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ARTICLE INFO ABSTRACT

Article history: Chestnut quality inspection in agricultural processing primarily relies on manual
Received 10 April 2026 visual inspection, resulting in inconsistent judgments and low productivity. In this
Revised ~ 14 May 2026 study, a deep learning-based vision inspection method for detecting chestnut
Accepted 19 May 2026 Y p & P &

surface defects is proposed using a roller-based multi-angle imaging device. A
vision camera and rotating roller mechanism captured chestnut images from
multiple viewing angles. To enhance image quality, exposure time was reduced,
lighting intensity was increased, and a cross-polarization technique was applied
to suppress specular reflection. A dataset of chestnut images was constructed and
annotated with defect classes including discoloration, cracks, and insect damage.

Keywords:
Chestnut defect detection

Deep learning
Vision inspection

YOLO A YOLO-based object detection model was trained using this dataset.
Multi-angle imaging Experimental results show that the proposed approach can effectively detect
chestnut defects and has potential for application in automated chestnut sorting

systems.
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Fig. 1 Manual visual inspection process for chestnut sorting
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(a) Motion blur (b) Low illumination

(c) Specular reflection (d) Improved image quality
Fig. 4 Examples of image quality issues and improved chestnut

images

Frame 1 Frame 2 Frame 3

(a) Crack exposure process

Frame 3

Frame 2

Frame 1
(b) Discoloration exposure process

Fig. 5 Sequential multi-view images acquired from a rotating
chestnut
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(a) insect (b) cracked

Fig. 6 Examples of chestnut defect classes
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Fig. 7 Defect distribution & bounding box analysis
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Table 1 Training parameters of the YOLOv11 model

Parameter Value
Model YOLOv11m
Image size 640 x 640
Epochs 150
Batch size 32
Early stopping Patience 100 epoch

AR 7 5}01 %3 S 9 oJe| A
EXNS BAMsl7] 9isto] Zelad ofnjx] 43wt ozl A
(instance)®] & 7§ ¥ Bounding Box2] 27]¢} 9% EZLE R
Arstglon, 1 AA ZAike Fig. 73 At AA) ojvlA] & &9
e B AS ZstaL glou, AA A FRolA RIMs
sk B 2 ARe o Al ¥rgsh] flst o AA
(multi-object)7} Z9H AFHES SH3Ig. o]t 2y 1)
Alg mdlo] Bt A S0 E FAsHA e 4 =S
3to] A& 59 771 (robustness)S FAHAI 7= d 71073t}
2.4 YOLO 7/t 2% & =Y

Hro] o B AEch7] A7 g9ed ¥agEes YOLO
AR A HE BES LSt

Ho) et B AEE Idt ovjA] £ 9} ”E] 5}4«] O]U]

=l
o

o9 2 71“} A7} %”39—)’.’5}‘3} ol& s AdH
AN Ag 49E A 4AHbounding box) FEIZ 2
g 34sto] tlolelg gl FESIGh HE REEE
A7) iAot FEA o &S FAlC] 6‘3’6; YOLOv!1m
i519tt. YOLOVIIme 27t Fm0] melaa

34 elolel
9% Agte

A olw
‘l"t‘

1 B5F tlojefMloll 2|23} (fine-tuning) 3o
LHOHHE zeo] dutel H5E 0l

2 =

1:101'

al

p=q=l!

=te )] A0

_u_ O}O]Q—A’E}U]Ei M Table 134_ Z_:]'
I7)e 640 x 640 TAE HAIom, = 150
2395t9ct. wix] =7 (batch size)e 322 A

FHoverfitting) S WA|5F7] Y8 100 Epoch St

3 Hoﬂ e 7

0:]

oly ]

E]'~ H=
Epoch <t
Asigio:

SlAO
Q]I'T:TE

ol
B

]



Hanseok Seo, Jaekyung Kim, Euysik Jeon

Table 2 Data augmentation techniques and parameters

Method Parameter Description
Mosaic 1.0 Combination of four images into one
Horizontal 05 Horizontal flipping with a probability
flip ’ of 50%
Scale 0.5 Scale variation
HSV h::ObO;S’ Adjustment of color, saturation, and
adjustment v =04 brightness
Erasing 0.4 Rar.ldom erasing applied to partial
regions
Close mosaic 10 Mosaic augmentation disabled during
the last 10 epochs
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Fig. 8 Training and validation loss curves of the YOLO model

Table 3 Overall performance evaluation of the model

Metric Value Description
Mean Average Precision at an IoU
mAP50 0.842
threshold of 50%
Mean Average Precision averaged over
50-95 0534 IoU thresholds from 0.5 to 0.95
Precision 0.835 Ratio of correctly detected defects
among all detections
Recall 0812 Ratio of correctly detected defects
among all actual defects
Fl-score 0.823 | Harmonic mean of Precision and Recall
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