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[Abstract]

Noise caused by adverse weather conditions in data collected during autonomous driving can lead to
object recognition errors, potentially resulting in critical accidents. While this risk is widely acknowledged,
there is a lack of research that quantitatively and systematically analyzes it. Therefore, this study aims to
examine and quantify the extent to which noise affects object detection in autonomous driving
environments. To this end, we utilized the YOLO v5 model trained on unprocessed datasets. The test data
were divided into noise ratios of 0% (Original), 20%, 40%, 60%, and 80%, and the detection results were
evaluated by constructing a Confusion Matrix. Experimental results show that as the noise ratio increases,
the True Positive (TP) rate decreases, and the Fl-score also significantly drops across all noise levels,
specifically from 0.69 to 0.47, 0.29, 0.18, and 0.14. These findings are expected to contribute to enhancing
the stability of autonomous driving technology. Future research will focus on collecting real datasets that

include naturally occurring noise and developing more effective noise removal techniques.
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I. Introduction
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II. Preliminaries

1. Related works
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Table 1. Features of YOLO Version-Specific Suitable
Models[5]

Version Features

vl, v2 Accuracy-Critical Models

v3, v4 Speed-Critical Models

Models Needing a Balance Between Accuracy

v5, vé and Speed /
Real-time Object Detection Model
v7, v8 Pose Estimation and Object Tracking Models
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Fig. 1. Experimental Process
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III. The Proposed Scheme

1. System Overview

1.1 Experimental Process
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1.2 Experiment Environment
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Table 2. System Environment

Item Value

0S Ubuntu 22.04.4 LTS
13th Gen Intel(R) Core(TM)

CPU i7-13700KF

GPU NVIDIA GeForce RTX 4090

Python Version
OpenCV Version
YOLO Version

Python 3.10.9
47.0.72
YOLO vb
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Fig. 2. Data Preprocessing

IV. Experiment

1. Model Construction
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Table 3. Number of Objects per Class

Class Total Train Valid Test
Bicycle 3,150 2,595 334 221
Bus 1,181 1,032 108 41
Car 47,231 35,253 5,294 6,684
Motorbike 15,883 11,868 1,955 2,060
Person 12,183 10,626 886 671
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2. Experiment

A B < o E F
Image xcenter  ycenter  Width  Height  Class
aguanambi-1000_png_jpg.1.717920d158ad6448028b¢Sbe21dcad Tejpg | 057578125 020078125 00421875 00671875 car
aguanambi-1000_png_jpg.f.7179a0d158ad6448028bcSbc2 dcad lejpg | 06359375 027109375 0015625 0.0671875 motorbike
aguanambi-1000_png_jpg.f.7179a0df58acl6448028beSbe2 1dcadlejpg 063359375 02046875 00453125  0.065625 car
aguanambi-1000_png_jpg..7179a00{58acl6448028beShe2 1dcad lejpg | 061484375 012890625 00328125 (0.0546875 car
aguanambi-1000_png_jpg . 7179a0d158ad6446028beShe2 dcad Tejpg | 062734375 010390625 0.0234375 0.0421875 car
aguanambi-1000_png jpg.f.717920df58ad6448028bx 5bc21dcad e jpg 0596875 01625 0034375 005625 car
aguanambi-1000_png jpgf.7179a0df58ac6448028bcShc2 dcadlejpg | 06390625 0.08046875 0025 00390625 car
aguanambi-1000_png_jpg.f.7179a0d{58ad6448028beSbe2 1dcad Tejpg 064609375 Q0546875 00234375  0.034375 car
10 |aguanambi-1095_png_jpq.f.4d9f0370f1c09fb2a1d1666b155911e3 jpg 05921875 04921875  0.090625 01375 car
11 |aguanambi-1095_png_jpg.f4d90370Mc09M2a1d1666b155911e3jpg 052421875 0334375 00515625 0103125 car
12 |aguanambi-1095_png_jpg.rf 449f0370f1c09fb2a 141666015591 1e3.jpg 06125 0265625 0053125 0096875 car
13 |aguanambi-1095_png jpg.f4d9f0370M1c09M2a1d16660155911e3jpg 061015625 013984375 00390625 (0.0671875 car
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Fig. 3. Bounding Box Coordinates Predicted by the Model
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3. Experimental Evaluation
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i Actual
Ongiral Mone |[Bicycle |Bus Car Maotorbike |Person
None 0 16 8 405 328 136
Bicycle 50 171 a (1] 0 0
Pred Bus 5 0 36 0 0 0
Car 690 0 0 5990 0 0
Motaorbike 740 1] o 0 1323 0
Person 126 0 0 0 0 543
Actual
0% Mone |[Bicycle |Bus Car Motorbike |Person
MNone 0 44 3 136 a7 153
Bicycle 20 139 0 0 0 0
prid Bus 36 0 2 0 0 0
Car 2615 0 0] 4023 0 0
Maotorbike 1404 0 0 0 648 0
Person 239 0 0 0 0 424
Actual
o Mone |Bicycle |Bus Car Motorbike |Person
Mone 0 28 1 &4 25 &0
Bicycle 150 49 0 0 0 0
Pred Bus 22 0 1 0 0 0
Car 4103 0 0] 2260 0 0
Motorbike 1625 0 0 0 23 0
Person 429 0 0 0 0 222
Actual
o Mone |[Bicycle |Bus Car Motorbike |Person
MNone 0 17 0 38 T 26
Bicycle 151 13 0 0 0 0
Pred Bus 15 0 1 0 0 0
Car 4232 0 0 1281 0 0
Muotorbike 1422 0 ] 0 92 ]
Person 464 0 0 0 0 106
Actual
i Mone |Bicycle |Bus Car Motorbike |Person
None (i} 13 3 24 5 7
Bicycle 118 8 0 0 0 0
Bus 7 0 1 0 0 0
Pred [ar 3510 0 o[ 0 0
Maotarbike 1089 V] ] 0 29 0
Person 401 0 0 0 0 41
Fig. 4. Confusion Matrix by Noise

Table 4. Confusion Matrix Estimation

Noise Pre. Recall Acc. F1-score
Original 0.71 0.67 0.76 0.69

20 0.62 0.37 0.52 0.47

40 0.63 0.19 0.3 0.29

60 0.69 0.1 0.19 0.18

80 0.55 0.08 0.13 0.14
Table 4.= Confusion MatrixE H}EOZ Lo|=H¥
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V. Conclusions

£ =BoNE ALY A
¥ 87 Grlste o ojuf
ssb7] Sigt Al e AT ol sk 7Hgol
ore dojeplo R st
A1, detection wo]= H|E2 0(Original)%, 20%,
40%, 60%, 80%=2 Lol AEst Test Setg 71|l A
3ot EeF GA] AaE vl oUE 7Ast] o &
at AAZHE tiRlstel 00 Confusion Matrixs /g5l
AE= A8 o&st TP gz $Aos g4 /s
gholstal Precision, Recall, Accuracy, Fl-scoreS 7|
Afsto] At XSS
Ad Zu Zea 5 2 8l&2 ARk Car'et
‘Motorbike” 2422 AmEW ‘Car’ Z2)A0A 5,990
70, 4,0237§, 2,2607R, 1,2817Y, 7117§=2 Z4st
“Motorbike” ZejA0)A= 1,3237), 64871, 23171, 9271,
29712 7+Ash 712 sholsict. Fl-score ESh -0|X H|
0] Z714= 0.69, 0.47, 0.29, 0.18, 0.14%2 HHFAOC
2 °F 32.58% ashe 7oz mosith o Sotor
BHots o d2at 37 t=A] 2 =0l w0]=(20%)
Q1 3ol A &R0 APAQ G FHE A B

ol 4%

i
2

1 !

wolo} 22 & 4 9ick. oIFet Zo| Lrhjsh
Elo] o] A4 39S ohelet
xog Jpgelojo} & 7oz Btk ¥ 4
3 AF53Y 7129 WIS BD 2 9

o slcjick

5 AL AR W ol <} Ty
A Cloleple 275k CNN 2uelEg AFgsh 27
L dolele) olxg AASHE A7E AW oFol
o2 S5} s dlolelo] BAS PANA AHeR

o
o] YL £U 4 S Ao J|Ech

U A T
l.

ACKNOWLEDGEMENT

This research was supported by the MSIT(Mini
stry of Science and ICT), Korea, under the Innov
ative Human Resource Development for Local Int
ellectualization support program(IITP-2024-RS-2
022-00156334) supervised by the [ITP(Institute fo
r Information & communications Technology Pla

nning & Evaluation)

REFERENCES

[1] Im. Y. Jung, “A Study on The Dangers and Their Countermeasures
of Autonomous Vehicle,” Vol. 20, no. 6, pp. 90-98, Jan. 2020,
DOI: 10.5392/JKCA.2020.20.06.090.

[2] Soonhong Kwon, and Jong-Hyouk Lee, "Self-driving Car Security
Threats and Technology Trends," REVIEW OF KIISC, Vol. 30,
No. 2, pp. 31-39, 2020.

[3] Joseph Redmon, Santosh Divvala, Ross Girshick and Ali Farhadi,
"You Only Look Once:Unified, Real-Time Object Detection,"
arXiv:1506.02640, May 2016, DOL: 10.48550/arXiv.1506.02640

[4] Yan, Bin, Pan Fan, Xiaoyan Lei, Zhijie Liu, and Fuzeng Yang,
"A Real-Time Apple Targets Detection Method for Picking Robot
Based on Improved YOLOVS," Remote Sensing 13, no. 9: 1619,
Apr. 2021, DOL: 10.3390/rs13091619

[5] Joon-Yong Kim, "A Comparative Study on the Characteristics of
Each Version of Object Detection Model YOLO," Proceedings of
the Korean Society of Computer Information Conference, Vol. 31,
No. 2, pp.75-78, Jeju, Korea, Jul. 2023.

[6] Jaewon Ahn, DaelJin Kim, and Jun Kyun Choi, “A Study on
Modeling the Object Detection Accuracy According to the Image
Resolution,” Proceedings of Symposium of the Korean Institute
of communications and Information Sciences, pp.64-65,
Youngpyoung, Korea, Feb. 2020.

[7] Sungick Kong, Sang-Seol Lee, Sung-Joon Jang, and Byeongho
Choi, “Korean Traffic-Sign Detection and Recognition using
YOLO,” Autumn Annual Conference of IEIE, pp.832-0834,
Incheon, Korea, Aug. 2018.

[8] Jisoo Tak, and Sang-Woong Lee, "Noise-Augmented Object
Detection: Improving Object Detection Accuracy in Noisy Image,"
Korean Institute of Next Generation Computing, pp.141-144,
Kyungnam University, Korea, Jun. 2023.

[9] Junnan Li, Caiming Xiong, Richard Socher, and Steven Hoi,

Object

Annotations," arXiv preprint arXiv2003.01285, Mar. 2020. DOI:

10.48550/arXiv.2003.01285

"Towards  Noise-resistant Detection with Noisy



A Study on the Impact of Noise on YOLO-based Object Detection in Autonomous Driving Environments 75

[10] Hwe-soo Park, Pil-joong Kim, and Seong-Joo Lee, “Change of
Recognition Rate in YOLO v4 According to Image Quality,”
Summer Annual Conference of IEIE, pp.1984-1986, Jeju, Korea,
Aug. 2020.

[11] EunJin Jeon, YoonSeok Cha, Seongyeol An, and ByungRae Cha,
“Comparison and Analysis of YOLO Object Detection According
to Image Quality Clarity,” 2021 KICS Fall Conference,
pp-513-515, Yeosu, Korea, Nov. 2021.

[12] Nguten Thi My Xuyen, “Object Detection and Speed Prediction
in Night Environment Using Deep Learning”, Master’s thesis,
National Pukyong National University, Pusan, Feb. 2024.

[13] Na-Hyoun Kim, Donghoon Lee, Junwoo Kim, Kee-Young
Kwahk, and Namgyu Kim, “Multiple Denoising Scheme for
Effective Nighttime Object Detection”, Proceedings of KIIT
Conference, pp.88-90, Jeju, Korea, Nov. 2021.

[14] Jieun Kim, Chan-young Jung, Woong Hwang, Don June Lim,
and Hyeong-ju Noh, “YOLO based Obect detection for
Autonomous driving and Collison Warning”, proceedings of HCI
Korea 2023, pp. 1,107-1,110, Gangwon, Korea, Feb. 2023.

[15] Kana Kim, and Hakil Kim, “Al Model-Based Automated Data
Cleaning for Reliable Autonomous Driving Image Datasets”,
Journal of Broadcast Engineering, Vol. 28, No. 3, pp.302-313,
May. 2023.

[16] Choi, Yoonjo, Lee, Gyeong Gwan, & Hong, Seunghwan, “A study
on Automatic Algorithm of 3D Dynamic Object Annotation for
Autonomous Driving Al Training Data Construction”, KSCE
2023 convention, pp.672-673, Oct. 2023.

[17] Seongho Son, and Changsun Ahn, “Denoising LiDAR Point
Cloud Using Higher Order Singular Value Decomposition in
Adverse Weather Condition”, KSAE 2021 Annual Spring
Conference, pp. 435-435, Pyeongchang, Korea, Jun. 2021.

[18] Taresh Sarvest Sharan, Romel Bahttacharjee, Shiru Sharma, and
Neeraj Sharma, “Evaluation of Deep Learning Methods (DnCNN
and U-Net) for Denoising of Heart Auscultation Signals”, 2020
3rd International Conference on Communication System,
Computing and IT Applications (CSCITA), pp. 151-155,
Mumbai, India, Jul 2020. DOI:10.1109/CSCITA47329.2020.913
7813.

Authors

r_‘ Ra Yeong Kim received the B.S degree in

Cyber Security from Pai Chai University,
South Korea, in 2023. She is currently
pursuing M.S. degree in the Department of
Cyber Security at Pai Chai University.

Her current research interests include artificial intelligence,

object detection, and cyber security.

~

2 Acquisition ~ Program  from  Kwangwoon

4 University, South Korea, in 2008 and 2014.
He is a professor in the Department of

Software Engineering at Pai Chai University in Daejeon,

Hyun-Jong Cha received the M.S. and Ph.D.

degree in Compuger science and Defense

South Korea. His current research interests include
information  security, artificial intelligence, IoT, and
blockchain.

Ah Reum Kang received the M.S. and Ph.D.
degrees in information security from Korea
University, South Korea, in 2012 and 2016.

A%k She is a professor in the Department of
: Information Security at Pai Chai University

in Daejeon, South Korea. Her current research interests

-
-

include security, artificial intelligence, malware, medical data

analysis, and online game security.



