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Abstract

In the field of autonomous driving, the accurate identification of road obstacles is a foundational tech-
nology for ensuring driving safety and enabling intelligent planning. However, under complex weather
conditions such as low illumination at night, rain, and fog, the visibility of road scenes significantly de-
creases, with blurred object edges and drastic scale variations. Traditional object detection algorithms
often face challenges of missed and false detections in practical applications, making it difficult to meet
the system’s reliability requirements. To address this, this study focuses on the obstacle recognition
problem for autonomous driving in complex weather environments and introduces an improved ob-
ject detection model based on YOLOVS. First, the impact of complex weather and illumination changes
on visual perception in autonomous driving was analyzed. Based on this, a dataset was constructed
containing various typical scenarios, including normal weather, nighttime, adverse weather, and com-
bined nighttime with adverse weather conditions. Second, using YOLOv8 as the baseline model, im-
provements were made to the network structure and training strategies from the perspectives of fea-
ture representation capability and training stability, aiming to enhance the model’s ability to recognize
low-visibility targets in complex scenes. Finally, through multiple sets of comparative experiments, the
detection performance of the improved model under different operating conditions was systematically
evaluated. The experimental results show that compared to the baseline model, the proposed method
achieves superior detection performance in complex weather scenarios. Particularly under challeng-
ing meteorological conditions such as nighttime and adverse weather, both the overall performance
and environmental adaptability of the model are significantly improved. The findings demonstrate that
this method can effectively enhance the obstacle detection capability of autonomous driving systems
in complex environments, providing robust support for autonomous driving perception in real-world
road scenarios.
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Table 1. Shows the sample distribution of various weather scenarios and target categories in the dataset
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Figure 1. Shows the distribution of sample sizes in the dataset
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Figure 2. Schematic diagram of the improved YOLOV8 network structure
2. B YOLOV8 MLt REE

FERA AR RS, T8 HAREAE 2B B ARG 0 AR, RIS i

DOI: 10.12677/airr.2026.152060 633 N TR S LA NBEA


https://doi.org/10.12677/airr.2026.152060

g

£

Par
&

Fyerh, BORGHICZ AR R R B2 3R, T A% GAS DA R AR R AL i & 1 7 v 7 2 6 R
FRER, MRS AL .

BEXE ER S ARSI 5 T AR I ), A SCRRAERG 58 . RRAE RS ARSI =M EXT YOLOVS
B HEAT A, DS A BRI 2% S5 R A ) 2 BT

R, ASSCAE YOLOVS HELRHARLIEAY 1 REAT | =A% Ltludt: © T T4 SPPF BB JE 5] A
CBAM JERE /ML (B o), I3 I8 5 22 (R 4 O B R M R AR ks @ AR & 26 PANet
B0y BIFPN S5k (S tuimse), FERRAEDHETT MSI N2 20, SEl2 RUZRHER HE M &; © &
ML ARFF AR (LX), 73ISR SO . = Kb R, $RTHEERAE R R =
SIS R

4.3. KBRS

BRI i 72 R FH AR 25 40 K B 2
L = Lcls +A’1Lb0x + )\’2 Lobj '

Hor, Ly NrREUR, FTAR BRI Ly, R FHERTR g, BT B bR e A
HEWE: Loy A EAREMGESUR, HTIH S XTI A4 M4 ABE RS, AT it T
(LIEUEEE NI AN

i AR EBUR KB, 4, =0.05, 4, =0.5 A LA R s B BUAE B 2 RA% A P IRIIZRRSE L,
B R GRS TH AR ML RE -

5. KW SERI
5.1. SEEIESIFMN IR

NPRIESEI A R AV S T EEYE, ASCHrA LI gt — RIS A B T e . B
IR i R R AR TR (e 2 ) 20 07 300 AN R DL I B, AN [T 2 TR SCAE 90 2% 45 A4 A
MRt Sl EAFAEZE S, DAORIESCSR XS LU A R S BV 5 — Bk seied R, SR AR AME e
B R BB SRR e, LA S N IR N SE 805 T -

TE 1) [ 20 725 35 5 P ZE R DA P . A B S SR R S DT TR 278 R, ARSCRA mAP@0.5 (%)
SHEM)LLL FPS (WA )ME ARG HE bR, PP B RAE A ) RS E IS R R v gg . Horh,
MAP@0.5 IR 1EAC I L BIME Y 0.5 IR (-1 B FE M8, & F ARSI U IO VR REVEAN 4B A5 . S8k
R R G R IR TEE, SRR AR AETT A A BB O%; FPS I Ty R R A HE R B
SEIFPERE, AV B RN S22 15906 A2 B B2 B SR R R 1 AR

£ mAP@O0.5 ITHEEH, AR TRINL FAE S SR 2 18] 922 I L (loU) #EAT ILAC, %5 —# loU 18
KT 0.5, MPAGEZIM A LRI . 2D, aiaAR RS &2 A EAE R BAE T BRI 25 R AT 4
THSHETS, SRR RS INERE, Dty E HAE B AR TS5 P ISR e T RER DL

FPS 4Rt Gt vH ISR 7E [F] 5 B AR08 T S RL IR ) 3 W] 58 i) PR HEPR SO SRS, HBUE s, 3%
IR LA SO I SEI A B RE . AERZR R ESNE MR, FEAME RS RIS, &
FRAECRUE SR PERI RT3 N AR IZAT, Mk, FPS VP TR S ML I O B M e i o

52. FRIXSSXRIAR THMEREXELS 4T

N AT VAR R R A8 SIEBR B 30 2 SR P I IE N BE 77 ARSCHE 2 P it 37y 35 R R AR PR REHEAT 10K,
BAEIEHE R WA BHRRBE BIE S RREE I LR S SRR AR R I3

DOI: 10.12677/airr.2026.152060 634 NILERESHLE AT


https://doi.org/10.12677/airr.2026.152060

g
i
f
48

R PERERT LE A 3w .

i+ LR
BHRA

il
EWRA

0 10 20 30 40 50 60 70 8 90
WAL m IR A

Figure 3. Shows the performance comparison between the baseline model and the
improved model in different weather scenarios
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Figure 4. Shows the variation of model performance with the number of training rounds
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