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Abstract

Combine harvesters operate under harsh, time-varying field conditions, where unplanned
downtime causes significant timeliness losses. This review systematically examines ad-
vances in structural fault diagnosis for combine harvesters, tracing the evolution from
passive structural redundancy to active state perception and simulation-driven health
management. Following a systematic search and screening methodology, the review ana-
lyzes the boundaries of structural optimization under fluctuating field conditions, evalu-
ates traditional machine learning (ML) methods with handcrafted features, and surveys
deep learning (DL) and multi-sensor fusion advances across vibration, acoustic, and vis-
ual modalities. A structured comparison across feature learning, generalization, diagnos-
tic coverage, computational cost, and interpretability highlights the complementary
strengths of traditional ML and DL paradigms. Key deployment challenges are identified:
weak fault features under strong field noise, data distribution shift under multi-condition
coupling, extreme sample scarcity and class imbalance, limited onboard computing and
real-time latency constraints, interpretability gaps, hydraulic and pneumatic diagnostic
neglect, functional safety compliance (ISO 25119), and the heightened reliability demands
of unmanned autonomous operation. To address these challenges, future directions in-
clude physics-informed hybrid models, self-supervised pre-training and few-shot learn-
ing, lightweight edge inference, staged pre-deployment verification, model updating and
lifelong learning strategies, cross-energy-domain diagnosis with fault-tolerant control,
human-factors-aware interface design, and digital twin (DT) augmentation—the latter re-
garded as a strategic research vision requiring incremental validation rather than a near-
term deployable solution. This review provides a reference for enhancing combine har-
vester mission reliability through the integration of Al-enabled perception, multi-source
fusion, and simulation-driven health management.

Keywords: combine harvester; fault diagnosis; machine learning; deep learning;
multi-sensor fusion; structural health monitoring; variable operating conditions;
interpretability; physics-informed; digital twin
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1. Introduction

Grain crops are fundamental to global food security. In China, the world’s most pop-
ulous country, reducing paddy rice harvest losses by just 1% could save approximately 10
billion kilograms of grain annually —enough to feed 20 million people [1]. This imperative
for minimizing harvest loss extends beyond cereals: potato, a staple food for over 70 coun-
tries including China, India, and the United States, is equally vital for both food supply
and industrial processing [2]. Combine harvesters, by integrating cutting, threshing, sep-
arating, and cleaning into a single pass, are the core equipment for ensuring timely harvest
completion and minimizing field losses [3]. The automation and intelligent control of
these machines further reduce operator labor intensity and help alleviate agricultural la-
bor shortages [4]. However, the harsh and variable field conditions under which combine
harvesters operate pose significant challenges to their structural reliability, making fault
diagnosis a critical enabler of harvest efficiency and food supply resilience.

Combine harvesters typically operate for no more than two months per year [5]; how-
ever, during the harvest season, harvester operators often operate the combine for more
than 12 h per working day [6]. Harvesting is a highly time-sensitive operation; failing to
complete the harvest within the narrow window of the optimal harvest timing will result
in significant “timeliness loss” [7]. Within this harvest window, any unplanned downtime
will lead to economic losses. When insufficient technical service support causes delays in
the supply of spare parts, the downtime of the harvester can account for 10-50% of its
total usage time [5]. Moreover, the skill level of maintenance service providers directly
affects the efficiency of fault recovery; targeted training enhances the responsiveness of
agricultural socialized services [8]. The economic consequence of harvest loss is substan-
tial: in China, the average wheat harvest loss rate reaches 2.43% [9], underscoring the ur-
gent need for real-time monitoring of machine performance during harvesting operations.
When the harvest time exceeds the optimal window, each hour of downtime increases the
grain loss rate by 0.004% to 0.006% [10]. Beyond harvest delays, structural issues during
threshing can also cause internal grain damage that degrades crop quality [11]. In addition
to crop losses, the materials and energy consumed for repair and component replacement
further exacerbate the economic losses caused by failures [12].

During rice harvesting, excessive stalk breakage during threshing not only increases
energy consumption but also elevates the volume of small straw fragments entering the
cleaning system, thereby increasing the cleaning burden and reducing overall efficiency
[13]. Crop physical characteristics further complicate machine design. For thick-stalked
crops such as industrial hemp, the tall, rigid stems tend to break and twist during clamp-
ing and conveying, causing inconsistent laying angles that hinder subsequent field oper-
ations [14]. Crops with unconventional physical characteristics require dedicated machine
designs to achieve viable mechanized harvesting. For example, tiger nut (Cyperus escu-
lentus) has irregular seed morphology, an uneven surface, and an entangled root-soil-
tuber matrix that render conventional root crop harvesters ineffective [15].

However, the complex kinematics and structure of combine harvesters, their high-
intensity use, and the harsh and variable operating environments [16,17] pose technical
challenges for Fault Detection and Diagnosis (FDD). In this review, we use fault diagnosis
interchangeably with FDD to refer specifically to the identification and classification of
structural and mechanical faults in combine harvesters through sensor-based monitoring
and machine learning (ML) methods. We use structural health monitoring (SHM), a
broader term encompassing continuous condition assessment of civil and mechanical
structures, only when discussing general methodological frameworks that extend beyond
agricultural machinery. Structural failures are one of the major factors causing unplanned
downtime and impairing harvesting performance.
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Artificial intelligence has increasingly permeated agricultural production, with
multi-source sensor fusion, deep learning (DL), and adaptive control enabling advances
from remote sensing to real-time field perception [18]. In crop monitoring, Unmanned
Aerial Vehicle-based hyperspectral imaging combined with ML now permits non-de-
structive estimation of water status, while Light Detection and Ranging-based 3D point
clouds map height distributions in rice [19], and unmanned aerial vehicle-based structure-
from-motion techniques have enabled maize plant height estimation from RGB imagery
[20]. In real-time field perception, vision-based DL measures the lateral deviation from the
grain divider to the harvesting boundary via inverse perspective mapping [21] and detects
all-day tea shoots under both natural and artificial lighting using a lightweight YOLOv4-
based model [22]. As a single-stage real-time object detector, the YOLO architecture pre-
dicts bounding boxes and class probabilities in a single forward pass, making it well-
suited for time-sensitive agricultural perception tasks. Across crops and production
stages, fused deep networks further classify nursery tree species and segment crowns and
trunks from point clouds [23], recognize rice false smut offline under variable illumination
[24], and detect branch-infected mulberries in aeroponic cultivation using hybrid convo-
lutional neural network-gated recurrent unit (CNN-GRU) architectures [25].

While this review draws on international literature to provide comprehensive meth-
odological coverage, this review anchors its analytical focus in the technological and op-
erational realities most relevant to the Chinese agricultural context—the world’s largest
combine harvester market, where medium-to-large wheeled and tracked machines oper-
ate across diverse cropping systems spanning from the North China Plain to the hilly
southwest. Regional differences in farm scale, crop varieties, field conditions, and mainte-
nance infrastructure —within China and globally — can significantly influence the applica-
bility and prioritization of diagnostic approaches. For example, harvesters operating in
the small, fragmented, high-moisture paddy fields of southern China—characterized by
heavy clay soils and limited bearing capacity [26]—face fundamentally different fault
mode distributions and sensor installation constraints than large machines working ex-
tensive wheat or corn fields in the northeast. High-moisture rice, in particular, is prone to
forming clumps that clog conveying, threshing, and cleaning devices [27], a challenge far
less pronounced in dryland crop harvesting. Similarly, crop-specific harvesting challenges
impose distinct mechanical loads and failure patterns: the thin, fragile seed coat of sun-
flower seeds makes them highly susceptible to mechanical damage during conveying [28],
while the hilly and mountainous terrain prevalent in parts of China’s maize-growing re-
gions demands specialized low-center-of-gravity harvester designs to maintain stability
and reduce grain loss [29]. Where relevant, the review notes these regional and crop-spe-
cific factors throughout, but a comprehensive treatment of geographic, climatic, and socio-
economic determinants of harvester reliability lies beyond its scope and warrants dedi-
cated comparative investigation.

This trend places unprecedented demands on the reliability of combine harvesters,
as any unplanned downtime directly interrupts the automated precision operation chain.
Developing advanced fault diagnosis technologies that match these demands is therefore
essential for both harvest efficiency and the broader goal of alleviating agricultural labor
shortages.

During field operations, agricultural machinery endures harsh environmental stress-
ors—high dust concentrations, rapid humidity swings, broadband mechanical vibrations,
and transient impact loads—which collectively induce continuous, non-periodic fatigue
in structural components, accelerating cumulative damage and performance degradation
[30,31] while also compromising electronic reliability. Common structural failure modes
span five categories: (i) wear and fatigue fracture of transmission components, with the
power train being the most frequently failing system in combine harvesters [32]; (ii) loos-
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ening of critical fasteners under vibratory loads, a dominant failure mode at connection
points of working parts such as the vibrating screen [33]; (iii) abrasive wear and surface
degradation of grain-contacting parts, which the silica-rich rice-steel friction pair drives
[34]; (iv) fatigue failure of reciprocating components under prolonged alternating loads,
for example rubber bearing wear, bearing housing fracture, and weld failure in the clean-
ing sieve [35]; and (v) blockage resulting from abnormal material accumulation, including
straw winding on rotary tillage components in high-stubble clay soils [36] and vine clog-
ging in peanut clamping—conveying systems [37].

In 2023, the Department of Agricultural Mechanization Management of China’s Min-
istry of Agriculture and Rural Affairs conducted a quality survey on corn harvesters (grain
harvesting type) in nine major corn-producing regions. The results are shown in Figure 1.
During operation, 22.98% of the surveyed machines experienced a total of 298 failures.
Among these, failures of the threshing unit, header system, and transmission system ac-
counted for the dominant share (Figure 2), indicating a high degree of concentration at
these three failure sites.
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Figure 1. User satisfaction evaluation results of the 2023 quality survey on corn combine harvesters

(grain harvesting type). Data source: [38].

Threshing System Fault

Other Faults 22.80%

40.40%

Header System Fault

Transmission System Fault 21.40%

15.40%

Figure 2. Failure types and their proportions of the surveyed corn combine harvesters (grain har-
vesting type). Data source: [38].

Traditional methods rely on manual inspection and empirical judgment, which offer
limited efficiency and accuracy. The structural complexity of combine harvesters, variable

https://doi.org/10.3390/app16147319



Appl. Sci. 2026, 16, 7319

5 of 59

working conditions, scarcity of fault samples, non-stationary signals, and strong back-
ground noise all pose significant challenges to FDD. In manned operations, fault identifi-
cation depends primarily on operators” auditory, tactile, and visual experience —detecting
abnormal noise, vibration, or sudden increases in resistance. Recent advances in sensor
technology, data science, and computational power have driven fault diagnosis toward
higher levels of intelligence.

2. Review Methodology
2.1. Search Strategy

The literature search for this review was conducted across six major academic data-
bases: Web of Science Core Collection, Scopus, IEEE Xplore, ScienceDirect, SpringerLink,
and Google Scholar. The search aimed to identify peer-reviewed journal articles and con-
ference papers addressing fault diagnosis, condition monitoring (CM), and structural
health management of combine harvesters. The search strategy combined terms related to
the target machinery with terms describing diagnostic methodologies and enabling tech-
nologies. To reduce the risk of omission, the reference lists of all retrieved papers and
relevant review articles were manually examined for additional studies that may not have
been captured by the initial database queries. All retrieved records were subsequently
deduplicated and consolidated.

The search period was set from January 1980 to May 2026, with the final update con-
ducted in April 2026. This time frame captures the major developments in intelligent fault
diagnosis and sensor-based CM of agricultural machinery, from early statistical reliability
analysis and expert systems in the 1980s-1990s to the DL and multi-sensor fusion ap-
proaches of the past decade.

2.2. Inclusion and Exclusion Criteria

Studies were selected according to predefined inclusion criteria: (i) the work focused
on fault diagnosis, failure detection, or health monitoring of structural components in
combine harvesters or comparable agricultural machinery, including headers, threshing
drums, cleaning sieves, transmission systems, chassis frames, and bearings; (ii) sensor-
based data acquisition was employed, encompassing vibration, acoustic, speed, tempera-
ture, strain, or visual signals; (iii) the methodology involved ML, DL, multi-sensor fusion,
or advanced signal processing; and (iv) the work was published as a peer-reviewed jour-
nal article or conference paper in English or Chinese.

Studies were excluded if they: (i) addressed purely agronomic perception tasks with-
out diagnostic intent; (ii) focused exclusively on structural optimization or durability de-
sign without a CM component; (iii) were non-peer-reviewed preprints, dissertations, or
patents; (iv) represented duplicate publications of the same work; or (v) lacked full-text
accessibility.

2.3. Screening Process

The study selection followed a four-stage procedure based on the Preferred Report-
ing Items for Systematic Reviews and Meta-Analyses 2020 framework. First, we merged
records retrieved from different databases and removed duplicate entries. Second, we
screened titles and abstracts to exclude studies clearly irrelevant to the structural fault
diagnosis of combine harvesters. Third, we assessed the full texts of the remaining studies
and retained only those that explicitly addressed the target diagnostic tasks and provided
sufficient methodological detail or experimental validation. Finally, we conducted back-
ward reference tracking on the included studies to supplement the dataset and further
reduce the risk of missing relevant publications.
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2.4. Analytical Framework and Limitations

For the synthesis and structured comparison of the selected literature, we established
a three-level taxonomy. Studies were grouped by the physical subsystem under diagnosis
(structural module level; Figure 3), by methodological approach spanning traditional ML,
DL, and multi-sensor fusion (methodological level), and by practical challenges constrain-
ing field deployment (deployment-readiness level).

Notably, we did not perform a formal quality assessment of individual studies. This
review prioritizes methodological coverage and technological evolution over quantitative
evidence synthesis; accordingly, we treated all peer-reviewed publications as equally
credible sources of methodological insight, which may introduce bias. Furthermore, the
literature surveyed predominantly reports successful diagnostic outcomes with high ac-
curacy or F1 scores, likely reflecting publication bias—studies with negative or inconclu-
sive results are less likely to be submitted —and an editorial preference for novel algorith-
mic contributions over replication studies. Both mechanisms skew the published litera-
ture toward optimistic performance estimates, and the diagnostic performance figures
compiled in this review may therefore overestimate the real-world effectiveness of certain
methods. Future systematic reviews in this field would benefit from including grey liter-
ature and preregistered studies to mitigate these biases.

First, the scope of this review is constrained to structural and mechanical fault diag-
nosis of combine harvesters; related topics—hydraulic and pneumatic system diagnostics,
risk analysis, onboard computer architectures, communication networks, satellite posi-
tioning, and anthropogenic factors—are beyond its methodological focus and warrant
dedicated reviews. Second, the literature search was limited to publications in English and
Chinese, which may introduce language bias by omitting relevant work in Russian, Ger-
man, and Japanese. Third, non-peer-reviewed sources such as preprints, dissertations, pa-
tents, and manufacturer technical reports were excluded by design, meaning that practical
diagnostic solutions from industry may be underrepresented. Fourth, the literature search
was conducted with a cutoff date of May 2026; any relevant studies published after this
date are not included. The coverage of this review is therefore systematic but not exhaus-

tive.
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Figure 3. Three-level taxonomy for literature synthesis and structured comparison adopted in this

review.
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3. Introduction to Typical Fault Classification and Characteristic
Analysis of Combine Harvesters

3.1. Brief Description of the Structural Composition of Combine Harvesters

A combine harvester is a highly integrated operation platform that incorporates com-
plex mechanical, hydraulic, electrical, and electronic systems. Its operational workflow
encompasses key stages such as crop cutting, feeding, threshing, separating, cleaning, and
grain collection. To perform these functions, the whole machine consists of several core
structural modules. Specifically, the header at the front cuts the crop; the feeding device
conveys the cut material uniformly to the threshing system; the threshing and separating
unit accomplishes the detachment and separation of grain from straw; the cleaning system
removes impurities to obtain clean grain; the grain tank serves as a temporary storage
container for cleaned grain; and the conveying auger transports the cleaned grain into the
grain tank and discharges the grain from the tank during unloading [39,40]. In addition,
the driving force for the working components mainly comes from the engine and is trans-
mitted through a complex transmission system (including gearboxes, bearings, belts,
chains, etc.) [41,42]. The hydraulic system is responsible for controlling the lifting and
lowering of the header, the rotation of the unloading auger, and the steering of the whole
machine. The main supporting structure consists of the chassis frame and the undercar-
riage, and the machine primarily achieves field mobility through wheeled, tracked, or
composite traveling mechanisms [43]. Each of the aforementioned modules contains
many structural parts. The interactions among these parts and the complexity of integra-
tion lead to diverse structural failure modes. Figure 4 shows the typical structure of a
combine harvester.

Threshing Unit

W) et HOLLAND

Figure 4. Structure and major components of a typical combine harvester.

3.2. Fault Research on Critical Structural Components

Combine harvesters operate for long periods under high loads and harsh field con-
ditions, making components within structural modules prone to various structural fail-
ures.

We selected these five subsystems for detailed analysis because they dominate field
failure statistics. As noted in Section 1, the 2023 national quality survey of corn combine
harvesters in China [44] identified the threshing unit, header system, and transmission
system as the three most frequent failure sites, collectively accounting for 59.6% of the 298
failure events recorded (Figure 2). We include the cleaning device and chassis frame here
because, although they may fail less frequently, their failure consequences are dispropor-
tionately severe: a cleaning sieve blockage can halt harvesting entirely, and a chassis frame
fracture renders the machine inoperable until major structural repair is completed. We
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address hydraulic and pneumatic subsystems separately in (6) and (7) below. While this
subsystem taxonomy does not claim to be exhaustive —components such as the grain tank,
unloading auger, and electrical wiring harness also experience field failures—the five me-
chanical subsystems examined here encompass the most structurally critical and diagnos-
tically challenging elements of a combine harvester, and the peer-reviewed literature pro-
vides sufficient depth on these subsystems to support a structured review.

(1) The header and feeding device: In the workflow of a combine harvester, the header
and feeding device, as the components that first come into contact with the crop, per-
form the critical functions of cutting, conveying, and feeding the crop into the thresh-
ing unit. Rough field terrain and uneven crop density subject the header and feeding
device to complex, time-varying external excitations, which induce severe vibration
and failure (Figure 5). Excessive vibration of the header may cause harvest loss,
shorten the service life of the combine harvester, and affect working accuracy and
driver comfort [45,46].

b

Figure 5. (a) Feeding device chain fracture [5], (b) Header drive wheel damage [5].

Researchers have directly quantified the relationship between header vibration and
crop loss in rape harvesting, where high temperatures and humidity during the May har-
vest season render mature pods highly susceptible to shattering under the vibration of
vertical cutters, with header losses accounting for 50-70% of total harvest loss in the late
ripening stage [47]. Crop-specific traits further compound the susceptibility of rapeseed
to harvest loss. Pod shatter resistance varies significantly among varieties and is closely
correlated with pod length, pericarp thickness, and moisture content [48], while the ge-
ometry of the reel tines—the first component to contact the crop—directly influences the
magnitude of impact-induced pod shattering [49]. Tang et al. [50] established a three-di-
mensional model and combined it with modal analysis to explore the excitation sources
affecting header resonance. They then employed a lightweight topology optimization
method that effectively reduced vibration during header operation and avoided reso-
nance. Ebrahimi et al. [51] conducted modal tests on the header, using operational modal
analysis and the frequency domain decomposition technique to identify that the natural
frequency of the fifth mode shape (50 Hz) coincided with the excitation frequency of the
cutter bar driver, producing a resonance condition. They applied calculated masses to the
cutting platform, shifting the fifth mode natural frequency from 50 Hz to 47.87 Hz and
thereby reducing the vibration by mitigating the resonance condition. He et al. [52] used
in situ modal testing and Lagrangian methods to reveal the intrinsic multi-harmonic cou-
pling relationship between header vibration and the threshing drum. They also estab-
lished a damped pendulum model for the cantilever feeding device and accurately pre-
dicted the structural steady-state response with an error of less than 5%. Zhang et al. [34]
systematically revealed the composite wear mechanisms of the rice—steel friction pair
through bench friction tests, discrete element method (DEM) and wear model (DEM-
Wear), and surface characterization techniques, elucidating the fundamental friction and
wear phenomena at the microscopic level. They also developed a novel DEM-Wear model
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capable of predicting macroscopic wear “hot spots” on the header, and established the
fractal dimension (Ds) as a sensitive indicator for measuring wear severity. Furthermore,
crop characteristics such as pod shatter resistance [48] and reel kinematics tailored for
specific crops [49] significantly influence the dynamic loads and excitation on the header.

(2) Threshing drum: The threshing drum, the core component of the threshing stage,
often suffers severe vibration from imbalance during operation. This vibration leads
to bearing wear, shaft deformation, and cracks, shortens part service life, and ulti-
mately causes failure [53-55]. Crop mechanical properties also influence threshing
loads: maize compressive strength and elastic modulus vary with moisture content
and loading speed, directly affecting grain detachment force and drum stress [56].
The threshing drum can also become blocked by sudden changes in feed rate or high
grain moisture content (Figure 6). Goodman [57] proposed the influence coefficient
method, the most widely used approach in rotor dynamics balancing. Building on
this, researchers have developed robust balancing strategies for multi-source excita-
tion uncertainties under field conditions, including centroid propagation modeling
for assembly imbalance [58], maximum entropy-enhanced dual-speed influence co-
efficients [59], and prestressed support beams for structural vibration suppression
[60]. An on-site dynamic balancing process based on a double-speed influence coef-
ficient method achieved an 85.8% vibration reduction rate in field tests [60]. Tang et
al. [61] further addressed chain drive-induced unbalanced vibration in double-drum
systems through a step-by-step balancing method, revealing that the chain drive
wrap angle directly affects the phases of the two equivalent unbalanced masses. A
variable-diameter threshing drum with movable radial plates adapts to fluctuating
feed rates, reducing blockage risk [62]. Gu et al. [63] proposed a surrogate model-
based structural optimization scheme for the plate—shell threshing structure. Using
Latin Hypercube Design, Kriging response surfaces, and a multi-objective genetic al-
gorithm, they increased the first-order natural frequency by 14.6%, avoiding the main

machine excitation range, and reduced the dynamic response under multi-point
forces by 62.4%.

(b)

Figure 6. (a) Severe blockage of the threshing drum [64], (b) Crack on the left side of the thresher

frame (in the direction of the arrow, a reinforcing plate applied) [5].

(3) Cleaning device: The cleaning sieve and the fan are the core working components of
the cleaning device. The cleaning sieve is heavy, structurally complex, and undergoes
eccentric rotary motion. Each component endures prolonged, complex alternating
loads, leading to rubber bearing failure [65] (Figure 7). The rubber bearings exhibit
progressive degradation characterized by aging, abrasive wear, surface scaling and
delamination, and inner diameter enlargement. As the weakest link, the most vulner-
able bearing degrades first, altering the motion parameters of the two four-bar link-

https://doi.org/10.3390/app16147319
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ages of the screen box, which in turn compromises cleaning performance and accel-
erates the failure of adjacent rubber bearings and connected components. Under se-
vere overloading, insufficient airflow velocity causes the grain-MOG mat to collapse
into mechanical separation, blocking the sieve openings and discharging grain at the
rear; if the sieve overloads first, the tailings return also blocks, significantly degrad-
ing cleaning performance [66-68]. Liang et al. [69] quantified the terminal velocities
of different threshed output fractions, used turbine flowmeter measurements to char-
acterize airflow distribution; incomplete cleaning also raises food safety concerns, as
mycotoxins such as deoxynivalenol concentrate in the outer bran layers of wheat
grain [70]. Building on these findings, they proposed a multi-duct cleaning device
with a return pan that reduced cleaning sieve loss by 85% and grain impurity rate by
73% compared with a commercial system. Cheng et al. [71] designed a modified
cleaning sieve coated with Polytetrafluoroethylene to address wetness and stickiness,
effectively reducing adhesion and blockage. Wang et al. [72] designed a laminated
elastic steel rod oscillating screen that overcomes blockage by impurities and debris
while improving cleaning quality and speed. A subsequent study [73] combined
EDEM-RecurDyn co-simulation with a back-propagation neural network (BPNN) to
predict material distribution on a variable-amplitude screening mechanism under
feed rate fluctuations, providing a basis for intelligent anti-blocking control. Further
investigation of variable-amplitude screening under multipoint feeding has opti-
mized material distribution [74]. Studies have also evaluated detection air duct per-
formance and cleaning fan airflow distribution [75], and multi-parameter control
models have been proposed to coordinate threshing and cleaning under fluctuating
feed rates.

Figure 7. Rubber bearing wear diagram [65].

(4) Power transmission system: The power transmission system is among the most fail-

ure-prone components of a combine harvester [32,76]. Figure 8 shows a gearbox fail-
ure. In a typical crawler combine harvester power transmission system, such as those
widely used in China, the belt drive serves as the first power transmission stage from
the engine to the hydrostatic transmission unit and ultimately to the gearbox. Dy-
namic stress fluctuations in the transmission belt, arising from load variations and
speed changes during field operation, pass downstream through the drive chain to
the gearbox, accelerating wear and fatigue of gears and bearings over time. Guan et
al. [77] proposed a reliability calculation method based on dynamic analysis of the
transmission belt, establishing a nonlinear dynamic string-beam model to derive the
relationship between belt speed and dynamic stress and thereby identifying the dan-
gerous belt speed range for design and reliability calculation. Li et al. [78] conducted
modal experiments and vibration transmission path analysis on a multi-cylinder bi-
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lateral chain drive system, finding that the transmission chain and driving mode af-
fect stiffness, damping, and fundamental-frequency vibration response, and that the
frame serves as the main vibration transmission path, with transmission efficiency
exceeding 80% at different frequencies.

I

- A
go-a

Figure 8. Break in the gearbox cover [5].

(5) Chassis frame: The chassis frame serves as the supporting structure of the combine
harvester and carries the entire weight of the machine. When the chassis frame fails,
the combine harvester breaks down and ceases operation (Figure 9). Chen et al. [79]
derived the vibration response of a combine harvester frame under multi-source ex-
citation, finding that the constant modal frequencies of the complete machine are di-
rectly related to the independent modal frequencies of the chassis and threshing
frames, and that the sixth-order constant modal frequency lies within the operating
frequency range that may cause complex vibration coupling and resonance. Hu et al.
[80] analyzed the mechanical causes of tipping instability in crawler combine har-
vesters and designed an omnidirectional attitude-adjustable chassis based on a five-
bar mechanism; dynamic stress analysis and omnidirectional leveling control of this
chassis have further provided insights into structural reliability and terrain adapta-
bility under complex conditions [81]. During daily operation, track slippage and soil
buildup on wet, soft fields also affect stable operation [82]; bionic designs on track
surfaces, such as copying grouser and convex hull patterns, have been explored to
enhance traction and reduce soil adhesion [83]. The traditional single-side braking
steering method, with its large turning radius, tends to cause severe soil buildup and
creeping in soft soil, which can lead to track slippage and traveling failure.

Figure 9. Track disassembly for field repair (illustrative photograph).

(6) Hydraulic system: The hydraulic system serves as the actuation backbone for several
critical functions—header height adjustment, reel position control, unloading auger
swing and extension, and hydrostatic transmission steering. Unlike mechanical fail-
ures, which are often visually observable (Figures 5-9), hydraulic failures—internal
leakage, valve spool binding, seal degradation, and fluid contamination—are inher-
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ently concealed within pressurized conduits and rarely produce externally visible
damage. Hydraulic diagnostics therefore rely primarily on sensor-acquired data—
pressure, flow, temperature, and oil quality —rather than visual inspection.

A review of agricultural machinery hydraulic diagnostics identified three predomi-
nant failure modes [84]: abrasive wear of pump and motor components from particulate-
contaminated oil; seal and O-ring degradation causing internal and external leakage; and
solenoid valve malfunction from coil burnout or spool binding due to silting. These modes
are aggravated by the harsh field environment—high ambient temperatures accelerate oil
oxidation and viscosity loss, while dust ingress through breather caps and cylinder rod
seals introduces abrasive contaminants throughout the circuit. Vibration-based fault di-
agnosis using power spectral density analysis has been applied to hydraulic pumps in
tractor steering systems [85], and support vector machine (SVM)-based classification of
shift solenoid valve faults under small-sample conditions has been explored for electro-
hydraulic control systems on heavy tractors [86]. A hierarchical diagnostic framework for
combine harvester hydraulic systems has been proposed, guiding fault localization from
subsystem to component level using the grain unloading electro-hydraulic circuit as a
representative case [87].

For combine harvesters specifically, researchers have developed an on-line monitor-
ing system that integrates multi-sensor fusion technology —pressure transducers at the
cutting table, screw conveyor, conveyor trough, and threshing drum hydraulic actua-
tors—to provide real-time operational parameter display and fault alarm functions [88].
More recently, DL architectures that combine stacked autoencoders with deep belief net-
work have emerged for CM of combine harvester hydraulic systems, enabling end-to-end
feature extraction directly from raw sensor signals and establishing nonlinear mappings
between hydraulic state parameters and system health status [89]. These developments
indicate that hydraulic system diagnostics for combine harvesters is gradually transition-
ing from empirical threshold-based alarm systems toward data-driven intelligent moni-
toring.

Despite these advances, hydraulic fault diagnosis for combine harvesters faces chal-
lenges distinct from mechanical component diagnosis. Pressure and flow transients are
inherent to normal operation—header lifting and lowering, variable-speed hydrostatic
steering, and intermittent unloading auger actuation all produce dynamic fluctuations
that can mask the signatures of incipient faults. This transient-rich operating environment
makes threshold-based fault detection prone to false alarms and motivates adaptive diag-
nostic models that can distinguish normal operational dynamics from fault-induced
anomalies. Moreover, hydraulic diagnostic techniques developed for stationary industrial
systems have achieved compound fault decoupling through sensor-pair joint analysis and
DL models [90]. However, these techniques do not transfer seamlessly to mobile agricul-
tural machinery, where operating conditions are far more variable and sensor installation
is constrained by cost, durability, and accessibility. Systematic research on hydraulic fault
diagnosis specifically tailored to the combine harvester context remains scarce, represent-
ing a significant gap that warrants dedicated investigation.

(7) Pneumatic system: Beyond the cleaning fan—a pneumatic component whose me-
chanical fault modes (bearing wear, imbalance, blade damage) are addressed in the
cleaning device subsection (Section 3.2 (3))—modern combine harvesters employ
pneumatic systems for several functions: pneumatic recovery devices for reducing
header side-cutting loss in rapeseed harvesting [91], pneumatic conveying for grain
transfer [92], pneumatic actuation for driving the header, threshing mechanism, and
unloading system [93], and onboard compressed air for machine cleanout [94]. De-
spite these deployments, a systematic literature search revealed virtually no peer-
reviewed studies specifically addressing pneumatic system fault diagnosis on com-
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bine harvesters. Industrial pneumatic diagnostics has developed methods that could
in principle be adapted to agricultural machinery —systematic failure detection
frameworks for compressed air systems [95], pressure signal analysis for fault iden-
tification in pneumatic circuits [96], and acoustic emission (AE) monitoring for pneu-
matic actuator leakage detection [97] —but no published work has yet attempted this
transfer. This constitutes a clear gap in the literature and a necessary direction for
future research as pneumatic functions continue to proliferate on automated and
electrified harvester platforms.

Hydraulic and pneumatic system faults present characteristics distinct from those of
the five mechanical subsystems discussed above, relying on pressure, flow, and fluid CM
rather than vibration or visual inspection. Table 1 summarizes the typical failure modes,
main causes, and operational consequences for the five mechanical structural modules.

Table 1. Summary of failure mode classification.

Structural Module

Failure Mode Main Cause Consequence

Header and feeding device

Sudden feed rate changes,

Chain fracture, drive wheel . . . .
terrain excitation, multi-har-  Harvest loss, downtime

damage, resonance . _
monic coupling

Threshing drum

. Feed rate shock, high grain . .
Imbalance, blockage, bearing . & . & . Severe vibration, cracks,
moisture content, chain drive

wear . downtime
imbalance

Cleaning device

Rubber bearing wear, sieve Eccentric rotary motion, high Increased cleaning loss, high
blockage load, material adhesion impurity rate

Power transmission system

Gear fracture, belt slippage, Alternating load, wear, misa- Transmission failure, down-
chain drive vibration lignment time

Chassis frame

Fatigue cracks, resonance, Multi-source excitation cou- Complete machine break-
tipping pling, specific terrain down

3.3. Applicability Boundaries of Passive Structural Strategies Under Complex Field Conditions

Much of the aforementioned literature demonstrates that structural optimization,
process improvement, and other approaches effectively enhance the reliability of critical
components. These studies fundamentally strengthen the load-bearing capacity and vi-
bration resistance of the components. However, these improvements generally rely on
specific assumptions. When transitioning from simulation or bench tests to real-world,
complex field conditions, the difficulties of passive structural strategies gradually become
apparent.

3.3.1. Deviation from Deterministic Assumptions Under Time-Varying Operating
Conditions

Existing structural optimization studies generally assume deterministic load inputs.
The effectiveness of Tang et al.’s topology optimization of the header and Ebrahimi et al.’s
modal-analysis-based structural improvement of the header both depend on the matching
between the excitation frequency and the preset frequency avoidance range —suppressing
the vibration response by avoiding specific resonant frequencies. Although the damped
pendulum model of the cantilever feeding device established by He et al. [52] can predict
the steady-state response with high accuracy (error < 5%), it mainly applies to steady-state
response tests; its ability to predict transient processes remains unverified.

However, combine harvesters face time-varying operating conditions in the field,
with real-time fluctuations in crop density, traveling speed, and terrain undulations. Ding
et al. [98] studied the vibration characteristics of combine harvesters under feed rate dis-
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turbance and found that changes in feed rate can cause the peak excitation frequency of
the threshing drum to shift significantly from 195 Hz to 117 Hz, with a maximum ampli-
tude variation of up to 83.5%. This downward frequency shift arises from the damping
effect of the crop material as it flows through the drum. A shift in this magnitude implies
that structural optimization schemes based on a specific frequency avoidance range may
lose validity under variable feed rate conditions, since the dominant excitation spectrum
moves outside the original target band. A frequency shift in this magnitude implies that
structural optimization schemes designed based on a specific frequency avoidance range
may fail under variable conditions due to the overall shift in the excitation spectrum. Re-
zaei et al. [99] measured the actual loads on the rear axle of a combine harvester on differ-
ent roads. The actual load fluctuated between 18.8 kN on asphalt pavement and 49.2 kN
on field dirt roads, a difference of more than 2.6 times. Wang et al. [100] investigated the
transient impact and alternating loads on harvester bolts and found that the random peak
vibration of bolts and connectors at the vibrating sieve reached 12.5622, which falls within
the severe impact and collision standard and makes them susceptible to damage. These
studies indicate that the preset loads underlying deterministic design represent only a
single instant in the load distribution under complex field conditions. When the value of
the transient response exceeds the preset boundary, the vibration suppression effect of
structural optimization diminishes accordingly.

3.3.2. As-Manufactured Reliability Versus Performance Degradation After In-Service
Wear

Structural optimization is essentially a static design oriented towards the as-manu-
factured state. Whether avoiding resonance frequencies or improving dynamic balancing
calibration, these optimizations all rely on the initial state at the factory. However, as the
service time increases, the originally designed structure gradually wears during opera-
tion.

Zhang et al. [34] showed that wear continuously alters component geometry, surface
roughness, and fit clearance, shifting the mass distribution and boundary conditions on
which structural optimization depends. Taking the threshing drum as an example, even
if on-site dynamic balancing is performed at the factory using the double-speed influence
coefficient method [58], subsequent bearing wear, shaft deformation, and cracks gradually
disrupt the balanced state and introduce new unbalanced excitation. Jankauskas et al. [30]
found that straw chopper knife wear differed substantially between a season with lodged
crops and severe contamination (2022) and one with favorable conditions (2023), confirm-
ing that unpredictable field conditions directly govern wear rates. These studies demon-
strate that component wear and performance degradation after long-term service funda-
mentally limit the reliability of structural optimization.

3.3.3. Conflict Between Component Optimization and System Coupling Response

Most structural optimization studies focus on individual components—lightweight
header design, Polytetrafluoroethylene-coated cleaning sieves, or improved plate-shell
threshing structures—without considering system-level interactions. However, the com-
ponents within a combine harvester exhibit mutual interactions. He et al. [52] revealed a
multi-harmonic coupling relationship between header vibration and the threshing drum.
Chen et al. [79] demonstrated that the constant modal frequencies of the complete har-
vester are directly related to the independent modal frequencies of the chassis and thresh-
ing frames, and that the sixth-order constant modal frequency may cause complex vibra-
tion coupling and resonance. These findings imply that adjusting the stiffness or mass of
a single component alters the dynamic characteristics of adjacent structures, changing the
vibration transmission of the whole machine. In the absence of a whole-machine-level
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multi-body dynamics coupling model, the reliability of isolated component optimization
remains uncertain.

3.3.4. Blind Spots in Protection Between Predictable Progressive Failures and Random
Sudden Events

Structural optimization primarily addresses predictable, gradual failure modes—cu-
mulative wear, vibration-induced loosening of connectors, and progressive material
blockage—as demonstrated by structural optimization of the plate—shell threshing struc-
ture [63] and multi-duct cleaning design against overload blockage [69]. However, the
field also witnesses numerous random, sudden events with extremely short action times
and loads far exceeding design conditions, triggering failure modes completely different
from gradual degradation. Wang et al. [100] found that random peak vibration of vibrat-
ing sieve connectors reached the severe impact and collision standard. Low-probability
events—such as feed rate fluctuations and instantaneous impacts from ground bumps—
exceed normal design safety margins, and structural optimization offers relatively limited
protection against such events.

3.4. Summary: From Passive Structural Redundancy to Active State Perception

The random time-varying nature of operating conditions, performance degradation,
transmission of system coupling responses, and the unpredictability of sudden events
jointly define the effective boundary of purely passive structural strategies in actual field
environments. The existence of this boundary does not negate the fundamental role and
necessity of structural optimization as a means of preventing failures. Sound structural
design is the first line of defense for ensuring the reliability of a combine harvester. It is
the physical prerequisite for the effective implementation of fault diagnosis.

Indeed, it is precisely this boundary that drives the evolution of fault research on
combine harvesters from passive structural redundancy to active state perception. Excel-
lent structural design can reduce the probability of failure but cannot eliminate it com-
pletely. It can delay performance degradation but cannot prevent it ultimately. Therefore,
actively sensing, diagnosing, and predicting faults, combined with excellent structural de-
sign, can minimize the incidence of serious failures, avoid unplanned downtime, and re-
duce the economic losses caused by failures.

4. Fault Diagnosis Methods Based on Traditional Machine Learning

In the fault diagnosis framework based on traditional ML, signal acquisition, prepro-
cessing, and handcrafted feature extraction together constitute the front-end stages of the
diagnostic process. Their quality directly determines the upper limit of the subsequent
model’s classification performance. For agricultural machinery such as combine harvest-
ers operating under harsh field conditions, the raw signals collected by sensors are often
contaminated by strong background noise; therefore, signal preprocessing and feature en-
gineering are essential.

4.1. Historical Context

Before sensor-based intelligent diagnosis, fault management for combine harvesters
and agricultural machinery relied on two complementary approaches: statistical reliabil-
ity analysis and knowledge-based expert systems. Early reliability studies in the 1980s
modeled failure characteristics of combine harvester subsystems using Weibull distribu-
tions to estimate time-between-failure intervals [101]. Extending into the 1990s, reliability
studies on agricultural tractors identified three fundamental failure categories —early fail-
ures, random failures, and wear-out failures—and highlighted the severe economic con-
sequences of machinery downtime during time-sensitive operations [102]. By the late
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2000s, reliability analysis had advanced to incorporate Monte Carlo simulation for pre-
dicting failure intervals across entire harvester fleets [103]. These statistical approaches,
however, characterized only aggregate failure trends across populations; they offered no
real-time diagnostic capability for individual harvesters in the field.

In parallel, growing machinery complexity motivated knowledge-driven diagnostic
approaches, including expert systems encoding domain expertise as rule sets and fuzzy
logic classifiers applied to gearbox fault diagnosis using vibration signal features. Despite
these efforts, a landmark review by Craessaerts et al. [104] concluded that fault diagnostic
systems had received little attention in agricultural machinery research and remained
largely untested on mobile equipment. The subsequent decade witnessed a rapid expan-
sion of sensor-based monitoring and data-driven diagnostics—the developments that
form the core of this review.

4.2. Typical Diagnostic Process: Signal Acquisition, Preprocessing, and Handcrafted Feature
Extraction

4.2.1. Signal Acquisition: Common Sensor Types and Monitored Physical Quantities

Traditional ML-based diagnostic methods rely on a few sensor types to acquire
equipment status information, each corresponding to different monitored physical quan-
tities and typical installation positions. Accelerometers at bearing housings and gearbox
casings capture vibration responses. Speed sensors (Hall sensors, photoelectric encoders,
etc.) on the shaft ends of rotating components such as the threshing drum and conveying
auger provide phase reference and speed feedback. Acoustic sensors (microphones or
contact-type AE sensors) can non-contactly acquire internal status information of the
equipment. Temperature sensors (thermocouples, resistance temperature detectors) com-
monly monitor oil temperature and bearing temperature rise to assist in judging lubrica-
tion and friction anomalies. Pressure sensors, installed on hydraulic lines, capture pres-
sure transients indicative of leakage, blockage, or component degradation. Visual sen-
sors—conventional cameras and infrared thermal imagers—detect visually evident faults
such as header blockage and belt slippage [105], while thermal imaging captures abnor-
mal temperature distributions associated with bearing or motor degradation [106-108].

Beyond the diagnostic sensors listed in Table 2, specialized operational monitoring
sensors provide contextual data—feed rate, grain loss, throughput—that can inform diag-
nostic inference. Piezoelectric-based sensors with adaptive neuro-fuzzy inference for sig-
nal fusion have quantified grain loss during cleaning, reaching measurement ranges up
to 1500 grains per second [109]. Grain mass flow has been estimated via near-infrared light
attenuation through discrete grain streams [110], while impact-based flow sensors with
strain-gauge vibration compensation have been employed for in-field grain yield map-
ping [111]. Feed rate effects on threshing performance have been modeled through re-
sponse surface methodology for hydraulic variable-diameter threshing drums, establish-
ing quantitative relationships between feed rate, threshing gap, and hydraulic oil pressure
[112].

Table 2 summarizes the sensor types, their monitored physical quantities, typical in-
stallation positions, and representative diagnostic applications, providing a hardware-
level reference for subsequent signal preprocessing and feature extraction.
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Table 2. Summary of commonly used sensors and monitored physical quantities.
Moni Physical Typical Installation Posi-
Sensor Type onitored . ysica ypica ns’fa ation Pos Diagnostic Application Ref.
Quantity tion
Bearing housi box, Bearing fault, fault, im-
Accelerometer Vibration cariig NOUSINg, gearbox,  bealing fat ‘gea'r au im [113,114]
frame balance, misalignment
Speed sensor (Hall/en- Rotational speed Threshir.lg drum shaft, con- Blockage detection, belt slip- [114,115]
coder) veying auger shaft page
Non-contact, leani A tic fault si tu
Microphone Sound pressure on-contact, near cleaning coustic fault signature, [116]
system cleaning loss anomaly
1 e housi Lubrication fail heat-
Temperature sensor Temperature Oi pan, be;.armg ou.smg, ubrication %11 ure, overheat [117]
hydraulic reservoir ing
Vibrating sieve bolts, f Bolt1 i tructural
Strain gauge Stress/strain ibrating sieve bolts, frame Bolt loosening, structura [118]
members overload
Pressure sensor Pressure Hydraulic lines Hydraulic fault diagnosis [90]
Camera Visual image Header, th.reshing drum, Blockage, belt slippage, mate- [105]
grain tank rial accumulation
Infrared thermal camera Temperature distribu- Bearing housing, motor cas- Overheating, thermal fault [106-108]

tion ing classification

Vibration signals are the most widely adopted monitoring signal source. A combine
harvester contains numerous rotating components—threshing drum, conveying auger,
fan, gearbox, bearings, and transmission shafts —whose localized defects induce charac-
teristic vibration responses, captured by accelerometers at key measurement points such
as bearing housings, gearbox casings, and weak points on the frame. For example, Ruiz-
Gonzalez et al. [113] evaluated the feasibility of estimating the state of various rotating
components from a vibration signal acquired at only a single point on the combine har-
vester chassis.

In addition to vibration sensors, speed sensors widely monitor the rotational speed
of critical rotating components. Speed signals can serve as an independent diagnostic pa-
rameter —detecting faults such as blockage and slippage through speed drops or abnor-
mal fluctuations—and are often acquired synchronously with vibration signals to provide
a speed reference for non-stationary signal processing methods such as order analysis and
computed order tracking (COT). For instance, Wang et al. [114] combined a speed sensor
with a vibration sensor to achieve COT and early-stage pitting fault feature extraction for
agricultural machinery bearings under variable-speed conditions.

Acoustic signals have also been applied in combine harvester fault diagnosis, offer-
ing the advantage of non-contact installation without structural modification. Shen et al.
[116] found that the characteristic frequency regions of grain and stalks differ significantly,
enabling a method for separating grain and stalk signals. Acoustic signals, however, are
highly susceptible to environmental noise, and their specificity is weaker than that of vi-
bration signals.

Temperature signals also contribute to fault diagnosis: abnormal increases in hydrau-
lic oil, gearbox oil, or bearing housing temperature often indicate poor lubrication, exces-
sive friction, or impending component failure. Temperature sensors are low-cost and easy
to install, but their considerable thermal inertia makes them insufficiently sensitive to sud-
den faults. In addition, strain signals have been introduced to monitor the stress state of
structural components [118], along with process parameter sensors—such as feed rate and
grain loss sensors—for operational status information.
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4.2.2. Signal Preprocessing

The field operating environment contains noise sources such as high-concentration
dust, mechanical vibrations, and electromagnetic interference (EMI). Raw sensor signals
usually exhibit a low signal-to-noise ratio (SNR); signal preprocessing is therefore neces-
sary for effective feature extraction. Common preprocessing techniques include time-do-
main filtering (low-pass, high-pass, band-pass), which removes irrelevant signals outside
specific frequency bands. For example, Ji et al. [119] combined low-pass filtering with en-
semble empirical mode decomposition (EEMD) to remove high-frequency noise from
combine harvester vibration signals. Adaptive signal decomposition and denoising tech-
niques, such as empirical mode decomposition and its variants including EEMD and the
complete EEMD with adaptive noise, decompose non-stationary, nonlinear signals into
several intrinsic mode function. Subsequently, specific criteria—such as the minimum en-
ergy criterion or correlation coefficient—select the signal-dominant intrinsic mode func-
tion components, effectively separating signal from noise. Du et al. [120] used empirical
mode decomposition with the minimum energy criterion to design a cleaning loss moni-
toring sensor that successfully separated structural vibration, working noise, and trash
interference. Wavelet threshold denoising is also widely used in agricultural machinery
CM; its combination with the complete ensemble method has been validated in scenarios
such as cotton seed metering monitoring [121]. For non-stationary problems caused by
speed fluctuations, COT resamples time-domain signals into equal-angle signals, elimi-
nating the influence of speed variation on spectrum analysis [115]. For acoustic signals,
Darabian et al. [122] adopted pre-emphasis, framing, and windowing for denoising and
signal enhancement before Mel-frequency cepstral coefficient (MFCC) feature extraction.

4.2.3. Handcrafted Feature Extraction

Under the traditional ML framework, feature extraction is the most critical and do-
main-knowledge-intensive step. The extraction of physically interpretable and fault-dis-
criminative features from preprocessed signals directly determines the diagnostic accu-
racy of the classifier. Handcrafted features for vibration signals are typically extracted
from three domains:

(1) Time-domain features: These include dimensional indicators such as root mean
square (RMS), peak value, kurtosis, skewness, crest factor, and impulse factor, as well
as statistical quantities like mean and variance. RMS reflects overall signal energy
and has been used to establish feed rate prediction models; the crest factor and kur-
tosis are exceptionally sensitive to impulse-type faults and are among the most com-
monly used indicators in rotating machinery fault diagnosis [123].

(2) Frequency-domain features: The fast Fourier transform produces the frequency spec-
trum, from which parameters such as the amplitude at characteristic frequencies,
power spectral density, spectral centroid, and frequency variance are extracted. Spec-
trum envelope analysis and spectral kurtosis analysis have analyzed the main impact
frequencies of the threshing drum under field working conditions and, combined
with time—frequency domain analysis, have revealed the vibration characteristics
during the threshing process [124].

(3) Time—frequency-domain features: To address the non-stationary characteristics
caused by frequent speed and load changes, researchers widely adopt time—fre-
quency methods such as the short-time Fourier transform (STFT) and wavelet trans-
forms (continuous wavelet transform, CWT,; discrete wavelet transform, DWT). One
study applied DWT to tractor auxiliary gearbox vibration signals, extracting wavelet
coefficients at different decomposition levels as classification features [125]. Entropy-
based features have also been introduced: multi-scale sample entropy and refined
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composite multivariate multiscale sample entropy extract nonlinear dynamic fea-
tures from multi-channel bearing vibration signals, measuring signal complexity and
irregularity [126], while composite-scale variable dispersion entropy (CSVDE) has
been investigated for rolling bearing fault diagnosis in combine harvesters [127].

For acoustic signals, MFCC are among the most widely used handcrafted features.
MFCC simulate the nonlinear perceptual characteristics of the human ear for sound waves
of different frequencies and have demonstrated good classification performance in acous-
tic fault diagnosis of agricultural machinery. For temperature signals, commonly used
handcrafted features include the mean temperature, temperature rise rate, and tempera-
ture gradient. Feature extraction for speed signals usually couples with vibration signals:
COT produces the order spectrum, from which the amplitude of each order component is
extracted as features [115,128].

Handcrafted feature extraction is essentially a form of information compression. Sta-
tistical quantities summarize the vast amount of detail in the original signal. This, on the
one hand, enhances the physical interpretability of the features; on the other hand, it in-
evitably discards data structures that may contain discriminative information. Xie et al.
[129] showed in their batch-training long short-term memory (LSTM) study that, under
complex data characteristics, improper batch partitioning can lead to further loss of criti-
cal information during training. In contrast, the variational autoencoder proposed by
Kingma et al. [130] has opened a new avenue for reducing such information loss. By as-
suming that latent variables follow a specific prior distribution, the variational autoen-
coder can learn the probability generation law of data under unsupervised conditions,
thereby preserving the distribution information of the original data as much as possible
while reducing dimensionality. This tension between “lossy compression” and “lossless
representation learning” naturally drives the evolution of diagnostic methods from hand-
crafted feature engineering to DL-based representation learning.

Table 3 summarizes these handcrafted features by domain, their physical meanings,
and the fault types to which they are most sensitive.

Table 3. Summary of handcrafted features (classified by domain).

Feature Domain

Typical Features Physical Meaning Sensitive Fault Type Ref.

Time domain

RMS, kurtosis, crest factor

Signal energy, impulse Bearing pitting, gear tooth

severity breakage [123]

Frequency domain

Characteristic frequency am-  Modulation of specific

Imbal isali t [124
plitude, spectral centroid fault frequencies mbalance, misalignment  [124]

Time—frequency domain

STFT/CWT coefficients, wave-

Time-varying frequency
components of non-sta-
tionary signals

Blockage under feed rate

125
fluctuations [123]

let packet energy

Entropy features

Sample entropy, multi-scale Signal complexity,

irreg-
Early- k faul 126,127
entropy, CSVDE ularity arly-stage weak faults [126,127]

4.2.4. Feature Dimensionality Reduction and Selection

Handcrafted feature extraction often produces a high-dimensional set in which some
features are redundant or irrelevant; dimensionality reduction or feature selection is
therefore essential to improve computational efficiency and avoid the “curse of dimen-
sionality.” Principal component analysis (PCA), the most commonly used linear method
[131,132], maps the original high-dimensional feature space into a low-dimensional prin-
cipal component subspace through orthogonal transformation, retaining the main vari-
ance information. Linear discriminant analysis [133,134] is a supervised technique that
maximizes between-class scatter while minimizing within-class scatter, generally outper-
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forming PCA when labeled data are available. Feature selection based on sensitivity anal-
ysis has also been applied to fault feature screening in combine harvesters. One study
found that most individual time—frequency features have limited discriminability for vi-
brating screen bolt fault identification, requiring multi-feature fusion for effective diagno-
sis [135].

Before proceeding to the specific models, we clarify the scope of “traditional ML” as
used in this review, which encompasses three interrelated categories. The first comprises
statistical signal processing and feature engineering techniques—time-domain indicators,
frequency-domain spectral analysis, time—frequency decompositions, and entropy-based
complexity measures—serving as the front-end representation layer. The second consists
of shallow classification and regression models—SVM, random forest (RF), K-nearest
neighbors (KNN), artificial neural networks (ANN), naive Bayes (NB), and extreme learn-
ing machines (ELM)—which map feature vectors to fault mode labels. The third covers
early multi-source fusion strategies at the data, feature, and decision levels, integrating
heterogeneous sensor information before the advent of DL-based adaptive fusion. These
three categories are discussed under the unified label of “traditional ML” to establish a
clear methodological contrast with the DL paradigm of Section 5, which features end-to-
end representation learning, automated hierarchical feature extraction, and adaptive mul-
timodal fusion. This classification is not meant to imply that traditional approaches are
methodologically homogeneous; the following sections explicitly examine each technique
in terms of its specific operating principles, strengths, and limitations.

4.3. Application of Shallow Models: Performance of SVM, RF, Etc. in Combine Harvester Fault
Diagnosis

Once handcrafted feature extraction is complete, traditional ML-based fault diagno-
sis methods use shallow classification models to map multi-dimensional feature vectors
to fault mode categories.

(1) SVM: SVM is one of the most widely used shallow classifiers in this field. It maps
linearly inseparable low-dimensional features into a high-dimensional space via a
kernel function to find the optimal separating hyperplane. Its strong generalization
under small-sample conditions makes it particularly suitable for the scarcity of fault
samples in diagnosis. For example, an improved particle swarm optimization-SVM
method was applied to blockage prediction and speed control of an unmanned com-
bine harvester, automatically optimizing hyperparameters to prevent blockage and
ensure stable operation [136].

In rolling bearing fault diagnosis, SVM has been used for multi-domain state identi-
fication, with data augmentation strategies addressing sample imbalance to enable early-
stage fault detection. The choice of kernel function (linear, polynomial, RBF) and penalty
parameter C significantly affect accuracy and is typically tuned via grid search, genetic
algorithms, or particle swarm optimization [137]. SVM naturally handles binary classifi-
cation; for multi-class problems, “one-versus-all” or “one-versus-one” extension strate-
gies are typically adopted.

Lian et al. [138] targeted loosening and fatigue of bolted conveyor trough connections
under complex vibration. Using multi-point vibration signals, they identified sensitive
transient response regions and developed an operating state identification model with a
one-versus-one SVM. Field validation achieved 96.9-99.7% accuracy, confirming the
strong potential of vibration features and ML for combine harvester fault diagnosis.

(2) REF: RF makes classification decisions by aggregating the voting results of multiple
decision trees. It is robust to noise and overfitting, handles high-dimensional fea-
tures, and requires little parameter tuning. In silage harvester fault diagnosis, an im-

https://doi.org/10.3390/app16147319



Appl. Sci. 2026, 16, 7319

21 of 59

proved RF algorithm incorporating the NB idea to boost individual tree accuracy
achieved 97.9% accuracy, outperforming standard RF (93.27%) [139] RF has also been
applied to tractor gearbox fault diagnosis, where vibration signals under three oper-
ating conditions were classified using DWT-extracted features [125]. Additionally,
RF provides feature importance ranking, helping identify the most discriminative
handcrafted features for specific fault types.

(3) KNN: KNN is a straightforward non-parametric classifier that requires no explicit
training; classification is based solely on the labels of the K-nearest training samples
in the feature space. In rotating machinery imbalance detection, KNN has been com-
pared with SVM, verifying the feasibility of supervised learning-based intelligent
fault detection [140].

For CM of agro-industrial rotating machinery, a KNN classifier combined with a har-
mony search algorithm for frequency band selection was validated on an experimental
dataset containing healthy and multiple fault states [141].

The main advantages of KNN are its simplicity and freedom from assumptions about
data distribution; however, computational complexity grows linearly with the number of
training samples, and sensitivity to feature scales necessitates prior standardization or
normalization.

(4) ANN: Shallow artificial neural networks, as distinguished from deep architectures,
are classic models in traditional fault diagnosis. The feedforward BPNN learns the
nonlinear mapping between features and fault modes by adjusting inter-layer con-
nection weights through error back-propagation. A Fuzzy Neural Network-based
fault diagnosis system using sensor signals for training and classification has pro-
vided a feasible real-time monitoring solution for combine harvesters [142]. Addi-
tionally, BPNN combined with Dempster—Shafer (D-5S) evidence theory has been ap-
plied to blockage fault diagnosis, where evidence theory fused multi-source BPNN
outputs to improve diagnostic reliability [143]. The advantage of traditional ANN
lies in strong nonlinear fitting ability, though it is prone to overfitting with small sam-
ples and requires empirical selection of the network structure.

(5) NB:Inacomparative evaluation of classifiers for fault detection, NB, KNN, and ANN
were systematically compared, with NB and ANN both achieving 99.9% accuracy
and the highest AUC values [144]. A further comparative experiment between SVM
and NB under multiple fault conditions—healthy, imbalance, misalignment, gear
fault, and bearing inner/outer race faults—confirmed NB’s strong performance on
small-scale data [145]. The advantage of NB lies in its computational efficiency and
small-sample performance; however, its assumption of feature independence often
fails with highly coupled features in practical engineering scenarios.

(6) ELM: a single-hidden-layer feedforward neural network, is notable for its extremely
fast training speed. To address the low fault identification rate of rolling bearings in
combine harvester walking gearboxes, a Dragonfly Algorithm-optimized Kernel
ELM method was proposed, achieving effective fault type identification from vibra-
tion signal features [146]. ELM significantly reduces training time while maintaining
acceptable classification accuracy, making it suitable for online diagnostic scenarios
with high real-time requirements.

Knowledge-driven methods based on fuzzy logic and rule-based reasoning also con-
tribute to traditional fault diagnosis. One study constructed a decision-tree knowledge
base from fault function tables for combine harvester troubleshooting, achieving accurate
fault localization in the electrical equipment subsystem through optimal search of the
troubleshooting path [147]. This approach explicitly encodes domain expert knowledge
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into classification rules, making it suitable when fault data are scarce or new fault types
lack historical coverage.

The preceding subsections have elaborated on SVM, RF, KNN, ANN, NB, and ELM
in combine harvester and related agricultural machinery fault diagnosis. Although these
studies demonstrate the effectiveness of individual models, evaluations focus predomi-
nantly on single-dataset classification accuracy, with no systematic comparison of their
applicability under field conditions. To address this, Tables 4 and 5 summarize their core
principles, advantages, limitations, potential strengths, and technical difficulties in the
combine harvester context—characterized by scarce and class-imbalanced fault samples,
strong non-stationary noise, multi-factor coupled fluctuations, and limited onboard com-
puting resources.

Table 4. Core principles, advantages, and limitations of traditional Machine Learning models in

fault diagnosis.

Model Core Principle Main Advantages Main Limitations Ref.

Maps features to a high-dimen-  Strong small-sample generali- Requires multi-class extension
sional space via kernel function to zation; solid mathematical ba- strategy; empirical kernel and pa-
find the optimal separating hyper- sis; handles high-dimensional =~ rameter selection; slow on large

plane. features. datasets.

SVM [136-138]

Robust to noise and overfitting;
.. . handles high-dimensional fea- Large model size; sensitive to ex-
Ensemble of decision trees with ) . . .
RF L. . tures; provides feature im-  treme class imbalance; weaker in- [125,139]
majority voting. .. 1 .
portance; minimal hyperparam- terpretability than a single tree.
eter tuning.

Classifies based on the majority la- Simple, training-free; no data Computational complexity grows
KNN bel of the K-nearest neighbors; no distribution assumption; easy linearly with samples; scale-sensi- [140,141]
explicit training. implementation. tive; lacks noise tolerance.

Learns nonlinear input-output
mapping through multiple neuron
layers, typically shallow (e.g.,
BPNN).

Computes posterior probability Computationally efficient; per- Independence assumption often

Strong nonlinear fitting; flexible Overfits with small samples; em-
architecture; learns complex  pirical network structure selec- [142,143]
feature—fault relationships. tion; weak interpretability.

ANN

NB via Bayes’ theorem assuming fea- forms well on small datasets;  invalid; limited capability with [144,145]
ture independence. provides probabilistic output. highly coupled features.

Random input weights; output  Extremely fast training; simple Random weights cause instability;
ELM  weights solved analytically by parameter setting; avoids gradi- requires regularization for gener-  [146]
least squares. ent-based local optima. alization.

Table 5. Applicability of traditional Machine Learning models in the combine harvester field envi-

ronment.

Model Potential Strengths in Field Operation Technical Difficulties in Field Operation Ref.
Sensitive to feature drift under variable condi-
tions; kernel struggles to adapt to nonlinear shifts [137,138]
caused by feed rate fluctuations.

Excels with scarce fault samples; good at handling

V.
SVM high-dimensional handcrafted features.

Naturally robust to field noise; feature ranking Cannot actively adapt to time-varying conditions;
RF  helps identify sensitive features, reducing domain lacks extrapolation ability under multi-factor cou- [125,139]
knowledge reliance. pling (feed rate, moisture, etc.).

Zero training cost, ideal for rapid prototyping;  Overlapping operating conditions blur decision
KNN  works directly with physically meaningful fea- boundaries; heavily dependent on feature normal- [141]
tures. ization.
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Models nonlinear relationships in multi-compo- Scarce field samples cause training difficulties; no
ANN nent compound faults; enables parallel multi-fault guaranteed generalization for transient conditions  [143]

identification. like feed rate shocks.

Low computational cost suitable for onboard
NB screening; probabilistic output facilitates decision-
level fusion.

Strong coupling among vibration/acoustic features

14
often violates the independence assumption. [143]

ELM

Fast training speed supports online model updat-
ing; suitable for high-real-time diagnostic tasks.

Random weights reduce robustness to strong
noise; difficulty handling non-stationary signals ~ [146]
caused by feed transients.

4.4. Early Practices of Feature Fusion Strategies

Fault identification relying on a single sensor or feature domain has clear limitations,
and multi-information fusion can significantly improve diagnostic accuracy and reliabil-
ity [148,149]. For example, most individual time-frequency features of vibrating screen
bolts overlap highly when distinguishing loosening from fracture, making independent
accurate classification difficult [135]. This motivated early feature fusion practices, which
integrate heterogeneous information from multiple sources and domains to characterize
the mechanical health state more comprehensively. These strategies are classified into
data-level, feature-level, and decision-level fusion according to their integration stage.

Feature-level fusion is the most commonly used strategy. Handcrafted feature vec-
tors from multiple sensors or analysis domains are concatenated into a high-dimensional
feature set, reduced via PCA or Linear Discriminant Analysis to eliminate redundancy,
and then fed into a shallow classifier. For example, integrating wavelet packet energy fea-
tures of vibration signals with MFCC of acoustic signals has improved detection sensitiv-
ity for early rolling bearing wear [150].

In a study on gear progressive wear monitoring, Loutas et al. [151] simultaneously
acquired vibration, AE, and oil debris monitoring signals, extracted time-domain, fre-
quency-domain, and wavelet-domain features from each channel and, after screening, in-
tegrated them into a single data matrix. PCA was then used for dimensionality reduction,
followed by independent component analysis to establish correspondence between the
reduced independent components and different gearbox damage modes. This study
demonstrated the synergistic value of PCA and independent component analysis in re-
ducing heterogeneous feature redundancy and separating fault sources, providing a ref-
erence for multi-source diagnosis of combine harvester transmission systems.

Multi-source feature fusion has also been achieved at the model input stage through
sensitivity analysis to select highly discriminative feature subsets, improving SVM or RF
classification accuracy [152,153]. These early attempts demonstrated that multi-dimen-
sional joint features provide complementary diagnostic information and enhance robust-
ness across operating conditions. In wind turbine gearbox fault diagnosis, Feng et al. [117]
used lubricating oil and bearing temperature data from the Supervisory Control and Data
Acquisition system for early fault warning, combined with condition monitoring system
(CMS) vibration envelope and oil debris count for precise fault localization, establishing
a closed loop from warning to diagnosis. This approach directly informs the design of
multi-source fusion diagnostic architectures for combine harvesters.

Decision-level fusion integrates the independent outputs of each diagnostic channel
through specific rules, with D-S evidence theory as a typical example. In combine har-
vester blockage diagnosis, BPNN outputs from multiple vibration measurement points
were fused via the Dempster combination rule, yielding more reliable diagnosis and over-
coming false positives and missed detections from single-source information [143]. Data-
level fusion, which mainly averages and denoises raw waveforms from homogeneous
sensors, saw relatively few applications during the traditional methods period due to high
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alignment requirements and computational complexity for heterogeneous signals. Over-
all, these early practices confirmed that the collaborative integration of features and deci-
sions can overcome the limitations of a single information dimension, although their fu-
sion architectures still relied on manually preset rules rather than end-to-end adaptive
joint learning.

4.5. Advantages and Limitations of Traditional Methods

The studies reviewed above demonstrate that handcrafted feature engineering com-
bined with shallow ML provides an interpretable, easy-to-implement framework for com-
ponent-level fault diagnosis under specific conditions. However, when extending from
single-component diagnosis to simultaneous identification of multiple fault modes at the
whole-machine level, inherent limitations in data requirements, feature construction, and
model generalization become apparent.

Traditional methods offer considerable practical value for component-level diagnosis
with clear physical mechanisms and singular fault characteristics. By extracting features
such as kurtosis and envelope spectra from vibration signals and coupling them with SVM
or KNN classifiers, bearing fault types can be identified with high accuracy [154]. The
explicit physical meaning of these features facilitates direct correlation with failure mech-
anisms, and shallow models can control overfitting through regularization under small-
sample conditions. This advantage, however, is highly dependent on fine-grained manual
diagnostic design—sensor placement adjacent to the fault source and feature selection
driven by expert knowledge of failure mechanisms. This strong domain dependence is
the first barrier to application in complex field scenarios.

First, the domain dependence and incompleteness of feature engineering. The quality
of handcrafted features is entirely constrained by human experts’ prior knowledge of spe-
cific fault mechanisms. In component-level diagnosis, fault feature libraries for standard
components such as bearings and gears are relatively mature. However, for whole-ma-
chine-level anomaly detection in combine harvester headers and transmission systems,
the complex nonlinear responses from multi-source coupled excitations often place the
deterministic mapping between faults and features outside established knowledge. For
example, a multi-source vibration study on a combine harvester chassis indicated that the
constant modal frequency of the frame is directly related to the independent modal fre-
quency of the threshing frame, readily inducing complex coupled resonances [79]. This
system-level vibration coupling makes it extremely difficult for handcrafted features rely-
ing on single points and single domains to effectively characterize compound fault modes
across multiple components. When confronting unknown or compound faults, these fea-
tures have almost no ability to automatically mine potential discriminative information.

The current state of research corroborates this point. Most published diagnostic stud-
ies on combine harvesters and similar agricultural machinery remain confined to compo-
nent-level faults. Rolling bearings have received the most extensive attention. Individual
studies have addressed: fault feature extraction under variable-speed conditions using
variational mode decomposition and COT [114]; entropy-based degradation indicators
including Refined Composite Multivariate Multiscale Sample Entropy [126] and CSVDE
[127]; classifier optimization via metaheuristic algorithms (e.g., dragonfly-optimized ker-
nel ELM) [146]; acoustic-based diagnosis combining MFCC with wavelet packet energy
[150]; multi-sensor comparative studies integrating vibration, AE, and Oil Debris Moni-
toring for gear wear assessment [151]; and Supervisory Control and Data Acquisition-
based temperature monitoring integrated with CMS vibration envelope analysis for early
fault warning and localization [117]. Wavelet-based feature extraction from vibration sig-
nals has been applied to gearbox diagnostics [125], while comparative evaluations of shal-
low classifiers such as SVM versus NB have been conducted for bearing and centrifugal
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pump fault identification [145], and wavelet packet energy features combined with Parti-
cle Swarm Optimization SVM have been employed for bearing fault classification [154].
In contrast, studies targeting the simultaneous identification of multiple fault modes at
the whole-machine level —spanning the threshing unit, header, and transmission sys-
tem—remain scarce [155]. This imbalance represents a critical gap in the existing literature.

Second, the limited capability of shallow models in expressing complex nonlinear
relationships. Shallow classifiers such as SVM and RF often struggle to construct decision
boundaries when facing high overlap and nonlinear separability in the high-dimensional
feature space of combine harvesters. Fault-induced signal features—from header vibra-
tion or feeding device blockage, for instance —often exhibit complex manifold distribu-
tions with blurred boundaries between fault mode clusters. In the diagnosis of misalign-
ment and looseness faults in chain transmission systems, frequency-domain features can
drift significantly under varying speeds and loads, making linear or kernel-based classifi-
ers prone to misjudgment [78]. This insufficient ability to model complex decision bound-
aries restricts the capacity of shallow models to capture the subtle nuances of the whole
machine’s state in real-world environments.

Third, poor adaptability to time-varying operating conditions. As demonstrated in
Section 3.3.1, the continuously fluctuating field environment—including variations in
feed rate, terrain, and crop conditions— causes significant shifts in the statistical distribu-
tion of sensor features. A traditional model trained under a single operating condition
therefore suffers severe accuracy degradation when deployed under new conditions [98].
The model cannot autonomously learn from the source and compensate for the changes
in signal characteristics caused by variations in operating conditions. As a result, its gen-
eralization ability and robustness in the field are difficult to guarantee. To address this, a
real-time adaptive diagnosis framework based on broad learning extracts dynamic fea-
tures via latent variables and, through pseudo-label incremental updates and statistical
condition detection, maintains model effectiveness during performance degradation with
extremely low labeling costs [156]. This offers a feasible direction for overcoming time-
varying condition-induced model degradation, though its applicability to combine har-
vesters requires further field validation.

In summary, traditional ML diagnostic methods offer good interpretability and im-
plementation efficiency in component-level and steady-state scenarios. Their inherent lim-
itations—domain dependence, limited nonlinear modeling capability, and poor adapta-
bility to variable conditions—constrain their applicability to whole-machine, multi-fault
diagnosis in complex field environments. A systematic comparison of these limitations
against the capabilities of DL-based approaches is provided in Section 5.4.

5. Deep Learning and Multi-Sensor Fusion-Based Intelligent
Diagnosis Frontiers

The previous chapter detailed the inherent limitations of traditional ML diagnostic
methods: strong dependence on handcrafted feature engineering, limited ability to model
complex nonlinear relationships, and poor adaptability to time-varying operating condi-
tions. Consequently, they cannot independently perform whole-machine-level intelligent
diagnosis of combine harvesters in real field environments. Recent advances in DL have
opened new pathways to break through these bottlenecks, and DL has gradually become
a mainstream research method in agriculture [157-160]. The joint deployment of multi-
modal sensors and the deep fusion of heterogeneous information further enable compre-
hensive sensing of the multi-component coupled operating state of combine harvesters.
Industry-specific DL methods are becoming standard for fault diagnosis [161-163]. This
chapter sequentially introduces the general paradigm of DL fault diagnosis, reviews the
specific applications of deep models in vibration, acoustic, and visual signals, discusses
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the evolution of multi-source signal fusion strategies, and systematically compares them
with traditional methods.

5.1. General Paradigm of Deep Learning Fault Diagnosis

Unlike the traditional pipeline of “signal preprocessing — handcrafted feature ex-
traction — feature dimensionality reduction — shallow classification,” deep diagnostic
models form an end-to-end trainable system: raw time-domain signals serve as the net-
work input, and through serialized nonlinear transformations across multiple hidden lay-
ers, fault features are progressively abstracted from low-level textures to high-level se-
mantics, with the output layer directly yielding fault category or health indicator predic-
tions. This paradigm jointly optimizes feature extraction and classification, eliminating
the need to predefine sensitive frequency bands or statistical quantities based on specific
fault mechanisms [164].

Among typical network structural components, convolutional layers, with their local
receptive fields and weight sharing, excel at capturing local impulse patterns in vibration
signals and spatial textures in time—frequency images. Pooling layers reduce dimension-
ality and enhance translation invariance while also suppressing noise. Recurrent layers
(e.g., LSTM, GRU) and their variants, with memory and forgetting mechanisms for se-
quential states, naturally handle time-dependent degradation processes caused by speed
fluctuations and gradual load changes. Autoencoders lea

rn low-dimensional representations of data manifolds via reconstruction error and
are particularly valuable in unsupervised pre-training and anomaly detection. Attention
mechanisms can adaptively weight different channels, time steps, or sensor nodes, ena-
bling the model to focus on the signal components with the strongest fault discriminability.
These components can be combined according to task requirements into convolutional
neural network (CNN), residual network (ResNet), vision transformer (ViT), or hybrid
architectures to handle different forms of input.

Training strategies for deep diagnostic models also vary significantly. Supervised
learning relies on complete fault category labels, and most current combine harvester fault
diagnosis studies adopt this approach. When labels are scarce, unsupervised pre-training
can leverage large amounts of unlabeled operating data to initialize network parameters,
followed by supervised fine-tuning with few labeled samples. Transfer learning can alle-
viate the scarcity of fault samples in the target domain (e.g., field combine harvesters) by
reusing model weights pre-trained on source-domain data (e.g., laboratory bench data or
similar rotating machinery). In addition, advanced training paradigms such as meta-
learning and domain adaptation [165,166] are being introduced to enhance the model’s
small-sample adaptability under variable operating conditions.

The choice of input data form directly influences network architecture design. In cur-
rent combine harvester research, the most common forms include: (1) one-dimensional
raw vibration/acoustic signals fed directly into 1D-CNN or LSTM networks; (2) two-di-
mensional time-frequency images, where STFT or CWT maps the signal to the time—fre-
quency plane for feature extraction by 2D-CNN or ViT; and (3) multi-channel fusion input,
where data from different sensors or modalities are concatenated along the channel di-
mension and fed into a multi-branch network. The following sections detail the applica-
tion of these architectures to specific signal modalities in combine harvester fault diagno-
sis.
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5.2. Application of Deep Neural Networks in Vibration, Acoustic, and Visual Signal-Based
Diagnosis
5.2.1. Deep Diagnostic Models Based on Vibration Signals

As discussed in Section 4.2.1, vibration signals are the primary monitoring modality
for combine harvester fault diagnosis, and DL models have been extensively applied
across a range of vibration-based architectures. CNNs were among the earliest: the 1D-
CNN approach demonstrated real-time structural damage detection directly from raw
time-domain acceleration signals without handcrafted feature extraction [167]. In parallel,
2D-CNNs emerged by integrating CWT scalograms as inputs to simultaneously capture
temporal and spectral fault features directly from the full wavelet coefficient matrix [168].

Autoencoders and their variants have shown unique advantages in whole-machine
multi-component CM. Stacked denoising autoencoders (SDAE) inject random noise into
the input and train the network to reconstruct noise-free signals, forcing learning of dis-
turbance-insensitive features. An SDAE-SVM hybrid architecture using deep features
from multi-component speed signals achieved 95.31% accuracy, significantly outperform-
ing standard SVM (77.03%) and BP network (74.61%) under strong noise [169]. Similarly,
the SDAE-BP model took the rotational speeds of six key components—feeding auger,
tailings auger, grain auger, fan, threshing drum, and conveyor chain—as input, using a
layer-wise DAE strategy with differentiated Gaussian noise centers to integrate local and
global information for whole-machine state identification, achieving 99.00% accuracy
[170].

The combination of ResNet and ViT represents a more recent advance. A diagnostic
method integrating SVD-EDS denoising, generalized S-transform time—frequency imag-
ing, and a ResViT model —using ResNet-34 for feature pre-extraction and an improved
ViT to integrate global and local information—achieved 99.08% average accuracy for roll-
ing bearing diagnosis under dust and varying loads, significantly outperforming pure
CNN, LSTM, and the original ViT.

Gated recurrent architectures, particularly LSTM and Bidirectional LSTM, capture
long-term temporal dependencies in fault evolution under complex excitations such as
feed rate fluctuations, ground bumps, and strong background noise. For example, a deep
feature extraction module integrating a multi-scale 1ID-CNN with multi-head attention
and an adaptive soft-thresholding function was combined with a Bidirectional LSTM clas-
sifier to achieve over 98% accuracy for transmission system defect identification [171].

5.2.2. Deep Diagnostic Methods Based on Acoustic Signals

Acoustic signals offer non-contact acquisition, providing a supplementary sensing
channel for combine harvester fault diagnosis. Unlike traditional methods relying on
handcrafted features such as MFCC, DL can directly learn high-level representations from
raw acoustic waveforms or spectrograms, though strong field background noise demands
higher model robustness. Cross-modal joint learning of acoustic and vibration signals has
become the mainstream approach. For example, a multi-channel multi-scale spatiotem-
poral convolutional cross-attention fusion network converts synchronously collected vi-
bration and acoustic signals into time—frequency images, and a dual cross-attention mech-
anism adaptively fuses inter-modal information, outperforming single-modality ap-
proaches in bearing fault diagnosis [172]. Nevertheless, DL studies targeting whole com-
bine harvesters using only acoustic signals remain rare.

5.2.3. Diagnostic Exploration Based on Visual Signals

Visual signals—visible light images and infrared thermal images—are still at an early
exploratory stage for combine harvester fault diagnosis. Visible light images can intui-
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tively reflect faults with obvious appearance characteristics such as header blockage, belt
slippage, and material accumulation, while infrared thermal imaging is sensitive to ther-
mophysical features such as abnormal temperature rise and local overheating before bear-
ing failure. Some studies have employed USB cameras for surveillance video of working
areas and CNNs or object detection models for abnormal state identification [105]. Infra-
red thermal images have also been used for bearing fault classification, with CNNs learn-
ing temperature distribution patterns corresponding to fault modes in an end-to-end man-
ner [106-108].

However, field conditions pose significant challenges: high dust reduces visibility,
mud occludes targets, lighting varies drastically, and early internal faults such as bearing
micro-pitting cannot be captured externally. These factors constrain the reliability of vis-
ual diagnosis as an independent modality.

Beyond environmental challenges, visual diagnosis also faces fine-grained discrimi-
nation difficulty —fault types often exhibit high inter-class similarity and intra-class vari-
ance under different conditions, a problem well-recognized in crop disease diagnosis
where multi-granularity feature aggregation and self-attention mechanisms have been ap-
plied. These approaches provide useful references for combine harvester visual fault di-
agnosis.

Although visible light images can intuitively reveal faults with obvious visual mani-
festations such as header blockage and material accumulation, mature vision-based object
detection in agriculture still focuses mainly on agronomic processes—crop monitoring,
weed identification, and pest and disease diagnosis [173]. These efforts have accumulated
practical experience with field visual challenges, providing a methodological basis for
transferring object detection frameworks to abnormal state identification on combine har-
vesters. However, early internal faults such as bearing micro-pitting and gear micro-
cracks are difficult to capture externally, restricting independent pure visual diagnosis.
Currently, visual signals serve primarily as auxiliary verification for vibration- or acous-
tic-based diagnosis.

5.3. Evolution of Multi-Source Heterogeneous Signal Fusion Strategies

The operational state information of a combine harvester’s core components —header,
threshing drum, cleaning sieve, transmission system —is distributed across heterogeneous
signals such as vibration, rotational speed, acoustics, temperature, and images. Multi-sen-
sor information fusion has also benefited field environmental sensing [174] —for example,
estimating soil surface roughness from ultrasonic echoes [175] —yet most diagnostic stud-
ies still rely on single-sensor data, limiting information diversity and accuracy. Existing
multi-source fusion methods generally apply basic feature concatenation or statistical
weighting, failing to fully exploit the complementary features embedded in heterogene-
ous data sources [176].

A single sensor modality captures only limited information dimensions and cannot
comprehensively reflect the system-level, multi-component coupled fault state. Multi-sen-
sor fault diagnosis is generally more reliable than single-sensor methods [177] —an under-
standing already established during the traditional method stage (Section 4.4)—and DL
has further enhanced the automation and adaptability of multi-source fusion. Current fu-
sion strategies are divided into three levels: data-level, feature-level, and decision-level.

Data-level fusion concatenates or stacks raw signals from multiple homogeneous or
heterogeneous sensors into a multi-dimensional input matrix after synchronization,
which a deep network then processes. For example, raw waveforms from AE and vibra-
tion sensors fed into a one-dimensional CNN (DE-1D-CNN) achieved strong results in
extremely low-speed bearing fault diagnosis [178]. The principal advantage of data-level
fusion is maximal preservation of original signal information, avoiding information loss

https://doi.org/10.3390/app16147319



Appl. Sci. 2026, 16, 7319

29 of 59

from preprocessing; its drawbacks include stringent cross-modal synchronization re-
quirements and, when sensor heterogeneity is pronounced —as with vibration accelera-
tion versus temperature—differences in physical dimensions and dynamic ranges that
complicate network training.

Feature-level fusion dominates current DL applications and offers a key advantage
over traditional methods. Where traditional approaches manually extract time-domain,
frequency-domain, and time—frequency-domain features from each modality for concate-
nation and linear dimensionality reduction, deep networks achieve end-to-end adaptive
fusion through multi-branch architectures: each modality passes through independent
convolutional or recurrent sub-networks, and the resulting deep features undergo concat-
enation, weighted summation, or cross-attention interaction in a common latent space be-
fore final classification.

CWT offers advantages for analyzing the non-stationary vibration signals encoun-
tered in combine harvester field operations. Unlike the fixed-resolution spectrograms
from short-time Fourier transform (STFT), CWT provides variable time—frequency reso-
lution through scalable wavelet basis functions, capturing transient high-frequency fault
impulses—such as those from bearing pitting or gear tooth breakage—alongside the
slowly varying low-frequency components that arise from engine speed fluctuations and
feed rate variations. This multiresolution capability exceeds what STFT can achieve in a
single representation. In the study by Li et al. [172], vibration and acoustic signals undergo
CWT to produce time—frequency images; parallel ResNet branches then extract visual fea-
tures, followed by a multi-head spatiotemporal attention module and multi-scale tem-
poral convolution for cross-modal enhancement and fusion. Separately, a parallel GRU
architecture with multi-head attention models the spatial dimension (multi-sensor chan-
nels) and temporal dimension (sequence evolution) independently, enabling flexible in-
formation scheduling among sensors with strong stability under small-sample and imbal-
anced data conditions [179].

Decision-level fusion integrates soft probability outputs or hard labels from inde-
pendent diagnostic channels—for example, separate deep models for vibration, acoustics,
and temperature—into a comprehensive decision via weighted voting, Bayesian inference,
or D-S evidence theory. An existing combine harvester remote monitoring system fused
speed indicators, component slip rates, and adaptive threshold judgments to identify op-
erating conditions, achieving 97.46% accuracy [180]. The key advantage of decision-level
fusion is full channel decoupling: failure of a single sensor does not paralyze the entire
system. However, information interaction among channels occurs only at the final deci-
sion stage, precluding the fine-grained representation-level collaboration that feature-
level fusion achieves.

Tables 6 and 7 systematically compare the three fusion strategies across fusion stage,
end-to-end property, synchronization requirements, information retention, and applica-
ble scenarios in combine harvester fault diagnosis, providing a reference framework for
fusion architecture selection.

Table 6. Technical characteristics of multi-source fusion strategies.

hronizati
Fusion Level Fusion Timing End-to-End Sync rf)mza ton Information Loss Ref.
Requirement
Data-level  Pre-input concatenation Yes Extremely high Minimal [178]
Feature-level Intermediate layer fusion Yes Medium Medium [172]
No (ch, Is inde-
Decision-level Post-output integration 0 (channels inde Low Independent per channel [143,180]

pendent)
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Table 7. Architectures and applicable scenarios of multi-source fusion strategies in combine har-

vesters.
Fusion Level Typical Architecture Applicable Scenarios in Combine Harvesters Ref.
H 1ti- 8. ltiple ac-
Datalevel DE-1D-CNN omogeneous multi-sensor (e.g., multiple ac [178]
celerometers)
Feature-level =~ Multi-branch CNN + cross-attention Vibration—acoustic multimodal parallel [172]
Het high-reliability redun-
Decision-level Weighted voting/D-S evidence CLETOgENCOUS SeNsor gh-Telablity redult [143,180]
dancy system
5.4. Systematic Comparison with Traditional Machine Learning Methods
This section provides a systematic comparison between the traditional ML paradigm
(Section 4.5) and the DL-based approaches surveyed in this chapter. Table 8§ summarizes
the differences across five dimensions—feature learning capability, generalization under
variable conditions, diagnostic coverage, computational cost, and interpretability —each
discussed in the following subsections.
Table 8. Strategy comparison table.
Dimension Traditional Machine Learning Deep Learning

Feature learning

Handcrafted design, reliant on domain

Automatic hierarchical feature learning
knowledge

Generalization under var- Poor; requires separate calibration for each ~ Can be enhanced via transfer learning and

iable conditions

condition domain adversarial training

Diagnostic coverage

Capable of extending to whole-machine-level

Mostly component-level single faults multi-component faults

Computational cost

High; i lerati 1 1-
Low; suitable for embedded deployment igh; requires edge acee cration or e oud co
laboration

Interpretability

Strong; features have explicit physical mean- Weak; requires post hoc explanation tools or

ing physics-informed integration

Data efficiency

High; performs well with small labeled da- Low; typically requires large labeled datasets

tasets for end-to-end training

5.4.1. Feature Learning Capability

As analyzed in Section 4.5, the quality of handcrafted features is fundamentally con-
strained by the completeness of prior domain knowledge, and traditional feature libraries
cannot automatically discover discriminative information for novel or compound faults.
DL methods address this limitation by learning hierarchical fault representations directly
from raw data. For example, Liu et al. [181] developed an autoencoder network that
achieves unknown anomaly detection without fault samples, using only frequency-do-
main features and reconstruction error; integrating convolutional and LSTM structures
further enhanced autonomous spatiotemporal feature extraction. Sun et al. [182] proposed
an open-set classification method based on time—frequency fusion and latent representa-
tion prompts, adaptively constructing complementary time-frequency joint representa-
tions and guiding the clustering of similar latent representations to automatically identify
unknown faults without requiring domain experts to predefine fault modes. This end-to-
end representation learning capability reduces reliance on domain expert knowledge and
enables automatic discovery of unknown fault modes.

However, the advantages of DL are context-dependent. When fault modes are well-
defined and their physical signatures are well understood —bearing characteristic fre-
quencies, gear mesh harmonics, bolt loosening patterns —handcrafted features with opti-
mized SVM or RF classifiers can match or exceed DL accuracy. A one-versus-one SVM
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using multi-point vibration features achieved 96.9-99.7% accuracy for bolt state identifi-
cation on a combine harvester conveyor trough [138], and an improved RF algorithm
reached 97.9% for silage harvester blockage diagnosis [139] —on par with the 98-99% re-
ported for DL-based approaches [170,171]. Under small-sample conditions, the norm in
field fault diagnosis, shallow models with appropriate regularization often generalize
more robustly than overparameterized deep networks prone to overfitting. The principal
contribution of DL therefore lies not in marginal accuracy gains on well-characterized
component faults, but in extending diagnostic capability to scenarios where manual fea-
ture engineering is infeasible—compound faults under multi-source coupled excitation,
end-to-end learning from heterogeneous multi-sensor streams, and cross-condition gen-
eralization under continuously time-varying operations. Traditional ML and DL are thus
complementary rather than competing paradigms, a distinction essential for guiding prac-
tical method selection.

Beyond the traditional-versus-DL debate lies a further methodological concern: pub-
lished diagnostic accuracy figures almost universally lack uncertainty quantification.
With few exceptions, the studies reviewed in Sections 4 and 5 report point-estimate accu-
racies—often to two or three decimal places—without confidence intervals, standard de-
viations from repeated trials, or per-class metrics such as precision, recall, and F1-score.
This has two consequences. First, it renders performance comparisons across studies un-
reliable: a reported 97.5% versus 96.8% may suggest a genuine gap, but without error bars
one cannot determine whether the difference is statistically significant or merely reflects
variation in train—test splits, sensor placement, or specific fault instances. Second, omitting
per-class metrics is particularly problematic in the combine harvester context, where se-
vere class imbalance allows a model to achieve high overall accuracy by correctly classi-
fying abundant healthy instances while systematically misclassifying rare but critical fault
modes. Reporting per-class precision, recall, and F1-score would expose such behavior;
aggregate accuracy alone conceals it. Future studies should, as a minimum standard, re-
port results with + one standard deviation over at least five independent trials with dif-
ferent random seeds, and provide confusion matrices or per-class metrics for all fault cat-
egories. Bootstrap confidence intervals should also be reported where computational re-
sources permit, following established practices in the broader ML reproducibility litera-
ture.

5.4.2. Generalization Ability Under Variable Operating Conditions

As discussed in Section 4.5, continuously varying field conditions cause significant
drift in the statistical distribution of handcrafted features, limiting cross-condition gener-
alization of traditional models. DL offers training strategies to mitigate this challenge. Do-
main adaptation and transfer learning, for instance, reduce the distribution discrepancy
of deep features between source and target domains, encouraging the model to learn fault-
discriminative features less sensitive to specific operating conditions. These techniques do
not yet guarantee a solution for the full spectrum of time-varying field conditions combine
harvesters encounter; robust generalization under continuous multi-factor coupling re-
mains an active research frontier. A multi-stage transfer learning framework progres-
sively adapted a CNN pre-trained on laboratory or public datasets through three stages—
freezing general feature layers, adjusting for specific vibration representations, and task-
focused fine-tuning —enabling effective reuse under different rotational speeds while pre-
serving general low-level representations and optimizing high-level speed-related fault
features [183]. To address extremely scarce fault samples in combine harvester gearboxes
under variable conditions, a meta-transfer learning-driven few-shot diagnosis method
combines meta-learning for rapid cross-task adaptation, a conditional domain adversarial
network for cross-domain discriminative features, and multi-step loss optimization to re-
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solve gradient instability, preliminarily verifying effective fault diagnosis under variable-
condition, few-shot scenarios [184].

Deep models can also alleviate bias from imbalanced fault categories through data
augmentation (random noise injection, time warping, masking), resampling, and cost-sen-
sitive loss functions, offering advantages for scenarios with scarce, unevenly distributed
fault samples—though their practical deployment still faces the challenges discussed in
the following chapter.

5.4.3. Diagnostic Level and Coverage

The literature clearly shows that traditional methods succeed most on component-
level faults —particularly standard parts such as rolling bearings and gearboxes with well-
defined characteristic frequencies and mature diagnostic knowledge bases (Section 4.5).
DL, in contrast, extends toward whole-machine-level, multi-component synchronous di-
agnosis. Architectures such as SDAE-SVM and SDAE-BP simultaneously take the rota-
tional speed signals of six core working components —feeding auger, tailings auger, grain
auger, fan, threshing drum, and conveyor chain—as input, enabling collaborative moni-
toring and fault prediction across multiple components at the whole-machine level [170].
Whole-machine-oriented multi-sensor fusion and multi-task learning architectures can
potentially achieve synchronous identification of fault-prone parts such as the threshing
unit, header system, and transmission system [180,185]. This broader diagnostic coverage
extends the potential of deep models for full-lifecycle engineering applications. For well-
characterized component-level faults, however, traditional methods and DL achieve com-
parable accuracy, yet traditional methods do so with fewer training samples and lower
computational cost—making them the more practical choice under the data-scarce condi-
tions typical of field diagnosis. The principal contribution of DL lies instead in extending
diagnostic capability to complex, multi-fault, whole-machine scenarios where manual fea-
ture engineering is infeasible.

5.4.4. Computational Cost and Deployment Feasibility

Computational cost remains a primary bottleneck for deploying deep models in the
field. Traditional shallow models (SVM, RF, KNN) offer fast training, few parameters, and
efficient execution on low-power embedded microcontrollers. Deep networks, especially
large Transformer-based architectures, rely on GPU acceleration, and their memory foot-
print and power consumption challenge edge computing platforms in mobile scenarios.
Recent years have seen rapid development of compression techniques: knowledge distil-
lation trains a lightweight student network to inherit the teacher’s diagnostic capability;
network pruning and quantization accelerate inference by removing redundant connec-
tions or reducing numerical precision. Cloud—edge collaborative architectures provide a
practical system-level compromise. In aircraft fuel pump monitoring, a three-tier architec-
ture performs multi-type signal acquisition at the sensor layer, real-time anomaly detec-
tion at the edge layer, and computationally intensive fault classification in the cloud [186].
Complementarily, lightweight ML models on embedded hardware rank data by novelty
at the source, using prediction error and confidence quantification to transmit only infor-
mation-rich data and reduce communication bandwidth by orders of magnitude in gas
turbine monitoring [187]. Nevertheless, running highly complex real-time diagnostic
models stably under the harsh power supply, heat dissipation, and network conditions of
agricultural machinery remains an open practical challenge.

5.4.5. Interpretability

A key advantage of traditional methods is the explicit physical interpretability of
handcrafted features: an increase in kurtosis directly indicates impulse-type faults, an am-
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plitude rise at specific bearing characteristic frequency pinpoints the defect location, and
abnormal temperature signals poor lubrication or overload friction. These indicators
maintain clear causal chains with failure mechanisms, making them intuitive for operators
to understand and trust.

In contrast, the black-box nature of deep neural networks obscures the decision-mak-
ing process. Which input patterns lead the model to decide “drum blockage is imminent”
or “transmission chain wear is intensifying”? Without additional tools, the answers re-
main hidden among millions of weights. For safety-critical agricultural machinery, this
opacity can directly undermine operator trust and adoption of automated warnings.

Post hoc interpretability techniques have seen increasing adoption in rotating ma-
chinery fault diagnosis. Gradient-weighted Class Activation Mapping (Grad-CAM) has
been integrated into multi-scale CNN frameworks with vibration image encoding to vis-
ualize the time—frequency features driving diagnostic decisions [188], applied to explain
1D-CNN classifications on synthetic rotor fault data [189], and comparatively evaluated
alongside Layer-wise Relevance Propagation (LRP) and a modified Local Interpretable
Model-agnostic Explanations (LIME) algorithm under variable-speed conditions [190]. In-
tegrated Gradients (IG) with SmoothGrad (SG) have been employed to guide data pre-
processing by selecting informative frequency ranges for CWT input to CNN [191]. SHap-
ley Additive exPlanations (SHAP)-based recursive feature elimination (RFE) has enabled
transparent feature selection in SVM classifiers for bearing fault diagnosis, achieving high
accuracy and model-level interpretability without deep network opacity [192].

A further step toward intrinsic interpretability integrates physical knowledge di-
rectly into DL architectures. Physics-informed neural networks for fault diagnosis embed
governing equations—bearing characteristic frequency relationships, gear mesh dynam-
ics, rotor vibration models—into the loss function or network architecture, constraining
learned representations to remain consistent with known physical laws. For rotating ma-
chinery, two complementary paradigms have demonstrated success. The first embeds
physical knowledge into the network structure: a physics-informed feature weighting
method for bearing diagnostics assigns higher weights to features near bearing fault char-
acteristic frequencies in the order spectrum, guiding the network toward physically mean-
ingful signatures and producing more interpretable outputs than purely data-driven
CNN [193]. The second embeds physical knowledge into the loss function and encoding
layers: a physics-informed attention LSTM framework incorporating the single-degree-of-
freedom dynamic equation of rolling bearings into an attention-based LSTM encoder con-
structed a dual-knowledge fusion model, achieving over 99% diagnostic accuracy under
small-sample conditions while endowing the learned representations with physical sig-
nificance [194]. These implementations demonstrate that physics-informed architectures
can provide intrinsic interpretability —model representations anchored to physically
meaningful quantities—without sacrificing DL’s representational power. However, phys-
ics-informed diagnostic models for the multi-component coupled dynamics of combine
harvesters remain an open research frontier; the successful demonstrations above come
primarily from single-component rotating machinery and have yet to be systematically
extended to the whole-machine, multi-fault scenarios characteristic of field harvesting op-
erations.

5.5. Chapter Summary

This chapter has reviewed the progress of DL in combine harvester fault diagnosis,
progressing from general paradigms to specific applications, from single-modality per-
ception to multi-source fusion, and concluding with a systematic comparison with tradi-
tional methods.
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The general technical framework of DL fault diagnosis replaces the traditional sepa-
rated process with end-to-end joint optimization. Through the flexible combination of
convolution, recurrence, autoencoders, and attention mechanisms, hierarchical represen-
tations are automatically learned from low-level signal textures to high-level fault seman-
tics. The main training strategies span supervised learning, unsupervised pre-training,
transfer learning, and meta-learning, with input forms including one-dimensional wave-
forms, two-dimensional time—frequency images, and multi-channel fusion.

Among the three signal modalities reviewed, vibration diagnosis has the richest sig-
nal information and most mature technical foundation, with architectures such as CNN,
SDAE, ResViT, and LSTM validated on key combine harvester components including
bearings, gearboxes, and threshing drums. Acoustic diagnosis, enabling non-contact ac-
quisition, is advancing through vibration—acoustic cross-modal fusion. Visual diagnosis
remains at an exploratory stage, serving mainly as an auxiliary means for detecting faults
with obvious appearance characteristics; its field reliability requires further improvement.

At the multi-source sensor fusion level, DL has enabled a shift from data-level con-
catenation to adaptive feature-level fusion, where multi-branch networks with attention
mechanisms learn optimal fusion weights and modality interactions end-to-end. Deci-
sion-level fusion meanwhile provides the basis for highly reliable distributed diagnostic
architectures. The three strategies each have distinct applicable boundaries, jointly consti-
tuting a multi-level state perception system.

Finally, a systematic five-dimension comparison with the traditional ML methods of
Section 4 —feature learning capability, generalization under variable conditions, diagnos-
tic coverage, computational cost, and interpretability —defines the relative advantages
and complementary nature of the two paradigms. Traditional methods retain practical
value under stable conditions with well-defined fault modes, scarce data, and high inter-
pretability requirements. In complex scenarios characterized by multiple coexisting faults,
severe time-varying conditions, and multi-source heterogeneous data, DL offers irreplace-
able advantages through representation learning, adaptive fusion, and cross-domain gen-
eralization. Physics-informed deep diagnosis, whole-machine-level multi-task collabora-
tive perception, lightweight edge deployment, and trustworthy interpretable diagnosis
will be key directions for advancing this field from theory to reliable field application.

6. Challenges for Real-Time Fault Diagnosis

Although DL and multi-sensor fusion have significantly enhanced diagnostic intelli-
gence, bridging the gap from laboratory validation to real-time field deployment remains
a substantial engineering challenge. The particularity of combine harvester operating con-
ditions, the evolution of power architectures, and the shift toward unmanned operation
confront real-time diagnostic systems with increasingly complex bottlenecks.

6.1. Separation of Weak Fault Features Under Strong Background Noise

Combine harvester fault diagnosis shares fundamental challenges with CM in adja-
cent domains—wind turbine drivetrains, construction and mining equipment, and off-
road heavy vehicles. These domains all involve rotating machinery under non-stationary
speed and load, where broadband noise masks fault signatures, fault samples are scarce
and imbalanced, and operating environments are harsh and uncontrolled [104,195,196].
Wind turbine CM, particularly well-studied, has identified challenges —data scarcity, low
cross-condition generalization, insufficient explainability —that closely parallel those dis-
cussed below for combine harvesters [197]. The non-stationary nature of field operation is
a shared cross-domain concern: vibration signals under continuously variable speed and
load violate the stationarity assumptions of conventional spectral analysis, and traditional
diagnostic techniques designed for steady-state operation do not transfer well to nonlin-
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ear, non-stationary processes [198], motivating the development of advanced time—fre-
quency methods and transfer learning strategies directly relevant to combine harvester
diagnostics [199]. Combine harvesters, however, face additional specificities—extreme
non-stationarity from continuous feed rate and terrain fluctuations, multi-crop variability,
seasonal duty cycles with long idle periods, and the paramount economic sensitivity of
harvest timeliness—that collectively define a more complex diagnostic problem than
those in manufacturing or power generation, and motivate the detailed examination of
individual challenges in the following subsections.

The dust-laden airflow, mechanical vibrations, and EMI generated during field oper-
ations constitute broadband, high-energy background noise that readily submerges the
vibration or acoustic signatures of early-stage weak faults such as bearing pitting and gear
micro-cracks, severely degrading the SNR at their characteristic frequencies. Existing de-
noising algorithms mostly rely on the stationarity assumption, whereas the non-stationary
noise from drastic fluctuations in harvester operating conditions challenges adaptive fil-
tering. Furthermore, the transient response of the threshing drum under feed rate shocks
and fault impulse features often occupy the same analysis scale, with no effective criteria
to separate “damaging impulses” from “process impulses” within mode mixing.

Beyond signal-level interference, field conditions impose direct physical challenges
on mechanical components. In high-moisture clay-loam soils, severe soil adhesion on till-
age and harvesting components reduces working efficiency and increases energy con-
sumption—a problem that has motivated biomimetic surface designs modeled on soil-
burrowing animals such as the badger [200].

6.2. Data Distribution Shift and Model Generalization Under Multi-Condition Coupling

As discussed in Sections 3.3.1 and 4.5, the time-varying field conditions of combine
harvesters cause significant distributional shifts in monitoring data, degrading the cross-
condition performance of both traditional and DL-based diagnostic models. A more fun-
damental challenge, however, is that field operating conditions exhibit continuous multi-
factor coupling rather than discrete source-target domain switching. Achieving adaptive
model generalization to continuously time-varying conditions—without large volumes of
fully condition-labeled data— therefore remains a largely unsolved challenge.

6.3. Data Hunger and Extreme Imbalance of Abnormal Samples

Reliable DL models typically require massive fault samples, yet long periods of nor-
mal operation are the norm on modern high-reliability combine harvesters. Real physical
fault data—especially full-lifecycle data capturing natural degradation to failure—are ex-
tremely scarce and costly to acquire, leading to typical “zero-shot” or “few-shot” learning
dilemmas. Moreover, fault simulation experiments often obtain samples by artificially im-
planting damage, and the fault characteristics generated by such “accelerated failure” dif-
fer in distribution from those of natural gradual wear in the field. Models trained on arti-
ficial data may therefore exhibit high false alarm rates when deployed. Addressing defi-
ciencies in both the quantity and quality of fault samples is key to transitioning from data-
driven approaches to actual field deployment.

Promising steps toward overcoming this data bottleneck have been taken for com-
bine harvester gearboxes. A recent meta-transfer learning method combining multi-step
loss optimization and a conditional domain adversarial network demonstrated effective
cross-condition generalization for gearbox fault diagnosis with few-shot data, simultane-
ously addressing domain shift and sample scarcity [184].

Several methodological strategies address class imbalance at the algorithmic level.
Data-level techniques include oversampling the minority class through synthetic sample
generation, successfully applied to bearing fault diagnosis under imbalanced data [201],
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and undersampling of abundant normal-condition data, either randomly or through in-
formed selection, to balance the training distribution. At the algorithm level, cost-sensitive
learning [202] assigns higher misclassification penalties to the minority class, forcing the
classifier to attend to fault samples even when vastly outnumbered. In the DL context,
specialized loss functions such as focal loss [203] down-weight well-classified majority-
class examples, focusing optimization on challenging minority-class instances. These
strategies are not mutually exclusive—combining synthetic oversampling with cost-sen-
sitive training, for instance, can improve diagnostic performance under extreme imbal-
ance. Despite demonstrated effectiveness in related domains, the systematic application
and comparative evaluation of these strategies specifically for combine harvester fault di-
agnosis remains an open research gap and a necessary direction for advancing field-de-
ployable diagnostic systems.

More fundamentally, the field lacks publicly available benchmark datasets and
standardized evaluation protocols for combine harvester fault diagnosis. The studies re-
viewed in Sections 4 and 5 used proprietary datasets from different harvester models,
operating conditions, sensor configurations, and fault severity levels, rendering reported
accuracies incomparable—97% on one dataset does not imply superiority over 95% on
another when the underlying classification task difficulty is unknown. The contrast with
neighboring fields is instructive. In rolling-element bearing diagnostics, open benchmark
datasets have decisively accelerated methodological progress: the Case Western Reserve
University (CWRU) bearing dataset became a de facto standard, used in at least 41 papers
published in Mechanical Systems and Signal Processing alone between 2004 and early
2015 [204]; the Paderborn University (PU) bearing dataset extended this paradigm to mo-
tor current signal-based diagnosis, showing that controlled fault generation and system-
atic labeling enable reproducible evaluation across sensing modalities [205]. A task-ori-
ented characterization of widely used bearing benchmarks further revealed that dataset
properties—fault generation mechanisms, temporal structure, labeling granularity —di-
rectly determine which diagnostic tasks they can validly support, underscoring the need
for task-oriented benchmark design [206]. Standardized evaluation frameworks for do-
main adaptation in fault diagnosis have since been proposed, with parametric partition-
ing schemes and controlled protocols that isolate individual domain shift factors such as
operating condition and fault severity [207], and benchmark studies for domain generali-
zation have demonstrated the value of open-source datasets and reproducible code frame-
works for rigorous cross-domain evaluation [208].

No comparable infrastructure exists for combine harvesters. Establishing such bench-
marks would require multi-institutional collaboration to acquire instrumented field data
across representative harvester models, fault types, crop varieties, and harvesting envi-
ronments—a non-trivial undertaking whose payoff in methodological rigor and acceler-
ated research progress would be substantial. Until such benchmarks emerge, adopting
minimum reporting standards—confusion matrices, per-class metrics, and cross-condi-
tion evaluation results, as advocated in Section 5.4.1 —would improve the comparability
of results across existing proprietary-dataset studies. As a minimum reporting standard
for the field, we propose that future diagnostic studies on combine harvesters report: (1)
confusion matrices for all fault categories, including the healthy/normal class; (2) per-class
precision, recall, and F1-score; (3) mean and standard deviation of accuracy over at least
five-fold cross-validation with different random seeds; and (4) metadata on operating con-
ditions—crop type and moisture content, terrain slope, harvester model and engine speed,
sensor types and installation positions—under which data were acquired. These require-
ments mirror reporting standards adopted in related fields such as rotating machinery
diagnostics, where benchmark datasets with controlled fault generation and systematic
labeling have enabled reproducible evaluation across different sensing modalities. Their
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adoption in combine harvester fault diagnosis would substantially improve the compara-
bility and reproducibility of published results, even in the absence of shared benchmark
datasets.

6.4. Conflict Between Limited Onboard Computing Power and Real-Time Requirements

Computationally intensive DL models—deep Transformers and multimodal fusion
architectures—conflict with the reality that combine harvesters cannot accommodate ex-
pensive, high-power industrial computers. The hot, high-vibration field environment
strictly limits the computing power, memory, and thermal stability of edge computing
hardware such as GPU embedded modules.

Real-time diagnosis demands not only fast single inference but also sustained com-
putation without thermal throttling under continuous high load. A structural tension
therefore exists between high-precision large models and low-latency real-time inference.
Bridging this gap requires structurally lightweight, hardware-friendly efficient inference
networks and cloud-edge collaborative elastic computing frameworks.

Beyond general computational efficiency, safety-critical real-time fault diagnosis im-
poses specific constraints on inference latency, jitter, and determinism. Inference latency —
from sensor acquisition to diagnostic output—determines how quickly a developing fault
can be detected and acted upon. For rapidly propagating faults such as bearing seizure or
belt slippage under high load, latency on the order of seconds may be acceptable; for im-
pending threshing unit blockage, where feed rate can surge within milliseconds, sub-sec-
ond latency is essential to enable preventive action before material accumulation reaches
a critical level. Lightweight DL models on edge platforms have demonstrated sub-second
inference for rotating machinery fault diagnosis: an efficient CNN achieved 0.31 s per
sample on an edge device while maintaining high accuracy [209], and a lightweight FT—-
CNN-Transformer on a Raspberry Pi achieved significantly faster inference than previous
2D image-based approaches by directly processing one-dimensional time-domain signals,
showing that careful architectural design can reconcile accuracy with stringent latency
demands [210]. Jitter —inference latency variability across diagnostic cycles—is equally
important: high jitter introduces timing uncertainty, potentially causing missed interven-
tion windows or false alarms from timing artifacts. Determinism —the guarantee that in-
ference completes within a bounded time under all conditions—is a prerequisite for inte-
grating diagnostic outputs into automated control loops, since non-deterministic delays
could cause safety-critical actuation such as emergency power reduction or header disen-
gagement to occur too late. These timing requirements constitute functional safety con-
straints: standards such as ISO 25119 [211] specify acceptable failure rates and response
times for safety-related control systems, and diagnostic modules feeding into such sys-
tems must meet commensurate temporal specifications. Addressing these constraints de-
mands co-design of diagnostic algorithms and execution hardware—the algorithm’s
worst-case execution time must be bounded, and the hardware must provide sufficient
computational margin to absorb transient load spikes without violating latency bounds.
This co-design paradigm departs fundamentally from the accuracy-centric optimization
prevalent in current research and is a necessary step toward field-deployable, safety-qual-
ified diagnostic systems.

6.5. Trust and False Alarm Problems Caused by Lack of Interpretability

The black-box nature of DL models means that even high-confidence fault warnings
come with opaque decision logic, breeding operator distrust. Random transient interfer-
ence can produce isolated false alarms that, if they frequently trigger shutdown inspec-
tions, exacerbate timeliness loss. Currently, post hoc interpretability methods often gen-
erate saliency maps (heatmaps) that appear scattered and blurred due to physically mean-
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ingless noise interference. Developing physics-constrained neural network architectures
jointly trained with data and domain knowledge is essential to achieve transparent, relia-
ble decision logic.

Beyond the technical dimensions of interpretability, the human side of fault diagno-
sis has received little attention in the combine harvester literature. Operator trust is not a
simple function of accuracy —it reflects prior experience with false alarms, the perceived
transparency of decision logic, and the alignment between machine recommendations
and the operator’s own sensory observations. In field environments where experienced
operators have long relied on auditory, tactile, and visual cues, a diagnostic system that
cannot explain its reasoning in terms that resonate with that experiential knowledge risks
being ignored regardless of its statistical performance. Alarm fatigue —progressive desen-
sitization to frequent warnings—poses a related challenge: even a modest false alarm rate
over hundreds of operating hours can condition operators to disregard all alerts, includ-
ing genuine early warnings. The design of the human-machine interface —how diagnostic
information is prioritized, formatted, and presented to operators with varying technical
training — directly mediates these risks, yet human-factors evaluation of diagnostic inter-
faces for agricultural machinery remains largely unexplored. As combine harvesters tran-
sition toward higher levels of autonomy, the human role shifts from direct operator to
supervisory controller, and the interaction design problem becomes one of maintaining
appropriate trust and situation awareness rather than simply conveying fault codes. De-
sign recommendations for diagnostic HMIs in agricultural machinery include tiered alert
displays that distinguish critical safety warnings from advisory notifications, confidence-
level indicators that convey diagnostic uncertainty to operators, and multimodal alert de-
livery —visual, auditory, and haptic—to accommodate the high-noise cabin environments
typical of harvester operation. While human-factors standards for diagnostic interfaces
exist in adjacent domains—such as ISO 9241 for ergonomics of human-system interaction
[212] and ISO 11064 for control center design [213]—agricultural machinery currently
lacks equivalent guidelines tailored specifically to fault diagnostic displays, and human-
factors evaluation of diagnostic interfaces for harvesters remains an open research area.
Systematic investigation of these human-factors dimensions is an essential complement
to the algorithmic advances surveyed in this review.

6.6. New Diagnostic Complexity Introduced by Electrified Power Architectures

The power architecture of combine harvesters is gradually evolving toward hybrid
electric and fully electric drive for constant engine speed operation, braking energy recov-
ery, and reduced fuel consumption [214]. Battery electric drive systems have also been
validated in other agricultural machinery such as small orchard tractors [215]. However,
high-voltage battery packs, drive motors, inverters, and DC-DC converters significantly
expand the fault mode space. Electrical faults—inter-turn short circuits and demagnetiza-
tion of permanent magnet synchronous motors, thermal cycling fatigue of power mod-
ules, aging of DC-link capacitors—produce characteristic signals (current ripple, partial
discharge, hot spots) that differ from traditional mechanical vibrations, compelling diag-
nostic systems to integrate electrical monitoring channels. More critically, the high-inten-
sity EMI generated by high-frequency switching of high-power inverters couples into vi-
bration and acoustic sensor circuits through conducted and radiated paths, further de-
grading the already weak SNR of mechanical fault signals. Existing shielding and filtering
measures offer limited effectiveness against such broadband electromagnetic aggression.
Integrated electro-mechanical diagnosis and electromagnetic compatibility (EMC) co-de-
sign therefore constitutes a new and necessary challenge for hybrid harvester diagnosis.

Mitigating these effects requires a layered EMC strategy spanning sensor selection,
signal conditioning, and algorithmic robustness. At the sensor and cabling level, differen-
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tial-output accelerometers and microphones with balanced line drivers offer substantially
greater common-mode noise rejection than single-ended alternatives; in extreme cases,
fiber-optic acoustic or strain sensors provide galvanic isolation that eliminates conducted
interference paths entirely. At the signal conditioning level, anti-aliasing filters with cutoff
frequencies tuned to the diagnostic bandwidth of interest —rather than the full Nyquist
bandwidth—suppress high-frequency EMI before digitization. At the algorithmic level,
diagnostic models can be explicitly trained or fine-tuned on data acquired under repre-
sentative electromagnetic conditions, including during maximum-power inverter opera-
tion, to learn interference-robust feature representations. The automotive industry has de-
veloped standardized EMC test protocols —ISO 11452 [216] for component-level radiated
immunity and CISPR 25 for emission limits in vehicles—that could be adapted to agricul-
tural machinery to establish minimum electromagnetic immunity requirements for diag-
nostic sensor systems. Systematic investigation of EMI effects on diagnostic signal integ-
rity and the development of agricultural-specific EMC design guidelines for onboard
sensing systems are necessary steps toward robust diagnosis on electrified harvesters, yet
remain absent from the current literature.

The distinction between retrofit and new-design scenarios is particularly relevant for
EMI management. New harvester designs can integrate shielding, filtering, and harness
layout optimization at the manufacturing stage, whereas retrofitting diagnostic systems
onto existing machines must contend with pre-existing cable routing and limited access
for EMI countermeasures. Beyond EM], electrified powertrains introduce diagnostic chal-
lenges from novel fault modes—including power electronic device degradation, motor
winding insulation breakdown, and battery state-of-health deterioration [217,218] —that
produce electrical signature patterns fundamentally different from the vibration-based
fault features discussed in Sections 4 and 5. These fault modes demand diagnostic ap-
proaches distinct from the vibration-based methods that dominate the existing combine
harvester literature, and their gradual degradation trajectories suggest that future diag-
nostic frameworks must incorporate life-cycle monitoring capabilities beyond traditional
fault classification. The harsh agricultural environment—extreme temperature variations,
high humidity, dust, and persistent broadband vibration—further compounds these chal-
lenges through multi-stress coupling effects on power converters and motor drive systems
[217], representing a necessary direction for future research as electrification progresses.

6.7. Special Requirements for Diagnostic System Autonomy in Unmanned Operations

Deploying unmanned combine harvesters eliminates the driver’s role as a multi-
modal perception and decision-making center. Perceptual dimensions once provided by
the driver —detecting abnormal noise, burnt smell, and abnormal vibration —must now
be fully inherited by microphone arrays, electronic noses, thermal imagers, and multi-axis
vibration sensors. The diagnostic system thus shifts from assisting the operator to replac-
ing the operator: its output becomes not a suggestion correctable by a human but a safety
command directly triggering power reduction, emergency shutdown, or remote interven-
tion.

This shift imposes near-absolute demands on diagnostic reliability. A false alarm
causing full machine shutdown inflicts irreparable timeliness loss, while a missed detec-
tion allows the machine to continue operating with faults until catastrophic failure occurs
without human intervention.

Furthermore, in remote fields with weak or no network connectivity, the edge diag-
nostic unit must possess fully local autonomous decision-making capability and comply
with the strict failure rate constraints that agricultural machinery functional safety stand-
ards—ISO 25119 —impose on safety-related control systems. Compressing high-precision
DL models into embedded systems that meet functional safety integrity levels while main-
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taining extremely low false alarm and missed detection rates presents a multi-objective
optimization challenge.

6.8. Model Degradation and Adaptation over Operational Lifetimes

An equally critical but less explored challenge is ensuring that a deployed diagnostic
model maintains its performance over the multi-year operational lifetime of a combine
harvester. Two interrelated phenomena drive model degradation: concept drift and the
emergence of novel fault modes.

Concept drift occurs when the statistical properties of sensor data gradually shift
over time. In wind turbine CM, concept drift has been systematically defined as machine
performance deviating significantly from an established baseline, often signaling incipient
faults [219]. For combine harvesters, similar drift arises from multiple sources: component
wear shifts the vibration signature of a healthy transmission away from its factory-cali-
brated baseline; seasonal variations in crop properties alter dynamic loads on structural
components; changes in field terrain introduce new excitation patterns; and sensor degra-
dation over time introduces measurement bias. A model trained on wheat-harvesting data
may therefore exhibit systematically degraded performance when deployed for soybean
or corn, owing to differences in crop physical characteristics and resulting machine dy-
namics.

The emergence of novel fault modes—failure types absent from the original training
data—poses an even steeper challenge. As the open-set fault diagnosis literature has com-
prehensively documented, conventional diagnostic models operate under a closed-set as-
sumption, presuming all possible fault classes are known and represented during training
[220]. Over a harvester’s service life, previously undocumented failure patterns may sur-
face due to design modifications, new materials in replacement parts, or evolving opera-
tional practices. A classifier trained to distinguish healthy, bearing fault, and gear fault
states cannot recognize a previously unseen seal leak or solenoid valve malfunction; it will
either misclassify the novel fault as a known category or, if equipped with open-set recog-
nition, correctly flag it as “unknown” without providing actionable diagnostic infor-
mation.

Promising directions for addressing model degradation have emerged in incremental
learning-enabled fault diagnosis [221]. These include periodic retraining with field data
accumulated during normal operation, incremental architectures that update model pa-
rameters without full retraining from scratch, and open-set recognition frameworks that
flag distributional shifts for expert review. Each approach, however, introduces its own
difficulties: incremental learning risks catastrophic forgetting, where previously acquired
diagnostic knowledge erodes as the model adapts to new data [220]; retraining demands
ground-truth labels that are scarce in field environments, since harvesting operations are
rarely interrupted for detailed failure analysis; and open-set recognition generates “un-
known” alarms that, without subsequent expert annotation and model updating, contrib-
ute little to improving diagnostic coverage. For combine harvesters operating in remote
fields with intermittent connectivity, any model updating strategy must also contend with
bandwidth constraints for transmitting training data and the limited computational
budget of onboard edge hardware.

The systematic investigation of model updating and lifelong learning strategies for
agricultural machinery fault diagnosis remains a nascent research area [221], yet advanc-
ing it is essential for transitioning diagnostic systems from one-time deployment to sus-
tained, trustworthy operation over a combine harvester’s entire service life.
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6.9. Functional Safety Compliance for Diagnostic Systems

Beyond achieving high diagnostic accuracy, any fault diagnosis system feeding into
safety-related control functions must satisfy agricultural machinery functional safety
standards. ISO 25119, “Tractors and machinery for agriculture and forestry —Safety-re-
lated parts of control systems,” is the principal normative framework. The standard com-
prises four parts—general principles (Part 1), concept phase (Part 2), hardware develop-
ment (Part 3), and software development (Part 4)—and defines Safety Integrity Levels
from SIL 1 (lowest) to SIL 4 (most stringent).

For combine harvester fault diagnosis, ISO 25119 is relevant in two respects. First,
when a diagnostic module directly triggers safety actions—emergency engine power re-
duction upon detecting imminent threshing drum seizure, or automatic header disen-
gagement upon critical structural failure—that module becomes part of a safety-related
control system and must meet the appropriate SIL. The standard requires that software-
based diagnostic functions undergo rigorous verification and validation, that their failure
modes and rates be systematically analyzed, and that their response times be determinis-
tically bounded. The real-time latency and determinism requirements discussed in Section
6.4 are thus functional safety prerequisites, not merely performance preferences. Second,
even a purely advisory diagnostic system —issuing alerts without automated interven-
tion—remains subject to risk assessment and hazard analysis. A false alarm distracting
the operator during a safety-critical maneuver, or a missed detection allowing a degrading
component to fail catastrophically, can contribute to hazardous situations even though
the diagnostic system itself is not a safety actuator.

Despite its centrality to deploying intelligent diagnostic systems on agricultural ma-
chinery, the literature surveyed in this review is almost entirely silent on functional safety.
None of the studies reviewed explicitly addresses ISO 25119 compliance or conducts a
formal hazard and risk analysis for their proposed diagnostic methods. This gap between
the data-driven diagnostic research community and the functional safety engineering dis-
cipline represents a significant barrier to industrial adoption. Future work, particularly
that targeting deployment on unmanned combine harvesters (Section 6.7), must bridge
this gap by incorporating functional safety considerations from the earliest design stages:
defining safety goals and corresponding SIL requirements; designing diagnostic architec-
tures with hardware and software redundancy commensurate with the target SIL; and
providing evidence that diagnostic performance metrics—false alarm rate, missed detec-
tion rate, and inference latency —satisfy the quantitative targets derived from the hazard
analysis. Translating ISO 25119 into specific diagnostic system design requirements re-
mains an unexplored research area. Key questions that future work must address include
determining appropriate SIL targets for different failure severities in harvesting opera-
tions, defining diagnostic coverage requirements for each target SIL, and establishing
proof-test intervals for periodic validation of diagnostic functions. These requirements
collectively inform sensor redundancy, voting architectures, fail-safe design, and the rigor
of verification and validation activities—an integration that, despite established parallels
in automotive and industrial machinery functional safety, has yet to be addressed in the
combine harvester diagnostic literature.

7. Future Outlook

Before addressing individual research directions, Figure 10 provides a panoramic
overview of the challenges analyzed in Section 6 and their relationship to the future di-
rections discussed in this section. The figure organizes challenges and directions into four
thematic groups—signal and data, computation and deployment, trust and safety, and
lifecycle and extension. The grouping reflects thematic affinity rather than strict one-to-
one mapping. Notably, physics-informed approaches (Section 7.1) serve a dual role—en-
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Figure 10. Panoramic overview of challenges (Section 6) and future directions (Section 7) in combine

harvester fault diagnosis [211].

To overcome these challenges, advancing combine harvester fault diagnosis to prac-
tical application requires systematic exploration of physics-data fusion paradigms, auton-
omous diagnostic architectures, edge intelligent hardware, and support for new power
systems and unmanned operations.

7.1. Hybrid-Driven Diagnosis with Embedded Physical Information

Purely data-driven approaches struggle with generalization and interpretability,
while purely physical models cannot capture the full complexity of field conditions. A
promising direction embeds dynamic mechanism equations and wear degradation mod-
els as physical constraints or inductive biases into neural network architectures or loss
functions, constructing physics-informed ML models that reduce data dependence, en-
hance extrapolation across operating conditions, and improve decision interpretability.
For hybrid systems, an electromechanical coupling physical model can serve as a regular-
ization term, guiding reasoning logic under combined electromagnetic and mechanical
faults.
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7.2. Self-Supervised Pre-Training and Few-Shot Diagnostic Paradigm

Given the scarcity of fault samples in high-end combine harvesters, the field must
move beyond the fully supervised annotation paradigm. The vast quantities of unlabeled
normal operating data generated daily can be exploited for self-supervised pre-training
based on contrastive learning or masked autoencoders, enabling the model to learn gen-
eralized signal representations. Subsequent fine-tuning with very few fault samples can
then achieve few-shot or even zero-shot anomaly detection. This “general education first,
specialization later” paradigm promises to replace the current closed setting of “one fault,
one training session” with a general whole-machine state representation foundation
model, and is particularly suited to hybrid and unmanned agricultural machinery scenar-
ios where data are even scarcer.

7.3. Model Lightweighting and Hardware Acceleration for the Edge

Bridging the gap between high-precision models and limited onboard computing
power requires collaborative software and hardware optimization. On the algorithm side,
techniques such as neural architecture search and dynamic width/depth inference can
seek a Pareto optimum between diagnostic accuracy and inference latency. For real-time
diagnosis in unmanned contexts, model inference must meet functional safety constraints
on response time and determinism. On the deployment side, low-power edge Al hard-
ware—processing-in-memory and event-driven brain-inspired chips—requires explora-
tion for agricultural machinery, along with EMC reinforcement to cope with the interfer-
ence environment of hybrid electric powertrains.

7.4. Staged Verification Strategy for Pre-Deployment Validation

A structured verification framework is essential to ensure diagnostic models perform
reliably before entrusting them with real-time decisions on operating harvesters. Drawing
on established practices in aerospace and industrial CM [222], we propose a three-stage
verification pipeline for agricultural machinery fault diagnosis.

The first stage is offline validation on curated datasets. Diagnostic models should be
evaluated not merely on aggregate accuracy but on per-class metrics—precision, recall,
and F1-score—computed for each fault mode under multiple operating conditions. Cross-
condition testing protocols, training on one set of operating parameters and testing on
another, can expose brittleness to distributional shift before field deployment [223]. Pub-
licly available benchmark datasets, such as those from the Case Western Reserve Univer-
sity bearing data center and the Paderborn University bearing dataset [204], can serve as
standardized testbeds for initial algorithm comparison, though their transferability to ag-
ricultural machinery must be critically assessed.

The second stage is hardware-in-the-loop (HIL) simulation [224]. After compression
into their deployable lightweight form, diagnostic algorithms execute on the target edge
computing hardware, fed with real sensor signals replayed from pre-recorded field data
or generated by real-time simulators. This stage verifies that inference latency, memory
consumption, and thermal behavior remain within acceptable bounds under sustained
operation, and provides a controlled environment for injecting simulated fault signatures
into normal-condition recordings, enabling quantitative assessment of detection sensitiv-
ity without requiring actual component damage.

The third stage is controlled field testing under instrumented conditions. Prior to full
autonomous deployment, the diagnostic system operates in a passive monitoring mode
on a manned harvester, logging its predictions alongside conventional inspection records.
Comparing diagnostic outputs with ground-truth maintenance findings over an entire
harvest season yields estimates of false alarm rate, missed detection rate, and mean time
to first detection. Only after these metrics satisfy predefined acceptance criteria—estab-
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lished in consultation with domain engineers and aligned with relevant functional safety
standards—does the diagnostic system transition to active decision-making roles.

This staged approach acknowledges that no single validation metric or laboratory
benchmark can capture the full complexity of field conditions. It provides a pragmatic
roadmap from algorithm development to trustworthy deployment, while generating the
real-world case studies whose absence the existing literature currently notes as a limita-
tion.

7.5. Fault Data Sample Augmentation Enhanced by Digital Twins

A comprehensive review of digital twin (DT) in agriculture has outlined the generic
framework and potential applications, which can be adapted for the SHM of combine har-
vesters [225]. High-fidelity DT of key components—including the electric motor, inverter,
and transmission mechanism in hybrid electric systems—can be constructed for virtual-
real interactive mapping. Injecting multiple fault modes and random operating condition
combinations into the virtual space then generates massive quantities of high-fidelity, la-
beled fault simulation data. Combined with domain randomization, models extensively
trained on virtual data require only fine-tuning to transfer to physical entities, potentially
overcoming the data hunger caused by extreme operating conditions and scarce fault sam-
ples, and providing a full-lifecycle offline training and verification environment for the
diagnostic systems of unmanned agricultural machinery.

These opportunities, however, require careful contextualization. DT technology in
general —and its application to agricultural machinery in particular—remains at a rela-
tively early stage. A cross-industry umbrella review found DT research fragmented across
domains, with inconsistencies in definitions, methodologies, and recognized challenges
[226]. Even in manufacturing, the most mature DT domain, core challenges persist in
modeling fidelity, real-time synchronization, and verification and validation, with no
structured validation framework yet established [227]. This contrasts with domains such
as wind energy, where DTs have progressed to operational deployment for performance
optimization and predictive maintenance [228]. In agricultural machinery, a systematic
review concluded that practical, IoT-powered DT applications remain nascent, limited by
data integration, optimization, and communication constraints, and the literature lacks
structured classification of physical twin components and standardized definitions of
physical-virtual integration levels for off-road machinery [225]. For combine harvesters
specifically, DT systems remain scarce and limited to specific subsystems or offline simu-
lation; no peer-reviewed study has demonstrated a fully operational DT for combine har-
vester SHM that generates validated fault simulation data for diagnostic model training
[229]. The DT direction outlined here should therefore be viewed as a strategic research
vision rather than a near-term deployable solution. Incremental progress is more realistic,
beginning with hybrid models that embed partial physical constraints into data-driven
architectures, validated on individual subsystems under controlled conditions, before
scaling toward whole-machine, multi-physics, full-season DT implementations. In the
near term, physics-informed hybrid models (Section 7.1) and staged verification on indi-
vidual subsystems (Section 7.4) offer more immediately achievable pathways toward sim-
ulation-driven diagnostics. Full DT integration represents a longer-term vision, contin-
gent on advances in modeling fidelity, real-time synchronization, and validation frame-
works that are only beginning to emerge in agricultural machinery.

7.6. Resilient Diagnostic Interaction Architecture for Diverse Human—Machine Relationships

The operation mode of combine harvesters is gradually transitioning from manual
driving and remote control toward full autonomy, with multiple modes coexisting for the
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foreseeable future. The diagnostic system must accordingly shift from an “assistant tool”
to a “resilient agent.”

In manned or semi-autonomous scenarios, decision-level human—machine collabo-
ration is central. The diagnostic output should convey not merely a fault probability but
the fault location, severity, and recommended actions in an interpretable manner—for in-
stance, through feature attribution grounded in physical constraints or natural language
descriptions. A human-in-the-loop mechanism allows operators to provide annotation
feedback for ambiguous alarms, while active learning enables the model to evolve online,
mitigating the trust crisis that false alarms create.

In fully autonomous operation, the diagnostic system must possess self-validation
capability —assessing the uncertainty of its own judgments in real time before issuing
safety-critical decisions. This requires a confidence modeling layer based on Bayesian in-
ference, evidence theory, or conformal prediction at the output of the diagnostic network.
When uncertainty exceeds a safety threshold, the system should automatically degrade
operation or request remote intervention rather than blindly executing high-risk com-
mands.

This self-validation engine also serves human—machine collaboration: when the di-
agnostic system lacks confidence in its judgment, it actively requests operator intervention.
The future diagnostic interaction architecture should thus synchronously increase diag-
nostic autonomy and output confidence—autonomous execution at high confidence, in-
tervention request at low confidence. Human-machine collaboration and self-confirming
diagnosis are not mutually exclusive but rather adjacent segments on a single spectrum
of resilient autonomous diagnosis.

7.7. Cross-Energy-Domain Diagnosis and Fault-Tolerant Control Adapted to New Power
Architectures

As combine harvester electrification deepens, future diagnostic frameworks must
fuse mechanical, hydraulic, and electrical physical quantities. Mechanic—electronic-hy-
draulic powertrain systems in agricultural tractors have demonstrated measurable energy
savings, offering a reference for next-generation hybrid combine harvesters [230]. Energy
optimization control based on quasi-cycle power demand estimation has also been ex-
plored for extended-range hybrid harvesters to balance efficiency and operational de-
mands [231]. Future work should model fault propagation based on power flow topology,
locating root causes through energy flow anomalies rather than analyzing single-compo-
nent signals in isolation. Diagnostic results should directly drive fault-tolerant control
strategies: upon detecting abnormal temperature in a motor winding, for example, torque
redistribution can derate the faulty motor while the remaining motors compensate, allow-
ing harvesting to continue uninterrupted while ensuring safety. This integrated diagnosis-
to-fault-tolerance design will become a key technology for improving the mission reliabil-
ity of hybrid and electric combine harvesters.

7.8. Harvest Quality-Aware Diagnostics

Beyond preventing mechanical downtime, future diagnostic systems could monitor
parameters directly affecting harvested grain quality. Post-harvest storage conditions—
particularly elevated temperature and moisture—accelerate nutrient degradation and the
production of acidic compounds in rice, paddy, and soybean, compromising freshness
and market value [232]. The nutritional value of harvested grain—including bioactive
compounds such as bound polyphenols with documented antioxidant and antitumor
properties [233] and the health benefits of grain-derived dietary fiber [234] —suggests that
future harvest quality metrics should encompass not only physical integrity but also the
preservation of nutritional and functional components. Integrating quality-centric sensing
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into harvester health management frameworks would thus extend onboard diagnostics
from machine reliability to crop quality assurance, creating a unified platform for both
operational efficiency and food quality protection.

7.9. From Research to Practice

Translating the diagnostic advances reviewed in this paper into operational systems
on working harvesters requires bridging gaps that extend well beyond algorithmic per-
formance. The deployment pathway spans sensor selection and placement that balance
diagnostic coverage against cost and installation complexity; edge computing platforms
that meet the latency, thermal, and vibration constraints of field environments; and vali-
dation protocols that establish trustworthiness before diagnostic outputs guide mainte-
nance or control decisions.

Practical deployment also demands economic viability —the upfront hardware and
integration cost must be justified by demonstrable reductions in downtime-related
losses—yet cost-benefit analyses specific to agricultural machinery fault diagnosis remain
conspicuously absent from the literature. A structured cost-benefit analysis for agricul-
tural machinery fault diagnosis would account for cost components—sensor hardware,
installation labor, edge computing units, data transmission infrastructure, and ongoing
maintenance—and benefit categories—reduced downtime, repair cost savings, avoided
timeliness loss, extended component service life, and lower insurance premiums. While
such analyses remain absent from the agricultural machinery literature, cost-benefit
frameworks from adjacent domains provide methodological references. A systematic re-
view of 42 CMS evaluation studies across industrial applications identified established
approaches—including cost-benefit analysis, cost-effectiveness analysis, and net present
value methods—though it found that only one-third of studies comprehensively incorpo-
rate equipment, maintenance, and CMS-related costs [235]. A review of SHM cost-effec-
tiveness in aviation similarly noted that maintenance manpower, fuel consumption, and
sensor costs are the most commonly modeled cost variables, while downtime costs and
sensor reliability are frequently neglected despite their significant economic impact, and
called for standardized frameworks to ensure consistency across future studies [236]. A
concrete example from wind turbine CM demonstrated a net present value model for jour-
nal bearing CMS that identified failure detection rate, sensor hardware cost, and bearing
failure rate as the most influential parameters, and explicitly distinguished between ret-
rofit and new-installation scenarios—a distinction equally relevant to agricultural ma-
chinery [237]. These precedents collectively provide both a reference framework and cau-
tionary guidance for structuring cost-benefit analyses for agricultural machinery fault di-
agnosis.

While comprehensive multi-season field deployment studies remain scarce, individ-
ual studies have demonstrated promising field validation results that offer proof-of-con-
cept evidence for broader deployment. For instance, a one-versus-one SVM model using
multi-point vibration features achieved 96.9-99.7% accuracy for bolt state identification
on a combine harvester conveyor trough under field conditions [138], and a dual-speed
robust balancing method achieved residual unbalances of 37 g and 45 g on two combine
harvester models in field tests [59]. These examples, though limited in scope, demonstrate
that data-driven diagnostic and physics-based correction methods can perform effectively
outside the laboratory when properly validated.

Similarly, documented case studies of multi-season field deployments with transpar-
ent reporting of both successes and failures are urgently needed to ground the research
literature in operational reality. A further rarely addressed dimension is the distinction
between retrofitting diagnostic systems onto existing harvester fleets—where sensor in-
stallation is constrained by pre-existing mechanical and electrical architectures—and de-
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signing diagnostic capability into new harvester models from the outset, where sensors,
wiring harnesses, and computing modules can be optimally integrated during manufac-
turing. These two deployment scenarios impose fundamentally different constraints on
sensor selection, signal conditioning, and system cost, yet the current literature offers no
systematic comparison between them. The staged verification framework outlined in Sec-
tion 7.4 and the human-machine interaction principles discussed in Section 7.6 provide
starting points for translational work, but systematic, cross-disciplinary efforts engaging
equipment manufacturers, maintenance service providers, and agricultural economists
alongside diagnostic algorithm developers will be essential to move the field from labor-
atory demonstrations to commercially viable, trusted products.

8. Conclusions

This review has systematically examined the progress of structural fault diagnosis
for combine harvesters, tracing a trajectory from passive structural redundancy to active
state perception. Structural optimization strategies remain an irreplaceable first line of de-
fense, yet time-varying operating conditions, system degradation, coupling transmission,
and random overloads constrain their effective boundaries. These boundaries have driven
the shift toward data-driven fault diagnosis. Traditional ML methods offer advantages in
physical interpretability and small-sample performance, but exhibit fundamental limita-
tions: high dependence on expert knowledge, inability to capture deep-level features, and
poor cross-condition generalization.

DL with multi-sensor fusion has recently overcome many bottlenecks of traditional
methods, providing a new diagnostic paradigm. Moving toward field deployment, how-
ever, real-time diagnostic systems face both persistent obstacles—strong noise interfer-
ence, cross-condition generalization, scarce fault samples, limited onboard computing
power, and insufficient interpretability —and new challenges from powertrain electrifica-
tion: electromechanically coupled faults, EMI, and the stringent requirements for diagnos-
tic autonomy and functional safety in unmanned operations.

These research directions fall along a temporal horizon that can guide future efforts.
Short-term priorities—immediately actionable, building on existing methods—include
physics-informed hybrid models, self-supervised pre-training and few-shot learning, and
staged verification frameworks. Medium-term priorities, requiring further methodologi-
cal development and field validation, include lightweight edge inference, incremental
learning for model updating, and open-set recognition for novel fault modes. Long-term
visions, contingent on advances in enabling technologies, include full DT integration and
cross-energy-domain diagnosis with fault-tolerant control. This temporal framing high-
lights that near-term progress on physics-informed and self-supervised approaches can
yield practical benefits while laying the groundwork for more ambitious long-term goals.

Overall, the future reliability assurance system for combine harvesters must integrate
a robust physical structure, an efficient electrified drive, a multimodal sensing system,
safety-critical autonomous diagnosis, and cloud-based intelligence. Whether for manned
or unmanned operation, purely mechanical transmission or hybrid drive, this system
must take mission reliability as its core and shift from single-fault detection to holistic
production risk management. Such a multi-layered virtual-physical fusion architecture
can approach the ideal of “zero unplanned downtime,” providing key technical support
for global grain supply chain resilience and sustainable agricultural development.
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CNN Convolutional Neural Network
COoT Computed Order Tracking
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DEM Discrete Element Method

DL Deep Learning

DT Digital Twin

DWT Discrete Wavelet Transform
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ELM Extreme Learning Machine
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EMI Electromagnetic Interference

FDD Fault Detection and Diagnosis
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STFT Short-Time Fourier Transform
SVM Support Vector Machine

ViT Vision Transformer

https://doi.org/10.3390/app16147319



Appl. Sci. 2026, 16, 7319 49 of 59

References

1. Lian, Y.; Chen, J.; Guan, Z; Song, J. Development of a Monitoring System for Grain Loss of Paddy Rice Based on a Decision
Tree Algorithm. Int. ]. Agric. Biol. Eng. 2021, 14, 224-229. https://doi.org/10.25165/].ijabe.20211401.5731.

2. Song, Z.;Ma, Z.; Wang, S. Research Progress on the Key Technologies and Equipment for Mechanized Potato Harvesting. Int.
J. Agric. Biol. Eng. 2025, 18, 1-14. https://doi.org/10.25165/j.ijjabe.20251805.9976.

3. Liang, Z.; Wada, M.E. Development of Cleaning Systems for Combine Harvesters: A Review. Biosyst. Eng. 2023, 236, 79-102.
https://doi.org/10.1016/j.biosystemseng.2023.10.018.

4. Chen, ], Ji J;Ji, K; Chen, Y. Deep Learning-Driven Predictive Control Method for Optimizing Combine Harvester Operation
Speed. Eng. Agric. 2025, 45, €20240150. https://doi.org/10.1590/1809-4430-eng.agric.v45e20240150/2025.

5. Komarov, V.A.; Kurashkin, M.I. Studying the Normal Operation of Grain Harvesters within the Warranty Period. Eng. Technol.
Syst. 2021, 31, 188-206. https://doi.org/10.15507/2658-4123.031.202102.188-206.

6. Burgers, T.A.; Kamarei, K.; Vora, M.; Horne, M. An Automated On-The-Go Unloading System Reduces Harvest Operator Stress
Relative to Manual Operation. J. Agric. Saf. Health 2024, 30, 89-106. https://doi.org/10.13031/jash.15992.

7. Wang, J; Sun, X; Xu, Y.; Zhou, W.; Tang, H.; Wang, Q. Timeliness Harvesting Loss of Rice in Cold Region under Different
Mechanical Harvesting Methods. Sustainability 2021, 13, 6345. https://doi.org/10.3390/su13116345.

8.  Chen, L; Zhang, Z,; Li, H.; Zhang, X. Maintenance Skill Training Gives Agricultural Socialized Service Providers More Ad-
vantages. Agriculture 2023, 13, 135. https://doi.org/10.3390/agriculture13010135.

9. Wei, L; Yang, H.; Niu, Y.; Zhang, Y.; Xu, L.; Chai, X. Wheat Biomass, Yield, and Straw-Grain Ratio Estimation from Multi-
Temporal UAV-Based RGB and Multispectral Images. Biosyst. Eng. 2023, 234, 187-205. https://doi.org/10.1016/j.biosystem-
seng.2023.08.002.

10. Kuzmich, LM.; Rogovskii, I.L. Engineering Management of Grain Harvester Failure Management under Technology of Mainte-
nance Technology. Bull. Sumy Natl. Agrar. Univ. 2022, 1, 10-15. https://doi.org/10.32845/msnau.2022.1.2.

11. Ren, H;Tang, Z;Li, X,; Li, Y,; Liu, X,; Zhang, B.; Li, Y. Method for Measuring Rice Grain Internal Damage Degree Undergoing
Threshing Force. Int. J. Agric. Biol. Eng. 2021, 14, 63-73. https://doi.org/10.25165/j.ijjabe.20211401.5750.

12. Tang, Z.; Wang, H.; Tian, L.; Lao, L.; Sun, H. Enhancing Grain Harvester Fatigue Reliability to Support Sustainable Agriculture:
A Review of Research Status and Prospects. Sci. Prog. 2025, 108, 00368504251400813. https://doi.org/10.1177/00368504251400813.

13. Tang, Z,; Li, Y.; Li, X; Xu, T. Structural Damage Modes for Rice Stalks Undergoing Threshing. Biosyst. Eng. 2019, 186, 323-336.
https://doi.org/10.1016/j.biosystemseng.2019.08.005.

14. Huang, J.; Tan, L.; Tian, K.; Zhang, B.; Ji, A.; Liu, H.; Shen, C. Formation Mechanism for the Laying Angle of Hemp Harvester
Based on ANSYS-ADAMS. Int. . Agric. Biol. Eng. 2023, 16, 109-115. https://doi.org/10.25165/j.ijjabe.20231604.7978.

15. He, X,; Zhang, F.; Shang, S.; Wang, D.; Dong, T.; Zhang, Z. Design and Experiment of Hinge Lifting Device of Cyperus Escu-
lentus Combine Harvester. ]. Chin. Agric. Mech. 2024, 45, 21-27. https://doi.org/10.13733/j.jcam.issn.2095-5553.2024.01.003.

16. Zastempowski, M.; Bochat, A. Modeling of Cutting Process by theShear-Finger Cutting Block. Appl. Eng. Agric. 2014, 30, 347-
353. https://doi.org/10.13031/aea.30.8806.

17. Chai, X,; Xu, L;; Li, Y.; Qiu, J.; Li, Y.; Lv, L.; Zhu, Y. Development and Experimental Analysis of a Fuzzy Grey Control System
on Rapeseed Cleaning Loss. Electronics 2020, 9, 1764. https://doi.org/10.3390/electronics9111764.

18. Jiang, L.; Xu, B.; Husnain, N.; Wang, Q. Overview of Agricultural Machinery Automation Technology for Sustainable Agricul-
ture. Agronomy 2025, 15, 1471. https://doi.org/10.3390/agronomy15061471.

19. Sun, Y.; Luo, Y.; Zhang, Q.; Xu, L.; Wang, L.; Zhang, P. Estimation of Crop Height Distribution for Mature Rice Based on a
Moving Surface and 3D Point Cloud Elevation. Agronomy 2022, 12, 836. https://doi.org/10.3390/agronomy12040836.

20. Niu, Y.; Han, W.; Zhang, H.; Zhang, L.; Chen, H. Estimating Maize Plant Height Using a Crop Surface Model Constructed from
UAV RGB Images. Biosyst. Eng. 2024, 241, 56-67. https://doi.org/10.1016/j.biosystemseng.2024.04.003.

21. Chen, J; Song, J.; Guan, Z.; Lian, Y. Measurement of the Distance from Grain Divider to Harvesting Boundary Based on Dy-
namic Regions of Interest. Int. |. Agric. Biol. Eng. 2021, 14, 226-232. https://doi.org/10.25165/;.ijabe.20211404.6138.

22. Zhang, Z.;Lu, Y.; Zhao, Y.; Pan, Q; Jin, K; Xu, G.; Hu, Y. TS-YOLO: An All-Day and Lightweight Tea Canopy Shoots Detection
Model. Agronomy 2023, 13, 1411. https://doi.org/10.3390/agronomy13051411.

23. Xu, J; Liu, H.; Shen, Y.; Zeng, X.; Zheng, X. Individual Nursery Trees Classification and Segmentation Using a Point Cloud-

Based Neural Network with Dense Connection Pattern. Sci. Hortic. 2024, 328, 112945. https://doi.org/10.1016/j.sci-
enta.2024.112945.

https://doi.org/10.3390/app16147319



Appl. Sci. 2026, 16, 7319 50 of 59

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

Yang, N.; Chang, K.; Dong, S.; Tang, ].; Wang, A.; Huang, R.; Jia, Y. Rapid Image Detection and Recognition of Rice False Smut
Based on Mobile Smart Devices with Anti-Light Features from Cloud Database. Biosyst. Eng. 2022, 218, 229-244.
https://doi.org/10.1016/j.biosystemseng.2022.04.005.

Elsherbiny, O.; Gao, J.; Guo, Y.; Tunio, M.H.; Mosha, A.H. Fusion of the Deep Networks for Rapid Detection of Branch-Infected
Aeroponically Cultivated Mulberries Using Multimodal Traits. Inf. ]. Agric. Biol. Eng. 2025, 18, 75-88.
https://doi.org/10.25165/j.ijjabe.20251802.8666.

Tang, Z.; Chu, P.; Ding, Z.; Fang, M. From Compaction to Coexistence: A Review of Chassis Engineering for Intelligent Agri-
cultural Machinery in Complex Paddy Field Ecosystems. Sci. Prog. 2026, 109, 00368504261420946.
https://doi.org/10.1177/00368504261420946.

Chen, P.; Xiong, Z.; Xu, J.; Liu, M. Simulation and Parameter Optimization of High Moisture Rice Drying on Combine Harvester
Before Threshing. Comput. Electron. Agric. 2023, 215, 108451. https://doi.org/10.1016/j.compag.2023.108451.

Lian, G.; Zong, W.; Liu, Y.; Ma, L.; Wei, X.; Zhou, G. Design and Test of 4KHZ-330 Type Combine Harvester for Edible Sun-
flower. Trans. Chin. Soc. Agric. Eng. 2024, 40, 61-71. https://doi.org/10.11975/j.issn.1002-6819.202401131.

Zhao, Z.; Wang, Z.; Li, S.; Su, Z.; Xin, M. Design and Experiments of 4YZ-4 Type Self-Walking Corn Combine Harvester for
Hilly Area. ]. Chin. Agric. Mech. 2025, 46, 27-32. https://doi.org/10.13733/j.jcam.issn.2095-5553.2025.06.005.

Jankauskas, V.; Abrutis, R.; Zunda, A. Wear and Damage Study of Straw Chopper Knives in Combine Harvesters. Machines
2024, 12, 789. https://doi.org/10.3390/machines12110789.

Fukushima, T.; Inoue, E.; Mitsuoka, M.; Okayasu, T.; Sato, K. Collision Vibration Characteristics with Interspace in Knife Driv-
ing System of Combine Harvester. Eng. Agric. Environ. Food 2012, 5, 115-120. https://doi.org/10.1016/51881-8366(12)80024-3.
Vakhrushev, V.V.; Nemtsev, A.E.; Ivanov, N.M.; Melbert, A.A. Evaluation of the Main Indicators of the Reliability of the Power
Transmission of a Combine Harvester John Deere 9660. IOP Conf. Ser. Mater. Sci. Eng. 2020, 941, 012068.
https://doi.org/10.1088/1757-899X/941/1/012068.

Xu, J.; Jing, T.; Fang, M.; Li, P.; Tang, Z. Failure State Identification and Fault Diagnosis Method of Vibrating Screen Bolt Under
Multiple Excitation of Combine Harvester. Agriculture 2025, 15, 455. https://doi.org/10.3390/agriculture15050455.

Zhang, H.; Tang, Z.; Gu, X.; Zhang, B. Understanding the Lubrication and Wear Behavior of Agricultural Components Under
Rice Interaction: A Multi-Scale Modeling Study. Lubricants 2025, 13, 388. https://doi.org/10.3390/lubricants13090388.

Ma, Z.; Zhang, Z.; Zhang, Z.; Song, Z.; Liu, Y.; Li, Y.; Xu, L. Durable Testing and Analysis of a Cleaning Sieve Based on Vibration
and Strain Signals. Agriculture 2023, 13, 2232. https://doi.org/10.3390/agriculture13122232.

Du, W.; Zhou, G.; Zhang, Q.; Bian, Q.; Liao, Q.; Liao, Y. Design and Experiment of the Anti-Blocking Device Combined Stubble
Burying for Rapeseed Direct Seeding. Trans. Chin. Soc. Agric. Eng. 2024, 40, 60-70. https://doi.org/10.11975/j.issn.1002-
6819.202309197.

Chen, M.; Zhai, X.; Zhang, H.; Yang, R.; Wang, D.; Shang, S. Study on Control Strategy of the Vine Clamping Conveying System
in the Peanut Combine Harvester. Comput. Electron. Agric. 2020, 178, 105744. https://doi.org/10.1016/j.compag.2020.105744.
Ministry of Agriculture and Rural Affairs of China, Department of Agricultural Mechanization Management. Notice on the
Quality Survey Results of Corn Combine Harvesters (Grain Harvesting Type) in 2023. 15 March 2024. Available online:
https://njhs.moa.gov.cn/jdgl/202403/t20240315_6451531.htm (accessed on 23 June 2026).

Ma, Z.; Traore, SN.; Zhu, Y.; Li, Y,; Xu, L.; Lu, E.; Li, Y. DEM Simulations and Experiments Investigating of Grain Tank Dis-
charge of a Rice Combine Harvester. Comput. Electron. Agric. 2022, 198, 107060. https://doi.org/10.1016/j.compag.2022.107060.
Ma, Z.; Wu, Z,;Li, Y,; Song, Z.; Yu, J.; Li, Y.; Xu, L. Study of the Grain Particle-Conveying Performance of a Bionic Non-Smooth-
Structure Screw Conveyor. Biosyst. Eng. 2024, 238, 94-104. https://doi.org/10.1016/j.biosystemseng.2024.01.005.

Zhu, Z.; Chai, X.; Xu, L.; Quan, L.; Yuan, C.; Tian, S. Design and Performance of a Distributed Electric Drive System for a Series
Hybrid Electric Combine Harvester. Biosyst. Eng. 2023, 236, 160-174. https://doi.org/10.1016/j.biosystemseng.2023.10.015.

Li, Y.; Liu, Y.; Ji, K.; Zhu, R. A Fault Diagnosis Method for a Differential Inverse Gearbox of a Crawler Combine Harvester Based
on Order Analysis. Agriculture 2022, 12, 1300. https://doi.org/10.3390/agriculture12091300.

Hu, J.; Pan, J.; Dai, B.; Chai, X.; Sun, Y.; Xu, L. Development of an Attitude Adjustment Crawler Chassis for Combine Harvester
and Experiment of Adaptive Leveling System. Agronomy 2022, 12, 717. https://doi.org/10.3390/agronomy12030717.

Srivastava, A.K.; Goering, C.E.; Rohrbach, R.P.; Buckmaster, D.R. Engineering Principles of Agricultural Machines; 2nd ed.; Amer-
ican Society of Agricultural and Biological Engineers: St. Joseph, MI, USA, 2006.

Hostens, I.; Ramon, H. Descriptive Analysis of Combine Cabin Vibrations and Their Effect on the Human Body. ]. Sound Vib.
2003, 266, 453—464. https://doi.org/10.1016/50022-460X(03)00578-9.

https://doi.org/10.3390/app16147319



Appl. Sci. 2026, 16, 7319 51 of 59

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

Ydmaz, D.; Gokduman, M.E. Development of a Measurement System for Noise and Vibration of Combine Harvester. Int. J.
Agric. Biol. Eng. 2020, 13, 104-108. https://doi.org/10.25165/j.ijabe.20201306.5554.

Li, Y.; Xu, L,; Gao, Z,; Lu, E.; Li, Y. Effect of Vibration on Rapeseed Header Loss and Optimization of Header Frame. Trans.
ASABE 2021, 64, 1247-1258. https://doi.org/10.13031/trans.13299.

Qing, Y.; Li, Y.; Xu, L.; Ma, Z,; Tan, X.; Wang, Z. Oilseed Rape (Brassica napus L.) Pod Shatter Resistance and Its Relationship
with Whole Plant and Pod Characteristics. Ind. Crops Prod. 2021, 166, 113459. https://doi.org/10.1016/j.indcrop.2021.113459.
Qing, Y.; Li, Y,; Yang, Y.; Xu, L.; Ma, Z. Development and Experiments on Reel with Improved Tine Trajectory for Harvesting
Oilseed Rape. Biosyst. Eng. 2021, 206, 19-31. https://doi.org/10.1016/j.biosystemseng.2021.02.016.

Tang, H.; Xu, C.; Zhu, J.; Guan, R.; Wang, J. Vibration Analysis and Topology Optimization of the Header of Full-Feeding Rice
Combine Harvester. Int. ]. Agric. Biol. Eng. 2023, 16, 96-108. https://doi.org/10.25165/j.ijabe.20231604.7096.

Ebrahimi, R.; Esfahanian, M.; Ziaei-Rad, S. Vibration Modeling and Modification of Cutting Platform in a Harvest Combine by
Means of Operational Modal Analysis (OMA). Measurement 2013, 46, 3959-3967. https://doi.org/10.1016/j.measure-
ment.2013.07.037.

He, Q,; Tian, L.; Qian, P.; Tang, Z.; Zhang, Z.; Lu, T. Vibration Characteristics Analysis of the Header Assembly of Combine
Harvester Under Multi-Source Coupled Excitation. Agriculture 2025, 15, 2488. https://doi.org/10.3390/agriculture15232488.

Yu, Z; Li, Y.; Wang, X; Tang, Z.; Lu, ] Effects of Side Load Chains of a Combine Harvester on Unbalanced Dynamic Vibrations
of Its Threshing Drum. Int. ]. Rotating Mach. 2021, 2021, 5582509. https://doi.org/10.1155/2021/5582509.

Xu, L,; Li, Y.; Sun, P.; Pang, J. Vibration Measurement and Analysis of Tracked-Whole Feeding Rice Combine Harvester. Trans.
Chin. Soc. Agric. Eng. 2014, 30, 49-55. https://doi.org/10.3969/.issn.1002-6819.2014.08.006.

Miu, P.I; Kutzbach, H.-D. Modeling and Simulation of Grain Threshing and Separation in Threshing Units—Part I. Comput.
Electron. Agric. 2008, 60, 96-104. https://doi.org/10.1016/j.compag.2007.07.003.

Chandio, F.A; Li, Y.; Ma, Z.; Ahmad, F.; Syed, T.N.; Shaikh, S.A.; Tunio, M.H. Influences of Moisture Content and Compressive
Loading Speed on the Mechanical Properties of Maize Grain Orientations. Int. ]. Agric. Biol. Eng. 2021, 14, 41-49.
https://doi.org/10.25165/j.ijjabe.20211405.6072.

Goodman, T.P. A Least-Squares Method for Computing Balance Corrections. |. Eng. Ind. 1964, 86, 273-277.
https://doi.org/10.1115/1.3670532.

Yu, Z; Li, Y.; Xu, L,; Du, X,; Ji, K. Unbalanced Variation after Assembly and Double-Speed Influence Coefficient Method in the
Threshing Drum. Int. J. Agric. Biol. Eng. 2023, 16, 1-10. https://doi.org/10.25165/j.ijabe.20231606.7651.

Yu, Z; Ji, K; Du, X.; Zhang, B.; Liu, Y.; Sun, J.; Du, X. Threshing Cylinder Robust Balancing Method in Multi-Source Excitation
of Combine Harvester. Measurement 2026, 271, 120917. https://doi.org/10.1016/j. measurement.2026.120917.

Tang, Z.; Zhang, B.; Wang, M.; Zhang, H. Damping Behaviour of a Prestressed Composite Beam Designed for the Thresher of
a Combine Harvester. Biosyst. Eng. 2021, 204, 130-146. https://doi.org/10.1016/j.biosystemseng.2021.01.020.

Tang, Z.; Li, X.; Liu, X;; Ren, H.; Zhang, B. Dynamic Balance Method for Grading the Chain Drive Double Threshing Drum of a
Combine Harvester. Appl. Sci. 2020, 10, 1026. https://doi.org/10.3390/app10031026.

Wang, F.; Liu, Y.; Li, Y,; Ji, K. Research and Experiment on Variable-Diameter Threshing Drum with Movable Radial Plates for
Combine Harvester. Agriculture 2023, 13, 1487. https://doi.org/10.3390/agriculture13081487.

Gu, X,; Zhang, B.; Tang, Z.; Zhang, H.; Wang, H. Structural Optimization of Combine Harvester Plate-Shell Undergoing Multi-
Source Excitation. Appl. Sci. 2022, 12, 5930. https://doi.org/10.3390/app12125930.

Liu, Y.; Wang, X,; Dai, D.; Tang, C.; Mao, X.; Chen, D.; Zhang, Y.; Wang, S. Knowledge Discovery and Diagnosis Using Tem-
poral-Association-Rule-Mining-Based = Approach for Threshing Cylinder Blockage. Agriculture 2023, 13, 1299.
https://doi.org/10.3390/agriculture13071299.

Wang, L.; Zhang, X.; Leng, J.; Zhao, G.; Jiao, Z.; Qin, Y. Fatigue Life Analysis of Grain Combine Harvester Cleaning Device.
Trans. Chin. Soc. Agric. Mach. 2018, 49, 282-287. https://doi.org/10.6041/j.issn.1000-1298.2018.50.037.

Anderson, T.B.; Jackson, R. Fluid Mechanical Description of Fluidized Beds. Equations of Motion. Ind. Eng. Chem. Fund. 1967, 6,
527-539. https://doi.org/10.1021/i160024a007.

Craessaerts, G.; De Baerdemaeker, J.; Missotten, B.; Saeys, W. Fuzzy Control of the Cleaning Process on a Combine Harvester.
Biosyst. Eng. 2010, 106, 103-111. https://doi.org/10.1016/j.biosystemseng.2009.12.012.

Kutzbach, H.D.; Quick, G.R. Harvesters and Threshers. In CIGR Handbook of Agricultural Engineering; Stout, B.A., Ed.; American
Society of Agricultural Engineers: St. Joseph, MI, USA, 1999; Volume 3, pp. 27-39.

https://doi.org/10.3390/app16147319



Appl. Sci. 2026, 16, 7319 52 of 59

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

Liang, Z.; Li, Y.; De Baerdemaeker, J.; Xu, L.; Saeys, W. Development and Testing of a Multi-Duct Cleaning Device for Tangen-
tial-Longitudinal Flow Rice Combine Harvesters. Biosyst. Eng. 2019, 182, 95-106. https://doi.org/10.1016/j.biosystem-
seng.2019.04.004.

Qi, Y; Yang, Y.; Hassane Hamadou, A ; Li, B.; Xu, B. Gentle Debranning as a Technology to Reduce Microbial and Deoxyniva-
lenol Levels in Common Wheat (Triticum aestivum L.) and Its Application in Milling Industry. J. Cereal Sci. 2022, 107, 103518.
https://doi.org/10.1016/j.jcs.2022.103518.

Cheng, C.; Fu, J.; Chen, Z; Ren, L. Design and Experiment on Modified Sieve with Coating of Rice Harvester. Trans. Chin. Soc.
Agric. Mach. 2020, 51, 94-102. https://doi.org/10.6041/j.issn.1000-1298.2020.02.011.

Wang, B.; Hu, Z.; Peng, B.; Zhang, Y.; Gu, F.; Shi, L.; Gao, X. Structure Operation Parameter Optimization for Elastic Steel Pole
Oscillating Screen of Semi-Feeding Four Rows Peanut Combine Harvester. Trans. Chin. Soc. Agric. Eng. 2017, 33, 20-28.
https://doi.org/10.11975/j.issn.1002-6819.2017.21.002.

Ma, Z.; Zhu, Y.; Wu, Z.; Nfamoussa Traore, S.; Chen, D.; Xing, L. BP Neural Network Model for Material Distribution Prediction
Based on Variable Amplitude Anti-Blocking Screening DEM Simulations. Int. J. Agric. Biol. Eng. 2023, 16, 190-199.
https://doi.org/10.25165/j.ijjabe.20231604.7178.

Ma, Z.; Zhu, Y.; Liu, Y.; Wu, Z. Study on Anti-Blocking Law of Variable Amplitude Screening under Multipoint Feeding of
Materials. Biosyst. Eng. 2025, 258, 104272. https://doi.org/10.1016/j.biosystemseng.2025.104272.

Ma, Z.; Zhu, Y.; Li, ].; Song, Z.; Yu, J.; Li, Y.; Xu, L. Study on the Performance of Detection Air Duct and Evaluation Index of
Agricultural Cleaning Centrifugal Fans. Biosyst. Eng. 2024, 239, 81-97. https://doi.org/10.1016/j.biosystemseng.2024.01.015.
Adamchuk, V.; Bulgakov, V.; Yaremenko, V.; Nozdrovicky, L.; Krocko, V.; Korenko, M.; Findura, P. Scientific Substantiation of
Improved Method of the Diagnosis of Hydraulic Drives Used on Combine Harvesters. Trans Motauto World 2017, 2, 104-106.
Guan, Z.; Li, L.; Wu, C. Calculation Method of Reliability on Combine Harvester Transmission Belt by Considering Dynamic
Stress. IOP Conf. Ser. Mater. Sci. Eng. 2017, 207, 012044. https://doi.org/10.1088/1757-899X/207/1/012044.

Li, Y.; Tang, Z.; Zhang, B.; Wang, M. Vibration Transmission Characteristics and Detection Method of Bilateral Chain Drive of
Multicylinders. Math. Probl. Eng. 2021, 2021, 5582422. https://doi.org/10.1155/2021/5582422.

Chen, S.; Zhou, Y.; Tang, Z.; Lu, S. Modal Vibration Response of Rice Combine Harvester Frame under Multi-Source Excitation.
Biosyst. Eng. 2020, 194, 177-195. https://doi.org/10.1016/j.biosystemseng.2020.04.002.

Hu, J.; Yu, Y.; Ma, T.; Liu, P.; Xu, L. Design of Attitude-Adjustable Chassis and Dynamic Stress Analysis of Key Components
for Crawler Combine Harvester. ]. Agric. Eng. 2025, 56, 1685. https://doi.org/10.4081/jae.2024.1685.

Ding, R.; Qi, X,; Chen, X.; Mei, Y.; Li, A.; Wang, R.; Guo, Z. Research on the Design of an Omnidirectional Leveling System and
Adaptive Sliding Mode Control for Tracked Agricultural Chassis in Hilly and Mountainous Terrain. Agriculture 2025, 15, 1920.
https://doi.org/10.3390/agriculture15181920.

Tang, Z.; Zhang, H.; Li, H,; Li, Y.; Ding, Z.; Chen, J. Developments of Crawler Steering Gearbox for Combine Harvester Straight
Forward and Steering in Situ. Int. ]. Agric. Biol. Eng. 2020, 13, 120-126. https://doi.org/10.25165/j.ijabe.20201301.3957.

Yuan, L.; Tang, Z.; Liu, S.; Wang, T.; Ding, Z. Design for Copying Grouser and Bionic Convex Hull Patterns on Track Surfaces
of Crawler Combine Harvesters. Agriculture 2024, 14, 1079. https://doi.org/10.3390/agriculture14071079.

Liashenko, D.O.; Meliantsov, P.T. Modern Trends in Technical Condition Monitoring Systems of Hydraulic Drives in Agricul-
tural Machinery. Sci. Rep. Natl. Univ. Life Environ. Sci. Ukr. 2023, 19. https://doi.org/10.31548/dopovidi2(102).2023.018.
Mollazade, K.; Ahmadi, H.; Omid, M.; Alimardani, R. Vibration-Based Fault Diagnosis of Hydraulic Pump of Tractor Steering
System by Using Energy Technique. Mod. Appl. Sci. 2009, 3, 59-66. https://doi.org/10.5539/mas.v3n6p59.

Ni, H,; Lu, L.; Sun, M.; Bai, X.; Yin, Y. Research on Fault Diagnosis of PST Electro-Hydraulic Control System of Heavy Tractor
Based on Support Vector Machine. Processes 2022, 10, 791. https://doi.org/10.3390/pr10040791.

Rogovskii, I.L.; Liubarets, B.S.; Voinash, S.A.; Sokolova, V.A.; Luchinovich, A.A.; Kalimullin, M.N. Research of Diagnostic of
Combine Harvesters at Levels of Hierarchical Structure of Systems and Units of Hydraulic System. . Phys. Conf. Ser. 2020, 1679,
042038. https://doi.org/10.1088/1742-6596/1679/4/042038.

Li, R;; Cheng, Y.; Xu, J.; Li, Y,; Ding, X.; Zhao, S. Research on On-Line Monitoring System of Hydraulic Actuator of Combine
Harvester. Processes 2022, 10, 35. https://doi.org/10.3390/pr10010035.

Jiang, H.; Yang, G.; Liu, L.; Liu, W. Condition Monitoring in Hydraulic System of Combine Harvester Based on SAE-DBN. Chin.
Hydraul. Pneum. 2022, 46, 59-70. https://doi.org/10.11832/j.issn.1000-4858.2022.04.008.

Xu, W.; Zhang, J.; Li, H. Compound Fault Diagnosis of Hydraulic System Based on Sample Screening and Joint Analysis with
Pressure Sensors Pairs. Adv. Eng. Inform. 2025, 63, 103621. https://doi.org/10.1016/j.aei.2025.103621.

https://doi.org/10.3390/app16147319



Appl. Sci. 2026, 16, 7319 53 of 59

91.

92.

93.

94.
95.

96.

97.

98.

99.

100.

101.

102.

103.
104.

105.

106.

107.

108.

109.

110.

111.

112.

113.

Jiang, T.; Zhang, M.; Guan, Z.; Mu, S.; Wu, C; Wang, G.; Li, H. Simulation and Analysis of the Pneumatic Recovery for Side-
Cutting Loss of Combine Harvesters with CFD-DEM Coupling Approach. Int. ]J. Agric. Biol. Eng. 2022, 15, 117-126.
https://doi.org/10.25165/j.ijjabe.20221502.6267.

Liu, W.; Yu, Z.; Aorigele. Research on the Influence Mechanism and Optimization of Pneumatic Conveying Performance of
Sunflower Combine Harvester Based on CFD-DEM. Powder Technol. 2026, 469, 121876. https://doi.org/10.1016/j.pow-
tec.2025.121876.

Yremtaghlu, E.; Jaberimoeaz, M. Starting the Header, Threshing and Discharge the Combine Harvester by Pneumatic Jack. J.
Agric. Mach. 2026, 10, 1-13. https://doi.org/10.22034/jam.2025.69177.1342.

Deere & Co. Combine Air System for Cleanout. U.S. Patent 6,800,025, 5 October 2004.

Borg, M.; Refalo, P.; Francalanza, E. Failure Detection Techniques on the Demand Side of Smart and Sustainable Compressed
Air Systems: A Systematic Review. Energies 2023, 16, 3188. https://doi.org/10.3390/en16073188.

Vagas, M.; Majercak, O. Analysis and Graphical Evaluation of Pressure Changes in Pneumatic Circuits for Industrial Applica-
tions. Meas. Sci. Rev. 2025, 25, 223-228. https://doi.org/10.2478/msr-2025-0026.

Mahmoud, H.; Mazal, P.; Vlasic, F. Detecting Pneumatic Actuator Leakage Using Acoustic Emission Monitoring. Insight Non-
Destr. Test. Cond. Monit. 2020, 62, 22-26. https://doi.org/10.1784/insi.2020.62.1.22.

Ding, H.; Chen, S.; Zhou, W.; Liang, R. Mechanism Analysis of Combine Harvester’s Vibration Characteristics under Feeding
Interference. Trans. Chin. Soc. Agric. Mach. 2022, 53, 20-27. https://doi.org/10.6041/j.issn.1000-1298.2022.52.003.

Rezaei, A.; Masoudi, H.; Zaki Dizaji, H.; Khorasani Ferdavani, M.E. Modeling, Analysis and Optimization of the Rear Axle of
Cereal Combine Harvester under Real Loads Using Finite Elements Method. ]. Agric. Eng. 2023, 54, 1448.
https://doi.org/10.4081/jae.2023.1448.

Wang, L.; Wang, G.; Zhai, X.; Tang, Z.; Wang, B.; Li, P. Response Characteristics of Harvester Bolts and the Establishment of
the Strongest Response Structure’s Kinetic Model. Agriculture 2024, 14, 1174. https://doi.org/10.3390/agriculture14071174.

Kim, HK.; Chung, C.J. A study on failure characteristics and reliability prediction of the rice combine harvester. ]. Korean Soc.
Agric. Mach. 1986, 11, 76-85.

Ziauddin, A.T.M.; Hossain, M.M.; Huq, M.M. Reliability Study of Belarus Tractor in Bangladesh. J. Agric. Mach. Bioresour. Eng.
1995, 2, 7-11. https://doi.org/10.61361/jambe.v2i1.39.

Say, S.M.; Isik, A. Reliability Analysis of Combine Harvesters. Tarim Makinalari Bilim. Derg. 2010, 6, 5-12.

Craessaerts, G.; De Baerdemaeker, J.; Saeys, W. Fault diagnostic systems for agricultural machinery. Biosyst. Eng. 2010, 106, 26—
36. https://doi.org/10.1016/j.biosystemseng.2009.12.004.

Chen, J.; Wang, Y.; Wang, X.; Wang, Y.; Hu, R. Development and Application of Remote Video Monitoring System for Combine
Harvester Based on Embedded Linux. In Proceedings of the Seventh International Conference on Electronics and Information
Engineering, Nanjing, China, 17-18 September 2016; p. 1032223. https://doi.org/10.1117/12.2265530.

Liu, C.; Zou, W.; Hu, Z; Li, H; Sui, X;; Ma, X,; Yang, F.; Guo, N. Bearing Health State Detection Based on Informer and CNN +
Swin Transformer. Machines 2024, 12, 456. https://doi.org/10.3390/machines12070456.

Guo, L.; Chuah, J.H.; Raymond, W.J.K,; Gu, X.; Yao, J.; Chang, X. Unsupervised Feature-Preserving CycleGAN for Fault Diag-
nosis of Rolling Bearings Using Unbalanced Infrared Thermal Imaging Sample. IEEE Access 2024, 12, 28449-28461.
https://doi.org/10.1109/ACCESS.2024.3365551.

Mian, T.; Choudhary, A.; Fatima, S. Vibration and Infrared Thermography Based Multiple Fault Diagnosis of Bearing Using
Deep Learning. Nondestr. Test. Eval. 2023, 38, 275-296. https://doi.org/10.1080/10589759.2022.2118747.

Jin, M.; Zhao, Z.; Chen, S.; Chen, ]J. Improved Piezoelectric Grain Cleaning Loss Sensor Based on Adaptive Neuro-Fuzzy Infer-
ence System. Precis. Agric. 2022, 23, 1174-1188. https://doi.org/10.1007/s11119-022-09879-2.

Zhang, Y.; Zhao, Z.; Li, X.; Xue, Z.; Jin, M.; Deng, B. Near-Infrared-Based Measurement Method of Mass Flow Rate in Grain
Vibration Feeding System. Agriculture 2024, 14, 1476. https://doi.org/10.3390/agriculture14091476.

Qian, P.; Lu, T.; Shen, C.; Chen, S. Influence of Vibration on the Grain Flow Sensor during the Harvestand the Difference Elim-
ination Method. Int. ]. Agric. Biol. Eng. 2021, 14, 149-162. https://doi.org/10.25165/].ijabe.20211405.6748.

Liu, Y,; Li, Y.; Ji, K;; Yu, Z,; Ma, Z.; Xu, L.; Niu, C. Development of a Hydraulic Variable-Diameter Threshing Drum Control
System for Combine Harvester Part I: Adaptive Monitoring Method. Biosyst. Eng. 2025, 250, 174-182. https://doi.org/10.1016/j.bi-
osystemseng.2025.01.001.

Ruiz-Gonzalez, R.; Gomez-Gil, J.; Gomez-Gil, F.; Martinez-Martinez, V. An SVM-Based Classifier for Estimating the State of
Various Rotating Components in Agro-Industrial Machinery with a Vibration Signal Acquired from a Single Point on the Ma-
chine Chassis. Sensors 2014, 14, 20713-20735. https://doi.org/10.3390/s141120713.

https://doi.org/10.3390/app16147319



Appl. Sci. 2026, 16, 7319 54 of 59

114.

115.

116.

117.

118.

119.

120.

121.

122.

123.

124.

125.

126.

127.

128.

129.

130.

131.

132.

133.

134.

135.

Wang, C.; Wu, K;; Jiang, Z.; Song, Z.; Wu, S. Detection and Diagnosis of Fault Roller Bearings under Variable Speed Conditions.
In 2021 7th International Conference on Condition Monitoring of Machinery in Non-Stationary Operations (CMMNOQO); IEEE: Guang-
zhou, China, 2021; pp. 219-224. https://doi.org/10.1109/CMMNO53328.2021.9467608.

Fyfe, KR, Munck, E.D.S. Analysis of Computed Order Tracking. Mech. Syst. Signal Process. 1997, 11, 187-205.
https://doi.org/10.1006/mssp.1996.0056.

Shen, Y.; Gao, J.; Jin, Z. Research on Acoustic Signal Identification Mechanism and Denoising Methods of Combine Harvesting
Loss. Agronomy 2024, 14, 1816. https://doi.org/10.3390/agronomy14081816.

Feng, Y.; Qiu, Y.; Crabtree, C.].; Long, H.; Tavner, P.J. Use of SCADA and CMS Signals for Failure Detection and Diagnosis of a
Wind Turbine Gearbox. In Proceedings of the European Wind Energy Conference and Exhibition 2011 (EWEC 2011); Brussels,
Belgium, 14-17 March 2011; pp. 17-19.

Lian, Y.; Wang, B.; Sun, M.; Que, K,; Xu, S.; Tang, Z.; Huang, Z. The Design and Research of the Bolt Loosening Monitoring
System in Combine Harvesters Based on Wheatstone Bridge Circuit Sensor. Agriculture 2025, 15, 704. https://doi.org/10.3390/ag-
riculture15070704.

Ji, K; Li, Y.; Liu, Y.; Yu, Z.; Cheng, ]. Vibration Signal Extraction and Analysis of Combine Harvester Based on Low-Pass Filter-
Eemd Combination. Eng. Agric. 2024, 44, €20240006. https://doi.org/10.1590/1809-4430-eng.agric.v44e20240006/2024.

Du, Y.; Zhang, L.; Mao, E.; Li, X.; Wang, H. Design and Experiment of Corn Combine Harvester Grain Loss Monitoring Sensor
Based on EMD. Trans. Chin. Soc. Agric. Mach. 2022, 53, 158-165. https://doi.org/10.6041/j.issn.1000-1298.2022.51.016.

Yang, M.; Ren, L.; Wang, S.; Li, T.; Zhang, Y. Noise Reduction Method of Capacitive Cotton Seed Monitoring Signal Based on
CEEMDAN-Wavelet Threshold. Trans. Chin. Soc. Agric. Mach. 2025, 56, 71-81. https://doi.org/10.6041/j.issn.1000-
1298.2025.05.007.

Darabian, D.; Marvi, H.; Noughabi, M.S. Improving the Performance of MFCC for Persian Robust Speech Recognition. ]. Al
Data Min. 2015, 3, 149-156. https://doi.org/10.5829/idosi.JAIDM.2015.03.02.04.

Pachaud, C.; Salvetat, R.; Fray, C. Crest Factor and Kurtosis Contributions to Identify Defects Inducing Periodical Impulsive
Forces. Mech. Syst. Signal Process. 1997, 11, 903-916. https://doi.org/10.1006/mssp.1997.0115.

Tang, Z.; Zhang, H.; Wang, X.; Gu, X.; Zhang, B.; Liu, S. Rice Threshing State Prediction of Threshing Cylinder Undergoing
Unbalanced Harmonic Response. Comput. Electron. Agric. 2023, 204, 107547. https://doi.org/10.1016/j.compag.2022.107547.
Hosseinpour-Zarnaq, M.; Omid, M.; Biabani-Aghdam, E. Fault Diagnosis of Tractor Auxiliary Gearbox Using Vibration Anal-
ysis and Random Forest Classifier. Inf. Process. Agric. 2022, 9, 60-67. https://doi.org/10.1016/j.inpa.2021.01.002.

Yang, G.; Cheng, Y.; Xi, C; Liu, L.; Gan, X. Combine Harvester Bearing Fault-Diagnosis Method Based on SDAE-RCmvMSE.
Entropy 2022, 24, 1139. https://doi.org/10.3390/e24081139.

Jiang, W.; Shan, Y.; Xue, X.; Ma, J.; Chen, Z.; Zhang, N. Fault Diagnosis for Rolling Bearing of Combine Harvester Based on
Composite-Scale-Variable Dispersion Entropy and Self-Optimization Variational Mode Decomposition Algorithm. Entropy
2023, 25, 1111. https://doi.org/10.3390/e25081111.

Yu, X; Chen, X;; Du, M,; Yang, Y.; Feng, Z. Rotating Machinery Fault Diagnosis under Time-Varying Speed Conditions Based
on Adaptive Identification of Order Structure. Processes 2024, 12, 752. https://doi.org/10.3390/pr12040752.

Xie, W.; Wang, J.; Xing, C.; Guo, S.; Guo, M.; Zhu, L. Variational Autoencoder Bidirectional Long and Short-Term Memory
Neural Network Soft-Sensor Model Based on Batch Training Strategy. IEEE Trans. Ind. Inform. 2021, 17, 5325-5334.
https://doi.org/10.1109/T11.2020.3025204.

Kingma, D.P,; Welling, M. Auto-Encoding Variational Bayes. arXiv, 2013, arXiv:1312.6114.
https://doi.org/10.48550/arXiv.1312.6114.

Jolliffe, I.T.; Cadima, J. Principal Component Analysis: A Review and Recent Developments. Philos. Trans. R. Soc. A 2016, 374,
20150202. https://doi.org/10.1098/rsta.2015.0202.

Hotelling, H. Analysis of a Complex of Statistical Variables into Principal Components. J. Educ. Psychol. 1933, 24, 417-441.
https://doi.org/10.1037/h0071325.

Anowar, F.; Sadaoui, S.; Selim, B. Conceptual and Empirical Comparison of Dimensionality Reduction Algorithms (PCA,
KPCA, LDA, MDS, SVD, LLE, ISOMAP, LE, ICA, ¢tSNE). Comput. Sci. Rev. 2021, 40, 100378.
https://doi.org/10.1016/j.cosrev.2021.100378.

Martinez, AM.; Kak, A.C. PCA versus LDA. IEEE Trans. Pattern Anal. Mach. Intell. 2001, 23, 228-233.
https://doi.org/10.1109/34.908974.

Wang, B.; Tang, Z.; Wang, K,; Li, P. Failure Feature Identification of Vibrating Screen Bolts under Multiple Feature Fusion and
Optimization Method. Agriculture 2024, 14, 1433. https://doi.org/10.3390/agriculture14081433.

https://doi.org/10.3390/app16147319



Appl. Sci. 2026, 16, 7319 55 of 59

136.

137.

138.

139.

140.

141.

142.

143.

144.

145.

146.

147.

148.

149.

150.

151.

152.

153.

154.

Zhang, S.; Zang, C.; Yang, Z.; Tang, L.; Wang, K.; Wang, A.; Chen, W.; Song, Q.; Wei, X. Research on Fault Prediction and Speed
Control System for Unmanned Combine Harvesters Based on IPSO-SVM and Fuzzy Logic. Front. Plant Sci. 2025, 16, 1577175.
https://doi.org/10.3389/fpls.2025.1577175.

Zhu, Y.; Ma, Z,; Wu, Z; Zhang, Z.; Li, Y.; Wang, L.; Pan, Y. Monitoring and Blockage Diagnosis in Axial Flow Threshing and
Separation Device under Variable Feed Conditions. Biosyst. Eng. 2025, 258, 104262. https://doi.org/10.1016/j.biosystem-
seng.2025.104262.

Lian, Y.; Wang, B.; Sun, M.; Que, K; Xu, S.; Tang, Z.; Huang, Z. Design of a Conveyer Trough Bolt Signal Acquisition System
and Bayesian Ensemble Identification Method for Working State. Agriculture 2025, 15, 970. https://doi.org/10.3390/agricul-
ture15090970.

Zhou, X,; Xu, X.; Zhang, J.; Wang, L.; Wang, D.; Zhang, P. Fault Diagnosis of Silage Harvester Based on a Modified Random
Forest. Inf. Process. Agric. 2023, 10, 301-311. https://doi.org/10.1016/j.inpa.2022.02.005.

Moosavian, A.; Ahmadi, H.; Sakhaei, B.; Labbafi, R. Support Vector Machine and K-Nearest Neighbour for Unbalanced Fault
Detection. |. Qual. Maint. Eng. 2014, 20, 65-75. https://doi.org/10.1108/JQME-04-2012-0016.

Gomez-Gil, F.J.; Martinez-Martinez, V.; Ruiz-Gonzalez, R.; Martinez-Martinez, L.; Gomez-Gil, ]. Vibration-Based Monitoring of
Agro-Industrial Machinery Using a k-Nearest Neighbors (kNN) Classifier with a Harmony Search (HS) Frequency Selector
Algorithm. Comput. Electron. Agric. 2024, 217, 108556. https://doi.org/10.1016/j.compag.2023.108556.

Shen, T.; Chuan, J.; Liao, L. Research on Remote Fault Detection System of Mechanical Equipment Based on Fnn Algorithm. J.
Phys. Conf. Ser. 2025, 2965, 012041. https://doi.org/10.1088/1742-6596/2965/1/012041.

Chen, J.; Xu, K.; Wang, Y.; Wang, K.; Wang, S. Blockage Fault Diagnosis Method of Combine Harvester Based on BPNN and
DS Evidence Theory. In Seventh International Conference on Electronics and Information Engineering; SPIE: Bellingham, WA, USA,
2017; Volume 10322, p. 103224C. https://doi.org/10.1117/12.2265524.

Cinar, I; Taspinar, Y.S. Detection of Machine Failures with Machine Learning Methods. Proc. ICISNA 2024, 2, 75-81.
https://doi.org/10.58190/icisna.2024.94.

Al Tobi, M.A.S,; Kp, R.; AL-Araimi, S.; Pacturan, R.; Rajakannu, A.; Achuthan, C. Machinery Faults Diagnosis Using Support
Vector Machine (SVM) and Naive Bayes Classifiers. Int. ]J. Eng. Trends Technol. 2022, 70, 26-34.
https://doi.org/10.14445/22315381/IJETT-V70112P204.

Sun, Z.; Wang, X.; Wu, Y. Research on Fault Diagnosis Method of Walking Gearbox of Combine Harvester Based on DA-KELM.
In Proceedings of the 2021 3rd International Symposium on Signal Processing Systems (SSPS); ACM: Beijing China, 2021; pp. 65-71.
https://doi.org/10.1145/3481113.3481124.

Dimitrov, V.; Borisova, L.; Khubiian, K. Generate Troubleshooting Strategies Based on Knowledge Modeling. IOP Conf. Ser.
Earth Environ. Sci. 2021, 723, 032093. https://doi.org/10.1088/1755-1315/723/3/032093.

Kibrete, F.; Engida Woldemichael, D.; Shimels Gebremedhen, H. Multi-Sensor Data Fusion in Intelligent Fault Diagnosis of
Rotating Machines: A Comprehensive Review. Measurement 2024, 232, 114658. https://doi.org/10.1016/j.measure-
ment.2024.114658.

Lin, T.; Ren, Z.; Zhu, L.; Zhu, Y.; Feng, K.; Ding, W.; Yan, K.; Beer, M. A Systematic Review of Multisensor Information Fusion
for Equipment Fault Diagnosis. IEEE Trans. Instrum. Meas. 2025, 74, 1-48. https://doi.org/10.1109/TIM.2025.3529577.

Zou, X.,; Cao, Y.; Zhu, ]J.; Zhu, K. Simulation Study of Audio Recognition for Equipment Fault Diagnosis. In 2023 IEEE 15th
International ~ Conference on Advanced Infocomm Technology (ICAIT); IEEE: Hefei, China, 2023; pp. 222-225.
https://doi.org/10.1109/ICAIT59485.2023.10367337.

Loutas, T.H.; Roulias, D.; Pauly, E.; Kostopoulos, V. The Combined Use of Vibration, Acoustic Emission and Oil Debris on-Line
Monitoring towards a More Effective Condition Monitoring of Rotating Machinery. Mech. Syst. Signal Process. 2011, 25, 1339—
1352. https://doi.org/10.1016/j.ymssp.2010.11.007.

Kiala, Z.; Mutanga, O.; Odindi, J.; Viriri, S.; Sibanda, M. A Hybrid Feature Method for Handling Redundant Features in a Sen-
tinel-2 Multidate Image for Mapping Parthenium Weed. IEEE ]. Sel. Top. Appl. Earth Obs. Remote Sens. 2020, 13, 3644-3655.
https://doi.org/10.1109/JSTARS.2020.3001564.

Rehman, A.U.; Zhang, L.; Sajjad, M.M.; Raziqg, A. Multi-Temporal Sentinel-1 and Sentinel-2 Data for Orchards Discrimination
in Khairpur District, Pakistan Using Spectral Separability Analysis and Machine Learning Classification. Remote Sens. 2024, 16,
686. https://doi.org/10.3390/rs16040686.

Thelaidjia, T.; Chenikher, S. A New Approach of Preprocessing with SVM Optimization Based on PSO for Bearing Fault Diag-
nosis. In 2013 13th International Conference on Hybrid Intelligent Systems (HIS); IEEE: Gammarth, Tunisia, 2013; pp. 319-324.
https://doi.org/10.1109/HIS.2013.6920452.

https://doi.org/10.3390/app16147319



Appl. Sci. 2026, 16, 7319 56 of 59

155.

156.

157.

158.

159.

160.

161.

162.

163.

164.

165.

166.

167.

168.

169.

170.

171.

172.

173.

174.

175.

176.

177.

Yu, Z,; Li, Y.; Du, X; Liu, Y. Threshing Cylinder Unbalance Detection Using a Signal Extraction Method Based on Parameter-
Adaptive Variational Mode Decomposition. Biosyst. Eng. 2024, 244, 26—41. https://doi.org/10.1016/j.biosystemseng.2024.05.010.
He, X.; Li, C; Liu, Z. A Real-Time Adaptive Fault Diagnosis Scheme for Dynamic Systems with Performance Degradation. IEEE
Trans. Reliab. 2024, 73, 1231-1244. https://doi.org/10.1109/TR.2023.3324539.

Shao, H.; Jiang, H.; Zhang, H.; Liang, T. Electric Locomotive Bearing Fault Diagnosis Using a Novel Convolutional Deep Belief
Network. IEEE Trans. Ind. Electron. 2018, 65, 2727-2736. https://doi.org/10.1109/T1E.2017.2745473.

Ding, S.X. Data-Driven Design of Fault Diagnosis and Fault-Tolerant Control Systems; Advances in Industrial Control; Springer:
London, UK, 2014.

Sanfelice Bazanella, A.; Campestrini, L.; Eckhard, D. Data-Driven Controller Design; Communications and Control Engineering;
Springer: Dordrecht, The Netherlands, 2012.

Gao, X.; Gao, J.; Qureshi, W.A. Applications, Trends, and Challenges of Precision Weed Control Technologies Based on Deep
Learning and Machine Vision. Agronomy 2025, 15, 1954. https://doi.org/10.3390/agronomy15081954.

Ren, L.; Jia, Z.; Wang, T.; Ma, Y.; Wang, L. LM-CNN: A Cloud-Edge Collaborative Method for Adaptive Fault Diagnosis With
Label Sampling Space Enlarging. IEEE Trans. Ind. Inform. 2022, 18, 9057-9067. https://doi.org/10.1109/T11.2022.3180389.

Russell, E.L.; Chiang, L.H.; Braatz, R.D. Data-Driven Methods for Fault Detection and Diagnosis in Chemical Processes; Advances in
Industrial Control; Springer: London, UK, 2000.

Ren, L.; Wang, T.; Laili, Y.; Zhang, L. A Data-Driven Self-Supervised LSTM-DeepFM Model for Industrial Soft Sensor. IEEE
Trans. Ind. Inform. 2022, 18, 5859-5869. https://doi.org/10.1109/T11.2021.3131471.

Luo, H.;Yin, S,; Liu, T.; Khan, A.Q. A Data-Driven Realization of the Control-Performance-Oriented Process Monitoring System.
IEEE Trans. Ind. Electron. 2020, 67, 521-530. https://doi.org/10.1109/TIE.2019.2892705.

She, D.; Wang, H.; Zhang, H.; Chen, J. A Domain Adaptation Network with Feature Scale Preservation for Remaining Useful
Life Prediction of Rolling Bearings under Variable Operating Conditions. Meas. Sci. Technol. 2024, 35, 046102.
https://doi.org/10.1088/1361-6501/ad1918.

Zhang, Y.; Yu, Y.; Li, Y. FJDA: A Feature Fusion and Joint Distribution Adaptation Method for Fault Diagnosis Based on Vari-
able Working Conditions. Meas. Sci. Technol. 2025, 36, 086001. https://doi.org/10.1088/1361-6501/adf001.

Abdeljaber, O.; Avci, O,; Kiranyaz, S.; Gabbouj, M.; Inman, D.]. Real-Time Vibration-Based Structural Damage Detection Using
One-Dimensional Convolutional Neural Networks. J. Sound Vib. 2017, 388, 154-170. https://doi.org/10.1016/j.jsv.2016.10.043.
Guo, S; Yang, T.; Gao, W.; Zhang, C. A Novel Fault Diagnosis Method for Rotating Machinery Based on a Convolutional Neural
Network. Sensors 2018, 18, 1429. https://doi.org/10.3390/s18051429.

Qiu, Z; Shi, G; Zhao, B.; Jin, X.; Zhou, L.; Ma, T. Fault Prediction of Combine Harvesters Based on Stacked Denoising Autoen-
coders. Int. J. Agric. Biol. Eng. 2022, 15, 189-196. https://doi.org/10.25165/;.ijabe.20221502.6963.

Xi, C; Yang, G; Liu, L,; Liu, J.; Chen, X.; Ma, Z. Operation Faults Monitoring of Combine Harvester Based on SDAE-BP. Trans.
Chin. Soc. Agric. Eng. 2020, 36, 46-53. https://doi.org/10.11975/j.issn.1002-6819.2020.17.006.

Xu, L.; Zhao, G.; Zhao, S.; Wu, Y.; Chen, X. Fault Diagnosis Method for Tractor Transmission System Based on Improved Con-
volutional Neural Network-Bidirectional Long Short-Term Memory. Machines 2024, 12, 492. https://doi.org/10.3390/ma-
chines12070492.

Li, R;; Zhang, G.; Niu, Y.; Rong, K.; Liu, W.; Hong, H. A Multi-Channel Multi-Scale Spatiotemporal Convolutional Cross-Atten-
tion Fusion Network for Bearing Fault Diagnosis. Sensors 2025, 25, 5923. https://doi.org/10.3390/s25185923.

Khan, Z.; Shen, Y.; Liu, H. Object Detection in Agriculture: A Comprehensive Review of Methods, Applications, Challenges,
and Future Directions. Agriculture 2025, 15, 1351. https://doi.org/10.3390/agriculture15131351.

Zhang, Y.; Zhang, B.; Shen, C.; Liu, H.; Huang, J.; Tian, K; Tang, Z. Review of the Field Environmental Sensing Methods Based
on  Multi-Sensor  Information  Fusion  Technology. Int. ].  Agric.  Biol.  Eng. 2024, 17, 1-13.
https://doi.org/10.25165/j.ijjabe.20241702.8596.

Zhang, L.; Zhang, B.; Zhang, H.; Yang, W.; Hu, X.; Cai, J.;, Wu, C.; Wang, X. Multi-Source Feature Fusion Network for LAI
Estimation from UAV Multispectral Imagery. Agronomy 2025, 15, 988. https://doi.org/10.3390/agronomy15040988.

Zhao, Z.; Wei, H.; Liu, S.; Xue, Z. Estimation of Agricultural Soil Surface Roughness Based on Ultrasonic Echo Signal Charac-
teristics. Soil Tillage Res. 2024, 239, 106038. https://doi.org/10.1016/j.still.2024.106038.

Kandukuri, S.T.; Klausen, A.; Karimi, H.R.; Robbersmyr, K.G. A Review of Diagnostics and Prognostics of Low-Speed Machin-
ery towards Wind Turbine Farm-Level Health Management. Renew. Sustain. Energy Rev. 2016, 53, 697-708.
https://doi.org/10.1016/j.rser.2015.08.061.

https://doi.org/10.3390/app16147319



Appl. Sci. 2026, 16, 7319 57 of 59

178.

179.

180.

181.

182.

183.

184.

185.

186.

187.

188.

189.

190.

191.

192.

193.

194.

195.

196.

197.

198.

Saufi, M.S.R.M,; Isham, M.F,; Talib, M.H.A.; Zain, M.Z.M. Extremely Low-Speed Bearing Fault Diagnosis Based on Raw Signal
Fusion and DE-1D-CNN Network. . Vib. Eng. Technol. 2024, 12, 5935-5951. https://doi.org/10.1007/s42417-023-01228-5.

Li, Y.; Luo, X,; Xie, Y.; Zhao, W. Multi-Head Spatio-Temporal Attention Based Parallel GRU Architecture: A Novel Multi-Sensor
Fusion Method for Mechanical Fault Diagnosis. Meas. Sci. Technol. 2024, 35, 015111. https://doi.org/10.1088/1361-6501/acfe29.
Qiu, Z; Shi, G.; Zhao, B.; Jin, X.; Zhou, L. Combine Harvester Remote Monitoring System Based on Multi-Source Information
Fusion. Comput. Electron. Agric. 2022, 194, 106771. https://doi.org/10.1016/j.compag.2022.106771.

Liu, X.; Meng, X,; Ning, L.; Xu, F.; Li, Q.; Zhao, C. A Deep Learning-Based Method for Mechanical Equipment Unknown Fault
Detection in the Industrial Internet of Things. Sensors 2025, 25, 5984. https://doi.org/10.3390/s25195984.

Sun, Y.; Tao, H.; Stojanovic, V. Open-Set Classification Method via Latent Representation Prompt and Time-Frequency Fusion
toward Unknown Fault Recognition. Adv. Eng. Inform. 2025, 68, 103779. https://doi.org/10.1016/j.aei.2025.103779.

Siddique, M.F.; Zaman, W.; Khalid, M.; Hamdan, B.; Kim, ].-M. A Multistage Transfer Learning Framework for Intelligent Fault
Diagnosis of Rotating Machinery under Variable Operating Conditions. Sci. Rep. 2026, 16, 18489. https://doi.org/10.1038/s41598-
026-47377-x.

She, D.; Yang, Z.; Duan, Y.; Pecht, M.G. A Meta Transfer Learning-Driven Few-Shot Fault Diagnosis Method for Combine Har-
vester Gearboxes. Comput. Electron. Agric. 2024, 227, 109605. https://doi.org/10.1016/j.compag.2024.109605.

Ling, G.; Zhang, L.; Liu, W.; Lyu, Z.; Xu, H.; Wu, Q.; Zhang, G. Diagnosis Model of Threshing Cylinder Blockage Condition
Based on Hybrid Sparrow Search Algorithm and Support Vector Machine. Comput. Electron. Agric. 2025, 237, 110660.
https://doi.org/10.1016/j.compag.2025.110660.

Miao, Y.; Li, Y.; Pan, J.; Liu, Z,; Liu, L.; Wang, Z.; Wang, Z. Bio-Inspired Fault Diagnosis for Aircraft Fuel Pumps Using a Cloud-
Edge System. Biomimetics 2023, 8, 601. https://doi.org/10.3390/biomimetics8080601.

Hartwell, A.; Montana, F.; Jacobs, W.; Kadirkamanathan, V.; Ameri, N.; Mills, A.R. Distributed Digital Twins for Health Moni-
toring: Resource  Constrained  Aero-Engine Fleet Management.  Aeronaut. J. 2024, 128,  1556-1575.
https://doi.org/10.1017/aer.2024.23.

Guan, Y.; Meng, Z; Li, J.; Cao, W.; Sun, D.; Liu, J.; Fan, F. A Novel Diagnostic Framework Based on Vibration Image Encoding
and Multi-Scale Neural Network. Expert Syst. Appl. 2024, 251, 124054. https://doi.org/10.1016/j.eswa.2024.124054.

Brito, L.C.; Susto, G.A.; Brito, ].N.; Duarte, M.A.V. Fault Diagnosis Using eXplainable Al: A Transfer Learning-Based Approach
for Rotating Machinery Exploiting Augmented Synthetic Data. Expert Syst. Appl. 2023, 232, 120860.
https://doi.org/10.1016/j.eswa.2023.120860.

Mey, O.; Neufeld, D. Explainable AI Algorithms for Vibration Data-Based Fault Detection: Use Case-Adadpted Methods and
Critical Evaluation. Sensors 2022, 22, 9037. https://doi.org/10.3390/s22239037.

Du, J.; Li, X,; Gao, Y.; Gao, L. Integrated Gradient-Based Continuous Wavelet Transform for Bearing Fault Diagnosis. Sensors
2022, 22, 8760. https://doi.org/10.3390/s22228760.

Wang, K.; Guo, B.; Li, N. Highly Accurate Interpretable Bearing Fault Diagnosis Based on SHAP-RFE with Bayesian Optimiza-
tion Support Vector Machines. Eng. Res. Express 2025, 7, 0352¢c2. https://doi.org/10.1088/2631-8695/ae0245.

Lu, H.; Nemani, V.P.; Barzegar, V.; Allen, C.; Hu, C.; Laflamme, S.; Sarkar, S.; Zimmerman, A.T. A Physics-Informed Feature
Weighting Method for Bearing Fault Diagnostics. Mech. Syst.  Signal  Process. 2023, 191, 110171.
https://doi.org/10.1016/j.ymssp.2023.110171.

Wu, L.; Ding, N.; Wang, L.; Li, J.; Zhang, H. Physics-Informed Attention LSTM: A Dual-Knowledge Fusion Framework for
Interpretable Bearing Fault Diagnosis under Small Data Scenarios. Measurement 2026, 263, 120216.
https://doi.org/10.1016/j.measurement.2025.120216.

Wang, X.; Mao, R;; Han, P.; Yuan, N.; Li, Y.; Guo, Y,; Yin, S.; Zhang, H. A Systematic Review of Fault Diagnosis Methods for
Offshore Wind Turbines: Approaches, Features, and Emerging Directions. Ocean Eng. 2026, 53, 124775.
https://doi.org/10.1016/j.oceaneng.2026.124775.

Odeyar, P.; Apel, D.B.; Hall, R.; Zon, B.; Skrzypkowski, K. A Review of Reliability and Fault Analysis Methods for Heavy
Equipment and Their Components Used in Mining. Energies 2022, 15, 6263. https://doi.org/10.3390/en15176263.

Tavares, T.M.; Giesbrecht, M. Deep Learning-Based Fault Diagnosis in Wind Turbine Bearings and Gearboxes Using Vibration
Signals: Survey, Challenges, and Recommendations. IEEE Access 2025, 13, 207013-207032. https://doi.org/10.1109/AC-
CESS.2025.3636831.

Kan, M.S,; Tan, A.C.C.; Mathew, ]J. A Review on Prognostic Techniques for Non-Stationary and Non-Linear Rotating Systems.
Mech. Syst. Signal Process. 2015, 62—-63, 1-20. https://doi.org/10.1016/j.ymssp.2015.02.016.

https://doi.org/10.3390/app16147319



Appl. Sci. 2026, 16, 7319 58 of 59

199.

200.

201.

202.

203.

204.

205.

206.

207.

208.

209.

210.

211.

212.

213.

214.

215.

216.

217.

218.

219.

220.

Kumar, A.; Wytomanska, A.; Zimroz, R.; Xiang, J.; Antoni, J. Critical Challenges and Advances in Vibration Signal Processing
for Non-Stationary Condition Monitoring. Adv. Eng. Inform. 2025, 65, 103290. https://doi.org/10.1016/j.aei.2025.103290.

Guan, C,; Fu, J.; Xu, L; Jiang, X.; Wang, S.; Cui, Z. Study on the Reduction of Soil Adhesion and Tillage Force of Bionic Cutter
Teeth in Secondary Soil Crushing. Biosyst. Eng. 2022, 213, 133-147. https://doi.org/10.1016/j.biosystemseng.2021.11.018.
Chawla, N.V.; Bowyer, KW.; Hall, L.O.; Kegelmeyer, W.P. SMOTE: Synthetic Minority Over-sampling Technique. ]. Artif. Intell.
Res. 2002, 16, 321-357. https://doi.org/10.1613/jair.953.

Zhou, Z.-H.; Liu, X.-Y. Training Cost-Sensitive Neural Networks with Methods Addressing the Class Imbalance Problem. IEEE
Trans. Knowl. Data Eng. 2006, 18, 63-77. https://doi.org/10.1109/TKDE.2006.17.

Lin, T.-Y.; Goyal, P.; Girshick, R.; He, K.; Dollar, P. Focal Loss for Dense Object Detection. In Proceedings of the IEEE Interna-
tional Conference on Computer Vision (ICCV), Venice, Italy, 2229 October 2017, pp. 2980-2988.
https://doi.org/10.1109/ICCV.2017.324.

Smith, W.A.; Randall, R.B. Rolling Element Bearing Diagnostics Using the Case Western Reserve University Data: A Benchmark
Study. Mech. Syst. Signal Process. 2015, 64—65, 100-131. https://doi.org/10.1016/j.ymssp.2015.04.021.

Lessmeier, C.; Kimotho, J.K.; Zimmer, D.; Sextro, W. Condition Monitoring of Bearing Damage in Electromechanical Drive
Systems by Using Motor Current Signals of Electric Motors: A Benchmark Data Set for Data-Driven Classification. In Proceed-
ings of the European Conference of the Prognostics and Health Management Society, Bilbao, Spain, 5-8 July 2016; Volume 3.
https://doi.org/10.36001/phme.2016.v3i1.1577.

Kaur, A.; Kaur, H. A Task-Oriented Characterization of Benchmark Datasets for Predictive Maintenance of Rolling Bearings. In
Proceedings of the 2026 International Conference on Intelligent Processing, Hardware, Electronics, and Radio Systems (CI-
PHER), Jalandhar, India, 13-15 February 2026; pp. 1-6. https://doi.org/10.1109/CIPHER70417.2026.11523763.

Farag, M.M. Towards a Standard Benchmarking Framework for Domain Adaptation in Intelligent Fault Diagnosis. IEEE Access
2025, 13, 24426-24453. https://doi.org/10.1109/ACCESS.2025.3537817.

Zhao, C.; Zio, E.; Shen, W. Domain Generalization for Cross-Domain Fault Diagnosis: An Application-Oriented Perspective and
a Benchmark Study. Reliab. Eng. Syst. Saf. 2024, 245, 109964. https://doi.org/10.1016/j.ress.2024.109964.

An, K; Ly, J; Zhu, Q.; Wang, X; De Silva, CW.; Xia, M.; Lu, S. Edge Solution for Real-Time Motor Fault Diagnosis Based on
Efficient Convolutional Neural Network. IEEE Trans. Instrum. Meas. 2023, 72, 3516912.
https://doi.org/10.1109/TIM.2023.3276513.

Duan, Z.; Zhang, W.; Zhang, H.; Yang, F. Research on Intelligent Fault Diagnosis of Rotating Machinery for Edge Computing
Platforms. Mech. Syst. Signal Process. 2025, 237, 113101. https://doi.org/10.1016/j.ymssp.2025.113101.

1SO 25119-1:2018; Tractors and machinery for agriculture and forestry —Safety-related parts of control systems—Part 1: General
principles for design and development. International Organization for Standardization: Geneva, Switzerland, 2018.

ISO 9241-110:2020; Ergonomics of human-system interaction—Part 110: Interaction principles. International Organization for
Standardization, Geneva, Switzerland, 2020.

ISO 11064-1:2000; Ergonomic design of control centres—Part 1: Principles for the design of control centres. International Organ-
ization for Standardization, Geneva, Switzerland, 2000.

Shen, Y.; Yang, F.; Wu, ].; Luo, S.; Khan, Z.; Zhang, L.; Liu, H. Advances and Future Trends in Electrified Agricultural Machinery
for Sustainable Agriculture. Agriculture 2025, 15, 2367. https://doi.org/10.3390/agriculture15222367.

Han, J.; Wang, F. Design and Testing of a Small Orchard Tractor Driven by a Power Battery. Eng. Agric. 2023, 43, e20220195.
https://doi.org/10.1590/1809-4430-eng.agric.v43n2e20220195/2023.

ISO 11452-2:2019; Road vehicles—Component test methods for electrical disturbances from narrowband radiated electromag-
netic energy — Part 2: Absorber-lined shielded enclosure. International Organization for Standardization, Geneva, Switzerland,
2019.

Zhang, C.; Xia, X.; Zheng, H.; Jia, H. Permanent Magnet Synchronous Motor Drive System for Agricultural Equipment: A Re-
view. Agriculture 2025, 15, 2007. https://doi.org/10.3390/agriculture15192007.

Zachariades, C.; Xavier, V. A Review of Artificial Intelligence Techniques in Fault Diagnosis of Electric Machines. Sensors 2025,
25, 5128. https://doi.org/10.3390/525165128.

Zhang, D.; Idrus, Z.; Hamzah, R. Concept Drift Early Fault Detection in Wind Turbine Based on Distance Metric: A Systematic
Literature Review. Pertanika J. Sci. Technol 2025, 33, JST-5078-2024. https://doi.org/10.47836/pjst.33.1.07.

Pu, Z.; Du, W.; Li, C.; Guo, Z. From Closed-Set to Open-Set World: A Review of Rotating Machinery Fault Diagnosis. Adv. Eng.
Inform. 2026, 69, 104867. https://doi.org/10.1016/j.aei.2026.104867.

https://doi.org/10.3390/app16147319



Appl. Sci. 2026, 16, 7319 59 of 59

221.

222.

223.

224.

225.

226.

227.

228.

229.

230.

231.

232.

233.

234.

235.

236.

237.

Liu, Z.; He, X.; Huang, B.; Zhou, D. Incremental Learning-Enabled Fault Diagnosis of Dynamic Systems: A Comprehensive
Review. IEEE Trans. Cybern. 2025, 55, 5633-5649. https://doi.org/10.1109/TCYB.2025.3586643.

Vachtsevanos, G.; Lewis, F.; Roemer, M.; Hess, A.; Wu, B. Intelligent Fault Diagnosis and Prognosis for Engineering Systems; Wiley:
Hoboken, NJ, USA, 2006. https://doi.org/10.1002/9780470117842.

Zhang, W.; Peng, G.; Li, C,; Chen, Y.; Zhang, Z. A New Deep Learning Model for Fault Diagnosis with Good Anti-Noise and
Domain Adaptation Ability on Raw Vibration Signals. Sensors 2017, 17, 425. https://doi.org/10.3390/s17020425.

Isermann, R.; Schaffnit, J.; Sinsel, S. Hardware-in-the-Loop Simulation for the Design and Testing of Engine-Control Systems.
Control Eng. Pract. 1999, 7, 643-653. https://doi.org/10.1016/50967-0661(98)00205-6.

Lokavarapu, N.T.; Sun, X. Integrated Digital Twins for Agricultural Machinery and Robotics: A Systematic Review of Architec-
tures, Quantified Impacts, and Deployment Gaps. J. Agric. Food Res. 2026, 29, 103051. https://doi.org/10.1016/j.jafr.2026.103051.
Wooley, A.; Dimson, G.; Bitencourt, J. Digital Twins Across Domains: A Cross-Industry Umbrella Review of Systematic Litera-
ture Reviews. Syst. Eng. 2026, 29, €70049. https://doi.org/10.1002/sys.70049.

Bitencourt, J.; Wooley, A.; Harris, G. Verification and Validation of Digital Twins: A Systematic Literature Review for Manufac-
turing Applications. Int. |. Prod. Res. 2025, 63, 342-370. https://doi.org/10.1080/00207543.2024.2357741.

Tehreem, H.; Iqbal, M.Z.; Akinade, O. Digital Twins in Advancing Net-Zero Wind Energy Systems: A Comprehensive System-
atic Review. Next Res. 2026, 10, 101794. https://doi.org/10.1016/j.nexres.2026.101794.

Yin, Y.; Ma, B.; Meng, Z.; Chen, L.; Liu, M.; Zhang, Y.; Zhang, B.; Wen, C. Construction Method and Case Study of Digital Twin
System for Combine Harvester. Comput. Electron. Agric. 2024, 226, 109395. https://doi.org/10.1016/j.compag.2024.109395.

Zhu, Z.; Yang, Y.; Wang, D.; Cai, Y.; Lai, L. Energy Saving Performance of Agricultural Tractor Equipped with Mechanic-Elec-
tronic-Hydraulic Powertrain System. Agriculture 2022, 12, 436. https://doi.org/10.3390/agriculture12030436.

Weng, S.; Yuan, C.; He, Y.; Shen, J.; Xu, L.; Zhu, Z,; Yu, Q.; Yang, X. Energy Optimization Control of Extended-Range Hybrid
Combine Harvesters Based on Quasi-Cycle Power Demand Estimation. ]. Agric. Eng. 2025, 56, 1819.
https://doi.org/10.4081/jae.2025.1819.

Liang, Y.; Lin, H.; Kang, W.; Shao, X.; Cai, J.; Li, H.; Chen, Q. Application of Colorimetric Sensor Array Coupled with Machine-
learning Approaches for the Discrimination of Grains Based on Freshness. | Sci Food Agric 2023, 103, 6790-6799.
https://doi.org/10.1002/jsfa.12777.

Dzah, C.S.; Duan, Y.; Zhang, H.; Boateng, N.A.S.; Ma, H. Latest Developments in Polyphenol Recovery and Purification from
Plant By-Products: A Review. Trends Food Sci. Technol. 2020, 99, 375-388. https://doi.org/10.1016/j.tifs.2020.03.003.

Falade, E.O.; Kouamé, K.J.E.-P.; Zheng, Y.; Zhu, Y.; Aregbe, A.Y.; Ye, X. Selective Hemicellulose Preservation through Ultra-
sound-Microwave Assisted Bleaching Enhances Octenyl Succinic Anhydride Grafting and Functional Properties of Brewer’s
Spent Grain. Food Chem. 2025, 493, 145600. https://doi.org/10.1016/j.foodchem.2025.145600.

Dadfarnia, M.; Sharp, M.E.; Herrmann, ].W. Comprehensive Evaluations of Condition Monitoring-Based Technologies in In-
dustrial Maintenance: A Systematic Review. . Manuf. Syst. 2025, 82, 449-477. https://doi.org/10.1016/j.jmsy.2025.06.015.
Ballarin, P.; Sala, G.; Airoldi, A. Cost-Effectiveness of Structural Health Monitoring in Aviation: A Literature Review. Sensors
2025, 25, 6146. https://doi.org/10.3390/s25196146.

Decker, T.; Jacobs, G.; Knops, M.; Roder, J. Cost Analysis of a Condition Monitoring System for Journal Bearings in Wind Tur-
bine Gearboxes. J. Phys. Conf. Ser. 2026, 3224, 062004. https://doi.org/10.1088/1742-6596/3224/6/062004.

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

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

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

https://doi.org/10.3390/app16147319



