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Abstract

This paper presents a method for estimating the size,
and consequently e�ort and duration, of object ori-
ented software development projects. Di�erent esti-
mates may be made in di�erent phases of the develop-
ment process, according to the available information.
We de�ne an adaptation of traditional function points,
called \Object Oriented Function Points", to enable
the measurement of object oriented analysis and design
speci�cations. Tools have been constructed to automate
the counting method. The novel aspect of our method
is its 
exibility. An organisation can experiment with
di�erent counting policies, to �nd the most accurate
predictors of size, e�ort, etc. in its environment. The
method and preliminary results of its application in an
industrial environment are presented and discussed.

Keywords: Object oriented, function points, size
estimation, design metrics.

1. Introduction

Cost and e�ort estimation is an important aspect of the
management of software development projects. Expe-
rience shows that accurate estimation is di�cult: an
average error of 100% may be considered \good" and
an average error of 32% \outstanding" [18].

Most methods for estimating e�ort require an estimate
of the size of the software. Once a size estimate is
available, models can be used that relate size to e�ort.

Cost estimation is not a one-time activity at project
initiation. Estimates should be re�ned continually
throughout a project [3]. Thus, it is necessary to esti-

mate size repeatedly throughout development.

Accurate estimation of size is vital. Unfortunately it
has proved to be very di�cult, especially early in de-
velopment when the estimates are of most use.

Most research on estimating size has dealt with tra-
ditional applications and traditional software develop-
ment practices. Few methods have been proposed for
object oriented software development.

This paper presents a method for estimating the size
of object oriented software development projects. It is
based on an adaptation of the classical Function Point
method to object oriented software.

In the following sections, we present our approach to
measurement. We explain how we map the concepts
of function points to object oriented software. We de-
scribe the process of countingObject Oriented Function
Points (OOFPs), and give an example. Results from
a pilot study are presented and discussed.

2. Measurement Perspective

Figure 1 shows the main phases of an object oriented
(OO) development process, and measurements that
can be obtained at di�erent points in development.
The purpose of these measures is to give the project
manager something from which to estimate the size,
e�ort, and duration of a project. These estimates can
be revised as new artifacts become available during de-
velopment.

As we move through the phases of the process, the
measurement perspective changes from that of the user
to the designer.

At the end of the requirement speci�cation phase, the
classical Function Point (FP) counting method is ap-
plied on the requirements document. The function
point method takes the perspective of the end user.
What is actually measured are the functions of the sys-
tem that are visible to the end user. This measure is



OO Analysis OO DesignSystem Requirements
Definition

Implementation

#OOFP #OOFP

USER DESIGNER
CUSTOMER/

#FP

Figure 1: Perspectives and measures in the software
development process.

generally considered to be independent of any particu-
lar implementation.

Some aspects of a system (e.g. a graphical user inter-
face) are not included in the classical function point
count. Nevertheless, they contribute to the �nal size
of the system. If the objective of measuring function-
ality is to estimate the size of an implementation of
a system, and from that the e�ort and duration of a
software project, these aspects should be taken into ac-
count. This changes the perspective from that of the
user to that of the customer i.e. the organization that
acquires the system, accepts it and pays the develop-
ment costs; and of the system designer, who has to
produce an implementation of the given speci�cations.

Once object oriented modelling begins (i.e. from the
OO analysis phase on), measurements can be obtained
from the object models; OOFP are used in place of FP.
As development proceeds, this gives a natural shift of
perspective.

In the OO analysis phase, most of the elements in the
object models are still related to the application do-
main, so the perspective is still that of the user.

At the OO design and later phases, the object models
re
ect implementation choices. This includes aspects
of the system that are not speci�ed in the requirements
documents. The count of OOFP on these models will
thus include such functionalities. The measurement
perspective is now that of the designer.

Di�erent size estimation models can be developed for
di�erent stages of development. More detailed infor-
mation is available, as the system evolves from an ab-
stract speci�cation to a concrete implementation. It
should be possible to re�ne a size estimate repeatedly,
as long as the estimation process is not too di�cult.
Since we have developed tools to automate the count-

ing of OOFPs, re-calculation is easy at any time.

3. Object Oriented Function Points

Practitioners have found function points to be very use-
ful within the data processing domain, for which they
were invented. We aim to exploit the experience that
has been obtained with function points in traditional
software development, in the OO paradigm. In adapt-
ing function points to OO, we need to map function
point concepts to object oriented concepts, and must
decide how to handle OO-speci�c concepts such as in-
heritance and polymorphism.

Our presentation uses notations from the OMT
method [15]. It would not be much di�erent if the
Booch notation [1] or Uni�ed Modeling Language [12]
was used instead, since the main models and views in
the di�erent methodologies carry similar information.

The OMT method uses three di�erent, orthogonal
views to describe a software system:

� Object Model: a static representation of the
classes and objects in a system, and their rela-
tionships.

� Functional Model: data 
ow diagrams provide a
functional decomposition of the activities of the
system.

� Dynamic Model: state machines represent the dy-
namic and control aspects of a system.

Although all three models provide important informa-
tion about an object-oriented system, the object model
is the most important for our purposes. It is usually
the �rst to be developed, and so can be measured earli-
est. It is the one that represents what is actually to be
built. In a sense the other models help in completing
the object model: the functional model helps in iden-
tifying and designing some of the methods; the control
model helps in identifying attributes that are needed
to maintain state information, and events that must be
implemented as classes or methods.

There is, however, an ongoing discussion in the prac-
titioners community on the content and role of those
models. The functional model seems to have fallen into
disuse and is not required any more by some method-
ologies [12]. The dynamic model is often replaced with
a list of use cases and scenarios. The object model is
the only one that is present in all methodologies and
describes the system using speci�cally object-oriented
concepts. For these reasons, we decided to restrict our
attention to object models.



In traditional developments, the central concepts used
in counting function points are logical �les and trans-
actions that operate on those �les. In OO systems, the
core concept is no longer related to �les or data bases;
instead the central concept is the \object".

The central analogy used to map function points to
OO software relates logical �les and transactions to
classes and their methods. A logical �le in the func-
tion point approach is a collection of related user-
identi�able data; a class in an object model encap-
sulates a collection of data items. A class is the nat-
ural candidate for mapping logical �les into the OO
paradigm. Objects that are instances of a class in the
OO world correspond to records of a logical �le in data
processing applications.

In the FP method, logical �les (LF) are divided into
internal logical �les (ILFs) and external interface �les
(EIFs). Internal �les are those logical �les that are
maintained by the application; external �les are those
referenced by the application but maintained by other
applications. This division clearly identi�es the ap-
plication boundary. In the OO counterpart, the ap-
plication boundary is an imaginary line in an object
model, which divides the classes belonging to the appli-
cation from the classes outside the application. Exter-
nal classes encapsulate non-system components, such
as other applications, external services, and reused li-
brary classes (both directly instantiated and subclassed
and parameterized classes). Classes within the appli-
cation boundary correspond to ILFs. Classes outside
the application boundary correspond to EIFs.

Transactions in the FP method are classi�ed as inputs,
outputs and inquiries. This categorization is not easily
applicable outside the data processing domain.

In the OO paradigm the locus of operation are class
methods, which are usually at a more �ne-grained level
than transactions. Since object models rarely contain
the information needed to tell whether a method per-
forms an input, an output or is dealing with an en-
quiry, we do not attempt to distinguish the three cat-
egories. We simply treat them as generic Service Re-
quests (SRs), issued by objects to other objects to del-
egate to them some operations.

In short, we map logical �les to classes, and transac-
tions to methods.

Issues such as inheritance and polymorphism a�ect
the structure of the object model, and how the model
should be counted. They are addressed in Section 4.

3.1. Related Work

Other authors have proposed methods for adapting
function points to object oriented software. They also
generally map classes to �les, and services or messages
to transactions.

Whitmire[19] considers each class as an internal �le.
Messages sent across the system boundary are treated
as transactions. Schooneveldt[16] treats classes as �les,
and considers services delivered by objects to clients
as transactions. This method gives a similar count to
traditional function points for one system. A draft
proposal[7] by the International Function Point Users
Group (IFPUG) treats classes as �les, and methods as
transactions.

Fetcke[4] de�nes rules for mapping a use case model[9]
to concepts from the IFPUG Counting Practices
Manual[6]. Three case studies have con�rmed that the
rules can be applied consistently. No attempt has been
made to relate the results to other metrics, such as tra-
ditional function points, lines of code, or e�ort.

Sneed [17] proposed object points as a measure of size
for OO software. Object points are derived from the
class structures, the messages and the processes or use
cases, weighted by complexity adjustment factors.

The closest analogue to our method is Predictive Object
Points (POPs), proposed recently by Minkiewicz [10,
11]. POPs are based on counts of classes and weighted
methods per class, with adjustments for the average
depth of the inheritance tree and the average num-
ber of children per class. Methods are weighted by
considering their type (constructor, destructor, mod-
i�er, selector, iterator) and complexity (low, average,
high), giving a number of POPs in a way analogous to
traditional FPs. POPs have been incorporated into a
commercial tool for project estimation.

Our work di�ers from Minkiewicz in several ways. In
two respects we consider more information: we count
the data in a class as well as the methods; and we
consider aggregation and inheritance in detail, instead
of as averages. We consider less information when
counting methods, since we do not distinguish between
method types. Information about method type is sel-
dom available at the design stage. Automatic tools
would need to gather that information from the de-
signer, which might be a tedious task for very large
systems. For that reason we do not attempt to base
our method complexity weighting on method type; in-
stead we try to exploit information about a method's
signature, which is most likely to be present in a design,



at least at the detailed design stage.

The key thing which is new about our method is its

exibility, with much scope for experimentation. For
example, Fetcke[4] de�nes that aggregation and inher-
itance should be handled in a particular way. As dis-
cussed below in Section 4.1, we de�ne several options
(one of which is Fetcke's approach) and leave it to the
user to choose. We have written programs to count
OOFPs automatically, with several parameters to gov-
ern counting decisions. An organization can experi-
ment to determine which parameter settings produce
the most accurate predictors of size in its environment.
Thus we have a method which can be tailored to dif-
ferent organizations or environments. Moreover, the
measurement is not a�ected by subjective ratings of
complexity factors, like those introduced in classical
function point analysis.

4. Measurement Process

OOFPs are assumed to be a function of the objects in
a given object model D. D might be produced at the
design stage, or extracted from the source code.

OOFPs can be calculated as:

OOFP = OOFPILF +OOFPEIF +OOFPSR

where:

OOFPILF =
X

o2A

WILF (DETo; RETo)

OOFPEIF =
X

o=2A

WELF (DETo; RETo)

OOFPSR =
X

o2A

WSR(DETo; FTRo)

.

A denotes the set of objects belonging to the applica-
tion, and o is a generic object in D. DETs, RETs and
FTRs are elementary measures, calculated on LFs and
SRs and used to determine their complexity through
the complexity matrices W . Details are given in Sec-
tions 4.1{4.3.

Figure 2 shows the phases of the OOFP computation
process:

1. The object model is analyzed to identify the units
that are to be counted as logical �les. There are

four ways in which this might be done; which to
use is a parameter of the counting process. This
step is described in Section 4.1.

2. The complexity of each logical �le and service
request is determined. W tables are used to
map counts of structural items (DETs, RETs and
FTRs) to complexity levels of low, average, or
high. These tables can be varied, and represent
another parameter of the counting process. This
step is described in Sections 4.2 and 4.3.

3. The complexity values are translated to numbers,
using another table. This table too can be varied,
and so is yet another parameter of the counting
process.

4. The numbers are summed to produce the �nal
OOFP value.
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Figure 2: OOFP computation process.

4.1. Identifying logical �les

Conceptually, classes are mapped to logical �les. It
may not always be appropriate to count each class
simply as a single logical �le, however. Relation-
ships between classes (aggregations and generaliza-
tion/specializations in particular) can sometimes make
it appropriate to count a group of classes together as
a logical �le.

Aggregation and inheritance relationships pertain
mostly to implementation aspects (internal organiza-
tion, reuse). There tend to be few of them in an anal-
ysis object model. There may be many of them in a
design or implementation model, as whole-part assem-
blies and inheritance hierarchies are identi�ed.

How these relationships a�ect the boundaries around
logical �les depends on the perspective chosen, and the
artifact on which the OOFPs are computed.

At the analysis phase, the user's perspective is the im-
portant one. It is too early to take the designer's point
of view. At this stage, most of the classes in an object



model represent entities in the application and user
domain. There are few aggregation and inheritance re-
lationships to complicate things. Counting each single
class as a logical �le is usually appropriate.

At the design phase, the object models contain much
more information related to the implementation. From
a designer's perspective, considering each single class
as a logical �le will again be the correct choice.

Counting a design object model from the user's per-
spective is more complicated. To count what can actu-
ally be perceived by the user of the system, the original
abstractions present in the requirements and analysis
models have to be recovered. Implementation details
should not a�ect the count. There might no longer be
a strict mapping of single classes to logical �les; col-
lections of classes may sometimes need to be counted
together as a single logical �le.

There may be many di�erent ways to identify logical
�les. We consider four, which are de�ned by di�erent
choices of how to deal with aggregations and general-
ization/specialization relationships:

1. Single Class: count each separate class as a log-
ical �le, regardless of its aggregation and inheri-
tance relationships;

2. Aggregations: count an entire aggregation
structure as a single logical �le, recursively joining
lower level aggregations.

3. Generalization/Specialization: given an in-
heritance hierarchy, consider as a di�erent logi-
cal �le the collection of classes comprised in the
entire path from the root superclass to each leaf
subclass, i.e. inheritance hierarchies are merged
down to the leaves of the hierarchy.

4. Mixed: combination of options 2 and 3.
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Figure 5: Generalization/Specialization ILFs.

For example, Figures 3-6 show the di�erent counting
boundaries that result from these four strategies, on a
sample object model1. Aggregation merging decreases
the number of classes in the object model from 6 to 5 as
CollectionOfCards is merged with Card; the resulting
logical �le contains all the data members and meth-
ods of the two classes. Generalization/specialization
merging projects the superclass CollectionOfCards

onto its subclasses, again reducing the number of log-
ical �les from 6 to 5. Finally, combining Aggregation
and Generalization/Specialization merging �rst aggre-
gates CollectionOfCardswith Card and then projects
the result onto the subclasses of CollectionOfCards,
resulting in 4 logical �les.

Conceptually, it makes sense to merge superclasses into
subclasses for OOFP counting. It seems right to count
the leaf classes, with their full inherited structure, since
this is how they are instantiated. (The non-leaf classes
of a hierarchy usually are not instantiated | they are
created for subsequent re-use by deriving subclasses,
and for exploiting polymorphism.) Also, two classes
linked by a generalization/specialization relationship
are intuitively less complex than two separate classes,
because the subclass represents a re�nement of the su-
perclass.

Associations may present a problem. If non-leaf classes

1The model is drawn from Rumbaugh[15].
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Figure 6: Mixed ILFs.

of an inheritance hierarchy participate in associations,
replicating the superclass association into each subclass
would increase arti�cially the number of associations.
In fact, the original superclass association contributes
to complexity only in the superclass, and in code it will
only be implemented once.

Merging aggregations into a single entity for OOFP
counting seems less intuitive. The objects that form
aggregations are separate objects, that exist indepen-
dently of each other and have their own methods and
data members. At run-time, di�erent objects will be
instantiated for each class in the aggregation.

However, it can be argued that dividing a user-
identi�able class into an aggregation of sub-classes is an
implementation choice. From the point of view of the
end user, and of the function point measurement phi-
losophy, the OOFP value should not be a�ected. From
this perspective, the aggregation structure should be
merged into a single class and counted as a single log-
ical �le.

Whether or not it is right to merge aggregations seems
to depend on whether the user's or designer's perspec-
tive is chosen. A hybrid solution can be adopted, in
which the treatment of aggregations is considered as
a parameter of the OOFP counting process. Three
options can be identi�ed, with the choice left to the
measurer:

1. merge aggregations;

2. do not merge aggregations;

3. 
ag on the design which aggregations should be
considered as a unique entity and so must be
merged.

4.2. Logical Files

What is considered an ILF/EIF varies, according to the
particular ILF/EIF identi�cation strategy used. Merg-
ing aggregations or generalizations can generate ILFs

or EIFs that correspond to sets of classes in the de-
sign. We call these composite ILFs/EIFs, to distinguish
them from those consisting of a single class, called sim-
ple.

For each ILF/EIF it is necessary to compute the num-
ber of DETs (Data Element Types) and RETs (Record
Element Types). The rules for DET/RET compu-
tation are slightly di�erent for simple or composite
ILFs/EIFs.

In both cases, one RET is associated to each ILF/EIF,
because it represents a \user recognizable group of log-
ically related data" [6].

When the DETs and RETs of an ILF or EIF have
been counted, tables are used to classify the ILF/EIF
as having low, average, or high complexity. We base
these tables on those given in the IFPUG Counting
Practices Manual Release 4.0[6].

4.2.1 Simple ILFs/EIFs Simple attributes, such as
integers and strings, are considered as DETs, since they
are a \unique user recognizable, non-recursive �eld of
the ILF or EIF" [6].

A complex attribute in the OO paradigm is an at-
tribute whose type is a class (this models the analogy
of a complex attribute with a RET, i.e. \a user rec-
ognizable subgroup of data elements within an ILF or
EIF" [6]) or a reference to another class.

Associations need to be counted as well, since they con-
tribute to the functionality/complexity of an object.
An association is usually implemented as a data mem-
ber referencing the associated objects; this reference
is used in methods to invoke the associated object's
services.

Associations are counted as DETs or RETs according
to their cardinality. A single-valued association is con-
sidered as a DET (IFPUG suggests counting a DET
for each piece of data that exists because the user re-
quires a relationship with another ILF or EIF to be
maintained[6]). A multiple-valued association is con-
sidered as a RET, because an entire group of references
to objects is maintained in one attribute.

Aggregations are a special case of associations. For
simple ILFs/EIFs, they are treated as normal associa-
tions.

4.2.2 Composite ILFs/EIFs DETs and RETs are
counted for each class within the composite, and
summed to give the overall total for the composite
ILF/EIF.



DETs and RETs are counted using the same rules as
for simple ILFs/EIFs, except for aggregations. Aggre-
gations are dealt with in a special way because in a
composite ILF/EIF they represent a subgroup. One
RET is counted for each aggregation, whatever its car-
dinality. The RET is assigned to the container class.

In practice, the values of DET and RET for any
ILF/EIF are computed by counting DETs and RETs
for each component class on its own (this is trivial for
a simple ILF/EIF), and just adding them up2.

4.3. Service Requests

Each service request (method) in each class in the sys-
tem is examined. Abstract methods are not counted.
Concrete methods are only counted once (in the class in
which they are declared), even if they are inherited by
several subclasses, because they are only coded once.

If a method is to be counted, the data types referenced
in it are classi�ed:

� simple items (analogous to DETs in traditional
function points) are simple data items referenced
as arguments of the method, and simple global
variables referenced in the method;

� complex items (analogous to File Types Refer-
enced | FTRs | in traditional function points)
are complex arguments, objects or complex global
variables referenced by the method.

Several approaches are possible to distinguish complex
items from simple ones. For example, compiler built-
in types might be considered as simple and all other
types as complex. This choice might not be appropri-
ate, since all user-de�ned types would be counted as
complex, even if they were scalar types or aliases of
built-in types. Another approach is to regard a com-
plex item as one whose type is a class or a reference to
another class. This approach is used here.

When the DETs and FTRs of a method have been
counted, tables are used to classify the method as hav-
ing low, average, or high complexity. We base these
tables on those given in the IFPUG Counting Practices
Manual Release 4.0[6] for external inputs and queries.

2The counting rules de�ned make DET-RET additive. The
only exception is the aggregation relation, which is handled dif-
ferently in simple and composite ILFs. However, in practice,
the contribution of aggregation in composite ILFs corresponds
to considering one RET for each class involved in the aggrega-
tion structure, which becomes equivalent to summing the RETs
of each component class separately.

Most of the time, the signature of the method provides
the only information on DETs and FTRs. Sometimes,
especially early on, even that is not known. In such a
case, the method is assumed to have average complex-
ity.

4.4. An example

Figures 3-6 show four di�erent ways that classes in an
object model might be merged, according to which of
the four di�erent LF identi�cation strategies is used.
Here we show the OOFPs that are computed for each
variant.

Service Requests:

Service requests (methods) can be counted immedi-
ately. Since they are only counted once anyway, it does
not matter how the classes are aggregated into logical
�les.

Because the signatures are unknown for the methods in
the example, each method is assumed to have average
complexity. They each receive the four OOFPs that
are scored for an average service request.

As there are 12 concrete methods in the model, service
requests contribute 12� 4 = 48 OOFPs.

Logical �les:

The counting procedure for each individual class gives
the DETs and RETs shown in Figure 7.
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Figure 7: DET/RET computation for LFs on the ex-
ample system.

The class Card has three DETs (two due to the two
data items and one due to the many-to-one associa-
tion with CollectionOfCards) and one RET (since
the class itself is a collection of related data items).



CollectionOfCards has two DETs due to its two data
items, one RET due to the one-to-many aggregation
with Card, and one RET for its own structure. Each
other class has one RET and as many DETs as it has
data items.

Depending on which ILF identi�cation strategy is used,
there are four di�erent ILF variants. Each variant
merges classes together in di�erent ways, resulting in
di�erent total DET and RET counts. Table 1 shows
the result of applying IFPUG 4.0 complexity tables
with each variant. The value Low is rated as 7 OOFP,
according to the IFPUG tables.

S A G M

Collection of Cards Low Low - -
Card Low - Low -
Deck Low Low Low Low
Hand Low Low Low Low
Discard Pile Low Low Low Low
Draw Pile Low Low Low Low

ILF OOFP 42 35 35 28
SR OOFP 48 48 48 48
Total OOFP 90 83 83 76

Table 1: ILF and SR complexity contribution (S
= Single Class, A = Aggregation, G = Generaliza-
tion/Specialization, M = Mixed).

The highest OOFP count comes when each class is
counted as a single ILF. All the other variants have
the e�ect of reducing the OOFP value, as they reduce
the number of ILFs. Although there is an increase in
DETs/RETs in the merged ILFs, it is not enough to
raise the ILF complexity to higher values.

5. Tools for Counting OOFPs

The process for computing OOFPs has been auto-
mated, as shown in Figure 8. Object models produced
with CASE tools are translated to an intermediate rep-
resentation. The intermediate representation is parsed,
producing an Abstract Syntax Tree (AST), to which
the OOFP counting process is applied.

In order to be independent of the speci�c CASE tool
used, an intermediate language, called Abstract Ob-
ject Language (AOL), has been devised. The language
is a general-purpose design description language, ca-
pable of expressing all concepts available at the de-
sign stage of object oriented software development.
This language is based on the Uni�ed Modeling Lan-
guage [12], a superset of the OMT notation that is be-
coming the standard in object oriented design. Since
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Figure 8: OOFP Computation Process

UML is a visual description language with some limited
textual speci�cations, we had to design from scratch
many parts of the language, while remaining adherent
to UML where textual speci�cations where available.
Figure 9 shows an excerpt from the AOL description
of the object model depicted in Figure 7.

The output of the speci�c CASE tool used is translated
into an equivalent AOL speci�cation, by an automatic
translator. One such translator has been implemented,
to convert the output from OMT/STP[8] to an AOL
speci�cation. Other translators could be implemented
for other CASE tools, such as Rational Rose [13] which
fully supports UML and represents its output using a
language called Petal.

The AOL speci�cation is then parsed by an AOL
parser, producing an AST representing the object
model. The parser also resolves references to identi-
�ers, and performs some simple consistency checking
(e.g. names referenced in associations have been de-
�ned).

The OOFP Counter implements the OOFP Counting
Rules described in Section 4. The OOFP Counter is
very di�erent from other measurement and counting
tools, because instead of assuming a speci�c counting



class Deck

operations

PUBLIC Shuffle() : void,

PUBLIC Deal() : void;

class Hand

attributes

PRIVATE InitialState : void

operations

PUBLIC Sort() : void;

...

aggregation

container class CollectionOfCards mult one

parts class Card mult many;

generalization CollectionOfCards

subclasses Deck, Hand, DiscardPile, DrawPile

Figure 9: Excerpt of the AOL speci�cation for the ex-
ample object model.

strategy it allows one of several strategies to be chosen.
This makes it suitable for experimentation. The tool
is very 
exible, being parameterizable with respect to
the rules used in the counting process.

The AOL parser and the OOFP counter have been
implemented in both Re�ne[14] and Lex/Yacc.

6. Pilot Study

The described methodology has been applied in an in-
dustrial environment producing software for telecom-
munications. Our �rst study is of the relationship be-
tween the OOFP measure of a system and its �nal size
in lines of code (LOC), measured as the number of
non-blank lines, including comments.

Eight sub-systems of a completed application were
measured, for each of which an OO design model and
the �nal code were available. All were developed in the
same environment, using the C++ language. Table 2
shows the size of each system, spreading from about
5,000 to 50,000 lines of code.

Table 2 also shows the OOFP count for each system,
using each of the four di�erent strategies for identifying
logical �les.

The four OOFP series are strongly correlated with
each other. The lowest Pearson correlation, between
the Single Class (S) and Mixed (M) strategies, is .992.
Other correlations range up to .998. As shown in Ta-
ble 2, di�erences between the methods become appre-

System LOC S A G M

A 5089 63 63 35 35
B 6121 476 469 462 455
C 15031 284 284 270 270
D 16182 1071 1057 1057 1043
E 21335 562 513 548 499
F 31011 518 403 483 368
G 42044 1142 1100 1124 1072
H 52505 2093 1947 1872 1737

Table 2: System sizes and OOFPs. (S = Single Class,
A = Aggregation, G = Generalization/Specialization,
M = Mixed).

ciable only for the projects with large LOC values.

The high correlation between the four OOFP series
suggests that they are essentially linear transforma-
tions of each other. In that case, changing the strat-
egy for identifying logical �les might not make much
di�erence to the accuracy of size estimation models.
When di�erent models are compared, however, some
di�erences do emerge.

Several regression techniques were considered to model
the LOC-OOFP association.

First, linear models (lms) based on minimizing the sum
of squares of the residuals were developed for each LF
selection method. Least absolute deviation, based on
L1 error, was also applied (l1s). This method mini-
mizes the sum of the absolute values of the residuals,
to reduce the e�ect of large error values.

Regression based on least square minimization assumes
that the distribution of errors is Gaussian. Regression
estimates are sensitive to outliers in the response vari-
able if this assumption is not satis�ed. Given the small
size of our data set, it is not clear that this assump-
tion holds. Hence robust regression techniques were
also investigated. Robust techniques may improve the
least-squares �t and handle model inadequacies due to
unusual observations.

A family of M-estimators was therefore considered
(rregs and rlms). The basic idea of M-smoothers is
to control the in
uence of outliers by the use of a non-
quadratic local loss function which gives less weight
to \extreme" observations. Non-linear modelling was
also attempted, although instability and lack of con-
vergence were expected due to the sample size.

Model error was expressed in terms of normalized mean
squared error (NMSE) and normalized mean absolute



error (NMAE).

Given the small size of the data set, a leave-one-out
cross-validation procedure was used to achieve unbi-
ased estimates of predictive accuracy for the di�erent
models. Each model was trained on n�1 points of the
data base L (the sample size is currently n = 8) and
tested on the withheld datum; NMSE and NMAE are
obtained over L normalizing over the sample variance
of the observed values (�y = mean(y)).

Even with cross-validation, care is needed in interpret-
ing the results. The small sample means that any ob-
servations must be regarded as indicative rather than
conclusive.

Method NMSE NMAE R̂2 b0 b1

lm-S 0.391 0.661 0.730 7992.5 23.0
lm-S-1 0.539 0.811 0.901 0000.0 29.4
lm-A 0.434 0.656 0.691 8504.7 23.8
lm-G 0.380 0.601 0.728 7435.1 25.2
lm-M 0.464 0.681 0.680 8187.4 25.8

l1-S 0.547 0.812 { 9139.1 21.58
l1-A 0.629 0.855 { 8601.1 23.48
l1-G 0.389 0.693 { 8688.4 24.36
l1-M 0.457 0.734 { 8083.0 26.61

rreg-S 0.399 0.672 { 7875.2 23.0
rreg-A 0.431 0.661 { 8255.3 24.0
rreg-G 0.368 0.599 { 7331.7 25.5
rreg-M 0.443 0.664 { 7861.9 26.4

rlm-S 0.402 0.670 { 8001.9 23.0
rlm-S-1 0.633 0.860 { 0000.0 29.3
rlm-A 0.440 0.660 { 8517.5 23.8
rlm-G 0.377 0.600 { 7521.5 25.6
rlm-M 0.456 0.676 { 8161.6 26.3

Table 3: Model performance for linear regressors (lms
and l1s) and robust methods (rregs and rlms).

Table 3 shows each of the models that was obtained,
parametrized over LF selection methods and the type
of regressor. The model coe�cients b0 and b1 are in-
dicated as computed from the full data set. The esti-
mated model errors (NMSE and NMAE) are shown for
each model. The estimated R-squared measure is also
included for the linear models.

A point of concern is whether an intercept term b0
should be included in the model. It is reasonable to
suppose the existence of support code not directly re-
lated to the functionalities being counted, and predic-
tion is improved with the term. However, the intercept

term is not signi�cant in a non-predictive �t of the
data. More importantly, the fact that the intercept
term is always larger than our two smallest systems
might indicate a poor �t for small OOFP values. It
would be interesting to apply a Bayesian procedure to
select the intercept from given priors.

Table 3 shows that in this data set the Generalization
strategy is consistently better, for all models and for
both the predictive error measures NMSE and NMAE.

Method NMSE Comments

rreg-default-G 0.368 {
rreg-andrews-G 0.367 {
rreg-bisquare-G 0.367 {
rreg-fair-G 0.480 converged after 50 steps)
rreg-hampel-G 0.381 {
rreg-huber-G 0.378 {
rreg-logistic-G 0.357 c = 1:25
rreg-logistic-G-0.8 0.337 c = 0:80
rreg-talworth-G 0.380 {
rreg-welsch-G 0.380 {

Table 4: Model performances for di�erent weighting
functions of the M-estimator rreg, for the Generaliza-
tion selection method.

The estimates for di�erent weighting functions of the
M-estimator are listed in Table 4. Results are given
for the Generalization selection method only. Lowess,
supersmoother and predictive splines were also tested,
but showed instability of convergence due to the small
sample size.

The best predictive accuracy (NMSE=0.337) was
achieved by the rreg-logistic-G model with tuning pa-
rameter u = :8, corresponding to the linear predictor
LOC = 7183:4 + 25:6 OOFPG: (This model is very
close to the basic linear model lm-G, whose equation
is LOC = 7435:1+ 25:2 OOFPG:)

Although more experimental work is needed, these re-
sults are encouraging for size estimation.

7. Discussion of Results

As can be seen in Table 1, the complexity of each LF is
always determined to be low, even when several classes
are merged together. The same is true for service re-
quests. The tables used to determine complexity are
based on those from the IFPUG Counting Practices
Manual [6], in which quite large numbers of RETs and
DETs are needed to reach average or high complexity
(for example, to obtain an average complexity weight
an LF needs a DET value between 20 and 50 and a



RET value between 2 and 5). This is due to the data
processing origins of the function points method, and
doesn't seem to apply as well to all kinds of systems.
Therefore the complexity tables should be recalibrated,
to provide more discrimination.

The implicit assumption in the use of these tables is
that the complexity of a class, and hence the size of
its implementation and the e�ort required to imple-
ment it, increases as the number and complexity of
its attributes increases. Similarly, the complexity of a
method (and hence its size and development e�ort) is
assumed implicitly to increase as the number and com-
plexity of its parameters increases3. Whether these
assumptions are true needs to be determined experi-
mentally.

The assumption seems reasonable for classes as a
whole, but perhaps not for methods. What works
for transactions in traditional function points may not
work for methods in an object model, because transac-
tions tend to be much more coarse grained than meth-
ods.

At the analysis and design stages, we often have no
more information about a method than its signature.
If it turns out that this is unrelated to complexity and
size, we have nothing to go by in counting OOFPs.
One possibility would be to permit the designer to an-
notate a method with a complexity rating. This would
introduce a subjective element to the process, however,
which we want to avoid. Another approach would be
simply to count the methods, making no attempt to
classify them by complexity. A promising approach
would take advantage of the information available in
use cases and scenarios to derive a complexity rating
for methods.

On the data available to us so far, it seems that re-
calibration of the OOFP tables for logical �les might
improve the accuracy of OOFP as a predictor of size;
recalibration of the table for methods might not. Fur-
ther experimentation is needed on this topic, with data
from more systems. In order to support such experi-
mentation, the tool used to count OOFPs is designed
to consider the table entries as parameters that can be
de�ned at any time

The pilot study suggests that for this organization, the
best predictions of size are obtained using the Gener-
alization strategy for identifying LFs. Other organiza-
tions may �nd di�erently.

3These assumptions are fairly common. They underlie the
philosophy of the classical function point method. They also
feature in the design metrics work of Card and Glass[2].

Modifying the complexity tables might make a di�er-
ence in determining the best strategy for selecting LFs.

Once a counting scheme has been chosen, it is impor-
tant that it be applied consistently. Consistent count-
ing is straightforward for us, since tools are used to
automate the process.

8. Conclusions

We have presented a method for estimating the size of
object oriented software. The method is based on an
adaptation of function points, to apply them to object
models. The proposed method takes full advantage
of the information contained in the object model and
eliminates the ambiguities of the traditional function
points method. It can be parameterized in order to
take into account more closely the characteristics of a
speci�c design environment or of a particular problem.

We have de�ned the mapping from FP concepts to OO
concepts, and described the counting process. Tools
have been developed that automate the process. Pre-
liminary results from a pilot study in an industrial en-
vironment have been reported. The results from the
pilot study show promise for size estimation. This is
important, since an estimate of size is needed for many
e�ort estimation models.

In summary, we have shown that we can apply the
concepts of function points to object oriented software
and that the results are accurate and useful in an in-
dustrial environment. Integrating function points with
common object oriented modeling tools, and automat-
ing the counting process, can help to extend the use of
function points in the software industry.

Future work will take several directions. One is to
investigate the e�ect of recalibrating the complexity
tables. Other relationships, beyond just OOFPs and
code size, will be studied; those between OOFPs and
traditional FPs, and OOFPs versus e�ort, are of partic-
ular interest. Another avenue is to consider the impact
of using design patterns [5] on the structure within ob-
ject models; this may lead to other strategies for iden-
tifying logical ILFs.
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