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Abstract

The evolution of Location Based Services (LBS) is expected to play a signifi-

cant role in the future smart city. The ever-increasing amount of data produced,

along with the emergence of next-generation computationally intensive applica-

tions, requires new service delivery models. Such models should capitalize on the

Edge Computing (EC) paradigm for supporting the data offloading process, by

considering user’s contextual information in the offloading decision along with

the infrastructure resource allocation operations, towards meeting the stringent

performance specifications. In this article, a two-level Edge Computing architec-

ture is proposed to offer computing resources for the remote execution of an LBS.

At the Device layer, an initial offloading decision is performed taking into con-

sideration the estimated position and quality of wireless connection of each user.

At the Edge layer, a resource profiling mechanism maps the incoming workload

to EC computing resources under specific performance requirements of the LBS.

Dealing with the dynamic workload, a scaling mechanism simultaneously takes

the offloading decision and allocates only the necessary resources based on the
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resource profiles and the estimation of a workload prediction technique. For the

evaluation of the proposed architecture, a smart touristic application scenario

was realized on a real large-scale 5G testbed, following the principles of Network

Function Virtualization (NFV) orchestration. The experimental results indicate

the high accuracy of the localization technique, the success of the two-stage of-

floading decision and the scaling mechanism, while meeting the performance

requirements of the LBS.

Keywords: Location Based Services, Edge Computing, Resource Scaling,

Offloading Decision, NFV orchestration

1. Introduction

The proliferation of fifth-generation (5G) networks, the ever-expanding need

for mobile or cloud applications and the Internet of Things (IoT), brings a new

era in Information and Communication Technology (ICT). As studies show [1], [2],

in a few years, one of the most anticipated challenges will be the immense growth5

in data produced and devices connected, since the majority of the devices (sen-

sors, wearables, etc.) will be interconnected. Moreover, new types of applica-

tions, in the context of massive Machine Type Communications (mMTC) [3],

will be available to support every aspect of everyday life, significantly affecting

the way we perceive the world.10

This remarkable increase of the connected devices and sensors has made the

vision for living in a smart city environment possible [4]. However, for this vision

to become reality, new demands arise from these large-scale infrastructures,

such as the ability to manage and orchestrate the massive amounts of data

and devices, while enabling automated instantiation and communication of the15

corresponding services. NFV [5] and Software-Defined Networking (SDN) [6] are

the key enablers of the prominent 5G infrastructure facilitating the decoupling

of software deployment from hardware. Enabling 5G network slicing, NFV

and SDN automatically orchestrate, instantiate and manage the computing and

network resources of virtual networks over a single physical infrastructure.20

2



Nowadays, smart applications are mainly based on portable devices. Thus,

the location-awareness of people and devices is one key ingredient for provi-

sioning these services, and enabling their interaction with the surroundings. In

the last years, Location Based Services (LBS) are emerging applications that

rely on information about one’s exact position. The estimation of the position25

of a target (or user) in an outdoor environment is trivially determined by the

Global Positioning System (GPS) or the cellular-based localization approaches

[7], while location awareness is more challenging in the case of indoor environ-

ments. Therefore, the service providers must select the appropriate localization

methodology considering the number of the mobile users and the accuracy and30

cost requirements of the application.

In this new era of ICT, cloud computing evolves to the emerging models of

Fog Computing [8] and Multi-access (or Mobile) Edge Computing [9], which fo-

cus on handling the compelling demand for computational resources along with

time-sensitive or location-aware applications. Augmenting the cellular or Wi-Fi35

networks with processing capabilities aims at reducing the network latency for

mobile users and optimizing the core networks and the utilized cloud resources.

For the rest of the article, the term of Edge Computing (EC) is used to refer to

both Fog Computing and MEC. The EC architecture enables the offloading of

users’ computational-intensive tasks, e.g., object recognition, in order to reduce40

energy consumption of their mobile devices and meet the Quality of Service

(QoS) requirements of the application. Contrary to the cloud data centers, an

edge data center has limited computing and storage resources. Hence, a smart

offloading decision heavily depends on and should be accompanied by dynamic

resource allocation and admission control mechanisms. The latter are respon-45

sible for the optimal utilization of the edge resources, and the distribution of

offloaded requests among them.

In this work, we develop a two-layer architecture to support smart offloading

of a location based service from IoT or mobile devices to an EC infrastructure.

The proposed architecture has been particularly designed to accelerate the exe-50

cution of an object identification service for mobile users. However, it is generic
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and applicable to several types of EC environments and smart city applica-

tions. In the particular smart city scenario under consideration in this work,

the visitors of a crowded touristic area use their camera-equipped devices to take

snapshots or short-duration videos of a Point of Interest (PoI) (e.g., exhibits of55

a museum) in order to receive additional information about them. Since image

recognition is a computational-intensive and energy-consuming task, a cluster

of proximate edge servers offer the essential computing resources to meet the

strict time requirements of massive users. Furthermore, a localization technique

is realized and evaluated. We assume that users are active in a crowded touristic60

area; hence, the shared bandwidth and foremost the interference of signals plays

an important role in the overhead of transmission of the offloaded requests. As

a result, to address this dynamic behavior, the offloading decision of a users’

request takes into consideration the users’ position in addition to the available

resources of the edge servers at each time. The main contributions of this work65

are summarized, as follows:

• A resource profiling mechanism interprets the performance requirements

of the application to computing resources on the EC side. This mechanism

enables the modular design and allocation of the EC resources in order to

meet the varying offloading demand. The resource profiling of the LBS is70

based on linear models from System Theory, which effectively capture the

system dynamics of the service, and determines the essential resources for

serving various amounts of offloaded requests.

• A two-step mechanism to support and realize the offloading decision is de-

vised, considering both users’ contextual information and the availability75

of the edge resources. Towards this direction, the offloading decision be-

comes a key-enabler for maintaining high performance results, benefiting

both the infrastructure provider and the users.

• An Edge Computing architecture to support the deployment, orchestra-

tion and management of LBS is introduced. Following the principles of80

5G directives, an NFV-based deployment of the architecture is presented,
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using state-of-the-art software tools for the orchestration and management

of the infrastructure.

• A real-world evaluation over an open 5G infrastructure is conducted to

verify the validity and applicability of the proposed methodology. Also,85

the proposed resource profiling mechanism and the workload estimation

approach are compared against well-established counterpart methodolo-

gies in the literature [10, 11].

The rest of the article is organized as follows. In Section 2, the current state

of the art is presented, while in Section 3, the proposed architecture is described90

and analyzed. In Section 4, the system orchestration is presented and details

about its realization are highlighted. The evaluation of the proposed architec-

ture and the localization technique are performed and presented in Section 5.

Finally, Section 6 concludes the paper and presents our future plans.

2. Related Work95

This section present the most relative studies of the literature to our pro-

posed EC solution for LBS. The following studies are classified based on three

interdependent pillars; (i) Edge Computing, (ii) Computation Offloading, and

(iii) Location Estimation.

(i) Edge Computing100

Puliafito et al. [12] presented a detailed survey for Fog Computing platforms

for IoT-based applications. In [13], a network slicing orchestration system was

proposed for federated data centers. The orchestration is based on Open Source

MANO [14], which is aligned with ETSI NFV standard. Based on G/G/m queu-

ing model, a heuristic scaling algorithm regulated the mean overall processing105

time of the incoming slice orchestration requests. However, no further details

are given on how the network slice placement problem is addressed. MESON

[15] focuses on communication between slices deployed on edge data centers.
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The cross-slice communication aims to alleviate the congestion of the core net-

work, minimize the utilization of cloud resources and meet the requirement of110

time-sensitive LBS.

Leivadeas et al. [16] proposed a meta-heuristic approach for the placement

of network slices in cloud and edge infrastructure aiming at the minimization

of the deployment cost and the end-to-end network delay. This approach con-

sidered that the resource demands of the slices are static and it can be applied115

only for their initial placement. Sonmez et al. [17] proposed a fuzzy workload

orchestrator for various EC scenarios. For each offloaded request, a set of fuzzy

rules decided the destination computational unit within an hierarchical EC ar-

chitecture. However, the authors empirically defined the fuzzy rules sets, which

might not be applicable for services with different workload characteristics. In120

[18], the authors addressed jointly the problems of network selection and ser-

vice placement for MEC infrastructure. To reduce the complexity of the general

problem, they decomposed it into a series of sub-problems and solved them in

an iterative fashion. However, the proposed QoS model included only network

parameters ignoring the processing delay of the service.125

Zenith et al. [19] proposed resource sharing contracts between edge infras-

tructure providers and service providers. Specifically, an auction-based contract

establishment and resource allocation mechanism was introduced, focusing on

ensuring the utility-maximization for both entities and the latency constraints.

However, the authors did not provide any details on how the tasks were dis-130

tributed among the containers of the established contracts. Wang et.al. [20]

studied the problem of VM placement along with the workload assignment for

mobile cloud applications in MEC. An MILP method was designed to minimize

hardware consumption in order to deploy VMs, while satisfying diverse latency

requirements of different applications. In [21], the authors proposed a novel135

solution to determine both the optimal number of the VMs to spawn, as well as

their placement. For VM spawning, a Mixed Integer Linear Program (MILP)

was formulated, while a game theoretic approach was employed (i.e. Coalition

Formation Games), in order to treat the latter problem.
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(ii) Computation Offloading140

The offloading decision is critical for guaranteeing the high QoS of LBS.

In the literature, most of the proposed studies focus on a single or group of

performance criteria, i.e., latency or energy, to decide whether the offloading

is profitable or not. This paragraph illustrates the most recent relative stud-

ies to our work. The interested reader can refer to [22] for a comprehensive145

detailed review of older studies on computation offloading. In [23] a mobility-

aware offloading mechanism (referred to as MAGA) was proposed, based on

frequent moving patterns of the users and a genetic algorithm. MAGA mech-

anism focused on partial task offloading to EC servers. However, the dynamic

resource allocation of these resources is not considered. Tang et al. [24] and150

Apostolopoulos et al. [25] proposed the adoption of Prospect Theory to design

user behavior-aware MEC offloading frameworks. In both works, the commu-

nication and the computation models for the users were provided and Prospect

Theory-based offloading games are formulated taking into account, user risks,

as well as weighting and framing effects. In [26], the authors proposed a task155

offloading framework for Software Defined Ultra-Dense Networks that focused

on the reduction of the task duration and the energy saving. The offloading

problem was split in two sub-problems;(i) task placement problem and (ii) re-

source allocation. Lyu et al. [27] presented a collaborative Cloud-MEC-IoT

architecture and proposed a request modelling scheme and an admission control160

framework to address the scalability problem of these platforms. Although the

authors considered heterogeneous edge resources, the computation model was

not dynamic.

(iii) Location Estimation

In the context of indoor localization, many approaches can be found in the165

literature that addresses different scenarios and accuracy requirements. In [28],

the authors proposed a mechanism that takes advantage of the information by

the WiFi signals and calculates the position of a moving user with the fin-

gerprinting technique. The mean estimation error of this mechanism is about
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0.85m, showing the advantages of the weighted K-Nearest Neighbor algorithm.170

Kang et al. [29] proposed a method to track pedestrian movement in an indoor

environment under the existence of sensing inaccuracy. Similar to our work,

they used a smartphone equipped with accelerometer, magnetometer, and gyro-

scope sensors and exploited the characteristics of human motion to estimate the

position of a user. The proposed method reduces the influence of the cumula-175

tive errors of the dead reckoning technique. In [30], exploiting Machine Learning

techniques, a tracking system was proposed, estimating again the position of a

user, who moves in an indoor place and interacts with a wireless sensor network.

The classification of speed and heading of the trajectory of the pedestrian was

implemented offline supervised by Neural Networks. A different approach to180

handle the challenges of indoor localization in a robotic scenario in the Industry

4.0 context was presented in [31]. The single vision-based method is landmark

assisted, exploiting natural features of the landmarks and the core principles of

projective geometry, for the self-localization of an indoor autonomous mobile

robot agent. The results of the proposed algorithm showed a significant accu-185

racy in close range. However, as most of the vision-based methodologies, this

method is heavily dependent on ambient conditions (e.g., light conditions). In

a similar vein, authors in [32], realized a novel unsupervised learning framework

requiring video frames, to extract pose estimation and introduce a Simultaneous

Localization and Mapping (SLAM) system, that could be also applicable in an190

indoor environment.

Most of the aforementioned studies usually proposed solutions addressing

only one of the above research problems in isolation, ignoring the rest dom-

inant parameters, thus failing to allow the design of a holistic solution that

achieves both high performance of LBS and optimal utilization of EC resources.195

To exactly fill this gap, in this article we propose an EC architecture for LBS

that considers the user’s contextual information on the offloading decision and

the resource allocation of the edge resources. Towards this direction, the pro-

posed framework can meet the performance requirements of both LBS and EC

infrastructure.200
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3. System Architecture

As mentioned before, in the smart city scenario under consideration in this

article, visitors use an LBS to retrieve information about PoIs in a crowded

touristic area. The LBS can be executed either on the user’s mobile device or

on the EC servers. Accordingly, the proposed EC architecture consists of two205

layers: namely the Device layer and the Edge layer.

At the Device layer, portable IoT devices, e.g., Raspberry Pis and mobile

phones, equipped with sensors and camera modules provide location informa-

tion and media content in order to identify PoIs (e.g., museum exhibits) and

retrieve information about them through an image recognition service. Since210

image processing is a computationally-intensive task, the users forward their re-

quests to a cluster of edge servers for further processing in order to save energy

and get the response in a timely manner. At the Edge layer, a control mecha-

nism is responsible for scaling the resources of the instances of the virtualized

image processing service and distributing the admitted requests among them.215

However, as specific may the above scenario seems, as generic and versatile the

proposed architecture is, and it can be applied in any smart city application.

To further elaborate on the generic essence of this work, we have identified the

following use-case requirements and challenges.

• Every smart city application has specific dominant parameters that affect220

its performance. Thus, it is essential to build a profile of the application

to include all important features. In this work, we focus on the user’s

location and propose a generic resource profiling of the application. The

profiling mechanism provides accurate performance modeling under vary-

ing conditions and application requirements and facilitates the design of225

effective resource allocation strategies. It is an interpretation mechanism

that translates the application’s QoS requirements to EC computing re-

sources and facilitate the interoperability in the case of heterogeneous

resources.

• A successful offloading decision of mMTC applications must consider both230
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the user’s contextual information and the availability of EC resources.

With this capacity, the user should decide whether the offloading is ben-

eficial based on the location and the network/communication parameters

(e.g., signal strength). Especially in crowded places, communication re-

lated aspects such as the transmission time of a request, may present a235

significant overhead in the overall response time. Additionally, for appli-

cations of multiple users, the EC infrastructure provider should accurately

estimate the dynamic workload demand and admit the number of requests

that can be served with a guaranteed level of performance. Hence, we pro-

pose a two-step offloading decision that takes into account both the user240

and the provider’s operating conditions and perspectives.

• The focus of this work is placed on the challenging scenarios where the

edge computing infrastructure is receiving a great amount of incoming

workload of offloaded tasks. This workload also fluctuates during the

day, for example following the traffic of visitors at the place of interest.245

Hence, the scalability of EC infrastructure is a prerequisite for meeting

the performance requirements and the optimal resource utilization. Our

proposed dynamic resource allocation mechanism leverages the applica-

tion’s resource profile and allocates only the necessary resources in order

to maximize the number of offloaded requests with response time guaran-250

tee.

In this study, the response time is defined as the sum of the transmission and

processing time to serve an offloaded request. Figure 1 illustrates an overview

of all levels of the proposed architecture. At the bottom level, the mobile device

estimates the location of the user and originally decides the local or remote255

execution of the generated request. At the upper level, the Controller compo-

nent realizes the intelligent functionalities of the proposed architecture, which

includes the resource profiling, the workload prediction and the scaling mech-

anism along with the necessary monitoring service. Furthermore, the Virtual

Machines (VMs) with specific computing resources host the image recognition260
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Figure 1: An overview of the EC architecture for LBS.

service. The proposed application is considered to be stateless with stringent

performance requirements. In the following sections, the individual components

of the architecture are described in more detail along with the intelligence of

the mechanisms provided at each layer.

3.1. Device Layer265

At the Device layer, two fundamental mechanisms co-exist, providing the

user’s contextual information and the initial offloading decision.
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3.1.1. Location Estimator

To estimate the user’s position, a step detection algorithm has been de-

veloped. The users’ motion is measured by inertial measurement unit (IMU)270

sensors and the estimation is performed by dead reckoning technique. This

mechanism is classified in the category of Inertial based Systems, where there

is no need for external information by the physical infrastructure, and the po-

sition of the user is estimated relative to a known starting point. This location

estimation method is applicable in any end-device equipped with the appropri-275

ate IMU sensor. As thoroughly examined in [33], a step detection algorithm is

applied using an accelerometer based on the mechanics of human motion, while

the heading of the user is calculated by a gyroscope sensor. Consequently, given

a starting position, the step and heading mechanism grants users the capability

to locate themselves in an indoor environment and share this information with280

the infrastructure for an optimal offloading decision. Hence, in the scope of

this work, the Location Estimator plays a significant role in the workflow of the

offloaded requests, as shown in the next subsection.

3.1.2. Offloading Decision Mechanism

One of the main objectives of this work is the development of a smart dy-285

namic offloading mechanism that is based on contextual information and aims

to satisfy both the QoS requirements of the users and optimal utilization of

resources of the underlying infrastructure. Therefore, we propose a two-step

offloading mechanism, involving both the Device and Edge layer of the archi-

tecture. More specifically, whenever a new request is generated, the offloading290

decision is based on two parameters; (a) the position of the user, and (b) the

current measurement of the wireless signal strength. On the one hand, we as-

sume that the signal coverage is fluctuating in the territory of this scenario. As a

result, one’s position affects the quality of the wireless connection. Moreover, to

facilitate automated offloading, the touristic area is divided into sections where295

offloading is permitted based on offline metrics about the quality of the connec-

tion. Subsequently, a map is constructed based on these metrics, hereinafter
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referred to as “offloading map”. On the other hand, in crowded areas, signal

interference is high due to the shared medium of the wireless connection among

the users. Considering that the transmission power of the antenna is bounded,300

the shared bandwidth results in a maximum number of users, who can offload

their requests with satisfying transmission rate. Hence, the measured signal

strength is adopted as an indication of the quality of the wireless transmission

rate, which heavily affects the performance of the system.

At the Device Layer, we assume a predefined signal strength threshold that305

the user must satisfy in order to offload a request. If both the position and signal

strength constraints are met, then the device offloads its request for further

processing at the Edge layer, where the final offloading decision is taken. As

a result, the user’s offloading decision is performed in both a proactive and

reactive manner, exploiting contextual information of the user’s status in terms310

of position and connection quality. In case of a rejected request during this

offloading decision phase, the image recognition service is executed locally on

the mobile device.

3.2. Edge Layer

The workload generated by the mobile users is directed to the Controller of315

the Edge layer through a Wireless Access Point. As mentioned previously, the

Controller is responsible for the allocation of resources to the deployed VMs,

which incorporates the second step of the offloading decision, and the load bal-

ancing of the requests to the VMs. Initially, the monitoring service collects the

necessary data for the incoming requests, the performance of running VMs and320

the utilization of the EC resources. The monitoring data is used by the rest

components of the Controller. In particular, the Resource Profiling component

provides an offline training tool based on System Theory to extract specific

resource profiles of running VMs. A resource profile interprets the QoS re-

quirements of the service (i.e., response time) to EC computing resources (i.e.,325

vCPUs, memory). These profiles enable the Scaling Component (SC) of our

approach. To better manage and orchestrate the EC infrastructure, time is di-
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vided into discrete time intervals. At the beginning of a time interval, based

on Kalman Filtering approach and monitoring data, the Workload Predictor

provides an estimation of the expected number of requests within the next time330

interval. This estimation and the computed resource profiles are used by the

SC to determine the number and resources of running VMs that host the object

recognition application. Hence, to guarantee the QoS of the the users, the SC

accepts only up to a limit of incoming requests at each interval, derived from the

profiles of the operating VMs, while rejecting those exceeding it. Thus, the SC335

takes the final offloading decision considering the overall performance of the EC

infrastructure. Leveraging this mechanism, the SC assures that for each request

that is accepted for remote execution, the users’ QoS criteria are met, and for

the remaining requests, users execute the object-recognition service locally on

their devices. Last but not least, within each time interval, the SC distributes340

each accepted request to the corresponding operating VMs, via a REST-API

operating at the latter. The activated VMs host the image recognition-based

applications, which are trained off-line and identify the candidate PoIs.

3.2.1. Resource Profiling Component

In general, the resource profiling mechanism quantifies the relation between345

the application’s requirements, the incoming requests and the computing re-

sources at the EC side. Towards this direction, the Resource Profiling compo-

nent build various resource profiles of an application that correspond to different

operating conditions. In our scenario, the image processing service is CPU-

intensive, thus, for the rest of the paper, the resource the profiling mechanism350

refers to vCPUs. To extract the resource profiles, we adopt switching linear

systems that can describe the performance of an application under different op-

erational conditions. For different numbers of allocated vCPUs to a VM and

varying incoming requests, we define a discrete linear system of the following

form,355
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x(t+ 1) = αx(t) + βu(t)

where x(t), named as state variable, is the average response time in time interval

t and u(t), named as input variable, is the admitted requests in time interval

t. In such a way, we describe the performance of the image recognition service

under dynamic workload conditions. The Recursive Least Square algorithm [34]

is exploited to calculate an estimation for the parameters α and β. The main360

objective of the Resource Profiling component is to maximize the offloaded re-

quests and optimally allocate them the available computing resources. Towards

this objective, for each linear system and given the desired average response

time xe, we extract feasible resource profiles, which maximizes the admitted

requests and satisfies input constraints, by solving the following optimization365

problem,

max
xm,xM ,xe,um,uM

ue (1a)

subject to

xe = axe + bue (1b)

xm ≤ xe ≤ xM (1c)

um ≤ ue ≤ uM . (1d)

First of all, the resource profile must be an equilibrium point of the linear

system as defined by the first constraint. The second constraint implies that

there is a minimum (um) and the maximum value (uM ) for the offloaded re-

quests. Similarly, the last constraint refers to the state variables and means that370

the average response time varies between the minimum (xm) and the maximum

values (xM ). In such a way, the resource profiles actually translate the QoS re-

quirements of the object recognition-based service to EC computing resources.

Within the scope of this work, the resource profiles actually correspond to a VM

with specific computing resources that serves a predefined number (ue) of of-375

floaded requests with a predefined average response time per interval (xe). The
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value of xe can be selected as a percentage of the maximum acceptable response

time, which is implied by a Service Level Agreement (SLA) and it represents

the strictness of the underlying QoS constraints. In our use case, the average

response time of the resource profiles are set for demonstration only purposes,380

at the half of the maximum acceptable response time by the user.

The benefits of above resource profiles’ design are manifold. Initially, it is

a generic process that is applicable for any type of IoT-based application and

edge/cloud infrastructure. The utilization of switched linear systems allows to

model any operating condition and the design of the resource profiles according385

to the specific QoS requirements of the LBS. Contrary to queue models [11, 35]

that are valid only in steady state, the linear systems can capture transient

phenomena and do not provide only static information such as mean service

and arrival rate. Additionally, although out of the scope of this article, the

linear systems enable the design of feedback controllers, which can guarantee390

valuable system properties such as stability and reachability apart from the sat-

isfaction of the QoS constraints. The latter cannot be accomplished with queue

models. Finally, resource profiles enables the interoperability of heterogeneous

infrastructure. In the case of edge-to-edge or edge-to-cloud collaboration, the

computation of resource profiles for the different types of hardware simplifies395

the load distribution between sites, because the number of exchanged requests

can be automatically translated into resources of each site through the resource

profiles.

3.2.2. Workload Predictor

Due to the mobility of the users, the amount of offloaded requests changes

significantly. In order to enable optimal scaling and resource allocation, an

accurate workload prediction methodology is necessary to estimate future in-

coming requests. For this purpose, we adopt Kalman Filtering [36], which is a

well-known estimation methodology for dynamic systems. We further assume

that the offloaded requests can be modeled as a system with process and mea-
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surement uncertainties, as follows,

L(t+ 1) = L(t) + w(t) (2)

Z(t) = L(t) + v(t) (3)

where L is the number of offloaded requests of the image recognition service at400

time interval t. At interval t+1, the value of the workload is defined as the sum

of the current value and the process noise w, which models the generation of

requests by the users. The covariance matrix of the process noise is defined as

Q. The variable Z denotes the measurement of the offloaded request and equals

the actual number of requests L plus a measurement noise value v(t), which405

follows a normal distribution with zero mean, while R is its covariance matrix.

The estimation of the request at the next time interval L̂− can be computed by

applying the following Kalman filter equations.

L̂−(k) = L̂(k − 1) (4a)

P−(k) = P−(k − 1) +Q (4b)

K(k) =
P−(k)

P−(k) +R
(4c)

L̂(k) = L̂−(k) +K(k)(Z(k)− L̂−(k)) (4d)

P (k) = (1−K(k))P−(k) (4e)

The term L̂− is the update state value based on the measured value of Z and

the extrapolated state value of the previous step. The term K is called Kalman410

gain and is a number between zero and one which expresses the importance of

the measurement. The term P is the error covariance. In every step, we use the

first equation to estimate the forthcoming requests for the next interval based

on the previous extrapolated values. The estimation of the incoming request is

used by the SC for the scaling decision.415

3.2.3. Scaling Component

Based on the resource profiles of the application and the estimation of the

offloaded requests, the SC aims to meet the dynamic workload demands and
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avoid over- or under-provisioning of EC resources. We formulate a mixed in-

teger linear optimization problem (MILP), which minimizes the amount of the420

allocated EC resources. We define n binary variables vi, i = 1, . . . , n that cor-

respond to the n different resource profiles of a VM. Furthermore, for each vi,

we define the weight wi, i = 1, . . . , n, which is proportional to the number of

the vCPUs, v, dedicated to a specific VM flavor. The optimization problem is

formulated as follows:425

min
vi
{

n∑
i=1

(wivi)} (5a)

subject to:

n∑
i=1

(vili) > L̂−, i = 1, . . . , n (5b)

vi = 0, 1, ∀i ∈ [0, . . . , n], (5c)

n∑
i=1

vi ≤ TV (5d)

where the first constraint indicates that the estimated offloaded requests L̂−

must be served by the activated VMs in the following time interval. The sec-

ond constraint indicates that a VM with specific flavor can be either running

or closed. This constraint implies that multiple instances of a VM with specific

resource profile are not allowed in the same server. The last constraints guar-430

antees that the resources of the running VMs do not exceed the total amount

of available EC resources (TV) in terms of vCPUs. As a result, solving this

optimization problem at each time interval, the SC ensures that the predicted

workload will be served based on the corresponding resource demands with the

minimum allocated resources. Nevertheless the overall cost of the flavors to435

be implemented is minimized. It is worth mentioning that the resource profil-

ing mechanism allows to solve the problem for both cases of homogeneous and

heterogeneous resources.
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Figure 2: System Orchestration overview.

4. System Orchestration and Implementation

The aforementioned architecture was implemented in Bristol’s University440

5G testbed [37], which provides NFV orchestration and management solutions,

bearing in mind that a real-world experience evaluation is of imperative impor-

tance when testing a system architecture. The System Orchestration overview is

illustrated in Figure 2. Open Source MANO1 (OSM) operates as an NFV man-

agement and orchestration (MANO) tool, in the context of the NFV MANO445

reference architecture, as defined by the ETSI NFV Standard. Thus, inde-

pendently of the underlying Virtual Infrastructure Managers (VIM), OSM al-

lows performing resource and service orchestration. In the proposed orchestra-

tion mechanism, OSM interacts with Openstack2, which operates as the VIM.

Openstack is a well-known open-source software for realizing Infrastructure as450

a Service (IaaS), structured by a stack of software tools used to build and man-

1https://osm.etsi.org/
2https://www.openstack.org/
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age cloud computing platforms for public and private clouds. Moreover, it is

responsible for controlling and managing the Network Function Virtualized In-

frastructure (NFVI) resources.

The proposed system orchestration has a twofold aim; to meet the system455

architecture requirements, and to provide a scalable virtualization solution, en-

abling the basic aspects of a next-generation LBS-enabled architecture. Hence,

the respective services are deployed as Virtual Network Functions (VNFs). Sub-

sequently, two different VNFs have been deployed; namely the Controller, and

the LBS-enabled object recognition application. The Controller VNF imple-460

ments the intelligence mechanisms of the proposed Edge architecture as thor-

oughly presented in Section 3.2, while the Object Recognition application is used

for the identification of PoIs in the Bristol’s Millennium Square. Both VNFs

are managed and orchestrated by OSM as depicted in Figure 2. Similar to the

system’s architecture, the NFV implementation follows a top-down design. At465

the top layer lies the Controller VNF, which dictates the decisions needed for

the scaling of the operating application-VNFs and the load balancing of the

incoming workload, while, at the bottom layer, three VNFs are facilitating with

the object recognition application. Moreover, the Network Service (NS) of the

architecture is defined, to deploy an automated service chain between those470

VNFs. Furthermore, the NS is broken down into two parts, namely; data and

management network, for the connection of VNFs, following the standards of

NFV and SDN .

In this section, we present the necessary procedure for the realization of

the system orchestration. Initially, we created the appropriate system images475

comprised of an operating system and the corresponding services. The function-

alities of the Controller are deployed as the first system image, while the second

one involves the object recognition service alongside with the REST-API ser-

vice. These two images have been onboarded in the Openstack of Bristol’s 5G

testbed. Furthermore, the appropriate VNF Descriptor (VNFD) files for both480

images are realized. These descriptors contain all the necessary information for

the VIM to instantiate Virtual Deployment Units (VDUs), which are the VMs
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that host the network functions. To be more specific, these descriptors define

the flavors of virtual resources (vCPUs, RAM and storage) and virtual network

connection points between the VDUs. Similarly, the Network Service Descrip-485

tor (NSD) specifies the Network Service (NS), which is the top-level structure

that includes all the VNFs and implements the network topology of the exper-

iment, associating respectively the connection points defined in VNFDs. Those

descriptors have to be onboarded in OSM too. After this onboarding phase,

OSM instantiates the NS and consequently the VNFs. Additionally, OSM dic-490

tates Openstack to realize the corresponding VDUs and the virtual network

of the experiment. In our case, four VDUs are instantiated in Bristol’s Open-

stack compute node. As explained in Section 3.2.1, three VDUs of different

flavors were deployed hosting the object recognition service. Based on them,

the SC decides at the beginning of each interval the running VDUs and directs495

the incoming traffic of offloaded requests accordingly, solving the optimization

problem in Section 3.2.3.

5. Experimental Evaluation

In this section, the experimental set-up and corresponding results of the pro-

posed EC framework realization and deployment are presented and discussed in500

detail. The proposed framework was deployed in a real large-scale experimental

facility of University of Bristol 5G testbed [37], that exploited OpenStack and

OSM for NFV orchestration. To highlight the validity of the proposed location-

aware EC architecture, a smart touristic application for crowded indoor areas

was deployed. The considered experimental set-up provided realistic conditions505

to evaluate the proposed EC architecture for LBS from the perspective of: (i)

location estimation accuracy, (ii) success of the offloading decision and the ap-

plication performance, and (iii) effectiveness of the scaling mechanism, (iv) a

comparative evaluation with well established studies [10, 11]. Before proceed-

ing with the illustration and analysis of the the obtained results in terms of the510

aforementioned directions, a detailed description of the experimental set-up and
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considered scenario is provided.

5.1. Experimental Set-up and Scenario

In the experimental scenario under consideration, the visitors of Millennium

Square of Bristol University testbed were scattered in a crowded touristic area,515

where several PoIs exist. Leveraging an object-recognition service, the visitors

were able to retrieve interesting information about these PoIs. Google-powered

TensorFlow [38] framework was deployed as the object-recognition service. Ten-

sorflow is an open-source machine learning platform that can be easily retrained

to classify the PoIs. For the retraining phase, a data set containing real pic-520

tures of the PoIs was used to build an object detection model for our LBS. At

the Device layer, the visitors were emulated by Raspberry Pi devices equipped

with the IMU sensor SparkFun MPU-9250 IMU Breakout3, which contains a

3-axis gyroscope, a 3-axis accelerometer, and a 3-axis magnetometer. The Pi

devices offloaded requests to the proximate edge computing infrastructure us-525

ing a wireless local area network (WLAN) via an AC400 Nokia access point.

Additionally, a laptop generated a large number of requests in order to create

a dynamic realistic workload. As explained in Section 4, the Edge layer of the

proposed architecture deployment was achieved exploiting the OpenStack and

OSM for NFV orchestration, of the utilized tedbed facility. A powerful Dell530

PowerEdge T630 server with 32 vCPUs, 64GB RAM and 1TB storage was used

to deploy all the necessary VDUs. Initially, in order to compute various resource

profiles of the application we created a measurement data set and inferred three

different types of VDUs. Table 1 provides the computing resources and the

number of requests to be served per time interval for each resource profile. For535

every flavor, the average response time is set to 5sec. The control time interval

was set to 30 sec. At the beginning of each interval, a workload estimation was

computed according to Section 3.2.2 and subsequently the SC determined the

combination of the running VDUs.

3https://www.sparkfun.com/products/13762
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Table 1: VDU flavors based on the Resource Profiling.

Flavor vCPUs RAM Requests served per Interval Average Response Time

Small 2 2GB 3 5sec

Medium 4 4GB 14 5sec

Large 8 8GB 27 5sec

5.2. Evaluation of User’s Location Estimation540

The purpose of this experiment is to demonstrate the accuracy of the location

estimation technique. Figure 3 presents a sketch of Millennium Square topology.

The wireless access point was located at point A(10,0) and enabled the users to

offload their requests to the EC infrastructure. Furthermore, Figure 3 illustrates

the “offloading” map of the Millennium Square. In the green-coloured area, the545

wireless signal strength was high and the users were encouraged to offload re-

quests, while the signal strength was poor in the white-coloured areas. The

strength of the wireless signal was measured using the Wavemon software4, and

the areas were divided by setting the threshold for a good quality signal to the

value of −70dB. With respect to the differentiation in terms of signal strength550

in these areas, please note that in the specific square in the “white areas” phys-

ical obstacles exist (e.g., metallic constructions), which cause high interference

resulting in wireless “dead zones”. However, these metrics were performed by

a single user while in a real world scenario the users’ signal interference may

heavily affect signal strength. To address this issue the offloading decision con-555

siders both the location-based classification of a user according to the “offloading

map” and the contemporary signal strength of a user to specify his transmis-

sion capability in an online manner. This procedure is fundamental for the

proposed architecture, since the object recognition service is CPU-intensive. In

such a way, we ensure that the transmission time is negligible relative to the560

processing time of an offloaded request.

4https://github.com/uoaerg/wavemon
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Table 2: Maximum error of estimation at each point of the trajectory of the user.

Point Maximum Error of Estimations (m)

O(0,0) 0

A(10,0) 0.08

B(10,10) 0.1131

C(10,20) 0.1789

D(18,20) 0.394

E(18,30) 0.4861

In order to evaluate the location estimation accuracy, the user repeatedly

(i.e., five times) followed a path of six already known points, starting from point

O and finishing at point E, while holding a Raspberry PI device mounted with

the aforesaid IMU sensor. In Figure 3, for each point, the real position is marked565

with a star, while the cross symbol refers to the estimated position. At each

point, the drawn circle represents the maximum estimation error. Additionally,

Table 2 summarizes the estimation maximum error at each predefined point. It

is obvious that the location estimation approach is very precise and the error is

less than 0.5 meters in all cases, which is acceptable in our scenario. It is also570

worthwhile mentioning that the estimation error is cumulative, thus, the error

becomes higher at the last point.

5.3. Evaluation of Offloading Decision

Based on the experimental set-up described previously, an experiment of one

hour duration, was conducted to validate the success of the two-step offloading575

decision mechanism and the performance of the LBS on the edge infrastructure.

A set of photos captured in Millennium Square were used to generate requests,

whose inter-arrival time follows a Poisson distribution. As depicted in Figure 4,

the black-colored line represents the magnitude of requests that were offloaded

by the mobile devices based on the first step of the offloading mechanism. At580

the beginning of each time interval, the estimation of these requests (green-

colored line) was computed by the Kalman Filter and were forwarded for further

24



Figure 3: The “offloading map” and the user trajectory scenario at the Millennium Square of

Bristol’s 5G testbed.

processing by the EC infrastructure. The blue-colored line corresponds to the

number of executed requests on the deployed VDUs after the final offloading

decision on the EC side, while the red-colored line represents the requests that585

were rejected by the EC servers and were executed locally on the users’ devices.

Two useful remarks can be discussed here. First, the workload predictor can

accurately follow the fluctuation of requests. It fails only when a sudden change

occurs (e.g., at 200sec). Therefore, the number of the rejected requests is high

only at these intervals, and until the prediction is properly and timely adapted,590

as shown in this figure. Secondly, 91.37% of total requests were successfully

offloaded and executed on the EC side, while only 8.63% were executed locally

on the devices, which evinces the success of the two-step offloading strategy.

The proposed workload predictor is compared with an autoregressive inte-

grated moving average (ARIMA) model [10] which is widely used for time-series

forecasting. For comparison purposes, two well-known accuracy metrics are

used, namely the percentage average error (PAE) and the Best Fit Rate (BFR)
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[39], which are defined respecitvely,

PAE = 100|E[yk − ŷk]

E[yk]
|

BFR = 100%max(1−

√
E[(yk − ŷk)2]

E[(yk − yk)2]
, 0)

The lower the PAE score is the more accurate the predictor is. However the

PAE metric is sensitive to the values of large absolute error. Thus, we utilize the595

BFR metric which is more robust to the effect of small set of values. Contrary

to PAE, high score of BFR indicates precise estimation.Table 3 shows the score

of Kalman-based and ARIMA-based workload predictors. As it shown, the PAE

score is very low for both predictors and ARIMA-based predictor is slightly bet-

ter than Kalman-based. On the other hand, the proposed workload predictors600

achieves significantly higher BFR score than the ARIMA-based. These remarks

indicate that both predictors provide successful estimation, which is acceptable

for the scaling and offloading decisions.

The key performance indicator of the object recognition service is the re-

sponse time of the requests. The execution time of a request by the mobile605

device varies between 30 to 60 sec. Following the design principles of Section

3.2.1, the extracted resource profiles were selected to have an average response

time of 5sec, half of the maximum acceptance value by the users. As it is

shown in Figure 5, the average response time of the offloaded requests through-

out the experiment is 4.75sec (below the aforesaid threshold), subdivided into610

processing time (with an average of 4.02sec) and transmission time (with an

average of 0.73sec). The average response time of the offloaded requests is at

least five times lower than the local execution, which indicates that the resource

Table 3: Comparison of the Workload Predictors.

Accuracy Metric Kalman-based Predictor (%) ARIMA-based Predictor (%)

PAE 3.72 0.25

BFR 73.81 63.38
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Figure 4: Number of total, predicted, remotely and locally executed requests per time interval

profiling models effectively the performance of the application and motivates its

necessity for properly meeting the QoS requirements. This also demonstrates615

that the second step of the offloading decision on the EC side becomes more

a requirement rather than a desire. Finally, the low transmission time implies

that the first-step of the offloading decision benefits the fulfilment of the user’s

requirement.

5.4. Evaluation of Scaling Mechanism620

The evaluation of the scaling mechanism was conducted based on the one-

hour experiment described in the previous subsection. In particular, Figure 6

depicts the selected combination of operating VDUs at each time interval. Each

combination of operating flavors is illustrated with a distinct color. Having in

mind the prediction of requests in Figure 4 and corresponding trend, at the625

first intervals of the experiment only a few visitors offloaded their requests on

the EC infrastructure. This workload was handled by a small or medium flavor

VDUs. At the 600th simulation second, more visitors swarmed in the Square

interested in PoIs, resulting in the gradual increase of the workload, which

peaked at 50 requests per interval at the 1200th second. During this period, the630
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Figure 5: Average response, processing and transmission time of offloaded requests.

full functionality of the scaling mechanism is clearly demonstrated. Specifically,

to deal with the rising traffic, the SC determined the appropriate combination of

active VDUs in order to avoid performance degradation. Moreover, even when

the maximum number of requests occurred, the average response time remained

below 4secs. When the number of users began to decrease again, the scaling635

mechanism adapted timely and released resources from the operating VDUs,

to follow the course. After the 2000th second of the experiment, the amount

of requests fluctuates between 20 and 30 per interval. As it is shown, the

scaling mechanism efficiently adapted the resources of running VDUs towards

the workload fluctuation. The success of this mechanism is further strengthened640

by the performance of each VDU, as explained in detail below.

In Figure 7, for each VDU, the average response time of the offloaded re-

quests is depicted in the respective subfigure. The information derived from

these subfigures complements the operation of the scaling mechanism, and elu-

cidates the periods of time that each VDU is active or not. During the whole645

experiment, there is only one time interval that the user’s maximum acceptable

response time is violated in the medium VDU. This implies that the scaling deci-
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Figure 6: VDU flavors selected to operate at each interval according to the scaling mechanism.

Figure 7: Processing time of requests at each VDU per time interval
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sion based on the resource profiles and the estimation of requests can guarantee

the QoS requirements and the success of the final offloading decision.

5.5. Comparison of the Scaling Mechanism650

In this section, we present a comparative evaluation of the proposed frame-

work with the work presented in [11]. Similarly to the proposed EC architecture,

this work presented a setting of interconnected clusters, which form a wireless

metropolitan area network. Each cluster of computers; namely cloudlet, has a

static resource provisioning to serve the offloaded requests. The main goal of655

this study is to redirect part of the incoming traffic of the overutilized cloudlets

towards the underutilized ones. In [11], the average response time for each

cloudlet is calculated by a queue model. Utilizing the M/M/c queue model, the

maximum offloaded workload served at each cloudlet is bounded by the corre-

sponding service rate capabilities. The rest is considered rejected and redirected660

back to the user to perform local execution of the request. The service rate of

a cloudlet is defined as the average number of requests that can be executed

throughout a time interval. Following, the results of a comparative evaluation

between the tho methods, are presented. Moreover, to ensure an unbiased com-

parison, we deployed, the method presented in [11] in the same manner to the665

system orchestration and experiment setup presented in Sections 4,5 and we

used the exact same workload of requests for both setups. Following the design

in subsection 3.2.1 the threshold of the QoS violations is set at 10sec. In one

hour of experimentation, as depicted in Figure 8a the resource profiles mecha-

nism reported only 2.88% QoS violations contrary to 6.9% of the queuing theory670

modeling proposed in [11]. The static placement of the three flavors discussed

in Section 5.1 has a total of 14 vCPUs. On the other hand, our approach uti-

lized 35% less or an average of 9 vCPUs, throughout the experiment, as shown

in Figure 8b. More specifically when the offloaded workload can be served the

medium flavor VDU, as in the end of this experiment, the static placement re-675

sults in a waste of resources that could be used for another application. Finally,

to achieve all of the above, our framework had to reject 9.3% of the incoming
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(a) QoS Violations. (b) Utilization of Resources.

Figure 8: Comparative Experiment

requests, while in [11] 1.21% was rejected. To sum up, a dynamic resource al-

location mechanism along with the resource profiles, are able to guarantee the

QoS requirements while the resources utilized are minimized, sacrificing a small680

percent of requests rejected.

6. Conclusions and Future Work

This article focused on the introduction, design and experimental evaluation

of a scalable two-tier Edge Computing architecture to realize location based

services in a smart city context. The scenario that motivated this work and was685

used for validation purposes, considers several users located in the vicinity of a

touristic place, moving around looking for PoIs, and holding portable devices.

Exploiting media content they opt to get additional information for the PoIs

by an object-recognition service. As such, their requests are offloaded via Wi-

Fi to an EC infrastructure in order to reduce power consumption and improve690

response time.

In particular, we proposed and evaluated a location estimation technique to

assist with a smart offloading decision at the Device Layer, using contextual

information of the users’ state (i.e., position and wireless signal strength). Fur-
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thermore, a mechanism for scaling and allocating the resources of the underlying695

infrastructure is realized to support and accompany the realization of the final

offloading decision at the Edge layer, which depends on resource availability.

This EC architecture is applicable in various MEC environments and mMTC

application scenarios. The overall approach was implemented and evaluated

in a real 5G testbed exploiting NFV orchestration and widely used software700

tools (e.g., OpenStack, OSM) for the experiments execution. Based on the ob-

tained detailed experimental evaluation results, the location estimation method

proved to be very reliable for the smart touristic scenario under consideration.

With this valuable estimation, the two-steps smart offloading decision had a

dominant role in the performance of the overall system and architecture. The705

scaling mechanism and the resource profiles yielded remarkable performance

gains when compared to relevant well-established research works in the litera-

ture, not only in terms of meeting the user QoS criteria, but also eliminating

the under-utilization of resources.

Finally, as part of our current and future work, we aim to extend these novel710

methodologies for the position estimation, to further improve its accuracy, while

including pattern recognition of users mobility in the overall designed architec-

ture. This can be achieved by exploiting Machine Learning techniques and

combining them with a more detailed modeling of the signal interference among

the users, in order to ultimately offer a more effective and efficient offloading de-715

cision. Furthermore, for time-sensitive applications, e.g., augmented or virtual

reality ones, the resource profiles can be used to design feedback controllers that

enable scale up/down operations on the deployed VDUs and achieve fine-grained

regulation of the performance.
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