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Abstract— Automation application in crop harvesting has
increased in the past decades. Various types of harvesting robots
are emerging in both commercial and research areas. One of the
main challenges is the precision alignment of the gripper and
the target crop. An undesired dislocation can harm both the
gripper and the crop, which is mainly caused by uncertainties
from the sensors and the manipulator. To solve the problem,
the dual-camera setup is designed and implemented on a self-
built robot. The perception of the tomato is done by a fixed
depth camera and a camera without depth on the gripper.
The proposed dual-camera image-based visual servoing (IBVS)
controller is designed to deal with the image feedback from
both cameras and the proof of asymptotically convergence
is provided. Furthermore, the cumulative error compensation
reduces the time for the harvesting process. The experiments
were conducted in the greenhouse and tested under various
conditions. The time cost is formulated as a function and the
success picking rate of tomatoes is 68.4%.

I. INTRODUCTION

Automatic harvesting has received more attention in the
last few decades. The performance improvement and de-
creasing price on computational hardware units enable real-
time crop perception with high recognition rates. Many com-
panies [1] have invested in the fruit automation market with
their harvesting robots. Other kinds of automation harvesting
such as sweet pepper [2], apple [3], and blackberry [4] have
also been deeply investigated all around the world.

Tomato poses a unique situation compared to other crops.
It is one of the major economic crops worldwide [5]. In
Taiwan, the annual output value of tomatoes reached over
$133 million in 2022 [6], ranking among the top 15% of
all crops. In addition, tomatoes pose a special challenge
for automatic harvesting because of their delicate physical
attributes and growth traits. A tomato plant ripens its fruits
from top to bottom. It is best to harvest the tomato with
the pedicel for longer storage. However, the pedicel of the
unripe tomato is fragile, as is the peduncle. Therefore, it is
significant for the robot to aim at the ripe tomato precisely
without causing harm to the others.

However, the dislocation problem is one of the main
challenges for the robot during automation harvesting. The
dislocation is defined as, when the robot finally starts to
harvest, the pose of its gripper is actually unable to reach
the target crops. There may be distance errors and angle
errors. It is a common issue for agricultural robots since the
environmental condition is often severe. The sunlight, the

1Research Center for Information Technology Innovation, Academia
Sinica, Taipei, Taiwan yennunhuang@citi.sinica.edu.tw

2Department of Electrical Engineering, National Taiwan University,
Taipei, Taiwan fengli@ntu.edu.tw

dirt, and the moisture may cause inappropriate measurements
from the sensors and imprecise motion from the manipulator.

The solution of this paper is to use an image without depth
information as the position feedback for the gripper. Images
are preferred for their detailed information, and the ability to
generalize to different types of fruit is a major advantage. We
present a self-built SCARA-style 4-DOF (degree of freedom)
autonomous mobile harvesting robot capable of performing
tasks within a greenhouse. A fixed depth camera provides
the initial position for the gripper, another camera mounted
on the gripper then detects the dislocation between itself and
the target crop. With the proposed IBVS controller, the error
feedback leads the gripper to the desired position, enabling
a precise alignment for the target and the gripper. Using
Lyapunov stability analysis, the error is proven to approach
zero asymptotically with the optimal gain. Moreover, using
the error compensation, the time costs for each harvesting
process will decrease.

The contribution of this paper is to enhance the target-
gripper alignment by addressing the dislocation problem. The
self-built robot presented demonstrates that the algorithm
can resolve the dislocation problem even in a system with
low hardware precision. In Section II, more details about
the existing works are discussed. Section III provides an
overview for the robot system, and Section IV presents
the algorithm for such a system. Experiments are shown in
Section V and conclusions are made in Section VI.

II. RELATED WORKS

There have been numerous studies on harvesting robots,
which can essentially be classified into three categories:
crops perception enhancement [7], [8], grippers design [9],
[10] and the whole robot system integration [11], [12].

Image recognition technology has developed rapidly in the
past decade. Models specify on tomatoes using CNN-based
neural network are presented in [13] and [14], which put
efforts on fast recognition of the ripeness. Recently, Yolo
has gained more popularity due to its lightweight model and
fast output performance described in [15] and [16].

The issue of dislocation affects not only tomatoes but also
other crops and even leaves. An apple harvesting robot [17]
proposed an integrated system with a high harvesting rate.
However, the success picking rate was not good due to the
dislocation problem, which was caused by uncertainties in
the camera and the manipulator. A leaf retrieval robot[18]
and a tomato harvesting robot [15] faced a common issue:
their process was fast but had a low success rate due to
dislocation problems.
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The problem can be eliminated with further feedback
while approaching the target crop. A tactile sensor mentioned
in [19] is deployed for apple harvesting, while [20] uses an
infrared sensor to determine if the strawberry is in position.
The study in this paper adopts image feedback due to its
ability to adapt to various crops and the well-established
visual servoing technique [21], [22]. The concept from [23]
is similar to our works since it enhances the performance by
using both position and image features for visual servoing.
However, we feed the image error back directly to the
system, instead of coupling it with the depth information.
Further details will be discussed in the later sections.

III. SYSTEM OVERVIEW

The tomato harvesting robot is designed as an autonomous
mobile robot. Fig. 1 shows the details of the robot and the
reference point of each frame. The braces indicate the name
of the frame. The red, green, and blue axes denote the x,
y, and z-axis, respectively. The manipulator is designed to
resemble the SCARA robot, which is composed of a 3-DOF
robotic arm for revolution motion on the xy-plane and a lift
for prismatic motion along the z-axis. The bottom vehicle has
differential wheels, which enable the robot to move freely in
the greenhouse. For the sensors, a depth camera is fixed on
the top of the lift, which is an ETH (eye-to-hand) setup.
Another camera without depth information is mounted on
the top of the end-effector as an EIH (eye-in-hand) setup.

The bottom of the lift is defined as the base {B} of
the whole system. The transformation of the position of a
detected tomato p from the ETH camera {F} to the base
frame {B} has the following transformation relation:

mF = MF (zp)p
F , (1)

pB = BRFp
F + BtF , (2)

where mF =
[
uF vF 1

]⊤ ∈ R3 is the homogeneous
coordinates of the tomato position in the ETH camera image
space. The depth camera intrinsic MF (z

F
p ) ∈ R3×3 projects

coordinates from the 3D Euclidean space to the image space
according to the pinhole model [23], where zFp is the depth
(z-axis) of pF , and therefore, MF (z

F
p ) is invertible. For

conciseness, we denote MF := MF (z
F
p ) and ME :=

ME(z
E
p ). However, since the EIH camera is a 2D camera,

zEp is unavailable. pB and pF ∈ R3 are the tomato positions
in Euclidean space expressed in {B} and {F}, respectively.
The rotation matrix BRF ∈ SO(3) and translation vector
BtF ∈ R3 transform the target from {F} to {B}. The
Denavit-Hartenberg graph is shown in Fig. 2.

Considering the real application and the system simplifi-
cation, firstly, the y-axis of {X} is always parallel with the
x-axis of {B}, meaning that the gripper consistently faces
the same direction. We abandon the rotational DOF of the
gripper, and thus the inverse kinematics has a closed-form
geometry solution. Secondly, the z-axes of ETH and EIH
cameras are assumed to be aligned, and the only DOF is the
rotation along their z-axis. The rotation from {E} to {F} is

Fig. 1. Tomato harvesting robot with all reference frames.

Fig. 2. Denavit-Hartenberg graph of the manipulator.

described as FRE ∈ Rz ⊂ SO(3), where Rz is the set of
basic rotations along the z-axis.

To prevent encountering singularity during harvesting, the
ETH camera image is divided into two non-overlapping areas
Si and S̄i. The area Si is chosen such that if mF ∈ Si, then
pB is at the reachable workspace. The robot will first detect
tomatoes within Si and select the tomato with the lowest vF
according to its ripeness properties. If no tomato is found in
Si, the robot finds tomatoes in S̄i and (the vehicle) moves
itself according to the position of the detected tomato. In this
paper, the vehicle is considered stationary, and the detected
tomato has the property that mF ∈ Si, i.e., the tomato is
always reachable.

The robot should move the gripper to the desired 3D
position xB

d ∈ R3, such that the gripper can retrieve the target
confidently. However, the uncertainties from the environment
makes it to an undesired position xB

u . The dislocation is
then represented as xB

u − xB
d . In the next section, the visual

servoing controller is designed such that xB approaches xB
d

asymptotically.

IV. IBVS USING DUAL-CAMERA

In order to eliminate the dislocation problem, the infor-
mation from the ETH and the EIH camera is used. When
a tomato is detected by the ETH camera, it triggers an
event τ ∈ {1, 2, ...,m}, where m is the total amount of
tomatoes. The gripper moves closer to the tomato with the
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Fig. 3. The flowchart of the system.

3D position estimation from the ETH camera for an event.
During each event, the iteration of IBVS control is defined
as k ∈ {0, 1, ..., n}, where n is the total number of iterations.
For iteration k, the dislocation of the robot is corrected by
the information from the EIH camera. The IBVS iterations
proceed until the image error satisfies a prescribed threshold.
After the error converges, the gripper opens based on the size
of the tomato, as being too wide or too narrow may result in
hitting the stem or the target. Furthermore, all errors during
an event are added up and provide compensation for the next
event, called Cumulative Error Compensation. The flowchart
of the system is depicted in Fig. 3.

A. Initial Position from the ETH Camera

Tomato perception, including an HSV filter and image
segmentation for image prepossessing, is done by a pre-
trained Yolo V5 model. The model classifies if a tomato is
mature, and then the coordinate is verified. The output would
be the center pixel of a mature tomato, with confidence
higher than 80% and with the lowest vF coordinate, which is
selected as target p. The transformation of the tomato from
the ETH camera image frame to the 3D space of {B} is
then derived by (1) and (2). Since collision may occur if
the gripper reaches exactly the target position, a distance of
4 centimeters is set between them. Therefore, the gripper
moves to the given position xB accordingly:

xB = pB −
[
0 0.04 0

]⊤
. (3)

B. Error Feedback from the EIH Camera

After the gripper moves to xB , dislocations are expected
to appear due to model uncertainties. However, it can not
be unbounded. An assumption is needed to guarantee the
later-mentioned controller design.

Assumption 1. When the process of (3) is finished, the target
p must exist in the field of view from the EIH camera.

Assumption 1 indicates that although the dislocation hap-
pens, the EIH camera is still able to see the target, enabling
the tomato perception model to detect the target. If the
assumption holds, the homogeneous position of p observed
by the EIH camera is mE =

[
uE vE 1

]⊤ ∈ R3, where
(uE , vE) is the centroid of the target bounding box and mE

denotes the position of target p in the EIH camera image
space {E}. The error is then described by the difference

between mE and a reference coordinate mE
r in image space,

which is written as

eE = mE −mE
r , (4)

where eE ∈ R3 and mE
r =

[
320 240 1

]⊤
, which is the

image centroid of {E}. The pose of the EIH camera has
been calibrated such that, if xB → xB

d , then mE → mE
r ,

and eE → 0.

C. Dual-Camera IBVS Controller

To find the desired position xB
d , the desired image position

mF
d (k + 1) will be designed first. The dual-camera visual

servoing control in the discrete form is

mF
d (k + 1)−mF

d (k) = u, (5)

u = sJ FREe
E(k), J =

[
I2×2 0
0 0

]
(6)

where u is the control input. Since FRE is a pure rotation
along the z-axis and the last element of eE(k) must be zero,
u is equivalent to a scaled error observed in image space
of {E} expressed in image space of {F}. The gain s ∈ R
indicates how strongly the error affects the next position. The
initial condition mF

d (0) is set to the initial position mF .
Unlike the conventional IBVS control law from [21] and
[22], the errors from the EIH camera are fed back to the
initial position of the ETH camera. If both sides of (5) are
left multiplied by M−1

F , it would have a similar form with
v = −λL†e , which is the common expression of IBVS
control. In Section IV-E, the range and the numerical value
of the gain will be derived based on Lyapunov analysis. The
experiment in Section V-B also shows the results of different
gains.

After mF
d (k + 1) is designed, pF

d (k + 1) can be derived
by the inverse mapping of (1). The gripper position is then
set to the position at the next iteration, which is

xF (k + 1) = pF
d (k + 1). (7)

The 3D position of the gripper xB is then calculated again
with similar procedures as (2) and (3). The processes (4),
(6), and (7) iterate until the error eE converges within a
threshold, i.e., eE ∈ EE

T where

EE
T =

{[
uE vE 0

]⊤ ∈ R3

∣∣∣∣ |uE | ≤ 20,
|vE | ≤ 20

}
. (8)

D. Cumulative Error Compensation

After an event ends, the dislocation can be formulated as
the difference between mE

d (n) and mE
d (1), which is

d(τ) =

n∑
k=1

sJ FREe
E(k), (9)

where d(τ) ∈ R2 is the dislocation of position measure-
ments. The dislocation d(τ) would be added as a com-
pensation of mF for the next event. The goal is to reduce
the total iteration n of a single event, thereby reducing the
time cost. The dislocation would be verified in every event
and added to the compensation. After the first event, i.e.,
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τ > 1, the detected tomato at the ETH camera image space
is represented as

m̂E(τ + 1) = mE(τ + 1) +

m∑
τ=1

d(τ) (10)

where m̂E indicates the cumulative measurement and the
error compensation.

The time cost t within an event is then formulated as

t = t0 +

n∑
k=1

tk = t0 + nT k, (11)

where t0 is the time needed for the zeroth iteration and tk
is the time needed for each iteration. The average time of
an iteration T k is used to assess the overall performance.
It is more practical to evaluate the required iterations n
rather than directly focusing on the time cost of an event.
In section V-C, we will delve into the effects of cumulative
error compensation.

E. Proof of Error Convergence

The Lyapunov function is established to prove the control
law from (6) has the property of error convergence. Let the
position of the EIH camera, i.e., the origin of {E} depicted
in Fig. 1, be named as xE . The time derivative of (4) is

ėE = ṁE . (12)

Since there is no angular velocity for the gripper, ẋE can be
expressed as

ẋE = FR⊤
Eẋ

F . (13)

The discrete forms of (12) and (13) are

∆eE(k) = ∆mE(k) = −ME∆xE(k), (14)

∆xE(k) = FR⊤
E∆xF (k). (15)

Because the EIH camera and gripper are mounted fixed,
∆xF (k) can be expressed as ∆pF

d (k) by (7). Also from
the control law (6), ∆xF (k) is written as

∆xF (k) = ∆pF
d (k) = M−1

F u. (16)

Substituting (6), (16) and (15) into (14),

∆eE(k) = −sME
FR⊤

EM
−1
F J FREe

E(k).

Since M−1
F J is diagonal, and with the fact that JeE(k) =

eE(k), it is commutative. Let M := MEM
−1
F , the error at

(k + 1)-th iteration is written as

eE(k + 1) = eE(k) + ∆eE(k)

= (I3×3 − sM)eE(k). (17)

In order to show the convergence of the error, the Lya-
punov function candidate is selected as

V (k) = ∥eE(k)∥2 = (eE(k))⊤eE(k). (18)

According to (17) and (18), and we let e := eE(k), the
difference of the Lyapunov function at k-th and (k + 1)-th
iteration is

∆V = ∥eE(k + 1)∥2 − ∥eE(k)∥2

= e⊤s(sM⊤M−M−M⊤)e. (19)

Let Q := s(sM⊤M−M−M⊤), the error converges only
when Q is negative definite. The property holds when the
gain satisfies

0 < s <
max(eig(M+M⊤))

max(eig(M⊤M))
, (20)

where eig(·) indicates the eigenvalues of the given matrices.
From (19) and (20), the optimal solution and the range of
the gain for the system can be derived. However, M is
time-varying during an event since ME depends on zEp . To
inspect the effect of zEp on M, the eigenvalues of Q are
examined by the lower and upper bound of zEp and zFp , which
are zEp ∈ [0.16, 0.18] and zFp ∈ [0.56, 0.68] (in meters),
respectively. Since the error e ∈ R3 is expressed in the
homogeneous form, only the eigenvalues from the upper-
left 2 × 2 submatrix of Q are considered. Fig. 4 shows the
two cases in which extreme values appear and the optimal
gain lies within [0.1835, 0.2507].

V. EXPERIMENTS

The system is running under the architecture of ROS 1
with Intel i5-10300H CPU and NVDIA RTX 2060 GPU.
For MCU, an Arduino Uno is implemented to control a step-
motor for vertical prismatic motion and five servos for the
plane revolution motion. The ETH camera Intel Realsense
D455i has an IMU sensor to detect the pose of itself. The
EIH camera is a webcam without depth information. Both
cameras have the same resolution 640× 480.

The greenhouse environment and the robot setup are
shown in Fig. 5. The rack was secured to the concrete floor,
with tomato plants tied to it. The robot is placed at the center
of the road and facing the tomatoes.

A. Performance of the Optimal Gain

Based on the conclusion in Section IV-E, the gain is cho-
sen as 0.2 after several experiments. A step-by-step process
for the gripper reaching the target is shown in Table I. The
process is classified into three stages, A) error convergence,
B) gripping, and C) retrieving. The side view is an extra
perspective, and it is not used by the controller. The yellow
dots at the EIH camera row mark the center position of the

Fig. 4. The range and the optimal solution of the gain in different cases.
Case 1, zFp = 0.68 and zEp = 0.16. Case 2, zFp = 0.18 and zEp = 0.56.
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TABLE I
TOMATO HARVESTING PROCESS DURING AN EVENT

Stage A B C

Iter. k 0 1 2 3 – –

Side
View

EIH
Camera

xB
x -0.368 -0.144 -0.110 -0.102 -0.102 -0.368

xB
y 0.141 0.269 0.292 0.297 0.347 0.141

xB
z 0.360 0.505 0.551 0.561 0.561 0.561

eEu – 107 26 16 – –

eEv – -160 -36 -9 – –

(a) (b)

Fig. 5. The experiment setup in the greenhouse: (a) the tomato harvesting
robot inside the greenhouse; (b) the gripper is facing the tomato.

target. The rows xB
x , x

B
y , and xB

z are the 3D positions of the
gripper expressed in {B} in units of meter. The error (4) is
represented in eEu and eEv .

At the 0-th iteration of stage A, the system is set to an
initial state. After the ETH camera detects the target, the
gripper moves to the position listed in iteration 1. Due to
the dislocation problem, the gripper is still far from the
desired position xB

d . Iteration 1 is where the feedback signal
starts. The errors are detected (eE = [82 − 182 0]⊤)
and fed back using (6). The process is repeated until the
third iteration since the errors remain within the threshold
specified in (8). Observing the EIH camera view, the yellow
dot is nearly centered in the image, indicating the desired
position xB

d has reached. At Stage B, the gripper reaches
the target. According to (3), the gripper is positioned 4
centimeters from the target. Here, 5 centimeters is added
to ensure the gripper encompasses the entire target. At stage
C, the target is retrieved and the manipulator moves back to

the initial position. The height does not need to return to the
initial position as it will simply be the starting position for
another event at stage A.

B. Performances of Different Gains

In Section IV-C, it is mentioned that the gain selection
is based on the Lyapunov analysis. To verify the impact,
the same experiment setup in Section V-A with different
gains is tested and the results are shown in Fig. 6, including
the error eEv , the input of the prismatic motion uZ , and
the gripper position pBz . For gain equals to 0.5, 0.2, and
0.1, the iteration counts to 6, 4, and 10, respectively. Also,
the system performs underdamping, critically damping, and
overdamping, respectively.

A high gain may lead to an overshoot, which can damage
the tomato. As for a low gain, the input may be too
small to drive the servos due to their insufficient resolution.
Therefore, it is important to find the optimal gain setting that
balances precision and stability in controlling the servos for
the best performance of the harvesting robot.

C. Evaluation of the Cumulative Error Compensation

To verify the performance, the experiment in this section
uses real tomatoes with artificial leaves. Fig. 7 shows the
3D positions of the gripper within seven continuous events.
The events τ are labeled in black dashed lines, and the data
between two events are the IBVS iterations k. The target
remains almost stationary from the first to the fifth event.
Except for the first event, a decrease of one or two iterations
is observed in subsequent events due to the cumulative error
compensation benefit. At the sixth event, the target shifts
upward vertically by 6 centimeters, which can be observed
from the xB

z plot. Even if the position changes, only an
additional iteration is required to complete the task. At the
seventh event, the gripper reaches the desired position at the
first iteration.
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(a) Gain s = 0.5. Iteration counts to 6.

(b) Gain s = 0.2. Iteration counts to 4.

(c) Gain s = 0.1. Iteration counts to 10.

Fig. 6. Performances of different gains.

Fig. 7. The effect of the cumulative error compensation with seven events
in sequence. Even if the position changes (τ = 6), the cumulative error
compensation reduces the iteration.

D. Performance Evaluation

From (11), the average value of t0 and T k are 6.26 and
4.82 seconds, respectively. The value of tk depends highly
on the stability of the tomato. If the tomato swings due to
wind or gripper collisions, the controller must wait for stable
detection from the EIH camera, resulting in longer times for
an iteration. The average number of iterations of the first
event is 3.10, and the average time cost for the initial event
is 21.20 seconds. The result is not exceptional, however, sub-
sequent events can be completed faster since cumulative error
compensation reduces the number of iterations. Namely, the
robot may initially be slow at picking the first tomato, but it
will become faster in subsequent.

The success rate for picking tomatoes is 68.4%. The
reasons for failure can be cataloged as four types: A)
Pedicel Occlusion, B) Gripper’s Motion, C) Gripping Foreign
Objects, and D) Hardware. The situations of failure are
depicted in Fig. 8. A) Pedicel Occlusion: It usually happens
at the first iteration, i.e., the tomato in Fig. 8a in the yellow
dashed circle observed by the EIH camera, which is occluded
by the pedicel. The situation causes the Yolo model to fail to
recognize the tomato confidently, resulting in altering output
between the actual target and the tomatoes in the background.
B) Gripper’s Motion: The gripper collides with the leaves or
stems while moving, causing the tomato to be obstructed.

(a) (b)

(c) (d)

Fig. 8. The reasons of failures: (a) the tomato is occluded by the pedicel;
(b) the leaf covers the tomato as the gripper collides with it; (c) the gripper
holds the stem along with the tomato in stage B; (d) the error is too small
and the servos lack sufficient resolution.

Fig. 8b illustrates an issue where a leaf obstructs the tomato
due to the gripper’s movement. This obstruction can lead
to a failed harvesting process. Moreover, the collision could
cause the tomato to sway, prolonging the time needed for the
robot to locate its coordinates. C) Gripping Foreign Objects:
When the gripper grasps the tomato, stems or leaves may
be included. This occurs when the tomato is very close to
the stem. The tomato may slip away or even be damaged
during the retrieval stage. D) Hardware: Fig. 8d depicts the
situation that the errors do not converge because the feedback
signal to the servos is too small. The main cause is the low
resolution of the servos, causing the gripper to remain in
the same position until the input signals exceed a certain
threshold.

VI. CONCLUSION

This paper presents a self-built tomato harvesting robot.
The dual-camera IBVS algorithm has been proven and
experimented to solve the dislocation problem. This results
in a precise alignment of the target and the gripper. In the
greenhouse experiment, the harvesting time is formulated,
and it can be reduced by the cumulative error compensation.
The success rate for picking tomatoes is 68.4% and the
failure situations are discussed. Future work will focus on
optimizing the robot’s navigation capabilities in the green-
house environment, as well as fine-tuning the harvesting
mechanism to deal with more complex scenarios.
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