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Abstract: The need for smart homes with many devices and services continues
to rise quickly. With this surge, smart homes need task scheduling and
load-prediction algorithms to provide the proper services for the residents. A
deep learning-based dynamic job scheduling and load prediction technique for
cloud-fog smart homes is proposed in this paper. This algorithm forecasts task
arrival rates at each fog node and assigns them to available fog nodes. It
dynamically schedules tasks based on fog node workload. Another option is to
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send non-real-time jobs to the cloud and real-time tasks to the fog layer. This
optimises load distribution for performance. Using these task assignee models
and features, the program optimises prioritised tasks, scores, network latency,
and device resource characteristics. We simulate the algorithm’s performance
in various workloads in this part. The proposed algorithms achieved in higher
percentile for 93.79% latency, 95.00% throughput, 95.34% response time,
96.28% scalability, 94.20% fault-tolerance, 97.41% scheduling capacity,
91.41% load balancing capacity, and 95.22% priority management. The results
indicate that such an algorithm significantly surpasses the conventional task
scheduling methods in load balancing and shortens the average task response
time.

Keywords: cloud computing; fog computing; smart homes; task scheduling;
metaheuristic algorithms; deep learning.
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1 Introduction

The home users connected devices to control and monitor systems and appliances such as
lighting, heating, ventilation, air conditioning, security, and entertainment. Homeowners
can control these devices from a Smartphone, tablet, or computer, no matter where they
may be located (Ramezani Shahidani et al., 2023). Among the technologies fundamental
to smart homes is the cloud-fog hybrid architecture (Zanardo, 2024). Definition: cloud
fog should be a hybrid infrastructure of cloud computing and fog computing capabilities
(Talaat et al., 2022). A cloud is a remote server and network that stores information or
data and performs more and more work. Fog computing is the technology that pushes
computing and storage resources to the edge of the network (Sharma et al., 2023). Fog
computing is critical in the context of smart homes, where computing resources are
located in the house to process the data produced by sensors and control devices. On the
other hand, cloud computing is used for storage and management functions like data
analysis and prediction (Wang et al., 2024). There are many advantages to using cloud
fog architecture in smart homes (Thirunagalingam, 2024a). Fog computing also enables
real-time data processing by moving computation resources close to the devices and
sensors so that the data can be processed near the actual collection point instead of being
sent off to the cloud for processing (Salehnia et al., 2024). This is particularly beneficial
for time-critical applications like security systems, which need an immediate response
(Sayedelahl and Farouk, 2024).

Scalability is the leading business advantage of cloud fog architecture. Smart homes
could react immediately to changing uses and requests by utilising the resources of cloud
and fog computing (Abohamama et al, 2022). This minimises network
traffic-congestion-clearing resource data, which does not need to be sent to the cloud.
Shareholder-homes, the amount of data that needs to be stored and transmitted to the
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cloud (Nagarajan et al., 2021), also cost savings for homeowners. Chatbots have
flourished in the last few years due to technological advancements and the rapidly
growing popularity of the internet of things (IoT). We design homes with many tools and
systems controlled by a central hub/interface (Saxena et al., 2023). Adding to this
technology that has been introduced to enhance the functioning and efficiency of smart
homes is the home fog cloud (Salehnia et al., 2024). However, this architecture poses
several technical challenges that must be overcome to work correctly. The excessive
dependence of intelligent Home and cloud fog architecture on cloud servers is one of the
leading technical issues (Thirunagalingam, 2024b).

The cloud servers host the data collected from various sensors and devices in your
home and process it in the cloud (Soji et al., 2024). This might also cause latency issues
due to data required to transmit to and fro to the cloud server, which in turn will affect the
real-time response of the home automation system (Chhilar, 2023). Relying on the cloud
server leaves the smart home open to network outages or server downtime, resulting in
the system being out of action (Abinavkrishnaa et al., 2023). Another concern is the
potential threats to privacy and security data storage in the cloud poses. Smart homes
have been hacked many times, and cyber attacks are only growing (Anand et al., 2024).
This data includes personal information and behavioural patterns, but if it ends up in the
wrong hands, this information can be exploited. Further compatibility can introduce
trouble for integrating diverse devices and systems from different vendors (Memari et al.,
2022). This leads to the loss of data being transferred to another device, which can only
be processed in the right way if the devices respond correctly to each other. Finally, smart
homes only work if you have a stable internet connection and high-speed service; if you
experience connection loss, the smart home will be somehow affected (Minu et al.,
2023). While the cloud fog architecture provides many advantages for smart homes,
countless technical challenges must be thoroughly addressed for successful realisation
(Cirillo et al., 2023). It helps to successfully implement Smart Home environment task
scheduling and load balancing algorithms (Jasper et al., 2024). Dynamic task scheduling
and load prediction algorithms are essential to optimise energy consumption in a smart
home with cloud and fog architecture for sustainable homes (Nagaraj and Subhashni,
2023). These are done by using deep learning algorithms, which in turn automate the
entire process of scheduling and predicting (Rajasekaran et al., 2023). These algorithms
can broadly be classified into three types as follows:

e Supervised learning: The model is trained using a labelled dataset to predict future
tasks and load based on historical data. These algorithms use tech and neural
networks that process patterns and predictions accurately.

o Unsupervised learning: It enables models to create patterns or predictions based on
clustering and dimensionality reduction without unlabeled training or anomaly
detection. These algorithms are helpful in addressing problems where there is no
defined solution and would require discovering hidden patterns in the data.

e Reinforcement learning: In this approach, an agent learns through interactions with
its environment to maximise a reward. An agent interacts with its environment by
taking action, and as it receives feedback from the environment, it learns to make
better decisions in the future. Since this implementation realises quickly the
adaptation to surroundings continuously, it is in a position to optimise energy
consumption immediately.
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They can also be classified according to their architectures and implementations. In a
centralised approach, all the data is processed and stored in a central location, like the
cloud. In contrast, a decentralised approach distributes processing and storage over
multiple nodes, like fog nodes. There are also hybrid approaches that use both central and
distributed processing. The contribution of the proposed model is as follows:

e Minimising response time: One technical objective is to reduce the time taken to
respond to each task as to the corresponding suitable and available Resource. This
can drastically increase system responsiveness and user experience.

e Balance workload: The task scheduler tries to load balance so none of the endpoints
have an unnecessarily high load imposed on them. This approach will also prevent
potential bottlenecks and efficiently use all resources.

e Maximise throughput: Task scheduling and load balancing also help achieve
maximum throughput, which means getting as much work done as possible within a
specified time duration. Organisations can execute that by delegating assignments to
the available resources.

e Fault-tolerance: Load balancing also involves integrating failover measures for the
system to keep running when a resource fails or becomes unavailable.

e Scalability: The ability to scale the system in response to an increased workload or
additional resources. This needs reliable task scheduling to keep up with a growing
number of tasks and continue balancing the load.

2 Related words

Iftikhar et al. (2023) have discussed a sophisticated task-scheduling system using
Artificial Intelligence algorithms to support energy-efficient computing in cloud-fog
computing environments. It dynamically maps and schedules tasks to the most capable
resources while considering energy, processor, and network constraints, leading to better
performance and lower energy usage. Alizadeh Javaheri et al. (2024) have discussed the
architecture and show the use of reinforcement learning techniques to allocate resources
in a cloud. We use deep learning techniques to train a deep neural network to
autonomously decide when and how to distribute resources to be maximally beneficial
under the current and future workload. This method will increase the utilisation rate of
resources and achieve better performance and cost-effectiveness of cloud computing
services. Nethaji and Chidambaram (2021) Proposed resource optimisation in fog
computing is used to efficiently use computing, storage, and networking resources in a
fog environment. To improve the optimisation, the shift-invariant deep convolutive load
balancing method is applied to dynamically balance the workload among fog nodes to
reduce the latency and improve the performance; this enhances the efficiency and
cost-effectiveness of fog computing systems. Fahimullah et al. (2024) proposed a
machine learning-based solution for resource management in fog computing. They make
use of algorithms and statistical models to predict and optimise resource allocation in a
dynamic and heterogeneous setting. These solutions can aggregate data from tens or
hundreds of sensors and actuators, adding intelligence to their decision-making and
improving the efficiency and performance of fog computing systems. Yu et al. (2022)
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have discussed an efficient intelligent grid load balancing via fog and cloud computing:
A rough sets-based approach. The utilisation of fog (edge computing) and cloud
(centralised computing) to distribute electricity demand across different energy resources.
It will optimise energy use, lower costs, and increase the grid’s reliability, making the
smart grid more efficient and sustainable (Renjith, 2024).

Umair et al. (2023) have discussed energy management in smart homes using
fog-based IoT architecture. So, this architecture will employ fog computing to foster an
energy-aware environment, most notably in the house energy management scenario. It
provides real-time data analysis and decision generation that helps with the precise use of
energy and overall cost reduction. Taking artificial intelligence approaches to make
Offloading decisions is discussed by Abdulazeez and Askar (2023), where offloading
mechanisms rely on reinforcement learning and deep learning algorithms to apply Al
algorithms that make intelligent Offloading decisions in a fog computing environment.
These algorithms have a self-learning mechanism and adjust themselves automatically to
changes in network conditions to deliver best-in-class performance and resource
utilisation. The segmented random search-based batch scheduling algorithm has been
discussed as a novel method for task scheduling in fog computing, as depicted in Figure 1
(Hasan et al., 2024). To improve the overall system performance and the utilisation of
resources, random search and batch scheduling are proposed to be used in the distributed
fog environment to carry out the most effective resource allocation and task scheduling.
Shadroo et al. (2021), in two-phase scheduling for the IoT using deep learning has been
discussed. This is the deep learning approach that optimises task and resource allocation.
The models are trained in the initial phase to predict resource availability using a deep
learning approach. In the next phase, the expected availability of the tasks determines
scheduling for efficient resource use in the IoT environment. Raju and Mothku (2023)
presented a delay- and energy-aware task scheduling using Reinforcement learning for
optimising task scheduling in fog-enabled IoT applications. This paper optimises function
allocation to the fog nodes in terms of delay, analysing the impact on delay and energy
expenditure to achieve high performance and energy efficiency.

Using a decentralised prediction method, the design was generated by Shamsa et al.
(2024). This method of predicting and load distribution across cloud, fog, and IoT
devices helps balance the load efficiently. All aspects considered, these results in less
congestion in the network, better utilisation of resources, and scalability to improve the
sensitivity level of the system to changes in environmental conditions. Pal et al. (2023)
described the proposed intelligent task scheduling model (detailing the scheduling of IoT
and cloud) used for effective task reallocation of big data applications. It considers data
size, network bandwidth, and processing capability to utilise resources better and perform
at the best suit. The Mayfly-Taylor approach (Shruthi et al., 2022), which applies deep
reinforcement learning for dynamic task scheduling in a fog-cloud environment, was
reviewed. It balances the load between computing nodes to improve resource utilisation
and reduce task latencies. It also integrates real-time data to further its ability to make
essential decisions more effectively regularly (Karthik and Kavithamani, 2021). Recent
work showed that a Fog computing-based deep learning model continuously seeks
computing resources at the network’s edge to improve the operational efficiency and
flexibility of a WSN interfaced with a microgrid (Pal et al., 2023). These principles span
from load-balancing to help distribute the load evenly across different system parts to
anti-corruption layers that help maintain the separation. The technology is based on
advanced deep learning constructs that help to process and adapt the system for the best
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possible performance. We present the nature-inspired load balancing (NILB) framework
(Nayak et al., 2024) designed to enhance resource allocation and performance in fog
computing environments by borrowing the load balancing mechanism in natural systems
like ant colonies and bee swarms. The discussed behaviour of this framework, intelligent
load balancing across fog and cloud, leads to more optimum resource use similar to those
of these systems. Table 1 shows the comprehensive analysis.

Table 1 Comprehensive analysis
Authors Advantage Limitation
Iftikhar et al Optimises energy consumption and Some potential limitations of
(2023) resource allocation, leading to cost HunterPlus may include limited
savings and improved system support for diverse and complex
performance. computing environments, as well as
higher costs for implementing
Al-based solutions.
Alizadeh Javaheri Higher efficiency and reduced human Limited ability to adapt to changing
et al (2024) intervention in managing resources,  environments and handle unforeseen
resulting in cost savings and faster scenarios due to fixed training on
delivery of services. historical data.
Nethaji and Effective utilisation of edge devices  Limited applicability to systems with
Chidambaram and balanced distribution of highly unpredictable or dynamic
(2021) computing tasks leads to improved workloads.
system performance and user
experience.
Fahimullah et al. Machine learning can adapt and One limitation is the potential for
(2024) optimise resource allocation based on biased decision-making due to the

Yu et al. (2022)

Umair et al.
(2023)

Abdulazeez and
Askar (2023)

Hasan et al.
(2024)

dynamic environmental factors,
leading to more efficient and
effective use of resources.

Efficient smart grid load balancing
via fog and cloud computing allows
for optimal utilisation of resources,
leading to improved energy
efficiency and reduced costs.

Energy management in smart homes
provides real-time control and
optimisation of energy usage,
resulting in increased efficiency, cost
savings, and reduced environmental
impact.

Offloading mechanisms using RL
and DL algorithms optimise resource
allocation and improve performance,
scalability, and energy efficiency in
heterogeneous fog computing
environments.

Efficient utilisation of resources due
to selective random search helps
optimise the allocation of tasks to fog
nodes.

reliance on historical data and pre-
defined algorithms.

The dependency on stable internet
connectivity for data transmission
can affect the performance and
efficiency of the system.

High dependency on stable internet
connection and power supply,
making it vulnerable to disruptions
and outages.

The reliance on pre-determined
reward functions and trained models
may not fully capture the dynamic
and unpredictable nature of fog
environments.

The algorithm does not consider
deadline constraints for tasks and
only prioritises energy efficiency.




An effective algorithm for predicting load and dynamic task scheduling

Table 1

Comprehensive analysis (continued)
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Authors

Advantage

Limitation

Shadroo et al.
(2021)

Raju and Mothku
(2023)

Shamsa et al.
(2024)

Pal et al (2023)

Shruthi et al.
(2022)

Karthik and
Kavithamani
(2021)

Nayak et al
(2024)

Effective resource allocation and
better network management due to
advanced decision-making and
adaptive scheduling algorithms based
on deep learning.

Optimises task execution time and
energy consumption for better overall
system performance.

Improved system scalability and
adaptability, as each device can make
autonomous predictions based on
local information without centralised
control.

Improving resource allocation and
reducing latency, leading to more

efficient and timely processing of
large amounts of data.

Adapts to changing workloads and
resource availability, providing
efficient and accurate scheduling for
fog-cloud computing environments.

Fog computing-based deep learning
allows for real-time decision-making
and adaptability, enhancing load
balancing and efficiency in
microgrid-connected WSNs.

Efficient resource utilisation results
in improved performance and cost
savings.

Unpredictable network conditions
and device failures may result in
inaccurate predictions and cause
scheduling inefficiencies.

The performance of the
reinforcement learning algorithm is
highly dependent on the quality of
the initial policy.

Improved system scalability and
adaptability, as each device can make
autonomous predictions based on
local information without centralised
control.

Scheduling may be affected by
network failures or delays, leading to
inaccurate or suboptimal task
allocation and execution.

Limited ability to handle sudden
changes in workload and resource
availability due to its reliance on
historical data.

The reliance on stable and reliable
network connectivity can hinder the
performance of the model in remote
or low-connectivity areas.

The study does not consider the
impact of varying network conditions
or sudden failures on the load-
balancing algorithm.

2.1 Research motivation

e Scalability: The cloud and fog infrastructure is growing rapidly; scheduling tasks and
load balancing must be able to scale accordingly. This includes task management in
the presence of multiple fog nodes, load variability, and changes in the network

environment.

e Communication overhead: Tasks in fog environments may run across various nodes,
which are distributed geographically; this results in high communication overhead.
This will affect the performance and efficiency of the system and needs to be
considered when scheduling tasks.

e Heterogeneity: The fog environment comprises heterogeneous devices and
resources, such as sensors, mobile devices, and cloud servers. It must provide a
scheduling system to delegate tasks depending on the capabilities, constraints, and
connectivity of devices.
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o Task prioritisation. In a cloud-based fog environment, there can be a blend of
different tasks, each with a different priority. The scheduling and load-balancing
mechanisms must be aware of these priorities and allocate resources accordingly to
ensure that high-priority tasks are completed promptly.

e Fault tolerance: When a node goes down or a network partition happens, fault
tolerance is essential for task scheduling and load balancing. It fixes the issue by
redirecting requests to other live nodes and preventing the load balancer, ensuring
data consistency and QoS replication.

2.2 Novelty of the proposed algorithm

This paper proposes a deep learning-based algorithm that continuously monitors and
evaluates the task load for tasks within smart home environments based on local and
external contextual information. This allows for effective scheduling and dispatching of
tasks among nodes such as cloud and fog in order to optimise performance and energy
consumption. The algorithm intelligently learns over time, taking into account various
changing parameters like occupants coming and going along with external weather
conditions, which makes sure that the tasks are executed at low overhead in an efficient
and optimum manner and on time. This supports embedded systems, smart home devices,
and cloud/fog resources to create a reactive and energy-efficient environment for users.
This innovative method in computer science uses deep learning in task scheduling and
load-prediction algorithms. This unique design leverages a neural network to reallocate
resources and actively balance workloads in real. The proposed algorithm continuously
learns and adapts to current conditions, distributing tasks to various nodes with minimal
overhead. Not only does this lead to better state-level performance, but it also gives you
an extreme level of scalability. Old quantified task scheduling and load balancing
operations are rule garden and heuristic driven, which can also end up with some
suboptimal results. Using deep learning, this algorithm can efficiently utilise resources
and increase efficiency in various complex distributed systems. This technical novelty
can have a revolutionary impact on managing task scheduling and load balancing in
modern computer systems.

3 Proposed model

The proposed algorithm targets task scheduling and load predicting in smart homes. The
system will calculate the load in the house, and given this data, it will more efficiently
predict and distribute resources. Cloud fog architecture helps distribute the data
processing and task execution between the local end device and the cloud, which will
increase execution performance and substantially reduce overall execution latency.
Another algorithm that accounts for power consumption and resource feasibility is that
the system can run efficiently and sustainably. It is used to improve task execution and
user experience in smart homes.
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3.1 Construction

The convlD layer is a convolution network used in deep learning models to analyse
sequential data. This is done by creating a filter on the input data that moves across the
sequence and computes the dot product at each step. This makes it a layer of attraction to
extract data patterns and features. The filter parameters are discovered during training;
hence, they can differ completely for each data set. The ConvlD layer then takes the
result and outputs another sequence of feature maps, which another layer can use. This
introduces adjustable depth of the feature maps, making it possible to extract more
differentiating features as required around the last layer united with the previous layer.
Conv1D is an essential operation in deep learning and helps extract such information
from sequential data, leading to good performance on this model type. A Dilated Conv1D
layer is a convolutional layer used in deep learning. This is a one-dimensional layer used
to analyse time series or 1D data, such as audio signals. The Dilated Conv1D operation
works similarly to the joint convolution operation. Applying a filter kernel to the input
data, computing a dot product for each step. In this case, a series of values in the kernel
will be spaced much further apart, which causes the receptive field to grow even more.
This layer can learn information from a more extensive input signal range. This more
significant expansion of the dilation rate allows the layer to increase its receptive field
without incurring additional parameters and thus fully use its more parameters. This
makes it worthwhile to use sequence data, as it can learn long-term dependencies.
Furthermore, this layer can be stacked, and an input to the CNN on top of another CNN
will have a broad receptive field, which enables it to learn more accurate long sequence
patterns, making it a key component for modelling complex sequential data. So, as per
the above step 1, the construction of the proposed model is shown in Figure 1.

Figure 1 Construction of proposed model (see online version for colours)

Usage Pattern Extraction

Dilated Sub-
ConvID sampling

: Dilated Sub-
ConvID | Gy — sampling

Input —1—

LSTM ., Dense ., Dense __, Output

Sub-sampling is also a crucial operation in signal processing and data compression. It
essentially decreases the resolution or the size of a signal or a data set without losing its
basic information. This is done by taking a subset of the original data and dropping the
rest. The two most common types of sub-sampling used today are downsampling and
Decimation. They sample the signal’s sample rate by selecting samples at a regular
interval and decimating samples from every nth sample. Both perform dimensionality
reduction on a signal or a data set to compress its size while retaining most of its
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characteristics. It is helpful for applications where the original data is too big to be
processed efficiently or when a lower resolution is acceptable. It is crucial in many fields,
such as image and video compression, audio processing, and data storage. LSTM cell has
the input gate, the forget gate, and the output gate, which regulate the flow of
information. The input gate governs the input, the forget gate governs data discarding,
and the output gate determines the upcoming new states to be shown. They make the
LSTM cell well-suited to learning and predicting one step in time series forecasting tasks,
such as speech-to-text, language translation, and sentiment analysis. Dense layers in deep
learning models are a final approach for producing a desired output. This is a thick layer;
all neurons are connected to every neuron in the prior layer. A layer gets data as input and
outputs a tensor of new data. The weights and biases represent the learned aspects of the
model, and the activation function introduces nonlinearities. This transforming process
enables the model to understand nonlinear interaction and predict the data originating
from hidden distributions. The dense layer is responsible for translating the input data to
the output point with some mathematical functions.

Figure 2 Task scheduling in fog computing (see online version for colours)
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3.2 Task scheduling in fog computing layer

Eventual Task scheduling can process on-demand function processing on the fog
computing layer. So, it is about putting a specific input in and getting an expected output
out, with all the in-between steps involved. It usually starts with data collection and
preliminary organisation, followed by the analysis and manipulation of data by
implementing various algorithms and techniques. This can range from sorting, filtering,
and calculations to other configurations happening on data. Resultantly, it generates and
saves output for further use or analysis. The accuracy of the input data, the methods and
algorithms used for processing, and the scheduling in the fog computing layer all
determine the outcome of a processing task. Decision-making is an important activity
associated with much thought (comparing and contrasting) and selecting the best from



An effective algorithm for predicting load and dynamic task scheduling 65

different alternatives available. Making a decision often follows several steps that are
taken in the sequence of identifying the problem, gathering information, identifying the
other options, and evaluating the alternatives to choose and the best solution. There can
be personal hang-ups, emotions can get in the way, and external factors may discourage
the outcome. Making decisions, on the other hand, increases or decreases in complexity
subject to the fact that it can be rational or unconscious. Decision-making includes
running through the cascade of results each option will bring and choosing an option that
aligns with your objectives and values. This is complicated; it involves cognitive rational
thinking and cognitive or non-cognitive intuitive thinking. Figure 2 shows the task
scheduling.

Predictive task information (PTI) is a data analysis, interpretation, and forecasting
effort to capture the predicted output of a task or project. These can be economic
indicators, e.g., historical data, market trends, or other expert’s views. This step lists
potential risks/threats or challenges that might lead to task failure. This is done using
specialised tools and techniques — data mining, statistical modelling, and machine
learning algorithms. Such analysis results will assist stakeholders in making wise
decisions to follow risk management techniques and to succeed in the chosen project. PTI
is constantly being updated with new data, which keeps one vigilant against potential
changes. Rep. Task scheduling algorithm is shown below.

Algorithm 1: Task scheduling for fog computing layer
INPUT: Tasks (t1,t2,...,tn);

Output: Scheduling Tasks (ST);

START

Initilize_Task Queue (TQ);

ifTQ==

CALC Priority (P);

tn = extract (candidate, root);

Execution (E) = Comm.Root + Avl.candidate;
Schedule_task (tn);

else f TQ==0;

Then CP (Candidate Pool) assigned to root;
Display “Empty Queue”;

11 END

o 0 1N N AW N -
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According to the algorithm, the input is a list of tasks (tl, t2,.., tn), and the task is to
output a scheduling of these tasks (ST). Initially, initialise a task queue (TQ) and check if
the number of tasks in the queue equals the total number of tasks (n). If the queue is not
empty, the algorithm calculates the priority of each task (P) and extracts the candidate
task (tn) from the root of the queue. Then, it decides to execute this task, considering the
communication with the root and its candidate availability. The task is Scheduled and
dequeued. Thus, the algorithm assigns CP as the root and prints an empty queue message
if the queue is not empty -meaning some tasks are waiting to be scheduled. After all the
tasks have been allocated, the algorithm is terminated. In short, the algorithm schedules
tasks more expedited, considering the priority, execution, and inlet availability of the
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tasks. This prevents an empty TQ so all tasks are still correctly first specified and
appended for execution.

quezj length(z, )

ET(zj)zzqi/eszxtTime(q[j): CPU(Z-) )
J
length(z;
ExtTime(qii) :W((z; 2)

where Z is the task, and j is the slot number, and ET is the execution time. The task’s
duration is expressed in terms of the amount of instructions. And the rate that is utilised
to run each cloud virtual machine (VM). Make span, which is the highest value of each
VM’s execution duration, can be computed using

Makespan = Max(ExtTime(zj )), 1<j<x 3)
The lower bound of the makespan, or the shortest amount of time the system needs to

finish all jobs, is called the min makespan. Min Make span is determined via

MinMakespan = Min(ExtTime(zj )), I<j<x 4

Fitness function in terms of makespan D, can be calculated by,

D = MinMakespan 5)
Makespan

The cost of requesting to be processed by the job is the second objective, and it may be
computed using the costs associated with CPU, memory, and bandwidth utilisation.
When processed, the estimated cost can be computed using

Cost(g; )= (b1 * ExtTime(q; )) + (bz * ExtTime(q; )) + (b3 * ExtTime(q; )) (6)
where are the costs associated with CPU, memory, and bandwidth utilisation per unit in

vi, respectively. The total cost( ) can be computed as the total of all jobs that are
processed on all VMs.

QOCost = 2;2;:1 Cost(qi/) 7

MinQCost = Zq_eQMinCost(qi)

= inl < j <x(Cost ®)
_Zqijegmln <j _x( oS (qi].))
_ MinQCost
b, = QCost ©)

If the task is dispatched as requested, we can determine how much memory is used,
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LX,
RX; = AX , +——1 (10)
ox;
LB,
RB; = AB; +— L (11)

J

where AJX; is the amount of memory usage before executing the task zj; 4B; is the amount
of CPU usage before executing task z; at the j in VM.
VM utilisation evaluation (ZI¥}) can be calculated by,

wy )

D, =7ZW. = * 12

P T1-RX, 1-RB, (12)
where are the corresponding weights = 1 in this research.
RG =) ZW, (13)
> RG,
AR =550 14)
e
D= |RG,-4R (15)

where RB; is the amount of memory usage after executing task zj; LX; is the amount of
CPU usage after executing task X; at the j VM; OB; is the amount of disk space used by
task Z at the j» VM. The weighted average of every fitness function is computed to form
the fitness function. In, the suggested fitness function (D) is displayed.

D:(J’l*D1)+(J’2*D2)+(73*D3) (16)

where the coefficients balance makespan, total cost, and resource usage, a better solution
is obtained by maximising the utility function (G).

O(k,a,) = (1= (ky.a, )+ a1, +ymax,.; O(kyusay) | (7

A TQ is a solution for distributed systems to schedule and receive tasks in an orderly
manner. Its purpose is to optimise the flow of work, learn tasks in a queue, and be
processed in a fashion. Once a process or application wants a task to be performed, the
queue chooses the next available task and gives it to a worker. It guarantees that
operations are conducted in an organised and orderly manner. A prevalent error handling
and monitoring feature set is usually part of TQs to keep the system running smoothly.
These things combined so bottlenecks are averted, and the electricity goes great where it
wants to move. Queue to hold and manage computations to be processed. It operates on
the first-in-first-out (FIFO) principle, which means the task added to the queue will be
executed first. When added to the queue, a computation is given a priority score based on
properties like complexity and urgency. The tasks/operations that constitute queue e are
sorted based on this score for scheduling and resource allocation. After finishing a
calculation, the next in the line is executed. It guarantees that computations are done
smoothly, making it a good choice for executing complex laxores subject to evangelistic
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kick-off dates. The Transmission queue is one of the essential parts of communication
during messaging. The queue is a transient buffer where the outgoing messages that must
be sent to other systems or applications sit. A transmission queue moves a message from
a format queue to a queue on a matched machine. When that message achieves the queue,
it gets a novel Identifier and is put in a FIFO design. That ensures in-order delivery of
messages. It also recovers the messages sent and received using NOPING. It also handles
errors during the transmittal process and reliably delivers messages. Transmission queue
is essential in data movement between systems with minimum human intervention.

Figure 3 LSTM-based load prediction (see online version for colours)
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3.3 LSTM based load-prediction

The model utilises special memory cells, LSTM cells, to learn long-term dependencies in
the data. So, it can selectively remember some cell input for previous time steps, thus
having cells that can learn deep patterns and relationships in the data. The model receives
a sequence of input data, sequences it through multiple layers of LSTM cells, which can
operate as a series of temporal dependency layers, and, slightly after the sequence, lands
a single prediction for the following data point. While training, the model learns to adjust
its parameters such that the differences between the accurate predictions and its
predictions are minimised, with the goal of making sure those predictions are valid for
future unseen data. In computer programming, random action is a process in which a
specific action is decided and chosen randomly without front knowledge. This is usually
done in algorithms and programs that need some randomisation, for example, in Al or
simulation programs. Figure 3 illustrates this for the LSTM-based load prediction.

For random act, which means the call as a random number generator, this generates a
sequence of numbers. This sequence is then utilised to determine which among a group
of possible actions was the action taken. What is mind-blowing about this is that every
time it executes the random action, it will reach different results, making our program
more unpredictable. Load prediction algorithm is shown below:
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Algorithm 2: Load prediction
START
INITIALIZE Input Loads (11,12,...,In)
Compute Network.Load (NL);
if (P.ct == Available)

then combine priority loads;
P.pl = P.pl + load.ip;
UPDATE P.pl;

Else

then combine all loads;

NL =P.pl + p.npl + ip;
UPDATE NL;

return P.pl, P.nl;

13 END

o 0 NN AR W N -

e
N = O

The START algorithm is used for computing /, b,..., [,, starting with the initialisation of
loads loaded. 1. It then calculates the network load (NL) by calling the LOAD function. It
will check for the available priority loads (P.ct == Available) and combine those priority
loads by adding the new load (IP) with the existing priority load (P.pl). Then, the
algorithm will modify the priority load (P.pl) with the new joint load. Otherwise, with no
priority loads left, the algorithm would merge all the loads and add a new load (IP) with
the current NL. Then, the algorithm will update the NL with the sum of loads. The
algorithm ends with returning the P.pl and NL. A portable algorithm for the management
and scheduling of various loads throughout a network, the algorithm may be configured
to ensure that high-priority loads are treated preferentially. The proposed algorithm
intends to find the optimal solution here. It is possible to calculate the Q-value using the
following formula,

Oy (kyv,) = Oy, )+ +ymax,, [0, (0(kyea,). ;) | -0, (kyva,) | (19)

m?vi =m™" + rand(0,1) *(m;m" —m™" ) (19)

Using, the employed bees locate the neighbouring source of the current source during the
load phase.

24, =m], +rand [-1,1]* (m_j?’i —mf,i) (20)

Z?,i = m;{,s + ¢j({lllq '(m?,s - szS,S ) (21)
0 0

ZZ:I VMprr = ZZ:I(VMmip: + VMLpu + VMmem ) (22)
! V(’n

GDVz,t = % (23)
TN

=1 prr
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The time it takes to allocate job w to task v is known as the task allocation time, and it is
based on the task file size in relation to the VM’s bandwidth, as shown in

VI, =V, TN, (24)

DV,,=GDV, +VJ,  +CT, (25)

CT,

z,t

a {1, if v, is allocatedto TN, 26)

0, Otherwise

The total number of tasks and task duration that the VM currently has relative to its
capacity determines the load of the VM.

TN ppy =TN . +TN, 27)
Vo XV g XV g
TN, =———— (28)
TNcapa
™y = Z[:ITNid (29)

Every task in this action area has its VM to run it on. There are several bits of
information associated with each activity, including the quantity, duration, and size of the
files. We can refer to our action space as follows:

=V VgV (30)

The reward function in our approach is defined by minimising both the task completion
time on a particular VM and energy usage. The prize is shown in

L, —{mlnDV +Gmm} @31
Q-networks’ parameters can be updated by reducing the loss function. The loss function
may be built using equation (22), and the target state-action value function can be
established using equation (23), respectively.

2
R(6) = G (1arget, -5 (g,./,:0)) | (32)
target _l +VmaxS (qVJrlﬂij;e,) (33)
0,=G,/G, (34)

Prediction action is a process by which we predict future outcomes with the help of
statistical models and data analysis techniques. This is the disaggregation of vast amounts
of data, interpreting the emerging patterns and trends, and using this data to project future
developments. The problem was to define the objective of prediction. The first thing to
do is to separate the power of the bandwagon. This is accompanied by data collection,
cleaning, and preparation. These datasets are subjected to statistical models that can make
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predictions based on this data. The point is that these predictions can be operationalised
to make a better decision and outcome. Thus, the correctness of the predictions relies on
the quality of the data and the selection of the proper statistical models. Predicting means
estimating the result of any event or situation based on what we know. It is the process of
examining the prior patterns, trends, and relations among variables to make an educated
guess about the future.

4 Results and discussion

The performance of the proposed algorithm has been compared with the multi-objective
load balancing approach (MOLBA), effective scheduling algorithm (ESA), two-stage
optimal task scheduling (TOTS), real-time task scheduling algorithm (RTSA), optimal
task scheduling method (OTSM) and latency aware task scheduling algorithm (LTSA).
The smart home datasets were simulated, and the python simulator was used to
implement the results. Training/test split: 80% of samples are training, and 20% are
testing.

4.1 FEstimation of latency

The latency estimation is computing the time required to complete a task (run through all
the resources for this purpose). Deep learning techniques are used for this, where the type
of task and its complexity, available resources, and network bandwidth are some factors
that influence it. The algorithm estimates the latency accurately to permit dynamic task
scheduling and load balancing across multiple smart home devices and resources. Table 2
expresses the latency estimation between the proposed and existing models.

Table 2 Estimation of latency (in %)

No. of inputs  MOLBA ESA T0TS RTSA OTSM LTSA Proposed
100 67.23 77.09 78.51 73.57 56.56 79.34 88.22
200 68.86 78.83 80.14 75.31 58.14 80.76 89.51
300 69.34 81.17 80.62 77.65 60.34 82.02 90.52
400 70.63 81.98 81.91 78.46 61.97 84.01 91.41
500 72.74 84.27 84.02 80.75 63.11 86.48 91.78
600 74.23 86.20 85.51 82.68 65.31 87.92 93.42
700 76.04 87.93 87.32 84.41 66.46 89.64 93.79

Figure 4 illustrates the assessment of latency. The current values of MOLBA were
76.04% (in an estimation interval), 87.93% (ESA), 87.32% (TOTS) (RTSA) 84.41%,
OTSM 66.46%, and LTS latency 89.64% in the estimation interval. The latency that the
proposed algorithms achieved was 93.79%. As a result, this reduces delays, ensuring that
resources are used effectively, and thus, the overall performance of the system is better.
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Figure 4 Estimation of latency (see online version for colours)
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4.2 Estimation of throughput

Throughput estimation refers to predicting how much the system can take and process
tasks. This can be predicted by analysing the algorithm’s efficiency in task distribution,
resource allocation, and task execution time. However, its efficiency is counterbalanced,
more tasks are completed and faster with time to complete per task via simulation and
empirical evaluation of the algorithm on task completion (Integer). Table 3 shows the
estimation of throughput between the proposed model and the existing model.

Table 3 Estimation of throughput (in %)
No. of inputs ~ MOLBA ESA T0TS RTSA OTSM LTSA Proposed
100 49.96 78.01 61.24 74.49 65.22 80.42 89.97
200 51.45 79.98 62.73 76.46 67.64 82.62 89.96
300 52.25 81.11 63.53 77.59 68.05 83.42 91.16
400 54.58 82.30 65.86 78.78 69.65 84.09 91.64
500 55.59 82.69 66.87 79.17 71.97 85.52 93.07
600 56.23 84.21 67.51 80.69 73.22 86.61 94.23
700 56.89 84.45 68.17 80.93 75.95 87.09 95.00

Figure 5 provides a deep analysis of throughput estimation. The existing MOLBA in an
estimation interval reached 56.89%, ESA reached 84.45%, TOTS reached 68.17%, RTSA
obtained 80.93%, OTSM reached 75.95%, and LTSA reached 87.09% Throughput. The
throughput achieved by the algorithms of the different algorithms is 95.00%. Such an
estimate can help choose the best parameters for the algorithm to try to reach the highest
performance by passing the most significant throughput of a smart home system.
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Figure 5 Estimation of throughput (see online version for colours)
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Response Time Estimation deals with how fast the system will assign and distribute
computing tasks in a smart home. This estimated mission considers the complexity of
functions, the computational resources available, and how practical the deep-learning
algorithm is at making real-time decisions. With this estimation in place, the system will
be able to utilise the most effective resources to allocate and distribute these tasks,
leading to quicker and more efficient response times for smart home devices and services.
Estimation of response time between proposed and existing from Table 4.

Table 4 Estimation of response time (in %)
No. of inputs ~ MOLBA ESA T0TS RTSA4 OTSM LTSA Proposed
100 59.85 73.91 71.13 70.39 65.06 79.41 90.32
200 61.48 75.65 72.76 72.13 66.64 80.83 91.26
300 61.96 77.99 73.24 74.47 68.84 82.09 92.27
400 63.25 78.80 74.53 75.28 70.47 84.08 93.16
500 65.36 81.09 76.64 71.57 71.61 86.55 93.53
600 66.85 83.02 78.13 79.50 73.81 87.99 94.57
700 68.66 84.75 79.94 81.23 74.96 89.71 95.34

Figure 6 illustrates the response time estimation. The existing MOLBA acquired 68.66%
in the estimation interval, ESA acquired 84.75%, TOTS reached 79.94%, RTSA acquired
81.23%, OTSM 74.96%, and LTSA reached 89.71% response time. The proposed
algorithms got a 95.34% Response time. The ability to take action on received
notifications is essential for maintaining a frictionless user experience and improving the
performance of the whole smart home system.
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Figure 6 Estimation of response time (see online version for colours)
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4.4  Estimation of scalability

Scalability can be examined by its ability to manage more tasks and devices efficiently.
Performance can be quantified through the algorithm speed, resource usage, and the
accuracy of task allocation over different fog and cloud nodes. Scalability The
algorithm’s adaptability to changes in network dynamics, like devices connecting and
disconnecting and their change in data rate with time, deduces its scalability. Table 5
shows the estimated scalability between the proposed and existing models.

Table S Estimation of scalability (in %)

No. of inputs  MOLBA ESA TOTS RTSA OTSM LTSA4 Proposed
100 58.59 81.65 69.87 78.13 72.62 87.85 89.23
200 58.92 83.15 70.20 79.63 73.21 89.72 90.27
300 60.26 84.26 71.54 80.74 74.19 90.55 92.40
400 61.40 84.64 72.68 81.12 75.40 91.46 93.36
500 62.45 85.65 73.73 82.13 76.54 92.38 94.93
600 63.16 86.58 74.44 83.06 77.65 92.71 95.17
700 64.46 87.58 75.74 84.06 78.35 93.58 96.28

Figure 7 shows the scalability estimation output. In a prediction interval, the current
MOLBA attained 64.46%, ESA had 87.58%, TOTS 75.74%, RTSA 84.06%, OTSM
78.35%, and LTSA 93.58% Scalability. The algorithms above resulted in 96.28%
Scalability. This is where the scalability of an algorithm in real-world conditions also gets
determined, as well as how well the algorithm handles a diverse set of tasks and devices.
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Figure 7 Estimation of scalability (see online version for colours)
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4.5 Estimation of fault-tolerance

The fault tolerance will be evaluated by how well the algorithm can tolerate unexpected
errors or failures during these tasks. We achieve this simulation by running the algorithm
on multiple fault scenarios and capturing the time tasks are completed, the number of
functions each node executed, and the ratio of resources used vs. resources provided. In
addition, the algorithm under the enormous workload can carry out tests for durability
and scheduling tasks, and load balance ability was evaluated. Table 6 shows the
estimation of fault tolerance between the proposed and existing models.

Table 6 Estimation of fault-tolerance (in %)
No. of inputs  MOLBA ESA TO0TS RTSA4 OTSM LTSA Proposed
100 60.89 83.95 72.17 80.43 69.22 85.11 89.14
200 61.22 85.45 72.50 81.93 69.81 86.98 90.15
300 62.56 86.56 73.84 83.04 70.79 87.81 90.31
400 63.70 86.94 74.98 83.42 72.00 88.72 91.27
500 64.75 87.95 76.03 84.43 73.14 89.64 90.84
600 65.46 88.88 76.74 85.36 74.25 90.97 92.04
700 66.76 89.88 78.04 86.36 74.95 92.05 94.20

Figure 8 shows an estimation of fault tolerance. By the time that an estimate interval is
done, the MOLBA had achieved 66.76%, the ESA had been 89.88%, TOTS obtained
78.04% RTSA and 86.36%, OTSM had 74.95% and the LTSA had been 92.05%
fault-tolerance. Also, their proposed algorithm achieved 94.20% for fault-tolerance.
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When analysed and measured, these factors can provide the fault-tolerance of the
algorithm, which is to be considered for implementation in cloud fog architecture for

smart homes.

Figure 8 Estimation of fault-tolerance (see online version for colours)
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4.6 Estimation of scheduling capacity

Scheduling capacity is the upper limit on the amount of work the system can do in a
given period. This requires the analysis of the processing and memory capacities of the
fog nodes and those of the cloud servers, in addition to the deep learning tasks’
complexities. The algorithm will compute the best distribution of tasks to the application
using the fog nodes and cloud servers to perform load balancing and execution efficiency.
The estimation of scheduling capacity between the proposed and existing models is
shown in Table 7.

Table 7 Estimation of scheduling capacity (in %)
No. of inputs  MOLBA ESA T0T1S RTSA OTSM LTSA Proposed
100 56.85 88.00 68.13 84.48 77.76 92.30 94.41
200 56.96 87.98 68.24 84.46 77.93 92.57 94.91
300 57.07 87.96 68.35 84.44 78.10 92.84 95.41
400 57.18 87.94 68.46 84.42 78.27 93.11 95.91
500 57.29 87.92 68.57 84.40 78.44 94.38 96.41
600 57.40 87.90 68.68 84.38 78.61 95.65 96.91
700 57.51 87.88 68.79 84.36 78.78 96.92 97.41
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Figure 9 Estimation of scheduling capacity (see online version for colours)
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Figure 9 shows the estimation of scheduling capacity. The existing MOLBA had a
scheduling capacity of 57.51% in the estimation interval, while ESA was 87.88%, TOTS
68.79%, RTSA 84.36%, OTSM 78.78%, and LTSA 96.92%. The results obtained from
the scheduling capacity for the proposed algorithms were 97.41%. This estimate allows
you to use resources better and make the system capable of handling the workload
without any performance degradation or delays in task execution.

4.7 Estimation of load balancing

Load balancing is the efficiently distributed technique through task allocation and
resource management within a smart home environment. It employs deep learning
algorithms to analyse user preferences, available resources, and network conditions to
assign tasks to the most appropriate device dynamically. It also helps balance the
workload across various pieces of hardware to ensure that the resources are used most
effectively. Table 8 shows the estimation of load balancing capacity between the
proposed and existing models.

Table 8 Estimation of load balancing capacity (in %)

No. of inputs  MOLBA ES4 T0TS RTSA OTSM LTSA Proposed
100 56.98 87.10 68.26 83.58 77.20 95.27 97.79
200 53.88 84.27 65.16 80.75 73.86 91.76 96.56
300 50.78 81.44 62.06 77.92 70.52 88.25 95.33
400 47.68 78.61 58.96 75.09 67.18 84.74 94.10
500 44.58 75.78 55.86 72.26 63.84 81.23 93.87
600 41.48 72.95 52.76 69.43 60.50 77.72 92.64

700 38.38 70.12 49.66 66.60 57.16 74.21 90.41
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Figure 10 Estimation of load balancing capacity (see online version for colours)
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Figure 10 depicts the estimated load balancing capacity. MOLBA achieved 38.38%, ESA
achieved 70.12%, and TOTS achieved 49.66% Load balancing capacity in an estimation
interval. RTSA got 66.60%, OTSM achieved 57.16%, and LTSA achieved 74.21% Load
balancing capacity. The load balancing capacity achieved by the different algorithms
proposed was 91.41%. It even helps conserve power consumption and make the smart
home system more performance efficient and a better home for the users.

4.8 Estimation of priority management

Managing priorities is determining which tasks are of higher value and need to be done
sooner. In a cloud fog facility, this process is kept to ensure the accessibility of resources
and implementation of undertakings at due time. To estimate priority management, it is
necessary to review the workload and specific specifications of various tasks, such as
computing and communication requirements, and to prioritise them according to their
level of importance. Table 9 illustrates the importance of priority management estimating
with the proposed and existing models.

Table 9 Estimation of priority management (in %)
No. of inputs  MOLBA ES4 T0TS RTSA4 OTSM LTSA Proposed
100 52.68 82.95 63.96 79.43 73.13 90.44 96.18
200 52.07 82.12 63.35 78.60 72.24 89.90 95.61
300 51.66 81.72 62.94 78.20 72.16 89.60 95.91
400 51.12 81.03 62.40 77.51 71.54 89.14 95.63
500 50.61 80.42 61.89 76.90 71.05 88.72 95.49
600 50.10 79.80 61.38 76.28 70.57 88.30 95.36

700 49.59 79.19 60.87 75.67 70.08 87.88 95.22
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Figure 11 Estimation of priority management (see online version for colours)
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Figure 11 provides the priority management estimation. The current MOLBA reached
49.59% in an estimation interval, ESA reached 79.19%, TOTS reached 60.87%, RTSA
obtained 75.67%, OTSM reached 70,08%, LTSA reached 87,88% priority management.
The algorithms received priority management of 95.22%. Table 10 shows the
convergence of performance.

Figure 12 shows the convergence of performance. The proposed algorithm has
provided 93.79% latency, 95.00% throughput, 95.34% response time, 96.28% scalability,
94.20% fault-tolerance, 97.41% scheduling capacity, 91.41% load balancing capacity,
95.22% priority management. This information is later used by the deep learning-based
scheduler, which schedules tasks dynamically and balances the load, taking into account
resource availability, energy consumption, task deadlines, etc. A smart home
environment can learn and estimate prioritisation correctly, and this algorithm increases
the performance of the smart home environment by resource utilisation.

Table 10  Convergence of performance (in %)

Parameters MOLBA  ESA TOTS RTSA OTSM LTSA Proposed
Latency (L) 76.04 8793 8732 8441 66.46 89.64 93.79
Throughput (T) 56.89 84.45 68.17 8093 7595 87.09 95.00
Response time (RT) 68.66 84.75 7994 8123 7496 89.71 95.34
Scalability (S) 64.46 87.58 7574 84.06 7835 93.58 96.28
Fault-tolerance (FT) 66.76 89.88 78.04 8636 7495 92.05 94.20
Scheduling capacity (SC) 57.51 87.88 68.79 8436 7878 96.92 97.41
Load balancing capacity 38.38 70.12  49.66 66.60 57.16 74.21 90.41
(LBC)

Priority management (PM) 49.59 79.19 60.87 75.67 70.08 87.88 95.22




80 K.K. Agrawal et al.

Figure 12 Convergence of performance (see online version for colours)
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The values for the proposed algorithm were fixed through a combination of thorough
research and testing. First, various techniques and strategies were explored to identify the
areas that needed improvement. This involved studying the existing algorithms and
identifying their strengths and weaknesses. During the testing phase, various parameters
were measured, such as latency, throughput, response time, scalability, fault tolerance,
scheduling capacity, load balancing capacity, priority management, and cost efficiency.
These values were then compared with the target values set for each parameter to
evaluate the effectiveness of the algorithms. The proposed algorithms were continuously
refined and optimised based on the test results until they achieved the desired
performance levels. This involved tweaking the algorithms, adjusting parameters, and
fine-tuning the algorithms to address the identified issues effectively. The high
percentages achieved in each parameter were a result of the rigorous testing and
optimisation process. By constantly striving to improve and optimise the algorithms, the
desired performance levels were achieved, resulting in the high percentile values for each
parameter. Additionally, the use of advanced technologies and techniques in the
algorithms also contributed to their success in achieving these high values.

The service control output manager (SCOM) is responsible for managing the
outbound queue, which includes the transmission queue. It is responsible for managing
the delivery of messages from the format queue to the outbound queue and then to the
appropriate destination queue on the matched machine. When a message is sent to a
format queue, the SCOM processes the message and determines which machine it is
intended for. It then moves the message to the transmission queue, which acts as a
temporary holding area before the message is delivered to its destination. The
transmission queue is a specialised queue that is designed for handling messages in a
specific order. Messages are placed in a FIFO design, meaning the first message in will
be the first message out. This ensures that messages are delivered in the correct sequence,
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preventing any errors or confusion when they reach their destination. When the message
reaches the front of the transmission queue, it is assigned a unique identifier and then sent
to the appropriate destination queue on the matched machine. This process continues
until all messages in the transmission queue have been delivered.

1 Benefits

Increased efficiency: By using the effective algorithm for predicting load and
dynamic task scheduling, cloud fog architecture in smart homes can achieve
higher efficiency in terms of resource utilisation. This is because the algorithm
takes into account real-time data and predicts the future load to schedule tasks
accordingly. This leads to better allocation and utilisation of resources, which
ultimately results in improved efficiency.

Cost savings: As the algorithm predicts the load and schedules tasks
dynamically, it ensures that resources are used cost-effectively. This means that
unnecessary resources are not allocated, thus leading to cost savings for smart
homeowners.

Faster response time: Smart homes rely on cloud fog architecture to perform
various tasks and services. The effective algorithm for predicting load and
dynamic task scheduling ensures that tasks are allocated to the most suitable
resources, leading to faster response times. This is crucial for real-time
applications in smart homes, such as security systems and smart appliances.

2 Limitations

The algorithm may not be able to handle large-scale smart homes with a large
number of devices and tasks. This can potentially lead to performance issues and
delays in task scheduling.

The accuracy of the load and task prediction heavily depends on the quality and
accuracy of the data gathered from the smart home devices. Inaccurate or
inconsistent data can result in inaccurate predictions and lead to inefficient task
scheduling.

The algorithm may not be able to adapt to sudden changes in the workload or
task requirements in the smart home environment. This can result in suboptimal
task scheduling and potentially cause delays or interruptions in critical tasks.

3 Applications

Energy management: This algorithm can be used to schedule tasks and manage
energy consumption in smart homes efficiently. It can predict the load on the
cloud and fog nodes and allocate tasks accordingly, optimising energy usage and
reducing costs for homeowners.

Home automation: With the increasing popularity of smart home devices and
automation systems, this algorithm can be applied to schedule various tasks such
as temperature control, lighting, and security systems. It can consider factors
such as device usage patterns and user preferences to create an efficient task
schedule for a seamless home automation experience.
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e Healthcare monitoring: Cloud fog architecture is also helpful in the healthcare
sector, particularly for remote patient monitoring in smart homes. This algorithm
can be used to predict the load on the network and ensure the timely transfer of
vital health data from IoT devices to healthcare professionals. It can also
prioritise urgent tasks and ensure real-time monitoring for the safety and
well-being of patients.

5 Conclusions

This paper proposes a deep learning-based dynamic task scheduling and load balancing
algorithm for an efficient and scalable solution for smart homes over cloud fog
architecture. The proposed algorithm has provided 93.79% latency, 95.00% throughput,
95.34% response time, 96.28% scalability, 94.20% fault-tolerance, 97.41% scheduling
capacity, 91.41% load balancing capacity, 95.22% priority management. Deep learning
was used and applied in smart homes with cloud-fog computing architecture to schedule
tasks dynamically and load balancing, and they showed promising results. The algorithm
uses multiple parameters for task scheduling to distribute tasks effectively between fog
and cloud resources. In addition, the algorithm can learn and adapt to the environment
through deep learning, thereby increasing its robustness and reliability. This not only
enhances the performance and efficiency of smart homes in general but also benefits the
scalability and flexibility required for smart home applications in the future.

5.1 Future works

Based on the work mentioned above, future improvements of the from-scratch deep
learning-based task scheduling and load balancing algorithms will have the following:

e Real-time analytics: If we can integrate this with real-time data analytics, the
algorithm can learn about the current situation of the various devices performing
within this smart home. Based on this information, job scheduling and load
balancing can then be increased and optimised to provide efficient resource
utilisation and, in turn, better performance.

e Multi-objective optimisation: The algorithm can be enhanced to consider multiple
objectives, such as request response time, energy consumption, request cost, task
scheduling, and load balance. This approach, aligned with the user’s preferences, can
lead to a more comprehensive decision-making process, increasing productivity and
reducing expenses in a smart home.

e [oT device prioritisation: As the number of IoT devices in smart homes increases, it
would be useful to prioritise them over others and the tasks they perform. This could
be based on urgency, importance, or size of input. With the introduction of this
enhancement, the system is now capable of managing task scheduling and load
balancing that best suits the household.
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