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ABSTRACT  

To address the challenges posed by severe canopy obstruction in orchards and complex terrain—conditions 

under which single-GNSS systems frequently lose signal lock, as well as the susceptibility of single-sensor 

systems to dynamic interference—this paper proposes a multi-source fusion positioning framework based on 

an adaptive extended Kalman filter (AEKF), integrating GNSS-RTK and 3D LiDAR. To overcome the issue of 

sparse and discontinuous point cloud features in agricultural environments, a ground segmentation method 

based on a concentric zone model combined with an improved RANSAC algorithm is developed. This 

approach enables high-frequency and accurate extraction of orchard row geometric features under complex 

conditions, including muddy ruts and dynamic human interference, thereby establishing reliable observational 

constraints for local relative pose estimation. An adaptive observation noise covariance adjustment mechanism 

based on signal confidence is further proposed. By continuously monitoring RTK quality indicators and 

accuracy metrics in real time, the system dynamically suppresses unreliable state updates during periods of 

GNSS signal degradation and seamlessly switches to an error compensation mode based on lateral and 

heading constraints derived from 3D LiDAR. This effectively mitigates cumulative drift associated with dead 

reckoning. Experimental results demonstrate that, under challenging conditions involving intermittent canopy 

gaps and dynamic occlusions, the proposed system achieves a root mean square error (RMSE) of 0.042 m 

for lateral positioning over the entire trajectory, while the heading RMSE is maintained within 1.85°. The 

proposed approach effectively addresses the problem of intermittent localization loss in complex orchard 

environments, providing a robust state estimation framework that enables agricultural robots to operate without 

reliance on prior mapping, while supporting high-precision global path planning and real-time local obstacle 

avoidance. 

 

摘要  

针对果园树冠严重遮挡与复杂地形导致单一全球导航卫星系统易失锁，以及单一感知手段易受动态干扰的难题，本

文提出了一种基于自适应扩展卡尔曼滤波的 GNSS-RTK 与 3D 激光雷达多源融合定位框架。针对农业环境点云特征

离散的问题，设计了基于同心区模型的地面分割及改进的 RANSAC 算法。该算法能够在泥泞车辙和动态人员干扰等

复杂工况下，实现果树行几何特征的高频精准提取，从而构建局部相对位姿的观测约束。提出了一种基于信号置信

度的自适应观测噪声协方差调整机制。系统通过实时监测 RTK 质量标志位与精度因子，在 GNSS 信号退化阶段自适

应阻断不可靠状态更新，并无缝切换至基于 3D 激光雷达侧向与航向约束的误差补偿模式，有效抑制了航位推算中的

累积漂移。实验结果表明，在存在连续缺株与动态遮挡的严苛条件下，系统全过程横向定位均方根误差 RMSE 仅为

0.042m，航向偏差 RMSE 被严格控制在 1.85°以内。本研究有效克服了复杂果园环境中的“定位盲区”问题，为农业

机器人摆脱预建图依赖、实现高精度的全局路径规划与实时局部避障提供了高鲁棒性的状态估计基础。 

 
INTRODUCTION 

 The autonomous operation of orchard robots relies on high-precision, highly robust navigation and 

positioning systems; furthermore, the underlying system must provide stable and continuous pose estimation 

without relying on pre-built high-precision global maps (Gao et al., 2021). Sensors struggle to cope with the 

complex environment of orchards: GNSS-RTK is prone to carrier phase loss under tree canopy cover, resulting 

in a sharp drop in positioning accuracy; wheel odometers are highly susceptible to slippage on uneven, muddy 
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ground, leading to diverging errors; whilst 3D LiDAR (LiDAR) point cloud registration over long distances not 

only places a heavy computational load on the system but also suffers from significant cumulative drift issues 

(Jiang et al., 2022). 

 Existing multi-source heterogeneous sensor fusion technologies (such as Extended Kalman Filtering, 

EKF) still face two major bottlenecks in orchard applications: firstly, the difficulty of efficiently and robustly 

extracting stable navigation features from cluttered agricultural point clouds (such as weeds and moving 

personnel); secondly, traditional algorithms typically employ a fixed observation noise covariance matrix; 

consequently, when GNSS signals undergo sudden changes or are unavailable for extended periods, the filter 

is highly susceptible to system divergence due to over-reliance on erroneous observations or reliance solely 

on odometry estimates (Lv et al., 2025). 

 In response to the aforementioned challenges, this paper proposes a multi-source fusion positioning 

framework based on adaptive EKF, integrating GNSS-RTK and 3D LiDAR data, to provide robust state 

feedback for global path planning and real-time obstacle avoidance. The main contributions of this paper are 

as follows: 

 1) A robust algorithm for tree-row feature extraction and relative localisation that does not rely on a 

global map has been proposed: for complex agricultural point clouds, a mechanism for extracting regions of 

interest and filtering out ground points has been designed, and an improved RANSAC algorithm has been 

employed for tree-row line fitting. This effectively overcomes interference from weed noise, missing plants and 

dynamic obstacles, enabling real-time calculation of high-frequency lateral and heading deviations. 

 2) Design of an adaptive mode-switching and error compensation mechanism based on signal 

confidence: by analysing RTK quality flags and the Doppler error (DOP) in real time, the observation noise 

covariance matrix is dynamically adjusted. During periods of GNSS signal degradation, invalid observations 

are adaptively filtered out, and the system seamlessly switches to a compensation mode combining odometry 

and tree-line geometric constraints, thereby effectively suppressing the divergence of the position estimation. 

 3) System-level field validation was successfully completed in a real-world orchard environment: a 

tracked validation platform was deployed in a standardised vineyard with 3-metre row spacing and 1.5-metre 

plant spacing. The experiments demonstrated that, even under demanding conditions such as muddy ruts, 

dynamic human interference and continuous gaps between plants, the system maintained centimetre-level 

lateral positioning accuracy and exceptional heading stability, achieving highly robust positioning that relies on 

satellites for macro-level guidance and on the environment for micro-level guidance. 

 

MATERIALS AND METHODS 

GNSS-RTK Measurement and Coordinate Mapping 

 Conventional single-point GNSS positioning relies on pseudorange measurements and is subject to 

factors such as satellite ephemeris errors, ionospheric delays and tropospheric delays; as a result, its accuracy 

is typically in the metre range, which fails to meet the requirements for centimetre-level precision work between 

rows in orchards. In order to obtain high-precision prior information on the absolute pose of a robot in an 

orchard environment, this study developed a measurement system based on dual-antenna GNSS-RTK. By 

incorporating differential observations between the reference station and the rover, the system utilises carrier 

phase observations to efficiently eliminate errors (Nie et al., 2021). 

 

Fig. 1 – Schematic Diagram of GNSS-RTK Carrier Phase Double-Differential Positioning 
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The dual-antenna GNSS direction-finding system developed in this study comprises a master antenna 

(Master) and a slave antenna (Slave), both rigidly mounted on the central axis of the robot chassis, with a 

baseline length of 𝐿 = 1.0𝑚. The system utilises a carrier phase double-difference model in combination with 

the LAMBDA integer ambiguity resolution algorithm to mitigate common error sources, including satellite clock 

errors, receiver clock errors, and atmospheric delays (Pire et al., 2017). 

 Dual-antenna direction finding is essentially a relative positioning problem based on a moving baseline. 

In this configuration, the master antenna serves as a temporary reference station, while the slave antenna acts 

as a rover. Through RTK processing, the baseline vector 𝑟𝑚𝑠 = (𝛥𝑥𝑒𝑛𝑢 , 𝛥𝑦𝑒𝑛𝑢 , 𝛥𝑧𝑒𝑛𝑢)𝑇  between the slave 

antenna and the master antenna can be estimated. Based on this baseline vector, the robot’s heading angle 

𝜑 and pitch angle 𝜃 can be determined, as illustrated in Figure 2. 

 
Fig. 2 – Geometric model of dual-antenna GNSS-based heading and pitch estimation 

 

The raw data output by the GNSS receiver consists of geodetic coordinates (𝜆, 𝜙, ℎ) based on the 

WGS-84 ellipsoid model (longitude, latitude, ellipsoidal height); however, as the robot’s path planning and 

motion control are both performed in a local Cartesian coordinate system, it is essential to establish a rigorous 

spatial projection transformation model (Qin et al., 2024). In this study, WGS-84 coordinates were first 

converted to the Earth Centre-Eastern Europe (ECEF) coordinate system, and then, using rotation and 

translation matrices, strictly projected onto a local Northeast-West (ENU) secant plane rectangular coordinate 

system with the fixed control point at the orchard entrance as its origin (Rösmann et al., 2015). Through 

transformation, the system maps non-linear latitude and longitude data into metric Euclidean coordinates, 

providing standardised state inputs for the subsequent adaptive extended Kalman filter (Qiu et al., 2020). 

 

 

Fig. 3 – Schematic Diagram of Multi-Coordinate System Spatial Transformation  

and Projection Relationships 
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LiDAR-Based Relative Pose Estimation via Robust Tree Row Extraction 

To meet the real-time requirements of navigation systems (which are typically necessary > 10Hz), the 

scale of point cloud processing must be reduced by using a pass-through filter to extract the region of interest 

(ROI), thereby effectively removing interfering data outside the navigation area. Let the original point cloud be 

denoted by 𝑃𝑟𝑎𝑤, and the pre-processed point cloud set be denoted by 𝑃𝑟𝑜𝑖:  

𝑃_𝑟𝑜𝑖 = {𝑝_𝑖 ∈ 𝑃_𝑟𝑎𝑤 | 0 ≤ 𝑥_𝑖 ≤ 𝐿_𝑣𝑖𝑒𝑤, |𝑦_𝑖|  ≤ 𝑊_𝑎𝑖𝑠𝑙𝑒, ℎ_min ≤ 𝑧_𝑖 ≤ ℎ_𝑚𝑎𝑥}        (1) 

In the formula, 𝐿𝑣𝑖𝑒𝑤 represents the forward line-of-sight distance, 𝑊𝑎𝑖𝑠𝑙𝑒 represents the half-line-width 

threshold, and ℎ𝑚𝑖𝑛 and ℎ𝑚𝑎𝑥  represent the lower and upper limits of the cropping height, respectively (Shan 

et al., 2018). Using a surface-fitting segmentation algorithm based on the concentric zone model, 𝑃𝑟𝑜𝑖 is divided 

into a ground point set 𝑃𝑔𝑟𝑜𝑢𝑛𝑑  and an obstacle point set 𝑃𝑜𝑏𝑠 . A KD-tree spatial index is constructed to 

accelerate the nearest-neighbour search, and the spatial centroids of the effective tree clusters are calculated 

as feature points 𝑇𝑗(𝑥𝑗 , 𝑦𝑗): 

𝑥𝑗 =
1

𝑁𝑗 ∑ 𝑝𝑥𝑝 ∈𝐶𝑗

, 𝑦𝑗 =
1

𝑁𝑗 ∑ 𝑝𝑦𝑝 ∈𝐶𝑗

                                                         (2) 

The feature points y extracted are divided into a set of points on the left branch and a set of points on 

the right branch based on their coordinates (Wu et al., 2021). 

Due to measurement errors and irregularities in trunk growth, the set of extracted feature points is not 

strictly collinear and may contain a small number of outliers; therefore, the highly robust RANSAC algorithm is 

employed for line fitting. Construct a 2D line model 𝑎𝑥 + 𝑏𝑦 + 𝑐 = 0 (Xue et al., 2023). In each iteration, two 

points are randomly selected from the point cloud to calculate the model parameters. The algebraic distance 

from the remaining points to the line is then calculated; if the distance is less than the threshold (set at 0.15 

m), the point is classified as an interior point (Yang et al., 2022). After the 𝐾 iteration (where 𝐾 = 100 is chosen 

in this system), the model containing the largest number of interior points is selected as the optimal tree-line. 

This yields the following: 

Left-hand side of the tree equation:𝐿𝑙𝑒𝑓𝑡 : 𝑎𝐿𝑥 + 𝑏𝐿𝑦 + 𝑐𝐿 = 0； 

Right-hand side of the tree equation:𝐿𝑟𝑖𝑔ℎ𝑡: 𝑎𝑅𝑥 + 𝑏𝑅𝑦 + 𝑐𝑅 = 0 

To ensure that the robot travels along the centre of the working row, a central navigation path 𝐿𝑚𝑖𝑑  is 

generated based on the fitting results of the left and right rows (Yang et al., 2015). Given that the left and right 

rows may not be strictly parallel, the centre line equation 𝑎𝑥 + 𝑏𝑦 + 𝑐 = 0 is derived by taking the weighted 

average of their parameters (Zhou et al., 2014): 

𝐴 =
𝑎𝐿+𝑎𝑅

2
, 𝐵 =

𝑏𝐿+𝑏𝑅

2
, 𝐶 =

𝑐𝐿+𝑐𝑅

2
                                                      (3) 

                                     

This centre line serves as the ideal reference for the robot’s relative navigation. 

 
Fig. 4 – Schematic Diagram of Centre Extraction and Linear Fitting for Tree Trunks 

 

Defining the origin of the robot’s body coordinate system as 𝑂(0,0), with the robot’s head facing the 

X-axis, allows for the real-time calculation of the robot’s relative positional and orientational deviations (Zhou 

et al., 2021); its geometric model is shown in Figure 5. The vertical distance from the robot’s centre point to 

the centreline 𝐿𝑚𝑖𝑑.  
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Using the point-to-line distance formula, the lateral deviation of the robot from the navigation line can 

be expressed as: 

𝑑𝑙𝑎𝑡 =
|𝐴⋅0+𝐵⋅0+𝐶|

√𝐴2+𝐵2
=

𝐶

√𝐴2+𝐵2
                                                             (4)   

If 𝐶 > 0 indicates that the navigation line is to the robot’s left, the robot is veering to the right (where 

𝑑𝑙𝑎𝑡 is positive); conversely, the robot is veering to the left (Zhou et al., 2020). The heading deviation is the 

angle between the robot’s current heading and the direction of the tree row. Since the direction vector of the 

tree row’s linear equation is (𝐵, −𝐴), the heading deviation 𝜙𝑒𝑟𝑟 is: 

𝜑𝑒𝑟𝑟 = arctan (−
𝐴

𝐵
)                                                                   (5)  

                 
Fig. 5 – Geometric Solution Model for Relative Positioning Deviation 

  

Adaptive Multi-Source EKF Fusion Framework 

To address the issue of single-sensor failure in the complex environment of orchards, this study has 

developed a state-space model for multi-source heterogeneous data fusion based on the adaptive extended 

Kalman filter (EKF); the overall algorithmic architecture is shown in Figure 6. 

 
Fig. 6 – EKF algorithm architecture of the multi-source fusion positioning system 

 

The navigation coordinate system is defined to be consistent with the established ENU local 

coordinate system (Zhang et al., 2024); the origin of the robot’s body coordinate system is defined as the 

geometric centre of the robot’s chassis, with the X-axis pointing towards the front of the vehicle. The system’s 

state vector Xk is defined as the robot’s two-dimensional planar pose in the navigation coordinate system, 

namely: 
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𝑋𝑘 = [𝑥𝑘 , 𝑦𝑘 , 𝜃𝑘]𝑇                                                                     (6) 

Here, (𝑥𝑘 , 𝑦𝑘) represents the robot’s planar position coordinates at time 𝑡𝑘, and 𝜃𝑘 denotes the yaw 

angle, with a range of(−𝜋, 𝜋).To improve the accuracy of the numerical integration, a second-order Runge-

Kutta approximation is employed here, where by 𝜃𝑘−1 +
1

2
𝜔𝑘𝛥𝑡) is used in place of 𝜃𝑘−1  for the projection 

calculation (Zhang et al., 2014). In the equation, 𝑊𝑘−1  is the process noise vector, assumed to follow a 

Gaussian distribution with mean zero and standard deviation 𝑊𝑘−1 ∼ 𝑁(0, 𝑄𝑘).The process noise covariance 

matrix 𝑄𝑘 reflects the estimation uncertainty of the odometer under the influence of factors such as wheel slip 

and road irregularities; it is defined as follows: 

𝑄𝑘 = 𝑑𝑖𝑎𝑔(𝜎𝑥
2, 𝜎𝑦

2, 𝜎𝜃
2)                                                                     (7) 

Due to the non-linear nature of the kinematic model, standard EKF linearisation is applied to derive 

the state transition Jacobian matrix. The system fuses two types of heterogeneous observations. When in an 

open area, the GNSS-RTK provides absolute pose observations, and its observation matrix is a standard 3×3 

identity matrix: 

Conversely, when GNSS signals are degraded, the system relies on tree-row features extracted by 

LiDAR. The LiDAR observation vector Zlidar,k consists of the lateral deviation 𝒅𝒍,k and heading deviation ϕ𝒍,k 

relative to the tree row: 

𝑍𝑙𝑖𝑑𝑎𝑟,𝑘 = [𝑑𝐿,𝑘, 𝜙𝐿,𝑘]
𝑇

                                                              (8) 
The theoretical observation value corresponding to the predicted state is expressed as a non-linear 

function  ℎ𝑙𝑖𝑑𝑎𝑟(⋅), and standard linearisation is performed to compute its Jacobian matrix 𝐻𝑙𝑖𝑑𝑎𝑟,𝑘  for EKF 

updates (Zhang et al., 2022). 

 

Adaptive compensation mechanism based on signal confidence 

This system constructs the RTK signal confidence factor 𝛾𝑘  based on RTK status monitoring 

indicators. Let the RTK status flag be 𝑆𝑟𝑡𝑘 (4 = Fixed, 5 = Float, others = Invalid), and the horizontal accuracy 

factor be  𝐻𝑑𝑜𝑝. 𝛾𝑘 is defined as follows: 

𝛾𝑘 = {

1, 𝑖𝑓𝑆𝑟𝑡𝑘 = 4𝑎𝑛𝑑𝐻𝑑𝑜𝑝 < 1.5(𝐻𝑖𝑔ℎ 𝑐𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒)

𝜂 ⋅ 𝐻𝑑𝑜𝑝 , 𝑖𝑓𝑆𝑟𝑡𝑘 = 5(𝑀𝑜𝑑𝑒𝑟𝑎𝑡𝑒 𝑐𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒)

∞, 𝑜𝑡ℎ𝑒𝑟𝑠(𝐿𝑜𝑤 𝑐𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒)

                              (9) 

 

In the equation, 𝜂 is the penalty coefficient (with a value > 10), which is used to rapidly amplify the 

weight of the uncertainty associated with the floating solution. In the EKF update procedure, the observation 

noise covariance matrix  𝑅𝑘 determines the filter’s ‘degree of confidence’ in the observed data. This system 

dynamically constructs an adaptive covariance matrix  𝑅𝑔𝑛𝑠𝑠,𝑘
∗  based on 𝛾𝑘: 

𝑅𝑔𝑛𝑠𝑠,𝑘
∗ = 𝛾𝑘

2 ⋅ 𝑅𝑔𝑛𝑠𝑠,0 = [

(𝛾𝑘𝜎𝑥)2 0 0

0 (𝛾𝑘𝜎𝑦)
2

0

0 0 (𝛾𝑘𝜎𝜃)2

]                                        (10) 

In the equation, 𝑅𝑔𝑛𝑠𝑠,0 denotes the nominal noise variance matrix for the RTK fixed solution. Based 

on the penalty factor 𝛾𝑘, the system’s observation update logic switches adaptively between the following two 

modes:  

1) Full-source fusion mode (𝛾𝑘 = 1 (RTK Fixed)): this mode utilises 𝐻𝑔𝑛𝑠𝑠 for observation updates, 

employing high-precision RTK data to correct the robot’s full state (𝑥, 𝑦, 𝜃), whilst simultaneously calibrating 

the odometer’s systematic bias online to eliminate previous cumulative drift and minimise the filter covariance 

matrix (Zhong et al., 2020). 

2) Geometric Constraint Compensation Mode ( 𝛾𝑘 > 1  (RTK Float/Lost)): the filter stops using 

unstable GNSS data updates to prevent the track from being ‘pulled off course’. The built-in 𝐻𝑙𝑖𝑑𝑎𝑟 and the 

observed residual 𝑦~𝑙𝑖𝑑𝑎𝑟 are then utilised to update the EKF. The compensation mechanism works as follows: 

the lateral deviation d in the observation equation constrains the robot’s degrees of freedom perpendicular to 

the tree row, thereby eliminating drift in the y-axis (local) direction. Meanwhile, heading compensation is 

achieved by the angular deviation 𝜙 in the observation equation, which strongly constrains the robot’s heading 

angle 𝜃, thereby suppressing angular divergence.Through this strategy, the system utilises RTK correction in 

open areas and relies on tree rows to lock onto heading and lateral position in obstructed areas, thereby 

achieving robust positioning that relies on satellites at a macro level and on the environment at a micro level. 



Vol. 78, No. 1 / 2026  INMATEH - Agricultural Engineering 

 

1342 

 

RESULTS 

Vineyard Field Test 

The reliability of field test data depends largely on the representativeness of the test environment and 

the stability of the hardware platform. This section provides a detailed overview of the characteristics of the 

selected orchard test site, as well as the configuration of the test platform built on the ROS architecture. When 

selecting a location for autonomous operation of orchard inspection robots, it is necessary to ensure that the 

area is free of obstacles in order to guarantee stable positioning signals. The project has selected a grape-

growing site, as shown in Figure 7. This demonstration site employs a standardised cultivation model, with 

rows spaced approximately 3 metres apart and plants spaced approximately 1.5 metres apart; each planting 

strip extends for up to 400 metres, providing an ideal testing environment for the robot navigation system. 

 

   
Fig. 7 – Vineyard scenery 

 

In orchard operations, the accuracy of path tracking is directly linked to the measurement performance 

of the positioning receiver. To assess the stability and reliability of the equipment, static positioning accuracy 

tests must be conducted prior to commencing formal operations. The specific procedure is as follows: select 

an unobstructed test area with a clear line of sight, keep the mobile robot stationary, activate the dual-antenna 

GNSS-RTK positioning system, and set the data sampling rate to 10 Hz. 

 

        
（a）Static RTK data in open terrain                  （b）Static RTK data collected within a vineyard environment 

Fig. 8 – RTK data collection experiment 

 

The results of the positioning performance tests indicate that, based on 100 sets of GNSS-RTK 

positioning data samples, the positioning accuracy is as shown in Figure 8. Statistical data show that the 

horizontal positioning accuracy is within 1 cm and the vertical positioning error is within 2 cm, thereby meeting 

the technical requirements for positioning in autonomous navigation operations within orchards. 

To evaluate the accuracy of the inter-row localisation algorithm, this study designed a test in which the 

robot autonomously navigated along the centreline of a standard 50-metre-long vine row at a speed of 1.0 m/s, 

utilising a high-precision RTK-GNSS rover to record the robot’s absolute position coordinates(𝑥𝑟𝑡𝑘, 𝑦𝑟𝑡𝑘)  and 

heading angle 𝜃𝑟𝑡𝑘. 
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Using a pre-calibrated map coordinate system transformation matrix, the RTK data is projected onto the 

current local coordinate system of the tree row, and the true lateral deviation 𝑒𝑦_𝑔𝑡t and heading deviation  𝑒𝜃_𝑔𝑡t 

are calculated to serve as evaluation benchmarks. 

To verify the robustness of the algorithm, the experimental path included two natural gaps in the vineyard, 

where 1 to 2 grapevines were missing in succession (with gap lengths of approximately 1.5 m to 3.0 m). This 

is a critical scenario for testing whether the localisation algorithm drifts due to the loss of features. 

Figure 9 records the curve showing the variation in LiDAR-estimated pose error over distance travelled 

during a complete in-row navigation run by the robot. 

  

 
Fig. 9 – Comparison of Lidar Relative Positioning Error with RTK True Values 

 

The results show that the positioning curves estimated by LiDAR closely match the RTK reference 

curves. In sections where the vines are evenly distributed, the lateral error is minimal and stable; in areas with 

gaps in the vine rows, the positioning error exhibits brief fluctuations but does not diverge or undergo sudden 

jumps. Once the vehicle exits these gaps, the error rapidly converges back to normal levels. 

In order to evaluate the system’s performance more comprehensively, the root mean square error, mean 

absolute error and maximum error were calculated from the experimental data collected over multiple trials. 

The results are summarised in Table 1. 

Table 1 

Statistical Comparison of Trajectory Tracking Errors 

Evaluation  

Criteria 

Root Mean Square  

Error 

Mean Absolute  

Error 

Maximum  

Error 

 Lateral deviation 0.042 m 0.035 m 0.098 m 

 Course deviation 1.85° 1.42° 3.75° 

 

The root mean square error for lateral positioning throughout the entire process is just 4.2 cm. In an 

operational scenario with a row spacing of 3 m, this means that the safety margins on both sides of the robot 

are significantly greater than the positioning error, which is sufficient to ensure that no collisions occur during 

long-term operation. The root mean square error for heading angle is kept within 2°. For a dual-loop PID control 

system, this level of precision indicates that the state variables provided by the perception layer are of 

extremely high quality. 

In summer testing scenarios, the dense foliage of vineyards acts as a natural signal blocker, resulting 

in severe GNSS multipath effects; RTK receivers frequently experience reduced positioning accuracy or signal 

interruptions. Figure 10 illustrates the track performance during multi-row operations in a circular pattern during 

the summer. 

As shown in the figure, during the straight-line inspection phase, when the robot enters an area with 

dense tree canopy cover, the raw GNSS-RTK positioning data not only exhibits random lateral jumps of 

approximately 0.03 m, but also demonstrates a continuous decline in accuracy and signal instability.  
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If the system relied solely on satellite navigation, this high-frequency positioning noise and persistent 

drift would be directly fed into the lower-level controller, causing the tracked chassis to make frequent, 

ineffective steering adjustments, which could lead to vehicle vibrations or even significant cumulative yaw over 

long distances. 

Upon detecting this anomaly, the integrated positioning system described in this paper rapidly and 

smoothly reduces the confidence weighting of the satellite data, shifting the primary responsibility to tree-row 

feature matching positioning based on 3D LiDAR. Quantitative data indicate that during a weak-signal 

navigation phase lasting up to 25 seconds, the system’s average lateral tracking error (RMSE) remained stable 

at 0.10 m, effectively suppressing persistent drift and perfectly bridging the satellite signal blind spot. 

 
Fig. 10 – Summer Navigation Trajectory Map 

 

CONCLUSIONS 

To address the limitations of single-sensor positioning in unstructured orchards due to canopy 

obstruction and complex terrain, this study proposes an adaptive extended Kalman filter (EKF)-based fusion 

method combining GNSS-RTK and 3D LiDAR. By employing an improved RANSAC algorithm for map-less 

tree-row fitting, the system reliably extracts lateral and heading geometric constraints despite severe 

environmental interferences like weeds and muddy ruts. Furthermore, a dynamic covariance adjustment 

mechanism based on RTK signal confidence enables seamless transitions to LiDAR-based compensation 

during satellite signal degradation, effectively mitigating odometer drift. Field experiments in vineyards 

demonstrate highly robust, centimeter-level accuracy, with lateral and heading root mean square errors (RMSE) 

restricted to 0.042 m and 1.85°, respectively. However, certain limitations remain, such as potential 

performance degradation in highly irregular orchards lacking distinct structural constraints, and the 

computational burden of continuous 3D LiDAR processing. To address this computational bottleneck, future 

research will explore advanced point cloud preprocessing pipelines, incorporating semantic segmentation, 

noise filtering, and adaptive downsampling, to optimize tree-row data extraction and significantly reduce 

computational overhead. Despite these challenges, this highly reliable state estimation framework effectively 

overcomes "blind-spot localization" issues, establishing a solid foundation for future research on map-free 

global path planning and dynamic obstacle avoidance in agricultural robotics. 
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