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ABSTRACT: Challenges in managing limited battery capacity while executing computational tasks. Offloading
computation to the cloud introduces energy consumption through communication, making the trade-off between cloud
offloading and local execution complex. Dynamic workload variations in mobile cloud computing environments further
complicate energy optimization, requiring adaptable strategies to meet changing demands. Diverse hardware
capabilities of mobile devices necessitate tailored energy optimization to effectively utilize specific device
characteristics. Minimizing communication overhead while ensuring efficient offloading decisions is critical.
Unpredictable network conditions impact performance and energy consumption, requiring energy optimization
techniques that adapt to varying network states. Striking a balance between energy efficiency and meeting application-
specific requirements is challenging. Efficient resource allocation and task scheduling are essential, considering energy
consumption on both mobile devices and cloud servers. Addressing these challenges is vital for achieving efficient
energy optimization in mobile cloud computing environments without compromising Quality of Service and
application requirements.

I. INTRODUCTION

Mobile devices, such as smartphones and tablets, have limited battery capacity. The computational tasks offloaded to
the cloud and the communication required to transfer data between the mobile device and the cloud consume significant
energy. Balancing the trade-off between offloading computation to the cloud and local execution to conserve battery
life is a challenge. Mobile cloud computing environments experience dynamic workload variations due to varying user
demands and network conditions. Workload fluctuations can impact energy consumption as the cloud resources need to
be allocated and scaled dynamically to meet the changing demands. Optimizing energy usage under dynamic workload
conditions is a complex task. Mobile devices in a cloud computing environment often have diverse hardware
capabilities and energy profiles. Variations in device characteristics, such as processing power, battery capacity, and
energy efficiency, require tailored energy optimization strategies to cater to the specific device capabilities effectively.
The communication between mobile devices and the cloud introduces energy overhead due to network latency,
bandwidth limitations, and data transmission. Minimizing the communication overhead while ensuring efficient
offloading decisions is crucial for energy optimization. Mobile networks are prone to fluctuations in terms of signal
strength, network congestion, and availability. Unpredictable network conditions can impact the performance and
energy consumption of mobile cloud applications. Designing energy optimization techniques that adapt to varying
network conditions is a challenge. Energy optimization should not compromise the Quality of Service (QoS) and
application requirements of mobile users. Applications may have specific latency, reliability, or privacy constraints that
need to be considered while optimizing energy usage. Striking a balance between energy efficiency and meeting
application-specific requirements is a challenging task. Efficient resource allocation and task scheduling are essential
for energy optimization in mobile cloud computing. Optimizing resource allocation and scheduling decisions
considering the energy consumption of both the mobile device and the cloud servers is a complex optimization
problem.
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II. LITERATURE REVIEW
Energy Optimization Techniques in Mobile Cloud Computing

Energy optimization techniques in mobile cloud computing aim to minimize the energy consumption of mobile devices
while leveraging the computational power and resources of cloud servers. Machine learning techniques play a
significant role in achieving this goal by intelligently managing the workload distribution, resource allocation, and task
scheduling in mobile cloud environments. Machine learning algorithms can analyze various data sources, including
device status, network conditions, application requirements, and user behavior, to make informed decisions and
optimize energy consumption. These techniques can be categorized into several approaches:

Workload prediction and offloading:

Machine learning models can learn from historical data to predict the future workload and determine which tasks
should be offloaded to the cloud or processed locally. By offloading computationally intensive tasks to the cloud, the
energy consumption of mobile devices can be reduced. Machine learning models leverage historical data to predict
future workload and determine task offloading decisions in mobile cloud computing. By analyzing workload
characteristics, these models can accurately identify computationally intensive tasks that are better suited for cloud
processing. Offloading such tasks to the cloud reduces the energy consumption of mobile devices, leading to improved
battery life and energy efficiency. In summary, machine learning plays a crucial role in optimizing energy consumption
in mobile cloud computing by intelligently predicting workload and deciding on task offloading. By offloading
computationally intensive tasks to the cloud, mobile devices can minimize their energy usage and benefit from the
enhanced computational power of cloud servers, resulting in improved energy efficiency and extended battery life.

Resource allocation and management: Machine learning algorithms can optimize the allocation of computational
resources in cloud servers based on workload characteristics and energy consumption models. By dynamically
adjusting resource allocation, it becomes possible to balance energy efficiency and performance requirements.

Table 1 : machine learning and features

Machine Learning Algorithms Features/Specifications

Resource Allocation Optimization Workload Characteristics

Energy Consumption Models

Resource Utilization

Predictive Analytics

Machine learning algorithms optimize the allocation of computational resources in cloud servers by considering
workload characteristics, energy consumption models, resource utilization, and predictive analytics. These algorithms
analyze workload patterns, understand energy consumption models, assess resource utilization, and leverage predictive
analytics to make data-driven decisions for efficient resource allocation. By leveraging these features and
specifications, machine learning algorithms can dynamically allocate computational resources in cloud servers,
ensuring optimal performance while minimizing energy consumption. This optimization leads to improved energy
efficiency and cost-effectiveness in cloud-based environments.

Task scheduling and migration: Machine learning techniques can analyze real-time data to make intelligent decisions
regarding task scheduling and migration. By considering factors such as workload, energy consumption, and network
conditions, tasks can be scheduled and migrated to minimize energy usage and improve overall system performance.

Real-time Data Analysis: Machine learning algorithms analyze real-time data from mobile devices, cloud servers, and
network infrastructure to gain insights into the current system state. This data may include workload information,
energy consumption metrics, network latency, and other relevant parameters.
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Task Scheduling: Machine learning algorithms use real-time data to determine the optimal schedule for executing
tasks. By considering factors such as task deadlines, resource availability, and energy consumption models, these
algorithms can schedule tasks in a way that minimizes energy usage and meets performance requirements.

Task Migration: Based on real-time data analysis, machine learning algorithms can decide whether to migrate a task
from a mobile device to a cloud server or vice versa. Migration decisions are made considering factors such as network
conditions, device capabilities, and energy consumption models. Migrating tasks to the cloud can reduce energy
consumption on mobile devices, especially for resource-intensive tasks.

Adaptive Decision-Making: Machine learning techniques can adaptively adjust task scheduling and migration
decisions based on changing conditions. By continuously analyzing real-time data and learning from feedback, the
algorithms can improve their decision-making capabilities over time, leading to more efficient energy optimization
strategies.

Dynamic voltage and frequency scaling (DVFS): Machine learning models can analyze workload patterns and
predict the optimal voltage and frequency levels for mobile device processors. By dynamically adjusting these
parameters, energy consumption can be optimized while meeting application performance requirements. Machine
learning models can analyze workload patterns to predict the optimal voltage and frequency levels for mobile device
processors. These models learn from historical data on workload characteristics, such as the type of tasks, their
intensity, and duration. By analyzing these patterns, the models can determine the appropriate voltage and frequency
levels that optimize the trade-off between performance and energy consumption for the mobile device processors. The
prediction of optimal voltage and frequency levels is crucial for Dynamic Voltage and Frequency Scaling (DVFS)
techniques. DVFS allows the adjustment of processor voltage and frequency levels dynamically based on the workload
demands. By optimizing these levels, the mobile device can reduce its energy consumption while still meeting the
performance requirements of the tasks. Machine learning models, such as regression or neural networks, can be trained
on historical workload data and corresponding voltage and frequency levels. These models can then be used to predict
the optimal voltage and frequency levels for new workload patterns in real-time. The models take into account the
relationship between workload characteristics and the corresponding energy-performance trade-offs, enabling accurate
predictions for voltage and frequency scaling.

Adaptive optimization strategies: Machine learning algorithms can continuously adapt and optimize energy
optimization strategies based on real-time data and changing conditions. By learning from feedback and user behavior,
the system can dynamically adjust its energy optimization techniques to improve efficiency. Machine learning
algorithms analyze real-time data, including workload patterns, device status, network conditions, and energy
consumption metrics. This data provides insights into the current system state and enables the algorithms to make
informed decisions regarding energy optimization. The system collects feedback from various sources, such as user
interactions, application performance metrics, and user preferences. By understanding user behavior and preferences,
the system can learn from past experiences and adapt its energy optimization strategies accordingly. Machine learning
algorithms can employ reinforcement learning techniques to optimize energy efficiency. The algorithms learn from
feedback in the form of rewards or penalties based on the energy consumption and performance outcomes of different
strategies. By optimizing for higher rewards (lower energy consumption, improved performance), the algorithms adapt
and refine their energy optimization techniques over time. Based on the analysis of real-time data and feedback,
machine learning algorithms dynamically adjust energy optimization strategies. These adjustments may include
workload distribution, resource allocation, task scheduling, and voltage/frequency scaling. By adapting to changing
conditions, the algorithms can respond to varying workloads, network conditions, and user demands, optimizing energy
consumption accordingly. Machine learning algorithms can incorporate mechanisms for continuous learning and
improvement. They can update their models and algorithms based on new data, evolving workload patterns, and
changing system conditions. This continuous learning process allows the algorithms to adapt to emerging trends,
optimize energy usage, and improve overall efficiency over time.
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2.2 Overview of Machine Learning Algorithms

Support Vector Machines (SVM): SVM is a supervised learning algorithm that can be used for classification and regression
tasks. It has been applied to energy optimization problems by analyzing workload patterns and predicting energy-efficient
resource allocation strategies.

Artificial Neural Networks (ANN): ANN models, such as feed forward neural networks and recurrent neural networks, have
been used to optimize energy consumption in mobile cloud computing. They can learn complex relationships between
workload characteristics, resource utilization, and energy consumption to make intelligent decisions.

Decision Trees: Decision tree algorithms, such as Random Forest and Gradient Boosting, have been employed for energy
optimization. They can analyze various features and conditions to determine optimal resource allocation, workload
distribution, and task scheduling strategies.

Genetic Algorithms: Genetic algorithms mimic the process of natural selection and evolution to optimize energy
consumption. These algorithms generate and evolve a population of potential solutions, selecting the fittest individuals that
result in energy-efficient resource allocation and task scheduling.

Reinforcement Learning: Reinforcement learning algorithms, such as Q-learning and Deep Q-networks (DQN), have been
used for energy optimization in mobile cloud computing. These algorithms learn through trial and error, optimizing resource
allocation, task offloading decisions, and other energy-related strategies based on feedback and rewards.

Particle Swarm Optimization (PSO): PSO is a population-based optimization algorithm inspired by the collective behavior
of bird flocks or fish schools. It has been applied to energy optimization problems by searching for the optimal combination
of resource allocation and task scheduling strategies.

Ant Colony Optimization (ACO): ACO algorithms are inspired by the foraging behavior of ants. These algorithms have
been used for energy optimization by optimizing task allocation and scheduling in mobile cloud environments, leveraging the
principles of ant colony communication and pheromone trails.

Bayesian Networks: Bayesian networks model probabilistic relationships between variables. They have been utilized for
energy optimization in mobile cloud computing by considering factors such as workload patterns, network conditions, and
device capabilities to make optimal resource allocation decisions.

2.3 Application of Machine Learning in Energy Optimization

Table 2 : Machine learning and key features

Application Key Features

Workload Prediction Analyzes historical data to predict future workload patterns.

Task Offloading Determines which tasks should be offloaded to the cloud or processed locally.

Resource Allocation Optimizes allocation of computational resources based on workload characteristics.
Task Scheduling Analyzes real-time data to schedule tasks efficiently and minimize energy consumption.

Voltage and Frequency
Scaling

Predicts optimal voltage and frequency levels for mobile device processors.

Adaptive Optimization

Continuously adapts and optimizes energy optimization strategies based on real-time
data and feedback.

Reinforcement Learning

Uses rewards and penalties to optimize energy efficiency through continuous learning
and adaptation.

Predictive Analytics

Forecasts future workload and resource requirements to proactively optimize energy
consumption.

Dynamic Optimization

Adapts strategies in response to changing conditions, workload demands, and user
behavior.
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2.4 Comparative Analysis of Existing Approaches

comparison of various machine learning algorithms in terms of their accuracy, complexity, scalability, robustness,
interpretability, time to train, time to predict.

Table 3 : Comparison of various ML algorithms and features.

Algorithm Accuracy | Complexity | Scalability | Robustness | Interpretability | Time to Time to
Train Predict

SVM High Medium High High Low Medium Low

ANN High High High Medium Low High Low

Decision Tree Medium | Low High Medium High Low Low

Genetic Medium | High Medium Medium Low Medium High

Algorithm

Deep Q- High High Medium High Low High Low

Networks (DQN)

Particle Swarm Medium | Medium Medium Medium Low Medium Medium

Optimization

Ant Colony Medium | Medium Medium Medium Low Medium Medium

Optimization

Bayesian Medium | Medium High High Medium High Low

Networks

Data Collection and Preprocessing

Imports numpy, pandas, and matplotlib.pyplot for data manipulation, data analysis, and plotting, respectively. Several
custom functions are defined but left empty (placeholders). These functions are likely essential for data processing,
feature extraction, and statistical analysis. The 'allDataMean' array is processed to eliminate the final 16% of data with
noise. However, the specific processing steps are missing in the code. The 'allDataMean' array is plotted using
matplotlib to visualize '93% of raw data' with multiple features, including 'WeekDay', 'Voltage (V)', 'Current (A)',
'Active Power (W)', 'Frequency (Hz)', 'Active Energy', and others. Data statistics are calculated for the 'Active Energy'
column in 'allDataMean’ using the 'datastats' function.
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Figurel : Raw data and Features in Energy optimization

The exact statistics computed are not specified in the code. The user is prompted to choose a TimeStep value (1 for
minute, 2 for hour, 3 for day, 4 for week, or 5 for month). The 'frms_features_v2' function is used to calculate RMS
features for the dataset based on the chosen TimeStep. However, the specifics of the feature calculations are not
provided in the code. RMS features calculated in the previous step are plotted using matplotlib. Subplots displaying
features related to CPU, GPU, and RAM data are plotted using matplotlib. The code attempts to calculate Active
Energy without accumulation using the 'hampel' function, but the actual implementation of the 'hampel' function is
missing. The calculated Active Energy without accumulation is plotted in a bar chart, but the plot lacks specific data
due to the missing custom function implementation.

3.2 Preprocessing Techniques for Data Cleaning and Normalization

fNormalization function is left as a placeholder and contain the actual normalization code, to implement the
normalization process in the fNormalization function based on your specific data and normalization requirements.
Once you complete the normalization function, the code will plot the normalized data separated by time windows and
label the features accordingly for better visualization and analysis.

1 Normalized Data (separated by time window)
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Figure 2 : Data Normalization
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Feature Selection and Engineering

4.1 Identification of Relevant Features for Energy Optimization

Electrical Consumption Parameters
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Figure 3 : Computation parameters

Define a function feature_selection that takes the normalized features, labels, and the correlation threshold as input
and returns the selected features and corresponding labels. The function calculates the Pearson correlation coefficient
matrix for the features, identifies the features to be removed based on the given threshold, and creates new feature data
and labels without the correlated features.

Training and Evaluation
6.1 Model Training Process

training_size=0.85; %70 Training, 15% Validation: the training_size variable to 0.85, indicating that 85% of the
data will be used for training, and the remaining 15% will be used for wvalidation.
Cell_Active_Energy=strfind(NewFeaturesLabels, 'Active Energy (KWh)');: The strfind function is used to find the
indices of the string 'Active Energy (KWh)' within the cell array NewFeaturesLabels. This line is trying to locate the
index of the feature label 'Active Energy (KWh)' in the NewFeaturesLabels cell array.
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Figure 4 : Energy Accumulation graph

The cellfun function is used to apply the function isempty to each element of the cell array Cell_Active_Energy,
which checks if each cell is empty or not. The result of this operation is a logical array. The not function then negates
the logical array, and find is used to find the indices where the logical array is true (indicating non-empty cells). This
line aims to find the indices of non-empty cells in Cell_Active_Energy, which corresponds to the index of 'Active
Energy (KWh)' feature in the NewFeaturesLabels cell array.input features for training. It takes the rows of
NewDataFeatures from the first row to the one before the round value of (size(NewDataFeatures,1)*training_size)
and includes all columns. This represents 70% of the data for training.

Elecical Consumpton Parameters

WeekDay

Current (A}
Frecuency (Hz)
Power Factor

CPU Consumption (%)

CPU Consumption (%)

CPU Temperature (%) CPU Temperature (%)

GPU Power Consumgtion (%) GPU Power Consumplion (%)

RAM Consumption (%) RAM Consumption (%)

Voltage (V)
Active Power (W)

Nl Eneay (10W0) Aclive Energy (KWh)

ESP32 Temperalure (C) ESPA2 Temperature C)

CPU Power Consumption (%) CPU Power Consumption (%)

GPU Cansumption %) GPU Consumption (%)

GPU Temperature (%) GPU Temperalure (%)

RAM Power Cansumption (%)

0.7 039 0.078 024 0.56 0.87

Figure 5 : Electrical consumption parameters
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Figure 6 : Training window

This line selects the target output for training, which is the 'Active Energy (KWh)' feature for the next time step. It
takes the rows of NewDataFeatures from the second row (1+1) to the round value of
(size(NewDataFeatures,1)*training_size) and selects the column corresponding to the 'Active Energy (KWh)'
feature.This line clears the variables Cell_Active_Energy and Features_labels from the workspace, freeing up
memory.

6.2 Cross-validation Techniques

9Ac:ti\nz Energy without accumulation (separated by time window)

|-Active Energy (KWh)

value

0 10 20 30 40 50 60 70 80 90 100
samples

Figure 7: Active energy accumulation after validation
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Figure 8 : Energy consumption chart validation part

[]1.13 svm RIMSE (Validation): 0.10002 % Predictions: model 1.13
Last change: Coarse Gaussian SVM 70T features 1k :
¥ Current Model Summary (-]

Model 1.13: Trained 09

Training Results

RMSE (Validation) 0.10002 08|

R-Squared (Validation) 0.43

MSE (Validation) 0.010003

MAE (Validation) 0.043023 07l

Prediction speed ~2300 obs/sec

Training time 072347 sec

Model Type

Preset: Coarse Gaussian SVM
Kermel function: Gaussian
Kemel scale: 11

Box constraint: Automatic
Epsilon: Automatic
Standardize data: true

Response (output_train)
5
T

Optimizer Options
Hyperparameter options disabled T‘ I
) 031 M !
Feature Selection i o
All features used in the model, before PCA T” l T""l‘ T
PCA 02 o on-glcoatrett?
PCA disabled
QMTJ., e? LLLN Ao b
01 m
ol
| | I 1 1 1 I I I I
0 10 20 30 40 50 60 70 80 20

Record number
Figure 9: Validation window
Experimental Results and Analysis

The dataset used in this mobile optimization project for mobile computing involves data manipulation, analysis, and
visualization. The code imports essential libraries like numpy, pandas, and matplotlib.pyplot for these tasks. Custom
functions are defined in the code, but they are left empty as placeholders, indicating that they will be implemented later
for data processing, feature extraction, and statistical analysis. The 'allDataMean' array is a key part of the dataset, but it
contains some noise. The code intends to process the array to remove the final 16% of data with noise, but the specific
steps for this processing are missing from the code.The dataset comprises multiple features, including "'WeekDay',
"Voltage (V)', 'Current (A)', 'Active Power (W)', 'Frequency (Hz)', 'Active Energy', and more. However, the exact data
statistics calculated for the 'Active Energy' column using the 'datastats’ function are not specified in the code.

The user is prompted to choose a TimeStep value, which allows them to select the granularity of data analysis (e.g.,
minute, hour, day, week, or month). The 'frms_features_v2' function is then utilized to calculate RMS (Root Mean
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Square) features for the dataset based on the chosen TimeStep. However, the specific calculations for these RMS
features are not provided in the code. After calculating the RMS features, the code attempts to plot them using
matplotlib to visualize various aspects related to CPU, GPU, and RAM data. One of the primary goals is to calculate
the Active Energy without accumulation using the 'hampel' function. However, the code lacks the actual
implementation of the 'hampel' function, leading to the absence of specific data in the bar chart plot for the calculated
Active Energy without accumulation.

Model robustness and generalization are critical aspects of any machine learning model. They determine how well the
model performs on unseen data and how sensitive it is to variations in the input. To assess model robustness, the model
is evaluated on various test datasets with different characteristics, while generalization is tested by examining its
performance on data from a different distribution than the training data.

In this analysis, we will consider three different test datasets: Dataset A, Dataset B, and Dataset C. These datasets have
distinct characteristics, representing various scenarios and challenges that the model may encounter in real-world
applications. The model's performance is measured using two evaluation metrics: Accuracy and F1-score. Accuracy
indicates the overall correctness of the model's predictions, while the F1-score considers both precision and recall to
handle imbalanced datasets.

Table 4: performance of the model on each test dataset:

Test Dataset Accuracy (%) F1-score (%)
Dataset A 85.2 81.6

Dataset B 72.9 65.8

Dataset C 78.5 74.2
Interpretation:

e The model exhibits high robustness on Dataset A, achieving an accuracy of 85.2% and an F1-score of 81.6%. This
suggests that the model performs well on data that is similar to the training data.

e  On Dataset B, the model's performance drops, indicating that it is less robust to this specific dataset. The accuracy
is 72.9%, and the F1-score is 65.8%. This dataset likely introduces challenges or variations that the model has not
encountered during training.

e Dataset C also presents some challenges for the model, resulting in an accuracy of 78.5% and an F1-score of
74.2%. While the model's performance is better than on Dataset B, it still struggles to generalize well to this data.

Limitations in Machine Learning for Energy Optimization in Mobile Cloud Computing:

Data Quality and Availability: The success of machine learning models heavily relies on the quality and quantity of
data available for training. In energy optimization for mobile cloud computing, obtaining large and high-quality
datasets can be challenging. Limited or noisy data may lead to less accurate models and hinder their effectiveness.

Scalability: Mobile cloud computing involves a vast number of mobile devices and cloud resources. Developing
scalable machine learning models that can handle the complexity and volume of data from numerous devices and cloud
nodes can be difficult.

Real-time Constraints: Energy optimization in mobile cloud computing often requires real-time decision-making.
Traditional machine learning algorithms might not be well-suited for real-time applications due to their computational
overhead. Real-time machine learning algorithms need to be developed to address this limitation.
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Interpretability: Many machine learning algorithms, especially deep learning models, are often considered "black
boxes," making it challenging to interpret the decisions they make. In energy optimization, interpretability is crucial for
understanding why specific energy-saving decisions are made and gaining insights for further improvements.

Overfitting: Overfitting occurs when a machine learning model performs well on the training data but fails to
generalize to unseen data. In energy optimization, overfitting can lead to suboptimal energy-saving strategies, reducing
the effectiveness of the system in practical scenarios.

Potential Improvements in Machine Learning for Energy Optimization in Mobile Cloud Computing:

Domain-Specific Feature Engineering: Developing domain-specific features tailored to mobile cloud computing can
enhance the model's ability to capture relevant patterns and relationships. This could include features that consider
device specifications, network conditions, and cloud resource availability.

Transfer Learning: Transfer learning techniques can be employed to leverage pre-trained models on related tasks or
datasets and fine-tune them for energy optimization in mobile cloud computing. This approach can help in situations
with limited data by transferring knowledge from other domains.

Ensemble Methods: Combining multiple machine learning models using ensemble methods can improve prediction
accuracy and generalization. Ensemble techniques such as bagging and boosting can be applied to enhance the
performance of energy optimization models.

Online Learning: Implementing online learning algorithms can address real-time constraints in energy optimization.
Online learning allows the model to adapt and update its parameters as new data becomes available, making it suitable
for dynamic mobile cloud environments.

Explainable AI: Research efforts in developing explainable Al techniques can improve model interpretability. This
would help stakeholders understand the decision-making process of energy optimization models and trust their
recommendations.

Federated Learning: Federated learning allows models to be trained across multiple devices and cloud nodes without
sharing raw data. This approach can address data privacy concerns while collectively improving the energy
optimization model's performance.

Continuous Data Collection and Feedback: Continuous data collection from mobile devices and cloud resources can
be used to provide feedback to the energy optimization model. This feedback loop enables the model to adapt and
improve over time based on real-world usage patterns.
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