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Abstract. The rigorous specification of components is necessary to support 
their selection, adaptation, and integration in component-based software engi-
neering techniques. The specification needs to include the functional and non-
functional attributes. The non-functional part of the specification is particularly 
challenging, as these attributes are often described subjectively, such as Fast 
Performance or Low Memory. Here, we propose the use of infinite value logic, 
fuzzy logic, to formally specify components. A significant advantage of fuzzy 
logic is that it supports linguistic variables, or hedges (e.g., terms such as slow, 
fast, very fast, etc.), which are convenient for describing non-functional attrib-
utes. In this paper, a new systematic approach for the specification of compo-
nents using fuzzy logic is presented. First, an empirical study is conducted to 
gather data on five components that provide data compression capabilities; each 
uses a different algorithm (Arithmetic Encoding, Huffman, Wavelet, Fractal, and 
Burrows-Wheeler Transform). Data on the response time performance, memory 
use, compression ratio, and root mean square error are collected by executing the 
components on a collection of 75 images with different file formats and sizes. 
The data are fuzzified and represented as membership functions. The fuzzy 
component specifications are ranked using a set of test queries. Fuzzy multi-
criteria decision making algorithms are going to be investigated for the selection 
of components in the next phase of the work.  

1 Introduction 

Component-based software engineering (CBSE) techniques are of keen interest to 
researchers and practitioners as they hold promise to support the timely, cost effective 
development of large-scale, complex systems. Such techniques are crucial to effec-
tively meet the needs of rapidly changing business environments.   

Effective CBSE techniques need to address a complex set of problems, as the issues 
are inter-related and span business, legal, and technical areas [1][2][3][4][5]. The pre-
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diction of short and long term costs and benefits of using components needs to be 
supported, as project managers consider the cost of the components, quality of the 
vendor, lack of control over the support and evolution of the COTS components, li-
censing issues, and the associated risks. Technical issues include the specification, 
certification, selection, and composition of sets of components, and the impact on the 
concurrent, iterative modeling of various software engineering artifacts. 

The term component has a wide variety of definitions in the literature [6]. Here, a 
software comp onent is an independent, reusable blackbox that, ideally, has a compre-
hensive interface description including: 

• A specification of the functional and non-functional capabilities of the com-
ponent. The non-functional description includes quality of service attributes 
(response time performance, memory, etc.) 

• A programmer interface description, which defines how to use the comp onent 
(e.g., an API definition with method names, parameter lists, return types, etc.) 

The specification of components has been considered using a variety of notations 
and approaches. Formal notations offer a means to specify components concisely and 
unambiguously. XML [7][8], fuzzy logic [8], first-order logic [9], the RESOLVE notation 
[10], as well as architectural description languages and coordination languages [11] 
have been proposed for formally representing comp onent specifications. The well 
known Unified Modeling Language (UML), a semi-formal notation, has also been used 
to specify components [12]. Alternative approaches including interface definitions [13] 
and templates [14] have also been investigated, which are based on informal, English 
descriptions. 

A key issue in the specification of components is the problem of how to represent 
and reason about the non-functional attributes, such as performance, adaptability, 
security, etc. These attributes are often described subjectively, using terms like “ex-
tremely fast,” “very fast,” “quite fast,” and “moderately fast” rather than simply “fast” 
and “not fast.” Fuzzy logic, developed as a solution to this kind of problem, provides 
an effective way to represent and reason with such vague and ambiguous terms. It 
provides a theoretical foundation for approximate reasoning using imprecise proposi-
tions, which is based on fuzzy set theory. 

This paper presents an approach that utilizes fuzzy logic in the specification of 
software components. Fuzzy logic has been applied to a number of interesting prob-
lems in a wide variety of domains such as medicine, manufacturing, software engineer-
ing, etc. [15][16]. Currently, it has received very limited attention from the CBSE com-
munity. The approach described in Section 4 uses fuzzy logic to select comp onents 
but does not present a well defined process to create fuzzy specifications for the non-
functional attributes of the components [8]. 

The process to define the fuzzy specification of the components is accomplished in 
steps. The software components that provide specific functional capabilities are exe-
cuted in order to collect data about their non-functional behavior. Data are collected 
for their response time performance, memory use, and quality attributes that are of 
particular interest for the component. For example, quality attributes for components 
that provide compression capabilities include the root mean square error (RMSE) and 
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compression ratios. The data are fuzzified (i.e., the data are represented as a collection 
of fuzzy membership functions) and the components are ranked using a set of test 
queries. 

The approach is illustrated using a study involving a collection of components that 
provide data compression capabilities. Each component implements a different algo-
rithm: Arithmetic Encoding, Huffman coding, Burrows-Wheeler Transform (BWT), 
Fractal Image Encoding, and Embedded zero-tree wavelet encoder. The image com-
pression components are executed on a single platform with over 75 images (of various 
formats like jpg, pgm, raw, and bmp). Execution time (system time + user time) and 
memory usage for compression and decompression components, the compression 
ratio, and the RMSE are collected. Once gathered, the data are fuzzified (i.e., repre-
sented as fuzzy membership functions). Each fuzzy specification is composed of the 
requirements interface (functional and non-functional capabilities) and the programmer 
interface (e.g., API definition) represented as fuzzy membership functions. In addition, 
design and imp lementation constraints such as programming language, code form 
(e.g., source code, executable, byte code), as well as the execution environment (e.g., 
machine hardware = sun4u, OS version = 5.9, Processor type = sparc, Hardware = 
SUNW, Sun-Fire-280R) are captured in the specification. The fuzzy representations of 
the components are ranked using a set of test queries.  

This paper is structured as follows. An overview of fuzzy logic is presented in Sec-
tion 2 as background material. The approach to build and rank a collection of fuzzy 
components is presented in Section 3. The example study is illustrated in Section 4. 
Section 5 presents some related work while conclusions and future work are in  
Section 6.  

2   Fuzzy Logic 

When one admits that nothing is certain one must, I think also add that 
some things are more nearly certain than others. 

- Bertrand Russell 
 

Numerous approaches are available to represent and reason about uncertainty in-
cluding probabilistic reasoning, neural network theory, and fuzzy logic [17]. Fuzzy 
logic was proposed by Zadeh in the 1960's [18] while working on the problem of natu-
ral language processing. Natural language, like many activities in the real world, is not 
easily translated into the absolute terms of 0 and 1 provided by classical logic. Fuzzy 
logic is well suited for representing and reasoning with vague and ambiguous condi-
tions, where an exact true or false value cannot always be determined. Instead, degrees 
of truth and falsity are needed. Fuzzy logic offers infinite set of values [0.0..1.0].  

Suppose, for example, you ask the following question to a group of people: Is the 
component very fast? The variety of responses reflects the individuals' experiences 
and knowledge. For example, the component vendor may reply 1 (true); an engineer in 
a high performance domain may reply 0.6 (somewhat true); an engineer in an informa-
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tion system domain may reply 0.8 (quite true), etc. People can achieve this high level of 
abstraction when considering such questions; fuzzy logic has been compared to the 
human decision making process. The ultimate goal of fuzzy logic is to provide a theo-
retical foundation for approximate reasoning using imprecise propositions based on 
fuzzy set theory. 

Fuzzy sets. A classical (crisp) set is defined as a collection of elements; each element 
either belongs or does not belong to a set. These classical sets can be described by 
enumerating the elements of the list, using conditions for membership (e.g., set A only 
contains elements less than 5), or by using a characteristic function to define the 
member elements, where 1 indicates membership and 0 indicates non-membership.  

The definition of set membership is modified for fuzzy sets, in which a characteristic 
function gives a degree of membership for each element of a given set. Membership 
functions can be formed using piecewise lines (e.g., triangular or trapezoidal), Gaus-
sian distribution, Bell, Sigmoid, quadratic and cubic polynomial curves, etc. In this 
paper, the generalized bell membership function is used, because it generated the least 
error in the fuzzification of the data collected for the components. The generalized bell 
function depends on three parameters a, b, and c as given by Equation (1).  These 
parameters determine the shape of the curve. The parameter a determines the width of 
the curve, b is related to the slope at the point c+a, and c locates the center of the 
curve.  
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Fuzzy Definitions. Basic definitions for fuzzy logic are presented below, followed by 
an example that clarifies the semantic distinction between fuzzy logic and probability 
theory. 
 
Definition 1 : Let X be some set of objects, with elements noted as x. Thus, X = {x}. 

Definition 2 : A fuzzy set A in X is characterized by a membership function mA(x) mA: 
x -> y, y ∈ R | 0.0 ≤ y ≤ 1.0   In other words, the membership function maps each ele-
ment in X onto the real interval [0.0, 1.0]. As mA(x) approaches 1.0, the degree of mem-
bership of x in A increases. 

Definition 3 : Empty fuzzy set. A is EMPTY ⇔ ∀x mA(x) = 0.0. 

Definition 4 : Fuzzy set equality. A = B ⇔ ∀x mA(x) = mB(x)   

Definition 5 : Fuzzy subset. A is CONTAINED in B ⇔ ∀x mA(x) ≤ mB(x). 

Definition 6 : NOT operator (Complement of the fuzzy set). NOT (mA (x)) = 1 - mA(x).  
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Definition 7: OR operator (Union of fuzzy sets). C = A OR B, where: mC(x) = 
MAX(mA(x), mB(x)).  

Definition 8 : AND operator (Intersection of fuzzy sets). C = A AND B where: mC(x) = 
MIN(mA(x), mB(x)).  

Definition 9: IMPLICATION operator. A → B = (NOT A) OR B = MAX{1-A, 
MIN{A,B}} 

 
In a fuzzy system, the rules have the form: IF (x1 AND x2 AND ... AND xn ) THEN y. 

Fuzzy Logic vs. Probabilistic Theory. The last two fuzzy set operations, AND and OR, 
clearly illustrate the semantic differences from their counterparts in probabilistic 
theory. Suppose, for example, x = Fred, P is the fuzzy set of pleasant people, and A is 
the fuzzy set of athletic people. Let's use P(x) = 0.90 and A(x) = 0.90 to describe the 
probability that Fred is very pleasant and Fred is very athletic and mP(x) = 0.90 and 
mA(x) = 0.90 to describe the memberships functions that Fred is very pleasant and 
Fred is very athletic. The probabilistic calculation is  P(x) * A(x) = 0.81, whereas the 
fuzzy result is MIN(mP(x), mA(x)) = 0.90. Therefore, the probabilistic calculation yields 
the statement:  
 
If Fred is very pleasant and Fred is very athletic, then Fred is a quite pleasant, ath-
letic person, using 0.81 to describe “quite”.  
 
The fuzzy calculation, however, yields:  
If Fred is very pleasant and Fred is very athletic, then Fred is a very pleasant, ath-
letic person, once again using 0.90 to describe "very". 

 
As more factors are included into the equations (the fuzzy set of intelligent people, 

tall people, wealthy people, etc.), the result of a series of AND's approaches 0.0 in the 
probabilistic calculation, even if all factors are initially high. Our intuition for the prob-
lem better matches the fuzzy set calculation in which, for example, five factors of the 
value 0.90 (“very”) ANDed together gives the answer 0.90 (“very”), not anything 
lower. 

The probabilistic version of A OR B is (A+B - A*B), which approaches 1.0 as addi-
tional factors are considered. Again, the fuzzy set calculation uses the maximum of the 
membership values to limit the resulting membership degree. 

It is important to note that the assignment of values to linguistic meanings (such as 
0.90 to “very”) and vice versa is subjective. Fuzzy systems do not claim to establish 
formal procedure for assignments at this level. What fuzzy logic does propose is to 
establish a formal method of operating on these values, once the primitives have been 
established. 
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3 Fuzzy Component Specification Process: A Case Study on 
Compression Components 

A series of steps are defined to create a fuzzy specification that can be used to fa-
cilitate the analysis and ranking of components according to some specific criteria. 
Each step in our approach is described next along with a case study based on image 
compression algorithms. 

 
Step 1 - Component collection: Before actually starting specifying components using 
fuzzy logic, a set of functionally equivalent components must be selected. Assume we 
are interested in a certain set of functionality F={f1,f2,…, fn}. Then, a collection of com-
ponents C={c1,c2,…, cm} that implements F is formed. In addition to F the components 
may present any other extra functionality.  

The problem of compressing images is an interesting one. Some algorithms take 
less time but use more memory, while others behave the other way around. Quality 
issues, such as the compression ratio or RMSE, also have trade-offs in different algo-
rithms. For example, an algorithm may be acceptable in terms of time and memory, but 
have a poor compression ratio. In some cases image restoration is compromised to 
achieve a good compression ratio. In short, Image Compression components have 
clear trade-offs, in terms of execution time, memory, compression ratio, and RMSE. 
Also since there are many well-established algorithms and their implementations are 
available over the Internet, image compression components have been chosen for this 
study and F={image compression}.   

A survey of image compression algorithms has been performed; the comp onents 
have been chosen in such a way that there is  a clear trade-off in terms of execution 
time, compression ratio, and the root mean square error (RMSE) between the original 
image and the uncompressed image. Available components have been selected, their 
non-functional features analyzed, and the results used to derive a fuzzy specification 
of these features. Five image compression algorithms have been chosen for this study: 
Arithmetic Encoding (AREC), Huffman coding (HUFF), Burrows-Wheeler Transform 
(BWT), Fractal Image Encoding (FRAC), and Embedded Zero-Tree Wavelet Encoder 
(WAVE). Therefore C={AREC,HUFF,BWT,FRAC,WAVE}. Source code for these 
components is available over the Internet. As a first step, the credibility of the source 
code for both compression and un-compression has been assured based on available 
reviews and references given by various web sites, a thorough code walk through, and 
testing the components. In some cases the source code has been modified so that it 
could compile in the lab environment using the g++ compiler (with default settings) on 
Sun Solaris. It should be clear that the availability of source code is not required for 
the fuzzy specification of the comp onents. 

 
Step 2 - Input fuzzification: Based on the functionality set F, the input attributes 
A={a1,a2,…, aq} affecting F are determined. Then, a body of distinct test inputs 
T={t1,t2,…, t j} is created to exercise all the components in C; data are collected. Neuro-
adaptive learning techniques [16] are then used to create Ki membership functions for 
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each attribute ai in A. The value of Ki depends on the characteristics of ai and the 
desired granularity. For example, if ai represents the size of the input, one could select 
Ki =3 for {small, medium, large}, Ki =5 for {small, medium, large, very large, extremely 
large}, or any other representative set of the linguistic characteristics of ai. 

The inputs affecting the functional and non-functional behavior of the distinct com-
ponents are identified in this step. In the case of compression algorithms , two features 
are of interest. The first is the type of images a compression algorithm can handle (i.e., 
the file format). The second refers to how the size of an image affects the component's 
non-functional behavior. When searching for a compression component, one could 
think of the following query: “Search for a component that has low memory usage for 
large images”. What is the size of a large image is the immediate question that comes 
from this query. As expected, the definition of a large (very small, small, medium, very 
large, etc.) image is not crisp but rather fuzzy, therefore justifying the fuzzy specifica-
tion approach proposed here. This results in a single element set for A={image size}. 

In order to fuzzify the input size, images of various sizes and types were 
downloaded from the Internet, where the size ranged from 11 KB to 4096 KB. Also, 
components depend on the image formats like raw or pgm. Due to the difficulty of 
finding images in raw or pgm formats, ReaConverter Pro v3.4 has been used to convert 
some images to the desired format. In effect, the study was conducted on 75 images of 
type jpg, raw, and pgm leading to T={t1,t2,…,t74,t75}. With these images three (K=3) 
membership functions have been generated (using MatLab Fuzzy Logic Toolbox) 
based on the size of the images. The choice of three membership functions (small, 
medium, and large) is arbitrary and done here to simplify the results of the case study. 
There is no restriction in selecting a different number of functions. Neuro-adaptive 
learning techniques [16] have been used to generate the size based membership func-
tion depicted in Figure 1. Also a generalized bell format has been selected for the 
membership functions due to its concise and powerful representation features. We are 
aware that a much larger set of images would be required to fully capture the fuzzy 
features of image size. However, the selected set appears to be large enough to dem-
onstrate the applicability of the proposed approach. 

 
Step 3 - Non-functional attributes selection: A set of non-functional attributes 
NF={nf1,nf2,…,nfp} for the components is selected. This set must express important 
attributes related to the components. Also, some attributes in NF may not be applica-
ble/identifiable to all the components 

 Based on the characteristics of compression algorithms, four attributes are analyzed 
here: NF={total execution time, compression ratio, maximum memory usage, RMSE}, 
where total execution time is the combination of compression plus decompression time 
and RMSE  is a quality measure. Other features can be easily included according to 
users' needs. 
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Figure 1: Fuzzification of input based on image size: three membership functions 
for small, medium, and large images. 

Step 4 - Component independent fuzzification of non-functional attributes: In this 
step all the components in C are executed for all test inputs in T, and measurements of 
all attributes in NF are collected. As for the input fuzzification (Step 2), neuro-adaptive 
learning techniques are used to create Ki membership functions for each of the nfi 
attributes in NF. Notice that the measurements for the NF attributes are collected for 
the set of  components;  the membership functions are created based on all combined 
results and not on  individual components. 

Once the features to be analyzed are selected in Step 3, the components are exe-
cuted for all small images, and data for the four features are collected. The same is 
done for medium and large images. The selection of images (that is, the creation of the 
subsets TS) is done according to the membership functions in Figure 1. Notice that if 
any degree of membership is selected for the three functions, then the three sets of 
small, medium, and large images would be the same. Therefore, a cutoff for the mem-
bership degree has to be determined to decrease the overlap. In the case of Figure 1, a 
cutoff of 0.5 reduces the overlap to zero; due to the fuzzy characteristics of the prob-
lem, some overlap is desired. In general, the smaller the cutoff, the larger the overlap 
and consequently, the less distinct the results of the fuzzification. Experiments with 
distinct cutoffs have been conducted. We limit our description here to a specified 
cutoff of 0.2 for the degree of membership. 

Using a 0.2 cutoff results in small images with size less than 1.5 MB, medium images 
with size ranging from 0.7 MB to 3.6 MB, and large images with size greater than 2.8 
MB.  Now, each component is executed for the three sets of images, and the collected 
data are used to generate membership functions for each set of images and features. 
Again, a generalized bell curve is used to create the membership functions. However, 
no learning technique needs to be applied in this case since the image sets already 
have the information we need. After the execution of a component for all small images, 
the average and standard deviation for a specific feature is computed and used to 
create the membership function. The same procedure is followed for medium and large 
size images. Figure 2 shows the results for the Wavelet comp onent. As expected, the 
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execution time increases as the size of the images increases. In this case, we note a 
large overlap between the three curves. Compression ratio follows the same scheme as 
execution time (the larger the image, the better the compression ratio) but with more 
distinct membership functions, i.e., less overlap. As seen in Figure 2, the quality of the 
image measured by the RMSE is better for large images than for medium or small size 
images. Again, there is less overlap in this case than the membership functions for 
execution time. The memory usage for the Wavelet component presents very distinct 
results with almost no overlap between the curves. 
 

 
Figure 2: Results of the fuzzification of the Wavelet compression component: four 

selected non-functional attributes. 

The results for the BWT component are presented in Figure 3. As can be observed 
there is no plot for the RMSE feature since BWT is a lossless approach. Also, the 
maximum memory usage is the same for all images and therefore constitutes a crisp 
value with no need for fuzzification. The results for total execution time and compres-
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sion ratio are similar and show a better execution time (compression ratio) for small 
images with decreasing performance as the size of the images increase.  

The results for the other three components (Huffman, Arithmetic Encoding, and 
Fractal) are quite similar and are not presented here.  

 

 
Figure 3: Results of the fuzzification of the BWT compression component: four 

selected non-functional attributes. 

 
Step 5 - Input dependent fuzzification of non-functional attributes: The test inputs T 
are divided into K subsets TS={Ts1,Ts2,…,Tsk}, where K is the number of membership 
functions used in the input fuzzification (Step 2). Overlap is expected among the sub-
sets , and the amount of overlap can be determined by a cutoff value for the degree of 
membership. That is, an input ti is added to a subset Tsj only if the membership degree 
is greater than the cutoff. In general, the larger the value of the cutoff, the smaller the 
overlap.  Each component c1 is executed for the inputs in the subset Ts1. Measure-
ments of all the non-functional attributes in NF are collected, and one membership 
function is created based on the values of the measurements.  For example, mean and 
standard deviation values may be used to create generalized bell membership func-
tions. The process is repeated for each subset TSi in TS and for each comp onent cj in 
C. 

Similar to image size, the non-functional attributes are also fuzzy by nature. That is, 
there is no crisp definition of what is a fast compression algorithm or an approach with 
moderate use of memory. Therefore, as it has been done for the input, neural-adaptive 
techniques are used to generate three membership functions for the four specified 
non-functional attributes, as can be seen in Figure 4.  
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Figure 4: Component independent fuzzification of the four non-functional  
attributes selected. 

 
Step 6 - Components ranking: Once the components are specified in fuzzy logic 
(Steps 1-5), we can search for components using linguistic rather than numeric vari-
ables/values. Any search with respect to the input attributes A and the non-functional 
attributes NF can be conducted. Since the focus of this paper is on the fuzzy specifica-
tion, the ranking is restricted to individual non-functional attributes; multi-criteria 
techniques are the subject of future work. In order to rank the components, specified 
membership functions for a non-functional attribute are combined (using an OR fuzzy 
operator) and then merged (using an AND fuzzy operator) with the membership func-
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tion associated with the specified input attribute. The resulting new membership func-
tions (one for each component) represent the query results. Sorting the maximum or 
the mean value for each function produces the desired rank of comp onents. The use of 
maximum or mean values may affect the ranking, but a discussion of which one is more 
appropriate is beyond the scope of this paper. 

Up to this point we have fuzzy specifications for the input (Figure 1) and for each of 
the components and the specified non-functional attributes (Figure 2 and Figure 3), as 
well as a component independent specification for the same attributes (Figure 4). 
These specifications are now used to conduct queries and select/rank components 
according to some features. For example, consider a search is done according to the 
following criteria: a fast compression component. The size of the images is not speci-
fied in this case, and therefore the components should be considered for images of all 
sizes (small, medium, and large). A fuzzy OR operator is used to merge the three mem-
bership functions for Total Execution Time for each of the components. The results for 
the OR operator for the wavelet component are shown in Figure 5 (light dashed line - 
referred to hereafter as mf1). A fast component is represented by the low membership 
function of Figure 4(c). The same curve is also plotted in Figure 5 (heavy dashed line - 
referred to hereafter as mf2). The comparison of the wavelet results and the component 
independent specification is achieved by applying an AND fuzzy operator for mf1 and 
mf2 resulting in the new membership function represented by the solid line in Figure 5.  

 

 
Figure 5: Membership function of the Wavelet component: searching for a fast 

component. 

 
The same process is conducted for each of the components. The ranking of the 

components can be achieved by sorting the resulting membership functions by the 
largest value or by the mean value. The ranking results when searching for a fast com-
ponent are shown in Table 1. 
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Table 1: Results of ranking the components according to two queries. 

Query: fast component  Query: high compression ratio for large 
images 

Rank Largest Value Mean    Value  Rank Largest Value Mean Value 
1 HUFF - 0.82 HUFF – 0.11  1 WAVE – 0.99 BWT – 0.026 
2 AREC – 0.56 AREC – 0.08  2 BWT – 0.12 WAVE – 0.023 
3 WAVE – 0.38 WAVE – 0.05  3 AREC – 0.05 AREC – 0.014 
4 BWT – 0.21 BWT – 0.03  4 HUFF – 0.04 HUFF – 0.012 
5 FRAC – 0.18 FRAC – 0.01     
 
Now, consider we are searching for components with high compression ratio for 

large images. The process above is repeated, but there is no need to apply the OR 
operator to merge the membership functions for each of the components. In this case 
mf1 is represented only by the Compression Ratio membership function for large im-
ages. The result for this new query is also shown in Table 1.  Fractal is not displayed 
in the table due to lack of sufficient large images to collect meaningful results. 

Additional test queries have been executed for memory usage and RMSE to rank 
the components. The results from these tests indicate the applicability of our approach 
to specify and rank components using fuzzy logic; they have not been included in the 
paper due to space constraints. 

4 Related Work 

A substantial body of work exists on the specification of comp onents. Here, due to 
space constraints, we restrict the discussion of related material to the work done on IP-
Based Design [18]. This technique is closer to our approach as it uses fuzzy logic in 
the selection of components. 

Zhang, Benini, and Micheli [18] have identified the fuzzy characteristics of compo-
nent selection and have proposed a technique based on IP (Intellectual Property) 
Design. Assuming an IP repository is available where specifications are represented 
using XML, the XML document is parsed into a Document Object Model tree (DOM 
tree). This tree is based on a grammar named Document Type Definition (DTD) and 
therefore represents the syntax structure of the specification. Further, semantic infor-
mation is added to the tree. 

Once the semantic trees for the components are available, the proximity of the trees 
to the query specification (also done in XML) is ordered using fuzzy logic. First, leaf 
nodes are scored using any specified fuzzy membership function. Then, the nodes are 
aggregated using an un-weighted or a weighted function. The second case is applica-
ble when the user wants to emphasize some features of the desired comp onents. As 
pointed out by the authors, the use of a specific fuzzy membership function does not 
need to be based on strong mathematical arguments, but mainly on the characteristics 
of the domain it represents. The ordered results from the query provide the user a 
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ranked list of components with a higher probability of fulfilling the design require-
ments. 

An interesting approach is used for the fuzzy representation of non-numeric values. 
For example, to represent functionality as a fuzzy object, the number of occurrences 
and the probability of one occurrence of some keyword in the specification is used: 
(1-pn), where p is the probability and n is the number of occurrences.  

The IP-Based approach and the approach proposed here are based on the same as-
sumptions that component specification and behavior cannot be completely deter-
mined by a crisp function and fuzzy logic appears to properly address this problem. 
Both approaches have as the ultimate goal the selection of components that better 
match some specification. However, while the IP-Based approach relies on the exis-
tence of a XML specification, our approach includes steps to systematically select 
components, identify the inputs that affect the functional and non-functional behavior 
of the comp onents, create input to exercise the components, collect and fuzzify data, 
and rank components [18]. 

5 Conclusions and Future Work 

The rigorous specification of software components is necessary so that we can rea-
son about them in useful ways, such as selecting individual components or collections 
of interacting comp onents. Part of the complexity of this problem stems from the chal-
lenges in representing the uncertainty of the non-functional attributes in a meaningful 
way. Here, we present a systematic approach for the specification of comp onents 
using fuzzy logic. A significant advantage of fuzzy logic is that it supports linguistic 
variables, or hedges (e.g., terms such as slow, fast, very fast, etc.), which are very 
convenient for describing non-functional attributes. Our process involves conducting 
an empirical study to gather data on five components that provide data compression 
capabilities; each uses a different algorithm (Arithmetic Encoding, Huffman, Wavelet, 
Fractal, and BWT). Data on non-functional attributes, response time performance, 
memory use, compression ratio, and root mean square error are collected by executing 
the components on a collection of images with different file formats and sizes. The 
data are fuzzified and represented as membership functions. The fuzzy component 
specifications are successfully ranked with respect to a set of test queries.  

Limitations of the study include the fact that the components only provide one 
functional capability (data compression), and one execution environment has been 
used to collect data. In addition, the ability to select components based on multiple 
attributes is not addressed in this work.  

There are a number of interesting directions for our future work. First, the problem 
of selecting components  based on multiple attributes is going to be investigated using 
fuzzy multi-criteria decision making algorithms (FMCDM). In multi-criteria decision 
problems, relevant alternatives are evaluated according to a set of criteria, and the best 
alternative can be picked depending on the evaluation results. A study comparing a 
collection of FMCDM algorithms , including the Fuzzy Weighted Sum Method, Fuzzy 
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Weighted Product Method, and Fuzzy Analytic Hierarchy Process, is going to be 
conducted. Our proposed study will replicate the work presented by Triantaphyllou 
[20] and extend it with additional FMCDM algorithms. In addition, a study can be 
conducted to compare alternatives to the fuzzy logic evaluation of the comp onents. 
This study would clarify the advantages and disadvantages of our approach. Second, 
the component specification can be refined with the addition of attributes, both func-
tional and non-functional; the repository of comp onents will be extended to include 
components with different functional capabilities. Comp onent data will be collected on 
a more comprehensive collection of platforms (i.e., hardware/operating system); the 
behavior of the platforms can also be represented as fuzzy membership functions.  
Third, the process definition will also be extended to include entry and exit conditions, 
while refining the descriptions of the inputs, outputs, and purpose of each activity.  
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