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1 Introduction

The understanding and control of a process requires knowledge about the state of the process at a given time. The more

information available regarding the states of the process the better the controllability level. The software development

process has been modeled using different techniques ranging from finite state machine, process language, and simu-

lation based models among others [1, 2, 3, 4, 5, 6]. Recently, a state variable approach has also been used to model

and control the system test phase of the software development process [7, 8]. A state variable is a set of differential

equations organized in a matrix format allowing the prediction and control of the states of a process. This approach

distinguishes from the others by presenting, under a control theory perspective, a closed feedback control loop.

Despite the difficult in creating mathematical models, plausible accurate models have been derived for physical and

non-physical systems [9, 10]. However, the difficult level arises when modeling non-physical system due to the fact

that observation/measurement of these processes is not accurate, more specifically, they are subject to disturbances and

noise data. Under these circumstances, a stochastic rather than a deterministic model appears to be a better solution to

represent the process. The software test process presents such characteristics and seems to be suitable for a stochastic

approach.

Here, a stochastic model of the software test process is presented. The model is a variant of a previously specified

deterministic control model, briefly described in Section 2. The new model accounts for foreseen and unforeseen

perturbations as well as for noise in the data collection process. The level of disturbances can be adjusted according

to the maturity level of the organization.

2 Previous Results: Deterministic Model

The linear deterministic model of the STP is based upon three assumptions. These assumptions and the corresponding

equations are presented below [7]. They are based on an analogy of the STP with the physical process typified by a

spring-mass-dashpot system and also in Volterra’s predator-prey model [10] . A description and justification of this

analogy and the choice of a linear model is outside the scope of this paper [7]. The model has been validated using

sets of data from testing projects [11] and also by means of a extremal case and sensitivity analysis [12, 13].

Assumption 1: The rate at which the velocity of the remaining errors changes is directly proportional to the net
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applied effort ( ��� ) and inversely proportional to the complexity ( ��� ) of the program under test, i.e.,��	��
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Assumption 2: The effective test effort ( ��� ) is proportional to the product of the applied work force ( � � ) and the

number of remaining errors ( � ), i.e., for an appropriate � � ��� � ,� � ��

��� � � � � � � � ����

� (2)

where � � ��� ��� �� ��� is a function of software complexity. Parameter � depends on the characteristics of the product

under test.

Assumption 3: The error reduction resistance ( ��� ) opposes, is proportional to the error reduction velocity ( �� ), and is

inversely proportional to the overall quality �! ) of the test phase, i.e.,fFor an appropriate constant " ,������

�#�%$ " & �� (3)

Combining Eqs. 1, 2, and 3 in a force balance equation and organizing it in a State Variable format ( �'(�*)+'-,/.10 ) [9,

10] produces the following system of equations.2 ��	��
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R S above is included in the model to account for unforeseen disturbances such as hardware failures, personnel

illness or any event that slows down or even interrupts the continuation of the test process.

Along with the model in Eq. 4 an algorithm has been develop to calibrate the parameters of the model [14]. The

fast convergence presented by the algorithm increases the model applicability and accuracy [15]. Finally, a parametric

control procedure is used to computed required changes in the model in order to converge to desired results according

to time constraints [7].

3 Stochastic Model

The deterministic model in Eq. 4 has the general format of Eq. 5.

Deterministic ModelU �'V��

���W)M'T��

�X,Y.Z0V��

�[?��

���]\^'X��

� (5)

where 'X��

� is the state vector, 0V��

� is the in-

put, and ) , . , and \ are coefficient matrices [9,

10].

Stochastic ModelU �'V��

���_)M'T��
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where 'X��

� is the state vector, 0T��

� is the input, ) ,. , and \ are coefficient matrices, and ` and a are

two mutually independent noise sequences [16].

The input 0V��

� is, in general, used to drive the system. However, the procedure used for the control of the system

from Eq. 4 uses a parametric approach and the input is used to account for unforeseen perturbations.
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The deterministic model seems to be appropriated to control well defined test processes, where the level of un-

predictability is not critical. However, in practice, test processes are subject to a variety of external disturbances. In

addition, collected data is often noisy and prediction of the intermediate states of the process may be compromised

depending on the level of inaccuracy of the data. Under such circumstances, one alternative would be the use of

stochastic model as represented by Eq. 6. In this case, the prediction of the intermediate states of a system becomes

an stochastic rather than a deterministic process.

The inclusion of noise components represents the major difference between the deterministic and the stochastic

model. The influence of randomly external disturbance is accounted for by the noise sequence `?��

� in Eq. 6 whereas

the inaccuracy of the collected/measured data is represented by the noise sequence a ��

� in the output part of the same

equation.

The input RVS in the deterministic model of Eq. 4 was used to account for unforeseen perturbations. However, R#S
was included, periodically, as the average perturbation from the previous time period(s) and therefore still characterize

a deterministic process. R S was also used to model common disturbances in the test process, such as a training period,

a migration of the product under test from the developers to the users environment, the replacement of an already tested

component, etc. [17]. For the stochastic model, R S will account for foreseen perturbations as the ones just described.

This appears to be a reasonable approach due to the fact that these disturbances can be modeled and they are, in many

situations, anticipated/expected. As state above, `?��

� and ab��

� will account for the unforeseen perturbations.

The major concern becomes how to characterize the disturbance to proper represent the ones find in different

software test processes. The maturity of the process is a good indication of the level of disturbance expected in a

specific organization. The Capability Maturity Model [18] can be used for this purpose. In addition, disturbances

seem to have different levels, according to different time periods, for distinct project. For example, the disturbance

level for a test process where the test team is not familiar with the product under test will differ from the a process,

within the same organization, where the test team has previous experience with similar products.

The introduction of noise sequences in the state variable model of the software test process extends its applicability

to organizations in the lower CMM levels. Similarly to the deterministic model, it allows the computation of changes

in process parameters to correct for schedule deviations in the process. In addition, it provides statistical information

allowing inferences on the accuracy of the predictions related to the level of perturbation injected into the model.
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