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Abstract

Multimodal data fusion is a research field that
combines information from various sources, each
with its own modalities. One of the prominent
challenges in data fusion is addressing adverse
conditions that arise when dealing with real-
world 1mplementations. This article presents a
review of data fusion, conducting a comparative
analysis through a literature search across
various application domains that tackle the
challenges of data heterogeneity and adverse
conditions. The focus of this paper is centered on
establishing a robust foundation to enable the
development of future research in this field. This
review reveals that almost half of the analyzed
documents describe adverse conditions, but only a
minority conduct analyses on how their techniques
address noise or benefit from considering these
conditions. The number of modalities used in
the research is generally low, with most studies
employing static data in 1D dimensions. Finally,
it 1s crucial for researchers to continue working
on an interdisciplinary vocabulary and consider
applications in real-world environments with
adverse conditions to advance in this field. It is
also important to explore applications with higher-
dimensional data and more modalities, which could
provide valuable insights for addressing specific
challenges in data fusion.

Keywords
Adverse conditions, data fusion, disturbances,
heterogeneous data, multimodal, noise.

Resumen

La fusiéon de datos multimodal es un campo de
investigacion que combina informacién de diversas
fuentes, cada una con sus propias modalidades. Uno
de los desafios mas destacados de la fusién de datos
es abordar las condiciones adversas que surgen
al enfrentar implementaciones del mundo real.
Este articulo presenta una revisién de la fusién de
datos, realizando un analisis comparativo a través
de una busqueda bibliografica en varios dominios
de aplicaciones que abordan los desafios de la
heterogeneidad de datos y condiciones adversas. El
enfoque de este documento se centra en establecer
una base sélida que permita el desarrollo de futuras
investigaciones en este campo. Estarevision muestra
que casl la mitad de los documentos analizados
describen condiciones adversas, pero solo una
minoria realiza analisis sobre como sus técnicas
abordan el ruido o se benefician de considerar estas
condiciones. La cantidad de modalidades utilizadas
en las investigaciones es generalmente baja, y la
mayoria de los estudios emplean datos estaticos
en dimensiones 1D. Finalmente, es fundamental
que los investigadores sigan trabajando en
un vocabulario interdisciplinario y consideren
aplicaciones en entornos del mundo real con
condiciones adversas para avanzar en este campo.
También es importante explorar aplicaciones con
datos de mayor dimensionalidad y mas modalidades,
lo que podria proporcionar informacién valiosa para
abordar desafios especificos en la fusién de datos.

Palabras clave
Condiciones adversas, datos heterogéneos, fusion
de datos, multimodal, perturbaciones, ruido.
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A survey of multimodal data fusion: applications and adverse conditions

I. INTRODUCTION

In recent years, data fusion (DF) techniques have significantly increased due to the growing
availability of information across various fields—medicine, the Internet of Things (IoT), and
robotics. DF methods leverage the combination of information to provide several advantages,
including (1) enhanced accuracy, even in static systems relying on a single source; (2) reduction
of redundancy in sensor networks, leading to decreased time and resource consumption in
data transmission; and (3) transformation of raw information into a dataset with higher value
and quality [1]. Specifically, multimodal data fusion (MMDF) refers to DF techniques that
process diverse types of information —varying in dimensionality, temporality, resolution,
etc.— from multiple data sources [2] to obtain a comprehensive representation of the observed
phenomenon [1].

However, DF faces numerous challenges, including imprecision, inconsistency, privacy,
and security issues [3]. Two challenges of particular relevance for scene understanding
in real-world applications are heterogeneity and adverse environments addressed in this
study. There is a strong relationship between the concepts of DF, heterogeneity, and complex
environments since, in systems where noise, disturbances, or dynamic conditions are present,
the MMDF approach becomes essential as it provides complementary perspectives of a scene
of interest [4]. Many MMDF systems lack in-depth analysis focused on complex environments,
which hinders their subsequent real-world implementation. Ma et al. [5] pointed out that
traditional developments related to visible and infrared image fusion techniques have often
1ignored noise.

Furthermore, the researchers noted that these methods primarily focus on preserving
valuable data information but do not typically address the requirements of a specific
application. Blasch et al. [6] proposed that a future research direction for machine learning-
based DF methods should involve scaling for detection in complex environments. Additionally,
Cui & Niu [7] highlighted that selecting data from various modalities to meet the needs of
specific tasks remains an active research topic, while Bokade et al. [2] emphasized that there
is still no solid theoretical foundation for multimodal data fusion.

Various researchers have conducted reviews and surveys in the field of DF, as observed in
[1], [3], [8]. Specifically, regarding MMDF, Y. Zhang et al. [9] conducted a study on models and
techniques across various domains, while C. Zhang et al. [10] focused solely on deep learning
techniques. Based on the literature reviewed, no existing DF study has primarily addressed
applications considering the challenges of heterogeneity and complex environments.

This study highlights DF developments that have accounted for complex environments
and heterogeneous datasets. It includes the areas of the applied techniques, the disturbances
and noise analyzed, the purpose and level of fusion, the number of modalities, and the
dimensionality and temporality of multimodality. The organization of this work is presented
below (see Fig 1).
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Fig 1. Structure of this document.

Section II presents the related work. Section III describes the methodology used. In Section
IV, MMDF applications across various domains are examined. Finally, Section V discusses
the obtained results and proposes possible directions for future research.
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II. RELATED WORK

Table I presents the related works associated with this study. The reviews in references
[3] and [8] provide a cross-sectional analysis of DF techniques across multiple domains,
introducing various concepts from the field while also 1identifying open challenges and potential
research directions. In [1], Meng et al. review machine learning methods. Y. Zhang et al. [9]
surveyed available models and methods for multimodal fusion, while C. Zhang et al. [10]
highlighted techniques centered on deep learning. Additionally, Bokade et al. [2] performed
a comparative study across nine domains, considering various multimodal fusion methods.

Ullah & Youn [11] developed a review addressing data heterogeneity in the context of IoT,
while Ghamisi et al. [12] presented a comprehensive study of multitemporal and multisource
fusion techniques. References [13], [14] cover a broad range of topics—including definitions,
classifications across different domains, evaluation metrics, open research questions, and
potential future directions—specifically in data fusion algorithms incorporating images. In
[4], H. Zhang et al. analyzed deep learning techniques for image fusion.

Since the lowest level of abstraction (data level) is the most common stage for multimodal
data fusion (as indicated by Bokade et al. [2]), Li et al. [15] conducted a study on pixel-level
1mage fusion methods. Additionally, [16] reviews deep learning-based methods in the same
area (see Fig 2).

TABLE I. RELATED WORK

Reference Year Title Covered Topics
A review on data fusion addressing various key
A survey on data fusion: questions: 1) Why is it necessary? 2) What is it used
[8] 2021 what for? in what form? for? 3) What methods have been proposed? 4) What
what is next? challenges remain open? and 5) What are potential

research directions?

Information Fusion for This dogument prqsents a review qf techniques for
Multi-Source Material . m.aterlal data qu}on across multlple sources. It
[3] 2019 Data: Progress and hlghhghts: 1) Ana}ysm of material d!ata properties and
dhallenges multi-source fusion, 2) Recent achlevemqnts, .and 3)
Open challenges and future research directions.

A review of machine learning techniques in data fusion.
The document covers: 1) Introduction to background —
A survey on machine definitions, models, techniques, and applications— of
learning for data fusion DF and machine learning, 2) Criteria for reviewing and
evaluating algorithm performance in DF, and 3) Future
research directions.

[1] 2020

The authors present an overview of MMDF
methodologies, multimodal segmentation datasets,
quantitative evaluations, and design choices. It also

discusses current challenges and design options.

Deep multimodal fusion
[9] 2021 for semantic image
segmentation: A survey

This document reviews deep learning models and

Multimodal Intelligence: methods for multimodal fusion, focusing on vision and

Representation

[10] 2020 . . natural language through three aspects: 1) Multimodal
Learning, Information : > . )
Fusion, and Applications represeptatlon learning, 2) Multm.loda.d fusion at
different levels, and 3) Applications.
A cross-disciplinary
comparison of
multimodal data A comparison across nine engineering domains of
fusion approaches multimodal fusion techniques, quantifying the number
[2] 2021 and applications: and dimensions of modalities used in each case study.
Accelerating learning It also classifies algorithms and their application
through trans- purposes.
disciplinary information
sharing
Intelligent Data A review of data fusion methods in IoT systems,
[11] 2020  Fusion for Smart IoT highlighting trends, challenges, and research
Environment: A Survey opportunities in DF.
A compendium of multi-source and multi-temporal
Multisource and fusion, covering: 1) Point cloud fusion, 2) Hyperspectral
[12] 92019 Multitemporal Data and LiDAR data fusion, 3) Resolution and panoramic
Fusion in Remote approaches, 4) Multitemporal data fusion, and 5)
Sensing Big Data and social networks. It also outlines future

challenges and research.
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Review of Various Image A review of image fusion techniques, considering: 1)

[13] 92091 Fusion Algorithms Spatial domain integration methodology, 2) Frequency
and Image Fusion domain and deep learning-based fusion techniques, and
Performance Metric 3) Evaluation metrics.

A review of strengths and weaknesses of different fusion
[14] 2021 Image Fusion techniqu(.as—spat.ial domain, frequency fiomain, .and
Techniques: A Survey  deep learning. Topics covered: 1) Evaluation metrics, 2)
Applications across domains, and 3) Future directions.

A review of deep learning techniques for image fusion,
Image fusion meets deep addressing: 1) Concepts, 2) Method classification, 3)
[4] 2021 learning: A survey and State-of-the-art review across multiple applications,
perspective 4) Qualitative and quantitative evaluations of fusion
methods, and 5) Challenges and future directions.

Pixel-level image fusion: An in-depth study of pixel-level image fusion methods,
[15] 2017 A survey of the state of  discussing different evaluation metrics and concluding
the art with future research directions.

A review of deep learning for pixel-level image fusion,

Deep learning for pixel- covering: 1) Key difficulties in traditional DF, 2)

level image fusion:

[16] 2018 Advantages and achievements of deep learning, 3)
Recent advances and . . 3
Various fusion techniques, and 4) Future research
future prospects :
perspectives.
5 Related documents
10
8
6
4
2
 sm um =

2017 2018 2019 2020 2021 2022

Fig 2. Histogram of related documentation.

Finally, some recent reviews and surveys on MMDF in specific domains are highlighted,
including smart cities [17], activity recognition [18], agriculture [19], medicalimaging [20], [21],
[22], [23], [24], infrared and visible images [5], [25], hyperspectral and multispectral images
[26], panoramic sharpening techniques for synthesizing panchromatic and multispectral
1mages [27], pipeline monitoring [28], autonomous driving [29], [30], etc.

III. METHODOLOGY

The methodology section established the foundations to ensure a clear and precise
understanding of the study presented. Initially, the specific terminologies used throughout
the document were defined, which was crucial due to the diversity of terms employed in data
fusion. Subsequently, the approach adopted for the identification, selection, and analysis of
the literature was detailed, thereby ensuring the transparency and replicability of the review.

A. Key Concepts
The following presents definitions, classifications, and challenges associated with fusion,
aiming to establish a conceptual framework for MMDEF.

1. Data Fusion (DF)

DF is a process that enables the combination or integration of data through methods and
models [7], which may originate from one or multiple sources [1], with the aim of obtaining
more informative data [2] (Fig 3).
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Fig 3. Data fusion.

From the previous concept, three key elements of DF can be identified: (1) Source, (2)
Processing, and (3) Purpose.

+ Data Source: Refers to elements such as databases, sensors, or prior system knowledge

[1].

* Models and Methods: Models represent hierarchical transformations applied to data;

these structures or architectures help unify terminologies to specify the characteristics and

functionalities of DF systems. Researchers often use their architectures when developing

applications, but fundamental models include (1) JDL (Joint Directors of Laboratories), (2)

Luo & Kay, and (3) Dasarathy [1]. However, the fusion core lies not in the structures but

in data processing methods [31].

* Purposes: DF methods are employed to achieve specific goals, such as dimensionality

reduction, regression, classification, and clustering [2].

2. Multi-Modal Data Fusion (MMDF)

MMDF refers to integrating data from multiple modalities to generate more usable
information. It also enables inferences in complex scenes that would not be possible using a
single modality. Data obtained from different modalities exhibit specific characteristics, such
as:

1. Dimensionality:
1D (one-dimensional information, i.e., data without spatial representation).
2D (two-dimensional information, such as images).
3D (three-dimensional information, such as point clouds).

2. Temporality:
Static data (information without a temporal reference).
Time series (e.g., video or samples acquired at specific time intervals) [2], [9].

A modality is a channel (mode) that captures information from a scene or object of study,
representing how data is acquired [2]. Based on the findings of Y. Zhang et al. [9], some
examples of modalities used in different applications include:

*  Multimedia analysis: Video, audio, and text data.

* Medical imaging: Single-photon emission computed tomography, positron emission

tomography, computed tomography, nuclear magnetic resonance, etc.

* Remote sensing: 3D point clouds, high-resolution optical data, and synthetic aperture

radar.

* Other modalities mentioned include visible light cameras, infrared cameras, thermal

cameras, and polarization cameras.

3. Classification of Data Fusion Methods
There are numerous classifications for addressing DF methods; below, multiple perspectives
found in the literature are presented.:
* Based on the mathematical methods used: Techniques based on Dempster-Shafer theory
(also known as evidence theory or belief function theory), probability-based techniques,
and artificial intelligence-based techniques [11], [31].
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* Based on the relationship between information sources: Complementary, cooperative,
and competitive [28].

* Based on the abstraction level of input and output: Data level (signal or pixel), feature
level, and decision level [2], [3], [22], [27], [29], [32].

When the integration of information involves 2D data (images), various authors commonly
use the following classifications:

+ Basedonthetypeoftechnique: Spatial domain techniques, frequency domain techniques,

and deep learning-based techniques [13], [14], [23].

+ Based on fusion categorization: Multi-view fusion, multi-focus fusion, multi-temporal

fusion, and multimodal fusion [14], [21], [22].

* Finally, Y. Zhang et al. [9] categorized deep learning-based multimodal fusion methods

into early, late, and hybrid fusion.

4. Data Fusion Challenges

Data fusion techniques enhance the quality of acquired information. According to Baroudi
et al. [28], this improvement is reflected in at least four aspects: representation, accuracy,
certainty, and completeness. However, due to the complexity of specific applications, fusion
faces challenges such as those illustrated in Fig 4. Y. Zhang et al. [9] identified several
challenges in multimodal fusion, including:

+ Data diversity,

+ Data quantity and quality,

* Data alignment and

+ Dataset construction.

This study addresses two of the challenges highlighted in Fig. 4, which are also emphasized
in research studies [1], [31]:

+ Complex environments: DF is not a static process; data may only represent a specific
period. This challenge arises due to dust particles, fog, lighting variations, and sensor-
acquired noise. In this document, the terms (a) noise, (b) disturbances, and (c) dynamic
environments are considered synonymous with complex environments.

+ Heterogeneity: Information acquired from multiple sources may come from different
sensors or modalities.

The focus of this study on these challenges stems from: (a) The need, as indicated by several
researchers, for DF methods tailored to specific applications and (b) a strong relationship
exists between heterogeneous data and adverse conditions in real-world implementations.
Additionally, Y. Zhang et al. [9] state that high-quality, large-scale multimodal data are
necessary for training deep learning methods. However, when these conditions are lacking,
processing under noisy conditions must be considered.

Data Imperfection Data Inconsistency

Data Conflict

D F Cha "enges Alignment/Registration

and Data Correlation

—-—_'—-

Fusion Location
=

-
rd
Complex Data Type
\ Environments Heterogeneity }
- d
o -

Fig 4. Data Fusion challenges.
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B. Research Approach
This literature review was designed and conducted following a structured approach, aligned
with the principles of PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-
Analyses), to ensure maximum transparency and replicability in the identification, selection,
and analysis of relevant literature. The specific stages of the adopted methodological process
are detailed below.
Literature Search:
+ Databases used: A comprehensive search was conducted in Scite.ai and Web of Science,
selected for their relevance and extensive coverage of scientific literature, which is essential
for this study’s focus.
+ Search strategy: Carefully selected search terms, such as “multimodal data fusion”
and “sensor fusion,” among others, were employed. These terms were combined using the
boolean operator OR —’data fusion” OR “multimodal data fusion” OR “multi-modal data
fusion” OR “sensor fusion” OR “multisensor fusion” OR “multi-sensor fusion” OR “image
fusion” OR “information fusion”— to encompass a broader range of studies.

Study Selection:

+ Inclusion andexclusion criteria: Studies explicitly addressing data fusion and considering
the heterogeneity of data sources in three specific domains—-civil engineering, automation,
and robotics—were included. Studies that did not align with these areas and lacked key
terms related to adverse conditions (e.g., “noisy,” “noise,” “disturbance,” “uncertainty,”
“adverse condition,” “complex environment,” “dynamic environment”) were excluded.

* Selection process: The selection was conducted in two stages. Initially, articles were
filtered based on their titles and abstracts to determine preliminary relevance. A full-text
review was then performed to confirm inclusion based on the established criteria.

Data Analysis and Synthesis:

+ Data extraction: Key information was extracted from each selected study, including
descriptionsofadverseconditions, DFlevel, modalitiesused, temporality and dimensionality,
DF technique classification, and the specific purpose of fusion (see Fig 5).

+ Information synthesis: A comparative analysis was conducted to identify trends,
challenges, and research gaps in the existing literature.

s b
v = ® -
independent component analysis
]
v ‘ »
@ o
. y
® model
system . y
@ classification @
selection
® prc?(;lion

Fig 5. Bibliometric analysis

Fig 6 presents the connections between keywords in over 300 studies, allowing for a
visualization of their relationships. These results highlight the interdisciplinary nature of
data fusion, as it involves knowledge from various fields, which is reflected in the number and
diversity of terms covered. However, it also reveals the lack of uniformity in the terminology
used in this field.
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Fig 6. Word flow diagram.
IV. MULTIMODAL DATA FUSION APPLICATIONS

The following is a summary of studies in the field of data fusion across various domains
that considered heterogeneous data (multimodality) and accounted for or mentioned complex
conditions (dynamic environments, disturbances, or noise) within the studied system.

A. Civil Engineering

Gros et al. [33] conducted a non-destructive inspection of a carbon fiber-reinforced
composite material using eddy currents and infrared thermography after subjecting it to
low-energy impacts. The data were fused at the pixel level using probabilistic methods,
including (1) maximum amplitude, (2) integration (AND operator), (3) averaging, (4) weighted
averaging, (5) Bayesian analysis, and (6) Dempster-Shafer theory. These methods were
evaluated qualitatively and quantitatively, with the authors concluding that the ensemble
averaging technique is the most suitable for reducing noise in multiple images from the same
source. Kurup and Griffin [34] developed a general regression neural network (GRNN) to
predict soil composition. The dataset used included values obtained from cone penetration
test (CPT) soundings —specifically, sleeve friction and cone resistance— as well as grain
size distribution results from standard penetration test (SPT) boreholes. The researchers
stated that site heterogeneity is expected to introduce noisy training data due to potential
inconsistencies between CPT data from nearby soundings and soil samples recovered from
boreholes, ultimately improving the model’s performance. Cheng et al. [35] proposed a
centralized data fusion method for monitoring workers’ safe and unsafe ergonomic behaviors
in construction sites. Their approach consists of two stages: (1) Posture estimation, combining
data from physiological state monitoring (PSM) and video recordings. (2) Position estimation
1s done using ultra-wideband (UWB) devices. Due to PSM implementation in a real-world
environment, posture angle and heart rate data were collected with noise. However, the
researchers stated that error analysis of these measurements and their impact on activity
classification were beyond the scope of their study. Additionally, UWB signals, which can
contain outlier-related noise, were filtered using a Robust Kalman Filter.

Sbartai et al. [36] conducted a study to predict concrete properties (such as water content
and strength) through data fusion of non-destructive testing (NDT) measurements, including
Ground Penetrating Radar (GPR), Ultrasonic Pulse Velocity, and Electrical Resistivity. The
employed techniques were Artificial Neural Networks (ANN) and the Response Surface
Method (RSM). Due to the limitations of using a single parameter —since samples are affected
by noise caused by material variability or measurement precision— the authors indicated
that by combining the three considered variables, data fusion techniques demonstrated their
capability to evaluate in-situ concrete properties. Similarly, researchers in [37] developed a
system for accurately assessing concrete properties. Two techniques —fuzzy neural networks
(FNN) and possibility theory— fused information, as individual concrete properties influence
different NDT methods used in the study. This fusion allowed for the prediction of the desired
properties. Erzin et al. [38] compared the performance of three models (SOFM1, SOFM2,
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SOFM3) based on Self-Organizing Feature Maps (SOFM) to predict the critical safety factor
(Fs) in an artificial slope subjected to seismic forces. The input parameters included internal
friction angle (®), cohesion (c), bulk unit weight (y), and seismic coefficient (k). According
to the authors, all three models were developed using SOFM because of their ability to
perform various operations, including noise rejection. Additionally, the study demonstrated
the effectiveness of the SOFM1 model in estimating Fs. Ploix et al. [39] conducted a study
on estimating durability indicators for undamaged concrete using a Possibility Theory and
Fuzzy Set-based method. The input parameters included ultrasonic transmission velocity,
Wenner resistivity, radar wave amplitude, quadripolar resistivity, the arrival time of a direct
radar wave, and ultrasonic surface wave velocity. According to the authors, data fusion
techniques were proposed due to the sensitivity of the measurements to variability, material
heterogeneity, and experimental noise. The results demonstrated that the selected adaptive
operator is suitable for this type of application.

Volker & Shokouhi [40] conducted a study on the detection of simulated panels in concrete
through data fusion from three sensor modalities: (1) ground-penetrating radar data, (2)
ultrasonic pulse-echo, and (3) impact-echo. The authors confirmed the superiority of the
multisensor approach in complex environments compared to the best response obtained from
a single sensor in the tests performed (ultrasonic sensor). The ROC curves of the Hadamard
product and Dempster-Shafer techniques were more pronounced, indicating a noise reduction
(inferred from the decrease in the false positive rate). Aryal et al. [41] conducted a study to
prevent construction industry accidents by monitoring real-time physical fatigue. To achieve
this, they trained a boosted tree classifier using 21 features obtained from (1) temperature
sensors (9), (2) heart rate (4), (3) personal worker information (7), and (4) work duration (1).
To eliminate large spikes in the sensor signals during the preprocessing stage, the researchers
applied a Savitzky-Golay filter, a third-order one-dimensional median filter, and a moving
average filter to smooth out (remove noise from) the signals. Finally, Volker & Shokouhi
[42] studied identifying simulated honeycomb defects in a concrete slab. The employed data
fusion techniques—DBSCAN (Density-Based Spatial Clustering of Applications with Noise),
C-Means, and K-Means—enabled the clustering of features to classify results as “defective”
or “non-defective.” Due to noise reduction during the fusion process, the DBSCAN method
achieved the best results in the tests conducted.

B. Automation

Cai B. et al. [43] proposed a fault diagnosis system for drive systems and power switch
devices, specifically targeting inverters, as they are the weakest components in such systems.
The diagnosis was performed using a data-driven Bayesian network and validated through
simulation and experimental testing, considering sensor noise and diagnosis accuracy bias
across different PCA dimensions. This methodology is suitable for various power switch-based
electrical devices, including inverters and multilevel converters. Zhao et al. [44] introduced a
deep fusion feature optimization method using deep neural networks to extract degradation
features from bearings in centrifugal pumps within nuclear power plants, considering
vibration, temperature, and seal conditions as adverse variables. The experiments in this
study utilized the IEEE PHM 2012 database. Zhang et al. [45] proposed a new intelligent
method for ball screw degradation recognition based on Deep Belief Networks (DBN) and
implemented multisensor data fusion—using three accelerometers to capture five sets of
vibration signals at multiple positions and directions. The recognition results indicate that
the proposed DBN-based method can accurately classify ball screw degradation stages and is
capable of adaptively extracting intrinsic degradation features. Ge Y. et al. [46] developed a
gesture prediction system capable of interpreting hand movement intent and predicting the
final gesture before the motion ends. The system features a glove with six flexible sensors
to collect precise spatial information. A low-pass filter was applied to counteract motion
instability, and the technique employed a combination of neural networks and support vector
machines (SVM). Hsu Y. et al. [47] presented a portable 3D Simultaneous Localization and
Mapping (SLAM) system for human navigation, adaptable to various environmental scenarios.
The system integrates RGB-D SLAM and IMU/LiDAR SLAM, combining the strengths of both
techniques through a sensor fusion-based SLAM algorithm. It fuses data from a Microsoft
Kinect camera, a Hokuyo laser rangefinder (LRF), and inertial measurement unit (IMU)
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sensors to enable 3D positioning and mapping. The proposed sensor fusion system can adapt
to different environments while considering perturbations such as velocity and vibration,
with the LRF-based SLAM algorithm handling necessary corrections.

Kacprzynski G. et al. [48] conducted a study to identify the optimal combination of measured
system data, data fusion algorithms, and associated architectures to achieve the highest
overall prediction/detection confidence levels for a given application. These fusion techniques
were applied to vibration features extracted during a transient failure test associated with
an accelerated industrial gearbox and recorded using the Mechanical Diagnostic Test Bed
(MDTB) at the ARL Laboratory of Penn State University. Ma M. et al. [49] developed a
new deep multimodal fusion architecture, the Deep Coupling Autoencoder (DCAE) model,
to identify joint features between vibration and acoustic signals for rotating machinery
health state classification. Two experiments evaluated the proposed method’s performance,
demonstrating that DCAE efficiently utilizes multi-source sensor data for accurate fault
diagnosis. Kumar M. and Garg D. [50] introduced specific strategies for fusing data from some
of the most commonly used sensors in robotic work cells, namely vision sensors and proximity
sensors. The proposed transformation and data fusion strategy was tested and validated in
a robotic work cell using an ABB IRB140 six-axis articulated industrial robot equipped with
a force/torque sensor, a proximity sensor, and an overhead camera. The data from these
diverse but redundant sensors were fused using Bayesian inference to generate an occupancy
grid model of the workspace. The Kalman filtering technique was also employed to estimate
external forces acting on the robot’s end effector, leveraging its underlying dynamics and the
force/torque (F/T) sensor data mounted on the robot’s wrist. Chen Y. et al. [51] designed a
multimodal fusion method for face and fingerprint images using a block-based feature image
matrix that extracts a semantic feature type from intermediate local features. They used the
Variational Bayesian Extreme Learning Machine (VBELM) for recognition. This technique
provides higher processing speed due to random input weights while offering superior stability
and generalization by incorporating a fully non-informative Gaussian prior (noise filtering).
The study utilized the FERET_FVC2002 public database containing face and fingerprint
data.

Yuqin J. et al. [62] developed an intelligent inspection and monitoring model for Flexible
Manufacturing Systems (FMS) based on Distributed Artificial Intelligence (DAI). The
study analyzed methods for data preprocessing, feature extraction, and neural network
construction. The case study focused on a textile machinery plant implementing FMS, which
integrates multiple sensors to capture the condition signals of interrelated devices in the
machining process. According to the authors, the oil cylinder pressure signal was periodically
recorded, and noise interference was partially eliminated using a set of Rk rules, which apply
a single-point fuzz method, product reasoning, and centroid method to obtain fuzzy system
results, increasing the signal-to-noise ratio fivefold. The system can analyze, process, and
inspect operations automatically while detecting abnormal and unforeseen failure conditions.
Safizadeh M.S. and Latifi S.K. [53] proposed a fault diagnosis method for bearings using data
fusion from two primary sensors: an accelerometer and a load cell. They developed a Condition-
Based Monitoring (CBM) system consisting of six modules: detection, signal processing,
feature extraction, classification, high-level fusion, and decision-making. The acceleration and
load signals were acquired using a test bench, and the K-Nearest Neighbor (KNN) classifier
was used to identify the bearing’s condition based on vibration and load signals. Vibration
measurements were conducted using a piezoelectric accelerometer (IMI Sensors 608A111)
with a natural undamped frequency of 10 kHz. The test results demonstrated that the load
cell is highly effective in distinguishing between healthy and defective ball bearings, while
the accelerometer is particularly useful for pinpointing the fault location.

C. Robotics

Ahmad et al. [54] conducted a quantitative comparison of four segmentation methods for
autonomous horizon line detection using Average Pixel Accuracy and Average Absolute Pixel
Distance. Two of these methods belong to the deep neural network field, while the other two fall
into the feature learning and classifier training by patches category. These techniques were
trained and tested on a large dataset (GeoPose3K), which includes images with field-of-view
parameters, camera position, and camera orientation while considering perturbations such
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as varying weather conditions and lighting. Tseng et al. [65] developed a system that enables
a robot to infer social situations and determine whether it can approach and interact with a
group of people. Since human detection in complex environments often results in false positives,
the authors implemented data fusion through covariance intersection using two sensors: (a)
Laser Range Finder (SICK LMS 100) and (b) RGB-D camera (ASUS Xtion Pro). Reina et al.
[66] developed a multimodal system (stereo vision, LiDAR, radar, and thermography) for
agricultural vehicle applications, considering the variability of field conditions such as terrain
diversity and ambient lighting conditions. The researchers demonstrated that (1) stereo vision
can help overcome LiDAR limitations, such as low acquisition frequency and data sparsity; (2)
LiDAR helps mitigate vision limitations caused by reconstruction errors due to poor lighting;
(3) radar measurements can define regions of interest in a stereo vision-generated point cloud;
and (4) stereo vision and thermography measurements provide features for detecting living
beings and obstacles (such as rocks and poles). Palumbo et al. [57] presented a system for
daily activity recognition using decision tree-based fusion of implicit disturbances detected
by wireless sensors placed in the environment and inertial sensor data from a smartphone.
The researchers performed feature extraction in the time domain to compress the acquired
time series, eliminate noise, and remove correlations.

Howard & Seraji [68] presented a data fusion system (fuzzy logic) for safe terrain
classification using information from LiDAR, radar, and camera sensors aboard a spacecraft
during descent. In the developed simulation—which accounted for spacecraft conditions,
terrain type, and sensor parameters such as noise—the researchers concluded that
the applied technique is ideal for this scenario, as it effectively handles imprecision and
ambiguities in terrain data caused by spacecraft vibrations, among other factors. Y. Cheng
& Zhang [59] developed an algorithm for obstacle avoidance in an unmanned marine vessel.
The proposed system (CDRLOA) consists of (1) a data fusion module (convolutional neural
network), (2) a decision-making module (deep reinforcement learning), and (3) an avoidance
reward function. The authors conducted various experiments to validate the algorithm’s
effectiveness, including scenarios with unknown dynamic environments. Chilian et al. [60]
presented a data fusion system (indirect feedback information filter) for the DLR Crawler
six-legged robot. This algorithm integrates measurements from (1) an inertial measurement
unit (IMU), (2) joint angle sensors in the robot’s legs, and (3) a stereo camera. The authors
accounted for odometry errors in the filtering process and successfully tested the proposed
algorithm. Kubelka et al. [61] improved the accuracy and reliability of their multimodal data
fusion system —combining (a) Xsens MTi-G IMU, (b) track velocity encoders, (c) a Point Grey
Ladybug3 camera, and (d) a SICK LMS-151 sensor— using an extended Kalman filter for
a mobile robot operating in complex environments. The researchers evaluated their system
in both indoor and outdoor scenarios, considering conditions such as (a) slippery slopes,
(b) unstable surfaces, (c) obstacles, and (d) artificial sensor limitations. Maatoug et al. [63]
conducted a study on wheelchair localization. The simulation included ultrasonic sensors
and incremental encoders, with sensor fusion performed via an extended Kalman filter,
accounting for sensor noise. Qiu et al. [63] presented an autonomous landing control system
for an unmanned aerial vehicle (UAV) during the docking process on an electrical tower. An
extended Kalman filter was employed to estimate the vehicle’s position by fusing camera,
radar, and IMU data. The researchers indicated that this data fusion technique effectively
reduces Pan-Tilt fluctuations and flight noise, improving landing stability.

Sumanarathna et al. [64] described the trajectory of a robot along a predefined path.
Considering real-world implementation conditions, the researchers stated that relying on a
single sensor for such applications is not feasible. Therefore, they implemented a data fusion
technique based on Kalman filters to improve the robot’s position estimation by combining
information from (a) GPS, (b) encoders, and (c) an accelerometer. Novak et al. [65] conducted
a study comparing the performance of various technologies aimed at predicting human
reach movement targets. Their experiments combined different modalities using linear
discriminant analysis, including (1) camera-based eye tracking, (2) electromyography, (3)
electroencephalography, (4) electrooculography, (5) hand position, and (6) user preferences.
Additionally, various analog filters were employed to eliminate sensor noise. Yang et al. [66]
proposed a data fusion system integrating (a) a magnetic encoder and (b) an analog speed sensor
for precision motion control of a linear motor. Position estimation weights were calculated
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using a radial basis function (RBF) neural network, which accounted for sensor velocity and
noise. The researchers reported improved performance compared to single-sensor approaches
and existing multimodal methods. Shamwell et al. [67] developed a study to estimate the
state of a robot with size, weight, and power (SWaP) constraints using an unsupervised
deep convolutional-deconvolutional fusion technique, Multi-Hypothesis DeepEfference 8
(MHDE). This approach intelligently integrates noisy sensor data (evaluated under four
noise conditions) to generate probable pixel density hypotheses. The authors assessed their
technique using the KITTI Odometry dataset. By comparing their results with DeepEfference
and DeepMatching techniques, as well as average pixel error and execution time metrics,
they demonstrated the superiority of their method, as reported in their findings.

Finally, metrics obtained from the reviewed documents that considered heterogeneity and
adverse conditions are presented: (a) Description of adverse conditions (Fig 7), (b) DF level
(Fig 8), (c) Modalities (Fig 9), (d) Temporality and dimensionality (Fig 10), (e) Classification
of DF technique (Fig 11), and (f) Purpose (Fig 12).

Figure 7 provides a visual representation highlighting the percentage of documents
addressing some form of adverse condition (49%) compared to those that do not (51%).

Description of noise or adverse condition

HSi ENo

Fig 7. Description of noise or adverse condition.

Fig 8 shows the percentage of documents according to the classification of the fusion level:
data-level fusion (26%), feature-level fusion (65%), and decision-level fusion (9%).
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Fig 8. Fusion level.

Fig 9 represents the number of modalities used in the reviewed studies.
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Fig 9. Modalities.

Fig 10 illustrates the percentage of documents that conducted DF with a specific
dimensionality and temporality.
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Temporality and Dimensionality
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Fig 10. Temporality and Dimensionality.

Fig 11 provides a visual representation of the percentage of documents that conducted DF
according to a classification into three groups, defined based on references [11] and [31] (see

Table TI).

Classification of DF techniques

HGroupl MGroup2 ™ Group3

Fig 11. Classification of DF techniques.

TABLE II. DATA FUSION CLASSIFICATION
Reference Group 1 Group 2 Group 3

Recursive operators based Artificial intelligence based on Dempster-Shafer theory

[11] on prObanglfgl;;g Bayesian neural networks and fuzzy logic  based on evidence theory

Artificial intelligence-based
techniques, including classical
machine learning, fuzzy logic,
artificial neural networks, and

genetic evaluation

Probability-based methods
including Bayesian analysis,
statistics, and recursive
operators

Data fusion methods based

[31] on evidence theory

Fig 12 illustrates the percentage of documents that conducted DF based on their purpose:
regression/estimation (63%), classification (35%), clustering (1%), and dimensionality

reduction (1%).

Purpose

M Regression/Estimation M Classification m Clustering m Dimensionality Reduction

Fig 12. Purpose.

V. DISCUSSION AND FUTURE WORK

A. Discussion
First, according to the collected information, 49% of the reviewed documents described or

defined some adverse condition for their system. However, only 28% conducted any analysis
related to their techniques’ ability to reject noise or the benefits of considering such conditions
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in their datasets. Among the reviewed areas, automation studies had the highest percentage
of papers describing some adverse condition (78%). In comparison, robotics had the highest
percentage of documents that performed analyses regarding these conditions (56%).

Second, the most commonly used fusion level (see Section III — Subsection C) is feature-
level fusion (65%), which contradicts the findings of Bokade et al. [2]. This discrepancy may
be due to either of the following reasons: (a) Bokade et al. considered a broader range of
application domains (such as 2D MMDF in various applications). (b) The lack of theoretical
development and integration across disciplines may result in a conceptual difference. In
applications where the information does not originate from sensors, confusion may arise in
classifying DF according to the fusion level.

Third, regarding data acquisition modes (see Section III — Subsection B): (a) The number
of modalities used in the studies is generally low, with 88% of the documents utilizing
between 2 and 4 modalities. (b) The most commonly used data dimensionality is 1D (68%). (c)
Approximately 62% of the studies used static data. Notably, 39% of the authors considered
multiple dimensionalities within a single study, while only about 6% of the studies incorporated
both temporality conditions.

Fourth, based on references [11] and [31] (see Section III-—Subsection C), which classify
fusion methods according to mathematical techniques, Table Il proposes a grouping of methods.
52% of the researchers employed techniques from Group 2 (Al-based methods, including
classical machine learning, artificial neural networks, fuzzy logic, and genetic evaluation).
40% used techniques from Group 1 (probabilistic methods, including Bayesian analysis,
recursive operators, and statistics). 8% used techniques from Group 3 (Dempster-Shafer
theory). Regarding the purpose of data fusion (see Section III — Subsection A), regression
(63%) and classification (35%) were the most common objectives in DF studies. However,
clustering and dimensionality reduction accounted for only 1% each. Notably, classification
objectives were dominant in automation-related studies (65%).

B. Future Work

First, it is crucial to continue developing an interdisciplinary vocabulary that facilitates
both literature searches and understanding within the DF field. This will promote greater
clarity and consistency in communication among researchers, ultimately fostering the
advancement of knowledge in this rapidly evolving area.

Second, to ensure effective communication of developments in DF, authors should provide
detailed information in their publications, including: The number of modalities (or sensors
used), the dimensionality of the data (1D, 2D, or 3D), the temporality (static or time series)
and the fusion level (data, feature, or decision). Additionally, other relevant DF classifications
should be reported as appropriate.

Third, when considering real-world applications, researchers must clearly and
comprehensively describe the type of adverse conditions affecting the studied system. These
may include noise, disturbances, dust presence, variable lighting, fog, or other non-ideal
environmental factors. Moreover, thorough analyses should be conducted based on the specific
techniques employed in each study.

Fourth, to further advance the DF field, it is recommended to explore applications involving
higher-dimensional data, such as 3D data, and to consider a broader range of modalities
(more than 4), surpassing the traditionally used quantity. Additionally, researchers should
explore variations in other aspects, such as temporality and the purpose of DF, to open new
perspectives and expand the existing body of knowledge in this research domain.

VI. CONCLUSIONS

This article presents a literature review on DF, aiming to compare studies across various
application domains —automation, robotics, and civil engineering— that considered
information heterogeneity and adverse conditions. Additionally, key definitions and metrics
extracted from the bibliographic search were provided.

According to the reviewed literature, most studies lack an analysis of the system’s noise
rejection capability (72%). The number of modalities used is relatively low (2 to 4 modalities),
and the most commonly employed approaches include static temporality (62%), 1D data
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dimensionality (68%), feature-level fusion (65%), and regression/estimation as the primary
fusion purpose (63%).

It 1s recommended that we continue advancing the development of an interdisciplinary
vocabulary in the DF field and further explore the application of these techniques in real-
world environments or scenarios involving adverse conditions, disturbances, or noise.
Furthermore, investigating applications that involve higher-dimensional data and a broader
range of modalities is encouraged, as this could provide valuable insights for addressing
specific challenges in the field.
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