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Abstract

Autonomous combine harvesters may improve harvesting timeliness, reduce labor depen-
dence, and support data-driven grain production, but deployment depends on whether
they can complete harvesting missions reliably under variable soil–crop–machine inter-
actions and at acceptable lifecycle cost. This scoping review was reported in accordance
with PRISMA 2020 and PRISMA-ScR. The Web of Science Core Collection was searched
for English-language peer-reviewed publications from 2006 to 30 May 2026, supplemented
by backward reference screening and forward citation tracking. Of 281 records identi-
fied, 138 studies were included in a framework-based thematic synthesis. Representative
platforms and enabling technologies were compared, the reviewed studies were descrip-
tively grouped according to their reported validation settings, reliability was assessed at
component, system, and mission levels, and feasibility was examined across economic, op-
erational, infrastructural, regulatory, and organizational dimensions. The evidence shows
progress in positioning, navigation, crop-boundary recognition, speed regulation, com-
ponent monitoring, fault diagnosis, and remote supervision, but repeated long-duration
validation of complete autonomous harvesting missions remains limited. Current evidence
therefore supports function-specific automation and supervised autonomy more strongly
than unrestricted driverless operation. Future research should prioritize bounded operat-
ing domains, graceful degradation, standardized safety assessment, multi-scenario field
validation, and reliable single-machine autonomy before fleet-level deployment.

Keywords: autonomous combine harvester; mission reliability; application feasibility;
supervised autonomy; predictive maintenance; field validation

1. Introduction
Food security, agricultural sustainability, and the declining availability of skilled rural

labor are accelerating the development of intelligent and autonomous agricultural machin-
ery. Among field machines, the combine harvester is particularly complex because it inte-
grates cutting, feeding, threshing, separation, cleaning, grain collection, and unloading into
a continuous operation. Its performance directly affects harvesting timeliness, grain loss,
grain quality, energy consumption, and production cost. Improving the intelligence and
autonomy of combine harvesters has therefore become an important component of modern
grain-production systems and the broader development of agricultural robotics [1–6].

Recent advances in positioning, machine vision, LiDAR, inertial sensing, embed-
ded computing, and intelligent control have enabled combine harvesters to progress from
isolated automatic functions toward more integrated autonomous operation [4,7,8]. Demon-
strated functions include crop-boundary recognition, field mapping, visual SLAM–inertial
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navigation, feed-rate prediction, adaptive forward-speed control, and autonomous path
generation [9–16]. Nevertheless, the available evidence remains concentrated on individual
functions, and the extent to which these functions can be integrated into reliable complete
harvesting missions has not been sufficiently established.

Reliable autonomous harvesting is particularly challenging because combine har-
vesters operate under strongly coupled soil–crop–machine interactions. Crop density,
moisture content, lodging condition, terrain undulation, soil trafficability, dust concentra-
tion, illumination, and feed rate may vary continuously during harvesting. These variations
affect not only perception and navigation but also the loads acting on the header, chassis,
threshing cylinder, cleaning sieve, bearings, transmissions, and bolted joints. Mechanical
vibration and structural degradation may reduce sensor stability, while perception or con-
trol errors may cause uneven feeding, excessive component loads, blockage, grain loss, or
unsafe machine behavior. Operational reliability must therefore be evaluated at compo-
nent, system, and harvesting-mission levels rather than being limited to the durability of
individual mechanical parts [17–28].

Field deployment also depends on whether reliability-enhancing technologies are
economically and operationally feasible. Additional sensors, redundant controllers, rein-
forced structures, computing platforms, and remote-supervision systems may improve
robustness but also increase capital cost, energy consumption, calibration requirements,
and maintenance complexity. Application feasibility consequently depends on lifecycle
cost, annual machine utilization, farm scale, labor substitution, infrastructure availability,
technical-service capacity, regulatory compliance, and user acceptance [29–41]. Operational
reliability is necessary for autonomous harvesting, but it does not guarantee large-scale
adoption unless the associated deployment requirements remain acceptable.

Previous reviews have examined intelligent combine harvester systems, agricultural-
machinery automation, autonomous navigation, fatigue reliability, agricultural-machine
safety, and structural fault diagnosis [4,5,7,17,28,34]. Nevertheless, four important gaps
remain. First, representative autonomous combine harvester platforms and field demon-
strations have rarely been compared systematically in terms of autonomous functions,
operating conditions, reported performance, human supervision, and practical limitations.
Second, navigation, perception, component control, fault diagnosis, and maintenance are
often studied separately, while failure propagation across mechanical, sensing, decision-
making, and execution subsystems remains insufficiently synthesized. Third, simulation
results, laboratory experiments, prototype trials, and field evidence are not always clearly
distinguished, making the strength and practical relevance of the available validation
evidence difficult to compare. Fourth, operational reliability and application feasibil-
ity are frequently discussed independently, although decisions concerning redundancy,
control performance, maintenance, safety, and infrastructure directly influence lifecycle
economic viability.

To address these gaps, this study conducts a scoping review with a framework-based
thematic synthesis of autonomous combine harvesters and related technologies relevant
to major grain-crop harvesting scenarios. It compares representative platforms and field
demonstrations, distinguishes subsystem-level results from complete-machine evidence,
evaluates reliability at component, system, and mission levels, and assesses whether
reliability-enhancing technologies remain feasible in terms of lifecycle cost, infrastructure,
safety, maintenance, and organizational support. On this basis, an author-developed
reliability–feasibility framework is used to identify the evidence required for safe and
practically scalable autonomous harvesting.

A scoping-review approach was adopted because the available evidence is heteroge-
neous in machine type, crop, autonomous function, validation environment, experimental
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scale, and reported performance indicators. Accordingly, this review addresses two ques-
tions: (1) What autonomous functions, machine platforms, reliability methods, and levels
of validation evidence have been reported for autonomous combine harvesters ? (2) What
technical, economic, operational, infrastructural, regulatory, safety, and organizational
factors currently limit their reliable and scalable deployment ?

2. Review Methodology and Reliability–Feasibility Framework
2.1. Review Design and Literature Search Strategy

This study was designed as a scoping review with a framework-based thematic
synthesis. A quantitative meta-analysis was not conducted because the included sources
differed substantially in machine type, crop, field environment, autonomous function,
validation scale, and reported indicators. This scoping review was reported in accordance
with the PRISMA 2020 statement and the PRISMA extension for Scoping Reviews (PRISMA-
ScR). The review was not prospectively registered, and no formal review protocol was
prepared or published.

The Web of Science Core Collection was searched using the Topic field, which covers
titles, abstracts, author keywords, and Keywords Plus. Publications available from 2006 to
30 May 2026 were considered. English-language peer-reviewed journal articles and review
articles were eligible. Standards, regulatory documents, and authoritative technical reports
were used only to support the safety and regulatory discussion and were not treated as
evidence of autonomous-harvester performance. Editorials, news items, book reviews,
patents, theses, and non-peer-reviewed web materials were excluded. No restriction was
applied to country or crop type. Backward reference screening and forward citation tracking
were used to identify additional relevant publications.

The search strategy combined four concept groups: the research object, autonomous-
operation technologies, reliability and maintenance, and application feasibility. The princi-
pal Boolean combinations were as follows:

(1) (“autonomous combine harvester” OR “unmanned combine harvester” OR “intelli-
gent combine harvester” OR “combine harvester”) AND (“autonomous navigation”
OR “path planning” OR “path tracking” OR “machine vision” OR “LiDAR” OR
“SLAM” OR “sensor fusion”);

(2) (“combine harvester” OR “grain harvester”) AND (“operational reliability” OR “struc-
tural reliability” OR “fatigue life” OR “vibration” OR “fault diagnosis” OR “condition
monitoring” OR “blockage detection” OR “predictive maintenance”);

(3) (“autonomous agricultural machinery” OR “robotic agricultural machinery” OR
“autonomous field machinery”) AND (“economic feasibility” OR “lifecycle cost” OR
“safety assessment” OR “risk assessment” OR “regulation” OR “user adoption”);

(4) (“combine harvester” OR “autonomous agricultural machinery”) AND (“digital twin”
OR “edge–cloud collaboration” OR “remote operation” OR “multi-machine coordina-
tion” OR “fleet scheduling”).

2.2. Literature Screening, Data Charting, and Descriptive Grouping of Validation Settings

Studies were included when they met at least one of the following criteria: (1) they
directly investigated autonomous or intelligent combine harvesters; (2) they addressed
combine harvester perception, navigation, motion control, adaptive regulation of working
components, condition monitoring, fault diagnosis, structural reliability, or predictive
maintenance; (3) they evaluated the economic, infrastructural, regulatory, safety, or or-
ganizational feasibility of autonomous agricultural machinery with clear relevance to
combine harvesting; or (4) they proposed methods for other agricultural machines that
were demonstrably transferable to autonomous combine harvester operation.
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Studies were excluded when they: (1) addressed only general agricultural digital-
ization, artificial intelligence, the Internet of Things, or smart farming without a clear
relationship to autonomous harvesting; (2) focused exclusively on post-harvest processing
or machinery unrelated to field harvesting; (3) lacked sufficient technical, methodological,
experimental, or validation information; (4) duplicated or substantially overlapped with
another publication; or (5) fell outside the operational reliability and application-feasibility
scope of this review.

The screening procedure comprised record identification, duplicate removal, title and
abstract screening, full-text eligibility assessment, and final inclusion. A total of 213 records
were identified through the Web of Science Core Collection, and 68 additional records
were identified through backward reference screening and forward citation tracking. The
combined search therefore produced 281 records. After 42 duplicate records were removed,
239 records underwent title and abstract screening. Sixty-eight records were excluded at
this stage because they did not meet the scope and relevance criteria applied in this review.
The full texts of the remaining 171 publications were assessed for eligibility. Thirty-three
full-text publications were subsequently excluded because they were not directly relevant
to autonomous combine harvesters, addressed only general digital agriculture without
clear methodological transferability, lacked sufficient technical or validation information,
substantially overlapped with another publication, or fell outside the reliability–feasibility
scope. Finally, 138 studies were retained for qualitative synthesis. The identification,
screening, full-text eligibility assessment, and final inclusion of sources of evidence are
presented in the PRISMA 2020 flow diagram shown in Figure 1.

All stages of study selection, including title-and-abstract screening and full-text el-
igibility assessment, were conducted manually by one reviewer (J.X.). No automated
screening, machine-learning, or study-selection software was used. Because screening
was conducted by a single reviewer, no inter-reviewer disagreement-resolution procedure
was applicable.

Data charting was conducted manually by one reviewer (J.X.), without the use of
automated extraction tools or independent duplicate verification. For each included pub-
lication, information was charted on the research object, machine or platform type, crop
and field condition, autonomous function, sensing and control method, target mechanical
component, validation environment, reported performance, reliability contribution, imple-
mentation requirement, practical limitation, and identified research gap. When available,
information on human supervision, intervention frequency, field-test duration, operating
scale, infrastructure dependence, and economic implications was also recorded. Infor-
mation that was not explicitly reported in the original publication was recorded as “not
reported” and was not inferred.

No formal critical-appraisal or risk-of-bias tool was applied because the purpose of this
scoping review was to map and compare heterogeneous technological evidence rather than
to estimate pooled intervention effects. For narrative interpretation only, the included stud-
ies were considered in relation to their direct relevance to autonomous combine harvesting,
completeness of the reported methods and results, realism of the validation environment,
duration and repeatability of testing, and consistency of performance across machines,
crops, and field conditions. These considerations were not used to generate numerical
scores or formal study-level risk-of-bias ratings.
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Figure 1. PRISMA 2020 flow diagram of the identification and selection of sources of evidence
included in the scoping review.

To describe the extent and setting of validation reported in the literature, the in-
cluded studies were descriptively grouped into six categories: Conceptual studies: studies
proposing architectures, frameworks, operating concepts, or analytical models without
experimental validation. Simulation-based studies: studies evaluated primarily through
numerical simulation, virtual environments, digital modeling, co-simulation, or model-
based analysis. Laboratory-based studies: studies validated using test benches, controlled
environments, component experiments, laboratory datasets, or indoor experimental plat-
forms. Prototype-based studies: studies implemented on an experimental machine or
modified combine harvester but not yet validated through representative and complete
harvesting missions. Field-validated studies: studies tested under real field conditions for
one or more autonomous functions, working-component controls, reliability methods, or
harvesting operations. Extended-deployment studies: studies reporting repeated, long-
duration, multi-field, multi-season, or operational-scale deployment under representative
production conditions.

The included studies were organized into eight thematic groups: autonomous plat-
forms and field demonstrations; perception and navigation; motion control and adaptive
component regulation; structural reliability and fault diagnosis; digital twins and predictive
maintenance; economic feasibility and user adoption; safety and regulation; and farm-level
and multi-machine management. These groups were used to organize the comparative
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analysis in the subsequent sections. Because some publications addressed more than
one topic, the thematic categories were not mutually exclusive. The charted data were
synthesized descriptively and thematically. Studies were first grouped according to their
principal research focus and were then compared in terms of machine or platform type,
autonomous function, validation environment, degree of system integration, reported
performance, human-supervision requirements, reliability contribution, and feasibility
limitation. Studies addressing more than one topic could be assigned to multiple thematic
groups. Because the included evidence differed substantially in research design, machine
type, crop, validation scale, and reported indicators, no statistical pooling or meta-analysis
was performed. Publication bias and selective-reporting bias were not formally assessed.
The evidence categories were used only as descriptive groupings of validation settings and
did not constitute a formal certainty-of-evidence assessment. The thematic classification of
the included literature is summarized in Table 1.

Table 1. Thematic classification of the literature included in the review.

Theme Main Focus Representative References

Autonomous platforms and
field demonstrations

Autonomous prototypes, integrated operation,
and field tests. [13,16,42,43]

Perception and navigation GNSS, vision, LiDAR, SLAM, sensor fusion,
boundary recognition, and path tracking. [9–13,16,44–50]

Motion control and component
regulation

Speed control, chassis control, feed-rate prediction,
threshing, cleaning, and loss monitoring. [14,15,42,43,51–68]

Structural reliability and fault
diagnosis

Fatigue, vibration, bearings, bolts,
threshing-cylinder imbalance, and condition

monitoring.
[17–28,69–81]

Digital twins and predictive
maintenance

Machine-state modeling, degradation prediction,
remote maintenance, and lifecycle management. [22,27,78,82–85]

Economic feasibility and user
adoption

Investment, labor savings, farm scale, machine
utilization, return on investment, and acceptance. [29–33]

Safety and regulation Risk assessment, fail-safe operation, emergency
response, standards, and regulation. [34–37]

Farm-level and multi-machine
management

Fleet scheduling, cooperative operation, unloading
coordination, and farm-management integration. [86–89]

The thematic classification was used to distinguish combine harvester-specific evi-
dence from transferable studies on other agricultural machines and to compare validation
methods, reliability contributions, implementation constraints, and research gaps.

2.3. Definition and System Boundary of Autonomous Combine Harvesters

In this review, an autonomous combine harvester is defined as a cyber–physical
agricultural machine capable of coordinating vehicle motion and harvesting processes
with minimal direct human intervention. Remote supervision, emergency takeover, and
maintenance intervention may still be required. The term “intelligent combine harvester”
refers more broadly to machines equipped with sensing, decision-support, monitoring, or
automatic-control functions; whereas, “unmanned combine harvester” refers to operation
without an onboard driver.

Autonomous harvesting extends beyond automatic steering and includes perception,
localization, path planning, motion control, adaptive regulation of working components,
condition monitoring, safety protection, remote supervision, and operational data man-
agement. To distinguish isolated automatic functions from integrated autonomy, the
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reviewed systems were classified into four analytical categories: function-specific automa-
tion, partially autonomous operation, integrated single-machine autonomy, and fleet-level
autonomy, as summarized in Table 2. These categories are used only for comparative
analysis and do not represent formal certification grades.

Table 2. Analytical categories used to classify autonomy in combine harvester studies.

Autonomy Category Definition Typical Human Involvement

Function-specific automation
Automation of one isolated function,

such as steering, navigation-line
recognition, or component regulation.

Continuous operator presence or
direct supervision.

Partially autonomous operation
Several automatic functions are

coordinated, but the harvesting process
is not completed independently.

Frequent operator supervision or
intervention.

Integrated single-machine
autonomy

One combine harvester completes most
or all of a harvesting mission within a

defined operating domain.

Remote supervision, emergency
takeover, or maintenance

intervention only.

Fleet-level autonomy
Multiple harvesters, transport vehicles,
or management platforms coordinate

field operations.

Mainly supervisory and
organizational involvement.

The internal system boundary includes onboard sensing, computing, decision-making,
steering, propulsion, harvesting components, condition monitoring, communication, and
safety control. The external boundary includes field conditions, positioning and com-
munication infrastructure, remote supervision, maintenance services, farm-management
platforms, regulations, and organizational support.

For analysis, the system is divided into four interacting layers: perception, decision and
planning, execution, and management and supervision. This structure allows autonomous
combine harvesters to be evaluated as integrated systems rather than as separate navigation,
control, or mechanical modules.

2.4. Reliability–Feasibility Analytical Framework

Operational reliability is defined as the ability of an autonomous combine harvester
to complete a specified harvesting mission continuously, safely, and within acceptable
performance limits under defined field conditions. It is assessed at three levels: component
reliability, system reliability, and mission reliability.

Component reliability concerns failures such as fatigue, wear, vibration, loosening,
blockage, sensor contamination, and actuator degradation. System reliability concerns the
coordinated stability of perception, localization, decision-making, control, communication,
diagnosis, and safety functions. Mission reliability concerns the ability of the complete
machine to finish harvesting with acceptable grain loss, path-tracking accuracy, intervention
frequency, downtime, energy consumption, and safety performance.

Application feasibility refers to whether autonomous combine harvesters can be
economically acquired, practically operated, maintained, regulated, accepted, and scaled.
Five dimensions are considered: economic, operational, infrastructural, regulatory and
safety, and user and organizational feasibility [29–37].

Based on the reviewed evidence, this study proposes an author-developed reliability–
feasibility framework, as shown in Figure 2. The framework compares technologies accord-
ing to their reliability contribution, implementation cost, maintenance and infrastructure
requirements, validation setting, and remaining validation needs.
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Figure 2. Author-developed reliability–feasibility coupling framework for autonomous combine
harvesters. Original figure developed by the authors.

Condition monitoring, predictive maintenance, digital twins, reliability-constrained
control, edge–cloud collaboration, and multi-machine coordination are treated as coupling
mechanisms within this framework [22,27,82–87,90–92]. Their practical value is assessed
by whether they improve mission reliability without imposing disproportionate lifecycle
cost, maintenance requirements, or infrastructure dependence.

3. Demonstrated Autonomous Combine Harvester Systems and
Enabling Technologies

This chapter reviews autonomous functions that have been implemented on actual
combine harvester platforms. The analysis focuses on the machine or experimental platform,
crop and field condition, demonstrated function, reported performance, remaining human
involvement, and limitations of the validation. Methods developed for tractors, field
robots, or general agricultural vehicles are discussed only when they directly support a
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combine harvester function and are clearly identified as transferable rather than combine-
specific evidence.

3.1. Representative Autonomous Combine Harvester Platforms and Field Demonstrations

The reviewed combine harvester studies show a progression from automatic guidance
toward limited coordination between vehicle motion and harvesting processes. However,
this progression has not yet produced extensive evidence of fully integrated, driverless
harvesting. Existing platforms mainly demonstrate one or several functions, including
visual–inertial localization, GPS-based path generation and tracking, operating-speed regu-
lation, fault-aware speed reduction, crawler-chassis leveling, and threshing-speed control.
Table 3 compares these demonstrations using the actual machine or experimental platform,
crop and field condition, validation scale, autonomous function, reported validation setting,
autonomy category, reported performance, and remaining limitation. This distinction is
important because implementation on a combine harvester does not necessarily mean that
the complete harvesting mission was autonomous.

Table 3. Field and prototype demonstrations on actual combine harvester platforms.

Study Machine/Platform Crop and Test
Scale

Demonstrated
Autonomous

Function

Validation
Setting

Autonomy
Category

Main Quantitative
Result and Limitation

Zhu et al.
[13]

Experimental
combine harvester;
model not reported

Crop not clearly
reported;

repeated 25 m
field runs at

0.9–1.5 m s−1

Visual
SLAM–inertial
localization and

navigation

Field-
validated

Function-
specific

automation

Mean lateral deviation:
2.21–8.62 cm; cutting

rate: 92.2–96.0%. Only
short navigation trials

were reported; obstacle
response, unloading,

component regulation,
and complete-mission

reliability were not
evaluated.

Lee et al.
[16]

Six-row tracked
robotic combine

harvester

Rice field, 90 ×
20 m; 1150 m

travel; 2070 m2

harvested in 16
min 38 s

Dual-GPS path
generation,

tracking,
turning, and
harvesting

control

Field-
validated

Partially au-
tonomous
operation

Mean tracking error:
0.038 m on working
paths and 0.195 m
during turns; field

efficiency was 76.7% of
manual operation.

Unloading remained
manual and obstacle

sensing was not
integrated.

Chen et al.
[14]

Haolong 4LZ-8F
wheeled full-feed

combine; 2.6 m
cutting width; rated

feed rate 8 kg s−1

Rice field; five
manual and

five automatic
trials, each 30 m

Deep-learning-
based

prediction and
regulation of

operating speed

Field-
validated

Function-
specific

automation

Automatic operation
required 28.11 s versus

30.92 s manually;
average feed rate was

7.24 versus 6.87 kg s−1,
with similar loss and

impurity levels.
Validation remained

limited to short
selected trials.

https://doi.org/10.3390/app16147256

https://doi.org/10.3390/app16147256


Appl. Sci. 2026, 16, 7256 10 of 31

Table 3. Cont.

Study Machine/Platform Crop and Test
Scale

Demonstrated
Autonomous

Function

Validation
Setting

Autonomy
Category

Main Quantitative
Result and Limitation

Zhang
et al. [42]

Unmanned combine
harvester; 2 m
cutting width

Nanjing 9108
rice; one field;
1071 operating

samples

Fault-state
prediction and

fuzzy
forward-speed

regulation

Field-
validated

Function-
specific

automation

Fault classification
accuracy reached

98.59%, and speed
adjustment occurred

within approximately
0.5–2 s. Evidence was
derived from one field
and depended on 4G

communication.

Hu et al.
[53]

World 4LZ-6.0
crawler combine

harvester

Prototype
attitude tests at
an agricultural
industrial park;
December 2020

Adaptive
chassis leveling

Prototype-
based

Function-
specific

automation

Automatic leveling
accuracy was

approximately +/−0.4
degrees, with reported
lateral and longitudinal

adjustment ranges.
Tests did not represent

a complete
autonomous

harvesting mission.

Zhu et al.
[51]

Combine harvester
equipped with an
electric threshing

drum

Rice field;
vehicle speed

2 m s−1

FONSSMO-
MPC

threshing-
drum speed

control

Field-
validated

Function-
specific

automation

RMS speed error and
maximum speed error

were reduced by
73.96% and 75.10%,

respectively;
entrainment loss

decreased by 19.43%.
The study validated

one operating
component rather than
integrated autonomy.

Figure 3 provides an example of an actual tracked combine harvester platform
equipped with positioning, onboard computing, steering-control, and electro-hydraulic
actuation components. It illustrates the hardware integration required to implement au-
tonomous functions on a complete harvesting machine.

The platform evidence shows that navigation and vehicle guidance are currently the
most frequently demonstrated autonomous functions. Lee et al. [16] combined dual-GPS
positioning with path generation, turning, and field tracking on a robotic combine har-
vester; whereas, Zhu et al. [13] demonstrated visual–inertial localization on an experimental
combine platform. Other studies extended autonomy beyond guidance: Chen et al. [14]
regulated operating speed according to predicted harvesting conditions, Zhang et al. [42]
linked fault prediction with forward-speed reduction, Hu et al. [53] implemented automatic
crawler-chassis leveling, and Zhu et al. [51] controlled threshing-drum speed during field
operation. Nevertheless, these machines did not autonomously perform every stage of
the harvesting mission. Obstacle response, headland handling, crop-intake regulation,
blockage recovery, unloading, emergency takeover, and maintenance intervention were
generally evaluated separately or retained under human supervision. The reviewed ev-
idence therefore describes a set of increasingly capable autonomous combine harvester
functions rather than a widely validated, fully integrated driverless combine harvester.
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Figure 3. Overall structure of the combine harvester system. Reproduced from [93] under the terms
of the Creative Commons Attribution License (CC BY).

3.2. Perception and Localization Demonstrated on Combine Harvester Platforms

The perception layer provides information on machine position, heading, field bound-
aries, crop conditions, obstacles, terrain, and machine state. RTK-GNSS and dual-antenna
systems provide accurate absolute positioning and heading information in open fields, but
their performance depends on satellite visibility and correction-signal availability [16,46].
Near trees, field margins, shelterbelts, or uneven terrain, satellite signals may deteriorate
and reduce localization continuity.

Vision-based methods provide local environmental information that absolute posi-
tioning alone cannot supply. Stereo vision has been applied to ego-motion estimation and
dense three-dimensional crop-field mapping for combine harvesters [9,10]. An example of
a combine harvester platform, the corresponding crop field, and the reconstructed depth
information is shown in Figure 4.

Deep-learning-based semantic segmentation supports navigation-line and harvesting-
boundary recognition under complex crop backgrounds [11,12]. Stereo-vision-based multi-
crop edge detection can further reduce boundary ambiguity in dense canopies [94]. Visual
SLAM–inertial fusion provides an alternative localization source when GNSS information
becomes unstable [13,95].

Multi-sensor information fusion can reduce dependence on a single positioning or per-
ception source [45,46]. Nevertheless, adding sensors does not automatically ensure reliable
perception. Cameras remain vulnerable to dust, lens contamination, variable illumination,
crop occlusion, and vibration. LiDAR performance may also deteriorate in dense airborne
dust, while inertial and odometric methods accumulate drift. Sensor fusion further in-
creases calibration effort, computing demand, hardware cost, and maintenance complexity.

For autonomous harvesting, perception should therefore be evaluated by more than
average recognition accuracy or positioning error. Relevant indicators include localization
availability, boundary-tracking continuity, obstacle missed-detection rate, recovery after
GNSS loss, confidence-estimation quality, inference delay, and the frequency of safety inter-
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vention. Evidence obtained during full-day harvesting, progressive sensor contamination,
changing illumination, and repeated crop transitions remains limited.

 

Figure 4. A dense 3D mapping example of a real crop field. (a) Experimental platform; (b) real
crop field; (c) depth map. The color gradient represents relative depth, with warm colors (red and
yellow) indicating shorter distances from the camera and cool colors (cyan and blue) indicating
longer distances. Reproduced from [10] under the terms of the Creative Commons Attribution
License (CC BY).

The main technical need is therefore not simply a larger sensor suite, but an
uncertainty-aware perception architecture. Such an architecture should detect declin-
ing confidence, switch between complementary localization sources, reduce machine speed
when uncertainty increases, and initiate a safe stop when the operating environment ex-
ceeds the validated domain. This approach provides a more practical balance between
perception robustness, system cost, and maintenance burden.

3.3. Coordinated Vehicle and Harvest-Process Control

The decision and planning layer converts perception and machine-state information
into route, speed, turning, component-regulation, and safety commands. Unlike an au-
tonomous transport vehicle, a combine harvester must coordinate vehicle motion with
crop intake and internal material flow. Excessive forward speed may cause overload,
blockage, increased grain loss, structural vibration, and unstable cleaning; whereas, overly
conservative operation reduces field capacity and economic value.

Model predictive control, sliding-mode control, adaptive estimation, fuzzy control,
and reinforcement-learning methods have been investigated for agricultural-machine path
tracking [49,93,96–100]. These studies provide transferable methods for disturbance rejec-
tion and trajectory control. However, results obtained from tractors or general agricultural
vehicles should not be interpreted as direct evidence of autonomous combine harvester
readiness because they do not reproduce the continuously varying crop flow and internal
processing loads of a combine harvester.

Combine harvester motion control should be linked directly to crop and machine
states. Deep-learning-based operating-speed control and pre-harvest feed-quantity pre-
diction allow the machine to adjust its speed before crop-flow disturbances reach the
threshing system [14,15]. Crop-height estimation and three-dimensional crop information
may provide additional advance information for regulating crop intake [101]. Fault-aware
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speed control can further reduce forward speed when abnormal loads or blockage risks are
detected [42]. These approaches are more relevant to autonomous harvesting than speed
control based only on path geometry.

Terrain adaptation is also necessary because chassis attitude affects steering, header
height, sensor orientation, crop intake, and material distribution on the cleaning sieve.
Adaptive leveling systems and attitude-adjustable crawler chassis can improve stability on
uneven or sloping fields [53,54,102]. Their practical value must nevertheless be balanced
against increased actuator number, hydraulic or electrical demand, control complexity, and
maintenance requirements.

The execution layer controls the steering system and the mechanical harvesting pro-
cesses. Existing studies have investigated electric or variable-diameter threshing drums,
coordinated threshing and cleaning control, distributed electric drives, grain-loss sens-
ing, impurity and breakage detection, and blockage monitoring [51,52,55–59,103–109].
Full-condition monitoring can further provide feedback on machine state and harvesting
quality [110]. Field-based modeling of the threshing–cleaning subsystem by Li et al. [52]
covered rice, wheat, corn, soybean, and rapeseed, with verification VAF values of at least
81.7% and RMSE values no greater than 0.602. Because the study did not demonstrate
vehicle-level autonomy, it is treated here as enabling process-control evidence rather than
as an autonomous-harvester platform.

These studies demonstrate that the main sensing and actuation elements required
for closed-loop harvesting control are increasingly available. However, most systems
optimize one component or one indicator, such as forward speed, drum speed, grain loss,
blockage, or cleaning performance. Evidence of coordinated closed-loop control across
vehicle speed, crop intake, header operation, threshing, cleaning, grain-tank status, and
unloading remains limited.

Consequently, these methods should be interpreted as enabling technologies rather
than evidence of complete autonomy. A convincing integrated system should demonstrate
that perception outputs are converted into coordinated vehicle and process commands,
that abnormal crop or machine states lead to an appropriate degraded mode, and that
harvesting can continue or stop safely without frequent human intervention.

3.4. Safety Supervision, Unloading, and Cooperative Operation

The management and supervision layer supports operating-domain monitoring,
fault reporting, maintenance, remote intervention, and coordination with other ma-
chines. Because combine harvesters contain cutting, conveying, rotating, threshing,
and unloading mechanisms, autonomous operation requires obstacle detection, emer-
gency stop, power disengagement, safe-speed limitation, degraded operating modes, and
remote takeover [34–36,111].

Remote operation and maintenance platforms can transmit machine states, alarms,
and diagnostic information to supervisory personnel [27]. Such platforms are valuable
when a machine encounters an abnormality or leaves its validated operating domain.
However, remote supervision depends on communication availability, latency, and operator
workload. It should therefore supplement rather than replace onboard fail-safe control. A
communication failure should trigger a predefined degraded mode or safe stop instead of
leaving the machine dependent on delayed remote intervention.

Autonomous harvesting is also a farm-level logistics problem. Combine har-
vesters must coordinate with grain carts, transport vehicles, other harvesters, and farm-
management platforms. Vehicle-routing methods and collaborative path planning can
reduce waiting time and field-completion time [86,88]. Unmanned-farm operation-control
platforms support task allocation and remote machine management [87], while farm-
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management information systems integrate field maps, machine status, yield information,
and operation schedules [112]. Unoccupied tracked grain vehicles may further support
coordinated unloading [113].

These technologies can improve machine utilization and reduce interruptions caused
by unloading and transport. However, they introduce additional requirements for com-
munication stability, data-interface compatibility, task-conflict resolution, fleet-level safety,
and supervisory organization. Current evidence mainly demonstrates routing meth-
ods, control platforms, or supporting vehicles rather than repeated commercial-scale
cooperative harvesting.

Fleet-level autonomy should therefore be evaluated by field-completion time, harvester
waiting time, unloading coordination, communication interruptions, task-reallocation suc-
cess, human supervisory workload, and fleet-level safety events. Without these indicators, a
multi-machine demonstration cannot establish that cooperative harvesting is operationally
reliable or scalable.

3.5. Comparison of Enabling Technologies and Reported Validation Evidence

Table 4 compares the main enabling technologies in terms of their functions, principal
advantages, limitations under harvesting conditions, and the validation evidence reported
in the reviewed literature. The comparison is descriptive and does not assign numerical
ratings or certification grades.

Table 4. Comparison of key perception and reliability-management methods for autonomous
combine harvesters.

Technology or
Method Main Function Principal

Advantages

Main Limitations
Under Harvesting

Conditions

Reported Validation
Evidence

RTK-GNSS and
dual-antenna
positioning

Absolute
positioning,

heading estimation,
path generation,

and tracking

Centimeter-level
positioning in open

fields; relatively
mature integration

with steering control

Depends on satellite
visibility and correction
signals; degrades near

trees, field margins,
shelterbelts, and uneven

terrain; cannot
independently detect

obstacles

Function-specific
field validation on
combine harvesters

[16,46]

Machine vision and
semantic

segmentation

Crop-boundary
recognition,

navigation-line
extraction,

crop-state sensing,
and obstacle
classification

Rich semantic
information;

supports local
interpretation of crop
and field conditions;
comparatively low

sensor cost

Sensitive to illumination,
dust, shadows, crop

occlusion, lens
contamination, and

domain shift; requires
representative labeled

datasets

Laboratory,
prototype, and
selected field

validation
[9–12,47,94]

LiDAR-based
sensing

Obstacle ranging,
geometric

mapping, and local
three-dimensional

perception

Accurate distance
measurement; lower

dependence on
visible illumination

than cameras

Dense airborne dust and
sensor contamination

may produce false
returns; higher

hardware cost; limited
combine-specific

long-duration validation

Mainly laboratory
and prototype
evidence, with

limited
harvesting-field

validation [44,48,50]
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Table 4. Cont.

Technology or
Method Main Function Principal

Advantages

Main Limitations
Under Harvesting

Conditions

Reported Validation
Evidence

Visual-inertial
SLAM

Localization and
mapping when

GNSS availability
decreases

Maintains local
spatial continuity

and combines visual
structure with
inertial motion

information

Accumulated drift,
vibration sensitivity,

sensor synchronization,
changing crop

appearance, and high
computational demand

Short field
demonstrations on

experimental
combine harvester

platforms [13]

Multi-sensor fusion

Integration of
GNSS, vision,
LiDAR, IMU,

odometry, and
machine-state

sensing

Improves
information

availability and
allows

complementary
sensing under partial

degradation

Calibration effort, time
synchronization,
computing load,
correlated sensor

failures, maintenance
complexity, and limited
fault-isolation evidence

Prototype and
function-specific

field evidence;
limited

complete-mission
validation

[9–13,45,49,51]

Signal-processing-
based diagnosis

Detection of
vibration, bearing,

imbalance,
loosening,

blockage, and
transmission
abnormalities

Relatively
interpretable; can

operate with limited
training data;

suitable for onboard
condition monitoring

Signal characteristics
vary with crop load,

rotating speed, terrain
excitation, sensor

location, and machine
type

Extensive laboratory
and component-level

evidence; limited
long-duration
cross-machine

validation
[17–21,28,69–74]

Physics- and
model-based

reliability analysis

Stress, fatigue,
load-spectrum,

dynamic-response,
degradation, and

remaining-life
assessment

Provides mechanistic
explanation and

supports structural
optimization and

weak-point
identification

Accuracy depends on
field-load measurement,

boundary conditions,
model updating, and

degradation-parameter
identification

Simulation,
measured-load, and

component-test
evidence

[17–27,70–78]

Machine-learning
and deep-learning

fault diagnosis

Classification and
prediction of

bearing faults,
imbalance,

looseness, blockage,
and abnormal

operating states

Can identify
nonlinear and

high-dimensional
fault patterns and
combine multiple

sensor inputs

Requires representative
labeled faults;

vulnerable to domain
shift, class imbalance,

false alarms, and limited
interpretability

Mainly laboratory
and prototype
evidence, with
selected field

validation [28,75–81]

Remaining-useful-
life prediction and

predictive
maintenance

Forecasting
degradation and

selecting
maintenance

timing

May reduce
unexpected

downtime and
support maintenance

planning during
narrow harvesting

windows

Scarce long-duration
degradation datasets;

uncertain warning lead
time; limited evidence of
avoided downtime and
lifecycle-cost reduction

Conceptual,
simulation, and

limited prototype
evidence

[22,27,78,82–85]

Digital-twin-based
monitoring and
decision support

Integration of
physical state,
virtual models,

diagnosis,
degradation

prediction, and
maintenance

decisions

Connects real-time
monitoring with

structural and
operational models;
supports scenario

analysis and
maintenance

decisions

Model fidelity, online
synchronization, data
quality, computational

demand,
interoperability, and
lack of complete field

validation

Predominantly
conceptual,

simulation, and
laboratory evidence

[22,82–85]
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Table 4 indicates that several positioning, perception, control, and diagnostic technolo-
gies have been validated at the prototype or function-specific field level. However, the
reviewed literature provides insufficient repeated, long-duration, complete-mission evi-
dence of extended operational deployment. The principal gap is therefore not the absence
of individual enabling technologies, but the lack of dependable system integration and
repeated mission-level validation under representative crop, terrain, soil, environmental,
and communication conditions.

4. Evidence of Operational Reliability: From Failure Chains to
Mission Completion

This chapter evaluates what the reviewed literature directly demonstrates about the
operational reliability of autonomous combine harvesters. General reliability methods
are discussed only when they have been applied to combine harvester components or
when they explain a clearly identified failure path affecting autonomous harvesting. The
analysis therefore distinguishes component-level detectability from system-level fault
management and from the stronger requirement of completing a harvesting mission with
limited interruption and human intervention.

4.1. Combine Harvester-Specific Failure Chains

The most important reliability problem is not an isolated component fault but the
propagation of disturbances across the soil–crop–machine and cyber-physical system. Dust,
changing illumination, crop occlusion, and vibration can reduce perception or localization
confidence. Resulting path deviation may produce uneven crop intake, which increases
threshing and cleaning loads and may lead to blockage, grain loss, excessive vibration, or an
emergency stop [13,17,42,45,107,110,114,115]. Conversely, mechanical vibration, looseness,
or structural degradation can disturb cameras, inertial sensors, connectors, and actuators,
thereby converting a mechanical abnormality into a sensing or control failure.

Crop-flow variation is another combine-specific failure source. Increased crop den-
sity, moisture, lodging, or forward speed can raise feed rate and internal material-flow
load. Field studies have shown that operating-speed prediction, fault-aware speed re-
duction, and threshing-drum regulation can reduce selected overload or performance
deviations [14,42,51]. However, these studies generally validated one control function over
short trials and did not trace the complete sequence from disturbance detection to degraded
operation, recovery, and mission completion.

The reviewed evidence therefore supports the existence of credible cross-layer fail-
ure chains, but only a limited number of studies have reproduced these chains ex-
perimentally on an autonomous combine harvester. Relationships inferred from sepa-
rate perception, structural, diagnosis, and process-control studies are identified here as
system-level hypotheses rather than direct evidence of complete autonomous-harvesting
failure propagation.

4.2. What Component and Subsystem Studies Demonstrate

Combine harvester research provides substantial component-level evidence on frame and
chassis vibration, cleaning-sieve fatigue, bearing faults, threshing-cylinder imbalance, bolted-
joint looseness, blockage, and transmission abnormalities [17–26,28,69–78,107–109,115–118].
Recent studies have further examined metal-surface wear and protection [119], wear
distribution on the header platform [120], and the dynamic vibration characteristics of
the cantilevered conveyor trough [121]. Vibration-source tracing and external-excitation
damping [122], together with prestressed composite-beam damping for the threshing
system [123], provide additional evidence that structural vibration can be identified and
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mitigated at the component level. Measured-load analysis, durability testing, vibration
monitoring, signal processing, and data-driven diagnosis have identified weak compo-
nents and detectable abnormal states. These results are relevant because failure of these
components can interrupt harvesting during a narrow operational window.

Nevertheless, most component studies were conducted through simulation, test
benches, controlled experiments, or limited field measurements. Reported outcomes
commonly include stress, fatigue life, vibration amplitude, classification accuracy, or pre-
diction error. They rarely report whether detection provided sufficient warning, prevented
a blockage or severe failure, reduced repair time, or allowed an autonomous machine to
complete the remaining field. High component-level accuracy should therefore not be
interpreted as demonstrated mission-level reliability.

The same limitation applies to sensing and process-control subsystems. Vision, GNSS,
visual-inertial localization, speed regulation, chassis leveling, and threshing control have
been demonstrated on actual machines [13,14,16,42,46,51,53]. Yet the evidence is mainly
function-specific. Long-duration performance under progressive sensor contamination,
repeated crop transitions, component degradation, and simultaneous faults remain insuffi-
ciently reported.

4.3. System Coordination, Degraded Operation, and Safety

System-level reliability requires the machine to recognize an abnormal state, iden-
tify its operational significance, select an appropriate response, and either recover or
stop safely. Existing combine harvester studies provide partial evidence for this se-
quence. Multi-source localization can maintain positioning when one information source
deteriorates [9–13,45,46,51]; predictive or fault-aware speed control can reduce crop intake
when load or fault risk increases [14,42]; and component monitoring can identify abnormal
vibration, imbalance, looseness, or blockage [22–28,75–78].

What remains largely unverified is the integration of these functions. The reviewed
literature does not provide repeated field demonstrations in which an autonomous com-
bine detected a perception, communication, actuator, or crop-flow fault; isolated the cause;
entered a validated degraded mode; and then recovered or stopped safely without inap-
propriate restart. Safety claims based only on normal-operation accuracy are therefore
insufficient. Evidence is needed from sensor-contamination tests, GNSS and communica-
tion loss, actuator degradation, abnormal crop-flow scenarios, emergency-stop verification,
and closed-loop fault injection [34–36,111].

A practical degraded mode may include reduced forward speed, restricted crop intake,
increased clearance margins, switching localization sources, suspension of unloading,
remote assistance, or controlled stopping. However, the value of such responses should
be demonstrated through lower intervention frequency, avoided blockage or damage,
reduced downtime, and successful mission completion rather than through architectural
description alone.

4.4. Mission-Level Evidence and Reliability Conclusion

Mission-level reliability is the strongest evidence requirement because it reflects the
combined performance of perception, localization, planning, vehicle control, harvesting-
component regulation, fault management, communication, and safety. The relevant out-
comes are mission completion rate, autonomous operating proportion, human-intervention
frequency, uninterrupted operating time, blockage and failure frequency, downtime, repair
time, grain loss, field capacity, energy use, and safety events. These indicators should be
reported together with crop condition, field area, terrain, soil, weather, positioning and
communication availability, activated autonomous functions, and the level of supervision.
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The representative platform studies reviewed in Section 3 demonstrate short-distance
navigation, path tracking, speed regulation, fault-aware control, chassis leveling, and
threshing-speed control [13,14,16,42,51,53,124]. Only limited studies coordinated several
vehicle functions, and unloading, obstacle response, blockage recovery, maintenance inter-
vention, or emergency takeover frequently remained under human control. No reviewed
study provided repeated, long-duration, multi-field or multi-season evidence of an unre-
stricted driverless combine completing the full harvesting mission.

Table 5 summarizes the strength and boundary of the available reliability evidence.

Table 5. Evidence map for operational-reliability claims in autonomous combine harvesters.

Reliability Issue Direct Combine
Harvester Evidence Typical Validation What Has Been

Demonstrated
What Remains

Unproven

Mechanical
integrity and

vibration

Frame, sieve, bearing,
threshing, bolt,
blockage, and

transmission studies
[17–26,28,69–78,107–

109,115,117,118]

Simulation, bench
tests, measured

loads, and limited
field measurements

Weak regions,
abnormal signals,

fatigue trends, and
fault-classification

performance

Reduction in
autonomous-mission
interruption, repair

time, or lifecycle cost
across repeated field

operation

Perception and
localization
continuity

GNSS, vision, stereo
mapping, semantic
segmentation, and

visual-inertial
navigation

[9–13,16,45,46,51]

Laboratory,
prototype, and
short field trials

Positioning,
boundary

recognition,
mapping, and
path-tracking

capability under
selected conditions

Full-day availability
under dust

accumulation,
changing illumination,

GNSS loss, crop
transitions, and

repeated recovery

Crop-flow and
process control

Forward-speed
prediction, fault-aware

speed adjustment,
leveling, and threshing

regulation
[14,42,51,53]

Prototype and
function-specific

field tests

Improved selected
control errors,

feed-rate response,
or component
performance

Coordinated control of
vehicle speed, header,

threshing, cleaning,
blockage response,

grain-tank status, and
unloading

Overall, evidence strength decreases sharply from component and function validation
to complete-mission reliability. The literature supports function-specific automation and su-
pervised autonomy, but it does not yet establish reliable unrestricted driverless harvesting.
The principal research gap is dependable integration and recovery under representative
field variability, not the absence of individual sensing, control, or diagnostic methods.

5. Deployment Evidence and Feasibility Boundaries
Application feasibility is evaluated here according to what the reviewed evidence can

support, rather than through a generic checklist of economic and organizational factors. The
central question is whether demonstrated reliability can be reproduced within a defined
operating domain at an acceptable lifecycle cost and with realistic maintenance, supervision,
infrastructure, and regulatory support.

5.1. Operating-Domain Evidence

The strongest combine-specific demonstrations were conducted in selected rice fields,
short test routes, or controlled operating conditions with known positioning and super-
vision arrangements [13,14,16,42,53]. These studies show that autonomous functions can
operate in bounded environments, but they do not justify generalization to all crops,
terrains, soils, field geometries, weather conditions, or communication environments.
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Hilly fields, wet paddy soils, lodged crops, dense or uneven crop stands, narrow
headlands, fragmented fields, and unstable GNSS or communication increase the likelihood
of mobility loss, rollover risk, sensing degradation, uneven feeding, blockage, and human
intervention [9–12,44,45,53,102,125–132]. Some of these effects have been measured on
combine harvesters; whereas, others are inferred from component, mobility, or transferable
agricultural-machinery studies. Consequently, each deployment claim should specify the
validated crop, terrain, soil, field layout, visibility, positioning availability, communication
availability, speed range, and supervision level.

Current evidence most strongly supports bounded operation in relatively regular
fields with stable positioning, accessible maintenance, and remote or nearby supervision.
Evidence is substantially weaker for unattended operation in difficult terrain, highly
variable crop conditions, or infrastructure-poor environments.

5.2. Lifecycle Economic Evidence and Uncertainty

Autonomy adds positioning, perception, computing, communication, actuation, safety,
software, calibration, and technical-service costs. Potential benefits include lower depen-
dence on skilled drivers, reduced overlap, more timely harvesting, improved scheduling,
and lower grain loss. Powertrain-level energy-management strategies have also been inves-
tigated for extended-range hybrid combine harvesters, indicating the potential to reduce
energy consumption through coordinated power-demand estimation and control [133].
However, their contribution to the lifecycle economic performance of autonomous har-
vesting remains insufficiently validated under long-term field conditions. Nevertheless,
the reviewed literature contains limited long-term commercial cost data for integrated
autonomous combine harvesters [29–31,38,134].

The platform studies in Section 3 report technical performance but generally do not
provide annual utilization, depreciation, sensor replacement, software and communication
fees, supervision labor, maintenance cost, downtime cost, insurance, residual value, or
multi-year return. A general payback period or cost advantage therefore cannot be calcu-
lated from the present combine-specific evidence. Economic conclusions should remain
conditional on farm scale, annual harvested area, labor prices, harvesting-window risk,
machine utilization, maintenance response, and the amount of supervision that autonomy
actually removes.

Digital monitoring or predictive maintenance may create economic value only when
the cost of additional sensing and support is lower than the avoided interruption, damage,
or unnecessary maintenance. Until these outcomes are reported in cost per hectare, cost
per operating hour, avoided downtime, or marginal benefit per autonomous function,
economic feasibility remains a scenario assumption rather than an established result.

5.3. Maintenance, Organization, Users, and Infrastructure

Autonomous combines retain the mechanical maintenance requirements of conven-
tional harvesters while adding cameras, positioning units, computers, communication
modules, electronic actuators, software, and calibration procedures. Remote diagnosis
may support fault interpretation, but it cannot replace local cleaning, repair, spare parts,
technicians, and safe recovery [27]. The reviewed studies rarely report calibration frequency,
service response time, software-support duration, spare-parts availability, or the proportion
of failures resolved remotely.

Evidence on user acceptance and organizational feasibility is also mainly derived
from agricultural robotics, intelligent machinery, or farm-management research rather
than repeated autonomous-combine deployment [32,33,39–41,135]. Labor demand may
shift from onboard driving to remote supervision, maintenance, fleet coordination, sensor
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cleaning, and data management. Claims of labor saving should therefore distinguish
removed driving hours from newly required technical and supervisory work.

Communication, positioning services, field maps, secure software updates, inter-
operable data interfaces, and farm-management platforms may improve utilization and
coordination [86–88,135]. They also create dependencies. Deployment is less feasible when
safety-critical behavior depends on unstable rural communication or when service and
data interfaces are proprietary, incompatible, or unavailable locally.

5.4. Safety, Regulation, and Staged Deployment

Safety and regulatory feasibility cannot be inferred from path-tracking or recognition
accuracy. Certification and operational approval require a defined operating domain, veri-
fied obstacle and emergency responses, controlled behavior under sensor or communication
loss, safe takeover and restart procedures, and clear responsibility among manufacturers,
software providers, owners, supervisors, and service organizations [34–37]. The reviewed
literature contains relevant risk and safety frameworks, but limited certification-grade
evidence for integrated autonomous combines.

Table 6 summarizes the deployment conclusions that can currently be supported and
the principal uncertainties that prevent broader claims.

Table 6. Evidence-based feasibility boundaries for autonomous combine harvester deployment.

Deployment Claim Evidence Base Current Conclusion Major Uncertainty Practical Implication

Autonomous
operation in regular

fields

Selected rice-field
demonstrations of

navigation, turning, speed
control, and harvesting
functions [13,14,16,42]

Conditionally
supported within

bounded operating
domains and with

supervision

Duration, crop diversity,
obstacle handling,

unloading, blockage
recovery, and
repeated-field
performance

Prioritize supervised
autonomy in large,
regular fields with

stable positioning and
service access

Operation in
difficult terrain or

variable crops

Leveling, mobility,
crop-condition, and
perception studies

[9–12,44,45,53,102,125–131]

Individual
adaptations are
promising, but

complete-mission
feasibility is not

established

Combined effects of
slope, soil, lodging,
moisture, dust, and

crop-flow variability

Restrict use to
validated conditions
and expand domains

through
scenario-specific trials

Lifecycle cost
advantage

General
autonomous-machinery
economics plus limited

combine-specific technical
trials [29–31,38]

No general payback
or cost advantage can

yet be concluded

Annual utilization,
supervision labor,

maintenance, downtime,
software, communication,

and residual value

Report cost per
hectare/hour and

marginal cost–benefit
of each autonomous

function

Maintainability and
service readiness

Condition monitoring and
remote maintenance
concepts [22,27,78]

Technical potential
exists, but

service-system
evidence is weak

Calibration burden,
technician availability,
spare parts, software

support, and
remote-resolution rate

Evaluate local-remote
service models during

multi-season
deployment

A staged pathway is therefore more defensible than immediate universal autonomy.
Near-term deployment should emphasize function-specific automation and supervised
single-machine autonomy in clearly reported operating domains. Expansion to difficult sce-
narios, unattended operation, and fleet coordination should depend on repeated evidence
of acceptable intervention frequency, harvesting quality, downtime, safety response, mainte-
nance burden, and lifecycle cost. Practical readiness should be judged by complete-mission
and service-system evidence, not by the number of autonomous functions installed.
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6. Emerging Support Mechanisms: Evidence and Limitations
Digital twins, predictive maintenance, reliability-constrained control, edge-cloud

systems, and cooperative operation are frequently proposed as mechanisms for linking
reliability with deployment value. In the reviewed literature, however, their evidence
maturity is lower than that of function-specific navigation or control. This chapter therefore
evaluates them as emerging support mechanisms rather than established solutions.

6.1. Digital Twins and Predictive Maintenance

Combine-related studies have examined structural state modeling, fault diagnosis,
degradation prediction, remote maintenance, and digital representations of machine condi-
tion [22–27,78,82–85,136]. These studies show that vibration, strain, temperature, torque,
load, and operating data can support state estimation or fault prediction. Nevertheless,
much of the digital-twin literature remains conceptual, simulation-based, laboratory-based,
or transferable from general agricultural machinery.

No reviewed study demonstrated that a digital twin reduced intervention frequency,
unplanned downtime, maintenance cost, or harvesting loss during repeated complete
autonomous-harvesting missions. Similarly, fault-diagnosis accuracy was rarely connected
to warning lead time, avoided failure, repair duration, spare-parts decisions, or success-
ful completion of the remaining field. Current evidence therefore supports condition
monitoring and selected fault prediction more strongly than a fully validated predictive-
maintenance system.

The most defensible development direction is a minimum mission-oriented model
rather than a comprehensive virtual replica. Additional sensing and model complexity
should be justified only when they improve a measurable decision, such as continued opera-
tion, reduced-load operation, scheduled maintenance, or immediate shutdown. Evaluation
should compare the proposed system with simpler baselines and report avoided interrup-
tion, false and missed alarms, maintenance cost, calibration demand, and transferability
across machines, crops, seasons, and component replacement.

6.2. Reliability-Constrained Control and Graceful Degradation

Field and prototype studies provide direct combine harvester evidence that for-
ward speed, crop intake, fault risk, chassis attitude, and threshing speed can be
regulated [14,42,51–53]. These results support the principle that productivity should be
constrained by blockage risk, vibration, grain loss, component load, localization confidence,
and safety-system availability rather than maximized independently.

However, an integrated reliability-constrained controller has not yet been demon-
strated across a complete mission. Existing studies generally optimize one variable or
component and do not verify how the machine selects among normal operation, reduced
speed, restricted harvesting functions, remote assistance, controlled stopping, and manual
recovery. Graceful degradation should therefore be treated as a testable system requirement,
not as an established capability.

Its value should be assessed through mission outcomes: fewer blockages and emer-
gency stops, lower human-intervention frequency, acceptable harvesting quality during
degradation, successful recovery, and reduced total downtime. A temporary reduction in
field capacity may be beneficial when it prevents a longer interruption, but this trade-off
requires field evidence and lifecycle-cost analysis.

6.3. Edge-Cloud and Cooperative Operation

Remote maintenance platforms, unmanned-farm control systems, scheduling meth-
ods, and cooperative vehicles provide useful transferable evidence for data management
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and farm-level coordination [27,86–88,113,137,138]. Their direct validation on repeatedly
operating autonomous combine fleets remains limited. Communication delay, inaccurate
state sharing, incompatible interfaces, route conflicts, and supervisory workload introduce
additional failure paths.

Safety-critical perception, steering, actuator control, fault containment, and emer-
gency stopping should remain available onboard unless equivalent communication and
latency guarantees are demonstrated. Cloud services are more appropriate for historical
storage, model updating, scheduling, maintenance planning, and lifecycle analysis. Under
communication loss, the machine should retain local safety functions and enter a defined
degraded mode.

Cooperative operation should follow, rather than precede, reliable single-machine
autonomy. Fleet-level benefits must be demonstrated against additional communication,
interoperability, supervision, and organizational costs. Overall, the preferred architecture
is the least complex configuration that satisfies a defined mission-reliability and safety
requirement at an acceptable lifecycle cost.

The limited maturity identified in this chapter leads directly to the research priorities
in Section 7: complete-mission validation, cross-layer fault management, lifecycle evidence,
and scenario-specific safety and interoperability.

To consolidate the distributed findings in Tables 4–6, Table 7 links each major tech-
nology to its demonstrated reliability contribution, practical feasibility burden, unre-
solved evidence gap, and the next validation step required for autonomous combine
harvester deployment.

Table 7. Cross-technology synthesis of reliability benefits, feasibility limitations, research gaps, and
priority directions for autonomous combine harvesters.

Priority Future Direction Current Research Gap Feasibility Limitation Reliability Benefit Technology

Develop
confidence-aware fusion
and sensor-degradation

management; report
localization availability,

recovery success,
intervention frequency,
and complete-mission

performance across crops
and fields.

Evidence is dominated
by short,

function-specific tests.
Full-day performance

under dust accumulation,
changing illumination,

vibration, GNSS loss, and
repeated recovery is

rarely reported.

Adds sensor cost,
calibration and

synchronization effort,
onboard computing

demand,
contamination-sensitive

hardware, and
maintenance complexity.

Improves localization
and crop-boundary

continuity when one
sensing source becomes

unreliable; supports
safer path tracking

under partial GNSS,
vision, or inertial

degradation.

Multi-sensor
perception and

localization
[9–13,16,45,46,51]

Validate integrated
reliability-constrained

control under multi-crop
and multi-condition

trials, using blockage,
grain loss, intervention,
downtime, and mission

completion as joint
outcomes.

Most studies regulate one
variable or component.

Coordinated closed-loop
control from crop

perception through
intake, threshing,

cleaning, and unloading
has not been

demonstrated over
complete missions.

Requires additional state
sensing, crop-specific
calibration, suitable
actuators, and more

complex control models;
conservative settings

may reduce short-term
field capacity.

Links forward speed,
crop intake, chassis

attitude, threshing, and
cleaning loads; may

reduce overload,
blockage, grain loss,

and unstable
harvesting quality.

Coordinated
vehicle and

harvest-process
control

[14,15,42,51–53]

Build cross-machine field
datasets and evaluate
missed alarms, false
alarms, warning lead

time, avoided downtime,
repair decisions, and
transferability rather

than classification
accuracy alone.

High diagnostic accuracy
is seldom connected to

warning lead time,
avoided field

interruption, successful
fault isolation, repair

time, or improved
mission completion.

Sensor durability, false
alarms, labeled-fault
scarcity, domain shift
among machines and
crops, and specialist
interpretation may

increase operating and
service burdens.

Supports early
detection of bearing

faults, imbalance,
looseness, abnormal

vibration, blockage risk,
and other conditions

that can interrupt
harvesting.

Condition
monitoring and
fault diagnosis

[22–28,42,75–78]
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Table 7. Cont.

Priority Future Direction Current Research Gap Feasibility Limitation Reliability Benefit Technology

Conduct closed-loop
fault injection and

degraded-mode trials;
report emergency-stop
success, takeover delay,
recovery rate, residual
harvesting quality, and
safety events within a

defined operating
domain.

The complete sequence
of fault detection,

isolation, degraded
operation, recovery, and

safe stopping has not
been verified in repeated

combine harvester
missions.

Redundancy,
remote-supervision

capacity, safety
validation,

communication support,
and certification

requirements increase
cost and organizational

complexity.

Can contain perception,
control, actuator, or

communication faults
through speed

reduction, function
restriction, remote

assistance, controlled
stopping, and safe

restart.

Safety
supervision and

graceful
degradation
[34–36,111]

Prioritize minimum
mission-oriented twins
and compare them with
simpler baselines; retain
only model states that
demonstrably improve

maintenance, control, or
safe-stop decisions.

Most evidence remains
conceptual,

simulation-based, or
laboratory-based. No

reviewed study showed
reduced intervention,
downtime, harvesting
loss, or lifecycle cost

during repeated
autonomous missions.

Requires model fidelity,
online synchronization,

additional sensing,
calibration, data

management,
interoperability, and

sustained computational
and specialist support.

May connect measured
machine states with
structural, crop-flow,

degradation, and
operational models to
support diagnosis and

mission-oriented
decisions.

Digital twins
[82–85,136]

Run multi-season
degradation studies and
report warning lead time,

avoided failures, false
maintenance actions,

repair duration, cost per
hectare, and successful

completion of the
remaining mission.

Component-level
prediction has rarely

been linked to avoided
failure, completed field
area, maintenance-cost
reduction, or lifecycle

economic return.

Long-duration
degradation data are

scarce; warning
uncertainty, spare-parts
availability, calibration,
service response, and

sensor costs may offset
the expected benefit.

May schedule
maintenance within the

narrow harvesting
window and prevent

degradation from
developing into
blockage, severe

damage, or prolonged
downtime.

Predictive
maintenance
[22,27,78,82]

Keep safety-critical
functions onboard, define

communication-loss
modes, standardize data
interfaces, and measure

communication
availability, supervisor

workload, recovery, and
downtime reduction.

Combine-specific
evidence under

communication loss and
long-duration field

operation is limited; the
effect on supervisory

workload and mission
continuity is

insufficiently quantified.

Depends on rural
connectivity, latency,

cybersecurity, compatible
interfaces, data

governance, and
continuing platform or

service availability.

Supports remote
diagnosis, historical

analysis, software and
model updating,

maintenance planning,
scheduling, and

supervisory awareness.

Edge-cloud and
remote operation
and maintenance

[27,87,137,138]

Establish reliable
single-machine

autonomy first, then
validate fleets using

field-completion time,
waiting time,

task-reallocation success,
communication

interruption, human
workload, safety events,

and lifecycle cost.

Evidence largely
concerns algorithms,

supporting vehicles, or
unmanned-farm

platforms rather than
repeated

operational-scale
autonomous combine

fleets.

Introduces
communication,
interoperability,

scheduling,
route-priority, fleet-safety,

supervision, and
organizational burdens

that may exceed the
benefit at small scale.

May reduce unloading
delay, machine waiting,
route conflict, and total
field-completion time
through coordination

among harvesters,
grain carts, and

transport vehicles.

Cooperative
harvesting and

fleet coordination
[86–88,113]

7. Research Gaps and Priority Directions
The reviewed evidence identifies four priorities: complete-mission validation, cross-

layer fault management, lifecycle and deployment evidence, and scenario-specific safety
and interoperability.

https://doi.org/10.3390/app16147256

https://doi.org/10.3390/app16147256


Appl. Sci. 2026, 16, 7256 24 of 31

7.1. Complete-Mission Field Validation

Most existing studies evaluate one autonomous function, one component, or one field
condition. Navigation, speed regulation, path generation, and fault prediction have been
demonstrated on combine harvester platforms, but repeated completion of full harvesting
missions remains insufficiently documented [13,14,16,42,43].

Future trials should integrate perception, localization, motion control, header oper-
ation, threshing, cleaning, blockage response, unloading, fault management, and safety
intervention within the same machine. Validation should cover different crops, crop den-
sities, moisture contents, lodging conditions, terrain, soil trafficability, dust, illumination,
and communication conditions.

At minimum, studies should report autonomous operating proportion, mission com-
pletion rate, intervention frequency, uninterrupted operating time, blockage and fault
frequency, downtime, repair time, grain loss, field capacity, energy consumption, and
safety-related events. Simulation, laboratory tests, prototype trials, and production-scale
deployment should be distinguished clearly. Successful validation of one subsystem should
not be treated as evidence of complete autonomous harvesting.

7.2. Cross-Layer Reliability and Safe Degradation

Future research should investigate cross-layer failure propagation through sensor-
contamination tests, communication-loss scenarios, actuator degradation, abnormal crop-
flow conditions, and closed-loop fault-injection experiments. These tests should determine
whether faults can be detected, isolated, contained, and recovered before they cause unac-
ceptable harvesting loss, unsafe behavior, or mission interruption.

The practical objective should be fault-tolerant mission completion rather than the
complete elimination of all faults. Research should define decision thresholds for reduced-
speed operation, restricted autonomous functions, remote assistance, controlled stopping,
and manual recovery. The reliability and economic value of graceful degradation should
also be compared with extensive hardware redundancy, because additional sensors, con-
trollers, and actuators may increase cost, calibration effort, energy consumption, and
maintenance requirements.

7.3. Lifecycle and Deployment Evidence

Digital twins, predictive maintenance, and intelligent monitoring should be evalu-
ated against simpler baseline methods and through measurable reductions in unplanned
downtime, severe failure, unnecessary maintenance, intervention frequency, or lifecy-
cle cost [22,78,82–85,136]. Their assessment should include sensor and calibration costs,
computing and data requirements, software maintenance, specialist support, and model
transferability across machines, crops, seasons, and component replacements.

Deployment studies should jointly report technical reliability, annual operating area,
labor and supervision requirements, field fragmentation, harvest-window duration, main-
tenance response time, software and communication fees, insurance, residual value, and
user-support requirements [29–33,38–41]. Further evidence is particularly needed on farmer
and contractor acceptance, safe takeover, interpretation of faults, training, and the redis-
tribution of labor from onboard driving to supervision and technical support. Contractor,
cooperative, leasing, and shared-service models should be compared with individual
ownership for small and medium-sized farms.

7.4. Safety, Standards, and Fleet-Level Operation

Safety validation should be linked to a clearly defined operational design domain
covering crop type, terrain, soil condition, visibility, dust, positioning and communication
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availability, operating speed, and supervision level [34–37]. Minimum evidence should
include obstacle-detection performance under degraded conditions, emergency-stop dis-
tance, communication-loss response, remote-takeover delay, safe restart, and the outcomes
of injected sensor and actuator faults. Responsibility among manufacturers, software
providers, machine owners, operators, remote supervisors, and service organizations
should also be clarified.

Fleet-level autonomy should follow rather than precede reliable single-machine opera-
tion. Although multi-machine coordination may reduce unloading delays and improve
machine utilization [86–88,113], it introduces additional risks involving communication
delay, incompatible interfaces, route conflict, inaccurate state sharing, and unclear priority
rules. Future work should therefore establish interoperable machine-state descriptions,
task interfaces, safety messages, communication-loss behavior, and maintenance records
before operational-scale fleet deployment.

7.5. Limitations of the Review

This scoping review has several methodological limitations. First, the Web of Sci-
ence Core Collection was used as the principal bibliographic database; therefore, relevant
studies indexed exclusively in other databases may have been missed. Second, only
English-language peer-reviewed journal and review articles were eligible, which may have
introduced language and publication bias. Backward reference screening and forward cita-
tion tracking may also have been affected by database indexing and citation coverage, and
publication or selective-reporting bias was not formally assessed. Third, title-and-abstract
screening, full-text eligibility assessment, data charting, and evidence classification were
conducted by one reviewer, which may have increased the risk of selection or interpreta-
tion bias. Fourth, no formal critical-appraisal or risk-of-bias tool was applied because the
review aimed to map heterogeneous technological evidence rather than estimate pooled
intervention effects. Fifth, the included studies differed substantially in machine type,
crop, autonomous function, validation environment, test duration, and reported indicators,
preventing statistical synthesis. Finally, the thematic grouping of heterogeneous studies
involved reviewer judgment.

8. Conclusions
This review examined autonomous combine harvesters through a reliability–feasibility

framework linking component, system, and mission reliability with economic, operational,
infrastructural, regulatory, and organizational conditions. The reviewed evidence in-
dicates substantial progress in individual functions, including positioning, navigation,
crop-boundary recognition, speed regulation, harvesting-component monitoring, fault
diagnosis, and remote supervision. However, repeated and long-duration validation of
complete autonomous harvesting missions remains limited, and the available evidence
currently supports function-specific automation and supervised autonomy more strongly
than unrestricted driverless operation.

A major remaining barrier is not merely the availability of individual algorithms,
but their dependable integration under variable soil–crop–machine interactions. Practical
deployment should therefore be evaluated through complete-mission outcomes, including
task completion, intervention frequency, harvesting quality, downtime, fault recovery,
energy use, and safety performance, rather than through isolated tracking, recognition, or
fault-classification accuracy. At the same time, reliability-enhancing technologies should
be evaluated against their additional acquisition, calibration, maintenance, computing,
communication, and infrastructure requirements. The value of digital twins, predictive
maintenance, redundancy, and reliability-constrained control should be demonstrated
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through measurable reductions in mission interruption, safety risk, or lifecycle cost rather
than assumed from increased system complexity.

The synthesis therefore supports bounded and verifiable single-machine autonomy
within clearly defined operating domains as the most realistic near-term development
target. Wider unattended and fleet-level deployment will require stronger evidence of
complete-mission reliability, safe degradation, standardized safety assessment, interop-
erability, maintenance support, and lifecycle economic value. Ultimately, autonomous
combine harvesters should be judged by two connected questions: whether they can
complete representative harvesting missions continuously and safely under variable field
conditions, and whether the technologies required to achieve this performance remain
economically and practically feasible throughout the machine lifecycle.
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