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Keywords: The exponential growth of Internet of Things (IoT) sensors and data has led to multiple software
Context awareness applications which aim at collecting, monitoring, controlling, and automating decisions based on

Internet of Things
Business process model
Complex event processing

such data in several domains such as smart cities. Even though early IoT frameworks and software
architectures relied on correlating data from a single application domain, missing opportunities to
improve contextualisation; in the last years several Complex Event Processing (CEP)-based
frameworks and applications have been provided to improve the correlation of data from
heterogenous domains, facilitating context-aware decision making. However, several issues
remain unsolved: on the one hand, frameworks should not only provide the means for data
correlation and contextualisation, but also for the definition of customisable real-time actions
based on the context. On the other hand, CEP patterns update remains static in these frameworks,
while there is a need for dynamically updating CEP pattern logic to adapt to changing contexts in
real time. Even more, CEP patterns logic understanding might also be a handicap for developers.
To face these challenges, in this paper, we enhance an existent CEP-based framework and soft-
ware architecture by incorporating Business Process Modelling (BPM) to facilitate the definition
of CEP patterns rationale, manage interdependencies between patterns, define and handle con-
textualised user actions, and enable real-time updating of CEP pattern logic based on detected
situations. The proposed approach is illustrated through a case study, assessed via usability and
performance evaluations, which show improvements in comprehensibility, maintainability, and
updatability of CEP-based software applications for context-aware IoT scenarios.

1. Introduction

This introduction first motivates the need to enhance context awareness in order to enable more accurate, adaptive, and timely
decision-making in IoT systems, where system behaviour and user-related actions are shaped by dynamic environmental and situa-
tional conditions. It then presents the underlying research hypothesis and formulates the Research Questions (RQs) that guide this
study, thereby delimiting its scope and clarifying the aspects under investigation. Finally, it outlines the main contributions of the
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1.1. Motivation

In recent years, cities have faced exponential growth as an increasing percentage of the world's population has become urbanised
[1]. Such a population growth places increased pressure on critical infrastructure such as transport, housing, water, electricity and
utilities. As a consequence, major challenges arise in several domains, such as in energy consumption, waste, pollution, traffic, etc. To
address these challenges through technology and improved management of urban resources, Smart Cities [2] have emerged. In this
scope, the Internet of Things (IoT) enables the collection of data from heterogeneous sensor devices, the real-time monitoring of such
data, the automation of decisions, and cost reduction, thereby improving the services provided in smart cities. Similarly, IoT tech-
nologies, and more specifically smart devices, have recently been boosted by reduced communication costs and the emergence of new
technologies for smart environments. This evolution has led to numerous applications that enhance decision-making and improve the
services delivered to users in these domains.

However, most early smart environment applications rely on data from a single application domain, monitoring such data, and
generating intelligent actions limited to that domain [3,4]. By disregarding information from other application domains, these systems
miss a significant opportunity to improve contextualisation in smart environments [5]. Furthermore, enhancing the contextualisation
of smart IoT applications and smart environments requires a software architecture capable of performing data fusion across multiple
domains, allowing data to be integrated and correlated. Through the homogeneous integration and correlation of data from devices in
different application domains, contextualisation can be achieved across multiple domains rather than a single one, therefore improving
decision-making.

In addition, citizens expect more than the detection of generic event patterns for the different situations they may face. They
demand personalised services and event patterns that generate contextualised and customised actions, i.e. systems that provide
intelligent responses based on specific situations of interest. A situation of interest is defined as a sequence of events and/or contextual
conditions occurring within a given time period, which is relevant to a specific application domain and a specific user [6]. Thus,
situations of interest emerge from the combination of individual events, such as environmental or user-related data, when information
from multiple sources reveals meaningful conditions requiring attention or actions. For example, consider a smart home system that
uses temperature sensors and wearables to monitor both indoor temperature and user activity. One situation of interest could be when
the indoor temperature drops below 18°C and the user, who is usually active at this time of the day, has remained inactive for more
than two hours. This situation may indicate that the user is asleep, or experiencing discomfort or a health issue, such as hypothermia in
elderly people. In this case, an alert could be sent to a caregiver, or the heating system could be activated automatically. Situations of
interest are inherently domain-dependent, as they must be relevant to the stakeholders of each domain. Therefore, the ability to
recognise domain-specific situations of interest enables the generation of personalised contextual actions, the automation of responses
and improved decision-making in intelligent systems.

These challenges have been addressed by Smart-CARE a context-aware real-time smart environment framework recently proposed
[7,8]. Although [8] presents Smart-CARE through an Ambient Assisted Living (AAL) case study, the framework itself is
domain-agnostic and applicable to a wide range of IoT and smart-environment domains, as illustrated in [7]. Moreover, from [8]
onwards, the name “Smart-CARE” is adopted to consistently refer to the overall framework. Within this framework, a taxonomy was
introduced to support the homogeneous description of data across multiple IoT and smart environment application domains. This
taxonomy provides mechanisms that facilitate adaptation to different domains, while providing a common structure for information
exchange between IoT domains and smart environments. It also enables the definition of contextual actions required for intelligent
decision making in [oT systems. Moreover, the taxonomy simplifies data processing by allowing developers to define data structures
using the JSON standard. In addition, a software architecture was proposed as part of the framework, aimed at receiving, processing
and correlating data from different application domains, previously defined according to the taxonomy, in a homogeneous manner.
This software architecture incorporates a Complex Event Processing (CEP) engine, which supports real-time data processing and the
detection of relevant situations of interest for users. Particularly, the conditions to be met to detect a situation of interest are defined
through an event pattern; once the event pattern is detected a contextualized action can be triggered to address the situation of interest.
Therefore, by enabling information sharing across domains, the framework improves contextualisation and enhances decision-making
capabilities.

Nevertheless, the definition of contextualised actions remains complex due to the large variety of possible contextualised actions
that must be specified for each user. Defining a large number of CEP event patterns and contextualised actions significantly increases
system complexity [9], making systems harder to maintain, adapt and evolve. Furthermore, CEP event patterns are static rules that
offer limited flexibility once deployed, which complicates their adaptation to context changes. As a result, users may find it difficult to
design event patterns that can be dynamically updated at runtime. For instance, the time required to dispose of rubbish varies
depending on contextual factors, such as whether a user is alone or accompanied, or whether the activity occurs during the day or at
night. Addressing this issue requires runtime adaption of event patterns, thereby avoiding the need to define a separate event pattern
for every possible situation of interest.

1.2. Research hypothesis and research questions

To tackle the challenges identified in the previous subsection, our research is driven by the hypothesis that Business Process
Management (BPM) models can effectively contribute to bridge the identified gaps. This hypothesis is motivated by prior work
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showing that BPM-based visual representations have been successfully applied to model IoT systems and intelligent environments
[10]. Moreover, BPM supports the analysis, design, implementation and continuous monitoring of system processes [11-13] and it
enables system optimisation and error reduction, improving productivity and supporting rapid adaptation to evolving requirements.

Accordingly, we hypothesise that a novel integration of BPM models and Business Process Model and Notation (BPMN) standard
with CEP-based architectures within the Smart-CARE framework may provide additional benefits over existing solutions. In particular,
BPM models may allow the representation of both the behaviour of a context-aware architecture that integrates data from multiple
domains, as well as the behaviour of a CEP engine that detects different stakeholder-specific situations of interest. This BPM-CEP
integration within the Smart-CARE framework may reduce the complexity of defining and managing personalised contextual ac-
tions within IoT systems and smart environments. Furthermore, BPM may facilitate the explicit representation of the rationale un-
derlying CEP event patterns, improving their understanding. BPM models may capture not only the behaviour detected by the smart
devices, but also the reactions triggered by the CEP event patterns. In addition, BPM may enable the modelling of situations in which
CEP event patterns must be updated dynamically based on runtime context. For example, BPM could depict the dynamic adaptation of
a CEP event pattern that controls the expected time for a user to return home after disposing the rubbish, updating this temporal
parameter in real time according to evolving conditions. The time required would differ, for example, if the usual bin were full and the
user needed to locate another one.

To guide the investigation and structure the evaluation of these extensions, we formulate the following RQs:

RQL1. Can the extension of the Smart-CARE taxonomy with BPM improve the representation and personalisation of contextualised
user actions in IoT systems? And if so, how effectively can the integration of BPM within Smart-CARE, beyond the taxonomy layer,
support the definition, reuse and management of personalised contextualised actions for different users? Previous context-based
proposals [14] often relied on domain-specific data models or taxonomies that were too rigid or complex to allow interoperability
and customisation. While Smart-CARE offered a lightweight, extensible structure for integrating heterogeneous data, it did not provide
a clear, structured way to specify how detected situations of interest should trigger and organise user actions. This RQ therefore ex-
amines whether extending the Smart-CARE taxonomy with BPM-based representations enables more precise and understandable
definitions of contextualised actions and improves personalisation across heterogeneous IoT domains. Beyond the taxonomy layer, it
also assesses whether embedding BPM in the Smart-CARE architecture supports the scalable definition, reuse, and evolution of per-
sonalised contextualised actions as users and contextual parameters grow, by leveraging modularity (e.g., reusable subprocesses) and
parameterisation to reuse action logic while allowing user-specific adaptations in multi-user scenarios.

RQ2. To what extent does BPM support the definition of the rationale behind CEP event patterns and the representation of their
interdependencies? The logic behind event patterns in many existing CEP-based systems—i.e., how they relate to each other and the
conditions under which they should be evaluated— is implicitly encoded in the event schema and event pattern definitions. This may
hinder the comprehensibility and maintainability of CEP-based systems and can complicate validation and development [15]. To
address these limitations, BPM offers mechanisms for modelling dependencies, information flows and decision logic. This RQ examines
whether BPM can effectively model the logic and interdependencies of CEP event patterns, thereby improving comprehensibility and
transparency, supporting evolution, and facilitating collaboration between developers and domain experts.

RQ3. Can the integration of BPM into the Smart-CARE context-aware software architecture improve the overall management of
contextualised actions and event patterns in terms of orchestration, traceability, and maintainability? Although CEP-based archi-
tectures excel at event correlation, they are limited in their ability to orchestrate the behaviour of complex systems, document designs,
or manage evolution over time [16]. As systems become more complex, these limitations can have a negative impact on usability,
clarity and maintainability. This RQ explores whether integrating BPM into the Smart-CARE context-aware architecture can improve
the management of event patterns and contextualised actions. In particular, it examines whether BPM models can provide explicit
traceability between detected situations of interest, CEP event pattern logic, and the contextualised actions they trigger, while
providing a high-level, process-oriented view that complements CEP logic and preserves the performance advantages of CEP.

RQ4. How effective is BPM in supporting runtime updates to CEP event patterns, based on detected situations of interest, while
preserving real-time performance constraints? The requirements and needs of domains in IoT environments are constantly changing.
Consequently, systems must be able to adapt their behaviour at runtime in response to evolving context and user needs. Although CEP
engines support dynamic rule updates, these are usually carried out manually and are not explicitly managed as part of higher-level
system logic. BPM could provide a process-level mechanism to explicitly represent and govern such adaptations. This RQ explores
whether BPM-based approaches can support the dynamic adaptation of CEP event patterns in response to detected situations of in-
terest, and whether such adaptations can improve system adaptability and responsiveness in real IoT scenarios without introducing
unacceptable latency or overhead.

1.3. Contributions

In response to the research hypothesis and questions outlined above, this paper introduces BPSmart-CARE, a BPM-enhanced
version of the Smart-CARE context-aware real-time framework for smart environments. The main contributions of this work are as
follows. (1) An extension of the taxonomy proposed in [7] to support the description of contextualised user actions using BPM. (2) An
enhanced context-aware software architecture, supported by BPM, which adds new functionalities to the architecture in [7]. Spe-
cifically, BPM enables (2.a) the definition of CEP event pattern rationale, as well as the interdependencies between event patterns; (2.
b) the definition and management of contextualised user actions and (2.c) the real-time updating of CEP event patterns logic based on
detected situations of interest. (3) A case study illustrating how CEP event patterns and contextualised user actions can be represented
using BPM, including runtime event pattern updates when particular conditions are met. These contributions are evaluated through
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usability studies, the implementation of CEP event patterns in a practical exercise with and without BPM support and CEP and BPM
performance evaluation with different workloads, in order to assess applicability, scalability, and real-time feasibility in smart
environment scenarios.

The remainder of the paper is structured as follows. Section 2 presents the theoretical background of the proposal. Section 3
presents the related work in IoT data processing and correlation, with an emphasis on CEP, BPM-based, and CEP-BPM approaches.
Section 4 describes the BPM-enhanced taxonomy and software architecture. Then, Section 5 explains in detail the design of a BPM
model for a case study using the proposed software architecture. Section 6 reports a developer-centred evaluation while Section 7
reports a system-centred evaluation. Finally, Section 8 discusses the results obtained in this proposal, while Section 9 presents the
conclusions and future work.

2. Theoretical background

In order to provide the conceptual foundations for the approach proposed in this paper, this section introduces CEP, which con-
stitutes the core technological pillar of the Smart-CARE framework, and BPM, which is presented as a complementary paradigm that
can enrich Smart-CARE. Together, they provide the theoretical basis required to motivate their integration and to contextualise the
subsequent analysis of related work.

Context-aware systems aim to adapt their behaviour according to the current context, which may include environmental condi-
tions, user state, location, time, and other situational factors. In this work, context-awareness is operationalised through the detection
of situations of interest derived from event streams and contextual conditions, and through the execution of contextualised actions that
respond to those situations of interest.

In this context, CEP can be positioned within the broader landscape of real-time stream processing technologies commonly used in
IoT and smart environments. Accordingly, in IoT and smart-environment settings, real-time analytics is commonly supported by
stream processing frameworks (e.g., Apache Flink, Apache Spark Streaming, and Kafka Streams) as well as by CEP engines such as
Esper. While stream processing frameworks typically provide general-purpose operators over continuous dataflows, CEP focuses on the
specification and detection of event patterns over event streams.

CEP [17] is a technology designed for real-time analysis of large volumes of data from various sources. In CEP-based systems,
incoming data items are treated as simple events, which may originate from IoT sensors, wearable devices, or information-system
records. The detection of situations of interest (also known as complex events) depends on the prior configuration of event pat-
terns. These event patterns act as rules that inspect the incoming flow of simple events, searching for specific conditions and sequences
of the same or different types of simple event, with possible temporal constraints between them. Thus, unlike traditional databases,
CEP can identify relevant event patterns in real time by continuously correlating input data streams. This continuous evaluation is
performed by a CEP engine, which serves as the computational core where event patterns are deployed and executed at runtime. There
are multiple CEP engines available. Among them, Smart-CARE adopts the Esper CEP engine [18] due to its high performance [19,20]
and technological maturity. In addition, Esper provides an expressive Event Processing Language (EPL), which supports flexible and
efficient rule definition.

While CEP provides powerful mechanisms for event correlation and situation of interest detection, it does not, on its own, provide
explicit constructs for defining the contextualised actions that such situations of interest should trigger, nor for graphically repre-
senting CEP event pattern logic. BPM [21] is a discipline that aims to model, execute and manage the behaviour of information systems
through the use of explicit representations of business processes. Unlike implementations based exclusively on code, BPM provides
mechanisms for describing the flow of activities, decisions and interactions. This approach is particularly valuable in environments
where system logic must be understandable, adaptable and maintainable, since it provides an explicit description of control flow,
responsibilities and decision-making processes.

In practice, these BPM capabilities are typically realised through the BPMN standard [22], which provides visual modelling
constructs for process representation. This specification provides a graphical notation that allows key elements, such as activities,
events, gateways and message exchanges, to be represented. This facilitates a shared understanding between technical and man-
agement profiles, providing a high-level abstraction. Additionally, these models have well-defined executable semantics that enable
direct interpretation by BPM engines, which manage process lifecycles at runtime.

Based on these foundations, the following section reviews related work on CEP, BPM, and their integration in IoT and smart
environments.

3. Related work

This section reviews related work in three strands. First, it summarises comparative studies of stream processing frameworks and
CEP engines for real-time analytics in IoT and smart environments, and discusses limitations of CEP-centric approaches in supporting
personalised responses. Second, it reviews BPM-based proposals for orchestrating system behaviour in IoT settings and surveys
CEP-BPM approaches that aim to bridge event detection and process orchestration. Finally, it outlines complementary organisational
and model-driven perspectives, including recent advances in intelligent and knowledge-based BPM. Finally, it discusses broader
research on adaptability and process reconfiguration
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3.1. CEP and stream processing for real-time analytics in IoT and smart environments

Recent work has evaluated and compared stream processing frameworks (e.g., Apache Flink, Apache Spark Streaming, and Kafka
Streams) and CEP engines such as Esper for real-time analytics in IoT and smart environments [23]. Although Apache Flink achieves
low latency and high throughput, its scalability is limited, whereas Apache Spark offers excellent scalability at the cost of higher
latency. Kafka Streams demonstrates high performance [24] depending on the specific application context, while CEP, and specifically
Esper CEP [25] outperforms other systems when processing and correlating event streams, both in single-core [19] and distributed
settings, although its distributed implementation faces challenges in sharing information across different complex event processing
engines [26].

Nevertheless, CEP engines like Esper primarily focus on processing, correlating and detecting situations of interest, and their
standalone use is limited in providing contextualised decision-making and personalised adaptation in complex scenarios. Conse-
quently, several studies have explored CEP-based approaches in smart environments and IoT, yet they still provide limited support for
specifying how detected situations of interest should lead to personalised responses. For example Daum et al. [27] proposed using CEP
for event detection, yet their approach does not address the execution of contextualised actions, referred to as 'reactions'. Similarly, Li
et al. [28] suggested integrating CEP with BPMN by adding a new activity type to BPMN that allows non-technical users to define CEP
event patterns and their technical details in an abstract manner. This new activity type facilitates communication with the CEP engine,
sending input and receiving output to continue the BPMN process. However, this approach does not integrate data from different
application domains, nor does it consider dynamically updating event patterns so that they adapt to changing contexts. Additionally,
the graphical representations provided are highly simplified and abstract the underlying CEP event patterns. This can improve
accessibility for non-expert users, but it may also reduce the transparency of the underlying event-detection logic. Providing per-
sonalised responses based on stakeholder requirements remains a complex challenge, as it depends on various contextual factors, such
as user location, profile, environmental conditions, and the state of other interacting devices. Therefore, effective context-aware
systems require mechanisms that can connect situations of interest detected by CEP with appropriate contextualised actions. These
actions must be able to adapt flexibly to evolving circumstances while maintaining alignment with the objectives of IoT systems.

3.2. BPM-based orchestration and CEP-BPM integration approaches

While some proposals combine CEP with BPM primarily for the abstract definition of event patterns, several studies have explored
using BPM as a central mechanism for analysing, designing, implementing and continuously monitoring processes within different IoT
systems and smart environments. For instance, BPM models have been employed to orchestrate healthcare processes, such as moni-
toring patients with hypertension [29], and to integrate various sensor types with actuators for automated system behaviour [30].
Similarly, intelligent distribution centres have used BPM to coordinate system operations without human intervention [31]. These
proposals illustrate that BPM provides key benefits for context-aware systems, including traceability of actions, standardisation of
procedures, and the ability to adapt processes dynamically according to context. Moreover, the graphical and formal nature of BPMN
facilitates the representation of system behaviour in a way that is understandable to both domain experts and the system's developers
[32,33]. While these proposals demonstrate BPM’s potential to manage contextualised actions in IoT and smart environments, they
lack integration with real-time event processing. This means they fail to exploit the adaptive capabilities provided by CEP, leaving
opportunities for enhancing context-awareness and dynamic responsiveness in heterogeneous IoT environments.

More recently, research has focused on combining CEP and BPM in order to detect situations of interest and orchestrate the cor-
responding contextualised actions. Early efforts focused on enhancing BPM models with real-time event monitoring, exemplified by
Ruhkamp et al. [34], who proposed executing declarative BPM processes by mapping constraints directly to CEP queries. This
approach highlighted that integrating CEP with declarative BPM models allows not only the detection of critical situations of interest
but also guides human operators in decision-making during system failures, bridging the gap between process logic and event-driven
execution. However, its primary focus is on monitoring and verifying constraints, rather than on how CEP logic can be maintained,
adapted or customised for different users or contexts. In line with this reasoning Janiesch et al. [35] proposed modelling CEP engine
operations within BPM in terms of event pattern deployment and the handling of simple input events. This approach further enhances
the flexibility and responsiveness of business processes by establishing a close relationship between event processing and process
execution. However, CEP event patterns are treated as technical artefacts embedded in process models, offering limited support for
semantic transparency or the dynamic adaptation of event patterns based on contextual changes.

Other proposals have focused on scalability and distribution aspects of CEP-BPM integration. Fardbastani et al. [36] proposed a
decentralised CEP mechanism integrated with BPM, which distributes the processing of monitoring rules and event streams across
multiple nodes, enabling scalable and adaptive process monitoring. Although this approach addresses concerns relating to perfor-
mance and scalability, it places little emphasis on usability or maintainability, nor on ensuring that event-detection logic is under-
standable to stakeholders beyond system developers. Domain-specific frameworks have also leveraged CEP-BPM integration to
manage complex IoT environments. For example, Goncalves et al. [37] proposed the REFlex Water framework, which integrates CEP
and BPM to manage water supply systems in real time. BPM is used to model system behaviour and control unforeseen situations of
interest with high reliability. While it is effective within its domain, the framework is tightly coupled to a specific application context
and does not address cross-domain data integration or user-specific adaptation. More recent proposals aim to improve interoperability
and adaptability. Valderas et al. [38] proposed a microservice-based architecture integrating CEP and BPM, which uses ontologies and
event-based communication to improve decoupled interoperability and adaptability in heterogeneous IoT environments. Although this
approach improves modularity and semantic integration, it does not explicitly explain how CEP event patterns can be represented,
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understood and developed by users at a process level. Similarly, Bazan et al. [39] made a conceptual proposal suggesting the inte-
gration of CEP and BPM in Industry 4.0. The proposal emphasises the potential benefits of incorporating CEP into BPM, such as
increased agility, context-sensitivity, and responsiveness to IoT devices. However, their work remains highly abstract and does not
offer specific solutions for event pattern management, personalisation or runtime adaptation.

3.3. Complementary organisational and model-driven perspectives on adaptability

Beyond these technical integrations, several complementary research strands motivate the need for adaptive and process-oriented
systems from organisational and model-driven perspectives. In addition to technical CEP and BPM-based proposals, recent research has
also analysed business-oriented and organisational factors that justify the need for intelligent and adaptive process-oriented systems.
In this line, Changalima et al. [40] examine and empirically demonstrate how technological absorptive capacity influences the
business performance of SMEs. While this work focuses on why technological absorptive capacity is essential for business outcomes, it
also reinforces the need for concrete process-oriented architectures capable of operationalising digital and technological innovation in
complex, data-intensive environments.

In parallel, recent research has increasingly emphasised the importance of intelligent, adaptive and knowledge-based approaches in
BPM. In this line, Cano-Marin [41] highlights the transformative potential of generative artificial intelligence (GenAl) in business
environments, emphasising its ability to support informed decision-making and enhance adaptability and productivity through the
exploitation of diverse data sources. While these approaches do not explicitly address BPM or real-time event processing, they reinforce
the need for flexible, semantically transparent process architectures capable of evolving based on contextual information. This
perspective is complemented by model-based engineering approaches, which have been proposed to bridge the gap between un-
structured data from intelligent environments and business process models. For instance, El Kodssi et al. [42] suggest using a
model-based architecture alongside machine learning techniques to convert sensor data into a form that is suitable for process mining.
This highlights the significance of formal models in ensuring the maintainability, usability and semantic clarity of loT-enabled BPM
systems. Furthermore, the emergence of GenAl-based solutions such as ProcessGPT [43] further illustrates the trend towards adaptive,
data-centric BPM. ProcessGPT uses generative models and process knowledge graphs to automatically generate, adapt and maintain
process models, thereby improving usability and supporting continuous evolution. However, these approaches remain largely
disconnected from real-time event correlation mechanisms, leaving open the challenge of systematically linking event detection with
executable process logic in context-aware IoT systems.

Taken together, these works highlight the need for integrated frameworks that link real-time event correlation, cross-domain
contextual data and executable process orchestration. From complementary technical and conceptual perspectives, research lines
have addressed system adaptability and process reconfiguration. Technical approaches based on Service-Oriented Architecture (SOA)
and Business Intelligence (BI) such as the proposal made by Mekimah et al. [44], focus on enabling dynamic process reconfiguration
and visualisation through RESTful services, supporting flexible integration of system components across domains. However, these
approaches often operate at an architectural or service level, without explicitly integrating real-time event correlation mechanisms
into executable process logic. In Jundt et al. [45] from a human-centric perspective, adaptive performance research analyses how
individuals and teams adjust their behaviour in uncertain and evolving environments, highlighting that effective adaptability requires
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not only technical mechanisms but also support for real-time decision-making. While these studies provide valuable insights into
adaptive behaviour, they do not address how such adaptability can be operationalised through executable, event-driven process
models. Other BPM-oriented proposals, such as empirical analyses of BPM capabilities [46] and the concept of Processes-of-Processes
(PoP) [47], emphasise hierarchical and evolutionary process structures as a means to support long-term system evolution. Never-
theless, these approaches remain largely conceptual or operate at higher abstraction levels, leaving open the challenge of systemat-
ically linking real-time CEP logic with concrete, executable BPM models. These proposals highlight that, while existing approaches
address adaptability from architectural, organisational or conceptual perspectives, they lack integrated frameworks combining
real-time event processing, cross-domain contextual data and executable process orchestration.

4. BPSmart-CARE

In this section we introduce BPSmart-CARE, our BPM enhanced Context-Aware Real time framework for smart environments. The
fist subsection explains how the Smart-CARE taxonomy has been extended to support the description of contextualised user actions
using BPM. The second subsection describes how the Smart-CARE software architecture has been extended to integrate a module for
defining and managing contextualised user actions using BPM as well as to define the logic for real-time CEP event pattern updates
based on detected situations of interest.

4.1. BPM-enhanced taxonomy

A detailed description of the Smart-CARE taxonomy categories and attributes is provided in [7]; additionally some application
examples in the domain of water supply network management can be found in [48]. Building on the taxonomy in [7], we extended it to
more precisely define contextualised user actions by incorporating attributes that describe the actions to be taken when a situation of
interest to the user is detected (contribution 1). Fig. 1 shows the resulting taxonomy, with the new attributes introduced in this paper
shaded in orange.

As shown in the figure, the taxonomy has been extended with two new attributes, BusinessProcessld and TaskId, which replace the
previous Action attribute. As a result, the taxonomy now allows the description of contextualised user actions using BPM. Busines-
sProcessld enables the identification of the BPM process that represents the behaviour of the CEP event patterns deployed in the CEP
engine, as well as the information exchange with it, in which situations of interest are detected, as explained later. Early detection of a
situations of interest enables intelligent systems to improve their responses and the services provided to users. TaskId allows the
identification of the BPM process that specifies the actions to be executed when a particular situation of interest is detected. It is
important to note that, to adapt the previous proposal to the use of BPM, only minor modifications to the taxonomy are required to
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Fig. 2. Software architecture integrating CEP and BPM, highlighting the BPM processes used to represent CEP pattern logic and to manage con-
textualised actions, as well as highlighting a new CEP module that enables real-time updates of event patterns in context-aware IoT systems.



A. Bazan-Munoz et al. Internet of Things 36 (2026) 101887
enable a more detailed representation of contextualised actions. No further modifications are needed to represent event patterns.
4.2. BPM-enhanced software architecture

Fig. 2 shows the software architecture proposed in [7], including the new elements introduced in this paper shaded in orange
(contribution 2). The existing elements of the architecture are briefly described below to keep the paper self-contained, with additional
detail provided for the new components:

e Three types of input events are considered: Domain Events (box with yellow border), Domain Context Events (box with red border)
and External Context Event. As explained in [7], Domain Events are those that occur within a particular domain. For example, in
the domain of an elderly person's home, these include all sensor events generated within that home. Domain Context Events are
those generated by interaction between domains; for example when the elderly person interacts with another domain, such as the
electricity provider, while consuming electricity. External Context Events are those that are not associated with a specific stake-
holder, such as weather conditions or ambient temperature.

Context-Aware Processing System. This component represents the core of the software architecture proposed. It consists of a CEP

engine (box with brown border) and multiple BPM processes (box with green border), which represent the logic of CEP event

patterns, their interdependences and their real-time update, as well as the definition of contextualised actions. The CEP engine has
different schemas and event patterns deployed that trigger the execution of the corresponding Contextualised Actions BPMs (boxes
with purple border). A situation of interest detected by a set of CEP event patterns can lead to one or multiple contextualised
actions, depending on contextual conditions; in some cases, only a single action may be associated with each situation of interest.

Therefore, when a complex event is detected in the CEP engine, the associated BPM process specifies how the systems should react

according to the user’s personal configuration parameters. In addition, the Context-Aware Processing System applies real-time

updates (box with blue border) to selected CEP event patterns based on situations of interest detected at runtime, enabling dy-
namic adaption to changing conditions. Please note that although the system is implemented by receiving simple events in both the

CEP engine and the BPM processes, this has been done for illustration purposes only. While the initial design considered routing

events through BPM and exchanging complex events with the CEP engine, this integration is optional; in some deployments CEP

can be used only for situation of interest detection, and BPM can be used to represent event patterns graphically and execute
contextualised actions without direct CEP-BPM event exchange. Section 4 illustrates how separating simple events and complex

events in different BPM processes clarifies the implementation of contributions 2.a and 2.c.

e Context and actions databases. The architecture includes two databases that store persistent context information and user-defined
actions. The persistent context database stores stakeholder-related information, while the actions database stores the actions
defined for each user.

e REST services. REST services provide interfaces that allow users to insert and retrieve information from the databases.

e Actions and persistent context represent the information that users stored in the databases through the corresponding REST
interfaces.

e Message broker. The architecture includes a message broker with a catalogue of topics that enable information sharing across
domains using a publish/subscribe mechanism.

4.3. BPM-smart CARE operation

The proposed software architecture works as follows:

Information generated by smart sensor and intelligent systems enters the system as one of the defined event types, encoded in JSON
format and structured according to the taxonomy. As previously said, Domain Events occur within a particular domain and are
processed only by the corresponding Context-Aware Processing System (i.e. sensor data from an elderly person's home should not
be shared externally). Domain Context Events result from interactions between domains, and may be shared both within the
particular domain system and through message broker, as they may be relevant to other domains (e.g., electricity consumption data
could be useful to the council department responsible for energy consumption). Finally, External Context Events are already
available in the message broker catalogue and are forwarded only to the appropriate Context-Aware Processing Systems.

o All events, regardless of their type, are sent to the Context-Aware Processing System, specifically to the CEP engine, which processes
them based on the deployed event patterns, correlates them and detects situations of interest or complex events. In parallel, events
are sent to the BPM processes, where CEP event pattern execution and real-time updates are explicitly represented.

For certain user-defined situations of interest, CEP event pattern updates can be dynamically performed at runtime.

Persistent context information of the stakeholder, as well as user-defined actions are introduced into the system via REST services,
encoded in JSON format according to the taxonomy.

Persistent context and custom actions are stored in their respective databases. The engine queries the persistent context database to
detect event patterns involving multiple users, while the actions database is queried only when a complex event is detected,
allowing the system to retrieve the appropriate contextualised action.

Once a situation of interest is detected, the relevant information, along with the associated contextualised action, are sent to the
Contextualised Action BPM, where the action is processed and executed. All actions must be predefined by users within the cor-
responding BPM processes.
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e Finally, the information generated by the CEP engine can be shared with other domains or fed back into the system through the
message broker topics.

To facilitate comprehension of the proposal, the following section presents a case study detailing the BPM design and the data flows
that occur during execution.

5. Case study

In this section, a case study is used to provide a concrete and reproducible illustration of how the proposed framework operates end-
to-end. It is explained how the previously defined framework is used to design a BPMN process that fulfils four main objectives. Firstly,
these BPM processes represent the actions performed by the different stakeholders, which are detected by their intelligent devices.
Secondly, they define how individual events received by the CEP engine are evaluated and processed. Consequently, the BPM processes
represent the sequence of interdependent event patterns deployed in the CEP engine, as well as the input required for each event
pattern. This enables the identification of the user actions that are triggered by the detection of specific complex events. Thirdly, BPM
processes manage the contextualised actions to be executed in response to detected situations of interest. Once a complex event is
detected, the BPM process defines how the system should react according to the user’s personal configuration parameters. Finally, BPM
processes define real-time updates to CEP event pattern logic based on specific runtime situations of interest. Thus, during the
execution of the event pattern sequence in the CEP engine, the BPM process may represent runtime updates to certain event patterns
when specific conditions are met, enabling dynamic adaptation. At the same time, BPM reduces the complexity of representing CEP
event patterns by providing a graphical notation that facilitates the understanding of the CEP engine behaviour, the relationships
between event patterns, and the conditions required to detect situations of interest.

5.1. Case study description

To illustrate the proposed approach, an Ambient Assisted Living (AAL) case study was selected. This domain was chosen because it
is representative of context-aware IoT systems that must combine heterogeneous sensing, real-time situation of interest detection, and
personalised responses, often under safety-critical constraints. Moreover, the scenario naturally involves temporal conditions and
interdependent event patterns, making it suitable to demonstrate the proposed CEP-BPM modelling and runtime orchestration ca-
pabilities. Although the case study is AAL-oriented, the modelling and integration principles are domain-agnostic and can be trans-
ferred to other smart-environment domains.

More in detail, the case study involves an elderly person living alone. This person performs a daily activity: he/she collects the
rubbish at home, takes it outside to a street bin, and then returns home. Based on this simple scenario, several event patterns are
processed by a CEP engine to detect anomalous situations of interest. Specifically, the system monitors whether the user fails to return
home within the expected time after disposing of the rubbish. This may indicate an abnormal situation of interest, such as a fall,
disorientation or becoming lost. Such situations of interest are particularly critical for elderly individuals, especially those with
cognitive impairment or mental health conditions, as these factors increase the risk of incidents during routine activities.
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Fig. 3. Taxonomy usage examples illustrating how features of interest and user-specific contextualised actions are structured, and how the latter are
associated with BPM processes.
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5.2. Case study taxonomy

Before the detection of any situation of interest can take place, the features of interest and the contextualised actions associated
with the user must be defined. Fig. 3 shows two examples of how the taxonomy can be used to structure these data. Fig. 3(a) shows how
the FeaturesOfinterest are introduced into the system, while Fig. 3(b) illustrates how contextualised actions are defined using the new
taxonomy attributes introduced in this paper. It is important to note that, as service customisation is user-specific, each assisted person
in the AAL scenario has an individual BPM process that defines all associated event patterns. Consequently, each user's BPM includes
the event patterns and the corresponding contextualised action processes, as users may require different operations to be performed for
the same type of situation of interest.

5.3. Case study software architecture component and interaction flows

Fig. 4 shows the core components of the Context-Aware Processing System and illustrates a simplified information flow among the
elements of the proposed architecture. Note that, prior to sending data to the system, the event patterns and input data schemas had to
be deployed in the CEP engine, and their logic had to be represented in BPM models. Once deployed, data from various information
sources (i), such as a weight sensor in the user’s waste bin, magnetic and motion sensors on the house door, and beacon devices
installed on the street waste container, are sent in parallel to the CEP engine (ii) and the BPM processes (iii). The CEP engine correlates
simple events and detects situations of interest using predefined event patterns. When applicable, an alert (iv) is generated and sent to
the Contextualised Actions BPM (vi). Besides, when a context change is detected by the CEP engine, a real-time update to a particular
CEP event pattern might be performed (v). In parallel, the BPM processes, through the CEP Logic BPM, represent the information
received from the sources and the execution of CEP event patterns. When an alert reaches the Contextualised Actions BPM, it is
evaluated using the user's contextual information to determine the most appropriate action (vi). Finally, the action is executed, which
may include notifying caregivers, activating an alarm, or sending information to emergency services. These interactions are modelled
in greater detail in the BPM diagram shown in Fig. 5 where four pools can be distinguished as Users, CEP Engine, Trash Company and
Actions, with the following functions:

e User pool (yellow shaded). This pool represents the different actions performed by the user and detected by intelligent devices or
inferred from the user's behaviour. This pool is divided into two actors. The first one corresponds to actions performed by the user
inside the home, Home (yellow shaded), which are detected by sensors and represented as domain events. These BMP tasks are
modelled as receive tasks, since the information is delivered via a message broker. Once detected, the user’s behaviour can be
inferred. The user also interacts with another domain by disposing of rubbish, Trash (red shaded). In this case, a beacon network
detects the user interaction with the bin, resulting in the generation of a domain context event.

In this way, when the household bin becomes full, a sensor detects that the user is collecting the rubbish, allowing the inference of
the activity of preparing to leave the house. Then, magnetic and motion sensors on the door then detect the action of leaving the
house, which leads to the inference of the activity of walking. Sensors and beacons at the bin identify the action of disposing the
rubbish, followed by the inference of walking back home. Finally, door sensors confirm that the user has returned home.

Trash Company pool (red shaded). This pool models how the Trash Company periodically sends updated information about the
status of the user's container in parallel to the CEP engine and BPM processes. This information is stored in the persistent context
database for future queries.
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Fig. 4. Information flow within the Context-Aware Processing System, illustrating parallel event handling by CEP and BPM engines, situation
detection, dynamic CEP pattern updates, and the triggering of contextualised actions.

10



1T

Time of day == Ni Send alert to

Alert received

gency
services J

Action managed

=
Ay User Health state=bad | Send alert to
H emergency >
: services
. Send audible Send mobile
: notification to alert to the <X
B user q caregiver
" Alzheimer==true
: Send alert to
H No response in 10 v emergency
: services
Persistent Context Database :
~
takes longer than expected to return based on previous iterations Generacan
[EECPCPPRORS ks
: i
H OutdoorRubbish -4
H BinFillLevel==100
= : Belects leaviny Bects that the
Detects rubbish H the house lcg D:}gg:mfl user are
being picked up ¥ throw out the thrown in a bin relurnmg home
A rubbis on time Detects the user
Start the CEP engine A came back
A . A
A : i i ' :
s 5
§ ] Th :
£8%e . rowin, .
828 : rubbish in the :
FRd i bin .
£ : H
o L .
=} : :
2 5 :
= : : v :
@ O
@ 4 =2 =
=5 Q o Leaving the i i
3
2 g Taking rubbish house Walking Walking Reumnare
o
a
‘Full rubbish bin 1:7 The user came back
z| % :
é £5_ =
QOE Send container
G| F
E é Every 1 hour Status send
Fig. 5. BPM model detailing user interactions, CEP logic representation, and contextualised action execution in the case study.

‘ID 32 ZOUN-UDZDY 'Y

/88101 (920Z) 9€ sduy], fo jousoquf



A. Bazan-Munoz et al. Internet of Things 36 (2026) 101887

e CEP Logic BPM pool (green shaded). All the actions performed by the user and detected by the sensors are sent to the CEP engine,
and represented in the BPM model as messages sent to the CEP Logic BPM. This reflects the architecture, in which sensors data are
sent via a message broker to both the CEP engine and BPM processes (contribution 2.a). When multiple simple events are received,
the CEP engine correlates them to infer the user’s action. In this case study, 5 are deployed: detecting rubbish collection, detecting
that the user leaves the house to throw out the rubbish, updating the expected return time, detecting rubbish disposal and detecting
the user’s return to the house or generating an alert if the user does not return within the expected time. In parallel, the event
pattern detecting that the user leaves the house to throw out the rubbish query the persistent context database to check the status of the
user's usual bin. If the bin is full when the user leaves the house to throw away the rubbish, the expected return time is updated
dynamically (blue shadow), since he/she will have to walk to a more distant bin (contribution 2.c). Then, the CEP engine starts a
timer based on this updated value. If the user does not return before the timer expires an alert is generated, as explained below.
Contextualised Actions BPM pool (purple shaded). When the CEP engine generates an alert (e.g. the user has not returned home in
the expecting time after disposing the rubbish), it is sent to the Contextualised Actions BPM, where all possible user actions are
defined (contribution 2.b). For instance, if an alert occurs at night or the user is in poor health, emergency services may be notified.
Otherwise, an audible alert may be sent to the user, followed by notification to a caregiver if the user has Alzheimer's disease. If the
caregiver does not respond within a defined period, emergency services are contacted. The exact execution details are retrieved
from the contextualised action database.

This case study illustrated how the proposed architecture combining BPM with CEP can effectively detect situations of interest and
trigger contextualised actions. Starting from a common daily activity, the example illustrates how the system components collaborate
to correlate data from multiple domains, provide personalised services, and adapt to changing conditions. Furthermore, the feasibility
of modelling both system behaviour and dynamic CEP event patterns updates using BPM has been demonstrated, thereby facilitating
the understanding of data and event flows for developers and domain experts.

6. Developer-centred evaluation: usability and task performance

This section reports the results of an empirical study conducted to evaluate the usability and task performance of the proposed
approach from a developer perspective. The examines how developers understand the rationale and dependencies of CEP event
patterns when represented using BPM, how easily they can modify and adapt CEP logic through BPM processes in response to changing
situations of interest, and whether BPM facilitates implementation and maintenance of CEP event patterns.

6.1. Context, participants and materials

The evaluation was conducted as a controlled classroom experiments within a university course on software engineering and
intelligent systems during the final year of Computer Science and Engineering bachelor’s degree. A total of 16 students participated in
the study. However, as the evaluation was conducted over several sessions and 2 participants did not attend the final session, they were
excluded from the final questionnaire, resulting on 14 students.

All students received the same training and completed the same exercises, and during the first two sessions of the experiment they
all completed the same usability questionnaires on BPM and CEP, respectively. In the third session, as explained in more detail below,
the students were divided into two groups to complete a practical CEP exercise with or without BPM support. To ensure comparable
skill levels across experimental conditions, participants were assigned to groups based on academic performance in the course. Stu-
dents were first ranked according to their grades and then distributed alternately between groups, resulting in balanced groups with
similar average academic performance. This strategy mitigated the influence of prior knowledge and individual competence on the
results.

Participants completed the experiment using their own laptops. All questionnaires and materials were distributed through the
course’s virtual campus, ensuring centralised data collection and time tracking. All the students had access to all course materials
during the experiment. All questionnaires completed by the participants, the practical exercises proposed during the study, as well as
the corresponding results obtained from both the questionnaires and the practical exercises, are provided as part of the supplementary
materials (see Supplementary Materials section).

6.2. Experimental procedure and metrics

The study was conducted over three separate days:

Day 1. BPM usability questionnaire. After learning BPM concepts and completing several practical exercises using the Signavio
Academic Initiative platform [49], students completed a questionnaire assessing their perception of BPM usability (see Supplementary
Material section). The aim was to assess their understanding of BPM as a modelling tool. The metric used for this purpose was the
System Usability Scale (SUS) [50].

Day 2. CEP usability questionnaire. After learning CEP concepts and completing several practical exercises, students completed a
questionnaire assessing their experience with Esper CEP version 9.0.0 [51], focusing on the usability and ease of use (see Supple-
mentary Materials section). The questionnaire assessed participants' understanding of using CEP for event detection and processing.
Again, the metric used was the SUS.

Day 3. Practical exercise implementation and post-experiment questionnaire. All participants had to implement the same practical
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exercise with several predefined situations of interest using CEP event patterns; in this case, the scenario involves monitoring tem-
perature and humidity to detect potential fire situations and trigger alerts to emergency response systems. Both received a natural
language description of the scenario to be implemented; however, while one group received a BPMN model describing the logic and
dependencies between event patterns (BPM group from now on), the other group implemented the patterns without BPM-based support
(non-BPM group from now on). All the materials provided to the students can be found at the supplementary material (see Supple-
mentary Materials section). The final implementation of the practical exercise was evaluated using two metrics: effectiveness and
efficiency. On the one hand, the assessment focused on analysing how effectively participants implemented CEP event patterns derived
from a practical exercise. In this context, effectiveness of the implementation was evaluated based on correctness and completeness of
CEP event patterns as reflected by their score obtained in the practical exercise. This ranged from 0 (incorrect implementation) to 10
(fully correct implementation). Six CEP event patterns were evaluated: the first two event patterns weighted at 1 point each, while the
remaining four at 2 points each due to their higher complexity. Scores were assigned as follows: 100% for correct detection of all
situations of interest, 50% for partial detection, and 0% if most situations of interest were not detected. The total effectiveness score
was computed as the sum of the six event pattern scores. On the other hand, efficiency was evaluated based on the time taken to
complete the task, it was calculated as the ratio of the effectiveness score and the time required to complete the task, providing insight
into implementation speed. Besides, after completing the practical exercise, participants filled out a questionnaire assessing the
perceived difficulty of implementing CEP event patterns, either with or without BPM support.

6.3. Results

This subsection presents the results obtained from the initial usability questionnaires, the practical exercise implementation and the
post-experiment questionnaires (see Supplementary Materials section). The analysis of the practical exercise implementation com-
pares the results of participants using BPMN support with those without BPM guidance. It also analysis the results of the usability
evaluation of BPM and CEP, based on data collected via the questionnaires.

6.3.1. Initial questionnaires: perceived usability of BPM and CEP

The initial questionnaires captured participants' perceived usability of BPM and CEP using the SUS, one of the most widely adopted
standardised instruments for usability evaluation. SUS provides a reliable method for assessing users’ subjective perceptions of system
usability, including aspects such as perceived complexity, ease of use, learnability, confidence, and the need for technical assistance.
Given the small sample size, confidence intervals were computed using an 85% confidence level.

In line with the original SUS formulation, the questionnaire consisted of ten items, rated on a five-point scale, with responses
ranging from strong disagreement to strong agreement or from low to high perceived difficulty, depending on the item formulation. As
defined in SUS, odd-numbered items are positively worded, while even-numbered items express negative perceptions, allowing a
balanced assessment of usability. In our experiment, the standard SUS items were adapted by explicitly referring to BPM or CEP, for
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Fig. 6. Results of the initial questionnaire on the perceived usability of BPM and CEP.
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Day 1 and Day 2, respectively, while preserving the original intent and structure of each question. The collected responses were later
used to compute the SUS index for each participant, enabling a quantitative comparison of perceived usability for both technologies.

Fig. 6 and the SUS results in Table 1 collectively reveal a clear distinction in perceived complexity and usability between BPM and
CEP. Most participants perceived BPM as a less-complex approach, with responses largely concentrated at the lower end of the scale for
perceived complexity, whereas working directly with CEP rules and event patterns was perceived as more complex, with higher scores
clustered around the middle and upper ranges. In terms of ease of use, the majority of participants agreed that BPM is easy to use, with
responses leaning towards the higher end of the agreement scale, while responses regarding CEP were more heterogeneous and tended
towards neutral or lower agreement values, reflecting a comparatively lower perception of ease of use. Similarly, participants reported
a limited need for technical assistance when using BPM, in contrast to CEP, which was associated with higher perceived difficulty and
greater reliance on support. Regarding learning difficulty, BPM was perceived as easier to learn, with responses concentrated in the
lower and middle ranges of the scale, whereas CEP required greater effort to achieve competence. These qualitative impressions are
confirmed by the SUS results: BPM achieved an overall SUS score of 69.81 (grade C), compared to CEP's 52.35 (grade D). According to
standard SUS interpretation guidelines, letter grades provide a qualitative assessment of usability, where scores around C indicate
acceptable usability, while grades D or lower reflect poor usability and a need for improvement. The Usable subscale also favours BPM
(59.96, C) over CEP (50.78, D), and the Learnable subscale indicates that BPM is easier to master (63.28, C+) than CEP (53.91, D+),
with CEP exhibiting a wider spread of participant scores. Overall, these findings suggest that while CEP provides powerful event-
processing capabilities, BPM offers a more accessible, understandable, and learnable environment for managing contextualised ac-
tions in IoT scenarios. Given the small sample size, reliability estimates should be interpreted cautiously; nevertheless, the results show
a clear and consistent trend.

Taken together, these results provide a descriptive comparison of participants' initial perceptions of the usability of BPM and CEP
before the final experimental task.

6.3.2. Practical exercise results: effectiveness and efficiency

This subsection compares performance of the Day 3 practical exercise with and without BPMN support (see Supplementary Ma-
terials section). Table 2 summarises effectiveness, completion time and efficiency results.

On average, participants using BPMN support achieved a higher average effectiveness (7.79) than the non-BPM group (4.14),
indicating that the BPMN model facilitated the correct implementation of CEP event patterns. In terms of completion time, both groups
performed similarly, although the BPM group was slightly faster (1 h 47 min) than the non-BPM group (1 h 51 min). Despite this
marginal time difference, the BPM group achieved a significantly higher efficiency rate (0.0738 points per minute) compared to the
non-BPM group (0.0388 points per minute), suggesting that BPMN support enhanced both accuracy and productivity in the practical
exercise tasks. These results demonstrate the positive impact of BPMN guidance on participants' task performance.

6.4. Final questionnaires: perceived difficulty of the practical exercise

Post- experiment questionnaires assessed perceived difficulty on implementing CEP event patterns with and without BPM support
(see Supplementary Materials section). Complementing the SUS results with task-specific insights into comprehension and experienced
workload.

As shown in Fig. 7, participants with BPMN model support generally reported lower difficulty levels with most responses ranging
from easy to normal and only a few rated the task as difficult. In contrast, the non-BPM group reported higher levels of difficulty more
frequently, indicating a greater perceived challenge in defining CEP event patterns. Regarding the clarity of the information provided,
those supported by the BPMN model largely found the combination of textual description and visual BPMN models to be sufficient or
fully sufficient for understanding the system's behaviour. Conversely, participants without BPMN model support provided a broader
range of responses, including insufficient and partially sufficient. This suggest that the absence of a structured model hindered their
ability to perceive the information as complete.

7. System-centred evaluation: real-time performance of the CEP and BPM Components

This subsection evaluates the performance of the proposed architecture in terms of real-time event processing. The experiments
focus on assessing the behaviour of the CEP and BPM engines separately under increasing event rates to characterize their individual
latency, throughput, and stability characteristics. Although one activity requires synchronization—waiting for messages from both

Table 1
SUS Rating obtained for CEP and BPM in the initial questionnaires.
SUS rating SUS index mean Standard deviation CI lower limit (85%) CI upper limit (85%) Mean grade
CEP 51.41 9.66 47.93 54.88 D
BPM 60.63 5.59 58.61 62.64 C
CEP usable 50.78 10.05 47.16 54.40 D
BPM usable 59.96 6.96 57.45 62.47 C
CEP learnable 53.91 20.78 46.43 61.39 D+
BPM learnable 63.28 17.36 57.03 69.53 C+

14



A. Bazan-Munoz et al. Internet of Things 36 (2026) 101887

Table 2

Effectiveness and efficiency analysis.
Group No BPM BPM
Participants 7 7
Average effectiveness (0-10) 4.14 7.79
Effectiveness standard deviation 2.48 2.34
Average time to completion 1 h 51 min 1 h 47 min
Time to completion standard deviation (min) 10.86 9.53
Average efficiency (points/min) 0.0388 0.0738
Efficiency standard deviation 0.0270 0.0235

Level of difficulty perceived Sufficiency of the information provided
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Fig. 7. Results of the final questionnaire on the perceived difficulty of the practical exercise.

CEP and BPM—the analysis isolates each engine’s contribution. Thus, these tests do not fully represent the integrated architecture, but
provide insight into the real-time capabilities of each component and the potential impact of combining them. It also aims to assess
whether integration preserves real-time processing capabilities.

The proposed software architecture was fully implemented in order to carry out the performance tests. Sensor data were simulated
using an event generator and published to RabbitMQ. Both CEP (Esper version 9.0.0) and BPM (Camunda BPM 7.24.0) engines
independently subscribed to RabbitMQ event streams and processed the incoming data accordingly. Camunda BPM version 7.24.0 was
selected despite not being the latest release, as it is the most recent freely available version; newer commercial releases report per-
formance improvements that could further enhance the system efficiency. When both components detected a situation of interest, the
BPM engine executed the corresponding contextualised action.

7.1. Computer resources and methods

Performance evaluation was conducted using a single computing device, although the architecture allows for deployment across
multiple nodes when necessary. The experiments were run on a PC with an Intel® Core™ i7--8750H CPU running at 2.20GHz and with
16GB of RAM. This represents a mid-range configuration typical of various real-world scenarios [7].

All components involved in the evaluation —including the event data simulator, RabbitMQ message broker, and both the CEP and
BPM engines— were collocated on this machine. This setup ensured that performance data reflected the intrinsic architectural
overhead, avoiding the interference of network-related variability.

The performance evaluation involved deploying the BPMN model introduced in Section 4, along with its corresponding CEP event
patterns. While the BPMN model was executed on a BPM engine and the CEP event patterns on a CEP engine; both were integrated via
the messaging infrastructure according to the architecture described in Section 3.2.

Three scenarios were evaluated: single-user, multi-user with shared logic, and multi-user with individualised logic. In the single-
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user scenario, the system processes events generated by a single individual, serving as a baseline to measure the minimum architectural
overhead by isolating the interaction between a single CEP engine and a single BPM engine, without the influence of engine
concurrency or personalisation by different users. In this case, one CEP engine and one BPM engine operate together. The multi-user
with shared logic scenario involves the system processing events from multiple users who share the same contextualised response logic,
consequently a single CEP engine and a single BPM engine are used. In contrast, the multi-user with individualised logic scenario
requires the system to handle events from multiple users, each with unique contextualised actions defined. This configuration deploys
one CEP engine and one dedicated BPM engine for each user.

For each scenario, the incoming event rate was increased progressively to assess system behaved under increasing workloads.
Experiments began with an input rate of 10 events per second (events/s), progressing up to 15 000 events/s, when the engine sup-
ported this rate under the given scenario. This incremental approach continued until either the CEP or BPM engine could no longer
sustain the load during execution. Once a component failed to handle a given input rate, higher rates were not evaluated for that
specific configuration.

7.2. Metrics

The following performance indicators were measured:

Latency. Average time in milliseconds (ms) taken by either the CEP or BPM engine to process individual input event. Due to
measurements having a millisecond-level resolution, any processing time below 1 ms is recorded as 0 ms. The values shown in
Tables 3 and 4 are computed by averaging the processing times of all events received during each one-second interval.
Throughput time. Total time, in minutes (min), required by the engine to process all incoming events. This metric serves to identify
overload situations.

Contextualised actions handling time. Average time in ms required to trigger and complete a contextualised action once a complex
event has been detected. This indicator evaluates the system’s responsiveness in executing real-time actions.

Total complex event detected: total number of complex events identified throughout the test.

Each experiment was conducted over a fixed period of 10 min. If the throughput time for a given scenario and input rate exceeded

Table 3
Results of the short-term performance tests.

Incoming rate (events/s) Throughput Processing time (ms) Contextualised Total

time (Latency) actions complex

(min) handling time events

(ms) detected

CEP BPM CEP BPM CEP BPM
Single-user scenario
10 10 10 0.634 4.188 8.679 3000 3 000
25 10 10 1.388 220.303 5.554 7 500 7 500
50 10 10 0.948 121.47 8.217 15 000 15 000
75 10 10:10 0.772 2 009.259 7.758 23 077 23 077
100 10 11:30 1.02 53109.525 7.878 30 000 30 001
1000 10 - 0.471 - - 299 998 -
10 000 10 - 2.068 - - 3000014 -
15 000 10 - 3.731 - - 4546 637 -
Multi-user shared scenario
10 10 10 2.216 162.594 9.856 3005 3005
25 10 10 1.448 191.141 9.074 7 503 7 503
50 10 12 0.98 42 793.002 6.294 15 002 15 005
1000 10 - 0.576 - - 300 005 -
10 000 10 - 12.348 - - 2999 997 -
15 000 10 - 18.989 - - 4 499 927 -
Multi-user individualised scenario
10 10 10 2.216 15.761 19.185 3005 3003
25 10 10 1.448 13.736 16.705 7 503 7 504
50 10 10 0.98 111.208 18.231 15 002 15 005
75 10 10 0.669 327.128 16.395 22 560 22 560
100 10 10 0.855 433.671 15.157 30 004 30 004
125 10 10 0.862 915.217 15.616 37 505 37 505
150 10 10 0.745 1928.031 13.754 44 780 44 780
175 10 10 0.87 3026.07 14.077 52635 52635
200 10 10 0.604 4 667.771 13.548 60 002 60 005
225 10 10:20 0.744 15 299.326 13.626 68 185 68185
1000 10 - 0.576 - - 300 005 -
10 000 10 - 12.348 - - 2999 997 -
15 000 10 - 18.989 - - 4 499 927 -

16



A. Bazan-Munoz et al. Internet of Things 36 (2026) 101887

Table 4
Results of long-term performance tests.
Incoming rate (events/s) Throughput Processing time (ms) Context actions Total complex events detected
time (Latency) handling time
(min)
CEP BPM CEP BPM CEP BPM
Single-user scenario
50 60 60 0.788 406.141 8.101 90 000 90 000
Multi-user shared scenario
25 60 60 0.371 65.999 8.225 45 005 45 005
Multi-user individualised scenario
200 60 64 0.726 33 538.802 12.22 360 005 360 005

this 10 min window, the system was considered unable to sustain that particular event rate.

The input data were generated using a custom Java-based simulator. The simulator produces event streams tailored to the scenario,
ensuring the generation of the event sequences necessary to produce pairs of simple events whose correlation results in the detection of
a complex event and the triggering of subsequent actions. The generated data are deterministic and identical across all executions,
ensuring full reproducibility of the experiments. All the code used for the evaluation is provided as supplementary material (see
Supplementary Material section).

Finally, after the 10 min tests were completed, an extended 60-minute stress test was performed using the peak sustainable input
rate identified in the initial tests. This long-duration run was conducted to verify the system's stability under sustained load conditions.

7.3. Performance results

This subsection presents the results of the performance evaluation across the three defined scenarios. Tables 3 and 4 summarise the
short- and long-duration experiments, respectively. All raw data obtained during the evaluation, as well as processed data, are pro-
vided as supplementary material (see Supplementary Material section).

As explained in the previous subsection, the short-duration tests (Table 3) were used to identify the maximum sustainable rate for
each configuration. In the single-user scenario, the system effectively processes input rates up to 75 events/s, maintaining a throughput
time of 10 min for both the CEP and BPM engines. However, at 100 events/s per second, while the CEP engine remains within the
expected timeframe, the BPM engine exceeds the experiment's duration, reaching a throughput time of 11 min and 30 s. This behaviour
is reflected in a sharp increase in BPM processing latency, which rises from under 3 s to over 53 s. Consequently, higher input rates
were not evaluated for the BPM engine in this configuration. In contrast, the CEP engine was successfully evaluated up to 15 000
events/s. Additional load tests on the CEP engine in isolation were not considered necessary as the primary objective was to compare
the relative performance of both engines under equivalent conditions.

Similar behaviour is observed in the multi-user scenario with shared contextualised actions, although the BPM engine reaches its
saturation point earlier. Performance remains stable up to 25 events/s, with throughput times of 10 min and moderate processing
latencies. However, at 50 events/s, the BPM engine throughput time climbs to 12 min, accompanied by a significant latency increase.
This is because the BPM engine must manage the representation and evaluation of the logic of multiple CEP event patterns concur-
rently, which creates a computational bottleneck in the process logic itself. As in the previous scenario, the CEP engine continues to
operate within acceptable latency ranges despite the increased load.

Notably, the multi-user scenario with individualised actions demonstrates the highest overall processing capacity among the
evaluated configurations. This behaviour can be attributed to the fact that event detection remains centralised in the CEP engine, while
decision logic and action execution are distributed among independent BPM process instances. This separation reduces the number of
messages to be managed in each BPM engine, as each user-specific process manages a smaller, more specific set of contextualised
actions, allowing the system to better absorb higher input rates before exceeding the experimental time window. As a result, this
configuration handle input rates of up to 200 events/s within the 10-minute window in both engines. At 225 events/s, the BPM engine
exceeds the experiment's duration by a marginal 20 s, while CEP processing remains stable. Beyond this point, BPM engine was
discontinued. Throughout all evaluations, CEP latency remained consistently low, showing only a gradual increase relative to the input
rate.

Across all scenarios, the processing time for contextualised actions remains relatively stable while the BPM engine operates within
its load capacity. Values generally stay below 20 ms, showing that the system is able to trigger and complete contextualised actions
efficiently once a complex event is detected.

With regard to the long-duration experiment (Table 4), all three scenarios were executed for 60 min. Both the CEP and BPM engines
completed the full experiment successfully in the single-user scenario at a rate of 50 events/s and in the multi-user scenario with shared
contextualised actions at a rate of 25 events/s, maintaining stable latency and consistent contextualised action handling times
throughout the execution. These results indicate that, under low input rates, the system behaves reliably over extended execution
periods, regardless of whether contextualised actions are managed for a single user or shared across multiple users. In contrast, the
multi-user scenario with individualised contextualised actions, evaluated at 200 events/s, exhibits different behaviour. While the CEP
engine maintained stable processing throughout the experiment, the BPM engine exceeded the intended execution window, reaching a
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throughput time of 64 min. In this experiment, BPM latency degraded significantly under sustained high load, whereas CEP perfor-
mance remained largely unaffected.

In addition to the results reported in Tables 3 and 4, Figs. 8-10 show how the average processing latency for the CEP and BPM
engines evolves over time in each of the three scenarios evaluated during the long-duration tests. The average latency shown in these
figures corresponds to the average processing time of all events handled per second of execution, enabling detailed comparison of the
performance of both engines under sustained load conditions.

Fig. 8 illustrates how latency evolves in the single-user scenario when evaluated at 50 incoming events per second. As can be seen,
the CEP engine maintains a consistently low and stable average latency throughout the entire 60-minute execution period. In contrast,
the BPM engine exhibits greater variability, with noticeable latency peaks that become more pronounced towards the end of the
experiment. Specifically, several peaks exceed 100 ms at the end of the test, suggesting that the BPM engine is experiencing greater
processing overload, although overall performance remains within the established throughput time.

Fig. 9 shows the results for the multi-user scenario with shared contextualised actions, with an input rate of 25 events/s. Once
again, the CEP engine demonstrates consistently low average latency. Although the BPM engine remains stable throughout the
experiment, it consistently shows higher average latency than the CEP engine. This reflects the additional overhead introduced by the
BPM logic, which is responsible for representing and evaluating multiple CEP patterns simultaneously. Nevertheless, the system re-
mains within its sustainable operating range for this input rate.

Fig. 10 illustrates the evolution of latency in the multi-user scenario, in which individualised, contextualised actions are evaluated
at arate of 200 events/s. As in previous scenarios, the CEP engine maintains stable, low latency throughout the experiment. In contrast,
the BPM engine cannot sustain this high input rate and exhibits irregular behaviour. A significant peak in average latency is partic-
ularly notable around the midpoint of the experiment, where BPM latency abruptly increases, reaching values close to 80 000 ms. This
behaviour indicates clear saturation of the BPM engine under sustained high load, despite CEP processing remaining unaffected.

Finally, Fig. 11 reports the contextualised actions handling time for the three scenarios during the long-duration experiments. This
metric remains relatively stable and consistently low across all configurations, showing that, once a situation of interest is detected, the
execution of contextualised actions is handled efficiently. This suggests that the primary performance limitations observed in BPM are
related to event processing and pattern logic management rather than the execution of contextualised actions.

Overall, these results show that the CEP component consistently exhibits low latency and robust behaviour across all configura-
tions. In contrast, the BPM component emerges as the primary bottleneck under high event rates and long-running executions. This
performance pattern remained consistent across both short- and long-running experiments.

8. Discussion

This section discusses the results obtained in the evaluation presented in Section 6 and Section 7, analysing the extent to which the
RQs formulated in the introduction are answered and linking them to the contributions of this paper. Besides, this section analyses the
benefits and lessons learned from the proposal contributions, evaluating the advantages, limitations and lessons learned from
combining CEP and BPM in IoT and smart environments through BPSmart-CARE.

8.1. Response to research questions

RQ1. Can the extension of the Smart-CARE taxonomy with BPM improve the representation and personalisation of contextualised user
actions in IoT systems? And if so, how effectively can the integration of BPM within Smart-CARE, beyond the taxonomy layer, support the
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definition, reuse and management of personalised contextualised actions for different users? The implemented case study shows the
feasibility of extending the taxonomy with new attributes (Contribution 1) that reference BPM models used to define and manage users'
contextualised actions. Besides it enables contextualised actions to be related to situations of interest and represented in a structured
and understandable manner, facilitating action personalisation through the integration of contextual data originating from hetero-
geneous application domains. Beyond the taxonomy layer, the proposal shows that BPM can effectively support personalised con-
textualised actions to be defined and managed in a structured way (Contribution 2.b). This facilitates their integration through BPM
models and enable systems to offer personalised services to users, even when data originates from various application domains.
However, contribution 2.b also raises scalability concerns, particularly in scenarios with a large number of users and situations of
interest. One potential challenge lies in the initial perception that it might be necessary to define a BPM model for each user or situation
of interest, which would be impractical at scale. The proposal mitigates this issue by enabling the reuse of generic BPM processes that
can be adapted through contextual parameters. For instance, in a nursing home with hundreds of residents, generic BPM models can be
reused and customised based on individual user profiles, significantly reducing modelling and maintenance effort. To end with, the
proposal was illustrated through a case study, in which a series of BPM event patterns and user-defined contextualised were modelled
and executed in response to CEP event patterns detection (Contribution 3). The case study shows that integrating CEP and BPM permits
representing the situations of interest and triggers the associated contextualised actions according to the user, and performs its
execution effectively. Besides, performance evaluations confirm that individualised BPM models remain stable and efficient under
moderate event rates, supporting the scalability of the approach.

RQ2. To what extent does BPM support the definition of the rationale behind CEP event patterns and the representation of their in-
terdependencies? BPM effectively supports the definition of the rationale behind CEP event patterns and the representation of their
interdependence with other event patterns directly within BPMN models (Contribution 2.a), offering significant advantages in terms of
clarity, manageability and updatability. The results of the evaluation tests conducted with participants in the proposed experiment
shows that the use of BPM greatly simplifies developers' tasks when developing event patterns, enabling them to visualise and manage
such event patterns as part of an understandable process flow. It also improves communication with domain experts, who can
collaborate in validating expected system behaviours. This capability is particularly valuable in environments where requirements
frequently change and in large-scale IoT deployments with numerous event patterns, as the graphical process view eases under-
standing, review, and validation of updates, reduces misconfigurations, and mitigates complexity, therefore supporting reliable system
evolution and CEP rule maintenance. The usability evaluation corroborates this observation: participants reported that BPM-based
guidance allowed them to understand and manage CEP event patterns more easily than using CEP-only representations. However,
this approach also presents certain challenges. Representing CEP event patterns in BPM is not always straightforward, as CEP is a
flexible programming language, whereas BPM is more structured. For instance, event patterns that require data from multiple sensors
may result in BPM models that are overly complex or difficult to interpret. Moreover, representing specific event sequences —such as
enforcing event ordering constraints— can be difficult to express in BPM and may lead to incorrect event pattern evaluation if
modelled improperly. Furthermore, certain CEP constructs, such as window clauses, pose significant modelling challenges in BPM.
While some time- or event-counting-based windows can be represented by timers within tasks or threads, more advanced types, such as
sliding windows, cannot. Moreover, the use of timers in BPM can lead to semantic ambiguity in CEP, as a single BPM timer may
correspond to several different CEP event patterns. This is illustrated in the Section 4 case study, where an event pattern is defined to
trigger an alert if an elderly person fails to return home within a certain time. Although this behaviour can be modelled in BPM as an
external task with a timer, the underlying execution logic requires a CEP rule to monitor the related input events in real time.

RQ3. Can the integration of BPM into the Smart-Care context-aware software architecture improve the overall management of con-
textualised actions and event patterns in terms of orchestration, traceability, and maintainability? The integration of BPM within the context-
aware software architecture (Contribution 2) represents a substantial advancement in the management of contextualised actions and
event patterns. This integration allows the complementary strengths of both technologies: CEP ensures high-performance event cor-
relation, while BPM supports process modelling, execution and maintainability. The results of the evaluation conducted with par-
ticipants in the proposed practical exercise show that those using BPM guidance were both more effective and more efficient when
implementing CEP event patterns. This proves that BPM improves comprehension and reduces implementation errors. The perfor-
mance evaluation also indicates that BPM can be integrated without affecting real-time behaviour at low to moderate event rate-
s—often sufficient for many practical scenarios. However, BPM does not provide the same processing capacity as the CEP engine: under
sustained high loads, it becomes a bottleneck and may increase end-to-end response times. In such cases, BPM can be used in a
descriptive role (i.e., as documentation and for stakeholder alignment) without being functionally coupled to the CEP execution. For
each scenario, the most convenient option should be weighed accordingly.

RQA4. How effective is BPM in supporting runtime updates to CEP event patterns, based on detected situations of interest, while preserving
real-time performance constraints? The proposal enables the real-time updating of CEP event patterns logic based on situations of interest
detected through the processes defined in BPM (Contribution 2.c). This capability significantly enhances the adaptability and decision-
making capacity of context-aware IoT systems which require adapting to new requirements in real time. An issue raised by contri-
bution 2.c concerns BPM's limited ability to represent unknown or highly dynamic behaviour. While BPM effectively models pre-
defined behaviour, representing highly dynamic runtime conditions based on user behaviour can be challenging. Nevertheless, the
combination of BPM, CEP and a cross-domain taxonomy enables more precise definition and supports greater flexibility and adapt-
ability. The case study shows that BPM can successfully coordinate the execution of contextualised actions triggered by detected CEP
event patterns, supporting structured updates to system behaviour in response to changing situations of interest. This confirms the
practical value of integrating BPM with CEP for adaptive management of context-aware IoT systems.
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8.2. Comparison of BPSmart-care with existing BPM-CEP approaches

Following the analysis of the research questions in Section 8.1, it is important to situate BPSmart-CARE in the context of existing
CEP-BPM proposals. The comparison presented in this subsection focuses on how the proposed framework addresses limitations
observed in the literature and highlights its practical advantages over prior approaches.

Despite the advances found in the related work in integrating CEP and BPM, several limitations persist. Current CEP-BPM proposals
provide only partial support for key dimensions required by context-aware IoT systems. Table 5 summarises the main features and
limitations of representative CEP-BPM approaches and contrast them with BPSmart-CARE. We evaluate the following aspects of CEP-
BPM integration: Domain scope indicates whether the proposal is independent of the domain or is tailored to a specific application area;
Usability reflects how easily stakeholders can define, understand and manage contextualised actions; Maintainability refers to the effort
required to evolve CEP event patterns and BPM models over time; and Adaptability assesses the system’s ability to adjust its behaviour
in response to contextual changes. In addition, Real-time processing is the ability to handle high volumes of event streams with low
latency, which is essential in IoT environments; Semantic transparency [52] is a measure of how clearly the logic of event detection and
decision-making is represented, and how understandable it is to both developers and domain experts; CEP event pattern logic repre-
sentation refers to whether the internal logic and dependencies of CEP event patterns can be modelled and documented within BPM;
while Dynamic update of CEP event patterns assesses the ability to modify event patterns at runtime based on contextual or process-level
changes. In the table, a + indicates full support or a feature that can be easily achieved, + denotes partial or limited support, and -
represents either a lack of support or a feature that is highly complex or impractical to implement.

The comparison shows that many existing approaches focus on specific domains, such as smart water systems [37] or Industry 4.0
[39], limiting generalisation across applications. While several proposals achieve strong real-time processing capabilities [34-36,38],
Table 5 highlights recurring weaknesses in terms of semantic transparency, maintainability and dynamic adaptability. This is largely
due to CEP logic being represented implicitly or in a way that lacks semantic transparency, meaning that the logic of event detection
and decision-making is not clearly understandable to developers or domain experts. Consequently, maintaining and evolving CEP
event patterns can be challenging, since even minor modifications necessitate an in-depth understanding of the underlying rule
definitions, which reduces maintainability. Furthermore, dynamic adaptability is limited because changes to event detection logic or
system behaviour are typically carried out manually, which makes it challenging to respond quickly to changes in context. Overall,
these studies highlight an existent gap: existing proposals rarely combine real-time, high-performance event processing with a rep-
resentation of CEP logic in a way that is both understandable and manageable for users. Approaches that deliver low-latency event
correlation, typically rely on non-transparent specifications, limiting transparency and usability. In contrast, approaches that prioritise
understandability often abstract away real-time processing details, reducing control over event detection and adaptation. In this
context, BPSmart-CARE addresses some of these limitations by combining BPM-based usability, maintainability and adaptability with
real-time processing, ensuring that CEP event patterns can be effectively represented, managed, and updated in context-aware IoT
environments. However, BPSmart-CARE still present some limitations regarding adaptability and maintainability, as explained in
Section 8.4.

8.3. BPSmart-CARE practical implications

The findings of this work have several practical implications for the design, development, and maintenance of context-aware IoT
systems.

First, extending the Smart-CARE taxonomy with BPM offers practitioners a clear and structured way to define contextualised user
actions with greater precision and adaptability. Developers can specify actions at a finer level of detail while still accommodating
variations across users and contexts, avoiding the need for domain-specific or hard-coded solutions. Because the taxonomy is domain-
agnostic, the same modelling approach can be applied across heterogeneous IoT domains, supporting interoperability and reuse in real
deployments. This cross-domain applicability is also reflected in ongoing work beyond the AAL scenario used in this paper for
illustration. We are currently implementing BPSmart-CARE in a smart-port environment, where heterogeneous streams—such as
vessel traffic, road traffic, bulk cargo operations, odour monitoring, and atmospheric conditions—are correlated to detect situations of
interest and trigger contextualised actions.

Second, the integration of BPM into the CEP-based architecture simplifies the practical management of event patterns and system
behaviour. BPM provides an intuitive and visual representation of how situations of interest lead to specific actions, which improves
understanding and reduces the likelihood of modelling and implementation errors. Despite certain limitations, using BPM to define the
logical dependencies among CEP event patterns provides significant practical value. It improves developers' understanding of event
sequences and their relationship with contextualised actions. Moreover, this integration enhances the representation of event flows
and interdependencies, improving the accuracy and maintainability of CEP rules, especially during system evolution. BPM can
therefore be used both during early design stages, as a tool for planning the system's logic, and during maintenance phases, enabling
accurate documentation, contextualisation, and extension of system functionalities.

Third, BPM-based representations facilitate collaboration between technical developers and domain experts by providing an
intuitive view of system behaviour, supporting validation, communication, and system evolution in environments with frequently
changing requirements.

Finally, enabling real-time updates of CEP event patterns through BPM processes has important practical consequences for adaptive
systems. System behaviour can be adjusted dynamically in response to detected situations of interest, without disrupting real-time
operation. This makes the proposed approach suitable for long-running, adaptive [oT systems. Nevertheless, the identified
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Table 5
Comparison of CEP-BPM proposals (U: Usability, M: Maintainability, A: Adaptability, RT: Real Time Processing, ST: Semantic Transparency, LR: CEP
Event Pattern Logic Representation, DU: Dynamic Update of CEP Event Patterns).

Approach Domain scope U M A RT ST LR DU
Ruhkamp et al. [34] IoT and smart environments - + + - -

Janiesch et al. [35] IoT and smart industry + + + + - -

Fardbastani et al. [36] Distributed systems - - + - -

Gongalves et al. [37] Smart water + + + + + -

Valderas et al. [38] ToT + + + + - +

Bazan et al. [39] Industry 4.0 - + - -

Smart-CARE [7] IoT and smart environments - - - + - -

BPSmart-CARE IoT and smart environments + + + + + + +

limitations, summarised in the following subsection, highlight the need for further research to improve BPM expressiveness for
complex CEP logic and highly dynamic behavioural event patterns.

8.4. BPSmart-CARE limitations

Despite the advances demonstrated by BPSmart-CARE, several limitations remain that impact system performance, adaptability,
and practical deployment in complex [oT environments. These limitations can inform future research and guide further improvements
to the framework.

First, although BPM offers a structured and visual approach to representing CEP event patterns, certain complex event constructs
remain difficult to model. For example, window-based event patterns (particularly sliding windows), event ordering constraints and
multi-sensor aggregated events can result in BPM models that are overly complex or ambiguous in meaning. This limitation may
reduce the system’s adaptability, as extending or modifying event patterns in response to evolving contexts could necessitate sig-
nificant redesign. Future work could explore BPM extension to better represent different CEP clauses, thereby increasing expres-
siveness without sacrificing comprehensibility.

Second, individualised BPM models allow for customised actions for different users; however, scenarios with hundreds or thou-
sands of users could place a significant burden on modelling and computation. Although the reuse of generic BPM processes mitigates
this to some extent, maintaining a large set of contextualised actions can still pose a challenge for system performance and man-
agement. Possible solutions include developing automated adaptation strategies, parameterised templates, or hierarchical BPM
modelling techniques to reduce redundancy and preserve customisation.

Finally, the ability to scale horizontally may be limited by the interdependencies between CEP event patterns processed on different
engines. This can hinder the system's efficiency when distributing workloads across multiple nodes, particularly in environments with
numerous complex event patterns. These limitations highlight areas for future research and improvement towards an efficient, multi-
node implementation that does not compromise consistency or responsiveness.

9. Conclusions and future work

This proposal addresses one of the main challenges in IoT systems and smart environments: the definition of personalised, con-
textualised actions triggered from the analysis of large volumes of heterogeneous data across multiple application domains. To this
end, an improved framework for context-aware real-time smart environments has been proposed through an extension to an existing
taxonomy, along with the incorporation of BPM processes into a CEP-based context-aware software architecture. As a result, this
proposal facilitates the contextualisation of IoT systems by: (i) representing and documenting CEP event patterns in BPM, which re-
duces the complexity of maintaining CEP rules and improves the understanding of event pattern logic; (ii) facilitating the user-specific
and context-aware customisation of system responses across multiple domains, tailoring contextualised actions to the needs of each
user and increasing interoperability and adaptability; (iii) improving collaboration between developers and domain experts through
BPM as a common language to represent both user actions and CEP event patterns; and (iv) paving the way for the dynamic adaptation
of system behaviour at runtime by defining through BPM models, the logic that orchestrates CEP event patterns updates, thus allowing
system decisions to evolve in response to changes in the context.

The evaluation conducted —including usability studies, a practical exercise implementation and performance testing—, confirmed
the effectiveness and feasibility of the proposed approach. Results show that the BPM-enhanced taxonomy improves understanding,
personalisation and management of contextualised actions. In terms of performance, the results indicate that BPM can complement
CEP without hindering real-time responsiveness at low to moderate event rates, which is sufficient for many realistic deployments,
showcasing the practical applicability of the approach in real-world smart environments. For sustained high event loads, the most
convenient option should be weighed on a case-by-case basis: CEP should remain the primary processing engine and BPM may be best
dedicated to running complex action flows triggered by the CEP detection to avoid introducing additional latency.

As discussed in Section 8.4, limitations remain regarding the representation of advanced CEP construct in BPM and the impact of
inter-pattern dependencies on horizontal scalability. Motivating further research.

Future work will involve investigating bidirectional synchronisation between the BPM model and the CEP code, to support semi-
automated co-evolution. Additional research will also explore mechanisms to enhance BPM expressiveness for CEP rule representation.
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Moreover, GenAl will be investigated as a support tool to assist in the creation, evolution, and explanation of BPM models and CEP
event patterns, with the aim of improving maintainability, usability, and semantic transparency without replacing the explicit
modelling foundations of BPM and CEP.
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