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Abstract: This paper proposes a new collision risk assessment system for pedestrians’s safety. Monte Carlo Simulation (MCS)
method is a one of the most popular method that rely on repeated random sampling to compute their result, and this method is
also proper to get the results when it is unfeasible or impossible to compute an exact result. Nevertheless its advantages, it
spends much time to calculate the result of some situation, we apply not only MCS but also Neural Networks in this problem.
By Monte carlo method, we make some sample data for input of neural networks and by using this data, neural networks can
be trained for computing collision probability of whole area where can be measured by sensors. By using this trained networks,
we can estimate the collision probability at each positions and velocities with high speed and low error rate. Computer
simulations will be shown the validity of our proposed method.
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Fig. 1. Movement of vehicle and pedestrian.
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Fig. 2. Structure of multi-layer perceptron neural networks.

shen) AZE A7kl wlS =7 wRe] Ak

it
R
o

£ ddske AlzHelle FASsith oldd EAle HA
]’T“ﬂoi T AFE ARgd AEE = UAAT,

] HA& AEHE "W 49 @Y 998 2= A5
JJV} FA TS F Ut wEbd e AANE Fot
o] Monte Carlo E’_J’\E]@% 530}7(] 23 dgeAe] &

& 55 Altsle RAE A
A7e a9 29 #ol %’Jé %(input layer)3} &4
(hidden layer)®@ 22 Z(output layer) ©|Z 7| /‘ﬂ N =
2 FAEe] et 249 F(hidden layer)2]
E(node)d] e Hoo s WAl 7Fesith 2zt
% Abeldle 7EEAZE EAE dEelA o=
QF o] F9] gholl IFERE Fal Fo =

gake w02 7 39 e AAT,

iy, ol

K
z =1, (Do wy < ) (12)
=1

~
[N
W
~

D
y=FQowxz)
=0

z= 49 3 2w 24 39 3 oye =¥ Y
Z4zk ety K= 99 39 A9 Aol De
=9 =E(node) M= etk we 74+ F9 F

o) 3t 22 T st

g A0l AEA @ we

rr ﬁ‘
EH 2 flo gl
I o 1o I o

HEAE YERIT. ey

9 @ 29 99 59

G5 G UL YR o pon 99 dene
sigmoidal, SPO|HEAE P & T2 ARSI 9 A
yo 4 38 7o) A% W e WEe g
T
Wil = wf AW = wf +A(-—) (14)
owy,
oe,
wh' = wh +Auf, = wl, +A-—F) 19
ih
S WAdAE sheg 9T A49E ool e
29 3t yob Fd dolEls) 29 @ d Wmsle] 417
o] E8 3k y7F 58 dolHY &8 3k do ZoA=

2ef o082
1: for i=1:N
20 p(C) = MCS(x,,y,.V.,.V,,)
3:end
4 : network,,, =train(network, ..., [xy V. V_] p(C))
5:p(C,) = sim(network,,... [x, v, V., Vi D

daEF 1L AA darE s

Algorithm 1. Entire algorithm.
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(a) Collsion probability in x and y axis.
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(b) Collision probability in y axis.
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(c) 3D view of collision probability.
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Fig. 3. Collision probability at v,= —6 v,= —80.
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Table 1. Comparative table of result and error of least square
method and neural network (v, = —10, v,= —6).
X y |MCS out| LS out |LS error | NN out | NN error
0 0 0.98 0.4952 | 0.4848 | 0.9759 | 0.0041
-8 0.045 | 0.1915 | 0.1465 0 0.045
0 8 0.061 | 0.2014 | 0.1404 | 0.3473 | 0.2863
8 0.081 | 0.2077 | 0.1267 | 0.2099 | 0.1289
-16 0.011 | 0.0064 | 0.0046 | 0.0438 | 0.0328
8 0.024 | 0.0186 | 0.0054 | 0.079 | 0.055
0 | 16 | 0.028 | 0.0273 | 0.0007 | 0.0374 | 0.0094
8 0.044 | 0.0326 | 0.0114 | 0.0542 | 0.0102
16 0.037 | 0.0343 | 0.0027 | 0.0022 | 0.0348
-24 0.007 0 0.007 0 0.007
-16 0.013 0 0.013 0 0.013
8 0.02 0 0.02 | 0.0457 | 0.0257
0 | 24| 0.023 0 0.023 | 0.0284 | 0.0054
8 0.02 0 0.02 | 0.0262 | 0.0062
16 0.029 0 0.029 | 0.0486 | 0.0196
24 0.033 0 0.033 | 0.0216 | 0.0114
-8 0.018 | 0.0322 | 0.0142 0 0.018
0 | 32 | 0.008 | 0.0387 | 0.0307 | 0.0168 | 0.0088
8 0.02 0.0417 | 0.0217 | 0.0213 | 0.0013
avg 0.05973 0.03805
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