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Abstract

Due to factors such as snow and ice impeding drivers’ vision, automobile
accidents significantly rise during winter months. This study sets forth an automated
evaluation network of the Risk Perceived Ability (RPA) for motorists driving on the
freeway in snow and ice environments, using a deep learning approach and the Rough
Sets technique. First, a natural driving experiment involving thirteen licensed drivers was
conducted on a freeway in Jilin, China, with a dangerous point set prior to the start of the
experiment. Then multi-sensor (eye-trackers, mini-cameras, and speed detectors)
apparatuses, collecting both images and numerical data, were utilized. Afterward,
Restricted Boltzmann Machine (RBM) was used to develop a deep belief network (DBN)
along with training procedures. Rough Sets technique was added as judgment in output
layer of the DBN. Finally, fixation duration, pupil size, changes in speed, etc., were used
as input impact factors and the perception conditions were used as output variables to
train the network. Furthermore, after comparing the DBN-based risk perception ability
network with Naïve Bayes and BP-ANN (artificial neural networks with back
propagations), it showed that the results indicate that the developed DBN not only
outperforms both Naïve Bayes and BP-ANN, but also improves the accuracy of
perceiving risky conditions to 90% - 95% in HSRs. This approach can provide reference
for the design of hazard detection systems of partially-automatic vehicles.
Keywords: freeway curves, snow & ice environment, DBN, Deep Learning, risk perception
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Chapter 1
Introduction

In recent years, vehicle crashes on freeways have become a large source of fatalities. The
risk of a crash occurring is greatly increased by adverse weather conditions, especially on
northern freeways during winter, when there is a snow and ice (SI) environment. Distractions
caused by a SI environment have led to driving errors which are associated with increases in
motor-vehicle crashes, motorist injuries, and fatalities. The National Highway and Safety
Administration (NHTSA) estimated that 3331 (10%) people were killed and another 387,000
were injured in vehicle crashes involving SI environment and distraction in 2011 (NHTSA, 2012
and NHTSA, 2013a). Based on a survey of the U.S. National Highway Traffic Safety
Administration (NHTASA), a 0.5 second advance notice could have prevented 60% of crashes.
Humans, vehicles, roads, and environmental conditions all pose risk factors that contribute to
incidents of hazardous traffic events. These crashes may be avoided by using an automatic
evaluation network of the risk perceived ability could be identified when driving in an SI
environment. Therefore, this study seeks to propose an automated evaluation network of the RPA
for drivers driving on snow and ice environmental freeway via a deep learning approach and the
rough sets technique.
Diffusing reflection effects caused by snow and ice, as well as the monotonous colors
that make up the background in SI environments, cause motorists’ risk perception abilities to fall
greatly in these environments. Thus, driving in an SI environment could cause drivers’ ability to
recognize the change in environments to be less keen. Xing and Wang (2012) found that when
driving in SI environments, drivers’ visually perceived speed was 5% - 14% lower than in normal
environments (Wang et al., 2012). Pasetto and Barbati (2012) concluded that varied brightness
and lighting conditions of the driving environment significantly decreased the visual perception
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of drivers (Pasetto et al., 2012). Charlton and Samuel (2007) found that operational mistakes were
likely to be made while passing horizontal curves due to a lack of concentration, misjudgments of
both speed and curvature, and hazardous lane positioning (Charlton et al., 2007). Furthermore, the
snow in the driving environment caused high levels of reflectance. During sunny days, the
reflection of sunlight off the snow may be a strong contributor toward eye fatigue and distractions
for motorists. Liu and Wu (2009) also studied how poor driving environments affect behaviors
and cognitive functions of fatigued drivers, and found that these drivers had a tendency to
overestimate the amount of space between their vehicles and traffic signs (Liu et al., 2009).
Drivers’ RPA and reactions are critical behavioral contributors to road accidents.
Attitudes comprised of affective, cognitive, and behavioral aspects reflect an individual’s
judgment of events, people, situations, etc.. There are two groups of attitudes toward road safety:
general attitudes about traffic safety, and specific attitudes towards speed. Drivers’ RPA affects
the risk of traffic accidents occuring (Assum, 1997). There are several research studies (Bamberg
et al., 2003 and Francis et al., 2004) that have studied the link between TPA and traffic accidents.
The perception of risk is also a factor in modifying driving behaviors. When a driver believes
there is risk, they are likelier to adopt driving practices that helps prevent road accidents.
The RPA identification and estimation are crucial points when assessing risk for helpful
reaction (Khanzode et al., 2012). Several studies performed the uncertainty analysis in risk
assessment in various areas (Moore-Ede, Martin, et al.; Fabiano, B., et al – transportation risk).
Button (2000) provided a system using probability distribution after criticizing methods of
quantifying uncertainties in terms of sensitivity analyses.
Deep Belief Network (DBN) is currently among neural computing hottest fields, and its
high recognition rate has outdone other famous methods in image, speech, and handwriting
recognition, as well as other forms(Assum, 1997; Khanzode et al., 2012 and Moore-Ede, 2014).
One important feature that differentiates DBN from traditional shallow learning networks, is that
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it utilizes generalizations of concepts and relations, enabling reasoning abilities, and allowing for
relations between feature data and risk perception judgment to be captured.
Fuzzy sets and fuzzy logic have recently been applied in several different fields, just a
few being engineering and control, databases and information retrieval, operations research and
optimization, data analysis, and statistics. Fields such as artificial intelligence (AI), data science,
and modern information technology increasingly utilize machine learning, which is likely the
main contributing effect toward the development of fuzzy machine learning. Moreover, it has
been accompanied by a shift from knowledge-based to data-driven fuzzy modeling.
This paper is composed as follows. First, the Section 2 describe the experiment as well as
the dataset. Section 3 details the basics of DBN, including the structure and training procedures
for RBM and DBN. In Section 4, we propose the predictive network design for RPA based on
DBN. Section 5 details the model training and verification process based on the dataset from
Section 2. We also compare the predictive accuracy of DBN model with two other models that
are based on Naïve Bayes and BP-ANN, respectively, evaluating the performance of the proposed
machine learning approaches. This paper ends with Section 6, which details our conclusion.
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Chapter 2
Sensor-Based Experiment

2.1 Participants and Sensors
The experiment was run with thirteen male participants aged between 24 and 35. The
participants were asked to drive through the road segment while equipped with an SMI eyetracker along with mini-camera (shown in Figure 1). This equipment collected information on
drivers’ pupil size and fixation distribution while the driver passed through the two curves.
The experiment was conducted in a normal traffic environment, with all vehicles in a
free-flowing state. Traffic was composed mainly of light vehicles, especially sedans, so that
influences stemming from differences in vehicle type would not need to be considered. The
observation of traffic flow for this experiment was facilitated with NC200 portable traffic
analyzers (shown in Fig. 1). The devices were set in the middle of the lane in five points that were
set given the length of the curves, so that the real time speed could be observed for all traffic.

Figure 1. SMI and NC200 sensors

2.2 Experimental Scenarios
4

A set of horizontal curves located on national Rd. 302 in Jilin Province, China, were
chosen as the road segments for this experiment, as shown in Fig. 2. Thick snow covered the
entire environment, including the roadside, the surrounding of the experimental curve, and the
road surface to the extent that road markings could not be seen. The experimental segment was
405m in length, having a radius of 160m. The experimental curves were on freeways that did not
have any intersections or buildings along the roadside, so the experiment was not influenced by
any roadside traffic. Hazardous road features (bumps, iced road face, barricades) were randomly
set by the research team. All physical hazards were made of soft foam which is harmless in the
event of a crash.

Figure 2. Photos of the experimental segment
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Figure 3. The speed observation point of the curve

2.3 Experimental Procedure
Every driver, equipped with a SMI eye-tracker with mini-camera, drove the test car
through the experimental curves. They would then drive through once again after a colored
Chevron was placed. The eye-tracker was used to collect data on the drivers’ eye fixation
duration, pupil size, and eye movement. In addition, the drivers were asked to provide real-time
feedback when they found some conditions on the road surface. The NC200 sensors were used to
collect speed of all vehicles which passed through the curves. When the drivers observed the
Chevrons, they might change the vehicle’s speed.

2.4 Data Collection and Preprocessing

Table 1. Description of input variables
Index

Detected value (0 or 1)

1

Accelerate

2

Decelerate

6

3

Pupil size increase

4

Pupil size decrease

5

Stare at dangerous spots

6

Front wheel angle change

According to the experiment results, the input data are defined as is shown in Table 1.
Then, the variables are transformed into vector as following in order to be trained.
v = [v1 , v2 ×××, v6 ]

(1)

Corresponding to function (1), the input matrix is defined as following.
Vk = [v1 , v2 , ×××, vk ]

(2)

In which，k means the number of the sample Vk ; vk is the vector of the kth sample. The
data was record by every second with each tester. After the preprocessing, the input dataset
contained 3255 samples, that is k = 1, 2 ××× 3255 .

Table 2. Description of output variables
Index

Report value (0 or 1)

1

Unperceptive

2

Uncertain

3

Perceptive

During the experiment, the testers were required to continually report road condition
from beginning to end. Each sample of input dataset corresponds to a report value of the outcome
dataset. The variables are transformed into vector as following.
p = [ p1 , p2 , p3 ]

(3)

And the results matrix is defined as following.
Pk = [ p1 , p2 ….. pk ]
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(4)

In which, k means the number of the sample pk ; pk is the vector of the kth sample. The
samples in the dataset was corresponding to the samples in input datasets.
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Chapter 3
Deep Learning and Deep Belief Networks

Recently, deep learning (DL), developed on the traditional NN, has attracted quite a bit of
attention. DL consists a serious of algorithms including operational research and machine
learning. DL is used to design high-level abstractions in data with model architectures (Dahl et
al.).The concept of Deep belief networks (DBNs) has been considered a large success in DL
fields, as it overcomes the challenge of searching the parameter space of deep architectures
(Francis et al., 2004 and Fischer et al., 2014). The RBM can learn a probability distribution by its
input data sets. The RBM layers consist both visible and hidden layers. In the following content,
we introduce a DBN model that is composed of several stacked RBMs for evaluate the RPA.

3.1 Restricted Boltzmann Machine (RBM)
A DBN is composed of several stacked RBMs. Each RBM is a kind of general
Boltzmann machine. The structure of a typical RBM is shown in Fig. 3.
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Figure 4. Illustration of RBM structure
As can be seen in Fig. 4, the RBM consists of two layers, namely the visible nodes layer
h and the hidden nodes layer v . The bottom layer and top layer are composed of visible nodes
and hidden nodes, respectively. In addition, each layer is denoted by a random binary vector, i.e.,
ìh = [h , h , ×××, h , ×××]T Î {0,1}H
1 2
j
ï
í
V
ï v = [v1 , v2 , ×××, vi , ×××]T Î {0,1}
î

(5)

Where j is the number of nodes in hidden layer and i represent and visible layer. Note
that, visible nodes are used to describe the characteristics of the input data, while hidden nodes,
which have no real meaning, are automatically generated by RBM training algorithm that will be
described in detail in the following content. Let wij denote the weight value connecting neuron
h j and vi , and we use w to represent the set of weights, i.e.. In addition, the visible and hidden

units have their biases represented by vector a and b , respectively.

3.2 RBM Training Algorithm
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The weight w is the primary element of DBN and trained by a RBM defined by both
visible layer and hidden layer. In this study, the formulated DBN utilizes the binary RBM, which
is a commonly used kind of RBMs. According to the definitions given in(Li-sheng et al., 2009
and Kollar et al., 2010), we use the sigmoid neurons, expressed as
æ
ö
Q(h j =1| v) = sigm ç a j + å wij vi ÷
i
è
ø

(6)

æ
ö
p(vi =1| h) = sigm ç b j + å wij vi ÷
ç
÷
j
è
ø

(7)

In which， sigm( x) =

1
that represents a sigmoid function (or logistic function).
1 + exp(- x)

To

weight

update

the

formula

of

the

RBM

in

an

DBN,

the

formula

Dwij = Etrain (vi h j ) - Emod el (vi h j ) is derived. Etrain (vi h j ) represents the expectation of training date
distribution, Emod el (vi h j ) represents the expectation with respect to the distribution defined by the
model, the value is difficult to calculate in practice. We use the Contrastive Divergence algorithm
(CD-k) to train the RBM. Studies have showed that CD-1 has good results and shorter calculation
time (Dong et al., 1995 and Chen et al., 2009). In this study, CD-1 was selected to train RBM, the
process is as Table 3.

Table 3. The training procedure of RBM based on CD-1
Step 1. For all hidden node j = 1, 2,3, ×××, J , do:
(1)
(1)
Step 1.1 Compute Q(h(1)
is the initial RBM visible nodes;
j = 1| v ) by Eq. 6, v
(1)
(1)
Step 1.2 Sample from Q(h(1)
j = 1| v ) to obtain h j Î {0,1};

End for. Obtain h(1) = [h1(1) , h2(1) , ×××, hJ(1) ]T .
Step 2. For all hidden node i = 1, 2, 3, ×××, I , do:
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Step 2.1 Compute P(vi(2) = 1| h(1) ) by Eq. 7;
Step 2.2 Sample from P(vi(2) = 1| h(1) ) to obtain vi(2) Î{0,1};
End for. Obtain h(1) = [v1(2) , v2(2) , ×××, vI(2) ]T .
Step 3. For all hidden node j = 1, 2,3, ×××, J , do:
(2)
Step 3.1 Compute Q(h (2)
) by Eq. 6;
j = 1| v
(2)
Step 3.2 Sample from Q(h (2)
) to obtain h(2)
j = 1| v
j Î {0,1} ;

End for. Obtain h(2) = [h1(2) , h2(2) , ×××, hJ(2) ]T .
Step 4. Update the parameters by using
w ¬ mw + e (h(1) v (1) - h(2) v (2) ),
b ¬ mb + e (v (1) - v (2) ),

(8)

a ¬ ma + e (h(1) - h(2) ).

Where m is the momentum, e is the learning rate of stochastic of CD-1 algorithm.

3.3 Deep Belief Network (DBN) Architecture
As shown in Figure 5, a DBN is composed of several stacked RBMs layer by layer, in
which v is the input vector of DBN, and c is the number of hidden layers. This kind of structure
enables that each RBM layer of the DBN can be trained by Table 3. Specifically, in the DBN
training procedure, the activation probabilities of the lower layer RBM, as the input training data,
is used to train the RBM layers. The output of each RBM layer is treated as the input for the next
RBM layer (Li-sheng et al., 2009). Here, we use a Greedy-Layer training algorithm for the DBN
training (see e.g., Yin et al., 2016 and Fischer et al., 2014), and we present the detailed DBN
training procedure in Table 4.
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Figure 5. Illustration of DBN architecture

Table 4. DBN training algorithm
Step 1. Denote x as the input sample. Training the first RBM composed by x and h1 , then get the
parameter w1 and a1 of the first hidden layer.
Step 2. For any k < c , do:
Step 2.1 Compute vector tk = [tk1, tk 2 , tk 3 , ×××, tkJ ]T for each

tkj =

1
1 + exp(-hkj )

Step 2.2 Set tk as the input vector of hi +1 , and get the parameter wi+1 and ai+1 of the hidden layer

hi+1;
Step 2.3 Update the hidden layer by

hi +1 = ai + (wi )T ti
End for.
Step 3. Output the parameters of DBN, i.e.,

13

w1 , w2 , ×××, wc , a1 , a2 , ×××, ac
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Chapter 4
Network Design for RPA Based on DBN

In this section, we explicitly describe the network design for RPA based on the DBN
approach. We first introduce the overall structure of the RPA network based on DBN. Second, we
detail the training process of DBN. Lastly, we derive the judgment using fuzzy sets to evaluate
the predicting accuracy of the drivers’ RPA.
The study uses DBN network which is high accuracy, reliable, and utilizes automatic
processing. The output dataset was collected according to the reports of drivers which was a
fuzzy dataset. Thus, we use fuzzy sets theory to judge the output dataset. Other than the
prediction of RPA, we can also detect that if the drives notice the j th risk, and when and where
the drivers begin to notice the risk. Moreover, what response the drivers did while they notice the
risk.

4.1 The Structure Design of Fault Diagnosis Network
As is shown in Fig. 6, in order to Evaluate RPA, we utilize classification analysis. The
output of this model is the report value vector P , which is also named as Judgment layer. Fuzzy
sets theory is used as Classification Analysis method in Judgment layer. Since the DBN network
utilizes fuzzy sets algorithm in its supervised training procedure, the prediction of RPA network
is named as DBN-FS in the following content.
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Judgment
(Fuzzy Sets)

hc

h1

X=v

Figure 6. Network structure of RPA prediction based on DBN-FS

4.2 DBN-FS Training Procedure
Generally, the DBN-FS training procedure consists of two phases, i.e., (1) unsupervised
pre-training that extracts characteristics from input sample vectors, and (2) supervised fine-tuning
which fine-tunes the parameters of the network, forming into the final DBN-FS model. As
expressed by Algorithm 4.1, Step 1 uses unsupervised learning (i.e., Algorithm 3.1) to obtain the
initialized parameters, and then, the RBMs in each layer are trained from one layer to the next,
until satisfying the terminal condition. Compared with direct supervised-training neural network,
such as BP-NN, the training error by DBN will be reduced, and the predictive accuracy will be
increased much more.

4.3 Judgment layer using Fuzzy sets
For the DBN-FS model, when we input the vector v , its output p is a vector, and each
element of p is a non-negative real value of (0, 1). In this study, DSW algorithm, according to
Fuzzy Sets theory, is used as the judgment to estimate the drivers’ RPA. The DSW algorithm is
detailed expressed as follows (Dong et al, 1995):

16

1. Define X and Y as the family of sets. While X and Y is relevant to a functional
transform of function y = f ( x ) ( f : X ® Y ) . Make an assumption that a sequential
variables ( x1 , x2 , x3 , ×××, xn ) in universe X can be transformed into a variable y from Y ,
so that f ( x1 , x2 , x3 , ×××, xn )=y Î Y .
2. Define A as a fuzzy subset of X .
3. If A is a fuzzy set from the universe X , then the image is a fuzzy set B from Y via the
transforming, i.e., B = f ( A) .
4. Let a fuzzy set A is separated to a lot of a - cut segments Aa "0 £ a £ 1 .
5. When the function f ( x) is conditions and monotonic on Aa =[a,b] , the value of B at a
particular value of a - cut interval ( Ba ) can be evaluated by:

Ba = f ( Aa ) = [min( f (a), f (b)),max( f (a), f (b))]
The method is used to generate fuzzy CDF with probability of failure ( FPa ) . The DSW
algorithm is used to compute fuzzy CDFs of failure probability.
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Chapter 5
Comparison and Analysis of Results

5.1 Data and Initial Parameters
To illustrate the representation of recorded field data format, we present an example in
Table 5.

Table 5. Dataset representation of RPA
Report value vector p

Input vector v

Sample number
RPA index

1

2

3

4

5

6

1

2

3

1

1

0

0

0

0

0

0

0

0

2

0

0

0

0

1

0

0

0

0

3

0

0

0

0

0

0

0

0

0

×××

×××

×××

The initial parameters of DBN are shown in Table 6. We can see that, the DBN network
contains four hidden layers, and each layer has 20 neurons. The input layer and output layer have
6 and 3 nodes, representing the dimensions of input vector v and result vector p .

Table 6. Default parameter setting of DBN-FS
Parameter

Number of nodes

Input layer v

6

Hidden layer h1

20

Hidden layer h2

20

Hidden layer h3

20

18

Hidden layer h4

20

Judgment layer P

3

The datasets preprocessed in Section 2.4 are randomly selected as both training datasets
and testing datasets. In order to improve the accuracy, we respectively select 60%, 70% and 80%
of the whole data as training datasets. Corresponding to the training datasets, the rest 40%，30%
and 20% of the whole data are testing datasets. Each training dataset is utilized to train the model
DBN-FS. As a result, three different models are trained out. The results are shown in Table 4. All
the algorithms in this study are implemented with software RStudio (version: 0.99.893), R-project
(version: 3.2.4), in which DBN-FS is created based on packages “darch” and “sets”.

5.2 Comparison Predicted Models
In order to test the predicted accuracy of the model DBN-FS, Naïve Bayes (Chen et al.,
2009) and BP-ANN(Saravanan et al., 2010) are derived for comparison. These two methods are
both commonly used predicted methods in transportation fields. The Naïve Bayes and BP-ANN
are respectively implemented by the package of R-project “e1070” and “neuralnet”.

5.2.1 Naïve Bayes (Chen et al., 2009)
The model Naïve Bayes is a conditional independence hypothesis of probability learning
method. Given the feature set as {d j }Nj =1 , each feature is stand by a conditional sequence

d j = {t1 , t2 , ×××, tT }. The probability of occurrence of the feature d j in classification ck ：
T

P(ck | d j ) = P(ck )Õ P(ti | ck )
i =1

19

(9)

Where, P(ck | d j ) means the probability of occurrence of condition ti under the condition
that the feature d j in classification ck happened. P(ck ) is the priori probability of occurrence of a
feature in the classification, P(ti | ck ) and P(ck ) are achieved through data training processing.

5.2.2 BP-ANN(Saravanan et al., 2010)
BP-ANN is a typical model that uses error back-propagation algorithm to train the
weights of each neuron. BP-ANN has relatively simple structure and thus, it has been widely used
in fitting nonlinear continuous function and pattern recognition. In general, BP-ANN contains the
input layer, the output layer and the hidden layers. When the output fails to fit the expectation, the
error is back propagated to update the weight of each neuron to reduce the training errors. In this
study, we consider the BP-ANN structure as shown in Fig. 7. There are one input layer, two
hidden layers and one output layer. Each hidden layer has 20 nodes.

Input layer

Hidden layer

Output layer

H1

L1

X1

H2

L2

X10

Ho-1

Lu-1

Ho

Lu

Figure 7. Model structure of BP-ANN

5.3 Model Training and Compared Testing
20

Y1

Y12

Table 7. Result of Model prediction with training data
Index

Predictive accuracy（%）

Sample number

Naïve Bayes

BP-ANN

DBN-FS

Training dataset 1（60%）

511

74.80

78.94

87.91

Training dataset 2（70%）

596

78.57

85.30

91.20

Training dataset 3（80%）

682

85.53

88.65

95.11

79.63

84.30

91.41

Average

We use the historical data sets to train the Naïve Bayes, BP-ANN and DBN-FS models.
The model training results with training data set 1 (60%), training dataset 2 (70%), and training
dataset 3 (80%) are shown in Table 5. It can be seen that, (1) all these three models can realize at
least 74.80% predicted accuracy with the training data sets. 74.80%，which are all acceptable
area; (2)the DBN-FS

evidently outperforms Naïve Bayes and BP-ANN with the average

diagnosis accuracy of over 90%. The accuracy of the model discriminant result is improved
remarkably. According to the average values, the most accurate model is the model DBN-FS, the
second best is model BP-ANN, and followed by model Naïve Bayes; (3)the model DBN-FS also
has the highest accuracy in each training dataset (60%, 70%, or 80% of the whole dataset). In
which, the model DBN-FS shows the best performance, accuracy rate 95.11%, when the training
dataset is 80% of the whole dataset. All in all, the DBN-FS model achieves the best results with
the training data sets among the three models.

Table 8. Result of Model prediction with test data
Index

Testing dataset 1（60%）

Sample number

341

21

Predictive accuracy (%)
Naïve Bayes

BP-ANN

DBN-FS

69.33

73.60

85.00

Testing dataset 2（70%）

256

75.00

77.53

93.20

Testing dataset 3（80%）

170

73.67

79.33

93.78

72.67

76.82

90.66

Average

Since there may be excessive fitting problem while the models is trained by training
datasets, the testing datasets are utilized to confirm the correctness and effectiveness of the model
DBN-FS. This study use the rest 40%，30% and 20% of the whole data as testing datasets to
verify the performance of the three models. As is shown in Table 5, the model DBN-FS has a
more obvious superiority than the result in Table 4. (1) In all three training datasets, the lowest
accuracy of model DBN-FS is higher than the other two models. Also, the average accuracy rate
(90.66%) is much higher than that of model Naïve Bayes (72.67%) and that of model BP-ANN
(76.82%). (2)The model DBN-FS shows the best performance, accuracy rate 93.78%, when the
training dataset is 80% of the whole dataset. (3)As a fact that the more training data, the higher
the accuracy of the model. It can be seen that increasing the sample size helps to improve the
correctness of the model. In this case, more samples are requires to do the empirical analysis.
Overall, the model DBN-FS achieves the best performance in all the above computational
experiments.

5.4 Computational results with different model parameters
The former paragraphs approved that model DBN-FS achieved the best performance of
all the three models with both training dataset and testing datasets. In order to research the
reliability of model DBN-FS, this study is going to confirm the predicted accuracy of the RPA
with respect to diverse parameters. The number of hidden layers and the number of the nodes in
each layer are changed. According to Table 7 and 8, the sample with 80% data as training sets has
the best performance. The model parameters are compared based on the sample with 80% data as
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Figure 8. Judgment accuracy with different parameters
As is shown in Figure 8, the predicted accuracies are contrasted with difference number
of nodes and difference number of hidden layers. First, we set hidden layers from 1 to 6 as X-axis.
The number of nodes varies as 10, 20, and 30. There are the similar trends with the different
parameters. The predicted accuracy rate ranges from 90.56%-94.11%, which are all of highaccuracy. The Moreover, DBN-FS can always conduct reliable and stable judgment performance
with diverse parameters selection. DBN-FS would be profitable for assistance in driving
operations in freeway which is filled with risk.
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Chapter 6
Conclusion

In this paper, we proposed a unique DBN-based approach for the prediction of RPA, so
that the risk of vehicle accidents in snow and ice environments on freeways may be reduced. In
order to capture the complexity and uncertainty of the RAP, we first developed an experience in
real freeway segment. Then, we established a deep belief network by the composition of several
stacked RBMs. We used the Fuzzy sets, CD-1 (unsupervised) and Greedy-layer algorithm
(supervised) to train the developed DBN-FS model. We also developed two additional models
each based on Naïve Bayes and BP-ANN, respectively, to be used for comparison. The results
show that DBN-FS can not only achieve a higher accuracy than both Naïve Bayes and BP, but
can also be very robust with different parameter settings. In conclusion, DBN-FS could provide
convincing support for the practical maintenance work of RPA prediction for segments of
freeway in snow and ice environments.
As freeway systems are expanded throughout the word, the automated prediction of RPA
becomes much more important as total risk for crashes increases. The DBN-FS model is helpful
to monitor drivers’ RPA and concentration during driving. Also, the model can alert the divers
before they reach the segments where there are accidents are common occurrences. This study is
especially useful and valuable when referenced in the development of two-level and three-level
Connected Vehicle. The samples and scenarios, such as complex traffic, broken road surfaces,
and blind areas, are supposed to be expanded in further study, in order to apply the DBN to
prevent more crash risks.
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