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Abstract: Within the scope of mobile privacy, there are many attack methods that can leak users’
private information. The communication between applications can be used to violate permissions
and access private information without asking for the user’s authorization. Hence, many researchers
made protection mechanisms against privilege escalation. However, attackers can further utilize
inference algorithms to derive new information out of available data or improve the information
quality without violating privilege limits. In this work. we describe the notion of Information
Escalation Attack and propose a detection and protection mechanism using Inference Graph and
Policy Engine for the user to control their policy on the App’s privilege in information escalation. Our
implementation results show that the proposed privacy protection service is feasible and provides
good useability.
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1. Introduction

mPrivacy: A Privacy Policy Engine

In the past few years, the number of mobile phone has grown rapidly, and the number
of mobile device users will continue to grow in the future [1,2]. Along with the number
of mobile phone users, the number of malicious applications in mobile devices has also
increased [3,4]. Since the system in a personal computer is different from a mobile device,
the existing protection mechanism in a personal computer is not compatible with the
mobile device. Many kinds of research have been conducted to propose the user’s privacy
protection mechanisms in mobile devices. Nevertheless, there are still many different
ways of attacking the user’s private information. This information can be accessed directly
through the platform, or indirectly inferred from available resources. Currently, the systematic approach to such attacks is lacking. This limits the development of data protection
and secure mobile platforms.
There is a lot of private information on users’ mobile devices. One typical important piece of private information is location information. The application can obtain the
user’s location through the global positioning system (GPS). Although the application’s
access to GPS information is managed from the mobile system, the application still has
other ways to track the user’s location. One way is called pedestrian dead reckoning.
This is a navigation process that uses only motion sensors. The user’s moving speed
and distance can be measured using the motion sensors, and thus the current position
can be estimated based on the previous position, the user’s moving speed, and moving
distance [5]. Several researchers have developed accurate pedestrian dead reckoning
algorithms to obtain the user’s indoor position [6] or outdoor position [7].
The information from motion sensors can improve the location information [8]; moreover, it can even be used to infer the user’s password [9,10] or activities [11]. Besides the
information from the physical sensors, the information from logical sensors, such as short
message service (SMS), call logs, and calendars, could be used to infer various sensitive
information, including user emotions [12–14] and social relationships [15].
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To protect the user’s privacy, the device platform controls the permissions of the
application to the resources in the device, and only authorized applications can access
the allowed resources. Whether the access control is dynamic or not, attackers can
still circumvent the permission mechanism by communicating with other applications
with different permission sets. The attackers can use colluding [16,17] or confused deputy
attacks [18,19]. By colluding, the attackers can collude with other malicious applications. By
confused deputy, the attackers can leverage legitimate interactions with a benign application.
In the literature, this is called a privilege escalation attack. Furthermore, attackers can
increase the accuracy of private information available to themselves by increasing the
number of samples from sensors. This inference attack [10] leaks more information than
is allowed to the attacker, and does not necessarily violate the access permission policy.
In order to model all such permissions-based attacks along with inference-based attacks,
we define information escalation attack as an attack in which the attacker can gain more or
higher quality information than they are allowed to possess.
Researchers have made efforts on privacy mechanisms, allowing or prohibiting access
when an application violates the privacy policy. However, we believe that privacy is not
an issue of access control, but more an information control issue. To compromise privacy
and utility, privacy policies that intentionally limit the amount or quality of information
disclosed to third parties could provide benefits to both the users and service providers.
This kind of privacy policy could be better than inflexible access control policies. In
order to develop this privacy mechanism, we systematically designed privacy policies and
execution mechanisms for information escalation attacks.
In this paper, our contribution can be summarized as follows:
•
•
•
•
•

Defined a generic privacy attack model called information escalation attack.
Proposed a novel privacy-policy model based on the inference graph.
We designed our privacy-policy engine based on Android systems.
We designed and implemented one location escalation attack.
We tested our system with a designed location escalation attack.

The rest of this work is structured as follows: Section 2 is about related works.
Section 3 describes the privacy problem in the mobile device and introduces the concept of information escalation attack. Section 4 explains the concept of our approach, the
system design, and the privacy policy. In Section 5, the implementation and experiment
results are shown. Section 6 is about discussion and future work. Finally, in Section 7
are the conclusions.
2. Related Works
There are various inference algorithms, which could infer sensitive information. These
algorithms could be used to violate the user’s privacy. Various privacy-preserving mechanisms have been made to protect the user’s private information. In this chapter a few of
the inference algorithms and the privacy-preserving mechanisms are mentioned.
2.1. Inference Algorithms
One type of sensitive information is location information. Many inference algorithms
can infer the user’s location or location traces. The attacker can further infer other kinds of
sensitive information, using location information. We collected various location inference
algorithms.
In [8], the authors used the accelerometer, gyroscope, GPS, and map information
to obtain more accurate location information. The data from the accelerometer are used
to infer the step distance, count of step, and the angularity of turn. The data from the
gyroscope are used to detect whether the user has made a turn or not from time to time.
Combining the data from the accelerometer and gyroscope, the algorithm can gain the turn
information with accurate turn degree and relative direction. In the end, the algorithm
performs map matching, using all previously inferred information, the location from the
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GPS as a start point, and external map. The accuracy of the GPS in their experiments is 15
m. Their algorithm is able to obtain the location in 5 m.
A train route tracking inference algorithm is introduced in [20]. To infer the user’s
train routes information, the authors used data from the accelerometer, linear accelerometer,
gyroscope, magnet, supervised machine learning classifier, and external train routes map as
input to the inference algorithm. Linear accelerometer data can be generated by excluding
the gravity information from the accelerometer data. With a pre-generated classifier and
data from the previously mentioned sensors, the algorithm detects all the time whether
the user is walking, using the train, or in other motion modes. Then, the departure and
arrival time information is detected, using the motion and time information. Comparing
the departure and arrival time information with the train route map, which includes the
timetable of all train routes, the algorithm can predict the user’s train routes.
Using the motion sensors, especially the accelerometer, location-related information
can be inferred. A few other algorithms were made to gain user location information using
motion sensors in [5–7,21,22].
Previous location-related information is revealed via physical sensors and external
information. Some other privacy-related information can also be inferred using physical
sensors or logical sensors.
In [23] the authors developed a keystrokes-of-keyboards snooping algorithm. If
the mobile phone is located near the keyboard, the inference algorithm can detect the
keystrokes. To do this inference, data from two microphones in the phone are used at first
to inference the relative position of the phone. Because the arrival time of the keystrokes
signal to two different microphones is varied, the keystrokes can be distributed into
different key groups. After analyzing a few keystrokes, the algorithm can guess theoretical
key groups based on the position of the phone for the next step. Using the theoretical key
groups and keystrokes signals, the keystrokes are distributed into groups. For example,
“e, d, x”, and “r, f, c” are groups for which the arrival time of keystrokes signal can be
applied to the same mathematical curve. Acoustic features of keystroke sounds in the
same key groups are different. The algorithm uses the statistical Mel-frequency cepstral
coefficients (MFCC) features of keystrokes to predict which key is the keystroke in the
key group. In the end, the algorithm can inference every keystroke by combining the key
groups’ information and the key position information in the group.
In [12], one algorithm for happiness recognition using a few logical sensors and
Bluetooth is introduced. The author made use of the relationship of the user’s emotion to
the call log, SMS, Bluetooth, weather condition, and personality traits. A pre-generated
classifier based on machine learning is used to predict the user’s emotion. The classifier
distributes the emotion into different classes with various regularity of the phone call,
usage of SMS, and Bluetooth. The weather condition and the user’s personality traits help
to filter the classifier so that the algorithm can provide better accuracy.
2.2. Privacy-Preserving Mechanisms
Chakraborty, et al. made “ipShield” [24], a framework that provides control of sensors
in phone at runtime to make a risk prediction for the user’s privacy. The user can obtain a
list of inferences using different sensors and choose the allowed inferences. The system
returns recommendations of the sensors management and invites the user to make the
decision. They collect and store the accuracy of the inference algorithms in the database.
However, they only analyzed the raw data from sensors and did not consider that the
information coming from the inference process can also be used to infer the information.
Sikder, et al. made a context-aware sensor-based attack detection system called
“6thsense” [25]. This system observes the change sensors’ data and compares the sensors’
behavior with the trained data upon to user’s different activities. With this method, they
can distinguish the application’s normal behavior from malicious behavior. They only
mentioned the physical sensors and did not provide the control of the data quality.
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In the same year, Liu, et al. published their work “DEEProtect” [26]. They collected
an amount of inferences algorithms of private information that use sensors’ data. Based
on these inference models, the system makes an analysis between useful and sensitive
information inference ability of the application. They obfuscated the data from sensors
to reduce the risk for sensitive information, and in exchange, degraded the utility of
applications. This work did not consider the different capabilities of different inference
processes for the same information.
“Taintdroid” [27] provides a way to control the data flow. The suspicious data are
marked with “taint”. By monitoring the flow of marked data, the system can detect the
colluding between the applications. If the application attempts to transfer the “taint”
marked data outside the mobile device, this application might be malicious. This work
was made to prevent privilege escalation attacks.
In “T2Droid” [28], Yalew, et al. monitored application programming interface (API)
calls and system calls made from applications to detect malicious applications. They
monitored sensitive calls so that they could monitor the behavior of the applications. To
trace API calls, they used “Xposed”, and to trace the system calls, they used “strace”.
In our previous work [29], we monitored the API calls from applications and made
policies for each application. The user can set the policy and privacy level corresponding
to different information’s quality. In this work, we extended our previous work [30]. We
implemented our system with privacy policies and information escalation graph to prevent
the information escalation attack.
3. Problem Formulation
There are various mobile devices, such as smartphones, laptops, and tablets. Such
mobile devices share the same system model and attack model to a large extent. In this
section, we describe the system model and attack model in detail. Our approach can be
applied to any mobile device under the same model.
3.1. System Model
Figure 1 shows the system model of the mobile device. The system consists of the
application layer, platform layer, and physical sensor layer. Users can install and interact
with third-party applications at the application layer. The third-party application may come
from an attacker. The platform layer is produced by the platform provider. The platform
provides an operating system (OS) and services that enable third-party applications to
access physical sensors (such as accelerometers, microphones, and gyroscopes) and logical
sensors (such as address books, calendars, and text messages). Physical sensors and
logical sensors may directly expose users’ private information. For example, a third-party
application can use GPS sensors to learn about the user’s location or learn about the user’s
activities from schedules in the calendar. In particular, the information of the logical sensor
is usually personal information. The attacker could use the network interface as a route of
information from external sources. Access to the network interface can expose contextual
information of the user. For example, the IP address or Wi-Fi environment can reveal the
location of the user. The density of access points around the user can reveal what kind of
areas the user is located in. For these reasons, we also consider the network interface as a
physical sensor.
The information that the application can use may come from the mobile device itself,
or it may come from external resources, such as cloud servers, other mobile devices,
ambient sensors, and internet of things (IoT) devices. Although information from external
sources may not directly expose personal information, it can still expose users’ contextual
information, such as location, physical environment, activities, and interests. In this work,
attacks related to external sources are out of scope.
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Figure 1. System model.

Recent mobile platforms have provided static (for example, Android, version 6 5)
or dynamic (for example, Android, version > 6) [31] permission control mechanisms. In
Android 11, the latest Android version at the time of writing, there are some updates for
privacy such as “one-time permissions” and “permissions auto-reset” [32]. Whether static
or dynamic, the fundamental Android approach to privacy problems remains the same;
it only tries to control the application’s access to resources with a binary decision (allow
or disallow). The decision comes only from the user. Therefore, from the information
escalation attack’s point of view, both mechanisms employed in Android are not effective.
On the contrary, our approach overcomes the limitations of such privilege-based protections
to defend against the more sophisticated attackers who focus on information rather than
privilege. Therefore, we believe that the limitation of our experiments with old versions of
Android does not affect the validity of our approach.
3.2. Adversary Model
The attacker may be a malicious developer or an infected application provider. They
can all provide malicious applications to users.
Attackers may try to access the user’s private information, such as location, contact
list, and password, without permission. The information obtained may be sold to the
data requester or published. In order to access the user’s private information, an attacker
can develop a malicious application and upload it to the application store. Users may
install malicious applications without notice. The attacker may also send an email to the
victim, which contains a download link of the malicious application. Attackers can also
develop malicious websites and force users to download malicious applications with or
without notice.
In our work, we trust the platform provider, who implemented the mobile platform
and the system services and applications, such as contacts application or location services.
This assumption allows us to focus on third-party application developers as potential
adversaries and limit the attack surface to the application layer.
3.3. Attack Model
Although the mobile device’s system restricts the application’s access to information
sources, the user’s private information may still be leaked without the user’s authorization.
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In this case, many studies have discussed privilege escalation attacks. However, we found
that escalation is not limited to permissions, as information can also be escalated.
Information escalation attacks are when an attacker accesses more information without
permission or obtains information with higher accuracy than allowed. Privilege escalation
is part of information escalation. If privilege escalation occurs, the user’s private information is leaked. Therefore, this concept is always within the scope of information escalation.
•

•

Privilege escalation: This type of attack is also known as a permission escalation
attack. Malicious applications are designed to access protected resources in mobile
devices. Through this attack, malicious applications can gain more permissions than
expected and leak sensitive information without user authorization [19]. Privilege
escalation can be achieved by the confused deputy or colluding [33]. The original
sensitive information can be leaked without going through the inference process, or it
can be used to infer other information.
Non-privilege information escalation: When information escalation occurs, the attacker may not need to violate any permissions. The information that the attacker
wants to obtain may be information that is not included in the access control, or it
may be information of higher quality. Non-privilege information escalation can also
be accomplished by the confused deputy and colluding. Sensitive information can be
leaked directly without inference, or it can be leaked indirectly through inference. In
the following text, we explain some examples.

The confused deputy is an attack in which an attacker can control malicious and
infected applications to violate permissions or access resources. For example, an attacker
can let the system browser download files or use the system scripting environment to send
text messages without user authorization [33]. In the case of a non-privileged information
attack, application A has the user’s health status information, while application B does
not. If application B uses the vulnerability of A to obtain health status information, this
attack is a non-privilege information attack by confused deputy. The system has no
permission control over the user’s health status information, so this situation is not a
privilege escalation attack.
A colluding attack is when a group of malicious applications cooperate to access more
resources than one of them can access. If these applications are developed by the same
developer and have the same certificate, they can share their permissions and resources. In
other words, if one application in a group of applications can access permission or resource,
all other applications in the same group can share its permission or resource [17]. In the
example of the confused deputy in the previous paragraph, if A and B are developed by
the same attacker, A can send information to B. In this case, A and B collude to conduct a
non-privileged information escalation attack.
Information escalation attacks not only mean that the malicious application directly
accesses disallowed information from another application, but also that the malicious
application infers some other information that is different from the information used as
input for the reasoning process, or that enhances the information accuracy. The inference
attack is an attack method used by attackers to obtain sensitive information through
data analysis. The attacker can access the information without direct permission [34,35].
Combining inference with colluding or confused deputy attacks, attackers can carry out
more complex attacks. In the aforementioned example, application B can use the user’s
health status information and behavior information to infer the user’s disease information.
This attack is non-privileged information escalation with inference.
To give an example of combining privilege escalation and inference, application A has
GPS permissions, and application B is allowed to access the accelerometer and gyroscope
with high frequency. The pedestrian dead reckoning algorithm in [8] can infer a more
accurate position through the accelerometer, gyroscope, and GPS. The attacker uses A
and B colluding or confused deputy so that B can use the information in the GPS. A more
accurate position can be inferred using the algorithm mentioned earlier. The location
information does not allow B, and its quality is higher than the GPS.
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When an attacker tries to obtain sensitive information without inference, we can set
up control over all information available to the application to protect the users’ privacy. If
an attacker uses inference to perform an information upgrade attack, it is difficult to detect.
Many pieces of research on inference algorithms are conducted on various information.
Therefore, information escalation endangers sensitive pieces of information. We are attempting to propose an approach that can protect the users’ privacy in consideration of
this attack.
In addition to colluding, confused deputy, and inference, there are other possible
privilege escalation attacks. Attackers can use vulnerabilities in the system kernel to carry
out privilege escalation attacks [36]. In this work, we do not consider privilege escalation
attacks through the vulnerabilities in the platform itself.
3.4. Privacy Policy Decision
Since the attack methods are varied and some are complex for the user to understand,
the decision of privacy policy might be difficult for the user. If the attacker attempts to make
the privilege escalation, the user can set the permissions of applications to protect this kind
of attack. Only some of the privilege escalation can be protected, because the users might
not know which permission would endanger their privacy. When the attacker applies
non-privileged information escalation, the users might not know which information could
be revealed while using the application. The system provides the yes or no control; to use
the applications smoothly, the users might ignore the permission control and just allow
all permissions. The privacy policy should be designed to help the user to make privacy
policy decisions more easily.
4. Approach
Our method is based on the inference escalation graph, which illustrates the inference
relationship between different types of information. We dynamically monitor the data
access of each application and check it according to the information escalation graph to
identify the information that may be inferred and its corresponding quality. We compare the
accessible information and its quality with the privacy policy set by the user to determine
access allowance. When the access violates the policy, we either disallow the access or
manipulate the return values to satisfy the privacy policy.
4.1. Definitions of Information Escalation Graph
The information escalation graph (IEG) is a directed graph composed of three types of
nodes and edges. A node represents a type of information or information processing type.
On the other hand, directed edges represent the inference direction from raw data or less
abstract information to more abstract or processed information. The three types of nodes
and edges are described in detail as follows.
•
•

•

•

Source node: A source node represents a physical or logical sensor represented by a
rectangle. A source node provides raw data to other types of nodes.
Process node: A process node represents an implementation of inference algorithms
that take multiple inputs and generate higher-level information. This kind of inference
includes simple arithmetic calculations on more complex machine learning algorithms.
A process node is represented by a diamond.
Information node: An information node represents all types of information, except
raw data. This includes simple combinations of raw data or significant abstractions of
raw data. An information node is represented by an oval.
Edges: An edge represents the direction of inference from lower-level to higher-level
information. An edge is represented by an arrow.

4.2. Graph Based Approach
Figure 2 is an example of an information escalation graph of three position trajectory
inference algorithms using different combinations of accelerometer, magnet, and gyroscope.
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The inference algorithm uses various processes to infer a variety of lower-level information,
which is expected to infer the position trajectory. There are five processes to infer various
information. The information to be inferred in this graph is the moving distance, turning
angle, and location trace. All inference processes use time information. Process 1 is used
to infer the moving distance using data from the accelerometer [37]. Processes 2, 3, and 4
represent three different pedestrian dead reckoning algorithms to infer the turning angle of
the user. Process 2 uses the accelerometer and magnet sensors [21], Process 3 uses magnet
and gyroscope sensors [22], and Process 4 uses all three sensors [6]. These three inference
processes return the turning angle information in different qualities. Finally, Process 5 uses
a location in the GPS as the starting point, the moving distance, and the turning angle
indicating the user’s moving direction to infer the user’s location trajectory.

Figure 2. An example of an information escalation graph.

The three pedestrian dead reckoning algorithms in the graph use an accelerometer
to infer the moving distance. The difference between the three algorithms is that they
use different processes to infer the turning angle. Algorithm 1 uses an accelerometer
and magnet, Algorithm 3 uses a magnet and gyroscope, and Algorithm 2 uses all three
sensors. The three inference processes will return turning angle information of different
qualities. The quality of the turning angle will affect the quality of the location trace in
inference Process 5. Assume that the accuracies provided by the inference Processes 2, 3,
and 4 are 80%, 90%, and 50%, and the corresponding inferred location trace accuracies
are medium, high, and low. When the user allows the application to obtain the mid-level
location information, the application should be prohibited from using the gyroscope. If
the user chooses to allow a high level, the application is allowed to use all three sensors.
However, if the user wants to select a low level, in this case, there seems to be no solution.
Algorithm 1 and Algorithm 3 both require all three sensors to infer the location trace.
Algorithm 1 can infer a more accurate location trace than Algorithm 3. If we disable the
accelerometer or magnet to destroy the inference of Algorithm 1, then Algorithm 3 will
also be destroyed. We cannot Allow algorithm 3 while disabling Algorithm 1. In this case,
we can break Algorithm 1 by adjusting the frequency of the sensor while maintaining
Algorithm 3. Another similar situation is that the application requires all three sensors to
work properly. Our approach can maintain the utility of the application while protecting
users’ privacy.
From this example, we can see how to use graphs to implement privacy policies. The
implementation of the policy enforcement is based on some predefined logical rules.
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4.3. System Architecture
In our system, the policy manager realizes the user’s privacy decision into the privacy
policy. There is also a privacy service and policy database for further functions.
Figure 3 is an overview of our system architecture. From the entities’ point of view,
the policy manager interacts with the user at the application layer. The privacy service
monitors and controls the API usages of the application. The data in the policy database
are used to help the privacy service implement policy enforcement. From the perspective
of the workflow, first, the privacy service monitors and collects the API usages of each
application. The privacy service can obtain the information that the application wants to
access from the usages of the API. With the help of the IEG in the policy database, the
privacy service learns the set of accessible or inferable information from the set of resources
that the application is allowed to use. When an application attempts to access certain
resources that result in access to prohibited information, the privacy service will block or
allow API calls. In some cases, it can also manipulate the results of API calls to ensure
compliance with privacy policies.

Figure 3. System architecture.

For example, there is an application that allows access to the accelerometer, magnet,
gyroscope, and GPS. As mentioned in Section 3.3, the app can use pedestrian dead reckoning to infer positions with higher accuracy. Our approach detects resource usage from the
application, predicts that the higher accuracy location can be revealed, and executes the
corresponding policy enforcement.
Colluding attacks are also easily detected by our mechanism as we monitor which
information becomes available to each application, as far as the information exchange
between malicious applications is over standard mechanisms, such as intents or binder.
However, if those applications use the covert channel that cannot be detected by monitoring
the API calls, they cannot be detected. The covert channel-based attacks are difficult to
prevent and there are proposals in the literature.
Since our system design is applied to Android systems, for the API monitoring and the
data flow detection that we need for this work, we refer to API monitoring using “Cydia
Substrate” [38], “Xposed” [39], “TaintDroid” [27], and our previous work [29].
4.4. Privacy Policy
In our application, the user can add one of the policies for different information
(e.g., location, and photo) themselves by interacting with the policy manager. The policy
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manager informs the privacy service to add or update the privacy policy in the policy
database. One privacy policy consists of the time of the monitoring, target application,
information to protect, and protection method. The user can set the target application,
information to protect, and protection method; the time of monitoring is all the time.
Before the user adds the privacy policy, the privacy service takes the information that the
applications can gain as input into the IEG, the IEG performs the path searches, and gives
the information that might be inferred as output. The privacy service informs the policy
manager of the endangered information with the corresponding application. When the
user adds the privacy policy, the warning message of the endangered information with the
corresponding application is shown to the user.
To make it easier for the user to make privacy policy decisions, we propose four
protection methods.
•
•
•
•

Allow: The application is allowed to use the original information.
Deny: The application is forbidden to use any information.
User confirmation: Whether the application is allowed to use the information or not
depends on the user’s decision.
Information manipulation: Application is allowed to use the manipulated version
from the information.

Choosing to allow, the target application is allowed to use the information. Choosing
to deny, the target application receives no information. When the user chooses the user
confirmation, our application monitors the operation of the target application based on the
privacy policy stored in the policy database. If the target application attempts to obtain the
information, which is under monitoring, the privacy service sends an alarm message to
the user.
5. Implementation and Evaluation
We made our own information escalation attack to test our approach. In this section,
the attack is explained in detail, and the evaluation metric and the environmental setup
are introduced.
5.1. Attack Example
To show information escalation attack and test our protection mechanism, we made an
information escalation attack on location. Many researchers made k-anonymity algorithms
to protect the user’s location privacy [40]. The user’s location information is provided
as a cloaking region. Our attack aims to escalate the cloaking region using access point
(AP) information.
Figure 4 shows the IEG of this attack. The wireless network has a certain reachable
region and unique identification information, which can reveal the geographic information
of the network. We define this external information in the graph as AP coverage information. In practice, the AP coverage information can be manually collected as [41]. It is used
together with the wireless network connection information from the user’s mobile device
to detect the AP region, where the user is staying. Then the AP region and the cloaking
regions can be drawn on the same map to detect the overlapping region, and hence, we
can gain the smaller region. Both AP region detection and overlapping detection processes
are kept running from time to time.
To apply this attack, we have one mobile device, which provides a location blurring
service for privacy and one malicious application that can access wireless network information. We pre-define the AP coverage information for the malicious application to utilize.
The attack has two cases depending on the contents of the AP coverage information.
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Figure 4. Location Attack IEG.

The Wi-Fi signal has various signal strengths in different regions. As in Figure 5, the
Wi-Fi signal is full in a circle with a radius of 10 m. The Wi-Fi reachable region is a circle
with a radius of 30 m. The overlapping region in the left part of the figure is 6 21.71 square
meters. In the right figure is the overlapping region 6 740.92 square meters. The rates of
escalated regions compared to the cloaking regions are 21.71/2827.43 × 1000 ≈ 7.68 and
740.92/2827.43 × 1000 ≈ 262.05. We can escalate the cloaking region into a relatively small
region with the full signal strength region, but with the weak signal region, a rough region.

Figure 5. Location attack using AP region with various signal strength.

5.2. Evaluation Metric
To evaluate our protection mechanism against the information escalation attack with
our attack program, we collected the size of the revealed region resulting from the overlapping of the AP coverage region and the cloaking region. We tested various sizes of the
cloaking region. To show whether the modification of the Wi-Fi signal is beneficial to the
user, we compared the size of overlapping regions before and after the modification of the
Wi-Fi signal.
The API monitoring/control and the IEG analyzing phase may cause the system delay.
We evaluated the runtime with various numbers of hooks, input data for IEG, and various
sizes of IEG to analyze the system latency.
5.3. Experimental Setup
The protection mechanism is written in Java and can run on mobile devices with the
Android system. A virtual device with Android version 4.2.2 was used for the experiment.
In practice, we found that the application can gain the location with GPS or network
provider; however, the GPS provider is not always available and the location from the
network provider has low accuracy. In our experiment, we set one accurate location for
GPS with a virtual machine manually. We assumed that the system uses the cloaking region
to protect the user’s privacy, and there is one service that generates the cloaking region
corresponding to the user’s accurate location.
As shown in Figure 6, our program detects that the “maliciouswifiscanner” could
violate the user’s location and thus shows the notice to the user. The user can select the
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target application, information to protect, and the protection method to add one privacy
policy. We currently implemented the protection mechanism for the photo and location
information. In the following experiments, “maliciouswifiscanner” in the target application
is chosen, location information in the information to protect is chosen, and information
manipulation in the protection method is chosen. The protection methods are explained in
Section 4.4. Once the policy is added, our program monitors the target application all the
time and applies the policy.

Figure 6. Add privacy policy.

As shown in Figure 7, when the application “maliciouswifiscanner” attempts to obtain
the location information, our application sends the user the alarm message. The user can
choose to allow or deny the usage of the information. If the user wants to allow the target
application to use the information and at the same time concerned about their privacy,
by information manipulation, our application accordingly modifies the information and
allows the target application to use the modified information.

Figure 7. Alarm message for user confirmation.

The user can choose to apply different levels of privacy. As shown in Figure 8, the
user can set the privacy level of the location with the size of radius for the location. The
value of radius is from 0 m to 50 m. Here we have one example of privacy setting using
25 m as the radius in Figure 8a. In Figure 8b, the setting example has a relatively higher
privacy level with a 40 m radius. The target application is only allowed to use the location
information with accuracy below the privacy policy. Our program checks whether the
location that the application can access violates the policy or not, and makes corresponding
policy enforcement. In the case of our attack, the size of cloaking region and the privacy
policy setting are compared, and the IEG of the Wi-Fi location attack is used to protect
against the information escalation attack. To simplify the calculation of the overlapping
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region, we assume that the shape of the cloaking region is a circle. We pre-define the AP
coverage region as a circle. The overlapping region of two circles is easy to calculate.

(a)

(b)

Figure 8. Setting of privacy for location: (a) setting of low privacy, (b) setting of high privacy.

The results are shown in Figure 9. The malicious application has two AP coverage
information as shown in different sizes of circles.The blue circle is AP coverage with the
high signal strength. The green circle shows the range of AP coverage with the weak signal
strength. The third circle in yellow is the cloaking region. The “inference area 1” and
“inference area 2” are the two overlapping areas of the two AP coverage circles and the
cloaking region. In Figure 9a, the setting of the privacy level is relatively low, and the
inferred areas are smaller than the inferred areas in Figure 9b. The bigger the inferred area,
the better the user’s privacy is protected.

(a)

(b)

Figure 9. Location inference results: (a) location inference result with low privacy, (b) location
inference result with high privacy.
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We also implemented photo manipulation. In Figure 10, the left side shows the privacy
setting. The users can choose to blur the faces in the photo when they want to share the
photos. There are two intensities for the users to choose from. The results are on the right
side of the figure. In Figure 10b, the first photo on the top is the original photo, the photo
below is the picture blurred with 50% intensity, and the last picture is blurred with 100%
intensity. The faces in the second picture are slightly blurred. We can still see the face
contours. The faces are fully blurred in the last picture.

(a)

(b)

Figure 10. Photo manipulation: (a) setting of privacy for photo, (b) face blur results.

5.4. Evaluation Results
We collected the value of overlapping regions with the size of cloaking regions.
Figure 11 shows the relation between the revealed area and the different sizes of the
cloaking region. The x-axis is the cloaking region size in meters squared. The y-axis is the
revealed area in meters squared. The line of “no attack” shows how many areas from the
original size of cloaking region is revealed. The line marked with triangles shows how
many areas from the original size of cloaking region is revealed with protection from our
program. The line of “privacy policy area” shows the user’s privacy policy setting. The
user’s privacy is violated if the revealed area is below the line of “privacy policy area”.
If the information escalation happens using our attack, the line marked with diamonds
shows that the revealed area is always under the line of the privacy policy area. Using
our protection mechanism, which detects the information escalation attack with IEG and
modifies the Wi-Fi signal, the revealed area can be enhanced. We can see the values after
modification are higher than the requirements of the user’s privacy policy settings.
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Figure 11. Experiments with different cloaking region size.

Figure 12 shows the relation between the revealed area and the different privacy
policy settings. The x-axis is the privacy policy area in meters squared. The y-axis is the
revealed area in meters squared. If there is no information escalation attack, our protection
mechanism allows the application to use the cloaking region as shown in the line of “no
attack”, which is larger than the user’s privacy policy setting marked with squares. With
the information escalation attack, the user’s privacy is violated as shown with the line of
“Attack”. Using our protection mechanism, the revealed area can be enlarged until they are
above the line of “Privacy Policy Area”.

revealed area in m2

3000

no attack
protect
privacy policy area
attack

2000

1000

0
0

500

1,000

1,500

privacy policy area in m2
Figure 12. Experiments with different privacy policy area.

We did not experiment with the performance and scalability of the proposed privacy
protection mechanism. We expect that the performance overhead due to the Xposed
hooking mechanism is not negligible because it was done in the Java implementation part
of the system. However, it is expected that the performance of the mechanism can be
optimized when the mechanism is actually implemented natively into the Android system
by the platform/device manufacturer (e.g., Google or Samsung).
We tested the runtime of graph search with two different sizes with Android UnitTest.
The first one has 6 nodes and the time for graph search is 1 ms. The second one has
16 nodes and the corresponding time for graph search is 2 ms. The average searching time
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for each node is about 0.14 ms. To measure the efficiency and scalability of our IEG, we
will further test the runtime using a large size of the graph in the future.
6. Discussion and Future Work
We have two implementations for different Android versions. We used “Cydia Substrate” and “Xposed” for the APIs hooking. Because “Cydia Substrate” is only supported
on Andriod versions 2.3 through 4.3, we made further implementation using “Xposed” for
the later Android versions. The implementation with “Xposed” is not done, so we only
tested our implementation with “Cydia Substrate”. In the future, we will further develop
our system with “Xposed” and make more experiments in operation. We will integrate
the idea from “TaintDorid” into IEG. The information under monitoring and control could
be marked using tags and given to the IEG. For now, we create the IEG manually with
collected data. In the future, we can try to use a machine learning algorithm to build
our IEG.
7. Conclusions
In this work, we explained information escalation with examples. We proposed
a protection mechanism based on IEG; our system enables the user to control private
information while considering the quality of information. The privacy policy can be
applied to physical sensors, logical sensors, and other information that we can monitor
and control. The system design is explained with pictures in detail. Our privacy protection
mechanism was tested with our location escalation attack along with different values of
cloaking regions and privacy policy settings. The experiment results show that our system
can protect the user’s privacy while keeping the information quality according to the
privacy policy setting.
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