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ABSTRACT

Replacing human labor with robots is a trend for future agriculture due to its
efficiency and consistency. However, in automatic fruit harvesting tasks, leaf occlusion
and the dynamic orientation of fruit make it difficult for robots to directly observe the
picking point. To address this problem, this research focuses on tomato harvesting, and
proposes a next-best-view (NBV) algorithm based on two main structures: “tomato
pose prediction” and a “target-hit-gain function”. The goal of the research is to develop
a next-best-view algorithm that can efficiently and accurately predict the optimal
viewpoint which (1) can observe the target without occlusion and (2) adjusts to the
tomato’s orientation by maximizing the visible surface based on the current scene.

Results show that the system can successfully select the optimal view even
when only one fifth or the bottom of the tomato are observed in the initial view, and can
converge in 2-3 iterations, significantly reducing unnecessary robot movement.
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INTRODUCTION

Similar algorithms have been used in object reconstruction. However, these cases

often lack consideration of occlusion. Other cases are unsuitable for adjusting with dynamic
tomato orientation due to calculating ray gain only from the observed views without
performing model registration or pose prediction [3]. Our method, instead, uses ICP
registration to predict the orientation in advance and select the best view based on
(which scores candidate views by the number of rays that
successfully hit the target tomato without being occluded). This allows the system to address

with both leaf occlusion and target orientation at the same time.

In summary the contribution of this result are:

1. Proposed a next-best-view system based on ICP registration and
target-hit-gain function that complete both occlusion avoidance and orientation

adjustment tasks

2. Developed a next-best-view system specifically designed for the tomato
harvesting scenario that predicts the optimal viewpoint where the camera can
avoid the leaf occlusion and observed the largest area of the target tomato

based on initial view.

3. Showing the developed NBV system can successfully predict and guide the
robot arm camera to the optimal view, where the grasping point could be

clearly observed, even when the initial occlusion rate is over 70%.



MATERIALS AND METHODS

Registration-and-target-hit-gain-based Next Best View Algorithm Overview

The proposed NBYV algorithm consists of four segments: object detection by YOLOVS,
tomato reconstruction by ICP registration, candidate view generation, and target-hit-gain
calculation using ray casting method in Octomap and SDF (sign-distance-field) method.

Experiment Setup

In the experiment, the next-best-view algorithm is tested in two occlusion cases:
straight tomato with occlusion on right and lied tomato with occlusion on the bottom. Each
case is tested for different initial occlusion percentage conditions (defined at the following
formula) around 20%, 50%, 80% for multiple tests. The following figure shows the initial
scene of the two occlusion cases.

Figure 1: Case1-Left, Case2-right
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RESULTS & DISCUSSION

The results are shown in table1, in Case 1, the NBV system only required an average
of 2.4 iterations, with most successful rates ranging between 75% and 85%. Although Test
ID6 achieved only a 49% success rate after the third iteration, a satisfactory viewpoint had
already been obtained during the second iteration. Remarkably, even when over 71% of the
target tomato were occluded by leaf, the system was able to identify the optimal viewpoint
within 4 iterations, with the 3rd and 4th iterations involving only minor adjustments in camera
positioning. This demonstrates the robustness of the system under challenging initial
conditions.

Table2 presents the results of Case 2, where the successful rate was consistently
reached approximately 90%, notably higher than that in Case 1. However, when the
occlusion rate exceeded 80%, the system occasionally failed to detect the tomato,
highlighting a critical boundary condition for future improvement.

Table1: Result for case1-Left Table 2 Result for case2-Right
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CONCLUSIONS

In both of the cases, the proposed next-best-view algorithm successfully
demonstrates strong capability in finding the optimal viewpoint without leaf occlusion and
adjusting with the dynamic tomato orientations within only 2—3 iterations, significantly
reducing the occlusion rate from over 71% to 0%. This minimizes unnecessary robot
movement when finding the grasping point. The system effectively reduces leaf occlusion
while preserving alignment with the tomato’s orientation, enabling the camera to capture
grasping points that are otherwise invisible from the initial view. These results confirm that
the NBV strategy provides a practical and efficient solution for robotic perception in dynamic
agricultural environments.
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