Received: March 30, 2023
Revised: May 10, 2023
Accepted: June 21, 2023

& OPEN ACCESS

HORTICULTURAL SCIENCE and TECHNOLOGY
42(1):80-93, 2024
URL: http://www.hst-j.org

pISSN : 1226-8763
elSSN : 2465-8588

This is an Open Access article distributed
under the terms of the Creative Commons
Attribution Non-Commercial License which
permits unrestricted non-commercial use,
distribution, and reproduction in any medium,
provided the original work is properly cited.

Copyright©2024 Korean Society for
Horticultural Science.

This work was carried out with the support of
“Cooperative Research Program for Agriculture
Science and Technology Development (Pro-
ject No. PJ0156462023)” Rural Development
Administration, Republic of Korea.

RESEARCH ARTICLE

clalL AO S = A ‘nils A ==
acld 7leS 28t 5301 0jEe| g5 AS =F
O - A2C| BIZAPP - QBAF QAP - 0127 - 232 - TAY' - 2EW
g

https://doi.org/10.7235/HORT.20240007

Majspr -

1 ZLICHS D = iAdE D) }oFEHoFH}'O|2A|AEﬂ7|74|"_3—|

H
37:|M£-EI|:H% TICHEHS] SeAIHIIEHE. 4:,—113|O_|01|

A8 oocoo

o
ZAREER SYURSIClE i

Prediction of Fruit Maturity of ‘Mihwang’ Peach
using Deep Learning

Sang Jun Lee'", Mi Hee Shin?*, L. Sugandhi Hirushika Jayasooriya®,
W.M. Upeksha Darshani Wijethunga®, Seul Ki Lee*, Jung Gun Cho*, Si Hyeong Jang®,
Byoung-Kwan Cho', and Jin Gook Kim?*>*

'Department of Biosystems Machinery Engineering, Chungnam National University, Daejeon 34134, Korea
%|nstitute of Agriculture and Life Sciences, Gyeongsang National University, Jinju 52828, Korea

3Division of Applied Life Science, Gyeongsang National University, Jinju 52828, Korea

4Fruit Research Division, National Institute of Horticultural and Herbal Science, Wanju 55365, Korea
>Division of Horticultural Science, College of Agriculture and Life Science, Gyeongsang National University,
Jinju 52828, Korea

*Corresponding author: jgkim1 19@gnu.ac.kr

"These authors contributed equally to this work.

Abstract

Peach must be delivered to market when at their proper ripeness, as its fruit quality declines quickly
after harvest. Therefore, it is necessary to consider suitable ripeness for consumption and
distribution. However, research on ripeness judgments for peaches in the orchard is scarce. This
study used deep learning technology to develop a ripeness classification model for ‘Mihwang’
peaches. A dataset was prepared using 2,800 images, each taken from a peach orchard (outside
dataset) and a laboratory (inside dataset) with the same fruit. The dataset was constructed based on
the harvest date of the peaches and the peach apex’s skin color (a* value). It uses three classes,
immature, ripe, and ovetripe, according to the classification criteria of the two datasets. The model
was trained with a ratio of 7:2:1 of training data, validation data, and test data, and image data
augmentation was carried out to improve the diversity of the data and to solve any imbalances.
Among EfficientNet, YOLOVS, and Vision Transformer, the deep learning model recorded the best
classification model performance on EfficientNet. Based on the classification model and
performance evaluation index, the harvest-date-based classification model achieved the highest
accuracy of 100%. The classification model based on the apex color a* value of peaches showed
high accuracy with a minimum rate of 94.7% and a maximum rate of 98.2%. The peach ripeness
classification model developed in this study can be used for determining the proper time for the
mechanical harvesting of fruit from an orchard.
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Fig. 1. Sample images of ‘Mihwang’ peaches using deep learning: lab data (A) and field data (B).
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Deep Learning Model

dl shs 373 9 sto|wutetr g 4%

2 7%= Ubuntu 20.04.4 LTS, Linux version 5.15.0-48-generic, Intel® Xeon® Gold 6230R CPU @ 2.10GHZ,
NVIDIA RTX A6000 GPU, 32GB DDR4 RAMC.2 A% 2H o)A o] S5 transfer learning)(Shaha and Pawar,
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Table 1. Dataset according to the harvest date of ‘Mihwang’ peaches

Lab data Field data Total data
Immature Mature  Over-mature  Immature Mature  Over-mature  Immature Mature  Over-mature
Train 1260 840 840 1260 840 840 2520 1680 1680
Val 360 240 240 360 240 240 720 480 480
Test 120 80 80 120 80 80 240 160 160
Total 1740 1160 1160 1740 1160 1160 3480 2320 2320

Table 2. Dataset according to the skin color on an apex area of ‘Mihwang’ peaches

Lab data Field data Total data
Immature Mature ~ Over-mature  Immature Mature ~ Over-mature  Immature Mature  Over-mature
Train 1302 1134 1071 1302 1134 1071 2604 2268 2142
Val 372 324 306 372 324 306 744 648 612
Test 124 54 102 124 54 102 248 108 204
Total 1798 1512 1479 1798 1512 1479 3596 3024 2958
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Table 3. Model performance outcomes of EfficientNet, YOLOVS5 and Vision Transformer with the harvest date of ‘Mihwang’
peaches

Model Maturity Accuracy Precision Recall F1-score
Inside 100.0% 100.0% 100.0% 100.0%
EfficientNet-b7 Outside 100.0% 100.0% 100.0% 100.0%
Combined 100.0% 100.0% 100.0% 100.0%
Inside 100.0% 100.0% 100.0% 100.0%
YOLOVS Outside 100.0% 100.0% 100.0% 100.0%
Combined 100.0% 100.0% 100.0% 100.0%
Inside 96.8% 96.5% 96.3% 96.4%
Vision Transformer Outside 98.2% 97.9% 97.9% 97.9%
Combined 94.6% 94.2% 93.8% 94.0%
1100 |
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Fig. 2. Convergence rates for the number of iterations for the two networks of EfficientNet - inside (A), outside (B), and
combined (C) dataset training aspect, and YOLOVS - inside (D), outside (E), and combined (F) dataset training aspect.
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Fig. 3. Convergence rates for the number of iterations for the networks of Vision Transformer - inside (A), outside (B), and
the combined (C) dataset training aspect.
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Fig. 4. Confusion matrix of the inside dataset (A), outside dataset (B), and combined dataset.
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Fig. 5. Convergence rates for the number of iterations for the three networks of EfficientNet - inside (A), outside (B), and combined (C)
dataset training aspect, YOLOV5 - inside (D), outside (E), and combined (F) dataset training aspect, and Vision Transformer - inside (G),
outside (H), and combined (1) dataset training aspect.
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Table 4. Model performance outcomes of EfficientNet, YOLOv5 and Vision Transformer with the skin color of an apex area
of ‘Mihwang’ peaches

Model Maturity Accuracy Precision Recall F1-score
Inside 96.4% 95.6% 95.3% 95.4%

EfficientNet-b7 Outside 98.2% 97.9% 97.8% 97.8%
Combined 95.9% 95.2% 94.3% 94.7%

Inside 92.8% 92.5% 90.4% 91.4%

YOLOVS Outside 96.1% 95.3% 95.3% 95.3%
Combined 93.9% 91.5% 92.5% 91.9%

Inside 84.3% 80.7% 80.3% 80.5%

Vision Transformer Outside 85.0% 82.4% 83.2% 82.8%
Combined 88.2% 85.0% 86.1% 85.5%

A confusion matrix B confusion matrix
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Proper_ripen 0.87 0.0081
0.4
Unripen 0.98 0.2
-0.0

Over_ripen Proper_ripen  Unripen

Fig. 6. EfficientNet confusion matrix: inside (A), outside (B), and combined (C).
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Fig. 7. YOLOV5 confusion matrix: inside (A), outside (B), and combined (C).
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Fig. 8. Vision Transformer confusion matrix: inside (A), outside (B), and combined (C).
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