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Abstract

Atomiccomponentsare setsof relatedvariables,types,
and subprograms,e.g., abstract data typesand objects.
Manytechniquesexist to detectthemautomatically. How-
ever, as an evaluation has shown,noneof themhas the
precisionneeded[9]. One approach to achieve a higher
precisionis to integrate the user into the detectioncycle.
This paper describesa methodin which computerand
humanwork togetherto find atomiccomponents.Further-
more, it discusseshowthe techniquescanbeenhancedto
work incrementally, which is neededif they are to be inte-
grated with this method.Moreover, it proposesways of
combining the techniques within this interactive method.

1. Introduction

Architecturerecoverycomprisesdetectionof compo-
nents (thecomputationalparts)andconnectors (themeans
andpointsof communication)of systems.Themostprimi-
tive componentsconsistof subprograms,types,andglobal
variables.Groupingsof thesekindsof declarationsare,for
example,objects,abstractdatatypes,and setsof related
routines,andarecalledatomic components in thefollow-
ing sincetheydonotconsistof smallercomponents.Atom-
ic componentscanbeviewedascohesivelogicalmodules.
LivadasandJohnson[15] giveseveralreasonsfor recover-
ing atomiccomponents:Supportfor understandingsystem
design,testinganddebugging,reengineeringfrom aproce-
dural programminglanguageto an object-orientedlan-
guage,avoidanceof degradationof the original design
during maintenance, and facilitation for reuse.

Thegoalof our researchis to find techniquesandmeth-
odsfor atomiccomponentdetectionin thegeneralframe-
work of architecturerecovery.In anexperiment,we have
evaluatedseveralpublishedapproachesto detectabstract
datatypesandobjects[9]. Theoverallresultwasthatnone
of thetechniqueshastheprecisionneeded.Therearesev-
eral alternativeapproachesto overcomethis: The tech-
niquescanbecombined,othersourcesof informationcan
be considered(for example,dataflow information or do-
mainknowledge),or theusercouldbe integratedinto the
search.This paperdescribesa methodin which computer
andmaintainerwork handin handto detectatomiccompo-

nents.Within this interactiveframework, the techniques
canbecombinedby simpleoperationstriggeredby theus-
er. Dueto thecomplexity,vagueness,andto somedegree
subjectivity, it seemsquestionablewhetherwe can ever
find precisetechniquesthatfit all cases.Therefore,atomic
componentrecoveryis a problemthathasto betackledin
concertwith a maintainerat anyrate.Hence,how this can
beeffectivelyachievedshouldbe investigatedfirst before
we search for other sources of information.

Paper outline
Thepaperfirst briefly summarizesavailableautomatic

basetechniquesfor atomiccomponentdetection(Section
3). Thenit describesa methodin which humanandcom-
puterinteractto detectatomiccomponentsthat integrates
thebasictechniques(Section4). In Sections5 and6, it will
bediscussedhow thebasetechniquescanbecombinedin
orderto supportthemethod.Thena strategyis suggested
for atomic componentdetectionwithin this framework
(Section7). Section8 comparesthe new semi-automatic
approachto otherexistinginteractiveapproaches.We be-
gin with the terminology used in this paper.

2. Terminology

In this section,termsaredefinedthatareusedthrough-
out of this paper.

An entity is a globalprogrammingunit with a name.A
base entity is a variable, a type, or a subprogram.An
atomic component, or shortcomponent, is a setof base
entitiesthatform aconceptrelevantatthearchitecturallev-
el. Examplesareabstractdatatypesandobjects.A candi-
date atomic component, or shortcandidate, is anatomic
componentproposedby a techniqueandnotyetconfirmed
by theuser.Theelements of an atomic component A are
its constitutingvariables,types,andsubprograms,denoted
by elements(A). A view is anexcerptof thecurrentknowl-
edgeabouttheentitiesin thesystemandtheirrelationships.
The base view consistsof all baseentitiesandtheir rela-
tionshipsextractedfrom sourcecode.An atomic compo-
nent view, or short component view, describesthe
decompositionof theatomiccomponentsinto its constitu-
ents.The user view is an atomiccomponentview whose
contentsareconfirmedby theuser.A baseentity is consid-
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eredbound whenit is a constituentof an atomiccompo-
nent in the user view; otherwise it is consideredfree.

3. Automatic Base Techniques

Therearemanyexistingautomatictechniquesfor atom-
ic componentdetectionin theliterature.Theycanroughly
be classifiedasfollows accordingto the kind of informa-
tion they leverage:

• domain-model-basedapproachesusea domainmodel
that describesthe domainconceptsand their relation-
shipsand that is usedto guide the searchfor compo-
nents [6]

• dataflow-basedapproachesleveragedataflow informa-
tion [23]

• structure-basedapproachesare basedon baseentities
and their structural relationships; structure-based
approachescan further be distinguishedinto connec-
tion-, metric-, graph-, and concept-basedapproaches
(Canforaet al. independentlycameto a similar classifi-
cation [3]).
In thefollowing, onlystructure-basedtechniqueswill be

discussedin moredetail becausethesearethe techniques
integratedinto the currentprototypesupportingthe semi-
automaticmethod.Thereis no principal reasonwhy the
other two kinds of approachescould not be integratedas
well. Theonly requirementfor a techniqueto beintegrated
into the frameworkis to presentits resultsascomponent
view.

Connection-based approachesclusterentitiesbasedon
a specificsetof direct relationshipsbetweenentitiesto be
grouped.One can unify thesetechniquesby defining a
functionConnected_Entities for eachonethatreturnsthe
base entities to which a given subprogramshould be

grouped as described by Table 1.
Metric-based approachescluster entities basedon a

metricusingan iterativeclusteringapproach.Schwanke’s
[20] andour Similarity Clustering approach[8] andType-
based Cohesion [17] fall in thiscategory.Schwanke’sSim-
ilarity Clusteringis aimedat finding relatedsubprograms
basedon direct call relationshipsamongthe subprograms
andcommonanddistinctusagesof non-localnames.Our
Similarity Clustering approachdistinguishesamongdiffer-
entkindsof usagesof non-localentitiesandaddsinformal
information. Type-based Cohesion groups subprograms
accordingto theportionof typesof their parameters,local
variables,andthenon-localvariablestheyreferencewhere
eachoccurrenceof a typecounts(asopposedto theother
approaches that count each non-local entity only once).

BeladyandEvangelisti’sapproachgroupsrelatedsub-
programsusinga similarity metricbasedon databindings
[1]. A databindingis apotentialdataexchangevia aglobal
variable.HutchensandBasili extendBeladyandEvange-
listi’s work by usinga hierarchicalclusteringtechniqueto
identify related subprograms and subsystems [11].

Delta-IC is actuallya hybrid of connection-basedand
metric-basedapproachessince it consistsof two parts:
clusterformationandclusterfiltering [2]. Theactualclus-
ter is built aroundasubprogramS andcomprisestheclose-
ly related subprograms of S, i.e., all subprogramsthat
accessonly variablesaccessedby S, and the referenced
variablesof S. The metric measuresreferencesfrom out-
sidethecluster(coupling)andoccurrencesof minimalsub-
clustersconsistingof subprogramsthat referenceexactly
one of the variables in the cluster (cohesion).

The metric-basedapproachesdiffer from connection-
basedapproachesby thedegreeof freedomthat is offered
by themetricsparametersandthethresholdthatcanbevar-
ied to find atomic components with varying reliability.

Graph-based approachesderiveclustersfrom a graph
by meansof graph-theoreticanalyses.The differenceto
connection-basedapproachesis thatthewholegraphhasto
be consideredwhereasconnection-basedapproachesre-
gardonly direct relationshipsbetweenentitiesin orderto
decidewhethertheyshouldbegrouped.Strongly Connect-
ed Components Analysis considerscyclesin thecall graph
as componentsand Dominance Analysis identifies local
utility functions of atomic components [4].

Concept-based approachesuse concept analysis to
computea latticeof concepts.A conceptis a maximalset
of objectssharingcommonattributeswhereeachobjecthas
all attributes[14]. In orderto find atomiccomponentswith
conceptanalysis,a subprogramis consideredanobjectin
thesenseof conceptanalysis.Attributescouldbe:access-
ing a certainvariable,havinga certainsignaturetype,and
so forth. In the ideal case,the conceptlattice consistsof

Table 1. Connection-based approaches

Connected_Entities Reference

Same
Module

signature types, i.e., parameter
or returntypesof asubprogram,
andaccessedvariablesdeclared

in the same module

[7]

Part Type signature types that are not a
part-typeof anothertypein the
samesignature;T is apart-type
of T’ if T is (transitively) used

in the declaration for T’

[18]

Internal
Access

signature types and variables
whose record components are

accessed

[25]

Same
Expression

accessedvariablesthatoccurin
the same expression

[13]



separatesublatticesthatareonly connectedto the top and
bottomelementof thelattice.Suchsublatticesarecompo-
nent candidates[14]. In practice,however,due to viola-
tions of the information hiding principle, the lattice of
conceptshasmanyinterferences.Severalheuristicsto de-
tectatomiccomponentswithin this latticedespiteof inter-
ferenceshavebeenproposed[21,3,19].Anotherdrawback
of thisapproachis thatit maytakeexponentialtimeto find
a conceptlattice in the worst case.Practicalexperiences
haveindicatedthatit still takescubictimeonaverage[22].

Researchin atomic componentdetectionhas mostly
concentratedon theautomatictechniques.This hasleadto
manyinteresting,yet isolatedtechniques.A notableexcep-
tion areCanforaetal. whohaveproposedto combinecon-
ceptanalysiswith otherheuristicsin orderto simplify the
conceptlattice [3]. However,theotherheuristicsareonly
subordinatedto conceptanalysisin their approach.More-
over, little attentionhasbeenpaid to the questionhow a
maintainer could be integrated into the detection process.

Contribution. Thispapercontributesto componentdetec-
tion by describinga semi-automaticmethodthat incorpo-
ratesexistingtechniques,showshow thesetechniquescan
becombinedandappliedsystematically,andhow theuser
canbe integrated.Furthermore,it explainshow structure-
based techniques can be extended to work incrementally.

4. The Semi-Automatic Method

The proposedsemi-automaticmethod integratesthe
maintainerinto thedetectionprocessright from thebegin-
ning. The automatictechniquesareusedto yield compo-
nent candidates that are validated by the user.

Figure1 containsthemainconstituentsof themethod.
The innercycle,consistingof analysisapplication,metric
ranking,presentation,andbookkeepingof detectedcompo-
nents,is the coreof the detectionprocess.The detection

processiscontrolledbyselectedanalyses,metrics,anduser
validation.

Thebaseview containsthebaseentitiesandtheir rela-
tionshipsneededfor componentdetectionandis automati-
cally derivedfrom sourcecode.Theroleof theuserview is
to recordthecomponentsthathavebeendetectedandvali-
datedby theusersofar. In thebeginning,whennocompo-
nentis known,it is empty.Theuserselectsananalysisthat
is to be applied.The analysistakesinto considerationthe
componentsthatwerepreviouslyconfirmedby theuser(in
thefirst iterationtherearenone).Thus,theanalysesareap-
plied incrementally.Generally, the techniquespropose
manycandidates.Theusershouldnotbeswampedwith all
of them. Instead,the candidatesshould be presentedin
theirpresumedquality.Theycanberankedby certainmet-
ricsselectedby theuser.Manyof thesemetricscomewith
parametersthatcanbeadjustedby theuser.Themetricsof
the metric-basedtechniquescanbe usedfor clusteringas
well asfor ranking(thatexplainsthearrowfrom metrics to
analysis application in Figure1).After thecandidateshave
beenranked,thecandidatesarepresentedto theuserfor ac-
ceptance.Thepresentationis acrucialandnon-trivial task.
It mustbein suchawaythattheuser’svalidationcanbeas
quick as possible.Additional information the user may
needhastobeprovidedondemand.Forexample,themain-
tainerwill probablyalsowant to inspectthe sourcecode.
Theuservalidatesthecandidatesandthosecomponenthe
or she accepts enter the user view.

In eachiteration,theuserselectsandcombinesdifferent
analysesto find componentsthatcouldnotbefoundbypre-
viousanalyses.Theprocessendswhenthe foundcompo-
nents are sufficient for the task at hand or no further
componentcanbe found anymore.Section7 will recom-
mend a strategy for the selection of analyses.

Theuserdoesnothaveto select,apply,andvalidateone
analysisata time.Instead,severalanalysescanbeselected
andappliedin parallel.Then,the intersection,union,and

user view

catalog

memory

computer task

human task

analysis selection

metricselection

metric adjustmentvalidation

analysis application
and combinationanalyses

metricsmetric ranking

presentation
& acceptance

flow of data

flow of control

consideration

base view

Figure 1. Semi-automatic method for component recovery



differencesof theseanalysescanbe automaticallyascer-
tained,andtheusercaninvestigateandvalidatethese.Par-
ticularly large candidatesof some techniquescan be
refined by applying other techniques to these individually.

Becausethe typical maintenancetaskdoesusuallynot
requireto find all componentsof a systembut only a few
relevantonesin aspecificpartof thesystem,thedomainof
search can be restricted to certain modules.

The following sectionsgo into moredetail of the indi-
vidual steps of the method.

4.1. Analyses

Currently, the frameworkoffers all connection-based,
metric-based,andgraph-basedtechniqueslistedin Section
3.

As Figure1 indicates,a techniqueusesthe baseview
andtheuserview asinput.Theanalysismayaddfreeenti-
tiesto theexistingcomponentsin theuserview or maypro-
pose new candidates.Thus, the techniquesare applied
incrementally.Theoriginal techniquesaspublishedarenot
incremental.Section5 will, therefore,describehow they
canbeextended.Sinceit doesnotmakeadifferencefor in-
crementaltechniqueswhethertheinputcomponentview is
the userview or a componentview generatedby another
technique,the incrementaltechniquesbasicallyrepresent
functionalcomposition.Functionalcompositionisoneway
of combiningtechniques.Largecomponentsof onetech-
niquecanindividually be refinedby othertechniquesand
baseentitiesleft by onetechniquecanbe groupedby the
next technique.

Anotherwayof combiningthetechniquesis to applyset
operators,namely,union andintersection,to their results
sincethe techniquesarebasicallyfunctionsthatyield sets
of components.However,this is notsosimpleasSection6
will describe.

Providingoperatorsfor combiningthe resultsof tech-
niqueswas preferredto a technicalcombinationof the
techniquesthemselves.It easesintegrationof new tech-
niques and gives the user the choice of combinations.

4.2. Metric Selection, Adjustment, and Ranking

Metricsareusedto assessandrank thecandidatesthat
havebeenproposedby the analysis.Thereis a catalogof
metricsthattheusercanchooseof. Thecatalogcomprises
the metricsof the metric-basedapproaches.Furthermore,
theunderlyingheuristicsof theothertechniquescanequal-
ly beexpressedasmetricsandusedfor ranking[13]. Estab-
lished intra-modularand inter-modularmetrics, such as
numberof linesof code,McCabeor Shepperdcomplexity,
canbeusedto measureadditionalaspectsof thecandidates

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

Thecompositemetric is usedto guidetheuserthrough
the largesetof candidates.The metric is computedonce
andthenathresholdis usedto controlthepresentation.All
candidatesabovethethresholdcometo the fore. Theuser
can start with a high thresholdthat is decreasedstepby
step.In eachstep,thecandidatesabovethechosenthresh-
old arevalidated.Acceptedandrejectedpartsof thecandi-
dates are not presented again in the following steps.

Somemetricshaveparametersthatneedto beadjusted.
Altogether,therearehencethreedimensionsof variability:
Theweightsof thebasicmetricswithin thecompositemet-
ric, theinherentparametersof thebasicmetrics,andthefil-
tering threshold.All theseparameterscanbe adjustedby
theuserandthepresentationupdatedaccordingly.Several
distinct metric settingscanbe tried without needto rerun
the analysis.

4.3. Presentation, Validation, and Acceptance

For presentationandinteractionwith theuser,thecus-
tomizablegraph editor for reverseengineering,Rigi, is
used [16]. Rigi offers many useful capabilities such as:

• supportfor annotatednodesandedgesof differenttypes

• hierarchical nodes and views

• direct linkage to the correspondingsource code by
clicking on nodes

• automatic layout and context-preserving browsing
capabilities

• filter and selection mechanisms

• Rigi command language for customizations
We extendedRigi in manydirectionsto adaptit to our

needs.Theadaptationswereopportunistic;not everything
thatmighthavebeenusefulcouldbeworkedintoRigi, e.g.,
an undo mechanism.But all of our major requirements
were more or less easy to fulfill with Rigi.

In orderto distinguishtheoriginal Rigi from Rigi with
ourextensions,wewill referto theformerasoriginal Rigi
and to the latter asextended Rigi in the following.

The analysescan be selected,combined,and started
from within theextendedRigi by meansof list boxesand
menus.It wasimportantto usthattheselectionandcombi-
nationis easyto dowith simplemouseclickssuchthatthe
user need not learn a complex language.

Theresultof ananalysisis representedby asinglehier-
archical analysis node containingthe actual candidates.
This makesit possibleto further processthe resultsof an
analysisby applyingcommandsfrom a context-sensitive
mousemenuto this node.For example,the differenceto



thecurrentlyacceptedatomiccomponentscanbeshown,it
canbeintersectedorunitedwith theresultsof anotheranal-
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
browsethesecandidatesby clicking on thenodesor view-
ing thenodehierarchyasawhole.Thenodehierarchyises-
pecially interesting when the results of Similarity
Clustering or Type-Based Cohesion areviewed.Thesetwo
clusteringapproachesreturna treethat indicatestheorder
in which elementsweregroupedtogetherandso immedi-
atelyshowwhatis moresimilarandwhatis less.Themain-
tainercanthen“climb upthetree”startingattheleavesand
stopatoneinnernodefor which thecombinationis doubt-
ful. Direct validation is possible in any view.

Thereturnedcandidatescanbeacceptedor rejectedin-
dividuallyorasawholebydirectmanipulation.Theatomic
componentscan be renamedby the user to give them a
meaningfulname.Single baseentitieswithin candidates
canbeacceptedor rejected.Cut andpastecapabilitiesare
availableto movesingleor wholesetsof baseentitiesasa
groupfrom oneatomiccomponentto theother.Any base
entity can be addedto a candidate.Maintainersare also
able to create their own atomic components.

Everythingconfirmedby theuseris movedto theuser
view. The user view is likewise representedas analysis
nodesuchthat mostcommandsavailablefor analysisre-
sultsarealsoavailablefor theuserview in auniformman-
ner.Only thosethatmakeno sensefor theuserview were
excluded,suchasacceptingnodesor viewing the differ-
ence to the user view.

The user can add positive and negativeinformation.
Positive information expressesthata baseentity belongs
to a givenatomiccomponent;this is addedwhentheuser
confirms an atomic component.Negative information
conveysthat two entitiesdo not belongtogether,i.e., they
exclude each other mutually.

More precisely,the symmetricrelationshipmutually-
exclusive(a, b) amongtwo entitiesa andb andaddedby
the userexpressesthat a andb mustnot be addedto the
samecomponent.Likewise,if mutually-exclusive(a,b) and
a (or b) is acomponent,b (or a) mustnotbeaddedto a (or
b). If mutually-exclusive(a, b) andb is apartof component
c, mutually-exclusive(a, c) is always induced.

Every analysismustpreserveall positive information,
thatis to say,ananalysismayonly addto theatomiccom-
ponentsthatauserhasconfirmedandneverremoveanyof
their elements,andlikewise,an analysismustnot cluster
entities that were not supposed to be grouped together.

5. Incremental Base Analyses

Thetechniqueshaveoriginally notbeenproposedasin-
crementaltechniques.Theneededenhancementsof theba-
sic techniquesto work incrementallyarebriefly described
in thissection.A moredetaileddescriptioncanbefoundin
[13].

An incrementaltechniquehasasinput a descriptionof
thesystemthatdoesnot only containthebaseentitiesand
their relationshipsbut alsoa setof atomiccomponentsal-
readydetectedby thefirst techniqueplusa descriptionon
the mutually exclusiveentities.The composition,i.e., all
incrementalanalyses,mayonly groupsuchbaseentitiesin
the input baseview that do not alreadybelongto atomic
componentsin theinputcomponentview.Wewill call base
entitiesbound if they arealreadypart of a componentin
theinputcomponentview.All otherentitiesareconsidered
free.

Thecompositioncanbeorganizedin thefollowing steps
(thetermcluster is usedhereto makeclearthattheindivid-
ual techniquesgeneratesetsof relatedelementsthat only
become components in the last stage of the composition):

1. Iterate over the free entities and cluster them.
2. Split all clusterssothattherearenomutuallyexclusive

entities in the same subcluster.
3. Transform clusters into components.

Thefirst stepdependson theanalysis.It is describedas
compositionin the following sections.The secondand
third stepsareidenticalfor all analysesandareexplained
in Section5.4andSection5.5.An advantageof organizing
thecompositionthis way insteadof letting theanalysesbe
in chargeof mutuallyexclusiveentitiesis thattheanalyses
do not have to take care of negative information.

We will discussthe diverse classesof approaches,
namely,connection-based,metric-based,andgraph-based
techniques separately.

5.1. Incremental Connection-based Techniques

Connection-basedapproachesiterateoverthefreeenti-
tiesin thebaseview andcollecttheconnectedentitiesthat
shouldbegrouped(Figure2). Theconnectedentitiesmay
beeitherboundor free.Freeconnectedentitieswill belong
to thesameclusterof theentity thatis underconsideration.
Boundconnectedentitiescannotbegroupedagainbecause
theyalreadybelongto acomponent.Instead,theentityun-
derconsiderationshouldbelongto thesamecomponentthe
connectedboundentitybelongsto.Thiswill technicallybe
solvedby addingthe enclosingcomponentin lieu of the
connectedentity.Theresultingclusterswill betransformed
into atomic components as described in Section 5.5.

Thealgorithmshownin Figure2 implementsthis strat-



egy. It usesthe union-find datastructurefor disjoint sets
describedby HopcraftandUllman [10] andassumesthat
all entities are enumerated from 1 toLast_Entity.

In theexamplescenarioin Figure3, therearetwo exist-
ing componentsAC1 andAC2 whereelements (AC1) = { T1,
V1} andelements (AC2) = { T2}. T1 andT3 aswell asF2 and
F3 are mutually exclusive. Connected_Entities (F1) =
{ T1,T3}, Connected_Entities(F2) = { V1}, andConnected-
Entities(F3) = { V1, T2}. Due to the overlapamongthese
sets,thealgorithmdescribedin Figure2 producestheclus-
ter { F1, F2, F3, T3, AC1, AC2} whereT1, V1, andT2 have
been replaced by their respective enclosing component.

5.2. Incremental Metric-based Techniques

A singlestepin theincrementalconnection-basedtech-
niquesbasicallyconsistsof two parts:(1) selecta cluster
and(2) replaceboundentitieswithin theseclustersby their
enclosingcomponents.An incrementalextensionof Delta
IC can be organized analogously:

1. Initially, theclustersareidentifiedaccordingto thepat-
tern that is used byDelta IC,

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

3. and, eventually, bound entities are replacedwithin
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, Similarity Clustering, and
Data Binding Clustering usethesamehierarchicalcluster-
ing algorithm;theyonly differ in theunderlyingmetric.In
an incrementalapproach,componentshavealreadybeen
detectedand yet free entitieshave to be clustered.This
comparesto a snapshotof theclusteringalgorithmaftera
fewrunswhentherearealreadysomeclustersandyetmore
iterationsahead.Consideringthis, theclusteringalgorithm
caneasilybemodifiedto work incrementally.Only a pre-
anda post-processingphaseis necessary.In the pre-pro-
cessingphase,the similarity relation is computedamong
all componentsandall freeentitiesusingagroupsimilarity
[8]. If thereare nodesthat are mutually exclusive,their
similarity is setto 0. Theclusteringalgorithmthenclusters
all componentsandfreeentitiesbasedon thesimilarity re-
lation justcomputed.Theresultsareclustersthatmaycon-
tain componentsandbaseentities.Theseclustersarethen
treatedin a post-processingphaseasdescribedin Section
5.5.

5.3. Incremental Graph-based Techniques

Graph-basedapproachesderiveclustersfromagraphby
meansof graph-theoreticanalyseswherethewholegraph
is considered.In the beginning,whenno componentsare
known, this graphis the baseview. Whenappliedincre-
mentally,however,componentshavebeenpartially recog-
nized.Hence,it is known that certainnodesform a unit
and,therefore,thegraphanalysesshouldbeappliedto the
graphin which relatednodeshavebeengroupedtogether,
i.e., to thegraphthatresultsfrom thefollowing two trans-
formations:

• all boundentitiesarereplacedby their enclosingcom-
ponent

• all former connectionsof the boundentitiesare redi-

Figure 2. Incremental connection-based
technique.

Figure 3. Example for incremental application.

Generic Parameter:

• Connected_Entities : Entity→ Set of Entities
Input :

• base view B

• component view A
Output :

• set of disjoint clusters
Algorithm

-- Put each free entity and component in a set of its own:
for E in 1..Last_Entity

wherenot Is_Bound (E, A)or Component (E)loop
New_Set (E);

end loop;
-- Iterate over free entities and cluster connected entities:
for E in 1..Last_Entity

wherenot Is_Bound (E, A)and not Component (E)loop
for C in Connected_Entities (E)loop

if not Is_Bound (C, A)then
Union (Find (E), Find (C));

else
-- add enclosing components of C in lieu of C
for AC in Enclosing_Components (C, A)loop

Union (Find (E), Find (AC));
end loop;

end if;
end loop;

end loop;
Result:
  Each disjoint set represents a cluster that constitutes a candidate.

AC1 AC2

F1 F2 F3

T1 T2

T3

V1

mutuallyexclusive

connected to



rected to the new component node
This will becalledthecollapsed graph. Then,thecan-

didatesof theincrementalStrongly Connected Component
Analysis are the cyclesin the collapsedgraph.Likewise,
dominanceanalysiscanbeappliedto thecollapsedgraph
in order to identify local entitiesof a component.In the
caseof Dominance Analysis, nonewclustersareproposed;
instead, a component absorbs all entities it dominates.

5.4. Handling Mutually Exclusives in Candidates

Being in a commoncluster proposedby an analysis
meansfor the entitiesof a cluster that the analysis“be-
lieves”theybelongtogether.However,if someof theseen-
tities are mutually exclusive because the user has
previouslydisagreedwith thisgrouping(negativeinforma-
tion), theymustnotbeput into thesamecandidate.Never-
theless,theremay be entitiesin the clusterthat arenot in
conflict and,therefore,theclusteris not completelymean-
ingless.Insteadof throwing away the whole cluster,the
clustershouldbepartitionedinto subclusterswithout mu-
tually exclusiveentities.A secondrequirementfor a rea-
sonablesplitting is that the subclustersshouldbe aslarge
aspossible.Subclusterswith only oneelementobviously
do not haveanyconflicts,but theyarenot very helpful ei-
ther.Unfortunately,we arefacing theNP-completegraph
coloringproblemhere,i.e.,for anoptimalsolution,wemay
need exponential time.

Thegraphcoloringproblemis to assignaminimalnum-
berof colorsto nodesin agraphwherenotwo neighboring
nodesmayhavethesamecolor.This is equivalentto parti-
tioning the nodesof a graph into subsetswhereno two
neighboringnodesarein thesameset.Thesameproblem
existsfor registerallocationin compilers. The usualway
therein tacklingthisproblemis to useaheuristicin which
thenodesareremovedfrom thegraphin theascendingor-
der of their numberof remainingconflicts andput onto a
stack.Whenall nodesare on the stack,the nodesof the
stackarepoppedandassignedto a partition suchthat no
neighboringnodesarein thesamepartition.Thepartition
assignedto a givennodeN is theminimal availableparti-
tion that does not contain a node that is in conflict withN.

Proceedingexactlyon the strategyjust describedmay
resultin subclustersof unconnectedentities.Subclustersof
unconnectedentitiescanbeavoidedby two additionalheu-
risticsthatcaneasilybeintegratedwith theschemeabove:
Firstly, subprogramsareaddedto the stackbeforetypes,
variables,and componentssuch that the latter are parti-
tioned first and can be usedas crystallizationpoints and
secondly,anentity E is addedto thepartitionthatcontains
mostconnectedentitiesof E. If thereis no partitionwith a
connected entity,E is added to a new partition.

Fortheexamplecluster{ F1, F2, F3, T3, AC1, AC2} gen-
eratedby an incrementalconnection-basedtechniquefor
thescenarioin Figure3 (seeSection5.1),weobtainthein-
terferencegraphin Figure4 (thecomponentsAC1 andAC2
inherit the relationship of their elements).

Theentitiesmaybepushedonto thestackin theorder
F1, AC2, F2, F3, T3, AC1 (thereareotherpossibleorders).
BothF1 andAC2 donothaveanyconflict andaretherefore
addedfirst. F1 is addedbeforeAC2 becausesubprograms
arepreferredto components.Now,only entitieswith acon-
flict are left. Becausesubprogramsarepreferredto other
kindsof entities,eitherF2 or F3 canbechosen.In this ex-
ample,F2 is selectedfirst. WhenF2 hasbeenremovedfrom
the interferencegraph,F3 doesnot haveanyconflict any-
moreandcanbe pushedonto the stacknext.Now, either
AC1 or T3 canbeselectednextbecausebothhaveonecon-
flict and thereis no preferencefor componentsor types.
The resulting stack is shown in Figure4.

After all nodeshavebeenremovedfromtheinterference
graph,AC1 is assignedto a new partition. ThenT3 is as-
signedto a newpartition,too,dueto its conflict with AC1.
F3 is assignedto thepartitionof AC1 becauseit is connect-
edto AC1 butnot to T3. F2 cannotbeaddedto thepartition
of AC1 becauseit is in conflict with F3. It canneitherbe
addedto thepartitionof T3 becauseit hasnoconnectionto
T3. Hence,it isaddedtoanewpartition.AC2 is addedto the
partitionof F3 becauseF3 is connectedto AC2. Finally, F1
canbe addedto the partition of AC1 or T3 becauseit has
equalconnectionsto both partitions.Hence,onepossible
partitioningof thecandidateinto subclusterswithoutmutu-
ally exclusiveelementsis { AC1, F3, AC2}, { T3, F1}, { F2}.

5.5. Transforming Clusters into Candidates

Theincrementalversionsof thetechniquesasproposed
by the previoussectionsproduceclustersthat are to be
transformedinto atomiccomponents.Principally,theclus-

Figure 4. Resulting interference graph.

Figure 5. Resulting stack for coloring.
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ters fall 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 a cluster in lieu of a bound 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 all the elements of the cluster. In the sec-
ond case, we add all elements to the component contained
in the 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 a whole 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 union is useful for techniques that produce very dif-
ferent kinds of components and is, therefore, especially
suited to combine techniques that are restricted to one class
of component. For example, Delta IC 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 assumes that the parameter of the part type in 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 type is internally 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 the intersection, 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 components in the input views lead to
many similar components in the output view. If this is 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.

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

where elements (A) denotes the elements of A and Θ is a
user-determined threshold. If Θ = 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 the intersection, this
leads to a single component that consists only of the ele-
ments that are in both components. Because not only the set
of components as such are united and intersected but also
the individual components themselves, these operations are
called deep union and deep intersection, 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 a given 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, this is only a

Figure 6. Shallow union and intersection example.
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problem when the final result contains overlapping compo-
nents. For intermediate results during combination, over-
lapping components are useful. This way, several
alternative candidates can be investigated in parallel until a
decision is made in the course of combination.

The result of the deep union for the example in Figure 5
for Θ=0.5 is shown in Figure 7.

6.2. Deep Intersection

The deep intersection operator intersects the 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 a look at Table 2, which summarizes what kind of
base entities are considered by the respective base tech-
nique, one can quickly decide which intersections do make
sense. A ✓ in Table 2 means that a certain kind of base en-
tity is regarded, ⊥ means that it is not regarded. A sensible
intersection can be expected of those techniques that con-
sider a common set of base entity kinds.

The result of the deep intersection for the example in
Figure 5 for Θ = 0.5 is shown in 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 all techniques have to
agree to a component. When the results of several tech-
niques are to be compared, a voting approach in which only
a certain number of techniques have to agree but not neces-
sarily all is a better 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 all connection-based analyses and Strongly
Connected Component Analysis in parallel. 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 a point of crystallization later on. The added mutually
exclusive information will break up larger candidates in the
subsequent runs of the analyses.

Step 2. Apply connection-based approaches once again
but one at a time. This time, they will leverage the informa-
tion you have contributed and return clusters containing no
entities that have already been grouped and no mutually ex-
clusive entities. Validate the non-intersected results (thus,
using less strict 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, run the next analysis. Rationale: The crystalliza-
tion points of the first step are extended and new compo-
nents are built that were dropped out by the intersection in
the first step. Applying the techniques successively guaran-
tees that 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 components that can
be used to automatically calibrate the metric-based ap-
proaches. Varying this calibration reveals further clusters.
If a hierarchical 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 always yield the same
candidates. The metric-based techniques allow more vari-

Figure 7. Deep union and intersection example.

Table 2. Domains of the base techniques.

Technique Subp. Var. Types

Same Module ✓ ✓ ✓

Part Type ✓ ⊥ ✓

Same Expression ✓ ✓ ⊥

Internal Access ✓ ✓ ✓

Delta IC ✓ ✓ ⊥

Similarity Clustering ✓ ✓ ✓

Type-Based Cohesion ✓ ⊥ ⊥

Data Bindings ✓ ✓ ⊥

Strongly Connected Components ✓ ⊥ ⊥

Dominance Analysis ✓ ✓ ✓
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ability by changing their parameters.

Step 4. Finally,Dominance Analysis canbeappliedto find
local utility functionsof atomic components.Rationale:
The dominanceanalysisfor atomiccomponentscanonly
be appliedwhenthe atomiccomponentsexist in the first
place.Hence,it canonly beusedlatein thedetectionpro-
cess.Dominance Analysis will detectthelocalentitiesthat
are not detectable by other approaches.

It is alsousuallyhelpfulto restrictthesearchto onekind
of atomiccomponentat a time becausethesearchcriteria
aremostlydifferent.Forthisreason,it is possibleto restrict
all theanalysesto aparticularsetof entitytypes.Forexam-
ple,if onesearchesabstractdatatypes,globalvariablescan
be ignored.

Oncethecomponentshavebeendetected,theirrelation-
ships can be analyzedby applying Strongly Connected
Component Analysis andDominance Analysis to the col-
lapsedgraph. Strongly Connected Component Analysis
yields setsof componentsthat mutually dependon each
other and Dominance Analysis revealswhethercompo-
nents are local to each other.

8. Related Research: Interactive Methods

In Section3, researchin automatictechniquesfor atom-
ic componentrecoveryhasalreadybeensummarized.This
sectiondescribesotherapproachesthatintegratetheuserin
thedetectionprocessandcomparesthemto thesemi-auto-
matic method presented in this paper.

Müller etal. pointout thatarchitecturerecoverycannot
be fully automated[16]; thus,the role of the humansoft-
wareengineerconstitutesa centralandintegralpartof ar-
chitecture recovery and, consequently, tools for
architecturerecoveryshouldintegratetheuser.Ontheoth-
er hand,asmuchaspossibleshouldbeautomated.There-
fore, the tool supporting their approach,namely, Rigi
allowshumaninterventionandoffersautomaticoperations
for subsystemdetection,too. Theavailableoperationsfor
subsystemdetectionareremovalof omnipresententitiesas
well as composingby interconnectionstrength,common
client/suppliers,centricity,andname.Furthermore,metrics
canbeusedto assesthestructureof thesubsystemdecom-
positionandexactinterfacesof subsystemscanautomati-
cally be derived.Moreover,becausemany analysesfor
architecturerecoveryaresystem-dependent,Rigi offers a
scriptinglanguagethatallowsa maintainerto write his or
her own clustering techniques.

Becausethe semi-automaticmethodproposedin this
paper uses Rigi for visualization and user interaction,
Müller’s andmy approachhavea greatdeal in common.
However,the semi-automaticmethodsfocuseson atomic
componentrecoveryand, therefore,offers a wider selec-

tion of atomic componentrecovery techniques,while
Müller’s work is also aimedat hierarchicalsubsystems.
Moreover,theonly wayof combiningdifferenttechniques
in theoriginalRigi is to applythetechniquessuccessively,
whereasthe extendedRigi handlesalternativeresultsin
parallelandoffersdeepintersectionanddeepunionopera-
tors to combine these results.

Another extensionof Rigi is Dali, developedby Ka-
zmanandCarrière[12]. Dali usesanSQLdatabaseto store
informationaboutsystemsto be reverseengineered.As a
consequence,SQL canbe usedto specifyclusteringpat-
terns.KazmanandCarrièredistinguishtwo differentlevels
of patterns:application-independentpatternsandapplica-
tion patterns.Application-independentpatternsareusedto
aggregatedeclarationsaccordingto the languageseman-
tics, like local variableswith their enclosingfunctionsor
dataandfunctionmemberswith theirclass(anothertypeof
low-levelapplication-independentpatternsfilters noisein-
troducedby insufficient tools for parsingand semantic
analysis;thesepatternsarenotneededwhenacapableC++
frontendis available).Thepurposeof applicationpatterns
is to groupfunctionsandclassesto subsystems.Thesepat-
ternsleveragenamingconventionsor areenumerationsof
related elements.

Theadvantageof Dali is its supportfor SQL queriesto
specifyclusteringpatterns;patternscanbewritten in a de-
clarativemanneranda languagethat is widely used.The
patternscan be viewed as a specificationof the system
structureand usedto re-generatethe visualizationof the
systemwhenthe systemhaschanged(in which case,the
patternshaveto be updatedaccordingly).Moreover,the
patternscan be employedto group elementsquickly in-
steadof groupingthemmanually.In the caseof patterns
that are mere enumerations,however,this advantageis
only limited. On theotherhand,thereis no analyticcapa-
bility in Dali. Hence,the patternshaveto be written by
someonealreadyfamiliar with thesystemandcanneither
bereusedfor othersystemsin manycases.Refinementof
theresultsof a patternis difficult becausetheusercannot
interactwith the systemby direct manipulationsincethe
refinementhasto bedonein thepattern.For thesamerea-
son,combinationsof resultsaredifficile. In principle,com-
bining operatorslike deepunionandintersectioncouldbe
written in SQL aswell usingtemporarytablesandlogical
or andand operators,but the resultwould haveto be ex-
pressedasanSQLqueryafterwardto obtaintheadvantag-
es of a separatespecificationof the systemstructureas
SQL patterns.

TheextendedRigi hasalsomuchin commonwith Man-
SART, a tool developedat MITRE thatsupportsarchitec-
turerecovery[26]. ManSARTvisualizesdifferentviewsof
thesystemthataredirectlyderivedfrom sourcecode,such
astask-spawningviews,dataflowbetweenproceduresand



datafiles,andabstractdatatypeviews.In orderto combine
differentviewsfor presentationpurposes,severaloperators
areofferedto the user.The purposeof the operatorsis to
connectdistinct baseviews at different levelsof abstrac-
tions(e.g.,atask-spawningviewwith theabstractdatatype
view), whereasthe extendedRigi offers operatorsto find
agreementsanddifferencesof componentviewsor to unite
two viewswhereall viewsareat thesamelevelof abstrac-
tion. In orderto establishcorrespondenceamongconcepts
in differentviewswhenviewsarecombined,acontainment
relationis usedby ManSARTthatis basedonsourceposi-
tions of statementsimplementingthe concepts.Whenthe
extendedRigi combinestwo views,it canconsiderthedec-
larationscontainedin componentsbecausethecorrespond-
ing components are at the same level of abstraction.

All approachesthathavebeenpresentedin this section
sofar, includingtheoneunderlyingextendedRigi, arepri-
marily bottom-upapproaches.Thesearchstartsatdeclara-
tions extractedfrom the source code, which are then
grouped together by automatic techniquesand human
judgement.Gall, Klösch,andWeidl complementbottom-
up clusteringby a top-downapproach[6]. They alsouse
bottom-upclusteringheuristicsthat startat dataflowdia-
gramsandthenfollow part-typerelationshipsamongdata
storeentitiesof the dataflow diagramsand user-defined
recordsandpursuedatadependenciesamongrecordcom-
ponents.However,theygo beyonda purebottom-uppro-
cessby usinga domainmodelbuilt by a humanengineer
(e.g.,usingtheunifiedmodellanguageUML). Thedomain
modeldescribestheapplicationconceptsandtheirrelation-
ships.Partof the recoveryprocessis to bind the domain
conceptsto thecomponentsfoundby thebottom-upphase.
In order to establishthis mapping,a similarity metric is
usedbasedon similarity of namesof domainconceptsand
sourcecodeidentifiersandonsimilarity of types[24]. Be-
causeit is notalwayspossibleto establishthemappingus-
ing thesimilarity metriconly, theuseris integratedin the
binding process [6].

The domainmodelmay be usedto makethe recovery
processmoregoal-directedandmayincreasethechanceto
find componentswith applicationsemantics.On theother
hand,otherprogrammingconceptsmaybemissedthatare
alsonecessaryto understandthesystemor couldbereused
in anothercontext.Moreover,the explicit domainmodel
andamappingfrom domainconceptsto componentsin the
sourceimplementingthesedomainconceptsis a valuable
documentation. The bottom-up approachesdiscussed
abovealsouseadomainmodel but it existsonly in the
headof themaintainer.However,buildingadomainmodel
needsadditionaleffort andthenecessarydegreeof detailof
a useful domain model is not known in advance.

9. Conclusions

This paperdescribeda methodin which humanand
computerinteractto detectatomiccomponents.The need
for human intervention was indicated by a quantifying
comparisonof publishedtechniquesto detectatomiccom-
ponents[9]. This paperhasdescribedpossiblecombina-
tionsof theanalyseswithin thisinteractiveframework.The
preferredway of combiningthebasetechniquesis to offer
simpleoperatorsto theuser.Thisway,directmanipulation
canbetheway of interaction,theuserhasall thefreedom
to tailor the analyses,andnew techniquescanbe quickly
integrated.Theonly requirementsfor anewtechniquetobe
integratedarethatthetechniquehasto expressits resultas
acomponentview, thatis hasto beincremental,andthatits
underlyingclusteringcriterion shouldbe expressedas a
metric in orderto useit for candidateranking.The paper
hasalsodescribedhow structure-basedtechniquescanbe
extended to work incrementally.
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