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different programming languages.
The proposed framework has been applied to GRASS, an over 1 million LOCs open source Geographical Information
System, reducing of 50% the average humber of objects linked by each application, and thus application’s memory require-

ments.
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1. Introduction



In [3], a process to miniaturize software systems has been proposed. The central idea is to apply clustering techniques
to identify software libraries minimizing the average executable size. Doval et al. [4], applied Genetic Algorithms (GAs)
to find what they called meaningful partitions in a graph representing dependencies among software components. Other
communities, such as the optimization community, addressed the graph partitioning related problems in several ways. For
example, constraints were incorporated by modifying the problem definition. To speed up the sea ‘ocess, heuristics based

on GAs and modified GAs [5] were proposed. Performance improvement was also achievegrby peans of a hybrid approach,

obtained combining a GA with hill climbing techniques.

Our framework stems from the observation that previously proposed approacheg #0 software mit atjon were not




System, http://grass.itc.it). GRASS is a raster/vector GIS combined with integrated image processing and data
visualization subsystems [6]. The current GRASS development model can be considered as “council type”. The number
of team members is small (7-15 active developers), decisions are usually taken by the members most capable of a certain

problem. The developers are also users of the system, often focusing on their needs within the general project framework.

The paper is organized as follows. First a short review on related work (Section 2) and o notions of clustering

and GA (Section 3), will be presented. Then, the refactoring framework is described in Seg 4. The case study software

system (i.e., GRASS) is described in Section 5, while results are presented and discusseg before conclusions and

work-in-progress.

2. Related Work

Many works are reported in literature concerning with software sy§tem mQdules clustering/and/or restructuring, identifying

objects, and recovering or building libraries. Most of these works applied lystering or £oncept analysis (CA).

An overview of CA applied to software reengineering problems was shown by B Sneltiqg in his seminal work [7], where

knowledge.

A comparison betweed



software systems into independent subsystems was proposed by Anquetil and Lethbridge. Source files were clustered ac-
cording to file names and their decomposition. Merlo et al. [18] exploited comments, as well as variable and function names
to cluster files.

An approach relying on inter-module and intra-module dependency graphs to refactor software systems was presented

in [19]: we share with [19] the idea of analyzing dependency graphs, finding a tradeoff betwéen Aaving highly cohesive

libraries and a low inter-connectivity.

representation and a crossover operator tied to the remodularization problem. ir case studies revealed that hill climbing

outperformed GA.



processing, pattern recognition, biology, and others.
GAs come from an idea, born over 30 years ago, of applying the biological principle of evolution to artificial systems.
GAs are applied to different domains such as machine and robot learning, economics, operations research, ecology, studies

of evolution, learning and social systems [29].

In the following sub-sections, for sake of completeness, some essential notions are summariz£d. JZescribing the different

types of clustering algorithms or the details of GA is out of the scope of this paper. More dg an be found in [26, 27, 28]

for clustering and in [29] for GA.

3.1. Clustering

In this paper, the agglomerative-nesting (agnes) algorithm [30] was agplied to build the ipftial set of candidate libraries.



Kaufman and Russeeuw suggested choosing the optimal number of clusters as the value maximizing the average s(i) over
the dataset. Notice that the Silhouette statistics, as most of the methods described in [31], has the disadvantage that it is
undefined for one cluster, and thus it offers no indication of whether the current dataset already represents a good cluster.

Since our purpose is to split the original libraries into smaller ones, this does not constitute a problem.

3.3. Genetic Algorithms

GA s revealed their effectiveness in finding approximate solutions for problems whe

The search space is large or complex;

No mathematical analysis is available;

Traditional search methods did not work; and, above all

The problem is NP-complete or NP-hard [2, 5].

Roughly speaking, a GA may be defined as an iteratiye procedure that searches the be tion of a given problem among



3.3.1 Hill Climbing and GA Hybrid Approaches

As suggested in literature [29], hybrid GAs may reveal advantageous when there is the need of optimization techniques tied to
specific problem structure. The in-large perspective of GA may be combined with the precision of local search. GAs are able

to explore a large search space, but often they reach a solution that is not accurate, or they converge to an accurate solution

“inserts” in each generation an high quality individual, obtained f;

generations requested to ensure GA convergence.

4. The Refactoring Framewor k



4.1 Software System Graph Representation

Central to our framework is the software system representation; most of the computation activities rely on a graph high-

lighting dependencies between object modules O = {o1,02,...,0,}. The software system may be, in fact, represented by

the System Graph (SG) defined as:

SG = {0,D} @)

where D C O x O the set of oriented edges d; ; representing dependencies betwegn gbjects. An e exQf SG graph is

depicted in Figure 1. Nodes of the SG graph may be classified in two categorigs:

3)
(4)

11t isworth noting that applications arexsgt the‘z)nl 'source nodes. In fact, asit will detailed later, also unused objects satisfy this property.




2
a,
@,
a3
3,
O
as

Figure 1. Example of System G

Library 1

e ~
OO

R

.

O
s

/

Libraryly—m and oy & lz—m

10



1 o, depends from oy
mdy,y =

0 otherwise

4.2 Graph Construction

Prior to recover dependencies among applications and libraries, and among libraries therhseles, applications (i.e., exe-

cutables) composing the software system must be identified. In this paper an approaclysindtag to theone used in [10] was

used. However, in [10] applications were identified detecting all source (. c) files cQntphing the definition 0ka nmai n func-

spghdence between source ang objes files,

tion. We experienced that in GRASS there was not always a one-to-one cory

therefore objects defining the mai n symbol were directly searched and médpped to applicatiops.

the identificafion/rocess was trivial, in that it

Once applications and existing libraries were identified (for th

consisted in simply searching for . a files), the SG graph was built. Givesghe udselgtion Between an object module requiring

a symbol and a module defining it, the graph was built via the transitive closuxe_of theuse relation, starting from the main

object of each application and from each library. In othexwords, for each application, d,symbols were identified and

recursively (in that new undefined symbols were addad to a sficstly inside the objects contained in the same
path (i.e., other modules of the application), then insideNibra
among libraries. Finally, the use graph and the dependency &

from the SG graph.

4.3 Handling Unused Obje

applications nor by other libraries, are likely to constitute useless resources,

{s often due to utility functions inserted in libraries (not used by current set of

In any case, even ¥ devehspefs gécide to leave these objects in their position, maybe because they can potentially be used

11



by future applications (or new versions of old applications), their presence and their impact on the software system size

should be highlighted.

4.4 Removal of Circular Dependencies among Libraries

DG captures dependencies among the different libraries and allows to identify strongly congfectpd components. In par-

ticular, circular dependencies between libraries cause a library to be linked each time the gthey/one is needed. Once these

dependencies were identified, four choices could be taken to remove them:

1. Move the object causing the circular dependence from a library to another [ h1Yis only feasible the object does not

need resources located in its original library, nor it is needed by that lipfary/For example, in Figure 2-a, Olsjgct ¢’1 can

be moved from library L1 to library L2;

nt libraries, one may decide to make them dynamic.

ount of resources needed is reduced (see details in
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Figure 2. Examples of dependenci# ong librarig

4.5 ldentification of Duplicates Symbols and Clones

Comparing the list of symbols defined in each library allows detecting the list of du sexported symbols. It is worth

duplicated functions, was adopted. The tained may suggest different possible actions:

1. If a whole, duplicated, gdjec¥module has feery detected inside\twg or more libraries, then it should be left in only one

of these;

2. If duplicated functions areYdentifiedAnside different objects, refactoring could be performed moving them outside,

ke considerations similartq the previous case; and

applying

3. Fipally/clone detection mayrevegl clones outside libraries, in that several applications may contain, in their objects,

duplisated portions of code. On sothe cases, it should be useful to factor such duplicated code in a library.
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duplicated to reduce dependencies. In general, it may be preferable to duplicate few objects, rather than introducing a
dependence that causes, for a subset of the applications, the linking or the loading (if using DLLS) of one or more additional

libraries.

4.6 Library Refactoring

The last, and most relevant point of the proposed process is devoted to split existing, large lilgaries into smaller archives,

required by each program.

In [10] a concept lattice was used to group objects into libraries:
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where |I,| is the number of objects archived into library I,. The smaller is the PR, the most effective is the partitioning, in

that the average number of objects linked (or loaded) by each application is smaller than using the whole old library.

4.7.1 Reducing Dependencies using Genetic Algorithms

The solution reached at the previous step presents two main drawbacks:

1. The number of dependencies between the new libraries could be high, forging to load another Iib h time a

symbol from that library is needed, therefore wasting the advantage of haying new smaller libraries; and

2. New libraries may not be meaningful with respect to developer’s iptentions: their feegback has to be incorporated in

the refactoring process.

jes tod

Of course, as shown in [3], an important step to perform is to convert static libra namic-loadable libraries, so that

1. The genome encodints

2. The initial pop

3. The fitneggfunction;

he&rossover operator;

ation’sgerator; and

6. All GA parameters e crossover and mutation probability, the population size and the number of generations.
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An approach of clustering functions using GA was discussed in [4]. However, as shown below, in our case the genome
encoding, the initial population, the mutation operator and the fitness function are different.
The encoding schema widely adopted in literature [4, 5] indicates each partition with an integer psuchthat0 < p < k-1

(where k is the number of candidate libraries), and represents the genome as a |l |-size array GV, where the integer p in

position ¢ means that the object ¢ is contained into partition p. However, our purpose is the reduction gf memory requirements
for each application, therefore sometimes “cloning” an object in different libraries may helg regticing the number of linked
libraries. Unfortunately, the encoding schema above mentioned does not allow an object ied in more than one
library.

We therefore adopted a bit-matrix encoding, where the genome G M for e4ch Jbrary to refactor corresponds to axgatrix
of k rows and |I| columns, where gm; ; = 1 if the object j is containedAntoCluster 4, 0 othgryise. Clearly, the presence of
the same object in more libraries is indicated by more “1” on the sarpé cofumn.

Instead of randomly generating the initial population (i.e., the initia A was initialized with the encoding
of the set of libraries obtained in the previous step.

The fitness function was constructed to balance fouy

should be as small as possible;

[la] =2 |lo]—1
= > > mdi; §(Gli], Gl (6)
=0 j=i+1

17



deviation. Without taking into account the last item, it could happen that the GA, in the attempt to reduce dependencies,
groups a large fraction of the objects in the same library, negatively affecting the PR. A similar factor was also applied
in [5]. Given Sy the array of library sizes for the initial population, and .S, the same for the g-th generation:

SF(g) = |os, — 05 @)

g |

The fourth factor keeps into account the developer feedback. After a first execution/of GR, without considering this

factor, developers were asked to provide a feedback on the proposed new libraries. Theg’reslt of develops(’s feedback is a bit

matrix F'M, having the same structure of the genome matrix, and incorporating shandes developers sudgested\with respect
to libraries proposed by GA.
After this feedback, the GA is ran again keeping into account this ti , accounting the difference

between the genome and the F'M matrix:

(8)
In other words, the F'F' counts each time thereds adi s the refactoring proposed by
developers.
Overall, the fitness function F' was defined as:
9)

to dependency xeductidy, the D E/weifght was set to 1. Successively, we selected wq, ws and ws using a trial-and-error,

iterative procedure, adjtisting therreach time until the DF', PR, SF and F'F obtained at the final step were not satisfactory.
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The process was guided by computing each time the average values for DF, PR, SF, and F'F, and by plotting their

evolution, to determine the 3D space region in which the population should evolve.
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Random
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2. With probability pclond& pmwg, i 8 a random position in the matrix: if it is zero and the library is dependent on

ns.object into the current library (Figure 4c).

objects. Obviobgly, at¥g end of the refactoring process cloned objects should be factored out again: if, for example, objects

0, and oy are containetN ; #hd [, then o, and o, should be moved into a third library from which {; and I; depend on.
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Finally, we introduced the Lock Matrix as a further, stronger level of feedback: this matrix gives to developers the possi-
bility of locking an object in a cluster, when they strongly believed the object should belong to that cluster.
Given this, if a column of the lock matrix contains at least a not-null item, then the mutation operator does not perform

any action bringing a genome in a inconsistent state with respect to the Lock Matrix. In other words, if the lock matrix

the obtained DF', PR and F'F were equal to those obtained at the previgds sjep.

GA suffers from slow convergence: to improve performances, the' GA(was hybridized wi hill climbing techniques. As

reported in Section 3.3.1, hill climbing may be applied on individuals 0Kthe last_ggherafion, or on the best individual(s) of

a random object from its source cluster to another cluste

fitness function.

4.8 ldentification of new lib

Due to its evolution, a s6ftwére system teng to contain objects that, even if used by a common set of applications, are not

dendrogfam/nd the Silhouette statistics\ These libraries are then refined with the aid of GA and developer’s feedback.
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4.9 Tool Support

To support the refactoring process, different tools were needed, some of which already described in [3]. The following

tools were conceived:

e The application identifier that, using the nmUnix tool, identifies the list of object modules cgrtaiping the nai n symbol;

e The graph extractor, also based on the nmtool, that produces the System Graph, the Mse Graph, and the Dependency

Graph. The graph extractor also allow exporting data in . DOT format [39], to #lo salizatiqn and analysis using

the Dot t y [40] graph visualization tool;

e The unused symbol identifier: it produces, for each library, the list/0f tf he Object

e The duplicated symbol identifier: it identifies the list of duplicated-defined extemsal symbols. It is used in conjunction

with the metric-based clone detector (see [32] fexdetails) and with the dependergy graph extractor to minimize the

presence of clones inside libraries; and

e The number of clusters identifier, implementing the Qilh& atigtics. In partiular, implementations available in the

cluster package of the R Statistical Environment [41, 4X] were 4sed:;

ows it to run with a very small memory overhead, therefore the hardware requirements

are quite moderate. en running GRASS on a PC workstation or a notebook, standard equipment is generally sufficient.
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Pre-existing libraries 43
Library objects 1056
Applications 517
C sourcefi les 7107
CKLOC 1014

Table 1. GRASS key characteristics.

The GRASS CVS development snapshot of April 5, 2002, downloadable from ht was used as a

case study. Its characteristics are summarized in Table 1.

to the function class, followed by a dot and one or two other words, again 3 by dots, describing the specific task

performed by the module.



GRASS provides an ANSI C language API with several hundreds of GIS functions which are utilized in the GRASS
modules, from reading and writing maps to area and distance calculations for georeferenced data as well as attribute handling
and map visualization. Details of GRASS programming are covered in the “GRASS 5.0 Programmer’s Manual” [44]. This

programming API are organized as follows (typical function name prefixes for related library functions are listed in squared

brackets):

e GIS library: database routines (GRASS file management), memory management, pa sarameter identification on

This section presents the res applying to GRASS the refactoring framework described in Section 4.
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whoanmi ), and, in general, provide some simple functionalities using lower level functions (e.g., dat eti ne_i s_sane,
that compares two Dat eTi e structures). An interesting example (see also Section 6.4) is the library | i bdbni : out of 97
objects, 19 were not used at all. In all cases, the unused functions correspond to one or more wrapped, lower level functions,

that have been directly used by applications.

6.2 Removal of Circular Dependencies among Libraries

Three cases of circular dependencies among libraries were found. The first dependghcy fvas\qetwerdq | i bst ubs. a and

. a. Inparticular, I i bgi s. a re-

R 0 (while the inverse dependency

ters [45] detected, the wymberdnd e percentage of cloned functions. Finally, clones were computed filtering out the shortest

24



functions: for example, two functions that simply return a value should not be considered as clones. Results were presented

considering two thresholds: functions longer than five and ten LOCs.

Total # #of Clone | #of Cloned | % of Cloned | Threshold

of Functions | Clusters Functions Functions (}QCS)

Overall 22229 2019 5789 26.04% /

1404 3641 16.380// 10
Within Libraries 5271 72 180 3.40% \5\
4 101 1.9%% \

Outside Libraries 16958 1817 4974 729.33% 5 N
1290 268 /) 1921% 10
Librariesvs. Outside 22229 130 63 2.86% > 5
73 272 , 2/ 10

Table 2. Results of Clone Detecti

ly functions longer than five

of the functions; clearly, the actual



2. Alibrary (I i bcaner a) to handle photogrammetric computations for aerial cameras.

Cloned functions contained in these two libraries were removed from | i bi mage_sup, | i bgmat hand! i bt rans.

open_camera

fopen_camera

libcamera libmatrix

Several “interesting” clones were also found outside libraries. In part . mApcal ¢3 application contains four

clusters of cloned, large functions (spanning from 27 to 59 LOCs). The first gr ined functions called f _add, f _-

i bvect.aand!l ibdi g2\
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Library Objects

libgis 184
libdbmi 97
libproj 119

libvect-new 54

Table 3. GRASS largest libraries.

First and foremost, Silhouette statistics was used to determine the optimal number of clusters ibrary. Values

Silhouette statistics

# of clusters

statistics for differéent number of clusters.

Subsequently, a preliminary clustering’'was'performed and, then, results were refined with a first execution of GA, without

considering any d ws = 0). Table 4 reports, for each library:

27



e The number of inter-library dependencies and the PR after applying the GA.

Library # of Candidate | Silhouette | Before GA | After GA

objects | Libraries(k) | satistics | DF | PR | DF | PR

libgis 184 4 0.70 579 | 51% | 26 | 48%

I'i bdbmi 97 3 0.78 237 | 35% | 4 | /46%
I'i bvect 54 3 0.57 66 | 46% /
Table 4. Results of the preliminary refactoringdprgtess.




libdbmi-3

APPLICATIONS

HIGH-LEVEL LOW-LEVEL

Figure 7. New libdbmi layering structure.

not totally decoupled, are conceptually cohesed (i.e., they contain functions impJémenting closely-related s R the latter

case, memory optimization is even possible adopting, as said, dynamically Jéadgble libraries.

As shown in Table 5, it was never possible to pursue cluster complete decoupling iQing, at the same time, libraries

very close to to the structure proposed by developer%e}&m\
Library # of Candidat>\ efore secopd r After/second round
objects | Libraries(k) |\FF /:FJ:G\ FF | DF PR
libgis 1 4 ZBK 6 48% 128 | 60 52%
I'i bdbmi // 3 97 4 46% 23 43 39%
li bv;t// 54 3 72 3 > 40% 30 6 52%

these clusters did not always groug conceptually related objects.

29



The adoption of a hybrid GA approach, as mentioned before, did not allow us to improve accuracy, in that, increasing
the number of generations and the population size, pure GA also converged to similar results. Noticeably, performing hill
climbing on the best individuals of each generation produced a drastic reduction of convergence times. Comparing both
strategies when the difference between values of the fitness function was below 10% highlighted that a hybrid strategy
(Dual Xeon™ 900

allowed to reduce, on average, the execution time of 43%. Convergence times for a Compaq Projfant

MHz processor, 2MB Cache and 4GB of RAM) are reported in Table 6.

Library Pure GA Hybrid GA AN\%
FitnessFunction | Time(sec.) | FitnessFunction | Time (3€.) | % Diff. \%Qiff.

l'ibgis 3119 9113 3239 / 24 1% 49%\

l'i bdbmi 77 509 83 190 % 3%

i bvect 195 96 19 { 41 / % 3%

Table 6. Performance comparison between pure GA ang hyBrid/GA with hill climbing.

6.5 Extraction of new Libraries

The final step of our framework is devoted to analyze the g all existing libraries, to investigate

the existence of new candidate libraries: sometimes there are\grooyds g¥objects used by a common set of application, but they

have not yet been clustered into libydries Parm this task\cluering was performed on objects used by, at least, two

applications.

Results revealed the preseng érs, all located i thg orthophoto subsystem. The number of dependencies

between clusters was small, ahd_it waspggsib)é to solve them simply moving between clusters a couple of objects. Besides,



7. Conclusions

This paper presented a framework for software miniaturization, as well as results from its application to an over 1 Million
LOCs software system like the GRASS Geographical Information System. At the time of writing the application was suc-

cessfully ported on a PDA (i.e., a CompaQ iPAQ). Given the size of the application and the availabfe Tgsources, a brute force

automatic approach was not feasible: the developer’s suggestions revealed to be an essential gompoénent for the miniaturiza-
tion process.

The framework allowed to remove several, physiological problems from the apé

dpment team for the support, the information provided, and the feedback on the
refactored amt NGiuli iol and Massimiliano Di Penta were partially supported by the ASI grant I/R/ 091/00.

Markus Neteler waspartialhsypported by the FUR-PAT Project WEBFAQ.
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