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Abstract

This paper proposes a fuzzy neural netw@eIN) based approach to construct an individual-oriented car-following
system. The feature of this system is firstly to incorporate a personal risk-taking factor in addition to other mechanical
factors as the input parameters. Through the learning capability of artificial network, the complex membership func-
tions between the input factors and the outfugt., the appropriate car-following headwagan be efficiently estab-

lished, and then the fuzzy logic rules can be properly constructed. The performance of the FNN system is finally
assessed against the field data. The results are inspiring that the system is proven capable of providing highly accurate
predictions of the required car-following headways from person to person at various speeds. The success of this study
provides some clues of utilizing FNN techniques in exploring some individual-oriented machines.

Keywords: Car-following Indicator; FNN Techniques; Headways; Individual-oriented Machines; Neural Networks

1. INTRODUCTION the state of the cruising vehicle, the actions of the driver

. . . . play a significant role in the effectiveness of any designed-in
Itis a known fact that a minimum space is required betwee@afety device. However, measurement of driver perfor-

cruising vehicles to prevent collision. The space betweennance with respect to road safety, is a matter of great dif-
vehicles, on the other hand, influences roadway capacityic, iy, Most of the difficulties lie on the methodology used
which in turn affects the level of service to the users. In theIn evaluating drivers’ performance, especially with respect

past, severa} theories concerr_ﬂng vehicle spacing h_ave begg safety-related decision behaviddobbins et al., 19611
suggestedPipes, 1953; Dobbins et al., 1962; Sakai & Na- Neyertheless. the drivers’ decision-making skills may be ra-

gao, 1969; Manheim, 1979; Roberston, 1979; Hulbert, 1982441y treated as a significant factor governing the inter-
Ross, 1985; Shenk, 1986owever, none of them ever in- 5 .tjon hetween the vehicle and its environment. These

volved any parameter that may reflect human performanceactions ultimately determine the safety of the driver's

This is an important aspect in the consideration of traffic,tions. A previous papétu, 1994 has successfully dem-
safety and efficiency. Traffic control devices may be em-qngirated the feasibility of introducing a risk-taking factor
ployed to protect drivers, train prospective drivers ade-

- i , into the Pipes’ equatiofPipes, 1958to reflect individual-
quately, and improve the behavior of violators only after ajry of grivers’ behaviors. Accordingly, this work will broaden

thorough understanding of driver behavior has been obtaineghe pasis to include risk-taking factor into the measurable
This paper will mainly focus on constructing a fuzzy neu- \achanical factorf.e., the speed of car and the free travel

ral network (FNN) adaptive car-following system to re- ¢ the prake pedalas the input parameters, while the de-
mind drivers to keep proper spacingseadwaysduring  gjreq car-following headway serves as the output. Fuzzy-

cruises. Supposing that the driver is solely responsible fope 14 algorithm is then used to construct an individually

oriented car-following indicator. Through testing, the indi-

. . . _cator developed in this work has accurately signified the
Reprint requests to: Pai-Chuan Lu, Department of Mechanical Engi-

neering, National Lien Ho College of Technology and Commerce, 1 LienreqlJIred person-to-person car-following headways at vari-
Kung Rd., Miaoli 36012, Taiwan, R. O. C.; E-mail: pcl@alumni.nctu.edu.tw OUS speeds.
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2. THE INPUT FOR THE FUZZY NEURAL alcohol, drug, or substance dependency that could impair
NETWORK driving ability. The average yearly mileage driven by appli-
cants was 242,100 km. Individuals were briefed as to the

The speed of the car, the free travel of the brake pedal, anﬁiature of the study. They were asked to read an information

the individual risk-taking f‘.”‘Ctor fgr drivers are the inputs letter describing the study and its associated benefits and
for the FNN system. The risk-taking factor represents P€Ttisks. Qualified applicants who agreed to participate also

sonal drivipg behaviors, while the othe'rs are closely relate%igned a waiver indemnifying us from any liability obliga-

:ﬁ metﬁhanlca! redsponsfeTI of \.'eh'ﬂes'dlt is only common Sensgy, Participants were then shown the research vehicle, and
at ? re?w:ﬁ car-g O;N'n%_ Iea (;Na%/hmutsrt] 'n%readsetr']r]nstructed on its operation. Before each trial, participants

]E)rop;)r |or: ?‘the kS)pelf 0 (;/el I(;]el.l dnt €o ?r: an ,t' Svere asked to adjust the driver’s seat and viewing mirrors,

ree travel of the brake pedal shall determine the reaction s ye| s required to fasten the seat belt. The tests used five

tlme_needed to activate the brake mech_amsm. . different manual-transmission vehicl@yota Corolla, Ford
It is essential to conceive an appropriate expression foﬁ'elstar, Toyota Tercel, Nissan Cefiro, Honda Gityre free
the risk-taking factor in driving behaviors before introduc-

. . . travel of the brake pedal was changed and recorded before
ing this factor as one of the inputs for the FNN system. The

. L X every test. All the participants were randomly assigned to
previous worlf(Lu, 1999 creatgd the following risk-taking the five different vehicles, and each participant was made
factor in an aim to reflect reality:

to drive the same vehicle throughout the tests.

Prior to field tests, each participant underwent a test at
the Southern Technology Training Cent®i TC) of the Tai-
wan Highway Bureau to determine the risk-taking factor on
, i a straight lang100 m long. A steel plate(2.5 X 1.5 n?)
whereR, is the distance between the car and the obstaclgciacle was placed at the end of the lane. Then, a laser
when the brake is just applied;andb are adjustable pa-  gisiance detector was mounted on the front license plate
rameters, which can be determined from the field data colp4cet of each test car to measure the distance between the
lected through the computer program designed; WDié&s .51 and the steel plate when brake was applied. The laser
the required horizontal braking distance which can be eXyisiance detector, along with a separate speed recorder in-
pressed agDrew, 1963 stalled in the car, were to be triggered simultaneously by
the brake peddle. Both the laser distance detector and the
speed recorder were connected to a Pentium notebook com-
puter placed inside the test car. Once the driver applies the
brakes upon approaching the steel plate, he activates the la-
whereu, is the speed when the brake is just applidithe  ser distance detector and speed recorder, which in turn si-
coefficient of friction between the pavement and tif€ss  muyjtaneously records the distance between the front end of
the percent_grade divided by 100, a@ds the acceleration the test car and the steel pla&))’ as well as its Spedd/o)
due to gravity. (as shown in Figure)1 This information was stored in the

Itis designed such that whé®, is equal toDy,, the risk-  computer to determine the individual risk-taking factor. The
taking factoru reaches its maximum value of 1. This meansgrivers had to stop the car before it collides with the steel
that the driver is only bold enough to apply the brake wherpjate. The friction coefficient was estimated at 0.02 for the
the car is away from the obstacle at the required minimumysphalt concrete lan@vong, 1993. During the test, every
braking distance. As such, the risk-taking factor is rated aparticipant accelerated the dormant car at the beginning of
the highest level. On the other hand, Rgincreases, the the Jane and then shifted gears alternately from the first gear
corresponding risk-taking factor decreases. This coincideg, the third gear before brake was applied. After the test
with the actual situations. The valuesaodindb (a=0.0169,  was completed, the associate risk-taking factor for each par-

b=0.497] were determined in the previous wdtlu, 1994 ticipant was computed using Eq4) and(2), according to
by a designed computer program to fit the field data. Henceghe collectedr,, V, data.

in this work, Eq.(1) will still be utilized to evaluate the
individual risk-taking factor as one of the inputs for the FNN
system.

1
“7IvaR, - Dy v
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3. EXPERIMENT /T T\
Fifty experienced drivers were recruited from the Taiwan / 7\ N\ ]

Highway Bureau and through newspaper advertisements fo
the study. Applicants had to meet the following criteria: 1

a minimum of 10 yr driving experience) 2o record of se- ‘\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\“

rious traffic violation and accident; and &ee from any Fig. 1. The distance between the car and the obstacle when brake is applied.
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Thefield-test site was a newly paved, asphalt concrete highfrom training patterns. In phase |, a self-organized learning
way in Tainan County, Taiwan. A 1990 four-door manual- scheme is used to locate initial membership functions and
transmission Toyota Corolla served as the leading car; it wat find the presence of rules. In phase Il, a supervised learn-
driven by one of the experiment assistants. In each of the fiveng scheme is used to optimally adjust the membership
different research cars, which were following, a switch wasfunctions for desired outputs. By combining both unsuper-
attached to the turn signal stalk. It was meant to simultavised(self-organizegland supervised learning schemes, the
neously trigger the laser distance detector mounted on the frofgarning speed converges much faster than in the original back-
license plate bracket and the speed recorder. The notebogkopagation learning algorithm since the self-organized learn-
computer was connected to both the laser distance detector aimt) process in phase | has done much of the learning work in
the speed recorder for real-time data collection purposes. advance.

In each trial, participants were separately instructed to
drive along the predetermined route of the local highway.

An experiment assistant sat on the passenger seat at dli1. Connective model

times, to give each participant route guidance. The follow- ) .

ing car was required to track the leading car all throughoufigure 2 shows the connective FNN system of this work.
the test route; the speed of the leading car was maintaineb® System has a total of five layess.is the output vari-
between 30 kifh to 80 knyh. During all the cruises, when @abl€; it stands for the appropriate headway, whilex;, X3

the participant in the following car felt capable of main- &€ the input variables representing the risk-taking factor,
taining an appropriate headwdie., participants had no the speed of the cakm/h), and the free travel of the brake
desire to accelerate or to decelejatbe participant had to Pedalcm), respectively. Nodes in layer | are the input nodes
press the switch on the turn signal stalk to record both théePresenting input linguistic variables. Layer V is the out-
headway distance and the speed at that time. Tests weP8!t layer. Two linguistic nodes are provided for the single
only performed when weather and road conditions permitoutput variable. One is for training da@esired outpytthat
ted: data collection was done between the hours ofS to be fed into this net, and the other is for decision signal
9:30 a.m. and 4:30 p.m. to avoid rush hours, when largéactual outputthat is to be pumped out of this net. Nodes in
fluctuations in traffic density are prevalent. At the end of layer Il and layer IV are term nodes, which act as member-
each trial, participants returned to the STTC research faShip functions to represent the terms of the respective lin-
cility. Only data for highway speed above 30 kimwere  9uistic variables. Each node in layer Il is a rule node, which
included in the analyses. Additional data, which includegrepresents one fuzzy rule. Therefore, all the layer Ill nodes

time spent driving to and from the STTC facility to the formafuzzy base. Links in layer Ill and layer IV serve as a
highway, were not included. connective inference engine that prevents the rule-matching

process. Layer Il links define the preconditions of the rule

nodes, while layer IV links define the consequences of the

4. STRUCTURE OF THE EUZZY NEURAL rule nodes. For each rule node, there is, at most, one link
NETWORK (maybe nongfrom some term node of a linguistic node.
The links in layer Il and layer V are fully connected be-

The FNN adopted in this study is a feedforward multilay- tWeen th_e linguistic nodes an_d their _corresponding term
ered network which integrates the basic elements and funélodes. Figure 3 shows the basic functions of a node. Asso-
tions of a traditional fuzzy logic controller into a connective ciated with the fan-in of a node is an integration functfon -
structure possessing distributed learning abilities. The fuzz%i‘/h'd.1 serves to combine information from other nodes. This
decision networks can be constructed from training patiunction provides the net input for this node.

terns by machine learning techniques. The connective struc-

ture can be trained to develop fuzzy logic rules and to find net— input = f(uf, u§,... ug; X, ... o) ©)
optimal inpufoutput membership functions. This connec-

tive model also provides human-understandable meaning i¢here the superscript indicates the layer number. A second
the normal feedforward multilayer neural network in which Node action is to output an activation value as a function of
the internal units are always opaque to users. The advartS net input

tage of bringing the learning abilities of neural networks to

the fuzzy logic systems of this connective model is that it output= of = a( f) 4)
prevents the inference engine rule-matching time prevalent

in traditional fuzzy logic systems; it also provides a prom-where &-) denotes the activation function. The functidns

ising approach. anda of the nodes in each of the five layers of this connec-
Due to the nature of this work, the two-phase unsuperyisedtive model are as follows:

supervised learning algoriththin & Lee, 1992 for the FNN Layer I:

was used. It combines unsupervised and supervised learning

schemes to construct fuzzy neural networks automatically f=u' and a=f (5
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Fig. 2. The fuzzy neural networkFNN).
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Fig. 3. Basic node structure in a neural network.
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Layer Il
2 _m)2
f= Lo my)” 2m,J) and a=ef (6)
(Tij
Layer III:
f = min(ui,u3,....ud) and a=f (7)
Layer IV:
P
f=>u and a=min(1,f) (8)
i=1
Layer V:
f=3Sofu =3(mjo;)u? and a= o 9
1) 1 1) 1) I 20” u|5

Based on the above connective structure, this two-stage learn-
ing algorithm will determine the optimal centefnsy; ) and
widths (o;) of term nodes in layer Il and layer IV. It will
also learn fuzzy logic rules by deciding the existence and
connection types of the links at layer Il and layer IV.
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4.2. Self-organized learning phase wherewj; is the weight of the link between thh rule node

_ o _ _ and thejth output term node, and’* serves as a win-loss
Given the training input datg (t), i = 1,...,n, the desired  jndex of thejth term node in layer IV.
output valuey; (t), i =1,...,m, the fuzzy partitionsT (x)| The whole training data set was placed under competi-
and|[T(y)|, and the desired shapes of membership functive learning. The link weights in layer IV represent the
tions, the task therefore is to locate the membership funCstrength of the corresponding rule consequence found. At
tions and to find the fuzzy logic rules. In this phase, themost, one link with maximum weight is chosen from the
network works in a two-sided manner, that iS, the nodes anans Connecting a rule node to the term nodes of an output
links in layer IV are in the up—down transmission mode, sQjinguistic node, and the others are deleted. Hence, only one
that the training input and output data are fed into this netterm in an output linguistic variable’s term set can become
work from both sides. a consequence of a fuzzy logic rule. If all the link weights

The center{means and the widthg(variance$ of the  petween a rule node and the term nodes of an output lin-
membership functions are determined by self-organizegyyistic node are very small, then all the corresponding links
learning techniques analogous to statistical clustering. Kogre deleted. This means that this rule node has little or no
honen’s feature-maps algorithiidohonen, 1988is adopted  relation to this output linguistic variable. If all the links be-

to find the centem of the membership function. tween a rule node and the layer IV nodes are deleted, then
this rule node can be eliminated since it does not affect the
[X(t) = Moiosest)] = min {x(t) = m; (O]} (10 outputs.

After the rule node consequences are determined, the rule
Metosestt + 1) = Mooses(t) + @ (1) [X(1) — Myosesft)] (11) ~ COmMbinations are performed to reduce the number of rules.
The criteria for a set of rule nodes to be combined into a
mi(t+1) = m(t), for m; # Mejosess (12) single rule node are)lhey have exactly the same conse-
guences; 2some preconditions are common to all the rule

wherea(t) is a monotonically decreasing scalar learningdes in this set; and 3he union of other preconditions of
rate, anck = | T(x)|. Once the centers of membership func- t_hesg rqle no_des composes the whole term set of some input
tions are found, their widths may then be determined througllinguIStIC variables. If a set of nodes can meet these crlterlg,
the N-nearest-neighbor heuristic, by minimizing the follow- tNen only a new rule node possessing common precondi-

ing objective function with respect to the widths. tions may be used tp replace this set of rule nodes. An ex-
ample is illustrated in Figure 4.

=33 S (P0) - 19

= ENpearest !

wherer is an overlap parameter. Additionally, the widths
can be simply determined by the first-nearest-neighbor heu-
ristic at this stage as

m; —m
o = | i . closesi. (14)

After the parameters of the membership functions are found, 0

the signals from both external sides may reach the output

points of term nodes in layer Il and layer IV. Furthermore, I I I
the outputs of term nodes in layer Il may be transmitted to

rule nodes through the initial architecture of the layer IlI y

links; thereby providing the firing strength of each rule node. —

Based on the rule firing strengths?(t)] and the outputs of O O

term nodes in layer 1Yo (t)], the correct rule node conse-

guence linkglayer 1V links) for finding the existing fuzzy O 6 O 6O @O Rulenodes)

logic rule are decided by competitive learning algorithms.
The following competitive learning law is used to update

these weights for each training data set. % o OJ \O ) OJ &Oj
XO Xl X9
w; (1) = of (—wj + o), (19 Fig. 4. Example of rule node combination.
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Furthermore, note that initially in layer Ill, as many as The center parameter is updated by
possible rule nodes were placed before training. However,
the algorithm designed for rule n(_)d_e combination deleted m(t+ 1) = m(t) + nly(t) — y(t)]ai__ui._ (21)
the redundant rule nodes after training. On the other hand, SoiUj
with respect to layer 1V, the number of nodes, whichisre- i ) i
lated to the number of output pattern groups, is determinedMilarly, the adaptive rule of the wid, is
rationally by users’ experiences; this is the same way used

5
to determine the number of nodes in layer Il. OE _ 0E da it

doi  9a of® doy

miu;(Sou) — (Emoy)u;
(Soiu)?

4.3. Supervised learning phase = —[y(t) — §(1)] (22)

The whole network structure was established after the fuzzy

logic rules were found. Network then proceeded to the secThe width parameter is updated by
ond learning phase to adjust the parameters of the member-

ship functions optimally. In the second learning phase, them(t +1) = oy(t) + mLy(t) — §(0)]
network operation was in the feedforward manner; thatis, the (Soiu)?
nodes and the links in layer IV were in the down—up trans-

mission mode. The goal was to minimize the error function

The error to be propagated to the preceding layer is

mu; (Soiu;) — Emioju)y;

(23)

E =3y —§1)]> 16
Ay = §(t)] (16) . SE 3E 2a
. . . 8= o = "z s YO~ (24)
wherey(t) is the desired output, aridt) is the current out- 9 a g
put. Assuming thab is the adjustable parameter in a node |ayer IV. In this layer, only the error signais?) need to

(e.g., the center of a memberShip fUnCDi,dhe Iearning rule be Computed and propagated_ 'B'ifa's derived by

used is

. oE JE 0a; oE d(net— input)®

oE TS U T Ta o, a(net—inpuos &
Aw % — — (17) i i ol p i
Jw
(25
OE
ot+1) =)ty (— £> (18)  where[from Eq.(9)]

d(net—inpud®  of°  moi(Soiu) — (Emigiui)a;

wheren is the learning rate, and 7 T Sou)? (26)
9E _ 9E d(net— input) and from Eq.(24)
do  d(net— input) dw
___® —E——55—— t) — gt 27
_9Eof a(net—input® ~ of> = ~[y® = (). @7)
of dw
Hence, the error signal is
_ 9E da of 19
" da of do’ P oo Mioi(Soiu) — (Soiui)o;
5t = [y(t) = 9(v)] Cot)2 (28)
Bgll-shaped membership fupctlons with centeﬁis'and Layer Ill. In this layer, only the error signals need to be
widths o are used as the adjustable parameters in all the, | jjated. According to Eq8), the error signal is
computations. The derivatives of the error functigrior '
each layer is illustrated as follows: 52 JE  OE 9y
Layer V. From Eq.(19) and Eq.(9), the adaptive rule of Loh ey o
the centem; is 9E a(net— inpu®
= — p o
JEOE a f d(net— input) &
om,  da of® om, af4
= -8~
Jdu;
a;y;
= = [y® — YOl g (20 _ 29
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Hence, the error signal & = &/ would be used for training; the others were employed for

Layer II. From Eq.(19) and Eq.(6), the adaptive rule of testing after the network has been well trained.

my can be derived from

5. RESULTS AND DISCUSSION
Efﬁ%a_fifﬁefi Z(Ui_mij) (30) . .
omy  oay o omy  oay oz Once FNN has been tralneq, it was tgsted by'th'e data from
the data base that were not included in the training process.
Figure 5 shows the learned membership functions, pf,,
X3, andy after phase | and phase Il of the learning process.

Based on these membership functions, it was able to con-

where[from Eqg.(29)]

oE JE d(net— inpup* ; ;
78 = = Jnet— mpudF ( aal- puy (31 struct further fuzzy logic rules. Figure 6 shows the curve of
ook P ' the mean error with respect to the number of epochs. The
9E JE learning rate was set at 0.1 and the error tolerance is 0.01.

Fnet—inputk ~ afg 52 (32)  The convergence mean error decreases dramatically at the
P K beginning; this means that the phase | of the learning pro-

and from Eq(7),

d(net—inpup®  of3 1.0
02 o 39 081
- 06+ X - ——IN/ X
Equation(33) is equal to 1 only ili? is identical to the min- &D 04 F--1-
imum input of rule node. Otherwise, Eq(33) is equal to 02l |/
0. Hence, 0.0 N VIR 748 T N o L)
0.75 0.78 0.81 0.84 087 090 093 0.96
JE
- Ek:qk, (34) State X1
1.0
where the summation is performed over the rule node des- 0.8
tinations ofa;, andq, is equal tas¢. a; should be minimum 0.6
in kth rule node’s inputs; otherwisq, is equal to 0. Hence, ~ M®2
the adaptive rule of; is
0.2
0.0
oE | 2(uy —my) )
my (- 2) = my (1) — g et T (35 30
State X2
Likewise, the following is obtained from Eq&l9), (6), and 1.0
(31), 0.8
. ) ) MO3) 0.6
JE JE da; of; JE i — M C /N LN
_:___:_efi(u—sJ). (36) 0.4
aaij 0a; af| 80'“« 08, ajj 02 F \
. 0'0 1 1 1 L 1 i i I L 1
Hence, the adaptive rule of; becomes 064 074 084 094 1.04 114 124
IE |, 2(u —my)? State X3
aj i 1.0
_ o _ os8F b A X AN /
As in all other neural network training, the entire FNN’s 061 - N
learning process is terminated once the learning error is lessMm (Y1) 04l |
than the criteria designated value. Then, the learned fuzzy 0'2 |

logic rules can be easily read from the final structure of the 0.0 L . ‘ ‘
_FNN. In p_artlcular, therg is only one error criterion needed 0 14 18 22 2% 30 34 38
in the entire FNN learning process.

In establishing the data base for the fuzzy neural net-
work, 3526 field data were collected, but only half of them Fig. 5. Learned membership functions.

State Y1
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Fig. 6. Learning curve: mean error versus tirfepoch. 30 40 50 60 70 80
Speed (km/hr)

Fig. 8. The FNN headway predictions for the participant with a 0.87 risk-

cess shared much of the learning work. Finally, it used théaking factor(s).
trained net to perform predictions in conditions where one
input variable is changed within a given range, while the
other variables remained constant. creaseif speedincreases. The predicted values well agree with

Figures 7-9 show the appropriate headways predicted bije data measured as shown. The arithmetic mean errors be-
the FNN system for the three participants, when individualtween the measured and the predicted headways are 4.5%,
risk-taking factors were at 0.83, 0.87, and 0.92, respectively3.7%, and 2.9%, respectively. For the participant showing a
The three participants drove the same test car in the experiisk-taking factor of 0.92, the effect of speed on the appro-
ment; free travel of the brake pedal was at 1.2 cm. The speegfriate headway was modest at low speeds; however, the ap-
variations from Figures 6—8 ranged from 30 Kmto 80 knyh  propriate headway increased sharply as speed increased at high
in conformity with the range of data collection. In these fig- speed level. This phenomenon could probably explain the high
ures, FNN predicted that the appropriate headway shall indecision-making variability noted in the participants belong-

40 40

301

(e
o

[\
(=]

Predicted Appropriate Headway (m)
Predicted Appropriate Headway (m)

10 1 1 1 1 1 1 1 1 1
30 40 50 60 70 80
Speed (km/hr) Speed (km/hr)
Fig. 7. The FNN headway predictions for the participant with a 0.83 risk- Fig. 9. The FNN headway predictions for the participant with a 0.92 risk-
taking factor( ). taking factor( w).
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ing to the high risk-taking group. The comparison between thehroughout the same range of data collection. However, itwas
appropriate headways for the said three participants, and thatso noted that, for the participants with higher risk-taking fac-
of a participant having a 0.94 risk-taking factor, is shown intors, the variation in the appropriate headway changing rate,
Figure 10. Itrevealed that participants with higher risk-takingwith respect to speed, was larger when speed ranged from 30
factors needed smaller distance headways, and this was not&th/h to 80 knyh. Table 1 shows the ratio of FNN prediction

Table 1. The FNN prediction errors against mesured data of

each participant

Participant Max. error Min. error Average error
number (%) (%) (%)
1 7.7 2.3 35
2 5.4 1.2 2.4
3 8.6 35 4.5
4 8.9 2.6 4.2
5 8.0 25 3.7
6 4.8 1.2 3.1
7 3.9 2.2 3.6
8 4.5 2.1 2.9
9 4.7 3.1 3.4

10 4.9 2.8 3.7

11 4.8 2.2 2.9

12 4.9 2.1 25

13 4.7 1.8 2.8

14 5.6 3.6 4.4

15 6.8 3.7 4.5

16 5.6 2.0 3.4

17 5.9 2.8 4.3

18 35 2.3 2.9

19 6.5 25 3.8

20 8.6 35 4.3

21 5.1 1.3 2.7

22 5.4 1.9 2.8

23 7.6 2.6 3.7

24 8.9 3.8 45

25 7.8 2.3 3.8

26 8.9 2.3 4.2

27 7.5 2.6 3.7

28 8.7 3.2 4.2

29 4.8 11 2.1

30 7.9 2.1 3.4

31 8.1 15 3.6

32 5.1 1.3 2.4

33 6.2 14 25

34 3.9 0.7 1.6

35 7.2 2.1 3.6

36 8.9 3.2 3.8

37 8.5 25 4.0

38 4.7 12 1.9

39 5.7 1.2 2.4

40 5.7 11 25

41 7.2 2.2 35

42 7.5 2.1 3.4

43 6.8 15 2.9

44 7.3 2.7 35

45 7.9 2.7 3.7

46 8.7 3.4 4.2

47 9.0 35 4.4

48 8.8 2.9 4.5

49 6.1 15 2.9

50 6.7 2.3 3.2
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errors against measured data made on each participant’s per-
formance at different speed levels, ranging from 3Q'krto

80 kmy/h. The maximum prediction error rate noted in all the
participants is less than 9%; while average error rate is less
than 4.5%. Furthermore, test data were not included in the
training stage; hence, based on the level of prediction errors,
the performance of the system is found to be outstanding.

The effect of the risk-taking factors on the headways at
various speeds is illustrated in Figure 11. As expected, the
predicted appropriate headways decrease as the risk-taking
factors increase. It has to be noted that from the design of
this work, each person is supposed to have an individual
risk-taking factor. The curves in Figure 11 show the trends
of the predicted appropriate headways for various persons
at different speed levels. Figure 11 also shows that the pre-
dicted appropriate headways increased as the controlled
speed increased.

The trend prediction capability of this FNN system for
brake pedal free travel and the appropriate headway is lim-
ited by the amount of data collected. In this research, only
five different test cars, as mentioned in the above, were cho-
sen. Before each test was started, the brake pedal free travel
of each car was given a mechanism screw adjustment. There
was a total of 50 brake pedal free travel data acquired from
the tests. The FNN system cannot adequately make quality
predictions concerning the effect of the brake pedal free
travel on the appropriate headway from such minimal data.

40

(Hp=083
Q) n=087
Gypr=092
4)p=09%

30

20

Predicted Appropriate Headway (m)

10 1 1 1 1 1 1 1 1 1
30 40 50 60 70 80

Speed (km/hr)

Fig. 10. The effect of speed levels on the headways at various risk-taking
factors.
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40 fact, the portion of time spent on unsupervised learning is
very little compared to the time spent on supervised learn-
ing. This study also attempted using the original backprop-

internal units are always opaque to users. Of course, these
FNN advantages means increased number of layers, which
in turn, results in the complexity of the network. However,
when viewed from the learning time saved and the read-
able structure point of view, it is worth the effort.
Furthermore, it was noticed that all the existing car-
following models are incapable of modelling the risk-
taking behavior of drivers. The previous wofku, 1994
modified the conventional Pipes’ equation into a speed non-
linear form, which involved the risk-taking factor defined
by Eqg. (1). The input variables used were the risk-taking
factor and the speed. The desired headways predicted by
the modified model are close to the results shown in Fig-
Thus, the expansion of the data base shall become one afe 10. However, the key issue in this work is that none of
main tasks that future research needs to accomplish. the car-following models will be framed as prerequisite; only
The prototype of the FNN car-following indicator is il- the designed risk-taking factor is utilized to describe the char-
lustrated in Figure 12. The three parametersx,, andx;,  acter of driver's behavior. After taking the brake pedal free
as mentioned earlier, are fed into the fuzzifier by means ofravel and vehicle speed together with the risk-taking fac-
the risk-taking factor evaluator, the speed sensor, and ther, the FNN system automatically starts with the predic-
brake pedal free travel sensor. Through fuzzy inference, thgon process.
predicted appropriate headway distanggsat various speed In the future, two pressing issues have to be investigated
levels are obtained. The predicted headways will then béo improve the system; one is the involvement of more ve-
compared with the actual headways) measured at mean hicle condition parameters in addition to the brake pedal
time by the laser distance detector mounted on the front lifree travel as input parameters. The hydraulic pressure in

1) 70 km/hr

Ezzsokm/hr agation to learn the same data. It took around 1 wk to
g o converge, whereas with the FNN, it took onl¥ 2 to con-
§ 30t verge. Both procedures were executed using the same per-
9 sonal computer. The learning time saved by FNN is dramatic
) and could be over two orders. The other significant advan-
2 tage of FNN is its readable structure. FNN’'s connective
5« model provides human-understandable meaning to the nor-
E; 20 mal feedforward multilayer neural network in which the
3
§

10 : : ‘ :
0.82 0.84 0.86 088 09 092 094 0.96
Risk-Taking Factor

Fig. 11. The effect of the risk-taking factors on the headways at various
speed levels.

cense plate bracket of the car. If the measured v@ugis

less than the predicted appropriate valyg then the sys-
tem will activate a signa(z) to the warning alarm to remind possessing higher levels of confidence. This means that more
the driver to slow down.

the brake line, brake torque at the wheel, lining wear, and
S0 on, may also be used as parameters to achieve results

sensors have to be designed and installed in the proper ar-

The significant advantage of FNN over the original back-eas of the vehicle to measure the additional parameters. The
propagation learning algorithm is that the FNN’s learningother issue is to conceive an alternative approach to conve-
speed converges much faster. The learning time includesiently determine the person-oriented risk-taking factor, to
the time spent on unsupervised and supervised learning. Ireplace the current approach which needs to perform the

Speed X2 o uX)[ Tnference u(Y) . Yol y,y ZI Warning
Sensor ™| Fuzzifier Engine Defuzzifier " | comparator Alarm
A A A
x3 x1 y'
Free Travel Risk-Taking Laser
of the Brake Factor gl:égy Rule Distance
Pedal Sensor Evaluator Detector
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Fig. 12. The structure of the FNN car-following Indicator.
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braking test on a straight lane. Furthermore, the impact ofiulbert, J.(1982. Human factors in transportatiofiransportation and

; ; ; ; i Traffic Engineering Handbooknstitute of Transportation Engineer,
the closing rate which the vehicle is achieving on the safe Washington, DC, pp. 121-134.

headway should also be explored in future studies. Kohonen, T.(1988. Self-organization and associative memory, pp. 132—
As shown in this paper, the FNN system can be of great 143. Springer-Verlag, Berlin.

; At FRSCERE ; Lin, C.T. & Lee, C.S5.G(1992. Real-time supervised structyparameter
use in predicting the individual appropriate headway of & learning for fuzzy neural network. Proc. of IEEE Int'| Conf. on Fuzzy

cruising car, and in giving the driver warning signals. Aprop-  systems. pp. 1283-1290. San Diego, CA.
erly designed and trained FNN system is an efficient toolLu, P.C.(1994. Successfully introducing the risk-taking factor into the

ichi ; conventional car-following modeTechnical ReporSTTC-CS-85TP-
for eStab.“Shmg approprlatg headway trends. Three features 4916. The South Technicians Training Center of the Taiwan Highway
are required to achieve this goal: 4 good knowledge of Bureau, Taiwan.
the problem, including the confirmation of the input param-Manheim, M.L.(1979. Fundamentals of Transportation System Analysis
eters; 2an extensive and accurate data base; aad aware- PP 113-115.The M.LT. Press, Cambridge, Massachusetts.

L e .. Pipes, L.A(1953. An operational analysis of traffic dynamickurnal of

ness of the limitations and possibilities offered by FNN. With "~ applied Physics 24 (3p27-281.
regards to the latter, it is necessary to be aware of the limRoberston, D.I(1979. Traffic models and optimum strategies of control—a

itati ; ; i ; review. Proceedings on Traffic Control Systems 276—-289.
itations of the different topologies or designs, learning ruIesROSS’ R(1985. Development, philosophies, and implicatiofzanspor-

and training time, when assessing the FNN predictive tation Research Record 97Iransportation Research Board, Washing-

capabilities. ton, DC, pp. 31-46.
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