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Fig. 2. Broccoli at different stages of maturity. (A) Immature; (B) Mature; (C) Over mature.
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Table 1. Composition of training set and validation set

Classification of broccoli maturity

Dataset
Immature Mature Overmature
600 Images 453 731 517
Train 300 Images 212 361 254
150 Images 108 182 122
Validation 207 Images 79 322 157
Train Mask R-CNN Evaluation Metrics
Model A _ _ Model A
(General training) Performance
Model A* ] - Model A*
(Data augmentation) Performance
Image Inference
_ Model B —_ - Model B
(General training) Performance
300 images [ mm 207 images [
| Model B* | | Model B*
(Data augmentation) Performance
. Model C | | Model C
- (General training) Performance
150 images |
| Model C* — | Model C*
(Data augmentation) Performance

B =~ St -

Fig. 3. Process of experiment design.
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Fig. 4. Confusion matrix. Fig. 5. Intersection Over Union(I0U).
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Table 2. The performance of each model evaluation

600 images 300 images 150 images
Model A Model A®  Model B Model B®  Model C Model C*
Precision 0.93 0.90 0.98 0.95 0.98 0.96

Recall 0.94 0.91 0.99 0.95 0.99 0.98
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Fig. 6. The training curve of each model.
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Table 3. The performance of each model validation

Model A Model A*
Predicted lable Predicted lable
True lable Immature Mature Overmature True lable Immature Mature Overmature
Immature 63 2 0 Immature 64 6 0
Mature 24 254 11 Mature 26 250 18
Overmature 0 17 140 Overmature 0 12 137
Precision 0.83 Precision 0.81
Recal 0.81 Recal 0.81
Fl-score 0.82 Fl-score 0.81
Model B Model B*
Predicted lable Predicted lable
True lable Immature Mature Overmature True lable Immature Mature Overmature
Immature 54 5 0 Immature 62 4 0
Mature 12 205 13 Mature 17 221 13
Overmature 0 8 135 Overmature 0 3 144
Precision 0.89 Precision 0.88
Recal 0.71 Recal 0.77
Fl-score 0.79 F1l-score 0.82
Model C Model C*
Predicted lable Predicted lable
True lable Immature Mature Overmature True lable Immature Mature Overmature
Immature 45 4 0 Immature 50 1 0
Mature 6 209 14 Mature 13 209 22
Overmature 0 2 131 Overmature 0 5 137
Precision 0.91 Precision 0.89
Recal 0.69 Recal 0.71

F1-score 0.78 F1-score 0.79
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Fig. 7. The model detects successes. (A) Immature; (B) Mature; (C) Overmature; (D) Broccoli in three
stages of maturity; (E) The category name and Confidence Score are marked in the upper left
corner
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Fig. 8. The model detects errors. (A) Immature is detected as mature; (B) Mature is detected as immature;
(C) Mature is detected as overmature; (D) Overmature is detected as mature; (E) Soil particles are
detected as immature; (F) Rain boots are detected as mature
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Fig. 9. The mAP value of each model validation.
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Construction of Image Recognition Model for
Broccoli Picking System - Solomon AccuPick 3D
as an example1

Yu-Chen Hung, Chin-Yuan Chang and Tung-Lin Li*

ABSTRACT

This research uses Solomon AccuPick 3D machine vision software to build a broccoli
maturity identification model. The algorithm uses Mark R-CNN as the training base. We use
different numbers of images (600, 300, 150) and different training methods (generally training,
data augmentation) to build 6 models, and use model evaluation metrics to compare differences
between models. The results show that 6 models have similar identification performance, and the
models trained with 600 images have a high recall rate (0.81), which can correctly identify a large
number of different maturity levels of broccoli, but the precision is relatively low, between 0.81
and 0.83; the models trained with 150 images have a low recall (0.67 and 0.71), but a relatively
high precision , between 0.89 and 0.91. Under the comprehensive evaluation, the software has no
significant difference in model performance between general training and data augmentation. Two
models with mAP = 0.77 for Model A (600/general) and mAP = 0.76 for Model A" (600/
augmentation) have better image recognition results. The broccoli maturity identification will be

loaded into the broccoli picking mechanism to realize the automatic selection of broccoli picking.

Keywords: broccoli, maturity, machine learning, Mark R-CNN
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