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Abstract

Multimodal IoT data fusion offers a promising way to improve process understanding and monitoring by combining
heterogeneous IoT data across sensor, visual, acoustic, spatial, and contextual modalities. However, the integration
of heterogeneous sources introduces several challenges, such as differences in data formats, sampling rates, and
levels of abstraction. Despite the growing availability of multimodal IoT infrastructures, a unified framework that
systematically addresses these challenges remains largely absent in the literature. Therefore, this paper focuses
on the key challenges of multimodal IoT sources for process understanding and monitoring. It identifies four key
sub-challenges: heterogeneous modality integration, fusion strategy selection, real-time activity and anomaly
inference, and the construction of holistic and explainable process views. These sub-challenges are examined by
reviewing research across various domains. Based on this analysis, the paper identifies key research gaps and
opportunities and proposes a forward-looking approach for developing reliable and explainable multimodal IoT
process intelligence systems.
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1. Introduction

Fusion of multimodal Internet of Things (IoT) data for process understanding and monitoring is a
technological approach that combines heterogeneous data sources to gain comprehensive insights
into industrial and operational processes [1]. In this paper, multimodal IoT data refers to the data
sources that observe a process from different perspectives, including physical sensor streams, event data,
spatiotemporal records, visual and acoustic observations, contextual information, and digital process
traces. By combining these modalities, multimodal IoT fusion can provide complementary information
on activities or cases, richer contexts, and greater awareness of the process [2].

Such complementary information is valuable when a single data source cannot reliably capture the
process because observations are incomplete, noisy, ambiguous, or limited to one aspect of execution.
In manufacturing, for example, multimodal fusion has been used for improved quality monitoring
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and faults diagnosis by combining multiple sensor streams and learning fused feature representations
from chemical process data [3]. In transmission-line monitoring, combining temperature, vibration,
and current data can significantly reduces false alarms and improves fault-warning accuracy based
on simulation experiments [1]. Beyond industrial settings, in agriculture, for example, soil moisture
sensors, weather data, and environmental measurements can support smart irrigation, while images of
crops or fruits can provide additional evidence for harvesting and disease detection. Multimodal IoT
data fusion also has shown strong potential in healthcare [4], smart environments [5], and logistics [6],
where jointly interpreting heterogeneous data streams is essential for reliable process understanding.

However, integrating and analyzing such data in real-world applications remains challenging because
the collected sources often differ in format, structure, sampling rate, semantic meaning, noise level, and
levels of abstraction [7]. At the same time, incorporating additional modalities can enrich process logs
and provide a more accurate basis for process mining and process analytics. Therefore, multimodal IoT
data must not only be combined, but also aligned, interpreted, and related to the activities, events, and
cases that constitute the process. This becomes especially important when low-level sensor observations
must be transformed into process-level knowledge, such as identifying which activity is being performed,
when an event starts or ends, which case it belongs to, and whether the observed behavior deviates
from the expected process. Existing work often addresses these issues only partially, as sensor fusion,
activity recognition, and process mining are commonly studied as separate problems. As a result, a
unified and systematic treatment of multimodal IoT data fusion for process understanding remains
missing.

This gap has practical consequences for all stakeholders who depend on process insights. For process
analysts, weak integration leads to incomplete, noisy, or semantically ambiguous event data, limiting
process discovery and interpretation [8]. For IoT developers, it appears as the challenge of synchronizing
heterogeneous devices, handling missing or unreliable data, and maintaining robust pipelines [9]. For or-
ganizations and decision-makers, inadequate fusion may produce delayed, misleading, or unexplainable
insights, reducing the value of monitoring in safety-critical domains such as healthcare, manufacturing,
logistics, and smart environments. Therefore, understanding these challenges is essential for developing
reliable process representations that support visualization, behavioral analysis, deviation detection, and
decision support.

The main contributions of this paper are therefore threefold. First, it frames multimodal IoT data fusion
for process understanding and monitoring as a distinct research problem and systematically identifies
four key sub-challenges: heterogeneous modality integration, fusion strategy selection, real-time
activity and anomaly inference, and the construction of holistic and explainable process views. Second,
it examines these sub-challenges through a cross-domain review of existing research in healthcare,
human and natural behavior monitoring, smart environments, manufacturing, and logistics, thereby
showing how similar integration problems appear across different application settings. Third, based
on this analysis, the paper identifies key research gaps and discusses corresponding opportunities for
future work. To support the development of reliable and explainable multimodal IoT process intelligence
systems, the paper further outlines forward-looking research directions organized as short-term actions,
medium-term directions, and long-term visions.

The remainder of this paper is organized as follows. Section 2 introduces challenges related to
multimodal IoT data fusion. In Section 3, representative states of the art, including fusion techniques
and application areas, are reviewed. Section 4 discusses gaps and opportunities. Proposed approaches
and visions are presented in Section 5. The paper ends with conclusion and future work in Section 6.

2. Sub-Challenges and Problem Decomposition

Multimodal IoT fusion can serve different goals, including activity extraction, context enrichment,
anomaly detection, process monitoring, and decision support. Depending on the application setting,
modalities may contribute differently: some primarily support activity inference, while others provide
contextual or complementary information. This variation shows that multimodal fusion is not a single
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Figure 1: The four sub-challenges reflecting multimodal loT data fusion from data source to process level.

uniform task, but is shaped by the monitoring objective, the available sensing infrastructure, and the
domain context. Across these settings, however, the same general challenge remains: IoT data streams
that differ in modality, data format, sampling rate, temporal granularity, semantics, and reliability must
be transformed into meaningful process-level information. This transformation decomposes into several
interacting sub-challenges, where decisions made at one stage influence the quality and usefulness
of the next. The following paragraphs discuss these sub-challenges in detail, which are presented in
Figure 1.

SC1-Integrate diverse IoT modalities to support comprehensive process understanding;:
Multimodal IoT systems bring together visual, acoustic, textual, and sensor-based devices to collect data
and describe processes from different perspectives. The main difficulty lies in synchronizing and seman-
tically aligning heterogeneous observations that differ in format, sampling rate, temporal granularity,
and meaning. For instance, wearable devices may continuously capture physiological or motion signals,
while smartphones and ambient sensors provide more sparse or event-driven observations. To effectively
use these observations for process understanding, it is essential to interconnect these observations to
the same activities, events, or cases, even when some data inputs are incomplete, asynchronous, or
partially conflicting [10]. Furthermore, privacy restrictions may limit access to sensitive data, while
fragmented infrastructures and conflicting interests over data ownership, confidentiality, or commercial
value may hinder interoperability, data sharing, and common governance, particularly in healthcare
[4]. This represents a foundational sub-challenge: if the various modalities are poorly synchronized
or semantically misaligned and misinterpreted, subsequent fusion and inference steps may produce
unreliable activity labels, incorrect anomaly detection results, or misleading process models.

SC2-Employ fusion strategies, multimodal deep learning, and hybrid reasoning techniques
to combine heterogeneous data sources: As illustrated in Figure 1, SC1 concerns the preparation
of synchronized and semantically aligned process-relevant observations, whereas SC2 concerns how
the evidence provided by these observations should be combined. Thus, SC1 addresses data readiness,
while SC2 addresses the selection of an early, late, or hybrid fusion strategy. Early fusion combines raw
data or low-level features from multiple modalities before model training or inference. This strategy
can capture fine-grained cross-modal relationships, but it usually requires strongly-synchronized data
streams and consistent feature quality. In contrast, late fusion first analyzes each modality separately,
using modality-specific models to produce outputs such as activity labels, machine states, risk scores, or
anomaly indicators. These outputs are then merged into a final decision [11]. Late fusion is more flexible
when modalities are asynchronous or unavailable, but it may overlook cross-modal interactions that are
only visible when low-level signals are considered together. Hybrid fusion combines both principles by
integrating low-level representations with higher-level decisions, and can be supported by multimodal
deep learning, attention mechanisms, shared embedding spaces, and reasoning-based techniques [12].
Such strategies are useful for balancing complementary evidence, handling unequal modality importance,
and supporting robust inference. Fusion strategy selection directly affects robustness, explainability,
and real-time inference capabilities.



SC3-Infer activities, contexts, and anomalies in real time, enabling proactive decision-
making and adaptive process monitoring: Once multimodal observations have been integrated
and fused, the resulting representations must be translated into process-relevant events and anomalies,
together with contextual information such as temporal, spatial, environmental, actor or resource. This
is challenging because IoT streams are often continuous, noisy, and low-level, whereas process mining
and monitoring require discrete, meaningful events, such as activity occurrences or case-level updates.
In human behavior monitoring, for example, smartphones, wearables, and ambient sensors capture
continuous movement, interactions, and physiological responses, but human behavior rarely appears as
a sequence of clearly separated activities. Human activities often overlap, evolve gradually, and include
concurrent micro-behaviors, making activity boundaries ambiguous [13]. Similar difficulties arise in
industrial and logistics settings, where gradual changes in sensor signals may indicate emerging faults
or process deviations before they become explicit events.

This sub-challenge depends directly on the previous two: reliable real-time inference requires well-
integrated data streams and fusion strategies that can handle changing modality relevance. These
inferred elements enable adaptive monitoring, early warning, decision support, and PM.

SC4-Provide a holistic and explainable view of IoT-driven business processes, capturing both
the physical and digital dimensions of execution: Multimodal fusion should ultimately support
explainable process analysis. This means that the outputs of fusion and inference must be organized
into process representations that analysts can inspect, explain, and relate to the actual execution
of a process. Process representations should integrate both digital traces and physical observations.
However, the same observations may lead to different process interpretations depending on how
activities, cases, contexts, and outcomes are defined. For example, in animal behavior monitoring, a
case may correspond to an individual animal, a group, or a migration episode, leading to overlapping
and multi-level process interpretations [14]. Therefore, holistic process views must be explainable and
domain-valid, allowing analysts to understand what happened, which observations supported that
interpretation, and how uncertainty or conflicting evidence affected it. This sub-challenge builds on the
previous ones: explainable process views depend on reliable integration, fusion, and inference, while
also providing feedback for validating earlier stages.

The four sub-challenges are closely connected: Poor modality integration can reduce the quality of
fusion, unsuitable fusion strategies can limit the reliability of real-time activity and anomaly inference,
and inaccurate inference can lead to incomplete or misleading process views. However, these depen-
dencies are not strictly linear. Problems observed during activity inference may reveal weaknesses in
earlier integration steps, while explainability requirements may influence the choice of fusion strategy,
particularly in domains where decisions must be justified, e.g., healthcare, manufacturing, and logistics.
Therefore, multimodal IoT data fusion for process understanding should be treated as an iterative
process in which integration, fusion, inference, and explanation continuously inform each other.

3. State of the Art

3.1. Research Perspective

Academic research on multimodal IoT data fusion for process understanding and monitoring can be
grouped into several main research directions: event abstraction, multimodal fusion strategies, process
discovery, uncertainty handling, predictive monitoring, scalability, and explainability.

Event Abstraction from Sensor Data: The first research direction focuses on event abstraction,
which serves as a bridge between low-level IoT data and PM. A central challenge in this research
area is converting continuous, low-level device measurements and readings into discrete process
events. The typical pipeline for event abstraction usually follows a sequence of steps: preprocessing,
segmentation or clustering, labeling, and event-log construction. Solutions include pattern-based
abstraction, clustering of sensor streams, and machine-learning-based activity recognition [15]. For
example, IoT Miner provides an automated pipeline which includes clustering and labeling using Large
Language Models (LLMs) to generate high-level logs from sensor data [16]. In addition, LLM-based



event abstraction and integration for IoT-sourced event data is particularly useful when semantics are
missing or fragmented [17].

Multimodal Data Fusion Strategies: After sensor data has been processed, another major research
direction concerns how different modalities should be combined. Modern approaches combine hetero-
geneous modalities using three main paradigms: early or feature-level fusion, late or decision-level
fusion, and hybrid fusion [13], which are often effective in activity recognition or behavior detection
before PM. Surveys on multimodal event detection and fusion further support the idea that events
can first be inferred from heterogeneous modalities and then used as input for PM [18]. Beyond these
general paradigms, several model-based approaches have been developed to handle uncertainty, seman-
tics, and temporal dependencies. Probabilistic models such as Dynamic Bayesian Networks explicitly
model uncertainty and temporal dependencies. Semantic aggregation approaches map heterogeneous
sensor outputs into ontology-based representations, such as RDF knowledge graphs. Tensor-based
multimodal fusion methods encode spatiotemporal features and integrate modalities such as traffic
cameras, geomagnetic sensors, and social media streams into low-rank representations.

Process Discovery from IoT Data: Another research direction focuses on transforming IoT data into
process-oriented representations that can support process discovery and monitoring. Frameworks such
as those proposed by Koschmider [19] and Mangler [9] introduce pipelines that include preprocessing,
event extraction, case correlation, activity abstraction, and process discovery. These explicitly bridge
the gap between physical sensor observations and business process models, which is important because
multimodal IoT data does not automatically provide process knowledge; it must first be interpreted in
relation to activities, cases, resources, and timestamps before PM can be applied. Streaming PM [20]
extends this perspective to real-time environments, enabling continuous monitoring and adaptation as
new IoT events are generated.

Handling Noise, Missing Data, and Uncertainty: State-of-the-art methods employ probabilistic
models, imputation techniques, robust machine learning algorithms, and error-correction approaches for
IoT-sourced event logs [21, 10]. Because IoT devices are often noisy, asynchronous, and intermittently
available, uncertainty handling is essential before sensor data can be converted into reliable process
events. This is especially important and studied in healthcare, manufacturing, smart environments,
and logistics, where incorrect event abstraction can lead to misleading process models or false alarms.
Understanding the types and sources of errors, and adapting correction methods accordingly, can
improve the reliability of event logs extracted from raw sensor readings [10]. In this sense, uncertainty
handling supports both reliable event abstraction and trustworthy process monitoring.

Multimodal Predictive Process Monitoring: In addition to discovering and monitoring current
processes, research also studies how IoT data can improve prediction [22]. Multimodal predictive
process monitoring enriches traces with text, audio, video, and sensor features for prediction and
monitoring. Reviews specifically on integrating multimodal data into predictive process monitoring
focus on combining logs with language and vision data [23].

Scalability and Real-Time Processing: Edge computing, Federated Learning (FL) and distributed
analytics are widely proposed to handle massive data streams and enable decentralized analytics and
privacy-preserving multimodal learning across distributed infrastructures. Systems such as EdgeMiner
perform partial processing near data sources, reducing latency and communication overhead while
enabling real-time decision support [24]. The ongoing studies in this direction are particularly relevant
when multimodal data is distributed across devices, organizations, or locations.

Explainability and Context Integration: Research increasingly emphasizes that multimodal
process monitoring must be explainable and context-aware, as its output should be readable for clinicians,
operators, analysts, and decision-makers. Hybrid approaches combining data-driven models with
domain knowledge are used to produce interpretable and domain-valid results [25]. Context-aware PM
incorporates environmental, temporal, organizational, and situational factors to improve the validity of
discovered models and the interpretation of process behavior. Therefore, recent research increasingly
combines machine learning with semantic reasoning, process models, ontologies, and expert knowledge
to make monitoring results more understandable, transparent, and actionable.



3.2. Industry and Practice Perspective

Implemented real-world systems that rely on multimodal IoT fusion can be broadly categorized according
to the nature of the processes they monitor into the following three groups:

Human-centric processes: Human-centric processes are organized around people as the main
process participants or cases, such as patients, workers, or residents. In these settings, multimodal
IoT fusion is primarily used to enhance monitoring, guidance, and decision-making. In healthcare,
one of the most mature application areas, heterogeneous sources such as Electronic Health Records,
wearables, medical imaging, environmental sensors, and clinical observations are combined to provide
a more complete view of patient status and care delivery [4]. For example, multimodal PM has been
used in Surgery Al to support real-time surgical conformance checking and guidance [26]. In human
behavior monitoring using smart homes and ambient assisted living systems multimodality is utilized
for improved recognition of daily activities and behavioral routines. Similarly, digital trace data from
mHealth applications and wearable sensors are used in Human Behavior Mining (HBM) framework to
capture and analyze dynamic patterns of human behavior over time [27]. In these systems, the practical
value of multimodal fusion lies in linking fragmented observations of human behavior to meaningful
activities, deviations, and decision-support outputs [10, 17].

Natural processes: Natural processes refer to biological, ecological, or environmental phenomena
whose execution is not directly controlled by an information system but can be observed through
sensing technologies. In practice, multimodal IoT fusion is used to make such processes observable by
combining complementary sensing streams. For example, animal behavior monitoring often integrates
accelerometry, positional, acoustic signals, environmental conditions, and sometimes visual observations
to classify behaviors [28]. These classified behaviors can serve as event abstractions for later process
discovery or behavioral trajectory analysis in veterinary and livestock monitoring frameworks.

Cyber-Physical Systems (CPS): CPSs encompass industrial, urban, logistics, and infrastructure
processes in which physical operations are integrated with digital monitoring, control, and decision-
support systems. In smart cities, traffic cameras, geomagnetic or loop sensors, GPS traces, environmental
stations, and social media streams are combined for traffic estimation, congestion prediction, incident
detection, and urban decision-making. In manufacturing, multimodal fusion supports activity recogni-
tion, quality monitoring, process automation, and conformance checking; examples include process
automation and PM in manufacturing [29], multimodal activity recognition in robotic workcells [30],
and video-based trace extraction for manual assembly [31]. In logistics and supply chains, IoT sensors
and BPM-based workflows support monitoring of goods, vehicles, storage conditions, and transport
processes [32, 33, 34]. These examples show how multimodal IoT fusion connects physical execution
with digital process models for monitoring, optimization, and decision support.

3.3. Synthesis and Comparison

The research and practice perspectives show both strong alignments and important mismatches. Aca-
demic research mainly focuses on methodological challenges, such as event abstraction, multimodal
representation learning, activity recognition, uncertainty handling, process discovery, predictive moni-
toring, and explainability. Practical implementations, in contrast, are often driven by operational goals
such as real-time monitoring, fault detection, predictive maintenance, patient safety, logistics traceabil-
ity, activity tracking, and decision support. Both perspectives acknowledge that single data sources are
often insufficient for understanding complex processes and that combining sensor, contextual, visual,
acoustic, textual, and system-generated data can improve monitoring accuracy and robustness.
However, a major mismatch appears in the assumptions made about data availability and quality.
Research studies often rely on datasets that are synchronized, labeled, cleaned, and accessible for
experimentation. In practice, multimodal IoT environments frequently involve missing data, unreliable
sensors, fragmented infrastructures, proprietary systems, privacy constraints, and limited ground truth.
As a result, methods that perform well in controlled research settings may be difficult to transfer
directly into operational environments. Another important mismatch concerns explainability and



trust. Many research approaches use deep learning and complex multimodal models to improve
predictive performance, but practitioners often require transparent explanations for alerts, anomalies,
and recommendations. This is especially important in healthcare, manufacturing, logistics, and other
safety-critical domains, where incorrect or unexplained decisions can have significant consequences.
Therefore, explainability is not only a methodological research objective but also a practical requirement
for adoption. Overall, research provides advanced methods for individual parts of the problem, while
practice demonstrates the need for robust, scalable, and trustworthy solutions that work under real-
world constraints. This indicates the need for future work that bridges methodological advances with
deployable process intelligence systems.

4. Research Gaps and Opportunities

The analysis of research and industry perspectives shows that multimodal IoT data fusion has strong
potential for process understanding and monitoring, but several limitations and gaps still prevent its
systematic use. These limitations do not concern only the performance of individual fusion models, but
also concern how raw data streams are transformed into process-level data, how reliable and timely
these transformations are, and how the resulting insights can be explained, evaluated, and transferred
across domains. Accordingly, the main gaps and corresponding opportunities can be summarized in
three interrelated areas:

Gap 1: From raw multimodal streams to structured process-level data. A central gap concerns
the transformation of raw multimodal IoT streams into structured event data that can support typical
PM goals: process discovery, conformance checking, and monitoring. Existing approaches often focus
on a specific domain, sensor setup, or activity recognition task, which makes them difficult to reuse in
other settings. For instance, methods developed for human behavior monitoring, smart environments,
industrial assembly, or logistics typically define their own preprocessing, segmentation, labeling, and
case-correlation procedures. As a result, there is still no general framework that explains how multimodal
observations should be abstracted into process events across domains. This is challenging because the
same low-level observation may have different process meanings depending on the case definition,
temporal granularity, and domain context.

This gap exists because multimodal IoT data is not naturally process-oriented. IoT devices capture
signals, states, movements, images, sounds, or interactions, while PM requires event logs with activities,
timestamps, cases, resources, and context. Moving from one representation to the other requires several
design decisions: which signal changes correspond to an event, how event boundaries are defined, how
multiple sensor observations are combined, and how events are assigned to cases. If these decisions are
made ad hoc, the resulting event logs may be difficult to compare, reproduce, or validate.

The implication is that multimodal fusion may produce useful predictions without necessarily produc-
ing reliable process knowledge. A model may correctly classify an activity, but if it cannot be linked to
a case, timestamp, or process context, its value for process understanding remains limited. For example,
in smart healthcare, wearable data may correctly indicate that a patient was physically active, while
ambient sensors and location data may show that this activity occurred during a bathroom visit after a
long inactive period. Without correct integration and linking of activity to the context, the system may
record a generic “movement” event rather than a movement that occurred during an unusual bathroom
visit after a long inactive period. As a result, the event log may miss a clinically relevant deviation.
As an opportunity, future research should therefore develop reusable event abstraction frameworks
that cover preprocessing, segmentation, feature extraction, semantic labeling, case correlation, and
event-log construction. Such frameworks should also include evaluation criteria for fusion quality,
event abstraction quality, process model fidelity, monitoring accuracy, and explainability. Emerging
approaches such as LLM-based IoT event abstraction and IoT Miner provide promising directions for
moving from low-level sensor data to higher-level event logs [17, 16]. However, these efforts still need
to be connected into end-to-end pipelines that can be evaluated across domains.

Gap 2: Reliable and timely process monitoring under real-world IoT conditions. Gap 2



concerns the reliability and timeliness of multimodal IoT data when used for online monitoring. Many
research methods are evaluated on datasets that are relatively clean, synchronized, and complete. In
real deployments, IoT data is often noisy, missing, asynchronous, delayed, or affected by changing
device configurations, which is especially critical in real-time process monitoring, where incorrect event
abstraction or delayed anomaly detection can lead to misleading alerts and poor operational decisions.

This gap exists because most methods treat uncertainty, streaming, and process abstraction as separate
problems. Imputation methods may address missing values, activity recognition models may infer
labels, and PM techniques may analyze event logs, but fewer approaches combine them into a single
uncertainty-aware monitoring pipeline. Real-time settings also introduce additional difficulties, e.g.
concept drift, changing sensor reliability, limited ground truth, and resource constraints at the edge.

Current approaches may be accurate in offline experiments but fragile in operational environments.
For safety-critical domains such as healthcare, manufacturing, logistics, and smart infrastructure,
this fragility can reduce trust and limit adoption. An opportunity for future work is to address this
gap by combining uncertainty-aware modeling, probabilistic alignment, sensor reliability estimation,
robust imputation, and confidence-aware event abstraction. In addition, streaming abstraction and
incremental process monitoring should be integrated with drift detection and edge-based analytics. Early
examples, such as real-time surgical conformance checking, show the potential of online multimodal
monitoring [26], but broader solutions are still needed for general multimodal IoT process intelligence.

Gap 3: Explainable, transferable, and evaluable multimodal process intelligence. A third gap
concerns the ability to produce process insights that are explainable, transferable, and systematically
evaluated. Much multimodal research focuses on classification, prediction, or anomaly detection, while
PM emphasizes interpretability, behavioral analysis, and process improvement. The connection between
these perspectives remains underdeveloped. In particular, multimodal fusion models often produce
outputs such as labels or scores, but they do not always explain how these outputs relate to process
behavior, deviations, resources, cases, or outcomes.

This gap exists partly because physical and digital process views are still difficult to integrate. IoT
data captures what happens in the physical world, while traditional process analysis often relies on
digital system logs. Bridging these views requires representations that connect sensor observations
with business objects, activities, resources, contextual conditions, and process outcomes. It also requires
explanation mechanisms that make fusion results understandable to analysts, operators, clinicians, and
decision-makers. This is particularly important when highly accurate black-box models are used in
domains where decisions must be justified.

The implication is that multimodal systems may support prediction without supporting understanding.
This limits their usefulness for root-cause analysis, compliance checking, process redesign, and human
decision-making. The opportunity is to develop explainable multimodal PM approaches that combine
data-driven models with semantic reasoning, ontologies, domain knowledge, and process models. The
goal should be not only to improve predictive accuracy, but also to explain why a behavior was detected,
why something is considered anomalous, and how it affects the process.

This gap is also visible in evaluation and transferability. There is a lack of standard benchmarks and
datasets for multimodal IoT process analysis. Existing datasets are often synthetic, domain-specific,
or limited in the modalities they include [35]. Moreover, similar challenges appear across particular
domains such as healthcare and logistics, but these communities often develop methods independently.
The opportunity here is to create shared benchmark tasks and datasets for evaluating event abstraction
quality, process fidelity, monitoring accuracy, robustness, explainability, and real-time performance.
Comparative studies are also needed to identify which abstraction and fusion strategies can transfer
across domains and which require domain-specific adaptation.

Together, these gaps indicate that multimodal IoT data fusion for process understanding should move
beyond isolated models and the field requires integrated pipelines that transform heterogeneous data
streams into reliable, explainable, and process-oriented representations. Addressing these gaps would
support the development of multimodal IoT process intelligence systems that are not only accurate but
also robust, interpretable, reusable, and suitable for real-world deployment.



5. Proposed Approach

Rather than treating multimodal fusion only as a data preparation or prediction task, we envision it
as a process-oriented multimodal IoT intelligence framework that directly responds to the four sub-
challenges introduced in Section 1 and 2: heterogeneous modality integration, fusion strategy selection,
real-time activity and anomaly inference and holistic and explainable process views.

5.1. Conceptual Vision

This framework positions fusion as part of a broader pipeline that transforms heterogeneous sensor
observations into reliable, explainable, and actionable process insights and follows five connected stages.
First, data acquisition is structured around the monitoring objective and process perspective, using
sources such as sensors, cameras, wearables, acoustic devices, enterprise systems, and other IoT-enabled
sources. Second, preprocessing and integration address modality integration through synchronization,
alignment, contextual enrichment, and data quality handling. Third, fusion and event abstraction
techniques address fusion strategy selection by converting low-level observations into process-relevant
events, activities and contexts. Fourth, process analysis and monitoring support real-time activity
and anomaly inference through process discovery, conformance checking, predictive monitoring, and
anomaly detection. Finally, explanation and decision support produce holistic and explainable process
views for analysts, operators, and decision-makers.

The key principle of this vision is that fusion should be process-oriented, not only used as input
for a prediction or classification. Process-oriented fusion also requires understanding how physical
observations relate to digital traces, how events belong to cases, how deviations emerge, and how
results can be trusted by stakeholders. Therefore, uncertainty handling, domain knowledge, flexible
event abstraction, and explainability should be embedded throughout the pipeline. The framework
should also be iterative: monitoring results and explanations can reveal weaknesses in earlier stages
and guide refinements in data integration, fusion strategy, or event abstraction.

Al-based methods can support the pipeline at multiple points. They can improve data quality, impute
missing values, estimate sensor reliability, and support probabilistic alignment during integration.
During fusion and event abstraction, multimodal learning, attention mechanisms, and representation
learning can create shared representations and extract process-relevant events. During monitoring, Al
can model normal behavior, detect anomalies, predict outcomes, and support adaptation under drift.
Finally, explainable Al, semantic reasoning, and hybrid symbolic-learning approaches can translate
model outputs into understandable process views. In this sense, Al is not a separate component of
the framework, but a set of methods that can be embedded across integration, fusion, inference, and
explanation.

Based on this conceptual vision, the following short-, medium- and long-term actions are proposed.

5.2. Short-Term Actions

Refer to improvements that can be implemented immediately with existing methods and datasets.

« Action 1: Establish standardized multimodal event abstraction pipelines that include prepro-
cessing, segmentation, feature extraction, semantic labeling, and event log construction. These
pipelines should compare early, late, hybrid, and reasoning-based fusion strategies under similar
conditions to clarify their suitability for different data characteristics.

« Action 2: Improve robustness to noisy, missing, and asynchronous data by incorporating
uncertainty-aware models, probabilistic alignment, and robust preprocessing strategies that
can handle changing sensor configurations and intermittent data streams.

+ Action 3: Include explainability as an evaluation criterion. Researchers should evaluate not
only predictive accuracy, but also whether the resulting events, process models, anomalies, and
recommendations are understandable to domain experts.



+ Action 4: Incorporate domain knowledge during event abstraction through rules, ontologies,
expert feedback, or semantic constraints to reduce meaningless event labels and improve the link
between sensor signals and process concepts.

+ Action 5: Evaluate event abstraction before PM by checking whether the abstracted events are
meaningful, correctly segmented, and semantically valid.

5.3. Medium-Term Directions

Medium-term directions require shared resources, reusable frameworks, and broader validation beyond
isolated case studies.

+ Direction 1: Develop benchmark datasets and evaluation frameworks for multimodal process
analysis across various domains. These datasets should include multiple modalities, contextual
information, uncertainty annotations, and domain-specific ground truth where possible.

+ Direction 2: Conduct cross-domain transfer studies to examine whether event abstraction and
fusion methods developed in one domain can be adapted to another.

+ Direction 3: Create reusable representations for IoT-enhanced event logs that support multimodal
context, changing sensors, uncertain events, and links between physical observations and digital
process records. Such representations can support interoperability and move the field toward
domain-agnostic standards.

+ Direction 4: Integrate PM with digital twins to support real-time monitoring, simulation, predic-
tion, and explanation in manufacturing, logistics, healthcare, and smart cities.

5.4. Long-Term Vision

Long-term visions extend the same view and direction for addressing the challenges from method de-
velopment to system-level deployment, where the proposed multimodal process intelligence framework
must remain adaptive, interoperable, explainable and trustworthy across organizations and domains.

« Vision 1: Enable real-time, explainable multimodal process intelligence systems that continuously
adapt to new behaviors, changing environments, new devices, and process drifts. This requires
advances in streaming PM, adaptive learning and explainable models.

« Vision 2: Establish cross-organizational data-sharing infrastructures for multimodal IoT pro-
cesses that span multiple actors. Secure and standardized infrastructures are needed to support
data sharing, traceability, and process analysis across organizational boundaries. As process data
may reveal sensitive operational knowledge, business strategies, or personal information, these
infrastructures should support privacy-preserving and anonymized data sharing, allowing orga-
nizations to benefit from shared process intelligence while protecting data assets and company
interests.

« Vision 3: Unify semantic, statistical, and deep learning approaches to support fusion strategy
selection and explainable process views in a single process-oriented framework. Semantic meth-
ods can represent domain knowledge and process constraints, statistical methods can model
uncertainty and deep learning can learn multimodal representations from complex sensor data.

« Vision 4: Develop governance frameworks for ethical and trustworthy multimodal monitoring,
especially when process data spans people, organizations, and infrastructures. Such frameworks
should follow a privacy-by-design/privacy-by-default perspective and connect privacy-preserving
analytics, edge analytics, secure aggregation, consent, fairness, accountability, transparency, and
responsible use.

6. Conclusions and Future Work

This paper examined challenges of multimodal IoT data fusion for process understanding and monitor-
ing. It identified key sub-challenges, including heterogeneous data integration, fusion strategy selection,



event abstraction, real-time activity and anomaly detection, and explainable process representation. It
also showed that these challenges appear across several domains, such as healthcare, human behav-
ior monitoring, natural process monitoring, smart environments, manufacturing, and logistics. The
gaps and opportunities beside the state of the art are discussed, and proper actions and visions are
proposed for these challenges. Future work should focus on standardized event abstraction pipelines,
uncertainty-aware monitoring, shared benchmarks, reusable IoT-enhanced event-log representations,
and explainable multimodal PM frameworks.
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