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Abstract

Asresearch into pedestrian target detection in rainy and foggy weather has deepened, the limitations
of existing datasets have become increasingly apparent: on the one hand, existing real-world datasets
suffer from severe annotation bias, as they only label clearly visible pedestrian targets while ignoring
blurry instances, leading to inflated model evaluation results; on the other hand, while existing syn-
thetic datasets have a large number of samples, their simulated fog effects exhibit significant defi-
ciencies compared to real-world scenarios. To address these issues, this study redefines the detection
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targets and evaluation criteria and constructs a new real-world rain and fog pedestrian detection
dataset comprising 2400 images, achieved through data cleaning and re-labeling. The dataset pri-
oritizes improving annotation quality in low-resolution, small-object, and complex-scenario condi-
tions, addressing the limitations of existing public datasets, such as insufficient samples and impre-
cise annotations in rain and fog scenarios. Experimental results demonstrate that this dataset can
effectively evaluate the detection performance of pedestrian detection models under complex
weather conditions, providing a more realistic experimental benchmark for pedestrian target de-
tection tasks in rain and fog weather conditions.
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E RTINSy E EATUALSE ST R AZ O TR, 768 R I 45 R0 [ 30728 B A5 1 P v R 43 G E T o
AR, BHEIRE S PSR R, AT NSRS T R R [1]. gk, BT mphE
B 7 BRI FE R B AHL(HOG + SVM) I SR H T Sk il 2 R A [2], SRTMZ T VE(E R 2 50 R G
DU 6 (5 1) 2 o T 4455 v P b B ) A7 AE B S5 SRR [3]e 4RI 7t 1 B P AR B TUR B 24 ST AR A 22, &
5 LA Faster R-CNIN JyAC3E 5 P B BAS I 2% [4] 0 L YOLO [S] A4 2 i B b BORG I 28 , LK FEF- Transformer
ZEF1) DETR RS AY[6], 3 L6 77 VA LE R RS P AN P 7 ThD R I HE S 2 P 3

RGP B AR T AR g s T OIS B R, (HIENE S0 KA T, Rt aeon
SN REAT N B ARG =R Bk . DF AR, IS5 RTS8 R 25 R % . 5140 YOLOVS #5
AI7E Roboflow Pedestrian Yolo v5 dataset 717 ARl #ERfGZ 4 0.98 [7], TifE FOG-TRAINVAL ##4E -
PIHERAZAN 0.81 [8], UbAh, WSS ISR FHUT AR AR 2 W28 19 0. 441 YOLOVSs 7E CUHK
447 NIEE, ExDark fil COCO #dE4E (%) mAP 14 0.84 [9], i #E Foggy Cityscapes [10]%#E 5 _E 1) mAP
fHANA 0.48 [11],

EAFERERE, DA AT RIBIREE R R T 0 H AR T 5 A7 B2 R R . DU 2l
H1) ACDC [12] 4851, wilE 1 fios: HAEAT A AT EMEERES/ N HFR R EREA LB,
HI S AR B — . 5L, RESIDE $dR4E[13] [1416 8 T EW 2 B seBIE, XL E1G L 7E B SEH
RANG R RN LRI, ZEAREIEA R E LAAEA L . NGEMR LR A, Sakaridis 55
N[10]5I A& BN 25 1 753, @I B RIS Rl 59k 3 5, A BUF bR i &, HILET
Cityscapes I T&RINESE T WA B, nE 2 fis: 1) SORESEEARLE: 2) ka5, &L
A A SR E I, WIS A R K. X L BR P EL R TR 1Y (kR

ZE ERTIR, MRS B AT 5 R A U R AR (Y BLSE I S AR A . AN 5T
T Li % A\[13]42 Hiff) RESIDE #HiRAELE, I REMEMEHE AL SARER R, W T — MERFA RS
VIERRR TN S5 AR AR . SO0 IR R, T I AU SR TE L B S S ME R B2 A R ) T T R R
Tt BH RS T AL A Fe 40, 7 5 nT SR J v
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Figure 1. ACDC dataset
1. ACDC #iiE&

Figure 2. Foggy cityscapes dataset
[& 2. Foggy cityscapes #iEE
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1) B PG 2 S5 B E—— L S B S 2 5 B 42 RESIDE (Realistic Single Image Dehazing). %3 SEAMY
L8 KBS N 2R, 8T8 T IE TR, 700 T2 W &k A 05 & vr 4l AES
VLM MERE SRS T AT I RGN G AP FE HILI R P RFZR, Ancuti 5 A[15]
[16]AH4k$2H T NH-HAZE FiI Dense-Haze %45 fE. i, NH-HAZE #HiEERE TN IEFE ST, MW
Dense-Haze BN T B FE Y S LI LEZ SHEUR, A8 T HAEUREE L E Y =
AT AR, NEFEIER RN IR A 1 5 AP I 5. 7218 54 5 2 fi# (Semantic
Foggy Scene Understanding, SFSU)# 7t 1, Sakaridis %5 A [10]i8 5 56t (1) 55 & B AR T Foggy City-
scapes (#a &, ZHHEEAE 20,550 TKKSAMARE R EIUR, AEIRAFM FRTHEN AT TRt 1 &
TR X — AR T 25 R R AR R R, I )5 St FudRAt 1 n] S5 1 508 S 4%

MAEMET T, RECH LENWE R EBIREHT 7 nsdet 7 RuUmEdRSE, Bzt
FIEFXT R 25 KA AT N BAsi il i) & it & sbndERdE8E . A I N AR TT ARG SR, AR E AT
AR, BUESBREBEREIE, AIA B IE R RRBUE S LI R AT R X — IR
Iy wrgeacAs, WERE] SRR AT R AT L .

L LTk, BUA RBIREAER =R R 1) T AN BbsbriEbadEd i, S5 5% H RN
W R 2 2) WS R EARR R EIRM, FONa AR, 3) KREHFE N A AR
I AR AT R o

3. EfERMEE

ABHELEFET RESIDE Y RTTS (Realistic Task-driven Testing Set) 78447, @it RFiEE- 5
b, BRI R AT RGN IE Ve . RS B AR DA R 2 R RN 2555 0 s IR, DA
OUESEI BOR A R S RN . BRI S, BdEiE s BN R TR, AR S FRHARE E
N TS SR, FTHFRE e S — 20 BRI B, FRATTR A 2 M it BE AT X L
SEBG, DA VRS HE A 5 B A2 I R AR

3.1 TENBIRSIEEERE

AT LA B A e bR AR R R, W T — BN 3 sh 2 WU T %
M5 REGREEAR R, RN S : @ SERUEET, K2 RN, T KITTI b
PR N R FZ R I A A (ST H A% SR A% X AR5, i v 5 SURpE A i
fE (Scene Entropy Score, SES) & V.53 £ 137 5t R AL RE /7 o B8 He AL M T 555E YOLOVS % YOLOV12
4 ZARERIAANY, Bttt 255 % (baseline — fine-tuning — full-training), #h25 ¥l Precision-Recall
4. mAP@0.5:0.95 %5 14 Tifatrbf epoch (AR {biEH . i REME &, &2 IUM BUR 21K R
T eI I HURE AR I (FGSM BUth) it e W FE A4S, FHUCR A =S bR E A8 XRHIE,  THEFREF A loU >
0.85 HIFEABEHERN, FrilFEARSEZ M, BT EHL T SO0 B bR 7 24 HE

3.2. WMBFEANESTSEE

FERAE SNSRIV DB B BATR BARSRAAREREAT TR &, R DT SC8 i 4 it
THEAAIRNG: B, B, mEhES BT A Z AMEAE 2 IS AR O SALSE B L (B n, A BEFE
5B EATEANHELLX 7)), SEREAE WHEIF 51N ™ RIS 30, BUARE — Bk, ik, 17
MPREBE SR AL, HIAFNS EZOERM AR, SRR MRS R EOERORES 1
AT NSRBI, HISS T BR R B SEHRR I RIRALRE ). =, =REFANERENZIES 5H K
PIERIIRIR R P sE ik . BRAN, WIIRRBIWE A& TIPS NI O TR R, I8
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SIAFAEAIE N T AR A, B 0] Be/E A A B AT NRRAE I TR 2] o RS 45 T =
PTG BRI R OAT S, AL N 1) B EEFEE . HalE KRBT ER NG — 1 “ W
BAI T H” R CLTH R s 2) sl R bRy B o] WAT N SEBCE RS BURST), W ORI ERE
AT s 3) W =R NN R LE A S 5 H 2R 4) BIBRET A 5 AT ARSI 556 2% i 23 (A
RE).

3.3. BURENRE

ABHEEFET RESIDE f#] RTTS (Realistic Task-driven Testing Set) 7844, % TFEL T TINFELE
RAZ 075 UG o E B i it F2 b, JRATTE Se AN 4322 5k SR MG b 5 T 52 37 AR e I IR R A
HREET KITTI MFEARZN 6 RIS (AR TTE R . Sl AR JE RIS AT 04 K58
KA HURBA A SRR DL, # B 55 (>200 m).  H155(50~200 m) Ak %5 (<50 m)LL 5:3:2 (¥ LL i k4T 43 2
KA wEEd B, BREERNERBEDAE 1 /MT AL AS0E TSR 752453
B2, il 3 Fos i DA ZE AN & T AN FC ARSI B bRy, DR e B i v b B OO BR AN 5 Rk
HARI T 5 B

Figure 3. The RTTS dataset without pedestrians
E 3. FEE1TARRTTS HiEE

FEAR T, BATRE R EERE T BEIL A B M EAT 2100 R0 A 3 4l BRI B 1R
XL EFRAOS O SRR, DLERA X 2. nlE 4 BoR, ERERAUGRET, BT EBE T,
HARRFAERO], X — R — 2 mfal. sl 5 FroR, bRt e RO R T 70y, JRATA IR 282
B (B AR R A, T B 1 AGHI 45 SR AN HERA 1%

DOI: 10.12677/csa.2025.158207 172 THREHURL: 5 R


https://doi.org/10.12677/csa.2025.158207

RABHL, IR

Figure 4. Electric bikes and motorcycles in rainy and foggy weather

4. MEXRS THHEINEMERSE

motorcycle 0.27

M5 E

Figure 5. Images predicted by the training results of the YOLOv8 model
5. J8id YOLOV8 B &5 RFUM e E &

ET IS, ABTAAFE RIS SRNETIER RN, JUER TS . BalEM AT 445
ARy CPEEAE” e XSRS AN R T R SRR T B AR R A, BT DA SR AR
ARIREE T (G FE S AT FEE

i 6@, fEXELA RTTS BlRsei) s, AW ENZEEEL A bR 7 IHm AT A H AR,
KEHEM . FOHB/NAT NEGORBARE . SR, 7R % RARAF N B AR5 4, Bh28/ I H
PRt A RAT A A, IO AR HEh B AN, A SR E AR AR, ATRESEU™ E S R . Bk, AT
TURF M RIEIX LRI PRI/ HAR, FEXTHEAT BObRiE,  CLERTHBIR AR RAIA ST B I 1L RE -

BEAh, wnlEl 6(b) s, EWFTUAT NRIAE S5, T s S A7 78 IR 4 (IRU4) H AR IO AEAE R UITZRACR
PAET T T R AR AR SRR, AHIETT kg S R DS R () A I H B, DA
DA ER T TR

R, Wl 6(c)frn, BANSEERIBIREPFAAERBERFMIN =B . T =RPALIR
SRR I EENE, JCH AR E SOE I T IR, AT R X L F AR AT R G bR, DLt
— PR EE AR ) SE I S S
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Figure 6. The RTTS dataset without pedestrians
6. TEEZITAR RTTS HiRE

g ERTR, FAT N BASRIIES:, ABEFRIERUT AN ZRE(BIERSE. BT EMBEIEE) =
FOZEAE N A BRI H bR o I R G R BRI BE RS AIA AR TAE, B T AL 2400 K EG I PR
RS, HPAREIE 2399 7k, BEHEE 15k, BT & ARSI s m 8 s mv: 47 A 7903
A TR 1665 N R A 114 .
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4. KM 5SRO
4.1. BURSEXIS RARBYERE

FEABTL, BATHE T — D5 2400 5KE 7 RS, TR A INZREE . AR RGIESR,
4373179 2000 k. 200 5K A1 200 5K YOLO &AL TV H358 U5 1) E S AL b dg s F (RS2SR T SFAS AN )
H AR AL M B, AR T YOLOV8 % YOLOV12 R AT I 255 50 10F o il iX — L a8 i,
AT AE LU BRSO RAE 9 55 KA AT N BRI SS th R B, IFRIHEM S5 T & MR
R S EHEE

4.2. SKEIIREE

SEIGHRE RGN Windows1l. K GPU 54 RTX 4050 &+, 2176 GB, CPU A5k 13" Gen
Intel (R) Core (TM) i5-13500H, ¥#FE%= >JHESL N PyTorch2.6.0, 4wfEif & A Python-3.9.

4.3. TEfriEHR

AT FEARR R IR a5 H ARl 4. T H bRkl AL i PERE TP AL, UK K 15 28 (Precision, P).
H A (Recall, R). ~“F-H15 FF 21t (Mean Average Precision, mAP)25 48 FriEAT o

RS2 5 H 01203 0l AN [ A B2 B i 1 BERRY (1) 3 v i R i SR o U Tt &5 SR e v, T 4 [l 2
MDA IERAE AR S Re ST HAT AR Rl A a T

TP
T TP+FP

ey, TP (True Positive) /s HIER, BB IEGH N N IESRHIREAEL: FP (False Positive) /R 1Ef
RS AL R T 9 TR 2R R AR S

R TP
TP+FN

Hrf, FN (False Negative) 3R i s 7,  BPASTRL 5 15 00 A 67 2R R A KL
MAP 43y mAP@0.5 il mAP@ [0.5:0.95] M F 4t it 7 :U7E H AR KT %+, mAP (mean AveragePreci-
sion) i & K H AN [ PP 7720 mAP@0.5 il mAP@ [0.5:0.95].
XFFREAER, PRI (AP) TR A A
AP=[ P(R)dR

MAP J&FTA 2550 AP 13514
MAP = iiAPi
N i3

MAP@[0.5:0.95]f1 15 A X A
MAP @[0.5:0.95] =%§ MAP @(0.5+0.05(k —1))
k=1

4.4, SLRERE SR

4.4.1. FEERSHIESE ST

EABF 7T, FATH YOLOVS. YOLOVY [17]. YOLOV10. YOLOv11 Al YOLOv12 [18]# A 7E [A]—
WREE FBET TS, FEXFE 7 EAIT7E Precision. Recall 71 mAP (mean Average Precision)2s 84845 |-
I, LA PEGE . BUNIRATICE 7 100 467000 BARER M 1E, B AR JS 100 %6 (0°F-3
. BARZRINZE 1R,
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Table 1. Performance comparison of YOLO series models on the self-made dataset in this study

= 1. YOLO RIMERA AN 5= BHI HIRE LA RERIEL

TR P R mAP@0.5 mAP@0.5~0.95
YOLOvV8 0.697 0.611 0.648 0.298
YOLOvV9 0.694 0.608 0.648 0.313
YOLOv10 0.616 0.500 0.551 0.262
YOLOv11 0.619 0.548 0.573 0.274
YOLOv12 0.682 0.598 0.630 0.296

AT 5T — 25 i B e v g BF A (Cross-domain Performance Evaluation), £ 4t E 2041 T YOLO
RYVERITE Z /N R SRR LIRS IR REFa bR, DABRIEBE AR RS RS NIz R S HLikg
B 2 FioR.

Table 2. Performance comparison of the YOLO series models on other public datasets

% 2. YOLO RIEB A H M AT 8RS ERMEREXTEE

Y Kt itk P R MAP@0.5 mAP@0.5~0.95
Yolov10m [19] Simulated Datasets - - 0.395 -
Yolov5 [20] RTTS - - 0.549 0.339
Yolov9 RTTS 0.793 0.737 0.808 0.607
Yolov8 RTTS 0.800 0.480 0.729 0.479

W 7 fos, AT RS R AL IERE, FRATN RTTS Bl SERIASHT 78 i ity i B 2 Bl gRat SR
BEAT UL, A B AR A TN S R BT, RS T A BRI BCR I E 57

1

edestrian 0.71

(@LIE

pedestrian 0.73
pedicab [0. SN GRTMoR:Z

person 0.90

Figure 7. Comparison of the detection effect of the YOLOv8 model on the RTTS dataset and the
self-made dataset (in the figure: the left side shows the training results of RTTS, and the right side
shows the training results of the self-made dataset in this study)

B 7. YOLOV8 #5847% RTTS HiESH S BHIHEE LA R L (EF : ZMA RTTS I
FERRH, AMAKXTRBHIBIEEINZERRG])
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4.4.2. KMMES <RIBS

MSEES 25 R T LG H, YOLOV8 2 YOLOV12 R fE A 5T [ il B s 48 b iR ILAMIC T H A H a4,
TC 18 HERI Z (Precision). 7 7] #% (Recall)if /& mAP (mean Average Precision) {8 #B 4t T8k /KF. Hrh,
YOLOVS (R IUARX 4T, HIEHERZ. A F A mAP E {0 0.697. 0.611 F1 0.648, #)KiAF] 0.700
MIEAE . X FRBIERAE IEREARA 8 70 5 T T SE 1 EA7AE B35 kiR . th4h, mAP@0.5~0.95 B IEH
fiK, H=REF) 0.300.

XGRS RTTS Hls 42 S5 78 RO iy ORI P58 14T N H FnAer I AT 55 I 776 I 6 Ry BR A2k
JUE R RTTS BEGENRE TS R TFIAT AN Bbr, (BT HEBG AT NRETIA T, R Ge 58 2
PR BRI N LS 5. S5 G1E 7 MSEIR S BT, AHIEFUHR ) B R AR S I S PR 55 R
SRR WL 26, RERETE AT M VPG A AL R IR BT T A DI RE 77, 3X A H Aol 450k i) e 7 42 1t
7B IR AR AN Gk T 1)

4.4.3. KMRFISTH

wE 8 fw, AR IE I SEE AT s 1OREEE AR A R ERMERME . Bk, i 8(a) R,
TN EARR R LT R E RIS, S eli T RREARE SR, Fealdxiibes ., WFEsEA
ARSI SRS I AR T8 FLR, & 8(b) AA 8(c) s, =% ZEar i 2 IR th 85 v ) ik
R ARG 2, X 32 B T s S TPz S I SE R A 2 (X 114 4Y), BORBEFR 702 KITTI
FRAENT 6 2 337 55 1R 2o i 43 A SR T 50

pedicab 0.42

ﬁm
(b)

Figure 8. Typical error detection on the new dataset
8. FIEE LR EAIERIRAG N
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5. Wig

AW ST B B R B IR AT AR IR R SE 615 2400 TARTEBIG . M SEIGSE kG, X —HdE M B
SREENETH /& YOLO R AR I 2575 R BUE , (EHXFT-3EF Transformer 228 S IARZY (40 DETR 25) 1M &
B AN A o P 22 5 32 R T AN AR R S S N R B I TR 2 5% . YOLO R AR A AT £5% L [ 1)
LA 941k & (convolutional inductive bias), 7& H1 &5 KUK A5 4TI e CR¥F AR A25E I BI; 177 Transformer
FBA T B KRR R, 0% 2T MBI I SR A fe 78 7 I R 35

HR, Seat gt B /R 3 =56 7 (pedicab) 28 5l AR 5 M BB 2 35K T- 328510, Wl 9 pioR, X—ILGRH
T80T BRI _E I HERR 2 (precision) F1 F B 2 (recall) S R B Fe bR AN . BRI S, X — )@
MR AT R L R AT : 1%, SRS =R FINIIARERE A EAAEREA L, KRG T B
FENGREFE A XZIANFAE R R 5 2], dEmisemy 7 iz feie 7 Hk, RIGEE RS P S8 =5
TS REAE M LA I 32, RIS L 5 958 (cycle) 5238 T B AR 45 W A7 e B AR AL, st — 2 migl 1
A IRV 1) R . X PR AR TR IE I S AE AR B MBS T IR R Y, AMUBRAR TR 73 280G B2, ik
BN T RA RN . RN RS AEH B HL T =R R IR B ROR, RO R A B T
) BRI —

Precision-Confidence Curve

1.0
—— pedestrian
cycle
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= all classes 1.00 at 0.895
0.8

54
o

Precision

I
IS

0.2 4

0.0
0.0 0.2 0.4 0.6 0.8 1.0

Confidence
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1.0
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F1-Confidence Curve
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N
N
/ \
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0.0 0.2 0.4 0.6 0.8 1.0
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0 1
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Figure 9. Statistical example of YOLO v8 training results
[& 9. YOLO v8 Mk R Gt it R fl

6. REERE

AT IS 5 RS T AT N BRI IAT S R IT, £106F YOLO RAERIAE ST J S R AAF T kel 14
Re5 RIBRPE, M IRt — M5 2400 sk EBHE I B IEdE 4, A% YOLOVS £ YOLOvI2 BEAY AT [
RTINS S . RILERR, R YOLO RUIBLIAIE R MY N RIL R, (HAE = BRI NI
TR S, HAERRZE . d IR DL mAP S5 G R AR AR IA B FEAE K.

EEXTIXLE ) R, AW FUHE TR R O SR, RIS VEELA W E R EIEAE . AR
B =R AR DL B e SR UE SR R 5 . IX LS A it B AR SR TR R AE B R AN BV A RE T S R A
2

MR =R SR 2 I8, AR DL RSOy 5, ATIRREEGITRE Y ), A HAR
I AR SR EREARRAT MRS R, IR BUR S TP, FERUR B o =R
530 B v AR R b Ah, TTSR A R T AR ORI 45 (GAN) IR E A 3 58 0775, 85T StyleGAN 545
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TG B LA RN S5 R P R 1) = AR . ISR A B B 3 SRR SN AT A ) L, SR THE R D H K
o) RGP B

BEAh, b B AT AT BRI S, ARKRBE T EIRTH SNSRI SR YE L . RIS B BRIRR L
Jit, AR R S ASE IS B IR RGE) AT N B LR, A AER A PR AR LR PERORI R L. RE LB
SEUR AR S N 7 AT A ) B A, e i B TR SR PR R B R AL T i, AT S S R 55 U AR A0
BE WL EE R RE TR o X TS TR 22 oK), R 5 T A SE R IR (K BE 07 56, DA IR BE SE 3BT R
HA B MRS EARIE R . RBOX LS BRSO 525 2T HE A B S 5537 5t b 0] Sl A BRI R R )
B -

LT, A TR TS R BT IS AE RS, TRah I Bl B R R AT
THIAR, R SR 74X R SRAR RN LA T 7 ARG R AT F 2l 2 B R e M 55 S s B
St AT EE AT ARSI R, WRTHEE S R AT %4 5B R R G Re A A E.

SE K
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