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SUMMARY/ABSTRACT: The goal of this research project was to use a combination of high-fidelity 
tree models, simulations, machine learning, and controlled pruning trials in a laboratory 
environment to establish the feasibility of using a robotic system for dormant pruning of fruit 
trees. During the first year of the project, we developed a novel algorithm combining machine 
learning and probabilistic search methods to autonomously identify and label branches in Upright 
Fruiting Offshoot (UFO) sweet cherry trees. During the second year of the project, our focus 
transitioned to the physical act of branch cutting. Our approach was to use reinforcement 
learning to train a controller that utilized only color images from a low-cost commercial sensor 
for accurate pruning. To reduce the amount of data labeling required, which is a labor-intensive 
process, we used a Generative Adversarial Network (GAN) trained on simulated images to 
produce simplified representations 
of the orchard environment; the GAN 
also generalizes to real images as 
well. Our integrated system (Figure 1) 
also incorporates an interaction 
controller to guide the branch inside 
the pruning shears for an optimal cut. 
We evaluated our controller on an 
indoor lab setup using real cherry 
tree branches cut from the orchard. 
Results demonstrated the utility of 
reinforcement learning for creating a 
controller for accurate, consistent 
pruning.  
 
OBJECTIVES: During the previous performance period, we defined the following objectives: 

1. Develop a controller for robotic pruning that accurately places a target branch inside the 
blades at the pivot of the shears. The controller should be: i) robust to issues such as 
inaccurate depth data, inaccurate estimates in target position, and kinematic 
miscalibrations of the robot; and ii) generalizable to different orchard environments 
without requiring substantial data labeling 

Figure 1. Integrated robotic system during indoor pruning trials. 



2. Evaluate our controller from Objective 1 against a naïve framework that sends the robot 
to a target point estimate obtained from raw point cloud data 

 
PROCEDURES:  
Environment simplification: The RGB image from the sensor is first converted to a simplified 
segmented form for the reinforcement learning component via the pix2pix GAN architecture. The 
GAN learns to take a simulated environment with heavily randomized textures and output the 
simplified version (Figure 2). The use of heavy randomization allows the system to generalize to 
reality, enabling a sim-to-real transfer. Importantly, this system is trained with no manual labeling 
required. Data labeling is a laborious and time-consuming process in deep learning.  

 
Figure 2. Examples of our GAN converting images of different types, including simulated and real images, into their segmented 
form. 

Reinforcement learning (RL) controller training: The RL system is tasked with mapping simplified 
environment representations into a control action. Our system is trained in PyBullet with the 
Proximal Policy Optimization algorithm. During training, the robot gets a reward as the cutters 
approach the desired cut point and is penalized if it moves away from the desired cut point. Over 
many iterations, the robot learns how to move towards its target. The controller can be easily 
transferred to a real robot since it just outputs tool frame velocity commands. 
 
Admittance controller: An admittance controller handles close up interaction of the cutters once 
contact with the branch has been detected. The controller uses force measurements from the 
wrist sensor to avoid applying too much force to the branch, and then terminates the action once 
a sufficient branch “pushback” force has been detected. 
 
Evaluation: We evaluated system performance on a lab testbed incorporating real cherry 
branches designed to mimic the force characteristics of a trellis system (Figure 3). During the 
trials, we compared our controller against simple controllers that used position estimates derived 
from point cloud data. We also evaluated the effects of imperfect kinematic estimates. Each 
controller was evaluated by first selecting several approach positions based on point cloud data 
and then running each controller from each approach position. During the tests, we recorded 
whether the branch ended up inside the cutter as well as the distance of the final cut from the 
vertical leader. 



 
Figure 3. Our experimental testbed, consisting of several leader branches from a sweet cherry tree affixed to a trellis system. 

SIGNIFICANT ACCOMPLISHMENTS: 
• Our controller was significantly more accurate (77% vs. 46%) and executed more 

consistent cut lengths than the next best controller. 
• We demonstrated the utility of reinforcement learning for creating a controller for 

accurate, consistent precision pruning. 
• We showed successful sim-to-real transfer of a controller learned in simulation using a 

GAN also trained entirely in simulation, therefore requiring no manual labeling of data. 
 
BENEFITS & IMPACT: This project established that precision robotic pruning during the dormant 
season is feasible. Results from the project were communicated during extension events such as 
the OSU Cherry Day and via individual meetings with growers (e.g. Orchard View Cherries) and 
commissions (e.g. Oregon Sweet Cherry Commission). Scientific publications include  

• A. You, C. Grimm, A. Silwal, and J.R. Davidson, “Semantics-guided skeletonization of upright 
fruiting offshoot trees for robotic pruning,” Computers and Electronics in Agriculture, vol. 192, 
106622 (2022). 

• A. You, F. Sukkar, R. Fitch, M. Karkee, and J.R. Davidson, “An efficient planning and control 
framework for pruning fruit trees,” in Proc. IEEE Int’l Conf. on Robotics and Automation (ICRA), 
virtual, May 2020, pp. 3930-3936. 

 
ADDITIONAL FUNDING RECEIVED DURING PROJECT TERM: 

• In 2020, PI Davidson and cooperator Grimm received a new $375,000 grant from USDA-
NIFA on robotic pruning via the Agriculture and Food Research Initiative program. The 
grant, which is titled Robotic Pruning in Modern Orchards, is a collaborative project with 
Washington State University. 

• OSU is a core member of the new $20 million AI Institute for Transforming Workforce and 
Decision Support (AgAID), funded by USDA-NIFA and the NSF in 2021. PI Davidson is a Co-
PI on the Institute and robotic pruning is a signature project. 

 
FUTURE FUNDING POSSIBILITIES: Research leader Davidson is a Co-PI on a pre-proposal 
submitted to the Specialty Crop Research Initiative in January 2022 (lead institution: WSU). 
Dormant season pruning is an orchard operation highlighted in the pre-proposal.   


