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Abstract 1 We have already proposed a road transportation simmulator for analyzing traffic jam, and called it
MITRAM. The MITRAM consisted of microscopic models for vehicles. The model for a vehicle had capability
of own decision-making through the fuzzy logic. This model is calied Fuzzy Model Vehicle (FMV) which has
hierarchical fuzzy driving logic. The driving logic was constructed by neural networks which learmned
measurement data of actual driving. We have simulated driving of a succeeding vehicle through the FMY,
assuming only two vehicles { a preceding actual vehicle and a succeeding FMYV ) existed. The succeeding FMV
was made to learn many kinds of measurement data { e.g. the preceding vehicle speed and acceleration ). When
the FMV came into the driving states that were not included in the measurement data which we made the FMV
jearn, the FMYVY could not always move correctly and sometimes collided with the preceding vehicle in the
simutation. Only the measurement data were not enough for the FMYV to learn the actual driving. In this paper, we
proposed a measurement data reference simulation method. We could always refer to the measurement data

during simulation so that we calenlated the ideal driving of FMV which was close fo the measwrement data. The

FMV was made to move by not the same but the nearly ideal driving in the measurement data reference
stmulation which provided new learning data for the FMV. The FMV was reconstructed by both the new learning
data and the measurement data. The succeeding vehicle driving was simulated through the reconstructed FMV.

T This méthiod was repéated untl the succeeding FMV did not ¢cotlide “with the précediviy vehicle! We foiind that”
reconstruction for the FMYV with using measurement data reference simulation method was useful for modeling
of the FMV.

1 INTRODUCTION

We have already propesed MITRAM [Satoh et al,
19821, The MITRAM iz a new simulator of road
transportation system for analyzing traffic jam. The
MITRAM consists of microscopic models for
individual vehicles. The microscopic model has
capability of driver’s decision-making through an
application of fuzzy ogic. This microscopic model is
cailed Fuzzy Model Vehicle (FMV). The fuzzy logic
of the FMVY was automatically determined by
measurement data with using a peural network
[ftakura et al, 1993a; 1993b]. The FMV is
constructed with this neural network.

We have simulated acceleration and deceleration
operations of a succeeding vehicle through the FMVY,
assuming only a preceding and a succeeding vehicles
existed. We assumed that the preceding vehicle

would be an actual vehicle and the succeeding
vehicle would be the FMV. Data of the succeeding
vehicle speed, the refative speed of the succeeding to
the preceding vehicle and so on, were obtained as the
strulation data. The simulation data were compared
with the measurement data to evaluate the FMV
[ftakura et al, 1994; 1995]. The simulation data
were sometimes different from the measurement
data,

We could not always make the FMV get actual
acceleration and deceleration operations by making
the FMV leamn only the measurement data. The
MYV could not deal with the states that were not
included in the measurement dats, and sometimes
fell imto these states during simulation. It was
necessary to make the FMVY learn a lot of data
measured in various states. However, these data
could not be obtained easily.
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in this paper, a Measurement Data Reference
(MDR) simulation was proposed. The MDR
simulation provided learning data for the FMV,
instead of measurement of actual driving. The FMY
was reconstricted by using those learning data. This
reconstruction process was repeated several times.
We compared the FMV which was reconstructed
several times with the FMV which was constructed
by only the measurement data. We discussed the
effect of the MDR simulation method on the FMYVY
modeling.

Z.MODEL FOR FMV
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Figure | Simulation for the FMY.

We have simulated one pair of a preceding and 2
succeeding vehicles as shown in Figure 1. A, and ¥,
shown in Figure | are acceleration and speed of the
succeeding vehicle. A, and V, are those of the
preceding vehicle. The relative speed of the
succeeding to the preceding vehicle is V,., , and the
spacing distance between the succeeding and the
preceding vehicles is Dy,

The FMYV evaluated in this paper was a model in

W1E is the smaller so that the influence of ¥: on Vi3
is stronger than that of Y., The emor at ¥ is
distributed to NNT and NNZ at the ratio of W11 W12
during learning with a back propagation method. As
arestlt, the logic in the case where the value of A,(n)
is small can be built into the NN1, and the logic in
the case where the value of A4(f) is large can be built
inio the NN2. We thought that the simulation mode!
shown in Figure 2 was a model in which driving
operations could be changed according to the values
of A0 and D1,

Figure 2 Mode! for the FMV.

which . _drivi ng . ..operatiogs. e Ould - be.-chan éud

according to various conditions. It was shown by
Ttakura et al. [1996]. In order to give any function of

changing the driving operations according to various

- conditions, it is necessary to give selective learning
method depending on conditions to the FMYV.
Consequently, we have proposed the model shown in
Figure 2.

This model consists of four neural networks (NN,
NN2, NN3, and NN4). The FMV was constructed by
this model with a back propagation method learning
the measurement data. V,.{r) and V,(¢) are inputs and
As(++1) is a ouwtpat. WI1, W12, W21, and W22 are
changed according to each value of A,(f) and Dy (1),
Membership functions (W11, W12, W21, and W22)
are used to wnify i, Y2, ¥, and Y. The output
Adt+1) is given as follows:

F, = WIIxXY +Wi12xY,,
V,=WHxY +Wi2xY,,
A(r+1)=W2IXY, +W22xY,. (1)

When the value of A,(r) is small, W11 is the larger
and W12 is the smaller so that the influence of ¥, on
Y12 is stronger than that of Ya. On the other hand,
when the value of Ax(¢) is large, W12 is the larger and

Learning data, which were obtained through
measuremnent of actnal raffic condition, were given

- to the inputs and the. output of the FvIV. The values-

of synapse weights corresponding to the membership
functions of the FMV could be automatically
obtained with using a back propagation method.
We drove two vehicles at roads in a city area to
obtain measurement data. The speed of the vehicles
and the spacing distance between the vehicles were
measured at discrete intervals of 1 second only when
there were no other vehicles between our vehicles.
The data sets for learning of the FMYV were chosen
except on the condition both the preceding and the
succeeding vehicles did not move at the same time.
The total number of the data sets was 45 sets. The 45
data sets were each named Datal, Da?, ..., and
Datad3. The total time for all the data sets was 4252
seconds. The back propagation method for the FMV
was repeated 150 times per one data set,

The previous constraction process for the FMY was
shown in Figure 3. The FMV whose model was
shown in Figare 2 was made to leam only the
measurement data, After learning of the FMYVY, the
As(r+1) of the FMV which succeeded the preceding
actual vehicle was calculated every ¢ time during
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sirmulation in order to obiain simulation data, 'We call
these simulation data “normal simulation data” in
order to distinguish between normal simulation data
and measurement data reference (MDR) simulation
data. The MDR simulation are explained in the next
section. The normal simulation data were used to
svaluate the FMVY by comparing with the
measurernent data,

Measurement data (learning data for the FMV}

¥
| Learning of the FMV. i
¥

i A normal simulation for the FMV. ]

The normal sirmulation data.

| Evaluation of the FMV. |

Figure 3 Previous construction process for the FMYVY.

The learning data for the FMV were only the
measurement data in the previous study. The FMV
could not deal with the states that were not included
in the measurement data and sometimes fell into
these states during the normal simulation. As the
number of the data in the measurement data sets that
the FMV was made to leamn decreased, the number
of the states that were not included in the
measurement data sets was larger. The normal
simulation data were sometimes different from the
measurement data because the number of the data in

D, # o Measurement

\ } ............................................ 3 1
et S VDR sirmatation Astel

c”
Rl N Vi R/,J;Ars(rm
Adh o

A
D, (0) / # Normal Si@l&ﬁ@n
Y f 1 Time

Figure 4 The MDR simulation.

The Afi{r+1), the Arr+1) and the Ac(r+1} are the
accelerations of the succeeding vehicle at #+1 time.
The transition F, R and C shown in Figure 4 result
from the Af{r+1), the Ar{r+1) and the Ac(#+1D)
respectively. The value of Af(#+1} is given from the
output of the FMV shown in Figore 2. The Acd#1)
is an acceleration which made the D, (#+1) of the
MDR simulation data egual to that of the
measurement data. During simulation, Dp..(#+1) is
calculated as

Dy dt+1)=Dp L)+ Vo DA+ 1)=A 1+ 1) (2)
so that the value of Ac{#+1) can be calcuiated by

A{T&-(I‘?‘ 1 }:Dpf.r(f)'}'Va-s(ﬂ'i'Ap(I'i'l )"’”’DP-S(H' 1 ): (3)

the measurement dafa seis was not always Targe:
Therefore, it was necessary to make the FMV leam a
lot of data measured in various siates.

- In- this study,-we.proposed -the. measurement .data.......

reference (MDR)  simulation, instead  of
measurement for actual driving in various states. The
MDR simulation provided the leaming data for the
FMV. The FMV was reconstructed by vsing these
learning data. The reconstruction process was
repeated several times,

3. RECOMNSTRUCTION OF FMY
3.1 Measurement Data Reference Simulation

We would like to explain the MDR simulation with
Figure 4. The open squares in Figure 4 show the D,
of the MDR simulation data obtained by the MDR
simulation. The open circles and the closed squares
show the measurement data and the normal
simulation data respectively. If the Do} of the
normal simulation data was differant from that of the
measyrement data, the Dp{#+1) of the normal
simulation data would be also different from that of
the measuremnent data because the FMY could not
deal with the states that were not incladed in the
measurement data.

because the A{r+1) and the [, (r+1) are given from
the measurement data. The Ardm1) is the
acceleration selected in the MDR simulation and the
value of Ardr+1)is given as follows:

Ar i+ 1) =Glr)- MCS(H D+ Af,{H 1y,
Ao (1 +1)= Ac (1 + D - Af, 0+ 1), (4)

where G{f) is a correcting coefficient. The MDR
simulation data become close to the measurement
data in the case of G()=0 ~ 1, and are equal to the
measarement data in the case of G(H)=1, We thought
that the MDE simulation data were useful for
learning of the FiV in the case where the number of
the measurement data was small.

in this study, we investigated the effect of the G{)
on the reconstruction of FMV. The G(f) was set at a
constant value {type C} or variable values (type V)
during the MDR simulation, Under the type C, the
({7} had a constant value between 0 and 1. Under the
type ¥V, the G(#) had variable values ranging from 0
to 1, and is set as follows:

Glr)=ax{Ad ()-6] (Ad(Dz8)>
G(t)=0 (Ad (1)< 8)> (5
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where §is a threshold given as follows:
8=p3xMAd, {6)

and crand 3 are coefficients which were investigated.
The AdAt) represents an error between the
measurement and the MDR simulation data at Dp.o(#),
and the Ad{f) represents an emor between the
measurement and the normal simulation data. The
“MAD1)” represents the mean Adu(f) during the
normal simulation.

We investigated what G(r) had a good effect and
which type had a better effect on the reconstruction
process for the FMV, The measurement data plus
the MDR simulation data were used as the learning
data for the FMV, The FMV was reconstructed by
these learning data. The next section gives full
details of the reconstruction process for the FMV.

3.2 Reconstruction Processes for FMV

Figure 5 shows the reconstruction processes for the
FMV. All the reconstmctmn processes consisted of
the 0" to the N reconstruction processes. The O°

reconstruction  process equals to the previous
construction process for the FMV shown in Figure 4.

The previous construction process for the FMV
D l %
( The 0" reconstruction process )

When we investigated the G{f) effect on the
reconstruction process for the FMY, we selected
Route 1 in Figure 6. Then, we continued the n+1"
reconstruction process.

+

(set the k™ G(r) pattern.)
"“he Ifh MDR sxmuiatmn [

3 +
g;Measurement daia + the 1™+ the 2™ +
4+ the n-1" MDR simuiaﬁ(}n data &
- {Leaming data for the n-1" reconstructxon)

(Leammg data for tge n' recomstrucnon)

Learning of the n™® FMV.
&
A normal stmulation for the o FMV.

The normal simulation data,
¥

Evaluation of the ™ FMV.

el: Duration of (3, ), < 1(m)
22 MAd.(H

Route 1 ‘L Route 2

IF ¢1=0 and e2<1.2 min{Ae2}
then JY else JM

Iy & JN
Exclusion of the n® MDR
simulation data from leaming data. | |

Criterion

o

k3
} The 1% reconstruetion process ;
¥

The n™ reconstruction process
_(Shownin Figure 6) . . .
il
The N" reconstruction process i

Figure 5 Reconstruction processes for the FMV.

Figure 6 shows the n" reconstruction process Ar
first, the n™ MDR mmulanon asing the n-1" PVMY
were carried out. The n™ MDR simulation data were
obtained from the n MDR simulation. The " MDR
simualation data and the learning data for the n-1"
reconstrucmon were included in the learning data for
the n" reconstruction. The learning data for the n-1"
reconstruction consisted of the measurement data
and from the 1% to the n-1" MDR simulation data.
The FMV whose model was shown in Figure 2 was
made to learn those learning data for the n°
reconstruction,

After learning of the FMV, the normal simulation
was carried out to obtain the normal simulation data,
The normal simulation data were used to evaluate
the FMV. Criteria for the FMV are the duration
when the Dp.(0) of the normal simulation data is less
than T meter (1), and the “MAd(" (e2),

n=n+1{continue the n+1° recenstmction process.)

from the k™ to k+1")

i

(Do 1 D - 0f the rormal simulation data.

MAd(¢) : The mean Ad,(1). '

Ae2: all the &2 obtamed until the n-1% FMV,
Figure 6 The n” reconstruction process.

When we tried to automatically reconstruct the FMV
for each measurement data set, we selected Route 2
in Figure 6. When the Rouie 2 was selected and if
the criterion el equaled to 0 and the criterion €2 wag
1.2 times simaller than mlmmum valee among all the
22 obtained until the n-1" FMYV, then JY would be
selected, else JW would be selected. When the JN
was selected, the n" MDR simulation data were
excluded from the leamning data for the o
reconstmcmon and the G(z) paiterns were changed
from the k" to the k+1",

4. RESULTS
4.1 Comparison between ) Patterns

The FMY that we made learn the measurement data
set named Datal had the largest ALt} in those of
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Daial | Damd 1Daa’6 Datd3
The 0" FMV 107 1251 1347 1318

BT —eeas0020 -me- =0.03,00 Gi=0 629 | 2.04 | 289 | 202

g —a—0=0.02,p=02-- % -~ 0=0.03,5=02 G=0.05 10511176 | 2121 2.86

2 0%k, —oe=0.02,650.5-- & - ¢=0.03,60.5 Type |Gin=0.1 083 | 148 | 261 | 202

¥ W C lGm=02 _ [066]165]229[312

= | Gen=0.5 149 1 1341222 1 280
§ Gli)y=1 1.62 82471292 0260

g a=002, =0 0381 1.76 | 2.27 | 2.60
DG 1 9 3 4 5 =002=02 | 125|132 | 232 | 269
Number of reconstruction process Type |0=002,5=05 079 | 1291 2,28 | 233
Figure & ‘iéeitjlts ﬁf reconsiruction for the FMYVY v gg“} g:g 7 g;g ;Zi ijg; gif
under type ¥ (baat o=003,05 | 131 | 141 | 2.02 | 231
Figure 7 shows the results of the reconstruction for
. the FMV, The several G() patterns under Type C R S —————
were investigated, 50 _MI‘sgeasurement
The MAd,(7) values at G(H=1, G(=0.5 and G(1)=0 oo My
- patterns sometimes became larger than that of the 0% - -fé\-éi.{} _?&ﬂ{) o%vu{))'

FMY. The MAd, (D) value of the 1¥ PMV at G(H=1 ~ 130 ' %
became smaifer than that of the 0™ FMV. However iy
the MAd,(r) value of the 2 FMV became larger. Q20
The 1% FMV and the 2" FMV at G(r)=1 mean that 10
the FMV was made to learn only one measurement .
data set until 300 times and 430 tmes respectively. 0 E E '
We thought that the MAd{#) values did not always -10

the 45 data sets. Therefore, we used Datal fo
investigate the reconsiruction for the FMV

e G} G105 A0,
IS FeomeGapa -2 G=05 -0 G=l !
:::._L
3
=]
=5
=
%0 i 2 3 4 5

Number of reconstruction process

Figure 7 Results of reconstruction for the FMV
under Type C (Datal).

Type V. Especially, the 4" FMV about ¢=0.02 and
=0 had the smallest MAd{r) value. We could not
found the best pattern for ¢ and § because all the
MAL(D) values became smaller and the difference
hetween the MAd.{f) values were slight,

Table 1 shows the minimum MAJL(f) value among
MAdW(f) values from the 1% to 5% FMV. Every
minimum MAd,{r) was smaller than that of the 0¥
FMYVY at every G(1) pattern. The mesh cells in Table
| indicate the minimum valye in the same column
tor each type. Comparing the values in the mesh
ceils, adl the minimum MAJ) values under Type V
were smaller than those under Type C.

Table |  The mininwm MAd(?) value (m) among
MAL(H) values from the 1% to the 5™ FM Vs,

become smaller even if the back propagation method
for the FMV was repeated a lot of times per one
measurement data set.

As for G(H)=0, the MAd,(#) values from the 1¥ to 5"
FMVs did not always become smaller because the
normal simulation data of Datal were different from
the measurement data. On the other side, the
MAd(H) values from the 1% to 5° FMVs always
became smaller about G(0=0.03 and G{H=0.2 .
Figure 8 shows the results of the reconstruction for
the FMV under Type V. All the MAd, (1) values from
the 1% 10 5" FMVs always became smaller under

0 16 26 30 40

Time (s)
Figure 9 Time series of Dy ; for the FMV(Datal),
Figure 9 shows the time series for D,,. The open
squares show the D, of the normal simulation ( the
0™ FMV ) and the open circles show that of the 4™
FMV about g=0.02 and S=0 under Type V. The
MAd(fy valve of the normal simulation s 10.7(m)
and that of the 4% FMV is 0.38(m). The thick line
shows the measurement data for Datal. We proved
that the reconstruction FRV with using the MBR
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simufation method was useful for modeling of the
FMY which could control the same acceleration or
deceleration as the driver.

4.2 Autownatic Reconstructicn Process

We tried an automatic reconstruction procsss which
automatically progressed the reconstruction process
with the MDR simulation. The Route 2 in Figure 6
were selected for the automatic reconstruction
process. The k™ G{#) pattern were selected from 10
patterns at random because the best G(#) pattern for
all the measurement data were not able to found. The
10 patterns consists of afl the 6 patterns from Type V
and the 4 patterns { G{N=0.03, G(=0.1, G(H=0.2,
and G(5)=0.5 ) from Type C. A Criterion el is the
duration when the D,.{#) of the normal simulation
data is less than 1 meter. A criterion 22 is the mean
Ady(). The n™ MDR simulation datz were excluded
from learning data for the 1 FMV and the G(%)
pattern were changed from the k" to k+1" when the
criterion el did not equal to 0 and the crdterion &2
became 1.2 times larger than the minimum value in
all the €2 obtained until the n-1" FMYV. Therefore,
the normal simulation data for the 0¥ FMV were
kept close to the measurement data because the
MDR simulation data that made the FMV different
from the actual driving were excluded.

Figure 10 shows the resulis of the automatic
reconstruction process. The mean Adu(f) became
small gradually for all the data sets (Data$, Data 36,

Gy on the FMVY modeling, The G(r) was set at a
constant value (type C) or variable values (type V).
We also used the automatic reconstruction process.
The resulis are summarized as follows: 1) All the
MAd(f) values from the 1% w0 5% FMVs always
became smaller than that of the 0% FMYV under Type
V. 2)The automatic reconstruction process was
useful becauss the FMY could be improved by one
algorithm of this reconstruction process.

We proved that the reconstruction process with using
the MDR Simulation method was useful for
modeling of the FMVY which could conirol the same
acceleration or deceleration as the driver,
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