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Implementation of 3D Location Detection Embedded System for
Tomato Harvesting Robots
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ABSTRACT

In recent years, the research on artificial intelligence-based agricultural automation technology has received a
lot of attention to solve the problem of labor shortage due to the continuous decline of the agricultural
population and aging. In this paper, we implement a deep learning-based three-dimensional location detection
embedded system for the development of automated harvesting robots for tomatoes and aim to verify the
applicability of the system in a real environment. The three-dimensional positioning system consists of NVIDIA
Jetson Xavier NX, a low-power, small and low cost, and a stereo-type ZED2 camera to obtain

three-dimensional information on images. The proposed system learns tomato images using the latest YOLOVS
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object detection model and converts the two-dimensional coordinates of the detected tomatoes into

three-dimensional coordinates through the learned model to detect the three-dimensional position of the

tomatoes. To improve the performance of the trained model, we also apply TensorRT, a model optimization

engine that can improve inference speed from several to dozens of times. The performance of the implemented

system was compared with the average precision and image inference time of the optimization model applied

with TensorRT, and the performance improvement was confirmed.
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Table 1. Technical Specifications of ZED 2 Camera

4416x1242 @15fps
3840x1080 @30fps
2560x720 @60fps
1344x376 @100fps

Output Resolution

Field of View 11\’;";‘)"( D)l 10°H) x 70%(V) x
Lenses Baseline 120 mm
Focal Length | 2.12mm
Aperture f/1.8
Interface USB 3.0/2.0
Depth Range 02 m to 20 m
Depth Accuracy < 1% up to 3m

< 5% up to 15m
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Networking 1xGbE RJ-45
Display Output 3840%2160 at 60Hz
Operating temperature 0°C ~ 70°C
Temperature Storage temperature -40°C ~ 85°C
Relative humidity 40°C @ 95%
MIPI Camera 2x2 lane MIPI CSI-2

Inputs 1x4 Lane MIPI CSI-2
1xUSB 2.0 Micro-B for recovery

USB 2XUSB 3.0 Type-A
Storage 1xmicro-SD card slot
Egﬂg . 20 pins: 2x12C, 1xUART, 9xGPIOs
Input Power 9V~19v
Dimension/ W: 87 mm x L: 70.6 mm x H: 27.3 mm
Weight Weight: 70 g
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Table 4. Embedded system environment

Jetpack V4.6 Cuda v10.2
(o LAT_32.6.1 Python v3.6
Pytorch v1.7 cuDNN v8.2.1
ZED SDK v3.7.2 Onnx vl.11
TensorRT v8.0.1 Torchvision v0.8.1
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