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Conventional deep learning-based grading systems for agricultural products
typically rely on top-view images captured by conveyor belts, limiting surface
inspection. Although random rolling has been introduced to expose different

sides, it often results in redundant or inconsistent coverage, reducing classification
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reliability. This study proposes a multi-view image acquisition and classification
system utilizing the structural features of the Calistar grader. Four industrial
cameras—two positioned above and two below—captured images from four
distinct angles, which were merged into a single composite multiview image. This
composite image was processed using a ConvNeXt V2 model, converted to
ONNX, and optimized with TensorRT for real-time deployment. The experimental
results demonstrated a classification accuracy of approximately 99% and a

processing rate of five objects per second. These findings validate the
effectiveness of the system in accurately grading agricultural products in
real-time and demonstrate its potential applicability to irregularly shaped 3D
objects beyond onions.

1. M

42 1345 7149

EEr

) e 5
R A5} Al Set gl

€9 e, suEs s viges

* Corresponding author. Tel.: +82-31-610-4867
E-mail address: jik@hknu.ac.kr (Jungin Kim).

234

2ol olef3t 34 4532 Eof U JEES Zo|w,
£4 B71o) QRS Fastels wdlo] oloja k. A% Al
M Alago] A Bl H5E WIS SlsiiE BeE B
F AR ofel, RO 22 4=, AAF B8, TR A
£ 13 A2 P4 5ol FHo ejsHolor At =
3] AR @goIAE 2 gao] SHES ASHOR AT 4
9= A28 Aol R7ER, o Ts) BEE B v
LA oE st ofgit B BY FRL 2O Al
wme] ALgS S AR HTlE AAE BolME Aol


https://crossmark.crossref.org/dialog/?doi=10.7735/ksmte.2025.34.4.234&domain=http://journal.ksmte.kr/&uri_scheme=http:&cm_version=v1.5

Journal of the Korean Society of Manufacturing Technology Engineers 34:4 (2025) 234~242

ARt =3 FAMES 32 FEY] HIAY EA07] wiEel 3 Y v 59 o]u]A|(composite multi-view image)Z F%
U7EE Aol EAo] aA= o] A Yt} ol & Fof FoIAHE  Sto] CNN 74t gefd =] ggjoz ARgstozm, AR 7t
E4 B(E 99 Ad=tes AAAHA 4 B 7kse AR 5 7Hs5A St A, ONNX Aoz mels ¥
Adhe d2ACR, Jupe MTto s F4 579 o] olg &6l TensorRTE AE0to] 28 28 P72 AHYSE
S0, 55 ZAol TS F= AT ARt ol AuiTh gkl e R, 129 5/ BAIE AT S Qe AR 2 B
Utk o] Qlsf T Aol @ ou]A] AdRte R 4 A5 BAGIIh Ao, T oju)z] 7)gke] 7|E 4 &
T JEE FH3) 2H5p7] ofgll webd mdo)] Bxye f mdy g o oA AEo| B9l B89 Y Iz A
771 AR, Oet AlolA o[RS FESIAY B4l & Bol £ A=t AARE 22 F5E BAl WA= Al
o B WA 1T 4 e Y Al2jle) =9jo] s a3k 2@ AlAEE ARkt
ozt & 4 it

ol2idt ZAHIE shdsh] i8] HTolle sAES] Qg tHw 2. & A
oA Zgsto] O W HEE FHsty, o]F 7ite s ;7 A%
& FIATIRE AFEol Eis] o]FofA| L Sl o ol 3 AR 49 @A FAE] ol FAES MHsto] Al |
A 2EOAIE o] &3l Tt AmolM G2 AL, B Esp] gsiME, Huolo] MEES wlet o]Eshe HAFES AlA]
o] 7HHE HiAsl of2] WFS oJmA|E FAlo s WA ztog Fodsta, Had 7N G4 AR SA 2EY 4 Y=
o] th Ao}, SHAT 7|& AFEo = TSt 22 AP 241 AslE A|A"o] dQsith 2 ATLEL mElS HASlela,
Stk A, Y Aol thet A 7+ B Bl o]FojX|A] o MA-He)-27]- 2 AT S9] Tkt EALS 73 QA QAAIE
7, ©@50] 7t ojulAE EPAHOR Aol GG AT B S glwE shat uho] AEeta il o]2fst AlAEo|A
SIS E8HA| Foke A7 Bk A, B2 R AEEE B2 AgEet ANTAS SA gHi] YRiHE, AR
QAottlets, AA A FFolM Qe AT AE] 450l mE W wrddl 4 gl oA tlole] SEel 3 29 B9
U A4 34 Szote] AZE BEE A9t Sltk oS B0l Lee  AAE AT $ Qe 22 &5} 2Q6)T)
9F Min*'9] 7= TBAE ojujzof A 2EH MR gaz] Y
B BEE &Gy 21 wistol] Tigh ARk 5ol A 2.1 SAE ZA Wy 2 MY J|s
7F AU, Lee S ONNXZ WeeH 72k melS Jetson Lee2t Min*l2- A3} o]u]z|& Z43}3 RGB Y R/G/B/Gray
Nanoo| A Alsjsto] w2 22 £=8 GAPARE FH ofuATF o oAl A)ds Balstel CNN 7|Hke] 4 =3 BEs 2859
& 280l SHlolu 3 Ags Wigshy] ol AIE B o AY A} Blue Al shTto2x RGB A\ SAFH Hst
. Gan 52 U] 7je] siujetE 5 5 HE A7 AT m(98%) gAstgT. au U olike] a0 Ay B
T AAE T Attt WACR Tk QIMG AI=SIAIRE A ulel asitE elax] 9 84 AEsE £AF o], n)N|g B Agt
A BANY B2 A 55 50l WAk TAZE AT o skt gol: st ik ok AR 28 2AT0] }o]
O|AH TRt Al=E Boll e &9 7140l AFEe, o 2 g Uuksl A% ZwoH = A|oko] Q).

78] AlA 7F R Zd AAZYY gE SHolME 71e4] 3 Lee S92 U2-NetS 883 Atato] dodg Halsta o2
7k EAR. 2E3tol A= 24 omIAE 3% HloE 2 AT,
£ AFolHE ol AIE si2st7] A3l Calistar 18719 o]3 6%9] CNN 2 2 7} =2 452 HQl RegNet-YE
TFE2A B S E8 NER G I5 WAS ARKRITE Calistar  ONNX gAloz #3lsto] Jetson NanoolA Alsistelon],
A7 B 39 342 A8l AeE QNACR 50l e 0.05632/%, 95%2] AT =S Hausldct U AlA) Ak 84
715€ Foke ZAR, o] Eo1SH BAE ol89H SR EY M= U I, 22 Ao} = Ax 2A9] o A|7to] 2935}
o] 753tk Aol Atstltt. FAHCRE, Fu7E ZHololE  na o 22 A7t zE AAZ A7) ¥ E Hrtely] ol
a2} ol sste S Aol AN F o] FHRtE A oAl o w3l mE glolelzl AW ojulx|o] $HE|o] 9lo] oL}
& WA EYstar, 5ol SR HolA okl MiAE F oo swmo] Aste ex|at 4 Y= SHA7L Qch
7HtE st oA & F7te EFte N F vl WFY ol Xu 5?2 A9l CCD it &84 742 AdolM &
A AT & Sle Aads A odotx, sk Zely, a#ojaA|Y W Canny o7 7HZ,
2 Aol APEH2 v 2ok A, B5H 489 oWAE HSV WS 5S A8slo] 494 B4 SFS BRI A AlA

235



Nu-Lim Kim, Jungin Kim

g2 Alstelt. o] Aol 31"‘ 7)ol AZEA ke

o, 0.08%2 AAE 2 27] A3 lﬂoi AA| A3} A5t
& A2 2ot AA A AREE gEs] AAEA] g3t
ureba] A A S50IM 275 = 4 /\17} AHeloll= Aol 3

Gan 5% 97|ihs F3sts EE 419 FiHEHE VA
FHe(XH 700 mm =0], 60°

Zte) 2 Hijste], Ul oA #9
H oA &E5I3th Faster R-CNN& E”H Z, s, 4?-1}
£ g3 3, Optical FlowE 0|83 52 7S 24310 =
AFE AAST. 22y 7} ojw]|A & FHAH oz A2sta ZJ_
IHE FAkskE Ftxo]7] whioll, 2HA Q) &4 dAE Wske ¢
WM e 55 EF0l 50l TAT 4 Ak
Masoudi 5!"*12 3]7 2go|z|o] &8j% EutEE n4H 7t

gtz A5} 37 YRjoA] 30= 7HAoE AT & 3679
E|H ojn]A| & =519tk AW YA SIFT 7]4 34

=2 171

™
=2
= B9 7PE% W 59 20EE 55 FUSH A7YEY
o

o, 0% B3] ¥ HEEg FA BAo| shsstert. e
WEY oF 7527} Afulol, T At L7EE Al B
L MAZF Agol ofgthe At itk
2.3 & giTol KA

£ A0l 7% A7) B FE5h] 918, Calistar 412
719 72 B4 BEstel Gutol A-ohd Ul W oluAIS

o]u]A](composite multi-view

image)2 Fgstol CNN 75 Hefid 2=Ql ConvNeXt V29
oz Fgoirt. 71E ATEL Tk o|njA| & EAoR
stAY, AW om|R|ojRt ofEshs WAjo] tiEEolgloL, B
AT H9H o HEE oJu]A| 141011*1 FHTOEN A7}
UAHA] k2 B F 3D EAo] of Aqg A4
AFethe HolA A S 7Hh & gt 718 o] &
-2 Table 10 elaigict.

ko o

3 I:II-I:H%

- od

2 AFollMe A A9 Aol A8 7hsd sitE B4 AT
AAEE 8] Sis, Ziolo] 7|Rte] thd 44 215 U Held
FE NAEE AR 27] AARE Z3Eolo] ES w2} ofF
k= fZo] A 7HHRtel st 1 AR EYPEE 29
718 AAER thg 2 F 7H] BARS Wi=ska gtk

AW, DB AA FH HREZ 355 F3h= Holh o
48 AN ol F3tHAM Rttt EFE7] tiEol, sHu
T Hl=EHY %% ‘i’leoP Ut o) Bestaxt dE s

o B2 R WAV n2A RS A B B
Hog FYuE BA YU oIF ol st} AL §Y
y

Sal, 712 NAEe] 22 SRk A4 ] W] ool
HE $52 nelb| 29l S3) Python 7] REL 14

Table 1 Comparison of related works

Related work Target object| Input type / View Processing speed Core technique Limitations
Lee et al, (2022) | Apple | DoWnscaled front view; CNN with Losslfrii?g ffe‘ﬁé:goihape;
? PP R/G/B/Gray channels separated color channels ec genera
in real lighting
Cropped and resized RegNet-Y. Only single inference time
Lee et al., (2024) Apple PP . 0.056 sec/image g . measured; no side/rear
front images ONNX Runtime .
defect detection
. . . . . No deep learning; actual
Xu et al., (2025) Citrus Top-dqwn single view 008 se¢ L1gl}twe1ght \.Mth latency may exceed industrial
(industrial CCD camera) (init only) filtering techniques .
requirements
-Vvi - —+ 1 1
Gan et al., (2020) | Strawberry 4-view FasterA R-CNN No maturity ph%.lse tracking
(V-shape camera setup) optical flow across views
Masoudi et al., Tomato 36 multi-view 75 sec/sample 3D reconstruction with Too slow for real-time;
(2024) via rotation platform P SIFT impractical for mass throughput
. Composite image from 105-124 ms/ ConvNeXt V2; real-time Mum_VIe\.N 1nt.egrat10n with
Proposed method Onion . . - real-time inference;
4-directional views 5 samples optimized model .
robust to 3D variability
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Table 2 Training dataset e === e [ o =
Class (grade) | Train | Valid | Test Sample image
A 1,000 | 200 453
Fig. 7 User interface of the quality grading software
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D 1,000 200 402 . R R .
Fig. 8 ONNX model conversion and integration pipeline
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Table 3 Performance metrics by quality grade

Table 4 Server hardware specifications

Metrics A B C D Total Spec. CPU GPU
Recall 1.00 0.98 0.98 1.00 0.99 Server | AMD Ryzen 7 9700X 8-Core | RTX 4080 SUPER
Precision 1.00 0.99 0.97 1.00 0.99
Accuracy 0.99 Table 5 Inference time and latency comparison by platform
Metric Total inference time range | Latency variance
s— Python-based 154 ms ~423 ms 269 ms
r ONNX Runtime 32 ms~392 ms 360 ms
0 . 1 TensorRT 25 ms~42 ms 17 ms
2 J
’ @ %ﬁ 7t}
Vi 20
» oo el Fok g
F W B e _— © ot 70702 AFBalol % 53 W =%
Fig. 9 Classification results: confusion matrix and t-SNE plot « Zdlojo] £& 1% 57] AT 7120E AHA
Confusion Matrix 2 t-SNE 7|8 A1Z3}F 71HES E-8okth A TR o] Zolo R MAE B3| Alzos EgAng,
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D)ol tisl AE 3 A@go] 0.97 oo HRIEACT, 4F g Mg e s|Roz MHSGA
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Table 6 Elapsed time summary for each processing stage

System |CAMI |caM2 |cams [cama| . Me8d o paine
1mage write
Elapsed 18~19 sa2| 11 2
time (ms)
Total time 105124
(ms)
Table 7 Server time profiling results
Time-1 (ms) Time-2 (ms) Time-3 (ms)
Server 25~42 54~72 105~124
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