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Highlights

What are the main findings?

e Intelligent conveyor belt fault detection increasingly relies on deep learning, with
CNN-based vision models becoming the dominant analytical approach.

e  Effective fault detection depends on matching the sensing and analytical method to
the specific fault mechanism and deployment conditions.

e  Existing diagnostic approaches remain concentrated on fault detection rather than
prediction.

What are the implications of the main findings?

e Development of prognosis-oriented and physics-informed modeling frameworks
may improve the predictive value and transferability of future diagnostic systems.

e Integration of principled multi-sensor fusion with calibrated, explainable inference
represents a promising direction toward genuinely predictive and trustworthy con-
veyor belt monitoring.

Abstract

Industrial conveyor belt systems are critical infrastructure where unexpected failures
cause major downtime, safety hazards, and economic losses, motivating growing research
on Al-based fault detection. However, previous reviews have generally focused on indi-
vidual sensing technologies or considered conveyor systems within broader mining ap-
plications, with limited attention to the extent to which current approaches support pre-
dictive, industrial-scale deployment. Following PRISMA 2020 guidelines, this review ex-
amines intelligent fault detection in industrial conveyor belt systems, with particular at-
tention to sensing technologies, Al-based analytical methods, and deployment feasibility.
The analysis considers the main fault types reported in the literature and the sensors and
algorithms used for their detection. Deep learning was the dominant analytical approach,
with CNN-based architectures such as YOLO, ResNet, and U-Net widely used for vision-
based applications, while LSTM and GRU models were more commonly applied to acous-
tic and vibration signals. Vision/camera sensing accounted for 42.7% of studies, and min-
ing represented 76.0% of applications. Despite substantial progress in automated fault
detection, most studies remain focused on identifying existing faults rather than
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anticipating future degradation. Remaining-useful-life estimation was absent, while
physics-informed modeling, multi-sensor fusion, domain adaptation, calibrated uncer-
tainty, and explainability were each reported in no more than one study. Future advances
should therefore place greater emphasis on prognosis, cross-site generalization, uncer-
tainty-aware inference, explainable models, and principled sensor fusion to support more
reliable and transferable predictive maintenance systems.

Keywords: Conveyor systems; Predictive maintenance; Anomaly detection; Multi-sensor
fusion; Deep learning; Machine learning; Computer vision; Edge computing; Industrial
IoT

1. Introduction

Conveyor systems are essential for many industries, such as mining, ports, and man-
ufacturing, for transporting goods and products safely and effectively [1-3]. For instance,
in mining, conveyor belts support continuous bulk material handling in harsh environ-
ments, motivating research on early damage/anomaly detection and safety-oriented in-
spection [4-6]. Moreover, for the improvement of productivity and minimization of inter-
ruption risks for ports and industries, the automated monitoring of conveyor belt and
idler conditions has been proposed [7-10]. However, if a conveyor system fails, it has sig-
nificant consequences, as a small failure may disturb the entire system, leading to unex-
pected downtime and financial losses [1,3,11,12]. This is especially critical in continuous-
flow operations where even short interruptions can generate downstream issues across
production and supply chains [1,13].

Traditional maintenance of conveyor systems has mainly focused on manual or pe-
riodic inspection to identify any signs of wear or failure in components such as belts and
idlers [6,14-16]. Although these approaches are simple, they are prone to subjectivity and
may miss early-stage defects, particularly under challenging field conditions [4,5,17,18].
Many industries use schedule-driven interventions for different operations to avoid fail-
ure in a conveyor system, which can reduce catastrophic events but may increase unnec-
essary maintenance actions and operational costs [3,11]. Conventional sensing has been
widely used to improve fault detection: vibration monitoring has been applied to charac-
terize belt/roller—idler dynamics and diagnose rotating components [19-21], while ther-
mal/infrared approaches detect abnormal heating patterns associated with degradation,
mis-rotation, or localized resistance [16,22,23]. Increasingly, these approaches are being
augmented - or replaced - by intelligent, data-driven systems to improve diagnostic accu-
racy and automation[1,13,24].

Under Industry 4.0, the trend has been moving towards intelligent maintenance of
the conveyor systems using data-driven approaches [1,24,25]. Anomaly and fault detec-
tion in conveyor systems is becoming earlier, faster, and increasingly automated by inte-
grating artificial intelligence (AI), Industrial Internet of Things (IloT) connectivity, and
edge/cloud computing as modern solutions [24,26,27]. Also, by the emergence of smart
sensing, the operational parameters of the conveyor systems are continuously being col-
lected, thereby facilitating the acquisition of high-quality operational data (e.g., vibra-
tion/thermal/telemetry) [21,23,25]. These data can be processed locally (on-device/edge)
or via connected architectures using machine learning and deep learning models for
anomaly detection and predictive diagnostics [24,27,28]. In parallel, digital-twin ap-
proaches have been proposed to create a virtual replica of the conveyor system for testing,
prediction, and maintenance strategy evaluation in a low-risk setting [3]. These intelligent
systems aim to improve productivity, reduce downtime and costs, and support real-time
decision-making and longer-term maintenance planning [1,3,11].
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Although significant improvements have been made in the detection of anomalies 91
that occur in conveyor systems, the maintenance process remains inadequate for most 92
modern industrial needs. This is because manual inspection processes are time-consum- 93
ing, irregular, and difficult to scale [17,22,29,30]. Additionally, the efficiency of intelligent 94
inspection might be reduced under harsh conditions, such as those with poor lighting, 95
noise, and clutter, which often corrupt the signal or affect the image quality [4,6,18]. Also, 96
models developed in one setup may not be adapted to other sites or belt types, emphasiz- 97
ing the issue of transferability [24,25,31]. Real-time processing can also be constrained by 98
edge hardware limits (e.g., compute, memory, energy/latency) [24,25]. Finally, limited la- 99
beled fault data and the need for standardized datasets remain persistent barriers for ro- 100
bust training and validation [5,30,32]. These challenges reinforce the need for intelligent, 101
flexible maintenance systems that remain robust in dynamic industrial conditions. 102

Several reviews have examined intelligent conveyor monitoring, but their scope re- 103
mains relatively narrow or addresses conveyor systems only as part of a broader asset 104
class. For instance, Rzeszowska et al. [33] reviewed sensing and signal-based approaches 105
for conveyor belt damage detection but did not include a formal assessment of methodo- 106
logical quality or deployment characteristics. Rios-Colque et al. [34] focused specifically 107
on computer-vision-based techniques for conveyor belt monitoring, providing a detailed 108
bibliometric and thematic analysis of vision methods but excluding acoustic, vibration, 109
thermal, and magnetic modalities by design. Rojas et al. [35] examined Al-based predic- 110
tive maintenance across several mining assets, with limited focus on conveyor systems. 111
None of these reviews included a structured risk-of-bias assessment or considered perfor- 112
mance, sensing, deployment, and economic feasibility together. The present review ad- 113
dresses these gaps by synthesizing evidence across sensing modalities specifically for con- 114
veyor systems and, to our knowledge, is the first in this field to combine a PRISMA 2020- 115
guided review [36], with a structured assessment of methodological quality. Studies pub- 116
lished between 2010 and 2025 are evaluated in terms of sensor technologies, machine- 117
learning methods, IIoT connectivity, edge-cloud architectures, and deployment feasibility. 118
This broader assessment also helps identify the methodological and technological devel- 119
opments required to move conveyor monitoring from fault detection toward reliable pre- 120

dictive maintenance within Industry 4.0 environments. 121
2. Materials and Methods 122
2.1 Review design and reporting framework 123

We conducted this review following the PRISMA 2020 guidelines [36], given that this 124
methodology is widely recognized for its rigorous and structured transparent approach. 125
It allows a depth comprehensive assessment of available literature, therefore, identifying 126
the knowledge gaps and thematic areas that require further investigation. This review 127
addresses three main research questions: Q1) What are the most studied components of 128
the conveyor system and types of anomalies in smart maintenance re-search, and what 129
types of sensors are used for this purpose? Q2) What are the most promising artificial 130
intelligence or machine learning techniques for achieving good trade-offs between detec- 131
tion accuracy, speed, and deployment feasibility (edge vs cloud)? Q3) What are the main 132
knowledge gaps to be addressed to improve smart maintenance of conveyor systems? 133

Regarding the eligibility criteria, only peer-reviewed articles published in English 134
between 2010 and 2025 were included. Also, they must focus on research conducted on 135
industrial conveyor systems (belt and other components such as idlers and rollers). Addi- 136
tionally, they had to investigate anomaly detection, fault diagnosis, condition monitoring, 137
or predictive maintenance using sensor data analyzed with machine learning, deep learn- 138
ing, computer vision, signal processing, or a combination of these methods. We excluded 139
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review articles, conference papers, and other non-peer-reviewed publications, as well as 140
studies unrelated to industrial conveyor systems. Conceptual studies without empirical 141
evaluation and approaches based only on manual inspection or simple threshold rules 142
were also excluded. Papers that did not provide enough methodological or quantitative 143
information to address Q1-Q3 were not retained. Methodological quality was not used to 144
determine eligibility, with all studies meeting the inclusion criteria being kept and the 145
appraisal results being considered when interpreting the findings. The reasons for exclu- 146
sion at the full-text stage were summarized in the PRISMA flow diagram (Figure 1). 147
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Figure 1. a) PRISMA 2020 flow diagram of the study selection process. The diagram illustrates sys- 149
tematic identification, screening, and eligibility assessment. A total of 75 peer-reviewed studies were 150
included in the qualitative and quantitative synthesis. b) The keyword map of the review scope, the 151

word size indicates the relative emphasis of each keyword in the review framework. 152

A comprehensive literature search was performed in applied-science bibliographic 153
databases including IEEE Xplore, Scopus, ACM digital Library and MDPI (Table S1). 154
The final search was completed in May 2026. The search strategy was based on combina- 155
tions of keywords related to four main themes using Boolean operations (AND and OR) : 156
(1) conveyor system: conveyor, belt conveyor, idler, roller, pulley, steel cord; (2) monitor- 157
ing task: anomaly, fault, damage, condition monitoring, diagnosis, predictive mainte- 158
nance; (3) sensing technology: vision/camera, thermal/infrared, acoustic/ultrasound, vi- 159
bration, magnetic/inductive; and (4) computation and deployment: machine learning, 160
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deep learning, computer vision, CNN, detection, segmentation, edge computing, Indus- 161
trial IoT, and cloud. 162

A representative search query was formulated by combining terms from the four the- 163
matic groups: (“conveyor” OR “conveyor belt” OR “idler” OR “roller” OR “steel cord”) 164
AND (“fault” OR “anomaly” OR “damage” OR “condition monitoring” OR “diagnosis” 165
OR “predictive maintenance”) AND (“vision” OR “camera” OR “thermal” OR “infrared” 166
OR “acoustic” OR “ultrasound” OR “vibration” OR “magnetic” OR “inductive”) AND 167
(“machine learning” OR “deep learning” OR “computer vision” OR “segmentation” OR 168
“edge computing” OR “Industrial IoT” OR “IloT” OR “cloud”). The query was adapted 169
to the syntax of each information source. The complete source-specific search strategies 170
are provided in Supplementary Table. 1. 171

All records identified through the search were imported into Zotero, where du-pli- 172
cate entries were removed. Study selection was then carried out in two stages. Titles and 173
abstracts were first screened for relevance to industrial conveyor systems and intelligent 174
maintenance. The remaining studies were assessed in full text against the eligibility crite- 175
ria (Table 1, Figure 1). The screening process involved Two independent authors, and any 176
differences were resolved out in discussions. Data from the included studies were ex- 177
tracted using a standardized form. The extracted information covered study characteris- 178
tics, the conveyor component or fault investigated, sensing modality, analytical method, 179
deployment characteristics, reported performance, external validation, reproducibility, 180
and cost reporting (Table 1). 181

The researchers did not prospectively register this systematic review in a review reg- 182
istry, and they did not prepare a formal review protocol prior to conducting this study. 183
The completed PRISMA 2020 checklist is provided in the supplementary materials (Table 184
S2). 185

Table 1. Summary of the structured data extraction categories applied to all 75 included studies 186

following PRISMA 2020 guidelines. 187
Category Extracted Data
Study Descriptors Year, venue, industrial sector, laboratory vs field context
Targets (Q1) Conveyor component(s) and anomaly type(s) (e.g., idlers/rollers, belt surface damage, steel-

cord defects, mistracking, foreign objects, thermal anomalies)
Sensing (Q2) Modality (vision/camera, thermal/IR, acoustic/ultrasound, vibration, magnetic/inductive, pres-
sure/force, and multi-sensor fusion)
Algorithms (Q2) Approach family (traditional ML, deep learning, classical computer vision, hybrid), task for-
mulation (classification/detection/segmentation/regression), and training (supervised/unsuper-

vised)
Deployment (Q2) Local, edge, cloud, hybrid, or not-reported processing; real-time constraints; and reported
compute/hardware information
Performance and Reported metrics (e.g., accuracy, precision, recall, F1, mAP, AUC, error rate), latency when
Feasibility (Q2) available, and deployment constraints (lighting, dust, noise, occlusion, speed)

Advanced Model- Presence or absence of remaining-useful-life/prognosis modeling, physics-informed modeling,

ing Techniques principled multi-sensor fusion (versus feature-level concatenation), domain adaptation or
(Q3) transfer learning for cross-site generalization, calibrated uncertainty quantification, post-hoc
explainability (e.g., class-activation mapping), and digital-twin integration
Evidence Gaps Dataset availability, labeling strategy, reproducibility artifacts (code/data), external validation,
(Q3) statistical reporting (variance, repeated runs, confidence intervals), and cost reporting.
2.2. Assessment of methodological quality 188

Quality assessment was performed using an adapted checklist based on Joanna 189
Briggs Institute (JBI) criteria for appraisal of evidence [37]. To our knowledge, no JBI 190
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appraisal tool has been developed specifically for this type of engineering and Al valida- 191
tion study, and formal risk-of-bias assessment has not yet been applied to conveyor-mon- 192
itoring research. We therefore developed a tailored checklist for this review. The following 193
ten domains were assessed: purpose of the study, design of the study, description of the 194
data set, truth of the ground, methodology clarity, protocol of evaluation, baseline assess- 195
ment, statistical method, external validation, and reproducibility. Each domain was rated 196
as YES, PARTLY, NO, UNCLEAR, or NOT APPLICABLE (Table S3). YES was assigned 2 197
points, PARTLY 1 point, and NO or UNCLEAR 0 points. Domains rated NOT APPLICA- 198
BLE were excluded from the score calculation. Then, each study was categorized into low, 199
moderate, and high methodological concern according to the normalized score and rating 200
of these key domains. The two co-authors assessed each study independently and agreed 201

by consensus. 202
3. Quantitative Overview of Included Studies 203
3.1. Study Selection and Characteristics 204

According to the PRISMA 2020 protocol, the systematic search and screening process 205
resulted in the identification of 75 empirical studies published between 2010 and 2025 that 206
fulfilled the inclusion criteria for the review (Figure 2). The publication trend over the 207
years shows an increased rate of research activities in intelligent conveyor belt monitor- 208
ing. Most of the studies included were published recently, 92% appeared between 2019 209
and 2025, compared with only six studies between 2013 and 2018, and zero included study 210
during the period 2010-2013. This pattern suggests that research on intelligent conveyor 211
belt monitoring has expanded mainly over the past few years and remains a relatively 212
young field. 213

From the application perspective, mining accounted for most of the literature, with 214
57 studies (76.0%), followed by general industrial applications with 11 studies (14.7%). 215
Ports and shipping and manufacturing each accounted for three studies (4.0%), while one 216
study (1.3%) addressed another application area (Figure 2B). The predominance of mining 217
reflects the importance of conveyor systems in continuous material handling operations 218

and the operational consequences associated with belt failures. 219

7

== Trend

=
3

o
o

N
w

Industrial Sectors
mmm Mining: 57 (76.0%)
General Industry: 11 (14.7%)
Ports & Shipping: 3 (4.0%)
Manufacturing: 3 (4.0%)
Other: 1 (1.3%)

75

Studies

o
o

Number of Studies
~
o

501

25 A

00
Bk

P

I A A U

Publication Year

220

Figure 2. Study distribution by time and sector (n = 75). (A) Publications per year with fitted trend 221
line. (B) Industrial application sector distribution (% of studies). 222
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224
3.2. Methodological Quality and Appraisal Concerns 225

Most studies were classified as having a moderate risk of bias, accounting for 64.0% 226
(n=48), followed by studies with a high risk of bias at 18.7% (n=14) and those with a low 227
risk of bias at 17.3% (n=13) (Figure 3A). High concern classifications were associated with 228
low normalized scores or failure in a critical domain, particularly ground-truth reliability = 229
or the evaluation protocol. These findings indicate that, although many studies reported 230
clear objectives and methodological procedures, substantial weaknesses remain in valida- 231

tion, statistical robustness, and reproducibility. 232
A B

m LOW: 13

s MODERATE: 48 Clear Objective
s HIGH: 14

Study Design

Dataset

Description

Ground Truth

Methodology

Detail
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Validation

Reproducibility . YES
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0 10 20 30 P 50 60 70 a0
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c —o— YES (%)
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Multi-Fault Detection Ll
Belt Surface Damage
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Acoustic Anomalies
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Analysis Valid a 10 20 30 40
Number of Studies 233

234

Figure 3. Methodological quality and anomaly coverage of included studies (n = 75). (A) Overall 235
methodological appraisal concerns: low, 17.3% (n = 13); moderate, 64.0% (n = 48); and high, 18.7% 236
(n = 14). (B) Criterion-level assessment showing studies that fully met each criterion (YES) versus 237
criteria not fully met (PARTLY, NO, or UNCLEAR). (C) Radar-chart visualization of the percentage 238
of studies fully meeting each criterion. (D) Frequency of anomaly types addressed in the reviewed 239
literature; studies could report multiple anomaly categories. See Table S3 for definitions and typical = 240

causes. 241

Almost all 75 articles included in our analysis explicitly stated their research objective 242
and presented an appropriate methodology (Figure 3B). In fact, an adequate methodology 243
description was present in 70 articles (93.3%); 65 (86.7%) included comparisons with ref- 244
erence values; 52 (69.3%) described the evaluation protocol; and 51 (68.0%) correctly char- 245
acterized the datasets. The main limitations in our included studies concerned the quality 246
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Laboratory

of the evidence and reproducibility. For instance, we found validation relative to the
“ground truth” was demonstrated only in 12 articles (16.0%), while the statistical analysis
was adequate in 3 studies (4.0%). Also, only Six articles (8.0%) used public datasets, and 3
(4.0%) provided source code (Figure 3C).

3.3. Validation and Deployment Characteristics
Distribution of validation environments

Most studies evaluate proposed methods under controlled conditions, with labora-
tory validation representing the most dominant category (n = 38, 50.7%; Figure 4A). Sin-
gle-site validation is nearly as prevalent (n = 34, 45.3%), indicating that a significant por-
tion of the evidence is based on actual facilities, but generally in a single operational con-
text. In contrast, multi-site validation remains rare (n =3, 4.0%). The limited frequency of
multi-site validation is a major constraint for generalization, as conveyor systems vary
considerably from one facility to another in terms of belt type, operating speeds, loading
regimes, lighting, dust levels, and visual expression or defect signals. Therefore, perfor-
mance reported from laboratory or single sites may not be reliably transferable to un-
known conditions without recalibration, domain adaptation, or additional site-specific
data collection.

A B

Local: 48
Edge: 19
Not reported : 5
Cloud: 2
Hybrid: 1

Multi-Site { 3
0 10 20 30 40
Number of Studies
c
46
50 1 (61.3%)
8 401
o
2
175
5 30 A
g 17
g 20 1 (22.7%) 12
Z (16.0%)
10 A
0 -

YES
(Fully)

PARTIAL NO

Figure 4. Validation setting, deployment architecture, and cost reporting across included studies (n
= 75). (A) Validation environment used in empirical evaluation (laboratory, single site, multiple
sites, or mixed laboratory + site). (B) Deployment type of the monitoring/analytics system (lo-
cal/edge/cloud/hybrid, or not reported). (C) Reporting of implementation cost information, catego-
rized as fully reported (YES), partially reported (PARTIAL), or not reported (NO).
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Deployment architecture

Reported deployment targets show a strong preference for on-premises processing,
with local deployment accounting for 64.0% of studies (n = 48; Figure 4B). Edge deploy-
ment is the second most common configuration (n = 19, 25.3%), reflecting growing em-
phasis on low-latency inference and reduced bandwidth requirements in industrial envi-
ronments. Cloud-exclusive deployment is relatively rare (n = 2, 2.7%), and hybrid edge-
cloud systems are rarely documented (n = 1, 1.3%), while deployment is not reported in
6.7% of the studies (n = 5). This pattern suggests that the field is already oriented toward
on-site execution (local or edge), but the documentation of architectural details, particu-
larly end-to-end data flow and integration with maintenance systems, remains incon-
sistent.

Implementation cost reporting

Economic feasibility is not sufficiently defined in the literature (Figure 4C). Only
38.7% of the studies include any form of cost discussion, of which 22.7% (n = 17) include
comprehensive cost information and 16.0% (n = 12) include partial cost details. The ma-
jority of the studies (61.3%, n =46) do not include any form of cost discussion. The decision
to implement condition monitoring in an industrial setting relies on factors such as the
cost of sensors, installation, hardware, and maintenance. When the cost or operational
impact is discussed, the studies indicate that condition-based and predictive maintenance
offer significant operational benefits, such as reduced unplanned downtime and im-
proved scheduling efficiency, and thus advocate for the inclusion of economic reporting
in future studies (e.g.,[1,38]).

4. Sensing Modalities, Fault Types, and Modeling Approaches
4.1. Common Anomalies in Conveyor Systems

The 75 studies included in the review covered a wide range of conveyor anomalies
(Table 2), with multi-fault detection being the most common category (41 out of 75, or
54.7%) (Figure 3D). Belt-surface damage, including tears, cracks, scratches and wear, was
examined in 28 studies (37.3%), followed by idler/roller faults in 26 (34.7%) and mechani-
cal failures in 22 (29.3%). Vibration abnormalities were reported in 13 studies (17.3%),
thermal anomalies in 11 studies (14.7%), and belt deviation or misalignment in eight stud-
ies (10.7%) (see Figure 3D). Literature on the subject indicates that sensor selection is typ-
ically based on the type of fault being monitored and the intended deployment conditions.
This suggests that sensing strategies have evolved primarily through application-specific
experience rather than from a common design framework.

Table 2.Conveyor-system anomalies, principal mechanisms, and representative included studies

Component Anomaly / target Typical mechanisms or causes References
. ) Foreign-object penetration, sharp impacts, progressive fa-
Longitudinal tears / rips ) [15,18,45,46]
tigue, and local stress concentration.
Surface damage (cracks, ) . o )
Abrasive loading, repeated friction, impact by conveyed
Belt scratches, wear, break- ) . ] [5,7,31,39]
| material, aging, and environmental exposure.
age
Deviation / misalign- Off-center loading, uneven belt tension, skewed or dam- (55.57,59]

ment

aged rollers, and geometric misalignment.
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Component Anomaly / target Typical mechanisms or causes References
Steel-cord defects ) ) . )
. Cyclic fatigue, corrosion, manufacturing defects, local stress
(breakage, corrosion, i o [38,60,62,63]
. concentration, and progressive internal damage.
internal damage)
Splice degradation / Poor splice condition, local material degradation, repeated (11,12]
failure tensile loading, fatigue, and damage propagation. ’
Bearing and rotation Lubrication loss, contamination, fatigue, wear, misalign- (2,13,2021]
faults ment, and progressive rotational resistance. A
Overheating / thermal Friction, blocked or slow-rotating idlers, bearing degrada- (16,17,53,54]
Idler/ anomalies tion, and localized mechanical resistance. A
Roller ) ) Imbalance, misalignment, bearing wear, looseness, contam-
Abnormal vibration L ) [19,20,21,48]
ination, and load-dependent dynamic changes.
. . Internal friction, impact, loosened components, bearing
Acoustic anomalies . i . [2,4,13,64]
degradation, and abnormal rotational dynamics.
Chute blockage / trans- Oversized material, accumulated debris, foreign objects, ir-
. . . . . [26,41]
fer-point obstruction regular material flow, and transfer-point congestion.
Foreign-object  intru- Mining debris, anchor rods, steel pieces, gangue, wood, and (41,73]
sion operational spillage entering the belt path. ’
System . Mechanical or electrical degradation, imbalance, misalign-
Motor / drive-system o )
) ment, load variation, looseness, and abnormal operating [1,3,9,27]
anomalies
states.
Load and operational- Overloading, speed variation, unstable operating regimes,
[3,24,25,27]

performance anomalies

sensor drift, and inefficient system operation.

Belt surface damage and cracks

Surface damage is the most investigated anomaly category, mainly tears, cracks,

scratches, wear marks, and breakage [28,31,39,40]. Image-based inspection dominates
here because of its information density and low instrumentation burden relative to the
inspection area covered. Chen et al. [5] reported 95.4% accuracy using a YOLOv8-based
deep learning model adapted for real-time mining applications, and Wang et al. [41] de-
veloped a lightweight Single Shot MultiBox Detector (SSD)-based method to detect for-
eign objects, including bolts, waste steel, wood, and gangue, that can initiate longitudinal
belt tearing, reporting 94.6% average detection accuracy at a processing speed exceeding
20 frames per second without GPU acceleration. Beyond visible surface defects, structural
degradation at belt splices deserves more attention, since reduced splice strength can pre-
cede belt failure and is not always visible to surface-only inspection [12]] YOLO-based
object detectors are common for surface-damage detection, while segmentation networks
are used when defect boundaries are needed for maintenance planning [42]. Detection
accuracy is reported to depend heavily on defect diversity and environmental variability,
and limited datasets remain a persistent constraint [30,32]. For small defects specifically,
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accuracy tends to fall, which is why several studies now favor multiscale architectures 323
[43]. 324

Longitudinal tear detection 325

Longitudinal tear detection and early warning. Longitudinal tears, which can lead to 326
catastrophic belt failure, have been studied using computer vision[15,43,44], thermal in- 327
frared imaging [45], and acoustic detection [46,47]. Laser-based methods are the most 328
common choice for this fault type [44], though they require careful threshold calibration 329
and may not generalize well without larger datasets or broader operating analysis [15]. 330
Deep learning is increasingly used here too, improving reliability and enabling real-time 331
localization [8], but several studies still call for validation beyond controlled setups and 332
under harsher environmental conditions [28,29]. 333

Idlers, rollers, and bearing dynamics 334

Idler and roller faults, particularly bearing failures, represent the second major 335
anomaly category. This fault family relies heavily on thermal, acoustic, and vibration sens- 336
ing because early degradation manifests as a temperature anomaly or a temporal signa- 337
ture well before it becomes visible [2,13,20,21,48-52]. The danger extends beyond mechan- 338
ical failure, since overheated idlers generate friction that can create fire hazards in contin- 339
uous operation: Siami et al. [42] reported 99.9% accuracy for semantic segmentation of 340
thermal defects in belt conveyor idlers, and Dabek et al. [53] and Xiuyu et al. [54] high- 341
lighted the value of thermal monitoring for early fire-risk detection in mining environ- 342
ments, where overheating in gearboxes, motors, and braking systems was effectively iden- 343
tified. Vision-based methods targeting rotation speed or visible end-surface cues are 344
promising but often require visible or trackable features, which limits generalized deploy- 345
ment [22]. Recurrent models and hybrid architectures are repeatedly positioned as effec- 346
tive for time-series data because they learn the temporal structure linked to incipient fault 347
states [1,49], though datasets in this area are still collected mostly in laboratory simula- 348
tions or single contexts, leaving open how well they hold up under field-level noise and 349
operating variability. 350
Belt deviation, misalignment and internal steel-cord 351

Belt deviation and misalignment were addressed using computer-vision techniques 352
capable of detecting even slight changes in belt alignment before operational failures oc- 353
cur [55-58]. Zhang et al. [59] quantified conveyor-belt deviation using image-derived lat- 354
eral-offset and deflection-angle measurements, with a laser-assisted computer-vision im- 355
plementation operating at approximately 26 frames per second in a laboratory conveyor 356
setup. Internal steel-cord integrity and NDT-constrained anomalies. Magnetic flux leak- 357
age and similar NDT techniques (e.g., X-Ray) are still important when internal defects 358
cannot be easily determined based on surface features [60,61]. Studies highlight practical 359
constraints such as lift-off effects and sensor placement sensitivity, and limitations tied to 360
dataset size and class coverage [60,62]. Machine-learning enhancement of NDT signals 361
can improve classification, but the evidence reinforces that these tasks remain strongly 362
constrained by sensing physics and experimental coverage [60,63]. 363

Taken together, method dominance within any one fault family should not be read 364
as universal superiority. The strongest systems treat sensing and modeling as a coupled 365
design choice, selecting the simplest approach that is reliable for the specific fault physics 366
and deployment context, rather than defaulting to whichever architecture is most re- 367
ported. 368

4.2. Sensing Modalities and Analytical Approaches: Distribution and Trends 369

The distribution of detection approaches shows deep learning as the dominant tech- 370
nique (n = 40, 53.3%), followed by machine learning (n = 15, 20.0%) and computer vision 371
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(n=11, 14.7%) (Figure 5A). Smaller but operationally important streams include IoT/edge-
oriented contributions (n =5, 6.7%), signal processing/NDT (n = 3, 4.0%), and combined
computer vision and IoT/edge studies (n = 1, 1.3%). This distribution traces a methodo-
logical trajectory from engineered, interpretable vision pipelines, to feature-based ma-
chine learning, and, more recently, to deep learning; each transition tracks a specific limi-
tation of the stage before it rather than simply following a trend. Early studies relied on
explicit computer-vision workflows, preprocessing, edge/morphological operations, belt-
boundary tracking, and rule-based decisions that perform well when fault signatures are
strongly geometric (e.g., deviation, rips/tears) and when labeled datasets are limited [6].
These methods remain attractive for safety-critical applications precisely because each
processing stage is auditable and tunable, a property that end-to-end learned models
trade away. Non-destructive testing and signal processing remain in use for the same rea-

son, where interpretability, reliability, or sensing constraints dominate.
B
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Figure 5. Methods, sensing modalities, and performance reporting in the included studies (n = 75).
(A) Distribution of primary detection/analysis approaches. (B) Distribution of sensor modalities
used for conveyor monitoring. (C) Reporting frequency of performance and implementation indi-
cators (percentage of studies reporting each item). (D) Distribution of reported performance values

(Accuracy, Recall, F1) shown as boxplots with sample sizes and mean values annotated.
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From a hardware perspective, vision/camera systems are the most widely deployed 391
modality (n = 32, 42.7%), reflecting the flexibility of optical inspection for belt-surface de- 392
fects, alignment monitoring, foreign-object detection, and operational state recognition 393
(Figure 5B, Table 54). Multi-sensor fusion is also prominent (n =16, 21.3%), indicating that 394
a substantial share of studies integrate complementary signals (e.g., RGB + thermal, vibra- 395
tion + acoustic) to improve stability under industrial noise, dust, occlusion, and illumina- 396
tion variability (Table S4). Thermal/infrared (n = 6, 8.0%) and acoustic sensing (n =9, 397
12.0%) also show notable adoption (Figure 5B), but for different purposes: thermal imag- 398
ing captures friction-related temperature increases and early bearing or idler degradation 399
[17,46], , while acoustic sensing provides non-contact measurement of internal mechanical 400
irregularities [2,64]. Vibration sensing (n =7, 9.3%) is used mainly for diagnosing rotating 401
components such as idlers and bearings [21,48], and magnetic sensing (n =4, 5.3%) is as- 402
sociated with steel-cord integrity and internal-defect assessment [60,61]. Pressure/force 403
sensing was the least frequent modality (n=1, 1.3%). 404

4.3. Machine Learning Methods 405

Traditional machine learning (ML) approaches remain relevant, particularly when 406
feature engineering is feasible and interpretability is prioritized, and when data are lim- 407
ited and informative feature sets can be extracted from vibrational or acoustic signals 408
[3,20,63,65]. SVM-based models are the most frequently reported classical ML family [65], 409
followed by decision trees and random forests (Figure S1). Empirical performance re- 410
ported in the extracted studies indicates that ML pipelines can achieve high accuracy in 411
targeted settings (Figure S1, Figure 5C). Hao & Liang [66] reported 97.63% accuracy using 412
a multi-class SVM for vision-based surface damage detection. Wang et al. [29] reported 413
98.40% accuracy for a machine-vision tear-detection pipeline built on classical learning 414
components. In vibration-driven monitoringRoos & Heyns [21] reported 100% accuracy 415
in an in-belt vibration framework using wavelet packet decomposition-based feature rep- 416
resentations. Li et al. [67] combined principal component analysis with a hybrid grey- 417
wolf-optimized SVM to classify seven conveyor operating states from 19 IoT monitoring 418
variables, reporting 97.22% test accuracy; however, this result was obtained from a test set 419
of only 36 samples. The main limitation of these methods is generalization: performance 420
shifts with sensor configuration, belt speed/load, and environmental conditions [20], be- 421
cause the hand-designed features that make these models interpretable are also what tie 422
them to the conditions under which they were engineered. These findings show that clas- 423
sical ML can remain competitive for well-defined fault classes with informative engi- 424
neered features, without establishing cross-study superiority over deep learning (Figure 425
5A). 426

4.4. Deep Learning Approaches and Architecture 427

Deep learning (DL) was the most common analytical method in our evidence base 428
(Figure 5A; 53.3% of studies) because it can handle noisy and varying operating condi- 429
tions, such as illumination changes, background clutter, and subtle or low-contrast de- 430
fects, by learning features directly from raw industrial data rather than relying on hand- 431
designed descriptors [5,8,68]. It has become dominant mainly because it reduces depend- 432
ence on manual feature engineering and tolerates image variability that would otherwise 433
require re-engineering features for every new site. End-to-end representation learning 434
matters especially in conveyor systems, where signals are noisy and defect presentation 435
shifts with operating conditions, including early mechanical degradation that first mani- 436
fests as subtle temporal patterns in acoustic and vibration signals [13,49,64]. DL offers a 437
framework that can handle diverse modalities (RGB/thermal imaging, vibration, acoustic, 438
and multi-sensor data) and supports real-time decision-making pipelines for safety-criti- 439
cal monitoring and downtime prevention (Figure 6) [29,42,69]. 440
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Model selection in the reviewed studies is strongly dictated by data structure. For
vision-based inspection (Figure 6), convolutional architectures dominate. YOLO-family
detectors, particularly, are now used routinely for real-time anomaly detection on con-
veyor images because they balance accuracy and latency, enabling real-time localization
of surface damage, tear cues, and foreign objects [70-74]. Zhang et al. [74] for example,
combined EfficientNet with YOLOV3 to detect four types of mining conveyor-belt dam-
age, achieving an mAP of 97.26%. ResNet/VGG backbones are commonly applied to de-
fect classification, and encoder-decoder designs such as U-Net support segmentation
when pixel-level localization is required to guide maintenance actions, such as mapping
defect extent or hotspots. These choices are consistent with the prominence of camera-
based monitoring in the literature (Figure 5B), where imaging offers dense, cost-effective
coverage of belt surfaces and operating states. The same studies that report this perfor-
mance, however, also report the conditions under which it was obtained: Chen et al. [5]
note a limited range of belt types and damage diversity in their evaluation, Wu et al. [28]
flag the need to test performance under harsher operating conditions. Also Yuan et al. [32]
and Zhao et al. [30] identify computational complexity as a constraint on integrated de-
ployment. The accuracy gains attributed to deep learning are therefore real within the
tested conditions, but the tested conditions are narrower than the operating envelope of
an actual mine or port, a gap this review returns to in Section 5.
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Figure 6. Deep-learning architectures for conveyor anomaly detection. CNN-based models process
RGB images for visual anomaly detection; LSTM/GRU networks analyze acoustic and vibration time
series; and autoencoders identify deviations through reconstruction error. The framework links
model architecture to data modality and monitoring objective. Created by the authors based on the

synthesis of included studies.

For time-series-dominated monitoring (Figure 6), especially idler/bearing and rotat-
ing-component diagnostics, recurrent networks (LSTM/GRU) and hybrid CNN-RNN
pipelines are frequent because diagnostic information is often embedded in temporal evo-
lution rather than static appearance (Figure S1). These architectures suit early warning,
where subtle temporal deviations can precede visible damage [49,71,75].

When labeled fault examples are inadequate, autoencoder-based approaches provide
a practical alternative (Figure 6). By learning "normal" behavior and flagging deviations
via reconstruction error, these models enable data-efficient anomaly scoring and can
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generalize to unknown or emerging failure modes [26,76]. DL also extends beyond binary
detection toward actionable localization, for example through thermal semantic segmen-
tation of overheated idlers [42], and emerging dataset contributions aim to improve
benchmarking comparability across studies [30,32].

4.5. Computer Vision-Based Monitoring

Computer vision (CV) remains a major methodological stream in conveyor condition
monitoring (Figure 5A; 14.7% of studies), offering interpretable, engineering-driven pipe-
lines that extract diagnostic cues from images through photometric and geometric pro-
cessing rather than fully end-to-end learned representations. Across our evidence base,
CV is most frequently associated with vision/camera acquisition and is increasingly ex-
tended to thermal infrared and laser/structured-light systems to capture failure signatures
that may be weak in RGB alone or that require higher geometric precision [14,17,44].

A typical computer-vision workflow maps to four operational stages (Figure 7). (1)
Image acquisition uses fixed RGB cameras, thermal infrared systems, or laser-based scan-
ning for surface geometry [6,44]. (2) Image enhancement applies denoising, illumination
compensation, and contrast normalization to improve stability under dust, fog, and vari-
able lighting [17,29]. (3) Feature extraction and geometric reasoning identify belt edges,
centerlines, and defect regions through edge detection, morphology, segmentation, re-
gion-of-interest definition, and tracking [15,56]. (4) Decision rules or trained classifiers
convert these features into alarms using shape, threshold, and temporal-consistency cri-
teria.

IMAGE DEEP LEARNING MODELS ===

PROCESSING (e.g., CNN, YOLOv7)

M

Noise
reduction

| | Overheated ,

O idlers ‘E

4 1

Surface o |
Tears

Lighting
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. Forei

@
Contrast

enhancement )

/
Images are Enhanced Al Analyzes Images Faults are Classified
for Clarity in Real Time and Flagged

Figure 7. Vision-based conveyor monitoring workflow. RGB, thermal infrared, and laser/structured-
light systems acquire belt and idler observations, followed by preprocessing and automated locali-

zation or classification. The outputs support fault flagging and maintenance alerting.

It is also noteworthy that the technique of CV is particularly effective for faults that
have considerable geometric structure. Initial online machine vision techniques showed
the feasibility of belt inspection in actual operating environments [6], followed by im-
proved longitudinal tear detection using algorithmic and geometrical techniques such as
structured illumination and laser techniques [15,44]. Most importantly, the technique of
CV is also effective in situations of low visibility. Detection of tears in harsh environments
(uneven illumination and complex backgrounds) is an important example of the effective-
ness of the technique[29]. Similarly, belt deviation detection is naturally aligned with
boundary tracking and geometrical constraints, achieving near-ceiling performance in
controlled environments [56].

Thermal CV extends monitoring to fault modes that are not reliably detectable in
RGB, such as overheat faults caused by friction or idler/bearing degradation [53]. It also
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PHYSICAL LAYER

aids in developing scalable acquisition concepts such as UAV-based thermography or ro-
botic/UGV acquisition, as discussed in Carvalho et al. [14] and Siami et al. [17,77]. Lastly,
multimodal computer vision, using both RGB and thermal, as well as sometimes laser
geometry, makes computer vision more robust by using additional information when
available in [22,42].

4.6 Edge computing and IoT architecture

Edge computing and IoT architectures translate algorithmic advances into deploya-
ble conveyor monitoring by addressing three persistent field constraints —latency, band-
width, and intermittent connectivity —that limit cloud-only solutions; in many safety-crit-
ical contexts, sub-second response is required to reduce downtime and enable timely in-
tervention, consistent with the high proportion of studies reporting real-time operation
(57.3%, Figure 5C). In our evidence base, IoT/Edge is reported as a primary methodologi-
cal stream in 6.7% of studies (n=5/75), with an additional 1.3% (n=1/75) explicitly combin-
ing computer vision with IoT/Edge (Figure 5A), indicating that a distinct subset of the
literature prioritizes architecture and deployment (edge preprocessing/inference near the
belt, event-driven transmission, and cloud storage/analytics) rather than offline bench-
marking alone [24,25,43,78].

The most common architecture is based on a layered pipeline (Figure 8). The physical
layer comprises the instrumented components of the conveyor system, such as the belt,
rollers, and drive systems, which are equipped with one or more detection modes, most
often cameras, but sometimes accompanied by vibration/acoustic or temperature sensors
when early warning is desired [79,80]. The edge layer is responsible for controlling acqui-
sition, preprocessing, and local inference, converting high-throughput raw data into a
dense set of decision artifacts such as defect class, confidence level, timestamp, and the
image of the area of interest, which can be transmitted in real time over the network. The
cloud/server layer is used for historical recording, dashboards, reporting, and sometimes
retraining and version management, as shown in recent studies [27].

EDGE LAYER CLOUD LAYER

Conveyor Belt RGB Cameras Edge Hardware Al Models Real-Time Inference Cloud Platform Data Storage Alerts &

System S
y Visual inspection Jetson Xavier NX / CNN, LSTM Anomaly detection AWS loT/ Historical logs Notifications
Moving belt, rollers, (1080p-4K) Raspberry Pi Autoencoder (50-200ms) Azure ioT Hub & analytics Mobile/web
__Motors L — E notifications
Raw Data Stream » MQTT/OPC-UA P
p Sensor Data Collection {3} Edge Processing Benefits ool Cloud Analytics
* Multi-modal sensing (RGB, thermal, vibration) * Low latency: 50-200ms response * Long-term trend analysis
e Continuous 24/7 monitoring ¢ Bandwidth reduction: 95-99% * Model retraining & optimization
e High-resolution capture (up to 4K) * Autonomous operation (offiine capable) * Fleet-wide pattern recognition
* Real-time data streaming * Immediate control actions e Enterprise system integration

Figure 8. Edge—cloud architecture for real-time conveyor anomaly detection. Multimodal sensors
acquire continuous streams that are processed locally for low-latency inference and event-driven
alerting. Alerts and summarized logs are transmitted to cloud services for storage, dashboards,

long-term analytics, and model maintenance.

The reviewed studies highlight diverse but convergent hardware patterns for edge
inference. GPU-enabled embedded devices are frequently used when high-resolution
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vision workloads must run online; for example, Jetson-class deployment is reported for 545
real-time object detection pipelines optimized for embedded execution [43]. Other sys- 546
tems prioritize reliability and deterministic integration by coupling industrial PCs with 547
PLCs (Programmable Logic Controller), enabling continuous monitoring with local con- 548
trol actions and robust industrial interfacing [78]. There are also sensor-centric edge 549
nodes, which include Arduino/MCU-based systems for distributed monitoring, where 550
cost, power, and ease of installation are the dominant constraints for the design [24,58]. In 551
the context of monitoring rotating components, sensor nodes embedded close to the bear- 552
ings/idlers demonstrate the use of IoT technology in facilitating in-situ condition moni- 553
toring [79]. 554

Model design is closely related to edge feasibility. Several studies have focused on 555
hardware-aware efficiency, using efficient design and runtimes to meet hardware con- 556
straints without compromising operational usefulness. This includes “hardware-friendly” 557
detection pipelines for operational on-belt inference [59], as well as edge-aware imple- 558
mentations on industrial PC/GPU platforms [39]. The communication is typically event- 559
driven rather than using full-resolution streaming, reducing the load and maintaining 560

traceability and operational maintenance signals [27,78]. 561
5. Critical Analysis and Research Gaps 562
5.1 Evidentiary and Reporting Gaps 563

Individual studies report strong performance in controlled settings: deep learning 564
achieves high accuracy in belt-damage detection [5,28], thermal segmentation [42], and 565
reconstruction-based anomaly scoring [26].Set against the appraisal in Section 3.2, this 566
needs a caveat: only 17.3% of studies were rated low risk of bias, ground-truth reliability = 567
was fully demonstrated in 16.0%, and statistical uncertainty in just 4.0%. Two similar ac- 568
curacy figures are not necessarily comparable if one study reports how its ground truth 569
was established and the other does not. 570

Validation shows this clearest: laboratory (50.7%) and single-site (45.3%) settings 571
dominate, multi-site validation appears in only 4.0% of studies, and facilities vary widely 572
in belt material, speed, load, dust, and lighting [30,32]. Reported accuracy may therefore 573
not transfer without recalibration, which argues for multi-site, longitudinal validation 574
across belt aging and seasonal conditions. 575

Deployment reporting follows the same pattern: 57.3% of studies claim real-time op- 576
eration, but communication protocols, PLC/SCADA integration, and alerting logic are of- 577
ten omitted , so systems with similar accuracy may differ sharply in operational value 578
without this being visible in the literature. Explicit reporting of compute placement, 579
runtime constraints, and alert logic would close this. 580

Cost and reproducibility fare worse: 61.3% of studies give no cost information, source 581
code is available for only 4.0%, and public datasets for 8.0%, leaving procurement com- 582
parisons and independent verification largely infeasible. 583

5.2 Scientific and Technical Research Gaps 584

The gaps above concern how existing studies were designed, validated, and re- 585
ported. A different question is whether the underlying modeling techniques have kept 586
pace with what industrial deployment actually needs. We examined the full extraction 587
dataset for seven capabilities that adjacent prognostics-and-health-management research 588
already treats as standard: remaining-useful-life (RUL) estimation, physics-informed 589
modeling, principled sensor-fusion architectures, domain adaptation for cross-site trans- 590
fer, calibrated uncertainty quantification, explainable Al, and digital-twin integration (Ta- 591
ble 3). Four are entirely absent from the 75 studies, and the remaining three, physics- 592
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informed modeling, explainability, and digital-twin integration, each appear in exactly 593
one study, always as a secondary component rather than the study's focus. 594
Independent support for this gap analysis comes from several review works (i.e, [33— 595
35]), despite their different scope and methods. Rios-Colque et al. [34] the closest in scope 5%
to this review, reach nearly the same conclusion on prognosis, arguing that conveyor- 597
monitoring research should move beyond reactive fault detection toward systems that 598
estimate remaining useful life. Rzeszowska et al. [33] devote a dedicated section to ex- 599
plainable Al and digital-twin integration as priority directions, citing the same digital- 600
twin study identified here as the field's only example. Rojas et al. [35] raise explainability 601
as an open research question and mention physics-informed prognostics in passing. All 602
three also discuss multi-sensor fusion, but as a growing and beneficial trend rather than 603
an architecture that needs to become more principled, which is the more specific claim 604
Table 3 makes. None of the three identify the absence of calibrated uncertainty quantifi- 605
cation. On these last two points, the gap analysis here extends beyond what has previously 606
been reported in this literature. 607
Table 3. Scientific and technical research gaps in intelligent conveyor belt fault detection 608

Research Gap

Current State of the Evidence

Consequence for the Field

Required Development Direction

Diagnosis-to-
prognosis dis-
connect

No study estimates RUL or
degradation trajectory (0/75);
all report detection of an al-
ready-present fault

Detects that a fault exists,
not when intervention is

needed

RUL/degradation-trajectory models
built on existing detection outputs
(e.g., survival analysis, trend extrapo-
lation)

Absence of
physics-in-
formed model-
ing

Only 1/75 studies uses a phys-
ics-based component [68]; the
rest rely entirely on data-

driven pattern recognition

Detectors may not extrapo-
late beyond their training
distribution

Hybrid architectures coupling learned
detectors with belt/cord/rubber degra-

dation mechanics

Fusion without a
fusion architec-
ture

No cross-site
transfer tech-

16/75 studies combine modali-
ties, but all via feature concate-
nation or rule-based combina-

tion, not principled fusion

No study applies domain ad-

aptation or transfer learning

Unclear whether reported
gains reflect genuine com-
plementary information or

just added features

The transferability gap
(Section 3.3) has no corre-

Principled fusion (attention-based or
Bayesian) with explicit per-modality
weighting

Domain-adaptation methods de-
signed to close source-to-target per-

nique for cross-site loss (0/75); 1/75  sponding technical solution formance gaps
flags distribution shift as unre- in progress
solved
No calibrated No study reports calibrated Model outputs carry no Calibrated uncertainty (ensembles,

uncertainty in
outputs

confidence (0/75); "Bayesian”
appears only as a training-al-
gorithm name, not uncertainty
quantification

confidence measure, block-
ing automated decision-
making

conformal prediction) to flag low-con-
fidence cases

Limited model

Only 1/75 studies applies post-

Operators cannot verify

Routine explainability reporting

transparency hoc explainability (class-activa- ~ why a model flagged an (Grad-CAM, SHAP) for safety-rele-
tion mapping) [5] anomaly, limiting trust vant faults
Isolated diag- Only 1/75 studies integrates a Detection is disconnected ~ Closer integration with digital-twin or

nostics, no sys-
tem-level inte-
gration

digital twin [3]; the rest evalu-
ate detection in isolation

from plant-level decision-
making

system-level operational models
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The more significant priorities are the modelling gaps in Table 3, which require new 609
scientific work rather than better documentation. These include linking detection to prog- 610
nosis through degradation-trajectory and RUL-estimation models based on existing field 611
outputs, incorporating physics-informed constraints and mechanistic models of belt fa- 612
tigue, splice degradation and steel-cord wear so that detectors can extrapolate beyond the 613
conditions on which they were trained, replacing feature concatenation with fusion archi- 614
tectures that explicitly weight the reliability of each modality, applying domain adapta- 615
tion techniques rather than just pre-trained weight initialisation to close performance gaps 616
between sites, and building uncertainty and explainability into detection pipelines where 617
possible in connection with digital twin or system-level models so that outputs can be 618
trusted, understood and acted upon rather than merely reported. 619

This review has three main limitations. Firstly, the search was limited to English- 620
language, peer-reviewed studies found in IEEE Xplore, Scopus, ACM Digital Library, and 621
the MDPI platform. This means that relevant work published in other languages or out- 622
side these databases may have been missed. Secondly, the outcomes and metrics reported 623
in the studies varied so much that it wasn't possible to combine them into a single analysis. ~ 624
As a result, the analysis remained descriptive, not statistical, and no meta-analysis was 625
conducted. Finally, we assessed methodological quality with a checklist we developed for 626
this review, not an externally validated tool. We assigned ratings independently and then 627
came to a consensus, but there's still some subjectivity in the appraisal. 628

6. Conclusions 629

This review shows that intelligent fault detection for belt conveyor systems has ad- 630
vanced substantially between 2010 and 2025, with strong technical potential across a 631
broad range of sensing and modelling approaches. Across 75 empirical studies, detection 632
performance is often strong, and deep learning now dominates the field: CNN-based 633
models were the most frequently reported high-performing approach for vision-driven 634
tasks such as surface damage, tear hazards, belt deviation, and foreign-object detection, 635
while temporal architectures such as LSTM and GRU proved better suited to acousticand 636
vibration time-series tasks. No single sensor or algorithm is universally optimal; reliable 637
performance instead depends on matching sensing modality to fault physics, vision or 638
laser systems for surface defects, thermal sensing for overheating and fire risk, acousticor 639
vibration sensors for rotating components, and magnetic or other NDT methods for inter- 640
nal steel-cord and splice inspection. Beyond this technical synthesis, the review’s more 641
significant finding is that the field has optimized detection while leaving prediction 642
largely unexplored: none of the 75 studies estimate remaining useful life, and physics- 643
informed modelling, principled sensor fusion, calibrated uncertainty, and explainability = 644
each appear in at most one study. 645

The field should not yet be considered mature from an industrial deployment per- 646
spective, and the path forward has two distinct components. Most studies still rely on 647
laboratory or single-site validation, and decision-critical reporting on false alarms, la- 648
tency, computational burden, uncertainty, reproducibility, and cost remains inconsistent. ~ 649
This gap is to be closed largely by the adoption of validation and reporting practices that 650
are already supported by the field. The more significant issue concerns the underlying 651
science: moving from detection to prediction will require modelling of degradation and 652
remaining useful life, physics-informed constraints, principled multi-sensor fusion and 653
calibrated explainable inference. 654
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https://www.mdpi.com/article/doi/s1, Figure S1: Comparison of reported classification accuracy 656
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