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Abstract :
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Objective: Improve the accuracy and robustness of
papaya ripeness detection. Methods: A method of papaya ripeness
detection based on multi-target sampling and improved Mask R-
CNN was proposed. In the process of data expansion, the method
introduced multi-object sampling technology to generate enhanced
images from small data sets taken under controlled conditions,
which was conducive to extending the proposed method to data
sets with complex features of actual papaya images. The

effectiveness and robustness of the proposed method were verified
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by means of average accuracy. accuracy, accuracy-recall curve
and calculation time, and the results of papaya ripeness detection
effect were compared with those of Faster R-CNN, RetinaNet
and CenterMask. Results: The values of mean awerage precision,
50% mean awerage precision and 75% mean awerage precision
for the papaya ripeness detection were 98.43%, 98.67% and
98.68% . respectively. The average accuracies for the ripeness
detection of immature, semi-mature and mature papayas were
99.38% ., 98.81% and 99.37% . respectively. Conclusion: This
method can be used to develop an electronic system for papaya
ripeness detection and improve the performance of papaya
ripeness detection and grading.
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Figure 2 Bilinear interpolation example diagram
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Figure 3 An experimental device for capturing

e. BEUELL 5%

papaya images

(a) REF (b)) (c) B
B4 RERAR B ARNEE
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Figure 6 PR curves of unripe, half-ripe and fully ripe papaya by different methods
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Table 3 Papaya ripeness detection results when trained and tested with different methods

using the original dataset (dataset #1) %

Ir ik mAP AP50 AP75  APCRRZEOAPCEREH) AP
CenterMask (VoVNet-99) 53.63 83.36 63.58 90.33 66.20 93.82
CenterMask (VoVNet-57) 37.68 80.61 9.46 96.79 70.42 74.54
Faster R-CNN (ResNet-101) 91.01 98.94 98.94 99.18 98.80 99.07
Faster R-CNN (ResNet-50) 91.96 94.42 94.42 97.54 87.78 98.50
RetinaNet (ResNet-101) 91.96 94.42 94.42 97.54 87.78 98.50
RetinaNet (ResNet-50) 94.19 95.98 95.98 99.54 89.73 98.88
Mask R-CNN (ResNet-101) 87.47 97.47 97.47 98.92 94.65 99.17
Mask R-CNN (ResNet-50) 70.89 91.04 86.80 99.04 74.48 99.67
7 98.43 98.71 98.71 99.54 99.00 99.86
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Table 4 Papaya ripeness detection results of different methods trained using the original data set (dataset # 1) and

tested based on the enhanced data set (dataset #2) %

J7 ik mAP AP50 AP75  APCREHOAPCERZD APURHD
CenterMask (VoVNet-99) 32.26 54.69 34.97 54.28 36.97 73.16
CenterMask (VoVNet-57) 24.02 54.29 5.56 64.75 38.47 59.53
Faster R-CNN (ResNet-101) 69.27 78.11 77.76 87.53 56.26 90.97
Faster R-CNN (ResNet-50) 71.12 73.58 73.58 79.12 57.78 84.23
RetinaNet (ResNet-101) 69.16 78.24 78.24 83.02 59.28 92.29
RetinaNet (ResNet-50) 75.22 77.07 77.07 81.65 63.97 86.40
Mask R-CNN (ResNet-101) 62.93 72.37 72.11 73.02 59.93 84.75
Mask R-CNN (ResNet-50) 56.29 73.62 72.26 76.06 53.46 92.00
1y 92.76 93.02 92.90 93.47 92.25 92.71
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Table 5 Papaya ripeness detection results of different methods trained and tested using the original data set

(dataset #1) and the enhanced data set (dataset # 2)simultaneously %

ZRES mAP AP50 AP75  APCRMUEBOAPCER#) APURBD
CenterMask (VoVNet-99) 52.11 82.62 63.10 89.59 62.36 90.26
CenterMask (VoVNet-57) 30.19 78.86 7.19 94.16 70.27 73.00
Faster R-CNN (ResNet-101) 87.81 93.62 93.62 97.46 87.83 95.89
Faster R-CNN (ResNet-50) 87.72 92.67 93.79 97.52 84.31 97.65
RetinaNet (ResNet-101) 91.13 94.21 94.21 96.19 86.02 95.65
RetinaNet (ResNet-50) 90.11 93.09 93.09 98.73 88.96 89.90
Mask R-CNN (ResNet-101) 86.70 94.98 95.98 98.20 93.58 98.63
Mask R-CNN (ResNet-50) 62.81 90.76 84.76 97.18 69.36 98.00

I RN 98.43 98.67 98.68 99.38 98.81 99.37




58

HAH 3 FUNDAMENTAL RESEARCH

AR 3B A6 I J7 1 (YOLO v5-Lite) 5 T k f i 48 22
YA TR R 7 1 (KNIND 36 T VGG16 T HN
A8 3 19 T AR TR B 2 R 5 U7 3k (VGG16-DWT) L 3 F
VGG19 Ml i % 2% 3 536 09 R K 020 B 4 28 O ik

RetinaNet RetinaNet

1 R101
RS0
DO ey e sk R-CNN R101 M"“‘;{fm‘"w

R-CNN

80 RS Faster R—-CNN
|Faster R—CNN R101

0 R50

601

50r

40 CenterMask

V57

30 CenterMask

20+ V99

10 \ \ \ \ \
120 140 160 180 200 220
s i)

Time/ms

(a) mAPREHR ISR B

mAP/%

BE 29/ | 2024 £3 B | BRENM

(VGG19-TLAYHEATXF L A5 R W3R 6., B3R 6 ml %1, il 5
759 % A I 2 BE K i mAP ., AP50, AP75 ., A i 24 1
AP CEEAE) AP FIUR VK AP W L T E RS T
0.07%,0.65%,0.56 % ,1.27 % ,0.78 % ,0.88 % .

1.21 Faster R-CNN Mask R-CNN
Faster R-CNN  R101 X101
.OrR5
10 W Mask R-CNN
Mask R-CNN" g101
0.8 Rs0
=
o 0.6f
0.4+
etinaNet .
0.2¢ R50 RetinaNet CenterMask  CenterMask
R101 V57 V90
0. | | . e——re )
120 140 160 180 200 220
i fi)
Time/ms

(b)) ZTSEABERUIAT RGN (R AR e F) LA B AR )72 f i 0

A7 BZANBEAEAKASEELGERERNYE mAP X MM £ 4

Figure 7 The relationship between the reason time of each test model on each image and the map
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Table 6 Comparison of detection performance of various papaya ripeness detection methods %

VRS mAP AP50 AP75 APCRAH)  APCEARLED AP D
Ty 98.08 98.67 98.68 99.38 98.81 99.37
YOLO v5-Lite 92.40 92.43 94.59 95.32 92.69 93.98
KNN 90.91 90.98 92.35 92.16 91.80 92.24
VGG16-DWT 98.00 97.97 98.12 97.67 97.84 98.49
VGG19-TLA 98.15 98.02 97.98 98.11 98.03 98.32
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