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 One challenge for tomato harvesting robots is that some of the tomato stems 

were not detectable because they were hidden behind the leaves or other 

obstacles. The primary objective of this research is to design, simulate, and 

experiment with a tomato harvesting robot and propose an improved 

detection algorithm to overcome the above problem. The suggested detection 

algorithm is designed to first detect the tomato fruit itself, and if the stem is 

not visible, the system will automatically adjust the camera's viewing angle 

to provide a better perspective and uncover the hidden stem. Simulation and 

experimental tests were carried out in a real tomato greenhouse to evaluate 

the cutting and holding mechanism, as well as the camera-based detection 

algorithm. These experimental results confirmed the effectiveness of the 

gripper and detection system and revealed several challenges in the 

harvesting algorithm. By integrating advanced algorithms for tomato 

detection and harvesting, this robot will reduce damage to the tomatoes, 

ensuring higher quality and yield. 
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1. INTRODUCTION 

Beefsteak tomatoes are among the largest varieties of cultivated tomatoes in Vietnam. They 

typically weigh between 250 to 300 grams, and their diameter is around 10 to 15 centimeters. In greenhouse 

hydroponic systems, where plants may be suspended or trained along hanging systems, the fruits may form 

around 50 centimeters to 1 meter above the ground. To ensure the fruits have enough space to grow, each 

cluster is limited from 2 to 3 fruits and is neatly pruned. The manual harvesting method is the traditional 

method of harvesting. Tomatoes are hand-picked by cutting the stem or pulling the fruit off the plant. 

However, this method is time-consuming, labor-intensive, and costly. The modern method is using tomatoes 

harvesting robots. Robots are equipped with sensors and cutting mechanisms to detect and pick tomatoes 

autonomously. Robots also can be programmed to move through the field, identify ripe tomatoes, and harvest 

them. This method has advantages of increasing automation, saving labor costs, reducing errors, and less 

damage to the tomato plant. However, there are many challenges for automation of robot harvesting. 

The end-effector, an important component of harvesting robots, is designed depending on fruit 

detachment methods. Theres are various available methods such as gripping and pulling, gripping and 

spinning, gripping and cutting, and detaching using vacuums [1]. The gripping and pulling methods are the 

simple method for detaching the tomato from the stem. However, the above method can damage the fruit 

because of the force of gripping [2]. To overcome this disadvantage, a perceptual softened effector is 

https://creativecommons.org/licenses/by-sa/4.0/
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designed to reduce the effect of gripping force to the tomato [3]. Another potential solution of tomato 

detachment method to reduce the applied force is gripping and spinning method. The end-effector was 

designed to separate the fruit from the stalk based on the linear motion of the constraint part and the rotating 

gripper [4]. The design of end-effectors with a sucking function can reduce the damage of the fruit compared 

with method using grasping force. An end-effector will absorb fruits directly by using a vacuum suction cup 

to generate negative pressures [5]. Compared to mechanical arms, the picking efficiency of such a robot 

using vacuum technology is higher. Gao et al. [6] developed a pneumatic finger-like end-effector for cherry 

tomato harvesting robot. The end-effector had the capability of picking cherry tomatoes continuously and 

steadily using pneumatic power. 

These above methods have weak points, which is impacting the force directly on the tomato and can 

damage the fruit. Thus, the gripping and cutting method is suggested because this method uses the tool to cut 

the peduncle of the fruit, do not affect the force directly to the fruit [7], [8]. Park et al. [9] proposed a novel 

end-effector by integrating the cutting module, the suction module, and the transporting module into one tool. 

This end-effector can harvest a variety of fruits and vegetables, reduce harvesting time, and improve 

productivity. Yeshmukhametov [10] designed a semi-spherical gripper tool with cutting blades on the edges 

of the cup for grasping and detaching tomato. A consecutive procedure was built for harvesting tomatoes. 

This paper concentrates on designing the tool for gripping and cutting method. 

The second problem that needs to be considered in the harvesting robot system is tomato detection 

algorithms using vision sensors. Machine learning and deep learning are methods often used in object 

detection. Yuan [11] proposed an improved ResNet34 model (ESA-ResNet34) for crop pest and disease 

detection. The model employs ResNet34 as its backbone and introduces an efficient spatial attention 

mechanism (effective spatial attention, ESA) to focus on key regions of the images. Wu et al. [12] proposed a 

decomposed uncertainty guided matting algorithm, which explores the explicitly decomposed uncertainties to 

efficiently and effectively improve the results. Zhang et al. [13] proposed a progressive sample selection 

framework with contrastive loss for noisy labels. This framework operates in two stages, using robust and 

contrastive losses to augment the robustness of the model. Wang [14] designed an improved Faster R-CNN 

model named MatDet for tomato maturity detection. This model was built based on three small models 

including ResNet-50, RoIAlign, and Path Aggregation Network to improve the robustness and accuracy of 

the proposed method. Afonso [15] suggested a MaskRCNN algorithm to detect tomatoes and the pixels 

corresponding to this object based on images taken in a greenhouse. 

One advanced method for detecting tomatoes is using YOLO model because of fast detection 

ability. A tomato detection model RC-YOLOv4 is constructed based on a new backbone network R-

CSPDarknet53 by fusing the residual neural network to establish the jump connection between the front and 

back layers to improve the detection accuracy of tomato in natural environment [16]. Ge et al. [17] proposed 

a visual object tracking network based on the YOLOv5s model to identify and count tomatoes in different 

growth periods for prediction of tomato cultivation. A lightweight real-time tomato detection and point-

picking integrated network model based on YOLOv5 (TDPPL-Net) was proposed [18]. Zheng [19] suggested 

method including depth filtering and an inter-frame prediction algorithm based on YOLOv8 model to address 

key challenges such as background interference, occlusion, and double counting. For harvesting tomatoes, 

the robot system needs to recognize ripe fruit and unripe fruit. Qi [20] proposed an enhanced algorithm to 

simultaneously estimate the count and ripeness levels for cherry tomato bunches. Ripe values were 

determined by the proportional relationship between the number of ripe and unripe fruits in a tomato bunch. 

Stem cutting offers a viable alternative that minimizes the risk of damaging the harvested produce. 

However, it presents a more significant challenge. Identifying and cutting a small branch can be more 

difficult in real-world field settings due to dense foliage and obstructions than capturing the entire fruit. Rong 

et al. [21] proposed for peduncle cutting point localization and pose estimation. Images captured in real time 

at a fixed long-distance were detected using the YOLOv4-Tiny detector with a precision of 92.7% and a 

detection speed of 0.0091 second per frame. However, due to the complex natural environment and tracking 

stability, there are still considerable challenges for automated yield estimation to be deployed in practice. 

Therefore, Rong et al. [22] presented an improved tomato cluster counting method that combines object 

detection, multiple object tracking, and specific tracking region counting. To reduce background tomato 

misidentification, the YOLOv5-4D was proposed that fuses RGB images and depth images as input. One of 

the challenges when harvesting tomato using robot systems is that it needs to estimate the ability of 

harvesting. Fujinaga et al. [23] proposed a method for evaluating the tomato fruit harvestability using a 

tomato harvesting robot. In this paper, we propose a new algorithm to detect the hidden peduncle for gripping 

and cutting method. 

A total harvesting robot system often includes robot mechanisms, end-effector tools, and vision 

algorithms. There are several research projects about designing tomato harvesting robots. The simulation of a 

tomato harvesting robot in ROS had been successfully implemented, integrating multiple components for a 
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complete system [24]. In Gazebo, a virtual farm environment with tomato plants has been created for realistic 

testing. Singh et al. [25] developed a deep learning-powered robotic solution for strawberry detection and 

grasping in a simulated digital twin greenhouse environment based on YOLOv9-GLEAN deep learning 

model. This study was verified by simulation in ROS-Gazebo. 

Besides researching simulation of harvesting robots, there are a few research experiments about 

harvesting tomato robots. Jun et al. [26] proposed an efficient tomato-harvesting robot that combines the 

principles of 3D perception, manipulation, and an end-effector which includes two parts, a grasping module 

and a cutting module. The data from sensors was used for building 3D environment to control the motion of 

the robot. Oktarina et al. [27] discussed the pilot project of employing robots as a harvesting robot. A small 

robot model was used to detect and harvest the tomatoes in the environment of the laboratory. These 

experimental results verify the proposed method and could be developed for real work. Rong et al. [28] 

suggested a harvesting robot capable of picking tomato clusters by cutting their fruit-bearing pedicels. The 

robot prototype was used to evaluate the working in real greenhouse environments. 

However, in the above research, they just tested in lab environment, not real tomato trees in 

greenhouse. Another disadvantage is that the fixed base robot cannot move to another position to harvest 

another tomato. To move and collect tomatoes from trees in greenhouse, it needs the mobile platform and put 

the manipulator on this platform [29]. Many path planning and obstacle avoidance algorithms need to be 

considered [30], [31]. These methods have weak points when moving in greenhouse. To overcome this 

problem, it needs to design mobile platform as a track rail. A novel bot named AHPPEBot is designed for 

autonomous harvesting tomatoes [32]. The proposed method was based on crop phenotyping, pose estimation 

and a multi-task YOLOv5 model. In this paper, we use this method for harvesting tomato robots including a 

mobile platform and a manipulator. 

This paper designs a beefsteak tomato harvesting robot in medium and small greenhouse. The 

system is designed as a complete modular structure, consisting of the cutting and holding tomato cluster 

mechanism, a manipulator system, a tomato detecting system, and the AGV system. The first contribution is 

that the authors present the new algorithm to first detect the tomato fruit itself, and if the stem is not visible, 

the system will automatically adjust the camera's viewing angle to provide a better perspective and uncover 

the hidden stem. The second contribution of this paper is that the author makes simulation of motion of the 

robot and the AGV platform to look for the optimal path for the robot system. From the simulation results, 

the author proposes suitable paths for control the robot. This enhancement ensures that the robot can 

accurately identify and locate both the tomatoes and their stems, improving the overall efficiency and 

reliability of the harvesting process. In this paper, section 1 shows the literature review about tomatoes 

harvesting robot and the contribution of the research. Section 2 shows the design of the tomatoes harvesting 

robot and the recognition algorithm. Section 3 shows the simulation and experimental results. Section 4 

shows the conclusion of the paper. 

 

 

2. METHOD 

The proposed harvesting tomato robot system includes the mobile platform, the manipulator, the 

cutting-tool, and the vision system. This part firstly presents the design of the tomato harvesting robot 

system. Next, the kinematic modeling of the robot is described. Finally, the detection algorithm of the tomato 

stem is proposed. 

 

2.1.  Design of mechanical parts 

Figure 1 shows the design of the mobile platform. Figure 1(a) illustrates the schematic of the AGV 

wheel system. The input (1) is the drive motor, which drives the two wheels (2) through the motor, while the 

system is supported by four caster wheels (3). PU driving wheels are ideal for heavy-duty applications, 

offering superior wear resistance, high load capacity, and excellent traction. These wheels are widely used in 

industries such as automotive manufacturing, logistics, and warehousing, where Automated Guided Vehicles 

(AGVs) operate under demanding conditions. Rubber driving wheels provide outstanding shock absorption, 

traction, and grip on various surfaces. However, their wear resistance is generally lower than PU, and they 

are more vulnerable to damage from harsh chemicals and solvents. In this paper, PU wheels are chosen due 

to their abrasion resistance, suitability for movement on concrete surfaces, and low maintenance frequency. 

Figure 1(b) illustrates the schematic of the AGV suspension system, which consists of (1) the shock absorber 

of the driven wheel, and (2) the shock absorber of the caster wheel. 

Figure 2 shows the design of the manipulator part. Figure 2(a) illustrates the schematic of the 

SCARA robot, which consists of (1) the actuator of the ball screw system (2), and (4) the actuator of the 

timing belt system (3). Figure 2(b) illustrates the Mantis gripper mechanism, which consists of (1) the 

actuator of the gripper, and gears Z1, Z2, Z2’, and Z3 within the mechanism. A Mantis Gripper refers to a 

type of robotic gripper inspired by the structure and functionality of a praying mantis' forelegs. These 
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grippers are designed to mimic the precise and efficient way that the praying mantis captures and holds its 

prey, using an arrangement of sharp, articulated segments that can adapt to various shapes and sizes of 

objects. Figure 3 shows the full design in 3D. 

 

 

 
(a) 

 

 
(b) 

 

Figure 1. Design of mobile platform: schematic of (a) AGV wheel system and (b) the suspension system 

 

 

 
 

(a) (b) 

 

Figure 2. Design of manipulator part (a) schematic of the SCARA robot and (b) schematic of Mantis gripper 

mechanism 

 

 

2.2.  Design of electrical and electronic parts 

For high-level motion control and interfacing with advanced sensors such as cameras, we will use an 

embedded computer. The Raspberry Pi 4 Model B is selected as a compact and cost-effective embedded 

platform, equipped with a Quad-core CortexA72 processor, up to 8GB of RAM, and multiple USB ports for 

peripheral connections. It supports CSI camera modules, making it suitable for basic computer vision 

applications. While it does not offer the same GPU performance as industrial platforms like the Jetson series, 

the Raspberry Pi 4 can handle moderate image processing tasks and can run a full Linux OS, enabling 

integration with a wide range of development libraries and communication protocols such as I2C, SPI, 

UART, and CAN (via HATs). Its versatility and community support make it a strong choice for prototyping 

and educational robotics projects. 
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3D model of robot Model with attached coordinate frames and dimensions 

  
 

Figure 3. The model of the 4 DOF SCARA Robot 

 

 

The computer runs the Linux kernel with PREEMPT-RT, enabling pseudo real time code execution 

required for precise timing in control and detection tasks. In the context of tomato detection, the system 

supports integration with computer vision libraries such as OpenCV for detecting tomatoes and sending 

appropriate commands to the robot arm for harvesting. The Linux-based environment also provides 

flexibility for customizing detection algorithms and optimizing performance for agricultural conditions. 

 

2.3.  Kinematic modeling of SCARA robot 

The kinematic modeling of the SCARA robot is presented in this section. From Figure 3, the DH 

table is established. From that, the transformation matrix between two adjacent frames is calculated. Next, 

the transformation matrix from end-effector frame B4 to base frame B0 is calculated. Finally, the inverse 

kinematic of the robot can be solved. The DH parameters of the SCARA robot are shown in Table 1. 

 

 

Table 1. DH parameters of SCARA robot 
𝑖 𝑎𝑖 (mm) 𝛼𝑖 (degree) 𝑑𝑖 (mm) 𝜃𝑖 (degree) 

1 L1 0 L+d1 0 

2 L2 0 -d2 𝜃2 

3 L3 0 -d3 𝜃3 

4 L4 0 -d4 𝜃4 

 

 

The transformation matrix between two adjacent frames can be calculated and shown in (1) and (2). 

 

𝑇1 = [

1 0 0 𝐿1

0 1 0 0
0 0 1 𝑑1 + 𝐿
0 0 0 1

]0 ;         𝑇2 = [

cos 𝜃2 − sin 𝜃2 0 𝐿2 cos 𝜃2

sin 𝜃2 cos 𝜃2 0 𝐿2 sin 𝜃2

0 0 1 −𝑑2

0 0 0 1

]1                    (1) 

 

𝑇3 = [

cos 𝜃3 − sin 𝜃3 0 𝐿3 cos 𝜃3

sin 𝜃3 cos 𝜃3 0 𝐿3 sin 𝜃3

0 0 1 −𝑑3

0 0 0 1

]2 ;    𝑇4 = [

cos 𝜃4 − sin 𝜃4 0 𝐿4 cos 𝜃4

sin 𝜃4 cos 𝜃4 0 𝐿4 sin 𝜃4

0 0 1 −𝑑4

0 0 0 1

]3             (2) 

 

The transformation matrix from end-effector frame B4 to base frame B0 can be calculated from these above 

transformation matrices and is shown in (3). 

 

𝑇4 = 𝑇1 𝑇2 𝑇3 𝑇4
3210 = [

cos(𝜃2 + 𝜃3 + 𝜃4) − sin(𝜃2 + 𝜃3 + 𝜃4) 0 𝑝𝑥

sin(𝜃2 + 𝜃3 + 𝜃4) cos(𝜃2 + 𝜃3 + 𝜃4) 0 𝑝𝑦

0 0 1 𝑝𝑧

0 0 0 1

]0                  (3) 

 

Here, 𝑝𝑥, 𝑝𝑦, and 𝑝𝑧 are shown in (4), (5), and (6). 
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𝑝𝑥 = 𝐿1 + 𝐿2 cos 𝜃2 + 𝐿3 cos(𝜃2 + 𝜃3) + 𝐿4 cos(𝜃2 + 𝜃3 + 𝜃4)               (4) 

 

𝑝𝑦 = 𝐿2 sin 𝜃2 + 𝐿3 sin(𝜃2 + 𝜃3) + 𝐿4 sin(𝜃2 + 𝜃3 + 𝜃4)                      (5) 

 

𝑝𝑧 = 𝐿 + 𝑑1 − 𝑑2 − 𝑑3 − 𝑑4                                                                    (6) 

 

For inverse kinematic, we need to solve for 𝑑1, 𝜃2, 𝜃3, 𝜃4 from (4), (5), and (6). 

 The first joint 𝑑1 can be calculated from (6) and shown in (7). 

 

𝑑1 = 𝑝𝑧 − 𝐿 + 𝑑2 + 𝑑3 + 𝑑4                                                                     (7) 

 

The direction, the angle α, between the end-effector (X4-axis) of the robot and the X0-axis is shown in (8). 

 

𝛼 = 𝜃2 + 𝜃3 + 𝜃4                                                                                        (8) 

 

Two new equations show the relationship between 𝜃2 and 𝜃3 can be received from (4) and (5) and shown in 

(9) and (10). 

 

𝑝𝑥 − 𝐿1 − 𝐿4 cos 𝛼 = 𝐴 = 𝐿2 cos 𝜃2 + 𝐿3 cos(𝜃2 + 𝜃3)                         (9) 

 

𝑝𝑦 − 𝐿4 sin 𝛼 = 𝐵 = 𝐿2 sin 𝜃2 + 𝐿3 sin(𝜃2 + 𝜃3)                                  (10) 

 

Summing the square of each element in two sides of (9) and (10), we receive the equation that 

depends only on the unknown 𝜃3, shown in (11). 

 

𝐴2 + 𝐵2 = 𝐿2
2 + 𝐿3

2 + 2𝐿2𝐿3 cos 𝜃3                                   (11) 

 

Thus, 𝜃3 can be calculated from (11). Replace the value of 𝜃3 in (9) and (10), we can calculate 𝜃2. Finally, 𝜃4 

also can be determined from (8) with known value of 𝜃2 and 𝜃3. 

 

2.4.  Proposed algorithm of detecting the tomato stem 

The proposed algorithm keeps the stem when picking tomatoes instead of cutting it off because the 

stem helps the tomato stay fresh longer. It was discovered that some of the tomato stems were not detectable 

because they were hidden behind the leaves or other obstacles. To address this issue, the team developed an 

improved detection algorithm. This new algorithm is designed to first detect the tomato fruit itself, and if the 

stem is not visible, the system will automatically adjust the camera's viewing angle to provide a better 

perspective and uncover the hidden stem. Figure 4 shows the improved detection of stem algorithms when the 

stem is hidden by the obstacles. This enhancement ensures that the robot can accurately identify and locate 

both the tomatoes and their stems, improving the overall efficiency and reliability of the harvesting process. 
 

 

 
 

Figure 4. The proposed detection of the tomato stem algorithm 
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Next, the authors decided to collect 600 images of tomato stems as data for training. The data are 

collected via images on the internet and photos of the tomatoes the team bought and took the picture. Then, 

the authors used MakeSenseAI to label the data of tomato stems. When labeling, the authors adjusted the 

center of the bounding box coincide with the point where the end-effector of SCARA Robot will cut off 

when picking tomatoes. After that, the authors used GoogleColab and YOLOv8 for training data with 200 

epochs. The hardware used is intel core i7 with 16 GB memory. The software used is YOLOv8 and Python 

v3.9. Several key hyper-parameter settings are as follows: learning_rates=[0.0001, 0.001, 0.01],  

batch_sizes=[32,64,128], optimizers=[‘adam’, ‘sgd’], epochs=[100, 200, 300]. The YOLOv8 is used for 

suitable with the current architecture of the hardware and software. 

 

 

3. RESULTS AND DISCUSSION 

3.1.  Simulation results 

Firstly, MATLAB program is used to simulate the operation of the SCARA robot. The objectives 

are calculating and simulating the forward and inverse kinematics of the SCARA robot, simulating the 

trajectory planning and motion of the SCARA robot, identifying possible configurations of the SCARA robot 

during key tasks, evaluating whether the robot can operate effectively within the required working space, and 

ensuring it can reach all necessary positions during operation. There are two positions of the SCARA robot 

that is needed to check are the position for scanning the tomato stems (SCAN pose) and the position for 

placing the tomatoes into the container (PLACE pose). Figure 5 showed respectively the configuration of 

SCARA Robot in SCAN pose and PLACE pose. 

After scanning the tomato stem, the robot needs to move and control the cutting tool to the position 

of the stem. There are many directions to control the cutting tool depending on the value of the angle α. This 

direction angle affects the working ability of the robot, especially affecting the cycle time and the obstacle 

avoidance ability of robots. Assuming that the rotational velocity of each joint is the same, about 5 degrees 

per second. The calculation about the working cycle time for each direction angle are shown in Table 2. For 

this calculation, the values of SCARA robot parameters are as follows: L1=200 mm, L2=300 mm,  

L3=300 mm, L4=200 mm, d2=50 mm, d3=50 mm, d4=50 mm. 

 

 

SCAN pose PLACE pose 

  
 

Figure 5. Two possible positions of SCARA Robot) 
 

 

Table 2. The working cycle time for different direction angles of cutting tool 
No. 𝛼 (degrees) 𝜃2 (degrees) 𝜃3 (degrees) 𝜃4 (degrees) Cycle time (seconds) 

1 200 64.6633 33.0843 102.2524 20.45 

2 190 54.6467 50.1513 85.2020 17.04 
3 180 46.8840 63.6122 69.5038 13.90 

4 170 40.6113 75.2336 54.1550 15.05 

5 160 35.7153 85.5365 38.7482 17.11 
6 150 32.2961 94.6655 23.0383 18.93 

7 140 30.5587 102.5783 6.8630 20.52 

8 130 30.7389 109.1071 -9.8460 21.82 
9 120 33.0013 113.9974 -26.9987 22.80 

10 110 37.2991 116.9647 -44.2638 23.39 

11 100 43.2626 117.7848 -61.0475 23.56 
12 90 50.2410 116.3878 -76.6288 23.28 

13 80 57.5243 112.8908 -90.4151 22.58 

14 70 64.5817 107.5436 -102.1253 21.51 
15 60 71.1516 100.6304 -111.7820 22.36 

16 50 77.1938 92.3872 -119.5810 23.92 

17 40 82.8056 82.9526 -125.7582 25.15 
18 30 88.1694 72.3284 -130.4978 20.10 

19 20 93.5594 60.2996 -133.8590 26.77 

20 10 99.4653 46.1661 -135.6313 27.13 
21 0 107.3307 27.2660 -134.5968 26.92 
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From the Table 2, it can conclude that the working cycle time is smallest when the direction angle is 

1800. With this direction angle, the cycle time is 13.90 seconds. After that, the obstacle avoidance ability of 

the robot also was checked with several direction angles and shown in Figure 6. It can be concluded that the 

obstacle avoidance ability of the robot when the direction angle of the tool is 1800 is better than other angles, 

including 1500, 1200, and 900. 

 

 

 α=180° α=150° α=120° α=90° 

    
 

Figure 6. The obstacle avoidance ability of the robot for different direction angles of the cutting tool 

 

 

Next, Coppelia Sim program is used for simulating the entire tomato harvesting process of the 

robotic system in a greenhouse environment. The simulation visualizes the complete flowchart of the tomato 

harvesting procedure, including detecting the tomato stem, determining the optimal trajectory and 

configuration for the SCARA robotic arm to maximize its operational efficiency in 3D space, picking the 

tomatoes, and placing tomatoes into the container. Figure 7 showed the motion of the robot to the picking 

position and showed task of picking the tomato stem. Figure 8 shows the motion of the robot to transfer the 

tomato to the container and shows the task of placing the tomato into the container. 

 

 

Robot moves to the picking position Robot picks the tomato stem 

  
 

Figure 7. The SCARA robot moves to the picking position and picks the tomato stem  

 

 

Robot transfer tomatoes to the container Robot place tomatoes into the container 

  
 

Figure 8. The SCARA robot transfers and places tomatoes to container  
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3.2.  Experimental results 

The objective of this experiment is to develop and evaluate a robotic system capable of performing 

tomato harvesting tasks, including cutting and securely holding tomato stems without causing damage to the 

fruit and detecting ripe tomatoes in real-world conditions and determining their precise 3D coordinates to 

enable accurate robotic arm movement and harvesting. 

Initially, the research group tested the cutting capability of the robot to validate the calculations for 

cutting force and to ensure that the selected motor and blade were appropriate for the task. The robot is 

designed to hold the tomato stem securely using a gripping mechanism, and the experiment demonstrated that 

the holding mechanism works effectively in practice. The cutting test successfully verified that the system 

could handle the tomatoes, proving that both the force calculations and the chosen components perform as 

expected. Figures 9 and 10 showed the experimental results of before cutting and after cutting the stem. 

 

 
Before reaching the stem Gripper reach the stem 

  
 

Figure 9. Experiment before cutting the stem 

 

 

Gripper perform cut and hold the stem Experiment finished 

  
 

Figure 10. Experiment after cutting the stem 

 

 
After successfully testing the cutting and holding of the tomatoes, the next phase of the experiment 

focused on testing the robot's ability to detect the tomatoes and determine their coordinates using the camera 

system. The camera was calibrated to capture the position of the tomatoes in real-time, and the robot used 

this data to calculate their exact 3D coordinates. This phase of the experiment aimed to verify the accuracy 

and reliability of the camera system in real-world conditions, ensuring that the robot could precisely identify 

and locate the tomatoes for harvesting. Figure 11 showed the experiment for detecting algorithms of tomato 

stem. The 3D coordinates of tomato stem are X=53.4 mm, Y=2.3 mm, Z=353.6 mm for experiment 1 and 

X=8.4 mm, Y=-36.9 mm, Z=337.8 mm for experiment 2. The authors used a file with 150 untrained images 

and Python code for testing the results. After testing 150 images, the training model can detect exactly 

147/150 images, with the detection accuracy of 98%. For tomato detection, the accuracy is 100% for 150 

images. 
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Experiment 1 Experiment 2 

  
 

Figure 11. Experiment for detecting algorithm of tomato stem 

 

 

3.3.  Discussion 

In this section, the number of epochs is discussed. In this research, the authors compare the 

performance plots when training 600 images with 100 epochs, 200 epochs and 300 epochs. Comparing the 

performance plots of models trained between 100 and 200 epochs, the authors found that increasing from 100 

to 200 epochs improved the model’s training effectiveness. Specifically, the loss decreased more 

significantly compared to the model trained with 200 epochs, and the precision, the recall and mAP remained 

high. Comparing the performance plots of models trained between 200 and 300 epochs, the authors found 

that increasing from 200 to 300 epochs was not as effective as 200 epochs because the loss stopped 

decreasing and tended to increase although the precision, the recall and mAP still high. When tested the file 

with 150 untrained images, the case with 600 images and 200 epochs achieved an accuracy of up to 98%, 

while the other cases resulted in an accuracy below 94.7% (142/150 images). Moreover, when tested with 

living detecting, the model trained with 600 images and 200 epochs also performed the best, even when 

rotating at various angles or moving. 

 

 

4. CONCLUSION 

This paper has successfully designed and implemented a mobile manipulator robot for beefsteak 

tomato harvesting in greenhouses. The system integrates mechanical, electrical, and control components, 

including a SCARA robotic arm and an AGV platform, to operate efficiently in confined greenhouse 

environments. To validate the design, simulations were conducted using MATLAB-Simulink and Coppelia 

Sim. These simulations helped verify the robot’s performance and visualize its motion and control algorithms 

under various conditions, providing important insights before physical implementation. In addition, 

experimental tests were carried out in a real tomato greenhouse to evaluate the cutting and holding 

mechanism, as well as the camera-based detection algorithm. The detection accuracy of tomatoes is 100% 

and 98% for detecting the tomato stems. These experiments confirmed the effectiveness of the gripper and 

detection system and revealed several challenges in the harvesting algorithm. From these findings, it was able 

to propose improvements that enhance the system's overall reliability and performance. 
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