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Abstract 

Hilly orchards are characterized by undulating terrain, canopy occlusion, irregular tree-

row structures, and marked variations in ground adhesion conditions, which challenge 

the autonomous navigation of agricultural machinery by degrading perception and local-

ization, increasing reference path uncertainty, and reducing closed-loop robustness. Per-

ception and localization errors can propagate progressively along the chain of “sensor 

observation–vehicle pose estimation/environmental-structure perception–reference path 

generation–path-tracking controller inputs–vehicle closed-loop response,” ultimately af-

fecting path-tracking accuracy, control smoothness, and operational safety. This review 

examines perception and localization error propagation and robust path-tracking control 

for agricultural machinery in hilly orchards. The review first summarizes the navigation 

roles and error characteristics of key observation sources and then analyzes how percep-

tion, localization, and reference path generation provide state variables, reference varia-

bles, and safety constraints to controllers. It subsequently compares typical path-tracking 

methods under multi-source disturbances and actuator constraints and discusses key 

challenges and an integrated robust design direction coupling perception and localization, 

reference path generation, and path-tracking control. The proposed integrated framework 

represents a synthesis-derived design direction rather than a complete architecture that 

has already been experimentally validated in hilly orchard field environments. 

Keywords: hilly orchards; perception and localization errors; reference path generation; 

path-tracking control; robust control 

 

1. Introduction 

With the development of precision agriculture, smart orchards, and autonomous ag-

ricultural equipment, orchard production is shifting from labor-intensive, experience-

based management toward an efficient, precise, and autonomous operation mode [1–6]. 

Orchard agricultural machinery and mobile robots have been increasingly applied to fer-

tilization, spraying [7], weeding, transportation, inspection, and harvest assistance [8–10], 

among which path-tracking control, as the closed-loop execution component of autono-

mous navigation systems, is a key technology for ensuring stable driving, precise 
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operation, and continuous operation of agricultural machinery [11–13]. Compared with 

flat farmland and regularly structured orchards, hilly orchards are characterized by une-

ven and undulating terrain, with representative slope angles reaching approximately 5–

15° [14], as well as canopy occlusion, irregular tree rows, narrow inter-row spaces, and 

marked variations in ground adhesion conditions. In this review, longitudinal slope refers 

to the terrain inclination along the direction of travel and mainly affects traction demand, 

longitudinal slip, drive requirements, and reference-speed selection, whereas cross-slope 

refers to the terrain inclination perpendicular to the direction of travel and mainly affects 

sideslip, roll stability, heading deviation, and safety constraints. These complex environ-

mental factors mean that autonomous navigation of agricultural machinery is no longer a 

problem that can be independently solved by a single localization, path-planning, or con-

trol algorithm, but rather a system-level problem formed by the coupling of perception 

and localization, environmental-structure understanding, reference path generation, and 

closed-loop path tracking [15–19]. 

Perception and localization errors are an important source of degradation in path-

tracking performance [20,21]. The unstructured environment of hilly orchards first de-

grades the quality of sensor observations and further affects vehicle pose estimation, en-

vironmental-structure perception, and reference path generation [22–24]. Subsequently, 

these errors do not directly manifest as controller failure, but instead propagate progres-

sively along the chain of “sensor observation–vehicle pose estimation/environmental-

structure perception–reference path generation–path-tracking controller inputs–vehicle 

closed-loop response” [25,26]. Specifically, inaccurate vehicle pose estimation may cause 

the controller to misjudge the actual motion state of agricultural machinery, environmen-

tal-structure perception errors may lead to instability in the reference driving direction, 

and slope-induced slip, sideslip, and variations in adhesion conditions may weaken the 

consistency between control commands and the actual vehicle response [27]. Therefore, 

the difficulty of path-tracking control in hilly orchards lies not merely in improving the 

tracking accuracy of a specific control algorithm, but in systematically revealing how com-

plex environmental disturbances induce perception and localization errors, how these er-

rors are transformed into deviations in control information, and how they ultimately af-

fect closed-loop path-tracking performance [28,29]. 

In recent years, autonomous navigation of orchard mobile robots has developed a 

substantial body of research [30–33]. Existing reviews generally organize the literature by 

system components or algorithm categories to summarize sensor performance, path-plan-

ning algorithms, and path-tracking control strategies, or focus on comparing the applica-

ble scenarios and technical characteristics of different control methods [34–36]. However, 

existing reviews still have the following limitations [37]. First, related studies have mostly 

been organized within a modular framework of “perception and localization–path plan-

ning–motion control,” with limited systematic analysis of how front-end sensor observa-

tion errors and vehicle pose estimation errors are further transformed into deviations in 

controller inputs, such as lateral error, heading error, reference curvature, reference speed, 

and safety constraints. Second, existing reviews on orchard navigation have mainly fo-

cused on flat or regularly structured orchard environments, while the error propagation 

mechanisms caused by slope-induced slip, cross-slope-induced sideslip, canopy occlu-

sion, global navigation satellite system (GNSS) signal blockage and multipath effects, ir-

regular tree rows, and reference path uncertainty in hilly orchards remain insufficiently 

discussed [38–40]. Third, existing reviews on path-tracking control have mostly empha-

sized performance comparisons among algorithms themselves, while relatively liMle at-

tention has been paid to the influence of uncertainty in controller inputs on closed-loop 

tracking performance from the perspectives of perception confidence, reference path qual-

ity, vehicle slip state, and actuator constraints [41]. 
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Therefore, it is necessary to systematically review the key technologies of perception 

and localization, reference path generation, and path-tracking control for agricultural ma-

chinery in hilly orchards, with “how perception and localization errors affect path-track-

ing control” as the main thread. To address the above limitations, this review examines 

perception and localization error propagation and robust closed-loop path-tracking con-

trol for agricultural machinery under environmental disturbances in hilly orchards, as il-

lustrated in Figure 1. First, an analytical thread is established for the propagation of per-

ception and localization errors to path-tracking controller inputs in agricultural machin-

ery operating in hilly orchards, revealing the influence of sensor observation errors, pose 

estimation errors, and environmental-structure perception errors on controller inputs 

such as lateral error, heading error, reference curvature, and reference speed; second, the 

roles of multi-source observation, fusion-based localization, environmental-structure rep-

resentation, and reference path generation in constructing controller inputs are summa-

rized, and their effects on the reliability of state feedback, reference paths, and safety con-

straints under complex disturbances in hilly orchards are analyzed; finally, the applicabil-

ity and robustness-enhancement directions of typical path-tracking control methods are 

compared under conditions of slope-induced slip, cross-slope-induced sideslip, actuator 

constraints, and perception uncertainty, providing a reference for the integrated design of 

perception and localization, reference path generation, and path-tracking control for ag-

ricultural machinery in hilly orchards. The distinctive contribution of this review lies in 

its four-layer, controller-oriented decomposition of the navigation chain, its explicit map-

ping of perception and localization errors to controller-input disturbances and closed-

loop consequences, and its full-chain robust adaptation framework incorporating percep-

tion reliability, reference path quality, vehicle–ground interaction, actuator constraints, 

and safety supervision. 

 

Figure 1. Overall framework of perception and localization error propagation and robust path-

tracking control for agricultural machinery in hilly orchards. 
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Review of Methodology 

To ensure the relevance and representativeness of the reviewed literature, this study 

adopted a structured literature-search and screening approach. The Web of Science Core 

Collection, Scopus, and IEEE Xplore were systematically searched for relevant studies 

published from 2002 to July 2026, with the final search conducted on 31 July 2026. The 

searches yielded 196 records from the Web of Science Core Collection, 178 records from 

Scopus, and 82 records from IEEE Xplore. An additional 12 records were identified by 

screening the reference lists of relevant reviews and key studies. In total, 468 records were 

identified before duplicate removal. 

Boolean operators were used to construct the search queries by integrating the fol-

lowing core concepts: 

Subject terms: “orchard,” “hilly orchard,” “sloped orchard,” “terraced orchard,” “ag-

ricultural machinery,” and “orchard robot.” 

Key technology terms: “GNSS,” “IMU,” “LiDAR,” “vision,” “localization,” “sensor 

fusion,” “SLAM,” “tree-row detection,” and “reference path.” 

Algorithmic terms: “path tracking,” “trajectory tracking,” “Pure Pursuit,” “Stanley,” 

“PID,” “model predictive control,” “sliding-mode control,” and “robust control.” 

The search syntax was adapted to the field requirements of each database while re-

taining the same conceptual combination of orchard or agricultural-machine environ-

ments and autonomous navigation technologies. The complete database-specific search 

strings were as follows. 

Web of Science Core Collection: TS = ((“orchard” OR “hilly orchard” OR “sloped or-

chard” OR “terraced orchard” OR “agricultural machinery” OR “orchard robot”) AND 

(“GNSS” OR “IMU” OR “LiDAR” OR “vision” OR “localization” OR “sensor fusion” OR 

“SLAM” OR “tree-row detection” OR “reference path” OR “path tracking” OR “trajectory 

tracking” OR “Pure Pursuit” OR “Stanley” OR “PID” OR “model predictive control” OR 

“sliding-mode control” OR “robust control”)). 

Scopus: TITLE-ABS-KEY ((“orchard” OR “hilly orchard” OR “sloped orchard” OR 

“terraced orchard” OR “agricultural machinery” OR “orchard robot”) AND (“GNSS” OR 

“IMU” OR “LiDAR” OR “vision” OR “localization” OR “sensor fusion” OR “SLAM” OR 

“tree-row detection” OR “reference path” OR “path tracking” OR “trajectory tracking” 

OR “Pure Pursuit” OR “Stanley” OR “PID” OR “model predictive control” OR “sliding-

mode control” OR “robust control”)). 

IEEE Xplore, All Metadata: ((“orchard” OR “hilly orchard” OR “sloped orchard” OR 

“terraced orchard” OR “agricultural machinery” OR “orchard robot”) AND (“GNSS” OR 

“IMU” OR “LiDAR” OR “vision” OR “localization” OR “sensor fusion” OR “SLAM” OR 

“tree-row detection” OR “reference path” OR “path tracking” OR “trajectory tracking” 

OR “Pure Pursuit” OR “Stanley” OR “PID” OR “model predictive control” OR “sliding-

mode control” OR “robust control”)). 

To focus on perception and localization error propagation and robust path-tracking 

control for agricultural machinery in hilly orchards, the following inclusion criteria were 

established: 

1. The study addressed at least one core stage of autonomous navigation, including 

sensor observation, vehicle-state estimation, environmental-structure perception, 

reference path and controller-input construction, or path-tracking control. 

2. The study concerned orchard machinery, orchard robots, or agricultural ground ve-

hicles operating in directly relevant agricultural environments. 

3. The study involved algorithm development, system integration, simulation valida-

tion, laboratory experiments, and field experiments. 

4. Eligible publication types included peer-reviewed journal articles and conference pa-

pers. 
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All authors participated in the literature screening, and disagreements were resolved 

through discussion to ensure consistency. The screening process was conducted as fol-

lows: 

1. All retrieved records were imported into EndNote 20 (Clarivate, Philadelphia, PA, 

USA) for duplicate removal, followed by an initial screening of titles and abstracts. 

2. The full texts of studies that passed the initial screening were assessed according to 

the predefined inclusion and exclusion criteria. Studies focusing exclusively on fruit 

detection, disease diagnosis, yield estimation, or harvesting-target recognition with-

out a navigation-related component were excluded. 

3. The reference lists of relevant reviews and key studies were examined to identify 

important publications that might have been missed during the database searches. 

To distinguish the strength of terrain-specific evidence, the included studies were 

classified as strong direct evidence from field experiments conducted in explicitly hilly or 

sloped orchards; limited direct evidence from hilly orchard simulations or studies explic-

itly described as hilly or sloped but without quantified slope information; indirect evi-

dence from flat or regularly structured orchards and transferable agricultural environ-

ments; or as general methodological evidence. Studies without explicit terrain descrip-

tions or reported terrain information were not treated as direct evidence of performance 

under hilly orchard conditions. 

After the removal of 121 duplicate records, 347 unique records underwent title-and-

abstract screening, of which 116 were excluded because they were outside the scope of 

autonomous navigation or insufficiently related to sensor observation, perception and lo-

calization, reference path generation, or path-tracking control. The full texts of the remain-

ing 231 publications were assessed according to the predefined eligibility criteria, and a 

further 32 publications were excluded because they focused exclusively on fruit detection, 

disease diagnosis, yield estimation, or harvesting-target recognition without a navigation-

related component, or because they were insufficiently relevant to the technical chain ex-

amined in this review. Finally, 199 publications were included in the qualitative synthesis. 

Analysis of the resulting literature base showed that previous reviews have generally fo-

cused on individual modules, such as sensing, localization, path planning, or control al-

gorithms, and have mainly addressed flat farmland or regularly structured orchard envi-

ronments. Few studies have systematically integrated error-propagation mechanisms and 

robust control methods across the complete technical chain of “sensor observation–state 

estimation and environmental-structure perception–reference path and controller-input 

construction–path-tracking control–vehicle closed-loop response” under complex hilly 

orchard constraints, including terrain undulation, canopy occlusion, slip, and sideslip. 

Therefore, this review aims to systematically analyze how perception and localiza-

tion errors propagate to reference paths, controller inputs, and vehicle closed-loop re-

sponses, and to compare the applicability, advantages, and limitations of typical path-

tracking control methods, thereby addressing the lack of integrated research on error 

propagation and robust control for agricultural machinery in hilly orchards. The litera-

ture-selection procedure is summarized in Figure 2. 
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Figure 2. Literature-search and study-selection procedure used in this review. 

2. Key Observation Sources for Perception and Localization in Hilly  

Orchards and Their Error Effects 

Reliable acquisition of perception and localization information is a prerequisite for 

autonomous navigation and path-tracking control of agricultural machinery in hilly or-

chards [42]. Path-tracking control depends not only on vehicle motion states, such as po-

sition, heading angle, velocity, and aMitude, but also on environmental-structure infor-

mation, including tree rows, inter-row corridors, obstacles, boundaries, and local terrain 

[43]. Compared with flat farmland or regularly structured orchards, factors such as can-

opy occlusion, terrain undulation, slope-induced slip, soft and slippery soil, limited inter-

row space, and irregular tree-row structures in hilly orchards can degrade sensor obser-

vation quality and cause observation errors to propagate progressively to the path-track-

ing controller through vehicle pose estimation, environmental-structure perception, and 

reference path generation [44]. 

According to the observed objects, the observation sources for the perception and 

localization of agricultural machinery in hilly orchards can be divided into two categories: 

one is vehicle motion-state observation sources, mainly including GNSS, inertial meas-

urement unit (IMU), and wheel odometry, which provide vehicle position, aMitude, ve-

locity, and odometry information; the other is environmental-structure perception 

sources, mainly including vision sensors, light detection and ranging (LiDAR), and depth 

perception sensors, which are used to extract environmental information such as tree-row 

structures, inter-row corridors, obstacles, boundaries, and local terrain [45]. 

2.1. GNSS, IMU, and Wheel Odometry 

The GNSS, IMU, and wheel odometry are the most commonly used observation 

sources for motion-state estimation of agricultural vehicles [46–48]. The GNSS mainly pro-

vides global position constraints and can be used to estimate the vehicle position in the 

navigation coordinate system; IMU provides angular velocity, acceleration, and aMitude-

change information to maintain short-term motion continuity; and wheel odometry pro-

vides wheel angular velocity, vehicle speed, or odometry increments, serving as an im-

portant supplement for velocity feedback and trajectory dead reckoning. These three 

sources are usually fused through filtering or integrated navigation methods to provide 
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fundamental state variables for path-tracking control, including vehicle position, heading 

angle, velocity, and aMitude [49]. However, the reliability of these state variables depends 

on observation quality and the validity of the assumed vehicle–ground kinematic rela-

tionship. 

Direct sensor-level error measurements obtained from explicitly sloped orchard field 

experiments remain limited. Therefore, the following results are used as representative 

quantitative evidence from orchard, under-canopy, mountainous agricultural, and sloped 

agricultural environments, with their original test contexts explicitly retained. In hilly or-

chards, these observation sources for vehicle motion-state estimation are susceptible to 

complex environmental influences. The GNSS is affected by canopy occlusion, branch and 

leaf shielding, terrain undulation, and multipath effects, which may lead to a decrease in 

the number of visible satellites, loss of real-time kinematic (RTK) fixed solutions, and po-

sitioning jumps. Kabir et al. reported that the moving-position root mean square error 

(RMSE) of a multi-GNSS receiver increased from 0.152 m in an open field to 0.182 m in an 

orchard and 1.130 m in a mountainous agricultural environment, showing the progressive 

deterioration of GNSS positioning under vegetation and terrain obstruction [50]. Bene et 

al. further reported that, under tree canopy, a low-cost dual-frequency RTK receiver ex-

hibited average horizontal errors of approximately 0.17–0.18 m during the leaf-on period 

and approximately 0.07 m during the leaf-off period [42]. 

Although an IMU can provide high-frequency aMitude and motion propagation in-

formation, its bias and noise accumulate through time integration, resulting in position, 

velocity, and heading drift; terrain undulation on slopes and vehicle body vibration fur-

ther increase the uncertainty of aMitude estimation. Zhang et al. reported that, when an 

orchard spraying robot traveled at 0.4 m/s, the position-error bound decreased from 5.29 

cm using the BeiDou Navigation Satellite System (BDS) alone to 2.49 cm using BDS/IMU 

integration, while the heading-error bound decreased from 3° to 2° [51]. In a separate slope 

experiment, Igarashi et al. reported a heading-error root mean square (RMS) below 1.5° 

when roll and pitch angles were below 45°; during field tests on an approximately 25° 

agricultural slope, the cross-track-error RMS was 7.2 cm downhill and 6.6 cm uphill [52]. 

The main error source of wheel odometry arises from the failure of the wheel–ground 

kinematic constraint; under conditions of wet and slippery soil, soft ground, and slope 

traction, longitudinal slip and sideslip can cause inconsistency between wheel-odometry-

derived displacement and the actual displacement [53,54]. Existing orchard and agricul-

tural-vehicle studies have generally reported the downstream control consequences of 

slip rather than directly providing generalizable raw odometry-error ranges. Li et al. [55] 

combined cascaded model predictive control with slip-rate-based anti-slip drive control 

for an orchard mowing robot, maintaining the average lateral and longitudinal tracking 

errors within 0.05 m and 0.04 m, respectively. Liu et al. fused RTK–IMU pose measure-

ments with track-speed feedback to estimate the left and right track slip ratios, and their 

slip-aware compensation method reduced the maximum lateral deviation by 78.1% and 

63.1% at operating speeds of 0.35 and 0.75 m/s, respectively [56]. These values represent 

closed-loop performance under slip compensation rather than raw wheel-odometry meas-

urement errors. 

These observation errors first affect the results of vehicle pose estimation and are then 

further propagated to the inputs of the path-tracking controller. GNSS position bias alters 

the estimated relative position between the vehicle and the reference path and is therefore 

transformed primarily into lateral-error bias. Abrupt GNSS position jumps may produce 

discontinuities in the calculated lateral error, leading to steering-command spikes or tran-

sient oscillations. IMU heading drift and high-frequency aMitude noise affect heading es-

timation, coordinate transformation, and path-direction judgment, thereby causing head-

ing-error bias or oscillatory steering commands. Wheel-odometry errors may affect 
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vehicle speed, odometry propagation, and short-term motion prediction, thereby influ-

encing reference speed execution, look-ahead distance seMing, and model prediction ac-

curacy. Especially under slope-induced slip conditions, the wheel-odometry output may 

no longer represent the actual motion state of the vehicle; without slip identification or 

confidence adjustment, such errors may further affect the estimation of vehicle position, 

velocity, and heading. Therefore, vehicle state estimation in hilly orchards should not rely 

on a single observation source but should improve the reliability of pose estimation 

through the complementary fusion of GNSS, IMU, wheel odometry, and environmental-

structure perception information. 

2.2. Vision Sensors 

Vision sensors mainly include monocular cameras, binocular cameras, and multi-

camera systems, and can acquire color, texture, edge, and semantic information from or-

chard environments. In orchard agricultural machinery navigation, vision sensors are 

commonly used for trunk recognition, tree-row detection, ground–vegetation segmenta-

tion, inter-row corridor extraction, obstacle recognition, and target detection for field op-

erations [57,58]. Unlike the GNSS, which mainly provides the global position of the vehi-

cle, vision sensors are more suitable for extracting local environmental structural infor-

mation, and their outputs can be further used to fit tree-row centerlines, determine tra-

versable areas, construct local reference paths, and calculate the tangential direction of the 

path [59–61]. From the perspective of path-tracking control, the most representative vi-

sion-related error variables include trunk or reference-point localization error, navigation-

line lateral error, tree-row or path-direction error, frame-to-frame path jiMer, and visual-

processing latency. Detection and segmentation metrics, such as precision, recall, mean 

average precision (mAP), and mean intersection over union (mIoU), characterize front-

end perception quality, whereas navigation-line position and direction errors are more 

directly related to the inputs of the path-tracking controller. 

The main limitations of vision sensors in hilly orchards are their sensitivity to illumi-

nation, occlusion, and texture variations [62,63]. Direct quantitative measurements of vi-

sion-related errors from explicitly sloped orchard field experiments remain limited. 

Therefore, the following results are used as representative evidence from regular orchards 

and transferable agricultural environments, with their original test contexts explicitly re-

tained. Canopy projections, moMled shadows, backlighting, strong reflections, seasonal 

changes in branches and leaves, weed coverage, and wet and slippery ground can all alter 

image features, resulting in missed trunk detection, boundary misclassification, or unsta-

ble segmentation of corridor areas. Especially in unstructured inter-row environments, 

shadows may be misclassified as boundaries, weeds may be misidentified as tree rows or 

obstacles, and branch and leaf occlusion may lead to discontinuous trunk detection [64]. 

Yang et al. reported segmentation accuracies of 96%, 92%, and 92% under low, normal, 

and strong illumination, respectively, while the extracted navigation path exhibited an 

average pixel error of 9.5 pixels and an average distance error of 5.03 cm [65]. Zhou et al. 

reported a mean tree-row fiMing accuracy of 91.67%; the mean centerline pixel errors un-

der weak, normal, and strong illumination were 5.2, 3.4, and 2.1 pixels, respectively [66]. 

Using a U-Net-based method, Xu et al. achieved precision, recall, and mIoU values of 

91.71%, 90.23%, and 84.84%, respectively; however, the extracted navigation line still 

showed an average distance error of 56 mm [67]. In complex and variable agricultural 

scenarios, Lu et al. achieved an mIoU of 97.55% at an inference speed of 32.60 frames per 

second (FPS), whereas the mean absolute yaw-angle error of the extracted navigation line 

remained 2.06° [68]. These results demonstrate that high pixel-level detection or segmen-

tation accuracy does not necessarily eliminate geometric errors in the position and direc-

tion of the generated navigation line. 
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These vision-derived errors first affect environmental-structure perception and are 

subsequently propagated through reference path construction to the path-tracking con-

troller. When lateral deviations occur in trunk detection or tree-row boundary recognition, 

the generated inter-row centerline may be shifted as a whole, producing a bias in the ref-

erence path position and subsequently in the lateral error calculated by the controller; 

when tree-row direction estimation is unstable, the tangential direction of the reference 

path may fluctuate, affecting subsequent heading-error construction. Gu et al. converted 

binocular trunk observations into ground-plane trunk coordinates and subsequently fit-

ted the inter-row navigation line, obtaining average estimation errors of 0.02 m for lateral 

deviation and 0.57° for the heading angle [69]. When visual segmentation results are dis-

continuous between adjacent frames, local jumps or abrupt curvature changes may ap-

pear in the reference path, weakening the stability of path-tracking controller inputs. At 

the closed-loop level, Xie et al. reported average lateral and heading errors of 0.059 m and 

0.2787 rad, respectively, when an orchard robot traveled at 0.5 m/s during the entire con-

vergence process. After the robot entered a steady state, the corresponding average errors 

decreased to 0.0102 m and 0.0253 rad, respectively [70]. These values represent the inte-

grated closed-loop performance of visual fruit-tree recognition, navigation-line genera-

tion, and vehicle navigation rather than raw camera measurement errors. Therefore, vis-

ual outputs should undergo illumination adaptation, geometric-consistency checking, 

temporal filtering, and confidence evaluation before being used for reference path gener-

ation. When visual confidence decreases or the extracted navigation line becomes discon-

tinuous, the system should temporarily retain the last reliable path, reduce the reference 

speed, or switch to a complementary perception source. 

2.3. LiDAR Sensors 

LiDAR describes the spatial structure of orchard environments by acquiring environ-

mental point-cloud information, and can extract trunks, support structures, ground sur-

faces, obstacles, and inter-row geometric boundaries with relatively high stability. Com-

pared with vision sensors, LiDAR is insensitive to illumination variations and has ad-

vantages in trunk localization, inter-row boundary recognition, obstacle detection, local 

map construction, and traversable-area determination [71]. Two-dimensional LiDAR has 

a simple structure and low computational cost, making it suitable for low-speed inter-row 

navigation, whereas three-dimensional LiDAR can provide richer spatial structural infor-

mation and is suitable for mapping and terrain representation in complex orchard envi-

ronments [72–75]. From the perspective of path-tracking control, representative LiDAR-

related error variables include ranging error, point-cloud registration translation and ro-

tation errors, trunk or boundary localization error, navigation-centerline error, terrain-

slope estimation error, and point-cloud processing latency. Among these variables, regis-

tration and geometric-feature errors are more directly related to vehicle-state feedback 

and reference path construction than generic point-cloud density or detection-rate met-

rics. 

Nevertheless, the reliability of these intermediate results remains sensitive to terrain-

induced aMitude changes, occlusion, point-cloud sparsity, and scan blind spots. Direct 

quantitative measurements of LiDAR errors obtained from explicitly sloped orchard field 

experiments remain limited. Therefore, the following results are used as representative 

evidence from regular orchards and transferable row-crop environments, with the origi-

nal test contexts and metric levels explicitly retained. Vehicle pitch and roll change the 

relative relationship between the laser scanning plane and the ground, causing the coor-

dinates of the same trunk or boundary to shift across point-cloud frames; terrain undula-

tion affects ground-point segmentation and obstacle recognition; and branch and leaf oc-

clusion, moving branches, sparse point clouds, and scan blind spots can lead to missing 



Sensors 2026, 26, 4940 10 of 56 
 

https://doi.org/10.3390/s26154940 

trunk point clouds or discontinuous boundaries. In a transferable row-crop study, Yang 

et al. used three-dimensional LiDAR to detect crop-row centerlines at four maize growth 

stages and reported an average correct detection rate above 86% and an average pro-

cessing time below 120 ms [76]. Although these results were obtained in maize fields ra-

ther than orchards, they show that point-cloud occlusion and crop-density variation affect 

both the availability and real-time extraction of row-structure features. In addition, repet-

itive tree-row structures may induce scan-matching degeneracy, resulting in drift in Li-

DAR/IMU localization or local mapping [77,78]. Sun et al. developed a tightly coupled 

GNSS/LiDAR/IMU odometry framework for orchard environments and reported an ab-

solute translation error of 0.068 m and an absolute rotation error of 0.856° [79]. These val-

ues describe the output error of the integrated odometry system rather than the raw rang-

ing error of LiDAR, but they quantify the residual uncertainties associated with point-

cloud registration and multi-sensor fusion in the estimated vehicle pose. 

These LiDAR-related errors first affect vehicle pose estimation and environmental-

structure representation and are subsequently propagated through local mapping and 

reference path construction to the path-tracking controller. When trunk point clouds are 

missing or boundary extraction fluctuates, lateral offsets may occur in centerline construc-

tion, producing a bias in the reference path position and subsequently in the lateral error 

calculated by the path-tracking controller. Chen et al. constructed orchard navigation 

points from trunk positions retained in a LiDAR-derived grid map. Using a 32-line LiDAR 

and a 3 m navigation-point interval, the system achieved an average absolute lateral de-

viation of 1.83 cm, a standard deviation of 1.60 cm, and a maximum deviation of 10.30 cm 

[80]. These values represent the closed-loop outcome of LiDAR mapping, trunk-position 

extraction, centerline construction, and vehicle navigation rather than the raw error of 

trunk detection alone. When point-cloud registration or local maps drift, deviations may 

occur in the relative relationship between the vehicle and the environmental map, thereby 

introducing biases into the lateral-error and heading-error inputs used by the controller. 

Terrain-induced aMitude variations, surface unevenness, and changes in ground condi-

tions can affect both the geometric consistency of LiDAR-derived environmental guidance 

and the vehicle response to that guidance. At the system level, Jiang et al. used LiDAR-

based trunk detection for autonomous orchard navigation and reported position RMSE 

values of 12.0 and 11.6 cm for right and left turns on concrete, 12.6 and 15.5 cm on grass, 

and 13.8 and 11.4 cm in an artificial tree orchard, respectively [81]. These differences sug-

gest that the final navigation error is jointly determined by the quality of LiDAR-derived 

environmental guidance and the vehicle–ground motion response, rather than by LiDAR 

perception alone. Therefore, in hilly orchards, LiDAR should not only provide geometric 

structural information but also be combined with IMU-based aMitude compensation, local 

map updating, and abnormal point-cloud removal to ensure the continuity of the refer-

ence path and local environmental constraints. 

2.4. Depth Perception Sensors 

Depth perception sensors mainly include red–green–blue-depth (RGB-D) cameras, 

structured-light cameras, time-of-flight cameras, and binocular depth cameras, all of 

which can simultaneously provide image semantic information and distance information 

[82]. Their advantage lies in the ability to combine two-dimensional image recognition 

results with depth information to directly estimate the positions of trunks, branches, ob-

stacles, and corridor boundaries relative to the vehicle, making them suitable for short-

range obstacle avoidance, local traversable-area determination, and local reference path 

correction in low-speed orchard robots [83,84]. From the perspective of path-tracking con-

trol, representative depth-related error variables include depth or ranging error, effective 

outdoor sensing range, valid-depth filling rate, trunk or obstacle localization error, edge-
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depth discontinuity, and depth-processing latency. Among these variables, obstacle-posi-

tion error, boundary-position error, and valid-depth availability are more directly related 

to local path correction and safety-constraint construction than generic image-level detec-

tion metrics. 

Direct quantitative evaluations of depth sensors in explicitly sloped orchard naviga-

tion experiments remain scarce. Therefore, the following results are used as representative 

evidence from regular orchards and transferable outdoor agricultural environments, with 

their original test contexts and metric levels explicitly retained. Outdoor hilly orchards 

nevertheless present unfavorable conditions for depth perception sensors. Strong illumi-

nation, low-texture regions, leaf reflections, edge distortion in the field of view, limited 

effective ranging distance, and vehicle body vibration can all reduce the accuracy of depth 

estimation. Vit et al. compared several RGB-D sensors under outdoor agricultural condi-

tions and showed that depth-data quality depended strongly on both working distance 

and illumination, with the Intel RealSense D435 (Intel Corporation, Santa Clara, CA, USA) 

providing comparatively reliable performance for close-range field measurements [45]. 

Fan et al. further reported that the effective ranging interval of the RealSense D435i (Intel 

Corporation, Santa Clara, CA, USA) under field conditions was approximately 0.160–

1.400 m, with an in-field depth filling rate of approximately 90%. The Kinect V2 (Microsoft 

Corporation, Redmond, WA, USA) exhibited relatively high ranging accuracy over ap-

proximately 0.497–1.200 m, but its field depth filling rate was below 24.9% [85]. These 

results indicate that the usability of a depth sensor depends not only on the error of valid 

measurements but also on whether sufficient valid depth pixels remain available under 

outdoor illumination. When holes, distance jumps, or edge distortions occur in depth 

maps, the estimation of nearby obstacle positions, local traversable boundaries, and safety 

distances may become biased, thereby affecting local path correction and obstacle-avoid-

ance control [86]. In an orchard-specific study, Huang et al. combined deep-learning-

based trunk detection with depth estimation and reported an overall trunk-detection mAP 

of 81.6%, an inference time of 60 ms, and a trunk-location error of 9 mm at a distance of 

2.8 m [82]. The 9 mm value represents the integrated spatial localization error produced 

by trunk detection and depth estimation rather than the raw ranging error of the depth 

sensor alone. 

These depth-related errors primarily affect short-range environmental representation 

and are subsequently propagated through obstacle-boundary construction, traversable-

corridor estimation, and local path correction to the path-tracking and obstacle-avoidance 

modules, rather than directly providing a global reference for path tracking. If depth esti-

mation misclassifies traversable areas as obstacles, the reference path may produce un-

necessary detours or lateral offsets; if low obstacles or branches are not detected, the ve-

hicle may follow the theoretical reference path while still facing a risk of collision. In a 

transferable under-canopy agricultural study, Gai et al. used a time-of-flight depth camera 

for crop-row detection and mapping. The resulting crop-row maps exhibited mean abso-

lute errors of 3.4 cm in corn and 3.6 cm in sorghum, while the corresponding lateral-posi-

tion estimates showed mean absolute errors of 5.0 and 4.2 cm, respectively [87]. These 

results illustrate how depth-derived row-structure errors can be further transformed 

through mapping into errors in the lateral position information used for navigation. 

Therefore, depth observations should undergo invalid-depth filtering, edge-consistency 

checking, temporal smoothing, confidence evaluation, and cross-validation with vision or 

LiDAR before being used for obstacle-boundary construction and local path correction. 

When the valid-depth filling rate or ranging confidence decreases, the system should en-

large the obstacle safety margin, reduce the reference speed, or switch to a complementary 

sensing source rather than directly using incomplete depth maps. These direct depth-
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related errors are further transformed through obstacle representation, traversable-corri-

dor construction, safety-boundary seMing, and local path generation. 

2.5. Summary 

Table 1 summarizes the primary navigation measurements or outputs, representative 

reported performance metrics, major error sources, and supporting references for the 

principal observation sources used in hilly orchard navigation. The operating character-

istics of these observation sources differ substantially. The GNSS provides global posi-

tioning coverage, but effective RTK positioning depends on satellite visibility, continuity 

of the differential-correction link, and maintenance of a fixed solution. The IMU does not 

have a fixed spatial sensing range and is mainly used for high-frequency, short-term state 

propagation between external positioning updates; however, its standalone position, ve-

locity, and heading errors accumulate through time integration. Wheel odometry simi-

larly provides continuous local dead reckoning rather than a fixed sensing range, and its 

reliability deteriorates with traveled distance, wheel or track slip, soil deformation, and 

changes in ground adhesion. Vision and LiDAR provide local environmental information 

at device- and task-dependent spatial scales, whereas depth sensors are mainly suitable 

for short-range obstacle, trunk, and corridor perception, with their effective ranges 

strongly affected by illumination, target reflectivity, sensor configuration, and outdoor 

environmental conditions. 

The quantitative values summarized in Table 1 should not be interpreted as directly 

comparable raw sensor-measurement accuracies. Studies that directly report raw sensor-

measurement errors in explicitly quantified hilly orchard environments remain scarce. 

Existing studies more frequently report navigation-line extraction errors, trunk- or bound-

ary-localization errors, point-cloud registration errors, integrated-localization errors, or 

final navigation-system errors. Moreover, different sensing modalities and processing 

stages use different metrics. Consequently, only a limited proportion of the available 

quantitative evidence can be classified as raw sensor-measurement error, and receiver-

level measurements, perception-algorithm outputs, integrated-localization results, and 

closed-loop navigation errors should be explicitly distinguished. 

Table 1. Primary navigation measurements, representative reported performance metrics, and ma-

jor error sources of key observation sources in hilly orchards. 

Observa-

tion Source 

Primary Navigation 

Measurements 

Representative 

Reported Metric and 

Error Magnitude 

Main Error Source References 

GNSS 
Global position 

observation 

Moving-position RMSE: 0.152 

m in an open field, 0.182 m in 

an orchard, and 1.130 m in a 

mountainous agricultural en-

vironment; mean canopy RTK 

error: approximately 0.07–

0.18 m 

Canopy occlusion, 

multipath effects, 

loss of RTK fixed 

solutions 

[42,50] 

IMU 

AMitude, angular 

velocity, acceleration, 

and short-term mo-

tion propagation 

Heading-error RMS below 

1.5° under the reported aMi-

tude conditions; orchard 

BDS/IMU heading-error 

bound approximately 2° 

Bias drift, vibration, 

aMitude coupling 
[51,52] 
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Wheel 

odometry 

Wheel angular veloc-

ity, 

vehicle speed, and 

odometry increments 

No generalizable absolute er-

ror magnitude; error accumu-

lates with  

distance and increases under 

slip 

Slip and adhesion 

variation 
[53–56] 

Vision 

sensors 

Semantic information 

such as tree rows, 

trunks, 

boundaries, and tra-

versable areas 

Navigation-line distance error 

approximately 0.0503–0.056 

m;  

binocular lateral and heading 

errors 0.020 m and 0.57° 

Illumination, shad-

ows, occlusion, and 

weeds 

[65–69] 

LiDAR 

Geometric structures 

of trunks, ground sur-

faces, 

obstacles, and bound-

aries 

Integrated odometry transla-

tion/rotation errors: 0.068 

m/0.856°; navigation lateral 

MAE 0.0183 m 

Sparse point clouds,  

occlusion, and aMi-

tude disturbances 

[76,79–81] 

Depth 

perception 

sensors 

Short-range depth 

and 

spatial structure 

Trunk-location error 0.009 m 

at 2.8 m; effective field inter-

val approximately 0.160–1.400 

m for RealSense D435i 

Strong illumination, 

edge distortion, and 

low texture 

[45,82,85,87] 

3. Transformation of Perception and Localization Outputs into  

Controller Inputs 

For agricultural machinery operating in hilly orchards, front-end perception and lo-

calization results cannot be directly used for closed-loop control; instead, they must un-

dergo processes such as multi-source fusion localization, tree-row and corridor structure 

recognition, local environment representation, reference centerline fiMing, path smooth-

ing, and reference speed planning before stable and continuous tracking targets that sat-

isfy vehicle motion constraints can be generated [88]. 

Therefore, from the perspective of path-tracking control requirements, this section 

focuses on analyzing how vehicle pose estimation methods provide controllers with state 

information such as position, heading, velocity, and aMitude; how orchard environmental-

structure perception and representation methods provide environmental information 

such as tree rows, corridors, obstacles, boundaries, and local terrain; and how reference 

path generation methods further generate reference centerlines, path directions, reference 

curvature, reference speed, and safety constraints. The accuracy and continuity of the 

above information directly affect error construction, control-input smoothness, and 

closed-loop robustness in subsequent path-tracking control [89,90]. Accordingly, this sec-

tion does not re-evaluate the sensor-level accuracy discussed in Section 2. Instead, it ex-

amines how direct observation and perception outputs are transformed into four catego-

ries of controller-related information: vehicle-state variables, environmental geometric 

variables, reference path variables, and safety constraints. Each transformation process is 

discussed in terms of its input information, structured output, residual or newly intro-

duced errors, and downstream effects on path-tracking control. 

3.1. Vehicle-State Estimation and Multi-Source Fusion Localization Methods 

Vehicle pose estimation is a key step in transforming multi-source observation data 

into the vehicle states required for path-tracking control [91,92]. From the perspective of 

path-tracking control, the core outputs of vehicle-state estimation include vehicle position, 

heading, velocity, roll, and pitch. Where available, the outputs may also include indicators 

of solution reliability, such as localization confidence, covariance, GNSS solution status, 

sensor-health flags, or slip-detection results. In flat farmland, path-tracking control 
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usually relies mainly on planar position, heading angle, and velocity; however, in hilly 

orchards, longitudinal slope, cross-slope inclination, and surface undulation affect sensor 

coordinate transformation, point-cloud registration, visual feature matching, and vehicle 

motion response, and therefore the stability of aMitude estimation also influences path-

tracking control accuracy [93–95]. 

In orchard navigation research, multi-source fusion localization has become an im-

portant technical approach for improving the robustness of vehicle pose estimation. 

GNSS/IMU fusion can integrate global position constraints with short-term motion prop-

agation capabilities, and is commonly used to alleviate localization discontinuities caused 

by canopy occlusion and short-term GNSS signal degradation. To mitigate localization 

degradation in the fusion between a GNSS and an inertial navigation system (INS) under 

orchard conditions, Gao et al. [96] introduced a gated recurrent unit (GRU)–Transformer 

hybrid model to improve the localization accuracy of GNSS/INS integrated navigation in 

orchard environments, indicating that data-driven methods can complement error com-

pensation in traditional integrated navigation under complex agricultural scenarios. 

Beyond satellite–inertial integration, LiDAR, vision, and local geometric constraints 

have been incorporated into orchard localization frameworks to maintain pose continuity 

under GNSS degradation. Wang et al. [97] constructed a fusion navigation system based 

on LiDAR/IMU/GNSS for an orchard spraying robot, used Tightly Coupled LiDAR Iner-

tial Odometry via Smoothing and Mapping (LIO-SAM) for orchard map construction, and 

combined RTK-GNSS with Kalman filtering to obtain the initial coordinates and heading 

of the robot, thereby providing reliable state inputs for subsequent path planning and 

autonomous navigation. Its typical process is shown in Figure 3. 

 

Figure 3. Workflow of orchard robot pose estimation and map construction based on Li-

DAR/IMU/GNSS fusion: (a) multi-source sensor configuration; (b) LiDAR/IMU/GNSS fusion local-

ization framework; (c) orchard map construction results, where (c1) shows the global orchard grid 

map and (c2) shows an enlarged view of the local tree-row structure. (Reprinted from Ref. [97] under 

the Creative Commons AMribution 4.0 International license (CC BY 4.0).) 
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In orchard scenarios with constrained GNSS signals, repetitive tree-row structures, 

or salient local geometric features, LiDAR/IMU fusion localization and LiDAR-based sim-

ultaneous localization and mapping (SLAM) have also been used to enhance local pose 

estimation capabilities. LiDAR can use geometric structures such as trunks, ground sur-

faces, boundaries, and inter-row corridors for environmental matching, whereas IMU pro-

vides prior information for aMitude constraints, point-cloud deskewing, and short-term 

motion prediction. Choi et al. [98] applied LiDAR/IMU sensor fusion to SLAM in orchard 

autonomous navigation, improving the stability of local maps and vehicle pose estimation. 

In addition to geometric constraints, visual semantic information has also been introduced 

into multimodal fusion frameworks. Wang et al. [99] combined visual–inertial odometry 

(VIO) with model predictive control (MPC) and verified autonomous headland turning in 

a GNSS-denied orchard environment, demonstrating the direct coupling between percep-

tion and localization results and the state inputs of path-tracking control. 

Overall, the principal function of multi-source localization in the reviewed naviga-

tion chain is to convert GNSS, IMU, wheel-odometry, LiDAR, and visual observations into 

a continuous vehicle-state estimate. However, fusion does not eliminate upstream uncer-

tainty. Position bias remains in the estimated relative position between the vehicle and the 

reference path and therefore affects lateral-error calculation; heading bias affects heading-

error construction and coordinate transformation; and velocity error influences look-

ahead-distance adjustment, reference-speed execution, and model-based motion predic-

tion. Where available, reliability indicators can accompany the estimated vehicle state and 

support downstream monitoring or conservative adjustment when localization quality 

deteriorates. 

3.2. Orchard Environmental-Structure Perception and Representation Methods 

The role of orchard environmental-structure perception and representation is to ex-

tract environmental information such as vehicle driving direction, traversable areas, and 

local terrain from vision, LiDAR, depth perception, or multi-source fusion data [100]. For 

hilly orchards, environmental-structure perception should not focus solely on object de-

tection; more importantly, perception results should be transformed into structured nav-

igation information that can be used for path generation and path-tracking control, 

thereby providing stable reference centerlines, path directions, local traversable spaces, 

and safety-constraint information for path-tracking control [101]. 

Based on the direct visual, LiDAR, and depth observations reviewed in Sections 2.2–

2.4, the environmental-structure representation further converts discrete detections, seg-

mentation masks, point clouds, and depth measurements into structured geometric vari-

ables. These variables include trunk coordinates, tree-row directions, corridor boundaries, 

obstacle positions, terrain characteristics, and safety margins, which can subsequently be 

used for reference path construction. 

3.2.1. Tree-Row and Trunk Structure Recognition Methods 

Tree-row and trunk structure recognition is one of the most typical environmental-

structure perception tasks in orchard inter-row navigation, and its main role is to extract 

structured information, such as trunk positions, tree-row directions, and inter-row corri-

dors, from complex vegetation backgrounds, thereby providing an environmental basis 

for navigation-line generation and vehicle driving-direction judgment [102,103]. Tradi-

tional methods often use color thresholding, edge detection, Hough transform, least-

squares fiMing, random sample consensus (RANSAC), or point-cloud clustering to extract 

trunk and tree-row structures, whereas deep learning methods identify trunks, canopies, 

ground surfaces, and inter-row regions through object detection, semantic segmentation, 

or instance segmentation [76,104]. 
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Existing studies have mostly adopted vision-based methods to recognize tree-row 

structures and have applied them to inter-row navigation in regular or semi-regular or-

chards. To address navigation path extraction in complex and variable agricultural sce-

narios, Lu et al. [68] combined AMention-Feature-Enhanced U-Net (AFU-Net) with key 

contour-point constraints to extract navigation paths, providing a vision-based perception 

method for traversable-area recognition in complex vegetation backgrounds. For naviga-

tion path extraction in complex orchard environments, Lv et al. [105] developed a method 

combining object detection with a dual-shortest-distance intersection algorithm to im-

prove the accuracy and adaptability of inter-row navigation path recognition in orchards. 

For orchards with distinct trunk structures, LiDAR point-cloud methods have also 

been widely used for trunk detection and tree-row structure extraction. Bargoti et al. [106] 

proposed a trunk detection pipeline for trellis-structured apple orchards, providing a 

methodological reference for trunk-structure-based inter-row perception in regular or-

chards. Therefore, in orchard scenarios with clear trunk structures and relatively stable 

inter-row geometric features, LiDAR point-cloud-based trunk clustering, left–right tree-

row matching, and centerline fiMing can provide structured environmental information 

for local path generation and autonomous navigation of orchard robots. At this stage, the 

relevant outputs are trunk coordinates, left–right tree-row associations, tree-row direc-

tions, and candidate inter-row center points, rather than the final reference path tracked 

by the controller. These structured outputs generally require coordinate transformation, 

geometric association, abnormal-point rejection, and path fiMing before they can be con-

verted into controller reference information. Jiang et al. [81] applied LiDAR-based trunk 

detection to the autonomous navigation of an orchard spraying robot, and their study 

clearly illustrates the typical process by which orchard environmental-structure percep-

tion results are transformed into navigation path information: LiDAR is first used to ac-

quire spatial point sets of trunks and surrounding obstacles, then clustering and fiMing 

methods are employed to identify the left and right tree-row boundaries, and finally the 

inter-row centerline is calculated and used as the robot navigation path. To intuitively 

illustrate the process of environmental representation and navigation path extraction 

based on trunk geometric structures, Figure 4 summarizes the LiDAR perception plat-

form, trunk detection procedure, and path extraction results. 

 

Figure 4. Workflow of orchard environmental-structure representation and navigation path extrac-

tion based on LiDAR trunk detection: (a) LiDAR-based orchard environmental-structure perception 
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platform; (b) workflow of trunk detection, left and right tree-row grouping, boundary-line fiMing, 

and inter-row centerline extraction; (c) navigation path extraction results. In panels (b) and (c), the 

black dots represent LiDAR-detected trunk points; the yellow circles indicate the DBSCAN cluster-

ing results; the red and green circles or points denote the two tree-row groups; the fiMed lines rep-

resent the corresponding tree-row boundaries; and the blue line denotes the extracted inter-row 

midline or navigation path. (Reprinted from Ref. [81] under the Creative Commons AMribution 4.0 

International license (CC BY 4.0)). 

Overall, in hilly orchards, trunk occlusion, overlapping branches and leaves, differ-

ences in tree age, missing or replanted trees, curved tree rows, and missing point clouds 

can all lead to errors in trunk position estimation or tree-row direction estimation. When 

lateral offsets occur in trunk detection results, the inter-row centerline may deviate as a 

whole from the true center of the corridor, causing systematic errors in the calculation of 

the vehicle’s lateral deviation; when tree-row direction estimation is unstable, the tangen-

tial direction of the reference path may fluctuate, thereby affecting vehicle heading cor-

rection. When candidate centerline points are discontinuous or local fiMing is unstable or 

excessively smoothed, local bends or abrupt curvature changes may appear in the refer-

ence path, potentially causing discontinuities in controller inputs. Therefore, tree-row 

recognition methods should not only improve detection accuracy, but also preserve the 

geometric consistency and temporal continuity of trunk and tree-row outputs and retain 

confidence estimates where available. The subsequent transformation of these outputs 

into reference path position and direction is discussed in Section 3.3.1. 

3.2.2. Inter-Row Corridor and Traversable-Area Recognition Methods 

The goal of inter-row corridor and traversable-area recognition is to extract regions 

within complex orchard environments in which vehicles can travel safely, and its outputs 

usually include corridor boundaries, traversable-area masks, safety corridors, local occu-

pancy grids, or traversability cost maps [107,108]. Compared with methods that rely solely 

on tree-row centerline fiMing, traversable-area recognition places greater emphasis on the 

integrated constraints imposed on the driving space by vehicle dimensions, implement 

working width, safety distance, and local obstacles [109,110]. Therefore, such methods not 

only serve navigation-line extraction but also provide an environmental basis for local 

path planning, obstacle-avoidance decision-making, and safety-constraint seMing in path-

tracking control [111]. 

In terms of visual perception, image-based traversable-area recognition usually dis-

tinguishes categories such as ground surfaces, vegetation, trunks, canopies, and obstacles 

based on color, texture, boundary, or semantic information, and further derives the driv-

able area for vehicles. Xu et al. [112] constructed a vision-based navigation framework for 

autonomous tractor navigation in peach orchards, indicating that visual perception re-

sults can provide environmental structural information for the inter-row navigation of 

orchard vehicles. To address navigation path extraction on hardened orchard roads, Yang 

et al. [65] combined a scanning method with a neural network to identify road-surface 

regions, providing visual support for navigation path generation in orchard roads or rel-

atively regular corridor environments. Furthermore, Guan et al. [113] proposed a light-

weight semantic segmentation model for automatic navigation in pomelo orchards to seg-

ment key orchard elements, demonstrating that semantic segmentation methods can en-

hance traversable-space recognition in environments where canopies, ground surfaces, 

and inter-row areas are intermingled. 

In addition to vision-based methods, LiDAR-derived semantic cost maps have also 

been used to represent traversable spaces in orchards. Nishiwaki et al. [114] used un-

manned aerial vehicle LiDAR data to construct a semantic cost map and applied it to 
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orchard navigation of an unmanned ground vehicle, showing that cost maps integrating 

spatial geometry and semantic information can provide richer environmental constraints 

for path planning and safe passage of orchard vehicles. Regardless of the sensing modal-

ity, traversable-area observations must be converted into controller-related geometric 

constraints, including the left and right corridor boundaries, available corridor width, ve-

hicle-clearance margin, obstacle-inflation regions, and local traversability confidence. Col-

lectively, the reviewed studies indicate that vision masks can provide semantic-boundary 

information, LiDAR can provide geometric-clearance information, and depth observa-

tions can supplement the representation of nearby obstacles and narrow passages 

[82,87,112–114]. These outputs jointly define the feasible corridor within which a local ref-

erence path can be generated. 

Accordingly, in hilly orchards, the local path is not necessarily equivalent to the ge-

ometric centerline between two rows of fruit trees. Drooping canopies, intruding 

branches, protruding support structures, stones, ditches, ridges, tree basins, weeds, and 

local waterlogging may all render the geometric centerline no longer the safest path. 

Therefore, an overly conservative boundary may cause unnecessary path offsets and fre-

quent vehicle corrections, whereas an overly optimistic boundary may reduce obstacle 

clearance and increase collision or stability risks. Accordingly, traversable-area represen-

tation errors first alter the feasible corridor and safety margin and are subsequently con-

verted into local-path offsets, unnecessary detours, or insufficient safety constraints, as 

discussed in Section 3.3.2. 

3.2.3. Obstacle, Boundary, and Three-Dimensional Terrain Representation Methods 

Representations of obstacles, boundaries, and three-dimensional terrain describe in-

formation around the vehicle, such as trunks, branches, support structures, stones, ditches 

and ridges, tree basins, slopes, and headland boundaries. Common representation forms 

include point-cloud maps, semantic point clouds, occupancy grids, cost maps, local ele-

vation maps, and traversability maps. For path-tracking control, such structural infor-

mation is used not only for obstacle avoidance, but also for determining the feasible region 

of the reference path, speed limits, vehicle aMitude risks, and steering-space constraints 

[115]. Therefore, local environmental-structure representation serves as an important in-

termediate layer linking orchard environmental-structure perception, local path genera-

tion, and robust path-tracking control [116–118]. 

In research on orchard autonomous navigation, local map construction and obstacle 

representation are often integrated with localization, path planning, and control decision-

making. Wang et al. [119] investigated three-dimensional semantic map reconstruction 

for orchard environments by fusing image, LiDAR, and IMU observations. Their frame-

work combines visual object detection and semantic segmentation with LiDAR–inertial 

SLAM, and further projects semantic image information onto the three-dimensional point 

cloud to generate semantic point-cloud and grid-map representations. The overall work-

flow is illustrated in Figure 5. The framework illustrates how heterogeneous sensor obser-

vations can be transformed into semantic point-cloud and grid-map representations that 

are directly usable by downstream localization, path-planning, and navigation modules. 
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Figure 5. Framework for three-dimensional semantic map reconstruction in a large-scale orchard 

environment. Image, LiDAR, and IMU observations are fused to generate three-dimensional seman-

tic point-cloud and semantic grid-map representations for orchard environmental understanding 

and autonomous navigation. (Reproduced from Ref. [119] under the Creative Commons AMribution 

4.0 International license (CC BY 4.0)). 

Building on this type of structured environmental representation, Pan et al. [120] pro-

posed a perception and semantic mapping method for the autonomous operation of or-

chard robots, demonstrating that semantic maps can transform raw sensor observations 

into structured environmental information more suitable for robot navigation, path plan-

ning, and task execution. These studies indicate that the value of semantic local maps lies 

not only in improving environmental perception accuracy but also in transforming obsta-

cles, boundaries, and task-relevant objects in orchards into spatial constraints that can be 

invoked by path-planning and control systems. 

In local path planning and obstacle-avoidance applications, point-cloud maps, occu-

pancy maps, and cost maps can further describe the distribution of obstacles around the 

vehicle and their associated traversability risks. Jiang et al. [121] applied three-dimen-

sional LiDAR-based SLAM and Normal Distributions Transform–Iterative Closest Point 

(NDT-ICP) point-cloud registration to the navigation system of an orchard spraying robot, 

demonstrating the role of three-dimensional point-cloud mapping in vehicle localization, 

environmental modeling, and navigation path generation. Liang et al. [122] integrated 

map construction and localization methods with autonomous obstacle avoidance and 

path planning for orchard mobile robots, indicating that local environment representation 

can directly affect the robot’s judgment of obstacles, boundaries, and drivable space. Such 

studies suggest that orchard robot navigation should not rely solely on a single geometric 

centerline of tree rows, but should dynamically adjust the reference path and obstacle-

avoidance strategy by incorporating local maps and obstacle distributions. 

For hilly orchards, representing only two-dimensional obstacle positions is still in-

sufficient to meet the requirements of safe navigation in complex terrain; information such 

as terrain elevation, slope, roughness, and traversability should also be incorporated into 

local environmental-structure representation. Cao et al. [123] applied traversability anal-

ysis, an improved Lightweight and Ground-Optimized LiDAR Odometry and Mapping 

(LeGO-LOAM) method, and the rapidly exploring random tree (RRT) algorithm to envi-

ronmental mapping and path planning for orchard robots, indicating that terrain travers-

ability evaluation can provide richer constraint information for path generation in 
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complex orchard environments. For controller-oriented representation, three-dimen-

sional terrain information should be organized into longitudinal slope, cross-slope incli-

nation, local elevation variation, surface roughness, terrain discontinuities, and traversa-

bility or stability levels. These quantities should not be treated merely as mapping out-

puts. They can be further converted into obstacle boundaries, permissible speed ranges, 

lateral-stability margins, non-traversable regions, or other vehicle-specific constraints. 

Compared with flat farmland, cross slopes, terrain undulations, and uneven ground 

in hilly orchards can alter vehicle aMitude response and wheel–ground contact conditions; 

therefore, local environment representation needs to be further extended from obstacle 

detection to the representation of terrain risks and vehicle stability [124]. 

Overall, local environmental-structure errors mainly affect path-tracking control 

through two pathways. First, errors in obstacle and boundary recognition can change the 

feasible region of the local reference path, causing lateral offsets or local detours in the 

generated path, thereby affecting the positional relationship between the vehicle and the 

reference path. Second, terrain-representation errors can affect the estimation of slope, 

cross-slope inclination, roughness, and traversability, resulting in unreasonable seMings 

of reference speed and control constraints. For example, underestimation of cross-slope 

risk may result in insufficient speed or stability constraints, whereas excessive smoothing 

of terrain undulations may aMenuate or remove local terrain features from the environ-

mental representation. Therefore, local environment representation in hilly orchards 

should be extended from two-dimensional obstacle representation to the joint representa-

tion of three-dimensional terrain, vehicle stability, and control constraints. 

3.3. Reference Path and Controller-Input Construction 

Vehicle pose estimation and environmental-structure representation provide state 

and environmental information for path tracking, but controllers cannot directly track 

trunk points, semantic masks, or point-cloud maps. Path-tracking control requires refer-

ence paths that are continuous, smooth, geometrically well-defined, and compliant with 

vehicle motion constraints. Therefore, reference path generation serves as a key bridge 

connecting perception and localization with path-tracking control. Its task is to transform 

tree-row structures, traversable areas, obstacle boundaries, and local terrain constraints 

into reference paths and associated speed profiles, and further provide information such 

as path direction, curvature variation, reference speed, and safety constraints [125,126]. A 

locally extracted visual or LiDAR navigation line should therefore not be regarded as 

equivalent to the final controller reference path. The laMer may additionally involve coor-

dinate transformation, multi-frame updating, obstacle avoidance, curve fiMing, smooth-

ing, curvature limitation, speed assignment, and vehicle-feasibility checking. 

3.3.1. Tree-Row Centerline FiMing and Reference Path Generation Methods 

Tree-row centerline fiMing is one of the most common methods for inter-row path 

generation in orchards, and its core idea is to construct a local reference path representing 

the desired driving direction of the vehicle based on structured perception results such as 

trunk positions, tree-row boundaries, canopy edges, or inter-row center points [127,128]. 

Based on the geometric structure of fruit-tree rows, local reference centerlines can be gen-

erated through line fiMing, polynomial fiMing, RANSAC, B-splines, Bézier curves, or 

multi-frame centerline updating. In regular orchards, vehicles usually travel along the 

center between the left and right tree rows; in irregular or hilly orchards, the centerline 

needs to be dynamically corrected according to tree-row curvature, missing trees, ground 

undulation, and variations in inter-row width. 

Existing studies have mostly used the tree-row centerline as the basic reference path 

for inter-row navigation of orchard robots. Chen et al. [80] investigated a multi-point 
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autonomous navigation method for orchard row centerlines based on LiDAR. Their 

method converted three-dimensional orchard point clouds into a two-dimensional grid 

map, extracted trunk positions, and generated multiple row-centerline navigation points, 

demonstrating that tree-row geometric structures can provide direct navigation refer-

ences for orchard vehicles. 

Barawid et al. [129] used a two-dimensional laser scanner to construct an orchard 

autonomous navigation system, demonstrating the feasibility of generating navigation 

paths based on the geometric features of trunks or inter-row boundaries. Such LiDAR- or 

laser-scanning-based centerline extraction methods are insensitive to illumination varia-

tions and can obtain the spatial distribution of trunks or inter-row boundaries reliably; 

therefore, they are suitable for orchard environments with clear trunk structures and dis-

tinct inter-row geometric features. 

In vision- and learning-based methods, centerline or navigation path extraction usu-

ally relies on information such as canopy boundaries, ground regions, trunk positions, 

and inter-row vanishing directions in images. Liu et al. [130] proposed a single-stage nav-

igation path extraction network for orchard agricultural robots, showing that deep learn-

ing methods can directly extract navigation paths from visual information under complex 

backgrounds. Xie et al. [70] investigated fruit-tree recognition and navigation for agricul-

tural robots in complex environments, indicating that fruit-tree recognition results can be 

further used for inter-row navigation direction judgment and local path generation. Com-

pared with traditional geometric fiMing methods, vision- and learning-based methods 

have stronger feature representation capabilities in complex vegetation backgrounds; 

however, their outputs may still be affected by illumination variations, branch and leaf 

occlusion, canopy overlap, and seasonal background differences. Therefore, path continu-

ity constraints or multi-frame updating mechanisms should be incorporated to improve 

the stability of navigation lines. 

Overall, the advantages of tree-row centerline fiMing lie in its clear structure and rel-

atively low computational cost, but its performance is highly dependent on the quality of 

front-end trunk detection and tree-row structure recognition. When random errors exist 

in trunk positions, local jiMer may occur in the centerline; when missing trees or curved 

tree rows are present, single linear fiMing may cause deviations in path direction; and 

when curves overfit noisy points, unnecessary bending or curvature fluctuations may ap-

pear in the reference path. Therefore, tree-row centerline generation should not only sat-

isfy spatial position accuracy but also ensure temporal continuity and curvature smooth-

ness to prevent reference path jiMer from further amplifying path-tracking control errors. 

However, centerline fiMing may retain systematic upstream bias or introduce additional 

deviations when geometric association is unstable or smoothing is excessive. Therefore, 

the generated reference path should be evaluated using lateral position, tangential direc-

tion, fiMing residual, frame-to-frame continuity, and update latency, rather than only by 

the accuracy of the upstream detector. A systematic centerline shift primarily biases the 

lateral-error input, whereas an incorrect path direction primarily biases the heading-error 

input [80,129,130]. 

3.3.2. Local Path Generation Methods Based on Traversable Areas 

Local path generation methods based on traversable areas no longer assume that ve-

hicles always travel along the geometric centerline of tree rows; instead, they comprehen-

sively consider factors such as traversable areas, corridor boundaries, obstacle positions, 

vehicle dimensions, implement width, and safety distance to generate locally trackable 

paths that satisfy environmental constraints [131,132]. Compared with tree-row centerline 

fiMing methods, these methods place greater emphasis on the matching relationship be-

tween the actual safe traversable space of the vehicle and its motion constraints. Common 
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methods include local searches based on cost maps, sampling-based planning, artificial 

potential field methods, the dynamic window approach (DWA), RRT, Hybrid A*, and 

spline optimization. These methods are more suitable for hilly orchard scenarios with ir-

regular tree-row structures, complex obstacle distributions, or locally constrained corri-

dors [133]. 

In research on orchard mobile robots, local path generation is often used in combina-

tion with traversable-area recognition, local map construction, and obstacle-avoidance 

constraints. Jiang et al. [134] proposed a hybrid path-planning algorithm based on an im-

proved D* Lite algorithm for orchard robot path planning, demonstrating the application 

value of graph-search methods for path replanning and obstacle-avoidance navigation in 

complex orchard environments. Qu et al. [135] constructed an orchard inspection robot 

navigation system based on the Robot Operating System (ROS), integrating LiDAR-based 

SLAM with the Hybrid A*–DWA navigation method, indicating that local path generation 

needs to rely simultaneously on environmental maps, vehicle localization, and motion 

constraints. Such studies indicate that local path planning in orchards is not merely a ge-

ometric path search but requires transforming perception maps, obstacle distributions, 

and vehicle kinematic constraints into executable driving paths. 

In terms of traversable-area and navigation-line recognition, perception results pro-

vide fundamental inputs for local path generation. Xu et al. [67] developed an orchard 

navigation-line recognition method based on U-Net, showing that visual segmentation 

methods can extract structural information related to vehicle driving direction from com-

plex orchard backgrounds and provide navigation priors for subsequent path generation. 

In contrast, local planning methods further focus on obstacle avoidance and trajectory ex-

ecutability. Ye et al. [136] proposed an improved kinematically constrained bidirectional 

RRT method for unstructured orchard environments, indicating that introducing vehicle 

kinematic constraints can improve path executability and navigation adaptability in or-

chard scenarios with irregular corridors and complex obstacle distributions. Luo et al. 

[137] combined an improved ant colony algorithm with DWA for the path planning of 

orchard mobile robots, reflecting a planning strategy that integrates global search with 

local dynamic obstacle avoidance. 

Overall, these studies show that the role of local path generation methods lies not 

only in bypassing obstacles, but also in transforming traversable areas, environmental 

boundaries, and vehicle motion constraints into reference paths that can be tracked by 

controllers. Local path-planning results are not necessarily compatible with path-tracking 

control. If path search focuses only on obstacle avoidance and the shortest distance, it may 

generate paths with excessively rapid heading changes or many local polyline segments; 

if the cost function overemphasizes keeping away from obstacles, the path may exhibit 

frequent lateral offsets in narrow inter-row spaces; and if the dynamic update frequency 

is too high, the reference path may change continuously within the control cycle, leading 

to unstable control targets. Therefore, local path generation for path-tracking control 

should simultaneously consider path length, obstacle distance, curve continuity, slope 

risk, and control-input smoothness, so that the generated path can satisfy the integrated 

requirements of traversability, executability, and trackability. 

Local planning transforms traversable-area boundaries, obstacle locations, and ter-

rain constraints into a time-varying reference path and safety corridor. Errors in obstacle 

positions or corridor boundaries may shift the local path or create unnecessary detours. 

In addition, frequent replanning may cause discontinuities between the previous and up-

dated paths, producing abrupt changes in the target point, lateral error, path direction, or 

curvature. Therefore, local path quality should also be evaluated in terms of obstacle clear-

ance, path-switching continuity, replanning frequency, and planning latency [134–137]. 
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3.3.3. Path Smoothing, Curvature Constraints, and Reference-Speed Planning 

The reference path should not only be spatially traversable, but also satisfy the re-

quirements of path-tracking control in terms of continuity, curvature variation, and speed 

seMing. The initial path obtained from tree-row centerline fiMing, traversable-area search, 

or local obstacle-avoidance planning may contain polyline segments, local discontinuities 

or abrupt changes, or regions with curvature discontinuities. If such paths are directly 

used as controller inputs, they may easily lead to rapid changes in vehicle heading error 

and abrupt variations in steering commands. Therefore, path smoothing and curvature 

constraints are important steps in transforming local geometric paths into control-tracka-

ble reference paths. Common methods include polynomial curves, B-spline curves, Bézier 

curves, clothoid curves, and optimization-based path-smoothing methods, which are 

used to reduce heading discontinuities and curvature discontinuities in polyline paths. 

Their objective is to improve the continuity of path direction, curvature, and speed plan-

ning while maintaining path traversability [138–140]. 

Existing studies usually introduce continuous-curvature paths, improved sampling-

based planning, or curve optimization methods after local path generation to improve 

path trackability. Sabelhaus et al. [141] used continuous-curvature paths to generate fea-

sible headland turning trajectories, indicating that curvature continuity is of great im-

portance for trajectory executability in large-steering, turning, and headland operation 

scenarios of agricultural vehicles. Ye et al. [142] proposed a continuous bidirectional 

Quick-RRT* (CBQ-RRT*) algorithm for complex orchard environments, demonstrating 

that path-continuity constraints can improve the path quality of orchard mobile robots. 

Kong et al. [143] conducted path planning for an orchard fertilization robot based on 

multi-constraint Bézier curves, showing that curve-constrained methods can improve 

path smoothness and vehicle motion executability while satisfying environmental and op-

erational constraints. To illustrate the role of curve optimization methods in orchard ref-

erence path generation, Figure 6 shows the path-planning, trajectory-comparison, and 

curvature-continuity validation processes based on improved A* and multi-constraint Bé-

zier curves. 

 

Figure 6. Workflow of orchard reference path generation and curvature-constrained optimization 

for path-tracking control: (a) path-planning workflow based on improved A* and multi-constraint 
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Bézier curves; (b) comparison of trajectory results obtained by different path-planning methods; (c) 

curvature-continuity validation of the multi-constraint curves. (Reprinted from Ref. [143] under the 

Creative Commons AMribution 4.0 International license (CC BY 4.0)). 

Path smoothing and curvature constraints do not merely improve geometric appear-

ance; they directly determine the curvature and steering requirements transmiMed to the 

controller. Insufficient smoothing may preserve local path jumps and cause abrupt steer-

ing changes. Excessive smoothing may violate obstacle-clearance or corridor constraints 

if boundary and obstacle information is not adequately retained during optimization. Ref-

erence-speed planning should additionally consider curvature, longitudinal and cross-

slope conditions, roughness, adhesion conditions, and vehicle-stability limits. Otherwise, 

a geometrically feasible path may still produce excessive steering demand, slip, sideslip, 

or instability when executed at an inappropriate speed. However, the reviewed orchard 

studies more frequently report path geometry and curvature than quantified mappings 

from longitudinal slope, cross slope, or roughness to reference-speed limits; this remains 

an important evidence gap. 

In summary, vehicle-state estimation provides position, heading, velocity, roll, and 

pitch information, whereas environmental representation and reference path construction 

provide reference path position, direction, curvature, speed, and safety constraints. Re-

sidual or newly introduced errors in these processes are consequently expressed as uncer-

tainties or discontinuities in the lateral error, heading error, reference curvature, reference 

speed, and safety constraints used by the path-tracking controller. 

3.4. Unified Error-Propagation Chain from Observation to Path-Tracking Control 

Based on the evidence reviewed in Section 2 and the transformation processes dis-

cussed in Sections 3.1–3.3, this review adopts the “observation errors–vehicle-state and 

environmental-representation errors–reference path and controller-input errors–closed-

loop responses” chain as a review-based analytical structure rather than as a standardized 

model already established for hilly orchard navigation. 

GNSS position errors, IMU heading drift, wheel-odometry errors, visual navigation-

line errors, LiDAR registration errors, and depth-measurement errors constitute the prin-

cipal upstream uncertainties. Through fusion localization and environmental-structure 

representation, these uncertainties are retained or transformed into errors in vehicle posi-

tion, heading, velocity, trunk coordinates, tree-row directions, corridor boundaries, obsta-

cle positions, and local terrain constraints. 

During reference path and controller-input construction, vehicle-state and environ-

mental-representation errors are further converted into biases or discontinuities in lateral 

error, heading error, reference path position, path direction, reference curvature, reference 

speed, and safety constraints. Vehicle position bias and centerline-position error jointly 

affect lateral-error construction, whereas vehicle-heading error and path-direction error 

jointly affect heading-error construction. Discontinuous boundaries, unstable centerline 

fiMing, and local-map drift may generate path jumps or curvature fluctuations, while ob-

stacle-distance and corridor-boundary errors may result in insufficient or overly conserva-

tive safety constraints. 

The closed-loop effects of these errors depend on controller sensitivity, vehicle dy-

namics, terrain conditions, processing delay, and actuator performance. Fusion, filtering, 

path smoothing, and robust control may aMenuate upstream errors, whereas slope-in-

duced slip, cross-slope-induced sideslip, actuator saturation, and rapidly changing refer-

ence paths may amplify their closed-loop effects, leading to tracking bias, steering oscilla-

tion, unnecessary detours, or safety risks. Table 2 summarizes the principal 
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transformations, and Section 4 further examines how different controllers respond to 

these uncertain inputs. 

Table 2. Transformation of perception and localization outputs into controller-related variables and 

associated error-propagation forms. 

Transformation 

Stage
 

Representative Meth-

ods 

Controller-Related 

Output 

Main Error-Propagation 

Form 
References 

Vehicle-state  

estimation and 

multi-source fusion 

localization 

GNSS/INS, 

GNSS/IMU/wheel-

odometry fusion, 

GNSS/IMU/LiDAR fu-

sion, LiDAR–inertial 

odometry, and VIO 

Vehicle position, 

heading angle, 

velocity, roll, and 

pitch; state-reliability 

indicators where 

available 

Residual position, heading, and 

velocity errors affect lateral-error 

and heading-error construction, 

coordinate transformation, look-

ahead adjustment, and motion 

prediction 

[96–99] 

Tree-row and trunk 

structure recognition

Object detection, seman-

tic segmentation, point-

cloud clustering, and  

geometric fiMing 

Trunk coordinates, 

left–right tree-row as-

sociations, tree-row 

direction, and candi-

date inter-row center 

points 

Missed or false trunk detection, 

incorrect row association, and 

geometric-fiMing errors produce 

centerline-position and  

path-direction deviations 

[68,69,81,105,106] 

Inter-row corridor 

and traversable-area 

recognition 

Ground and semantic 

segmentation,  

depth-based boundary 

extraction, occupancy 

grids, and semantic cost 

maps 

Left and right corri-

dor boundaries, 

available corridor 

width, vehicle-clear-

ance margin, and  

traversability  

confidence 

Boundary misclassification alters 

the feasible corridor and safety 

margin, resulting in local-path 

offsets, unnecessary detours, or 

insufficient obstacle clearance 

[65,82,87,112–114] 

Obstacle, boundary, 

and three-dimen-

sional terrain repre-

sentation 

Obstacle detection,  

semantic point clouds, 

occupancy and elevation 

maps, and traversability 

analysis 

Obstacle positions, 

longitudinal slope, 

cross-slope inclina-

tion, roughness,  

traversability, and 

speed or stability 

constraints 

Obstacle-position and  

terrain-representation errors  

affect safety boundaries, permis-

sible speed, lateral-stability  

margins, and non-traversable-re-

gion identification 

[118–124] 

Tree-row centerline 

fiMing and reference 

path generation 

Line and polynomial fit-

ting, RANSAC, B-spline, 

Bézier curves, and 

multi-frame updating 

Reference path posi-

tion, tangential direc-

tion, and path-conti-

nuity information 

Systematic centerline shifts bias 

the lateral-error input, whereas 

direction fluctuations and dis-

continuous fiMing affect heading 

error and reference path continu-

ity 

[70,80,127,129,130] 

Local path  

and safety-corridor 

generation 

A*, D* Lite, RRT, Hybrid 

A*, DWA, and local tra-

jectory optimization 

Local reference path, 

safety corridor, ob-

stacle clearance, and 

updated tracking  

target 

Obstacle or boundary uncer-

tainty shifts the local path; fre-

quent replanning or discontinu-

ous path switching may cause 

abrupt changes in target point, 

lateral error, direction, and cur-

vature 

[134–137] 
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Path smoothing, cur-

vature constraints, 

and reference-speed 

planning 

Curve smoothing,  

curvature and  

minimum-turning-ra-

dius constraints, Bézier 

or continuous-curvature 

optimization, and speed 

planning 

Reference curvature, 

reference speed, and 

vehicle-feasibility 

constraints 

Insufficient smoothing preserves 

curvature discontinuities, 

whereas excessive smoothing 

may violate clearance con-

straints; inappropriate reference 

speed may increase tracking lag, 

lateral acceleration, slip, sideslip, 

or instability risk. 

[138–143] 

4. Path-Tracking Control Methods and Robustness-Enhancement  

Strategies Under Disturbances in Hilly Orchards 

Path-tracking control is a key closed-loop execution component of autonomous nav-

igation systems and directly determines whether agricultural machinery can travel stably, 

safely, and continuously along the reference path. Complex environmental disturbances 

in hilly orchards can affect sensor observations, perception and localization, and reference 

path generation, and the resulting errors are ultimately transmiMed to the controller input 

in the form of lateral error, heading error, curvature variation, and speed constraints, 

thereby affecting path-tracking accuracy and driving stability [144,145]. 

Therefore, this section analyzes the response characteristics and robustness-enhance-

ment strategies of different path-tracking control methods in disturbed hilly orchard en-

vironments in three categories: geometry- and kinematics-based control, feedback regu-

lation and model optimization control, and robust adaptive and intelligent control. Fol-

lowing the unified error-propagation chain established in Section 3.4, the controllers re-

viewed in this section are evaluated not only according to their nominal tracking accuracy 

but also according to their sensitivity to uncertainty in vehicle-state feedback, reference 

path position and direction, curvature, reference speed, safety constraints, vehicle–

ground interaction, and actuator response. Direct field comparisons conducted under 

quantified hilly orchard slopes remain limited. Therefore, evidence from regular orchards, 

agricultural fields, and transferable off-road environments is retained with its original test 

context, and the reported results are not used for a direct ranking of controller perfor-

mance. 

4.1. Path-Tracking Control Methods Based on Geometric and Kinematic Models 

Geometric and kinematic models are the most commonly used modeling basis in 

path-tracking control of agricultural vehicles [146,147]. For low-speed wheeled orchard 

vehicles, a simplified Ackermann steering vehicle model is usually adopted to describe 

vehicle motion relationships, and control laws are constructed based on the lateral error, 

heading error, and path curvature of the vehicle relative to the reference path. For differ-

ential-drive or tracked platforms, similar kinematic descriptions can also be established 

through equivalent turning radius or angular velocity relationships. To facilitate the sub-

sequent analysis of the control mechanisms of Pure Pursuit, Stanley, and MPC, this review 

first presents the simplified Ackermann steering vehicle model and the definitions of key 

error variables, as shown in Figure 7. 
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Figure 7. Simplified Ackermann steering vehicle model. The red dot at point C denotes the vehi-

cle’s center of mass. 

As shown in Figure 7, the front wheels of the vehicle chassis are equivalently con-

verged at point A, the rear wheels are equivalently converged at point B, and point C 

represents the position of the vehicleʹs center of mass. Here, IA and IB denote the turning 

radii of the front and rear axles during steering, respectively, and point I represents the 

instantaneous center of rotation during vehicle motion. ψ denotes the current vehicle 

heading angle, β denotes the sideslip angle, and δf is the front-wheel steering angle. Lf and 

Lr denote the distances from the center of mass to the front and rear axles, respectively. 

The vehicle kinematic model is given as follows: 
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Under low-speed driving conditions with a small sideslip angle, the vehicle motion 

process can be simplified into the following kinematic model: 

ψ= ⋅ɺ cosx V
 

(5)

ψ= ⋅ɺ siny V  (6)

ψ δ= ⋅ɺ tan
V

L  
(7)

where x and y denote the vehicle position, ψ denotes the vehicle heading angle, V denotes 

the vehicle velocity, L denotes the wheelbase, and δ denotes the equivalent front-wheel 

steering angle. This model has a simple structure and is suitable for analyzing the inter-

row path-tracking control of low-speed orchard vehicles. However, in hilly orchards, 

slope-induced slip, cross-slope-induced sideslip, and variations in adhesion conditions 

can violate the ideal kinematic assumptions; therefore, geometric control methods usually 

need to be combined with parameter adjustment, curvature feedforward, sideslip com-

pensation, or slip estimation to improve robustness [148]. The simplified model 
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additionally assumes sufficiently accurate vehicle-state feedback, a continuous reference 

path, a small sideslip angle, and a sufficiently fast steering response. Consequently, the 

position, heading, path-direction, and curvature errors discussed in Section 3.4 enter geo-

metric controllers through the relative target-point position, lateral error, heading error, 

and desired curvature. Vehicle slip, sideslip, and actuator delay further cause the actual 

motion response to deviate from the steering action predicted by the ideal kinematic 

model. 

4.1.1. Pure Pursuit Control 

Pure Pursuit control is a typical geometric path-tracking method based on a look-

ahead point. This method does not rely on a complex vehicle dynamic model; instead, it 

selects a look-ahead point on the reference path and calculates the steering command ac-

cording to the geometric relationship among the current vehicle position, vehicle heading, 

and the look-ahead point [149]. For low-speed orchard mobile robots and agricultural ve-

hicles, Pure Pursuit control features a simple structure, strong real-time performance, and 

convenient engineering implementation, and is therefore commonly used in inter-row 

navigation and local path-tracking tasks. Its geometric principle is shown in Figure 8. 

 

Figure 8. Geometric principle diagram of Pure Pursuit path-tracking control. 

As shown in Figure 8, under the simplified Ackermann steering model, Pure Pursuit 

control assumes that the vehicle moves toward the look-ahead point A along a circular 

arc, and its geometric relationship can be expressed as follows: 
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where R denotes the radius of the circular arc corresponding to the vehicle’s motion to-

ward the look-ahead point, Ld denotes the distance between the vehicle reference point 

and the look-ahead point A, kd denotes the desired tracking curvature determined by the 

geometric relationship of the look-ahead point, α denotes the angle between the current 

vehicle heading and the line connecting the vehicle to the look-ahead point, L denotes the 
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vehicle’s wheelbase, and δ denotes the equivalent front-wheel steering angle of the Acker-

mann steering vehicle. 

In field path-tracking tests on a crawler orchard sprayer, Wang et al. reported a mean 

absolute lateral error of 2.15 cm and a maximum deviation of 4.08 cm while using an adap-

tive look-ahead controller. In the autonomous navigation experiments, the maximum de-

viation and mean absolute error were 5.78 cm and 2.69 cm, respectively, and 97.32% and 

100% of the deviations were within ±5 cm and ±10 cm [150]. Therefore, under complex 

orchard and uneven ground conditions, dynamically adjusting look-ahead parameters ac-

cording to path morphology, vehicle speed, and tracking error is an important strategy 

for enhancing the robustness of Pure Pursuit control. From the perspective of error prop-

agation, Pure Pursuit is directly affected by uncertainties in vehicle position, heading, ref-

erence path geometry, and look-ahead point selection. A vehicle-position bias or center-

line shift changes the relative location of the look-ahead point, whereas path-direction and 

curvature fluctuations alter the target angle and desired curvature calculated by the con-

troller. Moreover, slope-induced slip or track slip violates the assumed circular-arc mo-

tion, causing the executed vehicle trajectory to deviate from the geometrically predicted 

trajectory. These uncertainties may therefore be transformed into steering-command fluc-

tuations, tracking lag, or persistent lateral deviation. 

In existing studies, dynamic look-ahead and slip compensation have been used to 

improve the adaptability of the traditional Pure Pursuit method under complex ground 

conditions. Dynamic look-ahead methods usually adjust the look-ahead distance accord-

ing to vehicle speed, path curvature, lateral error, and heading error, thereby balancing 

driving stability on straight segments and tracking accuracy on curved segments. Wang 

et al. [151] proposed a Pure Pursuit path-tracking method based on a self-adjusting look-

ahead distance for the field navigation of high-clearance sprayers. By establishing a Pure 

Pursuit kinematic model for agricultural machinery and using an evaluation function to 

determine the optimal look-ahead distance within the look-ahead region, the method 

achieved dynamic optimization of look-ahead parameters. Yang et al. [152] improved the 

Pure Pursuit algorithm from the perspective of optimal target-point determination by 

simulating driver look-ahead behavior and searching for the optimal target point with the 

objective of minimizing lateral error and heading error, thereby improving path-tracking 

accuracy in the automatic navigation of agricultural machinery. Garrow et al. [153] im-

proved the Pure Pursuit control method from the perspective of path-curvature sensitivity 

by incorporating speed, understeering characteristics, and path-curvature compensation 

into the target-point tracking process, providing a methodological reference for look-

ahead parameter adjustment on paths with varying curvature. To address the susceptibil-

ity of tracked agricultural vehicles to slip under complex ground conditions, Liu et al. [56] 

estimated the left and right track slip ratios and corrected the look-ahead-point position 

online. Compared with the traditional fuzzy Pure Pursuit method, the proposed approach 

reduced the maximum lateral deviation by 78.1% and 63.1% at 0.35 and 0.75 m/s, respec-

tively, while the corresponding average deviations were reduced by 50.6% and 57.6%. 

Çiloğlu et al. [154] further applied online slip estimation to the improvement of the Pure 

Pursuit algorithm for off-road tracked vehicles, indicating that slip compensation can re-

duce the deviation between the actual vehicle motion response and the ideal kinematic 

model. 

Collectively, the reviewed studies indicate that robustness-enhancement strategies 

for Pure Pursuit mainly address two propagation links: instability in the look-ahead target 

caused by speed and reference path variations, and kinematic model mismatch caused by 

slip or sideslip. Pure Pursuit remains aMractive for low-speed orchard platforms because 

of its low computational cost and ease of implementation. However, its performance in 

hilly orchards depends strongly on the continuity of the reference path, adaptive look-
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ahead selection, and reliable slip or sideslip compensation. Direct field evidence under 

quantified longitudinal and cross-slope conditions nevertheless remains limited. 

4.1.2. Stanley Control 

Stanley control is a typical geometric path-tracking control method based on lateral 

error and heading error. It usually takes the front-axle center as the vehicle reference point 

and directly generates the front-wheel steering command by calculating the lateral error 

from the vehicle front-axle center to the nearest point on the reference path, as well as the 

heading error between the current vehicle heading and the tangential direction of the ref-

erence path [155]. This method has a simple structure and a clear physical interpretation 

of the error terms. Therefore, it has good engineering applicability in the path-tracking 

control of orchard mobile robots. Its geometric principle is shown in Figure 9. 

 

Figure 9. Geometric principle diagram of Stanley path-tracking control. 

As shown in Figure 9, Stanley control first searches for the matching point A on the 

reference path that is closest to the vehicle front-axle center and takes the tangential direc-

tion of the path at this point as the desired heading. The normal distance from the vehicle 

front-axle center to the reference path is defined as the lateral error ey and the angle be-

tween the vehicle heading and the tangential direction of the reference path is defined as 

the heading error eψ, corresponding to θe in the figure. The controller corrects the vehicle 

driving direction through the heading-error term and reduces the vehicle’s lateral devia-

tion from the reference path through the lateral-error term. 

The basic error definitions and the front-wheel steering control law of Stanley control 

can be expressed as follows: 

ψ
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where eψ denotes the heading error, ψr denotes the tangential direction angle at the match-

ing point on the reference path, ψ denotes the current vehicle heading angle, ey denotes 

the lateral error of the vehicle front-axle center relative to the reference path, k denotes the 
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lateral-error gain, V denotes the vehicleʹs traveling speed, δe denotes the steering correc-

tion term generated by the lateral error, and δf denotes the equivalent front-wheel steering 

angle of the Ackermann steering vehicle. 

The limitations of Stanley control in hilly orchards are mainly reflected in its sensi-

tivity to lateral error, heading error, and velocity estimation. When localization noise is 

large or the tangential direction of the reference path is unstable, the controller may gen-

erate excessive steering; when the vehicle travels at low speed, the lateral-error term is 

easily amplified, leading to oscillations in the steering command; and when cross-slope-

induced sideslip or wheel–ground slip occurs, the actual motion direction of the vehicle 

may be inconsistent with the vehicle body heading, causing deviations in steering correc-

tion based on geometric errors [156]. Because the lateral and heading errors used by Stan-

ley control are jointly constructed from estimated vehicle states and reference path geom-

etry, the controller cannot distinguish whether an error fluctuation originates from local-

ization or path extraction. Both sources appear as changes in the steering-correction terms. 

This direct dependence explains why localization jumps, unstable path tangents, and low-

speed noise can produce pronounced steering fluctuations. 

Recent studies have improved Stanley control through low-speed gain limitation, 

heading-angle filtering, speed-adaptive gain, curvature feedforward, sideslip-angle com-

pensation, and slip compensation. These improvements aim to enhance its path-tracking 

stability under complex ground conditions. To address the susceptibility of agricultural 

tractors to sideslip on uneven ground, Wang et al. [157] proposed an improved Stanley 

path-tracking control method considering sideslip compensation and combined it with 

sliding mode control (SMC) to enhance the heading correction capability of the vehicle 

under lateral disturbances, thereby improving the stability and disturbance rejection of 

path tracking for agricultural vehicles. Hoffmann et al. [158] applied Stanley control to the 

trajectory tracking of off-road autonomous vehicles and considered factors such as tire 

dynamics and steering actuators, indicating that this type of geometric tracking method 

has potential adaptability to unpaved ground and complex terrain. Sun et al. [159] com-

bined particle swarm optimization (PSO) with fuzzy Stanley control and addressed the 

limitations associated with fixed parameters and poor environmental adaptability of tra-

ditional Stanley control by optimizing control gains and fuzzy rules, thereby enhancing 

the control accuracy and stability of agricultural machinery during whole-field path track-

ing. In a field test of a tractor automatic-navigation system, Cui et al. used fuzzy logic to 

adjust the Stanley gain according to the tracking error. At a traveling speed of 1 m/s, the 

maximum and average lateral errors on a straight path were 10 cm and 5.2 cm, represent-

ing reductions of 16.7% and 10.3% compared with the conventional Stanley method. Dur-

ing whole-field navigation, the maximum lateral error was reduced from 34 cm to 27 cm 

[160]. Seiffer et al. [161] considered system delay, path-curvature feedforward, and a pre-

viewed feedforward reference point in Stanley control. Validation on a demonstrator ve-

hicle showed that the improved method reduced the root-mean-square cross-track error 

from 0.11 m to 0.03 m on a dynamic circuit, illustrating the importance of delay compen-

sation when the calculated steering command cannot be executed instantaneously. 

Overall, Stanley control is suitable for low-speed agricultural vehicles when lateral 

and heading errors can be calculated continuously and the path tangent is sufficiently 

stable. Its principal vulnerabilities in hilly orchards are low-speed gain amplification, side-

slip-induced inconsistency between body heading and actual motion direction, reference 

path direction fluctuations, and actuator delay. Accordingly, speed-adaptive gain, head-

ing filtering, curvature feedforward, sideslip estimation, and delay compensation are the 

most relevant robustness-enhancement strategies. However, direct comparisons under 

quantified hilly orchard slopes and identical vehicle platforms remain scarce. 
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4.2. Path-Tracking Control Methods Based on Feedback Regulation and Model Optimization 

Feedback-regulation and model-optimization methods differ from geometric con-

trollers in how they process the controller-input errors constructed in Section 3. Propor-

tional–integral–derivative (PID) and fuzzy controllers generate corrective actions mainly 

from the current and accumulated tracking errors, whereas MPC predicts future vehicle 

responses using vehicle states, reference paths and associated speed profiles, and con-

straint information. Consequently, the former are particularly sensitive to the quality and 

temporal continuity of error signals, while the laMer are additionally affected by state-

estimation uncertainty, reference-trajectory quality, prediction-model mismatch, con-

straint errors, and computational delay. 

4.2.1. PID and Fuzzy Control 

In path-tracking control of agricultural vehicles, PID control is one of the earliest and 

most mature feedback-control methods used in engineering applications [162]. Compared 

with geometric control methods, PID control does not directly rely on a vehicle kinematic 

model but generates the steering command according to the tracking error between the 

actual vehicle trajectory and the reference path, and continuously corrects the vehicle’s 

motion state through closed-loop feedback. Its simple structure and relatively low com-

putational cost make it widely applicable to low-speed agricultural and orchard mobile 

platforms [163]. 

The continuous form of PID control can be expressed as follows: 

( ) ( ) ( )
( )

= ⋅ + ⋅ ⋅ +0
t

p i d

de t
u t K e t K e t dt K

dt  

(14)

where e(t) denotes the path-tracking error signal, which can be composed of the lateral 

error ey, the heading error eψ, or a weighted combination of both; Kp, Ki, and Kd denote the 

proportional, integral, and derivative coefficients, respectively. The proportional term is 

used to improve the error response speed, the integral term is used to eliminate steady-

state error, and the derivative term is used to predict the error variation trend and sup-

press overshoot. From the perspective of error propagation, PID performance depends 

directly on the accuracy and continuity of the lateral- or heading-error signal. A persistent 

localization or reference path bias may accumulate in the integral term and may cause 

overshoot or integral windup when the actuator is saturated. In contrast, abrupt localiza-

tion jumps, frame-to-frame path jiMer, or high-frequency heading noise may be amplified 

by the derivative term, resulting in steering-command fluctuations. Excessive propor-

tional gain may accelerate error correction but may also increase sensitivity to measure-

ment noise and actuator delay. 

To improve the adaptability of PID controllers to nonlinear disturbances and chang-

ing operating conditions, fuzzy control is often combined with PID control to form a fuzzy 

PID control structure. Its basic idea is to use the error and the rate of change in the error 

as inputs for fuzzy inference to adjust PID parameters online or directly correct the control 

output [160,164,165]. Depending on the selected membership functions and fuzzy rules, 

the controller gains or steering corrections can be adjusted according to the magnitude 

and rate of change in the tracking error. Such adjustment may strengthen the response 

when deviations increase and reduce excessive correction near the reference path. How-

ever, its performance remains dependent on the design of the fuzzy rules, input scaling 

factors, operating speed, and the reliability of the measured error signals [164–166]. The 

closed-loop control structures of PID and fuzzy PID path tracking are shown in Figure 10. 
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Figure 10. Schematic diagram of closed-loop path-tracking control using PID control and fuzzy PID 

control. 

Existing improvements in PID and fuzzy control have mainly focused on automatic 

parameter tuning, variable-universe fuzzy inference, steering compensation, and integra-

tion with slip-aware control. Hailu et al. [167] used PSO to tune a nonlinear fuzzy PID 

controller and compared it with fuzzy PID and conventional PID controllers for a differ-

ential-drive plantation robot. The study was primarily based on MATLAB/Simulink  

(The MathWorks, Inc., Natick, MA, USA; software versions not reported in Ref. [167]; 

MATLAB website: hMps://www.mathworks.com/products/matlab.html; Simulink web-

site: hMps://www.mathworks.com/products/simulink.html; accessed on 4 August 2026) 

trajectory simulations and therefore provides methodological evidence for parameter op-

timization rather than direct hilly orchard field evidence. For single-track agricultural ma-

chinery operating under variable curvature, uneven terrain, and track-slip conditions, Liu 

et al. [168] combined a segmented preview model, variable-universe fuzzy control, and 

PSO-based support vector regression (SVR) steering compensation. Compared with fixed-

preview-distance and fixed-universe fuzzy methods, the proposed method reduced the 

average number of steering actions per control cycle by 30.19% and 18.23%, respectively, 

and reduced the average lateral error by 34.29% and 46.96%, respectively. In an orchard 

mowing robot study, Li et al. [55] combined cascaded predictive path tracking with slip-

ratio-based fuzzy control, PID drive control, and a tire-dynamics model. Field experi-

ments maintained average lateral and longitudinal errors within 0.05 m and 0.04 m, re-

spectively. These values represent the integrated performance of predictive path tracking 

and fuzzy–PID anti-slip drive control, rather than the performance of a standalone PID 

controller. Ma et al. [169] further combined visual navigation-line extraction with fuzzy 

steering control for low-speed navigation of a goji-berry orchard harvesting robot, illus-

trating the coupling between perception-derived error signals and fuzzy feedback control. 

Overall, PID and fuzzy controllers remain aMractive for low-speed agricultural plat-

forms because of their relatively simple structure and limited computational demand. 

Their robustness mainly depends on the quality of the tracking-error signal, gain adapta-

tion, anti-windup treatment, noise filtering, and compensation for slip or actuator delay. 

However, fixed or empirically tuned parameters are difficult to maintain across large var-

iations in speed, path curvature, adhesion, and payload, and direct quantitative validation 

under explicitly sloped orchard conditions remains limited. 

4.2.2. MPC and Its Improvement Strategies 

MPC is a path-tracking control method based on a prediction model and a receding-

horizon optimization mechanism. Its core advantage lies in its ability to simultaneously 

consider tracking errors, control-input variations, vehicle motion constraints, and actuator 
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constraints within a finite prediction horizon, solve an optimization problem at each con-

trol cycle, and execute the optimal control action at the current time step [170–173]. There-

fore, MPC is particularly suitable for orchard path-tracking tasks involving constraints, 

curvature variations, and multi-objective optimization requirements. Its receding-horizon 

optimization control structure is shown in Figure 11. 

MPC usually establishes the predictive relationship based on a discrete linear state-

space model, whose basic form can be expressed as follows: 

+
= ⋅ + ⋅

1k k k
x A x B u

 
(15)

The corresponding finite-horizon optimization objective function can be wriMen as 

follows: 
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where xk denotes the vehicle state or error-state vector at the kth sampling instant, which 

may consist of variables such as vehicle position, heading angle, velocity, lateral error ey, 

and heading error eψ; uk denotes the control input to the vehicle model, usually including 

the front-wheel steering angle, steering-angle increment, or speed control command; and 

A and B denote the state matrix and input matrix of the discrete linear prediction model, 

respectively. Np denotes the prediction horizon, xr,k+i denotes the reference state at the ith 

step within the prediction horizon, Q denotes the state-error weighting matrix used to 

adjust the weights of state variables such as lateral error, heading error, and velocity error, 

Nc denotes the control horizon, and R denotes the control-input variation weighting ma-

trix used to suppress abrupt steering changes and control oscillations. From the perspec-

tive of the propagation chain established in Section 3.4, MPC receives multiple upstream 

variables simultaneously and is therefore sensitive to uncertainty at several levels. Vehicle 

position, heading, and velocity errors bias the initial state of the prediction model; discon-

tinuities in reference path position, direction, or curvature distort the predicted tracking 

target; and errors in obstacle boundaries, permissible speed, or stability constraints may 

lead to unsafe or excessively conservative optimization results. Processing and actuator 

delays additionally reduce the consistency between the predicted and actual vehicle re-

sponses. 

 

Figure 11. Schematic diagram of MPC-based receding-horizon optimization control for path track-

ing. 
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In hilly orchards, prediction-model mismatch is mainly caused by unmodeled longi-

tudinal slip, cross-slope-induced sideslip, changing adhesion conditions, terrain-induced 

aMitude variation, and actuator dynamics. These factors may cause the vehicle response 

predicted within the optimization horizon to differ from the actual response. MPC perfor-

mance also depends on the continuity of state estimates and reference variables supplied 

by the upstream navigation modules. Therefore, an accurate vehicle model alone is insuf-

ficient; state-estimation reliability, reference path continuity, constraint quality, optimiza-

tion time, and actuator execution capability jointly determine the closed-loop performance 

of MPC. The limited computational resources of small orchard platforms are an additional 

constraint on nonlinear or robust MPC deployment. 

Existing MPC improvements can be broadly grouped into reducing model depend-

ence, coordinating steering and actuator responses, optimizing controller weights, im-

proving nonlinear vehicle modeling, handling bounded disturbances, and coordinating 

state estimation with control. To reduce dependence on an explicitly identified vehicle 

model, Cheng et al. [174] incorporated PID terms into model-free adaptive predictive con-

trol. For a four-wheel-independent-drive agricultural vehicle, Liu et al. [171] combined 

MPC with direct-yaw-moment control and reported steady-state errors below 0.22% for 

the steering angle, 0.17% for the yaw moment, and 1% for vehicle speed. In vehicle exper-

iments, the actual turning radius was 9.1 m, with a maximum error of 0.55% at 1 m/s when 

the desired steering angle was 5°, whereas a minimum turning radius of 1.51 m was ob-

tained with a maximum error of 6.6% at 0.5 m/s when the steering angle was 30°. These 

results characterize steering and vehicle-motion coordination rather than lateral path-

tracking accuracy. From the perspective of terrain disturbance, Wang et al. [173] devel-

oped a data-driven tube MPC method for autonomous tractor navigation under cross-

slope conditions, providing directly relevant methodological evidence for slope-disturb-

ance prediction and robust constraint design. 

More direct path-tracking evidence has been reported for articulated and tracked ag-

ricultural vehicles. Xu et al. [172] used particle swarm optimization to adjust the weighting 

matrix of an MPC controller for an articulated tractor. In simulation, the improved method 

reduced the maximum path deviation by 40% and shortened the convergence time by 37.5% 

compared with conventional MPC. In orchard real-vehicle tests at 3.6 km/h, the lateral-

error ranges of conventional MPC, improved MPC, and PID control were −0.10–0.25 m, 

−0.08–0.10 m, and −0.20–0.40 m, respectively, whereas their heading-error ranges were −2–

2°, −2–1°, and −3–3°, respectively. Zeng et al. [175] further incorporated vehicle roll and 

pitch, online track-slip estimation, and curvature-feedforward compensation into nonlin-

ear model predictive control (NMPC) for a tracked agricultural vehicle under uneven-

terrain conditions. In simulation, the proposed method reduced the mean and standard 

deviation of the lateral tracking deviation by 30.28% and 32.46%, respectively, and re-

duced the corresponding mean and standard deviation of the heading deviation by 37.27% 

and 35.05% compared with conventional NMPC. 

Other studies have emphasized field implementation, real-time optimization, 

bounded uncertainty, and state-estimation–control coordination. Backman et al. [176] ap-

plied NMPC to a tractor–trailer system and validated the method using real agricultural 

machinery in field environments, demonstrating the feasibility of considering tractor–im-

plement kinematics and path-tracking objectives simultaneously within the prediction 

horizon. Kraus et al. [177] combined moving-horizon estimation (MHE) with NMPC to 

estimate vehicle orientation and slip-related parameters on a wet and uneven grass field. 

With code-generated optimization, the reported feedback computation time was approx-

imately 0.6–1.6 ms, indicating the real-time potential of coordinated estimation and pre-

dictive control. Jeong et al. [178] introduced tube-based robust MPC for autonomous ar-

ticulated road vehicles to limit the effects of bounded model uncertainty and external 
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disturbances. Because the vehicle platform and validation environment differed from ag-

ricultural field operations, this study is used as transferable methodological evidence ra-

ther than direct agricultural path-tracking evidence. 

Overall, the reviewed MPC improvements act on different links of the error-propa-

gation chain. Model-free predictive control reduces dependence on an explicitly identified 

vehicle model; adaptive weight optimization changes the controller response to lateral- 

and heading-error inputs; nonlinear modeling and slip estimation reduce prediction-

model mismatch; moving-horizon estimation improves the consistency of the vehicle 

states supplied to the controller; and tube-based robust MPC limits the effects of bounded 

model and external disturbances. Constraint-aware reference path and speed-profile con-

struction further reduce conflicts among path feasibility, vehicle-motion limits, and actu-

ator constraints. MPC is advantageous when vehicle states, reference paths and associated 

speed profiles, and safety or actuator constraints can be provided with sufficient accuracy 

and continuity. However, biased state estimates, discontinuous reference paths, uncertain 

terrain constraints, actuator delay, and excessive optimization time may still degrade its 

closed-loop performance. Direct comparisons conducted on the same agricultural plat-

form under quantified longitudinal and cross-slope conditions remain limited. 

4.3. Robust and Intelligent Control Methods for Uncertain Disturbances 

Robust and intelligent control methods address uncertainty through different mech-

anisms. SMC explicitly suppresses bounded model uncertainty and external disturbances 

through sliding-surface design and switching or continuous robust control actions. In con-

trast, reinforcement learning (RL) and end-to-end (E2E) methods learn control policies or 

intermediate navigation outputs from data, thereby reducing reliance on manually de-

signed models or rules. However, their responses to propagated perception, localization, 

and reference path errors depend on disturbance bounds, observation quality, training-

data coverage, reward design, and safety-supervision mechanisms. 

4.3.1. SMC and Its Fixed-Time Convergence Improvements 

SMC is a typical robust nonlinear control method whose basic principle is to design 

a sliding surface and a robust control law so that the system state reaches and remains 

near the sliding surface [179–182]. Because SMC can suppress bounded model uncertainty 

and external disturbances, it has potential applicability to agricultural path-tracking prob-

lems involving slip, sideslip, adhesion variation, and unmodeled vehicle–ground interac-

tions. However, direct field validation under quantified hilly orchard terrain remains lim-

ited. Its basic control structure is illustrated in Figure 12. 

 

Figure 12. Schematic diagram of SMC for path tracking. 

For illustration, conventional SMC can construct a sliding surface based on the path-

tracking error, e, as follows: 
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λ= +ɺs e e  (17)

The reaching law can be expressed as follows: 

( )η= − − ⋅ɺ sgns ks s
 

(18)

Accordingly, the SMC law is usually composed of an equivalent control term and a 

switching control term: 

= +
eq sw

u u u
 

(19)

To reduce control chaMering caused by the traditional sign function, the saturation 

function or boundary-layer method is often used in engineering applications to replace 

the sign function, namely, 
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where s denotes the sliding variable or sliding surface; e denotes the path-tracking error, 

which can be composed of the lateral error ey and the heading error eψ; ė denotes the error 

rate of change; λ, k, and η are positive control parameters that affect the shape of the slid-

ing surface, the error reaching speed, and disturbance rejection capability, respectively; u 

denotes the control input to the vehicle model, representing the front-wheel steering an-

gle, steering-angle increment, or angular velocity control command; ueq denotes the equiv-

alent control term used to compensate for system motion under the nominal model; usw 

denotes the switching control term used to suppress external disturbances and model un-

certainties; and sgn(⋅) denotes the sign function, which generates a switching control ac-

tion according to the positive or negative direction of the sliding variable s so that the 

system state converges to s = 0 from both sides of the sliding surface. The function sat(⋅) 

denotes the saturation function, which is used to replace the sign function to construct a 

boundary layer, thereby reducing control chaMering caused by discontinuous switching. 

ϕ denotes the boundary-layer thickness. 

From the perspective of error propagation, the sliding variable is constructed from 

the lateral error, heading error, and their rates of change, and therefore contains uncer-

tainties originating from both vehicle-state estimation and reference path construction. A 

persistent localization or centerline bias shifts the equilibrium represented by the sliding 

surface, whereas high-frequency position or heading noise may be amplified by a large 

switching gain or by the differentiation of the error signal. Abrupt reference path direction 

or curvature changes may produce rapid variations in the sliding variable, while actuator 

delay and saturation may prevent the commanded robust action from being executed as 

assumed. 

The main advantage of SMC is its ability to maintain tracking stability in the presence 

of bounded disturbances and model uncertainty. Nevertheless, conventional SMC has 

several limitations for agricultural vehicles. Discontinuous switching may cause steering 

chaMer and frequent actuator actions, whereas an excessively thick boundary layer may 

reduce steady-state accuracy. The required switching gain usually depends on the as-

sumed disturbance bound, which is difficult to determine when slip, sideslip, and soil 

adhesion vary continuously. Moreover, localization noise, path jiMer, and error differenti-

ation may generate fluctuations in the sliding variable. Therefore, disturbance rejection 

should be balanced against measurement-noise sensitivity, steering smoothness, actuator 

bandwidth, and steady-state accuracy. 

Existing SMC improvements mainly include adaptive gain adjustment, reaching-law 

optimization, disturbance-observer compensation, super-twisting structures, prescribed-

performance constraints, and finite- or fixed-time convergence. In field tests of an un-

manned rice transplanter on slippery paddy soil, Li et al. [183] used a radial basis function 
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(RBF) neural-network-based adaptive SMC method. Compared with conventional slid-

ing-mode control, the maximum and average absolute lateral deviations decreased from 

17.5 cm to 9.3 cm and from 9.1 cm to 3.2 cm, respectively. The maximum heading deviation 

decreased from 46.7° to 3.1°, while the average absolute heading deviation decreased from 

10.7° to 1.3°. These results provide direct agricultural field evidence under sideslip and 

soil-disturbance conditions, although the test environment was a paddy field rather than 

a hilly orchard. 

Other studies have focused on reducing chaMering and compensating for unknown 

disturbances. Ji et al. [184] combined a modified super-twisting controller with a disturb-

ance observer for unmanned agricultural tractors. Zhang et al. [185] integrated nonsingu-

lar fast terminal SMC with disturbance estimation to improve finite-time error conver-

gence, whereas Qiao et al. [186] optimized the reaching law for harvesting-robot control. 

Yang et al. [187] combined fast super-twisting control with an anti-peaking extended-state 

observer to reduce transient observer effects and improve disturbance compensation. 

These studies demonstrate different mechanisms for improving convergence and disturb-

ance rejection, but their platforms, disturbance seMings, and evaluation indices differ and 

should not be directly ranked. 

Fixed-time and prescribed-performance approaches further aMempt to constrain both 

convergence time and transient error. Sun et al. [188,189] combined generalized super-

twisting or nonsingular terminal sliding-mode structures with slip consideration and 

adaptive disturbance observation, so that the error-convergence time was not directly de-

termined by the initial tracking deviation. More recently, Li et al. [180] combined pre-

scribed-performance constraints, a generalized extended-state observer, and switched 

sliding-mode control. In high-fidelity co-simulations, the standard deviation of the pre-

view error was reduced by up to 92.52%, 84.33%, and 80.44% compared with PID, MPC, 

and conventional observer-based SMC, respectively. These values are simulation-based 

comparative evidence rather than hilly orchard field results. 

Overall, SMC is particularly relevant when the dominant closed-loop uncertainty 

arises from slip, sideslip, model mismatch, or external disturbances. Adaptive gains and 

disturbance observers reduce dependence on accurately known disturbance bounds, 

while super-twisting and continuous control laws help suppress chaMering. Fixed-time 

and prescribed-performance methods additionally constrain convergence behavior. How-

ever, SMC does not eliminate upstream localization or reference path errors; high-fre-

quency error signals may still be amplified, and strong switching actions may exceed ac-

tuator bandwidth. Direct validation on the same platform under quantified longitudinal 

slopes, cross slopes, localization degradation, and path disturbances remains scarce. 

4.3.2. RL and E2E Control 

RL and E2E methods provide data-driven alternatives for agricultural navigation and 

path-tracking control. RL learns a control or decision policy through the interaction with 

a training environment, whereas E2E methods learn mappings from sensor observations 

or vehicle states to intermediate waypoints, local trajectories, or direct control commands. 

These approaches may reduce dependence on manually tuned controller parameters or 

explicitly designed perception features, but they do not eliminate uncertainty. Instead, 

perception noise, localization bias, reference path discontinuities, slip, and sideslip are 

embedded in the observation distribution and learned policy [190]. 

From the perspective of error propagation, an RL controller may interpret localiza-

tion jumps, unstable path curvature, or perception failures as valid state changes unless 

these conditions are represented during training or detected by an independent safety 

monitor. Reward functions that emphasize only lateral-error reduction may produce ag-

gressive steering actions or sacrifice control smoothness and obstacle clearance. In 
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addition, policies trained within limited ranges of speed, terrain, adhesion, and sensor 

noise may not generalize reliably to hilly orchard conditions outside the training distribu-

tion. Epistemic uncertainty estimation and safety intervention can therefore be used to 

identify low-confidence actions and provide risk-aware control supervision [191]. 

Existing agricultural RL studies have explored model-free path tracking, curvature-

aware policy learning, and safety-constrained navigation. Zhang et al. [192] trained a dou-

ble deep Q-network (Double DQN) path-tracking controller in simulation and evaluated 

it on a grass field with multiple sharp turns. Compared with Pure Pursuit control, the 

learned controller reduced corner overshoot and seMling time at relatively high speeds, 

although a slightly longer rise time and a higher steady-state error were also reported. Li 

et al. [193] developed an improved deep Q-network (DQN) framework for agricultural-

machinery path tracking, providing additional agricultural methodological evidence for 

learning control policies from vehicle-state and tracking-error information. Zhang et al. 

[194] subsequently incorporated the average curvature of the forward reference path into 

a DQN controller. Under the reported test conditions, the average tracking errors were 

0.023–0.036 m on soft and flat ground and 0.029–0.037 m on hard and uneven ground, 

outperforming the corresponding Pure Pursuit results. For orchard tractor navigation, Hu 

et al. [195] combined unmanned aerial vehicle (UAV) photogrammetry with safe RL and 

maintained the average lateral deviation within 0.13 m in the reported orchard experi-

ments. 

Uncertainty-aware safe RL provides another mechanism for limiting unsafe learned 

actions. In road-vehicle research, Zhang et al. [191] introduced epistemic uncertainty esti-

mation into a safe RL framework and used the quantified uncertainty to adjust safety con-

straints and support intervention during deployment. Because this study was conducted 

on road vehicles, it provides transferable methodological evidence for uncertainty-aware 

safety supervision rather than direct hilly orchard field evidence. 

E2E control should be distinguished from learning-assisted intermediate navigation. 

A strict E2E controller directly maps raw sensor observations to steering, velocity, or other 

control commands. Bakken et al. [196] used a deep convolutional neural network to pre-

dict steering angles for crop-row following directly from red–green–blue (RGB) images; 

however, the reported field evaluation was preliminary and open-loop rather than a com-

plete closed-loop field validation. In contrast, Jang et al. [197] developed a long short-term 

memory (LSTM)-based imitation learning method for curvature-adaptive waypoint gen-

eration using Global Positioning System (GPS) trajectories collected from real orchard op-

erations. Because its output consists of intermediate waypoints rather than direct steering 

commands, this method is more accurately classified as a learning-based reference con-

struction. Ren et al. [198] integrated orchard perception, dynamic RANSAC path construc-

tion, and RL-based path tracking within a modular system and therefore represents a hy-

brid perception–planning–control framework rather than a strict E2E mapping. In simu-

lated outdoor agricultural navigation, Khanzada et al. [199] reported a normalized per-

formance score of 0.92 for deep-neural-network (DNN)-based behavior cloning in the pre-

cision and autonomy scenarios, whereas real-time appearance-based mapping (RTAB-

Map) achieved the highest score of 0.96 when navigation speed was prioritized. These 

simulation results illustrate that learning-based and conventional navigation methods ex-

hibit different accuracy, autonomy, and efficiency trade-offs. 

Overall, current RL and E2E studies provide promising agricultural and orchard ev-

idence, but they do not yet support independent deployment or direct performance rank-

ing against conventional controllers in quantified hilly orchard terrain. Their more realis-

tic near-term roles include waypoint generation, reference path correction, gain or weight 

adaptation, disturbance estimation, and residual control within a model-based safety 

framework. Independent safety monitors should retain the authority to limit speed and 
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steering, reject low-confidence actions, trigger replanning, or switch to a verified conven-

tional controller. Hybrid architectures that combine learning-based adaptation with MPC 

or other model-based constraints are therefore more consistent with the present evidence 

than completely model-free closed-loop deployment. 

4.4. Summary 

This section reviews geometric and kinematic control, feedback-regulation and 

model-optimization control, and robust, adaptive, and learning-based control for agricul-

tural machinery operating under disturbances relevant to hilly orchards. As summarized 

in Table 3, Pure Pursuit and Stanley control have simple structures and low computational 

demands, but their performance depends strongly on reliable position and heading feed-

back, continuous reference path geometry, appropriate parameter adjustment, and com-

pensation for slip, sideslip, and actuator delays. PID and fuzzy control are convenient for 

engineering implementation, although fixed or empirically tuned parameters are difficult 

to generalize across changes in speed, adhesion, payload, and terrain. MPC provides a 

systematic means of incorporating vehicle states, reference paths and associated speed 

profiles, actuator limits, speed constraints, and safety margins, but it relies on prediction-

model validity, state-estimation continuity, constraint accuracy, and real-time computa-

tional capability. SMC is suitable for suppressing bounded disturbances and model un-

certainty, whereas chaMering, noise amplification, and actuator-bandwidth limitations re-

main important concerns. RL and E2E methods offer adaptation potential, but the present 

evidence more strongly supports their use for waypoint generation, reference path cor-

rection, parameter adaptation, disturbance estimation, or residual control within a model-

based safety framework rather than independent closed-loop deployment. 

The suitability of a controller, therefore, depends less on its nominal algorithm cate-

gory than on whether its structure matches the dominant error-propagation pathway and 

the available sensing, computation, and actuation conditions. Position and centerline bi-

ases mainly disturb geometric target-point relationships and lateral-error feedback; head-

ing and path-direction errors directly affect steering correction; curvature discontinuities 

and frequent replanning generate abrupt control demands; and slip, sideslip, model mis-

match, and actuator delay weaken the consistency between the calculated control action 

and the actual vehicle response. Robustness enhancement should therefore combine con-

troller-level adaptation with reliable state estimation, continuous reference path construc-

tion, disturbance estimation, actuator compensation, and explicit safety constraints. 

Table 3. Controller mechanisms, propagated-error sensitivities, robustness-enhancement strategies, 

and engineering applicability of path-tracking methods for agricultural machinery in hilly orchards. 

Control Method 

Core Mechanism 

and Controller 

Inputs 

Dominant Propagated-

Error Sensitivity and 

Closed-Loop Effects 

Typical Robust-

ness-Enhance-

ment  

Strategies 

Engineering  

Applicability and 

Remaining  

Limitations 

Representative 

References 

Pure Pursuit 

Geometric look-

ahead point 

tracking using 

vehicle position, 

heading, speed, 

and reference 

path geometry 

Positioning jumps and 

path discontinuities 

shift the look-ahead 

point, while slip causes 

tracking lag, steering 

fluctuations, and lateral 

bias 

Adaptive look-

ahead, speed ad-

aptation,  

curvature  

compensation,  

slip-aware target-

point correction 

Low computa-

tional demand and 

convenient imple-

mentation; 

strongly depend-

ent on path conti-

nuity and reliable 

slip estimation 

[54,148–152] 
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Stanley 

Direct feedback 

of lateral and 

heading errors 

Heading noise, posi-

tioning jumps, and 

cross-slope-induced 

sideslips disturb error 

feedback; actuator de-

lay may cause oscilla-

tion and response lag 

Speed-adaptive 

gain, heading fil-

tering, curvature 

feedforward, side-

slip estimation, de-

layed compensa-

tion 

Suitable for low-

speed agricultural 

vehicles with sta-

ble path  

direction; sensitive 

to  

low-speed noise 

and actuator delay 

[155–159] 

PID and fuzzy 

control 

Feedback based 

on current, accu-

mulated, and 

changing track-

ing errors 

Persistent bias may 

cause integral accumu-

lation, whereas posi-

tioning jumps and ter-

rain-induced high-fre-

quency disturbances 

may amplify overshoot 

and steering fluctua-

tions 

Fuzzy tuning, PSO 

optimization, gain 

scheduling, filter-

ing, anti-windup, 

slip compensation 

Simple structure 

and low computa-

tion;  

parameter  

generalization  

remains difficult 

[53,165–167] 

MPC 

Prediction and  

optimization 

based on vehicle 

states,  

reference paths 

and associated 

speed profiles, 

models, and  

constraints 

State jumps, reference 

path discontinuities, 

and terrain-dependent 

model mismatch reduce 

prediction accuracy and 

may produce unsafe or 

conservative control ac-

tions 

NMPC, tube MPC, 

adaptive weights, 

slip and slope esti-

mation, MHE, con-

straint  

tightening,  

lightweight solvers 

Suitable for multi-

variable and con-

strained control; 

requires reliable 

states, models, 

constraints, and 

real-time compu-

tation 

[168–177] 

SMC 

Robust control 

based on a slid-

ing surface and  

disturbance rejec-

tion 

Slip, sideslip, terrain 

disturbances, and actu-

ator uncertainty affect 

the sliding dynamics, 

while measurement 

noise and abrupt state 

changes may aggravate 

chaMering 

Adaptive gain,  

disturbance ob-

server, super-

twisting  

control, continu-

ous reaching law, 

fixed-time and  

prescribed-perfor-

mance control 

Relevant to slip, 

sideslip, and 

model uncertainty; 

chaMering and 

noise sensitivity  

remain concerns 

[177–187]  

RL and E2E con-

trol 

Learning map-

pings from vehi-

cle states, track-

ing errors, refer-

ence path infor-

mation, or sensor 

observations to 

waypoints, tra-

jectories, or con-

trol actions 

Perception failures, po-

sitioning jumps, and 

unseen terrain condi-

tions may cause distri-

bution shift and unsta-

ble or low-confidence 

control outputs 

Safe RL, uncer-

tainty estimation, 

imitation learning, 

residual control, 

model-based con-

straints, safety 

monitors, and con-

troller fallback 

Adaptable to com-

plex environments 

and suitable for 

waypoint genera-

tion, reference cor-

rection, or residual 

control; limited by 

data requirements, 

interpretability, 

safety guarantees, 

sim-to-real trans-

fer, and insuffi-

cient field valida-

tion 

[188–197] 

Quantitative evidence must be interpreted separately from the method-level synthe-

sis. Because the reviewed studies differ in vehicle platform, operating speed, terrain con-

dition, path geometry, localization system, payload, disturbance intensity, and error 
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definition, their reported values cannot be normalized into a reliable cross-study ranking. 

Table 4 is therefore presented as an evidence map that retains the original controller, ve-

hicle platform, validation context, performance metric, and evidence category of each 

study. The reported values indicate the order of magnitude achieved under the original 

experimental conditions rather than a generally achievable accuracy for the correspond-

ing controller category. 

Table 4. Representative quantitative path-tracking studies, reported performance metrics, and evi-

dence categories. 

Control Method 
Vehicle/Platform and 

Validation Context 

Reported Metric and 

Quantitative Result 
Evidence Category Reference 

Adaptive Pure Pur-

suit 

Crawler orchard sprayer; 

field test at Hou Bai 

Farm; straight-path 

tracking at 0.7 m/s 

Lateral-position MAE: 

0.0215 m; maximum de-

viation: 0.0408 m; SD: 

0.0114 m 

Orchard field test Wang et al. [150] 

Slip-aware Pure Pur-

suit 

Tracked differential-

drive agricultural vehi-

cle; soft cultivated farm-

land; loop path with 

turning radii of 2.5–5.0 

m; tests at 0.35 and 0.75 

m/s; three trials per con-

dition 

At 0.35 m/s, maximum 

deviation: 0.082–0.097 

m and mean deviation: 

0.039–0.041 m. At 0.75 

m/s, maximum devia-

tion: 0.106–0.112 m and 

mean deviation: 0.049–

0.053 m. Maximum-er-

ror reductions of 78.1% 

and 63.1% were re-

ported relative to fuzzy 

Pure Pursuit. 

Agricultural field test Liu et al. [56] 

Fuzzy Stanley 

Dongfanghong 1104 trac-

tor; agricultural field; 

straight-path test at 1 m/s 

and whole-field path 

containing straight and 

curved segments 

Straight path: maxi-

mum/average lateral 

error = 0.100/0.052 m; 

SD = 0.034 m. Whole-

field path: maxi-

mum/average lateral 

error = 0.270/0.081 m; 

SD = 0.094 m. 

Agricultural field test Cui et al. [160] 

Variable-universe 

fuzzy control 

Tracked agricultural ma-

chine; uneven open farm-

land with weeds; 0.56 

m/s; three repeated trials 

Mean lateral error: 

0.0498 ± 0.0016 m; lat-

eral-error SD: 0.0601 ± 

0.0009 m. Heading-an-

gle MAE decreased 

from 10.06° without 

compensation to 3.78° 

with compensation 

Agricultural field test Liu et al. [168] 

PSO-MPC 

Articulated tractor; or-

chard real-vehicle test at 

1.0 m/s; complementary 

CarSim–Simulink simu-

lation with a soil-adhe-

sion coefficient of 0.4 

Field test: lateral-error 

range = −0.08 to 0.10 m; 

heading-error range = 

−2° to 1°. Simulation: 

lateral RMSE = 0.06 m; 

maximum lateral devia-

tion = 0.10 m. 

Ordinary orchard field 

test plus simulation 
Xu et al. [172] 
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LSTM–Tube MPC 

New Holland T1404B 

tractor with AllyNav 

TR100; real cross-slope 

agricultural field; simula-

tions included constant, 

gradual, rapid, and step 

cross-slope disturbances 

up to ±15° 

Field test: lateral RMSE 

= 0.010 m; maximum 

lateral error = 0.040 m; 

MAE = 0.005 m; steady-

state error = 0.022 m. 

Simulated lateral RMSE 

= 0.004–0.023 m across 

the four slope scenar-

ios. 

Explicit cross-slope ag-

ricultural test, non-or-

chard 

Wang et al. [173] 

Slip-aware NMPC 

Tracked agricultural ve-

hicle; orchard terrain 

with local undulations, 

shallow ruts, and mild 

slopes; no-load, 50 kg, 

and 100 kg conditions 

Mean lateral deviation 

= 0.0843/0.1486/0.1284 

m and maximum lat-

eral deviation = 

0.2492/0.4621/0.3636 m 

under no-load, 50 kg, 

and 100 kg conditions, 

respectively. 

Orchard with unquanti-

fied mild slopes 
Zeng et al. [175] 

Adaptive SMC 

FLW 2ZG-6DM rice 

transplanter; slippery 

paddy field; soil uneven-

ness below 0.05 m and 

mud-foot depth of ap-

proximately 0.25 m 

Adaptive SMC: maxi-

mum/mean absolute 

lateral deviation = 

0.079/0.032 m; maxi-

mum/mean absolute 

heading deviation = 

2.7°/1.3°. 

Transferable agricul-

tural field test 
Li et al. [183] 

Prescribed-perfor-

mance SMC 

DX1204 tractor; U-

shaped agricultural field 

path; approximately 1 

m/s; initial lateral offset 

of approximately 0.4 m 

Straight segments: 

maximum/minimum 

lateral error = 

0.0745/−0.0615 m; MAE 

= 0.02435 m; SD = 

0.02795 m. MAE and 

SD were reduced by 

39.3% and 42.5%, re-

spectively, relative to 

conventional SMC. 

Agricultural field test Zhu et al. [179] 

Curvature-aware 

DQN 

Agricultural vehicle; 0.5 

m/s; sharp S-shaped 

paths on flat-soft and un-

even-solid farmland; row 

intervals of 5 and 6 m 

Average tracking error 

= 0.023–0.036 m on flat, 

soft ground and 0.029–

0.037 m on uneven, 

hard ground; corre-

sponding RMSE ranges 

= 0.015–0.030 m and 

0.026–0.039 m. 

Agricultural field test Zhang et al. [194] 

Safe RL 

Compact orchard tractor; 

flat standardized apple 

orchard; U-shaped or-

chard path at 0.4 m/s 

Single representative 

field trial: lateral maxi-

mum/mean/RMSE = 

0.19/0.11/0.13 m; head-

ing maxi-

mum/mean/RMSE = 

5.91°/2.62°/2.73°. 

Orchard integrated-sys-

tem test 
Hu et al. [195] 
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5. Current Challenges and Future Trends 

The evidence reviewed in Sections 2–4 indicates that the principal limitation of au-

tonomous navigation in hilly orchards is no longer the absence of individual perception, 

localization, planning, or control algorithms. Instead, the remaining challenges lie in the 

reliability of front-end observations under compound disturbances, the lack of quantita-

tive mappings from upstream uncertainty to controller inputs and closed-loop responses, 

and the difficulty in implementing integrated navigation systems under vehicle-specific 

hardware and real-time constraints. Future research should therefore focus on three inter-

connected priorities: uncertainty-aware perception and localization with failure aware-

ness, quantitative error-propagation modeling and closed-loop sensitivity analysis, and 

hardware-aware perception–planning–control integration supported by virtual–real vali-

dation and independent safety supervision. 

5.1. Reliability Challenges of Perception and Localization in Complex Hilly  

Orchard Environments 

In hilly orchards, factors such as canopy occlusion, terrain undulation, cross-slope-

induced sideslip, variations in ground adhesion, and irregular tree-row structures contin-

uously degrade the quality of multi-source observations, resulting in concurrent GNSS 

position jumps, IMU drift, slip-induced wheel-odometry errors, unstable visual features, 

and LiDAR-registration degradation. Existing studies mostly evaluate the performance of 

front-end modules using localization RMSE, detection accuracy, or mapping accuracy; 

however, these average accuracy metrics are insufficient to reflect the effects of low-con-

fidence scenarios, local sensor failures, and conflicts among multi-source observations on 

subsequent path-tracking controller inputs. Therefore, the key challenge of perception 

and localization in hilly orchards is no longer merely to improve the average accuracy of 

a single sensor or algorithm, but rather to identify observation degradation states, quan-

tify the confidence of state estimation, and transmit this confidence to reference path gen-

eration and the controller. 

Future technical routes should further shift from “high-precision localization” to-

ward “reliable localization and failure awareness.” Multi-source fusion systems should 

output not only vehicle position, heading, velocity, and aMitude, but also localization co-

variance, sensor health status, observation confidence, scene degradation types, and fail-

ure warning information. Adaptive multi-sensor fusion should combine reliability esti-

mation with abnormal-observation rejection so that downstream modules receive state 

estimates accompanied by interpretable and actionable confidence information. When ob-

servation confidence decreases or sensor conflicts persist, these uncertainty indicators 

should support concrete downstream actions, such as adaptive sensor weighting, tempo-

rary retention of the last reliable reference path, reference-speed reduction, enlargement 

of the safety margin, sensor switching, or entry into a controlled degraded mode. 

5.2. Error Propagation Modeling for Closed-Loop Control 

Current research on agricultural machinery navigation in hilly orchards still com-

monly adopts a module-by-module evaluation approach: the perception module focuses 

on detection accuracy, the localization module focuses on pose error, the path-planning 

module focuses on path length and smoothness, and the control module focuses on lateral 

error or tracking RMSE. However, in practical closed-loop systems, front-end perception 

and localization errors do not remain within a single module, but propagate progressively 

through vehicle state estimation, environmental-structure representation, reference path 

generation, and controller-input construction, and are further manifested as lateral-error 

bias, heading-error fluctuation, abrupt changes in reference curvature, unreasonable 
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reference-speed assignment, and mis-specification or violation of safety constraints. The 

lack of error propagation modeling may cause the controller to passively respond only to 

tracking errors that have already formed, making it difficult to use upstream uncertainty 

estimates for timely predictive mitigation. It should be emphasized that the four-layer 

propagation chain summarized in Section 3.4 is a review-based analytical framework for 

organizing the available evidence, rather than a standardized quantitative model that has 

already been established and validated for hilly orchard navigation. 

In future studies, controller-oriented error-propagation modeling should begin by 

defining a common set of measurable variables at each stage of the navigation chain. These 

variables should include raw observation errors and availability indicators, vehicle posi-

tion and heading errors, tree-row and corridor-geometry deviations, reference path posi-

tion and direction errors, curvature fluctuations, reference-speed changes, safety-margin 

errors, actuator responses, and final lateral and heading tracking errors. Probabilistic, sen-

sitivity-based, and data-driven models can be used to characterize how upstream uncer-

tainties affect lateral error, heading error, reference curvature, speed, and safety con-

straints. Establishing these mappings requires the time-synchronized recording of raw 

sensor observations, ground-truth vehicle pose, intermediate perception outputs, gener-

ated reference paths, controller inputs, actuator commands, and actual vehicle responses. 

Controlled experiments should separately introduce GNSS jumps, IMU drift, wheel or 

track slip, tree-row detection offsets, point-cloud registration errors, processing delays, 

and path discontinuities, and should then examine their combined effects under different 

longitudinal and cross-slope angles, speeds, payloads, adhesion conditions, and path cur-

vatures. 

The resulting models should identify not only whether an upstream error affects a 

downstream variable, but also its sensitivity, time delay, persistence, amplification or at-

tenuation, dominant operating conditions, and the threshold at which tracking stability 

or safety begins to deteriorate. At the control level, error covariance, path confidence, and 

failure flags should be used to adjust controller gains, prediction horizons, constraint 

tightening, reference speed, and safety margins before large tracking errors develop. 

5.3. Hardware-Aware Closed-Loop Integration and Virtual–Real Validation 

Path-tracking control for agricultural machinery in hilly orchards should shift from 

“single-module performance improvement” toward the integrated collaborative design 

of “perception and localization–reference path–robust control.” As shown in Figure 1, the 

proposed framework comprises four functional layers—observation, state estimation and 

environmental-structure perception, reference path planning and controller-input con-

struction, and robust control—which are connected through forward error propagation 

and supervisory feedback. In this framework, the observation layer characterizes environ-

mental and vehicle–ground disturbances in complex hilly orchards; the state-estimation 

and environmental-structure-perception layer generates vehicle pose estimates, environ-

mental-structure representations, and perception-reliability information; the reference-

path-planning and controller-input-construction layer generates trackable reference paths 

and controller inputs while characterizing the propagation of upstream errors; and the 

robust-control layer performs path-tracking control and evaluates closed-loop perfor-

mance. Safety supervision and degraded operation close the loop by using perception re-

liability, reference path quality, tracking performance, vehicle aMitude, and actuator states 

to trigger sensor-weight adjustment, path updating or replanning, reference-speed reduc-

tion, safety-margin adjustment, a controlled stop or manual takeover. Implementation 

should distinguish between wheeled or Ackermann-steered machinery and tracked or 

differential-drive platforms. The former is mainly constrained by steering dead zones, 

backlash, steering-rate limits, actuator delay, and cross-slope-induced sideslip, whereas 
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the laMer is more strongly affected by asymmetric track slip, soil deformation, motor sat-

uration, and differential-speed allocation. Actuator-state feedback should be incorporated 

into closed-loop performance assessment and safety supervision to distinguish percep-

tion- or path-related errors from incomplete command execution and vehicle–ground in-

teraction disturbances, and to support controller adjustment or degraded operation. 

Model-driven constraints can provide interpretable safety boundaries, while data-

driven components can be restricted to uncertainty estimation, disturbance compensation, 

parameter adaptation, or residual control. Digital twins and virtual–real fusion should be 

developed through a staged validation route. Field measurements should first be used to 

parameterize orchard geometry, longitudinal and cross slopes, surface roughness, ground 

adhesion, vehicle dynamics, sensor degradation, communication delay, and actuator re-

sponse. The resulting virtual environment should support the controllable injection of 

GNSS jumps, IMU bias, visual occlusion, LiDAR registration degradation, depth-data 

loss, synchronization errors, slip, sideslip, and actuator saturation, followed successively 

by software-in-the-loop, processor- or hardware-in-the-loop, and controlled field valida-

tion. Meanwhile, a unified evaluation system for hilly orchards should be established, in-

corporating perception confidence, reference path quality, slip and sideslip estimation ac-

curacy, actuator-command execution, tracking accuracy and control smoothness, de-

graded-operation effectiveness, operational safety, and long-term autonomous-operation 

capabilities, thereby promoting research from local algorithmic improvements toward re-

liable system-level applications. 

6. Conclusions 

This review examines the propagation of perception and localization errors and ro-

bust path-tracking control for agricultural machinery in hilly orchards. From the perspec-

tive of closed-loop control requirements, it systematically analyzes the coupling among 

sensor observation, vehicle pose estimation, environmental-structure perception, refer-

ence path generation, and path-tracking control. Unlike reviews that classify studies only 

according to sensors, planning methods, or control algorithms, this review emphasizes 

that front-end perception and localization errors are progressively transformed along the 

autonomous navigation chain into deviations in controller inputs, such as lateral error, 

heading error, reference curvature, reference speed, and safety constraints, thereby affect-

ing path-tracking accuracy, control smoothness, and operational safety. On this basis, the 

reviewed evidence is organized into a four-layer, controller-oriented framework linking 

observation errors, state and environmental uncertainty, controller-input disturbances, 

and robust closed-loop responses. 

The synthesis indicates that upstream errors do not have uniform downstream ef-

fects. Positioning jumps and centerline offsets mainly bias lateral-error construction; head-

ing drift and path-direction errors disturb heading feedback; path discontinuities and ter-

rain-representation errors affect reference curvature, reference speed, and safety con-

straints; and slip, cross-slope-induced sideslip, actuator delay, and saturation may further 

amplify these disturbances into tracking bias, oscillation, response lag, and reduced safety 

margins. Accordingly, controller suitability depends on the dominant error-propagation 

pathway, vehicle platform, terrain and adhesion conditions, reference path quality, and 

available sensing, computation, and actuation capabilities, rather than on nominal algo-

rithm accuracy alone. 

Several limitations of this review should be acknowledged. First, direct field evidence 

from quantitatively characterized hilly orchards remains limited. Second, the included 

studies are highly heterogeneous in terms of vehicle platforms, terrain characteristics, sen-

sor configurations, operating speeds, evaluation metrics, and validation conditions, which 

limits direct quantitative comparison across studies. Third, no formal study-quality or 
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risk-of-bias assessment was conducted; therefore, differences in evidence quality should 

be considered when interpreting the synthesized findings. Consequently, the integrated 

framework presented in this review should be regarded as a synthesis-derived design di-

rection rather than an experimentally validated complete perception–planning–control 

architecture. Future research should prioritize synchronized full-chain datasets, quantita-

tive error-propagation and closed-loop sensitivity models, uncertainty-aware reference 

path and speed adaptation, slip- and sideslip-aware robust control, and staged virtual–

real and field validation under longitudinal slopes, cross slopes, canopy occlusion, and 

variable adhesion conditions. 
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