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Plucking Motions for Tea Harvesting Robots
Using Probabilistic Movement Primitives*
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The tea industry is one of the largest in the world [1].
However, in recent years, it has become difficult to secure a
sufficient labor force due to a decline in the agricultural
population and rising labor costs [2]. Tea cultivation has
various phases such as manuring, irrigation, pruning, and
plucking [1]. Plucking particularly requires intensive labor [3].
Most teas are hand-plucked because of the lack of
advancement in automation [1]. Apart from being
labor-intensive, hand plucking is tedious and monotonous [3].
Therefore, there is a growing need for automation, and
automatic harvesting systems have been studied in many
countries, such as Japan, England, France, India, and China
[4]. In those systems, tea is usually harvested by cutting the
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Fig. 1. Three plucking techniques. Our system is aimed at plucking with
the Oritsumi technique to harvest high-quality tea.
Low-stiffness cases

High-stiffness cases

X

X

(1) Teaching

(2) Learning

X

(3) Combination

X

I. INTRODUCTION

Petiole

X

Abstract— This study proposes a harvesting robot capable of
plucking tea leaves. In order to harvest high-quality tea, the
robot is required to pluck the petiole of the leaf without cutting
it using blades. To pluck the leaves, it is necessary to reproduce
a complicated human hand motion of pulling while rotating.
Furthermore, the rotation and pulling of the hand, and the time
taken, vary greatly depending on conditions that include the
maturity of the leaves, thickness of the petioles, and thickness
and length of the branches. Therefore, it is necessary to
determine the amount of translational and rotational
movements, and the length of time of the motion, according to
each situation. In this study, the complicated motion is
reproduced by learning from demonstration. The condition is
judged in terms of the stiffness of the branches, which is defined
as the force received from the branches per unit length when the
gripped leaf is slightly pulled up. Combining the learned
motions probabilistically at a ratio determined by the branch
stiffness, the appropriate motion is generated, even for
situations where no motion is taught. We compared the motions
generated by the proposed method with the motions taught by
humans, and verified the effectiveness of the proposed method.
It was confirmed by experiment that the proposed method can
harvest high-quality tea.
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Fig. 2. Outline of proposed system. The proposed system has three steps.
First, humans directly teach the robot the plucking motions for small and
large values of branch stiffness. Second, the taught motions are learned for
each case. Third, the motion that interpolates the two learned motions is
generated by probabilistically combining them.

top of the tree with blades. Harvesting by cutting, instead of
plucking the leaves, can easily damage the stems and petioles,
adversely affect the germination of new shoots [5], and
accelerate the oxidation of harvested leaves [6]. Additionally,
as the leaves are not harvested selectively, some of them may
be old and broken [7]. Thus, conventional automated systems
are rarely used because of their considerably lower quality
compared with manual plucking [4].
To address this problem, there is a need for automated
systems that can harvest high-quality tea, similar to human
hands. As shown in Fig. 1, there are three different methods of
hand plucking: Oritsumi, Kakitsumi, and Kokitsumi [7].
Oritsumi is the method in which the petioles of the selected

leaves are grasped with the thumb and forefinger and plucked
one by one by pulling the hand while rotating. As the cut
surface is the least damaged, it is possible to preserve the
highest leaf quality. Kakitsumi is the method of grasping the
petioles in the same way as Oritsumi and pulling upwards,
without rotating, to pluck the leaves. Kokitsumi is the method
of plucking by stripping, discarding stiff petioles, and
harvesting only the leaves and the soft petioles. The quality is
low due to the rough plucking. Chen et al. [2] proposed
plucking using a parallel robot. They verified the accuracy of
identification of the leaves to be plucked and the movement of
end effector. However, details of the plucking motions were
not described. Han et al. [4] proposed plucking with an
actuator that moves in the X, Y, and Z directions. However, as
the movement does not include rotation, it can be regarded as
being similar to Kakitsumi. Therefore, the quality is
considered to be lower than that of Oritsumi.
Accordingly, it is considered that high-quality tea plucking
requires the reproduction of Oritsumi motions that involve
rotating and pulling like a human hand. In addition, the ease of
plucking leaves varies greatly depending on conditions that
include the maturity of the leaves, thickness of the petioles,
and thickness and length of the branches. Therefore, the
rotation, upward pull, and motion time required from a robot
hand depends on the situation. Therefore, the amount of
rotational and translational movement and the time length of
the motion need to be determined according to the situation.
For example, in a situation where the leaf is mature and the
petiole is thick, the leaf is difficult to pick. It is therefore
necessary to generate a motion with a large rotational and
translational displacement, and a long time length.
Research on robots used to harvest fruits by plucking has
been progressing for crops other than tea. Yaguchi et al. [8]
proposed a tomato harvesting robot with a mechanical hand
that can rotate infinitely. Silwal et al. [9] proposed an apple
harvesting robot that plucks apples by rotating and pulling
them. In these studies, systems for recognizing fruits,
removing them with a hand, and transporting them with a cart
have already been proposed. However, most varieties of
tomatoes and apples have a pedicel on top of the calyx, and
they can be easily separated by applying a torque by rotating
around the peduncle. However, since there is no pedicel in tea
leaves, the complex movement of pulling while rotating the
hand like a human is extremely important for plucking.
Complex motions are difficult for humans to program
manually. For this reason, many studies on learning complex
motions via Reinforcement Learning (RL) and Learning from
Demonstration (LfD) are in progress [10][11][12][13]. RL is a
method by which a learning agent achieves optimal behavior
based on interactions with its environment and rewards
feedback [14]. However, achieving the desired level of
performance is data-intensive [14]. LfD is a method by which
humans demonstrate and teach agents [13]. It is easier to
reflect human actions and learn human-like behavior [15].
However, it is necessary to teach a higher number of motions,
in order to generate motions corresponding to more situations.
However, teaching requires time and effort and it is desirable
to have as few taught motions as possible. Therefore, it is
important to extend the motions learned in a particular
situation to generate motions that are not learned [16]. Many

studies have been performed to generate motions according to
the situation faced by the robot. For example, Pervez et al. [16]
had a robot learn a certain motion and respond to changes in
the position of the objects. In other studies, a robot learns
several different motions and selects the appropriate motion
according to the task to be achieved or the user's intention
[17][18]. However, these studies do not assume that the time
length and displacement for a certain action are determined
according to the situation.
In this study, we focus on the generation of the plucking
motion. As shown in Fig. 2, the plucking motions are directly
taught to the manipulator, learned, and combined according to
the situation. The situation of leaves, petioles, and branches
that affect the plucking motion was assumed to be reflected in
the stiffness of the branches, and the plucking motion was
generated according to this stiffness. The stiffness of the
branches is defined as the force received from the branches per
unit length when the gripped leaf is slightly pulled up. The
greater the stiffness of the branches, the more difficult it is to
pluck the leaves, and the longer the time length and
displacement of the plucking motion. Therefore, humans
directly taught the plucking motions appropriate for both small
and large stiffness. Next, the taught motions in the
low-stiffness and high-stiffness cases were learned with
Probabilistic Movement Primitives (ProMPs). We then aimed
to generate a motion with a time and displacement
corresponding to the situation including instances wherein the
stiffness of the branches was intermediate and the motions
were not taught. The amount of motion was determined by
probabilistically combining learned motions in the
low-stiffness and high-stiffness cases. The composition ratio
depends on the stiffness of the branches. In the combination
for conventional ProMPs [19], the degree to which one motion
is activated is adjusted. Therefore, there is no purpose to
combine multiple motions with a particular ratio. In addition,
as the time steps of the motions are all aligned and combined,
the case with highly different time lengths of the motions is
not considered. Therefore, in this study, the composition ratio
was expressed by the activation functions of ProMPs. The
time length of the motion, after combination, was determined
from the relationship between the time length of the motion
and the stiffness of the branches in the taught data. As a result,
intermediate displacements and time lengths of the learned
motion were generated. For cases wherein the stiffness was
intermediate and the motions were not taught, it was still
possible to generate the movement and time length
appropriate for the situation while reproducing the human
plucking motion. The contribution of this study is the method
of generating the plucking motion, which can harvest tea of
good quality, by reproducing the complicated motion of a
human hand and the determination of translational and
rotational displacements, and the time length of the motion,
according to a situation. We applied LfD to the tea plucking
motion. In addition, we propose a new method to judge the
conditions, based on the stiffness of the branches, and
combine two motions with significantly different time lengths
in an appropriate ratio by extending ProMPs. The validity of
the probabilistic combinations was confirmed by evaluating
the similarity of our method with motions taught by humans. It
was confirmed by experiments with an actual robot that good
quality tea could be plucked and harvested by the motion
generated by the proposed method.

II. OVERVIEW OF SYSTEM
A. Work
Tea leaves plucked using Oritsumi are considered to be of
the highest quality. In this study, it was assumed that the leaf
to be harvested was recognized and the manipulator hand
could grasp the vicinity of the petiole. By pulling the grasped
leaf while rotating, it is plucked as if the petiole is broken.
Each tea leaf has a different maturity. In addition, petiole
thickness and branch length vary. Therefore, it is necessary to
generate a plucking motion with an appropriate rotational and
translational displacement and a time length corresponding to
the leaf condition.

Z

X
Y
θX
Fig. 3. A schematic of the coordinate system. The pulling and rotation of
plucking are described by the Y, Z, θX displacements.

B. Robot
A harvesting robot of the mobile manipulator type was
assumed. As shown in Fig. 3, Jaco² [20], manufactured by
Kinova Robotics, was used as the manipulator. It is a
six-degree-of-freedom manipulator with three fingers on the
end effector. It was possible to input the positions and
orientations of the hand. It was also possible to measure the
position and orientations of the hand and the force applied to
the hand.
Fig. 3 shows the coordinate system of the robot. Assuming
that the petiole of the leaf grows upward, the robot holds the
petiole of the leaf from the side. The origin of the coordinate
system is the initial point held by the robot. As a result, as
shown in Fig. 3, the pulling and rotation required for plucking
using Oritsumi, are described by the Y, Z, θX displacements.
C. Proposed System Flow
The proposed system consists of three stages as shown in
Fig. 4. The first step of the system was teaching. The
manipulator measured the stiffness of the branches. Then, the
human demonstrated the plucking motion. The next step was
learning. The taught data were classified into low-stiffness and
high-stiffness cases by an operator. After that, each of the data
related to the low-stiffness cases and the high-stiffness cases
were learnt. The last step was combination. The manipulator
measured the stiffness of branches. Then, the length of time
and the combination ratio of the motion to be generated were
determined from the measured stiffness. Based on these, the
motions related to the low-stiffness cases and the
high-stiffness cases were combined. Finally, the leaves were
plucked through the generated motions.
III. TEACHING, LEARNING, AND COMBINATION OF MOTIONS
We demonstrated plucking motions to the manipulator
several times in gravity compensation mode. A human taught
the motions by moving the robot with his hand. As the human
teaches the motions directly to the robot, it is possible to
consider the physical characteristics of the robot during this
process. Furthermore, it is easy for the humans to demonstrate
the action skills that they are acquainted with. Therefore, the
robots can be instructed intuitively.

Fig. 4. Proposed system flow. The robot measured the stiffness of the
branches, to judge the condition which affected the plucking motion.

We extended ProMPs [19][21] to learn and combine the
taught motions probabilistically. ProMPs is a method of
probabilistically expressing, learning, and generating motions
in the form of a Gaussian distribution of trajectories. New
motions are generated by conditioning, combination and
blending of primitives. Especially, in combination, it is
possible to consider variations of motions by calculating not
only the means but also the variances of the primitives.
However, it is essential to adjust the extent of activation of
certain primitives, as the combinations of some primitives at a
specified ratio are not effective. In addition, as the time steps
of the primitives are all aligned and combined, the case with
highly different time lengths of the motions is not considered.
In this study, ProMPs were extended to combine two actions
of different time lengths. Moreover, by combining these two
primitives in the ratio of 1 −  :  , their intermediate motion
is generated. Table I shows the nomenclature used in this
section and subsequent sections of the paper.

A. Teaching
First, the manipulator measures the stiffness k. The
stiffness of the branches is defined as the force received from
the branches per unit length, when the grasped leaf was
slightly pulled up. The robot gripped the leaf and measured the
Z-direction force on the robot's hand. The robot moved the
hand slightly up by approximately 1 cm and, with the branch
pulled slightly, measured the Z-direction force applied on the
robot's hand again. The force demonstrated a little variation,
even when there was no movement of the hand. Therefore, the
average value over several seconds was used as the
measurement value. In order to realize efficient plucking, it is
desirable to execute this measurement in a relatively short
time, experimentally determined to be 1 second. The stiffness
of branches is calculated in the following equation using the
difference in the upward force applied to the hand before and
after the movement  Fz , and the displacement Z, of the
hand in the vertical direction.

k=

 Fz

Z

TABLE I.
Symbol

τ = Φω + ε 

()

Trajectory noise  is a Gaussian noise with a zero mean and a
variance of 2. The basis function matrix Φ is composed of
M basis functions and scattered across time step t.
 Φ1 (1) Φ2 (1)

Φ ( 2 ) Φ2 ( 2 )
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Z-direction force on the end effector

k

The stiffness of the branches
Trajectories
Number of trajectories
Basis function matrix
Number of basis functions
The i-th center of the Gaussian distribution
as a basis function
Variance of Gaussian distribution as a basis function
Weight vector
Observation noise
Ridge regression normalization parameters
Mean of Gaussian distribution
Variance of Gaussian distribution
Number of time steps of each trajectory,
i.e., motion time
ProMPs activation function
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Fig. 5. Relation between stiffness k and motion time T in the taught data.
The time length of a new motion is determined based on the relation.

We estimate the weights  using linear ridge regression with
the ridge factor  as follows:

(

ω = ΦT Φ +  Ι

)

−1

ΦT τ 

()

The distribution p ( ω ) over the weight vector  is Gaussian
with the mean  and the variance  calculated as follows:
p ( ω) = N ( ω | μω , Σ ω ) .

The

trajectory

distribution

p (τ )

is

()
computed

by

marginalizing out the weight vector  as follows:

In this study, we used the normalized Gaussian functions for
the basis functions. The i th basis function is expressed as
follows, using the center ci and variance h of the Gaussian
function.
M

Unit

()

B. Learning
1) Method of Learning [17][19][21][22][23]
The number of time steps of each trajectory is expressed as
T. We called it motion time. With the basis function matrix Φ
and the weight vector ω , the demonstrated trajectory τ is
represented by a linear model in the following form:

Φi ( t ) =

Parameter

Fz

N

Next, the human teaches the plucking motion of the
grasped leaf directly to the manipulator. In this study, we
measured the positions and orientations of the hand at 10 Hz
during the instruction time. The measured time histories were
learned as trajectories in ProMPs.

bi ( t )

Nomenclature.

()

p ( τ ) =  p ( τ | ω ) p ( ω ) dω 

()

When the distribution of the weight vector p ( ω ) is Gaussian,
the distribution of the trajectory p ( τ ) is also Gaussian.
Therefore, it is expressed using the mean and variance of the
trajectory using the following equation. The distribution of
this trajectory p ( τ ) is a probabilistic representation of the
movement primitives, i.e., a ProMP.
p ( τ ) = N ( τ | μτ , Σ τ ) 

()

2) Learning of Plucking Motions
First, the taught data are selected according to the stiffness
of the branches. In this study, nine scenarios with low stiffness
and fourteen with high stiffness of the branches were selected
to be learnt.
Next, the data is spatially scaled. The difference of the
positions and orientations of the hand during the leaf grasping
process is important to pluck the leaves. Therefore, we
employed the trajectories τ' with all the initial values of the
trajectories aligned to 0. The data is also scaled in time. Fig. 5
shows the relationship between the stiffness of the branches k
and the motion time T in the taught data. Among robust
regressions using linear functions, exponents, logarithms,
unary power series, and binomial power series, the mean
square error was minimized in the binomial power series
model, so the relationship is approximated as follows:
T = 14.3  k 0.275 − 18.6  

()

For the average values of stiffness k [1] and k [2] , when
stiffness of the branches is low and high, respectively,
durations of the motion calculated based on (10)
T [1] and T [2] . When the stiffness is low, the time steps

the
the
are
are

smaller than that of the other case. Therefore, assuming that
the hand is stopped without changing the position and
orientation after plucking, the end values of the time history
are maintained and aligned with the time steps of the
high-stiffness cases. After the spatial and temporal scaling,
the data is learned, and the primitives are calculated and used
for combination.
C. Combination
1) Method of Combination [19][21]
A new primitive generated by combining N primitives is

expressed as follows using the activation function    0,1
of the i-th primitive:
i

N

 i 

pnew ( τ )   pi ( τ )



()

i

The resulting distribution pnew ( τ ) is again Gaussian with a
variance Σ τ* and a mean μτ* , which are calculated as follows:
  i 
Σ
Σ τ* =    τi
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  τ

μτ*

=

Σ τ*
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τ
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2) Combination of Plucking Motions
First, the time length of the motion is calculated. In
ProMPs, the time lengths of the motions to be combined must
be equal, and the time length of the motions after combination
is equal to that of the motions before combination.
Consequently, the time length of the combined motion cannot
be considered unique to each situation. Therefore, the time

length of the motion after combination T is calculated from the
taught data, using (10) and the measured stiffness of the
branches.
Next, the composition ratio is calculated. An intermediate
motion between the low-stiffness and high-stiffness cases is
generated by combining them with the ratio 1 −  :  . The
motion corresponding to a situation of intermediate stiffness
of the branches was therefore generated. However, it is
necessary to determine the activation function of each ProMP.
This implies that it is impossible to specify the combination
ratio directly. Therefore, the combination ratio is presented,
using the activation functions of the two primitives. The
relationship between the activation functions of the primitives
in the low-stiffness cases and the high-stiffness cases
 [1] and  [2] , respectively, is specified as follows:

 [1] = 1 −  [2] 

()

This ratio is defined as the inverse of the interior division ratio,
when the motion time T is considered as the internal division
point of the stiffness k [1] and k [2] in the low-stiffness cases and
the high-stiffness cases, respectively. It generates a motion
that interpolates two motions, i.e., the motion corresponding to
low branch stiffness and that corresponding to high stiffness.
The activation functions  [1] and  [2] of the primitives in
these cases are calculated as follows:

 [1] =

T [2] − T

T [2] − T [1]

()

 [2] =

T − T [1]

T [2] − T [1]

()

IV. VALIDITY OF PROBABILISTIC COMBINATION
To confirm the validity of the proposed method for
generating motion through probabilistic combinations, we
evaluated the similarity of our method with motions taught by
humans. We calculated the similarity between motions the
taught motions with an intermediate stiffness and the motions
generated from the probabilistic combination which uses the
means and variances of the proposed method. We compared
these motions with those generated through non-probabilistic
combination using only averages. The displacement required
for plucking leaves, that is, the final displacement, is important.
Therefore, the relationships between the time lengths of
motions and the last displacements were compared between
the probabilistic combination and the non-probabilistic
combination. It was assumed that there was no influence of the
observation noise.
Fig. 6 shows the relationship between the time length of
the motion and the last displacement, and Table II shows the
root mean squared error (RMSE). Since the proposed method
had smaller errors, it can be seen that the proposed method had
a higher degree of similarity with the motion taught by
humans. Therefore, it can be concluded that the probabilistic
combination of motions was better than the non-probabilistic
combination.

X

Fig. 6. Relation between motion time and last displacement. The final displacement is important to pluck leaves. Therefore, the relationship between the
motion time and last displacement was compared.

V. EXPERIMENT
To confirm that the tea leaves can be actually plucked by
Oritsumi with the motion generated by the proposed method,
we experimented harvesting using the designed manipulator.
The motion was reproduced by inputting the mean of the
probabilistic distribution of the generated motion to the
manipulator. For comparison, experiments were also
performed with motion generated by non-probabilistic
combination using only the mean, motion of the proposed
method with only the Y and Z components, and motion with
only the Z component. The four types of motion were
expressed as probabilistic, non-probabilistic, Y + Z, and Z,
respectively. The trial was performed 20 times for each of the
four types of motion. As shown in Fig. 7, success was defined
as the leaf being completely harvested, together with the
petioles. Partial success was defined as only a part of the leaf
being picked. The leaf not being harvested at all was defined
as failure.
Figure 8 shows the experimental results of the four types
of motion. The proposed method had the highest success rate
and lowest failure rate among the four types of motion. In the
case of non-probabilistic combination, there were more partial
successes and fewer successes than the proposed method. As
the Y displacement was larger than that in the proposed
method, the gripped leaves were likely to slip due to
movement in the Y direction, and were likely to be torn off at
the point where they were gripped by the finger. There were
several partial successes in the case of Y + Z. It is considered
that the gripped leaves were slippery and were easily torn off
at the gripping point because they were pulled diagonally
upward without rotation. In the case of Z, there were several
failures. This was because the gripped leaf was slippery and
the extent of pulling was insufficient, as it was pulled directly
upward, without rotation. In addition, plucking without
rotation is equivalent to Kakitsumi. Therefore, even if the
plucking was successful, there was considerable damage to the
cut surface, which reduces the quality of the harvested leaves.
Further, from the relationship between the measured stiffness
and the results of the plucking shown in Fig. 9, it can be
confirmed that when the measured stiffness was intermediate,
an intermediate plucking motion was generated corresponding
to the measured stiffness. Fig. 10 shows the trajectory of the
motion generated in the trial of successful plucking. It can be
confirmed that the intermediate time length and the amount of
movement were determined corresponding to the situation of
intermediate stiffness of the branches. Fig. 11 shows how the

TABLE II. Similarity with motions taught by humans. The proposed
method had smaller errors. Therefore, it can be said that it can generate
motions similar to the motions taught by humans.
RY [m]
RZ [m]
R [rad]
RMSE
z

Probabilistic (proposal)
Non-probabilistic

0.0168
0.0171

0.0119
0.0120

0.622
0.747

Success cases
Partial success cases
Fig. 7. Differences in harvested tea leaves. An inappropriate motion
resulted in only a part of the leaf being picked.

Probabilistic
Non-probabilistic
Y+Z
Z
(proposal)
Fig. 8. Percentage of results. Probabilistic (proposal) had the highest
success rate and lowest failure rate among the four types of motion.

Stiffness k [N/m]
Fig. 9. Relation between stiffness k and results. When the measured
stiffness was intermediate, an intermediate plucking motion was generated to
pluck the leaf corresponding to the measured stiffness.

hand of the manipulator moved to pluck the leaf. It can be
confirmed that the plucking motion by the proposed method
can reproduce the motion of a human hand that simultaneously
pulls and rotates, that is, the motion of Oritsumi.
From the results, it was confirmed that the motion
generated by the proposed method can actually harvest tea
leaves by Oritsumi. In addition, the quality of the harvested tea
leaves and the success rate were higher than that of the other
compared methods.

X

Fig. 10. ProMPs. Intermediate displacements and time lengths of the learned motions were generated.

Fig. 11. Plucking motion generated by the proposed method. The complex plucking motion, with pulling and rotation, was reproduced.

VI. CONCLUSION
In this study, we reproduced the complex movements of
the hand-plucking operation that can harvest high-quality tea
without cutting with blades, that is, the simultaneous pulling
and rotation of a human hand. We proposed a method for
generating tea-leaf-plucking motions according to the
condition of the leaves, petioles, and branches. The stiffness of
the branches was used to determine the leaf conditions, which
affect the plucking action. The plucking motions were directly
taught, probabilistically learned, and combined with ProMPs.
The time length of motion was determined from the taught
data on branch stiffness. The amount of motion was
determined by calculating the combination ratio, expressed as
activation functions of ProMPs, dependent on the stiffness of
the branches. As a result, when a branch of intermediate
stiffness was encountered, the motions for which were not
taught, a plucking motion reproducing a human plucking
motion was generated corresponding to the situation. The
effectiveness of the proposed method was verified by
evaluating the degree of its similarity with human-taught
motions and experimenting with an actual robot.
In this study, we focused on the motion of the robot, but
various issues remain to realize an economical tea-plucking
robot. For example, movement in tea plantations, detection of
leaves, determination of gripping position, and manipulation
of gripping remain open problems. As a future issue regarding
the motion, it is necessary to consider the observation noise
and clearly compare the proposed method with the
comparative method. In addition, as a future prospect, we aim
to improve the success rate of plucking, by considering
information other than the stiffness of the branches when
judging the leaf conditions. Furthermore, we aim to apply the
proposed method in fruit plucking in addition to tea leaf
plucking.
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