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ABSTRACT
Automated test case generation is one of the main challenges in testing mobile
applications. This challenge becomes more complicated when the application
being tested supports motion-based events. In this paper, we proposed a novel,
hidden Markov model (HMM)-based approach to automatically generate
movement-based gestures in mobile applications. An HMM classifier is used to
generate movements, which mimic a user’s behaviour in interacting with the
application’s User Interface (UI). We evaluate the proposed technique on four
different case studies; the evaluation indicates that the technique not only
generates realistic test cases, but also achieves better code coverage when
compared to randomly generated test cases.
Keywords : automated test case generation; motion-based events; hidden
Markov model; mobile application; classification;
1. INTRODUCTION

In recent years, mobile devices have been produced in various types and shapes, offering a wide range of
services and features. It is a very difficult task to develop mobile applications that are able to work appropriately
on different mobile devices and operating systems (OSs) [1], [2]. On the other hand, releasing applications that
are not fully functional, usable, and consistent can risk the developer’s reputation in such a competitive
environment. Testing the application’s functionality and verifying its robustness are key factors in improving the
application’s quality.
Embedding new hardware devices, such as movement sensors (accelerometers and gyroscopes), in
smartphones and tablets further complicates the testing procedure. Users are able to interact with the application
by touching, tilting, shaking, and rotating the mobile devices. When a device is in motion or it’s screen is
continuously touched, the probability of unintentional inputs increases; in such circumstances, automatically
generated test suites are needed to produce accurate test cases and accelerate the mobile application testing
procedure.
Some tools and techniques have been developed to test the quality of the source code for mobile
applications[3]–[5], but the number of approaches that focus on automated testing is still very limited. The
majority of these automated testing tools offer capture-and-replay functionality to test the application’s User
Interface (UI) [6]–[8]. For instance, Choudhary et al. [5] have conducted a study on existing testing tools for
Android applications. Although the study dealt with techniques for testing the mobile applications, it doesn’t
provide any insight or mechanism for generating test cases for motion-based mobile applications. In addition to
this, the case studies considered in [5] do not have any motion-based facilities, and hence are not suitable to be
utilized in this study.
Writing and continually improving motion-based test cases is a difficult task when testing mobile applications
that use movement-sensor data. Therefore, considering existing mobile testing tools and approaches, two problems
can be noticed: 1) no automated approach is provided (this problem is considered as a technical challenge in this
study); and 2) generating test cases for motion-based mobile applications remains unconsidered (this problem is
considered as a scientific challenge in this study). Thus, in this paper, we propose a new approach to address these
limitations. It is argued that mimicking users’ behaviours is one of the key factors in generating gesture-based test
cases. It helps in executing realistic test scenarios and standard gestures [9][10].
In order to automatically generate test cases, mimicking human generated gestures in motion-based mobile
applications, we propose a novel approach, which synthesizes the motions, and subsequently, simulates the test
cases based upon the formalized gestures. Motion data is represented by the data captured, using the movement
sensors and the objects’ positions (2D coordinates) on the screen. An application can then use the sequences of
motions to simulate the gestures and test the UI. To increase the chance of generating realistic movements, a set
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of training data is generated by human users and is used to train the hidden Markov model (HMM) classifiers.
The models are iteratively used to generate new motion sequences for the application testing procedure. Gestures
and animations are commonly considered to be the key components in modern mobile user interface design; hence
this work directly targets the heart of the matter in this new and evolving application domain.
Our experiments on sample Android applications that support motion-based gestures reveal the effectiveness
of the proposed approach as an automated testing process. Although, the focus of the empirical evaluation of the
proposed approach is on Android applications, it is worth noting that the algorithm is also applicable to motionbased iOS applications and applications found on other mobile platforms.
In summary, the generated motions are used to automatically produce test cases, mimicking human-generated
gestures with the technical goal of increasing code coverage. Therefore, the process is highly beneficial during
regression testing, since the generated test cases can later be executed on newer versions of the application to
uncover issues in the system.
This study contributes to the research in this area by:
•
•
•

Proposing a new approach to synthesize motion data, and make it executable as a test input to the
application being tested.
Applying a HMM classifier on the training data to create a set of HMMs, and subsequently using them
to generate motion sequences.
Evaluating the effectiveness of the proposed approach in terms of, (1) mimicking the user’s behaviour,
and (2) increasing the code coverage of the software under test (SUT).

This paper is organized as follows. Section 2 provides related work and background information and
definitions relating to mobile applications, particularly motion-based gesture testing. Section 3 describes an
overview of the proposed approach, the gesture synthesis and simulation procedures, while Section 4 provides the
design and implementation details of the proposed technique. Section 5 provides a running example of the
proposed test case generation approach using real data. Section 6 discusses the evaluation phase, experimental
setup, and results. Section 7 explains the experiment’s run-time analysis. Section 8 examines the study’s
limitations and the threats to its validity. Finally, Section 9 presents the overall conclusions and some thoughts on
potential future research.
2.

RELATED WORK
2.1 Mobile application testing

Testing is a crucial activity in a software development procedure. Producing a defect-free application,
addressing all of the requirements of the users, along with providing fully functional, consistent, and highly usable
services are vital in highly competitive environments. Over the past few years, phenomenal progress in the mobile
device market has led to an outstanding growth in the mobile application development industry. However, the
growth in developing mobile testing procedures and techniques has been insufficient. Although many testing
methods and tools exist for desktop and server/host software, most of them are not applicable for testing “mobile
software” [11]. Moreover, most existing test generation techniques rely on a crawler to explore the dynamic states
of the application under test. Such approaches are automated and systematic but lack the domain knowledge of
system experts. Far et al. [12] propose a new technique to combine the human knowledge present in the form of
input values with the inferred knowledge of automated crawling. Similar approaches have not been applied in
testing mobile applications. Hence, in this study, we propose an approach, which relies on both human and
automated exploration data. Ermuth et al. [13] also presents a UI-level test case generation technique that applies
human-produced execution traces in order to automatically create complex sequences of events that are able to
cover more pages, scenarios and code lines compared to a purely random test case generator. This approach relies
on inferring sequences of low-level UI events (macro events) using data mining techniques and the inference of
finite state machines (FSMs). However, Ermuth’s technique [13] also has never used to test mobile applications.
Although many traditional testing tasks are common between mobile applications and the desktop/web-based
applications, several key factors cause challenges in the mobile testing procedure. For example, the variety of
mobile devices and diversity in OSs cause difficulties in testing device-specific factors [9]. Mobile devices are
different in terms of screen sizes, platforms, input methods, and the quality of the sensor data. Such differences
can easily multiply testing efforts. For testing an application, it needs to be exposed to a sufficient number of
devices from different models, screen sizes, and OS versions. Covering an adequate number of factors leads to
generating a large number of test cases that are required to be executed in an environment where short release
cycles are common. This can easily affect the quality of the application, along with the time of the marketplace
and the costs of construction. Integrating automation approaches with test case generation procedures is a key
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factor in addressing these issues in the “mobile testing era”, where many test cases need to be executed on a large
selection of mobile devices and configurations to reproduce defects.
In this regard, [14] presents a framework to test the functionality of mobile applications when a device is
moved to a new network. The framework uses an application-level emulator as a mobile agent to carry the
application across networks to ease the testing process under different network technologies. Additionally, [15]
suggests a quality assurance framework to define key patterns and metrics in mobile application testing. Although
these research studies provide insights into the testing of the mobile applications, they still do not cover the test
case generation phase. Several studies with a special focus on automated testing for mobile applications have also
been conducted; [16]–[20] suggest different, automated, graphical user interface (GUI) testing approaches for
Android applications. For example, [16] produces AndroidRipper; this tool seeks to explore the application’s GUI
and evaluate its effectiveness in terms of fault detection ability when compared to random approaches. Android
Monkey generates purely random tests for Android mobile applications using a brute-force mechanism. Android
Monkey usually achieves shallow code coverage compared to other state of the art approaches used for testing
GUI in Android applications [21]–[23]. Mao et al. [24] also proposes another framework which combines random
fuzzing, systematic and search-based exploration, exploiting seeding and multi-level instrumentation in order to
automatically explore and optimise test sequences in Android applications. Moreover, [25] presents a new
approach to automatically generate test oracles for testing user-interaction features found in mobile applications.
Given a model of the mobile application’s UI, this framework uses a library of oracles and generates a test suite
to test the user-interaction features in the application. There also has been some work [26] that uses contextual
information to randomly generate inputs to test mobile applications and automatically find crashes. Such
approaches are more focused on discovering; reporting and reproducing crashes are not practically used to
generate functional test cases covering the source code.
Although, some automated test case generation techniques are suggested for testing the UI of mobile
applications, but their functionality and applicability in testing the new features of today’s mobile phones are far
from perfect. To test the UI, the mobile application needs to be executed with user interaction events. With
technological advancement in smartphones and tablets, natural user interfaces (NUIs), which no longer use
keyboards and keypads as human-machine interfaces, have become popular. Touch-sensitive screens, speech
recognizers, and gesture detectors are the primary interaction channels in the new generation of mobile
applications. This era of application testing is relatively new, and only a limited number of studies have been
performed to address these testing challenges [9], [10].
2.2 Testing Motion-based Gestures
Mobile applications, which allow users to control the applications’ functionality through NUIs, normally
recognize gestures by using the data provided by the embedded sensors in the mobile device [27]. Several
smartphones and tablets contain accelerometers to control motion inputs. One of the most common applications
of accelerometers is presenting the landscape and portrait views of the screen based on the way the device is being
held [28]. The 3-axis model of the accelerometer is able to measure the magnitude and direction of the acceleration
(gravitational force) as a vector [𝑎𝑥𝑘 , 𝑎𝑦𝑘 , 𝑎𝑧𝑘 ] for a motion 𝑘 in a 3D space. Each acceleration parameter
measures changes in velocity over time along a linear path. Combining all three accelerations, lets the application
detect the device’s movement in any direction and obtain the device’s current orientation. Depending on the
graphical capabilities of mobile applications, 2D or 3D versions of the acceleration vector are considered.
Obviously, 2D applications do not use 𝑎𝑧𝑘 to indicate a motion 𝑘. From the tester’s perspective, testing
applications that support motion-based events introduce a new complexity to the testing procedure; motion-based
gestures should be accurately specified and reliably reproduced [9]. The lack of formal motion-gesture
specification prevents testers from developing an automated test generation approach. To simulate the motions,
atomic gestures should be formalized. The next section presents the simulation and synthesis procedures of
motion-based events (gestures).
3.

GESTURE SIMULATION

In the simplest test-case generation process, the test data-points can be provided to the application by using
a random test generation approach, which randomly creates data frames within a defined range to move the object
on the screen. It can be expected that the number of reasonable gestures, which are created randomly, are very
limited. Therefore, even if these test cases are able to cover an acceptable number of branches in the source code,
they may not be able to reveal faults a human user can discover simply because they cannot replicate standard
gestures [10].
This study considers an automated test case generation procedure for mobile applications interacting with
users using motion-based events. However, it is not limited to the applications only supporting motion-based
events and can be applied on applications covering both types of inputs (motion-based and non-motion based). In
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such applications, users normally interact with these types of applications by performing a sequence of gestures,
e.g. by moving a flying or bouncing object on the screen or drawing geometrical shapes by touching the screen.
In other words, user-generated gestures are transferred to the object or touched location to move the object toward
the desired direction or to draw a geometrical shape (e.g. circle) around the touched point on the screen. It is
noteworthy that motion-based events are not only used to move an object on the screen; sometimes, shaking a
mobile phone in a specific direction or touching and dragging the screen leads to executing a function or opening
another application [29]. This study focuses on the procedure to automatically generate test motions on both types
of applications: (1) applications only supporting the data generated using accelerometer sensors; and (2)
applications supporting both the data generated using the accelerometer sensors and the data generated using other
types of events such as those produced by touching the sensitive screen. In such cases, several parameters can
affect a single event (such as the object size, the size of the screen, an object’s location, etc.).
Since users are free to touch, move and shake their mobile phones in any desirable direction and speed, a
testing approach must be able to generate sets of standard gestures, which are not only executable on the
application but also resemble the human-generated motions. Therefore, to automatically generate more reasonable
gestures – mimicking human users – this research proposes a novel approach. It is hypothesized that this
mimicking may also result in an increased level of code coverage of the SUT. The correctness of this assumption
is examined in the empirical evaluation section (Section 6).
The proposed technique contains several steps and details, which are depicted in the framework provided in
Figure 1. This figure shows the schematic overview of our proposed approach for a complex application
containing acceleration parameters moving an object (bouncing ball) on the screen in different directions (as an
example). This framework can easily be adjusted for any applications supporting motion-based events. The
proposed approach consists of the following sequential steps:
1.

2.

3.

4.

5.

Gathering training data: A human user is asked to interact with the application and generate motions to
be used as a training set. (It is worth noting that the person is not trained or instructed to generate any
specific types of motions from the applications and the generated motions are the result of a volunteer
interacting with the application for the first time. This prevents the data-gathering phase from collecting
biased data.)
Clustering motions: k-means clustering algorithm as a classic clustering technique is used to identify the
relationship between data points (motions) generated by human users, and to determine the cluster of
behaviours that they belong to. It is well known that data clustering is a successful approach in
recognizing and categorizing human expressions, gestures and actions [10], [30], [31]. More specifically,
in this study, the motion parameters are partitioned into k clusters, such that each motion is allocated to
the cluster with the nearest mean. The clustered data later will be used to train an initial model of the
gestures.
Training Initial HMM: In order to produce the first standard test gesture, an initial HMM is trained using
the human-generated motions and their corresponding clusters. Hidden Markov models are well known
for their application in pattern recognition such as speech, handwriting and gesture recognition. As we
utilize time-varying motion sequences, HMMs can be used to model and learn human skills such as
reasonable interactions with mobile applications [32], [33]. Basically, the initial HMM trains a model,
where its hidden states indicate motions’ clusters, generated in the first step. Training the model using
the expectation-maximization (EM) algorithm, the probability of a gesture belonging to a specific cluster
(state) is estimated and used to calculate the first motion acceleration parameters. The first motion’s
acceleration is calculated by computing the mean of the accelerations in each HMM state and by selecting
one pair randomly. Using this approach, we can assure that the whole test generation procedure including the initial motion - is produced through the models trained from the user-generated data, so
they potentially mimic human generated gestures.
Generating the test data using HMM classifiers: In this step, we apply HMM classifiers on clustered data
to generate test motions using the previously produced gestures. HMM classifiers are successfully used
in several studies, considering the prediction of human activities and gestures [34]–[38]. For each cluster,
the dynamics of each motion class is learned with one HMM. Thus, having 𝑚 motion-clusters, 𝑚 HMM
classifiers need to be applied. HMM classifiers classify each motion as a function of a future time frame
[39]. Thus, the probability of a test case belonging to each cluster is calculated using the well-known
Forward algorithm [19]. The motion-cluster with highest Forward probability is selected and the mean
of the acceleration of the motions belong to this cluster is considered as the next motion’s acceleration.
Adding generated motions to the training set: In order to avoid over-fitting the model, the generated
motions should be added to the training set. This helps the model to learn from the data rather than
memorizing the trend. It is worth noting that adding more data to the training sets in the association with
the cross-validation approach decrease the chance of overfitting. Additionally, since all motions which
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are added to the training set are not derived from the statistical model (random motions, motions
generated from physics equations,…) the model will not enforce the already modeled behaviors.
Storing and Executing test cases: Once, for example, the ball hits the vertical wall (or a terminal condition
happens), sets of test motions generated since the last hit are stored as test cases and will be used to
generate real motions in the mobile applications. Terminal conditions can be defined generally or per
application. For example, a general terminal condition can happen once a specific number of test motions
are generated, while a customized terminal condition happens when a flying object (if applicable) hits an
edge. In this study, we considered the customized option for the stopping criteria.

Initial HMM

Train Data

Training the initial HMM
Using the clustered data

Gathering training data
from interacting human
user with the application

Clustering the training
data to m cluster

Generating the first test
motion using the initial
HMM by randomly
selecting from the
possible suggested
motions from the HMM

Adding generated
motions to train data

HMM1
HMMk

HMMm
Training m HMM classifiers from
clustered data to generate next test
motions

Test Cases

Generating test motions
using HMM classifiers
and Physics equations
Executing Test Cases

Figure. 1 1. An overview of applying the proposed approach on the application with flying object. It consists of
both training the initial HMM (top) and test generation process using HMM classifiers (bottom)
It is worth noting that this framework provides an overview of the proposed approach. The implementation
details of this framework are discussed in Section 4.
3.1 Synthesizing motion sequences
This section describes the method of instantiating the motion sequences for complicated motion-based
applications, which transfer the users’ gestures to a bouncing object. However, the application of this approach is
not limited to events using sensor-generated data; it can be easily used to generate automated test cases for any
type of motion-based events. Following the previous section, two sets of data (motion sequences) are considered
in this study:
•
•

The training data, which is captured during a real user’s interaction with the application and is used to
train the initial HMMs.
The second set is the test data, which is generated by using the test generation algorithm and is presented
to the application being tested to evaluate its functionality. To create meaningful test data, which is
recognizable by the trained HMM and its corresponding classifier, we describe a single motion 𝑘 by a 6tuple (𝑙𝑥𝑘 , 𝑙𝑦𝑘 , 𝑣𝑥𝑘 , 𝑣𝑦𝑘 , 𝑎𝑥𝑘 , 𝑎𝑦𝑘 ), where 𝑙𝑥𝑘 , 𝑙𝑦𝑘 indicates the object’s location, 𝑣𝑥𝑘 , 𝑣𝑦𝑘 determine the
velocity, and 𝑎𝑥𝑘 , 𝑎𝑦𝑘 describe the acceleration of the motion in 2D space at a specific time interval.
Figure 2a shows the 3D acceleration axes on a smartphone, which also contains a z-axis. In order to
simplify the explanation of the algorithm and cover more common applications, only 2D applications
have been considered in this study. However, it is worth noting that it is possible to apply the same
algorithm in 3D versions as well.
An example of a single motion in a bouncing ball application is provided below:
05-07 17:36:15.828: Vx(32065): -2.7148619
05-07 17:36:15.828: Vy(32065): -2.7148619
05-07 17:36:15.828: lBallX(32065): 549.0
05-07 17:36:15.828: lBallY(32065): 20.0
05-07 17:36:15.828: Ax(32065): 0.090979666
05-07 17:36:15.828: Ay(32065): -0.12330139

This can be presented in a 6-tuple format (the data is rounded for the sake of clarity): (549,20, -2.714, 2.714, 0.09, -0.123).
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This study also considers two time intervals during the test generation procedure:
•
•

•

The first time interval constantly happens every 𝜑 milliseconds [7] to capture the information regarding
the current motion and position of the object on the screen and to calculate the next motion using the
well-known SUVAT equations [29], [41].
The second time interval happens every 𝜃 milliseconds, which is estimated by selecting the minimum
possible time between two gestures, generated by human users. (This time can vary with the complexity
of the gestures in different applications). Hence, the estimation of θ assists the algorithm to generate
more realistic (complex) gestures as it accounts for the limitations of kinematics.
It is worth noting that these time intervals can overlap in the sense that in the time window between two
𝜃 intervals, the 𝜑 interval may happen when 𝜃 > 𝜑.

Figure 2b shows an atomic gesture consisting of a sequence of motions happening within these two intervals.
Each sequence of motions is terminated by the occurrence of a specific condition in the application being tested,
depending on the application’s objectives and functionalities. For example, a simple terminal condition can
happen when the flying object hits another object (such as the edges of the screen or another flying object) on the
screen.
+Y

-Z

-X

+X

+Z
-Y





Figure. 2. (a) 3D acceleration axes on smartphones; and (b) an atomic gesture containing a sequence of motions
happening within two intervals: (left) a bouncing object keeps moving in the screen after hitting the edge in first
time-interval 𝜑; (right) the proposed approach calculates the next movement after the second time-interval 𝜃
happens
Additionally, in the following paragraph, some of the SUVAT equations (equation of motions), which are
useful in calculating the coordinates of the motions are provided:
•
•

𝑣 = 𝑎𝑡 + 𝑣0
1
𝑙 = 𝑙0 + 𝑣0 𝑡 + 𝑎𝑡 2

•

𝑙 = 𝑙0 + (𝑣0 + 𝑣)𝑡

•

𝑙 = 𝑙0 + 𝑣𝑡 − 𝑎𝑡 2

•

𝑣 2 = 𝑣02 + 2𝑎(𝑙 − 𝑙0 )

2

1
2

1
2

where
•
•
•
•
•
•

𝑙0 is the object's initial position
𝑙 is the object's final position
𝑣0 is the object's initial velocity
𝑣 is the object's final velocity
a is the object's acceleration
t is the time
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Definition1: A test case (𝑇𝐶) consists of a set of motions (𝑀 = {𝑚1 , … , 𝑚𝑛 }),where 𝑚𝑘≤𝑛 is a 6-tuple
(𝑙𝑥𝑘 , 𝑙𝑦𝑘 , 𝑣𝑥𝑘 , 𝑣𝑦𝑘 , 𝑎𝑥𝑘 , 𝑎𝑦𝑘 ). The number of tuples (motions) in each TC depends on the number of detectable
motions before the termination situation happens.
4.

HMM- BASED TEST CASE GENERATION

Human activity recognition and classification has been studied using several different machine learning
approaches such as multi-class support vector machines (SVM) [42], k-Nearest Neighbor (k-NN) [43], Neural
Networks (NN) [5] and HMM-based approaches, but in cases that the activity sequences are time-varying, HMM
based approaches have produced better performance and results [32], [44], [45]. In addition, the Markovian
process had been used in several motion detection-related studies to create statistical models from clustered data
[10]. Following these studies, we also cluster our training data by using the k-means algorithm [21] to identify the
data points (motions) containing related gestures and to assign them to the same clusters (the number of clusters
(k) is selected by using the silhouette score [22]).
In other words, the clustering algorithm is applied to groups of motions with similar behaviour and allocates
them into a single cluster. These clusters will be used as the class labels for the HMM classifiers. This means that
each class indicates a set of similar motions in the corresponding cluster. Therefore, a motion, which belongs to a
class during the classification process, also shares similar characteristics with the motions in their corresponding
cluster. It is also worth noting that since the motions’ clusters, detected by the clustering algorithm, play the role
of class labels in the proposed HMM classification procedure; we use the term of class label instead of cluster to
avoid unwanted ambiguities.
Consequently, the clustered data will be used to train an initial Hidden Markov Model. Since an HMM is a
Markovian process that contains two sets of states (the observable and the hidden [latent] states), only the motion
sequences, depending on the latent states (motions’ clusters or classes), are visible in such a model. Therefore, as
the classes are invisible from an observer’s view, only the motions in this model are completely observable, an
HMM can create a more powerful model compared to regular Markov models or partially observable Markov
decision processes (POMDP) [26]. The HMM in this study is characterized by the following elements [19]:
•
•
•

•

•

a set of latent states 𝑆 = {𝑠1 , 𝑠2 , … , 𝑠𝐿 }, which are hidden from the external observer and indicates the
class of motion sequences;
a set of observable states 𝑉 = {𝑣1 , 𝑣2 , … , 𝑣𝑁 }, where each is mapped to a corresponding motion
sequence (𝑚𝑘 );
a transition probability [𝐴]𝑖𝑗 = {𝑎𝑖𝑗 },
𝑎𝑖𝑗 = 𝑃(𝑄𝑡+1 = 𝑠𝑗 |𝑄𝑡 = 𝑠𝑗 ), 1 ≤ i, j ≤ L, which determines the transition probability between different
classes. For the initial modelling process, because human users generate the motions, the initial transition
probabilities between different classes of motions can be extracted directly from the training data;
an emission probability [𝐵]𝑗𝑘 = {𝑏𝑗 (𝑣𝑘) },
𝑏𝑗 (𝑣𝑘 ) = 𝑃(𝑀𝑡 = 𝑣𝑘 |𝑄𝑡 = 𝑠𝑗 ), 1 ≤ j ≤ L, 1 ≤ k ≤ N, which indicates the probability of a motion
sequence belonging to a specific class (estimated by frequency counting on the clustered training corpus);
and
initial state distribution, Π = {𝜋𝑖 },
𝜋𝑖 = 𝑃(𝑄1 = 𝑠𝑖 ), 1 ≤ i ≤ L. Each and every state can be an initial state in this study.

Using the values of A, B, and Π, an HMM can be used as a generator to create an observation sequence
(where 𝑇 is the number of motions in the test case): 𝑀 = {𝑀1 , 𝑀2 , 𝑀3 , … , 𝑀𝑇 }. We use the notation Λ = (A, B, Π)
to simply indicate the complete parameter set of the HMM with respect to the Markovian process, which illustrates
that the probability of a motion’s occurrence only depends on the previous motion:
𝑃(𝑠𝑡+1 |𝑠𝑡 , 𝑠𝑡−1 , 𝑠𝑡−2 , … ) = 𝑃(𝑠𝑡+1 |𝑠𝑡 )
This initial HMM model is used as an input to an expectation-maximization (EM) algorithm; specifically, we
utilize the Baum-Welch algorithm in this study [27]. This algorithm estimates the optimal model with the highest
likelihood of the estimated parameters. In algorithm 1, this procedure is done by running the HMM function in
the second line. Then, the initialAccel function initializes, the acceleration parameters of the first test motion by
calculating the mean of the acceleration pairs (i.e. (𝑎𝑥, 𝑎𝑦) in 2D space) in each HMM state and by selecting one
pair randomly. Then, in lines three and four of this algorithm, the CreateMotion function is generating a motion
sequence using the SUVAT equations and the Update function is storing the newly created motion sequence as
the current motion. After generating the initial motion, the CreateMotion and Update functions are called again
but this time within the time interval 𝜑, until a termination condition happens (line 5-10). This procedure generates
a simple gesture based upon the previous motion, using appropriate physics equations. In order to generate more
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realistic and complicated gestures, we propose using the HMM classifier to detect the sequence class label at each
interval 𝜃 [18], [28], [29].
The HMMClassifier function in line 12 of the algorithm classifies the current motion sequence into an
appropriate class of gestures. This function combines a set of sequences of motions and a list of class labels to
train one HMM per class label (where 𝐿 is the number of class labels). Subsequently, the trained models are used
to calculate the forward probability of a motion sequence 𝑀 per model 𝛬𝑖≤𝐿 (𝑃(𝑀|Λ𝑖 )). 𝑃(𝑀|Λ𝑖 ) is calculated
using the Forward algorithm, which is internally called during the execution of the HMMClassifier function. The
forward algorithm computes the forward probability,𝛼𝑘 (𝑡), as the joint probability of observing the first t
vectors 𝑚𝑡 , 𝑇 = 1, … , 𝑡 while in state k at time t. Another way to state this would be that 𝛼𝑘 (𝑡) =
𝑃(𝑚1 , 𝑚2 , … , 𝑚𝑡 , 𝑠𝑡 = 𝑘|𝛬) which is the probability of observing (𝑚1 , 𝑚2 , … , 𝑚𝑡 ), assuming that the system is
in state k at time t. Given a list of forward probabilities for a motion sequence M, we are able to easily detect a
model with the maximum probability and assign its corresponding class label as the motion’s class label [19].
Determining the class label of a motion sequence allows us to easily detect the motion sequences belonging to the
same class from the training data set, and estimate the next motions values by calculating the mean of the
accelerations of the motions (the Accel function in line 12). Moreover, the generated motion is added to the
training set to avoid over-fitting. This helps the model to learn from the data rather than memorizing the trend
(lines 10 and 16). It is worth noting that in this study, we also use the term of “occurrence likelihood” to refer to
the forward probability.
Putting it all together, lines five to seventeen of Algorithm 1 create a set of motion sequences within two
different intervals. Simple gestures are generated based on physics equations once the first time-interval happens.
But, the more complicated motions (e.g. gestures with variable accelerations) that may require a longer time period
to be created by a human user are generated within the second time interval. This process provides sufficient
duration to allow the method to generate more complex gestures. An example of a simple motion is the one
calculated by the SUVAT equations after the bouncing ball hitting the horizontal wall. While the complex one is
a motion calculated by HMM classifiers for a ball slowly bouncing in the middle of the screen. In reality, when
the ball is slowly moving in the screen, the human user can change the direction of movement by shaking the
phone in several different directions. Therefore, in an automated test generation process, a trained model is needed
to predict the most probable acceleration of the gesture from the last motion’s parameters. In this study, the motion
generation is stopped and a test case is generated once a terminal condition (e.g. hitting the vertical wall) happens.
When the application under test is motion-based application with no acceleration parameter involved, lines
18-30 of this algorithm will be applicable. In such situations, the first motion can be created by randomly selecting
a touched-point in the screen. In a 2D space, the motion sequence only contains the coordinates of the touchedpoint(𝑥, 𝑦). Similar to Algorithm1, within different intervals 𝜑 and 𝜃, random touch points are generated, or the
HMMClassifier function predicts the next motion class-label and the Position function returns the position of a
touched point by calculating the mean of the position pairs in the predicted class. Depending on the application
design’s objectives, the position of a touched-point can be used to draw a shape or render functionality such as
vibrating the phone or opening a dialogue box. In this algorithm, in order to focus more on the second case study,
we consider creating a geometrical shape (e.g. circle) with the touched-point coordinates as its center (we call it
MakeAnAction function). Additionally, when an application covers non-gyroscopic events such as clicking a
button or choosing an item from the menu, the RandomEvent function randomly generates an event, executable
within the current state of the application.
Algorithm. 1 Test case generation procedure for cases with/without acceleration involved
Input: Initial position of the object (x,y), training data set (S), set of class labels (C); 𝑖 = 2;
Output: Test case (TC)
1. 𝒊𝒇 (𝐴𝑐𝑐𝑒𝑙_𝑀𝑜𝑡𝑖𝑜𝑛𝐸𝑣𝑒𝑛𝑡){
2.
(ax,ay)⟵ initialAccel(HMM(S,C))
3.
𝑚1 ⟵CreateMotion(ax,ay,x,y)
4.
Update(ax,ay,x,y)
5.
While (!terminalCondition)
6.
𝒊𝒇 (𝑐𝑢𝑟𝑇𝑖𝑚𝑒 – 𝑙𝑎𝑠𝑡𝑈𝑝𝑑𝑎𝑡𝑒1) ≥ 𝜑)
7.
𝑖 ←𝑖+1
8.
𝑚𝑖 ⟵CreateMotion(ax,ay,x,y)
9.
Update(ax,ay,x,y)
10.
𝑆 ← 𝑆 ∪ {𝑚𝑖 }
11.
𝒊𝒇 (𝑐𝑢𝑟𝑇𝑖𝑚𝑒 – 𝑙𝑎𝑠𝑡𝑈𝑝𝑑𝑎𝑡𝑒2) ≥ 𝜃)
12.
(ax,ay)⟵Accel(HMMClassifier(𝑚𝑖 ,S,C))
13.
𝑖 ←𝑖+1
14.
𝑚𝑖 ⟵ CreateMotion(ax,ay,x,y)
15.
Update(ax,ay,x,y)
16.
𝑆 ← 𝑆 ∪ {𝑚𝑖 }
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17.
End while
18. 𝒊𝒇 (𝑁𝑜𝑛𝐴𝑐𝑐𝑒𝑙_𝑀𝑜𝑡𝑖𝑜𝑛𝐸𝑣𝑒𝑛𝑡){
19.
While (!terminalCondition)
20.
𝑰𝒇 (𝑐𝑢𝑟𝑇𝑖𝑚𝑒 – 𝑙𝑎𝑠𝑡𝑈𝑝𝑑𝑎𝑡𝑒1) ≥ 𝜑)
21.
𝑖 ←𝑖+1
22.
𝑚𝑖 ⟵RandomPosition (x,y)
23.
MakeAnAction(x,y)
(e.g Create a shape)
24.
𝑰𝒇 (𝑐𝑢𝑟𝑇𝑖𝑚𝑒 – 𝑙𝑎𝑠𝑡𝑈𝑝𝑑𝑎𝑡𝑒2) ≥ 𝜃)
25.
𝑖 ← 𝑖+1
26.
𝑚𝑖 ⟵Position (HMMClassifier(𝑚𝑖−1 ,S,C))
27.
𝑆 ← 𝑆 ∪ {𝑚𝑖 }
28.
MakeAnAction(x,y)
29.
End while
30. }
31. 𝒆𝒍𝒔𝒆{
32.
𝑡𝑗 ⟵RandomEvent();
33.
𝑗 ←𝑗+1
34. }
35. Return 𝑇𝐶 ← {𝑚1 , … , 𝑚𝑖 } + {𝑡1 , … , 𝑡𝑗 }

*lastUpdate1 indicates the last update that happened at interval 𝜑 while lastUpdate2 indicates the last update that happened at
interval 𝜃

5.

RUNNING EXAMPLE

In order to clarify the proposed test case generation procedure, we considered a very small portion of the
training data generated by a human user in the bouncing ball application. In this running example, we follow the
test generation framework (Figure 1) provided in Section 3 step by step to generate test cases:
1.
2.

Gathering training data: 30 motions in the format of 6-tuple (𝑙𝑥𝑘 , 𝑙𝑦𝑘 , 𝑣𝑥𝑘 , 𝑣𝑦𝑘 , 𝑎𝑥𝑘 , 𝑎𝑦𝑘 ) are gathered as
the result of user interaction with the application.
Clustering motions: the training data is clustered into 2 distinct clusters (classes) using the k-means
algorithm. Due the space limitations a partial view of the clusters are provided in Table I.
Table. 1 Simplest supported actions and gestures in both types of applications
Cluster 1

Cluster 2

(211.362, 502, 9.787, 9.787, -0.306, 7.948)

(20.0, 344.450, 24.511, 24.511, -4.563, -3.260)

(220.376, 502, 9.259, 9.259, 0.550, 7.753)

(20.0, 45.517, 8.898, 8.898, -6.545, 6.408)

(229.642, 502, 8.681, 8.681, -0.550, 7.753)

(26.236, 20.0, 3.899, 3.899, 11.504, 5.465)

(245.160, 502, 7.443, 7.443, -0.835, 7.907)

(20.0, 182.771, 23.407, 23.407, 8.195, -7.834)

(252.285, 502, 6.566, 6.566, -0.835, 7.907)

(20.0, 235.211, 19.966, 19.966, -8.742, 0.182)

(270.067, 502, 2.694, 2.694, -1.039, 7.953)

(300.0, 118.057, -28.868, -28.868, -8.030, -4.404)

(272.012, 502, 1.572, 1.572, -1.067, 7.899)

(300.0, 367.611, -36.233, -36.233, 8.330, 1.120)

(271.131, 502, -1.667, -1.667, -1.170, 7.818)

(20.0, 378.444, 28.222, 28.222, -2.802, -0.751)

…

3.

…

Initial HMM training: the clustered data is then used to train the initial HMM using Baum Welch
algorithm. In this case, the HMM model contains 30 observable states and 2 hidden states (since there
are only two clusters). Then, the acceleration parameter of the first test data motion is generated by
calculating the mean of the acceleration pairs of the motions belonging to each hidden state of the initial
HMM and subsequently selecting one pair randomly. After determining the initial acceleration
parameter, the first motion is created using this parameter and the SUVAT equations. In this case, given:
the (1) initial acceleration parameter:

(𝑎𝑥, 𝑎𝑦) = (0.598, −0.915)

(2) the initial location of the ball in the screen:
(𝑙𝑥0 , 𝑙𝑦0 ) = (309,253)

and (3) knowing that the initial velocity is equal to zero (ball is not moving at the beginning):
(𝑣𝑥0 , 𝑣𝑦0 ) = (0,0)

motion 𝑚1 (309.080,252.876,0.175, −0.274,0.060, −0.0916) is generated using physics equations: 𝑣 =
1
𝑎𝑡 + 𝑣0 and 𝑙 = 𝑙0 + 𝑣0 𝑡 + 𝑎𝑡 2 .
2
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Then within the time interval 𝜑 = 300𝑚𝑠 other motions are also generated through the same process
with the difference that the acceleration of the current motion is used as the initial acceleration for the
next ones. These motions will be added to the training set to avoid over-fitting. (Figure 3 depicts a schema
of the trained initial HMM).

1

2

3

1

30

2

Observable states
(Train motions)

Hidden states
(Clusters)

Figure. 3 3. An overview of trained HMM in running example
4.

Test data generation using HMM classifiers: Now, in order to generate more complex motions (within
time interval 𝜃 = 500 𝑚𝑠), covering unexpected human-generated gestures, two (number of classes)
HMM classifiers are trained and the forward probability of the current motion is calculated to reveal the
class of motions it belongs to. Then, the mean of the accelerations of the motions belonging to this class
is calculated; and again, are used as input of the motion equations to calculate the velocity and location
parameters. For example, if the occurrence likelihood (forward probability) of the current motion
𝑚𝑖 (20, 492.070,2.162,2.162, −0.007, 0.246) in class 𝑐2 reaches the maximum amount compared to the
other class (𝑐1 ), the mean of the acceleration of the motions in class 𝑐2 is calculated and will be used as
the new current motion’s acceleration. In this case, the mean of the accelerations in 𝑐2 is equal to
(0.347,1.116). Therefor, using physics equations, the next motion would be:
𝑚𝑖+1 (21.124,493.290, 2.336,2.720,0.347,1.116),

This motion also will be added to the training set.
Once, the ball hits the vertical wall, the motions generated since the last hit, are saved in the form of a test
case and will be executed to move the ball toward different directions on the screen.
6.

EMPIRICAL EVALUATION

To study the proposed approach, we performed an experiment on four case studies from three different mobile
applications that could detect and execute motion-based gestures. Unfortunately, finding case studies in this area
is far from straightforward. Firstly, the volume of open-source games is limited and many of them are ports of
existing games from traditional platforms. For example, Wikipedia, AOpenSource.com, F-Droid, and Prismbreak, provide lists of notable open-source applications for the Android platform. However, upon review, the
reader soon discovers that nearly all of the applications are ports of desktop or laptop applications. Hence, none
of the applications feature user-interaction via gyroscopic input devices. This obviously renders these applications
useless as case studies.
Additionally, it is worth noting that even though our approach is able to generate test cases for mobile
applications covering both gyroscopic and non-gyroscopic events, the focus of the study is on providing a practical
approach for generating motion-based events. This means that the portion of our algorithm, which is producing
the test cases for non-gyroscopic events, can be easily replaced with other effective GUI-based test case generation
techniques such as [20], [21],
This allows us to comprehensively examine these applications and produce a set of unbiased results from
experimenting with these applications.
In the evaluation section, we attempt to answer the following research questions:
1.
2.
3.

Can the test-generated motions mimic actual user behaviour?
Does the proposed method improve the code coverage of the SUT when compared to existing automated
techniques (random testing)?
(a) How does the proposed approach compare with random algorithms in terms of the computational
complexity? (b) Can random algorithms produce better test cases (in terms of the code coverage) than
our proposed approach, if the same volume of computational resources, as given to the HMM-based
approach, is assigned to them? The answers to these questions are provided in the separate section
(Section 7: Run-time analysis)

6.1 Case study 1: bouncing ball
The first case study is an Android application, a bouncing ball application, which is designed to record a data
set of coordinates from shake and tilt gestures performed by human users (LOC=716). This application only
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contains one flying object (round ball), which bounces on the screen; the ball moves by processing the information
it captures from a phone’s accelerometer.
The dynamics of a bouncing ball follows a set of well-studied physics laws and equations [30], which are
used in this study. Since covering the details of such equations is beyond the scope of this research, we only
discuss some of the case-specific motions and equations:
•

•
•

When the application starts, the ball position is stable in a corner of the screen, waiting for a motivation.
Depending on the power of the first motion, the ball starts moving toward the motion’s direction. In this
study, the time interval 𝜑 is fixed at 300 milliseconds to capture the information regarding the current
motion and position of the ball on the screen and to calculate its next position. The time interval is set to
300 milliseconds to follow the approaches proposed in [9], [10]. In other words: 300 <
𝑡ℎ𝑒 𝑡𝑖𝑚𝑒 𝑝𝑒𝑟𝑖𝑜𝑑𝑠 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 𝑢𝑠𝑒𝑟 − 𝑐𝑟𝑒𝑎𝑡𝑒𝑑 𝑚𝑜𝑡𝑖𝑜𝑛𝑠
The second time interval 𝜃 is equal to 500 milliseconds in this study because the time windows between
gestures created by users vary from 500 milliseconds to one second, we select the lower bound to create
more standard motions.
While the ball is moving on the screen, the motion data is re-ordered in the 6-tuple format, used to express
test motions (Section 3.1). Each sequence is terminated whenever the ball hits the vertical edges of the
screen.

Table 2 (First two columns) indicates the simplest possible actions that can be performed through this
application, along with their corresponding gestures. It is noteworthy that in designing this table, it is assumed
that the ball has enough space to move toward each direction. Obviously, it cannot for example move to the left
when it has already hit the right-side edge. Any combinations of these actions (e.g. curving), which may be
produced by rotating, tilting the device, and so on is also considered in this case study. For example, when the
user rotates or tilts the mobile phone toward the right, the ball can move in a curve instead of moving in a straight
line to the right.
Table. 2 Simplest supported actions and gestures in both types of applications
Bouncing Ball / Extended
Bouncing Ball

Bubbles

Action

Gesture

Action

Tilt the
device
toward left

Diamond
Action

Gesture

The ball bounces
to the left side of
the screen

Tilt the device
toward left

The object bounces
to the left side of the
screen

Tilt the
device
toward right

The ball bounces
to the right side of
the screen

Tilt the device
toward right

The object bounces
to the right side of
the screen

Tilt the
device to the
front

The ball bounces
down.

Tilt the device to
the front

The object bounces
down

Tilt
the
device to the
back

The ball bounces
up

Touch/Push
buttons

The action recorded
in the button will be
triggered

Touch/Push
the screen.

Gesture

The circle is drawn
around the
touched-point

the

6.2 Case study 2: bubbles
The second case study is another android application called Bubbles, which is able to draw circles around the
touched points on the screen (LOC=423). In order to generate circles (bubbles), the user touches or pushes the
screen resulting in a circle being gradually grown from the touched point. The maximum length of the circle’s
radius is predefined and fixed, so the circle keeps growing until it’s radius is equal to the maximum number or the
user touches another point in the screen. Table II (Second two columns) shows the action (motion event) and its
corresponding gesture. In this case, the motions containing the coordinates of the touched points are captured
within the same time intervals as the first case study to generate a set of motions. The sequences of motions are
continuously generated until a border is touched. Then, the generated set is considered as a test case.
6.3 Case study 3: extended bouncing ball
We also modified the Bouncing ball application by adding one more flying object in the screen. The second
ball behaves the same as the first one (Table II – First two columns), except for the difference that its initial
location in the screen is in the bottom right-hand corner (the original ball is located in the left side), thus depending
to the amount of acceleration received from the sensors, they can move in diverse directions. The same test
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generation algorithm is used to produce test cases for the extended Bouncing ball application (LOC= 1054) as the
simple version and test motions are stored in two separate sets of test suites for each ball.
6.4 Case study 4: diamond
In order to evaluate the performance of our proposed test case generation approach in a more complex
framework we also applied our technique to generate test cases for another real-world mobile game. This game.
This game is called Diamond (LOC= 4311); it is a classic game implemented in a modern way using accelerometer
sensors. In this application, the user controls an object in the screen and tries to collect as many diamonds as
possible by moving the mobile phone toward the correct direction. The player also has to avoid hitting enemy
objects and reach to the end point safely. The moving object follows the common behaviour of a bouncing object
(Table II – third two columns) and the terminal condition happens when the game is over (the game is over, when
the player hits an enemy object or reaches the end point). Moreover, in order to enter the game, change the settings
or quit the game, the player needs to select items from the menu by pushing some buttons. Therefore, the
application is able to handle more than one input type (both gyroscopic and non-gyroscopic data).
6.5 Comparison criteria
In order to address the first research question and analyze the performance differences between the proposed
approach and other test case generation methods, Non-parametric Statistical Hypothesis Tests and Effect Size
(cliff's delta) Measures are applied:
Non-parametric Statistical Hypothesis Test: In this case, we established a null hypothesis and an alternative
hypothesis to be evaluated. The null hypothesis (H0) states the two test case generation techniques provide the
same performance in covering the source code. On the other hand, the alternative hypothesis (H1) states that if
the difference between the medians of the coverage percentages, is not zero then they will be considered as
different. Therefore, by considering a significance level 𝛼 = 0.05, we would be able to reject null hypothesis if
𝑝 − 𝑣𝑎𝑙𝑢𝑒 < 0.05 for each independent situation.
Effect Size: In order to add a “magnitude of a treatment effect” to our comparison criteria, Cliff’s Delta
measure is calculated. Cliff’s Delta statistic [53] is a nonparametric effect size measure that quantifies the
difference between two groups of observations by testing the equivalence of probabilities of scores. In this study,
the magnitude of differences between test generation techniques is assessed using the following thresholds: |𝑑| <
0.147 "negligible", |𝑑| < 0.33 "small", |𝑑| < 0.474 "medium", otherwise "large" [54]. In addition, Cliff’s Delta
is a bounded measure [-1, +1] where the limiting values indicate that the two populations have no overlap.
6.6 Experimental results
To answer the research questions and evaluate the efficiency of the proposed test generation approach, a
volunteer interacted with all the applications and produced motion sequences which are then used as training sets.
For instance, in the Bouncing ball application, a set of training data was obtained by recording the motion
coordinates for three minutes from a total of 317 gestures performed on two different Android devices. Applying
the silhouette score, we grouped the motions into 95 clusters. For the extended version of this application, 600
motions and 105 clusters were considered. This data is recorded in 6 minutes. For the Bubble application, these
numbers were 481 and 95 respectively (motions are stored for 2 minutes). Training motions are also stored in the
6-tuple format used to express test motions (Section 3.1). The amount of time allocated to each training process
is estimated based upon the time a new user needs to become visually familiar with the application and to generate
a set of motions. In this study, this time is estimated by calculating the mean of the time that new users require to
generate a reasonable set of motions for the considered applications.
To evaluate the quality of the generated test cases in all case studies, 20 sets of 200 motion sequences
were generated using the proposed technique. In addition, for the Bouncing ball application, the same number of
motion sequences (20 sets of 200 motions) was created by two random test generator procedures:
•
•

Physics-based: takes a human-user motion to initialize the acceleration or position parameters then
creates the next motions based on the current one by randomly selecting a physics equation (Algorithm
2).
Simple Random Algorithm: Creates test cases by simply generating random motion sequences within
the data ranges supported by the hardware. The well-known Mersenne Twister (MT) approach, a pseudo
random number generator (PRNG) is used in this study, which generates random numbers based on
Mersenne prime 219937 − 1, using a 32-bit word length [55]. In this study, a human user also generates
the initial motion. Since, the HMM-based technique is using human-data to train the initial model and
generate the first motion, the simple random test case generation process also get initialized by humangenerated data.
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Hybrid approach: In order to conduct a fair comparison between approaches, some experiments have
been designed to execute combinations of human and randomly generated test cases (e.g. “Human +
Simple random” and “Human + Physics-based”). This means that using human data is not limited to the
initialization phase and user-generated data forms half of the test cases. Therefore, a hybrid test case
consists of a combination of human generated motions and random motions.
Random-Human: we also created another random-based approach by randomly selecting motion events
from the training data. In this approach, we generated test cases by picking random motions from the
human generated training set.
Monkey [13]: In order to compare the performance of proposed approach with other well-known existing
tools. We also generated test uses for the considered case studies using the Monkey tool. This tool is able
to send a pseudo-random stream of user events (such as clicks, touches, or gestures, as well as a number
of system-level events) to the system. Such streams act as a set of test cases for the application under
test. We used the vanilla Monkey from the Android distribution for our experimentation. The monkey
tool was configured to ignore any crash, system timeout or security exceptions during the experiment
and to continue till the experiment timeout was reached. In addition, we configured it to have the same
wait period between actions, as this same delay value was also used in other tools. Configuring Monkey
for our infrastructure required no extra effort. So we did nothing extra and no specialized or unique
information exists for this approach. Basically, we just maximize the performance of Monkey.
Sapienz [24]: Another well-known testing approach for Android mobile applications is called Sapienz.
This technique uses multi-objective search-based testing to automatically generate test cases. In another
words, Sapienz combines random fuzzing, systematic and search-based exploration, exploiting seeding
and multi-level instrumentation together to generate automated tests cases for Android applications. In
this study, we applied the white-box manner, which uses fine-grained instrumentation at the statement
level. Since the original version of Sapienz is using a time variable, we manually stopped the test
generation after the required number of events are gathered; basically, we just maximize the performance
of Sapienz.

•
•

•

Algorithm. 2 Random test case generation procedure for cases with acceleration involved (Physics-based)
Input: Initial position of the bouncing object (x,y); 𝑖 = 2;
Output: Random Test case (TC)
1.
2.
3.
4.
5.
6.

7.

(ax,ay)⟵ getHumanMotion()
While (!terminalCondition*)
𝑒 ⟵Select RandomEquation()
𝑚𝑖 ⟵CreateMotion(ax,ay,e)
𝑖 ←𝑖+1
End while
Return 𝑇𝐶 ← {𝑚1 , … , 𝑚𝑖 }

*In this case we terminated the process after generating 200 test cases

It is worth noting that in cases (e.g. the second case study), where the acceleration parameter is playing a
significant role in defining a motion, the generated accelerations in random test cases are limited to the
acceleration range supported by the hardware. In addition, since the acceleration parameter and its corresponding
physics equations are not considered in the second case study, only the simple random algorithm is implemented
to generate the random touched-points.
To answer the first research question, we classified two sets of test cases (derived from Bouncing ball and
Bubbles applications) by using the HMM classifier into 95 classes which are defined based upon the data
generated by the human users. The same procedure is applied on the test data generated for the extended Bouncing
ball and Diamond applications and they are classified into 105 clusters. Then the occurrence likelihood (LC) of
each sequence of motions for each class label are calculated where {𝐿𝐶 = 𝑃(𝑀|Λ𝑖 ), 𝛬𝑖≤𝐿 𝑎𝑛𝑑 𝑀 ∈ 𝑇𝐶}, where L
is the number of classes. In this case, when max 𝑃(𝑀|Λ𝑖 ) is a small quantity, it can be concluded that the test case
𝐿

TC is not behaving similar to the test cases that were used to create the classes. Additionally, since these classes
are created using human-generated motions, it can be implied that the probability of the test case TC being
generated by a human user is low.
The results show that the motions generated using the HMM-related technique have a higher forward
probability (occurrence likelihood) compared to both Simple Random and Physics-based approaches.
Accordingly, it can be concluded that the test cases generated using the proposed technique are more likely to be
generated by a human user. The reason is that each class label describes a set of human-generated motions;
therefore, once a motion has high occurrence likelihood in one of these classes, it can be concluded that the
probability of being generated by a human user for this motion is high.

310

J. softw. eng. intell. syst.

Seyedeh Sepideh Emam

ISSN: 2518-8739

Diamond

Bubbles

Extended Bouncing ball

Bouncing ball

Table. 3 Results of calculating effect size measure and the mean of code coverage for test case generation
methods in all case studies
Approach

Mean of Code
Coverage (%)

Approach

Delta
Estimate

p-value

HMM-based

79.26

HMM-based Vs. Physics-based

-0.965

4E-05

Physics-based

55.95

HMM-based Vs. Simple Random

-1

4E-05

Simple Random

33.05

HMM-based Vs. Human + Physics-based

-0.7357

0.00019

Human + Physics-based

63.63

HMM-based Vs. Human + Simple Random

-0.6761

0.00034

Human + Simple Random

62.73

HMM-based Vs. Human

-0.7225

0.00017

Human

60.2

HMM-based Vs. Random-Human

-0.8575

7.6E-06

Random-Human

59.05

HMM-based Vs. Monkey

-0.95

1.9E-06

Monkey

37

HMM-based Vs. Sapienz

-0.95

1.9E-06

Sapienz

41.15

HMM-based

81.3

HMM-based Vs. Physics-based

-0.95

1.9E-06

Physics-based

52.75

HMM-based Vs. Simple Random

-0.95

1.9E-06

Simple Random

31.77

HMM-based Vs. Human + Physics-based

-0.71

3.4E-05

Human + Physics-based

62.78

HMM-based Vs. Human + Simple Random

-0.575

0.0028

Human + Simple Random

62.98

HMM-based Vs. Human

-0.62

0.0002

Human

62.05

HMM-based Vs. Random-Human

-0.87

1.3E-05

Random-Human

58.7

HMM-based Vs. Monkey

-0.95

1.9E-06

Monkey

37.75

HMM-based Vs. Sapienz

-0.95

1.9E-06

Sapienz

42.3

HMM-based

92.06

HMM-based Vs. Human + Simple Random

-0.9325

5E-05

Simple Random

74.28

HMM-based Vs. Human

-0.9325

4E-05

Human + Simple Random

79.97

HMM-based Vs. Simple Random

-1

4E-05

Human

78.94

HMM-based Vs. Random-Human

-0.9425

1.9E-06

Random-Human

76.8

HMM-based Vs. Monkey

-0.95

1.9E-06

HMM-based Vs. Sapienz

-0.985

1.9E-06

Monkey

74.85

Sapienz

75.65

HMM-based

77.76

HMM-based Vs. Simple Random

-0.95

1.9E-06

Simple Random

40.82

HMM-based Vs. Human + Physics-based

-0.705

7.6E-06

Human + Physics-based

63.02

HMM-based Vs. Human + Simple Random

-0.7025

0.0003

Human + Simple Random

61.39

HMM-based Vs. Human

-0.5525

0.0022

Human

63.85

HMM-based Vs. Random-Human

-0.575

0.0016

Random-Human

62.99

HMM-based Vs. Monkey

-0.95

1.9E-06

Monkey

42.25

HMM-based Vs. Sapienz

-0.95

1.9E-06

Sapienz

50.91

Figures 4a, 4b, 4c and 4d depict boxplots showing the distribution of the occurrence likelihoods of the motions
produced by the HMM classifier model and the simple random approach for all considered applications.
According to these figures, it also can be concluded that the generated random tests in the Bubble application are
“behaving better” than the random tests in the rest of applications. The reason is that the gestures in the Diamond
and Bouncing ball applications are more complex than the gestures in the Bubble application in terms of motion
sequences. This makes it more difficult to generate gestures resembling human behaviour using the random
approach in the Bouncing ball and Diamond applications when compared to the Bubble.
To address the second research question, the JaCoCo code coverage library was used. Using this toolkit,
bytecode instrumentation is applied, and the branch coverage value is measured. Since we generated 20 sets of
200 test cases using each approach, the means of the coverage percentages on all sets, are calculated to achieve
more accurate results (In total, 132000 motion sequences are generated during the experiments). Table III reports
the means of the branch-coverage percentages calculated by running each of the test case generation approaches
in all applications.
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Figures 5a, 5b, 5c and 5d also show the distribution of the code coverage using box plots. According to these
results, HMM-based test cases achieve better coverage compared to the random and human-generated test cases.
In addition, the results of applying the Wilcoxon signed rank test indicates the HMM-based approach is
significantly different from the other techniques in terms of code coverage. Table III also reports the p-values and
delta estimates at the 95% confidence interval. The Cliff’s Delta measure provides more detailed information to
this picture by showing that a “large” effect size exists (in favour of HMM-based approach) for all of the
comparisons.
The achieved results confirm that the HMM-based test case generation approach not only automates the test
generation and execution procedure for motion-based events, but also (1) creates better test cases in terms of
mimicking actual user gestures; and (2) improves the (branch) code coverage for the SUT.
It is also worth noting that the performance of our approach in terms of the code coverage is significantly
better than both Sapeinz and Monkey approaches (e.g. for Diamond application: 𝐷𝑒𝑙𝑡𝑎 𝐸𝑠𝑡𝑖𝑚𝑎𝑡𝑒 = −0.95 and 𝑝 −
𝑣𝑎𝑙𝑢𝑒 = 1.9𝐸 − 06). In the next section, we compare our proposed approach with random generation in terms of
the time complexity.
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Figure. 4. (a) Boxplot summarizing the achieved likelihoods for each considered approach in the Bouncing ball
application (b) Boxplot summarizing the achieved likelihoods for each considered approach in Bubbles
application (c) Boxplot summarizing the achieved likelihoods for each considered approach in Extended
Bouncing ball application (d) Boxplot summarizing the achieved likelihoods for each considered approach in
Diamond application
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Figure. 5. (a) Boxplot summarizing the results of calculating the code coverage for each approach in the
Bouncing ball application (b) Boxplot summarizing the achieved results of calculating the coverage for each
approach in the Bubbles application (c) Boxplot summarizing the results of calculating the code coverage for
each approach in the Extended Bouncing ball application (d) Boxplot summarizing the results of calculating the
code coverage for each approach in the Diamond application
7.

RUN-TIME ANALYSIS

In order to answer the part (a) of the third research question, we considered the computational complexity of
the proposed test generation approach by running a single instance of this technique on a hardware and software
platform consisting of a 2x2.4 GHz Quad-Core CPU, 32 GB RAM on a Mac Pro, Eclipse Indigo and a Samsung
Galaxy S5.
To investigate the time complexity of HMM-based approach, we analyzed the complexity of the involved
algorithms. Based on the Baum-Welch and forward algorithms’ time complexities, the computation order of our
approach is polynomial 𝑂(𝑇 2 𝑛), where T represents the number of hidden states, and n indicates the number of
observations. Hence, each algorithm’s time complexity will not grow exponentially by increasing the number of
motions.
Moreover, recent literature has considered the question of should algorithms be compared against their speed
of performance – if an algorithm is twice as slow as the other algorithm should the quick algorithm get twice as
many tries at getting it correct? The answers to these questions should also address part (b) of the third research
question.
To provide an accurate answer to this question it should be noted that, while it is easy to have sympathy for
this viewpoint, it is very difficult to construct an unbiased examination of algorithms from this perspective.
Consider, testing and test case generation, the topic of this article, the first problem encountered is that test
generation is only a sub-process. Following [56] an automated testing system has three components; test
generation, test execution, and examination of the test results. So, the total time (𝑡𝑡 ) is combination of all; 𝑡𝑡 =
𝑡𝑔 + 𝑡𝑒 + 𝑡𝑜 where 𝑡𝑔 , 𝑡𝑒 , and 𝑡𝑜 stand for generation time, execution time, and result examination time,
respectively. Test generation and execution can be automated easier than test result examination – the production
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of meaningful test oracles is still at a very early stage in research. With respect to examination of the test results,
two options are normally used:
•
•

A test oracle is constructed to automate the test examination. The test oracle usually has a simplified
definition of a defect. Does the system crash or not, is an example of such a description. Here each crash
is considered a "defect".
The test results are investigated manually by the tester.

When t e is small (very small programs) and the test result examination is fully automated (small 𝑡𝑜 ), one
would be better off running more test cases instead of generating more efficient test cases [57]. In such a situation,
methods that have high runtime compared to random generation are not cost effective. However, industrial
software’s execution runtime is usually large enough to have adequate time for test generation. Yoo et al. [58]
have considered using parallelised search based optimisation algorithms to find optimal sets of test cases or to
prioritize test cases for regression testing, since executing all test cases for large-scale applications is a very time
consuming task. The total test execution time in their study is equal to the times for initializing test cases,
evaluating the fitness values of different generations and the remaining parts of the execution time.
Further, test result examination is not typically fully automated, unless a simplistic test oracle (e.g. finding
system crashes) is utilized. Hence, test result examination normally requires manual work by the tester. Hence,
generating more effective test cases, which normally have higher runtime than random test cases is believed to
improve failure detection in most cases. Hence, in many situations running test case generation algorithms for
equal amounts of time may actually be a rather poor objective.
Additionally, fast algorithms producing large numbers of poor test cases have a significantly detrimental
effect on the effectiveness of the entire testing process. Previous research shows that individual aspects such as
testers’ skills have as strong an effect on the results of testing, as do the test case generation techniques. Other
components, including test case execution and especially manual test oracle processes are far from
straightforward. Several empirically-based findings [59]–[63] have emphasized the role of experience and skills
in these software testing activities. Hence, in general, making the execution and manual test oracles components
more complex by running test case generation algorithms that produce large volumes of poor test cases is normally
a bad idea. Other studies explicitly warn against producing large numbers of unproductive test cases. For example,
in Williams et al. [64] based upon interviews with actual practitioners at Microsoft, state: “Unit testing coverage
needs to be measured. The quantity of test cases is a bad measurement. More reliable is some form of code
coverage (class, function, block etc.). Those measurements need to be communicated to the team and be very
visible.”
This implies that the practitioners are looking for techniques which assist in producing test sets which have
good characteristics (such as coverage) while avoiding bad characteristics (such as large volume).
Much research exists which suggests that automatic test case generation algorithms should be principally
concerned with producing high-quality test cases rather than worrying about execution times except in extreme
situations.
Even if we ignore this, comparing execution times are still a highly problematic undertaking. Often the
algorithms will be produced by different authors, be at different stages of development, and utilize different
technologies. For example:
1.

2.
3.

The current algorithm is produced by a student programmer, whereas a random library Mersenne Twister
has been actively produced and evolved over a substantive period by a large pool of professions. Who
actively ensure that the code is efficiency whereas the current algorithm is simply a first-cut prototype
with no real interest in efficiency?
Mersenne Twister has seen decades on development with many proposals on producing more and more
efficient versions whereas the current algorithm has seen none.
Most random libraries are written in C; whereas the current algorithm is written in R. Anecdotal
comparisons often state that algorithms written in R run 1000 times slower than equivalent algorithms in
C. Hence, any attempt to compare two such algorithms via execution time would be highly biased
rendering any such results next to useless.

Perhaps, a better viewpoint is to consider the algorithms via their algorithmic complexity statements.
However, even here the volume of work on developing an algorithm creates a significant bias. [65] noted that
adaptive testing algorithms (ART) such as [66] were not effective because of their 𝑂(𝑛2 ) time complexity, where
n is the number of test cases. However, the field had previously made no real attempt at producing more efficient
algorithms. Recently Shahbazi et al. [56] has produced a new ART algorithm, which produces more effective test
cases than previous ART algorithms. In addition, the paper also looked at time complexity and produces test cases
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with a time complexity of 𝑂(𝑛). Following up from this work, Singh et al. [67] have recently produced a
concurrent version of this algorithm with time complexity of 𝑂(𝑛/𝑝), where p is the number of processors
available to the algorithm. Hence, even the algorithmic complex of an algorithmic tends to reduce over time as
more effort is spent upon a topic. Implying that for any algorithm with a known polynomial-time solution, that
even algorithmic complexity is a non-stable indicator of performance.
Having said all of this, we still provide some guidance on the effectiveness of the algorithms with regard to
computational complexity. Therefore, in this study, which the computational complexity of the proposed approach
is 𝑂(𝑇 2 𝑛), assuming that the method generates 200 motions using train data clustered into 13 different classes,
the asymptotic complexity of the test generation process would be 13 × 13 × 200 = 33800. Thus, if we allocate
the same asymptotic complexity to random test generation, with computational complexity 𝑂(𝑛), random test
generation approach will be able to generate 33800 motions in the provided time. Obviously, it would be more
expensive to run 33800 random motions compared to 200 motions generated by HMM-based approach.
As illustrated in Table IV, it has been noticed that running all of these motions (33800) in the Bouncing ball
application improves the average code coverage up to 42% for the random approach, which is sill lower than
coverage, reached by HMM-based technique (75%), running 200 motions. In addition, running the 33800 test
motions in Bubbles increases the coverage to 78% for random, while the percentage of code coverage is 92% for
the HMM-based test case generation technique using 200 test motions. Therefore, it can be concluded that
providing the same resources as HMM-based approach to random does not necessarily lead to significant
improvement in the code coverage. Additionally, the time it takes to generate 200 motions using the HMM-based
technique (𝒕𝒈 ) is less than a minute, for the bouncing ball application, while it takes 3 minutes to execute them;
therefore 𝒕𝒈 < 𝒕𝒆 . While, the time is required to execute the 33800 test cases generated by random approach is 23
minutes. This result confirms the statement provided at the beginning of this section, illustrating that generating
too many test cases using random techniques is not always a good option for improving code coverage.
Specifically, high test-execution time in industrial case studies with large test suites provides sufficient time to
generate more efficient test cases, using well-designed test case generation approaches.
Table. 4 Results of providing same resources as HMM-bases to random

Bouncing ball

Extended Bouncing ball

Bubbles

Diamond

8.

Approach

Code Coverage (%)

𝒕𝒈 (min)

𝒕𝒆 (min)

HMM-based (200 motions)

75%

0.5

3

Random (33800 motions)

42%

0.17

23

HMM-based (200 motions)

75%

0.5

3.2

Random (33800 motions)

40%

0.17

24

HMM-based (200 motions)

92%

0.2

1.2

Random (33800 motions)

78%

0.08

15.6

HMM-based (200 motions)

71%

0.7

2.8

Random (33800 motions)

46%

0.25

20

THREATS TO VALIDITY

In this section, we consider the potential threats to the validity of our research and discuss the methods used
to address them. In this study, we are principally concerned with three types of threats: internal validity, external
validity, and the power of the experiment.
Threats to the internal validity might come from the method of assigning the time intervals in the empirical
study. If the time intervals are estimated to be too short (long), then more (less) motions will be generated
compared to when a human user is interacting with the application. To address this issue, we estimated the
minimum and maximum numbers of generated movements via several users’ experiences and considered their
average as a type-one interval (𝜑).
On the other hand, the threats to the external validity of our research are centred on the generalization of the
results to other SUT motion-based applications. In this study, we consider four applications and two types of
motion-based applications (both with and without gyroscopic inputs). However, we also point out that the
proposed technique should be applied to more and different case studies (e.g. 3D applications) in future work.
The third threat represents the power issue. This can lead to type-two errors in studies with insufficient
numbers of samples. To address this issue, we recorded three sets of 317, 481 and 600 motion sequences to design
the training sets. The data was also grouped into 95 and 105 classes, which led to training two sets of 95 HMMs
and a set of 105 HMMs.
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Finally, at the meta-level an obvious risk exists: Are the three research questions good proxies for defect
finding capabilities? Ideally, any paper would wish to consider this research question directly. However, given
the relative infancy of these types of systems, insufficient data (with regard to defects) is believed to exist to allow
such an experiment to be adequately constructed. Hence, the adoption of the proxies for the exploration is required.
9.

CONCLUSION AND FUTURE RESEARCH

Testing mobile applications that use motion-based gestures to interact with users poses a new challenge. Test
inputs should be realistic motion sequences, which are able to simulate the user’s behaviour in interacting with
the application. This helps in revealing defects, which remain unknown in applications because they do not
conform to expected human-generated motions. Since, Markovian models have been successfully used in
software testing studies to generate models representing common user behaviour in UI testing [10], [68], [69].
In this paper, we have proposed a new HMM-based approach, which presents a solution for automating the
testing process for applications supporting motion-based events. Using this method, gestures can be formally
specified as sequences of motions, which are easy to re-execute in the application. Therefore, an HMM
classification approach is used to classify the current movement into a class of motions providing the best
description of the gesture’s characteristics. Then, according to the results provided by the classification approach
and using standard movement equations, a realistic proxy for the likely next movement coordinates can be
estimated.
We evaluated our approach by generating a set of test inputs for four Android applications with a gaming
theme. The empirical results show that the generated test cases using HMM-based approach not only cover a
higher number of branches in the source code compared to randomly generated test cases, but the occurrence
likelihood of the corresponding motion sequences in model trained by user generated data is also higher in HMMbased approach. This indicates that the new approach outperformed the random methods (including Monkey,
Sapienz and Random-Human) in generating test cases that mimic human-user behaviour.
It should be noted that challenge in extending the number of case studies in this research is not because of the
limitation of our approach in type of the motion-based applications it can process, but the issue is in finding opensource applications. Our proposed approach is a white box testing technique requires the actual source code to
generate appropriate test cases.
Although these are promising results, we believe that our experiments only cover an initial exploration of this
area, and several issues remain to be addressed in further studies:
•
•
•

•

Different types of motion-based applications. This study only considers two types of mobile
applications that use motion events to interact with users. Future studies should be performed on the
proposed technique in more complicated applications with 3D graphical design.
Different time intervals. Using more empirical experiences with different time intervals should also be
considered in future work.
Influence of training data on efficiency of generated test cases. Our evidence is based on estimating
HMMs on a single set of training data. There is the potential to use different methods of sampling on
training data, and evaluate their impact on the efficiency of test cases. For example, different time
intervals and terminating conditions can be used during the training data capturing process.
Fault detection capability. The ability of generated test cases to detect faults should also be investigated.
Unfortunately, we are currently unaware of any suitable application with a published list of real-life
defects.
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