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Abstract

This study focuses on the automation of food preparation and boxing in the food manufacturing industry. An important
point of food grasping by robots is that the shape of the food should not be damaged. However, it is difficult for a
conventional robot hand to perform this task perfectly. Therefore, an end-effector equipped with a camera-based
tactile sensor has been developed to perform this task in previous studies. However, the performance of this end-
effector depends on the reflectance of the target object, since it estimates contact based on the reflectance of light. We
have developed a camera-based tactile sensor and contact estimation system to solve this problem. In addition, we
have developed a pickup motion combined with object detection.
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1. Introduction

This study focuses on the automation of food
preparation and boxing in the food manufacturing
industry. In recent years, the need for robot automation
has been increasing due to the expected worsening of
labor shortages caused by the decline in the working-age
population. Serving and boxing soft foods is a
challenging task for robots. In a previous study, soft and
deformable objects were defined as “difficult-to-grasp
objects,” and an end-effector equipped with a vision-
based tactile sensor was developed to perform these tasks.
Although this end-effector has excellent ability to grasp
difficult-to-grasp objects, it has a problem that accurate
estimation of the grasping state becomes difficult when
the light reflectance of the object is low. We developed a
vision-based tactile sensor and grasp state estimation
system to improve this problem. In addition, we have
developed a pickup motion combined with object
detection.

2. Robot Composition

The robot consists of a vertically articulated 6-axis arm,
an RGB-D camera, and a hand tip equipped with a tactile
sensor as shown in Figure 1.

The camera-based tactile sensor consists of a finger with
Fin Ray structure, rubber-coated elastic skin, LED strip,
and RGB camera as shown in Figure 2. Since it is
necessary to grasp the object without crushing it, we
designed it based on the structure proposed in [1]. For the
placement of the elastic skin, LEDs, and cameras, we
refer to [2] and [3]. The RGB camera takes pictures of the
elastic skin and captures the deformation of the skin due

to contact with an object. The contact is shown
Figure 3.
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Fig.2 Composition of camera-based tactile sensor
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Fig.3 Deformation of tactile sensor due to object contact

3. System configuration

Figure 4 shows the system configuration. The system
consists of object detection, grasp state estimation,
motion planning, and paw control, and uses ROS (Robot
Operating System) topic communication for inter-
process communication.
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Fig.4 Pickup System Configuration

3.1. Object Detection

The algorithm uses YOLOv7, a real-time object
detector. One hundred marshmallow images were used as
the dataset, and 300 training runs were conducted. The
algorithm was trained 300 times on a dataset of 100
marshmallow images. Object detection was performed
using the trained model, and the 3D coordinates of the
object were calculated by combining the center pixel of
the detected object (Figure 5), depth information, and
internal camera parameters.
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Fig.5 Object detection results

3.2. Motion Planning

The coordinates calculated by object detection are
converted to a coordinate system based on the robot.
Movelt (motion path planning library) is used to plan the
motion using this as the target position of the robot's hand.

3.3. Contact State Estimation Model

The grasping state estimation model is shown in Figure
6, where a convolutional neural network consisting of a
convolutional layer, an all-joint layer, and an output layer
was created using VGG-16 with RGB images as input.
Here, the target of grasping is a marshmallow, and 214
images in the non-contacted state and 250 images in the
contacted state were used for fine tuning.
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Fig.6 Contact State Estimation Model

3.4. End-Effector Control

The hand control using the estimation model is shown
in Figure 7, where the video from the RGB camera is used
as input for estimation. The model closes the fingers if
they are not grasped and maintains the position of the
fingers if they are in contact.
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Fig.7 End-effector control using an estimation model

4. Experiment

Experiments were conducted to measure the
performance of tactile sensors on cylindrical and ball-
shaped marshmallows. Figure 8 shows an overview of the
grasping experiment when the marshmallow was in
contact with elastic skin areas A, B, and C, each about 11
mm in diameter. The size of the marshmallow before
grasping and the distance between the fingers after
grasping were measured 10 times each, and the amount
of deformation of the marshmallow before and after
grasping was calculated.
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Fig.8 Experiment Overview
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5. Results

Table 1 shows the average deformation and the ratio
of deformation to the size of the marshmallow before
grasping. It can be confirmed that the deformation of the
ball-shaped marshmallow is larger than that of the
cylinder-shaped marshmallow in the grasping of the ball-
shaped marshmallow. The smallest deformation was
observed in region C for both shapes. In the case of the
cylindrical marshmallow, the deformations in regions A
and B are almost the same, and in the case of the ball-
shaped marshmallow, the difference between the
deformations in regions A and B is large.

Table 1 Experimental Results

Contact Deformation Deformation Deformation Deformation
Surface (Cylinder) R.ate (Ball) Rate
(Cylinder) (ball)
A 0.648 2.815 0.999 3.928
B 0.639 2.825 0.879 3.366
C 0.447 1.9997 0.827 3.359

6. Conclusion

We developed a vision-based tactile sensor and grasp
state estimation system for grasping difficult-to-grasp
objects. This system was then applied to the control of an
end-effector to verify the performance of the tactile
sensor on two different shapes of marshmallows.

The performance of the tactile sensor was verified for
two shapes of marshmallows, and its effectiveness in
grasping difficult-to-grasp objects was confirmed. Future
work will include verification of the Fin Ray structure
and the modification of the elastic skin and RGB camera
positions. In addition, we aim to develop a deep learning
system with multiple data inputs, such as a fingertip
image from another camera in addition to the RGB
camera image.
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