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Abstract

In this study, a Crop Recognition System for Automated Weeding of Soybean Fields was
developed. A vision camera was employed for real-time image acquisition, and considering
the field of view of 110°(D) x 86°(H) x 64°(V) and the ground distance, the camera was
positioned at a height of 1 meter above the ground. The dataset was constructed by
designating the soybean area as the region of interest (Rol). The deep learning model was
trained using a weakly supervised learning method, leveraging labeled data. Central points
of crops were detected through visualization, employing a Class Activation Map (CAM). The
system's performance was evaluated using a linear regression approach, yielding a mean
squared error (MSE) of 6.64 cm along the X-axis and 5.09 cm along the Y-axis, with root mean
square error (RMSE) values of 1.24 cm on the X-axis and 2.25 cm on the Y-axis, respectively.
These results demonstrate the high detection accuracy of the proposed system. An evasion
success rate test was conducted in a controlled testbed environment to assess the system's
practical applicability. 300 samples were tested over five repeated trials, achieving an average
success rate of 98.7%. These results validate the system’s high success rate and operational
stability.

Keywords: weeding robot, weakly supervised learning, class activation map,
soybean, convolutional neural network
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Introduction
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Materials and Methods
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)

A
Embedded Controller Vision camera
Fig. 1. Composition of recognition system
Table 1. Specification of recognition system
Item Specifications
Embedded Controller Jetson board (Xavier NX, NVIDIA, USA)
GPU 128-core Maxwell
Pixel size Quad-core ARM A57 @ 1.43 GHz
Memory 4 GB 64-bit LPDDR4 25.6 GB/s
Video encode 4K@30 fps
Video decode 4K@60 fps
Vision Camera Camera (e-CAM131_CUNX, e-con Systems, CA, USA)
Tnterface USB 3.0, GPIO, 12G, 12S, SPI, UART
Sensor AR1335 from ON Semiconductor
Field of view 110°(D), 86°(H), 64°(V)
Resolution 13MP (4192 x 3120) CMOS Image Sensor
Frames per second (fps) 13MP at 10 fps - VGA at 115 fps
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Fig. 2. Field of view for image collection
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(a) Data collection site (b) Collected image

Fig. 3. Data collection of soybean crops in Yuseong-gu, Daejeon
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Fig. 4. Specifications of cultivation environment
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Fig. 5. Structure of weakly supervised learning model used in this study
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Fig. 6. The 4 coordinate systems in Image Geometry
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Fig. 7. Flow chart of automatic weeding control logic
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Fig. 10. Graphs of loss of the deep learning used in this study

Table 2. Classification performance results for soybean and background

Class Accuracy Precision Recall Fl-score
Soybean 0.985 0.988 0.987 0.988
SEHSHHE
T2 ool B A2 A= 8 7 12 Belo] BEHglon], AAZF YRS Rol 1] A7} 214
£ 7he 2E310] AEH U HE o] M=l AI7R Table 33} o] 3 0.0527F A Q59101 20 fps0] SEZ AA]
3

A2 919 0] 7K 202 Rk YAK M B HEGT PAFH FAAE
Fig. 113+ 2] E8sglon], Z47 72 Zuke 44 229

Table 3. Processing time results of the deep learning model

S EEE EE L]

FATAZE F4l0] Ak 942 Ueheh

Factor Avg. Max. Min.
Processing time (s) 0.05 + 0.008 0.16 0.04
Frame rate (fps) 20+ 25 27 6

Fig. 11. Results of soybean center point detection
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Fig. 12. Photos comparing predicted and actual soybean center points

Table 4. Results of regression methods used in this study

Pixel World
Item X axis Y axis X axis Y axis
MSE 322.93 242.23 6.644 5.098
RMSE 8.983 15.563 1.243 2.257
Aol A Elg gelotr] flsl AAAIS(R-squared, R = F7HE| gl om, 253t 95 A& Ao A7} Fig. 132}
201 0752073 4-29] AR 02 AR AL Al & AlE)e) Brrt 8 o 2 B
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Fig. 13. Coefficient of determinations for crop rows of world coordinates
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Table 5. Test result of crop avoidance success rate

1 2nd 3rd 4th 5th Total
Samples 60 60 60 60 60 300
Success 59 60 60 58 59 296
Failure 1 0 0 2 1 4
Success rate (%) 98.3 100 100 96.7 98.3 98.7
Conclusion
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