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[Abstract]

In this study, we present a comparative analysis of two state-of-the-art object detection models,
RT-DETR and YOLOVS, for real-time egg defect detection. As the global demand for eggs continues to
rise, ensuring their quality and safety is paramount for mitigating health risks and addressing food
safety concerns. The models were employed to analyze transillumination images of eggs and classify
them into six distinct categories: Normal, Crack, Blood Spot, Discoloration, Foreign Body, and
Deformation. A dataset comprising 11,000 egg images provided by Al-Hub was utilized, with a
train-validation-test split ratio of 9:1:1 to conduct the experiments. The performance of the models was
assessed based on two key metrics: detection accuracy and inference speed. For RT-DETR, two variants
(r18 and r50) were trained, while YOLOVS involved the training of three variants (nano, medium, and
large). The evaluation results indicated that the RT-DETR-r50 model demonstrated superior accuracy,
achieving a mean Average Precision (mAP) of 0.852 (mAP@0.5) at an IoU threshold of 0.5 and 0.851
(mAP@0.5:0.95) across multiple IoU thresholds. Conversely, the YOLOv8n model exhibited exceptional
speed, with an average inference time of 0.0021 seconds per image. These findings emphasize the
trade-off between accuracy and inference speed, providing critical insights into the development of

efficient quality control systems for egg production facilities.

» Key words: Computer Vision, Egg Defect Detection, RT-DETR, YOLOV8, Real-Time Detection

* First Author: Namil Kang, Corresponding Author: Jihoon Moon
*Namil Kang (vkdnjtmxk?99@sch.ac.kr), Dept. of Al and Big Data, Soonchunhyang University
*xYechan Cha (chayechan0323@naver.com), Asan Middle School
*xxBo-Young Kim (bboya414@naver.com), Asan Middle School
*x** Jjhoon Moon (jmoon22@sch.ac.kr), Dept. of Al and Big Data, Soonchunhyang University
* Received: 2024. 10. 18, Revised: 2024. 11. 25, Accepted: 2024. 11. 27.

Copyright © 2024 The Korea Society of Computer and Information
http://www.ksci.re.kr pISSN:1598-849X | eISSN:2383-9945



2 Journal of The Korea Society of Computer and Information

of
B ol As Ao R Al Aehs A 98l 7 7HA| Al B4 A RE] RT-DETR#}
YOLOV89| 55 Hlul 3 A3t A AAA o= At a7t F7iskel whe, F43 kS
BAshs AAIRE A%k A 7S 17 A8 AFE b BAIE ddet] fla Aol o]
upet, = A A RS o] gsto] Ao £ o|nAE EAlskaL, A, 7, Iy, 24, o]& A,
718 5 6714 Frel el S BF3h o]E 913l Al-Hubel 11,0007 Al o]w]#] Elojg] A& 7|wo R
T, A5, B HES oLlE AAste] A3E AP teo®m, F A A R Hee
A Aol 2 &5 =do|A §71sith RT-DETR R28 5 714 B A (118, r50) 0. & Sh55 1,
YOLOvS 222 Al 7}A] ¥ H(nano, medium, large) 0.2 5% o] Ao va g, Ag Ay AH3e
ZwWol| A= RT-DETR-r50 =2 0] ToU 7%k 0.5914 mAP®] 0.852(mAP@0.5), TF43+ ToU 7%kl A
0.851(mAP@0.5:0.95)< =313l th ¥H, &5 SHo A= YOLOv8n R ¥o] o] m| A 4+ 0.00213%
o] FE AREE 7153 9 U oS Btk B ATe A S5 ko] 438 AxeE,
At B Ao A g8 F4 we Al2ds Fdsk] g 8% sEYE Atk
» FAHOf: ARE H|IM, AT F3 7|, RT-DETR, YOLOW8, HAIZt AE
I. Introduction
A B4 A, vEl, ojUZs 2o 4ol o Mt detiih o 5o, 28 457t 543 $7o|
YYLE Dokl Qlol % Rl A4 400 587t A YOLOv8:} o] BAwrt Wil 8 A7to] whg @
A otk oA Y HHeh FLA TRl = Qlsll, Al Hol § A 4 Qltt. vHH, Fehdo] 9= gHo)
= A A CR St AR Al oz g@e] WAL Q1 A= RT-DETRo| Fust o |HIME vlRFoR o Hold
tH1l2]. &3], /M= =oMe Aol 9 28 2Al S Al 7FsAdol 9. vl ol=jgt 13 2ds
£ ¢obd & Qe A tidte g HEEY, e A o] & JH5SHRGE AARE A9 Al XY s +
of gF B2 AAJekL QUH3] A AARC R ARt 2 AHCR FIRgE vl A4 ofA] FEolA] 4i{10]. o
7b S7tedo] met, 188 ARt S5 BASHs A2 U 2k, ARt A4 Adulofld aapAQl B4 e] A|AES
$ Fasitt. Aol e A2 Au|AA Az 1 FRlsk T oot Alu] oA Sot Febd {H9] A
S 2T 7FsAdol len], o= Azt Alg o A9 #¥2 Algshe REE olsliske Aol WaAlolr.
A2 oo 4 QItH4-6]. WebA, Aol = Ad= AFE v AlA”OA AARE A2]e] 7]&2 dRHA
A&shl ggRlor A&ste 22 4 W2et ARl o2 £T 30LU(FPS) ojde] Mz == AJoHr)
S &Hsh] Yot BaAQl mpidolct, ol 7t = 33UE oJyiofl X2|sto] ALl
ARE B Ve BRI AR 2o AES 2 AR SR veE BASHE g 9ottt of2dt e
AFd Abset obofl tefet EA ARl RS A8 7k AR H0lA Al HlolHE 78te2 Al&Et QA A7
S &9} o] ZofA= RT-DETR(Real-Time Detection 1} ZX]7} @ 1L&= AEolA &3] £Q 35} 11][12]. ZHA]
Transformer)?} YOLOv8(You Only Look Once version — &X|Lp AAI7F BUE Y} 2+ 28 Holoa] 30FPS
8} 717] TF2 Aol 9t Al A WA| YuelFoR st de] 485l mECR AlR] AW YA, AR 1A
z=24uty oIt 7]. RT-DETRE Transformer 7]8F o}7]8l L zFl sEAO|A= 60FPS o|Ate] &g] &£=7F Q31%7]
A5 Zgstol A GA] Aol =2 BEEE Fsts & ot Al £5 SA0AM e 7ol e Aol 3t &
£ AAlE]9len, YOLOV8E Fold =9t a8/ Ewol = oladhs WAl of2] 7I7F Ao o]5dh= HAlo] =
AARRE ofiZ2]Aloldo] 5] A&tsteHs]. F ARgE 4 Qo
A AT GRof] Aget wis MdEists g2 gA AR A 230l ef] AlRtol SAlol AMElE= A
Jeit £ 2o 22 A 49 FAAR o AR &5 BHgs] o, & At of=] Aol wixd =



Comparative Analysis of RT-DETR and YOLOv8 for Real-Time

Egg Defect Detection under Computational Constraints 3

Xjo] ojujxg FE3le] Aae AP of2fat
A 7t AR HElg pERoR BaE 4
| 97 Sl Baxoln, olg mefsiof of
1l olujx]g Yo R NS WA B APt A

|2 &tx]2 /o= RT-DETRY YOLOV8 2ES
02 ulwsln,  Rdo| E Yewol £ 45

==
|

7

oo

)

i
o)

Y, OPIJ ox mu K oo% Mg
[ell}
- N
=x P
oY , lo
uy T
S
N oL
j—; olr
o
oH,
d
51
)
e
i
o
ol
1
)
OO
<
S
~
- ]
rio

ol
-
s

=
T2 AAste, B 7] Ak Alol2 BTt upxa
o2, VANE B =80 AR XL ¥T A7

gl ohel =olgict.

II. Literature Review and Models
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2. Model Descriptions and Analysis
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Initial Imaging:
High-resolution training egg initial
images

Egg Detection:

Automatically identify eggs with
dectection algorithms from RT-DETR
and YOLOvE models

Defect Analysis and Categorization:

Classify defects using RT-DETR and
YOLOv8 models
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Fig. 2. Class Distribution of Transmitted Egg Images in
the Al-Hub Dataset
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3. Experimental Results
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Table 3. Performance Comparison of RT-DETR and YOLOv8 Models (Best Results Highlighted in Bold)

Model Giliony | MAP@DS | mAPGOS095 | TERE BEANEE | VRS | sy | Sive M8y

RT-DETR-r18 | 20 0.844 0.843 0.0048 20833 | 312 100.95

RT-DETR-r50 | 42 0.852 0.851 0.0089 112.36 426 194.76

YOLOv8n 3.2 0.793 0.792 0.0021 47619 | 524 5.49

YOLOV8m 259 0.788 0.787 0.0096 104.17 | 734 44.61

YOLOvSI 437 0.799 0.798 0.0152 65.79 880 75.65

of RT-DETR zdlo] =2 &x 2 x|Ag}st 297} qlck RT-DETR 2@2 & A2t ZejAof thsl YOLOvE 22
[25-27]. Tgh, djo]E] Mg &7dsto] gpofet Al 23yt B} 943t BF7 Ad5S HolEr}. S5 RT-DETR-r50 2
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% Y 4 A Aol 715510, AR UM E FeiA I Fh2o] Hold 52

3.2 Confusion Matrix Analysis for RT-DETR and
YOLOv8 Models
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Fig. 4. Confusion Matrices for Classifying

Egg Defects Using RT-DETR
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3.3 Inference Results of RT-DETR and YOLOv8
Models
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Fig. 5. Inference Results of RT-DETR-r50 Model for
Detecting Egg Defects
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Fig. 6. Inference Results of YOLOv8n Model for Detecting
Egg Defects

V. Conclusions

AT AT A A3 AE Tl
RT-DETR 2%} YOLOvE 2®9] /d5-5 H|isto] A
A 3Rl Fxste SEES AtelT 11,00
FHE olujXl= e Al-Hub Holg Mg %oo}@l
S 33 9 A=xslglon, gojg=

Cl
122 9 114 VISR RIS 4BE S

2
1Y)
ro
oﬁ
E
_|
_l'ﬂ
i
4n
|-4:1
Q
15
2l
r
i
2
o
T
o
ol L
ol
ol
)

RT-DETR-r50 2%-2 mAP@0.50]4] 0.852, mAP@0.5:
0.9501A 0.8512 B7dstH, 87| G oA 7Hg 94
st 48 sholsk 4 Qloict EsH i 2R AERS
0.0089%2 AlX|7F ofjZa|Alo]Ao)A] At A2] &2

712519}, 8k, YOLOv8n 222 i X2 At
0.0021%= RT-DETR "2 EC} w2 &5 5 B oL} &
A B AT oR okt §5] YOLOVS 232
9 377} 7142 45 APt Uepdon, ol wa
st Blx] ArAlo|A] RT-DETR 2E9] 7}A-S =5t}

febd. RT-DETR 2909] & G| Feies A2l 2
= ’8%“*0] %’SA]H% ofZ2iAlol Aol A

gEls S WA

|-EIU|‘

lT,




10 Journal of The Korea Society of Computer and Information

ACKNOWLEDGEMENT

This study was supported by MSIT (Ministry of
Science, ICT), Korea, under the National Program
for Excellence in SW, supervised by IITP (Institute
of Information & Communications Technology
Planning & Evaluation) in 2024 (2021-0-01399).

REFERENCES

[1] P. Mason, "The importance of eggs in an environmentally
sustainable diet," Nutrition Bulletin, Vol. 48, No. 3, pp. 400—410,
August 2023. DOI: 10.1111/nbu.12632

[2] M. Myers and C. H. S. Ruxton, "Eggs: Healthy or Risky? A Review

of Evidence from High Quality Studies on Hen’s Eggs," Nutrients,
Vol. 15, No. 12, p. 2657, June 2023. DOI: 10.3390/nul5122657

[3] S. Réhault-Godbert, N. Guyot, and Y. Nys, "The Golden Egg:
Nutritional Value, Bioactivities, and Emerging Benefits for Human
Health," Nutrients, Vol 11, No. 3, p. 684, March 2019. DOI:
10.3390/nu1 1030684

[4] M. Gallo, L. Ferrara, A. Calogero, D. Montesano, and D. Naviglio,

"Relationships between food and diseases: What to know to ensure
food safety," Food Research International, Vol. 137, p. 109414,
November 2020. DOI: 10.1016/j.foodres.2020.109414
[5] H. Onyeaka, S. Ghosh, K. Obileke, T. Miri, O. A. Odeyemi, O.
Nwaiwu, and P. Tamasiga, "Preventing chemical contaminants in
food: Challenges and prospects for safe and sustainable food
production," Food Control, Vol. 155, p. 110040, January 2024.
DOI: 10.1016/j.foodcont.2023.110040
[6] S. Thangaraju, N. Modupalli, and V. Natarajan, "Food adulteration
and its impacts on our health/balanced nutrition," in Food
Chemistry: The Role of Additives, Preservatives and Adulteration,
M. Naeem, M. M. Ozcan, and M. Naveed, Eds., pp. 189216,
December 2021. DOI: 10.1002/9781119792130.ch7

[71 Y. Sun, Z. Sun, and W. Chen, "The evolution of object detection
methods," Engineering Applications of Artificial Intelligence, Vol.
133, p. 108458, April 2024. DOI: 10.1016/j.engappai.2024.108458

[8] Y. Zhao, W. Lv, S. Xu, J. Wei, G. Wang, Q. Dang, Y. Liu, and
J. Chen, "DETRs Beat YOLOs on Real-time Object Detection,"
in Proc. IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pp. 1696516974, Seattle, WA, USA, June 2024.
DOI: 10.1109/CVPR52733.2024.01605

[9] E. L. T. Jun, M.-L. Tham, and B.-H. Kwan, "A Comparative
Analysis of RT-DETR and YOLOVS for Urban Zone Aerial Object
Detection" in Proc. 2024 IEEE International Conference on
Automatic Control and Intelligent Systems (I2CACIS), pp. 340~
345, Shah Alam, Malaysia, June 2024. DOI: 10.1109/12CACIS

61270.2024.10649836
[10] X. Yang, R. B. Bist, S. Subedi, and L. Chai, "A Computer
Vision-Based Automatic System for Egg Grading and Defect
Detection," Animals, Vol. 13, No. 14, p. 2354, July 2023. DOIL:
10.3390/ani13142354
[11] Z. Zhang, Q. Zhou, H. Jin, Q. Li, and Y. Dai, "A Real-Time
Intelligent Valve Monitoring Approach through Cameras Based
on Computer Vision Methods," Sensors, Vol. 24, No. 16, p. 5337,
August 2024. DOI: 10.3390/524165337
[12] S. Bultmann and S. Behnke. "Real-Time Multi-View 3D Human
Pose Estimation using Semantic Feedback to Smart Edge
Sensors," arXiv preprint, June 2021. DOIL: 10.48550/arXiv.2106.
14729
[13] M. Turkoglu, "Defective egg detection based on deep features
and Bidirectional Long-Short-Term-Memory," Computers and
Electronics in Agriculture, Vol. 185, p. 106152, June 2021. DOIL:
10.1016/j.compag.2021.106152
[14] B. Botta, S. S. R. Gattam, and A. K. Datta, "Eggshell crack
detection using deep convolutional neural networks," Journal of
Food Engineering, Vol. 315, p. 110798, February 2022. DOI:
10.1016/j.jfoodeng.2021.110798
[15] J. Zhang, K. Yang, A. Constantinescu, K. Peng, K. Miiller, and
R. Stiefelhagen, Efficient
Transparent Object and Semantic Scene Segmentation in

"Trans4Trans: Transformer for
Real-World Navigation Assistance," IEEE Transactions on
Intelligent Transportation Systems, Vol. 23, No. 10, pp. 19173~
19186, March 2022. DOI: 10.1109/TITS.2022.3161141

[16] W. Xu, C. Zhang, Q. Wang, and P. Dai, "FEA-Swin: Foreground
Enhancement Attention Swin Transformer Network for Accurate
UAV-Based Dense Object Detection," Sensors, Vol. 22, No. 18,
p. 6993, September 2022. DOI: 10.3390/s22186993

[17] M. Liu et al, "Bearing-DETR: A Lightweight Deep Learning
Model for Bearing Defect Detection Based on RT-DETR,"
Sensors, Vol. 24, No. 13, p. 4262, June 2024. DOI: 10.3390/
$24134262

[18] M. Safaldin, N. Zaghden, and M. Mejdoub, "An Improved
YOLOVS to Detect Moving Objects," IEEE Access, Vol. 12, pp.
59782-59806, April 2024. DOI: 10.1109/ACCESS.2024.3393
835

[19] M. Bakirci, "Enhancing vehicle detection in intelligent transportation
systems via autonomous UAV platform and YOLOVS integration,"
Applied Soft Computing, Vol. 164, p. 112015, July 2024. DOI:
10.1016/j.as0¢.2024.112015

[20] J. Moon, M. Bukhari, C. Kim, Y. Nam, M. Magsood, and S.
Rho, "Object detection under the lens of privacy: A critical survey
of methods, challenges, and future directions," ICT Express, Vol.
10, No. 5, pp. 1124-1144, October 2024. DOI: 10.1016/j.icte.
2024.07.005

[21] Y. Lee, H. Cho, B.-Y. Kim, and J. Moon, "A YOLOvS§-Based



Comparative Analysis of RT-DETR and YOLOv8 for Real-Time

Egg Defect Detection under Computational Constraints 11

Two-Stage Framework for Non-Destructive Detection of Varroa
destructor Infestations in Apis mellifera Colonies," Journal of the
Korea Society of Computer and Information, Vol. 29, No. 10,
pp. 1377148, October 2024. DOI: 10.9708/jksc1.2024.29.10.137

[22] H. Kim and J. Moon, "A Real-Time Wildlife Roadkill Detection
Approach Using YOLOVS," Journal of Internet of Things and
Convergence, Vol. 10, No. 5, pp. 185196, October 2024. DOI:
10.20465/K10TS.2024.10.5.185

[23] AI-Hub, Egg Defect Detection Dataset, https://www.aihub.or.kr
/aihubdata/data/view.do?currMenu=115&topMenu=100&aihubD
ataSe=data&dataSetSn=71504

[24] Ultralytics, Ultralytics YOLOVS: State-of-the-art Object Detection
Models, https://github.com/ultralytics/ultralytics

[25] M. Zhu and S. Gupta, "To prune, or not to prune: exploring
the efficacy of pruning for model compression," arXiv preprint,
November 2017. DOI: 10.48550/arXiv.1710.01878

[26] T. Liang, J. Glossner, L. Wang, S. Shi, and X. Zhang, "Pruning
and quantization for deep neural network acceleration: A survey,"
Neurocomputing, Vol. 461, pp. 370-403, August 2021. DOI:
10.1016/j.neucom.2021.07.045

[27] A. Gholami, S. Kim, Z. Dong, Z. Yao, M. W. Mahoney, and
K. Keutzer, "A Survey of Quantization Methods for Efficient
Neural Network Inference," in Low-Power Computer Vision, B.
Chattopadhyay and M. Shafique, Eds., Chapman and Hall/CRC,
pp. 2917326, March 2021. DOI: 10.1201/9781003162810

Authors
Namil Kang has been a dedicated student in
a the Department of AI and Big Data at

Soonchunhyang University, South Korea, since
N 2019. He will receive his Bachelor of Science

degree in February next year.

His academic interests include real-time detection, deep
learning, and emerging technologies that integrate these fields

to address innovative challenges.

Yechan Cha, a dedicated second grader at
Asan Middle School in Asan, South Korea,

has a deep passion for software and artificial

intelligence and aspires to make a significant

.i \ I. contribution to these innovative fields.

Bo-Young Kim, a key information science
Middle School, South

Korea, since 2002, earned her Bachelor's and

educator at Asan

-’ Master's degrees in Information Science and
‘ Mathematics Education from Hoseo University
in 2002 and 2008, respectively. Ms. Kim is deeply
committed to cultivating outstanding students through
advanced information education and championing sustainable

software training.

Jihoon Moon earned his Ph.D. in Electrical

Engineering from Korea University in 2021

“Q\T;W' and worked as a postdoctoral researcher at
\::/ Chung-Ang University until 2022. He has
x\ been an assistant professor in the Department

of Al and Big Data at Soonchunhyang University since 2022.
Dr. Moon's research encompasses a broad spectrum, including
advanced data mining, information extraction, and time-series
analysis, with a keen interest in applying these methods to

industrial innovations. His focus extends to sustainable

solutions, advanced machine leaming, deep learning

applications, and explainable AI, with a special emphasis on

optimizing energy management and forecasting.



