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Abstract: This paper proposed an uncertainty modeling method based on the YOLOv11 object detection algorithm to address the challenges
posed by rainy, snowy, and foggy weather to the accuracy and reliability of autonomous driving visual perception systems. The method used a
Laplace distribution to model the uncertainty of predicted bounding boxes and employed information entropy to quantify the uncertainty of clas-
sification tasks. These quantified uncertainties were incorporated into redesigned bounding box loss functions and classification loss functions,
enabling the model to adaptively adjust its focus on bounding box prediction accuracy and classification confidence. Experimental validation
was conducted on the CADC, BDD100K, and a self-built dataset, demonstrating that the proposed method achieves improvements of 9.3%,
5.2%, and 8.6% in mAP@0.5 compared to baseline models. The experimental results show that the method significantly improves the robust-
ness and accuracy of algorithms under adverse weather conditions, reduces the probability of missed or false detections, and enhances detec-
tion precision and prediction reliability.
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Fig.1 Examples of YOLOv11’s missed and false detections in adverse weather conditions
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Fig. 2 Comparison of probability density curves
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Table 2 Impact of each component on model performance

F2 BNAMNEEIERER M

sy P Eh=8'a mAP@
(IR Recall /% Precision /% GFLOPs /G

o Wiy ik 0.5/%
53.1 68.2 56.4 21.6
v 52.6 71.4 58.3 223
N 56.2 67.5 58.1 22.4
N 55.1 72.3 57.2 21.6
N N 57.6 74.1 60.5 21.7
N N 59.3 75.6 62.8 2255
N v 55.9 73.4 61.2 21.7
v N 57.4 72.9 60.5 223
N N 58.6 73.1 62.3 22.4
J N v 59.4 73.5 62.9 224
J N v 61.5 76.2 65.7 2255

call . Precision 71 mAP@0.5 | 73 51| ik 3] 61.5% . 76.2% #
65.7% , B IE L4y AR TL 8.4.8.0 F1 9.3 4N 40 ki . R4
GFLOPs M\ JE2K 21.6 G 34 & f15 22.5 G, UK 245 4.2% , {5
TR BAA R AR o L6k F AR SOk AE i & 2
TR BE ) RISl 1 3153 5 2% B R AR
37 HikMsetkE

$ A ST 55 SSD | Faster R—CNN 45 H br A6 il 3507 78

CADC .BDD100K F1 [ £ %54l 5 b #E 47 XF 23 B, % L 3A
ISR U 5 & AR AR e 247 U il ik, DAs £ 52
R ERRE R T A YE . BEA O T TP A SO R
PERE , A ORI H 5 B (149 SE 38 B AR AS I 335 1 47 X
Ho AR 5T AT 3 FhAS [R) (A AN B 2 Pk 85 7 32, - HL I
T YOLOv11 R E Rt BZH HF AT Lh i o . HARGds B T
1R T A AN B 2 M A VR X T Sk [ 14 ] R AT
A, 1E4E Gaussian YOLOv11; MC—Dropout J7 i , HiA
Fa 3 7 VAR S SR L 15 ] AR A 2 i SRFEIR AR 5,
IC/EMCD YOLOv11;Deep Ensemble, i i3 48 i 2 > 7. )|
YRR (FEASE B B RUASCE Oy 3) A TN 0 Ik A
JC/EDE YOLOv11,

3 JBIR T A SO 5 HoAth H R A DU 533 48 CADC Al
BDD 100K ¥4 FPEREXT L. 4552, A SOy Bt
Al 25 T AR AE P A GRS 45 1Y mAP@O.5 43
BN T 65.7% F1 64.1% , M L FELL YOLOvI T BEAY i & T
93 M52 4 H 4 . [Al), 7E Recall . Precision Al mAP@0.5
BRSO BT HABE T YOLOVI T AEZE R
B R M A ) 7o

Table 3 Performance comparison of object detection algorithms based on CADC and BDD100K

%3 ET CADCFIBDDI100K #Y B #74 N & % 1 RE L8R

CADC BDD100K
itk Params/M GFLOPs/G Recall Precision ~ mAP@0.5 Recall Precision ~ mAP@0.5 .
1% 1% 1% 1% 1% 1%

SSD 24.1 612 36.8 55.9 38.2 55 37.2 58.5 30.5 61

Faster R—CNN 136.8 370.0 33.1 51.3 34.6 23 35.5 52.6 48.4 30
Gaussian YOLOV3 62.1 67.3 32.6 52.0 33.4 37 39.7 59.8 40.1 43
EfficientDet 20.7 55.0 43.1 64.7 44.8 32 452 68.9 46.6 36
RetinaNet! %"/ 36.1 98.4 40.7 48.6 413 46 42.4 51.0 2.4 50
DETR"?! 41.0 225.0 445 46.1 38.6 28 45.6 48.1 40.2 32
YOLOv11 9.4 21.6 53.1 68.2 56.4 117 54.2 71.6 58.9 121
Gaussian YOLOv11 9.9 223 55.3 71.4 583 110 58.4 735 61.5 115
MCD YOLOv11 9.4 108.0 50.6 70.5 58.3 36 53.4 72.1 60.2 40
DE YOLOv11 28.2 64.8 58.2 73.1 61.4 21 575 743 62.3 25
ES @RS 10.1 22.5 61.5 76.2 65.7 105 60.4 75.8 64.1 109

J T 2R UEAR SO IR Iz A BE T AR SCNUE H
AREAE LT Tz ARS8 (Ank 4 R ) | 1 B AE R [A] R
AT XL REDEAT T 2 A, (W38 5 frR ) o 5K
B ek R, 5T YOLOv 1 By HA A M s 7 s A
Lo, AR ST R TE mAP@O.5 L ARTE T 8.6 A 4T AL, i
T 61.3%, M, 7E855 H%E N KW NE RS
SEAN A B S 2 R AR T AR SO A R mAP@O.5 1)
A . XA BIRE S AEEAE T A R — 2L
PE, T RAAR T IEE S W HF 2RI 0 F 6
JEILH B APz A BE T e ek
3.8 WA ERINEETMS

Bl 8 B T A SC 7 vk 7 AS TR I 25 Ja 309 oo o7 483 2k
Ly ) 53R (L) FURI R (L) WS H o 15 HE 4R

Table 4 Generalization experiments based on self-built datasets

x4 ETHEREBESEMNZURR

e mAP@
[ERARRIINERES Recall /% Precision /% FPS

0.5/%
YOLOv11 53.6 67.0 527 110
Gaussian YOLOv11 57.4 66.5 54.1 102
MCD YOLOv11 52.1 62.4 51.3 30
DE YOLOv11 55.3 68.1 54.7 19
ARSI 58.5 72.7 61.3 97

YOLOvITAHEE , A SO AN R A 52 8 1 PR A A8
LAV AR B AR A RN, B Zhad i rh A5k
2P Bl T /IN R SR A AR e T

H T i 22 08 S o7 AN S 1 B4 L M, A SRS T i
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Table 5 Performance comparison of different models under adverse
weather conditions(mAP@0.5 /FPS)
x5 TRAEBEFRRRSEHTHIMEEEX L (mAP@0.5/FPS)

Histellfig: R%  @w% AW KW AE RKF

YOLOvl11 54.1/115 41.6/105 49.8/112 45.2/107 48.3/113 43.6/109
Gaussian YOLOv11 55.8/112 46.5/98 53.4/109 49.0/100 53.2/110 48.7/101

FHE B 25 10 5 00 A kR AT RE MR 2 B, R BN B 9 B
o FE9(a) (b)FI(d) i T2 EIF 55 KRN, HERY)
PR B30 BRI AN TS  FEBORT A 5 b A T A o T
K0.871, BEAh, FEET 9 (e) Hh, A2 52 218 B il R A 38
TS LK RS F AR AT AR B 50, 5 R0 301 S AE F)
7230 55 SN FRE 2 (B A7 AR B R A 22 , TR I ] v P A 2

MCD YOLOv11  53.7/38 46.8/27 50.4/36 48.3/28 50.3/36 45.8/28
DE YOLOvI1  57.2/23 49.7/16 53.8/22 50.4/17 51.5221 49.2/18 B2 30 AN e M v, 4 9 R 0.676 F110.758.,
A 63.9/104 55.4/93 59.7/102 58.7/95 59.2/104 57.1/97
bbox_loss cls_loss total_loss
—s— YOLOV11 —e— YOLOV1l | 14 —e— YOLOvV11
—e— Ours 5 —e— Ours —e— Ours
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Fig. 8 Loss function convergence curve
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(a) Rainy day scenario

(a) FIRH

(b)  Rainy night scenario
(b) TS

(¢)  Snowy day scenario

(¢) TR

(d) Foggy day scenario
(d) ZFXR%H

Fig. 9 Examples of localization uncertainty
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[0, JL4 Gaussian YOLOv1 138 3 5 | A 3 T 5 i 43 4 1Y
AN e PR AR FE BRSSO R LR LR B9 YOLOvI 1 SR LA
W ARARAFAE Bk, M2 R, AR SO vk R
F T YOLOVIT ZEA R RSS9 H Ak R fE . X

S gl AN A RO T H AR AR SRR AE AN B T 5 | R
%) T A5 R R A T LA B AR P A Y SRS B T
YOLOv11 Hl Gaussian YOLOv11 , 3X fii 15 46 I 2% 5% 57 432 37
FLRRAE

~ YOLOvIl1

CADC
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[ERESEITES

Gaussian YOLOv11
BTN

Fig. 10 Visualization of detection results
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36 BN T FELL IR A STy ik 43 B AE CADC B ik
£ \BDD10OK 56 3F 5 LA e [ 404 45 S0 3F 45 19 TP A1 FP
Bim . 5 YOLOvI1AH LK, A SC U7 %:4E CADC .BDD100K il
H O E L0 TP 2 B4R T T 17.62% .4.10% .6.83% , [F)
i, FP B 4 IR T 30.06% .22.48% .28.17%., TP {8 1Y
T FP AR (4 96 2> 26 B AR SO A RE T IR A IR G
J7i]

4 ZEiE
TR B R 2 4y AR U0 3 4 S0 01 1 T 7 0 S
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Table 6 Numerical evaluation of FP and TP
%6 FPFITPHIEEITM

YOLOvI1 AR5 A%

TP 64 938 76 380 +17.62

CADC FP 39 365 27 530 30.06
GT 106 854 106 854 0

TP 76 134 79 253 +4.10

BDD100K FP 40876 31689 -22.48
GT 176 132 176 132 0

TP 13 641 14573 +6.83

A @k FP 8432 6057 -28.17
GT 25127 25127 0

Vo 3 I A 2 7 30T A A S T 0 SR AE A D 1l Y
ANHRSENE L 5 1 a3 A A L, 7 o3 A1 RE A8 B T 3
A RRAT B YRR A2 4k, 75 CADC i dla 4
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B mAP@O.5 $2TH T 1.7 4 4005, i fa B i 5| A$E 8 T
R HER M, 7E CADC 38 45 I mAP@O.5 #2715 T 0.8 1>
H o BEAh AR SO R R A AT T E A R AN
B 22 PR N AR RN St B, (A TR e I ) B8 B Jon ¢
AN 2 A A TR, DT R TR R AR R . AR
SCHEAE CADC U4 4 . BDD 100K i 52 A1 7 et % 46 1
) mAP@O.5 73 | B HE e B 5 1 9.3.5.2 I 8.6 1~ 43 A .
[ ERF AN SO 9200 S 8 B T FPAE, RIS T TP A, 52
Y2k R 2O R T T A BB T iz At Fn
PE A B T4 R A B2 3R A I MR RE SR B, BR AR A 2
G L e o
BARTESER =40 FBUS T FaR R H ek 280 i
TA B B R 000 B892 FH 52 o T 000 0 sl sk, 47 T e — A S e
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