From Sensors to Vision: Evolving Data Modalities for Intelligent 10T
Systems

Dedy Irvandy Y; Hedi Agfiria Carlusiaputri ?; Anja Wulan Sari ¥; Putu Sudira ¥; Pipit
Utami ®
12345 Universitas Negeri Yogyakarta
Email: ¥ dedyirvandy.2024@student.uny.ac.id

How to Cite :
Irvandy, D., Carlusiaputri, H, A., Sari, A, W., Sudira, P., Utami, P. (2025). From Sensors to Vision: Evolving Data
Modalities for Intelligent loT Systems. Jurnal Media Computer Science, 4(2)

ARTICLE HISTORY ABSTRACT
Received [25 Juni 2025] The rapid growth of the Internet of Things has increased the need for
Revised [30 Juli 2025] sensing systems capable of understanding complex environments beyond

Accepted [31 Juli 2025] simple data collection. The integration of artificial intelligence and

computer vision has driven a shift toward perception-oriented Artificial
Intelligence of Things (AloT) systems. This study systematically synthesizes
research on vision-based sensing in AloT, focusing on application domains,
sensing modalities, Al methods, and computing architectures. A systematic
literature review following PRISMA 2020 guidelines using Scopus identified
24 empirical studies published between 2018 and 2025. The findings show
that AloT vision systems are increasingly applied in manufacturing,
agriculture, infrastructure, and surveillance, supporting real-time
monitoring and decision-making. Core functions include detection,

KEYWORDS

Artificial Intelligence of Things;
Computer Vision; Visual Sensing;
Multimodal Sensing; Edge Computing.

This is an open access article under the classification, segmentation, and activity recognition, enabled by deep
CC-BY-3A license learning and edge-cloud architectures. The results indicate a shift toward
@ @@ multimodal sensing and edge intelligence, highlighting a broader
N5y sa | transition to perception-centric AloT systems, with ongoing challenges in
dataset generalization, multimodal integration, and efficient edge
deployment.
INTRODUCTION

The Internet of Things (IoT) has grown rapidly over the past decade, transforming how
physical environments are monitored and managed through interconnected digital systems. loT is
commonly defined as a network of interconnected objects capable of collecting, exchanging, and
processing data across distributed environments (Perera et al., 2015; Ray, 2017; Syed et al., 2021;
Yahya et al., 2018). Across industrial facilities, urban infrastructures, agricultural fields, and smart
environments, large numbers of connected devices continuously collect data about surrounding
conditions. Most early loT deployments relied heavily on numerical sensing technologies, where
environmental sensors such as temperature, humidity, vibration, and motion form the core sensing
layer of many loT monitoring systems (Adu-Manu et al., 2022; Syed et al., 2021). Sensors measuring
temperature, vibration, humidity, pressure, or motion were widely used to observe physical
processes and operational states. Although these measurements provide reliable quantitative
information, they often capture only isolated aspects of complex environments. As intelligent and
autonomous systems become more common, loT platforms increasingly require richer
environmental awareness that goes beyond simple numerical measurements.

In response to these demands, the integration of artificial intelligence with loT infrastructures
has accelerated in recent years. This technological convergence has led to what is commonly
referred to as the Artificial Intelligence of Things (AloT), a paradigm that integrates artificial
intelligence techniques with loT infrastructures to enable intelligent sensing, analytics, and
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automated decision-making across distributed systems (Ghoreishi et al., 2022; Haqiq et al., 2022;
Miran & Ayub, 2023; Seng et al., 2022). In AloT systems, sensing devices do more than collect data,
as they increasingly support intelligent sensing, analytics, and automated decision-making across
distributed environments (Miran & Ayub, 2023; Seng et al., 2022). These capabilities are further
reflected in integrated AloT architectures (Utami, Mashoedah, et al., 2024). The captured data are
increasingly processed using intelligent algorithms that can identify patterns, recognize events, and
support automated decision processes. One particularly visible development in this transition is the
growing use of camera-based sensing and computer vision techniques in loT environments.
Cameras allow machines to observe scenes directly, enabling tasks such as object detection, activity
recognition, and environmental monitoring. Several studies demonstrate how machine vision has
been embedded into loT infrastructures to support automated inspection and intelligent monitoring
across various environments, including industrial inspection, surveillance, and smart monitoring
systems (Hao, 2023; Silva et al., 2025; Wang et al., 2022; Yu, 2022).

The increasing adoption of visual sensing technologies also reflects the practical limitations of
traditional sensor-centric monitoring. Numerical sensors typically measure one environmental
variable at a time. As a result, they often provide fragmented information about complex real-world
situations. Visual data, by contrast, contain spatial structure, object relationships, and contextual
information that are difficult to capture using conventional sensors. Computer vision-based sensing
therefore provides richer situational awareness than scalar sensors in many monitoring contexts,
including smart buildings, infrastructure monitoring, and environmental observation (Cardinale,
2020; Kang et al., 2025; Mardanshahi et al., 2025; Yang et al., 2023). In manufacturing environments,
for example, machine vision systems can detect subtle surface defects or irregularities that physical
sensors may fail to identify (Jia & Wang, 2022; Li et al., 2022). Similar approaches have been applied
in agricultural monitoring, where image-based systems analyze crop conditions and detect plant
diseases using classification and detection algorithms (Chen et al., 2021; Jaramillo-Hernandez et al.,
2024). These examples illustrate how visual perception can significantly expand the monitoring
capabilities of IoT systems.

From a broader perspective, these developments suggest a gradual evolution of sensing
paradigms in loT environments from traditional sensor-centric monitoring toward intelligent
perception systems. Recent AloT research highlights this transition as the convergence of sensing,
artificial intelligence, and edge computing that enables more advanced environmental perception
and analytics (Djenouri et al., 2021; Kwon & Seo, 2022; Miran & Ayub, 2023). Early IoT deployments
relied mainly on sensor-based monitoring using wireless sensor networks to collect numerical
environmental data. As imaging devices became more accessible and computing capabilities
improved, vision-enabled sensing started to emerge. Cameras allowed loT systems to capture
spatial observations of the environment, while computer vision algorithms enabled automated
interpretation of those observations. More recent research has taken this step further by integrating
camera sensing with traditional sensors. These multimodal sensing architectures combine
heterogeneous data sources to improve contextual awareness and monitoring reliability. For
instance, smart agriculture systems may integrate environmental sensors with visual crop
monitoring (Nguyen et al., 2024), while infrastructure inspection has been enhanced through deep
learning-based visual analysis for crack detection and condition assessment (Matarneh et al., 2024).
Taken together, these developments indicate a trend toward perception-centric AloT systems where
sensing, learning, and contextual interpretation operate together.

Despite the rapid growth of research in this area, the existing literature remains fragmented.
Many studies focus on specific implementations of loT sensing architectures or individual machine
vision applications. For example, research has investigated vision-based inspection systems for
manufacturing, camera monitoring systems in smart cities, and image-based surveillance
technologies for safety monitoring (Lv & Chen, 2021; Silva et al., 2025; Wang et al., 2022). While these
contributions provide valuable insights into particular application domains, they rarely examine the
broader technological evolution of sensing modalities in 10T systems. Consequently, the literature
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lacks a éomprehenswe synthesis that explams how IoT sensing strategles are transmonmg from
traditional numerical sensing toward visual and multimodal perception architectures.

This fragmentation highlights an important gap in the current body of knowledge. Although
visual sensing technologies are increasingly used in AloT systems, there is still limited systematic
synthesis explaining how sensing modalities have evolved within loT environments. Existing
research is also distributed across diverse application areas such as manufacturing, agriculture,
urban monitoring, infrastructure management, and assistive technologies, making it difficult to
clearly identify technological patterns, architectural trends, and emerging research directions in
vision-enabled AloT systems. To address this gap, the present study conducts a systematic literature
review that synthesizes empirical research on visual sensing in AloT environments, examining how
vision technologies are integrated into loT infrastructures with particular attention to sensing
modalities, artificial intelligence methods, computing architectures, and application domains. By
analyzing recent studies that implement vision-based |oT systems, the review clarifies how sensing
paradigms are evolving within intelligent 10T ecosystems and proposes a conceptual perspective
describing the progression from traditional sensor monitoring toward perception-centric AloT
architectures that combine visual perception, multimodal sensing, and distributed intelligence.

This study contributes to the literature in three main ways. First, it provides a systematic
synthesis of vision-based sensing in AloT systems across diverse application domains, consolidating
fragmented research into a coherent analytical structure. Second, it develops a conceptual
framework describing the evolution of sensing paradigms from sensor-based monitoring to
perception-centric AloT systems, highlighting the roles of visual sensing, multimodal integration, and
distributed intelligence. Third, it identifies critical research gaps related to multimodal integration,
scalability, dataset generalization, and edge deployment, and proposes a future research agenda to
guide the development of adaptive and scalable AloT systems.

To structure the analysis, the study adopts the PICo framework. Within this framework, the
population refers to AloT systems, the interest focuses on visual sensing technologies, and the
context concerns intelligent monitoring and automation environments. Guided by this structure, the
review investigates several key questions related to the development of vision-enabled AloT
systems. Specifically, the analysis examines in which application domains AloT vision-based sensing
has been implemented, what sensing modalities are integrated within these systems, which artificial
intelligence methods are employed to perform visual sensing tasks, and how edge and cloud
architectures are utilized to support AloT vision processing. In addition, the review explores broader
research trends that indicate the technological evolution from traditional sensor-based loT
monitoring toward vision-centric and perception-driven [oT systems.

THEORETICAL BACKGROUND

Evolution of Sensing in 1oT and AloT

The Internet of Things (IoT) describes networks of interconnected physical devices that collect,
transmit, and process data from their surrounding environment. In most implementations, these
devices operate within layered architectures composed of sensing, network, and application layers,
where physical sensors and actuators capture environmental signals that are subsequently
transmitted and processed across the system stack (Nagajayanthi, 2021; Nasiri et al., 2021). Typical
deployments combine sensors, embedded controllers, communication modules, and computing
platforms. Together these elements allow physical objects to interact with digital infrastructures. In
practical loT environments such as smart manufacturing systems, agricultural monitoring platforms,
urban infrastructure, and smart city services, sensing devices act as the primary interface between
the physical and digital worlds. They continuously capture operational conditions and environmental
parameters (Chen et al,, 2021; Lv & Chen, 2021; Utami, Zakarijah, et al., 2024). As |oT technologies
evolved, the integration of artificial intelligence capabilities into sensing infrastructures led to the
emergence of the Artificial Intelligence of Things (AloT), where Al models process sensed data to
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identify patterns, recognize events, and support automated decision making across edge, fog, and
cloud layers (Haqiq et al., 2022; Qiu et al., 2021; Seng et al., 2022; J. Zhang & Tao, 2021). Empirical
studies demonstrate this integration in applications such as industrial defect detection, crop
monitoring, and activity recognition in intelligent surveillance systems (Jia & Wang, 2022; Silva et al.,
2025; Yu, 2022).

Within these intelligent environments, sensing technologies play a central role. They provide
the observational capability that allows digital systems to perceive physical conditions. Early loT
deployments primarily relied on numerical sensors that measure environmental variables such as
temperature, humidity, vibration, pressure, or motion. These measurements provide reliable
quantitative information. However, they capture only limited contextual detail about complex
environments. Consequently, researchers increasingly recognized that sensor-based monitoring
alone is often insufficient for applications requiring situational awareness, spatial interpretation, or
detailed visual inspection. This limitation has encouraged the integration of camera based sensing
and computer vision technologies within |oT infrastructures.

The development of AloT sensing systems can therefore be viewed as an evolutionary process
in which sensing capabilities move from simple environmental measurements toward richer
perception mechanisms. Early IoT systems relied on sensor-based monitoring supported by wireless
sensor networks that produced structured numerical data describing physical conditions. As
imaging devices became more affordable and computing capabilities improved, vision-enabled
sensing emerged, allowing |oT platforms to capture spatial information through cameras and
interpret it using computer vision algorithms. More recent systems combine visual data with other
sensing modalities such as environmental sensors, wireless sensor networks, and motion sensing
devices, enabling multimodal sensing architectures that improve contextual awareness and
monitoring reliability. Examples include smart agriculture platforms that combine camera
monitoring with environmental sensing (Nguyen et al., 2024) and infrastructure inspection systems
that utilize camera-based analysis for crack detection (Matarneh et al., 2024).

Recent research further extends this trajectory toward perception centric AloT architectures in
which sensing, artificial intelligence, and distributed computing operate together to interpret
complex environments. In these systems, deep learning models analyze visual and sensor data to
extract semantic information and support automated decision making, while edge computing
platforms perform real time analysis close to sensing devices and cloud infrastructures provide
large scale coordination and analytics (Katsigiannis & Mykoniatis, 2024; Silva et al., 2025). This
progression from sensor based monitoring to vision enabled sensing, multimodal sensing, and
perception centric AloT is summarized in Table 1. The table is presented as a conceptual synthesis
derived from the reviewed studies rather than as a set of empirical findings. It organizes recurring
patterns identified across the literature and frames them as an evolutionary model that links
sensing modalities, Al capabilities, and system architectures in AloT environments. The empirical
distribution of these sensing approaches across the reviewed studies is analyzed in Section 4. Table
1 presents a conceptual framework derived from the synthesis of the 24 empirical studies analyzed
in this review. Rather than listing individual studies, the table integrates recurring patterns identified
across the dataset and organizes them into an evolutionary framework of AloT sensing. This
framework highlights how sensing paradigms gradually progress from numerical monitoring toward
perception centric AloT systems that combine multimodal sensing, artificial intelligence, and
distributed edge intelligence.

Table 1. Evolution of sensing paradigms in AloT systems

Stage Sensor Numerical sensor Wireless sensor networks and
1 8¢ pased measurements with simple rule  embedded sensing nodes (Lv & Chen,
monitoring  based monitoring 2021)
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Vision Visual image analysis using Machine vision inspection systems in
Stage - . . . .
) enabled computer vision and early deep  industrial environments (Jia & Wang,

sensing learning detection models 2022; ). Zhang et al., 2022)
Stage Multimodal Fusion gf sens.or data a.nd visual  Hybrid sensing systems combining

. perception using machine cameras and environmental sensors
3 sensing .
learning models (Nguyen et al., 2024)

Deep learning based perception  Edge Al vision systems and distributed
and contextual interpretation of  analytics platforms (Katsigiannis &
multimodal data Mykoniatis, 2024; Silva et al., 2025)

Stage Perception
4 centric AloT

Visual Sensing and Machine Vision

Machine vision refers to the use of imaging devices together with computational algorithms to
automatically analyze visual information from the physical world. In AloT environments, machine
vision functions as a perception mechanism that enables intelligent systems to observe and
interpret visual scenes. Unlike traditional sensors that measure individual variables such as
temperature or humidity, cameras capture spatial structures, object relationships, and dynamic
activities occurring in the environment. Vision enabled IoT systems therefore operate as perception
pipelines that convert raw visual observations into meaningful information. In many computer
vision frameworks, this pipeline includes stages such as image acquisition, feature extraction, object
detection, and visual analytics, which together allow systems to interpret scenes and extract
semantic information from image or video streams (Pasolini et al., 2020).

The pipeline typically begins with visual data acquisition through imaging devices such as RGB
cameras, industrial inspection cameras, surveillance cameras, depth sensors, or thermal cameras.
These visual streams are then processed using computer vision algorithms that perform tasks
including image classification, object recognition, segmentation, and feature extraction, with deep
learning models widely used to interpret visual data, including facial expression recognition using
convolutional neural network architectures (Utami et al., 2022b). Through these processes, visual
sensing systems can identify patterns and objects that would be difficult to capture through
numerical sensors alone. Several studies included in this review demonstrate the deployment of
such vision pipelines in industrial inspection, agricultural monitoring, and infrastructure observation
systems (Jaramillo-Hernandez et al., 2024; Katsigiannis & Mykoniatis, 2024). Deep learning
approaches are particularly common in manufacturing environments, where convolutional models
are used for defect detection and segmentation of industrial products (Jia & Wang, 2022).

Visual data streams are substantially larger than conventional sensor signals. For this reason
many loT platforms perform image processing directly on edge devices. Edge computing enables
lightweight deep learning models to execute inference near the sensing source, reducing latency
and limiting the need to transmit large video streams to centralized servers. Several reviewed
systems implement visual analytics on embedded platforms or edge computing nodes to support
real time monitoring (Jaramillo-Hernandez et al.,, 2024; Katsigiannis & Mykoniatis, 2024). The
resulting visual insights can then trigger alerts, anomaly detection mechanisms, or automated
responses. Examples include surveillance systems that recognize human activities, agricultural
monitoring systems that identify crop diseases, and industrial inspection platforms that detect
manufacturing defects. Compared with traditional sensors, vision sensing provides richer contextual
awareness because cameras capture spatial relationships and interactions within complex
environments. This capability significantly expands the perception capacity of modern AloT
infrastructures.
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Multimodal Sensing in Intelligent IoT

Although visual sensing significantly enhances environmental perception, many AloT systems
integrate multiple sensing modalities to achieve more reliable monitoring. Multimodal sensing
refers to the integration of heterogeneous data sources including cameras, environmental sensors,
wireless sensor networks, and motion detection systems. By combining complementary sensing
modalities, loT platforms can interpret both numerical measurements and spatial information
simultaneously. This integration allows intelligent monitoring systems to capture richer
environmental context compared with single sensing technologies.

Several reviewed studies demonstrate how multimodal sensing architectures improve system
performance across different application domains. In smart agriculture environments, camera
monitoring is frequently combined with environmental sensors to simultaneously track plant growth
conditions and surrounding environmental parameters such as temperature and humidity (Nguyen
et al., 2024). Infrastructure monitoring has also been enhanced through camera-based crack
detection using deep learning techniques to improve damage assessment accuracy (Matarneh et al.,
2024). In intelligent transportation environments, hybrid parking monitoring systems combine
wireless sensor networks with computer vision object detection to verify vehicle presence and
improve occupancy detection reliability (Hudda et al., 2024).

Multimodal sensing is also applied in industrial monitoring scenarios where machine vision
systems are combined with thermal cameras or process monitoring sensors to detect anomalies in
conveyor systems or industrial equipment (Kia & Leiding, 2025). Integrating multiple sensing
modalities provides several advantages. It improves system robustness because complementary
sensors can validate observations from different perspectives. It also enhances contextual
awareness by combining spatial visual information with environmental measurements. As a result,
multimodal architectures enable more reliable monitoring in complex and dynamic environments
where single sensing technologies may be insufficient.

Edge Intelligence and Perception Centric AloT

The rapid expansion of visual sensing in IoT environments also introduces significant
challenges related to data processing and communication. Image and video streams contain far
larger volumes of data than conventional sensor signals. Transmitting these data continuously to
centralized cloud servers can therefore create latency, bandwidth constraints, and computational
bottlenecks. As AloT applications increasingly rely on visual analytics, efficient distributed processing
becomes essential for maintaining reliable monitoring and real time system responsiveness.

Edge computing has emerged as a key solution to address these limitations by performing
data processing closer to sensing devices. In edge architectures, Al inference and visual data
processing occur near the data source rather than exclusively in remote cloud infrastructures. This
approach reduces communication overhead and enables faster response times for vision based
monitoring systems (Ke et al., 2021; Ravindran, 2023; Rodriguez et al., 2023). Several studies
included in this review demonstrate the practical deployment of edge based vision systems. For
example, embedded edge platforms have been used for automated gauge reading and industrial
inspection tasks using camera sensors (Katsigiannis & Mykoniatis, 2024). Similarly, lightweight edge
Al devices have been deployed in agricultural environments to detect crops and analyze visual data
directly in the field (Jaramillo-Hernandez et al., 2024).

Many AloT systems therefore adopt hybrid architectures that combine edge processing with
cloud based analytics. In these architectures, edge devices handle real time inference while cloud
platforms support large scale data storage, model training, and system coordination. Such edge
cloud collaboration appears in multiple application domains including industrial inspection,
agricultural monitoring, and urban surveillance systems (Nguyen et al., 2024; Silva et al., 2025; J.
Zhang et al.,, 2022). This integration of visual perception, multimodal sensing, and distributed
intelligence gradually leads toward perception centric AloT systems in which sensing platforms
actively interpret environmental context and support automated responses. Because existing
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studies remain fragmented across domains and technological approaches, a systematic synthesis is

necessary to clarify how sensing modalities, Al techniques, and computing architectures evolve
together in AloT environments. The following section therefore explains the systematic review
methodology used to identify, evaluate, and synthesize the empirical studies included in this review.

RESEARCH METHODOLOGY

This review followed the PRISMA 2020 guidelines to ensure transparency and methodological
rigor in the synthesis process. PRISMA provides a structured reporting framework that clarifies how
studies are identified, screened, and synthesized in systematic reviews, improving transparency and
reproducibility across research domains (Kahale et al., 2022; Page et al., 2021). Guided by this
framework, the review process included systematic searching, study screening and selection, data
extraction, quality assessment, and thematic synthesis. Each step was designed to maintain a
transparent record of decisions made during the review. This structured procedure reduces bias
during study identification and supports a reliable interpretation of the available evidence.

Table 2. Operationalization of PICo into Eligibility Criteria and Review Design

AloT systems integrating sensing and  Defines conceptual scope and

Population . .
P vision technologies supports RQ1, RQ4
Interest Vision-based sensing or machine Structures eligibility criteria and
vision in implemented systems supports RQ2, RQ3
Intelligent monitoring, automation, Guides screening and supports RQ1,
Context .
and real-world AloT environments RQ5

The PICo framework was applied to define the conceptual scope of the review, structure
eligibility criteria, and guide the screening process. In this framework, the population referred to
AloT systems that integrate sensing technologies in real world environments. The element of
interest focused on implementations of machine vision or visual sensing embedded within these
systems, while the context concerned intelligent monitoring, automation, and other smart
environments where sensing technologies support analytical or decision making functions. This
structure ensured that the search and screening stages remained aligned with the intended
research focus. Table 2 summarizes how these PICo elements were translated into practical
eligibility criteria. By explicitly defining the population, technological focus, and contextual
application environments, the framework helped ensure that the review consistently targeted
implemented AloT visual sensing systems rather than peripheral 10T or computer vision research.
The search was performed using the Scopus database by applying the query to the article title,
abstract, and keywords fields (TITLE-ABS-KEY) to ensure comprehensive retrieval of relevant studies.
The initial search yielded a total of 171 records, which were subsequently subjected to the screening
and selection process following the PRISMA workflow.

Eligibility Criteria and Study Selection

To ensure that the review retained only studies directly relevant to AloT visual sensing
systems, clear inclusion and exclusion criteria were established before the screening process began.
Eligible studies were required to describe AloT environments that integrate vision based sensing
technologies and provide empirical evidence through implemented systems or experimental
validation. The review focused on relatively recent research to capture current technological
developments, therefore the publication window was limited to studies published between 2018
and 2025. Only English language publications were considered in order to ensure consistent
interpretation of methodological descriptions, and the dataset was restricted to peer reviewed
journal articles and conference papers to maintain academic reliability. These criteria ensured that
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the review emphasized practical technological implementations rather than conceptual discussions
or peripheral topics.

Studies were excluded when their primary focus did not involve operational visual sensing
within AloT environments. Articles centered solely on communication protocols or networking
optimization without sensing implementations were removed, as were studies dealing with image
security or privacy that did not include deployed sensing systems. Conceptual discussions, purely
theoretical contributions, and review articles without implemented systems were also excluded
because they did not provide empirical evidence suitable for synthesis. Applying these criteria
helped refine the dataset so that the remaining studies consistently represented real AloT visual
sensing applications. The resulting corpus therefore reflects research that demonstrates
implemented sensing architectures rather than speculative or purely theoretical approaches.

Following the definition of these criteria, the study selection process followed the PRISMA
workflow that organizes the review into identification, screening, eligibility, and inclusion stages.
Records retrieved from the database search were first compiled and duplicates were removed to
establish the initial pool of candidate studies. Titles and abstracts were then examined to evaluate
conceptual relevance and determine whether the studies addressed AloT vision sensing systems.
Articles that passed this stage were assessed through full text evaluation to confirm methodological
relevance and compliance with the predefined criteria. When uncertainties emerged during
screening, inclusion decisions were resolved through discussion to maintain consistency in the final
selection of studies. Figure 1 presents the PRISMA flow diagram that summarizes how the literature
was progressively refined during the review process.

Records identified from: Records removed before screening:

>atabases: Scopus (N~ 171) Duplicate records removed (n « O)

hin article

as ineligible by automation tools

r other reasons (n = O)

E—3
£
S
=

S
=

Records excluded
(N = 133) Networking prot/infrastructure

171)

it 10T integration

- Reviews without 16T implementation

ports for eligibility Reports excluded
(Full-text assessmen ) (n = 10)
- Full text

J institutic

Studies included in the review (n = 24) [

Reports of included studies (n = 24)

Figure 1. PRISMA flow diagram

Figure 1. PRISMA flow diagram illustrating the identification, screening, eligibility, and inclusion
stages used to determine the final set of studies analyzed in this review. The diagram illustrates how
the literature search was progressively refined as the review moved from identification to final
inclusion. Through successive screening stages, the initial pool of records was filtered according to
the predefined criteria until a focused set of studies relevant to AloT visual sensing systems
remained. Each stage reflects a deliberate effort to ensure conceptual relevance, methodological
clarity, and alighment with the defined research scope. The diagram also highlights how multiple
screening layers help reduce noise from unrelated studies while preserving research that directly
contributes to understanding visual sensing in AloT environments. This progression clarifies how the
final corpus of studies was established before the synthesis stage. Through this sequential filtering
process, the initial search results were gradually reduced until a final set of twenty-four empirical
studies remained for analysis, which were then systematically extracted and prepared for
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subsequent analysis. All retrieved records were managed and orgamzed using Mendeley reference
management software to facilitate duplicate removal, screening, and documentation of the selection
process.

RESULTS AND DISCUSSION

Results

Beyond empirical synthesis, this review advances a conceptual understanding of sensing
evolution in AloT by framing it as a progressive transformation from numerical sensing toward
perception-centric intelligence. Unlike prior studies that focus on specific applications or isolated
technologies, this review integrates sensing modalities, Al methods, and computing architectures
into a unified conceptual model. This model extends existing |oT and AloT frameworks by explicitly
positioning visual perception and multimodal integration as central components of intelligent
sensing systems. As such, the proposed framework contributes to theory by clarifying how
perception capabilities emerge through the interaction of sensing, learning, and distributed
computation.

The findings can be interpreted in relation to the research questions guiding this review. First,
regarding application domains, AloT vision systems are most prominently deployed in
manufacturing and agriculture, indicating that environments requiring continuous monitoring and
precision analysis are primary adopters of visual sensing. Second, in terms of sensing modalities,
there is a clear transition from single-modality sensing toward multimodal configurations that
integrate visual and non-visual data. Third, with respect to Al methods, deep learning models
dominate due to their ability to extract semantic information from complex visual data, although
hybrid approaches are increasingly adopted to address deployment constraints. Fourth, in relation
to system architectures, edge-cloud integration emerges as a prevalent approach that balances real-
time processing and scalability. Finally, these patterns collectively suggest a broader shift toward
perception-centric AloT systems, where sensing is no longer passive but actively interprets
environmental context.

Study Characteristics and Quality Assessment

This review analyzed a final dataset of 24 studies that met the predefined inclusion criteria.
These studies represent implemented vision-enabled sensing systems within Artificial Intelligence of
Things environments, covering diverse application domains and system designs. As summarized in
Table 3, the dataset reflects variations in sensing modalities, vision tasks, and computing
architectures. The studies collectively indicate that AloT vision systems are increasingly applied in
practical environments rather than isolated prototypes (Lv & Chen, 2021; Nguyen et al., 2024, .
Zhang et al., 2022). This diversity provides a strong empirical basis for identifying technological
patterns across domains.

Table 3. Summary of Included Studies

loT architecture; robust
perception

Edge-cloud;
automated inspection
Measurement, image Edge-cloud; CNC

(Lv & Chen, 2021) Smart city, camera Image processing, CNN

(. Zhanget al., 2022) Manufacturing, vision Defect detection, CNN

(Saif et al., 2022) Manufacturing, vision ) ) .

processing inspection
(Katsigiannis & Manufacturing, Gauge reading, Edge; real-time
Mykoniatis, 2024) camera OpenCV monitoring
(Hudda et al., 2024)  Transportation, Vehicle detection, Edge; smart parking
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multimodal

Faster R-CNN

(Jia & Wang, 2022)

Manufacturing, vision

Segmentation, U-Net

[loT; defect analysis

(Nguyen et al., 2024)

Agriculture,
multimodal

Crop detection,
lightweight Al

Edge-cloud; smart
farming

(Vukicevi¢ et al.,

Warehouse, camera

QR tracking, OpenCV

Edge; inventory

2021) tracking
(Kia & Leiding, 2025) Recycling, multimodal Detection, YOLO Edge.—clqud; conveyor
monitoring

(Wang et al., 2022)

Manufacturing, vision

NDT detection,
GA+HMM

Cloud IloT; monitoring

(Yu, 2022)

Human monitoring,
vision

Activity recognition,
3D-CNN

Cloud I0T; motion
analysis

(Hao, 2023)

Mechatronics,
camera

Classification, SVM

Cloud I0T; inspection

(Chenguang, 2023)

Smart home, camera

Face recognition,
YOLOvV5

Edge; energy control

(Sun & Lin, 2022)

Remote sensing,
multimodal

Detection, feature
fusion

iVIOT; target
recognition

(Chebrolu et al.,
2025)

Manufacturing, vision

Roughness estimation,
ANN

loT; quality inspection

Agricultur . Edge-cl :

(Ross et al., 2020) & |c.u ture, Detection, CV methods dge. 5 (?Ud pest
multimodal monitoring

(Jaramillo- . L

. . . D , Edge;

Hernandez et al., Agriculture, vision |eztrenci20n deep fadrgrgﬁmpreasmn

2024) & &

(Matarneh et al, Infrastructure, vision  Crack detection, CNN Deep learning; L

2024) pavement monitoring

(Silva et al., 2025)

Surveillance, vision

Detection, YOLO+CNN

Edge-cloud; safety

(Chen et al., 2021)

Agriculture, camera

Classification,
EfficientNet

loT; disease detection

(S. Zhang et al.,

Infrastructure,

Motion tracking

Edge; cable monitoring

2025) embedded vision
(ZROaZJE?dran etal, Assistive, multimodal ~ Object recognition Edge; navigation aid

(Li et al., 2022)

Manufacturing, vision

Segmentation, GAN

Edge-cloud; textile
inspection

(. Zhang et al., 2022)

Sports, multimodal

Action recognition

AloT; training analytics

Table 3 condenses the key characteristics of all 24 included studies by integrating sensing
modalities, vision tasks, Al methods, and system architectures into a unified representation. The
descriptive patterns indicate a recent and rapidly developing research area, with most studies
published between 2020 and 2025 and a noticeable increase in the later years. This trajectory
suggests growing attention to combining computer vision with loT infrastructures for practical
deployment. Across domains, applications concentrate in smart manufacturing, where vision
supports defect detection and quality inspection, and in smart agriculture, where camera sensing
enables crop monitoring and disease detection. Infrastructure monitoring also appears prominently,
with systems designed for structural inspection and safety analysis. Additional use cases, including

512 | Dedy Irvandy, Hedi Agfiria Carlusiaputri, Anja Wulan Sari, Putu Sudira, Pipit Uami ; From

Sensors to Vision: ...



survelllance assistive technologles and sports analytics, further demonstrate how V|sual perceptlon
is expanding across intelligent environments.

The technological patterns reflected in Table 3 reveal a consistent shift toward data-driven
and distributed intelligence. Deep learning models are widely used to interpret visual data,
indicating their central role in enabling perception capabilities. Many systems adopt edge computing
to support real-time processing close to sensing devices, reducing latency and communication
overhead. In parallel, several studies integrate multimodal sensing by combining camera-based
perception with environmental or networked sensors, which enhances contextual awareness. These
developments suggest that AloT systems are moving beyond isolated sensing toward integrated
perception pipelines. Taken together, the patterns highlight a transition toward more adaptive,
scalable, and context-aware vision-enabled loT systems.

Table 4. Aggregated Quality Assessment Across Included Studies

Most studies clearly report system
High (15), Moderate (9), Limited (0)  design, sensing pipeline, and evaluation
workflow
Experimental validation is commonly
Validation High (18), Moderate (6), Limited (0)  conducted using real-world or
simulated deployments
Reproducibility varies due to dataset
Reproducibility  High (8), Moderate (10), Limited (6)  accessibility and system-specific
implementations

Methodological
Clarity

Table 4 summarizes the quality assessment across the 24 included studies by aggregating
methodological dimensions into a concise and traceable format. The evaluation is grounded in the
reported clarity of system design, the presence of experimental validation, and the availability of
implementation details in each study. Overall, the studies demonstrate strong methodological clarity
and consistent validation, indicating a high level of technical maturity in AloT vision systems.
However, reproducibility appears more constrained in several cases, as some implementations rely
on proprietary datasets or context-specific configurations, which may limit broader applicability
across different environments.

Thematic Findings

Table 5 presents a synthesis of recurring patterns identified across the 24 included studies,
linking application domains, vision tasks, Al methods, computing architectures, and multimodal
sensing into a coherent analytical structure. Guided by the research questions and the sensing
evolution framework, this synthesis highlights five interrelated themes that consistently appear
across the reviewed studies. These themes provide a structured basis for interpreting how vision-
enabled AloT systems are designed and deployed in practice. The patterns observed are not isolated
cases but reflect repeatable configurations across different contexts, indicating a stable empirical
foundation for the analysis.

Table 5. Thematic Synthesis of AloT Vision Systems

Application  AloT vision systems are deployed across Vision sensing is broadly
Domains manufacturing, agriculture, infrastructure, surveillance, applicable across diverse
and assistive environments, with strong presence in intelligent environments

industrial inspection and smart farming contexts
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Vision Systems consistently perform detection, classification,  Vision tasks constitute

Tasks segmentation, recognition, and activity analysis, the functional backbone
reflecting layered perception capabilities from feature  of AloT perception
extraction to semantic interpretation pipelines

Al Methods Deep learning approaches such as CNN, YOLO, U-Net, Hybrid Al approaches
and GAN dominate, often combined with classical balance accuracy and
image processing for efficiency and robustness deployability in real-

world systems

Architec- Distributed architectures including edge-only, edge- Edge intelligence is a key

tures cloud, and device-edge-cloud pipelines are widely enabler of real-time AloT
adopted to support real-time processing and scalability  vision systems

Multimodal Integration of vision with environmental sensors, WSN,  Multimodal sensing

Sensing or motion sensing improves contextual awareness and  enhances reliability and

system robustness

supports richer

environmental
understanding

Application Domains of AloT Vision Systems

As summarized in Table 5, AloT vision systems are deployed across a wide range of domains,
with a strong concentration in industrial and environmental contexts where visual sensing directly
supports monitoring and decision-making (Nguyen et al., 2024; Silva et al., 2025; J. Zhang et al.,
2022). Smart manufacturing dominates, particularly for defect detection, quality inspection, and
automated control processes. Smart agriculture also appears consistently, with systems leveraging
image-based analysis for crop monitoring and disease identification. Infrastructure monitoring and
surveillance extend these capabilities into safety and urban contexts, enabling structural
assessment and activity tracking. Additional applications, including assistive systems and sports
analytics, further demonstrate the adaptability of vision-enabled AloT across heterogeneous
environments.

Across these domains, a common pattern emerges in how visual sensing enhances situational
awareness and operational efficiency. Rather than acting as standalone solutions, vision systems are
typically embedded within broader |oT ecosystems that support continuous monitoring and
automated responses. The diversity of application contexts indicates that vision sensing is no longer
confined to specialized domains but is becoming a general-purpose capability within intelligent
systems. At the same time, domain-specific requirements still shape system design, particularly in
terms of data characteristics and performance constraints. This balance between general
applicability and contextual adaptation reflects the evolving maturity of AloT systems. Overall,
application diversity reinforces the role of visual perception as a foundational component of
intelligent environments.

Vision Tasks in AloT Systems

As reflected in Table 5, vision tasks in AloT systems form a layered pipeline that progresses
from basic detection to higher-level semantic understanding (Jia & Wang, 2022; Li et al., 2022).
Object detection is the most prevalent function, supporting industrial inspection, traffic monitoring,
and agricultural analysis. Image classification complements detection by assigning semantic labels
to visual patterns, often used in disease identification and environmental assessment. Recognition
tasks extend this capability by identifying specific entities, which is critical in surveillance and
inventory tracking scenarios. In parallel, segmentation techniques enable precise localization of
defects or structural features, particularly in manufacturing contexts. Together, these tasks illustrate
how visual perception evolves from pixel-level analysis to structured scene interpretation. Emerging
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‘work on facial expression recognition further extends this capability by enabling lsystems to infer
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human affective states, although real-world deployment remains constrained by dataset variability,
domain shifts, and environmental conditions (Abdullahu et al., 2025).

Beyond core tasks, several studies incorporate activity recognition and motion analysis to
capture temporal dynamics in video streams (Sun & Lin, 2022; Yu, 2022). These capabilities are
essential in applications such as behavior monitoring, sports analytics, and safety surveillance.
Visual measurement and feature extraction further support quantitative analysis, including surface
estimation and displacement tracking. Notably, systems rarely rely on a single task; instead, multiple
functions are combined to enhance interpretability and decision support. This integration reflects a
shift toward holistic perception pipelines rather than isolated image processing modules. Overall,
the task composition demonstrates how AloT systems leverage complementary vision functions to
enable reliable and context-aware monitoring.

Artificial Intelligence Methods Supporting Vision Sensing

The synthesis in Table 5 shows that Al methods are selected according to task demands and
deployment constraints, with deep learning dominating most implementations (Chen et al., 2021;
Kia & Leiding, 2025). Convolutional neural networks are widely adopted for classification and feature
extraction due to their strong representational capacity. YOLO-based models are frequently used for
real-time detection, especially in surveillance and industrial scenarios where latency is critical. U-Net
architectures support fine-grained segmentation tasks that require precise localization, while GANs
are applied for augmentation and defect-focused learning. These approaches collectively enable
robust interpretation of complex visual data.At the same time, classical computer vision techniques
remain relevant, particularly for preprocessing, feature engineering, and lightweight deployments. In
several studies, traditional methods are combined with learning-based models to improve efficiency
and stability. This hybrid strategy allows systems to balance accuracy with computational
constraints, especially on edge devices. Model selection is therefore not purely performance-driven
but also influenced by hardware limitations and real-time requirements. Such pragmatic
combinations indicate a maturation of AloT design practices. Overall, the methodological landscape
reflects a convergence of deep learning and classical techniques to support deployable vision
systems. In this context, lightweight and hybrid models are increasingly explored for facial
expression recognition on edge devices, where computational constraints and privacy
considerations require efficient and adaptive architectures (Elordi et al., 2021).

Edge-Cloud Computing Architectures

As indicated in Table 5, AloT vision systems increasingly rely on distributed architectures to
manage computational load and latency (Nguyen et al., 2024). Edge-only configurations perform
inference near the data source, enabling rapid response and reducing bandwidth usage. This
approach is particularly effective for time-sensitive applications such as industrial inspection and
traffic monitoring. However, edge resources are limited, which constrains model complexity and
long-term analytics. To address this, many systems adopt hybrid designs that distribute processing
between edge devices and cloud platforms.

Edge-cloud architectures allow preliminary analysis at the edge while delegating intensive
computation and storage to the cloud. More advanced deployments implement device-edge-cloud
pipelines, where data flows across multiple layers for staged processing. This structure supports
scalability and facilitates integration with broader |oT ecosystems. The choice of architecture is often
driven by application requirements, including latency, data volume, and system complexity. Across
studies, a clear trend emerges toward flexible and adaptive computing models. These configurations
enable real-time analytics while maintaining system scalability and robustness. However, deploying
deep learning models at the edge remains challenging due to constraints in computation, memory,
and energy, requiring optimization strategies such as pruning, quantization, and hardware-aware
design.
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Multimodal Sensing Integration

Consistent with Table 5, multimodal sensing is widely adopted to overcome the limitations of
single-modality perception and improve robustness (Hudda et al., 2024; Nguyen et al., 2024; Ross et
al., 2020; Sun & Lin, 2022). Many systems combine visual data with environmental measurements
such as temperature or humidity, enabling richer contextual interpretation. Integration with wireless
sensor networks further supports distributed monitoring and cross-validation of observations.
These configurations allow systems to capture complementary aspects of the environment, which
enhances reliability under dynamic conditions.

In addition, some studies integrate vision with motion or structural sensors to jointly analyze
visual patterns and physical signals. This approach is particularly relevant in infrastructure
monitoring and assistive technologies, where multiple data sources improve situational awareness.
Multimodal fusion is typically implemented through data-level or feature-level integration,
depending on system design. While effective, these approaches often remain loosely coupled rather
than fully unified. This indicates an opportunity for more cohesive perception frameworks that
jointly model heterogeneous data. Overall, multimodal sensing emerges as a critical component of
robust and context-aware AloT systems. Recent studies also indicate that integrating visual data with
contextual or physiological signals can improve facial expression recognition performance,
particularly in dynamic and real-world AloT environments (Yoon & Kim, 2025).

Taken together, the thematic patterns discussed above indicate a broader shift in how sensing
is conceptualized within AloT systems. Rather than isolated developments, these themes collectively
reflect an evolution toward more integrated and perception-driven architectures. This progression
can be more clearly understood through a conceptual representation of sensing modalities, as
illustrated in Figure 2.

8 Sensor-Based IoT Monitoring Vision-Enabled loT Sensing O(g Multimodal loT Perception Perception-Centric AloT Systems

Meaning: raw sensing Meaning: visual sensing Meaning: data fusion Meaning: Al interpretation
and decision intelligence
Numerical sensing from N Camera-based sensing with > Integration of sensor signals > Edge and cloud Al analytics for
physical sensors computer vision and visual data intelligent decision making
Examples: temperature, Examples: object detection, Examples: sensor—vision fusion, Examples: anomaly detection,
vibration, pressure image classification, contextual monitoring predictive monitoring,
scene recognition defect classification

Integration of sensing, perception, and Al analytics in modern IoT architectures
Figure 2. Conceptual Evolution of Sensing Modalities

Figure 2 illustrates a staged transition from sensor-based monitoring toward perception-
centric AloT systems, emphasizing how sensing capabilities evolve from numerical data acquisition
to integrated perception and decision intelligence. The early stage relies on structured sensor data
for basic monitoring tasks, while the introduction of vision-enabled sensing expands system
capability to interpret spatial and contextual information. As systems integrate multiple data
sources, multimodal sensing enables more robust and context-aware analysis by combining
complementary modalities. The final stage highlights perception-centric AloT, where edge
intelligence and Al models support real-time interpretation and autonomous decision making. This
progression reflects a shift from passive sensing toward active understanding of environments.
Overall, the figure captures how sensing, perception, and intelligence become increasingly
interconnected in modern AloT systems.

Discussion
Compared with previous reviews on loT and AloT systems, which often focus on either sensor
networks, communication architectures, or specific computer vision applications, This study offers a
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more integrated perspective by examining the evolution of sensing modalities across domains.
While earlier reviews typically analyze technological components in isolation, the present review
highlights the convergence of sensing, perception, and distributed intelligence. This integrative
perspective allows for a more comprehensive understanding of how AloT systems evolve toward
perception-centric architectures.

The results synthesized in Table 5 reveal several important gaps that emerge consistently
across the reviewed studies. First, although multimodal sensing is increasingly adopted, many
systems still process visual and non-visual data in parallel rather than within fully integrated
perception pipelines. This indicates a gap in unified data fusion strategies that can jointly interpret
heterogeneous inputs. Second, scalability remains a critical challenge, as vision-based IoT systems
generate large volumes of data that demand substantial computational and communication
resources. Third, most implementations remain domain-specific, with limited evidence of
generalized perception architectures that can be transferred across application contexts. These gaps
indicate that the transition toward fully perception-centric AloT systems is still evolving rather than
complete.

These findings provide several important implications for both research and practice. From a
technological perspective, the dominance of deep learning methods and edge-based architectures
suggests a clear shift toward real-time, distributed intelligence in 10T environments. Vision-based
sensing can enable systems to move beyond simple monitoring toward contextual understanding,
which is essential for intelligent decision making. At the same time, the consistent integration of
multimodal sensing highlights the need for combining complementary data sources to improve
robustness and reliability. For practitioners, these results suggest that effective AloT system design
should prioritize edge intelligence, scalable architectures, and multimodal integration rather than
relying on single-modality sensing approaches.

From a theoretical perspective, this review contributes to the understanding of AloT systems
by conceptualizing sensing as an evolving paradigm rather than a static component. The proposed
framework highlights how perception emerges from the integration of sensing modalities, artificial
intelligence, and distributed computing. This perspective extends existing loT models by
incorporating perception as a core layer that bridges data acquisition and intelligent decision
making. From a practical perspective, the findings suggest that effective AloT system design should
prioritize edge-enabled architectures, lightweight Al models, and multimodal data integration to
ensure scalability and real-time performance. Practitioners should also consider dataset diversity
and deployment conditions when developing AloT applications, as model performance is highly
sensitive to environmental variability, particularly in facial expression recognition tasks where data
variability affects model performance (Utami et al., 2022a). These considerations are particularly
important in real-world deployments where system robustness and adaptability are critical.

Despite these contributions, several limitations should be considered when interpreting the
results. The review relied on a single database, which may limit the coverage of relevant studies. In
addition, only English-language publications were included, potentially introducing language bias.
The included studies also exhibit heterogeneity in datasets, experimental setups, and evaluation
metrics, which constrains direct comparison across studies. These limitations indicate that the
findings should be interpreted as indicative patterns rather than definitive generalizations. In
addition to the identified technological gaps, several methodological limitations are evident across
the reviewed studies. First, there is a lack of standardized evaluation protocols, making it difficult to
compare performance across different AloT vision systems. Second, many studies rely on domain-
specific or proprietary datasets, which introduces dataset bias and limits generalizability. Third,
benchmark datasets for integrated multimodal AloT perception remain scarce, hindering
reproducible research and cross-study validation. These limitations indicate the need for more
standardized experimental frameworks and publicly available datasets to support robust and
comparable evaluation of AloT systems.
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Building on these limitations and identified gaps, several future research directions emerge.
Developing lightweight deep learning models suitable for edge deployment remains a key priority,
particularly for real-time applications in resource-constrained environments. Further work is also
needed to design robust multimodal sensing frameworks that can effectively integrate visual and
non-visual data within unified perception pipelines. In addition, future AloT systems should explore
more advanced architectures that combine edge intelligence, cloud coordination, and collaborative
learning mechanisms. Another important direction involves the development of domain-specific
datasets and algorithms for advanced perception tasks, such as facial expression recognition, which
require high-quality annotated data and robust models capable of handling real-world variability.
Current studies in the dataset rarely address standardized datasets or cross-domain generalization,
indicating an opportunity for more structured data curation and benchmarking strategies. Such
developments may support scalable and adaptive perception systems capable of operating across
diverse and dynamic environments. In particular, advancing facial expression recognition in AloT
requires more representative datasets, robust cross-domain generalization, and edge-optimized
models that can operate reliably under real-world constraints such as occlusion, lighting variation,
and hardware heterogeneity.

CONCLUSION AND SUGGESTIONS

Conclusion

This systematic review synthesizes evidence from 24 empirical studies to examine the
evolution of sensing modalities in AloT systems, with a particular focus on vision-based sensing. The
findings show that AloT vision systems have been increasingly implemented across domains such as
manufacturing, agriculture, infrastructure, surveillance, and assistive technologies. These systems
consistently rely on a combination of computer vision tasks, including detection, classification,
segmentation, and activity recognition, supported by deep learning methods and distributed
computing architectures. The results also indicate that edge-based and hybrid edge-cloud systems
are becoming the dominant deployment paradigm, enabling real-time processing while maintaining
scalability. In addition, multimodal sensing emerges as a critical strategy for improving robustness
and contextual understanding by integrating visual data with complementary sensor inputs. Taken
together, these findings demonstrate how AloT systems are transitioning from isolated sensing
toward integrated perception capabilities.

Beyond empirical synthesis, this review highlights a clear technological shift from traditional
sensor-based monitoring to perception-centric AloT systems. Vision-enabled sensing plays a central
role in this transition by enabling systems to interpret spatial and contextual information rather
than relying solely on numerical data. The integration of artificial intelligence, edge computing, and
multimodal sensing further supports this evolution toward intelligent perception and autonomous
decision making. The findings also indicate early developments toward higher-level perception
tasks, including affective computing such as facial expression recognition, although these remain
limited by dataset availability and generalization challenges. This progression underscores the need
for AloT systems that are not only capable of sensing environments but also of understanding and
responding to complex real-world conditions.

Suggestions

Based on the synthesized findings, several practical recommendations can be proposed for
researchers and system developers. First, future AloT vision systems should prioritize edge-oriented
architectures combined with lightweight deep learning models to enable real-time processing under
resource constraints. Second, system design should move beyond single-modality sensing by
incorporating multimodal data fusion strategies that integrate visual, environmental, and contextual
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|nformat|on to |mprove reI|ab|I|ty and robustness. Th|rd researchers are encouraged to develop
standardized and representative datasets that reflect real-world deployment conditions, particularly
for advanced perception tasks such as facial expression recognition and human-centered
monitoring. Finally, the design of AloT systems should emphasize scalable and adaptive
architectures that support cross-domain applicability, enabling intelligent monitoring systems to
operate effectively across diverse environments such as smart farming, smart infrastructure, and
human-centric applications.
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