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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

A e s =o]7] flgh A2 Ale¥sich

Junnan Li Q][9]+= PASCAL VOC? MS-COCO glo]
EAIZ AREoll 7R 2ol gt vied BfA AE Y 29
I7isE nie wo]l= o7 3 29 §712 385l
Hew-soo Park 9J[10]= o|0]A] ro]=, djAt: 59 t}
Yot FA At Qo] T2 Fewof sl RARI.
Eunjin Jeon |[11]&= ©]u]x]2] Blur A2|e} B4 &A=
sl OpenCVe} YOLO v3& o]&sto] Blurd] v]go| &
TS Aol =EEA] UG AR gkt ofe
Tfal A=3it}. Nguyen Thi My Xuyen[12]2 o] F=
2y gHgolxel sH} wolxg x|4slslr]| Hofl He
3 718t CDAE(Convolutional Denoising Autoencoder)
DS ARgsto] wo|RE AlAsto] A QIAES 37
/3t Na-Hyoun Kim €|[13]= oRtof|x{e] o]ujx]
A7 = FIA7171 - 3t Denoising
AutoencoderE &0l thsh o]~ 5 55t O] A
2| 4 Ol U 2E AT, Jieun Kim Q][14]=
A3l Al 5= U QA F s st pAlst =
2 2 HolH 2 £ JgolA WHY o+~ = 78 A
Ale] Az W 9 292 A3t Kana Kima} Hakil
Kim[15]= A12]d 9l dlol8 A =AY & ARE-ot
o} o]} Hlol5 & AAF =N BHo] QA Ad52 7iA
sk A2 4713k Choi, Yoonjo 9J[16]= &840
2 1FA9 HolH & &35l sl Akeaed Al a5 4
olg] oj:-Eo]d ApEet == 1783 JUSict. Seongho
Soni} Changsun Ahn[17]2 7d0] F|ofgt 2fo]tto
Pste ol=5 &o]7] sl Soldt 25ll(Singular
WorE AAISI.
DnCNN9] 73¢

C k

Mo
oo=

Value Decomposition)s Z-8ol=
Taresh Sarvest Sharan ¢J[18]=

Residual Learning®} Batch Normalizationg ©]-8-5}oq
S5 455 =011 o= AlA s FEAIE 2
A Aesigict

7189 Ao = 0|27t et HolElE &5
o[F ol F7IstAY HlofEjof] HAYSE wo]=E ATt
[8][12]. SHAITE & ALof|X= Elo|EE HPAZIA] &
Original Hlo|E| 2 YH&Z 315551l Test Seto] ko] =F
u]g¥ 2 %7150 detectionS X18§sto] A&FACT,

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

AIQE AJARIA 7R &R0l AMRE St RHES A/
5171 sl Roboflowof|A] 438t glo]E|AlS Ubuntu &
3o1A YOLO vb vjidoz ShEAIZich HojHAle: =g
HE Fstke 7IRIE =2ste st HolEY Ties
Train Data 5,3137}|, Test Data 6607f, Validation
Data 660712 £ 6,6337fc]8y F7|= Labeling %
Bounding Box?] £t®E UERH txt T2 xsto] F
603MBo|T}. Aldar ZgjAL ‘Bicycle’, ‘Bus’, ‘Car’,
‘Motorbike’, ‘Person” & 57]2 U0l Qlow, st
28RS OF 10,184%7F A QE] 9t Table 3.2 Total
Data®] Zej~% 7] 52 Uehdct

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
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Person 239 0 0 0 0 424
Actual
o Mone |Bicycle |Bus Car Motorbike |Person
Mone 0 28 1 &4 25 &0
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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
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