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Development of a deep learning-based cabbage core region

detection and depth classification model

Ki Hyun Kwon, Jong Hyeok Roh, Ah-Na Kim, Tae Hyong Kim*
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Abstract This paper proposes a deep learning model to determine the region and depth of
cabbage cores for robotic automation of the cabbage core removal process during the kimchi
manufacturing process. In addition, rather than predicting the depth of the measured cabbage,
a model was presented that simultaneously detects and classifies the area by converting it into
a discrete class. For deep learning model learning and verification, RGB images of the
harvested cabbage 522 were obtained. The core region and depth labeling and data
augmentation techniques from the acquired images was processed. MAP, IoU, acuity, sensitivity,
specificity, and Fl-score were selected to evaluate the performance of the proposed YOLO-v4
deep learning model-based cabbage core area detection and classification model. As a result,
the mAP and ToU values were 0.97 and 0.91, respectively, and the acuity and Fl-score values
were 96.2% and 95.5% for depth classification, respectively. Through the results of this study, it
was confirmed that the depth information of cabbage can be classified, and that it can be
used in the development of a robot-automation system for the cabbage core removal process
in the future.

Kev Words : Cabbage. Deep learning. Robot-automation. Core detection. Core depth classification
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Fig. 1. Imaging framework for taking picture of cabbage
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Fig. 2. Cabbage image data acquisition
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Fig. 3. Cabbage RGB image region and depth labeling
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Table 1. Cabbage core region deep learning res

Cabbage core region detection result

Mean Average Performance 097 + 0.3
Mean Confidence Score 0.98 + 0.03
Intersection over Union 0.91 + 0.02
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Table 2. Cabbage core depth deep learning result

Cabbage core depth classification

Average 96.2 = 3.1
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Specificity 996 = 05
Precision 94.8 + 4.1
F1-score 9.5 *+ 4.0
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Fig. 7. Representative cabbage core region detection
and depth classification deep learning result
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Fig. 8. Cabbage core region and depth classification
deep learning YOLO-v4 training process
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