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ABSTrAcT
To address adolescent pedestrian safety problems at unmarked roadway, there is a need to under-
stand adolescent pedestrian crossing decision behavior at unmarked roadway. cloud model, which is 
an uncertainty conversion model between qualitative knowledge description and quantitative value 
expression, was used to deal with adolescent pedestrian’s cognitive uncertainty in the crossing decision- 
making process. Then the decision table for adolescent pedestrian crossing at unmarked roadway was 
established. Attribute reduction based on discernibility matrix and value reduction based on induc-
tion in the rough set theory were applied to reduce the decision table and extract the decision rules of 
adolescent pedestrian crossing at unmarked roadway. After the reduction, the conditional attributes 
were the vehicle speed and the distance between pedestrian and vehicle. Nine crossing decision rules 
were obtained, including five certainty rules. Finally, the proposed method was compared with the 
existing method. The results show that the prediction accuracy and area under the receiver operating 
characteristic (rOc) curve for the proposed method are 91.4% and 0.941 respectively, so it is superior 
to the logistic regression model, and the simple and intuitive pedestrian crossing decision rules can be 
obtained, which can lay the foundation for traffic safety simulation.
Keywords: adolescent pedestrian, cloud model, crossing decision, gap acceptance, rough set, unmarked 
roadway.

1 INTrODUcTION
Adolescent pedestrians are a major population at risk of being killed or injured in traffic 
accidents in the world. Many of traffic accidents occurred when adolescent pedestrians were 
crossing the roads [1]. To address adolescent pedestrian safety problem at unmarked road-
way, there is a need to better understand adolescent pedestrian crossing decision behavior at 
unmarked roadway.

Over the years, extensive research has been conducted on modelling pedestrian crossing 
behavior. Some work has been dedicated to identifying significant factors that affect crossing 
behavior. Zhuang and Wu [2] explored pedestrian crossing behavior at unmarked roadway in 
china. It was found that vehicle type and group size are the important predictors for safety 
margin and waiting time does not have significant linear relationship with safety margin. Xie 
et al. [3] investigated pedestrian jaywalking at signalized crosswalks. The gender and walk-
ing speed of the pedestrian, vehicle flow, and site location and condition of the crosswalk 
were found to significantly determine the probability of pedestrian jaywalking.

Meanwhile, researchers attempted to develop gap acceptance models to predict the likeli-
hood of pedestrian crossing. Using the probit and binary logit approach, Sun et al. [4] 
established models to estimate the probability of pedestrian gap acceptance. The model 
showed that gap size, number of waiting pedestrians, and pedestrian age were the vital attrib-
utes for pedestrian crossing behaviors. yannis et al. [5] investigated pedestrians’ traffic gap 
acceptance for mid-block street crossing in urban areas. A lognormal regression model was 
developed to examine pedestrian gap acceptance. A binary logistic regression model was 
developed to examine the effect of traffic gaps and other parameters on pedestrians’ decisions 
to cross the street or not. Their research concluded that pedestrian speed, vehicle speed, 
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crossing direction, gap size and pedestrian age all influenced the decision-making of pedes-
trian crossing. Mamidipalli et al. [6] proposed probit-based pedestrian gap acceptance model 
for midblock crossing locations. Their model involved only two parameters: the size of the 
gap length in seconds and a binary variable that distinguished between gaps and lag events. 
liu and Tung [7] constructed logistic regression model to investigate the effects of age, time 
gap, time of day, and speed of approaching vehicle on the decision of pedestrians to cross a 
road. Their study found that pedestrians’ decisions on whether or not they would cross the 
road safely were made based on the distance between them and the oncoming vehicle. Pawar 
and Patil [8] explored pedestrian temporal and spatial gap acceptance at uncontrolled mid-
block street crossings. Their paper reported the applicability and generality of driver’s gap 
acceptance models to the pedestrian’s gap acceptance and found that speed of the conflicting 
vehicle has significant effect on the spatial gap acceptance.

These studies mainly adopted probit or logit approach to describe the relationship between 
explanatory variables and the probability of outcome of crossing decision-making, but it 
needs to create the complex function and could not extract the certainty rules. A recent 
research conducted by Papadimitriou et al. [9] analyzed road, traffic, and human factors of 
pedestrian crossing behavior through the development of integrated choice and latent varia-
bles models. however, the approach is also a computationally demanding technique. In 
addition, the models mentioned above could not reflect the cognitive fuzziness and random-
ness for influencing factors in pedestrian crossing decision.

This paper adopted the cloud model [10, 11] to describe the cognitive uncertainty for influ-
encing factors in pedestrian crossing decision and discretize the continuous attribute data. 
Then adolescent pedestrian crossing decision table was constructed and the rough set method 
[12, 13] was used to extract crossing decision rules expressed in the form of if-then state-
ments, which make knowledge have a clear meaning.

2 PrElIMINAry

2.1 cloud theory

cloud model [10, 11] can describe the randomness and fuzziness of concepts and make con-
version between qualitative concepts and quantitative values. Digital characteristics of cloud 
model can reflect the overall properties of the concept.

The cloud is defined as follows: assuming that U is a quantitative domain expressed by 
exact numerical, C is a qualitative concept on the domain, x is a quantitative value, x U∈  and 
x is stochastic realization of C, u(x) represents the certainty degree of x belonging to concept 
C, u(x) [ , ]∈ 0 1  is a random variable with stable tendency. If u U: [ , ]→ 0 1  ∀ ∈ →x U x u(x), 
then, we call the distribution of x on domain cloud, x is called as a cloud drop. In the cloud 
model, the digital characteristics of cloud model are denoted as Expected value Ex, Entropy 
En and hyper entropy He, and they reflect the whole characteristics of the quality conception 
C. Ex is expected value which comes from the distribution of cloud drops samples on domain 
space; En is a criterion of measuring the uncertainty of qualitative concept, it can reflect the 
randomness and fuzziness of qualitative concept; He is the second-order entropy of the 
entropy and co-determined by both the randomness and fuzziness of entropy.

cloud model uses forward cloud generator and backward cloud generator to transform the 
qualitative concept and quantitative data. The forward cloud generator transforms qualitative 
concept to quantitative data. The backward cloud generator is a conversion model, which 
converts quantitative data to quantitative concept.
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2.2 rough set theory

rough set theory [12, 13] uses information systems to represent knowledge and deal with 
vague data. Some basic rough set concepts are as follows.

let S = (U, A) be an information system, where U, called universe, is a nonempty set of 
finite objects; A is a nonempty finite set of attributes such that a: U →Va for every a∈A; Va is 
the value set of a. In a decision system with a set of decision attributes, A = C∪D where C is 
the set of condition attributes and D is the set of decision attributes. Such an information 
system also is called a decision table.

For an attribute set P ⊆ A, there is an associated indiscernibility relation IND(P): 
IND P x y U a P a x a y( ) ( , ) , ( ) ( )= ∈ ∀ ∈ ={ }2 .

The partition of U, generated by IND(P) is denoted U/P. If (x, y) ∈ IND(P), then x and y 
are indiscernible by attributes from P. The equivalence classes of the P-indiscernibility 
 relation are denoted [x]P. The indiscernibility relation is the mathematical basis of rough  
set theory.

Another fundamental concept is attribute reduction. If one considers a non-empty attrib-
utes subset, R P⊂  and IND(R) = IND(P), then P-R is dispensable. Any minimal R such that 
IND(R) = IND(P), is a minimal set of attributes that preserves the indiscernibility relation 
computed on the set of attributes P. R is called reduct of P and denoted as R RED P∈ ( ). The 
core of P is the intersection of these reductions, defined as CORE P RED P( ) = ( )∩ . Naturally, 
the core contains all the attributes from P which are considered of greatest importance for 
classification.

The process by which the maximum number of condition attribute values is removed with-
out losing essential information is called value reduction. After value reduction, rules can be 
generated by associating the condition attribute values with the corresponding decision class 

value. let S = (U, C∪D) be a decision table, X U Ci ∈ , Y U Dj ∈  and X Yi j∩ ≠ ∅. By des(Xi) 
and des(Yj), we denote the descriptions of the equivalence classes Xi and Yj in the decision 
table S. A decision rule is formally defined as Z des X des Yij i j: ( ) ( )→ . The confidence of 

decision rule Zij is defined as: Con Z X Y Xij i j i( ) = ∩ . For a certain rule, Con(Zij) = 1; 
whereas an uncertain rule, 0<Con(Zij) <1.

3 METhOD
The decision table for adolescent pedestrian crossing can be established by taking influ-
encing factors for pedestrian crossing decision as the condition attribute set and taking 
pedestrian crossing decision as the decision attribute set. Then the decision rule can be 
extracted by rough set theory. The following describes adolescent pedestrian crossing 
decision table discretization method and adolescent pedestrian crossing decision rule 
extraction method.

3.1 crossing decision table discretization

With reference to the relevant studies, the following influencing factors for adolescent pedes-
trian crossing decision at unmarked roadway are taken into account: the distance between the 
vehicle and the pedestrian, vehicle speed, vehicle type and group size. When constructing the 
decision table, it is necessary to discretize the continuous data of distance and speed. The 
following describes the discretization processing method for the continuous data of distance 
and speed.
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When judging the distance and speed, the pedestrian has a certain degree of fuzziness and 
randomness. It is mainly reflected in the fact that the distance and speed judgment results can 
be described by natural language (for example, distance is described by far and near, and the 
speed is described by fast and slow), and the concept in the natural language is qualitative; 
the subjective differences in pedestrians will lead to the randomness of the same value 
belonging to a certain of concept. The cloud model portrays the randomness and fuzziness as 
well as their relationships in linguistic terms and can establish transformation of uncertainty 
between the qualitative concept and the quantitative description, so it can be used to trans-
form influencing factors for pedestrian crossing decision into qualitative concept and obtain 
discretized data.

In this paper, the backward cloud generator [14, 15] is used to extract the digital characteris-
tics of different concepts for distance and speed from the data sequence of the influencing 
factors, and then the condition cloud generator is used to calculate the certainty degrees of the 
given data belonging to the different concepts, and finally the concept corresponding to the given 
data can be determined by comparing the certainty degrees. The specific process is as follows:

Step 1: construct the data sequence for different levels of the influencing factors
Firstly, the speed is divided into three levels, that is, fast, medium and slow, and the dis-

tance is also divided into three levels, that is, far, medium and near. Then, adolescent 
pedestrians are invited to judge the level of speed and distance in the pedestrian-vehicle con-
flict video according to their own perceptions, and the corresponding quantitative data for 
speed and distance are extracted from the pedestrian-vehicle conflict video. Finally, the quan-
titative data corresponding to a certain level of a certain influencing factor (speed or distance) 
are arranged in ascending order to construct the data sequence. The data sequence for a cer-
tain level of a certain influencing factor can be recorded as follows: x x x xn=  1 2, , ,�

Step 2: Extract the digital characteristics for different levels of the influencing factors
The backward cloud generator is used for digital characteristics extraction; the algorithm 

is as follows:
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Step 3: Identify the concept, which the quantitative data belongs to
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The following algorithm is used to identify the concept, which the given speed or distance 
data belongs to:

1. Use the X-condition cloud generator to calculate the certainty degree u ai ( ) that the 
given value a belongs to a certain qualitative concept Ci , that is, firstly a normally dis-
tributed random number is generated which takes Eni as the expected value and takes 
Hei as the standard deviation, and then u ai ( ) is calculated by the following formula: 

u a a Ex Eni i i( ) = − −( ) ( )





exp ’2 2
2

2. These certainty degrees are arranged from large to small, and the final certainty degree 
u ai ( )  will be selected randomly from the first two large certainty degrees with the prob-

ability pi, that is, a belongs to the qualitative concept Ci . here, p u a u ai i i= ( ) ( )∑
3.2 crossing decision rules extraction

For a given pedestrian crossing decision table, the decision table reduction can be obtained 
by attribute reduction and value reduction, and then the rules are obtained from the decision 
table reduction. Specifically it can be divided into the following five steps:

1. delete the duplicate objects in the table;
2. attribute reduction, that is, delete redundant condition attributes;
3. value reduction, that is, delete the redundant attribute value of each object;
4. obtain the decision table reduction;
5. obtain decision rules.

In this paper, rSES (rough Set Exploration System) software [16] is used to derive reducts 
and decision rules from pedestrian crossing decision table. A variety of attribute reduction 
and value reduction algorithms are provided in the software. Attribute reduction based on 
discernibility matrix and exhaustive algorithm is selected, which constructs all reducts. Value 
reduction based on global rules are selected, which scans the training sample object by object 
and produces rules by matching object against reduct.

4 STUDy DATA
Jianshe First road in Wuhan was chosen as an observation site, where many students from 
renjialu Middle School often come out of the school and cross the road to opposite restau-
rants at noon. As shown in Fig. 1, the two-way road has two lanes on each side. A camera was 
used to collect the video of pedestrian-vehicle conflict between 12:00 pm and 12:25 pm for 
four days. On average, 876 adolescent pedestrians and 225 vehicles were recorded each day 
within the observation phase. The average vehicle speed was 6.1 m/s. The Adobe Premiere 
software was used to play the video one by one frame, and one second image can be decom-
posed into 25 frames, which can be used to obtain time-related data. Direct linear 
transformation method [17] was used to transform the image coordinates of the object in the 
video to the corresponding ground coordinates of the object, and then the distance-related 
data can be obtained based on the ground coordinates of pedestrian and vehicle. The speed 
can be determined by distance and time. Through the above process, a total of 377 cases of 
pedestrian-vehicle conflict data were extracted, among which 300 cases were used for deci-
sion rule extraction and 77 cases were used for prediction accuracy test.
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5 rESUlTS AND ANAlySIS

5.1 concept classification for influencing factors

For the vehicle type, two concepts are divided in this paper, that is, passenger car and bus. For 
group size, three concepts are divided, that is, small (1 person), medium (2–3 people) and 
large (4 people and more). Backward cloud generator mentioned previously was used to 
determine cloud model parameters of qualitative concepts for some influencing factors such 
as the vehicle speed and the distance between the vehicle and the pedestrian (Table 1).   
Figures 2 and 3 depict the cloud model for the concepts of vehicle speed and distance between 
pedestrian and vehicle, respectively. clouds from left to right in Fig. 2 represent three con-
cepts of the speed, that is, slow, medium and fast. clouds from left to right in Fig. 3 represent 
three concepts of the distance, that is, near, medium and far. The vertical axis in Figs. 2 and 
3 represents the certainty degree that a cloud drop belongs to a certain concept.

5.2 crossing decision table construction

Based on the algorithm of concept identification mentioned previously, the data such as the 
vehicle speed and the distance between the vehicle and the pedestrian are discretized and 
determined the qualitative concept, so that adolescent pedestrian crossing decision table can 

Figure 1: Sketch of roadway for data collection.

Table 1: Parameters of cloud model for influencing factors.

Influencing factors Qualitative concepts Parameters (Ex, En, He)

Distance between vehicle 
and pedestrian (m)

Near (17, 6.33, 1.54)

Medium (31.17, 5.13, 1.05)

Far (45.75, 5.9, 1.49)

Vehicle speed (m/s)

Slow (3.61, 0.91, 0.2)

Medium (5.75, 1.14, 0.24)

Fast (10.59, 1.75, 0.48)
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be constructed. In order to facilitate the calculation in rough set theory, the condition attrib-
utes of ‘distance between pedestrian and vehicle’, ‘vehicle speed’, ‘vehicle type’ and ‘group 
size’ are replaced by letters a, b, c and d, respectively; the decision attribute of ‘cross or yield’ 
is replaced by the letter e; the qualitative concepts of ‘near’, ‘slow’ and ‘small’ are replaced 
by the value 1, the qualitative concept of ‘medium’ is replaced by the value 2, the qualitative 
concepts of ‘far’, ‘fast’ and ‘large’ are replaced by the value 3; the qualitative concept of 
‘cross’ is replaced by the value 1, the qualitative concept of ‘yield’ is replaced by the value 0. 
To illustrate the problem, Table 2 gives the crossing decision table.

5.3 crossing decision rules extraction

The rSES software was used to calculate the reducts and generate the rules. The reduct 
is {a, b}, which means the vehicle speed and the distance between pedestrian and vehicle 

Figure 2: cloud model for the concept of vehicle speed.

Figure 3: cloud model for the concept of distance between pedestrian and vehicle.
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have the significant impact on adolescent pedestrian crossing decision. The current 
results supported previous findings [7, 8] that vehicle speed and the distance between 
pedestrian and vehicle are the important predictors in pedestrian crossing model. Unlike 
previous findings [2], vehicle type and group size are not significant predictors of pedes-
trian crossing decision in the current sample. According to the reduction result, nine 
pedestrian crossing decision rules are extracted including five certainty rules. These rules 
are as follows.

rule 1: a b e= ∧ = ⇒ =2 1 1
rule 2: a b e= ∧ = ⇒ =2 3 0
rule 3: a b e= ∧ = ⇒ =1 2 0
rule 4: a b e= ∧ = ⇒ =3 1 1
rule 5: a b e= ∧ = ⇒ =1 3 0
rule 6: a b e= ∧ = ⇒ =2 2 1(0.125), 0(0.875)
rule 7: a b e= ∧ = ⇒ =3 2 1(0.867), 0(0.133)
rule 8: a b e= ∧ = ⇒ =1 1 1(0.727), 0(0.273)
rule 9: a b e= ∧ = ⇒ =3 3 1(0.111), 0(0.889)

Some rules are selected to introduce.
(1) certainty rule
a b e= ∧ = ⇒ =2 1 1, which means that if the distance between pedestrian and vehicle is 

medium and the vehicle speed is slow, then adolescent pedestrian will choose to cross.
(2) uncertainty rule
a b e= ∧ = ⇒ =2 2 0, the confidence of the decision rule is 0.875, which means that if the 

distance between pedestrian and vehicle is medium and the vehicle speed is medium, then 
adolescent pedestrian will choose to yield with the probability of 87.5%.

5.4 comparison with the other method

logistic regression method was applied to compare with the method proposed in this paper. 
In the SPSS statistical analysis software, the logistic regression model was established by 
lr (likelihood ratio) forward step method, and the estimated values of the variables (dis-
tance between pedestrian and vehicle, vehicle speed) and the constant are 0.159, –1.241 and 
1.583 respectively.

In this paper, two methods were compared by using the accuracy and the area under the 
receiver operating characteristic (rOc) curve [18] (Fig. 4 and Table 3). The rOc curves 
illustrate the relationship between the true positive rate (sensitivity) and the false alarm rate 
(1–specificity) for thresholds from 0 to 1. According to Fig. 4 and Table 3, it can be seen that 

Table 2: Sample of crossing decision table.

Decision sample a b c d e

1 1 1 0 3 1

2 2 1 0 2 1

3 2 3 1 2 0

… … … … … …
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the proposed method has higher index value than logistic regression method, which indicates 
that the method has high accuracy and can be used to analyze adolescent pedestrian crossing 
decision behavior.

6 cONclUSIONS
This study considers pedestrian’s cognitive fuzziness and randomness in the crossing deci-
sion-making process, and uses the cloud model to discretize the continuous data of the 
influencing factors, and then constructs adolescent pedestrian crossing decision table. Finally, 
rough set method is used to extract the decision rules for adolescent pedestrian crossing at 
unmarked roadway. compared with the existing method, the proposed method not only has 
better prediction accuracy, but also can extract clear adolescent pedestrian crossing decision 
rules, which are easy to understand.

The vehicle speed and the distance between pedestrian and vehicle have the significant 
impact on adolescent pedestrian crossing decision at unmarked roadway. Nine decision rules, 
including five certainty rules and four uncertainty rules, can describe adolescent pedestrian 
crossing decision at unmarked roadway.

As a future study, the proposed adolescent pedestrian crossing decision model will be 
incorporated into the traffic simulation to analyze adolescent pedestrian safety. Another inter-
esting aspect is to expand the sample size and take into account the differences in cognition 
among different age groups.
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Figure 4: rOc curves for two methods.

Table 3: comparison of two methods.

Methods Accuracy Area under the ROC curve

rough set 0.914 0.941

logistic regression 0.818 0.926
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