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Abstract.  
Weed management in woody crops remains a major agronomic, economic, and environmental 
challenge. In orchard environments, tree trunks, low canopies, and narrow intra-row spacing 
severely restrict conventional machinery access to the under-canopy zone. As a result, weed 
control near tree trunks remains predominantly manual. In addition, conventional total herbicide 
applications in orchards often result in spray reaching the trunk, increasing the risk of phytotoxic 
damage. These current limitations motivate the development of autonomous systems capable of 
operating in complex orchard geometries. This work presents the development and field validation 
of a modular autonomous robotic platform designed for selective weed detection and targeted 
herbicide application in woody crops. The system integrates three subsystems: (i) a perception 
unit for real-time weed detection based on deep learning, (ii) an autonomous navigation, and (iii) 
a precision actuation system enabling localized spraying near tree trunks. Weed perception relies 
on a YOLOv8 convolutional neural network and stereo vision. Navigation was based on GNSS-
RTK combined with LiDAR-based trunk detection for obstacle avoidance. A six-degree-of-
freedom robotic arm enabled precise positioning of spray nozzles at detected weed locations and 
provided trunk avoidance capabilities. Field trials were conducted in a commercial almond orchard 
in south Spain. Results highlight the difficulty of deploying computer vision-based systems in an 
environment where the heterogeneous canopy shadows pose one of the most challenging 
scenarios for agricultural field perception. Spray coverage results show the robotic platform 
gradually reduced coverage to negligible levels closer to the trunk. This study demonstrates the 
capabilities of autonomous robotic platforms to operate under conditions currently inaccessible to 
conventional machinery. By simultaneously reducing labor requirements and preventing herbicide 
contact with the trunk, the proposed system offers a promising pathway towards safer and more 
sustainable weed management in woody cropping systems. 
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1. Introduction 
Sustainable weed management remains a key challenge in woody perennial cropping systems 
such as almond (Prunus dulcis). Weeds compete with crops for essential resources like water, 
light, and nutrients, reducing yields and potentially hosting pests and diseases. Unlike annual row 
crops, orchard systems are characterized by permanent plant structures, heterogeneous 
canopies, and spatially constrained under-canopy zones that limit the applicability of conventional 
mechanical weed control. As a result, broadcast application of non-selective herbicides continues 
to be the dominant weed management strategy used in orchard systems, entailing considerable 
environmental and economic costs. In European orchards, herbicide treatments may represent 
up to 30% of plant protection expenditures, while contributing to soil and water contamination, 
biodiversity loss, and the emergence of herbicide-resistant weed populations (Osipitan et al., 
2020; Strandberg et al., 2021; Vázquez-García et al., 2021). These concerns directly conflict with 
regulatory frameworks such as the EU's Green Deal "Farm to Fork" strategy, which calls for a 
50% reduction in pesticide use and associated risks by 2030 (Calatrava et al., 2021) and align 
with the shift toward precision and site-specific management approaches (Cabot et al., 2022). 
Apart from the environmental concerns associated with herbicide use in orchards, herbicide-
based weed control in woody crops can also generate direct phytotoxic effects on the crop itself. 
Off-target herbicide deposition through spray drift, runoff, or root uptake may expose non-target 
plant tissues, producing physiological stress or growth alterations even when applications are 
intended only for weeds (Kanissery et al., 2019). Repeated or chronic exposure to herbicides has 
been linked to the development of basal trunk cankers, increased susceptibility to environmental 
stress, and internal fruit disorders, indicating that herbicide contact near trunks can compromise 
long-term crop health and productivity (Martinelli et al., 2022; Rosenberger et al., 2013). Knowing 
these risks, farmers frequently avoid spraying in the immediate vicinity of tree trunks, leaving 
narrow unmanaged weed zones that must be controlled manually or mechanically—an approach 
that is labor-intensive, costly, and operationally inefficient. 
Robotic and autonomous systems have emerged as promising solutions to reduce herbicide 
inputs through selective, site-specific weed control. Advances in agricultural automation, 
particularly in multi-sensor perception and artificial intelligence (AI), have enabled the 
development of field robots capable of weed detection and site-specific herbicide application 
(Slaughter et al., 2008). Bechar and Vigneault (2016) further emphasized the importance of 
robotics in automating complex farming operations. These platforms typically integrate computer 
vision, GNSS-based navigation, and spectral imaging to discriminate between crops and weeds 
with high spatial precision (Wu et al., 2020). Coupled with intelligent actuation systems, such 
robots allow herbicide application to be confined strictly to the locations of detected weeds, 
reducing input use and minimizing environmental impact (Zhang et al., 2022). 
Early work in robotic weed control focused primarily on row crops and horticultural systems with 
relatively simple geometries (Åstrand and Baerveldt, 2002; Gerhards et al., 2024). In contrast, 
woody perennial crops present a markedly different operational context. Tree trunks act as 
frequent obstacles, inter-row and intra-row spacing may vary between orchards, and canopy 
development throughout the crop cycle introduces strong spatial and temporal heterogeneity in 
lighting (Li et al., 2009; Sun et al., 2010). Under-canopy areas often present deep shadows, partial 
occlusions, and high background texture from fallen leaves, branches, or irrigation elements 
(Fang et al., 2025; Huang et al., 2025). Additionally, real-time kinematic (RTK) GNSS positioning 
faces significant limitations in woody crop environments due to the structural complexity of tree 
canopies (Navone et al., 2025; Osman et al., 2026; Usu et al., 2025). 
More recently, researchers have been working on the development of weeding robots integrating 
AI. Jin et al. (2023) developed a smart sprayer for weed control in bermudagrass turf using 
convolutional neural networks to detect three weed types. Similarly, Upadhyay et al. (2024) 
developed a machine vision-based sprayer robot integrating an AI weed detection algorithm and 
tested it in a soybean field. Despite significant progress, there is a lack of fully integrated robotic 



Proceedings of the 17th International Conference on Precision Agriculture and 11th Brazilian Congress on 
Precision and Digital Agriculture: 13-15 July, 2026, Porto Alegre, Brazil 
  

3 

platforms capable of performing selective weed control under woody crop canopies. 
This study addresses this gap by presenting the development and field validation of a modular 
autonomous platform designed for selective weed control under the canopy of woody perennial 
crops. The system integrates multi-sensor perception, a trunk detection pipeline, a 6-DOF 
spraying arm, and cloud-based mission control to enable precise, under-canopy herbicide 
application. Field trials in commercial almond orchards assessed navigation accuracy, weed 
discrimination, and operational performance. 
The main contributions of this study are: 

1. The design and integration of a modular autonomous robotic platform combining multi-
sensor perception, RTK-GNSS navigation, trunk avoidance, and precision spraying for 
orchard environments. 
 

2. The construction of a weed image dataset tailored to Mediterranean orchard conditions. 
 

3. A field-based evaluation revealing both the capabilities and current limitations of perception-
driven selective weed control under real orchard conditions. 

2. Materials and Methods 
The modular robotic platform consists of three main functional modules: 

• Perception unit based on YOLOv8-L, trained to detect three common weed species 
(Cynodon dactylon, Lolium rigidum, and Malva sylvestris). 

• Navigation system built on a commercial steered platform. 
• Spraying module comprising a 6-DOF robotic arm, a trunk avoidance mechanism, a 20 L 

tank, and nozzles controlled by solenoid valves. 

2.1. Unmanned Ground Vehicle 
The modular robotic platform testbed was built on an Ackermann-steered, battery-electric robotic 
platform capable of achieving speeds up to 0.8 m·s⁻¹. For spraying tasks, its nominal operating 
range was limited to 0.4–0.5 m·s⁻¹, and the speed was set to 0.5 m·s⁻¹ during trials. Reverse 
motion was mechanically restricted by the design of the robotic arm trunk avoidance mechanism. 
The control and navigation stack was hosted on a ruggedized NVIDIA Jetson Orin NX (NVIDIA 
Corporation, Santa Clara, CA, USA), which managed sensor fusion, motion control, and 
communication with all peripheral devices. Localization relied on a dual-antenna GNSS-RTK 
receiver (ZED-F9P, u-blox AG, Thalwil, CH) integrated with a 9-DoF IMU (MTi-680 IMU, Xsens 
Technologies B.V., Enschede, NL), providing centimeter-level accuracy and stable heading 
estimation. A 32-beam mechanical LiDAR (LSLiDAR, Leishen Intelligent System Co., Ltd., 
Shenzhen, CN) and encoder feedback were used to monitor local drift and obstacle proximity. 
Mission routes were defined and uploaded through the uPathWay mission management system 
(GMV, Tres Cantos, ES), which transmitted navigation commands to the vehicle controller. The 
control loop operated at 20 Hz. To support safe operation, a trunk-avoidance mechanism 
combined LiDAR-based detection with mechanical redundancy from the rear-mounted robotic 
arm. All sensor coordinate frames were registered to the robot's base link via extrinsic calibration. 
Communication and supervision were supported by a 5G router (RUTX50, Teltonika, Kaunas, 
LT). The integration of all platform elements was performed with ROS2 Humble Hawksbill 
middleware (Quigley, 2009). 
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Fig. 1. Integrated robotic platform composed of: a) commercial Ackermann-steered robotic platform with IMU, RTK-GNSS 

and LiDAR for navigation; b) a 6-DOF robotic arm and a trunk avoidance mechanical device for reaching the intra-row 
space; and c) a precision spraying subsystem composed of a 20 L tank, spray nozzles, and an RGB-D camera for weed 

detection. 

2.2. Perception Unit 
The perception module was designed to deliver real-time weed detection by combining high-
resolution visual sensing with embedded deep learning inference. A ZED 2i stereoscopic RGB 
camera (Stereolabs, San Francisco, CA, USA) was mounted at 50 cm above ground with a 
downward tilt of 20°, providing full coverage of the 1.4 m intra-row area in a single pass. The 
perception system was based on a NVIDIA Jetson AGX Orin 64 GB (NVIDIA Corporation, Santa 
Clara, CA, USA). The detection framework used YOLOv8-L (Ultralytics LLC, USA), trained 
following a two-phase strategy. The perception stack was implemented in PyTorch (Paszke et al., 
2019) with CUDA acceleration. Inference results were transmitted in real time to the spraying 
controller via the robotic arm (XB7L, ROKAE Robotics Co., Ltd., Beijing, CN). 
To train and evaluate the weed detection system, a dedicated image dataset was constructed 
focused on three representative species commonly occurring in Mediterranean almond orchards: 
Cynodon dactylon, Lolium rigidum, and Malva sylvestris. A total of 500 plants of each species 
were cultivated and transplanted to controlled plots at the University of Seville (37° 21.07′ N, 5° 
56.33′ W). A second dataset (714 images) was collected in a commercial almond orchard (37° 
29.32′ N, 5° 59.79′ W). After annotation, a total of 3,021 images from both sites were merged into 
a single dataset. A stratified sampling strategy was applied to generate training (70%), validation 
(15%), and test (15%) subsets. 

 
Fig. 2. Commercial almond orchard in which validation of the modular system was carried out (A), and detail of the 

position and distribution of the target area (B). 
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The YOLOv8-L model was trained in two phases. In Phase 1, the model was trained from 2,307 
images acquired under uniform early-season lighting for 100 epochs at 1280 px input resolution. 
Phase 2 fine-tuned the best Phase 1 weights on 714 images collected under dense canopy cover 
during late spring, where deep shadows, high contrast, and partial occlusions were the norm. For 
every detection, the bounding-box center point was projected into robot-centered 3D coordinates 
using ZED 2i depth information, and these coordinates were sent to the robot controller to position 
the robotic arm. 

2.3. Actuation System 
The actuation system was designed to perform two critical functions: (i) avoiding tree trunks during 
navigation, and (ii) delivering spray with precision at detected weed locations. The system 
combined a six-degree-of-freedom (6-DOF) robotic manipulator with a mechanical trunk 
avoidance system and a selective spraying module. The robotic arm provides a maximum reach 
of 707 mm, a payload capacity of 7 kg, and a total weight of approximately 52 kg. 
2.3.1. Trunk Avoidance System 

To enable navigation near the orchard's crop rows and spraying in the intra-row area, a trunk-
avoidance system was developed. The system reacted to the pressure exerted by the tree trunk 
and retracted, allowing the platform to avoid collision and enabling spraying of the area at the 
opposite side of the tree while preventing the spraying of the tree trunk. Nozzles were integrated 
in both arms of the trunk-avoidance device structure, enabling spraying even in the area behind 
the tree trunks. 

 
Fig. 3. Visual progression of the operation of the trunk avoidance system prototype. When contact with the tree trunk 

occurs, the trunk avoidance system retracts to create clearance, enabling the platform to follow its path. 
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Fig. 4. Detailed views of the trunk avoidance device prototype mounted at the tip of the robotic arm. Nozzles were 

integrated into the trunk-avoidance system structure to enable spraying behind the tree trunks. 

2.3.2. Precision Spraying Module 

The precision spraying module consisted of four 60° flat-fan nozzles (Model 610.514, Lechler 
GmbH, Metzingen, GE) operating at 5 bar, providing a flow of 2.9 L·min⁻¹ at working pressure 
(verified following ISO 16122, 2015). The configuration was designed to spray at 0.3 m above the 
target area. The module has two operation modes: selective spraying (each nozzle independently 
operated via solenoid valves) and band spraying (all four valves activated simultaneously upon a 
detection event, providing a 1.5 m swath width). 
Spray coverage around the tree trunk was evaluated using 26 × 76 mm water-sensitive papers 
(Syngenta, Basel, CH). Arrays were placed in four directions (N, E, S, W) around three randomly 
chosen trunks, with five dosimeters per direction spaced every 0.1 m (first at 5 cm from the trunk). 
The analysis was carried out using ImageJ (v1.52p, NIH, USA). 

 
Fig. 5. Diagram of the water-sensitive paper arrays placed around each sampled tree. Papers were placed every 0.1 m, the 

first at 5 cm from the trunk surface. The spraying robot advanced in the arrow direction at 0.5 m·s⁻¹. 

3. Results 

3.1. Perception System 
As shown in Table 1, the YOLOv8-L model achieved excellent performance under controlled 
illumination conditions, with a mAP@0.5 of 93.5% and mAP@0.5-0.95 of 65.7%. In the 
commercial orchard, performance declined substantially: mAP@0.5 reached 39.5% and 
mAP@0.5-0.95 of 19.5% under winter/no-leaf conditions, and mAP@0.5 of 44.3% and 
mAP@0.5-0.95 of 20.2% during spring/summer with fully developed canopy. 
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Table 1. Performance of the weed identification model under different scenarios. 
Dataset mAP@0.5 mAP@0.5-0.95 

Controlled Conditions 93.5% 65.7% 

Winter (no-leaf) 39.5% 19.5% 

Summer (full canopy) 44.3% 20.2% 

 
Cynodon dactylon and Malva sylvestris achieved the highest average precision values (AP@0.5 
of 0.634 and 0.582, respectively), demonstrating relatively strong detection capabilities. In 
contrast, Lolium rigidum obtained a markedly lower score (0.112), indicating significant challenges 
in distinguishing this species from the background. The mean average precision across all classes 
(mAP@0.5) reached 0.443 under orchard conditions. The final model required 165 Giga Floating 
Point Operations (GFLOPs) per inference, yielding a device inference time of 22–180 ms per 
image on the Jetson AGX Orin. 

 
Fig. 6. Precision–Recall (PR) curves for each class and overall model performance. Cynodon dactylon (AP@0.5 = 0.634), 

Malva sylvestris (AP@0.5 = 0.582), Lolium rigidum (AP@0.5 = 0.112). Overall mAP@0.5 = 0.443. 

 

 
Fig. 7. Number of instances under winter conditions (A) and summer conditions (B). The number of instances during 

summer is substantially larger than during winter. 
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Fig. 8. Normalized confusion matrix of the model under summer orchard conditions. Malva presents the highest 

classification accuracy (0.63). Cynodon and Lolium exhibit substantial confusion with the background class (0.39 and 0.94, 
respectively). 

3.2. Precision Spraying System 

 
Fig. 9. Average spray coverage achieved during spraying trials in a commercial almond orchard. Four sampling arrays of 

water-sensitive paper were placed around tree trunks, sampling a total distance of 50 cm from the trunk (5 dosimeters 
spaced 10 cm apart). Trunk diameter was 15 cm. 

Results of the precision spraying system trials show that water-sensitive papers located immediately 
adjacent to the tree trunk received reduced spray, with an average coverage of 1.28%. Coverage 
increased progressively with distance from the trunk, forming a clear radial gradient. Additionally, 
deposition was not spatially uniform around the trunk: higher coverage values were observed on 
the side facing the advancing direction of the platform, indicating a directional bias in spray 
distribution. 
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4. Discussion 

4.1. Perception System 
Differences in precision obtained between datasets collected under controlled lighting conditions, 
winter conditions, and summer conditions suggest considerable variability that limits 
transferability to orchard field conditions with under-canopy shadows. This problem is present in 
most agricultural applications of AI models given the intrinsic variability of agricultural systems 
and environmental conditions (Shafay et al., 2025; Zhao and Wang, 2026). The higher precision 
observed during summer trials suggests the model is more suitable in summer than in winter, 
likely related to the relatively homogeneous lighting conditions a fully developed canopy shade 
offers compared to the heterogeneous lighting of an underdeveloped canopy shade, a behavior 
previously observed by Lu et al. (2022). 
Species-level detection performance was influenced by a combination of leaf morphology and 
class representation. The relatively strong performance of Cynodon dactylon despite its narrow-
leaf morphology is likely attributable to its dominant representation in the training dataset 
(Dyrmann et al., 2016). The relatively high AP@0.5 of Malva sylvestris is attributable to its 
distinctive broad-leaf architecture, which provides a large target with clear boundaries (Garibaldi-
Márquez et al., 2022). In contrast, Lolium rigidum showed substantially lower detection 
performance and high rates of misclassification as background, consistent with the known 
difficulty of detecting narrow-leaved species (Wang et al., 2019, 2022). 
The YOLOv8-L model required 165 GFLOPs per inference, with an observed inference time of 
180 ms on the NVIDIA Jetson AGX Orin. These results highlight a key limitation of the current 
perception system: its dependence on GPU-capable hardware constrains deployment to 
platforms equipped with dedicated AI accelerators (Hussain, 2024). 

4.2. Precision Spraying System 
The spray coverage results confirm that the trunk-avoidance system successfully prevented 
herbicide deposition near tree trunks, with average coverage of just 1.28% at the closest sampling 
position (5 cm from the trunk surface). This result is of particular relevance given that herbicide 
contact near trunks has been associated with basal trunk cankers, increased susceptibility to 
environmental stress, and internal fruit disorders (Martinelli et al., 2022; Rosenberger et al., 2013). 
The near-zero deposition levels demonstrate that the mechanical trunk-avoidance system 
functions as an effective spray barrier. 
The directional asymmetry in coverage, showing higher deposition on the side facing the 
advancing direction of the platform, is consistent with spray dynamics reported for moving 
spraying systems (Butts et al., 2024). This effect should be accounted for in future calibration of 
the spraying system, particularly for band-spraying applications where uniform coverage is 
desirable. 

4.3. System Integration 
The results demonstrate that each individual subsystem achieved functional performance under 
field conditions. However, translating subsystem-level performance into fully autonomous 
selective weed control requires tight coupling between these components, and several findings 
are best understood as integration constraints rather than failures of individual modules. 
In the developed platform, information flows sequentially from perception to actuation, with 
navigation operating in parallel on a separate control loop. The perception unit generates weed 
detections at approximately 5 Hz (governed by YOLOv8-L inference time of 180–220 ms per 
frame), while the navigation stack operates at 20 Hz and the LiDAR-based trunk detection pipeline 
provides point clouds at 5 Hz. This asynchronous structure is consistent with distributed robotic 
systems reported in precision agriculture (Shamshiri et al., 2024; Emmi et al., 2014). 
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The 180 ms latency was compatible with the platform's 0.5 m·s⁻¹ operating speed—the robot 
travels approximately 9 cm between consecutive detection frames, well within the nozzle swath 
(Sunil et al., 2024). The most significant integration limitation was the absence of bidirectional 
communication between the perception unit and navigation module, which constrains the platform 
to a fixed-path spraying mode. Future iterations could implement stop-and-spray approaches 
(Visentin et al., 2023; Balasingham et al., 2024), which reduce operational complexity while 
enabling more direct perception–navigation coupling. 

5. Conclusions 
This paper described the development and field testing of a modular robotic platform for selective 
weed control in woody perennial crops, integrating RTK-GNSS/IMU navigation, LiDAR-based 
trunk detection, a six-degree-of-freedom robotic arm, and a real-time deep learning perception 
unit. The results show that these components can be integrated into a functional, field-operable 
system. 
Field trials in a commercial almond orchard confirmed reliable trunk avoidance without collisions 
or spray deposition near the trunk, and successful real-time synchronization between weed 
detections and nozzle activation. On the perception side, the developed model showed mAP@0.5 
values of 39.5% in winter and 44.3% in summer, making clear that the detection system is not yet 
ready for unsupervised deployment. 
Several priorities stand out for future development. Perception is the most pressing: closing the 
gap between controlled and field performance will require considerably more training data 
collected across seasons, canopy stages, and orchard types, with particular attention to narrow-
leaved species like Lolium rigidum. Tighter integration between perception and navigation is 
equally important: in its current form the platform follows fixed waypoints and cannot redirect 
based on detection outputs. Complementary sensing modalities such as multi-camera, 
multispectral imaging, or depth-based segmentation may also help with plant–soil separation 
under variable canopy light. 
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