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Abstract—The large volume of data generated by Internet of
Things (IoT) devices at the network edge poses significant chal-
lenges. Indeed, centralized cloud platforms struggle to manage
this data flow due to issues such as latency, high bandwidth
usage, and scalability problems. To address these challenges, the
edge-cloud continuum has emerged as a powerful computing
model that combines the strengths of edge and cloud computing,
enabling data to be processed closer to its source while leveraging
cloud resources for resource-intensive tasks. However, the wide
adoption of edge-cloud environments is hindered by the lack
of shared standards across different platforms and vendors,
resulting in highly platform-specific applications. Although major
cloud service providers are developing bridging and cloud ser-
vices, the absence of common standards hinders communication
and integration between platforms. This paper introduces a new
modeling framework designed to enable developers to define
applications for execution across the edge-cloud continuum in
an abstract manner, independent of the deployment platform.
The framework assists in identifying suitable deployment config-
urations and optimal service selection, ensuring that quality of
service (QoS) requirements are met and supporting the develop-
ment of flexible and scalable applications for seamless integration
across the continuum. To demonstrate the effectiveness of this
approach and how the framework facilitates the development of
applications within the edge-cloud continuum, we present a use
case in the domain of smart cities.

Index Terms—Edge-cloud continuum, Service composition,
Abstract design, Smart cities, Requirements analysis, Platform
interoperability

I. INTRODUCTION

The proliferation of Internet of Things (IoT) devices has
led to an unprecedented volume of data being generated at the
edge of the network. This surge in data presents substantial
challenges for traditional centralized cloud platforms, which
are increasingly struggling to meet the demands for low
latency, high bandwidth usage, and scalability [13]. As the
number of IoT devices continues to grow, the limitations of
these centralized systems are becoming more pronounced,
highlighting issues related to data processing and transmis-
sion [4]. In response to these challenges, the edge-cloud
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continuum has emerged as a powerful computing model that
leverages the strengths of both edge and cloud computing,
enabling data processing to occur closer to its source while
still utilizing the extensive computational resources of the
cloud for more resource-intensive tasks [5]. By distributing
data processing tasks between the edge and the cloud, this
model aims to reduce latency, optimize bandwidth usage, and
enhance scalability.

Despite its promise, the wide adoption of edge-cloud contin-
uum infrastructures faces significant challenges. Major cloud
service providers, such as Amazon, Google, and Microsoft,
are actively investing in bridging the gap between edge and
cloud by developing services that extend cloud capabilities to
IoT devices, enabling local computing, data management, and
analytics applications. However, the lack of shared standards
across different platforms and vendors limits interoperability
and hinders the seamless integration of services, resulting
in the development of highly platform-specific applications.
Indeed, each edge service integrates with its own set of cloud
services, necessitating careful evaluation and selection from
developers to meet application requirements, quality of service
(QoS), and cost considerations [12].

This paper introduces a novel modeling framework designed
to enable developers to define applications for execution across
the edge-cloud continuum in an abstract manner, independent
of the deployment platform. These applications are composed
of abstract services that are agnostic to their deployment
location (edge or cloud) or specific cloud providers (e.g.,
AWS, Google Cloud, Microsoft Azure), thus enabling the
cross-platform development of applications in the compute
continuum. Starting from abstract modeling, the framework
facilitates the identification of suitable deployment configu-
rations within specific cloud platforms by evaluating various
concrete services that provide the requested functionalities.
This capability to discern between different services enables
the optimal selection of services for actual deployment.

We evaluate our modeling approach with a use case in the
field of smart cities, which is one of the main areas where the
edge-cloud continuum is used to support critical applications.
In smart cities, vast amounts of data are generated by a
multitude of interconnected devices, such as sensors, cameras,
mobile devices, and smart meters, which monitor and manage
urban infrastructure and services. This data must be processed



in real time to ensure efficient traffic management, energy dis-
tribution, waste management, public safety, and other critical
functions. Traditional cloud platforms alone cannot meet the
low latency and high bandwidth requirements for real-time
processing of this data. Instead, by exploiting the continuum of
resources from the cloud to the edge, smart cities can process
data locally, reducing the latency and bandwidth demands on
centralized cloud infrastructure. For instance, traffic cameras
can analyze video feeds at the edge to detect accidents or
congestion, enabling fast response actions. Similarly, energy
consumption data from smart meters can be processed locally
to optimize energy distribution in real-time, reducing wastage
and improving efficiency. Furthermore, the edge-cloud contin-
uum enables smart cities to dynamically scale data processing,
with the cloud providing additional computational resources
during peak times, such as major public events, to maintain
consistent performance and reliability.

Particularly, in this paper we focus on a specific use case in
smart cities where geotagged data, generated by the movement
of passengers and taxis at the network edge, is processed
and analyzed within the compute continuum. This real-time
analysis, using machine learning algorithms, offers solutions
to various daily life problems, including predicting areas where
taxis are more likely to find passengers. We design an abstract
client-server configuration for the application to run across the
edge-cloud continuum, independent of where the processing
occurs (on devices, edge, or cloud). We will subsequently show
how this abstract design can be implemented on Amazon Web
Service (AWS) using its services, highlighting how platform-
agnostic abstract modeling facilitates the development of prac-
tical applications within the compute continuum.

The remainder of the paper is structured as follows. Sec-
tion II provides a brief review of related works in the do-
main of modeling frameworks and smart cities. Section III
describes an edge-cloud continuum architecture and explores
its implications for deploying applications. Section IV presents
the proposed framework for modeling edge-cloud continuum
applications. Section V presents the use case used to evaluate
the proposed modeling approach. Finally, Section VI presents
our conclusions and outlines avenues for future research.

II. RELATED WORK

Several studies have focused on defining modeling frame-
works for specific and generic application scenarios, each
addressing various challenges in the development of edge-
cloud applications.

The ITEMa approach [8] introduces a visual notation system
aimed at modeling IoT-based smart ecosystems, emphasizing
the design of edge systems and the locations where compo-
nents should be executed. The EdgeFlow IoT framework [3]
assists in developing latency-sensitive IoT applications by
extending the flow-based programming paradigm. It captures
latency and timing requirements and includes a resource
allocation technique for deploying and validating constrained
IoT applications. However, it does not account for other
considerations such as data locality or deployment costs.

IADev [18] employs attribute-driven design and model-driven
development for IoT applications, supporting cloud-centric
development but not specifically targeting edge-cloud contin-
uum applications. In contrast to these works, our approach
aims to provide a versatile tool for designing and developing
edge-cloud applications, facilitating concern separation, QoS
requirement identification, and optimal provider/service selec-
tion for deployment.

In the domain of smart cities, urban mobility data can
be utilized in various ways to enhance citizens’ quality of
life while improving cities’ efficiency and sustainability [16].
In particular, predicting vehicular trajectories has garnered
significant interest due to its potential applications in in-
telligent transportation systems [11], traffic monitoring [21],
and transportation management [6]. This work focuses on the
problem of mobility prediction for taxis using geotagged data.
The aim is to predict taxi locations with high passenger de-
mand, potentially reducing route costs and traffic congestion.
Unlike fixed-route public transportation, taxis plan routes after
passenger drop-off [22], and real-time location monitoring via
GPS trackers enables trajectory analysis for predicting the
next taxi locations [20]. Existing methods include frequent
pattern mining and association rules [2], [7], stochastic mod-
els using Markov chain processes [19], and predominantly
machine learning techniques, which have been extensively
employed to address the challenges associated with accurately
predicting vehicle movements. In particular, deep learning
methods, specifically recurrent neural networks (RNNs) and
their variants like Long Short-Term Memory (LSTM) net-
works, have shown substantial promise in vehicular trajectory
prediction [15]. Altché and Fortelle [1] demonstrated the
effectiveness of LSTMs in capturing temporal dependencies
in vehicle trajectories. Similarly, Park et al. [17] proposed
a novel LSTM-based approach incorporating spatiotemporal
features to improve prediction accuracy in complex driving
scenarios. Convolutional Neural Networks (CNNs) have also
been explored to represent traffic scenes and predict vehicle
trajectories [9]. Moreover, hybrid models combining CNNs
and RNNs, as discussed by Deo and Trivedi [10], leverage
the strengths of both architectures to enhance prediction per-
formance.

III. EDGE-CLOUD CONTINUUM ARCHITECTURE

The edge-cloud continuum architecture comprises layered
computing resources, each positioned to optimize data pro-
cessing and analysis efficiency based on proximity to data
sources:

• Cloud: Centralized data centers providing scalable, cost-
efficient, compute-intensive processing and storage over
the internet.

• Near edge: Smaller public data centers located closer than
traditional edge, facilitating timely data processing; may
include mini data centers or regional clouds.

• Far edge: Nodes near devices, like mobile towers, for
rapid data aggregation and preliminary processing.



• On-premise: Private edge nodes in local facilities (e.g.,
stadiums), offering close, stable connectivity and real-
time data processing.

• On-device: IoT devices and other edge hardware perform-
ing local processing to minimize latency and bandwidth,
essential in real-time applications (e.g., autonomous ve-
hicles).

This distributed setup enhances modern computing by ad-
dressing latency, privacy, and data locality needs. Currently,
Amazon Web Services (AWS) leads in supporting this archi-
tecture, offering tailored services across layers: AWS Local
Zones at the near edge, AWS Wavelength for 5G-integrated
far edge processing, and AWS Outposts and IoT Greengrass
for on-premise and on-device operations.

IV. FRAMEWORK FOR MODELING EDGE-CLOUD
APPLICATIONS

The proposed framework employs a platform-independent
and cross-platform approach by abstracting application mod-
eling for the edge-cloud continuum from the actual deploy-
ment [14]. This is achieved by defining an application as a
workflow of abstract services, decoupled from the deployment
layer (e.g., cloud or edge) and independent of specific services
from cloud providers like AWS or Microsoft Azure, or open-
source cloud platforms such as OpenStack or OpenNeb-
ula. These abstract services, which may include components
like data collection, transformation, and processing, are then
mapped to a catalog of services offered by a given cloud
service provider. This mapping provides guidance on how
these tasks can be implemented using actual services while
adhering to functional constraints. The main components of
the proposed framework are outlined in Figure 1 and described
below:
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Fig. 1. An overview of the proposed modeling framework.

• Execution infrastructure: this component models the
execution infrastructures for both cloud and edge, taking
into account the different technologies, hardware types,
and network topology through which they can be realized.
For instance, the virtual machine sizes, the number of
devices, the on-premises resources, and the available

execution layers (cloud, far edge, near edge, on-premises,
or on-device) are used to define a prototype to model a
wide range of cloud/edge technologies and infrastructure.

• Abstract application: this component models the ap-
plication as a composition of abstract services with
associated tasks and dependencies, modeling both func-
tional and non-functional requirements among services.
Services can run on different execution layers and may
be adapted, partitioned, optimized, or compressed.

• QoS constraints: this component defines the constraints
that the application should meet, such as latency, band-
width usage, operational cost, the persistence of data
storage, scalability, energy consumption, and others.

• Cloud service catalog: this includes service catalogs
from various cloud providers (e.g., AWS, Microsoft
Azure, and Google Cloud), that are mapped to the abstract
services defined in the previous step to meet application
requirements. It contains both quantitative (e.g., latency,
energy consumption) and qualitative (e.g., persistence,
supported data formats, suitable execution layers) in-
formation about each service, which helps in matching
abstract to actual services.

• Deployment configuration generator: this component
builds deployment configurations for the abstract ap-
plication, given the desired QoS constraints, the real
execution infrastructure, and the actual cloud service
catalog. It generates valid deployment configurations that
consider the distribution of workloads across the edge-
cloud continuum architecture.

• Deployment configuration evaluattion tools: this com-
ponent evaluates application deployment configurations
by analyzing performance parameters and requirements.
Simulation tools or linear programming systems can be
used to automate the evaluation.

• Deployment configurations on cloud platforms: after
identifying suitable configurations, this component assists
in deploying the selected configuration on the chosen
cloud platform with its services.

V. USE CASE: ANALYSIS OF GEOTAGGED DATA FOR
ENHANCING URBAN MOBILITY IN SMART CITIES

To evaluate the effectiveness of the modeling approach
discussed in Section IV, we present a use case in the smart
city domain, which leverages machine learning techniques to
tackle real-world challenges in urban transportation, specifi-
cally focusing on predicting areas with high passenger demand
to optimize taxi dispatch.

We propose an architecture that exploits the distributed
computing resources along both the edge and cloud. Specif-
ically, GPS-equipped devices installed in taxis capture real-
time taxi positions (i.e., GPS coordinates) and other relevant
information, including the taxi identifier, speed, occupancy
status (i.e., whether the taxi is occupied or not), and previous
trips made by the taxi. This data is preprocessed through
cleaning, filtering, and transformation methods, in order to
be subsequently given as input to a machine learning model



specifically trained to predict high-demand areas for efficient
taxi dispatch. Within this workflow, there are two potential
approaches for prediction using machine learning models:

• The taxi sends all preprocessed data to the cloud, which
uses a global model to make predictions and sends the
results back to the taxi.

• Following a typical federated learning approach, the taxi
may have a local machine learning model trained on its
own trip data, which it can use to make low-latency and
privacy-preserving predictions. In this case, processed
data at the edge is used directly for predictions from the
local model, and only model updates are sent to the cloud.

Additionally, the system should be able to store data col-
lected during taxi operations (e.g., GPS trajectories, passenger
pick-up and drop-off points) and exceptional events such
as public events, to improve the prediction model during
subsequent retraining phases.

Given the application scenario described above and follow-
ing the modeling approach defined in Section IV, we first
define an abstract workflow, shown in Figure 2, whose nodes
can be of the following types:

• Device: these are components that capture and generate
data. Examples for this use case include GPS-equipped
taxis, traffic and event monitors, and customer devices.

• Networking: these elements handle communication and
data transfer between physical devices and computational
components. Examples include cyber-physical and web
interfaces, publish-subscribe brokers, and communication
protocols.

• Computation: these elements process, analyze, and man-
age data to derive insights and predictions. Examples in-
clude real-time monitoring and machine learning models
for location prediction.

• Storage: these components store data for both real-time
processing and long-term analysis. Examples include per-
sistent storage for historical data and temporary storage
for real-time data.

Real-Time Traffic
Monitoring

Taxi
Monitoring

Public Event
Collector

Passenger
Monitoring

Real-Time Traffic
Monitoring (Web)

Streaming
Protocol

Publish-Subscribe
Broker

Publish-Subscribe
Broker

Publish-Subscribe
Broker

Publish-Subscribe
Broker

Cyber-Physical
Interface

Cyber-Physical
Interface

Cyber-Physical
Interface

Web Interface

Web Interface

Cloud-based
Traffic Monitor

Passenger

Taxi

Device-based
Traffic Monitor 

Event 
Monitor

Location
Prediction

Device Data
Storage

Web Data
Storage

ML Train

ML Storage

Fig. 2. Abstract workflow of a use case related to taxi next location prediction
in smart cities using the proposed modeling approach. White nodes are the
device elements, light blue nodes are networking elements, green nodes are
computation elements, and yellow nodes are storage elements.

Particularly, the devices included in the proposed workflow
are the GPS-equipped taxis, passenger devices, traffic moni-
tors, and event monitors. Taxis provide real-time location data,
which is used for tracking their movements and feeding the
location prediction model. Passenger devices, such as smart-
phones, send request data that includes their current location
and desired destination, helping match taxis to passengers.
Traffic monitors can be device-based and cloud-based. Device-
based monitors capture real-time traffic conditions using road
sensors, while cloud-based monitors gather information from
various online sources. Both types of monitors influence taxi
availability and routing by ensuring that predictions incor-
porate current road conditions. Another important condition
to consider is the presence of public events, such as soccer
matches, concerts, and shows, which can increase traffic
congestion or cause a surge in customer requests. To monitor
these events, we include a component named event monitor,
which uses information from the internet.

The networking components ensure communication and
data transfer between the devices and the computational
components. The cyber-physical interfaces connect physical
devices, like taxis and passenger devices, to the network,
enabling data exchange. Communication is managed by the
publish-subscribe broker, which ensures that data from taxis,
passengers, and monitors is correctly routed to the appropriate
computational elements. Streaming protocols facilitate real-
time data transmission, supporting low-latency interactions and
fast updates across the network. In addition to the cyber-
physical interfaces, some virtual devices, such as the event
monitor and the cloud-based traffic monitor, use web interfaces
to retrieve data from the internet.

The computation components process, analyze, and manage
the collected data. The real-time traffic monitoring component
plays a critical role in monitoring traffic and congestion con-
ditions on the road, allowing the system to adapt dynamically.
Similarly, the public event collector scrapes information about
public events from the web and stores it to combine these
data with those from the taxis for model learning. The taxi
monitoring and the passenger monitoring components collect
data from taxis and passengers respectively and are responsible
for cleaning and transforming the raw data into a usable format
for the predictive model, filtering out noise, and normalizing
data formats. The processed data is then used to determine the
optimal locations for taxis to find new passengers, which is the
core functionality of the prediction system. This is achieved
by the location prediction component, which predicts the best
locations for taxi pick-ups based on the preprocessed data of
the taxi and external information. The data can also be used
by the ML train component to regularly update the machine
learning model, ensuring that the predictions remain accurate
over time by incorporating feedback and new patterns detected
in the data. The periodic retraining is managed by balancing
the need for up-to-date models with the system’s real-time
performance requirements.

Finally, the storage layer supports both real-time processing
and long-term analysis. The ML storage component stores



the machine learning model (e.g., the weights of the neural
network), ensuring that the models are accessible for both re-
training and real-time predictions. The data storage compo-
nent keeps event data, such as traffic conditions, events, and
passenger requests, available for real-time decision-making
and historical analysis, which helps in refining and improving
future predictions. In particular, we include a device data
storage for data produced by taxis, passengers, and road traffic
monitors, and a web data storage to persistently store data
from events and cloud-based traffic monitors.

It is worth highlighting that our modeling approach relies
only on a basic client-server architecture, without explicitly
specifying where the computation occurs—whether on de-
vices, intermediate levels (e.g., on-premise, near edge, and
far edge) or in the cloud. Moreover, our approach is cloud-
agnostic, enabling the cross-platform deployment of abstract
services. As an example, in the following section, we describe
how the workflow and its abstract services can be implemented
on the AWS cloud platform.

Given the above abstract model, we can also define some
requirements and QoS metrics for each task and the overall ab-
stract services that need to be met in the concrete deployment.
For example, physical devices are highly dependent on low
latency for real-time data transmission to ensure timely and
accurate location updates and traffic information. Additionally,
these devices must minimize energy consumption to extend
their operational lifespan and reduce overall energy costs.
Networking components, on the other hand, require high
bandwidth to handle continuous data streams from multiple
sources, ensuring efficient communication and data transfer.
Low latency is also crucial for real-time interactions, and scal-
ability is essential to manage the increasing data volumes from
a growing number of devices (e.g., passengers). Computation
components must operate with low latency to provide fast-
responsive processing and predictions. These components need
scalable computational resources to handle dynamic loads and
increasing data volumes. Energy-efficient processing is also
crucial to reduce energy consumption, particularly for real-
time event monitoring and model prediction. Finally, storage
components require reliable persistence for both historical data
and machine learning models to ensure long-term analysis
and consistent model retraining. These components need to
be scalable to handle growing data storage needs without
performance degradation.

A. Implementation of the use case

AWS offers a complete suite of cloud services, ranging from
basic services such as computing, storage, and networking to
advanced solutions like machine learning and deep learning
services, ensuring integration and deployment across diverse
environments. Furthermore, AWS is likely the cloud provider
that has invested the most in adapting its infrastructure to
specifically meet the requirements of the edge-cloud contin-
uum. To bring cloud services to the end-user device level,
AWS offers tools and services for managing physical devices
such as actuators, cameras, and sensors. In particular, AWS
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Fig. 3. Deployment of the abstract workflow on AWS.

IoT Greengrass extends the capabilities of the cloud to local
devices, allowing them to collect and analyze data closer
to the source, respond autonomously to local events, and
communicate securely via local networks. Additionally, on-
premises devices can securely communicate with AWS IoT
Core and export IoT data to the AWS Cloud. AWS IoT
Greengrass also supports the FaaS (Function-as-a-Service)
paradigm: developers can define AWS Lambda functions in
the cloud and, through connectors, deploy and execute these
functions locally on fleets of physical devices in a serverless
manner. AWS Amplify is a set of tools and services that sim-
plifies the development of mobile apps with shared backend
services and features, such as authentication, data storage, and
real-time updates, which are accessible across various device
platforms including web, iOS, and Android.

According to the flow defined by the modeling framework
proposed in this work, after defining the execution infrastruc-
ture, the abstract application, and the QoS constraints, we can
exploit the information contained in the service catalog to
identify optimal configurations for deploying the application
on a specific cloud platform, also exploiting linear optimiza-
tion techniques or information coming from simulations. Using
this approach and leveraging the services provided by AWS,
we obtained the suitable configuration illustrated in Figure V,
which deploys the application across three distinct levels of
the edge-cloud continuum (i.e., device, far edge, and cloud).

At the device level, we manage traffic monitoring devices
(e.g., cameras and traffic lights with sensors) and taxis. These
devices collect traffic data crucial for real-time monitoring
and decision-making. We assumed these devices are equipped
with specific IoT hardware, like Raspberry Pi, which features
low energy consumption, sensors for data collection, and



communication interfaces for data transmission to servers for
processing. We use AWS IoT Core, a managed cloud service, to
enable secure and reliable interaction between these connected
devices and cloud applications. Device management is facili-
tated by AWS IoT Greengrass, which provides a local device
gateway and allows AWS Lambda functions to be executed
locally for data preprocessing and aggregation before sending
the data to the nearest server located at the far edge layer. We
used the AWS Wavelength service to bring AWS computing
resources closer to the data sources, enabling the deployment
of next-location prediction models that are optimized for the
local context of the devices at the far edge level. AWS Wave-
length is a managed service that brings AWS compute and
storage services to the edge of telecommunications networks,
by integrating AWS infrastructure directly into data centers
of telecommunication providers. In the cloud, we leverage
Amazon S3 to store models trained using AWS SageMaker.
These models are trained on data related to specific geographic
areas and are periodically deployed on associated nodes of the
AWS Wavelength architecture. Additionally, we utilize AWS
Timestream for storing data coming at regular intervals from
devices and AWS DocumentDB, a document database service
that is compatible with MongoDB, for storing traffic/event data
from web sources as JSON-like documents, gathered using
AWS Glue ETL jobs. It is worth noticing that this represents
just one possible combination of AWS services aligned with
our abstract model, as there exist alternative services that could
be selected based on specific project requirements.

VI. CONCLUSION

This paper presents a novel modeling framework that en-
ables platform-independent application development within
the edge-cloud continuum by defining abstract services as
workflows of computation, networking, and storage elements
aligned with specific constraints and QoS metrics. This ab-
straction enhances flexibility and scalability, supporting opti-
mal service selection across cloud infrastructures and enabling
efficient platform and service choices within the continuum.

Future work will refine the framework by creating tools to
define abstract service requirements and QoS criteria, aiming
for automated selection of optimal services and configurations
via optimization or heuristic algorithms. Machine learning will
further enhance service selection by predicting performance
based on historical data, while a dynamic adaptation mech-
anism will monitor and respond in real-time to fluctuations
in service availability, workload, and user demands, ensuring
QoS standards are consistently met.
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