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Abstract

When atraffic accident happens, usually arguments on accident responsibility
also accrued. In order to clarify the responsibility and settle the arguments, accident
authentication committees are authorized to review these cases and conclude the
allocation of responsibility. However, in comparing with over 15,000 accident
authentication cases in ayear in Taiwan, there are rather few experts in reviewing
these cases. Therefore, in order to ease the burden of these experts and utilize their
historical authentication cases, an efficiency expert system for accident
authentication is worthy of developing. Besides, because highly professional
knowledge and experience which are accumulated from long term training is
needed for conducting accident authentication, it is a'so important for the system to
effectively educate junior reviewers with these knowledge and experience.

Based on that, this study employs artificial neural network (ANN) to develop
an expert system for two-vehicle crash accident authentication. A total of 538
two-vehicle crash accident cases, i.e. 1,076 drivers involved, from 2000 to 2002 are
selected, which have same judgment between local committee and reviewing
committee for accident authentication. These cases are randomly divided into to
two sets: 70% for training and 30% for validating. The input variables for ANN are
selected by using contingent table analysis and stepwise discriminate analysis from
atotal of 24 accident variables, such as area, driver gender, driver age, vehicle type,
right of the way, etc. The output variable is set as, of course, the degree of
responsibility that the driver is judged to take. Then, different network structures
and settings of parameters are tested and analyzed for proposing a comprising
model. For the sake of comparison, a statistical discriminating analysis model is
also calibrated.

The results show that the ANN model can achieve 77.19% and 72.67% of
correctness rate in training and validating, respectively. The correctness rates of
discrimination analysis model are only 61.84% in training and 58.39% in validating.
Obvioudly, it indicates that the ANN model is more suitable to be the expert system
of accident authentication. Moreover, in order to measure the influence of each
input variable on judging the accident responsibility, an index named as general
influence index (Gl) is computed based on the ANN trained weights. The most
influential variable is highway type, with GI=0.227, followed by right of way
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(GI=0.200), degree of drinking (GI=0.189), relative driving direction (GI=0.097),
types of vehicles (GI=0.056), types of road (GI=0.048), degree of speeding
(GI=0.047). It is aso in accordance with the prior knowledge in accident
authentication.

Keywords Accident Authentication, Artificial Neural Network, Discriminate
Analysis, Expert System.
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12

16
0.05
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18.7963 P 0.0936
0.0936 0.05

9. Xy

11.9226 P 0.4519
0.4519 0.05

10. X0

04321 P 0.9798
0.9798 0.05

11. X1

86.8258 P 0
0.05

12. X2

202.5981 P 0
0.05

13. X3

60

12

0.05

12

0.05

0.05

0.05

0.05

20

12

20
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219405 P
0.3437 0.05
14. X4
212.4884 P
0.05
15. Xis
469196 P
0.0001 0.05
16. Xi6
86.8334 P
0.05
17. X7
38.6112 P
0.05
18. X8
21.7930 P
0.1500 0.05
19. X9

0.3437

0.0001

0.1500

61

0.05

12
0.05

16
0.05

24
0.05

0.05

16
0.05
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202915 P 0.0618
0.0618 0.05

20. X0

47083 P 0.7882
0.7882 0.05

21. X1

11.3951 P 0.4954
0.4954 0.05

22. X2

40.1808 P 0
0.05

23. X3

11.2611 P 0.5067
0.5067 0.05

24. X4

748.2652 P 0
0.05

62

12
0.05

0.05

12
0.05

0.05

12
0.05

0.05
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4.26

36.6179
4.0899
20.9758
22.7497
24.5459
41.2739
13.3982
18.7963

11.9226
0.4321
86.8258
202.5981
21.9405
212.4884
46.9196
86.8334
38.6112
21.7930
20.2915
4.7083
11.3951

40.1808

11.2611
748.2652

001 P 0.05 P 0.01
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X12 X14 XIS X16
X7 X2 Xo4
X X3 X5 Xs Xy
X0 X13 X8 X9
X5 Xo1 X3
4.3 Sepwise Discriminate Analysis, SDA
Lambda
43.1
m Ng Ny,...,Nm
p

X" (i=12,.,n)
X® (i=12,.,n,)

i, 2N,

X™ (i=12,.,n,) , X®=(x® x.‘a)u-,xi(;‘)) (a=12,...m)
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(x‘kf‘),xf(j),---,xﬁj)) N(C,,Y ) a=12,..m k=12..,n
) a k j U, a

I=1 k=1
=SS0 -X ) -X) Q=12
I=1 k=I
W:(\Nij) T:(tu)
m
Hy pu(l) = u(2) == p(m)
H() m
H() m

Wilks A
A=W
| T
—(n—%(p—m)—l)dnA
x* (p(m-1)) k
p-1 P
Y
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p-1 1

p-1 1
W = pl(vvn \NuJ CT= pl(Tll lej
1 W21 sz 1 T21 Tzz
| Wy, |
p-1 A A=
. T,
p p Ap
11 \le
B | W | IV W, B |\N11| 2 _Wzl\NlIl\le‘
P | T | T11 T12 |T11| ' ‘Tzz _T21T1;1T12‘
T21 T22
A 22 —WZIVVIIIVVH‘
= L g
’ ‘Tzz _T21T111T12‘
A,H 1= ‘Tzz _T21T1;1T12‘ - [Vip _WZIVVIIIVVU‘
Ap 22 _W21VV111\N12‘
F=(Ap—1_1)(n_(p_1)_m) F
A, m-1
(m-1),n-(p-1)-m p-1
p
Wilk’s Lambda Lambda

Likelihood Ratio Criterion

Lambda
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Likelihood Ratio Criterion

Lambda
3.
1
2
4.3.2
X1 X5
X6 X7
X1 X2
Xis X6
X9 X20
Xo4 24

Lambda
X3
Xs
X3
X7
X21
5
67

Lambda

SAS
stepwise selection
Xs
Xio
Xi4
X8
X» X23
Y
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SAS

F Value

Wilks'
Lambda

Xi,..

. 1X24

4.27

Canonical
Correlation

664.51

0.21983882

0.19504030

55.72

0.16937445

0.25240123

9.00

0.16158375

0.26119902

541

0.15703131

0.26803815

4.27

0.15351407

0.27258239

3.24

0.15088395

0.27637189

2.35

0.14900152

0.27872154

2.28

0.14719493

0.28156591

1.73

4.28

0.14583133

68

0.28296985
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Xi X2 X4
Xis Xi6 X7
X2 X4
Xo4 X1 X4
Xs X4 Xn
Xis X X4

4.28

005 P 0.1 0.001 P 0.05
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4.28

X17
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5.1

effector

5.1.1
back-propagation network, BPN
Rumelhart et al. 1985
neuron
processing element )
T
5.1 desired
output actual output
error function gradient descent method
W

() :d#féE T
B5.1 #4@L¥ Ehée
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BPN forward

pass backward pass )
I. forward pass
weight transfer
function
2. backward pass )
ANN
learning laws
activation function
scaling
input layer hidden
layer output layer 5.2
1. input layer
f(x)=x
2. hidden layer
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ANN

1
ANN
3 ANN
1
try and error
3. output layer
1 1 2 2
Input Hidden Output
layer laver layer

Forward pass ( output computation }F

Input n

Reverse pass ( weight adjustment )

B52 =Rz EiEmmiEid

51.2

3 BPN 5.2
forward feedback
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(x;)
() ()
(%) (9)
(Fausett, 1994)

X, i=12,...n

z, :f(z_m])
Voj J

P
y_in, wok+Zijjk

j=1

v =fly_in,)
Woj k
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O, =(t, =y f'(y_iny)

Aw, =ad,z; Aw, =asd,

o learning rate
0,1

m
o_in; :z5kwjk
k=1

6,=0_in, f'(z_in,)

Av, =ad,x, Av,, =ao,

w (new) =w, (old)+ Aw

v; (new) = v, (old) + Av,

E[ [=l+1

(E; -EL) ¢
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5.2

BPN

n
z_in; =V, +le.vl.j z; :f(z_mj)
i=l1

P
y_ink:Wok+ZZjok Yk :f(y_ink)
=l

artificial intelligent method

538
70 754
30 322
MATLAB
ANN
BPN
76
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521

Input Layer
Hidden Layer

Output Layer

BPN
1.
|
2 24
X1 X4 X5 X6
X X2 X4
Xis X6 X7 X2
X4 12
3
2.
1
2 24
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X5 X
X X4
X
X
Xis X6
Xoa 12
12
X4
Xs X
X X4
18
78

X2 X4
X2 Xis
9
24
X4 XS X6
X2 X4
X7 X2
24
24
X2 X4
X2 Xis
9
9
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input layer hidden layer output layer

try
and error 5 10 15
53 54 55 5.6
5.1
R EE A ol R
Input layer Hidden layer Output layer
Forward pass ( output computation )
E

AR E - ek (R OEE) SR> T

~ & (X))

B (X)) N\
H ik f}{ﬁ)
X

il (X)( o
;‘ .“1
#3% (Xi)( SN

7
T {}{14,} ¢ 3
AR AR (_XL .? 7 ag
Finie {Xm:‘ ;//J
= EFMA (Xn}
}"’:t (X } ._,.-'"
. B {qu}
-
Reverse pass ( weight adjustment )
5.3
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R e (S0 a) W B

&

W 8 R ¥ R

Input layer Hidden layer Output layer
Forward pass ( output computation )

-
(s xoOk

Reverse pass { weight adjustment )
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G A T - e o g >
/\

LN EX W Loy
Input layer Hidden layer Qutput layer
Forward pass ( output computation )

-

B85 (Xn)( R

HEBPE (X .‘ﬁ“
78 (X))
F4R 4 {x.q}
E TS .‘ﬂh
£ERA (XX i"'

(= (Xu) H"

"!h FHEE
B (X .‘*ﬂ-”*“ﬂ:ﬁlﬂ &4z
e oKy 'ir}'w.' HH&
it (X0 (X '&?’::”:'* '. 1O
A2 ik .'ffﬂf’u‘“ LHEF
i (X .‘f? 'ﬁ pliiy
i i ) .l/jlz'ff;

A T - o O >
N

) .!/J[!‘.-"

Reverse pass ( weight adjustment )
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B E ek 8 > I

EOE R E ey O 2

< #BEE (X))

WA % g o B
Input layer Hidden layer Output layer
Forward pass { output computation )

-
B3 (X0 N

278 (Xn

ik (Xs)
aﬁ;ﬁamf{x“}
0 i QXS

448 A 42 (xm} / iff;.
Bt (X2)() f’é:*:
W B (XQU
e OO
| ”/Ilfﬂ-’ﬂr
i fE .";??‘w‘?!:*
ik .l',éf?gﬂ?
#3548 %) (X /] i
w5 (X)) I/’fﬁ'

S (xu}

L /]
fré (Xia)
waaa (X))
B (X))
B (X))
= Reverse pass ( weight adjustment )
5.6
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5.1

12

1
X, X, X X,
5 10 15
X X X Xis v
Xie X7 Xn Xu
? 1
Xos X2 Xig
5 10 15
Xs Xi Xn Xis v
X X4
24
2

X; Xy X5 Xg 5 10 15
X X X Xis Y
Xie Xi7 X Xu

18

Xos X Xz Xs 5 10 15
X; X X5 Xj Y

5.2.2

BPN Widrow-Hoff

Steepest Gradient Descent Method
Training
Weight Widrow-Hoff
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Recalling

mse t; a;

N

1 1 ¥
F=mse=—>(e)=—>(t.—-a)* N
L3y =130 -a)

i=1

Minima
Conjugate Gradient Levenberg-Marquardt

5.2

Local

2.

3.

4.Levenberg-Marquardt

2001

Levenberg-Marquardt
Hessian
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Hessian

H=J"J

g=1J"e
e
g

J Jacobian

Jacobian
Hessian Levenberg-Marquardt
Hessian
Xy =X, —[IT+ull'Je
p=0 Hessian
1
2001 52

Levenberg-Marquardt

Levenberg-Marquardt

5.3

1076
538

70 754
MATLABG6.5

Sigmoid threshold transfer function
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Linear transfer function
53

53

Levenberg-Marquardt

2500

e’ —e "
a= n -n a=n n

e +e

a

-1 +1
754 70
Y 1 2 3
4 5 0.5
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MSE
15 0.038 5.7
15
0.969 5.8 15
82.63 54

54

FPerformance is 0.0381969, Goal is 1e-006
10 ¢ T T T T

Training-Blue Goal-Black
o
|

0 &00 1000 1500 2000 24500

Stop Training 2500 Epochs

5.7 15
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5.8

MSE

Best Linear Fit: A= {05939 T + (0.1582)

2 Data Paoints

R =0.9659

—— Best Linear Fit

15

10

0.958 5.10
75.73

88

0.051 59
10
10
5.6
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5.5

Training-Blue Goal-Black

Stop Trainingl

Performance is 0.0514664,

Goal is 1e-005

—
DI
=

a

A00 1000 1500
2500 Epochs

59

10

&9

2000 2500
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Best Linear Fit: A= (0.918) T + (0.246) O Data Puoints

& —— Best Linear Fit
- A=T

Sr R=0555

OO OGP O O DO 0D @l O

5.10 10 T

MSE 10 0.036 5.11
10
0.967 512 5.13
10 83.29 5.6

5.6
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Perdormance is 0.0355433, Goal is 1e-005
1I:I E T T T T

1DL

107

Training-Blue Goal-Black

107 L

10

¥ I 1 1 1 1
1] S00 1000 1500 2000 2500

Stop Training 2500 Epochs

5.11 10

10

Best Linear Fit: A= {0.936) T +(0.157) < Data Points

B ' ' —— Best Linear Fit
---- A=T

R =0967 o

5.12 10
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Best Linear Fit: A= ([0.938) T +(0.227) < Data Paints

5 —— Bexst Linear Fit
R = 0.967 gl AT

.

5.13 10
T A
4.
MSE 15 0.030 5.14
15
0.974 5.15 5.16

15 84.88 5.6

5.7
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Perdormance is 0.0296726, Goal is 1e-005
10 ¢ T T T T

10° |

.1:
10 t

107k

10°]

107}

Training-Elue Goal-Black

10° |

100k

u i 1 1 1 1
0 500 1000 1500 2000 2500

Stop Trainingl 2500 Epachs

5.14 15

10

Best Linear Fit: A= (0247 T + ([0.131) < Data Points

B ' ' —— Best Linear Fit
F=05973

- AST

5.15 15
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0.030

2 Data Points
—— Best Linear Fit
gl - A=T

5.8
84.88
0.974
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5.4

54.1

322

95 e-Thesys(92 )



5 72.67

0.927

59
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54.2

Analysis
X4 X12
Xs X X» Xis
X4 9
538 1076
70
754 9
Linear Discriminant Function
30
SAS
5.10 5.11 5.12
Discriminant Analysis
5.10 754
Y=1 ) 195 0.26 195/754
160 021 160/754  Y=3
) 44 0.06 44/754 Y=1 Y=5
Y=2 Y=4

Discriminant

X4
X

Y=2
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5.10

Class Level Information

Frequency Weight Proportion Prior Probability
195 195.0000 0.258621 0.200000
160 160.0000 0.212202 0.200000
44 44.0000 0.058355 0.200000

160.0000 0.212202 0.200000
195.0000 0.258621 0.200000
5.11 SAS 38.16
61.84

5.11

Error Count Estimates for y

2 3 4

Rate

Priors

5.12
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5.12

Linear Discriminant Function for y

Variable

1

2

3

4

5

Constant

-81.13724

-85.94751

-68.41870

-63.77151

-60.06657

2.78910

3.08479

3.14009

3.10901

2.80878

3.44100

3.39216

3.58625

3.54032

3.97520

12.88730

13.52747

11.95009

13.09002

13.48319

0.47883

0.46578

0.76140

0.46569

0.45120

0.58689

1.41560

0.74823

1.34583

0.49569

0.52414

0.94802

0.44141

1.28539

0.70622

0.74941

0.66522

0.90833

0.95623

0.82290

13.89939

14.70040

14.58546

14.43232

14.72105

da(x)

Y

dp(x)

Y

dc(x)

Y

dp(x)

35.36283

33.85504

26.73780

19.31663

17.93883

-81.13724+2.78910X,+3.44100X,+12.88730X5+0.47883X,,+
0.58689X,,%70.52414X,4+0.74941X,5+13.89939X,,+35.36283X4

2

-85.94751+3.08479 X;+3.39216 X4+13.52747 X5+0.46578 X+
1.41560 X,+0.94802 X440.66522 X,5+14.70040 X,,+33.85504 X4

3

-68.41870+3.14009X,+3.58625X4+11.95009X5+0.76140X,+

4

0.74823X,10.44141X,4+0.90833X,5+14.58546X,,+26.73780X4

-63.77151+3.10901X,+3.54032X,4+13.09002X5+0.46569X ,+
1.34583X,,+1.28539X41+0.95623X,5+14.43232X,,+19.31663X,4
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E Y 5

_I_
0X1
4512
Xs510. e
e 17.93
+13.4 N
2.80878X;+ O oo
657+2. et
o +0.706
e 569X,

0.49

2
32 <

da
dy
dc
dp
dg

m g aOw >

X4

5.13

41.61
188/322

5.13

Xll

dy
da
da
da
da

134

X12

dc
dc
dg
dg
dc

X4
d,

dp
dp
dp
dc
dp

XIS
d>

dg
dg
dg
dg
dg

58.39

134/322
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5.5

93

model specification

ANOVA
ANN

ANN

Howes and Crook 1999
general influence  GI
SI potential influence PI
GI
SI PI

Howes and Crook 1999
n h
GI 1

25

/= k= o‘wjk‘

GI(x;,net) = , 1=12,...

Z ‘Vj ‘
=0

101

ANN

specific influence
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53

24
1 1
m
m h W'i
22 =
=t el Zk:O ij‘
GI(x,;,net) = — , 1=12,
ZZ‘VZ/"
[ j=0
Wii ! J
v,iio ] l
2 24
general influence
GI 5.14

102

2
1
on [=12,....m
12
Gl

e-Thesys(92

)



5.14

0.1082900

0.1191500

0.0895030

0.1135800

0.0757930

0.1108300

0.0529580

0.0447160

0.0346550

0.0213280

0.0330500

0.0208780

0.0322280

0.0201770

0.0247130

0.0154210

0.0135530

0.0141260

0.0122650

0.0116020

0.0104940

0.0098130

5.14

GI

0.0033085

GI

103

0.0075710
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5.15 GI

0.2274400
0.2003330
0.1893730
0.0976740
0.0559830
0.0476490
0.0471760
0.0448900
0.0313720
0.0251550
0.0220780
0.0108795

1
2
3
4
5
6
7
8
9

—
S

p—
—

[S—y
(\]

5.14 GI

GI 0.22744
GI 0.200333
GI 0.189373
GI 0.097674 GI 0.055983
GI 0.047649 GI

0.047176 Gl 0.04489 GI

0.031372 GI 0.025155
GI 0.022078 GI

0.0108795

24 GI 5.16

GI GI
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5.16

GI

0.09143

0.07175

0.04915

0.04870

0.04790

0.04655

0.04606

0.04444

Nel oI EEN I i)W IRV, TN I SNu RN OS TR I O I I

0.04409

—_
[e)

0.04282

—
—_—

0.04250

12

0.04187

—_
(98]

0.03848

._
S

0.03771

—
9]

0.03702

—
(o)

0.03614

—_
N

0.03555

—_
o0

0.03426

—_
Ne)

0.03393

[\
S

0.03215

[\
—

0.03147

N
[\

0.03071

[\
(O8]

0.02990

24

12

&)
=

12

12

X12

GI

105

X1
0.07175

0.02383

Xi

X GI

e-Thesys(92

GI

X6

0.09143
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GI  0.04870 Xis GI  0.04790 X7 GI  0.04655
X5 GI - 0.04606 Xs GI  0.04444 Xig

GI  0.04409 X»n GI  0.04282 X9 GI  0.04250
X GI  0.04187

GI

GI Xl,...,X24

Howes and Crook 1999
specific influence SI potential influence PI
3 4

SH(xmety = A0~ [ et )
L net(x) = £ (met (6 )|+ [S ()
PI(x,,net) = max(net(x,))— min(net(x,)) (4)

)

SI(x, met) = £ (net(x)) = S [ (net(x)) - (net(x', )]
net(x) = f{vO + Zh:ai (x)- vi]

al.(x):f(wio +Zn:xj -wy)
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SI

Howes and Crook 1999

x; 0
SI
5.3
5.6
84.88
5
58.39
5
61.84
5

PI
SI
0
PI
Xy
4
SI PI
15
61.84
72.67
5.8
77.19
0.927
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GI 0.22744
GI 0.200333
GI 0.189373
GI 0.097674

GI 0.055983 GI
0.047649 GI 0.047176
GI 0.04489 GI 0.031372
GI 0.025155 GI
0.022078 GI 0.0108795
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6.1

1.
24
X1 Xo X3 X4 X5
X6 X7 Xg X9 XlO
X1 X12 X13 X1a X5
X16 X17 X1 X19
X20 Xo1 X2 Xos X23
2.
Y
X1 X4 X5 X6 X11 X12
X14 X15 X16 X17 X22 X24 12
X6 X16 X17
3. MATLABG6.5 Artificia Neura
Network
4,
5 77.19
72.67
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Discriminant
61.84
58.39
6.
7.
Gl 0.22744
Gl 0.200333
Gl
Gl 0.097674
Gl 0.055983
Gl 0.047649 Gl
Gl 0.04489 Gl
Gl 0.025155
Gl 0.022078
0.0108795
8.
6.2
1.
2.

110

Analysis

Gl

0.189373
0.047176
0.031372

Gl
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538

11

1076
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