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Abstract

Automated quality assurance is gaining popularity across application areas; however,
automatization for monitoring and control of product quality in waste processing is still in
its infancy. At the same time, research on this topic is scattered, limiting efficient implemen-
tation of already developed strategies and technologies across research and application
areas. To this end, the current work describes a scoping review conducted to system-
atically map available sensor-based quality assurance technologies and research based
on the PRISMA-ScR framework. Additionally, the current state of research and poten-
tial automatization strategies are described in the context of construction and demolition
waste processing. The results show 31 different sensor types extracted from a collection of
364 works, which have varied popularity depending on the application. However, visual
imaging and spectroscopy sensors in particular seem to be popular overall. Only five works
describing quality control system implementation were found, of which three describe
varying manufacturing applications. Most works found describe proof-of-concept quality
prediction systems on a laboratory scale. Compared to other application areas, works
regarding construction and demolition waste processing indicate that the area seems to be
especially behind in terms of implementing visual imaging at higher technology readiness
levels. Moreover, given the importance of reliable and detailed data on material quality
to transform the construction sector into a sustainable one, future research on quality
monitoring and control systems could therefore focus on the implementation on higher
technology readiness levels and the inclusion of detailed descriptions on how these systems
have been verified.

Keywords: sensor-based; quality assurance; quality control; quality monitoring; quality
prediction; waste processing; primary production; secondary production; recycling

1. Introduction
As with primary material production chains, automated quality assurance is gaining

popularity in the processing of secondary material streams [1]. In the case of waste pro-
cessing, sensors have proven to be an essential technology when it comes to sorting [1–3],
among other things, to provide pre-concentrates with high purity and thus ensure high-
quality input for further process steps [4,5]. However, automatization for monitoring and
control of product quality in processing streams is still in its infancy when it comes to
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waste processing [1,6]. For instance, in the area of construction and demolition waste
(CDW) processing, the current state of the art for the analysis of mechanical properties
of a processed material is manual sampling with a subsequent manual sieve analysis [7].
One possible reason for the lack of automatization for product quality monitoring and
control is the general complexity of waste material streams, for instance, in terms of mate-
rial heterogeneity [2,7–9], occlusion of particles [7,10–12], rough environments [7,9], and
profitability [9,13]. In particular, intricacies, such as the high throughput of bulk mate-
rial streams with high particle size and shape variations, large vibrations present in and
around processing machines, large amounts of dust, and general weather influences such
as heavy rain and sunshine, hinder straightforward implementation of sensor technology
or advanced recycling in a more general sense [6,14]. Moreover, the high share of invisible
particles due to bulk forming, together with high variances in the material stream com-
position and the wide variety of material types even within a single plant, complicates
the processing of sensor data and subsequent determination or close approximation of the
material quality [15]. So, where processing of other waste types, such as post-consumer
packaging, deals with only a share of these difficulties—which already pose significant lim-
itations to be overcome [16,17], CDW processing entails almost all central limiting factors
for sensor technology simultaneously. What is more, multiple works and reports highlight
the severe economic constraints that limit the development and testing of complex, state-
of-the-art sensors that are suitable for implementation in rough environments and that
can provide high-grade data at the same time [18–20]. For instance, Bayram et al. recently
conducted a real case study to analyze the economical implications of advanced recycling
of CDW using a life cycle costing approach and found that even with highly selective
demolition, advanced recycling for the production of aggregates with higher quality is less
cost-effective compared to conventional recycling [6]. This implicates a severe limitation
for CDW processing companies to invest in advanced technologies for the production of
high-quality recycled aggregates and thus also limits implementability of recyclable CDW
material in high-grade recycling applications.

1.1. Relevance of Sensor-Based Quality Assurance in CDW Processing

Despite the aforementioned difficulties, innovations regarding automated quality
monitoring and control in this area are important in reaching higher recycling rates for
high-quality applications, such as building construction. More specifically, the large amount
of yearly CDW combined with its high untapped potential—a recent study by the World
Wide Fund for Nature describes a possible reduction of 60 megatons of CO2 equivalents,
66 megatons of resources, and one hectare of land use in Germany alone [21]—provides
good reason for the development of automatization strategies for quality monitoring and
control. What is more, a recent report on the potential and existing factors that limit
sustainability in the construction sector identifies mandatory recycling rates and material
specifications and digital infrastructure and transparency as two of eight main fields of
action needed in order to create a sustainable transformation in the German construction
sector [22]. To this end, automated quality monitoring and control systems would be
an important part of the solution, as these systems could provide detailed information
on the material specifications of the entire material stream being processed at a facility,
could provide increased transparency with this information (for instance in the form of
data about material quality in a digital product pass), may increase trust in using the
secondary instead of a primary raw material, and could boost the development of an
established digital infrastructure [19,22]. Similar conclusions are also drawn Europe-wide
by the European Commission [23]. Likewise, given decreasing trends in road construction
demands in Germany, where recycled aggregates are relatively often used, together with
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an increase in building constructions that are reaching the end of their life, it is now even
more crucial to reduce environmental impacts by substitution of primary components
with RC aggregates [24–31]. This can only be performed with high-quality aggregates, for
which sensor-based quality assurance appears to be an important technology in increasing
transparency regarding the true quality of (semi-)processed material on the one hand
and in improving the quality by automatic optimization of the process on the other [7].
Additionally, if more detailed information on the material’s quality were available, this
could lead to a clearer distinction between higher- and lower-grade material prices or could
even be the basis for dynamic pricing, which could incentivize the use of recycled material
instead of primary aggregates [6,18].

1.2. Related Work

To the authors’ knowledge, to this day, no overview of existing sensor-based quality
assurance technologies across multiple research and application areas, regarding both raw
and post-consumer material streams, has been provided. For instance, ref. [32] focuses only
on one type of sensor and a single material stream. A similar constraint is used by [33],
where the focus is on hyperspectral imaging (HSI) sensors for anaerobic digestion. On
the other hand, refs. [34,35] describe a multitude of sensors but restrict their work to food
products, and the extensive review by Kroell et al. is constrained to only include optical
sensors in the context of mechanical recycling [1]. So, research across the different research
areas—regarding both primary and post-consumer chains of production—is scattered,
which limits the ability for less advanced areas to adapt established technologies found in
more advanced areas in order to foster efficient innovation [36,37].

1.3. Aim and Research Question

Since the current scatteredness of existing research regarding sensor-based quality
assurance hinders less advanced areas in efficiently adapting and developing such technolo-
gies, this work aims to systematically map available research and technologies regarding
sensor-based quality assurance. Additionally, the current state of research and potential
automatization strategies are described in the context of construction and demolition waste
processing, as this waste stream contains a combination of complexities that are only
present in part in other waste streams. To do so, an additional goal of this work is to
describe a clear and holistic definition of the different terms and synonyms around quality
assurance in the various chain of production phases given that the current use of terms is
inconsistent or limited to a single production process or material stream [1,38]. With the
proposed definitions, a generalizable conceptualization of common terms is provided to
remove ambiguity when using these terms. Similarly, as the focus is on automated analysis,
the same should be undertaken for the terms relating to the time span of analysis, which
are often applied with inconsistent definitions [39]. The main research question is therefore
defined as follows: What is the current state of research regarding sensor-based quality assurance
technologies developed for automatic quality control and monitoring applications in construction
and demolition waste processing compared to other application areas across the chain of production?

In the following, in Section 2, first, the systematic reviewing method used is described,
after which the central concepts are defined (Section 2.1) and the corresponding search
strategy is specified (Section 2.2). In the last part of the Materials and Methods Section, the
conducted classification procedure is detailed (Section 2.3), which forms the basis for the
overview of the existing research and technologies presented in this work. Subsequently, in
Section 3, the results of the search and selection procedure and conducted analyses on the
final collection of works are described. Corresponding interpretations and conclusions are
presented in the last chapter, Section 4.
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2. Materials and Methods
To achieve the goal of systematically mapping existing research of inline and online

sensor-based approaches for quality assurance in pre- and post-consumer chains of pro-
duction in a holistic and generalizable manner, a scoping review was conducted. Scoping
reviews can embed multiple goals, as described by [40]. That is, a scoping review is a
suitable method when it is used for the following: (1) to map and evaluate the current state
of knowledge on a predefined topic; (2) to clarify central concepts; (3) to investigate applied
research methods with respect to a certain topic; (4) to identify the main characteristics re-
lated to a predefined concept; (5) to map imperative knowledge as a precursor to systematic
reviews; or (6) to identify and analyze knowledge gaps. This indicates that scoping reviews
are focused on answering the type of research questions that focus on the identification of
characteristics, factors, or fundamental concepts by mapping, reporting, and evaluating
these aspects [40]. Accordingly, this type of systematic review mainly differs from the
traditional systematic literature review in the sense of a broadened scope [40]. To conduct
the scoping review method in a valid way, the Preferred Reporting Items for Systematic
reviews and Meta-Analyses extension for Scoping Reviews (PRISMA-ScR) was used as the
methodological framework [41,42].

2.1. Definition of Central Concepts

Different related but by no means identical terms regarding aspects of quality assur-
ance have been used interchangeably across the literature. As such, as part of the scope
identification during the scoping review process, one of the goals was to provide a clear
and generalizable conceptualization of frequently used terms and remove ambiguity when
implementing these terms. The term quality assurance is appointed as the overarching
concept, embedding all other quality-related terms as used in the different production-
process-related research works. Herein, quality assurance is defined as actions taken to
ensure products are as good as they should be. Within quality assurance, quality monitoring,
quality control, and quality prediction or estimation take place, which intersect and whose
definitions are based—albeit generalized to fit a broader scope—on [1]: embedded in both
quality monitoring and quality control is the concept of quality evaluation or assessment,
whereas quality analysis or inspection is at the core of all three subsets of quality assur-
ance. Quality monitoring is defined as the passive real-time supervision of product quality,
where usually some quality norm is present to which the acquired data are compared.
For instance, a monitoring system can accumulate the share of contaminants detected
in a waste processing stream to give an indication of the quality of that material stream,
which in turn can be compared (either by the system or manually) to required purity levels.
Conversely, quality control is defined as the active supervision and regulation of product
quality. That is, where a quality monitoring system merely oversees what the quality of a
product is, quality control systems use these findings to actively adjust the product and
its quality. An example of quality control is the control of a printing head during additive
manufacturing based on occurrences of over- or underfilling in the object being printed
to optimize the object’s quality. Finally, quality prediction or estimation is the sole act of
using available sensor information to make assumptions on the respective product’s quality.
This especially regards using collected data for (offline) model training, for instance, to
assess if a certain model is suitable for predicting a particular quality indicator or making
quality predictions into the future. The latter is, for example, frequently used in waste
water treatment plants to forecast influent and effluent parameters of the water. Using these
conceptualizations, the three main quality assessment subcategories can be hierarchically
ordered: quality control is positioned at the highest level, as this requires both quality
monitoring and quality prediction when implemented in practice. A monitoring system,
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in turn, also requires the prediction of a product’s quality based on the analyzed quality
indicator. Quality prediction regards some kind of forecast or prognosis on the quality of a
product, without comparing this value to a defined norm. Lastly, where quality evaluation
or assessment explicitly judges the available evidence, quality analysis or inspection only
regards an examination or determination of the product’s quality without comparing it to a
specified standard. An overview of the different concepts and their overlap can be seen in
Figure 1.

Figure 1. Conceptualization of the different quality-related terms.

Moreover, another set of terms that come with different definitions comprises concepts
related to the time span of analysis: inline, online, atline, and offline. A summary of the
differences between these concepts on which the definitions are based is presented in
Table 1. Following the definition by Kessler, inline and online differ from atline and offline
in the time in which the respective information is obtained. That is, inline and online
approaches have information acquisition rates that are faster than the time in which process
or material properties change [39,43]. Consequently, offline analysis is defined as sampling
and transport to a device, usually in a central laboratory, for measurement. Atline,on
the other hand, regards either manual or (semi-)automatic sampling and measurement
with a device near the production process. Online analysis, however, allows continuous
correlation between acquired information and process or product characteristics. With
online analysis, usually, a bypass is used in which the bypassed sample is measured
instantly and the measurements are acquired, evaluated, and sent to a central system
(e.g., a central computer or process control system). The time this takes should, however,
always be shorter than the time it takes for the product characteristics to change. The
main difference between online and inline analysis is that where online analysis contains
a bypass, an inline analysis system is directly integrated in the product stream, allowing
instant information acquisition on product characteristics in the product or production
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process stream. According to Kessler, inline analysis can also be replaced with the term in
situ analysis [39].

Table 1. Comparative overview of the concepts and definitions related to the time span of analysis.

Inline/Online Atline/Offline

Acquisition
rate

Faster than change in process or
material properties

Slower than change in process or
material properties

Measurement
location

In the material stream/in a bypass
of the material stream

Near the production process/at a
central location away from the
production process

Sensor data
processing

Processing and analysis happen
directly or have potential to
instantly output results

No potential for direct processing
and analysis of sensor data

Important to note is, however, that the definitions described by Kessler have been
developed in the context of chemical analysis, which neglects the nuance in time duration
between sensors collecting information and the use of a computational model to perform
the actual analysis. For instance, a sensor can be placed directly in the process stream, taking
RGB images of the complete stream and sending these to a central computer where the data
are subsequently stored in a database. The sensor as such operates inline. The collected
data may, however, be implemented in a data processing and analysis pipeline months
after the material passed by the sensor. Depending on the interpretation of “obtained
information”, this could be either in- or online or atline—or even offline, if the analysis
is conducted far from the process stream. To clear this ambiguity, we define approaches
according to the gathering of the (raw) data using the sensors and potential for direct
analysis. That is, if a work develops a lab-scale version of a particular (production) process
and uses sensors to directly collect data from this process stream in order to develop a
model for subsequent analysis—which could in turn straightforwardly be implemented to
instantly output analysis results when added to the sensor-based data acquisition pipeline,
it is considered in- or online.

A third conceptualization required for allowing a clear definition of the scope regards
the chain of production. Theory on production chains is generally not optimized for both
primary and secondary (raw) material streams [44,45]; however, product streams with a
mix of primary and secondary raw materials are becoming more established [45]. In recent
years, the Department of Anthropogenic Material Cycles developed a general model de-
scribing the different phases from raw material extraction to consumption and subsequent
recycling back into production. Depending on the focus, this model can be specified to a
single material stream but can also be used to present the different R-strategies or certain
perspectives, such as the waste management or production perspective. The model is,
for instance, used in [46] as a basis for the assessment of metal life cycles and was most
recently presented on the Berliner Konferenz Metallkreisläufe [Berlin Conference for Metal
Life Cycles] [47]. For this work, the model is slightly adapted: first, an additional division
into exhaustive and non-exhaustive raw material extraction is made, where exhaustive
refers to non-renewable resource removal from the earth and non-exhaustive to extraction
of renewable sources from the earth, like farming. Second, raw material production and
processing into end product are clustered into the overarching concept production and
processing, as the focus is not so much on the specific steps of pre-consumer production
and processing but on the division between pre- and post-consumer phases. The adapted
version of this framework can be found in Figure 2, where the green icons are the phases
taken into account in this work. Accordingly, the gray icons refer to the parts that were
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not considered, mainly because the implementation of (semi-)static sensor technology for
quality assurance is not directly applicable in these phases.

Figure 2. Adapted framework chain of production phases used by the Department of Anthropogenic
Material Cycles (e.g., [46,47]). Green: considered; gray: out-of-scope.

Finally, to categorize the works according to technological maturity of the described
system, the standardized technology readiness level (TRL) framework from the European
Commission is used. In this framework, nine phases are defined, ranging from a technology
at the start of its development (1) to a technology being commercially ready (9). Levels
1 to 3 are sometimes described as the discovery phase, levels 4 to 6 as the subsequent
development phase, levels 7 and 8 as the demonstration phase, and the last—level 9—as
the deployment phase. More specifically, level 1 covers fundamental research regarding
basic principles, level 2 focuses on the formulation of the technological concept and level 3
refers to the existence of an experimental proof of concept. Then, level 4 regards successful
technological validation in the lab, whereas levels 5 and 6 regard validation and demonstra-
tion in a relevant (industrial) environment, respectively. TRL 7 is the subsequent system
prototype demonstration in the full-scale operational environment, and TRL 8 means the
system is complete and qualified for deployment. As previously described, level 9 regards
commercial deployment [48,49].

2.2. Search Strategy

As the scope of this review is automated quality assurance, only inline and online
(sensor-based) analysis approaches are considered. For the same reason, as indicated in
Section 2.1 and in Figure 2, the scope is constrained to only include resource extraction,
raw material production, raw material processing into end products, and post-consumer
sorting and processing. A further constraint is defined for the type of sensors: in this
work, only wired sensors are considered, as the complexity of quality assurance problems—
especially in the case of (construction and demolition) waste processing—requires stable,
robust, and well-performing sensor technology, which are aspects that are often not yet
met by wireless sensor applications [50,51]. Moreover, as automatization technology is
evolving rapidly [52], it was decided to focus on works from the past ten years, excluding
all works published before 2014. Furthermore, to allow in-depth examination of the applied
technologies and procedures, only book chapters and journal articles were included, thus
excluding reviews and conference publications due to their general lack of depth when
it comes to describing technological implementation. Additionally, many of the findings
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presented for conferences are later published in journal articles in an extended format with
the desired level of specificity.

Considering the lack of constraints on research and application area, the search process
was conducted as an iteratively optimized sequence of systematic steps based on the
intermediate findings. A first, intentionally broad search was conducted on three databases:
Scopus for its large repository, ACM for further specification of computer-science-related
works, and PubMed for further specification of works in the medical and biological domains.
For the second search, the same three databases were used for the same reasons. In this
search, additional focus was put on the waste management context, as this is the perspective
from which this work has been written. Moreover, this search query is closely related to
one of the search queries used by [1]. This is undertaken for two reasons: (1) to provide
an updated collection, and (2) to examine if a verified and specific search leads to relevant
works not found by the previous, more general search. Due to most publications already
being present in Scopus, for the third search, it was decided to use Scopus only. This last
search was based on the results and experiences from the first two searches and aimed to
include works previously excluded by combining the broadness of the first search with
the specificity of the second search. The first search was conducted on 25 March 2024, the
second on 1 April 2024, and the last on 30 June 2024. In Table 2, the three search queries as
applied in Scopus are presented.

Table 2. The conducted search queries, based on the syntax used in Scopus.

Search Number Search Query

1

TITLE (sensor AND quality OR monitoring) AND KEY (sensor
AND quality OR monitoring) AND LANGUAGE (english) AND
PUBYEAR > 2013 AND PUBYEAR < 2025 AND (LIMIT-TO
(DOCTYPE,“ar”) OR LIMIT-TO (DOCTYPE,“ch”))

2

TITLE-ABS-KEY (quality AND (product OR assess* OR analys*
OR control* OR monitor* OR assurance)) AND TITLE ((waste OR
recyc* OR recover* OR “post-consumer” OR “postindustrial”)
AND (sensor* OR *spectr* OR imag*)) AND PUBYEAR > 2013
AND PUBYEAR < 2025 AND (LIMIT-TO (DOCTYPE,“ar”) OR
LIMIT-TO (DOCTYPE,“ch”) AND (LIMIT-TO
(LANGUAGE,“English”))

3

TITLE-ABS-KEY (quality AND (product OR assess* OR analys*
OR assurance OR spectr* OR imag*)) AND TITLE (sensor* AND
NOT (“sensory” OR “sensorial”)) AND PUBYEAR > 2013 AND
PUBYEAR < 2025 AND (LIMIT-TO (DOCTYPE,“ar”) OR
LIMIT-TO (DOCTYPE,“re”) OR LIMIT-TO (DOCTYPE,“ch”) )
AND (LIMIT-TO (LANGUAGE,“English”))

During the filtering process, mainly because of the wide scope in terms of research and
application areas, a conservative approach was used, where each step was conducted two
or three times, filtering out only those works that clearly did not meet the requirements.
This allowed us to get to know the various concepts, perspectives, and implications from
works across the different areas and therewith improve the judgment of a work’s relevance.

More specifically, the following steps were taken to acquire the final body of works
analyzed in this review. First, a general cleaning procedure was conducted to remove
duplicates across the three databases and to remove works that do not meet the general
requirements: being either a journal article or book chapter and being published after
2013. Moreover, retracted items were also removed in this step. Next, each work was
filtered based on its title. That is, works where removed if the title met one or more the
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following exclusion criteria: (1) clear indication of non-sensor-based research (e.g., works
investigating sensory responses of humans); (2) clear indication that the work does not
regard one of the four considered phases of the chain of production (e.g., home monitoring);
(3) clear indication that the work does not cover quality assurance technology in itself (e.g.,
works that investigate optimal positioning of wireless sensor networks); (4) clear indication
that the work covers wireless sensing only and does not use wired sensors.

A similar set of criteria was subsequently used for the abstract screening process.
Here, the criteria were extended to also exclude works that have a clear offline or atline
analysis procedure and have no explicit goal of developing an inline or online quality
assurance system.

For the content screening, first, all works meeting one or more of the aforementioned
exclusion criteria were discarded. Then, a more in-depth analysis of the described research
was conducted, discarding all works that do not meet the defined inclusion criteria: (1) at
least one (wired) sensor that records one or multiple aspects of the final product, final
product components, or input material is described; (2) the sensor should be recording these
aspects in an inline or online manner; (3) the goal of developing an inline or online quality
monitoring or quality control system is explicitly mentioned and is a viable subsequent step.

2.3. Classification Procedure

After collecting the final body of works, each work underwent in-depth analysis. The
findings were documented and organized for subsequent analysis. More specifically, next
to the general reference information, the sensor type, TRL, use of process sensors, use of
multiple sensors, use of AI, the covered quality assurance part, the research areas (as defined
by Scopus), the application area, the phase in the chain of production (based on the model
presented in Figure 2), the assessed quality indicators, and whether or not the sensor was
self-made were organized in a tabular format. The sensor type describes the general sensor
category, such as “VIS” or “temperature and thermography”. This categorization was
determined by iteratively defining and clustering the identified categories until a reasonable
number of categories with sufficient difference between categories was established. In this
work, less focus is on the technological functioning of the different sensor types. As such, in
Table 3, an overview of recommended works for each of the main sensor types is provided.

By using the TRL framework from the European Commission as described in
Section 2.1, it is possible to standardize the categorization of the technology implemen-
tation level across research and application areas, which eases subsequent comparison.
Here, quality prediction implementations are always considered to be in the lower range
of TRL—from TRL 2 up to TRL 5, depending on how the validation is conducted (e.g., in-
or online (higher TRL) or offline (lower TRL) and in a pilot plant (higher TRL) or with a
prerecorded laboratory data set (lower TRL))—as the overarching aim of each included
work is the development of an automatic quality monitoring or quality control system.
Consequently, quality monitoring and quality control implementations have a minimal
TRL of 4, as the in- or online approach of the entire system, including raw data processing
into an output describing one or more quality factors, is obligatory. Works that describe
such applications can be labeled with a maximum TRL of 9, again depending on the
implementation environment.
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Table 3. Overview of the sensor-type categories and recommended sources explaining these tech-
nologies in more detail.

Sensor Category Publications

VIS and optics [53–56]
IR spectroscopy [32,33,57–59]
Temperature and thermography [60]
Laser displacement [61]
Force, strain, and tactile [62,63]
Gas sensing [64]
Microwave [65]
Terahertz and ultrasonography [66,67]
Eddy current sensing [68]
Vibrometry and accelerometry [69,70]
Light intensity [55]
Capacitance [71]
Acoustic emission [72]
X-ray radiography and fluorescence [73,74]
Piezoelectric [75]
Biosensing [76,77]
Raman and UV spectroscopy [78,79]
Deflectometry [80,81]
Potentiometry [82]
Flow, turbidity, and permittivity [65,83,84]
Resistivity [85,86]
LIBS [87]
Humidity and moisture [88,89]
Magnetic sensing [90]

Next, the use of process sensors and the use of multiple sensors aim to give more context
to the exact implementation: the use of process sensors describes in a binary format (i.e.,
“yes” or “no”) whether one or more process sensors, such as for measuring the RPM of
a motorized machine, were used in addition to the material quality assurance sensor(s).
Similarly, the use of multiple sensors describes whether or not more than one sensor was
used as part of the quality assurance system. The additional sensors can be both process
or material quality assurance sensors. However, the variable assessed quality indicator only
regards those quality indicators that are directly or indirectly measured by the material
quality assurance sensors. This distinction is made to make clear which sensors have
were for quality assurance applications without losing the information on the setup of the
entire system. The use of AI and self-made sensor as the last two binary variables indicate
whether some form of AI—such as a deep learning model for quality prediction—or a
self-constructed sensor were implemented, respectively. The covered quality assurance
part categorizes the works in either “quality prediction”, “quality monitoring”, or “quality
control”, where the highest achieved assurance category (see Figure 1) is the assigned label.
Lastly, the application area describes the more practical application context, as opposed to
the research areas extracted from Scopus. The categories in application area were iteratively
defined by identifying each exact application and then clustering these into 16 categories.
An overview of all categories can be found in the Section 3, for instance, in Table 4. The
search process, including the resulting number of works, are visualized in Figure 3. Further
details on the review procedure can be found in the corresponding protocol, which was
published on the Open Science Framework platform [91]. The full overview of works with
according categorizations is provided in the Supplementary Materials.
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Figure 3. Resulting number of works for each step in the conducted selection procedure. * The
number of unique items retrieved from the three databases combined.

3. Results
The aforementioned search and selection procedure resulted in a final collection that

consists of 364 works. In total, 90% of these works were published in 2016 or later (see
Figure 4). The works cover 21 different research areas in 72 different constellations. The
most frequent research areas are engineering (243 works), physics and astronomy (124 works),
and computer science (109 works). However, there are only 20, 7, and 1 work(s), respectively,
that exclusively apply to one of these research areas. Additionally, 293 works have multiple
research areas or the research area multidisciplinary assigned. An overview of all sources,
organized per research area, can be found in Table 5. Note that one work can occur in
multiple rows, indicating that it applies to multiple research areas. The main goal of this
work is to identify and organize the different types of sensor technologies used for quality
control and quality monitoring systems across the different application areas, research
areas, and TRLs. To allow the distinguishing of certain trends, it is first important to identify
patterns regarding the quality assurance parts, TRLs, and production process parts.
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Table 4. Distribution of works across TRL, year, phase in chain of production, and application area.

TRL % Year % Phase in the Chain of
Production % Application Area %

2 2.5% 2014 4.1% Exhaustive resource extraction 2.7% Additive manufacturing 10.2%

3 69.8% 2015 6.3% Non-exhaustive resource
extraction 11.0% Ceramics manufacturing 1.4%

4 15.7% 2016 30.2% Production and processing 76.9% Concrete and cement production 3.3%

5 5.8% 2017 5.8% Post-consumer sorting and
processing 9.3% Electronics manufacturing 6.6%

6 3.3% 2018 7.4% - - Food production and harvesting 15.7%

7 2.5% 2019 10.7% - - Food storage 4.9%

8 0.3% 2020 10.7% - - Fuel and energy production 0.8%

9 0.3% 2021 9.9% - - Glass manufacturing 3.0%

- - 2022 12.6% - - Metals manufacturing 12.9%

- - 2023 17.3% - - Mining 2.5%

- - 2024 1.4% - - Miscellaneous 4.9%

- - 2025 1.4% - - Pharmaceutics and
biomanufacturing 5.8%

- - - - - - Plastics manufacturing 8.0%

- - - - - - Recycling 9.3%

- - - - - - Unspecified 1.4%

- - - - - - Welding 9.3%

Figure 4. Cumulative (CDF) and probability density functions (PDF) of works over time, indicating
that 90% of the works are from 2016 or later.
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In Figure 5a,c,d, it can be seen that quality prediction (assurance part), TRL 3 (i.e.,
experimental proof of concept), and production and processing (phase in the chain of
production) occur most frequently and all reach their highest point in 2023. Moreover,
even though it was expected that there would be an increase in TRL for the more recent
publications, this trend is not distinguishable in Figure 5c. Additionally, where quality
prediction mainly regards TRL 3, quality monitoring is more spread out across TRL 4 to 7
(see Figure 5b), which coincides with the given concept that a quality monitoring system
embeds enhanced complexity and requires real-time testing in a representative environment.

(a) (b)

(c) (d)
Figure 5. Heat maps visualizing co-occurrences of different aspects, where both size and color indicate
frequency in terms of the number of sources. A bigger size of the square and a green color indicate
a high number of sources. (a) Heat map of the number of sources per assurance type (QP: quality
prediction; QM: quality monitoring; QC: quality control) and year. (b) Heat map of the number of
sources per assurance type (QP: quality prediction; QM: quality monitoring; QC: quality control) and
technology readiness level (TRL). (c) Heat map of the number of sources per technology readiness
level (TRL) and year. (d) Heat map of the number of sources per phase in the chain of production (P
& P: production and processing; PCSP: post-consumer sorting and processing; non-exh. res. extr.:
non-exhaustive resource extraction; exh. res extr.: exhaustive resource extraction) and year.

In terms of presence across application areas, quality monitoring is relatively (i.e., by
proportion) most frequent in fuel and energy production application areas (see Figure 6a).
However, this includes merely two sources or 0.8% of the total body of works (see Table 4).
Similarly, mining has relatively many publications that regard quality monitoring but
covers only 2.5% of the total body of works altogether. When it comes to the absolute
number of sources, food production and harvesting contains the most quality monitoring-
and prediction-related publications, which is visualized in Figure 6b. What is more, Table 4
shows that this application area contains the highest number of works overall, covering
almost 16% of the complete body of works used in this scoping review. The second-largest
application area, metals manufacturing, also has the second-largest number of publications
regarding quality monitoring. However, this is not true for additive manufacturing, where
only 4 of its 37 works regard quality monitoring. Interestingly, the three most prominent
application areas also contain a publication that considers quality control.
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Table 5. Overview of the works, categorized by research area.

Research Area Publications

Agricultural and biological sciences [92–141]

Biochemistry, genetics, and molecular biology [108–117,142–192]

Business, management, and accounting [193–200]

Chemical engineering [114,115,118–121,142–144,179,180,201–220]

Chemistry [108–117,122–126,142–192,204–207,221–234]

Computer science [127–132,145–163,181–187,208–215,235–303]

Decision sciences [193–200,304]

Earth and planetary sciences [216,228,305,306]

Economics, econometrics, and finance [307–311]

Energy [216,217]

Engineering [114,115,118–121,133–137,142–163,168–173,179–187,193–
220,228,229,236–299,303,306,312–418]

Environmental science [116,121,126,138,174,175,179,188–190,205,217,307–311,332–
334,419–424]

Health professions [139–141]

Immunology and microbiology [115,117,139–141,143,144,180]

Materials science [142,206–215,219,220,229–231,281–287,300,334–374,424–433]

Mathematics [232,233,288–296,301,375]

Medicine [126,142,297,434]

Multidisciplinary [302,435–443]

Pharmacology, toxicology, and pharmaceutics [126,176–178,444–448]

Physics and astronomy [142,145–173,181–187,191,208–215,229,234,298,299,356–
416,418,430–434,449–455]

Social sciences [116,139–141,417]

(a) (b)

Figure 6. Bar chart of the relative and absolute distributions of works across application areas,
categorized by assurance part. The abbreviations “m.” and “p.” refer to manufacturing and
production, respectively. (a) Proportion of works per assurance part for each of the identified
application areas. (b) Number of works per assurance part for each of the identified application areas.
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3.1. Sensor Technology

After clustering, 31 different sensor types were distinguished, where VIS or visual
imaging (mostly industrial CCD or CMOS color cameras) and infrared spectroscopy (mostly
near-infrared sensors) are most prominent. However, laser displacement technology like
3D laser triangulation or profiling and thermography are also relatively frequently used.
That is, the former is used in 23 different works and the latter in 12 works, compared to
66 and 35 uses of VIS sensors and infrared spectroscopy, respectively. Where visual imaging
sensors are relatively often used in the context of welding and additive manufacturing,
infrared spectroscopy is a popular technology in both recycling and food production and
harvesting. That is, well over 21% of the works regarding welding use VIS sensors. Similarly,
for additive manufacturing applications, this value is almost 18%. When it comes to infrared
spectroscopy, this technology is used in over 34% of the food production and harvesting
works and nearly 27% in the context of recycling. Moreover, in Figure 7, it can be seen that
some sensors, like Eddy current sensors, magnetism-based sensors, light intensity sensors,
and piezoelectric sensors, are only used in production and processing applications.

Figure 7. Parallel categories plot where the connections in terms of phase in the chain of production
(PC: post-consumer; exh. res.: exhaustive resource; non-exh.res.: non-exhaustive resource) and sensor
type for each work are visualized. The size of each bar is based on the number of works, whereas the
color is added to distinguish between the different phases in the chain of production.

Furthermore, there are 117 works that implement multiple sensors. Most of these
works regard food production (57), metals manufacturing (47), and additive manufacturing
(37). More specifically, however, there are eight works where sensor fusion is explicitly
mentioned in the title, of which three are from a welding context. The remaining works
describe additive manufacturing applications (also three), food storage (one) or metals
manufacturing (one). For instance, Lee et al. use average current, average voltage, and
mixed gas flow data as well as RGB image data for determination of the welding bead qual-
ity. Besides higher performance, adding non-VIS-sensor data to complement the acquired
images also expands the information that can be extracted, allowing a more detailed weld
bead inspection, which was not possible when using these data separately [214].

3.2. Quality Control

There are five works that implement a quality control system, three of which achieve
TRL 5. The remaining works achieve TRL 7. Most of these five works are performed
in the context of some form of manufacturing, including metals manufacturing [277],
additive manufacturing [278], and biomanufacturing [445]. One work regards concrete and
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cement production [173] and is detailed in Section 3.3, and another describes a system for
timber harvesting, which is categorized under food production and harvesting [96]. The
distribution of quality control works is visualized in Figure 6.

Liu et al. use microscopy for defect detection during the additive manufacturing
process. More specifically, they aim to detect microscale filling defects like under- and
overfilling. This information is then forwarded to the control system linked to the cooler in
the printing head for parameter optimization and thus optimization of the printed object
quality [278]. They validate this system for one type of filament on a laboratory scale,
printing a limited set of test objects.

A different type of quality control system is implemented by Mikkelstrup et al., where
a welding robot is adjusted to scan the weld before and after quality optimization treatment
of the weld seam [277]. That is, a welded seam is analyzed for its quality, after which it is
treated accordingly and finally analyzed again in terms of quality. This is all performed
by the system implemented in the welding robot. A laser line scanner based on laser
triangulation generates a point cloud of the locations of the weld toes and corresponding
grooves, as these are indicative of a weld’s quality. Even though an industrial welding
robot is used, the system is verified on merely one type of material and one pair of plates
welded together, creating 25 straight seams of 50 mm per seam for verification.

In [445], a continuous blending and tableting process setup is developed on a labora-
tory scale to investigate the use of Raman probes for active pharmaceutical ingredient (API)
control, in this case caffeine concentration by adjustment of the feeder speed. That is, one
Raman probe is placed above the conveyor belt transporting the blended material to the
tableting machine and one probe is placed directly after the tableting machine. Both probes
provide real-time spectra from which both the caffeine concentration and speed for the
(caffeine) feeder are calculated. In total, 39 calibration samples with different concentrations
and constituents are used to gather baseline spectral data. The control system is verified
by utilizing the known caffeine contents and comparing the Raman data with an offline
reference method.

The work by Sandak et al. implements and tests a quality control system on a timber
processor head to analyze a variety of quality factors of timber logs and use this information
for subsequent processing steps like cutting instructions [96]. In this system, infrared
spectroscopy sensors, vibrometry sensors, and laser displacement sensors work together
to acquire four main quality factors. That is, using these sensors, defects and decay are
detected (spectroscopy), the stiffness (vibrometry) is estimated, and branches are located
(laser displacement). The authors describe difficulties in validating the system on an
industrial scale, mainly due to the lack of reference data.

3.3. State of Research in CDW Processing Compared to Mining and Concrete Production

To determine the current state of research regarding sensor-based quality monitoring
and control in CDW processing and identify potential for further research on acquiring
reliable and detailed data on material quality in this sector, a more in-depth analysis was
conducted. These results will be highlighted in the following. Moreover, to set the results
into context, the works with application areas in mining and concrete production are used
as comparison. This also allows for creating an overview specifically for production with
mineral fractions in the context of building construction. Within the category “recycling”,
13 works are written in the context of CDW processing for the purpose of recycling. Addi-
tionally, 12 works apply to “concrete and cement production” and 9 works to “mining”.
From this subset of 34 works, only three works achieve a TRL of 7, which is the highest TRL
present in this subset. Most of the works present quality assurance on TRL 3 (19 works) and
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TRL 4 (10 works). Similarly, most of the works regard only quality prediction (25 works),
and only one work implements quality control.

The works that achieve TRL 5 or higher use a variety of sensors—in most (60%) of the
cases, in combination with AI. Visual sensors are used in two works, whereas laser-induced
breakdown spectroscopy (LIBS), laser displacement, resistance, and terahertz sensors are
used only once. The two works by Zhang et al. achieve the highest TRL and describe
a mining application [193,449]. More specifically, the proposed systems aim to replace
manual grade titration by using a combination of VIS sensors and AI for the prediction
of tailings grade in the iron ore reverse flotation process. In both works, the system is
validated in an industrial concentrator with four production lines. However, first, images
are acquired to create an offline data set for training the prediction model. These images
are acquired by placing an industrial area scan camera above the flotation tank. After
completing the entire quality monitoring system, this system is verified by comparing the
results of manual sampling with the live predicted tailings grade. This is performed using
uniform sampling of four samples per day—of which two are taken in the morning and
two in the afternoon—for four weeks, creating 80 data points for verification. A total of
25 additional data points for verification are created for nighttime production, as the focus
in these works is to show the validity of the system across a variety of light conditions.
Even though more details, like the time of year, origins of the material, and duration and
acquired weight of the sampling, are missing, the images provided in these two works—
especially in [193], where each class of froth grade is visualized—show high homogeneity
in the material when it comes to, e.g., color and texture.

Even though the work by Yoon et al. achieves the same TRL, the proposed approach
and application context differ [173]. That is, in this work ultrasonic sensors are used
to estimate compressive strength of concrete towers during and after construction and
move the mold to the next point at the right time. More importantly, in this work, the
quality monitoring part of the sensor system is first verified on a lab scale after which the
quality control system is implemented for several full-scale concrete tower construction
processes under different temperature conditions. Additionally, explicit bounds for the
quality variable are stated, which is lacking in [449]. In contrast, in [173], a clear description
of the industrial validation in terms of quantitative data and true quality of the concrete
towers is lacking.

Compared to the previously described works, the works by Chang et al. and Liu et al.,
who describe implementations for CDW recycling, operate on a lower TRL but are the most
advanced within the CDW recycling context. Where Chang et al. focus on classifying the
various materials and especially contaminants that occur in CDW streams using LIBS and
a laser displacement sensor, Liu et al. present a system for classification of the proportion
of attached mortar using infrared spectroscopy [237,381]. So, even though both works
apply some form of contaminant detection, the system types are different. In both works,
offline data sets for training of the AI model are created; however, ref. [381] only describes
results of (offline) validation on the spectral data acquired with a laboratory scale setup.
Ref. [237], on the other hand, also implements live validation in an industrially relevant
albeit simplified environment compared to true CDW processing circumstances. In both
cases, validation is conducted by pre-labeling sample material so that the true class is
known. Notably, ref. [237] uses some form of sensor fusion, where the laser displacement
sensor localizes the particles so that the LIBS laser beam is emitted onto the right location
(i.e., on a particle) instead of the beam ending up between particles. Besides this work, two
more works that use multiple sensors were identified in the context of CDW processing,
but neither actively fuse the sensor data to acquire more information than the sensors could
provide separately [310,421].
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In [237,381], besides the relative high TRL, the normally complex CDW processing
environments are simplified in multiple ways. Most importantly, both works use a limited
particle size range (10–20 mm [381] and 0–16 mm [237]) despite wider ranges being common
in practice. Even though the work by Chang et al. approaches the true complexities of the
CDW processing environment with occluded particles and the presence of fine fractions,
the stability required for the LIBS and laser displacement sensor make it only suitable for
second-stage processing after comminution, using a conveyor system that is detached from
the comminution and sieving machines.

When comparing works in the context of CDW processing with those describing
applications in mining, VIS and X-ray sensors have thus far only been implemented
on low TRLs. Infrared spectroscopy is, however, popular for both mining and CDW
recycling across the entire range of TRLs and is also occasionally implemented in the
context of concrete and cement production. Especially regarding VIS sensors, works from
other fields utilize large (synthetic) data sets (e.g., [151,377]) to bridge the gap between
simplified laboratory data and the complex material streams in real operation environments.
Additionally, for instance, Bilodeau et al. describe problems that occurred with laser
displacement sensing in the dusty environment of an open-pit mining operation and
suggest potential solutions such as different sensor locations and methods to combat the
dust [228].

4. Discussion
In this work, the current state of research regarding sensor-based quality assurance

technologies for automatic quality control and monitoring applications across different
phases of the chain of production is described. What is more, given the high potential of
sensor-based quality assurance in solving current problems in the transition to a sustainable
construction sector, works in this sector are compared to works in other application areas
across the chain of production. As such, a scoping review was conducted to systematically
map existing research in this context. Using a three-part selection procedure conducted at
different time points in 2024, a final collection of 364 works was compiled. Here, it should
be noted that the last search was conducted in June 2024, after which a backward search
was conducted in November 2024, which means some of the most recent works—published
at the end of 2024 and beginning of 2025—might be excluded in this.

Most of the works regard implementations of proof-of-concept quality prediction
systems on a laboratory scale. With merely 5 out of 364 works describing a sensor-based
quality control system implementation, the results suggest such technology in itself is
still in its infancy. However, this interpretation should be nuanced in two ways. On the
one hand, with higher technology readiness—which is inherently embedded in quality
control systems—comes higher secrecy, as this usually means competitive advantage for
the involved industrial parties. On the other hand, quality control is connected to and
sometimes confused with process control. Even though in principle all quality control-
related works were included with the defined inclusion criteria and such confusion is likely
to be mitigated, the concept of process control in itself and such specific technologies were
ignored. As such, process control systems that could be generalizable to quality control are
to some extent left out.

When it comes to quality monitoring, as a preceding step to quality control system
development, the application areas fuel and energy production and mining seem to be the
most prominent by proportion. Looking at absolute numbers, however, food production
and harvesting and metals manufacturing have the highest numbers of works. In general,
the application areas that also have contributions regarding quality control are among the



Sensors 2025, 25, 4401 19 of 38

prominent areas for quality monitoring contributions, suggesting that these areas are the
most advanced.

The types of sensors used for the investigated quality assurance systems generally
vary for each work, but some form of spectroscopy is used in almost all works. Multiple
factors could be the reason for the general popularity of spectroscopy, such as the type of
quality factor investigated, the relatively wide applicability of spectroscopy technology, and
the fact that it is generally inexpensive compared to alternative technologies. This tendency
is also visible in the results regarding all works, where VIS and IR spectroscopy sensors
are the most prominent. Moreover, the different types of sensors are generally used across
a variety of application areas and TRLs. Additionally, sensor data are often combined
with AI, suggesting that quality factors cannot be directly interpreted from existing sensor
technologies and require subsequent processing.

Looking at construction and demolition waste processing specifically, the area seems
to be less advanced, especially when it comes to the implementation of the popular VIS
sensors on high TRLs. Furthermore, a comparison of works from the CDW processing,
mining, and concrete production application areas shows the general lack of exhaustive
descriptions on how the system is validated and why a particular experimental procedure is
adequate. Similarly, some works explicitly describe difficulties in validating the developed
quality assurance system in a relevant environment. Major research gaps thus seem to be
the further upscaling of currently developed systems, and also the implementation and
testing of other sensor technologies, such as terahertz sensors that can, for example, be used
for material characterization or volume determination. Even though X-ray technology has
potential in sorting out contaminants, given the generally high costs of this technology, the
use of VIS and laser displacement sensing as an alternative is something CDW researchers
and practitioners can focus on now, utilizing developments that have been made in other
fields. More specifically, (semi-synthetic) data generation methods already used in other
fields could be used to minimize sampling and labeling effort of the highly heterogeneous
material and at the same time create larger, more informative and realistic data sets. This
may bridge the gap that generally exists when implementing AI-based models in a real en-
vironment after offline training in a lab. Additionally, in line with [237], laser displacement
as part of a multi-sensor system seems to be effective for operation environments close to
real industrial CDW processing environments. As such, sensor fusion methods from, for
instance, the field of welding, where such methods have been widely researched, will be
a good starting point in advancing multi-sensor systems for CDW processing. However,
it should be noted that welding and additive manufacturing generally operate in a static
environment, whereas quality assurance systems for CDW processing operate in environ-
ments where the material is in a continuous flow, e.g., during transportation on a conveyor
belt. This complicates calibration between the different sensors, which is also described
in [237]. Besides required technical adaptations of existing technologies from other fields
to make them operable in CDW processing applications, like dust and weather resistance,
the economic aspect remains essential, as advanced recycling still brings limited to no
economic value to CDW processing companies. This indicates that in general, technological
innovations need to be inexpensive as they will otherwise not be invested in.

However, when such technologies are implemented in industrial environments, their
detailed material quality data acquisition may become an important aspect in the develop-
ment of, for instance, digital product passports, supporting the transition to a sustainable
construction sector. So, to further and efficiently advance quality monitoring and control
systems, an enhanced focus on the implementation on the higher technology readiness lev-
els, development of cost-effective multi-sensor systems based on existing data fusion and
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data generation methods, and inclusion of detailed descriptions on how these systems have
been verified will be beneficial, both within and beyond the context of CDW processing.

5. Conclusions
By systematically mapping the current state of research and highlighting the current

limitations and existing potential for CDW processing as one of the more complex material
streams for sensor-based system implementations, this work provides a novel basis for
efficient adaptation of existing sensor-based quality assurance technologies and streamlined
development of new technologies for the CDW processing sector. In this work, results show
the relative infancy of sensor-based quality assurance developments in CDW processing
compared to other application areas. However, it is argued that a focus on the development
of (1) cost-effective, (2) multi-sensor systems based on (3) existing data fusion frameworks
and (4) (synthetic) data generation methods that are in part already researched in other
application areas, as well as (5) inclusion of detailed descriptions on the validation of these
systems, can boost development of systems that are implementable in practice and support
the transition to a sustainable construction sector.
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as csv file.
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HSI Hyperspectral imaging
CDW Construction and demolition waste

PRISMA-ScR
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Meta-Analyses extension for Scoping Reviews

RGB Red–green–blue
ACM Association for Computing Machinery
TRL Technology readiness level
VIS Visual imaging
IR Infrared
UV Ultraviolet
LIBS Laser-induced breakdown spectroscopy
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RPM Revolutions per minute
AI Artificial intelligence
CCD Charge-coupled device
CMOS Complementary metal oxide semiconductor
3D Three-dimensional
CDF Cumulative distribution function
PDF Probability distribution function
P & P Production and processing
PCSP Post-consumer sorting and processing
PC Post-consumer
non-exh. res. extr./extraction Non-exhaustive resource (extraction)
exh. res. extr./extraction Exhaustive resource (extraction)
m. Manufacturing
p. Production
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185. Górka, J.; Jamrozik, W.; Wyględacz, B.; Kiel-Jamrozik, M.; Ferreira, B. Virtual Sensor for On-Line Hardness Assessment in TIG
Welding of Inconel 600 Alloy Thin Plates. Sensors 2024, 24, 3569. [CrossRef] [PubMed]

186. Icagic, S.; Kvascev, G. A Smart Alcoholmeter Sensor Based on Deep Learning Visual Perception. Sensors 2022, 22, 7394. [CrossRef]
187. Chunhachatrachai, P.; Lin, C.Y. CLensRimVision: A Novel Computer Vision Algorithm for Detecting Rim Defects in Contact

Lenses. Sensors 2023, 23, 9610. [CrossRef] [PubMed]
188. Ohira, S.I.; Miki, Y.; Matsuzaki, T.; Nakamura, N.; Sato, Y.K.; Hirose, Y.; Toda, K. A fiber optic sensor with a metal organic

framework as a sensing material for trace levels of water in industrial gases Anal. Chim. Acta 2015, 886, 188–193. [CrossRef]
189. Gao, L.; Sun, J.; Wang, L.; Fan, Q.; Zhu, G.; Guo, H.; Sun, X. Highly sensitive real-Time detection of intracellular oxidative stress

and application in mycotoxin toxicity evaluation based on living single-cell electrochemical sensors. Analyst 2021, 146, 1444–1454.
[CrossRef]

190. Idroas, M.; Najib, S.; Ibrahim, M. Imaging particles in solid/air flows using an optical tomography system based on complemen-
tary metal oxide semiconductor area image sensors. Sens. Actuators B Chem. 2015, 220, 75–80. [CrossRef]

191. Li, J.; Li, X.; Yardimci, N.; Hu, J.; Li, Y.; Chen, J.; Hung, Y.C.; Jarrahi, M.; Ozcan, A. Rapid sensing of hidden objects and defects
using a single-pixel diffractive terahertz sensor. Nat. Commun. 2023, 14, 6791. [CrossRef]

192. Liu, Z.; Jiang, X.; Li, S.; Chen, J.; Jiang, C.; Wang, K.; Zhang, C.; Wang, B. A disposable impedance-based sensor for in-line cell
growth monitoring in CAR-T cell manufacturing. Bioelectrochemistry 2023, 152, 108416. [CrossRef] [PubMed]

193. Zhang, D.; Gao, X. Soft sensor of flotation froth grade classification based on hybrid deep neural network. Int. J. Prod. Res. 2021,
59, 4794–4810. [CrossRef]

194. Wu, Y.; Meng, Y.; Shao, C. End-to-end online quality prediction for ultrasonic metal welding using sensor fusion and deep
learning. J. Manuf. Process. 2022, 83, 685–694. [CrossRef]

195. Zhang, Y.; Zhang, N.; You, D.; Gao, X.; Katayama, S. High-power disk laser welding statuses monitoring based on analyses of
multiple-sensor signals. J. Manuf. Process. 2019, 41, 221–230. [CrossRef]

196. Li, J.; Zhang, X.; Zhou, Q.; Chan, F.; Hu, Z. A feature-level multi-sensor fusion approach for in-situ quality monitoring of selective
laser melting. J. Manuf. Process. 2022, 84, 913–926. [CrossRef]

197. Li, J.; Cao, L.; Zhou, Q.; Liu, H.; Zhang, X. Imbalanced quality monitoring of selective laser melting using acoustic and photodiode
signals. J. Manuf. Process. 2023, 105, 14–26. [CrossRef]

198. Wang, J.; Zhang, Z.; Bai, Z.; Zhang, S.; Qin, R.; Huang, J.; Wen, G. On-line defect recognition of MIG lap welding for stainless
steel sheet based on weld image and CMT voltage: Feature fusion and attention weights visualization. J. Manuf. Process. 2023,
108, 430–444. [CrossRef]

199. Chen, C.; Xiao, R.; Chen, H.; Lv, N.; Chen, S. Prediction of welding quality characteristics during pulsed GTAW process of
aluminum alloy by multisensory fusion and hybrid network model. J. Manuf. Process. 2021, 68, 209–224. [CrossRef]

200. Zhang, Z.; Yang, Z.; Ren, W.; Wen, G. Random forest-based real-time defect detection of Al alloy in robotic arc welding using
optical spectrum. J. Manuf. Process. 2019, 42, 51–59. [CrossRef]

201. Zhang, Z.; Yang, J.; Wang, Y.; Dou, D.; Xia, W. Ash content prediction of coarse coal by image analysis and GA-SVM. Powder
Technol. 2014, 268, 429–435. [CrossRef]

http://dx.doi.org/10.1016/j.jpba.2021.114386
http://dx.doi.org/10.3390/ph15070822
http://dx.doi.org/10.1002/elsc.201900076
http://dx.doi.org/10.1016/j.jbiotec.2023.10.005
http://dx.doi.org/10.3390/s23208363
http://dx.doi.org/10.3390/s23052438
http://www.ncbi.nlm.nih.gov/pubmed/36904640
http://dx.doi.org/10.3390/s22041436
http://dx.doi.org/10.1680/jemmr.16.00138
http://dx.doi.org/10.3390/s24113569
http://www.ncbi.nlm.nih.gov/pubmed/38894360
http://dx.doi.org/10.3390/s22197394
http://dx.doi.org/10.3390/s23239610
http://www.ncbi.nlm.nih.gov/pubmed/38067983
http://dx.doi.org/10.1016/j.aca.2015.05.045
http://dx.doi.org/10.1039/D0AN02015J
http://dx.doi.org/10.1016/j.snb.2015.05.083
http://dx.doi.org/10.1038/s41467-023-42554-2
http://dx.doi.org/10.1016/j.bioelechem.2023.108416
http://www.ncbi.nlm.nih.gov/pubmed/37023618
http://dx.doi.org/10.1080/00207543.2021.1894366
http://dx.doi.org/10.1016/j.jmapro.2022.09.011
http://dx.doi.org/10.1016/j.jmapro.2019.03.028
http://dx.doi.org/10.1016/j.jmapro.2022.10.050
http://dx.doi.org/10.1016/j.jmapro.2023.09.037
http://dx.doi.org/10.1016/j.jmapro.2023.10.081
http://dx.doi.org/10.1016/j.jmapro.2020.08.028
http://dx.doi.org/10.1016/j.jmapro.2019.04.023
http://dx.doi.org/10.1016/j.powtec.2014.08.044


Sensors 2025, 25, 4401 29 of 38

202. Strani, L.; Bonacini, F.; Ferrando, A.; Perolo, A.; Tanzilli, D.; Vitale, R.; Cocchi, M. Real Time Quality Assessment of General
Purpose Polystyrene (GPPS) by means of Multiblock-PLS Applied on On-line Sensors Data. Chem. Eng. Trans. 2023, 100, 175–180.
[CrossRef]

203. Clark, N.; Jones, N.; Setchi, R.; Porch, A. Particle size characterisation of metals powders for Additive Manufacturing using a
microwave sensor. Powder Technol. 2018, 327, 536–543. [CrossRef]

204. Mishra, G.; Srivastava, S.; Panda, B.; Mishra, H. Sensor array optimization and determination of Rhyzopertha dominica infestation in
wheat using hybrid neuro-fuzzy-assisted electronic nose analysis. Anal. Methods 2018, 10, 5687–5695. [CrossRef]

205. Duan, W.; Gunes, M.; Baldi, A.; Gich, M.; Fernández-Sánchez, C. Compact fluidic electrochemical sensor platform for on-line
monitoring of chemical oxygen demand in urban wastewater. Chem. Eng. J. 2022, 449, 137837. [CrossRef]

206. Marín, A.; Núñez, C.; Rodríguez, P.; Shen, G.; Kim, S.; Kung, P.; Piqueras, J.; Pau, J. Continuous-flow system and monitoring tools
for the dielectrophoretic integration of nanowires in light sensor arrays. Nanotechnology 2015, 26, 115502. [CrossRef] [PubMed]

207. Dimou, A.; Maistros, G.; Poulin, P.; Alexopoulos, N. In situ control of graphene oxide dispersions with a small impedance sensor.
Nanotechnology 2022, 33, 055708. [CrossRef]

208. Mao, J.; Zhao, H.; Xie, Y.; Wang, M.; Wang, P.; Shi, Y.; Zhao, Y. Fast and Nondestructive Proximate Analysis of Coal from Hyperspectral
Images with Machine Learning and Combined Spectra-Texture Features. Appl. Sci. 2024, 14, 7920. [CrossRef]

209. Bonifazi, G.; Capobianco, G.; Serranti, S. Hyperspectral imaging and hierarchical PLS-DA applied to asbestos recognition in
construction and demolition waste. Appl. Sci. 2019, 9, 4587. [CrossRef]

210. Giefer, L.; Lütjen, M.; Rohde, A.K.; Freitag, M. Determination of the optimal state of dough fermentation in bread production by
using optical sensors and deep learning. Appl. Sci. 2019, 9, 4266. [CrossRef]

211. Jurko, J.; Miškiv-Pavlík, M.; Hladký, V.; Lazorík, P.; Michalík, P.; Petruška, I. Measurement of the Machined Surface Diameter by a
Laser Triangulation Sensor and Optimalization of Turning Conditions Based on the Diameter Deviation and Tool Wear by GRA
and ANOVA. Appl. Sci. 2022, 12, 5266. [CrossRef]

212. Guan, X.; Tang, Y.; Dong, B.; Li, G.; Fu, Y.; Tian, C. An Intelligent Detection System for Surface Shape Error of Shaft Workpieces
Based on Multi-Sensor Combination. Appl. Sci. 2023, 13, 2931. [CrossRef]

213. Guo, B.; Chen, D.; Huo, L.; Song, G. Monitoring of grouting compactness in tendon duct using multi-sensing electro-mechanical
impedance method. Appl. Sci. 2020, 10, 2018. [CrossRef]

214. Lee, J.; Choi, H.; Kim, J. Welding Bead Inspection Using Image and Multi-Sensor Fusion. Appl. Sci. 2023, 13, 11497. [CrossRef]
215. Huang, W.; Tu, Z.; Di, Z.; Wang, C.; Su, Y.; Bi, H. Large-Area Thickness Measurement of Transparent Films Based on a Multichannel

Spectral Interference Sensor. Appl. Sci. 2024, 14, 2816. [CrossRef]
216. Gülcan, E.; Gülsoy, Ö.; Can, I. Ash content estimation of lignite with visible light and near-infrared sensors. Int. J. Coal Prep. Util.

2020, 40, 438–458. [CrossRef]
217. Xu, Z.; Liu, B.; Dong, Q.; Lei, Y.; Li, Y.; Ren, J.; McCutcheon, J.; Li, B. Flat microliter membrane-based microbial fuel cell as "on-line

sticker sensor" for self-supported in situ monitoring of wastewater shocks. Bioresour. Technol. 2015, 197, 244–251. [CrossRef]
218. Agimelen, O.; Svoboda, V.; Ahmed, B.; Cardona, J.; Dziewierz, J.; Brown, C.; McGlone, T.; Cleary, A.; Tachtatzis, C.; Michie, C.;

et al. Multi-sensor inline measurements of crystal size and shape distributions during high shear wet milling of crystal slurries.
Adv. Powder Technol. 2018, 29, 2987–2995. [CrossRef]

219. Aigner, M.; Hundeshagen, A.; Hinterberger, T.; Mayrbäurl, E.; Buchberger, W.; Miethlinger, J. A gas-sensor-based measurement
setup for inline quality and process control in polymer extrusion. Int. Polym. Process. 2014, 29, 461–466. [CrossRef]

220. Lei, Z.; Sun, J.; Zhu, X.; Ma, H.; Liang, L. Error-compensated one-dimensional convolutional neural network-based ultrasonic
defect signal recognition method for flat ceramic membranes. Ceram. Int. 2023, 49, 5391–5400. [CrossRef]

221. Gutiérrez-Capitán, M.; Baldi, A.; Gómez, R.; García, V.; Jiménez-Jorquera, C.; Fernández-Sánchez, C. Electrochemical
nanocomposite-derived sensor for the analysis of chemical oxygen demand in urban wastewaters. Anal. Chem. 2015, 87, 2152–2160.
[CrossRef]

222. Akgönüllü, S.; Yavuz, H.; Denizli, A. Development of gold nanoparticles decorated molecularly imprinted–based plasmonic
sensor for the detection of aflatoxin M1 in milk samples. Chemosensors 2021, 9, 363. [CrossRef]

223. Li, H.; Somerson, J.; Xia, F.; Plaxco, K. Electrochemical DNA-Based Sensors for Molecular Quality Control: Continuous, Real-Time
Melamine Detection in Flowing Whole Milk. Anal. Chem. 2018, 90, 10641–10645. [CrossRef] [PubMed]

224. Greco, G.; Núñez-Carmona, E.; Genzardi, D.; Bianchini, L.; Piccoli, P.; Zottele, I.; Tamanini, A.; Motolose, C.; Scalmato, A.;
Sberveglieri, G.; et al. Tailored Gas Sensors as Rapid Technology to Support the Jams Production. Chemosensors 2023, 11, 403.
[CrossRef]

225. Kuchmenko, T.; Lisitskaya, R. Using Chemical Sensors in Process Control: Formation of Confectionery Mass Aroma. J. Anal.
Chem. 2021, 76, 881–890. [CrossRef]

226. Strani, L.; Mantovani, E.; Bonacini, F.; Marini, F.; Cocchi, M. Fusing NIR and Process Sensors Data for Polymer Production
Monitoring. Front. Chem. 2021, 9, 748723. [CrossRef]

http://dx.doi.org/10.3303/CET23100030
http://dx.doi.org/10.1016/j.powtec.2017.11.042
http://dx.doi.org/10.1039/C8AY01921E
http://dx.doi.org/10.1016/j.cej.2022.137837
http://dx.doi.org/10.1088/0957-4484/26/11/115502
http://www.ncbi.nlm.nih.gov/pubmed/25721912
http://dx.doi.org/10.1088/1361-6528/ac2dc8
http://dx.doi.org/10.3390/app14177920
http://dx.doi.org/10.3390/app9214587
http://dx.doi.org/10.3390/app9204266
http://dx.doi.org/10.3390/app12105266
http://dx.doi.org/10.3390/app132312931
http://dx.doi.org/10.3390/app10062018
http://dx.doi.org/10.3390/app132011497
http://dx.doi.org/10.3390/app14072816
http://dx.doi.org/10.1080/19392699.2019.1696781
http://dx.doi.org/10.1016/j.biortech.2015.08.081
http://dx.doi.org/10.1016/j.apt.2018.09.003
http://dx.doi.org/10.3139/217.2861
http://dx.doi.org/10.1016/j.ceramint.2022.10.062
http://dx.doi.org/10.1021/ac503329a
http://dx.doi.org/10.3390/chemosensors9120363
http://dx.doi.org/10.1021/acs.analchem.8b01993
http://www.ncbi.nlm.nih.gov/pubmed/30141321
http://dx.doi.org/10.3390/chemosensors11070403
http://dx.doi.org/10.1134/S1061934821070078
http://dx.doi.org/10.3389/fchem.2021.748723


Sensors 2025, 25, 4401 30 of 38

227. Ganjali, M.; Aghili, S.; Larijani, B.; Ghasemi, M. Potentiometric determination of betahistine in pharmaceutical formulations by
drug selective sensors. Int. J. Electrochem. Sci. 2015, 10, 1893–1903. [CrossRef]

228. Bilodeau, M.; Gouveia, D.; Demers, A.; Di Feo, A. 3D free fall rock size sensor. Miner. Eng. 2020, 148, 6169. [CrossRef]
229. Sung, P.C.; Wang, W.C.; Hwang, C.H.; Li, M.H. Large-area full-field thickness measurement of glass plates by an optical

interferometric system. Opt. Commun. 2014, 333, 243–252. [CrossRef]
230. Cozzarini, L.; Marsich, L.; Ferluga, A. Qualitative and quantitative contaminants assessment in recycled pellets from post-consumer

plastic waste by means of spectroscopic and thermal characterization. Polym. Eng. Sci. 2023, 63, 1126–1132. [CrossRef]
231. Mulrennan, K.; Donovan, J.; Creedon, L.; Rogers, I.; Lyons, J.; McAfee, M. A soft sensor for prediction of mechanical properties of

extruded PLA sheet using an instrumented slit die and machine learning algorithms. Polym. Test. 2018, 69, 462–469. [CrossRef]
232. Zhang, M.; Xu, B.; Zhou, L.; Zheng, H.; Jie, J. A data-driven soft sensor based on weighted probabilistic slow feature analysis for

nonlinear dynamic chemical processes. J. Chemom. 2023, 37, e3471. [CrossRef]
233. Galdón-Navarro, B.; Prats-Montalbán, J.; Cubero, S.; Blasco, J.; Ferrer, A. Comparison of latent variable-based and artificial

intelligence methods for impurity detection in PET recycling from NIR hyperspectral images. J. Chemom. 2018, 32, e2980.
[CrossRef]

234. Riba, J.R.; Canals, T.; Cantero, R. Determination of the recovered-fiber content in paperboard samples by applying mid-infrared
spectroscopy. Appl. Spectrosc. 2015, 69, 442–450. [CrossRef] [PubMed]

235. Grönroos, S.; Pierini, M.; Chernyavskaya, N. Automated visual inspection of CMS HGCAL silicon sensor surface using an
ensemble of a deep convolutional autoencoder and classifier. Mach. Learn. Sci. Technol. 2023, 4, 035028. [CrossRef]

236. Zhang, K.; Wang, W.; Cui, Y.; Lv, Z.; Fan, Y. GFNet: A pioneering approach for precisely estimating ash content in coal through
the fusion of graph convolution and feedforward network. Eng. Appl. Artif. Intell. 2024, 127, 107301. [CrossRef]

237. Chang, C.; Di Maio, F.; Bheemireddy, R.; Posthoorn, P.; Gebremariam, A.; Rem, P. Rapid quality control for recycled coarse
aggregates (RCA) streams: Multi-sensor integration for advanced contaminant detection. Comput. Ind. 2025, 164, 104196.
[CrossRef]

238. García Plaza, E.; Núñez López, P. Application of the wavelet packet transform to vibration signals for surface roughness monitoring
in CNC turning operations. Mech. Syst. Signal Processing 2018, 98, 902–919. [CrossRef]

239. Gaja, H.; Liou, F. Defects monitoring of laser metal deposition using acoustic emission sensor. Int. J. Adv. Manuf. Technol. 2017,
90, 561–574. [CrossRef]

240. Choi, J.; Kim, D.; Chung, M.; Lim, S.; Park, H. Multimodal 1D CNN for delamination prediction in CFRP drilling process with
industrial robots. Comput. Ind. Eng. 2024, 190, 110074. [CrossRef]

241. Sorrentino, L.; Bellini, C.; Capriglione, D.; Ferrigno, L. Local monitoring of polymerization trend by an interdigital dielectric
sensor. Int. J. Adv. Manuf. Technol. 2015, 79, 1007–1016. [CrossRef]

242. Trung, L.; Kasai, N.; Le, M.; Sekino, K.; Funada, Y. Crack detection using a cutting-edge flexible eddy current sensor with voltage
and phase measurement techniques. Mech. Syst. Signal Process. 2024, 219, 111613. [CrossRef]

243. García Plaza, E.; Núñez López, P. Analysis of cutting force signals by wavelet packet transform for surface roughness monitoring
in CNC turning. Mech. Syst. Signal Processing 2018, 98, 634–651. [CrossRef]

244. Deepak, A.; Rao, N. Real Time Defect Identification using Advanced Artificial Intelligence based Material Strain Sensors for
Environmental Safety. J. Electr. Syst. 2024, 20, 33–40. [CrossRef]

245. Chen, J.C.; Huang, M.S. Transfer learning to predict part quality for injection molding with recycled materials. Int. J. Adv. Manuf.
Technol. 2024, 135, 3241–3256. [CrossRef]

246. Ma, D.; Jiang, P.; Shu, L.; Gong, Z.; Wang, Y.; Geng, S. Online porosity prediction in laser welding of aluminum alloys based on a
multi-fidelity deep learning framework. J. Intell. Manuf. 2024, 35, 55–73. [CrossRef]

247. Chu, H.H.; Wang, Z.Y. A vision-based system for post-welding quality measurement and defect detection. Int. J. Adv. Manuf.
Technol. 2016, 86, 3007–3014. [CrossRef]

248. Kotsiopoulos, T.; Leontaris, L.; Dimitriou, N.; Ioannidis, D.; Oliveira, F.; Sacramento, J.; Amanatiadis, S.; Karagiannis, G.; Votis,
K.; Tzovaras, D.; et al. Deep multi-sensorial data analysis for production monitoring in hard metal industry. Int. J. Adv. Manuf.
Technol. 2021, 115, 823–836. [CrossRef]

249. Yan, Z.; Shi, B.; Sun, L.; Xiao, J. Surface defect detection of aluminum alloy welds with 3D depth image and 2D gray image. Int. J.
Adv. Manuf. Technol. 2020, 110, 741–752. [CrossRef]

250. Chung, J.; Shen, B.; Kong, Z. Anomaly detection in additive manufacturing processes using supervised classification with
imbalanced sensor data based on generative adversarial network. J. Intell. Manuf. 2024, 35, 2387–2406. [CrossRef]

251. Gordon, G.; Kazmer, D.; Tang, X.; Fan, Z.; Gao, R. Quality control using a multivariate injection molding sensor. Int. J. Adv. Manuf.
Technol. 2015, 78, 1381–1391. [CrossRef]

252. Cui, J.; Liu, W.; Zhang, Y.; Gao, C.; Lu, Z.; Li, M.; Wang, F. A novel method for predicting delamination of carbon fiber reinforced
plastic (CFRP) based on multi-sensor data. Mech. Syst. Signal Process. 2021, 157, 107708. [CrossRef]

http://dx.doi.org/10.1016/S1452-3981(23)05120-9
http://dx.doi.org/10.1016/j.mineng.2019.106169
http://dx.doi.org/10.1016/j.optcom.2014.07.086
http://dx.doi.org/10.1002/pen.26269
http://dx.doi.org/10.1016/j.polymertesting.2018.06.002
http://dx.doi.org/10.1002/cem.3471
http://dx.doi.org/10.1002/cem.2980
http://dx.doi.org/10.1366/14-07611
http://www.ncbi.nlm.nih.gov/pubmed/25742130
http://dx.doi.org/10.1088/2632-2153/aced7e
http://dx.doi.org/10.1016/j.engappai.2023.107301
http://dx.doi.org/10.1016/j.compind.2024.104196
http://dx.doi.org/10.1016/j.ymssp.2017.05.028
http://dx.doi.org/10.1007/s00170-016-9366-x
http://dx.doi.org/10.1016/j.cie.2024.110074
http://dx.doi.org/10.1007/s00170-015-6892-x
http://dx.doi.org/10.1016/j.ymssp.2024.111613
http://dx.doi.org/10.1016/j.ymssp.2017.05.006
http://dx.doi.org/10.52783/jes.660
http://dx.doi.org/10.1007/s00170-024-14688-0
http://dx.doi.org/10.1007/s10845-022-02033-9
http://dx.doi.org/10.1007/s00170-015-8334-1
http://dx.doi.org/10.1007/s00170-020-06173-1
http://dx.doi.org/10.1007/s00170-020-05882-x
http://dx.doi.org/10.1007/s10845-023-02163-8
http://dx.doi.org/10.1007/s00170-014-6706-6
http://dx.doi.org/10.1016/j.ymssp.2021.107708


Sensors 2025, 25, 4401 31 of 38

253. Yang, C.; Yang, C.; Zhang, X.; Zhang, J. Multisource Information Fusion for Autoformer: Soft Sensor Modeling of FeO Content in
Iron Ore Sintering Process. IEEE Trans. Ind. Inform. 2023, 19, 11584–11595. [CrossRef]

254. Liu, Y.; Liu, K.; Yang, J.; Yao, Y. Spatial-Neighborhood Manifold Learning for Nondestructive Testing of Defects in Polymer
Composites. IEEE Trans. Ind. Inform. 2020, 16, 4639–4649. [CrossRef]

255. Chen, J.; Guo, G.; Wang, W.N. Artificial neural network-based online defect detection system with in-mold temperature and
pressure sensors for high precision injection molding. Int. J. Adv. Manuf. Technol. 2020, 110, 2023–2033. [CrossRef]

256. Zhu, Q.; Li, H.; Yu, K.; Zhang, H.; Zhang, Q. In-process ultrasonic inspection of first layer detachment during additive
manufacturing. Int. J. Adv. Manuf. Technol. 2022, 121, 8341–8356. [CrossRef]

257. Lee, S.; Simeth, A.; Hinchy, E.; Plapper, P.; O’Dowd, N.; McCarthy, C. A vision-based hole quality assessment technique for robotic
drilling of composite materials using a hybrid classification model. Int. J. Adv. Manuf. Technol. 2023, 129, 1249–1258. [CrossRef]

258. Isaac Medina, I.; Arana, G.; Castillo Atoche, A.; Estrada Lopez, J.; Vazquez Castillo, J.; Aviles, F.; Castillo Atoche, A. Adhesion
Testing System Based on Convolutional Neural Networks for Quality Inspection of Flexible Strain Sensors. IEEE Trans. Ind.
Inform. 2024, 20, 9235–9243. [CrossRef]

259. Miao, Y.; Jeon, J.; Park, G. An image processing-based crack detection technique for pressed panel products. J. Manuf. Syst. 2020,
57, 287–297. [CrossRef]

260. Jung, B.; You, H.; Lee, S. Anomaly Candidate Extraction and Detection for automatic quality inspection of metal casting products
using high-resolution images. J. Manuf. Syst. 2023, 67, 229–241. [CrossRef]

261. Chen, S.H.; Perng, D.B. Automatic optical inspection system for IC molding surface. J. Intell. Manuf. 2016, 27, 915–926. [CrossRef]
262. Li, J.; Zhou, Q.; Huang, X.; Li, M.; Cao, L. In situ quality inspection with layer-wise visual images based on deep transfer learning

during selective laser melting. J. Intell. Manuf. 2023, 34, 853–867. [CrossRef]
263. Lee, J.; Choi, H.; Kim, J. Inspection Algorithm of Welding Bead Based on Image Projection. Electronics 2023, 12, 2523. [CrossRef]
264. Wang, J.; Fu, P.; Gao, R. Machine vision intelligence for product defect inspection based on deep learning and Hough transform.

J. Manuf. Syst. 2019, 51, 52–60. [CrossRef]
265. Zhang, Z.; Chen, H.; Xu, Y.; Zhong, J.; Lv, N.; Chen, S. Multisensor-based real-time quality monitoring by means of feature

extraction, selection and modeling for Al alloy in arc welding. Mech. Syst. Signal Process. 2015, 60, 151–165. [CrossRef]
266. Aminzadeh, M.; Kurfess, T.R. Online quality inspection using Bayesian classification in powder-bed additive manufacturing

from high-resolution visual camera images. J. Intell. Manuf. 2019, 30, 2505–2523. [CrossRef]
267. Liu, G.; Gao, X.; You, D.; Zhang, N. Prediction of high power laser welding status based on PCA and SVM classification of

multiple sensors. J. Intell. Manuf. 2019, 30, 821–832. [CrossRef]
268. Li, J.; Zhou, Q.; Cao, L.; Wang, Y.; Hu, J. A convolutional neural network-based multi-sensor fusion approach for in-situ quality

monitoring of selective laser melting. J. Manuf. Syst. 2022, 64, 429–442. [CrossRef]
269. Bimrose, M.; Hu, T.; McGregor, D.; Wang, J.; Tawfick, S.; Shao, C.; Liu, Z.; King, W. Detecting and classifying hidden defects

in additively manufactured parts using deep learning and X-ray computed tomography. J. Intell. Manuf. 2024, 36, 3465–3479.
[CrossRef]

270. Snow, Z.; Diehl, B.; Reutzel, E.; Nassar, A. Toward in-situ flaw detection in laser powder bed fusion additive manufacturing
through layerwise imagery and machine learning. J. Manuf. Syst. 2021, 59, 12–26. [CrossRef]

271. Yasuda, T.; Sugawa, S.; Kuroda, R.; Yokomichi, Y.; Kobayashi, K.; Hamori, H.; Teramoto, A. High-Resolution Defect Detection for
Flat Panel Display Using Proximity Capacitance Image Sensor. ITE Trans. Media Technol. Appl. 2023, 11, 158–163. [CrossRef]

272. Lee, K.M.; Hao, B.; Li, M.; Bai, K. Multiparameter Eddy-Current Sensor Design for Conductivity Estimation and Simultaneous
Distance and Thickness Measurements. IEEE Trans. Ind. Inform. 2019, 15, 1647–1657. [CrossRef]

273. Hassanin, A.A.; Abd El-Samie, F.; El Banby, G. A real-time approach for automatic defect detection from PCBs based on SURF
features and morphological operations. Multimed. Tools Appl. 2019, 78, 34437–34457. [CrossRef]

274. Zhang, Y.; You, D.; Gao, X.; Zhang, N.; Gao, P. Welding defects detection based on deep learning with multiple optical sensors
during disk laser welding of thick plates. J. Manuf. Syst. 2019, 51, 87–94. [CrossRef]

275. Wang, S.; Cui, Y.; Song, Y.; Ding, C.; Ding, W.; Yin, J. A novel surface temperature sensor and random forest-based welding
quality prediction model. J. Intell. Manuf. 2023, 35, 3291–3314. [CrossRef]

276. Jeffrey Kuo, C.F.; Lo, W.C.; Huang, Y.R.; Tsai, H.Y.; Lee, C.L.; Wu, H.C. Automated defect inspection system for CMOS image
sensor with micro multi-layer non-spherical lens module. J. Manuf. Syst. 2017, 45, 248–259. [CrossRef]

277. Mikkelstrup, A.; Kristiansen, M.; Kristiansen, E. Development of an automated system for adaptive post-weld treatment and
quality inspection of linear welds. Int. J. Adv. Manuf. Technol. 2022, 119, 3675–3693. [CrossRef]

278. Liu, C.; Law, A.; Roberson, D.; Kong, Z. Image analysis-based closed loop quality control for additive manufacturing with fused
filament fabrication. J. Manuf. Syst. 2019, 51, 75–86. [CrossRef]

279. Masato, D.; Kazmer, D.; Panchal, R. Analysis of in-mold shrinkage measurement for amorphous and semicrystalline polymers
using a multivariate sensor. Int. J. Adv. Manuf. Technol. 2023, 125, 587–602. [CrossRef]

http://dx.doi.org/10.1109/TII.2023.3248059
http://dx.doi.org/10.1109/TII.2019.2949358
http://dx.doi.org/10.1007/s00170-020-06011-4
http://dx.doi.org/10.1007/s00170-022-09910-w
http://dx.doi.org/10.1007/s00170-023-12290-4
http://dx.doi.org/10.1109/TII.2024.3383547
http://dx.doi.org/10.1016/j.jmsy.2020.10.004
http://dx.doi.org/10.1016/j.jmsy.2023.02.007
http://dx.doi.org/10.1007/s10845-014-0924-5
http://dx.doi.org/10.1007/s10845-021-01829-5
http://dx.doi.org/10.3390/electronics12112523
http://dx.doi.org/10.1016/j.jmsy.2019.03.002
http://dx.doi.org/10.1016/j.ymssp.2014.12.021
http://dx.doi.org/10.1007/s10845-018-1412-0
http://dx.doi.org/10.1007/s10845-016-1286-y
http://dx.doi.org/10.1016/j.jmsy.2022.07.007
http://dx.doi.org/10.1007/s10845-024-02416-0
http://dx.doi.org/10.1016/j.jmsy.2021.01.008
http://dx.doi.org/10.3169/mta.11.158
http://dx.doi.org/10.1109/TII.2018.2843319
http://dx.doi.org/10.1007/s11042-019-08097-9
http://dx.doi.org/10.1016/j.jmsy.2019.02.004
http://dx.doi.org/10.1007/s10845-023-02203-3
http://dx.doi.org/10.1016/j.jmsy.2017.10.004
http://dx.doi.org/10.1007/s00170-021-08344-0
http://dx.doi.org/10.1016/j.jmsy.2019.04.002
http://dx.doi.org/10.1007/s00170-022-10755-6


Sensors 2025, 25, 4401 32 of 38

280. Hu, W.; Chen, C.; Su, S.; Zhang, J.; Zhu, A. Real-time defect detection for FFF 3D printing using lightweight model deployment.
Int. J. Adv. Manuf. Technol. 2024, 134, 4871–4885. [CrossRef]

281. Kaler, N.; Bhatia, V.; Mishra, A. Deep Learning-Based Robust Analysis of Laser Bio-Speckle Data for Detection of Fungal-Infected
Soybean Seeds. IEEE Access 2023, 11, 89331–89348. [CrossRef]

282. Men, H.; Yin, C.; Shi, Y.; Liu, X.; Fang, H.; Han, X.; Liu, J. Quantification of Acrylonitrile Butadiene Styrene Odor Intensity Based
on a Novel Odor Assessment System with a Sensor Array. IEEE Access 2020, 8, 33237–33249. [CrossRef]

283. Liu, J.; Wang, D.; Chen, J.; Hou, J. Functional Soft Sensor Based on Spectra Data for Predicting Multiple Quality Variables. IEEE
Access 2020, 8, 160355–160362. [CrossRef]

284. Rodriguez-Cobo, L.; Mirapeix, J.; Ruiz-Lombera, R.; Cobo, A.; López-Higuera, J.M. Fiber Bragg grating sensors for on-line
welding diagnostics. J. Mater. Process. Technol. 2014, 214, 839–843. [CrossRef]

285. Tang, X.; Zhong, P.; Zhang, L.; Gu, J.; Liu, Z.; Gao, Y.; Hu, H.; Yang, X. A New Method to Assess Fiber Laser Welding Quality of
Stainless Steel 304 Based on Machine Vision and Hidden Markov Models. IEEE Access 2020, 8, 130633–130646. [CrossRef]

286. Snow, Z.; Reutzel, E.; Petrich, J. Correlating in-situ sensor data to defect locations and part quality for additively manufactured
parts using machine learning. J. Mater. Process. Technol. 2022, 302, 117476. [CrossRef]

287. Rehman, A.; Kim, I.G.; Kim, J.H. Towards full automation in 3D concrete printing construction: Development of an automated
and inline sensor-printer integrated instrument for in-situ assessment of structural build-up and quality of concrete. Dev. Built
Environ. 2024, 17, 100344. [CrossRef]

288. Wang, W.; Wang, Z.B. A technological research of high temperature float glass thickness un-touch detection based on CCD sensor.
J. Comput. Methods Sci. Eng. 2015, 15, 251–260. [CrossRef]

289. Lishchenko, N.; Pitel’, J.; Larshin, V. Online Monitoring of Surface Quality for Diagnostic Features in 3D Printing. Machines 2022,
10, 541. [CrossRef]
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