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Abstract: Edge Computing is a new technology in Internet of Things (IoT) paradigm that allows sensitive data to be sent to disperse devices quickly and without delay. Edge is identical to Fog, except its positioning in the end devices is much nearer to end-users, making it process and respond to clients in less time. Further, it aids sensor networks, real-time streaming apps, and the IoT, all of which require high-speed and dependable internet access. For such an IoT system, Resource Scheduling Process (RSP) seems to be one of the most important tasks. This paper presents a RSP for Edge Computing (EC). The resource characteristics are first standardized and normalized. Next, for task scheduling, a Fuzzy Control based Edge Resource Scheduling (FCERS) is suggested. The results demonstrate that this technique enhances resource scheduling efficiency in EC and Quality of Service (QoS). The experimental study revealed that the suggested FCERS method in this work converges quicker than the other methods. Our method reduces the total computing cost, execution time, and energy consumption on average compared to the baseline. The ES allocates higher processing resources to each user in case of limited availability of MDs; this results in improved task execution time and a reduced total task computation cost. Additionally, the proposed FCERS m 1m may more efficiently fetch user requests to suitable resource categories, increasing user requirements.
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1  Introduction

The collection of wireless interconnected items such as mobiles, sensors, Radio-Frequency Identification (RFID) tags and others form Internet of Things (IoT). These devices can utilise a unique addressing mechanism, but they have limited computational capacity and battery power. IoT devices can create enormous data in real-time and transfer it to cloud computing data centers located far away. Despite this, there is massive traffic and significant waits. As a result, more processing power and storage resources are needed by the IoT networks. Multi-access Edge Computing (MEC) is a novel technique that addresses these needs by providing a distributed computing model for networking, task processing, and data storage at IoT network edges [1]. MEC can fulfil the resource needs of IoT applications while also lowering the latency in communication. Each MEC server consists of a virtualized environment that includes a computing device, data storage and wireless communication unit. The MEC servers housed several virtual resources that could be used to service stationary IoT or Mobile Devices (MD). A single-hop wireless connection, such as 4G LTE devices, Wi-Fi, Bluetooth, and other wireless interfaces, allows an MD to interact directly with MEC servers. The internet that helps to connect the cloud infrastructure is used by the MEC Servers [2]. Fig. 1 shows the MEC's architecture, including wireless connections connecting IoT devices to the MEC [3,4].
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Figure 1: MEC architecture

End-users, objects, and sensors are closer to EC's storage, processing, control, and networking resources. An Edge Node can be as small as a smartphone, an Access Point (AP), a Base Station (BS), or even a cloud. A smartphone links wearable gadgets to the Cloud, a home gateway connects the Cloud with MD and the MDs to the core network. Edge Computing (EC) provides several outstanding features, including location awareness, resource pooling, distributed caching, processing of data analysis, scaling of resources, increased privacy and security, and dependable connection by delivering resource flexibility and intelligence. EC is a critical component of low-latency and good reliability. [5] contain many EC advantages and various use cases (e.g., media advertising, medical, offloading, smart homes, caching, and others).

IoT support, Network architecture design, service deployment, Resource Scheduling Process (RSP) and administration, programming models and abstractions, privacy and security, incentive design, edge device dependability, and sustainability are just a few of the additional issues that EC confronts [6,7]. The topic of Edge Computing Resource Allocation (RA) is the focus of this study. Unlike cloud computing, which has essentially infinite computational capacity and high network latency owing to the restricted computation capacity of Edge Nodes (EN), EC has comparatively less network delay but significant delay in processing because of the restricted computation capacity of EN. In addition, there are many small nodes in DC, equivalent to a lesser number of big Distributed Computing (DC). ENs can also be of various sizes (for example, the number of processing elements) and configurations (e.g., computing speed), extending from an MD towards 10's/100's of ES. These nodes are distributed across many sites, resulting in variable network and service delays for end-users. EC systems would most likely be made up of disparate communication, processing resources and Wi-Fi devices (e.g., devices that differ in computing capabilities, battery states, and types of computational tasks). Before adopting compute offloading paradigms, three key issues must be solved.

(a)   First, effective TS algorithms must consider the various features of computational tasks and the heterogeneity of communication and computing resources.

(b)   Second, efficient administration of heterogeneous communication resources, which will be utilized for data transmission between end users’ devices and external computer resources, is required.

(c)   Finally, efficient management of heterogeneous computing resources will be necessary to complete the computational tasks offloaded by various MDs.

These three issues must be handled simultaneously, which is a problematic undertaking in extremely diverse EC systems.

Furthermore, Edge Servers (ES) frequently have restricted processing resources in the given deployment's cost benefits and scalability [8]. One rationale is that the number of ES is installed mainly in numbers, demanding consideration of the deployment's financial help. As a result, a particular ES may not require the same number of resources as a CS and cannot offer them. Following that, the ES will be unable to perform all tasks. The work will have a low processing efficiency and a long processing time when every task without any distinction is delivered to the ES. As a result, it's important to find how to offload work based on demand. The act of transferring computing work from a MD to a Cloud Server (CS) or an ES is known as offloading [9–11]. EC's fundamental and crucial issue is developing an offloading technique and offloading work to an ES, resulting in increased latency while consuming less power than local execution. As a result, MD must pick the best offloading technique for their purposes, such as balancing delays and power consumption [12,13], decreasing task processing time [14–16] and energy consumption [17,18].

RA issues have been discovered in much previous work, and the majority of them are concerned with computing or communication of TA for ES. Some researchers looked at how MDs allocate computational resources and control transmission power [19]. In reality, MD-RA and ES-RA will work together to produce an offloading strategy. As a result, the link between offloading decision creation and computing RA must be investigated.

This paper provides a dynamic Resource Scheduling Process (RSP) based on fuzzy control theory. The following are the paper's main contributions:

a)   An RSP for EC.

b)   A model of allocation of essential resources is created depending on consumers’ long-term and ongoing resource requirements.

c)   To build the RSP based on fuzzy control theory, the RSP is carried out. The scheme splits user needs and available resources into numerous resource clusters, making it easier to process fuzzy user requirements and improving cloud computing QoS.

The remainder of the work is structured in the following manner. The present RSP and related research efforts are discussed in Section 2. The suggested model based on fuzzy control is presented in Section 3, and a new Fuzzy Control based Edge Resource Scheduling (FCERS) is given in Section 4. The carried out experiments and findings are evaluated in Section 5. To conclude, we make a list of future research work.

2  Related Works

Since the concept of EC was recommended, academics have been interested in computing Task Scheduling (TS) as an essential research topic in EC. There has been a slew of similar study findings recently. The primary objective of the TS offload approach is to find if a task created by a user terminal should be offloaded and where should it be scheduled. By examining TS techniques’ present research state, this part recognises the task schedule's research direction. Aazam et al. 2021 [20] propose a compute migration strategy for next-generation networks. A MEC approach based on Software Defined Networking (SDN) and Network Function Virtualization (NFV) technologies, as well as multi-attribute decision making and compute migration, is also presented. The authors used MATrix LABoratory (MATLAB) to conduct their tests, demonstrating multi-attribute decision making based on SDN and NFV that could pick the right MEC center, minimize server response time, and enhance Quality of Service (QoS).

The authors [21] sought to deal with RA on NFV-enabled MECs, to reduce mobile service latency and MEC expenses. They presented a dynamic RA technique based on operational cost, consisting of a quick incremental allocation mechanism. They demonstrated that, compared to stationary MECs, their approach could deploy resources to ensure applications’ low latency needs while saving money. Pham's approach aims to improve gateway placement and multi-hop routing in NFV-enabled IoT (NIoT) and service placement at the MEC and cloud levels. To deal with a big NIoT system and optimise routing, RA for service functions, and gateway deployment, created approximation algorithms such as Service Placements Algorithm (SPA-1 and SPA-2), Gateway Placement, and Multi-hop Routing Algorithm (GPMRA). According to the authors, their approximation methods can minimize computing time while achieving near-optimal outcomes.

Literature [22–24] developed a QoS decision engine that efficiently offloads to optimize performance and delay in response to the requirement in EC for real-time optimization. The work [25] presents a game theory technique for calculating unload, explains the nature of the equilibrium distribution, establishes its presence, and calculates equilibrium using a polynomial-time dispersion approach. However, the level of difficulty is higher. A multi-user distributed online task migration system is proposed in the literature [26–28], which considers the user's selfish traits and is centred on the optimization theory presented by Lyapunov and an incentive scheme based on peer-to-peer file transfer. It provides multi-hop user involvement and common processing activities in the delay network. The present single-hop centralised collaboration method may considerably lower system power usage and enhance system performance.

A Task Scheduling Algorithm (TSA) by Literature [29] proposed a TS method for task and resource features, and then recommends a Genetic Algorithm (GA) firework detection mechanism and uses the concepts of explosion radius, that allow load balancing and decrease TS time. Noghaniet al. [30] proposed the allotment of resources for multi-user mobile EC environments regarding the Time Division Multiple Access (TDMA) and Orthogonal Frequency Division Multiple Access (OFDMA); they solved the mixed-integer issue multi-objective optimization problem and successfully minimized the consumption of total weighted mobile energy. Yang et al. [31] introduced an energy-optimizing offloading technique with guaranteed latency for global optimization. This method uses an artificial algorithm based on a fish swarm while also looking at the interaction between the fronthaul and backhaul network states [32].

A work classification and resource usage-based task consolidation approach for a cloud computing environment was invented in 2016 [33]. They also devised a method of VM aggregation to balance power usage and TS processing time. A TS method in mobile cloud resources by dynamic clustering and the improved FCM method to reduce the number of corresponding criteria in the search was proposed in 2016 by Qiang et al. [34]. The experiment demonstrates that the matching strategy may be proactively modified depending on the matching value and reinforcement training. Advanced Network Credit Scheduler (ANCS), proposed by Ni et al. 2017 [35], is a new approach for maintaining QoS in virtualization using dynamic network allocation of resources. Proportional sharing based on weight, reserving the minimum bandwidth and restricting the maximum bandwidth limitation are among the performance standards that ANCS aims to offer at the same time to meet the demands of the diverse network and cloud users. EC provides services to MDs who are close to each other. EC allows widely dispersed edge computing clusters to share resources or cache data. Following that, we feature a panel of specialists that specialize in resource management and EC.

The deployment of the Steiner tree to examine the resource caching technique in EC is proposed by Su et al. [36]. When an EC server stores resources to decrease overall route weight, it first builds a Steiner tree; the tree helps to lower resource cache costs. The paper results demonstrate that the Steiner tree approach outperforms the shortest path strategy. A dynamic RA was proposed in 2017 by Rahbari et al. [37]. Its aim is resource management while screening, preparing, and encrypting data. For this aim, in an EC environment, the study provided resource management. Many factors that lead a client to quit, such as the service type, the cost of service, and the various waiver likelihood modifications, are considered in this article. The experiment results show that with the help of these characteristics, the service provider can estimate the number of resources needed [38].

Traditional TS tool is straightforward to use. For data sharing in the TS of multi-layer deadline-constrained scientific procedures, few Virtual Machines (VM), which are heterogeneous in nature, are provided with remote storage services by each supplier. One of the TS techniques that optimizes cost and makespan objectives is the earliest finish time. The authors considered the cloud service as commercial infrastructure. The Pareto front is used as a decision-making tool to assess the merits and demerits of several alternatives. The TS costs were lowered in half, but the turnaround time was increased by 5%. For spot VMs and on-demand instances, a Fault-tolerant TS [39] is addressed by bidding mechanism. This technique is inefficient due to the low-priced spot VM. The authors suggested a scheduler for real-time workflow [40]. Backward shifting, resource scaling up, and shrinking facilitation were three phases in their technique that improved resource use over prior baseline algorithms.

To solve the problems, heuristic approaches employ a set of rules. Traditional heuristics include first, best, and worst fit. Fog, Cloud, and Edge providers may use heuristic approaches to run large-scale applications and processes. Mtshali et al. [41] use a heuristic method with an objective function that includes the task's makespan and execution cost to schedule the tasks. The results show that this strategy is more efficient and has a lower needed cost when compared to other approaches. Based on cluster formation, Rodrigues et al. [42] present a coalitional game for radio access networks in the Fog. To increase network throughput, it employed an approach for dispersed TS of users. Other dynamic cloud TS approaches for vehicular are based on queue length and reaction time parameters. A stochastic Petri net and OpenStack were used to schedule activities and simulate them using the Markov single server system. In order to save energy, a heuristic method is employed in Xiaojun et al. [43] to plan simultaneous real-time activities in a heterogeneous network. In this work, nonlinear programming is utilised to choose frequencies and assign threads.

Cloud-Fog investigated the TS and suggested a solution based on heuristics for striking a compromise between maximum completion time and Cloud resource monetary costs. Kao et al. [44] examined primary TS issues in a software-defined embedded system to support fog computing. To enhance users’ experience, difficulties were framed as a mixed-integer nonlinear programming problem and provided an efficient heuristic TS technique. Nath et al. [45] introduced a fog computing RA method based on Priced Timed Petri Nets (PTPN). PTPN task model was created using fog resource characteristics. In terms of efficiency, the proposed technique beats static allocation strategies. In addition, heuristic approaches were used to achieve RSP in certain studies.

3  The Proposed Approach

3.1 System Model

As indicated in Fig. 2, we examine a network architecture with Edge Server and Node Mobile Devices. The MD ui(i∈{1,2,…,N}) and the ES have a channel bandwidth of w. Because the distance in the middle of ui and the edge server is generally 1-hop, the propagation latency among ui and the ES ‘c’ is insignificant. The MD ui has only a limited amount of energy Eimax and the network generates M tasks that must be performed during each time slot. Therefore, for each time slot t (t ∈ {1, 2, ⋯,T}) device ui, generates a task j(j∈{1,2,…,M}) which is represented as below, Eq. (1)
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Figure 2: Network system model

Ti,j.t=(di,j,t,Ci,j,tU,Ci,j,tE,ti,j,tdeadline,Si,j,t)(1)

where di.j,t is the task's data volume. The task is performed locally in a heterogeneous ES that specifies the required number of CPU cycles. Ci,j,tE is the necessary number of CPU cycles. The ti,j,tdeadline, ‘t’ is the maximum execution time that may be tolerated. Si.j,t represents the task offloading strategies. Si.j,t=1, if the task is completed locally for the task τi,j,t; otherwise, Si.j,t=0.

The task information and the RA scheme for local computing are communicated to the ES. Still, after every time slot, the MD produces tasks and assigns them to the computing resources available locally. Depending on the offloading policy, the task is done locally or offloaded. The offloading policy is calculated by the ES and returned to the MD.

3.2 A User Model

Based on the service level, the user is the one who rents cloud services and submits the tasks. The user set Ui={U1,U2,…,Um}, which is a service entity with six tuples as defined below, Eq. (2)

Ui=<Uid,Unames,USL,Ujobs,Upos,Usec>(2)

Uidis the unique ID of the user in cloud services.

Unameis the name of the user.


The user is provided with a resource type given by SL (Service Level). USL provides the user with SL. SL={TierI,TierII,TierIII}, for the account of the users, these parameters are considered. Ujobs is the set of tasks submitted by the user. The data regarding the security of users are given by Usec.

3.3 B Task Model

Multiple tasks are carried out in parallel, and they must continually interact with one another. Each task monopolizes VM resources. To the feasible extent, it must be ensured that all tasks in the RSP execute in parallel, preventing task block and reducing operation run time. The act of sending employment applications is demonstrated in Eq. (3).

tasks={task1,task2,…taskn}(3)

taskt is expressed as below Eq. (4), which has 7 tuples

<tid,ttype,tlen,tres,tart,tawt,ttasks>(4)

The unique ID for taskt is tid and ttype gives the type of tasks, small and large, as shown in Eq. (5).

ttype={small|tlen∈[0,max−1]},ttype={larg⁡e|t∈[max]}(5)

tlen=|ttasks|.tlen, gives the length of tasks;

ttasks is the set of tasks in one task ttasks={Task−1,Task−2,…Task−k}

To run a task, the minimum set of resources required is given by tres.

The parameter tartgives the Average Response Time for a task, which is calculated by averaging the response time of each task to evaluate operation cost and performance. The time that it takes for a task is to be added to the TS queue and start running is the average wait time.

3.4 C Resource Model

The resources such as (services, applications, server, data store etc.,) are shared. Resource model shows Resource={r1,r2,…,rp}, total resource numberp=|Resource,rk|, rk which is the eight tuples: Computing resources that are shared and adjusted are referred to as resources (e.g., networks, applications, data center, servers and services, etc.). The resource model demonstrates the total number of resources., rk is a 9 tuple set shown below, Eq. (6)

rk=<rid,rsupply,rtype,rcomp,rmem,rstor,rio,rnet,rpos>(6)

where

rid is the unique ID of the resource

rsupply is the provider of the resource

rtype is the type of the resource

rcomp is the capacity of resources to process information

rmem is resources available memory

rstor is the capacity of the resource storage

rio is the capacity of IO in resources

rnet is the resource bandwidth

rpos is the geographical resource position

3.5 Edge Computing

The data uplink transmission rate is required when the offloading of the task τi,j,t to the ES is chosen by the MD ui, Eq. (7)

ri,j,t=wlog2(1+pihi,j,tσ+∑k∈N,k≠i(1−sk,j,t)pkhk,j,t)(7)

where channel bandwidth is represented by w, the MD ui's computation energy is given as pi, where hi and σare the network gain and noise power, respectively. The inter-channel interference is given in denominator as cumulative term. Therefore, the uplink transmission time is, Eq. (8)

ti,j,tTrans=di,j,tri,j,t(8)

The heterogeneous ES that takes time τi,j,tfor the task is given in Eq. (9)

ti,j,tExecuteiE=ci,j,tEfi,tE(9)

where fi,tE is the computing resource assigned to the task in the time slot ‘t’ from ui the ES; computing resources are allocated regularly, much as communication resources. The overall time spent on EC is given below as, Eq. (10):

ti,j,tE=ti,j,ttrans+ti,j,tExecuteiE(10)

Many expensive computation applications have a considerably lower quantity of data than the input and neglect the return time.

4  Resource Scheduling Algorithm Design

Initially, computer RA is done for all tasks. The offloading of all tasks cannot be considered the ultimate offloading choice owing to timeline and energy restrictions, and it is not fair to use the default offloading to allocate the computation. As a result, we present a Fuzzy Control based Edge Resource Scheduling (FCERS) approach in this part to arrive at appropriate offloading options. The first step is to apply a constraint-based filter. The new offloading technique is denoted by s′, and its initial values are s′=s. It should be noticed that one of the requirements for filtering is a time limitation. We may retrieve the entire duration of edge execution ti,j,tE after getting the RA result fi,tE. And If ti,j,tE>ti,j,tdeadline, Then s’ (i, j, t) is set to 1. Furthermore, a local computational RSP is presented with energy restrictions, even though edge computations consume less energy than local computations. As a result, s′(i,j,t)=1.
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User needs may be classified into several categories. The user's demands are matched with the resources in the class after locating the suitable resource category. The resource scale in the RSP is lowered after a fair split of resources. Simple weight matching is used to complete the RSP in this article. The following is the weight matching formula, Eq. (11):

Rank=Total(Result(REQi−RSeti)×WeightiTotal(Wighti)(11)

where REQI denotes the attribute of the user's demands, Rset.i represents the resource sets, and Weighti means the attribute weights.

The user's demand varies in different volumes of resources. Computing needs, bandwidth and storage requirements may be split into three categories for distinct task preferences. Each task, like resources, has three characteristics, each of which has a distinct weight. The user-required attribute and the resource attribute are combined in the formula mentioned earlier, and the highest score achieved is returned to the user as the outcome of the RSP. The following is the pseudo-code for the RSP algorithm Fuzzy Control based Edge Resource Scheduling (FCERS).
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5  Experimental Outcomes for Fuzzy Control Based Edge Resource Scheduling

To assess FCERS's resource allocation efficiency, we evaluated several methods, including their distribution of resources methods. We assign tasks of varying lengths to distinct Virtual Machines (VMs). The proposed FCERS model is compared with three well-developed models presented in Tab. 1 below:

In various VM, the execution speed of the Central Processing Unit (CPU) is analyzed and given in Fig. 3. It shows that the proposed FCERS algorithm performs efficient RSP among corresponding VM based on the duration of tasks. When task durations are increased, the VM's execution speed increases. The trend is more apparent than other algorithms. Improved Genetic Algorithm for Fuzzy c-means Clustering Algorithm Method (IGAFCM) and PTPN cannot adapt fast to task duration as FCERS. Additionally, the Advanced Network Credit Scheduler (ANCS) has a limited ability to respond to task characteristics.
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Figure 3: CPU execution speed among different VMs

Fig. 4 illustrates the time required to complete a task using various techniques, and there are five VMs. The execution speed is lower in the ANCS, and the tasks are assigned to VM in an ordered fashion, resulting in resource shortages and insufficient utilization. The task execution efficiency is higher in PTPN, and the execution time is comparatively less when ANCS is used. However, tasks are not categorized, resulting in high-configuration VMs performing trivial activities and underutilized resources. When IGAFCM is used, each processor unit optimizes the available resources based on the task duration and overall execution time, decreasing the implementation latency between various VMs. When FCERS is used, process execution time is minimized. When FCERS is used, resource availability across VMs is constantly changed in response to task demand, execution time is effectively decreased, and the processing time-interval amongst processing units is considerably minimized.
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Figure 4: Comparing task execution time for different VMs

As seen in Fig. 5, the algorithm's overall energy consumption to accomplish all operations, including computation and transmission energy utilization, is primary since the algorithm completes tasks at the quickest. The lowest general energy usage is determined using CloudSim's built-in energy consumption model.
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Figure 5: Total task energy consumption

As illustrated in Fig. 6, the usage of memory by the proposed FCERS algorithm is comparable to that of the IGAFCM, PTPN and ANCS algorithms, completely fulfilling the memory space constraint for EC nodes. As a result, the proposed method may be implemented without compromising performance on EC nodes.
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Figure 6: Memory usage

For Figs. 7–9, we consider alternative combinations of offloading strategies and their impacts on overall computation cost, time consumption, and energy consumption, all of which vary by the number of MDs used.
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Figure 7: Total computation cost against increase in users
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Figure 8: Time consumption against increase in users
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Figure 9: Energy consumption against number of users

To demonstrate, we evaluated two baselines. Our method reduces the total computing cost, execution time, and energy consumption on average compared to the baseline. The ES allocates higher processing resources to each user in case of limited availability of MDs; this results in improved task execution time and a reduced total task computation cost. As for EC, the energy consumption is ordered a few times or ten times that of local execution, which results in additional total computation costs.

6  Conclusion and Future Work

The purpose of this paper was to investigate the resource scheduling challenges in fog computing. First, we grouped the fog resources, which significantly reduces the range of user needs for resource matching. Additionally, we propose the Fuzzy Control based Edge Resource Scheduling algorithm for resource allocation. Finally, an experimental study revealed that the suggested FCERS method in this work converges quicker than the other methods. Additionally, the proposed FCERS algorithm may more efficiently fetch user requests to suitable resource categories, increasing user requirements.

In future studies, we will address dynamic resource changes and offer a novel RSP for optimizing resource use and ensuring user requirements.
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Model name Proposed by authors
ANCS Zhang et al. 2017
PTPN Niet al. 2017
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