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Abstract

Automated generation of test cases is a prerequisite
Jor fast testing. Whereas the research has addressed
the creation of individual test points, test trajectory
generation has attracted limited. In simple terms, a test
trajectory is defined as a series of data points, with
each (possibly multidimensional) point relying upon the
value(s) of previous point(s). Software systems that use
data trajectories as inputs include closed-loop process
controllers. For these systems, software testers can
either handcraft test trajectories, use input trajectories
from older versions of the system or, perhaps, collect
test data in a high fidelity system simulator. While
these are valid approaches, they are expensive and
time-consuming, especially if the assessment goals
require substantial number of tests.

In this paper, we propose a framework for expanding
a small, conventionally developed set of test trajectories
into a large set suitable, for example, for system safety
assurance. In the core of this framework is statistical
regression analysis. The regression analysis builds a
relationship  between  controllable  independent
variables and closely correlated dependent variables,
which represent test trajectories. By perturbing the
independent variables, new test trajectories can be
generated automatically. Automated test trajectory
generation has been applied in the safety assessment of
a fault tolerant flight control system. We compare the
performance of simple linear regression, multiple
linear regression, and autoregressive techniques. The

performance metrics include the speed of test
generation and the percentage of “acceptable”
trajectories, measured by the domain specific

reasonableness checks.

1. Introduction

Safety assessment requires a large number of test
cases to ensure meaningful coverage of the critical
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sections of the system's input domain. In the aerospace
engineering domain, for example, safety assessment is
performed to validate system's conformance with safety
related rules, called envelopes. The envelopes are
usually derived from previous experience (experience
envelopes), and known system constraints (system
envelopes). If any of the system constraint rules is
violated, the violation must be reported and
investigated, potentially leading to dismissal in the
flight qualification process and redesign [1, 14].
Manual development of test cases needed for this type
of system assessment is tedious, time consuming and
expensive. As the result, too few test cases may be
available for thorough system assessment. In these
situations, automated test data generators represent an
attractive alternative, provided that building them is
feasible.

The types of programs that we consider are process-
control programs. The purpose of a control system is to
maintain specified properties of the outputs of the
process, provided that reference values are given. The
architectural solution frequently used for these systems
is the control loop paradigm. The controller executes a
series of cycles or frames. At the beginning of each
frame, it reads inputs from the sensors, then it performs
some computations, and at the end of the frame it sends
commands to the mechanisms. Computations in each
frame depend on the inputs read at the beginning of the
frame as well as the values of some internal variables
called history or state variables.

A complication in the automated test generation
stems from the fact that inputs are not independent
snapshots of variables from the input domain at the
beginning of a frame. Meaningful inputs consist of the
sequences of snapshots. Values of different variables
across the frame boundaries depend on the history of
the computation. We call these sequences input
trajectories. Trajectories define system inputs as a
function of time and history. Common examples are
real-time control systems, such as flight control
software and nuclear safety monitoring systems {13].
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In process control systems, software faults can
manifest themselves as system failures as the result of
the execution on a series of input readings. Each
trajectory corresponds to the notion of a system
demand, i.e., the demand is described by a trajectory.
For system execution, demands are selected from the
input space. In case or reliability testing, the demands
are selected according to a probability distribution over
the input space, called the operational profile.
Reliability testing assumes that successive demands are
selected independently according to the operational
profile. In case of safety testing, demands are selected
such that the coverage of the critical sections of the
system's input domain inspires confidence that the
safety constraints will not be violated. In practical
situations involving the assessment of safety critical
systems, reliability and safety testing can be performed
so that they supplement each other.

Whereas automated test data generation has
addressed the creation of individual test points, test
trajectory generation has attracted limited attention in
the research community. The only exception that we
are aware of is the telecommunication domain. There,
short input sequences and relatively small number of
system states make Markov chains a feasible
methodology for describing possible trajectories [17].
Process control systems, generally, require long input
trajectories and may undergo numerous state transitions
during the execution. = We propose a trajectory
generation algorithm for systems where describing
input sequences with Markov models is not feasible.

Our approach is based on the idea of expanding an
existing set of test trajectories. Existing trajectories
may have been handcrafted, used by an older version of
the system or, perhaps, collected in a high fidelity
system simulator. Without automation, generating new
trajectories would be expensive andfor a time
consuming activity. Large test sets are usually needed
to stress test the new system, for example, exercise
borders of experience and system envelopes.

We use regressive models to create new trajectories,
which are statistically similar to the trajectories in the
original set, but sufficiently different to represent
additional test cases. This approach violates the
statistical independence requirement for the selection of
demands for reliability testing. However, the technique
is suitable for achieving “demand coverage” within
input subdomains interesting from the safety
assessment point of view. The use of statistical
regression methods does not imply that this technique is
a part of regression testing (reapplying old tests to a
changed system). The purpose of our framework is test
data generation.

The rest of the paper is organized as follows. Section
2 lists other available test generators and assesses their
applicability to trajectory generation. Section 3 gives a
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general description of our approach to trajectory
generation. Section 4 briefly describes the regression
models proposed for use with the test trajectory
generator, Section 5 presents our results from the
application of the approach on the SFDIA case study.
Discussion of these results is presented in Section 6
while a brief conclusion with a description of future
work is provided in Section 7.

2. Related Work

A test data generator is a tool that assists a user in the
generation of test data [2]. The purpose of the tool is to
reduce the testing time by allowing a system developer
to generate large volumes of test data [15].

Manual test data generation includes cause-effect
graphing, driven by coverage methods, equivalence
partition, random user inputs, and use case analysis
[15]. Cause-effect graphing is a graphical technique
that maps the input domain to the output domain via
true or false relationships. Driven-by-coverage
methods generate test data with a purpose of increasing
one of the coverage measures. Equivalence partitioning
divides up the input domain into partitions and chooses
test cases for each partition. Random keyboard
pounding, is a process where testers use the system by
giving it as many random inputs as they can to
determine problems. Use case analysis is a process
where use cases are easily transformed into test cases.

Automatic test data generation can help reduce time
and any subjective biases a developer might have in
creating a system test. Automatic test data generation
includes data specification systems, pathwise test data
generators, random test data generators, and
specification based test generation [2, 5]. Data
specification systems generate test data from a language
that describes the input domain. The apparent
weakness of this approach is the ability of a system
designer to adequately describe the input domain,
because this may be as difficult as the system
requirements definition. Pathwise test data generators
generate test data that follow execution paths of the
program. While this type of testing is suitable for
achieving high path coverage, it is not useful for safety
assessment based on the extensive coverage of the
critical sections of the input domain. Random test data
generators are growing in importance, but their
randomness is usually confined to the variations of
"important" use cases or scenarios [16]. Specification
based test data generation uses grammatical rules on the
system specifications to generate test cases.

2.1 Random Test Generators

Random test generators are a common technique to
generate large amounts of test data. Random testing
uses tests without requiring a priori knowledge of the
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structure of program being tested. The entire input
domain of the system is considered and the test
generator randomly selects inputs from this domain [3].
The need for such systems has been recognized in the
literature and various strategies to enhance the
effectiveness of test data generation have been
suggested [3, 18, 19, 20, 21, 22]. Uniform random test
data generation is simple but cannot handle non-
uniform operational profiles, which are more frequently
encountered in real applications [18, 3]. Some recent
research efforts that have considered constrained test
data generation have focused on linear constraints
expressed in linear algebra [19], in relational algebra
[23], or in strictly boolean expressions [21].

For generation of single value data, random test
generators provide an adequate solution. However,
data sequences cannot be generated. A randomly
generated value is unrelated with the next randomly
generated value, except for a possible relationship due
to the imperfection of the random number generator.

2.2 Pathwise Test Data Generators

Pathwise test generators aré a common generation
technique. A pathwise generator looks at creating test
data that will exercise a certain path through the
software system [2]. The path reflects the data values
throughout the software system as it passes from input
to an output.

There are four steps to a pathwise generator:
constructing a graph representation of the program,
selecting a path for a test to traverse, symbolically
executing that path, and generating test data which will
evaluate that path. Tests are selected from the input
domain to cover as many of the program paths as
desired. The newest technique for test data generation
from a program model is based on model checking [24].

Once a path is chosen in the graph, this path is
symbolically ~executed. When a program is
symbolically executed, path predicates define regions
of the input space. Path predicates are represented by
symbolic expressions. The result of the symbolic
execution will be an equation in terms of input
variables, which, if satisfied, will cause the
symbolically executed path to be executed. When the
program is to be tested, a test data generator chooses
data from within each of the input domain regions.
Tests are then checked for correctness either by the test
analyst or by a specially designed testing oracle.
Sometimes a value cannot be found within the input
regions.  This indicates that either the path is
unreachable or the region was not properly formed.

For closed-loop control systems, pathwise testing
may not be meaningful. Data might be generated to
exercise a path in the system, but a snapshot of data
points may not provide sufficient excitation to reveal a
safety related fault in a control loop system.
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3. Automated Trajectory Generation
Methodology

Brief review of the existing test data generation
techniques indicates the lack of automated methods that
can address generation of test trajectories. In the
approach proposed in this paper, regressive models are

developed to determine relationships between
independent variables and dependent variables. The
dependent  variables, representing a complete

description of a test trajectory, are predicied by
applying regressive models upon the independent
variables. The independent variables must be
controllable and highly correlated to the dependent
variables.

The independent variables must be collected prior to
the development of the regressive model. Independent
variables must be found in the existing data set.
Trajectories are clustered into regions based upon the
similarities of the independent variables. Because of
the correlation the independent variables have with the
dependent variables, the dependent variables end up
clustered into regions as well. Clusters usually represent
different operational regimes. As an illustration, the
case study presented later considers flight trajectories of
an aircraft. Pilot (stick) commands are used as
independent variables in existing trajectories, the
corresponding angular rates for the given flight are the
dependent variables. Consequently, the clusters of
trajectories represent different flight maneuvers. In
general, system control inputs are usually good
candidates for independent variables.

Regressive models are developed to describe each of
these clusters. In order to generate a needed number of
trajectories, the models are applied to perturbations of
the independent variables, thus producing different test
trajectories. A visual representation of the trajectory
generation is shown in Figure 1.

The trajectory generation algorithm can be thought of
as a function that transforms one set of inputs, the
controlled ones, into a set of trajectories described by
the corresponding dependent variables. The structure of
the automated trajectory generator is shown in Figure 2.

The algorithm consists of the two modules: the model
generation and the trajectory generation. The model
generation consists of collecting a set of existing
trajectories, preprocessing the data for use by later
modules, clustering the existing trajectories and
developing a regressive model which can best fit each
clustered group. Different regressive models can be
used in the model development component, including
simple linear, multiple linear, autoregressive, and non-
linear regressive models. These techniques form the
core of the proposed framework.

The trajectory generation module perturbs one or
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more of independent variables from the collected set of
trajectories to generate new inputs for the regressive
models. The new sets of dependent data generated by
the regressive models are checked against a set of
acceptability rules. These rules provide reasonableness
checks, i.e., they decide if a created trajectory is valid
as the input of the system undergoing test. The
generation section continues to automatically generate
new trajectories, as long as they are needed.

Each of the two building blocks is composed of
individual modules that are designed to work
independently of each other, allowing for a ‘refine and
replace’ approach. As the generation approach is
improved, it will be refined to aid for better regressive
model fit or for better acceptance rate of the outputs.
When the application domain changes, the individual
modules can be replaced by those refined to work better
with the new application.

The rest of this section briefly describes individual
modules.

3.1 Collection and Preprocessing

Collection of the existing trajectories can be done
from various sources. Typical sources are older
systems, system simulators, etc. Because regression
predicts the relationship between independent and
dependent variables, the collected data must consist of
the set of trajectories (dependent variables), and some
controllable (independent) variables. The requirement

that the independent variables be controllable allows
for their perturbation in the later phases of the
algorithm.

Depending upon the data collected, preprocessing
may be required. For the clustering algorithm to work
correctly, the data sets should be of the same length in
terms of the number of frames. This can be
accomplished, for example, by truncating data sets to
the size of the shortest trajectory. If such a truncation
eliminates too much of useful information, other
possibilities include the elimination of shorter data sets
or interpolation of the data 1o increase the size of
shorter sequences. Data conversion may also be
required if test trajectories have been collected from
more than one type of source with each using different
units of measurement. Noise removal may also be
applied at this stage.

3.2 Clustering

By clustering test trajectories into regions
representing different operational conditions, regressive
models can be defined for each of these regions. Note
that such models define relatively coarse regions of
system operation. Each test trajectory generated by the
model serves as a system test [8].

Clustering techniques fall into one of the following
two categories: hierarchical and non-hierarchical [6].
In non-hierarchical techniques, trajectories are assigned
into k arbitrary clusters until the intragroup variances of
each cluster reach a minimum. The value of k£ depends
upon a given threshold used to decide the minimum
variance allowed within a cluster. When the addition of
another trajectory to a cluster increases the group
variance, a new cluster is created. The threshold is
chosen based upon the desired relation of the members
of the clusters. Higher thresholds will certainly allow
more trajectories per cluster as lower thresholds
increase the number of clusters.

In hierarchical techniques, the set of trajectories is
divided into n desired groups. Hierarchical techniques
may be either agglomerative or divisive.  With
agglomerative techniques each trajectory is separated
into its own cluster. Neighboring clusters are merged
together based upon distance metrics until the desired n
groups are attained. Divisive techniques start with all
trajectories in one cluster. The cluster is then divided
until it reaches the desired number of clusters.

While it can happen in our framework that each
cluster contains only one trajectory, having more than
one per cluster will allow for better model fitting.
Basic steps for the clustering module, are as follows:

1.Select independent variables to act as clustering

parameters.

2. Transform these parameters, if necessary.

3.Remove parameter outliers, if necessary.
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