— 126 —

(B )

WiEBRHEET M XL BIEM OB DR
rrE ARHERT A T \H st B B hm Fo
Recognition of Number of Agricultural Products Using Object Detection Learning Model

Yuya IFUKU"1, Jin SAWADA*1, Ryosuke YASAKA*2, Kohei ARAT® and Mariko ODA™*

Abstract

We attempted to improve work efficiency by introducing ICT technology to evaluate the number of harvested cucumbers and
strawberries at the sorting plant. Relying on traditional manual sorting and inspection, digitizing the underlying systems is a
prerequisite. In this report, we will discuss the DX conversion at Inak System Co., Ltd. and JA Package Center, which are
developing automatic strawberry harvesting robots in Hirokawa-cho, Kurume, and the Kurume Seed Breeding Association,
which is mainly developing cucumber varieties. Through experiments, it is found that the proposed method does work for count

the number of cucumbers and strawberries.
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Fig.1 Harvested cucumbers and strawberries in containers in the selection areas.
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Fig.2 Annotating cucumber and strawberry images using roboflow
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Fig.3 Learning results for all patterns
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Table 1 Accuracy of counting the number of cucumbers Table 2 Accuracy of counting the number of strawberries

Model Cu Cu+St St=Cu Model St Cu+St Cu=5t
Accuracy 98% 95% 97% Accuracy 95% 97% 94%
Table 3 Difference in the number of strawberries detected in each image by the object recognition models
. Number of strawberries detected Actual number
No. of image model St model Cu+St | model Cu=St | of strawberries
1 82 60 47 63
2 54 55 55 54
3 62 61 63 61
4 65 65 65 64
5 60 60 59 59
6 64 64 67 64
7 63 65 65 62
8 68 67 67 66
9 66 66 68 66
10 61 62 61 62
11 64 64 68 63
12 71 68 71 68
Average 3.94 % 1.48% 5.01%
error rate

Fig. 4 Images of strawberries used in the test
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(a) Original image of No.3 in Fig.4
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(b) Correct detection results of strawberries using learning model Cu+St in image No.3 in Fig.4
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Enlargeed image of the area surrounded
by yellow squares
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(c) False detection results of strawberries using learning model model St in image No.3 in Fig.4
(False result of the doubly detected strawberries)
Fig.5 Original images and the results of strawberry detection using each learning model in image No.3 in Fig.4
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(c) Detection results of strawberries using learning model St in image No.7 in Fig.4 (Correct detection result of flat strawberries)

Fig.6 Original images and the results of strawberry detection using each learning model in image No.7 in Fig.4
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(a) Original image (b) Detection results of cucumbers using learning model Cu
Fig.7 Example of false detection of cucumber using learning model Cu and its original image

6. YATLOERE
X2 VDA TY MV AT BIZOWTUIRIROFEE FEA I T FETAZHWT, BECK 8D AT A& LT,

g —1—
BEEHDw R
i E EHERE
b1 1) |
SR |+ - | - D
—_— —m
D ‘ t‘l o E o F—
ATHAAS -BEEHXT Web&APH—I{— CSVF—%TET

TR

Fig. 8 Configuration of cucumber counting system
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