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Abstract

Visible and infrared (IR) image fusion has become an important strategy for improving
computer vision performance under low illumination, occlusion, and some poor-visibility
conditions. By integrating complementary textural information from visible images with
thermal or IR cues, VIR fusion can enhance object localization, detection robustness, and
facial-expression recognition (FER). This review examines VIR fusion techniques and
datasets for computer vision applications, with object detection (OD) considered as a
relatively mature scene-level task and FER considered as an emerging human-centered
application. It summarizes major multimodal datasets, compares early-fusion approaches,
including sensor- and feature-level fusion, with late-fusion approaches, including score-
and decision-level fusion, and discusses representative machine learning and deep learning
methods. The review also evaluates commonly used performance metrics and identifies
current limitations, including dataset imbalance, sensor misalignment, limited demographic
diversity in facial-expression datasets, computational complexity, and weak real-time
generalization. Finally, key application areas, including surveillance, healthcare, remote
sensing, autonomous systems, and human–computer interaction, are discussed. This
review highlights the need for better-aligned multimodal datasets, standardized evaluation
protocols, lightweight fusion architectures, and robust models capable of operating in
dynamic real-world environments.

Keywords: visible–infrared fusion; thermal imaging; object detection; facial-expression
recognition; multimodal learning; deep learning; image-fusion datasets; sensor fusion

1. Introduction
Image fusion involves applying specific computer algorithms to combine heteroge-

neous images, typically captured by different sensor types, into a single, fused image
that incorporates data from multiple sources. The obtained fused image is more readily
perceived by the human visual system and is better suited for other high-level vision tasks,
such as semantic segmentation, object detection (OD), and tracking [1–3]. Infrared (IR)
images are generated from thermal radiation emitted by objects and are therefore useful for
highlighting heat-emitting targets, particularly in darkness or low-light scenes. However,
IR images often lack fine texture, color, and surface-detail information, and their quality can
be degraded by fog, rain, glass, atmospheric absorption, low thermal contrast, sensor noise,
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and thermal reflections. In contrast, visible images are mainly formed from reflected visible
light and provide richer texture, edge, color, and appearance information. However, visible
images are strongly affected by illumination changes, shadows, smoke, haze, and nighttime
conditions. Therefore, VIR fusion aims to combine the thermal-saliency information from
IR imagery with the texture and structural details from visible imagery, thereby leveraging
the complementary strengths and limitations of the two modalities.

Fused images can better capture the scene information of a target than single-source
images, thus significantly improving image clarity and quality. The efficacy of a fusion algo-
rithm is determined by its capability to efficiently extract features and detailed information
from a source image without introducing additional noise during fusion. The two general
categories of multisensory fusion architectures, early and late fusion, are determined by
the degree of data abstraction employed during fusion [4]. In the early fusion architecture,
raw data from two sensors are combined at the pixel level, after which features from both
sensors are integrated at the feature level. Conversely, the late-fusion architecture comprises
decision-level fusion, which facilitates separate detection from each sensor, and score-level
fusion, which integrates the obtained feature scores. Notably, final detection is achieved
through subsequent decision-level integration of sensor outputs.

Autonomous vehicles encounter critical object-recognition issues; studies have exten-
sively attempted to improve their object-recognition speed and efficiency. Accurate OD is
essential to a robust perception of the surroundings offered by a dependable autonomous
driving system. Additionally, OD is critical to the success of subsequent tasks, such as object
classification and tracking. The dynamic nature of the scene, weather, view distances, and
fluctuating light levels complicate OD in aquatic environments. Moreover, false detections
may be due to changes in lighting, camera motion, and light reflection [5]. Convolutional
neural networks (CNNs) have been used to significantly improve the performance of com-
puter vision tasks, such as object classification [6], detection [7,8], and segmentation [9].
Furthermore, CNNs have been applied to autonomous vehicles using a variety of fusion
methodologies [5,10,11], with some focusing on RGB images and others incorporating IR
images for object recognition.

A previous study [12] employed the classic YOLOv5 model to demonstrate a multi-
modal fusion technique for OD. The authors developed an image-target detection model
using YOLOv5mb, which was specifically designed for aerial platforms. It excellently
synthesizes missile-captured images. Further, this model accurately identifies targets in
single-mode and multimodal VIR missile-captured images. Additionally, the fusion-layer
architecture of YOLOv5mb makes it very suitable for object recognition in missile-captured
multimodal VIR images. A previous study [13] demonstrated two deep learning (DL)
models and various fusion techniques for animal detection and classification, revealing the
suitability of image fusion for surreptitious animal monitoring in their natural habitats. A
previous study [14] presented a unique VIR image-fusion technique based on the Gaussian
estimation (GE)-weighted average (GE-WA) model and the modified VGG-19 architecture.
Further, the visible and IR images in this model were first divided into basic images and
detailed contents using the Laplacian.

Furthermore, to produce a fundamental fusion image that eliminates the halo effect in
a visible image, a GE function was developed, and a basic fusion method was subsequently
implemented based on the GE-WA model. Thereafter, various depth features were extracted
from the visible and IR images using the multilayer fusion approach and the pre-trained
VGG-19 network, thereby enabling the extraction of fused detail information. After the
fusion, the basic picture and detailed content were used to recreate the fused image.

The FER component of this review is motivated by multimodal visible–IR facial-
expression datasets such as the VIRI dataset introduced by Siddiqui et al. [15]. VIRI
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provides paired visible and IR facial-expression images for multimodal emotion-recognition
research and demonstrates the relevance of VIR information for human-centered affective
computing. Accordingly, Figure 1 presents a task-oriented schematic of VIR fusion for both
OD and FER, illustrating how visible and IR inputs can be integrated at pixel, feature, score,
and decision levels for downstream computer vision tasks.

Figure 1. Task-oriented overview of VIR fusion for computer vision applications, with emphasis on
OD and FER. Visible images provide reflected-light texture, edge, color, and appearance cues, whereas
IR images provide emitted thermal-radiation cues, thermal contrast, and target saliency. Visible and
IR information can be integrated through early fusion, including pixel-level and feature-level fusion,
or late fusion, including score-level and decision-level fusion, to support downstream OD and FER
tasks. In the figure, blue arrows indicate the visible-image stream, red arrows indicate the infrared-
image stream, and black arrows indicate the fused/task-level processing flow; the colored boxes
distinguish inputs, fusion modules, task networks, and output blocks, while the ellipsis indicates
additional representative FER outputs or classes.

FER is a key area of human–computer interaction that aims to interpret emotional
states from facial cues using computational models [16,17]. FER is a pivotal aspect of creat-
ing empathetic and responsive computer systems that have traditionally relied on a single
modality, such as FEs or vocal intonation [18,19]. However, integrating several modali-
ties, such as physiological signals and contextual data, has been proven to significantly
improve FER precision and resilience. However, this multimodal approach poses unique
methodological challenges, ranging from the synchronization and fusion of disparate data
types to the interpretation of complex, nuanced emotional states [20]. Multimodal FER
proceeds via a wide variety of techniques—from feature-level fusion (where different data
types are integrated before analysis) to decision-level fusion (where independent decisions
from multiple models are integrated to produce a final verdict on the subject’s emotional
state) [20,21]. The variability of individual emotional responses, even within the same
contextual parameters, further increases the complexity of creating accurate and reliable
recognition systems [22,23]. Notwithstanding these obstacles, advancements in data fusion
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and machine learning (ML) methodologies continue to expand the potential applications
of multimodal FER, creating new research and implementation platforms across indus-
tries such as customer service, education, and mental health monitoring [20,24]. In this
review, these HCI, speech, EEG, and physiological-signal studies are cited only to motivate
the broader multimodal FER context; the core methodological discussion is restricted to
VIR image-based datasets, fusion strategies, and downstream OD and FER applications.
Figure 1 illustrates a task-specific overview of the OD and FER framework based on VIR
image fusion. The process begins by localizing relevant regions, such as objects, heads,
or faces, in visible and IR image pairs. These localized regions are then processed using
deep learning techniques for downstream tasks such as OD and FER. The diagram summa-
rizes two broad fusion strategies, early and late fusion, used to integrate complementary
information from visible and IR images. Early fusion includes pixel-level and feature-level
integration before or during feature extraction, whereas late fusion includes score-level
integration of logits, softmax probabilities, or confidence scores and decision-level integra-
tion of final detections or expression predictions. This task-specific description clarifies the
pixel-, feature-, score-, and decision-level dataflow used in VIR-based OD and FER.

In this study, we review multimodal VIR datasets and fusion techniques, highlighting
their role in enhancing computer vision performance under challenging imaging conditions.
The scope of this review is VIR image fusion, rather than OD or FER as independent research
topics. OD and FER are discussed as two representative downstream computer vision
applications that benefit from complementary visible and IR information. OD represents
scene-level perception tasks, where VIR fusion improves target localization and recognition
under low illumination, occlusion, adverse weather, and complex background conditions.
FER represents human-centered affective analysis, where visible imagery provides texture
and appearance cues, while IR imagery provides complementary illumination-invariant
and thermal information. Unlike OD, which has a comparatively larger body of RGB-T
and VIR studies, VIR-based FER is still an emerging research area; therefore, this review
uses FER to highlight the opportunities and limitations of applying VIR fusion to human-
centered affective computing.

Recent surveys have reviewed infrared–visible image-fusion algorithms, neural
network-based fusion methods, and broad VIR image-fusion applications [25,26]. However,
these surveys mainly emphasize general fusion algorithms, image-quality improvement, or
broad application domains, and they do not specifically synthesize VIR fusion from the joint
perspective of OD and FER. Therefore, the novelty of the present review lies not in claiming
the absence of VIR fusion surveys but in providing a task-oriented synthesis that connects
multimodal datasets, fusion-level design, task-specific evaluation metrics, OD-oriented
studies, FER-oriented studies, cross-study comparison, applications, and future challenges
within one computer vision framework. This organization makes it possible to compare a
relatively mature scene-level task, OD, with an emerging human-centered task, FER, and
to identify both shared and task-specific limitations.

Accordingly, this review aims to clarify how visible and IR information is integrated
at different fusion levels, how these fusion strategies affect downstream OD and FER
performance, and why evaluation protocols must be interpreted according to task type.
The review covers early fusion, including sensor-/pixel-level and feature-level fusion, and
late fusion, including score-level and decision-level fusion. In addition, VIR and related
RGB-T datasets, representative application-specific studies, evaluation metrics, current
limitations, deployment challenges, and future research opportunities are discussed.
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Review Methodology

To improve the transparency and reproducibility of this review, a structured literature-
search and study-selection procedure was followed. Relevant studies were identified from
major literature sources, including Web of Science, Scopus, IEEE Xplore, ACM, ScienceDi-
rect, SpringerLink, and Google Scholar. The search used combinations of keywords related
to “visible–infrared image fusion,” “infrared–visible image fusion,” “thermal-visible fu-
sion,” “RGB-T fusion,” “multimodal object detection,” “visible–thermal object detection,”
“facial-expression recognition,” “thermal facial-expression recognition,” and “multimodal
emotion recognition.” The retrieved studies were first screened based on their titles, ab-
stracts, keywords, and relevance to the review scope. Full-text eligibility assessment was
then performed to determine whether each study addressed VIR or thermal–visible fu-
sion, multimodal datasets, fusion strategies, evaluation metrics, object detection, FER, or
application-specific analysis. Studies were included if they provided relevant technical
details, dataset descriptions, fusion methods, experimental results, or critical discussion
related to visible–infrared fusion for OD and FER. Studies were excluded if they focused
only on unimodal approaches, were unrelated to VIR fusion, lacked sufficient technical or
evaluation details, or were outside the scope of OD and FER. The selected studies were
finally organized according to dataset type, fusion level, application domain, evaluation
metric, reported performance, limitations, and future research challenges. The overall
literature search and study-selection workflow is shown in Figure 2.

Figure 2. Literature search and study-selection workflow used in this review.

In addition, the publication years of the selected studies were analyzed to summarize
the temporal development of VIR fusion research. The selected studies were grouped into
four publication periods: before 2015, 2015–2018, 2019–2021, and 2022–2026. As shown in
Figure 3, the number of selected studies has increased in recent years, indicating growing
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research interest in VIR fusion and its applications in OD, FER, and related computer
vision tasks.

Figure 3. Publication trend of selected studies included in this review. The selected studies were
grouped by publication period based on the publication years reported in the reference list; non-year
dataset resources were excluded from the count.

The study contributes the following to the extant literature:

• It provides a task-oriented review of VIR fusion for two representative downstream
computer vision tasks: OD as a relatively mature scene-level application and FER as
an emerging human-centered application.

• It organizes VIR and related RGB-T datasets according to their primary task types,
including image fusion, OD, tracking, registration, surveillance, and FER, thereby
avoiding conflation of detection datasets with related RGB-T benchmarks.

• It compares early- and late-fusion strategies, including sensor-/pixel-level, feature-
level, score-level, and decision-level fusion, with emphasis on their relevance to
downstream OD and FER performance.

• It distinguishes task-specific evaluation metrics used in image fusion, OD, tracking,
registration, and FER, and explains why results across these tasks should not be
directly ranked using a single metric.

• It provides a cross-study synthesis of fusion-level strengths, limitations, and deploy-
ment challenges, including alignment sensitivity, dataset dependence, computational
complexity, real-time constraints, and limited cross-dataset validation.

• It identifies OD- and FER-specific future directions, including alignment-robust de-
tection, lightweight real-time fusion, standardized VIR benchmarks, larger paired
VIR-FER datasets, demographic diversity, and ethical deployment of FER systems.

Compared with existing image-fusion surveys, the present review is distinguished
by its task-oriented focus on VIR fusion for OD and FER. Previous surveys have mainly
emphasized general image-fusion theory, medical image fusion, remote sensing fusion,
VIR fusion algorithms, or neural network-based fusion methods. In contrast, this review
connects VIR datasets, fusion strategies, task-specific evaluation metrics, OD-oriented
studies, FER-oriented studies, cross-study synthesis, applications, and future challenges
within one computer vision-oriented framework. This organization makes it possible to
compare a relatively mature scene-level task, OD, with an emerging human-centered task,
FER, and to identify both shared and task-specific limitations.
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2. Multimodal Datasets
Robust datasets and reliable evaluation metrics are crucial to developing and assessing

relevant algorithms in the field of VIR image fusion for OD and FER. These components
are essential for fusion-technique training, testing, and benchmarking, as they provide a
basis for evaluating the conventional methods and advancing the field. In this section,
we first review VIR datasets and related RGB-T benchmarks used in fusion, OD, tracking,
registration, and surveillance studies, and then analyze datasets used for FER.

2.1. Visible–Infrared Datasets and Related RGB-T Benchmarks

Here, we review VIR datasets and related RGB-T benchmarks used in image fusion,
OD, tracking, registration, and surveillance studies. These datasets are also presented
in Table 1. A previous study [27] introduced the TNO multiband image data collection,
which is primarily an image-fusion and surveillance-scene dataset rather than a standard
OD benchmark. The dataset includes multiband imagery acquired across the visible
band (approximately 390–700 nm), near-infrared (NIR; approximately 700–1000 nm), and
long-wave infrared (LWIR; approximately 8–12 µm) spectral ranges. These images were
collected from military- and surveillance-related scenarios and are useful for evaluating
image-fusion methods under low-light and poor-visibility conditions. The Kayak image-
fusion sequence includes registered optical, NIR, and LWIR image sequences showing
three kayaks, whereas the TRICLOBS dynamic multiband image collection captures motion
sequences in the visible (400–700 nm), NIR (700–1000 nm), and LWIR (8–14 µm) bands for
dynamic monitoring of urban environments. Therefore, in this review, TNO is treated as a
multiband fusion resource for image-fusion and visibility-enhancement evaluation, not as
a dedicated detection benchmark.

Xu et al. [28] released the recently aligned VIR image dataset, known as RoadScene.
This dataset first selects image pairs from videos with high repetition rates, thereby sup-
pressing thermal noise in the original IR images. The photo pairings are aligned using
homologous and bicubic interpolation pairs, following careful feature-point selection; there-
after, the exact registration area is trimmed. The interpolation process, known as cubic
interpolation, projects continuous pixel values onto a discrete pixel grid by computing a
weighted average of neighboring pixels at each pixel position. Using a 16-pixel window,
the bicubic interpolation algorithm subsequently calculates the value of the target pixel
by averaging the 16 surrounding pixels, each weighted by the pixel’s position within the
window. This computation method is referred to as bicubic interpolation because it uses
a cubic interpolation function. Additionally, bicubic interpolation was preferred, as it
reduces distortion and artifacts across images and improves smoothness and image quality,
especially when aligned across image pairs. This is essential for accurate feature matching
and VIR image fusion. The RoadScene dataset comprises 221 image pairs, featuring intri-
cate scenarios, including congested roads, pedestrians, and moving vehicles. Moreover, it
addresses the lack of comprehensive information on IR images, the low spatial resolution,
and the small number of image pairs in the reference dataset.

The Microsoft Common Objects in Context (MS-COCO) dataset [29] is a large-scale
visible-image OD and segmentation dataset. It is not a paired VIR dataset and is therefore
not included in Table 1 as a VIR benchmark. However, some visible–infrared object-
detection studies use MS-COCO for visible-image pretraining, baseline model development,
or domain-adaptation experiments because of its large number of annotated visible images.
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Table 1. Summary of VIR datasets and related RGB-T benchmarks used in fusion, OD, and tracking
studies.

Datasets Primary Task/Type Description

TNO [27] Multiband image fusion/
surveillance scenes

Includes visible-band, NIR, and LWIR images from military and surveillance-related
scenes; mainly used for multiband image-fusion and visibility-enhancement
evaluation rather than as a standard OD benchmark.

RoadScene [28] Image fusion/road scenes Includes 221 image pairings of scenarios that are repeated extensively.
MSRS [30] Image fusion/segmentation-related Includes 1444 pairs of perfectly aligned visible and IR images.

LLVIP [31] Low-light pedestrian detection Includes 15,488 strictly time- and space-aligned image pairings, the majority of
which were captured in dimly lit environments.

M3FD [32] VIR fusion and OD Contains 4200 aligned VIR image pairs with object annotations for six categories,
supporting image fusion and OD evaluation.

DroneVehicle [33] RGB–IR aerial vehicle detection Contains 28,439 paired RGB–IR aerial images with vehicle annotations, supporting
RGB–infrared vehicle detection under diverse aerial-view conditions.

RGBT210 [34] RGB-T tracking benchmark Includes 210 video sets that are pixel-by-pixel aligned.
RGBT234 [35] RGB-T tracking benchmark Includes 234 video sets, increasing scene diversity.

OTCBVS [36] Surveillance/tracking/
fusion benchmark

Includes 14 sub-datasets, including one visible-light dataset, seven IR datasets, and
six VIR datasets.

LITIV [37] Registration/tracking/surveillance Comprises several sub-data sets and a wide range of distinct sensor data.

GTOT [38] RGB-T tracking benchmark Includes fifty films depicting various scenes, including LABS, swimming pools,
and roadways.

INO [39] Video analytics/object scenes Includes 2000 images in 10 different categories, each measuring 256 × 256 pixels.

FLIR [40] Thermal/RGB OD Consists of 14,452 annotated thermal images, 10,228 of which were taken from short
films and 4224 from a 144 s continuous video.

Marine [41] Maritime OD

Includes paired visible and IR maritime samples with annotated vessels: Scenario 1
contains 7250 training pairs and 1750 test pairs acquired during daytime, totaling
9000 paired samples; Scenario 2 contains 2250 training pairs and 1000 test pairs
acquired during nighttime, totaling 3250 paired samples.

KAIST [42] Multispectral pedestrian detection Includes 95,328 color-thermal image pairs with detailed annotations, including
temporal correspondences and occlusion tags.

The MSRS dataset is a novel multispectral collection of 1444 matched image
pairs [30], providing a resource for multisensory image processing research. They gathered
715 daytime and 729 nighttime image pairs from the MFNet dataset, removed 125 un-
aligned pairs, and applied dark channel image enhancement to improve contrast and
signal-to-noise ratio. The LLVIP dataset [31] contains 15,488 image pairs and 30,976 im-
ages captured in dark conditions, with precise time and space alignment. The dataset
includes pedestrian images taken in low light, where IR images complement visible images.
The images are high quality, with 1920 × 1080 visible light and 1280 × 720 IR resolution.
LLVIP’s advantages make it valuable for pedestrian detection in low-light conditions and
will advance computer vision through image fusion and conversion applications.

The M3FD dataset is a recent VIR benchmark designed for image fusion and OD [32].
It contains 4200 aligned visible and infrared image pairs collected under different driving
conditions, including daytime, overcast, nighttime, and challenging scenes. The dataset
includes annotations for six object categories, including person, car, bus, motorcycle, truck,
and traffic light, making it suitable for evaluating both fusion quality and downstream
detection performance. The DroneVehicle dataset is a large-scale drone-based RGB–IR
vehicle-detection benchmark [33]. It contains 28,439 RGB–IR image pairs collected from
urban roads, residential areas, parking lots, and other scenarios from daytime to nighttime.
The dataset provides vehicle annotations and is particularly useful for evaluating RGB–
infrared fusion and detection under aerial-view and low-light conditions.

In [34], researchers captured the RGBT210 dataset using a CCD camera (SONY EXView
HAD CC) and an imager (DLS-H37 DM-A) [35]. The cameras were aligned at the pixel
level, sharing image characteristics with a parallel optical axis across the collimator. The
RGBT234 dataset [35] adds video sequences captured under hot-weather conditions and
improves scenery diversity compared to RGBT210. The dataset comprises 234 video sets
with approximately 233,800 frames. The OTCBVS dataset [36] is a public benchmark for
algorithm evaluation, containing images of faces, gestures, weapons, ships, and people. It
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includes 14 sub-datasets, including one visible-light dataset, seven IR datasets, and six VIR
datasets. The LITIV dataset [37] is a multimodal resource for computer vision research,
containing diverse images and annotations for OD, segmentation, and tracking. It includes
sensor data like images, videos, IR images, and depth images across multiple sub-datasets.
The GTOT dataset [38] contains 15,800 frames across 50 contexts, featuring various objects
such as swans and cars. The INO dataset [39] consists of 2000 256 × 256 pixel images
organized into 10 groups, each representing a different object or scene.

The FLIR Thermal Starter Dataset [40] provides thermal and RGB images for OD
training. It includes 4224 images from a 144 s video and 10,228 images from short videos,
totaling 14,452 annotated thermal images. The data were collected using car-mounted ther-
mal and RGB cameras in Santa Barbara, California, on public roads during the day and at
night. The researchers in [41] collected a maritime dataset in the Finnish archipelago using
visible spectrum and IR cameras. The recordings were synchronized to create panoramic
views. The thermal cameras had VGA resolution with a 35◦ horizontal field of view, while
the visible cameras had full HD resolution. Manual registration ensured aligned images
with a one-frame-per-second sampling rate. The dataset contains paired visible and IR
maritime samples with annotated vessels, featuring two scenarios: Scenario 1 includes
7250 training pairs and 1750 test pairs acquired during daytime, totaling 9000 paired sam-
ples; Scenario 2 includes 2250 training pairs and 1000 test pairs acquired during nighttime
near the harbor, totaling 3250 paired samples. The KAIST multispectral pedestrian dataset
was collected using a car-mounted system [42] comprising a color camera (PointGreyTM

Flea3, Point Grey Research Inc., Richmond, BC, Canada) and thermal camera (FLIR-A35,
FLIR Systems, Inc., Wilsonville, OR, USA) with a beam splitter for optical alignment. The
dataset includes 95,328 color–thermal pairs with annotations, collected in various traffic
scenarios under different lighting conditions. A three-axis camera jig and special calibration
board ensured precise alignment between color and thermal images. Because several RGB-
T resources reviewed in this study were originally designed for tracking or registration
rather than OD, Table 1 identifies the primary task/type of each dataset to avoid conflating
detection datasets with related RGB-T benchmarks.

2.2. Multimodal Datasets for FER

The available multimodal datasets used for FER are listed in Table 2. Among the
numerous datasets, the Visible and Infrared Image Fusion (VIRI) dataset [15] is an impor-
tant resource that provides naturally occurring images from uncontrolled environments.
The dataset, generated at the University of Toledo, includes five expressions: happy, sad,
surprise, anger, and neutral. VIRI was created with 110 subjects, including 70 male and
40 female participants, from different demographic backgrounds, including Asian, African
American, and American participants. Participants were mostly on-campus students
aged 17–35. Other specialized datasets exist for applications like surveillance, automo-
tive navigation, and medical imaging, supporting algorithm development and technique
assessment. The NIST dataset [43] contains 1919 IR images of 600 people showing three
expressions: surprise, frown, and smile. The NVIE [44] dataset includes visible and IR
images in spontaneous and posed categories, captured under three lighting settings for
215 people (157 male, 58 female) aged 17–31. Using online video snippets, subjects dis-
played six expressions: happy, sad, surprise, fear, anger, and disgust, along with emotions
elicited by the videos.
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Table 2. Summary of multimodal VIR datasets used for FER.

Datasets Subjects Spectrum Range Description

VIRI [15] 110 8–14 µm
A spontaneous dataset from 110 subjects comprising paired
visible and IR images, consisting of five expressions (happy,
sad, surprise, anger, and neutral).

NIST [43] 600 8–12 µm
3–5 µm

A posed dataset from 600 subjects consisting of three
expressions (smile, frowning, and surprise).

NVIE [44] 215 8–14 µm
A posed and spontaneous dataset from 215 subjects consisting
of six expressions (happy, sad, surprise, fear, anger, disgust,
and neutral).

KTFE [45] 26 8–14 µm
A spontaneous dataset from 26 subjects consisting of seven
expressions (happy, sad, surprise, fear, anger, disgust,
and neutral).

KTFEv2 [46] 30 8–14 µm
A posed and spontaneous dataset from 30 subjects consisting
of seven expressions (anger, disgust, fear, happy, sad, surprise,
and neutral).

IRIS [47] 30 7–14 µm A posed dataset from 30 subjects consisting of three
expressions (surprise, laughter, and anger).

The KTFE [45] is a thermal FER dataset containing seven expressions (happy, sad,
surprise, fear, anger, disgust, and neutral) and spontaneous expressions. The corpus
includes 26 people aged 11–31 from Vietnam, Japan, and Thailand, featuring visual and
thermal videos. As in the NVIE dataset, subjects were presented with emotive excerpts
as stimuli. The KTFE dataset is divided into four categories based on emotion intensity.
However, the thermal files require proprietary software to view, making it difficult
to use.

KTFEv2, the second-generation dataset [46], contains visual and thermal data from
30 subjects aged 11–32 from Thailand, China, Japan, and Vietnam, mostly JAIST students.
Researchers used multifunctional software to select expressions, with three people selecting
optimal frames for each emotion and two people retrieving images from the dataset.
KTFEv2 categorizes expressions into three intensity levels (low, medium, and high) to meet
real-world needs.

The IRIS dataset [47] contains visible and thermal face images in various lighting
conditions at 320 × 240 resolution. It features 30 subjects (28 male, two female) expressing
surprise, laughter, and anger, with 176–250 images per person and 11 images/rotations
each. The dataset uses five illumination settings to produce 4228 pairs of visual and
thermal images.

3. Data Fusion Methods
In VIR image fusion, visible images mainly provide texture, edge, color, and appear-

ance information, whereas IR images provide thermal contrast and target-saliency cues
that remain useful under low illumination, adverse weather, smoke, haze, or partial oc-
clusion. Therefore, VIR fusion differs from generic multisensory fusion because it must
address modality-specific challenges, including spatial misalignment, different sensor reso-
lutions, heterogeneous spectral responses, thermal noise, loss of fine texture in IR images,
illumination sensitivity in visible images, and possible temporal synchronization errors.
These characteristics make the choice of fusion level particularly important for downstream
computer vision tasks such as OD and FER.

In this review, sensor-/pixel-level fusion, feature-level fusion, score-level fusion, and
decision-level fusion are treated as distinct concepts. Sensor-/pixel-level fusion refers
to early fusion performed before substantial feature extraction, where raw, minimally

https://doi.org/10.3390/app16136757

https://doi.org/10.3390/app16136757


Appl. Sci. 2026, 16, 6757 11 of 31

processed, or registered image-level visible and IR information is combined. Feature-
level fusion combines modality-specific representations extracted from visible and IR
branches, usually within a machine learning or deep learning architecture. Score-level
fusion combines confidence scores or class probabilities generated by modality-specific
models, whereas decision-level fusion combines final predictions using majority voting,
weighted voting, rule-based selection, or other decision-integration strategies. This distinc-
tion is important because the computational cost, alignment requirement, interpretability,
and task dependence differ across fusion levels. In this review, pixel-level fusion refers to
combining registered visible and IR images before feature extraction to produce a fused
image. Feature-level fusion refers to combining intermediate modality-specific feature
maps or embeddings inside a learning model. Score-level fusion refers to combining model
outputs such as confidence scores, class probabilities, logits, or softmax-level outputs be-
fore the final decision. Decision-level fusion refers to combining final predictions, such as
detected object labels, bounding boxes, expression classes, or modality-specific decisions,
using voting, weighting, or rule-based integration. Thus, the distinction between early
and late fusion is based on the exact dataflow stage at which pixels, features, scores/logits,
or final decisions are combined. The process of combining data from several sources to
create more accurate, trustworthy, and thorough information is known as data fusion.
This process improves the data analysis and decision-making procedures. Data fusion
methods can be broadly categorized into early fusion and late fusion, each with its own
subcategories [48], as depicted in Figure 4.

Figure 4. Taxonomy of VIR fusion strategies, distinguishing early fusion approaches, including
sensor-/pixel-level and feature-level fusion, from late fusion approaches, including score-level and
decision-level fusion.

VIR studies can also be distinguished according to whether they follow a fusion-then-
detect strategy or a detection-oriented fusion strategy. In fusion-then-detect approaches,
VIR images are first fused into a single image, and a detector or classifier is then applied
to the fused output. This strategy is relatively interpretable and allows the fused image
to be assessed using image-quality metrics, but the fusion objective may not always be
optimized for the downstream task. In contrast, detection-oriented fusion integrates visible
and IR information inside the detection or recognition network and optimizes the fusion
process together with task-specific losses, such as classification or bounding-box regression
losses. This strategy is often more task-adaptive and can improve detection robustness,
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but it usually requires paired multimodal training data, accurate alignment, and higher
computational resources. Therefore, the choice between fusion-then-detect and detection-
oriented fusion depends on whether the priority is fused-image quality, downstream
accuracy, interpretability, or real-time deployment.

3.1. Early Fusion
3.1.1. Sensor-/Pixel-Level Fusion

Sensor-/pixel-level fusion combines registered VIR images before feature extraction,
as summarized in Figure 5a. In this strategy, the visible and IR inputs are first aligned, and
then a fusion module generates a fused image that is subsequently used by a detector or
classifier [48]. This approach is commonly associated with fusion-then-detect pipelines
because the fusion process is completed before the downstream task model is applied. Its
main advantage is interpretability, as the fused image can be visually inspected and evalu-
ated using image-quality metrics. However, it is highly sensitive to spatial misalignment,
sensor-resolution differences, and fusion artifacts, which can reduce downstream detection
or recognition performance.

Figure 5. Comparative workflows of VIR fusion strategies for downstream computer vision tasks.
(a) Sensor/pixel-level fusion combines registered VIR images before feature extraction and typically
follows a fusion-then-detect strategy. (b) Feature-level fusion combines modality-specific represen-
tations inside the model and is commonly used in detection-oriented fusion. (c) Score-level fusion
combines confidence scores from modality-specific models. (d) Decision-level fusion combines final
predictions using voting or rule-based integration.

3.1.2. Feature-Level Fusion

Feature-level fusion combines modality-specific representations extracted from visible
and IR branches, as summarized in Figure 5b. In this strategy, each modality is processed
by a separate feature extractor, and the resulting representations are merged using concate-
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nation, attention, weighted summation, transformer-based interaction, or other learnable
fusion mechanisms [48]. Feature-level fusion is commonly used in detection-oriented
fusion because the fusion process can be optimized together with task-specific objectives.
Compared with sensor-/pixel-level fusion, it can better preserve modality-specific informa-
tion, but it usually requires paired multimodal data, careful network design, and greater
computational resources. Recent approaches focused on fusion algorithms based on neu-
ral network models can be found in [25]. Unlike these broader fusion-method surveys,
the present review uses fusion-level categories to interpret how VIR fusion affects down-
stream OD and FER performance, rather than only summarizing fusion algorithms or
image-quality improvement.

3.2. Late Fusion
3.2.1. Score-Level Fusion

Score-level fusion combines confidence scores or class probabilities generated by
modality-specific models, as summarized in Figure 5c. In this strategy, visible and IR
inputs are processed independently, and their output scores are combined using weighted
averaging, max pooling, probabilistic fusion, or learned score-integration rules [48]. Score-
level fusion is useful when modality-specific models are already available or when separate
model outputs need to be integrated without modifying internal feature representations.
However, it may be less adaptive than feature-level fusion because the interaction between
visible and IR information occurs only at the output-score stage.

3.2.2. Decision-Level Fusion

Decision-level fusion combines final predictions produced independently from visible
and IR models, as summarized in Figure 5d. The final decision can be obtained using
majority voting, weighted voting, rule-based selection, or confidence-based decision inte-
gration [48]. This strategy is simple and modular because each modality can be trained and
evaluated separately. However, because fusion occurs only after individual decisions have
already been made, decision-level fusion may fail to exploit fine-grained complementary
information between visible texture cues and IR thermal cues.

Each fusion method has advantages suited to different applications, depending on
the nature of the data, desired outcome, and task requirements. Sensor-/pixel-level and
feature-level fusion are used when image-level data or intermediate features provide
complementary insights. Score- and decision-level fusion are employed when combining
model results could yield more accurate final outcomes.

4. Application-Specific Studies of Visible–Infrared Fusion
In this section, we first discuss performance measures used in VIR image-fusion

studies, then examine application-specific studies using multimodal datasets for OD
and FER.

4.1. Evaluation Metrics

To objectively evaluate VIR fusion and its downstream computer vision performance,
two groups of metrics are commonly used: image-fusion quality metrics [49,50] and task-
performance metrics. Image-fusion quality metrics assess the information content, contrast,
structure, edge preservation, and visual fidelity of fused images, whereas task-performance
metrics evaluate OD, tracking, or FER performance. The following metrics are commonly
reported in the reviewed studies:

• Entropy (EN): Determines how much information an image has. A higher entropy
following fusion signifies better fusion performance (Equation (1)).
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• Average Precision (AP): Measures the precision–recall trade-off in OD and information
retrieval by averaging the precision values at various recall levels. AP shows how well
the model balances recall and precision (Equation (2)).

• Mean Average Precision (mAP): Extends AP to evaluate models across multiple
classes by averaging the AP scores for each class, providing a comprehensive perfor-
mance measure (Equation (3)).

• Accuracy: Evaluates the performance of a recognition model (Equation (4)).
• Recall: Evaluates how many real positive cases the model accurately recognized,

which is important for datasets that are not balanced (Equation (5)).
• Success Rate (SR): Calculates the proportion of successful outcomes from all trials or

attempts (Equation (6)).
• Mutual Information (MI): Determines how much information is moved from the

original images to the combined image (Equation (7)).
• Structural Similarity Index (SSIM): Evaluates structural similarity between images

by considering luminance, contrast, and structural information. It is commonly used
to assess whether the fused image preserves structural details from the source images.

• Visual Information Fidelity (VIF): Estimates the amount of visually meaningful
information preserved in the fused image.

• Edge-preservation metric (Qabf): Measures how effectively edge strength and ori-
entation information from the source visible and IR images are transferred to the
fused image.

• Standard Deviation (SD): Reflects the contrast and gray-level dispersion of the fused
image. A higher SD generally indicates stronger image contrast.

• Spatial Frequency (SF): Measures image activity and spatial detail. A higher SF
indicates richer texture and sharper spatial variation.

• Correlation Coefficient (CC): Measures the statistical similarity or information consis-
tency between the fused image and the source images:

EN = −
N−1

∑
n=0

pnlog2pn (1)

where N stands for the fused image’s gray level, and pn denotes the normalized histogram
of the corresponding gray level:

AP = ∑N
n=1 (Rn − Rn−1)Pn (2)

where Pn is the precision at the n-th threshold, Rn is the recall at the n-th threshold, and N
is the total number of thresholds where precision and recall values change:

mAP =
1
C∑C

i=1 APi (3)

where APi is the AP for the i-th class, and C denotes the number of classes:

Accuracy =
Number of Correct Predictions

Total Number of Predictions
(4)

Recall =
TP

TP + FN
(5)

where FN indicates how many positive cases were mistakenly labeled as negative, and TP
indicates how many positive cases were accurately classified as positive:

SR =
Number of Successful Outcomes

Total Number of Attempts
(6)
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MI = ∑L−1
x=0 ∑L−1

y=0 PAB(x, y)log2
PAB(x, y)

PA(x)PB(y)
(7)

Selecting appropriate evaluation metrics is critical, as applications prioritize different
aspects of image quality. Surveillance and biometric applications often prioritize thermal
information for identifying subjects under low-light or poor-visibility conditions [37,43],
whereas medical imaging focuses on clarity of anatomical structures [51]. Metrics should
align with the intended use case to ensure practical utility. However, objective metrics
have limitations, as they may not fully capture human observers’ subjective experience [52].
Therefore, developing comprehensive datasets and refining evaluation metrics are essential
for advancing visible and IR image fusion [53]. Creating diverse datasets and developing
perceptually relevant metrics will be key to advancing image fusion technology [52].

Because the reviewed studies address different tasks, datasets, splits, backbones, and
evaluation protocols, their reported metrics are not directly interchangeable. For clarity,
the metrics used in the reviewed studies can be divided into two broad groups: image-
fusion quality metrics and downstream task-performance metrics. Image-fusion quality
metrics evaluate the information content, contrast, structure, edge preservation, and visual
fidelity of the fused image. These include entropy (EN), mutual information (MI), structural
similarity index (SSIM), visual information fidelity (VIF), edge-preservation metric (Qabf),
standard deviation (SD), spatial frequency (SF), and correlation coefficient (CC). These
metrics are useful for assessing fused-image quality, but they do not directly measure OD,
tracking, or FER performance.

In contrast, downstream task-performance metrics evaluate how well the fused or
multimodal representation supports a specific computer vision task. OD studies usually
report average precision (AP), mean average precision (mAP), precision, and recall. Track-
ing studies may report success rate (SR), whereas FER studies mainly report classification
metrics such as accuracy, precision, recall, and F1-score. Therefore, the results reported
in Tables 3 and 4 should be interpreted only within their respective task categories and
experimental settings. They are provided to summarize reported outcomes from individual
studies, not to rank methods across different datasets, tasks, protocols, or metric types.
For example, EN values from image-fusion studies should not be directly compared with
AP, mAP, F1-score, success rate, or relative-improvement values reported by detection,
tracking, or recognition studies.

4.2. Studies on Object Detection with Visible and IR Images

In OD, multimodal datasets are essential for developing and evaluating fusion meth-
ods that combine complementary visible and IR information for target localization and
recognition. In this subsection, the reviewed OD-related studies are organized according
to the stage at which visible and IR information is combined, rather than being treated
as a simple chronological catalogue of individual papers. Some methods follow a fusion-
then-detect pipeline, where a fused image is first generated and then used for OD. Other
methods perform detection-oriented fusion by combining visible and IR features inside the
detection network. A smaller group of studies combines modality-specific scores or final
decisions at later stages. Therefore, the methods summarized in Table 3 are interpreted
according to task type, fusion stage, dataflow, reported metric, and practical limitation,
rather than as directly comparable or mutually exclusive approaches. Although the main
focus of this subsection is OD, a small number of tracking and registration studies are
also included because they use VIR or RGB-T data and report fusion strategies that are
technically relevant to detection-oriented multimodal perception. These studies are not
treated as standard object-detection benchmarks; instead, they are discussed as related
RGB-T perception studies that provide useful evidence about image alignment, modality
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interaction, and fusion-level design. To avoid conflating different tasks, Table 3 identifies
the primary task type and the reported evaluation metric for each study. To avoid conflating
different fusion objectives, the reviewed OD studies are further distinguished according
to what is fused and where fusion occurs in the architecture. In fused-image generation
methods, the visible and IR inputs are combined at the image or pixel level to produce a
discrete fused image, which can be evaluated using image-quality metrics such as EN, MI,
SSIM, or related fusion measures. In detection-oriented feature-fusion methods, the visible
and IR streams are usually processed by separate or partially shared network branches,
and their intermediate feature maps are combined inside the detector using concatenation,
attention, selection, transformer interaction, or other learnable fusion modules. These
methods are primarily evaluated using detection metrics such as AP or mAP because
their main objective is to improve classification confidence and bounding-box localization.
Some task-driven methods, such as TarDAL, lie between these two categories because
they generate a fused image while also optimizing detection-related objectives. There-
fore, image-quality metrics and detection metrics are reported as task-specific outcomes
and are not interpreted as directly interchangeable. Within fusion-then-detect and joint
fusion–detection methods, semantic and attention-based fusion strategies have been used
to connect fused-image generation with downstream detection performance. For example,
the multilevel structured search attention fusion network in [54] uses semantic information,
neural architecture search, and a multilevel adaptive attention module to preserve useful
modality-specific cues while suppressing redundant fusion information. By linking the
fusion network with detection-related training objectives, this type of method attempts to
make the fused representation more useful for object classification and detection, rather
than optimizing only visual image quality. However, its effectiveness still depends on
accurate semantic guidance, reliable modality alignment, and the consistency between the
fusion objective and the downstream detection task.

Task-driven fusion- and detection-oriented learning methods further show how VIR-
related models can be optimized for downstream OD rather than only for image en-
hancement. TarDAL [55] generates a fused image using TarDAL while jointly optimizing
detection-related objectives to improve downstream OD performance. It should be noted
that task-driven fusion methods, such as TarDAL, differ from architectures that only con-
sume visible and IR inputs inside a detector. TarDAL produces an explicit fused image
and simultaneously uses detection-related optimization to make the fused output useful
for downstream OD. In contrast, detector-internal VIR architectures such as RSDet and
M2FNet mainly fuse intermediate visible and IR feature representations inside the detection
network and are evaluated primarily through detection performance rather than standalone
fused-image quality. Its fusion network uses a generator and two discriminators to preserve
visible textural details and IR structural information, while the detection objective encour-
ages the fused output to remain useful for bounding-box prediction. This makes TarDAL
different from purely image-quality-oriented fusion methods because the generated fused
image is evaluated not only visually but also through its contribution to OD performance.
Other studies emphasize detection robustness without necessarily producing a standalone
fused image. Contrastive-learning-based YOLOv5 [56] improves object-background dis-
crimination by extracting object and background regions and optimizing contrastive loss
together with the object-detection loss. Similarly, the domain-adaptive YOLOv5 framework
in [57] addresses cross-domain and small-object detection by combining a domain classifier,
Wasserstein-distance-based loss, knowledge distillation, and domain-confusion learning.
These methods are relevant to VIR-oriented OD because they demonstrate how task-specific
learning objectives can improve detection robustness under modality variation, domain
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shift, and challenging imaging conditions; however, they should be distinguished from
methods that explicitly generate fused VIR images.

Pixel-level and feature-level fusion studies show different ways of integrating visible
and IR information for OD. The adaptive pixel-weighting strategy in [58] learns pixel-by-
pixel fusion weights to generate fused images while also using joint optimization with
a detection model. This places the method between image-level fusion and task-driven
fusion, because it evaluates both fused-image quality and downstream detection accuracy.
However, its performance can depend on image resolution, accurate registration, and the
consistency between pixel-level fusion objectives and detection objectives. In contrast,
VIFF [59], RSDet [60], and M2FNet [61] are more representative of detection-oriented
feature fusion, where visible and IR information is combined inside the detection network.
VIFF [59] uses two modality-specific processing units: the IR branch enhances contrast and
semantic content, whereas the visible branch preserves gradient and texture information;
the extracted features are then integrated using attention mechanisms. RSDet [60] performs
detector-internal feature fusion using coarse redundant-spectrum removal and dynamic
feature selection, which is primarily optimized for OD performance. M2FNet [61] performs
detector-internal visible–thermal feature fusion using union-modal attention and cross-
modal attention; primarily optimized using OD performance. These methods indicate
that recent VIR-OD research is shifting from simply generating visually enhanced fused
images toward learning task-adaptive cross-modal representations that directly improve
detection robustness.

Recent detection-oriented VIR and RGB-X studies have further emphasized task-
adaptive fusion rather than only image-quality-oriented fusion. Deevi et al. [62] proposed
an RGB-X object-detection framework based on scene-specific fusion modules, showing
that multimodal fusion can be adapted according to scene characteristics and auxiliary
sensor modality. This type of modular fusion is useful for RGB–thermal and other RGB-X
detection settings because it enables the network to selectively exploit complementary
modality-specific information according to scene characteristics. Hou et al. [63] presented
an infrared–visible dual-modal feature-fusion OD algorithm that integrates information
from both modalities to improve target representation under complex imaging conditions.
These recent studies indicate that VIR-OD is moving toward detection-oriented, feature-
level, and adaptive fusion architectures, where the fusion process is optimized to improve
downstream detection robustness rather than only to enhance visual quality. More recent
RGB–IR and infrared–visible OD studies have continued this shift toward task-oriented
fusion. For example, FQDNet uses a fusion-enhanced quad-head RGB–IR object-detection
framework to improve multimodal feature integration and multi-scale detection [64],
whereas Tan et al. proposed an infrared–visible multimodal detection method based on a
cross-modal information bottleneck and minimum-redundancy transformation to reduce
modality redundancy and improve feature alignment [65].

Other detection-oriented studies focus on improving robustness under low signal-
to-noise conditions or combining heterogeneous fusion stages within a single detection
framework. DBD-YOLOv8 [66] is mainly an IR OD method rather than a full VIR fusion
approach. It addresses YOLOv8 limitations in low signal-to-noise IR images by using
deformable convolution to adapt receptive fields, bi-level routing attention to improve
semantic representation, and dynamic heads to refine multiscale feature maps. Therefore,
its relevance to this review lies in showing how detection-specific architectural changes
can improve IR-based target detection under degraded imaging conditions. MFDetec-
tion [67], in contrast, is more directly related to VIR fusion because it integrates pixel-level
and feature-level fusion across heterogeneous visible and IR inputs within a unified de-
tection framework. By combining multilayer image fusion with OD and sharing feature
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extraction across stages, the model aims to improve detection accuracy while reducing
redundant computation. This type of architecture illustrates a multi-stage fusion design,
where image-level and feature-level information are both used to support downstream
detection performance.

Registration, tracking, and late-fusion studies provide complementary evidence about
the practical requirements of VIR-based OD. Accurate visible–IR alignment is a prerequisite
for reliable pixel-level and feature-level fusion. The registration method in [68] addresses
this issue by using OD to extract constrained point features, applying the left-value rule
for strict point matching, and estimating the affine transformation between visible and IR
images. Although this study is not a standard OD benchmark, it is relevant because misreg-
istration can directly degrade fused-image quality and downstream detection performance.
Related RGB-T tracking and detection studies further illustrate why some papers involve
more than one fusion stage. The RGB-T tracking framework in [3] combines pixel-level,
attention-based feature-level, and decision-level fusion to exploit complementary visible
and thermal information across the tracking pipeline. This multi-stage design explains
why such studies may appear in more than one fusion category in the synthesis table. In
contrast, the YOLOX-based method in [69] represents late decision-level fusion, where
visible and IR detections are combined at the output stage to improve low-light OD. The
Faster R-CNN with feature pyramid network approach in [70] represents detection-oriented
multispectral feature fusion, where RGB and thermal features are integrated to improve
nighttime detection. Together, these studies show that alignment quality, fusion stage, and
detector architecture jointly influence multimodal OD performance.

Deployment-oriented VIR studies show how fusion can support OD in practical sys-
tems such as ADAS, surveillance, and embedded smart platforms. In ADAS settings, fused
visible–IR images have been used with DL-based detectors to improve object-recognition
performance under low-light or poor-visibility conditions [71]. This type of approach
highlights the importance of both image alignment and fusion quality, because misaligned
visible and IR inputs can reduce the reliability of downstream detection. For embedded
and low-power systems, fast multispectral fusion networks based on SSD-style CNN archi-
tectures have been explored to support real-time pattern recognition [72]. These studies
indicate that practical VIR-OD deployment requires not only accuracy improvement but
also attention to alignment, inference speed, hardware constraints, and robustness under
real-world operating conditions. To better reflect recent progress and task diversity, Table 3
includes earlier fusion-based detection studies, recent detection-oriented VIR/RGB-X meth-
ods, and a limited number of related RGB-T tracking or registration studies that provide
relevant insights into multimodal fusion, alignment, and perception.

Table 3. Summary of VIR fusion studies for OD and related RGB-T perception tasks.

Study Task Type Architecture Datasets
Reported
Metric/Task
Outcome

Proposed Method Limitations

Liu Yong et al.
[54]

Image
fusion + OD MAAB TNO

RoadScene
EN: 7.310
EN: 7.365

Multilevel attention
fusion network

Needs semantic guidance
and accurate alignment;
attention search may
overfit on limited scenes.

Liu Jinyuan
et al. [55]

Image
fusion + OD

TarDAL network with
one generator and
dual discriminators

TNO
RoadScene

EN: 2.766
EN: 3.378

Applies bi-level
optimization with
TarDAL to preserve
visible details and
IR structures.

Requires calibrated
image pairs; adversarial
training may weaken
small thermal targets.

Tu et al. [56] OD YOLOv5

MS-COCO
(visible-image
pretraining/baseline;
not paired VIR)

mAP: 58.7

Adds contrastive
learning to YOLOv5 for
better object-background
distinction and detection.

Sensitive to
object/background crop
quality and
visible–thermal
domain mismatch.
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Table 3. Cont.

Study Task Type Architecture Datasets
Reported
Metric/Task
Outcome

Proposed Method Limitations

Kim et al. [57]
IR OD/
domain
adaptation

YOLOv5

MS-COCO
(visible-image
pretraining/baseline;
not paired VIR)

mAP: 64.7

Enhances YOLOv5 with
domain adaptation,
auxiliary classifier,
Wasserstein loss, and
synthetic datasets.

Depends on
synthetic/source-
domain data; domain
shift and thermal noise
may reduce
transferability.

Zhang et al.
[58]

Image
fusion + OD YOLOv5 MSRS mAP0.5: 0.752

Pixel-based fusion
network with adaptive
weights, jointly
optimized with
detection model.

Sensitive to
misregistration and
resolution mismatch;
pixel weighting may
suppress weak
thermal cues.

Yang et al. [59] VIR-OD VIFF LLVIP AP50: 0.604

Uses dual processing
units and attention
mechanisms to
fuse features

Attention fusion adds
computation;
downsampling may
reduce fine
thermal details.

Zhao et al. [60] RGB-IR OD RSDet LLVIP
FLIR

mAP: 61.3
mAP: 41.4

Uses RSDet with coarse
removal and fine
selection to fuse features.

Incorrect spectral
removal may discard
useful weak thermal or
visible cues.

Deevi et al. [62] RGB-X OD
RGB-X OD network
with scene-specific
fusion modules

RGB-X/RGB–thermal
detection datasets

Detection
metrics such as
AP/mAP

Uses scene-specific
fusion modules to
adaptively combine RGB
and auxiliary modality
features for OD.

Requires diverse
scene-specific training;
performance depends on
auxiliary-modality
quality.

Hou et al. [63] VIR-OD VIR dual-modal
feature-fusion detector VIR-OD datasets

Detection
metrics such as
AP/mAP

Uses dual-modal feature
fusion to improve object
representation and
detection under complex
imaging conditions.

Sensitive to modality
misalignment and
cross-modal noise in
complex scenes.

Meng et al. [64] RGB-IR OD
FQDNet with
fusion-enhanced
quad-head detection

RGB-IR OD datasets
Detection
metrics such as
AP/mAP

Uses an optimized
RGB-IR fusion strategy
with a quad-head
detection framework to
improve multimodal
feature integration and
multi-scale detection.

Requires reliable RGB-IR
alignment; multi-head
design may increase
computational cost.

Tan et al. [65] VIR-OD

Cross-modal
information bottleneck
and minimum-
redundancy
transformation
framework

VIR OD datasets
Detection
metrics such as
AP/mAP

Uses cross-modal
information bottleneck
learning and
minimum-redundancy
transformation to reduce
modality redundancy
and improve feature
alignment for
infrared–visible OD

Performance depends on
effective modality
alignment and
redundancy suppression;
additional modules may
increase
model complexity.

Jiang et al. [61] Visible–
thermal OD

M2FNet with
Transformer-based
fusion

Visible and thermal
IR datasets

mAP
improvement:
10.71% over
visible-only,
2.97% over
thermal-only;
up to 25.6%
improvement
under low-light
conditions

Uses union-modal
attention and
cross-modal attention to
fuse visible and thermal
IR features for robust OD
under different
illumination conditions.

Transformer attention
improves interaction but
increases
memory/computation
for high-resolution
inputs.

Shen et al. [66] IR OD Yolov8 OTCBVS mAP: 81.6%

Enhances YOLOv8 with
deformable convolutions,
bi-level attention, and
dynamic heads.

IR-only design; weak
thermal contrast and
small objects remain
challenging.

Peng et al. [67] Image
fusion + OD MF Detection INO mAP: 0.72

MF Detection fuses
multiscale VIS and IR
features for image fusion
and OD.

Multilevel fusion is
architecture-heavy and
sensitive to misregistra-
tion/resolution gaps.

Li et al. [68] VIR registration CNN LITIV Recall: 99.8%

Employed a
high-resolution CNN for
feature extraction and
disparity estimation.

Registration may fail in
occluded or weak-texture
regions; high-resolution
features increase cost.

Tang et al. [3] RGB-T
object tracking

Attention-based
multimodal
fusion network

GTOT Success
rate: 68.7%

Utilizes pixel-level,
attention-based
feature-level, and
dynamic
decision-level fusion.

Multi-stage fusion
increases computation
and depends on
synchronized
RGB-T inputs.

Farahnakian
et al. [41] Maritime OD CNN Marine AP: 79.1%

Uses multimodal fusion
to detect marine vessels
with high reliability.

Small vessels are difficult
due to limited pixels,
downsampling, and
sea-condition variation.
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Table 3. Cont.

Study Task Type Architecture Datasets
Reported
Metric/Task
Outcome

Proposed Method Limitations

Hu et al. [69] VIR-OD YOLOX LLVIP AP: 69

Uses light-sensing
strategy to combine
detections and enhance
low-light performance.

Late decision fusion may
miss early cross-modal
cues; small objects
remain difficult.

Thaket et al.
[70]

Multispectral
OD

Faster R-CNN
with FPN

KAIST
FLIR

mAP: 57.9
mAP: 78.9

Integrates DL-based
multispectral detector in
a feature pyramid
network to improve
low-light performance.

FPN fusion increases
computation;
RGB–thermal
misalignment affects
small/occluded objects.

Ying-Cheng
et al. [71] ADAS OD Faster R-CNN FLIR EN: 7.06

Combines features via
fusion for low-light or
poor
visibility conditions.

Depends on visible–IR
alignment; fused images
may lose fine
small-object details.

Osin et al. [72] Multispectral
OD CNN KAIST mAP: 69.45

Enhances SSD
architecture with feature
extraction and fusion for
improved
low-light performance.

Embedded deployment
is limited by
memory/speed
trade-offs and possible
accuracy loss.

Note: TNO and RoadScene are primarily image-fusion datasets; therefore, when they appear in Table 3, they
should be understood as datasets used for fused-image quality evaluation rather than as standard OD benchmarks.
Similarly, MS-COCO is an RGB-only dataset and is included only where it was used for visible-image pretraining,
baseline development, or domain-adaptation experiments, not as a VIR dataset.

4.3. Studies on FER with Visible and IR Images

Compared with OD, VIR-FER remains less extensively studied. The limited num-
ber of available FER studies reflects the scarcity of paired VIR facial-expression datasets,
the difficulty of collecting synchronized facial thermal and visible data, and the lack of
standardized evaluation protocols. Existing VIR-FER studies provide useful evidence
that thermal information can complement visible facial cues under illumination variation,
partial visibility, and sensor-dependent imaging conditions; however, current evidence is
still insufficient for broad cross-dataset conclusions. Therefore, FER is treated in this review
as an emerging human-centered application of VIR fusion rather than as a domain with the
same level of maturity as RGB-T OD.

The need for robust FER has motivated multimodal approaches that combine visible
facial appearance with IR or thermal facial cues. Table 4 summarizes the available VIR-FER
studies, including their datasets, reported metrics, fusion strategies, and limitations. Be-
cause the number of directly relevant VIR-FER studies is limited, the Table is interpreted as
an evidence map of an emerging research direction rather than as a mature benchmark com-
parison. Early VIR-FER studies mainly investigated whether visible and IR facial cues could
improve expression recognition compared with single-modality analysis. Siddiqui et al. [73]
used visible and IR images from the VIRI dataset and proposed a CNN-based multimodal
FER framework in which features from both modalities were combined and classified using
an SVM to recognize five expressions. Although the method achieved 82.26% accuracy, its
generalizability remains limited by the size and demographic distribution of the available
dataset. Naseem et al. [74] further examined early- and late-fusion strategies using a modi-
fied CNN with 1- and 3-step training. Their results showed that concatenated visible and
IR features achieved 84.44% accuracy on the VIRI dataset and 84% accuracy on the NVIE
dataset, while additional experiments using the MSX modality demonstrated the potential
of multispectral image-level fusion for improving FER robustness. Another attention-based
early-fusion study further examined visible and IR facial-expression recognition by in-
tegrating modality-specific deep features with an attention mechanism, demonstrating
the potential of attention-guided VIR fusion for FER [75]. Other VIR-FER studies show
that both image-level preprocessing and feature-/decision-level integration can improve
facial-expression classification, although their evaluation settings differ. The CNN-based
method evaluated on the NIST dataset achieved high recognition accuracy by learning
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discriminative facial features from thermal or multimodal facial data [76]. In contrast, the
method evaluated on the NVIE dataset combined visible-spectrum facial information with
thermal cues through a three-step framework based on Active Appearance Model features,
head-motion features, statistical feature selection using the F-test, and classification with
Bayesian networks and support vector machines [77]. This approach represents a combina-
tion of feature-level and decision-level fusion because selected visible and thermal features
are integrated before classification, and modality-specific recognition outputs are further
combined. However, the reported confusion between disgust and happiness in IR images
indicates that thermal facial patterns alone may not always preserve expression-specific
details, especially for visually subtle or texture-dependent expressions.

Tran et al. [78] proposed a decision-level fusion method that combined visible and IR
facial images using ResNet-50-based transfer learning models trained separately on visible
and thermal images. The final decision was obtained through an adaptive weighted fusion
strategy based on the F1-scores of the modality-specific models. Using the KTFE dataset,
the fusion method achieved an F1-score of 96.09%. Another method [46] used architectures
such as CNNs, ResNet50, and YOLO to recognize multimodal expressions. The method
was tested on the KTFEv2 dataset, using a CNN and a pre-trained ResNet50. Based on
previous experiments, they combined manual feature extraction methods, achieving 86.8%
accuracy. They also tested YOLOv5 and YOLOv7. The method divides major expressions
(happy, sad, and angry) into three categories (low, medium, and high) to estimate intensities.
Another study uses the IRIS dataset to identify features across multiple modalities [79]. The
method used CNNs, autoencoders (AEs), and NNs to recognize three expressions. For the
NN, accuracy was 93.3%, and for AE and CNN, accuracies of 90% and 96.7%, respectively,
were achieved.

Table 4. Summary of multimodal VIR studies for FER.

Study Architecture Datasets Reported Metric Proposed Method Limitations

Siddiqui et al. [73] CNN and SVM VIRI Accuracy: 82.26% Early fusion method
using CNN and SVM

Limited dataset size/diversity;
feature concatenation may overfit
paired VIR samples.

Naseem et al. [74] CNN VIRI
NVIE

Accuracy: 84.44%;
Accuracy: 84%

Early and late fusion
methods using 1- and
3-step training

IR features may lose subtle eye,
eyebrow, and mouth texture;
alignment is important.

Naseem et al. [75]
CNN with
attention
mechanism

VIRI
NVIE

Accuracy: 84.44%
Accuracy: 85.20%

Uses early fusion of
visible and IR deep
features with an attention
mechanism for FER.

Limited to available paired
VIR-FER data; performance
depends on facial alignment and
dataset diversity.

Mehendale [76] CNN NIST Accuracy: 96%

Uses a two-part CNN:
first removes background,
second extracts
facial features.

Sensitive to face/background
extraction errors, shadows,
occlusion, and low contrast.

Wang et al. [77] Bayesian Network
SVM NVIE Accuracy: 76.82% The Bayesian network

and SVM

Thermal cues may confuse similar
expressions; depends on AAM
extraction and alignment.

Tran et al. [78] ResNet-50 KTFE F1-score: 96.09%

Decision-level fusion
using adaptive weighted
fusion of visible and
thermal
ResNet-50 models.

Decision fusion depends on each
ResNet-50 model and may miss
subtle cross-modal cues.

Nguyen et al. [46]
CNN
Resnet50
YOLO

KTFEv2 Accuracy: 86.8%
FER, along with intensity
estimation, has been
proposed using ML

Intensity estimation depends on
selected frames and controlled
acquisition settings.

Elbarawy et al. [79]
NN
AE
CNN

IRIS
Accuracy: 93.3%;
90%;
96.7%

FER has been proposed
using NN, AE, and CNN

Limited subjects/classes;
thermal-only features may miss
texture-dependent expressions.

Note: The reported FER metrics are classification-based measures, mainly accuracy and F1-score. These values
should be interpreted within the dataset, modality configuration, class distribution, train/test split, backbone
model, and evaluation protocol used in each study. They are not intended for direct ranking against image-fusion
quality metrics or OD/tracking metrics reported in other tables.
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Overall, the reviewed FER studies indicate that VIR fusion can improve recognition
robustness by combining visible texture and appearance information with illumination-
invariant thermal cues. However, the current VIR-FER literature remains limited by small
datasets, restricted demographic diversity, controlled acquisition settings, inconsistent
emotion categories, and limited cross-dataset validation. These limitations make it
difficult to draw strong general conclusions about real-world FER performance. Future
VIR-FER studies should therefore prioritize larger paired VIR facial-expression datasets,
standardized train/test protocols, demographic and environmental diversity, cross-
dataset evaluation, and lightweight fusion architectures suitable for real-time human–
computer interaction.

5. Cross-Study Synthesis of Fusion Strategies
Section 4 summarizes individual application-specific studies on VIR-OD and FER.

To avoid repeating the same study-level information, this section provides a cross-study
synthesis of fusion strategies. In this synthesis, fusion categories are assigned according to
the stage at which visible and IR information is combined in the dataflow, rather than as
mutually exclusive labels for entire papers. Therefore, multi-strategy studies may appear
in more than one category when they perform fusion at multiple stages. For example,
a method may first generate a fused image through sensor-/pixel-level fusion and later
combine modality-specific features or decisions inside the detection or recognition pipeline.
This criterion explains why studies such as [3,41,58] can be associated with more than one
fusion level. The discussion focuses on what each fusion level contributes across tasks,
what limitations repeatedly appear across studies, and how these limitations affect practical
deployment in OD and FER. Therefore, Tables 5 and 6 are intended as synthesis Tables
that highlight common strengths and weaknesses rather than duplicate summaries of the
studies already listed in Tables 3 and 4.

Table 5. Comparative summary of fusion-level strategies for VIR OD.

Methods Strengths Weaknesses Reference

Early fusion Sensor-/pixel-level fusion

Produces fused images before
detection and improves target visibility
under low illumination, haze, smoke,
and poor-visibility conditions. It is
useful when interpretable fused
images are required.

Highly sensitive to image
registration errors,
sensor-resolution mismatch, and
fusion artifacts; fused-image
quality does not always guarantee
better detection accuracy.

[3,41,58]

Feature-level fusion

Combines modality-specific visible
and IR representations inside detection
networks, enabling task-adaptive
fusion and improved robustness in
low-light or complex scenes.

Requires paired multimodal data,
careful network design, higher
computational cost, and strong
modality alignment.

[3,41,54–
57,59–
67,70,72]

Late fusion
Score-level fusion

Combines confidence scores or
prediction probabilities from
modality-specific models, allowing late
integration without modifying internal
feature extractors.

Limited cross-modal interaction
because fusion occurs only at the
output-score stage; performance
depends on reliable
modality-specific models.

[72]

Decision-level fusion

Combines final decisions from visible
and IR models using rule-based,
voting, or confidence-based strategies,
providing modular and
interpretable integration.

May miss fine-grained
complementary information
between modalities; performance
is affected by errors made before
the decision stage.

[3,41,69]

Note: Some studies are listed under more than one fusion category because they use more than one fusion stage.
The categories refer to the fusion operation and dataflow stage used in the method, not to a mutually exclusive
classification of each paper.

https://doi.org/10.3390/app16136757

https://doi.org/10.3390/app16136757


Appl. Sci. 2026, 16, 6757 23 of 31

Table 6. Comparative summary of fusion-level strategies for VIR-FER.

Methods Strengths Weaknesses References

Early fusion Sensor-/pixel-level fusion

Combines VIR information at the
image level, potentially improving
facial detail, contrast, and illumination
robustness before recognition.

Requires accurate facial alignment and
synchronized VIR capture; limited
validation on large and diverse
FER datasets.

[73,74]

Feature-level fusion

Integrates visible texture features and
IR/thermal facial cues inside the
recognition model, often improving
recognition accuracy compared with
single-modality inputs.

Sensitive to dataset size, demographic
imbalance, controlled acquisition
settings, and overfitting; cross-dataset
validation remains limited.

[46,73–77,79]

Late fusion
Score-level fusion

Combines modality-specific confidence
scores and allows flexible late
integration of visible, infrared, or
MSX-based models.

Depends strongly on the reliability of
each modality-specific model; limited
evidence across datasets and
expression categories.

[74]

Decision-level fusion
Combines final predictions from visible
and IR models, providing a simple and
modular multimodal FER framework.

Fusion occurs after individual
predictions, so subtle complementary
cues may be lost, affected by thermal
noise, eyeglasses, and ambient
temperature variation.

[46,77,78]

Note: The fusion categories refer to the stage at which visible and IR facial information is combined. Multi-stage
FER methods may therefore be associated with more than one fusion level when image-level, feature-level,
score-level, or decision-level information is combined within the same framework.

5.1. Fusion Methods for Object Detection

For OD, the reviewed studies show that different fusion levels support different
stages of the detection pipeline. Sensor-/pixel-level fusion improves visual target saliency
before detection, feature-level fusion enables task-adaptive representation learning inside
detection networks, and score- or decision-level fusion provides modular integration of
modality-specific outputs. Unlike Table 3, which summarizes individual studies, Table 5
synthesizes the recurring strengths and limitations of each fusion level across the reviewed
OD literature.

Overall, feature-level fusion appears to be the most commonly used strategy in recent
detection-oriented VIR studies because it allows the fusion process to be optimized together
with detection objectives [54–67,70,72]. Sensor-/pixel-level fusion remains useful when a
visually interpretable fused image is required, particularly in fusion-then-detect pipelines,
but its dependence on accurate registration limits robustness in uncontrolled environ-
ments [3,41,58]. Score-level fusion and decision-level fusion provide simpler modular inte-
gration of modality-specific outputs, but they generally allow weaker interaction between
visible and infrared cues than feature-level fusion [3,41,69,72]. Across all fusion levels,
recurring challenges include multimodal alignment, dataset dependence, computational
complexity, and limited validation under dynamic real-world conditions [54–63,66–72].

5.2. Fusion Methods for FER

For FER, the available VIR studies are fewer than those for OD, but they still show
how different fusion levels can support human-centered affective analysis. Unlike Table 4,
which summarizes individual VIR-FER studies, Table 6 synthesizes the main benefits and
recurring limitations of each fusion level for FER.

Overall, the FER literature suggests that feature-level fusion is promising because it can
combine visible facial texture with IR or thermal facial cues before classification [46,73–77,79].
However, the small number of paired VIR FER datasets limits the strength of current con-
clusions [15,44–47,73,74]. Sensor-/pixel-level fusion and MSX-style image-level fusion can
improve visual interpretability, but they depend on accurate face alignment and synchro-
nized acquisition [73,74]. Score-level and decision-level fusion provide simpler late-fusion
alternatives, but they may not fully exploit subtle cross-modal relationships between visible
appearance and thermal facial information [46,74,77,78]. Therefore, future VIR-FER research
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should focus on larger paired datasets, standardized protocols, cross-dataset validation, and
lightweight fusion networks suitable for real-time human–computer interaction [46,73,74,78].

6. OD- and FER-Oriented Applications
VIR fusion has broad application potential, but in the context of this review, its

practical relevance is mainly considered through OD and FER. For OD, VIR fusion improves
target localization and recognition under low illumination, adverse weather, smoke, haze,
occlusion, and complex backgrounds [80]. For FER, VIR fusion provides complementary
thermal and illumination-invariant facial cues that may improve affective analysis when
visible facial texture is unreliable [81]. Therefore, the following applications are discussed
according to how they benefit OD- and FER-oriented computer vision systems rather than
as general image-fusion applications.

6.1. Human Emotion Identification

Human emotion identification is the most direct FER-oriented application of VIR
fusion. Visible facial images provide texture, shape, and appearance cues, whereas IR
or thermal images can capture illumination-invariant facial information and physiologi-
cal variations related to facial temperature distribution [82]. This combination is useful
when visible images are affected by low illumination, shadows, or partial visibility, and
when thermal facial information complements visible facial details [45]. However, current
VIR-FER applications remain limited by small paired datasets, demographic imbalance,
controlled acquisition settings, and sensitivity of thermal images to eyeglasses, ambient
temperature, and sensor quality. Therefore, practical FER deployment requires larger
visible–IR facial-expression datasets, stronger cross-dataset validation, and privacy-aware
human–computer interaction frameworks.

6.2. Surveillance

Surveillance is mainly connected to the OD focus of this review. In nighttime, smoke,
haze, fog, and low-visibility environments, visible cameras may fail to capture reliable
texture and color information, whereas IR images can highlight pedestrians, vehicles,
animals, and other heat-emitting targets [83]. VIR fusion can therefore improve detection
robustness for security monitoring, search-and-rescue operations, traffic monitoring, and
perimeter protection [84]. For FER, surveillance-oriented use is more sensitive and should
be treated cautiously because facial emotion analysis in public or semi-public environments
raises privacy, consent, demographic-bias, and ethical concerns. Thus, OD is the more
mature surveillance application, while FER requires stricter ethical and technical safeguards
before deployment.

6.3. Medical

Medical applications are relevant to this review mainly when VIR fusion supports
detection or recognition tasks, such as identifying abnormal thermal patterns, monitoring
facial affect in healthcare interaction, or supporting assistive human–computer interfaces.
The fusion process combines detailed anatomical information from visible-light images
with functional data from IR imaging, such as blood flow or metabolic heat patterns [85].
This integrated approach improves diagnosis and monitoring of medical conditions, of-
fering clinicians a comprehensive view of physiological processes and abnormalities [86].
Fused images can help detect skin cancers early by highlighting abnormal thermal signa-
tures alongside visible dermatological features, or aid in managing vascular diseases by
combining visual and thermal images to assess blood flow and tissue health.
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6.4. Remote Sensing

Remote sensing is relevant to the OD focus of this review because VIR fusion can
improve the detection of vehicles, vessels, fires, vegetation stress, and other targets under
complex environmental conditions. This technology enhances remote sensing platforms’
ability to monitor environmental conditions, detect vegetation changes, and manage natural
disasters [87]. By integrating visible-light images with IR data, applications can achieve
a better understanding of environmental phenomena [88]. Fused images can improve
forest fire detection by combining visible imagery with IR heat signals, and help assess
drought impact by correlating temperatures with vegetation health. The applications of
visible and IR image fusion span multiple fields, benefiting from enhanced interpretation
capabilities [26,89]. While these surveys provide broad coverage of remote sensing and
infrared–visible image-fusion applications, the present review narrows the discussion to
OD- and FER-oriented computer vision tasks and emphasizes dataset suitability, task-
specific metrics, fusion-level design, and deployment limitations.

7. Future Directions and Challenges
Future research on VIR fusion should move beyond general fused-image enhancement

and focus more directly on downstream OD and FER performance. For OD, key challenges
include robust multimodal alignment, small-object detection, real-time inference, adverse-
weather generalization, and evaluation on diverse VIR benchmarks. For FER, the major
challenges are the scarcity of paired VIR expression datasets, limited demographic diversity,
inconsistent emotion labels, thermal sensitivity to external conditions, and weak cross-
dataset validation. Addressing these issues is essential for developing reliable VIR-based
computer vision systems.

7.1. Enhancing OD and FER Accuracy

Improving OD and FER accuracy requires fusion methods that remain reliable under
sensor misalignment, illumination variation, occlusion, adverse weather, and dynamic
background conditions [90,91]. For OD, future models should integrate alignment-robust
fusion modules, task-aware losses, and cross-modal attention mechanisms that directly
improve detection performance rather than only fused-image quality. For FER, accuracy im-
provement requires larger and more diverse VIR facial-expression datasets, better handling
of thermal artifacts, and validation across subjects, environments, sensors, and demo-
graphic groups [15,44–47,73,74]. Evaluation should therefore include both in-dataset and
cross-dataset testing to assess real-world generalization [92].

7.2. Achieving Real-Time OD and FER Processing

Real-time OD and FER processing remains challenging because multimodal fusion in-
creases computational cost and latency [93]. For OD, lightweight detectors, efficient feature-
fusion modules, pruning, quantization, and edge-computing deployment are needed for
surveillance, traffic monitoring, autonomous systems, and embedded platforms [94]. For
FER, real-time deployment requires compact fusion networks that can process visible and
IR facial inputs without excessive delay, while maintaining robustness to head pose, facial
occlusion, eyeglasses, and thermal noise. Future systems should report latency, model size,
and hardware conditions in addition to accuracy or mAP.

7.3. Standardized Evaluation and Dataset Expansion

Standardized evaluation and dataset expansion are essential for both OD and FER.
For OD, datasets such as LLVIP, M3FD, DroneVehicle, FLIR, and KAIST provide use-
ful VIR or RGB–thermal benchmarks, but studies still differ in task setting, annotation
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quality, modality alignment, and reported metrics [31–33,40,42]. Future OD studies
should use consistent train/test protocols, report AP or mAP with clear modality set-
tings, and evaluate robustness under low light, weather variation, occlusion, and cross-
dataset transfer. For FER, the need is more urgent because available paired VIR facial-
expression datasets remain limited in size, demographic diversity, and emotion-label
consistency [15,44–47]. Future VIR-FER datasets should include diverse subjects, controlled
and in-the-wild conditions, standardized emotion labels, synchronized VIR acquisition,
and public evaluation protocols.

7.4. Ethical and Deployment Considerations

Ethical and deployment considerations are particularly important when VIR fu-
sion is used for human-centered OD and FER systems. OD applications in surveillance,
traffic monitoring, and smart transportation can benefit from improved nighttime and
adverse-weather detection, but deployment must consider reliability, false alarms, sensor
cost, and performance under real-world domain shifts [95,96]. FER applications require
even greater caution because facial emotion analysis can involve sensitive personal in-
formation, demographic bias, privacy risks, and possible misuse in public or workplace
monitoring. Future FER systems should therefore incorporate privacy-aware data col-
lection, consent procedures, bias assessment, transparent reporting, and clear limits on
deployment contexts.

8. Conclusions
We reviewed multimodal VIR image-fusion techniques for computer vision applica-

tions, with OD and FER considered as two representative downstream tasks. By focusing
on these applications, this review demonstrates how VIR fusion supports both scene-level
perception and human-centered affective analysis under challenging imaging conditions.
Our analysis of state-of-the-art methods and datasets revealed limitations in current tech-
niques, indicating areas for improvement. We examined early fusion (sensor-level and
feature-level) and late fusion (score-level and decision-level) methods, comparing their
effectiveness for designing advanced models. OD and FER are important for surveillance,
security, healthcare, and human–computer interaction, where accurate scene perception
and emotional analysis are essential. The integration of modalities shows potential across
surveillance, medical imaging, and remote sensing. This review demonstrates the impact of
VIR fusion while highlighting the need for further research. Future work should focus on
developing robust fusion techniques for dynamic environments and real-time processing,
along with exploring novel datasets, advanced models, and AI-based techniques to enhance
multimodal detection systems.
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Abbreviations

CNN Convolutional neural network
DL Deep learning
ML Machine learning
FE Facial expression
FER Facial-expression recognition
GE-WA Gaussian estimation-weighted average
IR Infrared
Vis Visible
NIR Near-infrared
TIR Thermal infrared
TNO The Netherlands Organisation for Applied Scientific Research
VIR Visible–infrared
SOTA State-of-the-art
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