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Abstract

Hybrid imaging methods are emerging as one of the most dynamically evolving research
areas in industrial inspection systems. This paper presents a literature review covering
relevant scientific publications and official reports on the use of multimodal approaches
in quality inspection and NDT systems. Hybrid imaging involves combining two or more
imaging techniques to enhance the detection, characterization, and interpretation of fea-
tures in inspected objects. The paper describes the physical foundations of vision-based
inspection systems, including the interaction of optical radiation with matter. It also intro-
duces a classification of optical methods and discusses the role of image fusion in multi-
modal data processing, with particular emphasis on high-speed quality control systems.
The review outlines the current capabilities, limitations, and industrial applications of hy-
brid imaging, as well as future research directions, including integration with real-time
systems and the use of artificial intelligence for automated defect interpretation.

Keywords: hybrid imaging; quality inspection; image fusion

1. Introduction

Quality inspection and technical diagnostics of industrial equipment and machinery
are rapidly evolving research areas. In modern manufacturing, 100% production inspec-
tion is gaining increasing importance. This is particularly relevant today, as one of the
primary priorities of manufacturers is the implementation of sustainable production strat-
egies aimed at minimizing waste and maximizing resource efficiency. An example of such
initiatives is the Zero Defect Zero Waste (ZDZW) methodology [1], which seeks to achieve
zero defects and zero waste in manufacturing, with non-destructive inspection methods
serving as one of its fundamental pillars. One of the most extensively exploited physical
phenomena in non-destructive inspection technologies (NDT) is the interaction between
electromagnetic radiation and matter, which provides a basis for assessing the surface,
subsurface, and structural integrity of inspected components. Across the broad range of
techniques that utilize different portions of the electromagnetic spectrum (Figure 1), opti-
cal radiation imaging methods occupy a particularly prominent position.

The significance of optical imaging arises not only from rapid technological advance-
ments in sensor architectures, optical components, illumination systems, and acquisition
hardware, but also from ongoing progress in advanced image processing and computer
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vision algorithms that substantially improves detection sensitivity and measurement ro-
bustness. Additionally, optical techniques provide inherent scalability, supporting both
high-resolution, close-range inspection and standoff measurements at considerable dis-
tances from the object. This versatility, together with the non-contact nature and suitabil-
ity for high-throughput industrial environments, establishes optical imaging as a founda-
tional element of non-destructive testing and a vital component of modern quality inspec-
tion systems.

Optical Radiation
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Figure 1. Electromagnetic spectrum. Adapted from [2].

The majority of current inspection methods rely on a single measurement technique.
Ongoing research focuses on developing next-generation systems that offer enhanced au-
tomation, accuracy, and reliability. Hybrid or multimodal imaging combines different
measurement techniques to support advanced image fusion approaches. Hybrid inspec-
tion systems provide significant advantages by capturing a wide range of data through
images acquired from multiple sensor types. This methodology ensures redundancy and
provides complementary information on potential defects in manufacturing processes.
Selecting appropriate imaging techniques is essential, as each sensor modality possesses
distinct limitations and characteristics. Once images of adequate quality are obtained, the
subsequent step involves fusing data from these sources to achieve effective integration.
Achieving the required level of effectiveness and reliability of an inspection system de-
pends on the proper selection of technical and functional parameters determined by the
aforementioned factors. Despite a significant increase in publications on image fusion
methods in recent years, the design of imaging systems for hybrid optical inspection in
industrial applications remains a persistent challenge [3].

2. Related Work

In this section, studies relevant to the scope of this review are introduced. Specifi-
cally, the development of multimodal medical and biological imaging methods is outlined
as a pioneering field of application. In addition, hybrid solutions in military, surveillance,
and remote sensing are summarized. Finally, several outstanding works in the area of
structural health monitoring are presented.

2.1. Medical and Biological Hybrid Imaging

Numerous survey articles have delved into multimodal imaging in the field of med-
ical and biological imaging. The first concepts of image fusion for hybrid nuclear imaging
systems emerged at the turn of the 1990s, with early proposals for SPECT/CT and
PET/SPECT modalities appearing in that period. Practical prototypes, however, were de-
veloped only several years later, when the initial ideas matured into implementable sys-
tem designs [4,5]. In the following years, significant research has been undertaken to inte-
grate molecular and optical imaging and other combinations, such as optical/MRI and
optical-ultrasound systems. Over more than 25 years of development, hybrid imaging
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systems have provided an effective solution to overcome the limitations of individual mo-
dalities. In this context, three fundamental reasons for employing multimodal imaging in
medicine were identified, which can be generalized as follows [6]:

e  Acquiring complementary information;
e  Achieving synergistic effects through data fusion;
e  Planning future procedures and monitoring the actions taken.

Azhari et al. highlighted the relationship between accurate spatial alignment and the
overall effectiveness of multimodal fusion. Authors noted that hardware-based solutions
tend to be more efficient than post hoc alignment of independently acquired datasets us-
ing dedicated algorithms. However, these conclusions were formulated at a time when
hybrid scanners were only beginning to enter clinical practice and before the advent of
modern Al-based fusion methods. With the growing number of emerging concepts, Bis-
chof et al. proposed categorizing these methods into two groups[7]: direct correlative and
indirect. Hybrid methods are described as hardware platforms capable of simultaneously
fusing two or more imaging techniques or sequentially to capture complementary infor-
mation about the same sample and region of interest. Indirect multimodal imaging is used
to study the same sample type but not necessarily at the same time or region. Post-acqui-
sition processing is needed for integration between the recorded data. Moreover, the au-
thors point out that in an ideal case, the use of hybrid methods in one device would avoid
colocation of instruments issues, but due to the technical specifications of the imaging
methods, combining them into single platforms is difficult. In a recent review, Diwakar et
al. [8] emphasized that, despite ongoing efforts to apply advanced image-processing tech-
niques based on deep-learning methodologies to mitigate misregistration artifacts, sub-
stantial progress is still required to attain the desired levels of accuracy and robustness.
Moreover, Bhosekar et al. [9] highlight several limitations of CNN-based multimodal im-
age fusion, including limited interpretability and high computational complexity, which
constraint its applicability in real-time systems. Furthermore, biomedical imaging has tra-
ditionally prioritized spatial resolution while giving insufficient consideration to time as
a critical factor in decision-making based on multimodal data [10].

2.2. Surveillance, Security and Military Applications

Hybrid imaging is widely used in surveillance and security systems [11] to integrate
information from multiple cameras, thereby enhancing the appearance of observed ob-
jects —especially under low-light conditions. Typical applications include object recogni-
tion, tracking, anomaly detection, perimeter security, and situational awareness. Para-
manandham, N., and Rajendiran, K. [12] presented a comparative study of image fusion
techniques for surveillance applications. A large body of research focuses on fusing infra-
red and visible images to obtain a more informative result that is more suitable for the
system operator.

In a recent study, Abdul-Al et al. [13] presented a comprehensive analysis of a hybrid
multimodal biometric system (MBS) that integrates visible and infrared data to overcome
the limitations of unimodal approaches and improve robustness, accuracy, and reliability.

In military applications, hybrid imaging systems incorporate both hardware and
software solutions. In night-vision devices designed for soldiers, enhanced NVDs (dual-
sensor night-vision devices). One promising approach involves monocular goggles that
combine two optical channels—a digital night-vision channel and a thermal-imaging
channel [14]. Dobrzycki A. and Bernardos A. propose a systematic framework for opti-
mizing multimodal fusion in UAV object-detection systems [15]. In their paper, the au-
thors highlight several key requirements that must be addressed in such applications:
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e  Modularity and fault tolerance—ensuring each modality can be processed inde-
pendently;

e  Interpretability —tracking back individual modalities for accountability and system
validation;

¢  Computational efficiency —supporting real-time processing;

e  Flexibility —allowing integration of new modalities or sensors.

Furthermore, the authors emphasize the importance of analyzing the trade-off be-
tween model complexity and performance, as well as implementing adaptive fusion
mechanisms that balance precision and recall in real-time operation.

2.3. Hybrid Remote Sensing

Remote sensing is primarily used to obtain detailed geographic information through
satellite platforms and UAV-based imaging systems. Earth observation and geomatics en-
gineering rely on data from multimodal imaging systems to capture detailed characteris-
tics of a wide variety of objects. To fulfill this demanding task, disparate modalities such
as optical, SAR, LIDAR, and hyperspectral data are commonly employed. Samadzadegan
et al. [16] analyzed a large number of studies and categorized the applications into the
following domains: geophysical exploration, object recognition, thermal mapping, spatial,
spectral and temporal resolution enhancement, agricultural applications, Land Use/Land
Cover (LULC) mapping, and urban built-up mapping. However, with such advanced sys-
tems, several challenges must be addressed, including differences in spatial resolution,
spectral domains, radiometric inconsistencies, and acquisition times.

Hybrid remote sensing systems require sophisticated software solutions. Classical
remote sensing models based on machine learning and neural networks are typically de-
signed for specific tasks and single data modalities, which limits their adaptability and
versatility. Recently, Vision Transformer architectures and self-supervised learning have
emerged as the most prominent approaches.

2.4. Structural Health Monitoring

Hybrid imaging has also been adopted in systems designed for Structural Health
Monitoring (SHM) [17]. Ensuring the safety and integrity of infrastructures and complex
engineered systems necessitates robust methods for the detection and characterization of
degradation. One of the solutions is to employ multimodal image-fusion strategies, which
enhance the reliability and completeness of diagnostic assessments. The optimal selection
of one or more appropriate SHM methods necessitates the knowledge of the structural
properties that are most significantly influenced by the damages of interest. Furthermore,
SHM methods are prone to changing environmental influences and show different sens-
ing capability and sensitivity to structural properties and structural changes [18]. Long-
term lifecycle performance over years must be considered when designing systems dedi-
cated to SHM. Employing a multi-sensor approach can provide a more comprehensive,
accurate, and reliable assessment of structural damage.

However, these solutions do not account for the rigorous requirements of industrial
environments. In most cases, the purpose of current fusion methods is to improve image
quality solely to enable proper interpretation by the system operator, usually without con-
sidering the computational efficiency of the algorithms used [19].

3. Fundamentals of Vision-Based Inspection Systems

Traditional vision systems typically employ panchromatic imaging, where the cam-
era is equipped with a single sensor tuned to a specific spectral range to capture the in-
tensity of the averaged signal. Multispectral imaging (MSI) similarly utilizes one vision
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channel with a single sensor spanning a broad portion of the electromagnetic spectrum
which is additionally equipped with a special mechanical or tunable filter system [20].
This approach makes it possible to capture images of the same scene across multiple
wavelengths of electromagnetic radiation. Systems that leverage hyperspectral imaging
(HSI) represent a further advancement of this technique, which enable the recording of
several hundred images in various ranges of the electromagnetic spectrum [21]. Hyper-
spectral cameras are compact, integrated systems that generate a hyperspectral cube
based on captured images within a given spectral range, maintaining a common frame of
reference thanks to the manufacturer’s hardware and software solutions. A limitation of
these systems is the difficulty in developing high-sensitivity sensors and optical elements
with high transmittance across a wide range of electromagnetic radiation. To overcome
this issue, hybrid systems may provide a solution. However, achieving high detection
system efficiency requires a solid understanding of the physical principles underlying
each imaging modality.

The way electromagnetic radiation affects any material can be used to analyze it qual-
itatively or quantitatively. A variety of interactions between optical radiation and matter
(Figure 2) are harnessed to visualize the physical properties of objects. In practice, these
phenomena rarely occur independently, most recorded images arise from the combined
effects of interactions [22].

(a) (b) (c) (d) (e) () (8

Figure 2. Types of EM radiation interactions: (a) transmission, (b) refraction, (c) diffusion, (d) ab-

sorption, (e) emission, (f) directional reflection, (g) diffuse reflection.

Depending on the wavelength employed and the properties of the object under in-
vestigation, particular interaction mechanisms may exert either a predominant or a mini-
mal influence on the imaging process. The optical radiation spectrum consists of four prin-
cipal bands: ultraviolet, visible, infrared, and terahertz. These regions can be further sub-
divided into segments, each characterized by distinct interaction properties.

3.1. Ultraviolet Radiation

The ultraviolet (UV) region of the electromagnetic spectrum comprises wavelengths
shorter than those of visible light, spanning approximately 400 to 10 nm. A substantial
portion of the ultraviolet band is non-ionizing. Due to various factors, the ultraviolet ra-
diation range has been divided into smaller regions. Numerous conventions have been
established for subdividing the ultraviolet spectrum into distinct subregions; however, an
approach that is particularly well-suited to technical processes involves [23]:

e XUV —Extreme Ultraviolet (10-121 nm).
e  FUV—Far Ultraviolet (122-200 nm).

e MUV —Middle Ultraviolet (200-300 nm).
e  NUV—Near Ultraviolet (300400 nm).

In electronics surface quality inspection applications, the term “deep UV” is often
used, which ranges from 250 to 115 nm. Vacuum UV radiation (vacuum UV) is also used,
covering wavelengths shorter than 180 nm. Due to substantial absorption of ultraviolet
(UV) radiation by air, systems operating at wavelengths in this portion of the UV band
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often require a vacuum or an alternative atmosphere with higher transmissivity. The ap-
plication of UV radiation in vision systems facilitates the visualization of features and
properties of objects that are challenging to image using other modalities. Numerous sub-
stances exhibit pronounced absorption of UV radiation, permitting, among other benefits,
the visualization of surface topography in materials that are transparent or semi-transpar-
ent to visible light. Moreover, the shorter wavelength of UV radiation results in signifi-
cantly greater scattering compared to visible or infrared radiation when interacting with
uneven surfaces. This property enables the detection of minute scratches or cracks that
remain undetectable under other illumination conditions. One of the most commonly
used features of ultraviolet radiation is the property of certain materials that allows the
effect of fluorescence to be obtained (Figure 3) [24].

(b)

Figure 3. Fluorescence imaging system: (a) overview and (b) image recorded with VIS bandpass
filter [24].

In methods based on this phenomenon, the object under investigation is illuminated
with UV radiation, after which a visible-wavelength camera captures the photon emission
from excited atoms or molecules. In systems employing active ultraviolet illumination and
UV sensor, reflectance imaging is the predominant technique utilized [25].

3.2. Visible Light

Vision-based diagnostic and quality control systems typically use visible radiation,
also referred to as visible light. The electromagnetic spectrum corresponding to this type
of radiation closely matches the sensitivity range of the human eye, encompassing wave-
lengths from approximately 380 to 780 nm. Visible radiation was first used in imaging
systems and is now widely used in industrial vision systems. A special feature of the vis-
ible spectrum is the ability to identify colors. Quality control systems that rely on color
analysis require specially engineered sensors. The preferred method for acquiring color
images uses a photosensitive array with a Bayer filter. In this approach, light incident on
the camera sensor passes through a mosaic of red, green, and blue optical filters [26]. An-
other solution for capturing color images is a triple imager. These cameras use three image
sensors with filters for red, green, and blue, along with a prism [27]. Moreover, within the
visible spectrum, numerous methods have been developed for 3D inspection of products
in manufacturing systems [28]. These methods demonstrate high precision and accuracy
in assessing manufactured components, thereby supporting the stringent quality-control
requirements characteristic of demanding sectors such as the aviation industry [29].

In general, non-contact measurement techniques that utilize the visible spectrum are
predominantly employed in inspection processes such as [30]:

° Inspection of shape and geometric dimensions;
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e  DPosition recognition;

¢  Completeness checking;

e  Surface inspection;

e  Comparison of objects and images;

¢ Object identification (using codes and tags).

In the design of industrial vision systems, the primary objective is to enhance the
contrast of features of interest in the observed object while minimizing contrast in non-
relevant areas of the acquired images. The appropriate design of imaging systems plays a
critical role in ensuring the reliability and repeatability of vision systems. Reflectance im-
aging remains the principal technique for acquiring images in the visible spectrum. It is
used in geometric measurements and the detection of surface defects in products or posi-
tioning task in robotics applications (Figure 4a) [31]. In a transmission imaging system,
the object under inspection is illuminated from behind, toward the camera, which records
the transmitted radiation. This configuration is referred to as backlighting. For opaque
objects, this method is commonly employed to measure the external dimensions of a prod-
uct or checking the completeness of complex products [32].

- "4 ————
Actual position A 44N #! Pragrammed position

L

(b)

Figure 4. Imaging systems include: (a) reflective systems—welding path identification [31], and (b)

transmission systems —glassware inspection [33].

During the inspection of transparent materials, the light transmitted through the ob-
ject’s structure and captured by the camera sensor is analyzed. This approach enables the
detection of subsurface defects, including internal structural damage and inclusions (Fig-
ure 4b) [33].

3.3. Infrared Radiation

It is assumed that the infrared radiation spectrum (IR) encompasses a band of wave-
lengths above 0.78 um. The upper limit of this band, depending on the source, can reach
1000 um, a characteristic of older publications that do not include the now-separated te-
rahertz band. Owing to the sensitivity of materials utilized in the fabrication of camera
sensors, as well as the presence of atmospheric windows with high transmissivity, the
infrared range is divided into sub-ranges.
¢  NIR—near-infrared (0.78-1 pm).

e  SWIR—short-wave infrared (1-3 pm).

e  MWIR—middle-wave infrared (3-5 pm).

e LWIR—Ilong-wave infrared (8-14 um).

e  VLWIR—very-long-wave infrared (14-1000 pm).

The majority of industrial inspection systems utilize commercially available cameras
that operate within the NIR, SWIR, MWIR, and LWIR spectral ranges.

https://doi.org/10.3390/jimaging12070309
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Imaging methods utilizing infrared radiation can be broadly categorized based on
the imaging of electromagnetic waves transmitted through, reflected from, or emitted by
an object as a result of its thermodynamic properties. In practical applications, reflected
infrared radiation primarily encompasses the short-wave infrared range. Similar to sys-
tems operating in the visible spectrum, illumination of the object is required to obtain an
image in these systems. An example of leveraging these properties of NIR radiation is the
imaging of transmitted infrared radiation and reflectography used in non-destructive test-
ing of works of art [34]. In industrial contexts, the high absorption of many fluids in the
SWIR band is frequently utilized. Imaging systems of this type are employed to inspect
moisture content or to measure liquid levels [35]. Nevertheless, infrared radiation is pri-
marily employed to image thermal processes occurring on surface of observed objects
(Figure 5).

(b)

Figure 5. Thermal camera images: (a) indoor switchboard [36], (b) process of washing bottles [37].

These systems utilize electromagnetic radiation from the mid-wave and long-wave
infrared regions, collectively referred to as thermal infrared (TIR) [38]. The spectral distri-
bution of blackbody emittance, as described by Wien's displacement law, has significant
practical implications for selecting appropriate sensors to measure the temperature of a
given object [39]. Long-wave infrared (LWIR) cameras are engineered to measure temper-
atures within the range of —70 °C to 250 °C. In the short-wave infrared (SWIR) region,
temperatures from 250 °C to 800 °C are typically measured. Higher temperatures may also
be measured using CCD and CMOS sensors, which are generally intended for imaging in
the visible spectrum [40]. Thermal imaging systems can be divided into passive and active
solutions. Passive thermography refers to the measurement of thermal variations in ma-
terials using an infrared imaging device, without the requirement for external thermal
stimulation. In contrast, active thermography requires the application of external heat
sources. Depending on the stimulation method, several types of active thermography are
distinguished [41]:

e  DPulsed thermography;

e  Stepped thermography;

e  Lock-in thermography;

e  DPulsed-phase thermography;

¢  Frequency-modulated thermography.

Pulse thermography involves determining and analyzing the temperature distribu-
tion on a tested surface as it cools after being stimulated with a thermal pulse of a specified
duration, up to the point where the surface returns to its baseline temperature. Modula-
tion (synchronous) thermography is also often referred to as lock-in thermography.

https://doi.org/10.3390/jimaging12070309
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3.4. Terahertz Radiation

Terahertz radiation spans the electromagnetic spectrum from 0.1 to 10 THz, corre-
sponding to wavelengths from 3 mm to 30 um. The sub-terahertz band is often defined as
the range from 0.1 to 1 THz. For many years, the field of optical radiation was not fully
explored. This was due to difficulties in developing both sources and detectors capable of
operating at THz frequencies. This band was often referred to as the terahertz gap [42].
The recent development of terahertz imaging methods is largely attributable to advances
in technical solutions that enable the production of compact radiation sources and detec-
tors operating within this region of the electromagnetic spectrum. Ongoing technological
progress continues to broaden the range of applications for terahertz imaging systems.
Nevertheless, the effective implementation of these systems necessitates a comprehensive
understanding of both the inspection process and the physical properties of the inspected
objects. Terahertz systems are transitioning from the laboratory research phase to indus-
trial applications; however, their widespread adoption is still constrained by stringent re-
quirements for reliability and resistance to interference. Terahertz waves are characterized
by several unique properties:

¢  Low attenuation in dielectrics (textiles, paper, plastic, leather, wood);
e  High absorption by polar substances (e.g., water);

e  Complex and individual spectral signatures of materials;

e High reflectivity of metals.

These features allow terahertz imaging to penetrate objects and reveal their internal
structure. For example, it enables the inspection of a package without opening it (Figure
6).

(b)

Figure 6. Enclosure (a) interior, (b) exterior, (c) sub-terahertz image [43].

Terahertz radiation enables diverse applications, notably in public safety, defense,
quality control, and technical diagnostics [44]. Although terahertz imaging offers numer-
ous advantages, it is also subject to notable limitations, chiefly low imaging resolution and
the prevalence of diffraction effects [45]. The penetration depth of terahertz radiation and
the sensitivity of the inspection system are dependent on the source power. In the case of
low-power sources, the use of technologically advanced sensors with enhanced sensitivity
becomes essential. Despite progress in THz detector research, the number of commercially
available solutions remains extremely limited. The main technological barriers hindering
the wider application of this imaging method revolve around several key issues. First, the
insufficient spatial resolution of currently available THz sensors is a fundamental limita-
tion, further exacerbated by their high cost, which is directly dependent on the number of
measurement elements in the sensor. A significant challenge is the lack of dedicated opti-
cal systems, which necessitates the use of lensless systems, whose field of view and obser-
vation capabilities are limited by the sensor size. Finally, the performance parameters of
THz cameras—such as low pixel counts and restricted frequency ranges —remain insuffi-
cient to meet the stringent requirements of industrial environments.

https://doi.org/10.3390/jimaging12070309
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4. Hybrid Imaging Inspection Methods

In general, hybrid systems can combine the advantages of measurement methods
using various physical phenomena such as penetrating radiation, optical radiation, acous-
tic waves, electromagnetism and other inspection methods (Figure 7).

Electromagnetic Radiation
+ Gamma-rays * X-rays * Optical Radiation « Microwaves + Radio waves

Mechanical waves Electromagnetism

* Acoustic Emission » Eddy Currents

. U_Itras_ound ) Hybrid Inspection Methods . Magnetl_c Particle Tes_tmg

« Vibration Testing « Alternating Current Field Measurement

Other inspection methods

Figure 7. Generic hybrid inspection methods.

Hybrid methods increase the probability of detecting specific features of the object
being inspected and enable synergistic effects, yielding new information that is not possi-
ble with either technique used alone. To illustrate the range of applications and possible
configurations, Table 1 presents selected examples of hybrid systems used in technical
diagnostics and quality control. Many studies focus on composite inspection using hybrid
techniques. Torbali et al. provided an extensive literature review of this method’s appli-
cation to the structural inspection of composites, including those used in aviation [46].
Inspection systems employing hybrid approaches are being developed for a variety of
sectors, including the food industry, electronics, art conservation, and safety applications.
To provide a comprehensive and consistent comparison of the selected solutions, the table
presents the achieved algorithmic performance. Furthermore, all systems were evaluated
for their Technology Readiness Level (TRL) according to the NASA scale. The scope and
primary purpose of the implemented data fusion approach are also indicated.

One of the most widely utilized physical phenomena in non-destructive testing is the
interaction between electromagnetic radiation and matter, which enables the examination
of surfaces, sub-surfaces, and internal structures of objects. Among the various methods
that employ different regions of the electromagnetic spectrum, optical imaging techniques
are particularly significant. This significance is attributable, in part, to the rapid advance-
ment of sensors, optical systems, and image processing and analysis techniques. Further-
more, optical methods are characterized by high scalability and the ability to record radi-
ation at various distances from the object under investigation. Hybrid approaches lever-
aging the optical radiation spectrum (Figure 8), due to the unique properties of electro-
magnetic waves in individual bands, facilitate the design of systems with enhanced de-
tection efficiency and reliability.

https://doi.org/10.3390/jimaging12070309
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Table 1. Selected hybrid inspection methods.

j f
Utilized Obj ect.o Inspection Fusion Fusion Throughput
. Inspection . . L. Mode . TRL
Technologies . Objective Level Objective (Real-Time)
(Dataset Size)
Food
. . Overall
Products: Internal defects _ Enhanced contaminant detection through
X-ray, . Pixel . . . . system:
. Poultry detection ) compensation for meat thickness-induced In situ 5
Optical 3D [47] . Fusion i 0.2 m/s
filets (Bone fragments) X-ray attenuation effects.
(RT tested)
(20 samples)
Individual acquisition:
Internal .
RGB. 3D Food and external defects detection Improved defect detection accuracy X-ray—0.24 m/s
T Products: Feature (Hybrid—81.58%, X-ray only —73.68%, HSI . RGB—12 FPS
Hyperspectral, X- . (decay, softness, sunscald, ) o . In situ 5
Onions . : Fusion only—78.95%) and complementary weight 3D—30 FPS
ray [48] sprouting, mechanical damage), L
(74 samples) size/shape out of tolerance estimation HIS—N/A
p : (Non-RT tested)
Individual I~
Ultrasounds, Ther- CFRP Internal and . . ndividual acquisition
. Pixel Enhanced and improved . UT—0.3m/s
mography, Eddy composites external defects . . . Ex situ 4
current [49] (1 sample) detection Fusion detection traceability EC—0.3m/s
P ° PT—N/A
Improved defect detection
Ultrasounds, (Increased size of defect region in hybrid
Pulsed CFRP composites Internal Decision mode) and classification (impact character- .
. . o Ex situ N/A 4
Thermography (3 samples) defects detection Fusion ization)
[50] Enhanced and improved
detection traceability
Ultrasounds, CFRP composites Internal Pixel ~Complementary characterization of inter- .
. . Ex situ N/A 4
X-ray CT [51] (16 samples) defects detection Fusion nal damage geometry
Optical (3D,
h h I 1
shearography), Aircraft components nternal and Pixel =~ Complementary defect information. Im- .
Thermography, external defects ) oL Ex situ N/A 4
. (2 samples) . Fusion proved defect classification
Laser Ultrasonic detection
[52]

https://doi.org/10.3390/jimaging12070309



J. Imaging 2026, 12, 309

12 of 28

Increased accuracy of corrosion material

Edd t, Ul- Internal and
y current, U Aircraft Lap-Joints nerna’ an Decision loss (Actual —16 + 17%, Hybrid —17.4%, _
trasounds, external defects . . . Ex situ N/A 4
Microwaves [53] (5 samples) detection Fusion EC—13%) and crack detection (Hybrid —
98.8%, EC—88.9%)
1
Optical (LBR), Improved defect classification accuracy (2- so‘s,::;'
Acoustic Laser welding Internal defects Feature 3% increase with hybrid AE/LBR), X-ray In situ 1}75 m /s' 5
Emission, (200 samples) detection Fusion for comprehensive information regarding )
. (RT tested, comp.
X-Ray [54] defect formation .
time—2 ms)
Induction Aluminum/carbon fiber Complementarity of inspection (IT —core
. Internal defects Feature LT .
Thermography, composite . . damage, delamination, EC nature and po- Ex situ N/A 4
detection Fusion .
Eddy current [55] (1 sample) sition of core defects)
Optical, Infrared, Paintings Internal and external defects de- Feature Increased defect detection .
. . . Ex situ N/A 4
X-ray [56] (2 samples) tection (cracks) Fusion efficiency
Complementarity of inspection. Improved Overall
Optical, Steel pipes Internal and external defects de- Feature P . vy P P . system:
Ultrasounds [57] (45K samples) tection Fusion defect detection accuracy (Hybrid—97.5%, Insitu 35 ms/sample (RT
P VIS—90.8%, UT—92.5%) P
tested)
Internal and external defects d Improved defect Overall
Optical IR/VIS, Welded metal joints crnat and external €eiects €€ Feature . iproved defects . system:
Electrical [58] (884 samples in test set) tection Fusion classification accuracy (Hybrid —89.5%, Insitu 0.25 m/s 5
p (cracks, porosity) VIS <70%, IR < 65%, EL < 75%) :
(RT tested)
External
Leak detection
Th h fi i imi i
ermography, (168 samples in IR dataset. defects detection N/A Optimized detection In situ (RT tested) 3

Acoustic [59] Small (<0.25 mm),

84 samples in AE dataset) Medium, Large (>1.0 mm) leaks

and localization

Note: N/A stands for “not available” or “not applicable”.
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Figure 8. Hybrid optical inspection methods.

The manner in which electromagnetic radiation interacts with matter, depending on
the wavelength employed, is of particular significance, as are optical phenomena that di-
rectly influence measurement accuracy, including diffraction, distortion, and chromatic
aberration [60]. The selection of appropriate optical radiation ranges to be used in a hybrid
system depends on many factors, including:

e  The test object (e.g., structure, material type, physical properties);
. Measurement requirements (e.g., frequency, resolution);
e Object characteristics (e.g., geometric dimensions, structure, temperature).

Based on a review of the current state of the art, a unified methodology for the design
and implementation of hybrid vision systems has not been identified. Concurrently, the
literature underscores the importance of appropriately selecting the most pertinent mo-
dalities, as these facilitate the analysis of factors contributing to quality variability in in-
spected products. In extensive research on subsurface imaging, Saha characterizes the de-
sign process as an iterative optimization task that begins with problem definition, fol-
lowed by probe selection based on an evaluation of candidate solutions. This evaluation
considers each probe’s sensitivity to relevant physical parameters and its ability to pro-
vide adequate spatial resolution. The author identifies the key optical parameters that
must be considered when designing an inspection system: absorption, scattering, diffu-
sion coefficient, refractive index, fluorescence rate and lifetime, and, for thermal imaging,
thermal emittance. Subsequent steps include selecting an appropriate imaging configura-
tion and testing the system on representative sample targets, typically preceded by simu-
lation-based evaluation. Finally, end-to-end system optimization is performed using de-
fined performance metrics to ensure that the system meets the required specifications.
Saha explicitly notes that multimodal imaging should be employed when a single modal-
ity exhibits inherent limitations, such as insufficient contrast or inadequate resolution.

To complement this approach, the authors of this work suggest that the design of
hybrid optomechatronic systems as inherently complex structures should incorporate de-
cision-support methods when selecting among possible solutions. One viable method is
the use of a multi-criteria decision matrix developed according to the Pugh concept selec-
tion method [61]. In the first stage of concept development, it is necessary to define the
selection criteria and assign appropriate weights. The primary criteria should describe the
system’s ability to detect specific classes of defects, such as surface defects, subsurface
defects, or thermal anomalies. Additional criteria may relate to the quality of the acquired
images: for example, those influenced by illumination intensity and uniformity across the
inspection area, image blur, or spatial resolution. Subsequently, criteria that capture the
analytical capabilities of the hybrid system as a whole should be included, such as the
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ability to perform defect classification or the synergistic benefits arising from combining
multiple imaging modalities. Finally, practical implementation criteria must be consid-
ered. These include the technology readiness of individual imaging modules (e.g., IP rat-
ing, compliance with communication standards, and expected operational lifespan), op-
erational requirements (e.g., the need for frequent calibration), system scalability, adapt-
ability, expandability, and the cost of producing additional units.

In the developed decision matrix, it is essential to present the baseline variants that
are the single-modality configurations as the first entries. These serve as benchmarks
against which all subsequent hybrid configurations are evaluated. Depending on the na-
ture of the project, whether research-oriented or implementation-oriented, the weights
assigned to criteria related to TRL levels, cost, and practical deployment aspects should
take on correspondingly higher values. In implementation projects, these factors typically
dominate the decision process, whereas in model-oriented research studies, such criteria
may be assigned lower weights, reflecting their reduced relevance at early conceptual
stages. Ultimately, the development and implementation of hybrid systems that utilize
the optical radiation spectrum require an interdisciplinary approach that considers the
underlying physical phenomena in optical inspection systems, as well as methods for im-
age fusion and data acquisition.

4.1. Image Fusion Methods

Image fusion (Figure 9a) is the process of integrating information from multiple im-
ages to enhance reliability and achieve greater overall usability than any individual input
image in context of image quality regarding feature contrast and resolutions.

Fused i ;mage

T hermal image Vlmble una‘e

Y [px]
Visible-light camera setup

Terahertz camera setup

Xips]

(@) (b)
Figure 9. Image fusion concept in hybrid systems: (a) IR-VIS [62], (b) VIS-THz [42].

Image fusion represents a specific form of data fusion, the implementation of which
enables [63]:

e  Greater detail in information representation.

e Increased measurement accuracy.

¢  Elimination of interference and measurement errors.
e  Comprehensive imaging of phenomena.

The fusion of data from multiple sources necessitates consideration of additional
challenges associated with their processing and analysis—challenges that do not arise in
systems employing a single measurement technique [64]: data incommensurability, reso-
lution disparities, image registration, partial data absence or data conflict. Different acqui-
sition techniques inherently generate not only diverse data types but also distinct catego-
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ries of errors. When integrating information from multiple sources, the individual obser-
vations vary in their confidence, reliability, and overall quality. The presence of more than
one information source inevitably introduces potential conflicts, discrepancies, and incon-
sistencies. Furthermore, calibrating multimodal imaging methods is more complex than
calibrating unimodal solutions. A commonly used approach involves employing a cali-
bration pattern with specific points that exhibit high contrast across all applied modalities
[62]. However, for imaging methods based on fundamentally different physical princi-
ples, establishing geometric relationships is a particularly challenging task [47]. Integrat-
ing images with other data types (e.g., 2D images and time-series electrical signals) re-
quires precise calibration and temporal coordination. In such hybrid systems, synchroni-
zation can be achieved by using a shared clock to trigger both acquisition systems [57].
Additionally, geometric registration may be performed using reference markers. Another
issue is the choice of the processing stage at which image fusion [65] will be performed
(Figure 10). Early fusion can diminish modality-specific features, whereas late fusion may
not adequately capture cross-modal interactions. Identifying required sensor types ena-
bles more effective fusion, especially when combining features extracted from data across
techniques, which is more advantageous than processing raw signals. However, when
data types are completely incommensurable, the only feasible approach remains fusion of
inspection results (decision fusion).
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Figure 10. Fusion techniques at different processing levels: signal-level, pixel-level, feature-level,

and decision-level fusion.

Image fusion methods are typically categorized into several main groups [66]:

Multiscale transform methods [67].

Sparse representation techniques [68].

Deep-learning-based methods [69].

Saliency-based approaches [70].

Hybrid models integrate various approaches to enhance fusion quality.

With respect to the above methods, solutions that explicitly focus on fusion for local
anomaly detection remain relatively rare. These systems employ local feature extraction
and fusion strategies based on region segmentation or the isolation of specific regions of
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interest (region-based fusion). Such approaches enable the preservation of detailed infor-
mation about key image elements, which in applications such as visual inspection, object
recognition, and medical image analysis, provides a significant advantage over the tradi-
tional global approach.

Historically, the initial requirement for image fusion involved employing methods
that efficiently and ergonomically combine signals from these sensors for presentation to
a human operator [71]. However, the influence of image synthesis on task-specific analysis
algorithms and their results is currently attracting attention. In the study by Singh and
Tuwari, the impact of image fusion on classification is explored to determine the optimal
combination for improving classification accuracy [72]. In a recent study, Alshohoumi and
Al-Hamdani evaluated fusion-based models demonstrating that the choice of fusion strat-
egy (early, intermediate, or late) substantially influences classification performance [73].

Relatively fewer publications on image fusion explicitly address the computational
efficiency of the algorithms utilized. Nonetheless, Kalamkar and Mary [11] highlight the
relationship between algorithmic complexity and processing time for various image mo-
dalities. Multimodal and hyperspectral fusion are the most complex and time-consuming.
In contrast, bispectral fusion is characterized by low complexity and shorter computa-
tional times. For multimodal and multisensory fusion, both complexity and processing
time can vary significantly depending on the number of modalities, sensor types, and al-
gorithms employed. Wang et al. [74] highlight that spatial fusion methods, which operate
through direct manipulation of pixel values, are distinguished by their low computational
complexity and straightforward implementation. However, the effectiveness of these
methods is highly contingent upon the accuracy of pixel weight estimation. In deep learn-
ing-based approaches, the use of larger models typically translates into improved repre-
sentational and learning capabilities, but at the cost of increased computational and
memory requirements. The number of model parameters often correlates with the number
of floating-point operations (FLOPs), and increasing the number leads to longer pro-
cessing times. Consequently, in practical real-time inspection systems implementations,
these parameters should be analyzed collectively rather than in isolation. Ding et al. [75]
recently demonstrated that robust multimodal image fusion critically depends on a relia-
ble pre-registration stage, as early fusion pipelines require strict pixel-level alignment of
corresponding physical locations. Most solutions based on dense networks and GAN-
based approaches are limited in preserving complex, high-quality details and are suscep-
tible to redundant structures and mode collapse. Consequently, recent fusion methods
have become increasingly task-oriented. Building on these developments, the authors pro-
pose a Modality-Invariant Progressive Representation (MIPR) approach that achieves ex-
cellent accuracy results. However, the limitations of these methods become particularly
apparent in inference benchmarks: for low-resolution input images (399 x 282 px), high
accuracy is only achievable with extended inference times (~0.67 s). At higher resolutions,
the trade-off between accuracy and latency becomes increasingly pronounced, underscor-
ing the need for image registration techniques that are both computationally efficient and
geometrically robust. General-purpose image registration and fusion methods can be
used in less time-critical applications, but often struggle in demanding scenarios, particu-
larly when multimodal data exhibit weakly discriminative or significantly different fea-
tures. In online industrial inspection applications, which are typically tailored to specific
tasks and permit precise system calibration, incorporating a priori knowledge of object
properties and process variability enables the development of computationally efficient
and robust image registration algorithms even for high-resolution imagery [76]. This ap-
proach accelerates the entire image fusion process and makes it more suitable for real-
time applications.
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4.2. Applications of Hybrid Optical Imaging in Industrial Inspection

The primary goal of hybrid inspection systems designed for industrial applications
is the accurate assessment of an object’s condition based on captured images within a
strictly defined and limited time frame. An important consideration in the design of such
systems is the selection of appropriate sensors and lighting that ensure high-quality im-
ages, which is closely determined by the specific application of the given system. It de-
pends not only on the type of material of the examined element, but also on the character-
istic of the potential defects that need to be detected or classified. When designing hybrid
quality control systems, the following factors must be taken into account:

e  Characteristics of the sensors and optical systems used;
e  Inspection zone illumination methods;

° Mechanical constraints;

e  System immunity to interference factors.

Furthermore, in high-throughput manufacturing environments, such as the fast-
moving consumer goods (FMCG) sector, quality control systems are frequently required
to operate in real time to ensure comprehensive inspection and zero-defect production. In
non-destructive testing methods, data analysis is typically conducted as a post-process
activity. Consequently, in online applications, a large number of industrial systems still
rely on classical machine vision solutions, whereas in offline scenarios, Al-based methods
are used more frequently. This observation is consistent with recent comparative studies
on rule-based systems and data-driven approaches in industrial monitoring [77]. Classical
rule-based algorithms provide rapid and reliable responses, typically with low computa-
tional requirements. In contrast, data-driven methods exhibit high performance across
many practical systems.

High-throughput manufacturing environments require rapid and reliable decision-
making within the production cycle. For example, inspection rates in the tobacco industry
can reach up to 10,000 articles per minute [78], strongly favoring classical algorithmic ap-
proaches. In comparison, glass tableware manufacturing typically operates at approxi-
mately 180 pieces per minute [24], making Al-based methods more practical. Conse-
quently, designers of industrial inspection systems must carefully assess the feasibility of
different algorithms in the context of application-specific throughput requirements. An
extensive survey of semiconductor manufacturing systems [79] demonstrates that achiev-
ing millisecond-level inference often requires a trade-off between inspection speed and
accuracy. Furthermore, a recent study by Jayawardena et al. [80] emphasizes the im-
portance of reporting both average inference time and worst-case latency, as the latter
directly affects system responsiveness and operational safety. Performance metrics such
as frames per second (FPS) and inference time per image (ms/image) should therefore be
reported consistently to facilitate meaningful comparisons among different methods.

These considerations become even more critical in hybrid inspection systems, where
multimodal data acquisition increases both the amount of information to be processed
and the computational burden associated with preprocessing and image registration. As
a result, latency and computational constraints become increasingly pronounced. Conse-
quently, field deployment often relies on simpler or compressed models, including those
obtained through model compression, quantization, or knowledge distillation. Such ap-
proaches accept a modest reduction in performance in exchange for computational feasi-
bility and real-time operation on resource-constrained hardware. Table 2 presents selected
examples of hybrid optical inspection systems used in quality control and non-destructive
testing across a variety of industrial applications.
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Table 2. Selected hybrid optical inspection methods.

j f
Utilized Ig:] zz:i(())n Inspection Fusion Fusion Mode Throughput TRL
Technologies (Dat:)set Size) Objective Level Objective (Real Time)
Food Reduced Error
Hyperspectral products: Internal defects Feature of Prediction 30 mm/s
. detection . (Hybrid RMSEP = 0.65%, In situ 4
IS-NIR IR [81 F RT f
VIS-NIR +SWIR [81] (%gaoli’ Seabrirrlleess) (soluble solids content) uston VIS-NIR RMSEP = 0.76%, SWIR (RT focused)
P RMSEP = 0.7%)
Food
products: Internal defects Improved prediction
F A
UV/VIS/NIR [82] cherry detection eat.U e accuracy of lycopene In situ N 3
Fusion . (RT focused)
tomato (Lycopene content) (Hybrid —R2=0.95)
(115 samples)
Internal and -
Food external defects Prediction of seal strength
. 1 —R2=
VIS/IR [62] pr(?ducts. . detection Pixel Fusion (Hybrid IR/VIS/Process data—R In situ 400 mm/s 4
heat-sealing container (creases, wrinkles, contaminations 0.82, (RT tested)
(66 samples) ! i ! Hybrid IR/VIS—R2=0.42)
weak seals)
Comprehensive information
UV/VIS [83] Wood Extzrer;:i:iigiects Feature regarding defect formation In situ N/A 4
(3 types fresh, stored, dry) . . Fusion Increased ability to detect (RT focused)
(Fungal infections) L .
co-occurring infections
Model
Internal and —60 FPS
external defects Enhanced precision (Hybrid —99.5% VIS cam
VIS/IR [84] PCB electronic boards detection Pixel Fusion mAP@0.5) In situ —19 FPS 4
(Epoxy overflow, die scratches, voids, and robustness IR cam
bubbles) —50 FPS
(RT focused)
Photolumines- SiC wafers Internal and Feature . Enhanced defect . . 10 wafers per
cence/VIS [85] (188 samples in valid set) external defects Fusion detection coverage and reliability =~ Ex situ hour 8
P detection (Hybrid —85%
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(Micropines, pits, bumps, inclusions) accuracy)
Internal and .
Comprehensive .
external defects . . Processing
. . . . . information . .
VIS/IR [86] Aluminum profiles detection Pixel Fusion In situ time —50 ms 4
. on defect types
(cracks, blisters, scratches, weld de- .y (RT focused)
. (Prediction of streak defects)
fects, die lines, streak defects)
Improved
GMA Pixel classification 32 em/min
VIS/IR [87] Welding Process instabilities detection . accuracy (Hybrid —59%, In situ 4
Fusion (RT focused)
(12 samples) VIS—51%,
IR —39%)
Internal and .
external defects Decision Comprehensive 10 mm/s
VIS/IR [88] Friction stir welding . . information In situ 4
detection Fusion (RT focused)
- . on defect types
(cracks, cavities, excessive burr)
. External defects Pixel Detailed view, . N/A
VIS/IR [89] Turbine blade detection Fusion enhanced contrast Exsitu (RT focused) 4
?;;Z?Sf: Increased
. e Pixel classification accuracy . N/A
UV/IR [90] de(tl:_)ezlc&)on Nozzle type and speed classification Fusion (Hybrid—97.48, In situ (RT focused) 3
IR—96.54, UV —86.76)
samples)
Power grid insulation Insulation faults Pixel Improved accura(?y of fault diagno- . N/A
UV/R 1] (10 samples) detection Fusion 519 In situ (RT focused) 4
P (Hybrid —94%)
Robust classification
RGB/SWIR/IR/THz Bulky waste . . Pixel ) . o o .
[92] (22,659 samples) Materials sorting Fusion (F1 score: Hybrid —93%, RGB—86%, In situ N/A 5

NIR—89%, IR—79%, THz—64%)

Note: N/A stands for “not available” or “not applicable”.
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Analysis of the selected systems demonstrates that employing a hybrid optical
method which integrates modalities with significant properties, such as visible light and
infrared imaging, improves inspection efficiency through redundancy and complementa-
rity. The synergy effect refers to how combining information from different image sources
enables more comprehensive detection, highlighting features that may be missed using a
single modality [86]. However, this benefit is often not clearly stated or emphasized in the
analyzed literature. Moreover, few authors explicitly address the importance of high
throughput or discuss the necessity of properly designing hybrid vision systems to match
the required inspection frequency [83]. Recent comprehensive waste-sorting datasets
highlight the need for further research on image registration and fusion in high-speed
applications [92]. As presented in the paper, such datasets should contain registered mul-
timodal images and pixel-wise ground-truth annotations. In addition, all technical param-
eters of the acquisition process should be reported to ensure reproducibility. As a baseline,
high-resolution visible-light images should be included alongside modalities that are rel-
evant to the inspection objective. The authors should also specify the desired minimal
processing time for registration and model inference and present the performance of their
own solution as a benchmark result.

5. Discussion

To identify research trends in hybrid imaging and image fusion, a literature search
was conducted using the Scopus database. The analysis focused on publications related
to industrial inspection, quality control, and non-destructive testing (NDT). To ensure the-
matic relevance, the search was limited to subject areas closely associated with engineer-
ing and industrial applications, including Engineering, Computer Science, and Multidis-
ciplinary Sciences. The queries were implemented using Scopus field restrictions, requir-
ing the imaging-related terms to appear in the title or abstract and the inspection-related
terms to appear in the title, abstract, or author keywords. For general hybrid/multimodal
systems identification, the search formula was constructed as follows: (“hybrid imaging”
OR “multimodal imaging”) AND (“inspection” OR “quality control” OR “NDT” OR
“nondestructive testing” OR “non-destructive testing”). To broaden the coverage of rele-
vant industrial applications, the strategy was refined by including publications indexed
with selected Scopus keywords such as Quality Control, Inspection, Defect Detection, De-
fects, Nondestructive Examination, Computer Vision, Image Processing, Image Quality,
Thermography, Infrared Imaging, Hyperspectral Imaging, Imaging Systems, Optical Data
Processing, Multimodal, Adaptive Optics, Learning Systems, Real-Time Systems, and
Quality Assurance. This approach was intended to comprehensively capture studies com-
bining multiple imaging modalities and advanced image-processing techniques for indus-
trial inspection and quality assurance applications. This filtering approach enabled the
identification of publications specifically addressing imaging-based inspection applied in
industrial environments. However, a substantial proportion of the screened studies fo-
cuses on hybrid concepts in Al methodologies, rather than on the implementation of mul-
timodal imaging systems themselves. The body of literature, including publications up to
June 2026, demonstrates a steady growth in research activity over the earlier years, fol-
lowed by a pronounced surge within the last two years. Figure 11 highlights this recent
acceleration in publication output. While most studies continue to concentrate primarily
on image processing, an increasing number of multi-source and multi-data investigations
reflects the growing scientific and industrial interest in hybrid and multimodal imaging
techniques.
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Figure 11. Annual distribution (up to June 2026) of relevant publications on hybrid/multimodal im-

aging and image fusion in industrial implementations.

However, many of these studies did not present actual implementations of multi-
modal imaging systems; instead, the integration was frequently highlighted as a promis-
ing avenue for future research and development, reflecting a growing interest in the field.
Current academic trends align with the conclusions reached by leaders in the industrial
vision systems sector [93]. Experts identify the growing prominence of Al-based systems
and multimodal sensing technologies as vital research areas for improving inspection re-
liability and minimizing misclassification risks in preventing process defects. As demon-
strated in this review, online and real-time implementations remain limited. Despite a
noticeable increase in the number of publications, significant challenges continue to hin-
der the translation of these approaches into robust industrial applications. This persistent
gap underscores the critical need for further research directed at overcoming practical
barriers.

When designing complex structures such as hybrid imaging architectures, decision-
support methods should be employed to guide the selection of viable solutions. This in-
cludes a preliminary assessment of imaging modalities capable of meeting defined re-
quirements, followed by a systematic comparison of alternative concepts against a base-
line according to the established criteria. The implementation of a hybrid system necessi-
tates both ex ante evaluation before deployment and ex post evaluation after a sustained
period of operation. These evaluations are critical for ensuring traceability, reliability, and
industrial applicability. It is worth noting the issue-appropriate metrics for evaluating fu-
sion quality in industrial applications. To design an optimal configuration of a hybrid sys-
tem, it is necessary to employ image-quality measures that objectively quantify how dif-
ferent variables influence detection performance. Existing methodologies include both
subjective and objective approaches, and image-quality assessment is widely applied
across various scientific and engineering fields. Most established metrics focus on percep-
tual aspects of visual quality and aim to predict image fidelity based on properties of the
human visual system. Subjective evaluation methods rely on experts or observers who
assess displayed images using a predefined rating scale. Conversely, objective methods
employ mathematical models to automatically and quantitatively estimate image quality.
Torbali et al. recommend using five metrics for overall image fusion evaluation: root mean
square error (RMSE), signal-to-noise ratio (SNR), correlation coefficient (CC), fusion mu-
tual information (MFI), and structural similarity index (5SIM) [46]. However, in industrial
applications, implementing full-reference methods is often impractical because reference
images are typically unavailable. In these situations, synthetic reference data generated
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by advanced rendering engines can be utilized. Alternatively, evaluation may be limited
to no-reference metrics. In inspection system design, a common criterion is the maximiza-
tion of contrast between a defect and its immediate surroundings. In many cases, Michel-
son contrast is used for this purpose. However, for defect-detection tasks, greater robust-
ness to local disturbances is provided by the modified contrast, which computes the dif-
ference between the median pixel values of the defect region and its nearest neighborhood
[26]. This measure enables the evaluation of images in terms of their potential effective-
ness in subsequent image-analysis algorithms.

Similar to other inspection systems, a hybrid solution should facilitate the co-creation
of value by generating actionable insights and recommendations that promote positive
transformation within production environments. The overarching purpose of quality in-
spection is to enhance organizational performance and operational efficiency through the
identification and elimination of process and product nonconformities, as well as the mit-
igation of their root causes. The primary goal of implementing hybrid systems is to
achieve synergy between the utilized modalities. From a metrology perspective [94], this
combined operation can enhance system performance through expanded spatial and tem-
poral coverage and improved resolution. It can also provide greater robustness to sensor
and algorithm uncertainty. Additionally, it enables more effective noise suppression and
leads to higher measurement accuracy. The implementation of hybrid solutions for indus-
trial applications should also be justified in terms of return on investment [95]. Although
many studies focus primarily on performance improvements, fewer provide a detailed
cost-benefit analysis, and in some cases, the additional complexity and expense of multi-
modal approaches may yield only modest gains compared with single-modality solutions.
Furthermore, the inspection process should support continuous improvement by identi-
fying effective practices and guiding the refinement of standards, procedures, and oper-
ating methods. A quality-control closed-loop concept can be implemented to enable
online and continuous improvement of manufacturing processes [96]. Hybrid systems
may serve as a robust foundation for implementing predictive quality [97], an advanced
approach to data management and control that anticipates potential deviations prior to
the occurrence of irregularities. Nevertheless, successful implementation necessitates ad-
dressing challenges associated with data incommensurability, such as difficulties in image
registration, incomplete modality-specific data, and conflicts among heterogeneous data
sources.

It is expected that Industry 4.0 elements, such as digital twins, hybrid systems, and
artificial intelligence, will be widely applied while concurrently enhancing holistic indus-
trial processes [98]. However, progress in these solutions depends heavily on standard-
ized methodologies and the availability of representative datasets. Open or real-world
industrial multimodal databases are essential for algorithmic development and bench-
marking, yet remain limited. In parallel, existing synthetic data-generation and simulation
environments must be extended to support non-visible modalities, enabling more realistic
modeling of industrial conditions and sensor interactions [99]. Such developments would
facilitate the validation of AI models on real-world, noisy data and support the optimiza-
tion of model architectures for strict real-time requirements that are characteristic of in-
line industrial inspection.

6. Conclusions

Reliable inspection is essential for achieving Zero Defect Zero Waste goal in modern
manufacturing processes. Optical inspection techniques provide non-contact, rapid solu-
tions by utilizing various bands of the electromagnetic (EM) spectrum. However, reliance
on a single modality is at times insufficient to ensure reliable outcomes, which has stimu-
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lated increased attention toward multimodal methods. Hybrid inspection systems can de-
liver both complementary and redundant information, which is particularly valuable for
detecting anomalies in industrial processes. Fusing data from diverse sources as redun-
dancy enhances robustness and safety in contexts involving consumer health risks, such
as pharmaceutical or food inspection applications. Additionally, the integration of com-
plementary information offers expanded insight into inspected objects and processes and
contributes to achieving operational-efficiency targets. In certain cases, integrating multi-
ple modalities produces synergistic effects, resulting in performance improvements that
surpass those attainable with individual data sources.

Although substantial progress has been made in leveraging the concept of hybrid
imaging in fields such as medicine, surveillance, and defense, most existing image-based
systems still rely on post-processing strategies that are inadequate for in-line industrial
quality control and remain applicable only to NDT or other off-line inspection scenarios.
Furthermore, the conducted study reveals a research gap in the methodology for design-
ing and deploying hybrid solutions. The development process for such systems is typi-
cally carried out both sequentially and iteratively. At each phase, verification activities
should be performed to advance the system to a higher TRL. If the defined requirements
are not fulfilled, the workflow permits a return to earlier design alternatives to continue
refinement. In such situations, the concept selection matrix prepared during the initial
stage enables the designer to move to the next ranked option in accordance with the es-
tablished evaluation hierarchy. Moreover, further efforts are needed to establish robust
methods for assessing image-fusion quality in inspection tasks and to enhance the use of
synthetic data as input for deep learning models dedicated to quality-control applications.
A critical issue concerns the reliability and integrity of the data, which directly influences
both the performance of fusion algorithms and the generalization capability of learning-
based inspection systems.

In high-speed production environments, an important challenge arises from the re-
quirement for real-time results, which necessitates balancing model-architecture complex-
ity with processing efficiency. Employing optical, vision-based modalities —typically op-
erating within similar regions of the electromagnetic spectrum, such as visible or near-
infrared light —can simplify image registration compared with hybrid configurations that
combine modalities based on fundamentally different physical principles (e.g., thermal
imaging or X-ray). These cross-spectral combinations often introduce additional align-
ment difficulties due to variations in spatial resolution, contrast mechanisms, and sensor
characteristics. While these optical modalities are information-rich, they can be difficult to
interpret; from an automation perspective, the nature of the data remains a challenge
[100]. A critical consideration in designing hybrid inspection solutions is to ensure that
fusion strategies prioritize input data optimized for analytical algorithms, which may not
always correspond to the way a human operator perceives the fused images.

In the era of Industry 4.0 and IoT solutions, data fusion has become an important
research focus. Production automation is increasingly shifting toward predictive quality.
Combining sensor data enables the development of more accurate and robust models that
adapt to real operating conditions. Nevertheless, ensuring high-quality data for predictive
models, as well as implementing reliable methods for detecting sensor faults, remains a
critical challenge.

Author Contributions: Conceptualization, A.B. and P.G.; methodology, A.B. and P.G.; formal anal-
ysis, P.G.; investigation, P.G.; writing —original draft preparation, P.G.; writing—review and edit-
ing, AB., P.G. and M.M,; visualization, P.G.; supervision, A.B. and M.M.; project administration,
A.B. and M.M.; funding acquisition, A.B. All authors have read and agreed to the published version

of the manuscript.

https://doi.org/10.3390/jimaging12070309



J. Imaging 2026, 12, 309 24 of 28

Funding: This study was partially funded by the Polish Ministry of Science and Higher Education

as a part of the Implementation Doctorate Programme.
Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: The original contributions presented in this study are included in the

article. Further inquiries can be directed to the corresponding author.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1. Lario, J.; Mateos, J.; Psarommatis, F.; Ortiz, A. Towards Zero Defect and Zero Waste Manufacturing by Implementing Non-
Destructive Inspection Technologies. J. Manuf. Mater. Process. 2025, 9, 29. https://doi.org/10.3390/jmmp9020029.

2. Bielecki, Z.; Mikolajczyk, ].; Wojtas, J. A Review of Thermal Detectors of THz Radiation Operated at Room Temperature. Sensors
2024, 24, 6784. https://doi.org/10.3390/s24216784.

3. Wang, L; Du, P; Jin, R. MOSS—Multi-Modal Best Subset Modeling in Smart Manufacturing. Sensors 2021, 21, 243.
https://doi.org/10.3390/s21010243.

4.  Padmanabhan, P.; Nedumaran, A.M.; Mishra, S.; Pandarinathan, G.; Archunan, G.; Gulyas, B. The Advents of Hybrid Imaging
Modalities: A New Era in Neuroimaging Applications. Adv. Biosyst. 2017, 1, 1700019. https://doi.org/10.1002/adbi.201700019.

5.  Cherry, S.R. Multimodality imaging: Beyond PET/CT and SPECT/CT. Semin. Nucl. Med. 2009, 39, 348-353.
https://doi.org/10.1053/j.semnuclmed.2009.03.001.

6.  Azhari, H.; Edelman, R.R;; Townsend, D. Multimodal imaging and hybrid scanners. Int. ]. Biomed. Imaging 2007, 2007, 45353.
https://doi.org/10.1155/2007/45353.

7. Bischof, ].; Fletcher, G.; Verkade, P.; Kuntner, C.; Fernandez-Rodriguez, J.; Chaabane, L.; Rose, L.A.; Walter, A.; Vandenbosch,
M.; van Zandvoort, M.A.M.].; et al. Multimodal bioimaging across disciplines and scales: Challenges, opportunities and break-
ing down barriers. npj Imaging 2024, 2, 5. https://doi.org/10.1038/s44303-024-00010-w.

8.  Diwakar, M.; Singh, P.; Ravi, V.; Maurya, A. A Non-Conventional Review on Multi-Modality-Based Medical Image Fusion.
Diagnostics 2023, 13, 820. https://doi.org/10.3390/diagnostics13050820.

9. Bhosekar, S.; Singh, P.; Garg, D.; Ravi, V.; Diwakar, M. A review of deep learning-based multi-modal medical image fusion.
Open Bioinform. J. 2025, 18, 1. Available online: https://ieeexplore.ieee.org/document/11570342/references#references (accessed
on 13 May 2026).

10. Chen, J. Towards time-resolved multiscale and multimodal imaging. npj Imaging 2025, 3, 67. https://doi.org/10.1038/s44303-025-
00131-w.

11. Kalamkar, S; Mary, G.A. Multimodal image fusion: A systematic review. Decis. Anal. ]. 2023, 9, 100327.
https://doi.org/10.1016/j.dajour.2023.100327. Paramanandham, N.; Rajendiran, K. Multi sensor image fusion for surveillance ap-
plications using hybrid image fusion algorithm. Multimed. Tools Appl. 2018, 77, 12405-12436. https://doi.org/10.1007/s11042-017-
4895-3.

12.  Abdul-Al, M.; Kumi Kyeremeh, G.; Qahwaji, R.; Ali, N.T.; Abd-Alhameed, R.A. Fusion-enhanced hybrid multimodal biometric
system: Integrating visible and infrared facial recognition for robust authentication. IEEE Access 2026, 14, 6006—6028.
https://doi.org/10.1109/ACCESS.2026.3653133.

13. Chrzanowski, K. Review of night vision technology. Opto-Electron. Rev. 2013, 21, 153-181. https://doi.org/10.2478/s11772-013-
0089-3.

14. Dobrzycki, A.D.; Bernardos, A.M. To fuse or not to fuse: Enhancing military operation object detection with multimodal late
fusion and color space optimization. Appl. Intell. 2026, 56, 100. https://doi.org/10.1007/s10489-026-07142-z.

15. Samadzadegan, F.; Toosi, A.; Dadrass Javan, F. A critical review on multi-sensor and multi-platform remote sensing data fusion
approaches: Current status and prospects. Int. J. Remote Sens. 2025, 46, 1327-1402. https://doi.org/10.1080/01431161.2024.2429784.

16. Cheng, Y.; Deng, Y.; Cao, J.; Xiong, X.; Bai, L.; Li, Z. Multi-Wave and Hybrid Imaging Techniques: A New Direction for Nonde-
structive Testing and Structural Health Monitoring. Sensors 2013, 13, 16146-16190. https://doi.org/10.3390/s131216146.

17.  Kralovec, C.; Schagerl, M. Review of Structural Health Monitoring Methods Regarding a Multi-Sensor Approach for Damage

Assessment of Metal and Composite Structures. Sensors 2020, 20, 826. https://doi.org/10.3390/520030826.

https://doi.org/10.3390/jimaging12070309



J. Imaging 2026, 12, 309 25 of 28

18.

19.

20.

21.

22.

23.
24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.
42.

43.

Nimmagadda, S.; Nimmagadda, S.L.; Mani, N. Design and development of a real time vision enhancement system using image
fusion— An algorithmic approach. Procedia Comput. Sci. 2019, 159, 990-1000. https://doi.org/10.1016/j.procs.2019.09.266.
Lapray, P.-J.; Wang, X.; Thomas, J.-B.; Gouton, P. Multispectral Filter Arrays: Recent Advances and Practical Implementation.
Sensors 2014, 14, 21626-21659. https://doi.org/10.3390/s141121626.

Liang, Y.; Li, Z.; Shi, ].; Zhang, N.; Qin, Z.; Du, L.; Zhai, X,; Shen, T.; Zhang, R.; Zou, X.; et al. Advances in Hyperspectral Imaging
Technology for Grain Quality and Safety Detection: A Review. Foods 2025, 14, 2977. https://doi.org/10.3390/foods14172977.
Sankaran, S.; Ehsani, R. Introduction to the Electromagnetic Spectrum. In Imaging with Electromagnetic Spectrum; Manickavasa-
gan, A., Jayasuriya, H., Eds.; Springer: Berlin/Heidelberg, Germany, 2014. https://doi.org/10.1007/978-3-642-54888-8 _1.
Buckner, B.D. Deep Ultraviolet Surface Inspection with Photoemission Enhancement; Ph.D. Thesis, Arizona State University,
Tempe, AZ, USA, 2002.

Garbacz, P. Inspection of tableware glass products at the hot end of production line. J. Sustain. Technol. 2019, 112, 77-84.

Patel, K.K; Kar, A.; Khan, M.A. Potential of reflected UV imaging technique for detection of defects on the surface area of
mango. J. Food Sci. Technol. 2019, 56, 1295-1301. https://doi.org/10.1007/s13197-019-03597-w.

Hornberg, A. Handbook of Machine and Computer Vision: The Guide for Developers and Users; Wiley-VCH: Weinheim, Germany,
2017. https://doi.org/10.1002/9783527413409.

Jiang, Z.; Yu, X,; Hao, Y. Design and Fabrication of a Ratiometric Planar Optode for Simultaneous Imaging of pH and Oxygen.
Sensors 2017, 17, 1316. https://doi.org/10.3390/s17061316.

Sioma, A. 3D Imaging Methods in Quality Inspection Systems. In Photonics Applications in Astronomy, Communications, Industry,
and High-Energy Physics Experiments 2019; SPIE: Bellingham, WA, USA, 2019; Volume 11176, pp. 150-159.

Kurc, K,; Burghardt, A.; Gierlak, P.; Muszynska, M.; Szybicki, D.; Ornat, A.; Uliasz, M. Application of a 3D Scanner in Robotic
Measurement of Aviation Components. Electronics 2022, 11, 3216. https://doi.org/10.3390/electronics11193216.

Demant, C,; Streicher-Abel, B.; Waszkewitz, P. Industrial Image Processing: Visual Quality Control in Manufacturing; Springer: Ber-
lin/Heidelberg, Germany, 1999. https://doi.org/10.1007/978-3-642-58550-0.

Uliasz, M.; Ornat, A.; Burghardt, A.; Muszynska, M.; Szybicki, D.; Kurc, K. Automatic Evaluation of the Robotic Production
Process for an Aircraft Jet Engine Casing. Appl. Sci. 2022, 12, 6443. https://doi.org/10.3390/app12136443.

Garbacz, P.; Czajka, P. Application of optical inspection method for testing the correctness of ball bearings assembly. In Advances
in Manufacturing Engineering; Trans Tech Publications Ltd.: Stafa-Zurich, Switzerland, 2015; Volume 223, pp. 264-271.
https://doi.org/10.4028/www.scientific.net/SSP.223.264.

Garbacz, P.; Mrozek, M. Inspection of tableware glass products with use of structural backlight. J. Sustain. Technol. 2019, 115,
49-54.

Piersigilli, P.; Citroni, R.; Mangini, F.; Frezza, F. Electromagnetic Techniques Applied to Cultural Heritage Diagnosis: State of
the Art and Future Prospective: A Comprehensive Review. Appl. Sci. 2025, 15, 6402. https://doi.org/10.3390/app15126402.
Zhang, Y.; Miao, S.; Liang, Y.; Liang, C.; Chen, D.; Shan, X.; Sun, K.; Wang, X.-]. Blue LED-pumped intense short-wave infrared
luminescence based on Cr*-Yb3* co-doped phosphors. Light Sci. Appl. 2022, 11, 136. https://doi.org/10.1038/s41377-022-00816-6.
Minkina, W.; Grys, S. Thermographic Measurements in Electrical Power Engineering—Open Discussion on How to Interpret
the Results. Appl. Sci. 2024, 14, 4920. https://doi.org/10.3390/app14114920.

Czajka, P.; Garbacz, P. Use of hybrid vision methods for the diagnostics of technical processes. J. Sustain. Technol. 2013, 90, 73—
85.

Gade, R; Moeslund, T.B. Thermal Cameras and Applications: A Survey. Mach. Vis. Appl. 2014, 25, 245-262.
https://doi.org/10.1007/s00138-013-0570-5.

Hooper, P.A. Melt Pool Temperature and Cooling Rates in Laser Powder Bed Fusion. Addit. Manuf. 2018, 22, 548-559.
https://doi.org/10.1016/j.addma.2018.05.032.

Li, C; Kong, D.; Wang, Y.; Gao, L.; Zhang, X.; Zhang, Q. Color CCD High-Temperature Measurement Method Based on Matrix
Searching. Appl. Sci. 2023, 13, 5334. https://doi.org/10.3390/app13095334.

Majewska, K.; Mieloszyk, M. Long-Pulse Thermography Application for Detection and Localisation of Embedded Optical Fi-
bres into Glass Fibre Composite. Materials 2024, 17, 6255. https://doi.org/10.3390/ma17246255.

Garbacz, P. Terahertz Imaging — Principles, Techniques, Benefits, and Limitations. ]. Sustain. Technol. 2016, 100, 81-92.

Giesko, T.; Mazurkiewicz, A. Optomechatronic Technologies Applied in Innovative Industry. J. Sustain. Technol. 2017, 105, 25—~
34.

Cacciari, I.; Ranfagni, A. Unlocking Terahertz Technology with Machine Learning: A Comprehensive Review. ]. Appl. Phys.
2025, 137, 220701. https://doi.org/10.1063/5.0272428.

https://doi.org/10.3390/jimaging12070309



J. Imaging 2026, 12, 309 26 of 28

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

Lizarraga, ].C.; Del Rio, C. Resolution Capabilities of Future THz Cameras. In Proceedings of the Fourth European Conference
on Antennas and Propagation, Barcelona, Spain, 12-16 April 2010; p. 500. https://doi.org/10.1109/IWAT.2010.5464641.

Torbali, M.E.; Zolotas, A.; Avdelidis, N.P. A State-of-the-Art Review of Non-Destructive Testing Image Fusion and Critical
Insights on the Inspection of Aerospace Composites towards Sustainable Maintenance Repair Operations. Appl. Sci. 2023, 13,
2732. https://doi.org/10.3390/app13042732.

Jing, H. Laser Range Imaging for On-Line Mapping of 3D Images to Pseudo-X-Ray Images for Poultry Bone Fragment Detection.
Ph.D. Thesis, University of Maryland, College Park, MD, USA, 2003.

Wang, W.; Li, C. A Multimodal Quality Inspection System Based on 3D, Hyperspectral, and X-ray Imaging for Onions. In Pro-
ceedings of the 2014 ASABE and CSBE/SCGAB Annual International Meeting, Montreal, QC, Canada, 13-16 July 2014; ASABE Paper
No. 141900673; American Society of Agricultural and Biological Engineers (ASABE): St. Joseph, MI, USA, 2014.

Gros, X.E. Pixel Level NDT Data Fusion. In Applications of NDT Data Fusion; Springer: Boston, MA, USA, 2001; pp. 45-64.
https://doi.org/10.1007/978-1-4615-1411-4_3.

Torbali, M.E.; Alhammad, M.; Zolotas, A.; Avdelidis, N.P.; Ibarra-Castanedo, C.; Maldague, X.P. Fusion Insights from Ultra-
sonic and Thermographic Inspections for Impact Damage Analysis. In Proceedings of the AIAA AVIATION 2023 Forum, San
Diego, CA, USA, 12-16 June 2023. https://doi.org/10.2514/6.2023-3867.

Katunin, A.; Wronkowicz-Katunin, A.; Dragan, K. Impact Damage Evaluation in Composite Structures Based on Fusion of
Results of Ultrasonic Testing and X-ray Computed Tomography. Sensors 2020, 20, 1867. https://doi.org/10.3390/s20071867.
Jansen, P.; Platenkamp, J.; Hwang, J. Hybrid Inspection Method Using Three-Dimensional Scanning, Lock-in Thermography
and Laser Shearography. In Proceedings of the 20th World Conference on Non-Destructive Testing (WCNDT 2024), Incheon,
Republic of Korea, 27-31 May 2024; Volume 29. https://doi.org/10.58286/29892.

De, S.; Gupta, K.K; Stanley, R.J.; Zoughi, R.; Doering, K.; Van Aken, D.C; Steffes, G.; O’Keefe, M.; Palmer, D.D. A Comprehen-
sive Structural Analysis Process for Failure Assessment in Aircraft Lap-Joint Mimics Using Intramodal Fusion of Eddy Current
Data. Res. Nondestruct. Eval. 2012, 23, 146-170. https://doi.org/10.1080/09349847.2012.660242.

Shevchik, S.; Le-Quang, T.; Meylan, B.; Farahani, F.V.; Olbinado, M.P.; Rack, A.; Masinelli, G.; Leinenbach, C.; Wasmer, K.
Supervised Deep Learning for Real-Time Quality Monitoring of Laser Welding with X-Ray Radiographic Guidance. Sci. Rep.
2020, 10, 3389. https://doi.org/10.1038/s41598-020-60294-x.

Grenier, M.; Ibarra-Castanedo, C.; Maldague, X. Development of a Hybrid Non-Destructive Inspection System Combining In-
duction Thermography and Eddy Current Techniques. In Proceedings of the 10th International Conference on Quantitative
InfraRed Thermography (QIRT 2010), Québec City, QC, Canada, 27-30 July 2010.

Cornelis, B.; Yang, Y.; Vogelstein, ].T.; Dooms, A.; Daubechies, I.; Dunson, D. Bayesian Crack Detection in Ultra High Resolution
Multimodal Images of Paintings. In Proceedings of the 2013 18th International Conference on Digital Signal Processing (DSP),
Fira, Greece, 2013; pp. 1-8. https://doi.org/10.1109/ICDSP.2013.6622710.

Wang, Y.; Yan, D. Multimodal Deep Learning for Defect Detection in Stainless Steel Pipe Manufacturing. In International Con-
ference on Computer Application and Information Security; SPIE: Bellingham, WA, USA, 2026; Volume 14170.
https://doi.org/10.1117/12.3114319.

Lyu, J. Intelligent Welding Quality Classification of Dissimilar Metal Joints Using Neural Network Models. Mater. Today Com-
mun. 2026, 53, 115198. https://doi.org/10.1016/j.mtcomm.2026.115198.

Verdasca, S.; Fernandes, L.; Rodrigues, M.; Cagao, J.; Lau, N.; Santos, J.P.; Semitela, A Completo, A. Enhancing Leak Detection
and Localization in End-of-Line Leakage Stations through the Integration of Infrared and Acoustic Technology with Computer
Vision. Measurement 2026, 266, 120449. https://doi.org/10.1016/j.measurement.2026.120449.

West, P. Optics for Machine Vision Practitioners; Automated Vision Systems, Inc.: San Jose, CA, USA, 2018. Available online:
https://www.autovis.com/images/pdf/resources/optics-for-machine-vision-practitioners.pdf (accessed on 28 April 2026).

Frey, D.D.; Herder, P.M.; Wijnia, Y.; Subrahmanian, E.; Katsikopoulos, K.; Clausing, D.P. The Pugh Controlled Convergence
Method: Model-Based Evaluation and Implications for Design Theory. Res. Eng. Des. 2009, 20, 41-58.
https://doi.org/10.1007/s00163-008-0056-z.

Garbacz, P.; Burghardt, A.; Czajka, P.; Mezyk, J.; Mizak, W. Predictive Modeling of Packaging Seal Strength: A Hybrid Vision
and Process Data Approach for Non-Destructive Quality  Assurance. Appl.  Sci. 2026, 16, 923.
https://doi.org/10.3390/app16020923.

Mitchell, H.B. Multi-Sensor ~ Data  Fusion: ~An  Introduction; Springer: Berlin/Heidelberg, ~Germany, 2007.
https://doi.org/10.1007/978-3-540-71559-7.

https://doi.org/10.3390/jimaging12070309



J. Imaging 2026, 12, 309 27 of 28

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

Lahat, D.; Adali, T.; Jutten, C. Multimodal Data Fusion: An Overview of Methods, Challenges and Prospects. Proc. IEEE 2015,
103, 1449-1477. https://doi.org/10.1109/JPROC.2015.2460697.

Jiang, D.; Zhuang, D.; Huang, Y.; Fu, ]J. Survey of Multispectral Image Fusion Techniques in Remote Sensing Applications. In
Image Fusion and Its Applications; Zheng, Y., Ed.; IntechOpen: London, UK, 2011; Chapter 1. https://doi.org/10.5772/10548.

Ma, J.; Ma, Y,; Li, C. Infrared and Visible Image Fusion Methods and Applications: A Survey. Inf. Fusion 2019, 45, 153-178.
https://doi.org/10.1016/j.inffus.2018.02.004.

Jia, W.; Song, Z. Li, Z. Multi-scale Fusion of Stretched Infrared and Visible Images. Sensors 2022, 22, 6660.
https://doi.org/10.3390/522176660.

Hao, C.-Y.; Chen, Y.-C; Ning, F.-S.; Chou, T.-Y.; Chen, M.-H. Using Sparse Parts in Fused Information to Enhance Performance
in Latent Low-Rank Representation-Based Fusion of Visible and Infrared Images. Sensors 2024, 24, 1514.
https://doi.org/10.3390/524051514.

Wen, Y.; Liu, W. DAGANFuse: Infrared and Visible Image Fusion Based on Differential Features Attention Generative Adver-
sarial Networks. Appl. Sci. 2025, 15, 4560. https://doi.org/10.3390/app15084560.

Liu, G.; Jia, M.; Wang, X.; Bavirisetti, D.P. Infrared and Visible Image Fusion Based on Saliency Detection and Deep Multi-Scale
Orientational Features. Signal Image Video Process. 2025, 19, 36. https://doi.org/10.1007/s11760-024-03631-1.

Toet, A.; Hogervorst, M.A.; Nikolov, S.G.; Lewis, ].J.; Dixon, T.D.; Bull, D.R.; Canagarajah, C.N. Towards Cognitive Image Fu-
sion. Inf. Fusion 2010, 11, 95-113. https://doi.org/10.1016/j.inffus.2009.06.008.

Singh, S.; Tiwari, K.C. Exploring the Optimal Combination of Image Fusion and Classification Techniques. Remote Sens. Appl.
Soc. Environ. 2021, 24, 100642. https://doi.org/10.1016/j.rsase.2021.100642.

Alshohoumi, F.; Al-Hamdani, A. Comparative Evaluation of Fusion Strategies Using Multi-Pretrained Deep Learning Fusion-
Based (MPDLF) Model for Histopathology Image Classification. Appl. Sci. 2026, 16, 1964. https://doi.org/10.3390/app16041964.
Wang, Z.; Ma, Y.; Zhang, Y. Review of Pixel-Level Remote Sensing Image Fusion Based on Deep Learning. Inf. Fusion 2023, 90,
36-58. https://doi.org/10.1016/j.inffus.2022.09.008.

Ding, J.; Zhao, Y.; Pei, L.; Shan, Y.; Du, Y.; Li, W. Modal-invariant progressive representation for multimodal image registration.
Inf. Fusion 2025, 117, 102903. https://doi.org/10.1016/j.inffus.2024.102903.

Garbacz, P. A Target-Oriented Image Fusion Method for Quality Inspection of Heat-Sealed Packages. In Progress in Pattern
Classification and Machine Learning; Trajdos, P., Burduk, R., Eds.; Lecture Notes in Networks and Systems; Springer: Cham, Swit-
zerland, 2025; Volume 1557. https://doi.org/10.1007/978-3-032-01773-4_3.

De Gasperis, G.; Facchini, S.D. A Comparative Study of Rule-Based and Data-Driven Approaches in Industrial Monitoring.
arXiv 2025, arXiv:2509.15848. https://doi.org/10.48550/arXiv.2509.15848.

Giesko, T.; Mazurkiewicz, A.; Garbacz, P.; Czajka, P.; Sikora, L.; Dobrowolski, J. Innovative optomechatronic technologies in
the tobacco industry. J. Sustain. Technol. 2018, 110, 23-32.

Akele, Y.K.; Gurau, V. A critical survey of machine learning-powered vision inspection in semiconductors manufacturing. Array
2026, 30, 100888. https://doi.org/10.1016/j.array.2026.100888.

Jayawardena, A.; Sul, J.-H.; Moratuwage, D.; Wijayaraja, J.L.; Piyathilaka, L. State of the Art in Al-Based Visual Inspection for
Industrial Quality Control: Methods, Benchmarks, Challenges, and Autonomous Systems. Electronics 2026, 15, 2727.
https://doi.org/10.3390/electronics15122727.

Mishra, P.; Xu, J. Multimodal Close Range Hyperspectral Imaging Combined with Multiblock Sequential Predictive Modelling
for Fresh Produce Analysis. ]. Near Infrared Spectrosc. 2023, 31, 141-149. https://doi.org/10.1177/09670335231173142.

Zheng, Y.; Luo, X,; Gao, Y.; Sun, Z.; Huang, K.; Gao, W.; Xu, H.; Xie, L. Lycopene Detection in Cherry Tomatoes with Feature
Enhancement and Data Fusion. Food Chem. 2025, 463, 141183. https://doi.org/10.1016/j.foodchem.2024.141183.

Sioma, A.; Lenty, B. Imaging Fungal Infections on Wood Surfaces Based on Vision System. Drewno 2025, 68, 215.
https://doi.org/10.53502/wood-196695.

Chen, Y.; Gao, Y.; Xu, K,; Yu, Z,; Xie, J.; Wang, C.; Zhu, F. A High-Accuracy and Robust Defect Detection Method for Electronic
Packaging Based on  Infrared-Visible @ Image  Fusion. = Opt.  Laser = Technol. ~ 2025, 192,  114038.
https://doi.org/10.1016/j.optlastec.2025.114038.

Zhu, H.; Zhang, X.; Qian, Y.; Chen, J.; Huang, M. A Hybrid Multimodal Algorithm for Defect Inspection in Compound
Semiconductors. In Second International Conference on Optical Communication and Optoelectronic Technology; SPIE: Bellingham,
WA, USA, 2025; Volume 13985, pp. 81-87. https://doi.org/10.1117/12.3077783.

Garbacz, P.; Giesko, T.; Mazurkiewicz, A. Inspection Method of Aluminium Extrusion Process. Arch. Civ. Mech. Eng. 2015, 15,
631-638.

https://doi.org/10.3390/jimaging12070309



J. Imaging 2026, 12, 309 28 of 28

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

97.

98.

99.

Fidali, M.; Jamrozik, W. The processing of fused infrared and vision images of a welding arc for fault detection. In Proceedings
of the 11th International Conference on Quantitative InfraRed Thermography (QIRT 2012), Naples, Italy, 11-14 June 2012.
Mezyk, J.; Garbacz, P. Monitoring the FSW Processes Using a Multispectral Vision Method. Solid State Phenom. 2015, 223, 255
263. https://doi.org/10.4028/www.scientific.net/SSP.223.255.

Bienkowski, L.; Homma, C.; Eisler, K.; Boller, C. Hybrid Camera and Real-View Thermography for Nondestructive Evaluation.
In Proceedings of the 11th International Conference on Quantitative InfraRed Thermography (QIRT), Naples, Italy, 11-14 June
2012; Volume 254.

Zhang, D.; Lin, Z.; Li, J. Coupled Deep Fusion Network with Multispectral Image Modeling in Aircraft Exhaust Detection. Chin.
J. Aeronaut. 2026, 104191. Available online: https://doi.org/10.1016/j.cja.2026.104191 (accessed on 13 May 2026).

Ai, J.; Ma, L.; Gao, K;; Jin, L. The Information Fusion of the IR and UV Image for the Insulation Fault Diagnosis. In Proceedings
of the 21st International Conference on Information Fusion (FUSION), Cambridge, UK, 10-13 July 2018; pp. 1-7.
https://doi.org/10.23919/ICIF.2018.8455224.

Bihler, M.; Roming, L.; Cibiraité-Lukenskiené, D.; Aderhold, J.; Keil, A.; Schliiter, F.; Gruna, R.; Heizmann, M. Multimodal and
Hyperspectral Dataset for Segmentation of Bulky Waste Using VIS, IR, NIR, and Terahertz Imaging. Sci. Data 2026, 13, 498.
Cognex. How Al is Eliminating Packaging Defects at the Source. Available online: https://www.cognex.com/en/tools-and-
resources/resource-center/how-ai-is-eliminating-packaging-defects-at-the-source (accessed on 18 May 2026).

Weckenmann, A.; Jiang, X.; Sommer, K.-D.; Neuschaefer-Rube, U.; Seewig, J.; Shaw, L.; Estler, T. Multisensor Data Fusion in
Dimensional Metrology. CIRP Ann. 2009, 58, 701-721. https://doi.org/10.1016/j.cirp.2009.09.008.

Borkowski, S.; Knop, K. Challenges Faced in Modern Quality Inspection. Manag. Prod. Eng. Rev. 2016, 7, 11-22.
https://doi.org/10.1515/mper-2016-0022.

Burghardt, A.; Szybicki, D.; Gierlak, P.; Kurc, K.; Muszyniska, M. Robotic Grinding Process of Turboprop Engine Compressor
Blades with Active Selection of Contact Force. Tech. Vjesn. 2019, 26, 15-22.

Cutulenco, G.; Ciceri, M.; Biron, J. Predictive Quality: The Future of Quality in Manufacturing. 2021. Available online:
https://acerta.ai (accessed on 7 October 2025).

Szybicki, D.; Pietrus, P.; Burghardt, A.; Kurc, K.; Muszyniska, M. Application of Digital Twins in Designing Safety Systems for
Robotic Stations. Electronics 2024, 13, 4179. https://doi.org/10.3390/electronics13214179.

Sui, W.; Lichau, D.; Lefevre, J.; Phelippeau, H. Incomplete Multimodal Industrial Anomaly Detection via Cross-Modal
Distillation. Inf. Fusion 2026, 126, 103572. https://doi.org/10.1016/j.inffus.2025.103572.

Burghardt, A.; Labuniski, W. Evaluating Handcrafted Image Descriptors for Defect Detection in the X-Ray Inspection of Turbine
Blade Castings: A Feature Separability Study. Appl. Sci. 2026, 16, 3905. https://doi.org/10.3390/app16083905.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury

to people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/jimaging12070309



