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Abstract

Atomiccomponentsare setsof relatedvariables,types,
and subpograms, e.g., abstiact data typesand objects.
Many techniquesexist to detectthemautomatically How-
ever, as an evaluation has shown,none of themhas the
precisionneeded9]. One apprach to achieve a higher
precisionis to integrate the userinto the detectioncycle
This paper describesa methodin which computerand
humanwork togetherto find atomiccomponents-urther-
more, it discussefiow the techniquescan be enhancedo
work incrementallywhich is neededf they are to beinte-
grated with this method.Moreover, it proposesways of
combining the tdmiques within this interctive method.

1. Introduction

Architecturerecoverycomprisesdetectionof compo-
nents (thecomputationaparts)andconnector s (themeans
andpointsof communicationpf systemsThemostprimi-
tive componentgonsistof subprogramgypes,andglobal
variables Groupingsof thesekinds of declarationsre,for
example,objects,abstractdatatypes,and setsof related
routines,andarecalledatomic componentsin thefollow-
ing sincetheydo notconsisiof smallercomponentsAtom-
ic componentganbeviewedascohesivdogical modules.
LivadasandJohnsorj15] give severakeasongor recover-
ing atomiccomponentsSupportfor understandingystem
designtestinganddebuggingreengineerindgrom aproce-
dural programminglanguageto an object-orientedlan-
guage,avoidanceof degradationof the original design
during maintenance, and facilitation for reuse.

Thegoalof ourresearclis to find techniquegsndmeth-
odsfor atomiccomponentetectionin the generalframe-
work of architectureecovery.In an experimentwe have
evaluatedseveralpublishedapproacheso detectabstract
datatypesandobjects[9]. The overallresultwasthatnone
of thetechniquesasthe precisionneededTherearesev-
eral alternativeapproachego overcomethis: The tech-
niguescanbe combined othersourcef informationcan
be consideredfor example,dataflow information or do-
main knowledge),or the usercould be integratednto the
search.This paperdescribesa methodin which computer
andmaintainemwvork handin handto detectatomiccompo-

nents.Within this interactiveframework, the techniques
canbecombinedby simpleoperationgriggeredby the us-
er. Dueto the complexity,vaguenessandto somedegree
subjectivity, it seemsquestionablevhetherwe can ever
find precisetechniqueshatfit all casesTherefore atomic
componentecoveryis a problemthathasto betackledin
concertwith a maintainerat anyrate.Hence how this can
be effectively achievedshouldbe investigatedirst before
we search for other sources of information.

Paper outline

The paperfirst briefly summarizesvailableautomatic
basetechniquedor atomic componentetection(Section
3). Thenit describesa methodin which humanandcom-
puterinteractto detectatomiccomponentghatintegrates
thebasictechniquegSectiord). In Sectionss and®, it will
be discussedhow the basetechniquesanbe combinedin
orderto supportthe method.Thena strategyis suggested
for atomic componentdetectionwithin this framework
(Section7). Section8 compareghe new semi-automatic
approacho otherexistinginteractiveapproachesie be-
gin with the terminology used in this paper.

2. Terminology

In this section termsaredefinedthatareusedthrough-
out of this paper.

An entity is aglobalprogrammingunit with aname A
base entity is a variable, a type, or a subprogramAn
atomic component, or shortcomponent, is a setof base
entitiesthatform aconceprelevantatthearchitecturalev-
el. Examplesareabstractatatypesandobjects.A candi-
date atomic component, or shortcandidate, is anatomic
componenproposedy atechniqueandnotyet confirmed
by theuser.Theelements of an atomic component A are
its constitutingvariablestypes,andsubprogramsjenoted
by elements(A)A view is anexcerptof the currentknowl-
edgeabouttheentitiesin thesystemandtheirrelationships.
The base view consistsof all baseentitiesandtheir rela-
tionshipsextractedfrom sourcecode.An atomic compo-
nent view, or short component view, describesthe
decompositiorof the atomiccomponentsénto its constitu-
ents.The user view is an atomiccomponentview whose
contentsareconfirmedby theuser.A baseentityis consid-



eredbound whenit is a constituentof an atomiccompo-
nent in the user view; otherwise it is consideires.

3. Automatic Base Techniques

Therearemanyexistingautomatid¢echniquegor atom-
ic componentletectionin theliterature. Theycanroughly
be classifiedasfollows accordingto the kind of informa-
tion they leverage:

» domain-model-basedpproachesise a domain model
that describeghe domain conceptsand their relation-
shipsandthat is usedto guide the searchfor compo-
nents [6]

« dataflav-basedapproacheseveragedataflav informa-
tion [23]

« structure-basedpproachesre basedon baseentities
and their structural relationships; structure-based
approachesan further be distinguishedinto connec-
tion-, metric-, graph-, and concept-basedpproaches
(Canforaet al. independentlcameto a similar classifi-
cation [3]).

In thefollowing, only structure-basetdchniquesvill be
discussedn more detail becauseahesearethe techniques
integratednto the currentprototypesupportingthe semi-
automaticmethod.Thereis no principal reasonwhy the
othertwo kinds of approachegould not be integratedas
well. Theonly requiremenfor atechniqueo beintegrated
into the frameworkis to presentits resultsas component
view.

Table 1. Connection-based approaches

Connected_Entities Reference

Same signature types, i.e., parameter[7]
Module or returntypesof asubprogram,

andaccessetariablesdeclared

in the same module

Part Type signature types that are not 3 [18]

part-typeof anotheitypein the

samesignaturel is apart-type

of T"if T is (transitively) used

in the declaration for T’
Internal signature types andwiables | [25]
Access whose record components arg
accessed

Same accessedlariableghatoccurin | [13]
Expression the samegression

Connection-based approacheslusterentitiesbasecdn
a specificsetof directrelationshipsetweerentitiesto be
grouped.One can unify thesetechniguesby defining a
function Connected_Entities for eachonethatreturnsthe
base entities to which a given subprogramshould be

grouped as described by Table 1.

Metric-based approachegluster entities basedon a
metric usingan iterative clusteringapproachSchwanke’s
[20] andour Smilarity Clustering approact8] and Type-
based Cohesion [17] fall in thiscategory Schwanke’sSim-
ilarity Clusteringis aimedat finding relatedsubprograms
basedon direct call relationshipsamongthe subprograms
andcommonanddistinct usagef non-localnamesOur
Smilarity Clustering approachdistinguisheamongdiffer-
entkinds of usage®f non-localentitiesandaddsinformal
information. Type-based Cohesion groups subprograms
accordingto the portion of typesof their parameterdpcal
variablesandthenon-localvariablegheyreferencevhere
eachoccurrenceof a type counts(asopposedo the other
approaches that count each non-local entity only once).

Beladyand Evangelisti’sapproactgroupsrelatedsub-
programsusinga similarity metricbasedon databindings
[1]. A databindingis apotentialdataexchangevia aglobal
variable.Hutchensand Basili extendBeladyand Evange-
listi's work by usinga hierarchicalclusteringtechniqueto
identify related subprograms and subsystems [11].

Ddlta-IC is actually a hybrid of connection-baseend
metric-basedapproachessince it consistsof two parts:
clusterformationandclusterfiltering [2]. The actualclus-
ter is built arounda subprogransandcomprisesheclose-
ly related subprograms of S i.e., all subprogramghat
accessonly variablesaccessedy S, and the referenced
variablesof S. The metric measureseferencegrom out-
sidethecluster(coupling)andoccurrencesf minimal sub-
clustersconsistingof subprogramshat referenceexactly
one of the variables in the cluster (cohesion).

The metric-basedapproachedliffer from connection-
basedapproacheby the degreeof freedomthatis offered
by themetricsparameterandthethresholdhatcanbevar-
ied to find atomic components with varying reliability.

Graph-based approachesleriveclustersfrom a graph
by meansof graph-theoretianalyses.The differenceto
connection-baseapproachets thatthewholegraphhasto
be consideredwhereasconnection-basedpproachese-
gardonly directrelationshipshetweenentitiesin orderto
decidewhethertheyshouldbe grouped Srongly Connect-
ed Components Analysis considergyclesin the call graph
as componentsand Dominance Analysis identifies local
utility functions of atomic components [4].

Concept-based approachesuse concept analysis to
computea lattice of conceptsA conceptis a maximalset
of objectssharingcommonattributesvhereeachobjecthas
all attributeq14]. In orderto find atomiccomponentsvith
conceptanalysis,a subprograms consideredan objectin
the senseof conceptanalysis Attributescould be: access-
ing a certainvariable,havinga certainsignaturetype,and
so forth. In the ideal case,the conceptlattice consistsof
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Figure 1. Semi-automatic method for component recovery

separatesublatticeghat are only connectedo the top and
bottomelementof thelattice. Suchsublatticesarecompo-
nentcandidateg14]. In practice,however,due to viola-
tions of the information hiding principle, the lattice of
conceptshasmanyinterferencesSeverakheuristicsto de-
tectatomiccomponentsvithin this lattice despiteof inter-
ferencedavebeenproposed?1, 3,19]. Anotherdrawback
of thisapproachs thatit maytakeexponentiatime to find
a conceptlattice in the worst case.Practicalexperiences
haveindicatedthatit still takescubictime onaveragg22].
Researchin atomic componentdetectionhas mostly
concentrate@n the automatidechniquesThis hasleadto
manyinterestingyetisolatedtechniquesA notableexcep-
tion areCanforaetal. who haveproposedo combinecon-
ceptanalysiswith otherheuristicsin orderto simplify the
conceptiattice [3]. However,the otherheuristicsareonly
subordinatedo conceptanalysisin their approachMore-
over, little attentionhasbeenpaid to the questionhow a

maintainer could be integrated into the detection process.

Contribution. This papercontributedo componentletec-
tion by describinga semi-automatienethodthat incorpo-
ratesexistingtechniquesshowshow thesetechniquesan
be combinedandappliedsystematicallyandhow the user
canbeintegrated Furthermorejt explainshow structure-

based technigues can be extended to work incrementally.

4. The Semi-Automatic M ethod

The proposedsemi-automaticmethod integratesthe
maintainerinto the detectionprocesgight from the begin-
ning. The automatictechniquesare usedto yield compo-
nent candidates that are validated by the user.

Figure 1 containsthe main constituentof the method.
Theinnercycle, consistingof analysisapplication,metric
ranking,presentatiorandbookkeepingf detecteacompo-
nents,is the core of the detectionprocess.The detection

processs controlledby selectednalysesmetrics,anduser
validation.

Thebaseview containsthe baseentitiesandtheir rela-
tionshipsneededor componentletectiorandis automati-
cally derivedfrom sourcecode.Therole of theuserviewis
to recordthe componentshathavebeendetectedandvali-
datedby theusersofar. In thebeginningwhenno compo-
nentis known,it is empty.Theuserselectsaananalysighat
is to be applied.The analysistakesinto consideratiorthe
componentshatwerepreviouslyconfirmedby theuser(in
thefirst iterationtherearenone). Thus,theanalysegreap-
plied incrementally. Generally, the techniquespropose
manycandidatesTheusershouldnotbe swampedwith all
of them. Instead,the candidatesshould be presentedn
theirpresumedjuality. Theycanberankedby certainmet-
rics selectedy theuser.Many of thesemetricscomewith
parameterthatcanbeadjustedby theuser.Themetricsof
the metric-basedechniquesanbe usedfor clusteringas
well asfor ranking(thatexplainsthearrowfrom metricsto
analysisapplication in Figurel). After thecandidatefave
beenrankedthecandidatearepresentedo theuserfor ac-
ceptanceThe presentatioris a crucialandnon-trivial task.
It mustbein suchawaythattheuser’'svalidationcanbeas
quick as possible.Additional information the user may
needhasto beprovidedondemandForexamplethemain-
tainerwill probablyalsowantto inspectthe sourcecode.
The uservalidatesthe candidatesandthosecomponenhe
or she accepts enter the user view.

In eachiteration,theuserselectandcombinedifferent
analyseso find componentshatcouldnotbefoundby pre-
vious analysesThe procesendswhenthe found compo-
nents are sufficient for the task at hand or no further
componentan be found anymore.Section7 will recom-
mend a strategy for the selection of analyses.

Theuserdoesnothaveto selectapply,andvalidateone
analysisatatime. Instead severabnalyseganbeselected
andappliedin parallel. Then,the intersectionunion, and



differencesof theseanalysescan be automaticallyascer-
tained,andtheusercaninvestigateandvalidatethese Par-
ticularly large candidatesof some techniquescan be

refined by applying other techniques to these individually.

Becausehe typical maintenancéaskdoesusually not
requireto find all component®f a systembut only a few
relevantonesin aspecificpartof thesystemthedomainof
search can be restricted to certain modules.

Thefollowing sectionsgo into more detail of the indi-
vidual steps of the method.

4.1. Analyses

Currently, the framework offers all connection-based,
metric-basedandgraph-basetechniquedistedin Section
3.

As Figure 1 indicates,a techniqueusesthe baseview
andtheuserview asinput. Theanalysismayaddfreeenti-
tiesto theexistingcomponent@ theuserview or maypro-
pose new candidates.Thus, the techniquesare applied
incrementally Theoriginaltechniquesspublishedarenot
incremental Section5 will, therefore,describehow they
canbeextendedSinceit doesnotmakeadifferencefor in-
crementatechniquesvhethertheinputcomponentiew is
the userview or a componentview generatedy another
techniquethe incrementaltechniqueshasicallyrepresent
functionalcomposition Functionacompositioris oneway
of combiningtechniquesLarge component®f onetech-
nigue canindividually be refinedby othertechniquesand
baseentitiesleft by onetechniguecanbe groupedby the
next technique.

Anotherway of combiningthetechniquess to applyset
operatorspamely,union andintersection o their results
sincethe techniquesarebasicallyfunctionsthatyield sets
of componentsHowever thisis notsosimpleasSection
will describe.

Providing operatorgfor combiningthe resultsof tech-
nigueswas preferredto a technicalcombinationof the
technigueshemselveslit easesintegrationof new tech-
nigues and gives the user the choice of combinations.

4.2. Metric Selection, Adjustment, and Ranking

Metrics areusedto assessndrank the candidateghat
havebeenproposedy the analysis.Thereis a catalogof
metricsthatthe usercanchooseof. The catalogcomprises
the metricsof the metric-basedapproaches-urthermore,
theunderlyingheuristicsof theothertechniquesanequal-
ly beexpressedsmetricsandusedfor ranking[13]. Estab-
lished intra-modularand inter-modularmetrics, such as
numberof linesof code,McCabeor Shepperadtomplexity,
canbeusedto measuredditionalaspect®f thecandidates

[5]. Themetricusedfor rankingis a compositemetricthat
is the normalizedweightedsum over the individual met-
rics.

The compositemetricis usedto guidethe userthrough
the large setof candidatesThe metric is computedonce
andthenathresholds usedto controlthe presentationAll
candidatesbovethe thresholdcometo the fore. The user
can startwith a high thresholdthat is decreasedtep by
step.Iln eachstep,the candidatesbovethe choserthresh-
old arevalidated Acceptedandrejectedpartsof the candi-
dates are not presented again in the following steps.

Somemetricshaveparametershatneedto beadjusted.
Altogether therearehencethreedimension®f variability:
Theweightsof thebasicmetricswithin thecompositemet-
ric, theinherentparametersf thebasicmetrics,andthefil-
tering threshold.All theseparametergan be adjustedby
theuserandthe presentatiompdatedaccordingly.Several
distinct metric settingscanbe tried without needto rerun
the analysis.

4.3. Presentation, Validation, and Acceptance

For presentatiorandinteractionwith the user,the cus-
tomizable graph editor for reverseengineering,Rigi, is
used [16]. Rigi offers many useful capabilities such as:

 supportfor annotatechodesandedgef differenttypes

« hierarchical nodes and vis

« direct linkage to the correspondingsource code by
clicking on nodes

e automatic layout and contet-preserving browsing
capabilities

« filter and selection mechanisms

* Rigi command language for customizations

We extendedRigi in manydirectionsto adaptit to our
needsThe adaptationsvere opportunistic;not everything
thatmighthavebeenusefulcouldbeworkedinto Rigi, e.g.,
an undo mechanismBut all of our major requirements
were more or less easy to fulfill with Rigi.

In orderto distinguishthe original Rigi from Rigi with
ourextensionswe will referto theformerasoriginal Rigi
and to the latter asxtended Rigi in the following.

The analysescan be selected,combined,and started
from within the extendedRigi by meansof list boxesand
menuslt wasimportantto usthatthe selectiorandcombi-
nationis easyto dowith simplemouseclicks suchthatthe
user need not learn a complex language.

Theresultof ananalysiss representedly a singlehier-
archical analysis node containingthe actual candidates.
This makesit possibleto further procesghe resultsof an
analysisby applyingcommandgrom a context-sensitive
mousemenuto this node.For example the differenceto



thecurrentlyaccepteditomiccomponentganbeshown,it
canbeintersectedr unitedwith theresultsof anotheanal-
ysis, or the next kind of analysis can be applied to it.

The analysisnode can be unfolded. Then, the actual
atomic componentcandidatesare shown. The user can
browsethesecandidatedy clicking onthe nodesor view-
ing thenodehierarchyasawhole.Thenodehierarchyis es-
pecially interesting when the results of Smilarity
Clustering or Type-Based Cohesion areviewed.Thesewo
clusteringapproacheseturnatreethatindicatesthe order
in which elementsvere groupedtogetherand soimmedi-
atelyshowwhatis moresimilarandwhatis less.Themain-
tainercanthen“climb upthetree”startingattheleavesand
stopatoneinnernodefor which the combinationis doubt-
ful. Direct validation is possible in any view.

Thereturnedcandidatesanbeacceptedr rejectedin-
dividually orasawholeby directmanipulationTheatomic
componentxan be renamedby the userto give thema
meaningfulname.Single baseentitieswithin candidates
canbe acceptedr rejected.Cut and pastecapabilitiesare
availableto movesingleor whole setsof baseentitiesasa
groupfrom oneatomiccomponento the other.Any base
entity can be addedto a candidate Maintainersare also
able to create their own atomic components.

Everythingconfirmedby the useris movedto the user
view. The userview is likewise representedhs analysis
nodesuchthat mostcommandsvailablefor analysisre-
sultsarealsoavailablefor the userview in auniform man-
ner.Only thosethatmakeno sensdor the userview were
excluded,suchas acceptingnodesor viewing the differ-
ence to the user view.

The user can add positive and negativeinformation.
Positive information expressethata baseentity belongs
to a givenatomiccomponentthis is addedwhenthe user
confirms an atomic component.Negative information
conveysthattwo entitiesdo not belongtogetherj.e., they
exclude each other mutually.

More precisely,the symmetricrelationshipmutually-
exclusive(a, b) amongtwo entitiesa andb andaddedby
the userexpresseshat a andb mustnot be addedto the
samecomponentLikewise,if mutually-exclusive(a,b) and
a (or b) isacomponentb (or a) mustnotbeaddedo a (or
b). If mutually-exclusive(a, b) andb is apartof component
¢, mutually-exclusive(a, ¢) is always induced.

Every analysismust preserveall positive information,
thatis to say,ananalysismayonly addto theatomiccom-
ponentghatauserhasconfirmedandneverremoveany of
their elementsand likewise, an analysismustnot cluster
entities that were not supposed to be grouped together.

5. Incremental Base Analyses

Thetechniquedaveoriginally notbeenproposedsin-
crementatechniguesTheneedednhancementsf theba-
sic techniquego work incrementallyarebriefly described
in thissection A moredetaileddescriptioncanbefoundin
[13].

An incrementakechniquehasasinput a descriptionof
the systemthatdoesnot only containthe baseentitiesand
their relationshipsut alsoa setof atomiccomponentsl-
readydetectedy thefirst techniqueplus a descriptionon
the mutually exclusiveentities. The composition,i.e., all
incrementabnalysesmayonly groupsuchbaseentitiesin
the input baseview that do not alreadybelongto atomic
componenti theinputcomponentiew. Wewill callbase
entitiesbound if they arealreadypart of a componenin
theinputcomponenview. All otherentitiesareconsidered
free.

Thecompositiorcanbeorganizedn thefollowing steps
(thetermcluster is usedhereto makeclearthattheindivid-
ual technigueggeneratesetsof relatedelementshat only

become components in the last stage of the composition):

1. Iterate wer the free entities and cluster them.

2. Splitall clusterssothatthereareno mutuallyexclusive
entities in the same subcluster

3. Transform clusters into components.

Thefirst stepdepend®ntheanalysislt is describedas
compositionin the following sections.The secondand
third stepsareidenticalfor all analysesandareexplained
in Section5.4andSection5.5. An advantag®f organizing
the compositionthis way insteadof letting the analysede
in chargeof mutuallyexclusiveentitiesis thattheanalyses
do not have to take care of negative information.

We will discussthe diverse classesof approaches,
namely,connection-basednetric-basedandgraph-based
techniques separately.

5.1. Incremental Connection-based Techniques

Connection-basedpproachesgerateoverthefreeenti-
tiesin thebaseview andcollectthe connectecentitiesthat
shouldbe grouped(Figure2). The connectedentitiesmay
beeitherboundor free.Freeconnectecntitieswill belong
to thesameclusterof the entity thatis underconsideration.
Boundconnecteekntitiescannotbegroupedagainbecause
theyalreadybelongto acomponentinsteadthe entity un-
derconsideratioshouldbelongto thesamecomponenthe
connectedoundentity belonggo. Thiswill technicallybe
solvedby addingthe enclosingcomponenin lieu of the
connecteentity. Theresultingclusterswill betransformed
into atomic components as described in Section 5.5.

Thealgorithmshownin Figure2 implementshis strat-



egy. It usesthe union-find datastructurefor disjoint sets
describedby Hopcraftand Ullman [10] and assumeshat
all entities are enumerated from 1Ltast Entity.

Generic Parameter:

* Connected_Entities : Entity Set of Entities
Input:

* base viev B

* component vier A
Output:
¢ set of disjoint clusters
Algorithm
-- Put each free entity and component in a set of its own:

for Ein 1..Last_Entity
where not Is_Bound (E, Apr Component (Ejoop

New_Set (E);
end loop
-- Iterate over free entities and cluster connected entities:

for Ein 1..Last_Entity
where not Is_Bound (E, Agnd not Component (Eloop

for Cin Connected_Entities (E)op
if not Is_Bound (C, Athen
Union (Find (E), Find (C));
else
-- add enclosing components of C in lieu of C
for ACin Enclosing_Components (C, Kop
Union (Find (E), Find (&));
end loopy
end if;
end loog
end loop
Result:
Each disjoint set represents a cluster that constitutes a candi

Figure 2. Incremental connection-based
technique.

In theexamplescenaridn Figure3, therearetwo exist-
ing componentAC, andAC, whereelements (AC,) ={ Ty,
V4} andelements (AC,) ={T,}. T, andTzaswell asF, and
F3 are mutually exclusive. Connected_Entities (F;) =
{T1, T3}, Connected_Entities(F,) = {4}, and Connected-
Entities(F3) = {V, T,}. Dueto the overlapamongthese
setsthealgorithmdescribedn Figure2 producegheclus-
ter{F, Fy, F3, T3, ACq, AC,} whereTy, V4, andT, have

been replaced by their respective enclosing component.

mutuallyexcluswe

connected to

T3 ¢F Feyrhs

Figure 3. Example for incremental application.

5.2. Incremental Metric-based Echniques

A singlestepin theincrementatonnection-basettch-
niguesbasicallyconsistsof two parts:(1) selecta cluster
and(2) replaceboundentitieswithin theseclustersoy their
enclosingcomponentsAn incrementakxtensiornof Delta
IC can be organized analogously:

1. Initially, theclustersareidentifiedaccordingo the pat-
tern that is used byelta IC,

2. thenclusterswhoseDeélta IC valueis below thethresh-
old are filtered,

3. and, eventually bound entities are replaced within
these clusters by their enclosing component.
Thegenericalgorithmin Figure2 canbeusedto imple-

ment the incrementalversionof Delta IC by defining a

function that implements step 1 and 2 used as

Connected_Entities for the instantiation.

Both Type-based Cohesion, Smilarity Clustering, and
Data Binding Clustering usethe samehierarchicakluster-
ing algorithm;theyonly differ in theunderlyingmetric.In
an incrementalapproachcomponentsave alreadybeen
detectedand yet free entitieshaveto be clustered.This
comparego a snapshobf the clusteringalgorithmaftera
fewrunswhentherearealreadysomeclustersandyetmore
iterationsaheadConsideringhis, the clusteringalgorithm
caneasilybe modifiedto work incrementally Only a pre-
and a post-processinghaseis necessaryln the pre-pro-
cessingphase the similarity relationis computedamong
all componentsindall freeentitiesusingagroupsimilarity
[8]. If there are nodesthat are mutually exclusive,their
similarity is setto 0. Theclusteringalgorithmthenclusters
all componentsndfree entitieshasedn the similarity re-
lationjustcomputedTheresultsareclustershatmaycon-
tain componentandbaseentities. Theseclustersarethen
treatedin a post-processinghaseasdescribedn Section
5.5.

5.3. Incremental Graph-based Echniques

Graph-basedpproachederiveclusterdrom agraphby
meansof graph-theoreti@nalysesvherethe whole graph
is consideredIn the beginning,whenno componentsare
known, this graphis the baseview. When appliedincre-
mentally,however componenthavebeenpartially recog-
nized. Hence,it is known that certainnodesform a unit
and,therefore the graphanalyseshouldbe appliedto the
graphin which relatednodeshavebeengroupedtogether,
i.e.,to thegraphthatresultsfrom the following two trans-
formations:

« all boundentitiesarereplacedby their enclosingcom-
ponent

« all former connectionsof the bound entities are redi-



rected to the v component node

Thiswill becalledthe collapsed graph. Then,the can-
didatesof theincrementaStrongly Connected Component
Analysis are the cyclesin the collapsedgraph.Likewise,
dominanceanalysiscanbe appliedto the collapsedgraph
in orderto identify local entitiesof a componentin the
caseof Dominance Analysis, nonewclustersareproposed,;
instead, a component absorbs all entities it dominates.

5.4. Handling M utually Exclusivesin Candidates

Being in a common cluster proposedby an analysis
meansfor the entitiesof a clusterthat the analysis“be-
lieves”theybelongtogetherHowever if someof theseen-
tities are mutually exclusive becausethe user has
previouslydisagreeavith this grouping(negativanforma-
tion), theymustnot be putinto the samecandidateNever-
thelesstheremay be entitiesin the clusterthatarenot in
conflict and,therefore the clusteris not completelymean-
ingless.Insteadof throwing away the whole cluster,the
clustershouldbe partitionedinto subclustersvithout mu-
tually exclusiveentities.A secondrequiremenfor a rea-
sonablesplitting is thatthe subclustershouldbe aslarge
aspossible.Subclustersvith only one elementobviously
do not haveany conflicts, but theyarenot very helpful ei-
ther. Unfortunately,we arefacingthe NP-completegraph
coloringproblemhere,i.e.,for anoptimalsolution,we may
need exponential time.

Thegraphcoloringproblemis to assigraminimalnum-
berof colorsto nodesn agraphwherenotwo neighboring
nodesmayhavethesamecolor. Thisis equivalento parti-
tioning the nodesof a graphinto subsetsvhere no two
neighboringnodesarein the sameset. The sameproblem
existsfor registerallocationin compilers The usualway
therein tacklingthis problemis to usea heuristicin which
thenodesareremovedirom thegraphin theascendingpr-
der of their numberof remainingconflicts and put onto a
stack.When all nodesare on the stack,the nodesof the
stackare poppedandassignedo a partition suchthat no
neighboringnodesarein the samepatrtition. The partition
assignedo a givennodeN is the minimal availableparti-
tion that does not contain a node that is in conflict With

Proceedingexactly on the strategyjust describedmay
resultin subclustersf unconnecteéntities.Subclustersf
unconnecteéntitiescanbeavoidedby two additionalheu-
risticsthatcaneasilybeintegratedvith the schemeabove:
Firstly, subprogramsre addedto the stackbeforetypes,
variables,and componentssuchthat the latter are parti-
tioned first and can be usedas crystallizationpoints and
secondlyanentity E is addedo the partitionthatcontains
mostconnectedntitiesof E. If thereis no partitionwith a
connected entityk is added to a new partition.

Fortheexamplecluster{ F4, F5, F3, T3, AC;, AC,} gen-
eratedby an incrementalconnection-basetechniquefor
thescenarian Figure3 (seeSections.1),we obtainthein-
terferencegraphin Figure4 (thecomponent#\C; andAC,
inherit the relationship of their elements).

AC, AC, mutuallyexclusive
SN e
connected to
Ty &k K 3 —

Figure 4. Resulting interference graph.

The entitiesmay be pushedonto the stackin the order
F1, ACy, F), F3, T3, AC, (thereareotherpossibleorders).
Both F, andAC, donothaveanyconflict andaretherefore
addedfirst. F, is addedbefore AC, becausesubprograms
arepreferredo componentaNow, only entitieswith acon-
flict areleft. Becausesubprogramsre preferredto other
kinds of entities,eitherF, or F5 canbechosenln this ex-
ample F,is selectedirst. WhenF, hasbeerremovedrom
the interferencegraph,F3 doesnot haveany conflict any-
more and canbe pushedonto the stacknext. Now, either
AC; or T3 canbeselectechextbecausédothhaveonecon-
flict andthereis no preferencdor componentor types.
The resulting stack is shown in Figute

F>
AC,
Fq

Figure 5. Resulting stack for coloring.

After all nodeshavebeerremovedrom theinterference
graph,AC; is assignedo a new partition. ThenT; is as-
signedto a new partition, too, dueto its conflict with AC;.
F3is assignedo the partitionof AC; becausét is connect-
edto AC; butnotto T;. F, cannotbeaddedo the partition
of AC, becauset is in conflict with F3. It canneitherbe
addedo thepartitionof T3 becausét hasno connectiorto
T3. Hencejt isaddedo anewpartition.AC, is addedo the
partitionof F3 becausé-; is connectedo AC,. Finally, Fy
canbe addedto the partition of AC; or T3 becauseét has
equalconnectiongo both partitions.Hence,one possible
partitioningof thecandidatento subclustersvithoutmutu-
ally exclusiveelementss { ACq, F3, AC,}, { T3, Fq}, {F2}.

5.5. Transfor ming Clustersinto Candidates

Theincrementalersionsof thetechniquessproposed
by the previoussectionsproduceclustersthat are to be
transformednto atomiccomponentsPrincipally,theclus-



tersfall into one of the following categories:

1. The cluster contains no component.

2. The cluster contains a single component. This is the
case when an incremental technique wants the base
entities of the cluster to be added to an existing compo-
nent. Remember that the enclosing component is added
to acluster in lieu of abound entity.

3. The cluster contains more than one component. This
happens when at least one base entity can be added to
more than one existing component.

For the first type of cluster, we can create a new candi-
date that contains al the elements of the cluster. In the sec-
ond case, we add all elements to the component contained
inthe cluster. If clusters contain more than one component,
it is not clear to which components the base entities of the
cluster should belong. Therefore, such clusters are present-
ed to the user as awhole and he or she can decide.

6. Set Operators

Since the results of the analyses are basically sets of
components, they can be combined by set operations,
namely, union and intersection.

The unionisuseful for techniquesthat produce very dif-
ferent kinds of components and is, therefore, especialy
suited to combine techniquesthat are restricted to one class
of component. For example, Delta |C can only detect ob-
jects and Part Type only abstract data types. Applying the
union operator to these two heuristics allows for detecting
both kinds of components.

The intersection is used to reveal the agreement of two
techniques: Only components detected by both techniques
will be present in the resulting view. This gives us a higher
confidence about the resulting components. A good exam-
ple is the intersection of Part Type with Internal Access.
Part Type assumesthat the parameter of the part typein the
signature is put into or retrieved from the parameter of the
container type. This can only be the case when the param-
eter of the container typeisinternally accessed. The inter-
section is also useful when both techniques propose
candidates that are too large. Large components of one
technique can be refined by the other technique.

Applying the set operators is more than just uniting and
intersecting the sets of components in the sense of set the-
ory. For theintersection, for example, we can hardly expect
that we find two exactly equal components by both tech-
niques. A simple definition of intersection according to set
theory, called shallow intersection, would, therefore,
yield empty result views in most cases. Likewise for the
simple union of component views, called shallow union,
similar yet different componentsin the input views lead to
many similar components in the output view. If thisis pre-

sented to the maintainer, she has to check the overlapping
parts of the similar components twice.

For example, in Figure 5, the shallow union of the sets
of candidates Result 1 and Result 2 treats any candidate as
an atomic set member and produces five candidates where
four of them are very similar. The outcome of intersecting
the two component views is even worse since the resulting
view is empty. For set intersection, a component of one
view is only in the resulting view when it has an exact
match in the other view.

Result 1 shallow union
@
Result 2 shallow intersection

=

Figure 6. Shallow union and intersection example.

In order to avoid these effects, similar components
should be treated as if they were equal. We consider two
components A and B similar when

|elements(A) n elements(B)| o

|elements(A) O elements(B)| —
where elements (A) denotes the elements of Aand © isa
user-determined threshold. If © = 1, the two sets of ele-
ments must be equal .

Given similar components, we can unite or intersect
their elements for the resulting component view of the
union or intersection operator, respectively. In the case of
two similar components for the union operator, this results
in a single component that comprises all elements of the
two similar components. In the case of theintersection, this
leads to a single component that consists only of the ele-
mentsthat arein both components. Because not only the set
of components as such are united and intersected but also
theindividual componentsthemselves, these operationsare
called deep union and deep inter section, respectively.

6.1. Deep Union

The deep union operator unites the elements of two sim-
ilar atomic components.

Note that overlapping atomic components can result
from the union operator only. The intersection and compo-
sition do not yield overlapping atomic components other
than those already produced by the applied techniques.
Overlapping candidates are a problem when presented to a
maintainer for validation because all overlapping candi-
dates have to be investigated to decide where agiven entity
(in the overlapping part) belongs to. In the case of non-
overlapping atomic components, the maintainer can simply
accept or reject the entity at hand. However, thisisonly a



problem when the final result contains overl apping compo-
nents. For intermediate results during combination, over-
lapping components are useful. This way, severd
alternative candidates can be investigated in parallel until a
decision is made in the course of combination.

Theresult of the deep union for the examplein Figure 5
for ©=0.5isshownin Figure 7.

Result 1

Result 2 deep intersection

()

Figure 7. Deep union and intersection example.

deep union

6.2. Deep Inter section

The deep intersection operator intersectsthe elements of
two similar atomic components.

The intersection does not make sense for every combi-
nation of techniques. If two techniques propose very dis-
tinct atomic components, the resulting set of atomic
components may be empty. This is the case when tech-
niques are combined that consider different kinds of enti-
ties. By alook at Table 2, which summarizes what kind of
base entities are considered by the respective base tech-
nigue, one can quickly decide which intersections do make
sense. A [ in Table 2 means that a certain kind of base en-
tity isregarded, O meansthat it is not regarded. A sensible
intersection can be expected of those techniques that con-
sider acommon set of base entity kinds.

Table 2. Domains of the base techniques.

Technique Subp. Var. Types
Same Module ad O O
Part Type a O O
Same Expression ad O O
Internal Access d O O
DeltalC O O 0
Similarity Clustering d O O
Type-Based Cohesion ad O O
Data Bindings a O O
Strongly Connected Components ad O O
Dominance Analysis ad O O

The result of the deep intersection for the example in
Figure5for © = 0.5isshownin Figure 7.

The intersection operator is adequate when two compo-
nent views are to be combined. However, if the agreement

among several techniques is to be established, the likeli-
hood that the resulting view is empty increases by the num-
ber of techniques involved because al techniques have to
agree to a component. When the results of several tech-
nigues areto be compared, avoting approach in which only
acertain number of techniques have to agree but not neces-
sarily al isabetter solution. For details see [13].

7. Detection Strategy

The framework described in the previous sections has
many degrees of freedom. Therefore, some guidelines
should be given on how to use it successfully. The recom-
mended strategy for component recovery consists of two
main parts: Detection of components and then identifica
tion of the relationships among the components. Detection
of components can be done in the following steps:

Step 1. Apply al connection-based analyses and Strongly
Connected Component Analysis in paralel. Validate rea
sonable intersections of the results (see Table 2). Add neg-
ative information during validation when you find entities
that should not be grouped together. Rationale: One gets
only few promising candidates in the beginning which can
form apoint of crystallization later on. The added mutually
exclusiveinformation will break up larger candidatesin the
subsequent runs of the analyses.

Step 2. Apply connection-based approaches once again
but one at atime. Thistime, they will leverage theinforma-
tion you have contributed and return clusters containing no
entitiesthat have already been grouped and no mutually ex-
clusive entities. Validate the non-intersected results (thus,
using lessstrict criteria). If particularly large candidates oc-
cur, refine them with other techniques by means of compo-
sition. If the candidates of one technique have been
validated, runthe next analysis. Rationale: Thecrystalliza-
tion points of the first step are extended and new compo-
nents are built that were dropped out by the intersection in
thefirst step. Applying the techniques successively guaran-
teesthat all user information is respected by the analyses.

Step 3. The metric-based approaches are associated with
parameters whose values may not be known in advance.
The previous two steps lead to a set of componentsthat can
be used to automatically calibrate the metric-based ap-
proaches. Varying this calibration reveals further clusters.
If ahierarchical metric-based clustering is used, one starts
the validation at the leaves and then climbs up the tree to-
ward the root until a metric value is reached that does not
indicate sufficient confidence in the candidate anymore.
Rationale: The connection-based techniques are based on
fixed patterns and, therefore, will aways yield the same
candidates. The metric-based techniques allow more vari-



ability by changing their parameters.

Step 4. Finally, Dominance Analysis canbeappliedto find
local utility functionsof atomic componentsRationale:
The dominanceanalysisfor atomiccomponentsanonly
be appliedwhenthe atomiccomponent®xistin the first
place.Hence,t canonly beusedlatein the detectionpro-
cessDominance Analysiswill detectthelocal entitiesthat
are not detectable by other approaches.

It is alsousuallyhelpfulto restrictthesearctto onekind
of atomiccomponenat a time becausehe searchcriteria
aremostlydifferent.Forthisreasonit is possibleto restrict
all theanalyseso aparticularsetof entity types.Forexam-
ple,if onesearcheabstractlatatypes,globalvariablescan
be ignored.

Oncethecomponentfiavebeendetectedtheirrelation-
ships can be analyzedby applying Srongly Connected
Component Analysis and Dominance Analysis to the col-
lapsed graph. Srongly Connected Component Analysis
yields setsof componentghat mutually dependon each
other and Dominance Analysis revealswhethercompo-
nents are local to each other.

8. Related Research: Interactive Methods

In Section3, researchn automatidechniquedor atom-
ic componentecoveryhasalreadybeensummarizedThis
sectiondescribestherapproachethatintegrateheuserin
thedetectionprocesandcompareshemto the semi-auto-
matic method presented in this paper.

Muller etal. pointoutthatarchitectureecoverycannot
be fully automated16]; thus,the role of the humansoft-
wareengineerconstitutesa centralandintegralpart of ar-
chitecture recovery and, consequently, tools for
architectureecoveryshouldintegratethe user.Ontheoth-
er hand,asmuchaspossibleshouldbe automatedThere-
fore, the tool supportingtheir approach,namely, Rigi
allowshumaninterventionandoffersautomaticoperations
for subsystendetectiontoo. The availableoperationgor
subsystendetectiorareremovalof omnipresenéntitiesas
well as composingby interconnectiorstrength,common
client/supplierscentricity,andname Furthermoremetrics
canbeusedto asseshestructureof the subsystendecom-
positionandexactinterfacesof subsystemsanautomati-
cally be derived. Moreover, becausemany analysesfor
architecturerecoveryare system-dependenRigi offers a
scriptinglanguagehat allows a maintainerto write his or
her own clustering techniques.

Becausethe semi-automatianethod proposedin this
paper uses Rigi for visualization and user interaction,
Muller's andmy approachhavea greatdealin common.
However,the semi-automatienethodsfocuseson atomic
componentrecoveryand, therefore,offers a wider selec-

tion of atomic componentrecovery techniques,while
Miiller's work is also aimed at hierarchicalsubsystems.
Moreover theonly way of combiningdifferenttechniques
in theoriginal Rigi is to applythetechniquesuccessively,
whereasthe extendedRigi handlesalternativeresultsin
parallelandoffersdeepintersectioranddeepunionopera-
tors to combine these results.

Another extensionof Rigi is Dali, developedby Ka-
zmanandCarrieére[12]. Dali usesanSQL databaséo store
informationaboutsystemdo be reverseengineeredAs a
consequence5SQL canbe usedto specify clusteringpat-
terns. KazmanandCarrieredistinguishtwo differentlevels
of patterns:application-independegatternsand applica-
tion patternsApplication-independematternsaareusedto
aggregatadeclarationsaccordingto the languageseman-
tics, like local variableswith their enclosingfunctionsor
dataandfunctionmemberawith their class(anothettype of
low-level application-independeipiatterndilters noisein-
troducedby insufficient tools for parsingand semantic
analysisthesepatternsarenotneededvhenacapableC++
frontendis available).The purposeof applicationpatterns
is to groupfunctionsandclassedo subsystemslhesepat-
ternsleveragenamingconventionor areenumerationf
related elements.

The advantagef Dali is its supportfor SQL queriesto
specifyclusteringpatternspatternscanbewrittenin ade-
clarativemanneranda languagethatis widely used.The
patternscan be viewed as a specificationof the system
structureand usedto re-generatehe visualizationof the
systemwhenthe systemhaschanged(in which case the
patternshaveto be updatedaccordingly).Moreover,the
patternscan be employedto group elementsquickly in-
steadof groupingthem manually.In the caseof patterns
that are mere enumerationshowever, this advantages
only limited. On the otherhand,thereis no analyticcapa-
bility in Dali. Hence,the patternshaveto be written by
someonalreadyfamiliar with the systemandcanneither
be reusedor othersystemsn manycasesRefinemenbf
theresultsof a patternis difficult becausehe usercannot
interactwith the systemby direct manipulationsincethe
refinementhasto bedonein the pattern.For the samerea-
son,combination®f resultsaredifficile. In principle,com-
bining operatordike deepunionandintersectiorncould be
written in SQL aswell usingtemporarytablesandlogical
or andand operatorsput the resultwould haveto be ex-
pressedsan SQL queryafterwardto obtainthe advantag-
es of a separatespecificationof the systemstructureas
SQL patterns.

TheextendedRigi hasalsomuchin commonwith Man-
SART, atool developedat MITRE thatsupportsarchitec-
turerecoven[26]. ManSARTVvisualizedifferentviewsof
thesystenthataredirectly derivedfrom sourcecode,such
astask-spawningiews,dataflowbetweerproceduresnd



datafiles, andabstractiatatypeviews.In orderto combine
differentviewsfor presentatiopurposesseverabperators
are offeredto the user.The purposeof the operatorss to
connectdistinct baseviews at different levels of abstrac-
tions(e.g.,atask-spawningiew with theabstractlatatype
view), whereaghe extendedRigi offers operatorgo find
agreementanddifferencesof componenviewsor to unite
two viewswhereall viewsareatthe sameevel of abstrac-
tion. In orderto establishcorrespondencamongconcepts
in differentviewswhenviewsarecombinedacontainment
relationis usedby ManSARTthatis basedn sourceposi-
tions of statementsmplementingthe conceptsWhenthe
extendedRigi combinegswo views, it canconsidethedec-
larationscontainedn componentbecausé¢hecorrespond-
ing components are at the same level of abstraction.

All approachethathavebeenpresentedn this section
sofar, includingthe oneunderlyingextendedRigi, arepri-
marily bottom-upapproacheslhe searctstartsat declara-
tions extractedfrom the source code, which are then
grouped together by automatic techniquesand human
judgementGall, Klésch, and Weidl complemenbottom-
up clusteringby a top-downapproacH6]. They alsouse
bottom-upclusteringheuristicsthat start at dataflow dia-
gramsandthenfollow part-typerelationshipsamongdata
store entities of the dataflow diagramsand user-defined
recordsandpursuedatadependencieamongrecordcom-
ponentsHowever,they go beyonda purebottom-uppro-
cessby usinga domainmodelbuilt by a humanengineer
(e.g.,usingtheunifiedmodellanguagdJML). Thedomain
modeldescribesheapplicationconcept@ndtheirrelation-
ships.Partof the recoveryprocesss to bind the domain
conceptdo thecomponent$oundby the bottom-upphase.
In orderto establishthis mapping,a similarity metric is
usedbasedn similarity of namesf domainconceptsand
sourcecodeidentifiersandon similarity of types[24]. Be-
causdt is notalwayspossibleto establisithe mappingus-
ing the similarity metric only, the useris integratedn the
binding process [6].

The domainmodelmay be usedto makethe recovery
processnoregoal-directecandmayincreasehechanceo
find componentsvith applicationsemanticsOn the other
hand,otherprogrammingconceptsnay be missedthatare
alsonecessaryo understandhe systemor couldbereused
in anothercontext.Moreover,the explicit domainmodel
andamappingfrom domainconceptso componentin the
sourceimplementingthesedomainconceptds a valuable
documentation. The bottom-up approachesdiscussed
abovealsouseadomainmodell] butit existsonly in the
headof themaintainerHowever buildingadomainmodel
needsadditionaleffortandthenecessargegreef detail of
a useful domain model is not known in advance.

9. Conclusions

This paperdescribeda methodin which humanand
computerinteractto detectatomiccomponentsThe need
for humaninterventionwas indicated by a quantifying
comparisorof publishedtechniquego detectatomiccom-
ponents[9]. This paperhasdescribedpossiblecombina-
tionsof theanalysesvithin thisinteractiveframework.The
preferredway of combiningthe basetechniquess to offer
simpleoperatorgo theuser.Thisway, directmanipulation
canbetheway of interaction the userhasall thefreedom
to tailor the analysesand new techniquescanbe quickly
integratedTheonly requirement$or anewtechniqudo be
integratedarethatthetechniguehasto expressts resultas
acomponenview, thatis hasto beincrementalandthatits
underlying clusteringcriterion should be expressedas a
metricin orderto useit for candidateranking. The paper
hasalsodescribechow structure-basetechniquesanbe
extended to work incrementally.
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