation vectorsover
the entireimagedomain. In mary applications,however,

the objectsare sparselydistributedandthusonly very few

of thosevectorsare usedto determinethe new positions
of the objects. Therefore we cancomputethe gravitation

vectoronly whenwe needit. As soonaswe computea
gravitation vectorat a point, we storeit sothatwe canuse
it againwhenwe needto determinghe new positionof an-
otherobject. This simplestratgy canusuallysase thecom-
putationaltime by or more. Anotherimprovementwe

madeis that, whenwe computethe new positionof anob-

jectatapoint , we notonly let this objectmoveaccording
to (3), but alsolet it move by a certainamounttowardsthe
"local mean”of theinput dataaroundpoint . The”local

mean”is de ned asthe weightedcenterof all the objects
locally around .

From the above description, we can see that our
gravitation-basectlusteringmethodis quite similar to the
shiftmeanmethod15, 16]. However, our approachdiffers
from theclassicshift meanmethodin thefollowing aspects.
First, our methodis a physicalsimulationof the motion of
eachdatapointin thegravitationalforce eld. Secondpur
methodallows meming betweerntwo or moredatapointsif
they run into eachotherat the samelocationin the space.
Thiscanlargelyreducehenumberof datapointsbeingpro-
cessedndthusmalke the clusteringprocessvery fastafter
the rst few numberof iterations.



(a) Originalimage (b) After threshold
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Figure2: Theillustrationof particleboxingon p97 datasef17]. In (b) we only shaov the binaryimageby assuminghatall

theobjectshave the sameweights.

2.2 Particle Picking

Beforewe run the clusteringalgorithm,we needto thresh-
old the input cryo-EM image(denotedas ) by setting
the thresholdvalue as ,
where and respectiely standfor the minimal
and maximal intensitiesof the entireimageand is set
between and For the P97 data[17] as shawn in
Fig.2(a),we set . Theresultingimageis de ned as:

if
otherwise

(4)

In our algorithmfor particlepicking, we areassuminghat

all theparticleshave lower intensitiesthanthe background.

Thereforethevalueof representshe probability of
beingpartof aparticle.In general containsmore“ob-
jectpoints”if we choosea biggerthresholdvalue,resulting
in aslower clusteringprocessFig.2(b)shavsthethreshold
result. We canseethatpossibleparticlesareusuallylocated
wherethereare more “object points” thanelsavhere. The
clusteringapproachdescribedabove is thenappliedto the
image andthe obtainedcenterggive aninitial particle
picking result,asseenin Fig.2(c).

To reducethe falsepositives,we usually needto evalu-
ate eachof the initially-detectedparticlesand remove the
“false” ones. We currently usetwo criteria to determine
whethera particleis true or not. The rst criterionis the
local intensityvariance  of a particlewithin its box (we
assumehe size of box is givenand x ed). If thelocal in-
tensityvarianceis smallerthana givenvalue, this particle
is removed from the particlelist. The secondcriterion is
basedon therequirementhatthe true particlesmustbe lo-
catedaroundthe centerof the boxes. If a particleis too
faraway from the centerof its box, this particleis alsorec-
ognizedasfalseparticle. To measurehow far a particleis
away from the centerof the box, we computethe average
intensitywithin a circle aroundthe centerwherethe sizeof
thecircle is choserexactly the sameasthesizeof the parti-

cles.We alsocomputethe averageintensityof all the other
pixelsthatareoutsideof thecircle but still insidethebox. If
thesetwo averagesaretoo closeto eachother, this particle
is alsoremoved from the particle list. Fig.2(d) shavs the
resultsafterre nement.

3. Results

Due to the spacelimit, we shav only one example of
our particle picking algorithm on P97 dataset417] (seen
in Fig.3). The size of eachbox is 80 pixels and the
numberof iterationsusedin the clusteringprocessis 30.
More results can be found from the following website:
“http://www.ices.uteas.edu/ zeyun/PtcPick/".

4. Conclusion

In this papemwe describedh new modelfor dataclustering,
which wasthenusedto detectparticlesfrom electronmi-

crographsTheresultson P97datashovedthatour method
worked quite well for detectingparticlesfrom imageswith

verylow SNR.
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