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Tactile-based Pouring Motion
inspired by Human Skill∗

Takuya Kiyokawa

Abstract

In this thesis, we propose a tactile-based pouring motion for robots inspired
by the pouring skills of humans. Conventional vision-based pouring motions are
subject to restrictions such as pouring material shape, pouring material color,
illumination, background clutter and occlusions. In the proposed tactile-based
pouring motion, the weight of a grasped container is estimated from the robot
fingertip force, and the weight is continuously observed during the pouring mo-
tion. The pouring amount is calculated from the estimated weight. Since the
grasped objects deform while being poured due to the movement of the gravity
center, we implement a tactile-based grasping strategy for pouring such objects.
The proposed method considers the deformation and the gravity center shift us-
ing tactile sensors on fingertips, and adjusts the grip force. Therefore, if the
mass can be estimated while performing this grasping strategy, a tactile-based
pouring motion can be realized. In this thesis, we aim to verify whether both the
tactile-based grasping strategy and the tactile-based pouring motion generation
are compatible. Pouring experiments using our robotic system showed that it
was possible to estimate the pouring amount within 50 g. The results suggest
that there is a possibility that it can be poured with the precision equal to or
higher than the best value of pouring amount by vision-based pouring motion.
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1 Introduction

Recent studies in robot manipulation are shifting to more complicated tasks such
as humans daily activities rather than the manipulation of rigid objects. Robot
manipulation of deformable objects involving the movement of the gravity center
is still difficult, such as pouring a glass of water. Vision sensing enables robots
to pour a specific amount of the liquid by observing the liquid to be poured.
However, vison sensing is subject to many restrictions such as illumination, back-
ground clutter, and occlusion. On the other hand, tactile sensing can effectively
perceive many internal states of grasped objects such as a gravity center shift and
the material amount change in the grasped container.

In this thesis, we enable robots to pour a specific amount of material into
containers without depending on the external information of objects and the sur-
rounding environment. We construct a basic framework of tactile-based pouring
motion inspired by a human skill.

1.1 Related Work
In this section, we explain related researches divided into four sections: tactile-
based manipulation, pouring motions in industrial fields, vision-based pouring
motions, and pouring motions by skill transfer from humans.
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1.1.1 Tactile-based Manipulation

Tactile perception for robots is a key approach to obtain both some physical prop-
erties of objects and the physical phenomenon during grasping. Many studies of
tactile object recognition are focusing on the perception of interaction by active
approaches to objects [1, 2]. Drigalski et al. [3] conducted a textile identification
of thin, deformable objects using 3D force sensors. Matsubara et al. [4] proposed
a criterion in active touch point selection for fast object shape estimation. Kaboli
et al. [5] constructed a methodology for discrimination based on a object’s center
of mass using 3D force sensors. Teshigawara et al. [6] developed a slip-detecting
sensor using tactile information. Wang et al. used wavelet analysis for slip pre-
diction [7, 8]. Kaboli et al. [9] constructed a tactile-based grasping strategy for
deformable objects and heavy objects. As a result, it was possible to suppress the
deformation rate to 6% or less from the original size for all experimental objects
by using the proposed robotic system. Fig. 1.1 shows the robotic grasping sys-
tem and a result of deformation percentage. Currently, the elemental technologies
based on tactile manipulation have been developd. However, tactile-based, dex-
terous, routinely-performed skills like pouring motion has not been realized. This
thesis focuses on the realization of pouring motion based on tactile information.

(a) Grasping system (b) Deformation percentages of grasped objects

Figure 1.1: Grasping system for deformable objects and a result in [9]
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1.1.2 Pouring Motions in Industrial Fields

The pouring motion by a robotic system has been put to practical use in industry
fields rather than in home environments. Noda et al. [10–13] proposed a casting
robot which can pour liquids by estimating the pouring amount. The motion
trajectory is generated based on an outflow rate model with a ladle model and
the feedback of loadcell values for pouring a specific amount of liquid. Kennedy
et al. [14] realize a motion for pouring precise amount of liquids using the out-
flow rate model with a rectangular-parallellepiped-shaped container using visual
feedback. These methods need an accurate shape model of the specific container
for the pouring motion. For home robots, it is difficult to obtain all the precise
models of containers.

(a) Geometric parameters of the containers (b) Rectangular container geometry

Figure 1.2: Container geometry for a pouring model [14]
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1.1.3 Vision-based Pouring Motions

To enable home robots to pour, a pouring method imitating humans has been
tried out. Sugita et al. [15,16] proposed an outflow rate model based on a cylindri-
cal approximated container and visual feedback to pour into an accurate position
in a container. Yamaguchi et al. [17] explored a stereo vision system for recog-
nizing liquid outflow as 3D points (a point cloud). Schenck et al. [18] proposed
a model-free method based on visual feedback using a recurrent neural network,
which is currently the state of the art method in visual feedback pouring. In the
vision-based algorithms, the vision system needs to extract the region of liquid
during pouring or estimate the volume by measuring the height of liquid in the
container from vision data. The issue with vision-based algorithms is that they
are to be influenced by not only external information of materials and containers
(e.g. the color and the shape) but also the illumination and occlusions in home
environments.

(a) An input image for vision-based pouring (b) Results of each pouring containers

Figure 1.3: Input and results in a vision-based pouring motion [18]
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1.1.4 Pouring Motions by Skill Transfer from Humans

Yamaguchi et al. [19–21] modeled pouring skills observed from human demon-
strations. The pouring model has several variations of the pouring motion such
as tipping over, shaking and tapping. The pouring robot (PR2) was trained to
select the appropriate pouring behavior using the pouring model with variations.
Tamosiunaite et al. [22] proposed a learning method to obtain the parameters
of dynamic movement primitives (DMP) from human demonstrations. Rozo et
al. [23] use parametric hidden Markov models for training the robot. Human
teleoperates a robot using a haptic device, and use the data from the demon-
strations to allow to learn the motion. These pouring motions by skill transfer
from humans enable robots to effectively learn a dextrous motion by passing the
human skills to the robot.

Robots have more accurate sensing abilities than humans. There should be
an optimum pouring motion with a robot using its sensing abilities. One of
the sensing abilities is to be able to sense the weight with fingertip sensors. In
this thesis, we consider the motion generation for pouring a specific amount of a
material using the weight sensing.

(a) Teleoperation experiment of pouring task (b) Previous proposed learning framework

Figure 1.4: Force-based learning framework and the experiment [23]
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1.2 Motivation
This thesis focuses on constructing a basic tactile-based pouring motion inspired
by a human pouring skill. To pour a specific amount of a material, the robot
observes the mass of the grasped objects until a specific amount is reached. The
mass of a grasped object is estimated from the robot fingertip force, and the
weight is continuously observed during the pouring motion. The pouring amount
is calculated from the estimated weight. Since the grasped objects handled during
pouring motion are deformable objects involving the movement of the gravity
center, we implement a tactile-based grasping strategy for such objects. The
proposed method considers the deformation and the gravity center shift using
tactile sensors on fingertips, and adjusts the grip force. Therefore, if the mass
can be estimated while performing this grasping strategy, a tactile-based pouring
motion can be realized.

The purpose of this thesis is to verify whether both a conventional tactile-
based grasping strategy and the proposed tactile-based pouring motion generation
are compatible. In experiments of pouring motions using the proposed robotic
system, we evaluate the ability of the mass estimation method in terms of three
material types.

6



1.3 Contributions
The main contributions of this thesis are:

1. The proposed tactile-based pouring motion is based on a human skill. Our
robotic system uses only 3D force sensors on the fingers and estimate the
mass of a grasped object.

2. The proposed mass estimation method uses the sensing data of the fingertip
force in the direction of gravity. The estimation error was less than 50 g in
all phases of the pouring motion, which are the initial state, outflow state,
and end state.

1.4 Thesis Overview
The rest of this thesis is organized as follows:

Chapter 2 details the methods proposed in this thesis.

Chapter 3 describes the design and implementation of the proposed methods.

Chapter 4 describes the pouring experiments and results.

Chapter 5 discusses the tactile-based method by comparing with other research
in order to consider future directions.

Chapter 6 concludes this thesis and discusses future works.

7



2 Methodology

Based on a pouring model by Yamaguchi et al. , we construct a basic tactile-based
pouring motion. This chapter introduces the previous proposed pouring model
based on human skills and explains some assumptions and the overview of the
methodology of proposed pouring motion.

2.1 Human Skills of Pouring Motions
Yamaguchi et al. created a behavior model for a general pouring task with several
variations: targets, material types, container shapes, initial poses of containers,
and target amounts. The model is constructed based on skills from human demon-
strations [21]. The human skills are divided into four types of pouring motions
which are Tipping over, Shaking A, Shaking B, and Tapping. Combining these
types of pouring motions, humans complete the motion for pouring a specific
amount of material. Yamaguchi et al. modeled the compound pouring motion
as finite state machines, as shown in Fig. 2.2. This thesis focuses the pouring
motion by tipping over.

During pouring motion by tipping over, the edge point of the source container
takes a constant position and only the tilting angle θ changes, as shown in Fig. 2.3.
Also there are two types of the pouring motions by tipping over, depending on
the forearm motions. Fig. 2.4 shows the two types which are the pouring motion
by forearm pronation and by compound motion of ulnar flexion and forearm
pronation.

8



(a) Tipping over [24] (b) Shaking A (c) Shaking B (d) Tapping

Figure 2.1: Four types of pouring motions [21]

Figure 2.2: Finite state machines for pouring tasks [21]
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Figure 2.3: Pouring motion by tipping over

(a) Tipping over by pronation (b) Tipping over by pronation and ulnar flexion

Figure 2.4: Two types of pouring motions by tipping over
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The proposed pouring motion refers the finite state machine of pouring flow by
tipping over derived from human demonstrations, as shown in Fig. 2.5. The To
Init is a state when θ is not zero. θ = 0 is defined as the initial pose, and θ should
be less than θmax where the source container is upside down. ctrl(θ̇) means to
control θ with its velocity θ̇. The Find Flow shows the state while robot detects
the outflow. flow() becomes true if flow observed, noflowin(∆t) becomes true
if no flow observed in ∆t, and θ̇max is the maximum velocity of θ. The Pour
means the state during pouring. The robots control the orientation of the source
container.

We consider the robot pouring motion by tipping over from pronation which is
not a compound motion.

Figure 2.5: Finite state machine pouring motion by tipping over
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2.2 Assumptions
The initial assumptions for the experiments are:

• One hand is used.

• Each container is already opened (if it has a lid or top).

• A container model is given, where each model consists of a cylinder for a
graspable part and a circle for the mouth. Currently, labels of container
types and material types are given. Future work will obtain these from
tactile information.

• The initial poses of the containers (target and source) are given.

• The robot can acquire the weight of each source container and the density
of each material.

In this thesis, we confirm the feasibility of compatibility between tactile-based
grasping strategy and tactile-based mass estimation. The cooperative operation
of the dual arms and the opening and closing manipulation of the container lid
are not considered in this thesis. Since we also do not explore the estimation
problem of unknown parameters such as object shape and pose, we assume the
above items.

12



2.3 Overview of the Proposed Pouring Motion
In this section, we first explain the overview of our approach to let the robot pour
a specific amount of material. The pouring robot needs to equip with the grasping
strategy and the pouring motion, for pouring any materials and for grasping any
containers. Fig. 2.6 shows the processing flowchart for proposed pouring robot,
which is divided into two components, the pouring motion (Fig. 2.6 blue part)
and the grasping strategy (Fig. 2.6 red part) based on tactile information. The
flowchart is constructed based on the finite state machine of tipping over by
Yamaguchi et al. as shown in Fig. 2.5.

We use a grasping strategy by Kaboli et al. [9], as shown in Chap. 3. To allow
the robot to pour the specific amount of a material, the robot estimates the mass
of the material in the container and detects material outflow. If the outflow is
detected or the target amount is reached, the robot regulates the wrist angle of
the arm. In this thesis, we do not discuss the outflow detection and the angle
regulation method. The mass estimation verified in this thesis is described in the
next section.

13



Figure 2.6: Flowchart of proposed tactile-based pouring motion
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2.4 Tactile-based Mass Estimation
The proposed method estimates the mass of the material using the mass of the
container. Based on static state of contact point without slip, we calculate the
sum of the fingertip forces in the vertical direction. By balance of forces in the
vertical axis direction, the sum value shows the weight of the grasped object as
shown in Fig. 2.7 (when the robotic hand has three fingers). The A, B, C denote
the finger index and g is the acceleration of gravity.

The mobj is calculated as

mobj = wobj

g
, wobj = |

n∑
i

f zi
|, (2.1)

where i represents an index of fingers and g is gravitational acceleration. The
estimated mass m̃obj can be described as

m̃obj = amobj + b, (2.2)

where a and b are the regression coefficient and intercept.
These parameters are identified in a preliminary experiment. Finally, using the

mass of the source container msc as a known parameter, the estimated material
mass m̃mat can be expressed as

m̃mat = m̃obj −msc. (2.3)

We estimate the mass of material to confirm whether or not the target amount
has been reached.
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Figure 2.7: Fingertip forces in the vertical direction at contact points

To obtain the weight of the grasped object by weight, fzi
are calculated. The

fzi
are geometrically calculated by using the fingertip force measurement value in

consideration of the pose of the coordinate system existing on the fingertip contact
point. Fig. 2.8 shows the positional relation between each fingertip coordinate
system when the robot hand has three fingers. Fx, Fy, and Fz mean the axes on
the fingertip coordinate system. Fig. 2.9 shows the parameters for calculating fz

on each fingertip coordinate system.
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(a) Illustration seen from fingertip side (b) Illustration seen from container spout side

Figure 2.8: Positional relation between each fingertip coordinate system

(a) Illustration seen from fingertip side (b) Illustration seen from container spout side

Figure 2.9: Geometric parameters for calculating fz on each fingertip
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3 Design and Implementation

This chapter provides a brief explanation of our design and implementation of
tactile manipulation system needed to evaluate the proposed method. Sec. 3.1
describes our hardware system. Sec. 3.2 and Sec. 3.3 detail the pouring motion by
our robotic arm and a grasping strategy used for our robotic hand, respectively.

3.1 System Overview and Specifications
Fig. 3.1 and Fig. 3.2 show the overview of our robotic system and the structure
components for the robotic system. (a) shows an LBR iiwa 14 R820, a 7-DoF
manipulator by KUKA. (b) is a TRX-S, a 3-finger 1-DoF robotic hand by THK
CO., LTD. (c) shows the 3D optical force sensor configured as shown in Fig. 3.1.

Inside the force sensor, photodiodes are measuring the amount of reflected
light, originally emitted by the LED. By comparing the measured values on the
photodiodes, the acting forces can be precisely reconstructed and not just the
magnitude, but also the direction [25]. Tab. 3.1, Tab. 3.2 and Tab. 3.3 show the
mechanical specifications of (a), (b) and (c) respectively. To realize the pouring
motion incorporating human skills, we use the LBR iiwa which has the same
degrees of freedom as a human arm. We adopted a compact, lightweight TRX-S
with a three finger structure widely used in the research field. Further, since
the robotic hand has a mechanism with one degree of freedom using a stepping
motor, it is easy to control with a high positioning accuracy. We adopted the
OptoForce sensor that can acquire data at high speed (up to 1 kHz). The tactile
force sensor has a compact size, it can be easily mounted on the fingertip, and it
is dustproof and waterproof (the sensor conforms to IP65 of IEC-standards).

The overview of the software system configuration is shown in Fig. 3.3. The
details of the software system are described in following sections.

18



Figure 3.1: Proposed robotic system. The system has three components,
which are a robotic arm, a robotic hand and three fingertip force
sensors. The robotic arm and the robotic hand are phisically con-
nected by a 3D-printed jig on the flange of the robotic arm. The
force sensors are attached to the fingertip of the robotic hand by a
3D-printed jig.

(a) LBR iiwa 14 R820 (KUKA) (b) TRX-S (THK) (c) OMD-20-SE-40N (OptoForce)

Figure 3.2: Structure components of our robotic system

19



Table 3.1: Specifications of the robotic arm
Specification Value / Type
Model LBR iiwa 14 R820
Number of controlled axes 7
Volume of working envelope 1.8 m3

Pose repeatability 0.1 mm
Weight approx. 29.9 kg
Related payload 14 kg
Maximum reach 820 mm

Table 3.2: Specifications of the robotic hand
Specification Value / Type
Model TRX-S
Fingertip force 10 N
Grasping force 30 N
Load capacity 3 kg
Weight 320 g
Grasping diameter 10 - 100 mm
Actuator Stepping motor with ball screw

Table 3.3: Specifications of the force sensor
Specification Value / Type
Model OMD-20-SE-40N

Nominal capacity
(fz): 40 N
(fx, fy): ± 20 N

Typical deformation
(fz): 2 mm
(fx, fy): 1.5 mm

Dimensions (h× w× l) 17×25×25 mm3

Weight (with 1 m cable) 23 g
Maximum sampling frequency 1000 Hz
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Figure 3.3: Overview of the software system configuration

3.2 Tactile-based Pouring Motion
We implemented the tactile-based pouring motion following the pouring model
by tipping over by Yamaguchi et al. . We developed all the programs of robot
arm motions using KUKA Sunrise Workbench and Sunrise Serving. The software
enables us to easily create the applications using motion classes. Using the motion
classes, we can generate axis-specific motions and can set Cartesian end points.
The robot moves to the points with set velocity, acceleration or jerk.

We control the robotic arm motion and obtain the wrist angle of the robotic
arm by Java code on the KUKA Sunrise Cabinet robot controller We control the
robotic hand and obtain the force sensing data by C++ code on Windows PC
with Intel Core i5. The force sensing data is processed on the Windows PC, then
the derived command values for the robotic arm are sent to the KUKA Sunrise
Cabinet robot controller.

21



3.3 Grasping Strategy
During pouring motions, the center of mass of the grasped object is moving and
the object has possibility to deform the shape. We implement the grasping strat-
egy robust to the deformation and CoM changes of the object [9]. We rearrange
the strategy by 3-finger with 3-DoF for implementing in our 1-DoF robotic hand
system. Fig. 2.6 (right) shows the basic flow of the reconstructed algorithm from
the conventional strategy. We identify the parameters based on [9]. The en-
tire algorithm of grasping strategy including the identification part is described
in Algorithm 1. fNi

and fTi
mean the normal and tangential force vectors at

the contact points of the 3 fingers. The subscript i denotes the index of finger
(i = A, B, C). Pi is the corresponding position. fNϵ is lower bound for the nor-
mal forces and is set in the range of 0.2 N ≤ fNϵ ≤ 0.5 N, according to grasping
object’s stiffness. f̄N is upper bound for the normal forces set to 2 N ≤ f̄N ≤
5 N in order to reduce local deformation, according to each target object’s stiff-
ness. δ is the detection threshold for change ratio of the tangential force within
short time period ∆t. The friction coefficient µi is estimated when the first slip
is detected. The ratio of the tangential force norm |fT | to the normal force norm
|fN | are calculated as an estimated friction coefficient µi on the corresponding
contact point.

The motion of TRX-S hand can be controlled pulse signal to stepping motor
or the command value of finger position with set speed. Then, the hand motion
is controlled by C++ code on the Windows PC and send the command values
outputted from the grip force regulation by serial communication via USB.
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Algorithm 1 Identification and Grip Force Regulation
1: procedure IDENTIFICATION
2: initialize the robotic system
3: while ∃i : |fNi

| ≤ fNϵ do
4: P ← P + 1
5: slip_happens ← False
6: starts lifting up objects
7: repeat |∆fTi

| ← |fTi
(t)| − |fTi

(t−∆t)|, ∀i
8: if ∃i : |∆fTi

| ≥ δ then
9: slip_happens ← True

10: goto 16
11: until object is lifted up
12: if not slip_happens then
13: repeat P ← P − 1, ∀i
14: |∆fTi

| ← |fTi
(t)| − |fTi

(t−∆t)|, ∀i
15: until ∃i : |∆fTi

| ≥ δ

16: µi ← |fTi
|/|fNi

|, ∀i
17: |W | ← |Σif zi

|
18: P ← P + 1, ∀i
19: procedure GRIPPER CONTROLER
20: while True do
21: if ∃i : |fNi

| ≤ fNϵ then
22: P ← P + 1
23: else
24: if ∃i : |fNi

| ≥ f̄N then
25: P ← P − 1
26: else
27: if |fTi

|/|fNi
| ≥ µi then

28: P ← P + 1
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4 Experiments

This chapter details experiments for confirming the mass estimation is possible
while performing tactile-based grasping. We implement a certain pouring motion
by our robotic system and estimate mass in each state of the initial state before
pouring, the state of pouring (outflow state) and the pouring end state (pored
state). We obtaine the true value obtained by a mass meter and a force plate and
calculate the estimation error to verify whether mass estimation during grasping
is possible.

4.1 Identification for TRX-S hand motion
Before mass estimation experiment, we conduct an identification experiment by
TRX-S opening / closing motion. This is to identify the relation between the
contact angle in Fig. 2.9 and the hand position pulse. By using the identified
model, the contact angle can be determined from the hand position pulse during
pouring motion, and the fz can be calculated at that time.

Identification Experiment

Fig. 4.1 shows the experimental setup for the identification of TRX-S hand mo-
tion. We use an RGB camera and three visual markers to obtain the pose of the
fingertips on both the thumb side and the index side. Attaching different visual
markers near the thumb and index finger and mount so that one side of the square
visual marker is parallel to the bottom surface of the OptoFotce sensor. The hand
position pulse increases with every 100 pulses from 0 to 4400 pulses and detects
the visual markers at each hand position. The zero pulse means the fully open
state of the hand and the 4400 pulses is defined as the fully close state. From
the detected orientation of the visual marker, we calculate the inclination angle
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from the horizontal axis of the Fz axis on the fingertip coordinate system of the
OptoForce sensor.

Figure 4.1: Experimental setup for TRX-S hand motion identification.
In the experiment, the relation between the hand position pulse and
the fingertip pose (red circle) are identified.
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Identification Result

Fig. 4.2 shows the measured values that relate the contact angle ([deg]) in Fig. 2.9
and the hand position pulses ([pulse]) in the identification experiment. The iden-
tified single regression models for the three fingers are shown as follows:

ϕ̃thumb = −0.0064× P thumb + 5.73, (4.1)
ϕ̃index,middle = 0.00527× P index,middle − 14.44. (4.2)

We use the identification parameters on the index finger side also for the model of
middle finger. The single regression of the thumb motion yielded a determination
coefficient of 0.998. The single regression of the index and middle motion yielded
a determination coefficient of 0.997.

Figure 4.2: Result of the identification experiment. This graph shows the
relation between the orientation of fingertips and hand position pulse.
The two lines show two relations on both the thumb side and index
side.
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4.2 Tactile-based Mass Estimation
This section describes mass estimation experiment during pouring motions and
the calibration of fingertip force sensors. Calibration is required to estimate the
mass using OptoForce sensors on the fingertips, beforehand.

Calibration of The Fingertip Force Sensors

The proposed pouring motion needs to estimate the material mass in the container
during pouring. We first identify a regression model to estimate the mass of the
grasped object from the fingertip force sensors. In this experiment, the robot
grasps and lifts up objects with known mass. The experimental scenario of lifting
up motion for the calibration is shown in Fig. 4.3. We conduct three trials for
three different weights of a material, 100 g, 200 g, 250 g, and 300 g. The actual
mass of the grasped object includes 76 g of the container mass.

Calibration Results

Fig. 4.4 shows the calculated weight using this equation, wobj = |∑n
i f zi
|. Fig. 4.5

shows the results of the mass estimation. As a result of this experiment, a re-
gression model for the mass estimation was identified as below

m̃obj = 1.22× wobj

g
+ 9.25. (4.3)

The coefficient of determination of this regression model is 0.998. The number
on the bar graph is the mass estimation error. The estimation error of all the
weights is less than 3 g.

Figure 4.3: lifting up motion for calibration of fingertip force sensors
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Figure 4.4: Calculated weight from fingertip forces

Figure 4.5: Mass estimation result
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Pouring Experiments

We use the monochrome camera (Fig. 4.7 lower left) to capture the pouring
motions, and use the force plate (Fig. 4.7 upper left) to measure the mass of the
material during pouring motions. The specifications of the camera and the force
plate are summarized in Tab. 4.2 and Tab. 4.3, respectively. We let the robot
pour three materials with diffenrent grain size (Fig. 4.6) into the receiver contianer
from the source container of a rigid bottle. The rigid bottle is 60 grams without
the cap. The initials amounts for each material are set as shown in Tab. 4.1. In
the experiment, the robot pours the material in the source container by a certain
motion. Fig. 4.8 shows the snapshot images of the pouring motion obtained from
the monochrome camera. The visual markers are used for validation of joint
angles and the hand position obtained from robotic internal sensors.

The robot first grasps the container with the material and lifts up the object.
Then, the robotic hand moves to starting position to pour. The robot pours the
material with a constant rotating velocity v =8 deg/s, as shown in Fig. 2.3. To
synchronize the force plate, the camera, and the robotic motion, we use a hammer
with a visual marker and hit the force plate while capturing the motions, as shown
in Fig. 4.9. All the data are synchronized at the time when the hammer hits the
force plate. We analyze the synchronized measurement data to evaluate the mass
estimation.

(a) Red beans (b) Rice grains (c) Coffee powder

Figure 4.6: Materials for pouring
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Table 4.1: Materials for pouring
Symbol Material Grain size Initial amount

(a) Red beans Large 200 g
(b) Rice grains Middle 200 g
(d) Coffee powder Small 100 g

Figure 4.7: Experimental setup for pouring materials. In the pouring ex-
periment, the robot pour the materials by tipping over and grasp the
container using the Algorithm 1
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Table 4.2: Specifications of the monochrome camera
Specification Value / Type
Model FL3-U3-13Y3M-C
Resolution 1.3 Mega pixels
Electronic shutter 0.006 ms - 1 s
Pixels (H x V) 1280 x 1024
Frame Rate 150 fps

Table 4.3: Specifications of the force plate
Specification Value / Type
Model SS-FP40AO-SY
Dimensions (h× w× l) 110×400×400 mm3

Rated payload
(fx, fy): ± 2500 N
(fz): + 5000 N
(Mx, My, Mz): ± 500 Nm

Resolution
(fx, fy, fz): 0.305 N
(Mx, My, Mz): 0.0305 Nm

Data update frequency with USB 1000 Hz (Maximum)

Figure 4.8: Snapshots of the pouring experiment
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Figure 4.9: Action for synchronization
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5 Results

5.1 Tactile-based Mass Estimation
We evaluate the estimation accuracy of tactile-based mass estimation method
during the proposed pouring motion. Fig. 5.1, Fig. 5.2, and Fig. 5.3 show data
measured from fingertip force sensors and the force plate, and the moving average
of the fingertip force sensing data of each material. The Force sensors on the graph
shows the mass calculated from fingertip force sensors using the Eq. (2.1). The
Moving average is obtained by smoothening the data of Force sensors which is the
raw signal acquired at 1000 Hz. As the smoothening method, 1000 points moving
average is used. The Force plate is the mass measured by the force plate and is
calculated by dividing the data of z-axis in the Force plate coordinate system by
the gravitational acceleration. For the Force plate, 3000 points moving average
was applied to raw signal of the force plate acquired at 1000 Hz. The measurement
data is synchronized data from pouring start to pouring end of Fig. 4.8. In the
graphs, three phases are drawn by gray, red, and blue. The phases are used for
analysis of the mass estimation. The gray part means initial state before outflow
starts. The red part means outflow state that the material is flowing out. The
blue part means poured state after pouring end. The three phases are determined
by using data measured from the force plate.

As a result, all the fingertip force sensing data shows the signal waveform like
a sawtooth wave. The sawtooth wave is due to opening and closing motion of the
robotic hand implementing the grasping strategy. However, the Moving average
successfully represents the mass of the material during pouring motions.

As a final result, the mass estimation error in each phase is shown in Fig. 5.4.
The graph shows an estimation error of less than 50 g in all phases for all mate-
rials.
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Figure 5.1: Mass estimation result of red beans

Figure 5.2: Mass estimation result of rice grains
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Figure 5.3: Mass estimation result of coffee powder

Figure 5.4: Mass estimation error of all the materials
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6 Conclusions

6.1 Summary
We proposed a tactile-based pouring motion using 3D force sensors. The proposed
pouring motion is without depending on the surrounding environments such as
illumination and occlusions. To pour a specific amount of a material based on
the tactile feedback, we proposed a mass estimation method using 3D forces of
three fingertips. The estimation error is less than 50 g. The results suggest that
there is a possibility that it can be poured with the precision equal to or higher
than the best value of pouring amount by vision-based pouring motion.

6.2 Future Work
We will verify the proposed tactile-based mass estimation to pour a specific
amount of materials and conduct pouring experiment giving the target amount of
the material to the robot. We will also try to construct the tactile-based pouring
strategy by implementing other pouring skills such as shaking and tapping to
apply to other variations of containers, materials.

For the pouring motion of deformable objects such as materials in pouch con-
tainers, the robot lets two arms coorperative actions and realizes a grasping and
a pouring motion that do not fall it down even if the shape deformation occured.

Regarding the pouring to the target position of the receiver container, the
visual feedback is realistic at present.
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