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ABSTRACT

Today, Android is one of the most used operating systems in smartphone technology. This is
the main reason, Android has become the favorite target for hackers and attackers. Malicious
codes are being embedded in Android applications in such a sophisticated manner that
detecting and identifying an application as a malware has become the toughest job for
security providers. In terms of ingenuity and cognition, Android malware has progressed to
the point where they're more impervious to conventional detection techniques. Approaches
based on machine learning have emerged as a much more effective way to tackle the
intricacy and originality of developing Android threats. They function by first identifying
current patterns of malware activity and then using this information to distinguish between
identified threats and unidentified threats with unknown behavior. This research paper uses
Reverse Engineered Android applications’ features and Machine Learning algorithms to find
vulnerabilities present in Smartphone applications. Our contribution is twofold. Firstly, we
propose a model that incorporates more innovative static feature sets with the largest current
datasets of malware samples than conventional methods. Secondly, we have used ensemble
learning with machine learning algorithms such as AdaBoost, SVM, etc. to improve our
model's performance. Our experimental results and findings exhibit 96.24% accuracy to
detect extracted malware from Android applications, with a 0.3 False Positive Rate (FPR).
The proposed model incorporates ignored detrimental features such as permissions, intents,
API calls, and so on, trained by feeding a solitary arbitrary feature, extracted by reverse
engineering as an input to the machine.

[. INTRODUCTION machine learning algorithms for the

The project stems from the escalating threat
of malicious Android applications that
compromise user security and privacy. With
the rapid evolution of
malware, traditional

sophisticated
detection methods
prove insufficient. Recognizing the value of
reverse  engineering in  understanding
malicious software, this project aims to
develop a robust framework integrating

automated analysis of reverse-engineered
Android  applications. By leveraging
machine learning, the project seeks to
enhance the accuracy and efficiency of
malware detection, contributing to a more
secure and resilient mobile ecosystem.
PROBLEM DEFINITION

The problem at the core of this endeavor is
the detection of Android malware, a
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challenge exacerbated by the limitations of
traditional signature-based methods in
keeping pace with evolving threats. Reverse
engineering offers a valuable means to
comprehend application internals, yet the
analysis process is intricate and time-
consuming. The project addresses this
problem by proposing a framework that
automates the analysis of
engineered Android applications using
machine learning algorithms. The goal is to
develop models capable of discerning
between benign and malicious behaviors,
identifying novel threats, and establishing a
proactive defense against emerging security
risks.

OBJECTIVE OF PROJECT

The primary objective of the project is the
creation of a comprehensive framework for
detecting malware in Android applications
through the application of machine learning
algorithms to reverse-engineered data. This
involves developing automated tools for
reverse engineering, implementing machine
learning models for distinguishing between

Teverse-

benign and malicious patterns, focusing on
behavioral analysis to enhance detection
capabilities, providing real-time malware
detection during application installation or
execution, and ensuring adaptability to new
and emerging threats through continuous
updates and model training.

SCOPE OF PROJECT

The scope of the project encompasses
several key areas, including in-depth reverse
engineering analysis, feature extraction from
reverse-engineered data, training of machine
learning  models, real-time detection
integration, scalability to handle diverse
applications, and user-friendly design for
adoption by security professionals and
developers. By addressing these objectives
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within the defined scope, the project aims to
advance the field of Android malware
detection, contributing to improved security

practices for mobile devices.

ILEXISTING SYSTEM

The methods proposed in this related work
contribute to key aspects and a higher
predictive rate for malware detection.
Certain research has focused on increasing
accuracy, while others have focused on
providing a larger dataset, some have been
implemented by employing various feature
sets, and many studies have combined all of
these to improve detection rate efficiency. In
[21] the authors offer a system for detecting
Android malware apps to aid in the
organization of the Android Market. The
proposed framework aims to provide a
machine learning-based malware detection
system for Android to detect malware apps
and improve phone users' safety and privacy.
This system monitors different permission-
based characteristics and events acquired
from Android apps and examines these
features employing machine learning
classifiers to determine if the program is
goodware or malicious.

The paper uses two datasets with
collectively 700 malware samples and 160
features. Both datasets achieved

approximately 91% accuracy with Random
Forest (RF) Algorithm. [22] Examines 5,560
malware samples, detecting 94 % of the
malware with minimal false alarms, where
the reasons supplied for each detection
disclose key features of the identified
malware. Another technique [23] exceeds
both static and dynamic methods that rely
on system calls in terms of resilience.
Researchers demonstrated the consistency
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of the model
classification

in attaining maximum
performance and better
accuracy compared to two state-of-the-art
peer methods that represent both static and
dynamic methodologies over for nine years
through three interrelated assessments with
satisfactory malware samples from different
sources. Model continuously achieved 97%
FI- measure accuracy for identifying

applications or categorizing malware.

[24] The authors present a unique Android
approach  dubbed
Permission- based Malware Detection
Systems (PMDS) based on a study of 2950
samples of benign and malicious Android
applications. In  PMDS, requested
are viewed as behavioral

malware  detection

permissions
markers, and a machine learning model is
built on those indicators to detect new
potentially dangerous behavior in unknown
apps depending on the mix of rights they
require. PMDS identifies more than 92-94%
of all heretofore unknown malware, with a
false positive rate of 1.52-3.93%.

The authors of this article [25] solely use the
machine learning ensemble learning method
Random Forest supervised -classifier on
Android feature malware samples with 42
features respectively. Their objective was to
assess Random Forest's
identifying Android application activity as
harmful or benign. Dataset 1 is built on

accuracy in

1330 malicious apk samples and 407 benign
ones seen by the author. This is based on the
collection of feature vectors for each
application. Based on an ensemble learning
approach, Congyi proposes a concept in [26]
for recognizing and distinguishing Android
malware.
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Disadvantages
* The system is not implemented
MACHINE LEARNING
ALGORITHM AND ENSEMBLE
LEARNING.
% The system is not implemented
Reverse Engineered Applications

characteristics.
III.PROPOSED SYSTEM

1) We present a novel subset of features for
static detection of Android malware, which
consists of seven additional selected feature
sets that are using around 56000 features
from these categories. On a collection of
more than 500k benign and malicious
Android applications and the highest
malware sample set than any state-of-the-art
approach, we assess their stability. The
results obtain a detection increase in
accuracy to 96.24 % with 0.3% false-
positives.

2) With the additional features, we have
trained six classifier models or machine
learning algorithms and also implemented a
Boosting ensemble learning approach
(AdaBoost) with a Decision Tree based on
the binary classification to enhance our
prediction rate. 3) Our model is trained on
the latest and large time aware samples of
malware collected within recent years
including the latest Android API level than
state-ofthe-art approaches.

Advantages
» The proposed system chooses
the characteristics based on
their capability to display all
data sets. Enhanced
efficiency by reducing the
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dataset size and the hours
wasted on the classification
process
effective function

introduces an

selection
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Although this problem arises
in machine learning quite
often extent

to some

choosing the type of model

process. for detection or classification
can highly impact the high
» The system used in this study dimensionality of the data
also  incorporates larger being used.
feature sets for classification.
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IV.MODULES: API calls, along with processing dynamic
1.Data Collection Module: The Data  features like runtime behavior and system

Collection Module serves as the foundation
for the framework by gathering information
from reverse-engineered Android
applications. It conducts both static and
dynamic during  application
relevant features
crucial for subsequent stages. This module
ensures that comprehensive data is collected
for effective analysis by the system.

analyses

execution, extracting

2.Feature Extraction Module: The Feature
Extraction Module 1is responsible for
identifying and extracting pertinent features
from the collected data. It analyzes static

features such as permissions requested and

interactions. The module converts raw data
into feature vectors, preparing the input for
the machine learning models.

3.Machine Learning Module: The
Machine Learning Module is at the core of
the framework, implementing machine
learning algorithms for effective malware
detection. It involves training models using
labeled datasets, validating their accuracy,
and integrating them into the system for
real-time detection during application
installation or execution. This module is
crucial for enhancing the system's ability to
discern between benign and malicious
behaviors.
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4.Real-Time Detection Module: The Real-
Time Detection Module ensures the constant
monitoring and analysis of applications
during installation or execution. It triggers
the machine learning models for on-the-fly
detection, comparing application behavior
against known malware patterns. This
module plays a vital role in providing timely
alerts and taking preventive actions upon
detecting potential threats.

5.User Interface (UI) Module: The User
Interface Module provides a user-friendly
front-end for system interaction. It displays
relevant information on detected malware,
allowing users to initiate scans or customize
detection  settings. Clear alerts and
recommendations are presented through the
interface, ensuring effective communication
between the system and users.

6.Database Management Module: The
Database Management Module handles the
storage and retrieval of datasets and model
parameters. It manages historical data for
analysis and model training,
efficient retrieval for real-time detection.
This module is crucial for maintaining a

ensuring

well-organized and accessible repository of
information.

7.Reporting and Logging Module: The
Reporting and Logging Module generates
reports and logs for analysis and user
awareness. It records detection outcomes
and reasons, providing detailed reports on
detected malware. System administrators
and users can access logs to gain insights
into the system's activities, contributing to
transparency and accountability.

V.CONCLUSION

In conclusion, the proposed framework for
Android malware detection represents a
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significant advancement in addressing the
challenges posed by the existing methods.
By leveraging machine learning algorithms
and prioritizing behavioral analysis, the
system adaptability, learning
capabilities, and a defense
mechanism against emerging threats. The
emphasis on real-time detection during

introduces
proactive

application installation or execution
enhances responsiveness, ensuring the
timely identification and mitigation of

malicious activities.

The scalability of the proposed system,
achieved through the reduction of manual
efforts in signature creation and rule
definition, facilitates the handling of a
growing dataset of diverse Android
applications. The continuous learning
mechanism  guarantees adaptability to
evolving threats, maintaining a high level of
detection accuracy over time. The system's
focus on minimizing false positives, aided
by nuanced feature extraction and analysis
through machine learning, contributes to
optimized resource utilization and improved
overall performance.

In essence, the proposed framework offers a
comprehensive  and  forward-thinking
solution for Android malware detection,
striving to elevate the effectiveness,
adaptability, and efficiency of the detection
process within the dynamic landscape of
mobile security. Through these innovations,
the project aims to contribute significantly
to the enhancement of Android application
security, ensuring the safety and privacy of
mobile device users in the face of evolving
cybersecurity challenges.
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