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Abstract. The driving braking recognized and predicted was complicated. The driving braking
samples of various braking actions were gained, by means of 3 setting of driving braking
including braking of automobile in front, roadblocks cutting off in other lane were planed and
simulated in the real road environment. Experimental data of driving actions including
automobile velocity, braking velocity and sustained action time were acquired by the driving
action collecting system. Taking advantage of fuzzy aggregation analysis, the driving braking
action sample was unified for the fuzzy probabilistic neural network (FPNN). Under different
action groups of braking action information selected from braking action samples, the FPNN
network was constructed and trained. The analytical results show that the hit rate is 95.3 %
when the training braking action data number is 46. Meanwhile, the results show that the
relative fuzzy unified and FPNN is useful with sufficient driving braking action data. The
driving FPNN are a valid way for prediction of driving action time.

1. Introduction

Domestic and international study and analysis show that with using of normal braking assist system in
general automobiles, the driving braking time is decreased, and following distance is reduced
effectively with 3% or more, then the number of road accidents is less. At same time, by means of
prediction of driving braking actions, controlling braking lights time, braking action would be judged,
would gain the more braking reaction time. The driving braking reaction time would be decreased with
0.8 s, and the automobile rear-end collision risk can be lower[1,2]. For sake of controlling automobile
braking action and braking lights working time, braking actions, especially driving operating time,
should be predicted correctly.

Because of nonlinearity, fuzziness of driving judgments and operations [3,4], driving braking
behaviour action would be identified by neural network and fuzzy aggregation. Braking operating
parameters were gathered in different automobile braking velocity in driving action settings with
different following automobiles or roadblocks settings. By means of lots of braking action factors were
involved, accurately reflect relatively reactions volatility of each driving factor. The fuzzy
membership was used to unify driving action data, hence the accurate and effective operation data for
braking model and driving braking training were provided. The consequence show that the FPPN
model has precise mapping and action recognition ability [5,6,7], so the FPNN model of driving
actions is set up, based on PNN and fuzzy aggregation, to realize braking actions identification and
tracking. Finally, tracking ability and accuracy of braking action identification are analysed with
driving braking action data.
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2. Probability Mapping Relations

So as to depict driving action model precisely, action factors should be considered when automobile is
braking. The automobiles drivers would take controlling operations according to following distance
and distance to roadblocks [8,9]. The driving operation shows that distances are the leading factors to
effect and describe the drivers’ operation condition. The changing rate of braking pedal velocity is far
over distinct factor in normal driving actions [10, 11]. So, braking velocity fluctuation is the key factor
of driving action factors[12]. Under the variant braking velocity, different braking actions would be
used according to following distance, velocity and time. Automobile braking velocity of driving action
would be considered as the key factor. At last, factors V of braking actions are gained.

V = (V1,V2,V3,V4,V5) (1)

V1,V2,V3,V4 and V5 are the automobile velocity, following distance, braking velocity and action
time severally in formula (1). The Impact factor of driving and normal driving actions are set as the
same number. The driving action probability mathematic model z;, is gained.

IfZApA > ZgPB, then Zy € A, ifZApA < ZgPB, then Zy €EB (2)

In formula (2), z4, zgare driving probability according to the non-normal driving actions A and the
normal driving B, z4 = L,/L,zg = Lg/L, z4, zgare driving training sampling size of action A and
action B , p,, pgare PDF (probability density function) of driving action A and action B, z, is the
driving action model A or B . Braking model mapping space is foundation of probability neural
network model. The event 0 and event 1 correspond to braking action space A and B respectively.

3. Braking Data Unified Disposal

Based on above analyses, four estimated sub parameters are used in the normal driving action model:
automobile velocity, following distance, braking velocity and action time. If there are n groups of
action sample data, then the driving action sample numerical matrix M is gained.

M = (Mm;j)nxa (3)

The my; is no. j sub parameter of no. i braking action sample, assumed to be no. i braking action
vector in formula (3). The raw normal driving action samples is not unified. The data change range is
much bigger. The driving action FPPN tracking accuracy would be affected. Then the action samples
dada are pre-processed with 3 steps.

3.1. Braking Sample Mini-Max Uniformization

The bigger guantitative parameters in clustering rank directly to original braking action sample data
process may be focused. The non-quantitative method is applied in braking action samples. The action
sample data will be changed into the range [0, 1] with a certain rate. The original braking action
samples are processed using mini-max uniformization method.

mij = (Myj — Mjmin)/ Mjmax — Mjmin) (4)
The Mjyay and My, in formula(4)are mini and max braking action data of no. j parameter
respectively.

3.2. Braking Sample Fuzzy Clustering
The fuzzy braking action relationship matrix S with the uniformization method is built. The similar
parameter s;; is constructed using the cosine angle method.

Sij = Xje1 mijmkj/\/z:?=1 m#; i, mi; ()

The property of transitivity doesn’t in the braking action relationship matrix S. The S has to be
calculated. When S¥ = 2% the matrix S calculation will be stopped. If S’ = S2¥, then the fuzzy
relationship matrix is S’. B € [0,1] of the braking action fuzzy relationship matrix S’ is built up. If the
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sample quantitative value is bigger, then {8 is set 1. If the sample quantitative value is smaller, then 8 is
set 0. The cut matrix of f is gained. Based on this way, the braking action samples will be divided into
the smaller cluster sample.

3.3. Braking Action Sample Standardization
The average value m,, of braking action samples using with the clustering ranking method can be
obtained.

T = =g mu/h (6)

The clustering rank m;,, of no. m is taken as the driving action sample h in formula (6). The m; is
taken as the braking action sample. When setting m; € m', the braking action sample is regrouped.
The v, is the braking action original sample according to m,, (1 = 1,2,...,h). The original braking
action sample m;, that is v, , is standardized with fuzzy clustering rank of no. m.

tm = [(v; — Mp)?/(h — 1)]°° (7
V=V — My, /T (8)

The B is bigger, the driving action sample classification is better. When B is 0.925, the processed
braking action samples simplified with above methods are applied in the normal braking action
recognition.

4. Braking Action Neural Network

There are total 4 layers in the braking action neural network structure based on Bayes’ rule of PNN.
The in-put layer has 4 nodes standing as automobile velocity, following distance, braking velocity and
time based on above analyses about normal braking action parameters and probability function. The
braking action neural network is shown as Fig. 1.
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layer

In-put layer | fk (X)) Summation Out-put
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Figure 1. Driving action neural network

The no. 2 layer of braking action neural network adopted the radial basis function as the algorithm.
The Parzen method is used Probability density function p, (V) to build the probability density
function from braking action samples.

pe(V) = 1/@m)P/%a? N V4[|V — Wy || /2a] ©)

V is braking action sample vector. N, is number of braking action samples, k is A or B, a is the
smoothing factor. Weight vector IW;; is made by w;; connecting no.1 layer, no.2 layer and no.3 layers.
The i is the in-put layer’s nodes. The j is the hidden layer’s nodes. A competitive nerve unit is used in
the out-put layer as the out-put of braking action neural network. The out-put unit adopts the equation
z(v) shown as the formula (10).
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o) = {1. max(z(v)y,,, 20, ) w0

0, others

If the input data is normal driving samples, then the out-put results of FPNN would be 1. The
FPNN provides possibility to recognize braking actions.

5. Driving Action Sample Acquisition

Driving action samples were acquired in the professional testing ground. The automobile different
automobile velocity and following distance were simulated under normal and non-normal braking
actions. The professional drivers were selected with the age range is 26 to 50 years. The driving years
range is 5 to 20. And the experimental automobile was a car. The experimental car followed the car in
front under different testing velocity. The velocity range was 50 and 90 km/h. The following distance
range was 30 and 80m. Driving action settings included the car in front braking action, sudden
reducing velocity action, and human form blocks suddenly crossing the road. The driving action times
in one setting traffic environment was be limited to 2 times. These experimental requirements
prevented from being familiar with traffic settings. Driving action samples were recorded with driving
action acquisition system shown in Fig. 2.
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Figure 2. Driving action acquisition system

The braking action sample of simulation normal actions experiment is processed. The processed
braking action sample in Table 1. The formula (5) is used to process the driving action samples in
tablel and in table 2 with unification algorithm. In table 3, the action samples is translated into cut-off
matrix at 8 = 0.925. Five classes (m;,345, Mg78, Mo1011,12) M13: M14.1516 ) ar€ gained from 16
groups braking action samples. Then, in table 4 the braking action training sample class and the
trained class are gained.

Table 1. Driving action samples

Car velocity Following distance Braking velocity Action time
76.21 35.90 54.62 0.98
78.70 32.46 55.69 0.86
76.52 36.21 56.60 0.77
79.03 34.97 55.30 0.72
69.27 30.78 46.05 0.77
69.36 45.63 39.86 0.76
70.95 44,32 34.65 0.78

69.58 42.68 33.04 0.79
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Table 2. Driving action sample with fuzzy unification algorithm

Car velocity Following distance  Action velocity Action time
0.9433 0.0447 0.7404 1.0026
1.0010 0.0013 0.9729 0.7947
0.9610 0.0233 1.0012 0.9374
0.9735 0.0148 0.8990 0.6742
0.7234 0.0398 0.6194 0.4111
0.6456 0.3594 0.1597 0.3594
0.6847 0.3484 0.2182 0.4337
0.7490 0.2916 0.2148 0.5193

Table 3. Cutting matrix of action sample

ml m2 m3 m4 m5 m6 m7

ml 1 1 1 1 1 0 0

m2 1 1 1 1 1 0 0

m3 1 1 1 1 1 0 0

mé4 1 1 1 1 1 0 0

m5 1 1 1 1 1 0 0

m6 0 0 0 0 0 1 1

m7 0 0 0 0 0 1 1

Table 4. Driving action sample with standardization
Car velocity Following distance  Action velocity Action time

0.0215 0.0168 0.2144 0.0012
0.0386 -0.0221 0.4924 0.0049
0.0192 -0.0023 0.5997 0.0059
0.0619 -0.0070 0.4047 -0.0048
-0.2912 0.0121 -1.7511 -0.0016
-0.0538 0.0494 -1.1306 -0.0019
0.1507 0.0125 0.6588 0.00038
-0.1469 -0.0638 0.4618 0.00162

6. Applying Analyses
Driving action samples are normalized firstly. Using Matlab neural networking tools, the driving
action neural network is constructed and verified. The tolerance of feedback calculation and
connecting weights in FPNN are needless. The classifying ability and tracking accuracy of driving
action FPNN is simulated and analysed. The driving action hit rate is to analyse accuracy of FPNN.
Identification precision of the driving action neural network at a € [0.233,0.675] are analysed in
fig. 1. The weights is 1.0 in the no.2 layer and the no. 3 layer. The fuzzy unification algorithm is used
in the no.3 layer to the no.4 layer. By means of braking action sample training, each layer weight in
the input layer to pattern layer is gained. Layer weights of training samples are unified. Because the
relevantly sample astringency is not involved any more, the action training process is simplified.
According to action sample size and hitting rate changing tendency, the maximum hitting rate 95.3 %
of trained braking action network is got at the sample number 190 in Fig. 3. The fuzzy unified samples
can accurately map braking actions. The braking action neural model can reach recognition accuracy
needed. The rising sample number does not affect identify accuracy at the number of braking training
samples 250 and 350 respectively. When the sample number reaches 260, the identify accuracy is
stabilized at 95.3%. From above analyses, the braking action neural network can correctly discern the
rest of driving action samples.
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7. Conclusions

Through the fuzzy unifying algorithm, braking action samples of different units are transform into the
unified space. The characters of different action parameters are clearly changed into the same space
providing basis for the driving action neural networking training and building.

By means of braking action neural network, samples of normal braking actions are trained and are
discerned. The braking sample number impacting the identifying accuracy is achieved according to the
tracking accuracy of driving action network.

Results show that while training samples are sufficient, the highest accuracy 95.3% of the driving
action neural network could be reached. FPNN based on the Fuzzy cluster ranking can meet
requirement of the accuracy of the normal braking action identification and prediction. The FPNN
provides a valid technology method for advanced driver assistance systems.
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Figure 3. Results of braking behaviour neural network model

8. References

[1] Seto Yoji, Minegishi Kouki and Yang Zhengrong 2004 Research on detection of braking
behaviours in normal situations Automobile System Dynamics vol 41 pp 784-790.

[2] Chang Wang, Zhen Li, Rui Fu, Mingfang Zhang and Qinyu Sun 2018 Lane change safety
assessment of coaches in naturalistic driving state Safety Science vol 10.

[3] Ricardo Maia, Marco Silva, Rui Aradjo and Urbano Nunes 2015 Electrical vehicle modeling: A
fuzzy logic model for regenerative braking Expert Systems with Applications vol 42(22) pp
8504-8519.

[4] Jinjian Xiao and Li GAO 2007 Inference model of driving's curve safety cognition Journal of
Beijing University of Technology vol 8(33) pp 813-8109.

[5] Arribas Juan Ignacio and Cid-Sueiro J. 2005 A model selection algorithm for a posteriori
probability estimation with neural networks IEEE Transactions on Neural Networks vol 4(16) pp
799-809.

[6] Xue-mei CHEN, Zhong-hua WEI and Li GAO 2007 Study on drivers’ behaviour under normal
situations Journal of Beijing University of Technology vol 4(35) pp 449-454.

[71 Reshma Rastogi and Sweta Sharma 2018 Fast laplacian twin support vector machine with active
learning for pattern classification Applied Soft Computing Journal vol 5.

[8] Jozsef Suto and Stefan Oniga 2018 Efficiency investigation from shallow to deep neural network
techniques in human activity recognition Cognitive Systems Research.

[91 Osama A. Osman, Mustafa Hajij, Sogand Karbalaieali and Sherif Ishak 2019 A hierarchical
machine learning classification approach for secondary task identification from observed driving
behaviour data Accident Analysis and Prevention vol 123.



CTCE 2019 IOP Publishing
IOP Conf. Series: Materials Science and Engineering 719 (2020) 012071 doi:10.1088/1757-899X/719/1/012071

[10] Mahdieh Allahviranloo and Leila Aissaoui 2019 A comparison of time-use behaviour in
metropolitan areas using pattern recognition techniques Transportation Research Part A vol 129.

[11] Jingang Yi, Luis Alvarez and Roberto Horowitz 2002 Adaptive normal braking control with
underestimation of friction coefficient IEEE: Transaetion Systems Technology vol 10 pp 381-
392.

[12] Jun LIANG, Zhigiang and SHA Long CHEN 2012 Dynamic neural network-based integrated
learning algorithm for driver behaviour Journal of Transportation Systems Engineering and
Information Technology vol 04.



