Estimation of Image-Based End-Effector Approach Angles for Tomato Harvesting Robots
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Abstract

We propose a method to estimate a suitable approach angle for the end-effector of a tomato harvesting robot based
on image data. Agricultural harvesting robots often face obstacles such as other fruits or stems around the target crop.
Additionally, it is important to approach the target from a direction appropriate for harvesting, considering the shape
of the end-effector. The proposed method uses a deep learning-based instance segmentation model to extract regions
of fruits and stems, and estimates the suitable approach angle based on their positional relationships. We demonstrated
the usefulness of the proposed method using an image dataset acquired in an actual tomato greenhouse.
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1. Introduction

In recent years, aging workers and lack of successors
have become major issues in the agricultural sector due
to the declining birthrate and aging population. To solve
these problems, research and development of smart
agriculture using Al and robots has been actively
conducted since around the 1970s. However, there are
few practical examples of agricultural robots in the field.
Two factors are considered to be responsible for this:
technological factors due to differences in the complexity
and diversity of crops, tasks, and environments, and
economic factors such as high cost [1].

There have been many research and development
efforts on robots for the selective harvesting of high-
value crops, such as strawberries, tomatoes, and bell
peppers, which ripen heterogeneously and require careful
handling to harvest only the ripe produce while avoiding

damage to surrounding plants and unripe fruits[2], [3], [4].

,In our research group, Fujinaga et al. have developed a
tomato harvesting robot with a 3-axis orthogonal arm [5],
[6]. This robot is characterized by its simple structure.
However, this simple structure has a disadvantage that it
cannot harvest tomatoes by avoiding unripe fruits and
stems in front of the harvesting target. Therefore, our
group has developed a new robot with a horizontally
articulated arm to avoid obstacles and to adapt the
harvesting approach to the target.

For harvesting that takes advantage of the high degree
of freedom of the arm, a method for determining the
target posture of the robot's end-effector to the posture of
the fruit is required. To determine the target posture of
the robot end-effector, it is necessary to extract 3D
posture information of the tomato from the image
information. The following is an example of a previous
study on estimating the 3D posture of a harvesting target.
Zhang et al. used a method called tomato pose method
(TPM) to estimate the 3D position of a tomato bunch [7].
TPM is based on object detection of a tomato bunch and
detection of 11 key points defined as the main stem, stem,
and fruit in the bunch. Xiaogiang et al. proposed a method
for detecting tomato posture called the TPD algorithm [8].
The TPD algorithm uses the YOLO-Imk model, which is
a modification of YOLOVS5s, point cloud segmentation,
and a point cloud processing module to achieve fruit and
key point detection.

In this paper, we propose and evaluate an image
processing method for estimating the direction of tip
entry, which is necessary for a robot with a horizontally
articulated arm.

2. Proposed Method
2.1. Harvest strategy

We describe the configuration and specifications of our
group's articulated robot to explain the target
environment and requirements of the proposed method.
Fig. 1(a) shows the 3D CAD model of the robotic arm
used in this study. The horizontally articulated arm is
mounted on a linear actuator that moves in the direction
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(a) Appearance of the
robot arm
Fig.1 3D CAD model
of gravity. This arm allows the tomatoes to be harvested
not only from the front, but also from the side. Fig. 1(b)

(b) Appearance of the end-
effector

shows an end-effector with a harvesting mechanism.
The suction-cut harvesting mechanism is designed to
harvest one fruit per operation. A fan mounted behind the
end-effector rotates to draw the fruit in, while blades cut
the stems. The proposed image processing method
estimates the optimal entry posture for the end-effector.

Fig. 2 shows an example of the appearance of a tomato
that is the target of the proposed image processing
method. The figure also labels the parts of the tomato as
defined in this study. In this study, the thick stem of a
tomato cluster is called the “main stem” and the thin stem
extending from the main stem to the fruit is called the
“peduncle”. This study focuses on tomatoes located near
the robot and without occlusion, as shown in the figure.
In the case of the tomato shown in Fig. 2(a), it can be
imagined that any tomato can be harvested because the
fruit can be sucked by a frontal approach. However, in the
case of the tomato indicated by the arrow in Fig. 2(b), the
end-effector interferes with the peduncle when
approaching from the front, and the fruit cannot be
sucked properly, resulting in a failure of harvest. In this
case, the robot can harvest the tomatoes by approaching
from the right or left to avoid the peduncles. The
proposed method aims to estimate the appropriate
approach posture of the end-effector according to the
orientation of the fruit by image processing.

) |

(a) Example of a preferred

frontal harvest approach harvesting approach

from the left or right
Fig. 2 Example images of camera view the tomatoes
that are the subject of the proposed method.

(b) Xémple ofa preferrd

2.2. Image Processing Algorithm

After an overview of the proposed method, each
process is described in detail. Fig. 3 shows the processing
flow of the proposed method.

Does the
peduncle area
exist inside
E in?

| Instance Segmentation I

No Approach
angle is Front

Elliptical fitting of
Tomato Area— E base

E basexL.15 = Eout

SPI E out o Left
and Right
Right Is the
Approach peduncle area Approach
angle is Left in E outon the angle is Right
Left or Right?

Fig. 3 Process flow of the proposed method.

(c) Elliptical fitting of tomato  (d) Check the Peduncle area
area inside E_in

(f) Which the Peduncle area
in E_out is on the right or
left

Fig. 4 Output of each processing step.

Fig. 4 shows the output of each processing step. First,
an RGB-D camera captures an image of a tomato, and the
RGB component (Fig. 4(c)) is segmented into the main
stem, peduncle, and fruit regions (Fig. 4(b)). Hereafter,
the analysis focuses on the tomato bunches within the
square box in Fig. 4(a). Next, the fruit region is
approximated by an ellipse by performing ellipse fitting
on the fruit region (Fig. 4(c)). The size of the ellipses is
changed as needed (Fig. 4(c)-(e)), and the positional
relationship between the fruit and the peduncle is
obtained based on the criteria of whether and where the
peduncle region exists inside these ellipses(Fig. 4(f)).

(e) Check the Peduncle area
inside E_out
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Based on the acquired positional relationships, the
appropriate end-effector entry posture is estimated.

Instance segmentation (IS) is used to segment the main
stem, peduncle, and fruit. IS is an image processing task
that uses deep learning to predict pixel-by-pixel class
labels for objects in an image, and then identify them
individually. We adopted IS for the proposed method for
the following three reasons. First, it can flexibly adapt to
changes in visibility and illumination, Second, the
applied images are suitable for analyzing thin objects, and
third, it is necessary to recognize individual fruits for
harvesting. In this study, the YOLOvV8 segmentation
model was used as the training model for IS [9].

After segmentation, consider the ellipse E_in (Fig. 4(d)),
which is a 15% reduction of the ellipse generated by
ellipse fitting (Fig. 4(c)) for the tomato fruit region. If the
peduncle region does not exist inside this E_in, the
peduncle is judged not to be in the front, and the harvest
approach is determined to be front. The reason for
reducing the original ellipse (=E_base) is as follows.
Since the generated ellipse is only an approximation, the
ellipse often contains areas near the edges that are not
tomato areas. This region may include the surrounding
peduncle region, which is not directly related to the target
tomato, and using the ellipse E_base as it is in the
processing may affect the estimation results.

If the peduncle region is included in E_in, this means
that the peduncle is located in front of the tomato fruit.
Therefore, an ellipse E_out (Fig. 4(d)) is defined by
expanding E_base by 15%. By calculating the
intersection region between E_out and the peduncle
region (Fig. 4(e)) within E_out, we can determine the
position of the peduncle around the fruit in relation to the
fruit (Fig. 4(f)). Finally, the direction in which the
intersection region does not exist is determined to be the
end-effector's entry direction.

3. Experiments and Results

To demonstrate the effectiveness of the proposed
method, verification is performed using images from the
image dataset used during IS training. The evaluation is
based on accuracy. The true value was set by the author's
own visual inspection using the following concept.
Among the tomatoes in the image used, the tomato to be
evaluated is determined, and the approach direction of the
end effector that the author himself judges to be
appropriate is chosen from the three directions: right,
front, and left as true value. The accuracy is calculated by
comparing this true value with the estimated value by the
proposed method. In addition, the tomatoes to be
evaluated were classified into three categories according
to the growth direction of the stalk, as shown in Table 1,
and 15 tomatoes were selected for each category for
evaluation and verification.

Estimation of Image-Based End-Effector)

Table 1. Categorization of tomatoes to be evaluated.

When the peduncles
[ | extend toward the front of
the image

Fruit head and peduncle
are visible.

When the peduncles
1l | extend sideways of the
image

Fruit head and peduncle
may or may not be
visible in some cases

When the peduncles
extend toward the back of
the image

Fruit head and peduncle
are not visible.

Table 2 shows the accuracy and average accuracy for
categories 7/ to . When viewed by category, the
highest values were /77, followed by 7 and .

Table 2. Accuracy by Category and Overall Average.

7 0.800
y/4 0.600
y//h 0.933
Ave. 0.777

The results are analyzed separately for Categories I, 11,
and I11. The estimation accuracy of the proposed method
depends heavily on the recognition accuracy of IS. First,
In Category |, the peduncle is fully visible, enabling
accurate recognition, while in Category Ill, the tomato
fruit is easily recognized.

Category |1l achieves the highest accuracy because the
recognition of tomato fruits, which have simple shapes,
is easier than that of peduncles. In Category I, the
peduncle often extends sideways, and occlusion by the
fruit frequently makes parts of the peduncle invisible.
This occlusion reduces the recognition accuracy of the
peduncle, which subsequently decreases the estimation
accuracy. Factors such as the shooting angle, which
affects the visibility of peduncles, and the resolution and
shooting distance of images, which influence feature
extraction, significantly affect recognition accuracy.

4. Conclusion

We proposed an image processing method for
estimating the direction of entry of the end-effector based
on tomato recognition and posture estimation of tomato
fruit for implementation in a tomato harvesting robot with
a horizontally articulated arm. We confirmed that the
proposed method can estimate the direction of entry of
the end-effector with an average accuracy of 0.777. In
this method, it was analyzed that the visibility of the fruit
peduncle, depending on the orientation of the tomato,
significantly affects the performance of the pose
estimation. To solve this problem, we plan to examine
strategies for shooting at close range and re-
photographing from different viewpoints, and to develop
an IS model that can handle these strategies.
Demonstrating the effectiveness of this method through
harvesting trials using actual equipment remains a future
challenge.
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