© May 2025 | IJIRT | Volume 11 Issue 12 | ISSN: 2349-6002

Predicting User Behaviour & Battery Drain

Himanshu Bante?, Vilas Muneshwar?, Shreyash Padole®, Tushar Waghaye*, Omkar Dudhbure®
L234student, Manoharbhai Patel Institute of Engineering and technology shahapur, Bhandara
*Assistant Professor, Manoharbhai Patel Institute of Engineering and technology shahapur,
Bhandara

Abstract-- Nowadays, portable gadgets are being
utilized for different applications such as making
voice/video calls, browsing Web and so on. The
operating time and battery utilization went through in
those exercises influence the battery life of versatile
gadgets. In this paper, we propose a strategy for
predicting the battery lifetime of portable gadgets based
on utilization patterns. We characterize the conceivable
states of versatile gadgets based on their operating
capacities and create a strategy of foreseeing battery
lifetime based on normal battery utilization and length
of each state. As versatile systems and administrations
have been developing, portable and battery-powered
gadgets (e.g., a versatile handset or PDA) have risen as
critical instruments in our lives.
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I. INTRODUCTION

Predicting user behaviour and its relationship to
battery drain is a critical area of research, particularly
in the context of mobile devices, wearables, and other
battery-operated technologies. As users interact with
devices, their actions influence both the performance
of the system and the consumption of battery power.
Understanding these behaviours can lead to more
efficient energy usage, personalized experiences, and
improved system performance.

Predicting User Behavior: Predicting user behaviour
involves understanding and forecasting how users
interact with their devices. This can include
predicting which apps they will use, when they will
be active, or how their usage patterns evolve over
time. With advancements in machine learning and
data analytics, these predictions can be made based
on past behaviour, contextual information (like time
of day or location), and environmental factors. The
goal is to improve user experience, such as
anticipating needs and offering relevant content, or
optimizing device operations (like power
management).

Battery Drain: Battery drain refers to the rate at which
a device consumes power. Battery consumption can
vary significantly depending on various factors,
including the types of apps being used, the frequency
of background processes, device settings, and
environmental conditions. For example, video
streaming or gaming apps are power-intensive, while
background activities like location tracking or push
notifications may drain power in an ongoing manner.
Understanding these factors and predicting when and
why battery drain occurs allows developers to
optimize both battery life and user experience.

Interlinking User Behaviour & Battery Drain:
There’s a direct relationship between user behaviour
and battery consumption. By predicting user
behaviour, it's possible to adjust device settings or
offer recommendations to save power. For example,
if a device predicts that a user will be using a high-
power app (like gaming) for an extended period, it
could pre-emptively lower non-essential activities
like background syncing to conserve battery.
Alternatively, certain user patterns, like frequently
using a device in low-power modes during specific
times of day, can also be leveraged to extend battery
life.

Incorporating machine learning and Al into these
predictions allows for more dynamic and intelligent
battery management systems. It also leads to new
opportunities  for  personalization, such as
recommending energy-efficient app usage patterns or
enabling adaptive power-saving modes based on
individual user behaviours.

Il. RELATED WORK

Numerous versatile gadgets give battery lifetime
forecast via equipment and OS bolster as an
indispensably component of power administration
frameworks. Progressed Control Administration
(APM) [4] has been broadly utilized in control
administration for computer frameworks. The
Progressed Setup and Control Interface (ACPI) [5] as
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of late proposed by Intel, Microsoft and Toshiba is
Joon-Myung Kang et al.an progressed form of APM.
ACPI characterizes control configuration and
administration capacities between a Essential Input
Output Framework (BIOS) and the OS. In specific, it
employments the remaining battery capacity and
show rate of battery deplete to foresee the remaining
battery life. As of now, ACPI is utilized in control
management for desktops and tablets.

The SBS Gathering [3] has proposed a keen battery
framework, which is a detail for deciding precise
battery readings; it permits the OS to perform control
administration operations based on assessed run
times. This framework predicts battery lifetime given
a user-specified rate or rolling normal over a settled
interim. Such simple approaches consider as it were
a exceptionally brief release history and are in this
manner wrong.

Battery drain has been a topic of extensive research,
especially as mobile devices have become
increasingly sophisticated. Research here focuses on
understanding what causes excessive power
consumption and how it can be managed effectively:
Energy Consumption Modelling: Studies have
focused on creating models to predict the energy
consumption of devices based on different factors
like the operating system, the apps in use, and
network activity. These models help in understanding
which apps or processes are the primary contributors
to battery drain. For example, researchers have
shown that background apps, sensors, and constant
network connections (like GPS or Wi-Fi) can
significantly impact power usage.[5]

Energy-Efficient Algorithms: Various approaches
have been developed to manage and optimize energy
consumption.  For instance, energy-efficient
algorithms adjust device settings like screen
brightness, CPU performance, and Wi-Fi/Bluetooth
connections to reduce power consumption. Machine
learning models have also been employed to learn
from user behavior and automatically adjust device
parameters for power-saving purposes.[8]

Adaptive Battery Management: Android's Adaptive
Battery feature is a popular example of how battery-
draining processes can be intelligently managed. It
uses machine learning to predict which apps the user
is likely to use and adjusts battery resources
accordingly, limiting background activity for less
frequently used apps.

Battery Usage Forecasting: Several systems have
been proposed to predict battery life based on current
usage patterns. These predictions allow users to take
proactive steps to conserve battery life before it
drains entirely. Researchers have worked on systems
that alert users when they are approaching critical
battery levels and suggest actions to conserve energy,
like switching to power-saving mode or closing
certain apps.

The intersection of predicting user behavior and
managing battery drain has seen promising
developments, where both aspects are optimized
simultaneously for enhanced user experience and
energy conservation.

Energy-Aware Prediction Systems: Some studies
combine both user behaviour prediction and energy
consumption models to offer a more holistic
approach to device management. For example,
researchers have designed systems that predict user
Behavior and then adjust energy consumption based
on these predictions. For instance, if a user is
predicted to engage in energy-intensive activities,
such as gaming or video streaming, the system could
dynamically reduce the power usage of less critical
functions.

Context-Aware Battery Management: Systems have
been developed that use both behavioural predictions
and contextual information (such as location or
activity type) to manage battery usage more
effectively. For instance, if a user is predicted to be
in an area with low network coverage, the system can
reduce data synchronization to conserve battery life.
Battery Consumption in loT Devices: With the rise
of 10T devices, there has also been significant
research into managing battery drain in connected
devices. These devices often need to balance energy
efficiency with the need to remain continuously
connected. Research here focuses on optimizing
communication protocols and predicting user
interactions to minimize battery drain.

Android and iOS: Both operating systems have
implemented energy-saving features based on user
behavior and app usage. Android’s Doze mode, for
example, reduces power consumption when the
phone is idle, while iOS provides automatic power-
saving features like Low Power Mode.[9]

I1l. METHODOLOGY

IJIRT 177946 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 2586



© May 2025 | IJIRT | Volume 11 Issue 12 | ISSN: 2349-6002

In this section, we present our method for predicting
battery lifetime based on usage patterns. We firstly
present a problem definition. We then describe our
proposed method for solving the problem.

The proposed system aims to predict user behavior
and optimize battery management based on these
predictions to improve the energy efficiency and
overall user experience of mobile devices, wearables,
and other battery-operated technologies. Key
Components of the Proposed System

1. User Behavior Prediction Module: This module is
responsible for forecasting user actions, app usage,
and system preferences. It uses historical data,
contextual information (location, time, activity, etc.),
and machine learning algorithms to predict future
behaviors. The key components of this module
include:[7]

Data Collection: The system continuously collects
data on user interactions with the device, such as app
usage, screen time, GPS location, network usage, and
other device activities.

Feature Engineering: Extract relevant features from
raw data to identify patterns in user behavior. This
includes time-based patterns (e.g., time of day),
activity-based patterns (e.g., using specific apps for
social media, gaming, or productivity), and
environmental context (e.g., location, connectivity
status).

Prediction Algorithms: Machine learning models
(e.g., decision trees, random forests, recurrent neural
networks) predict user actions based on the past
behavior and contextual factors. These models can be
trained continuously, adapting to new patterns of
use.[1]

Personalization: The system tailors its predictions to
each individual, learning over time to better
understand unique user habits and preferences.

2. Energy-Efficient Battery Management Module:
This module optimizes battery consumption by
adjusting device settings and controlling power-
intensive processes based on predicted user behavior.
It considers both the immediate needs of the user and
longer-term battery conservation. Key features
include:

Energy Consumption Modeling: The system
calculates the expected power usage of different
apps, services, and device components (e.g., CPU,
display, sensors, network). Energy consumption
models estimate how much power each activity will
drain, based on factors such as screen brightness, app
usage, and background processes.

Dynamic  Power Adjustment: The system
dynamically adjusts settings like screen brightness,
CPU performance, Wi-Fi/Bluetooth activity, and
background processes based on the predicted user
behavior. For example:

If the system predicts that the user will engage in
power-hungry tasks (like gaming or video
streaming), it may preemptively adjust power settings
(e.g., lowering background tasks or reducing
notifications).

During idle periods or low-usage phases, the system
can reduce screen brightness or enter low-power
modes.

Context-Aware Power Management: By leveraging
contextual data (e.g., location, activity, network
connectivity), the system can make informed
decisions about when to conserve energy.[2] For
example:

If the user is predicted to be in an area with poor
network connectivity (e.g., low signal), the system
can reduce data synchronization frequency to save
power.

Battery Life Forecasting: Using machine learning,
the system forecasts how much battery life remains
based on the current usage pattern and predicts how
long the battery will last under different conditions.
The system could then alert the user about low battery
and suggest actions to prolong battery life.

3.User Interface (Ul) and Alerts: The system will
communicate with the user through a simple and
intuitive interface. It will notify users about battery
status and provide suggestions to optimize energy
consumption. The key Ul components include:
Battery Usage Insights: A dashboard that shows the
user how different apps or services are affecting
battery consumption. This could include a breakdown
of which apps are draining the most power and
recommendations for optimizing usage.
Energy-Saving Suggestions: Based on predicted
behavior, the system could suggest energy-saving
tips (e.g., “Battery forecast suggests 15% remaining.
Consider turning off background apps or switching to
low-power mode™).[3]

Customizable Power Preferences: Users can
customize the system’s approach to power-saving,
such as setting battery thresholds for switching to
power-saving modes or selecting certain apps that
should always be allowed to run at full power.

4. Real-Time Adaptation: The system continuously
learns from user behaviour in real-time and adapts its
predictions and energy management strategies
accordingly. This includes:
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Continuous Learning: As the user interacts with the
device, the system continuously updates its models to
better predict future behavior. For example, if the
user starts using a new app frequently, the system
learns this and adapts its power management
strategies to account for the app’s energy
requirements.

Feedback Loop: The user’s response to the system’s
actions (e.g., enabling power-saving mode or using a
certain app) is fed back into the system, improving its
predictions and efficiency over time.

How the Proposed System Works

1. Data Collection & Prediction: The system begins
by collecting data on the user’s daily habits. For
instance, it may track when the user opens certain
apps, their location, the time of day, and other
contextual information (e.g., whether the user is
walking or sitting).

2. Forecasting Battery Usage: Based on this data, the
system predicts the user’s behavior (e.g., which apps
they are likely to use) and estimates how much
energy will be consumed during that activity. For
example, if the user opens a video streaming app, the
system will estimate the power required for streaming
and adjust system settings to conserve energy.

3. Energy Optimization: If the system predicts that
battery drain will be high (e.g., using power-intensive
apps or if battery level is low), it will dynamically
adjust the device settings. For example: Reducing
screen brightness, Disabling background apps or
notifications, Switching to a power-saving mode,
Adjusting network settings based on location

4, User Feedback & Adjustments: After
implementing these changes, the system collects
feedback from the user. If the user continues using
the device and provides feedback (e.g., through the
Ul), the system fine-tunes its predictions and battery-
saving strategies for the future.

IV. CONCLUSION

The proposed system aims to create a smarter, more
efficient user experience by combining behavior
prediction and adaptive energy management. By
understanding user habits and adjusting device
settings accordingly, this system optimizes battery
usage and prolongs device life, all while offering a
personalized and seamless user experience. The
research on predicting user behavior and managing
battery drain is a rapidly evolving area, with an
increasing focus on machine learning, context-

awareness, and personalized experiences. The
intersection of these two domains has the potential to
significantly improve the efficiency of mobile
devices, wearable technologies, and loT systems,
leading to longer battery life, optimized performance,
and more user-friendly interactions.
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