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HECE-IC: An Integrated Calibration Method for
Delta Robot-Based Kitchen Waste

Sorting Systems
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Abstract—This paper presents a multifunctional automated
sorting system for kitchen waste based on a Delta robot.
The sorting system is divided into three main modules: visual
detection, information processing, and multifunctional robotic
sorting. The visual detection module captures images of waste
on a conveyor belt and transmits them in real-time to the
information processing unit, where detection algorithms generate
data on waste categories and grasp positions. The robotic arm,
equipped with a force sensor, gripper, and suction cup, selects
appropriate grasping or suction functions based on the waste
type and shape to complete sorting. Additionally, this paper
introduces a robust and efficient integrated calibration method
for robot hand-eye-conveyor belt-encoder systems (HECE-IC),
which enables simultaneous hand-eye and encoder calibration
with only three simple steps. In simulations, the proposed method
maintains a reconstruction error as low as 0.423 mm even under
operation errors up to 0.6 mm. In practical experiments on the
sorting platform, the average calibration error stabilized around
0.5 mm, achieving high calibration precision. The system achieved
a sorting success rate of 90.2% and a sorting speed of 979 objects
per hour. Our code is available at: https://github.com/TDA-2030/
XRobot

Note to Practitioners—Due to inconsistent classification prac-
tices and human factors, kitchen waste often contains a significant
amount of household waste. Currently, recyclable materials are
primarily sorted from kitchen waste manually, with limited
robotic systems that offer only basic sorting functions. This
approach suffers from low sorting accuracy and efficiency. Most
existing robotic grippers use suction or two-finger pneumatic
claws, which offer limited functionality and struggle with reliable
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grasping, lacking adequate levels of intelligent handling. Fur-
thermore, current hand-eye calibration methods are generally
designed for single-mechanism robots and do not address the
needs of integrated sorting systems for urban kitchen waste.
Developing a multifunctional, reliable, and automated sorting
system tailored to the specific challenges of kitchen waste han-
dling is therefore of practical importance.

Index Terms—Kitchen waste sorting, delta robot, integrated
calibration, reconstruction error.

I. INTRODUCTION

URBAN kitchen waste is a significant source of solid
waste and one of the main factors contributing to envi-

ronmental degradation such as climate change, soil pollution,
and groundwater contamination. Studies have found that under
conventional management pathways, urban solid waste will
emit 32 to 35 billion tons of carbon dioxide equivalent
greenhouse gases from 2020 to 2050 [1]. It is estimated that
by 2050, global waste generation will nearly double compared
to 2016, and by 2100, it will double again [2]. The zero waste
approach advocated by the United Nations means maximizing
the reuse and recycling of resources. China’s “Zero Waste
City” Construction Pilot Work Plan issued in 2018 proposes
to promote solid waste reduction and resource utilization in a
green manner [3]. The publication of the “National Catalogue
of Advanced Pollution Prevention and Control Technologies
(Solid Waste and Soil Pollution Prevention and Control Field)”
by China in 2023 indicates a shift from traditional landfilling
and incineration to green and low-carbon waste classification,
recycling, and reuse for solid waste management. Kitchen
waste refers to easily perishable household waste containing
organic matter, including household kitchen waste, catering
waste, and other kitchen waste [4]. Among them, household
kitchen waste contains a large amount of recyclable waste such
as plastic bottles, aluminum cans, glass bottles, tetra pak, and
hard paper. Therefore, scientifically and reasonably sorting
garbage can separate impurities from kitchen waste, leaving
biomass waste for resourceful and harmless treatment such as
high-temperature aerobic composting and efficient anaerobic
fermentation [5], [6]. Furthermore, by recycling valuable waste
[7], [8], the purpose of reducing energy consumption and
emissions can be achieved, promoting the development of a
green circular economy.

Currently, garbage sorting mainly relies on manual labor.
However, in the actual operational environment of urban
kitchen waste sorting and processing, factors such as dirty
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environments, irritating gases, and repetitive labor significantly
affect the subjective judgment of sorting workers, resulting in
high misclassification rates and low sorting efficiency. More-
over, there is a shortage of workers willing to engage in this
job. In addition, kitchen waste sorting presents several inherent
challenges, including irregular shapes, wet and deformable
surfaces, severe occlusions and stacking among objects, and
the coexistence of multiple material types requiring different
grasping strategies. Furthermore, the continuous motion of
conveyor belts imposes strict requirements on real-time detec-
tion accuracy and robot–vision coordination. These factors
make reliable automated sorting of kitchen waste considerably
more difficult than that of conventional solid waste. Robots
have found many applications in solid waste identification
and sorting tasks, including household waste, construction
waste, and industrial waste. For instance, in research on
household waste identification and sorting systems, Guo et al.
[9] developed a garbage sorting robot system using a material
identification method guided by vision and touch. Kong et al.
[10] developed an intelligent surface cleaning robot system for
collecting floating plastic garbage. Chen et al. [11] proposed
a self-moving robot system based on artificial intelligence and
the Internet of Things for garbage collection. In the research
on construction waste sorting applications, Chen et al. [12]
introduced a robot for real-time navigation in construction
and demolition waste recycling using simultaneous localiza-
tion and mapping (SLAM). In industrial waste processing,
Koskinopoulou et al. [13] discussed an autonomous robot sys-
tem for sorting and physically separating recyclables based on
material type, implemented in an industrial waste processing
plant. These methods have shown promising results in their
respective sorting scenarios.

However, in the field of kitchen waste, which is an important
source of solid waste, efficient robot sorting systems are still
lacking according to our research. Nevertheless, such systems
continue to encounter challenges in grasping efficiency and
stability when handling kitchen waste sorting tasks. To address
these challenges, the sorting system must be designed with
regard to three key aspects: the visual servo system, grasp
detection, and the end-effector [14]. Among these, grasp
detection can be broadly classified into generative methods
and discriminative methods [15]. The end-effector is typically
implemented using either two-finger grippers or suction cups.
Although some articles [16], [17] have made improvements
to grippers to enhance grabbing efficiency, there has been a
lack of structural innovation, leading to a limited variety of
sorting methods for garbage. Existing grasp detection methods
often struggle to integrate the detection of object-specific
characteristics. The integration of intelligent classification and
recognition into automated intelligent systems is the main-
stream trend for achieving refined sorting of kitchen waste. At
present, research in this area primarily focuses on intelligent
classification of household waste [18], [19], [20]. Therefore,
developing a multifunctional robotic hand system for kitchen
waste sorting is highly necessary.

A typical garbage sorting system consists of hardware
modules such as robots, cameras, conveyors, controllers, and
corresponding control software modules. As a necessary step

for robots to achieve precise operations under visual guidance,
hand-eye calibration [21], [22], [23], [24] is a prerequisite for
robots to grasp target objects in visual scenes. In conventional
sorting systems, the robotic sorting area is confined to the
machine’s visual range. Notably, in kitchen waste sorting
scenarios, driven by the challenging dirty environment and
the requirement for high-speed operation, robotic visual servo
systems are typically integrated with conveyor belts. The
visual detection zone is positioned upstream of the sorting
area. Items are captured by the visual servo system before
reaching the sorting zone and are subsequently conveyed to
the robotic sorting area, where sorting operations are exe-
cuted. When a conveyor belt is introduced into the system,
additional calibration of the conveyor belt is required [25].
In existing research, hand-eye calibration and conveyor belt
calibration are typically treated as two independent processes,
resulting in complex workflows, low deployment efficiency,
and unstable accuracy. These limitations are particularly pro-
nounced in intelligent sorting tasks for unstructured kitchen
waste, where the system must handle a wide variety of
object types, severe stacking occlusions, and large variations
in object shapes. Such challenges place high demands on
the stability and responsiveness of the entire system. In
kitchen waste sorting, which demands high load capacity,
rapid motion, and stable operation, parallel manipulators offer
distinct advantages over their serial counterparts. Among com-
mon industrial parallel robots, the Delta parallel manipulator
stands out for its relatively high load capacity, compact size,
and fast movement, making it particularly well-suited for such
sorting applications. However, there is a lack of efficient
and integrated calibration solutions tailored to Delta robot-
based architectures involving camera–conveyor–manipulator
coordination.

To address these issues, this paper presents a Delta robot-
based kitchen waste sorting system and proposes a unified
high-precision integrated calibration method. Different from
conventional hand–eye calibration approaches, the proposed
integrated calibration method is developed from a system-
level perspective, where the robot, camera, conveyor belt, and
encoder are jointly modeled and calibrated within a unified
framework. This formulation enables simultaneous estima-
tion of the spatial relationships among all modules, thereby
avoiding error accumulation caused by multi-stage calibration
procedures. Moreover, the proposed method requires only a
small number of calibration points and completes parameter
estimation through three simple operations, which significantly
improves calibration efficiency and practical applicability. The
main contributions are as follows:

1) We propose a robust and streamlined integrated cali-
bration method that simultaneously calibrates the robot,
camera, conveyor belt, and encoder within a unified
framework. The proposed method performs hand–eye
calibration and encoder synchronization using only three
key operations, avoiding error accumulation caused
by multi-stage calibration. The overall process is fast
and user-friendly, with the final spatial mapping error
controlled within 0.5 mm, meeting the accuracy require-
ments of engineering applications.
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2) A dedicated calibration board is designed for
vision–mechanics integrated calibration tasks. The
board consists of an 8 × 11 square checkerboard with
20 mm grid lengths and can be printed directly on
A4 paper. Cross-shaped circular auxiliary markers are
embedded in the four corner grids to facilitate high-
precision alignment of the robot end-effector during
calibration, thereby enhancing calibration consistency
and accuracy.

3) We present a high-efficiency Delta robot-based kitchen
waste sorting system that integrates visual detection,
information processing, and a multifunctional end-
effector. Combined with the human–machine interaction
control platform “XRobot,” a closed-loop automa-
tion pipeline from image recognition to grasping
control is realized. Experimental results on a phys-
ical testbed demonstrate a sorting success rate of
90.2%, showcasing the system’s excellent perfor-
mance in real-world deployment and its practical
potential. The video footage of our experimental
tests can be found at https://github.com/TDA-2030/

XRobot?tab=readme-ov-filet#demonstration-video

II. RELATED WORKS

The significance of hand-eye calibration in robot sorting
systems lies in ensuring the accuracy and reliability of the sys-
tem [26], [27], [28], [29]. Hand-eye calibration is the process
of aligning the coordinate systems of the robot’s end-effector
(hand) with the visual system (eye). The methods for hand-eye
calibration generally fall into two categories AX = XB [22],
[30] or AX = YB [31], [32]. The former involves solving for
the homogeneous transformation matrix X between the hand
coordinate system and the eye coordinate system, given the
relative motions A of the hand in the robot coordinate system
and B of the calibration object in the camera eye coordinate
system. Nguyen and Pham [33] provided a rigorous derivation
of the covariance of the solution X when A and B are random
perturbation matrices. The latter simultaneously calculates the
hand-eye transformation relationship X and the pose transfor-
mation Y between the calibration object and the robot base
coordinate system. Pan et al. [34] proposed a novel calibra-
tion method using LMI-SDP (Linear Matrix Inequality and
Semidefinite Programming) optimization to solve the AX = YB
problem. Wu and Ren [35] proposed solving the hand-eye
calibration problem using only 3D position measurements,
while Li et al. [36] introduced a probabilistic method to solve
for X and Y without prior knowledge of the correspondences
between the flows of A and B. Currently, there are calibra-
tion methods based on deep learning, where the principle is
typically to identify the robot’s joint key points in images
[24], [37]. Özgüner et al. [38] achieved hand-eye calibration
through a regression architecture of deep learning by finding
the transformation between the robot end-effector and the
external camera. Lu et al. [23] proposed an end-to-end pose
estimation framework for online camera-to-robot calibration.
Li et al. [24] presented an industrial robot hand-eye calibration
method combining data augmentation strategies and Actor-
Critic networks, representing the parameters in the hand-eye

transformation matrix with fixed X-Y-Z angles and formulat-
ing parameter optimization strategies to reduce workload and
improve accuracy. Odeyemi et al. [39] explored an automated
method for fine grasp control of prosthetic fingers using
computer vision and machine learning algorithms. However,
most existing calibration methods focus primarily on conven-
tional hand–eye calibration for single robotic systems. When
a conveyor belt separates the visual workspace of the camera
and the robot, these methods become impractical. Kim et al.
[40] addressed this issue by using deep learning to recover
blurred images caused by defocusing, thereby reducing errors
in hand–eye calibration. Cheng et al. [25] proposed a robot
hand–eye calibration method for conveyor-based systems;
however, the problem was simplified to a planar case, which
requires strict parallel relationships among system components
and is difficult to satisfy in practical applications. Moreover,
most existing studies calibrate only the robot–camera rela-
tionship, while the conveyor motion and encoder information
are handled separately. When additional components such as
conveyors and encoders are introduced, the calibration of
the entire sorting system remains insufficiently studied [41].
Therefore, from a system-level perspective, there is still a lack
of simple, fast, and efficient integrated calibration methods that
simultaneously consider the robot, camera, conveyor belt, and
encoder. Developing such an integrated calibration approach
can reduce error accumulation caused by multi-stage calibra-
tion, improve calibration efficiency, and enhance the overall
accuracy and reliability of robotic sorting systems.

III. KITCHEN WASTE ROBOT SORTING SYSTEM

A. Overall Structure

The kitchen waste robot sorting platform designed in this
paper mainly consists of a Delta parallel robot, an end-effector
multifunctional mechanical hand with a force-controlled elec-
tric gripper and integrated suction cup, a camera with a
resolution of 1600 × 1200 and a frame rate of 60 fps, and
a visual detection unit equipped with a light source. It also
includes a conveyor belt with a 1:10 speed ratio, adjustable
speed ranging from 10 to 30 meters per minute, controllers,
and a host. The Delta robot has three independent motors
controlling the movement of the robot’s end-effector along
the X, Y, and Z axes. Although the parallel structure limits
the flexibility of motion, its parallel-driven characteristics give
it a high load capacity at the end-effector and incredible
motion speed, making it suitable for high-speed sorting of
garbage on kitchen waste processing lines. Current garbage
sorting robots are typically equipped with only grippers or
suction cups at the end-effector, with limited functionality.
In this paper, we designed an end-effector multifunctional
mechanical hand with a force-controlled electric gripper and
integrated suction cup, capable of selecting gripping or suction
sorting methods according to different types of garbage and
controlling the gripping force. The overall structure of the
system is illustrated in Fig. 1. The designed human-machine
interaction robot control software XRobot is installed on the
host. By deploying target detection algorithms such as YOLO,
it can generate detection boxes and predict categories based

Authorized licensed use limited to: HUNAN UNIVERSITY. Downloaded on June 02,2026 at 10:56:10 UTC from IEEE Xplore.  Restrictions apply. 

https://github.com/TDA-2030/XRobot?tab=readme-ov-filet%5C%23demonstration-video
https://github.com/TDA-2030/XRobot?tab=readme-ov-filet%5C%23demonstration-video


7672 IEEE TRANSACTIONS ON AUTOMATION SCIENCE AND ENGINEERING, VOL. 23, 2026

Fig. 1. Schematic diagram of kitchen waste robot sorting system structure.

Fig. 2. Flowchart of sorting control process in robot system.

on the detected garbage images, and send sorting instructions
to the robot.

B. System Sorting Operation Principle

The kitchen waste robot sorting system consists of a visual
unit, processing unit, and execution unit, which are responsible
for image acquisition, target identification and control, and
target grabbing, respectively. The main components of the
system are connected to the host in the processing unit via
two buses: Ethernet and RS485.

The sorting control flowchart is shown in Fig. 2. The specific
sorting control process is as follows: Firstly, the camera
captures images of kitchen waste on the conveyor belt at a
fixed frequency and sends them to the target detection model
for object detection. Subsequently, all targets in each output
image are input into a target filter for screening. Targets are
filtered based on their position and size on the conveyor belt,
and duplicates or excessively small targets are removed before
being output to the target queue. Then, the detected targets
undergo position delay compensation based on the conveyor
belt speed and system processing delay time before being sent
to the sorting controller. Through this controller, the targets
are sorted, and appropriate tools (graspers or suction cups)
are selected based on the target category, followed by the
sequential generation of grabbing paths. Finally, the robot is
driven to grab the targets. Simultaneously, targets in the target

queue are sent to the visualization module for real-time display
of objects on the conveyor belt and to the statistics module for
analysis.

C. Human-Machine Interaction Module

We have designed the human-machine interaction module
software XRobot for the kitchen waste robot sorting system.
XRobot is a robot sorting control software developed based on
PyQt5, aimed at identifying and sorting targets such as plastic
bottles, glass bottles, cans, Tetra Paks, and plastic bags from
kitchen waste. The control software consists mainly of four
parts: robot equipment control, intelligent image recognition,
data statistics, and system calibration.

The robot-related equipment includes a high-speed four-
axis parallel robot, a conveyor belt with an encoder, and an
industrial camera, all connected to the control software via
Ethernet. The intelligent image recognition utilizes advanced
deep learning algorithms to preprocess RGB images from the
robot’s front camera and predict the location and type of
garbage in the image. The data statistics section counts and
stores the number of objects sorted by the system over a period
of time. The system calibration part measures and calculates
the parameters of the components in the system through a
series of calibration steps and stores them for future use. The
software’s functional modules and main interface are shown
in Fig. 3.

IV. INTEGRATED CALIBRATION METHOD

A. Calibration Task Abstraction and Description

components of the system: the robot, conveyor belt, and
camera. Fig. 4 describes the five coordinate systems used for
calibration tasks in this paper. Among them, FC represents
the camera coordinate system established within the camera
calibration chessboard, with its XOY plane coinciding with
the conveyor belt plane; FB represents the conveyor belt coor-
dinate system, which is derived from the camera coordinate
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Fig. 3. Functional modules and main interface of the human-machine
interaction control software XRobot.

system by rotating about the Z-axis by angle θ to align with
the X-axis in the direction of conveyor belt motion, and it does
not move with the conveyor belt, i.e., it is the world coordinate
system; FU represents the camera coordinate system translated
along the conveyor belt to the upstream line coordinate system,
where only objects past the upstream line are picked up by the
robot; FD represents the downstream line coordinate system,
ensuring operational safety by preventing objects beyond the
downstream line from being picked up by the robot; FR

represents the robot base coordinate system, which is a right-
handed coordinate system, while the other coordinate systems,
for the sake of correspondence with image coordinates, are all
left-handed coordinate systems.

During operation of the sorting system, objects are conveyed
from the right end to the left end of the conveyor belt at a
constant speed. In this process, the objects on the conveyor belt
pass through the camera capture area A1 and the robot working
area A2 sequentially. These two areas are connected by the
conveyor belt and do not overlap. Additionally, an encoder is
installed on the conveyor belt to measure the distance traveled
by the conveyor belt. The camera captures images of the
objects on the conveyor belt at a fixed frame rate and processes
them to obtain the pixel coordinates representing the object
positions P∗. These pixel coordinates are then transformed into
the robot coordinate system, and finally, the robot grasps or
adheres to the targets accordingly.

t = H(P∗) (1)

R = Rot
��

0 0 1
�T
, α
�

(2)

PR = T R
BT B

C (∆E)
�

R t
0 1

�
(3)

where H(P∗) represents the transformation function from the
image coordinate system to the camera coordinate system. α
is the deviation angle of the object in the camera coordinate
system. Rot(k, α) represents a rotation transformation of angle
α around axis k. PR represents the coordinates of objects on
the conveyor belt in the robot coordinate system. T R

B represents
the homogeneous transformation matrix from the conveyor
belt coordinate system to the robot coordinate system. T B

C (∆E)
represents the homogeneous transformation matrix from the
camera coordinate system to the conveyor belt coordinate
system, where parameter ∆E is the displacement measured
by the encoder. Therefore, the goal of calibration is to obtain
T R

B , T B
C (∆E) and H(P∗).

B. Calibration Process

The integrated calibration proposed in this paper involves
only three simple steps conducted on the sorting platform
to calibrate the system’s camera, robot, conveyor belt, and
encoder. The calibration procedure is illustrated in Fig. 5, and
the specific process is as follows:

* Calibrating the Camera: Place the designed calibra-
tion chessboard flat on the conveyor belt within the
camera’s field of view (FOV). Subsequently, the chess-
board should be repositioned to another location on the
conveyor belt and another photo should be taken. Repeat
this process until at least 10 different photos are cap-
tured, as shown in Fig. 6(b). To ensure proper calibration
of camera distortions, the chessboard should cover the
FOV as much as possible. After the final capture, keep
the chessboard stationary relative to the conveyor belt
until the end of calibration. Simultaneously, record the
current encoder count as E0.

* Calibrating the Robot: Initiate the conveyor belt to
transport the chessboard from the last capture of the pre-
vious step to the robot operation area. Stop the conveyor
belt when the identified point “1” on the chessboard
grid aligns with the manually marked upstream line.
Then, using the teach pendant, maneuver the robot’s
end effector to touch the four identified points on the
chessboard grid in turn, as shown in Fig. 6(a). Obtain the
coordinates of these four points in the robot coordinate
system, as shown in Fig. 6(c). Also, record the current
encoder count as E1.

* Calibrating the Conveyor Belt: Restart the conveyor
belt to allow the chessboard to continue downstream
until point “1” on the chessboard grid aligns with the
manually marked downstream line. Stop the conveyor
belt once the alignment is achieved. Then, using the
teach pendant, maneuver the robot’s end effector to
touch point “1” on the identified chessboard grid, as
depicted in Fig. 6(d). Obtain its coordinates in the robot
coordinate system, denoted as Pd, and simultaneously
record the current encoder count as E2.

C. Encoder Calibration

The encoder installed on the conveyor belt is used to
count the distance traveled by the conveyor belt. The count
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Fig. 4. The five coordinate systems used for calibration tasks in this paper.

Fig. 5. Flowchart of integrated calibration.

value E and the distance L moved have the following linear
relationship:

L = Ke × E (4)

where Ke is the encoder coefficient, and in the last two
calibration steps, we respectively obtained the corresponding
encoder count values E1 and E2 of the robot coordinates at
the upstream and downstream positions on the conveyor belt.
Therefore, we have:

Ke =



PU1 − Pd




2

E2 − E1
(5)

Furthermore, we can easily obtain the vertical distance
between the upstream line and the origin of the conveyor belt

Fig. 6. Integrated Calibration Procedure. (a) Alignment of the robot end
effector with a chessboard grid corner point; (b) Identification and numbering
of corner points on the chessboard grid; (c) Robot end effector sequentially
touching the four identified grid points on the chessboard; (d) Robot end
effector touching point “1” identified on the chessboard grid.

coordinate system:

L1 = Ke(E1 − E0) (6)

As well as the distance between the upstream line and the
downstream line:

L2 = Ke(E2 − E1) (7)

D. Calibration of Robot to Conveyor Belt

In the kitchen waste sorting system, the robot is fixedly
installed above the conveyor belt. Therefore, there is a fixed
relationship between the robot coordinate system FR and the
conveyor belt coordinate system FB, which can be expressed
as follows:

PR = T R
B PB (8)
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here, T R
B is the homogeneous transformation matrix between

the two coordinate systems. PR is a point in the robot coor-
dinate system. PB is a point in the conveyor belt coordinate
system. Since the conveyor belt coordinate system does not
have an actual reference object, it is difficult to directly
measure T R

B . It is known that FU is derived from FB by rotating
around the Z-axis and then translating along the X-axis by L1,
while FU is a coordinate system defined in the chessboard
grid. We can easily determine the coordinates of each grid
point in the chessboard grid. Therefore, we can first measure
T R

U and then obtain T R
B through transformation.

In the second step of the calibration operation, we obtained
four pairs of points PRi , PUi ; i = 1, 2, 3, 4. The calculation of
T R

U can be expressed as follows:

T R
U =

�
Rr

u tr
u

0 1

�
(9)

in this equation, T R
U is the homogeneous transformation

matrix from the upstream coordinate system FU to the robot
coordinate system FR, Rr

u is a 3 × 3 rotation matrix, tr
u is a

3-dimensional translation vector, and the objective is to mini-
mize the squared error Ê.

Ê =
1
4

4X
i=1



Rr
uPUi − PRi + tr

u


2

2 (10)

According to the classical Kabsch algorithm [42], we can
calculate the optimal rotation matrix Rr

u between these two
sets of coordinate points.

d =
1
4

4X
i=1

PRi (11)

m =
1
4

4X
i=1

PUi (12)

Minimizing Ê is equivalent to maximizing trace(Rr
uM),

where the correlation matrix M is defined by:

M =

4X
i=1

mci dT
ci

(13)

where dci = PRi − d, mci = PUi − m. Given that the Singular
Value Decomposition (SVD) of matrix M is represented by
M = UΣVT , where U and V are orthogonal matrices, and
Σ is a diagonal matrix. The optimal rotation matrix Rr

u that
maximizes the desired trace is denoted by:

Rr
u = VUT (14)

after obtaining the rotation matrix, the translation vector can
be easily derived as:

tr
u = d − Rr

um (15)

In the second step of the calibration process, we obtained
the coordinate points Pd, and through T R

U transformation, we
obtain their coordinates in the upstream coordinate system FU ,
denoted as P̂d:

P̂d =

2664
x̂
ŷ
ẑ
1

3775 = T R
U
−1
�

Pd
1

�
(16)

Fig. 7. High-precision calibration board for integrated calibration.

In the XOY plane of the upstream coordinate system FU ,
connecting the origin of FD with the origin of FU , the rotation
angle θ between coordinate systems FU and FB satisfies the
following relationship:

tan θ =
ŷ
x̂

(17)

Thus, the relationship between the upstream coordinate
system and the conveyor belt coordinate system is determined.

T U
B =

�
Ru

b tu
b

0 1

�
=

2664
cos θ − sin θ 0 − L1
sin θ cos θ 0 0

0 0 1 0
0 0 0 1

3775 (18)

Finally, the homogeneous transformation matrix between
the two coordinate systems is obtained.

T R
B = T R

UT U
B (19)

E. Camera-to-Conveyor Calibration

In the calibration process from the camera to the conveyor
belt, the image captured by the camera is represented by
coordinates P∗ = [u, v]T , indicating a unique pixel. A point
in the camera coordinate system is denoted as PC =

�
x, y, z

�T

(where z is a constant), expressed in augmented vector form
as P̂∗ = [u, v, 1]T and P̂C =

�
x, y, z, 1

�T . Camera calibration
refers to the commonly used Zhang’s calibration method [43].
To reduce errors and facilitate integrated calibration more
conveniently, we designed the calibration board shown in
Fig. 7. This design consists of an 8×11 grid of 20mm square
chessboard patterns laid out on an A4 sheet. We intentionally
placed a cross-circle marker in each of the four corners of the
grid to provide precise alignment points required for the robot
end effector during the calibration process. This simple and
practical design aims to meet the requirements of our experi-
ments, ensuring the reliability and accuracy of the calibration.

The calibration of the camera to the conveyor belt is
achieved by capturing images of the chessboard pattern placed
on the conveyor belt, as depicted in Equation 20:fPC = H(P∗) = R−1A−1seP∗ − R−1t (20)

where [R t] represents the extrinsic parameters of the camera,
comprising the rotation R and translation t of the camera
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TABLE I
SETTINGS OF THE PARAMETERS FOR SORTING SYSTEM

IN SIMULATION EXPERIMENTS

relative to the conveyor belt coordinate system; A is a camera
intrinsic matrix 3 × 3 used to rectify the internal offsets and
distortions of the camera; s is an arbitrary scaling factor. Since
the camera is fixed at a specific position upstream of the
conveyor belt, there is only a translational relationship between
FC and FU , thus:

Rb
c = Ru

b
T (21)

Taking into account that kitchen waste on the conveyor belt
is continuously moving, meaning the objects are constantly in
motion, the position of the objects captured by the camera is
related to the movement of the conveyor belt. The direction
of movement of the conveyor belt is in the positive direction
of the X axis. Therefore, the relationship between the camera
and the conveyor belt can be expressed as:

T B
C (∆E) =

�
Rb

c tb
c

0 1

�
=

2664
cos θ sin θ 0 ∆E
− sin θ cos θ 0 0

0 0 1 0
0 0 0 1

3775 (22)

here, ∆E = Ke(Ec − Es) represents the displacement of
the conveyor belt, where Ec and Es are the current and
recorded encoder count values respectively, and Ke represents
the encoder coefficient.

V. EXPERIMENT AND RESULT ANALYSIS

A. Simulation Experiments

The ground truth of the calibration results cannot be
obtained in real-world scenarios. To validate and evaluate the
accuracy and efficiency of our method, we conducted two
numerical simulation experiments:
• Experiment 1: Assessing the stability of the proposed

method under Gaussian noise conditions applied to the
pose data retrieved from the robot.

• Experiment 2: Investigating how the quantity and distri-
bution of grid points used in the second step of calibration
affect the accuracy of the calibration results.

The parameters of the sorting system were set to approxi-
mate our actual system, as shown in Table I. All described
experiments were conducted using Python 3.8 on a com-
puter with an Intel i5-9400f CPU, 16GB DDR4 RAM, and
GTX1060 6GB GPU.

TABLE II
NOISE LEVEL PARAMETER DESCRIPTION

Fig. 8. Nine different sets of points representing various numbers and
distributions of calibration points. Black numbers indicate points used for
calibration, while gray indicates points not used for calibration.

1) Data Generation: Following the method described in
[43], the calibration results of the camera are considered
mature and stable. Therefore, in the simulation experiments,
we only simulated the calibration process from the conveyor
belt to the robot. To simulate the actual calibration process,
it is necessary to introduce error noise into the ideal sample
data. Inspired by [44], the normal distribution is suitable for
describing positioning errors caused by manual operations.
Thus, we assume that the distribution of positioning errors
due to manual operation is a truncated normal distribution.
Corresponding to the 12 simulated data coordinate points of
the robot end-effector in Fig. 6(b), each coordinate true value
can be obtained by adding noise using Equation 23.

Psi = Pgti +

24c (N (µ, σ),−l, l)
c (N (µ, σ),−l, l)
c (N (µ, σ),−l, l)

35 (23)

where N(µ, σ) represents the mean µo and standard deviation
σ of the normal distribution, c(n, low, high) represents trun-
cating n in the interval [low,high]. In the experiments, µ is
consistently set to 0, and the noise levels are categorized into
five levels: “very low,” “low,” “middle,” “high,” and “very
high,” based on the parameters σ and l. The parameter values
for each level are described in Table II. Data at each noise
level are generated in 500 sets for experimentation, and the
average is taken as the error result.

In Experiment 2, to investigate how the number and spatial
distribution of calibration points used during the calibration
process affect the accuracy of the results, the 12 corner points
labeled in Fig. 6(b) were divided into 9 different subsets. The
specific configurations of these subsets are illustrated in Fig. 8.
For example, in subset S1 (top-left corner), each of the 12 grid
cells corresponds to one corner point. The black-labeled points
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TABLE III
AVERAGE TRANSLATION ERROR, ROTATION ERROR, RECONSTRUCTION

ERROR, AND ENCODER COEFFICIENT ERROR AT DIFFERENT
NOISE LEVELS

indicate those used in the calibration calculation, while the
gray-labeled points indicate those excluded. Thus, subset S1
uses only points 1, 2, and 6 for calibration, and the setup for
other subsets follows a similar pattern. To reduce the influence
of external variables, the noise level for data generation in
Experiment 2 was fixed at the “medium” level throughout.
Additionally, two new types of noise distributions were intro-
duced: triangular distribution and uniform distribution. Their
standard deviation and mean were set to match those of the
normal distribution to ensure comparability. Each data group
was repeated 500 times in the experiment.

2) Error Metrics: In the case of simulation experiments, we
can obtain the accurate pose of the robot relative to the con-
veyor belt. We can utilize this information to obtain the abso-
lute rotation error and absolute translation error. The absolute
translation error is calculated by equation 24, and the absolute
rotation error is calculated by equation 25. Here, btR

B and cRR
B

represent the true values of the translation vector and rotation
matrix; tR

B and RR
B represent the calculated values of the trans-

lation vector and rotation matrix; ‖·‖2 is the L2 norm, and θ(·)
is a function that converts the rotation matrix to Euler angles.

Et =




btR
B − tR

B





2

(24)

Er =





θ(cRR
B

−1
RR

B)






2
(25)

Furthermore, to make the results of the simulation experi-
ments comparable to the actual experimental results, we also
use the reconstruction error [45] as a metric to evaluate the
calibration quality in the absence of ground truth information.
The reconstruction error reflects the absolute error and pro-
vides an intuitive understanding in practical tasks. Equation 26
provides an estimation of the robot end-effector position ePi

from the transformed coordinates PC
i obtained through the

calibration process. The reconstruction error is defined as the
translation error with respect to the robot end-effector position
PR

i used in the calibration process, calculated according to
equation 27. In the simulation scenario, PR

i = Psi is calculated,
while in actual experiments, PR

i is obtained from real data
collection. ePi = T R

BT B
C (L1)PC

i (26)fEti =


ePi − PR

i




2 (27)

3) Experimental Results: The results of Experiment 1 are
shown in Table III. The results indicate that the errors are
generally linearly increasing with the errors introduced by
manual operation. It is worth noting that the rate of increase in

Fig. 9. Impact of different calibration point distributions and counts on
calibration results. (a) The dispersion of errors under different point sets. There
are three segments, respectively, demonstrate the impact of noise distributed
as a normal distribution, a triangular distribution, and a uniform distribution
on the error. (b) The variations in the mean error across distinct sets of points
when subjected to three different noise distributions.

reconstruction error is significantly lower than that of transla-
tion error. According to equations 15 to 19, this is because the
reconstruction error includes both L1 error and accumulated
transmitted rotation error, making it more sensitive to noise.
In other words, it is influenced to a greater extent by the
parameters of the system, achieving smaller values when L2
is longer and L1 is shorter, and vice versa. With errors in
operation reaching a maximum of 0.6 mm under parameters
close to our actual system, the reconstruction error remains at a
low level of 0.423 mm. In our implemented system, the errors
introduced by the robot and gripper are ±0.1mm and ±0.2mm,
respectively, resulting in a total error range of ±0.3mm for the
robot sorting platform.

The results of Experiment 2 are as expected, as shown in
Fig. 9, where errors decrease as the number of target points
used for calibration increases. Comparing S4 with S5, it is
evident that using points with wider spacing can significantly
reduce errors compared to using adjacent points. When com-
paring S7, S8 and S9 with S5, an increase in workload only
results in a slight decrease in errors. Therefore, using the
S5 set of calibration points appears to be a suitable choice,
achieving a good balance between manual operation workload
and calibration accuracy. The design of the calibration board
in Fig. 7 is also based on this consideration.

B. Real-World Experiments

To effectively evaluate the proposed method in practical
tasks, we designed a robot sorting platform as shown in Fig. 1
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Fig. 10. Histogram of the reconstruction errors in the actual scene calibration
experiment.

and an integrated system control program incorporating the
described method. In the system, the robot is an OMRON
HORNET 565 (4 degrees of freedom, repeatability accuracy of
0.1mm), and the camera is a Basler acA1600 with a resolution
of 1600 × 1200, installed at a height of 0.8m above the
conveyor belt. The conveyor belt encoder is a 10-bit resolution
absolute encoder. During the experiment, the conveyor belt
runs at a constant speed. The homogeneous transformation
matrix of the end effector tool of the robot was measured from
CAD drawings, and the transformation matrices for the gripper
and suction cup can be represented respectively as follows:

TG
E =

�
Rot

�
[0 0 1]T , π6

�
[0, 0, 0]

0 1

�
T S

E =

�
Rot

�
[0 0 1]T , π6

�
[157, 0,−20]

0 1

�
(28)

In the real-world experiments, we conducted a calibration
experiment and a grasping experiment. The calibration
experiment reflected the performance of the proposed
calibration method on the physical system, while the grasping
experiment further verified the effectiveness of the integrated
calibration method in performing target grasping with the
entire sorting system.

1) Calibration Experiment: To facilitate precise calibration
in the experiment, we designed and fabricated a calibration
tool, as shown in Fig. 6(a), which could be securely held by
the gripper. We defined the Tool Center Point (TCP) of the
robot at the tip of this calibration tool. During the calibration
process, we aligned the tip of the calibration tool with the 12
points shown in Fig. 6(b) on the calibration board as well as
four additional circular markers. The first 12 points were used
to calculate the reconstruction error, while the latter four points
were used as input for the calibration algorithm. To verify
the reliability of our proposed integrated calibration method,
we repeated the calibration experiment 10 times. In the actual
experiment, considering the calibration error of the camera, the
reconstruction error for the i-th experiment can be represented
by Equation 29.fEpi =



T R
BT B

C (L1)H(P∗i) − PR
i




2 (29)

The reconstruction error distribution of the actual scene
calibration experiment is shown in Fig. 10. From the error

Fig. 11. Average reconstruction error of the real scene experiment, values are
presented as Mean ± SEM. The average reconstruction error of 10 calibrations
is 0.501mm.

Fig. 12. Average error at 12 different positions on the calibration board.

distribution, it can be observed that the majority of errors
are between 0.3 to 0.8 mm. Through Anderson-Darling test,
it is indicated that the reconstruction errors follow a normal
distribution. For the extremely few errors exceeding 1 mm,
in comparison with the simulation experiment results, recon-
struction errors greater than the Low Noise level are attributed
not only to inherent system errors but also to the instability
in manual operations and the errors caused by insufficient
rigidity of the robot TCP resulting in oscillations. The average
reconstruction errors from multiple repeated measurements are
shown in Fig. 11, with the average error stabilizing around
0.5 mm. ANOVA repeated measurements on the data yielded
a P-value of 0.998, indicating that at a 99% confidence
level, there were no significant differences between the mean
values of each measurement, demonstrating the stability of
the calibration results and the reliability of the integrated
calibration method proposed in this paper. After completing
the calibration using the S5 grid points, error verification was
conducted for all 12 points, and the results are shown in
Fig. 12. The average reconstruction errors for the 12 points on
the chessboard grid are concentrated between 0.3 to 0.5 mm,
further illustrating the effectiveness of the calibration method
proposed in this paper. It is noteworthy that by utilizing
only the four corner points of the chessboard grid (S5) for
calibration, lower reconstruction errors were achieved, with
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TABLE IV

COMPARISON OF CALIBRATION METHODS: POSITIONING ERROR AND
SORTING SUCCESS RATE

no significant differences in errors across different spatial posi-
tions, thereby balancing complexity and calibration efficiency.

To further validate the effectiveness of the proposed
integrated calibration method, we conducted comparative
experiments on the sorting platform against the traditional
stepwise calibration approach, which uses an industrial
camera, conveyor belt, and manual point collection. Under
the same hardware platform and system configuration, two
types of experiments were carried out using both calibration
methods: (1) Calibration Error Evaluation, in which position-
ing errors were measured at 12 spatial locations and reported
as Mean ± SEM; and (2) Sorting Success Rate Evaluation,
where 10 types of objects were randomly grasped in 10 rounds
(10 objects per round), resulting in a total of 100 grasping
attempts for each method. The experimental results are
presented in Table IV.

As shown in Table IV, the proposed method significantly
reduces both the maximum positioning error and the variation
in error, thereby enhancing the overall consistency of system
localization. In the grasping experiments, it also achieved
a higher sorting success rate. An analysis of the failed
cases revealed that, after applying our method, most grasp-
ing failures were attributed to object detection inaccuracies,
target rolling, or mechanical execution errors such as gripper
misalignment, rather than system localization errors. This
indicates that the proposed calibration approach provides prac-
tically effective localization accuracy for the sorting system. In
the final system deployment, the overall grasping success rate
reached 90.2%, demonstrating that the calibration accuracy
meets the operational requirements of the system.

2) Online Grasping Experiment: The robot sorting platform
constructed in this paper is shown in Fig. 13 (a). The sorting
objects, training set and scene configurations are derived from
the KWG2024 dataset [15] and related literature [8]. We
integrated detection algorithms such as YOLOv5s [46], AL-
DETR [8], and GG-CNN [47] into the system to conduct
grabbing experiments on different categories of garbage, as
illustrated in Fig. 13 (b). Utilizing the integrated calibration
results following the steps described in Fig. 2, the detected
object bounding boxes or grasp rectangles, as shown in
Fig. 13 (c), were transformed into spatial grasp poses in the
robot coordinate system and sent to the sorting controller.
We employed a perception-planning-execution loop [48] to
continuously process objects on the conveyor belt. To achieve
stable grasping during conveyor belt motion, we employed an
open-loop controller to move the gripper directly above the
object’s position, then tracked the object while descending
to the object’s position for grasping, and finally placed it in

Fig. 13. (a) Physical robot sorting system, (b) Objects statistic result for
grasping experiment, and (c) Object detection results from sorting software.

the corresponding location based on its category. Since the
object detection algorithm cannot provide the object’s rotation
angle, we set the gripper to always grasp the short edge of
the target bounding box. The maximum width of the robot
gripper is 130 mm. In practice, the gripper opens only to
a width exceeding the target object’s grasping width by no
more than 10%. This approach helps maintain high grasping
efficiency and minimizes collisions with other items. In the
experiment, the end-effector of the robot was equipped with
a multifunctional gripper integrated with a force sensor. The
gripper is used for sorting solid waste with certain weight,
while suction cups are employed for handling lightweight
and flat objects. For fragile objects such as glass bottles, the
robot adjusted the gripping force through the control software
to prevent breakage during the sorting process. Specifically,
force control parameters were configured for both gripping and
suction operations. A threshold of 20 N was set as the standard
for adjusting the gripping force when the detected object was
classified as a glass bottle. To simplify the process, fixed
gripping forces of 10 N and 13 N were assigned for plastic
bottles and other waste categories, respectively. For waste
items such as bags and cartons, vacuum suction was applied
with a pressure range between -60 kPa and -80 kPa for sorting.

In the actual grasping experiments in this section, we
evaluate the efficiency of the sorting system based on the
grasping success rates ωi for each garbage category, the
average grasping success rate of the sorting system ω̄, and
the sorting rate η. The relevant definitions are given by
equations (30)-(32).

ωi =

P
GiP
Ni
× 100% (30)
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TABLE V

SORTING PERFORMANCE OF THE ROBOT FOR DIFFERENT WASTE CATE-
GORIES UNDER TWO TYPES OF UNSTRUCTURED

COMPLEX SCENARIOS

ω̄ =

P
GP
N
× 100% (31)

η =

P
G

T
(32)

In the above equation, N represents the detected object
on the conveyor belt, G represents the successfully grasped
objects, i denotes the i-th garbage category object, and T is the
unit of time. To closely resemble real-world scenarios of urban
kitchen waste, we designed the experiments by taking into
account the conditions of our laboratory space and available
equipment. Specifically, we created complex experimental
environments similar to those in waste sorting centers by
simulating factors such as diverse waste categories, conveyor
belt speed, interference from discarded fruit and vegetable
leaves, and object stacking. Due to laboratory constraints,
highly oily, watery, or decayed waste was not included in
these experiments. This is because the success rate of robotic
grasping is more strongly influenced by the detection accuracy
of the perception model than by the execution precision of
the robotic manipulator. In the experiment, ten objects were
randomly placed on a conveyor belt moving at a speed of
104 mm/s and tested over 10 repeated trials. The sorting results
under two unstructured and complex scenarios are presented
in Table V.

According to the experimental results in Table V, the sorting
success rate in Scenario 1 exceeds 90%, while Scenario 2
achieves a success rate of 82.7%, indicating that the complex
background introduces a certain degree of interference in
visual detection. The sorting success rates for plastic bottles in
Scenario 1 and Scenario 2 are 94.4% and 90.7%, respectively.
This demonstrates that bottles, due to their distinct visual
features and high frequency in the KWG2024 dataset, are
well-trained and can be reliably sorted by the platform. For
paperboard waste, the sorting success rates vary significantly
between the two scenarios, suggesting that small paper scraps
and tissues in the cluttered background negatively impact the
detection of this category. For metal cans, the performance is
consistent across both scenarios, implying that the model has
effectively learned the visual characteristics of this category. In
the case of fruits and vegetables, the sorting success rate drops
considerably in Scenario 2, mainly because discarded leaves

and vegetable debris introduce strong interference, leading to
misclassification by the detection model and resulting in failed
grasps. Futhormore, sorting accuracy remains unaffected by
slight deformations in object appearance. Mis-sorting occurs
only when the object undergoes significant deformation.

In the sorting tests, we recorded the specific causes of
30 grasping failures under Scenario 1. Among them, 18
failures were due to detection errors, 5 were caused by grasp
slippage, 3 resulted from system calibration inaccuracies, and
4 were attributed to other factors such as conveyor belt inertia.
It was observed that the majority of failures occurred due
to grasp attempts based on inaccurate target localization or
misclassification by the detection module. The limitations of
the dataset also contribute to sorting failures.

The proposed sorting system and integrated calibration
method are capable of accurately sorting objects of varying
shapes and materials on a conveyor belt in real time, achieving
a sorting success rate of 90.2% in a simple scenario and 82.7%
in a complex scenario, with a throughput of 979 items per hour.
In practical applications, our system can be adapted to various
sorting-related domains by switching to appropriate detection
models. However, future work will focus on improving the
structure of the multifunctional end-effector and developing
more accurate object detection models.

VI. CONCLUSION

In this study, we designed a multifunctional sorting system
for kitchen waste based on a Delta robot, consisting of
three main modules: visual detection, information processing,
and multifunctional robotic arm sorting. The visual detection
module captures images of waste on the conveyor belt and
transmits them to the information processing unit in real time.
The information processing is performed on the designed robot
sorting control system XRobot, which integrates a robotic arm
with grippers and suction cups equipped with force sensors.
The robotic arm selects between grippers and suction cups
based on the category and morphology of the waste, enabling
multifunctional sorting operations. Additionally, we proposed
a robust and easy-to-use integrated calibration method for the
system, based on our innovative calibration board. With just
three simple operations, achieving high-precision calibration
of the system. Both simulation and real-world experiments
demonstrated that our proposed calibration method achieves
low error and high accuracy. Finally, the reliability of the
system was validated through practical experiments in waste
sorting, providing a feasible solution for actual kitchen waste
sorting applications.
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