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Abstract:  Traffic accident characteristics are significantly affected by regional distribution. In this paper, traffic
accident characteristics are clustered by the optimized density-based spatial clustering of applications with noise
(DBSCAN) clustering method. The 2019 traffic accident data in Wuxi, China is used as a case study. The open
map API is used to obtain the longitude and latitude of the accident location as an input for the proposed method.
The traditional DBSCAN clustering algorithm normally requires accurate input of the distance threshold and
sample number threshold. This paper develops the DBSCAN clustering model with an adaptive search distance
threshold and sample number threshold. The comparison results of the proposed algorithm with traditional
algorithm show that the optimized algorithm is more intelligent in determining parameters and more accurate in
dividing clusters; the recognition of noise points is more reasonable than the traditional algorithm. The
applicability of the algorithm in the geographical location clustering for urban road traffic accidents is proved by
calculating the model score of the silhouette coefficient in machine learning.
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Table 3  Address matching rates of Geocoding
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Table 4  Result of original DBSCAN algorithm
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Fig. 2 Cluster result of drunk driving accidents
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Fig. 3 Cluster result of not to give way accidents
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Fig. 4 Flow chart of A-DBSCAN algorithm
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Table5 A-DBSCAN algorithm results
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Table 6 Comparison of adaptive parameter adjustment algorithms
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Table 7 Comparison of common clustering algorithms

RESE WRERE B A LL%
A-DBSCAN  O(nlogn) 9 18.6
DENCLUE 0(n’) 5 49.7
MEAN SHIFT ~ O(n) 11 21.8
K-MEANS 0(n) 2 0.0

MFE 6 1] LA i PID H K IE S 5k ) 2
F B A AR 7S | B R, RISCR AR5 34 )H
V2K 52 2 , A3 T B 32 SA-DBSCAN 3
G AR SR A —E W] Fe | (EA SO A TR
(8] 4 2% B AR A543 AR T SA-DBSCAN 532
M T AT LLA H . A MEAN SHIFT 559 X i
(1 kb B K 7% 19 K o b RS AR SCRE DL L, (R
MEAN SHIFT X HAth 5 #5218 (1) R B AFAE BRI
T 25 ; K-MEANS 537 JC v Ab 38 7 W 75 1) o 4
DENCLUE 5592 i I 75 (%) b 2 AE 77 W A 11K 5
I, A SRR

(a) TR

ARG E S 1O 6 JEF PR IE R4 T BEA B
RTINS M HBCRESEOR KA,
b FRA B IR LE SN R 2 IR % IR M I AT DU
 F 2 R RS T O 4 X, R el
B LR BECR 2N BEL AT, B LR AR 08
ARG T, H SRR T, DA RO R AR L IR
DX T B B 5K BLRRT AT R A E 1A T SR
Ho BN IEL S fr 7, TRl LA M 8 L X R 5
) DX RS 73 2 SOR S il — AN, VT BA T 8 0 i
DX SRR AR AR , B T B DR IX T
A BRI TR R B SRS SRR 9 B 55 LA X
SR AR A 5 A, B L XS L R OR AR A —
7% , B Ll X AR USSR B S HOR SR i — 7, 3t
THE RO Al 22 e X A S SRR (TC IR 2
B HEEA TR BIZLT) B SR AEAE AR AT W]tk DX Ry
ik, HEEZ T X oS RIS BE L [T
T W R, AR SO —— 3 I AT 20

. P
“' e ‘
pa | I. . :-..
-~ &g A"- ¥ T A
- -
-s.l” s
v s o w,
" Ngos
Lo
Syl
& - . ‘l w g
Bl T o . ¥ .
€
.
© Proa
. "‘. o
: -

(b) ZEEHhIT

Bl 5 R RUE LEAT 3 HOR 28 B0 A

Fig. 5  Clustering geographical distribution of not to give way accidents
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