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S-FBLS-driven accident severity prediction at urban road intersection

WANG Minghuan, WANG Ruihan, LI Qiaoru, CHEN Liang

(School of Civil andtransportation, Hebei University of Technology, Tianjin 300401, China)

Abstract ; In order to comprehensively improve the effect of traffic accident severity prediction, for the current stage
of traditional machine learning and deep learning methods with limited prediction accuracy and slow convergence of
the network, proposing an improved FBLS method for predicting accident severity at urban road intersection. The
model replaces the feature node layer of BLS with Takagi-Sugeno fuzzy system to extract the hidden features of high-
dimensional accident data more extensively and still retains the fast convergence characteristics of BLS; the SMOTE
algorithm is also fused in the input layer of the FBLS to balance the accident data categories and enhance the
reliability of the prediction results. Through the historical data of traffic accidents in Greater Manchester, UK, the
original FBLS was selected in the horizontal dimension, and RF, SVM, BPNN, LSTM, CNN, which are commonly
used for traffic accident severity prediction, were chosen in the vertical dimension, to compare the model
performance with the S-FBLS. The results show that comparison with the original FBLS, S-FBLS improves the
accuracy of severe accidents by 52.87% , comparison with five comparative models, S-FBLS improves the network
training speed by more than 97% , improves the overall accuracy by 2.2% , 8.95% , 8.68% , 6.47% , 5.64% ,
improves the specificity by an average of 6.49% , improves the sensitivity by an average of 6.31% , and improves
the precision by an average of 5. 66% . The S-FBLS-driven accident severity prediction method can provide a
reliable theoretical support for the early warning of the occurrence of accident at urban road intersection.
Keywords: traffic safety; accident prediction; FBLS; SMOTE algorithm; urban road intersection

TECHT TS 26 A PR AL PP U i E 2R 2 — | HA 2 i A o
WS 5HRATT I FAR B R WA R ASE A R MRS e X R, I, A
S rb A R S P R A AT, FEER A A SO I S R WRFERT G, H dt ml 5 A9 3nl i 3 B T 28 X
AT 22 4 B I T BORR by, T G E R PR R X T O 3 S T

KRS EHEA: 2023 -11-30; FFAHHT: 2024-01-06; MEE X BH: 2025-02-05
P48 B & Ml : hitps://link. enki. net/urlid/23. 1235. T. 20250127. 1527. 002

BEE&WH . BRASRR2EI4 (52372302)

EERN: FHR(1996—) , 5 B-ERF5E A B 52(1978—) 5, Rl i+ A S0l
BEEE: BB = ,chenliang@ hebut. edu. cn



557 3]

TR, & S-FBLS 3K zh {1t 3ok 17 1 5 58 S 10 F 0™ 51 7 3 130 <163 -

VISP RSN BN A TS G R3]
LA BRI R HEAY IR L,

KA LI, B Hb 2 1 A8 18 g™ J 7 1
BB FT b 2o f T T4 R AR 2 53
T GERLAR 4 2T MRS 4 A BEMLARAR T A PR
PETL 5 R AL R AR AL Bl A
T BEROR T A A Y A & e | TR AL 27 ~] U B
G LR SRR N T 2 R 4510 DL R R
o SRR 12 A R S ™ R Y S s B
1 T BGFRIRICR . TEARGERLaR 7 2 1R B I Behi
b, SRR 2] #ESr T 2 Logistic [\15 T 455 0 | 45
G R fr i DX A2 ™ R Y S R R
T HERG RN 77. 41% 5 SCHR[ 5 1% k-means B 15
BEALARMAERIAR 255, I3l 8 SHAP 550306 X 500 25
AT A A AL s TR0 U B RO 83, 20% 5 X
k[ 6 13T XGBoost Fl SVM 43l 57 738 XL H &
™ B R R TN AR AR I TR A AR 03 3] SR 79. 60%
H179.0% ; SCHR[ 8 ] R HTIEAL S XT BP #2225 it
FIOCat , W e 3R 75.90% , FE VR 2 > B
FIF T IR I, SCHK[ 11 115 Bl Keras HEZE$5 4 RNN
B Sk 5 (R Y AR A M 2015—2017 4F- 323 35 itk 17
T, ARy 77, 35% 5 SCHR[ 12 )6 FE 45 BUM
2 SRAIHICIZ M 28 R 45 4, 3 2o 1 2 [T 45 R R0 245
Xof A2 i ™ HE AR B AT RO A 3 A [ R
[ E B R N 86.57% o LA LA IY B HRAS
T R RIR I AEANAFTE A R R Y SR R,
REHWITFEIF R R = B I B8 AN ) T s A
G R T R e = I R e 1
[75.90% ,86.57% ], >4 T M 5 2R 15 3] i X (8] 7K
- BT 75% I 150 WSS Y 38 B 30 A BIF 5% S i K
- BAA R,

SR 2 2] BRI ™ SR B T |- A
AR T 28t Gebl s 2 BEAY (B il T8 S 3 K
AR 2 R SR 2 1 TR B 45 4, SR T I8 2 R B
{18 75 2 Aok S5 o) 2 47 SR AN TR el 190 2 %o T g 44
FRER BRI ol Fe 2218, B 2 B A R i i,
TREREAE OR UE TIUIRG B A9 S Ah b A T R 45 i Sl
B SCHR[ 13 ] HE T 58 2% 2 R4 (broad learning
system, BLS) | iZ 7 ik 5 T IR 24 ) BRI R )2 |
P TERR 0] A2 BTG R 2% | BEAS 7 CRAIE T
PHERS 58 14 [ I I 2 sl N Rk 1], I Ll #6 1
JETH R BB ER IR, 7EOR B BLS 45 # p9Jkat -,
SCHRL 14 19043 7 —Fh bk i pi 28 W0 25 5k | RIVSER)
FaJ& 27 2] Z 8¢ (fuzzy broad learning system, FBLS) ,
It 5445 BLS 76N M AEROR L K il 28 BOW) 2 gtk
177 BUMPEREAY LU HE, 25 R R W B H AL M 22 O 2

4t , FBLS ETMRG B A 2Rk B 13RI T 3%
RIfEE . HHET, 3T BLS 5 FBLS B9 7 i 7E 1543
M) i) e g S AR A5 R T A N
FEHUS T e (4 R, (2 T 10 A0 2 4 U
WFFE Al F 25 FUIR A4S, 25 F FBLS A4 7 1k 78 28
S FRE T PP A A R v T BE

AHIRGE R 1  H s A S R S A A
T, ifp R TR 2 > B TR T 6o G 2 A Al 4 v i st
V8] 245 AL A% 1 %) ) R, T s A %o = A 2800 0 At
ANEIHF )RR, 7 FBLS W% A 251 A SMOTE 3 °%
FERL G R AR AR | B8t —Fh T S-FBLS A3 T
T % S8 ST e o R R O v, o e N e
B MERfHE(ACC) RELEE (SEN) KRR AL (SPE) A
W4 (PRE) X% 7 2 AT IPAG . RS MR o 3ak i
% 2 ST 2 3 ) A O LA E R

1 ZEa

1.1 HiEkiREE#it

BEAKAE R T 2016—2018 4F 25 [ 315 4 52 i
IR UK Road Safety Date, J5UUR 54 £ 29
KAt AR AIE B RS LR AR 4
WA REREFRAL 2B CURRIESE IR, B R R
BRI T L S0 U, EURZ A /Y 2016—2018 4F
K EWHR: ( Greater Manchester ) #1[X 32 18 S i 55
A
1.2 HETESHIESR
1.2.1  Hduiiizk

1) A2 38T BB AC XTI T3S A 52 e A [R] 3k
I 22 ] ) el 3 P 2 S %o A2 308 = EORR AP AR VR AE 1 52
i) , 5 BIF TR R A 5 224 AN [ 3T ) 040 A A ) T
RE X R ) PN A B2 7 A 400, TRl 2 3 R =
OISR b DRI R AR ke 2 5 /| R ok e B o ] RO A
e RIER SR 2 — K2 MW ( Greater Manchester )
SBFFEREAS | DS s A AR 1Y [R] B

2) TER E WFSEREAS () LAtk L, DR A5 210 18 [ 3k i
TE A BCE AR AR A T 3% 28 ) o B 2 s 1) B B
FEAHEATHIRR . B, 45 A O B R 52X A
AN TC KB HE— 5 8, 15 51 2016—2018 4F K
S D130 DX T A8 S A8 T R
1.2.2 7B e

TEM BRFEAS Bl o e B PR R AT T, A
FHOE AR R R BT HEEAE R A0
R VEWIR R GEMRR R R 0 E R IE AR
T3HN XTI B sk 52 B T4 40 2 AR DA i
SRR A RHIERIA RE TR S AL E B A
STHRCR I EE & R R E T 53 0 - 1 2R



- 164 - e NS B | A - = 57 %

PEFECAR AL FE WS AR A EE R IE R IR RE T, (A5
BT DB G b 27 ) A5 85005 S, 70 BE 4Dk B2 A J2 i
PEHUREASRAE . fELL b TAERYBEERE -, 2R 3T B /R
7N A AR IR AR B 5 T 2 SR AT A DG A 4y
B, Z5 R FE 0.05 G T, RN RAE AR it 5 )

GEIRZ A Sig. (BUR) [HI/NT 0. 05, FR U4 FRE
A 5 O™ R 2 ) G I G

R A T N R L R R, B
FI BB B v T A 10 S i 5 ™ R HL B R
B X R, T A5 A5 D T A0 R B
PETIEAN AL 7 X — 5218 22 42 JE 5 i E R IR
R S S 5 E R HOD Z B SRS T T
R Rd IO R (RE /S A6 FE L A SUNE i I PN
ORI 53 D ER R, RO o D AR B R,

RS 5 ™ R IR S v O™ AR R T R, R R AR,
*k1 BEZENxR
Tab.1 Argument list
25 FRAEAR i At 5 ] A5 U
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van W R 0:7%;1: 2
towing_and_articulation PR Y & R E 0:75;1: 72
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leaving_main_road SRS B B A A 0:75%;1:J2
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3 M
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Fig. 1  Fill before and after variable distribution form
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Fig.7 Stability test of S-FBLS
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Tab.5 Horizontal comparison

TR YNZHERT/ s FRREE/ % REBUE/ % KEWRE/ % HEFER/ %
FBLS 0.3 85.90 36.60 30.00 78.91

S-FBLS 0.4 84.66 89.47 85.22 87.05
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Tab.6 Vertical comparison

TR YIGFES/ s FreI/ % RIGE/ % KHIEZ % HERIR/ %

RF 9.0 82.10 88.00 81.30 84.85
SVM 12.0 75.73 80.69 75.27 78.10
BPNN 105.0 75.29 81.43 78.12 78.37
LSTM 160.0 77.74 82.91 81.89 80.58
CNN 394.0 80.00 82.75 81.22 81.41
S-FBLS 0.4 84. 66 89.47 85.22 87.05
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