




1. 4　 Calculation of aggregate morphology features

　 The fractal dimension is the main index used to meas-
ure the complexity and irregularity of an object or fractal
body. The fractal dimension of the grading curve was cal-
culated using the Tyler􀆳s three-dimensional (3D) fractal
characteristic model of particle size[32] . The fractal rela-
tionship between particle mass and size is given as fol-
lows[33]:

lgmr > d i
= (3 - D)( lgd i - lgdmax) + lgmT (1)

D = 3 -
lgmr > d i

- lgmT

lgd i - lgdmax
(2)

where r and D denote the specified particle size and frac-
tal dimension; d i denotes the diameter of the i-th( i = 1,
2,3) particle obtained from the grading curve; mr > d i

de-
notes the mass of the aggregate particle that did not pass
through the sieve of d i size; mT denotes the sum of the

mass for all aggregates; dmax denotes the maximum of d i .

1. 5　 Aggregate index

　 The crushing value data of the aggregates were ob-
tained using a stone crushing value tester according to the
T0316—2005 test method of Highway Engineering Ag-
gregate Test Regulations. The abrasion value data of the
aggregates were obtained using the Los Angeles Abrasion
test method. Each aggregate was subjected to an abrasion
test according to the T0317—2005 test method of High-
way Engineering Aggregate Test Regulations by selecting
the B-class particle size category. The polishing test was
conducted according to the T0321—2005 test method of
Highway Engineering Aggregate Test Regulations. An ac-
celerated polishing test machine was used to process the
aggregate, and the polishing value was measured using a
pendulum instrument. The aggregate indices measured
through experiments are listed in Table 3.

Table 3　 Indexes of aggregates
Index Limestone Ⅰ Limestone Ⅱ Limestone Ⅲ Basalt Ⅰ Basalt Ⅱ Granite Quartz sandstone

Crushed stone value 24. 3 25. 2 20. 6 11. 1 13 14. 5 15
Abrasion value 21. 8 20. 2 20. 69 7. 9 9. 8 10. 1 13. 17
Polished stone value 43. 4 44. 3 49. 3 54. 1 56. 6 49. 6 61. 4
Fractal dimension 2. 45-2. 52 2. 45-2. 52 2. 46-2. 62 2. 46-2. 62 2. 45-2. 52 2. 45-2. 52 2. 46-2. 62
P1 30-37 30-37 27-47 27-47 30-37 27-47 27-47
P2 47-53 47-53 45-63 45-63 47-53 45-63 45-63
P3 74-82 74-82 75-84 75-84 74-82 75-84 75-84
P4 95-97 95-97 91-97 91-97 95-97 91-97 91-97

　 Note: P1, P2, P3, and P4 represent percentage passing of 2. 36, 4. 75, 9. 50, and 13. 20 mm, respectively.

2　 Accelerated Attenuation Test for Skid Resist-
ance

　 The small-scale accelerated wear test equipment devel-
oped by the laboratory was used to simulate the traffic
load cycle effect of the vehicle on the asphalt pavement to
simulate the attenuation process of the antiskid perform-
ance of the asphalt pavement in less time.
　 The equipment parameters were a tire with a 100 mm
width, 200 mm diameter, 25 mm thick tread rubber, 0. 8

KN tire load, and 0. 2 MPa contact stress between the tire
and the ground. The four tires of the equipment rotated
around the central axis at 60 r / min. The temperature of
the test environment was 25 ℃. The test flow chart is
shown in Fig. 2. The number of accelerated wears was set
to 0, 1. 2 × 104, 2. 7 × 104, 3. 9 × 104, 5. 1 × 104, 6. 3 ×
104, 7. 5 × 104, 8. 7 × 104, 9. 9 × 104, and 1. 1 × 105

times (10 levels) . BPN values were collected using a
pendulum tribometer after loading each level. The BPN
test followed the China field test method T0964—2008.

(a) (b) (c) (d)
Fig. 2　 Test flow chart. (a) Specimens; (b) Accelerated wear equipment; (c) Surface of specimens after loading; (d) BPN test
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　 Studies have shown that the antiskid performance of as-
phalt pavement has an exponential attenuation process.
Therefore, we used an exponential model to fit the as-
phalt mixture BPN data in different accelerated wear sta-
ges[8],

BPN = ae - bx + c (3)

where a, b, and c denote the loss value, loss rate, and
terminal value of the BPN, respectively; x represents the
number of wearing times.

3　 BPNN and SVM
3. 1　 BPNN algorithm

　 This study used the mechanical characteristics of the
coarse aggregate, the fractal dimension of the gradation,
and the passing rate of some apertures as pavement char-
acteristics. In addition, the relationship between pave-
ment characteristics and antiskid performance was estab-
lished using the BPNN algorithm. BPNN comprises in-
put, hidden, and output layers, which are connected by
the connection weight Wk

[34] ( see Fig. 3 ) . This study
chose the bipolar S-type function as the activation func-
tion of the neurons in the hidden layer based on the non-
linear relationship between the input and output layers.

Fig. 3　 Schematic of the BPNN model

3. 2　 SVM algorithm

　 This study established the relationship between pave-
ment characteristics and antiskid performance based on
SVM, a binary classification model. The kernel function
was used to map the inseparable low-dimensional space to
a separable high-dimensional space. The dual variable
was realized by introducing an insensitive function,sparsi-
ty, to establish an SVM regression model[35] .

3. 3　 Evaluation index

　 We used the root mean square error (RMSE), mean
absolute error (MAE), and coefficient of determination
(R2) as evaluation indicators.

　 In addition to the conventional evaluation indicators,
this study introduced the objective function (OBJ) as an
evaluation indicator[36]:

O =
n t

na

E t + M t

R2
t + 1

+
ne

na

Ee + Me

R2
e + 1

(4)

where na denotes the number of data points in the training
and test datasets; E t, M t, R2

t , and n t represent RMSE,
MAE, coefficient of determination, and the number of
data points in the training dataset; Ee, Me, R2

e, and ne re-
present the RMSE, MAE, coefficient of determination,
and the number of data points in the test dataset, respec-
tively.

3. 4　 Model construction

　 The antiskid performance of the pavement was predic-
ted on the basis of the mechanical and morphological
characteristics of the aggregates. The exponential model
obtained by fitting the BPN data of the asphalt mixture re-
presents the pavement skid resistance under load. The pol-
ishing value, crushing value, fractal dimension, and per-
centage passing were used as input variables. Further-
more, relevant parameters of the exponential model were
taken as the response variables, 15 sample data points
were selected as the training set, and the remaining 12
sample data points were selected as the test set to verify
the model and establish the BPNN and SVM regression
models.
　 Considering some features have similar effects on the
antiskid performance of pavement[22], principal compo-
nent analysis (PCA) was used to extract components that
independently characterize the pavement and take them as
a class of input variables. Consequently, a better class of
input variables was selected by comparing the model eval-
uation indicators using the original features and those ob-
tained by PCA.
　 Furthermore, neurons in the output and hidden layers
were set to one each for the BPNN algorithm. It was
found through the loop verification method that 12 neu-
rons could obtain better results. The initial weight and
threshold range were ( - 1, 1) . The momentum factor
and learning rate were set to 0. 95 and 0. 05, respective-
ly, according to experience. The output layer used a
purelin ( linear) activation function with 1 slope and 0 in-
tercept.
　 Furthermore, the SVM regression model was built on
the Matlab􀅹 software platform. The fitrsvm function was
used to complete the least square optimization solution of
the dual function, and cross-validation was used to verify
the reliability of the model. The grid search algorithm
was used to determine the optimal penalty factor and the
parameter of the radial basis kernel function. The calcula-
tion met the requirements when the RMSE of the result
did not exceed 0. 001.
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4　 Results and Analysis
4. 1 　 Accelerated attenuation test results for skid re-

sistance

　 Fig. 4 shows the BPN attenuation curve at the asphalt
mixture contact surface after the load was applied. The
initial BPN values of the different aggregates differed.
The initial BPN values of basalt Ⅰ, basalt Ⅱ, limestone
Ⅰ, limestone Ⅱ, granite, and quartz sandstone were ap-
proximately 70, whereas the value was less than 60 for
limestone Ⅲ.
　 As the loading times increased, the asphalt mixture sur-
face became gradually smoother, the antiskid performance
gradually decreased, and the attenuation rate of different
aggregates differed. Parameter b in Table 4 reflects the
specific attenuation rate. The attenuation rates of the three
limestone types were high under different gradations. The
attenuation rates of limestones Ⅰ and Ⅱ were concentrat-

ed at 0. 77 to 0. 72, which is greater than the decay rate
of limestone Ⅲ (between 0. 64 and 0. 43) . The attenua-
tion rates of the other aggregates were lower than those of
limestone. Quartz sandstone, the most prominent aggre-
gate, had an attenuation rate concentrated between 0. 17
and 0. 13.
　 Moreover, the attenuation of the BPN value was stable
when the loading times exceeded 60 000. For BPN = 50
as the dividing line, the final BPN values of the quartz
sandstone aggregates were above it. However, the final
BPN values of the basalt and granite aggregates were ap-
proximately 50 and less than 50 for the limestone aggre-
gates.
　 Thus, quartz sandstone exhibited the best antiskid per-
formance, granite and basalt exhibited similar perform-
ance, and limestone exhibited the worst performance. Mo-
reover, the antiskid performance of the different lime-
stone types differed.

(a) 　 　 　 　 　 (b)

(c) 　 　 　 　 　 (d)

(e) 　 　 　 　 　 ( f)

(g) 　 　 　 　 　 (h)
Fig. 4　 Exponential model and data of the accelerated attenuation tests. (a) Gradation 1; (b) Gradation 2; (c) Gradation 3; (d) Grada-
tion 4; (e) Gradation 5; ( f) Gradation 6; (g) Gradation 7; (h) Gradation 8
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Table 4　 Exponential model parameters

Gradation Type of aggregate
Parameter

a b c

1
Limestone Ⅲ 17. 09 0. 64 39. 65

Basalt Ⅱ 24. 39 0. 30 46. 20
Quartz sandstone 15. 65 0. 14 53. 79

2
Limestone Ⅲ 17. 73 0. 49 38. 23

Basalt Ⅱ 22. 90 0. 35 45. 41
Quartz sandstone 14. 88 0. 15 53. 28

3
Limestone Ⅲ 19. 79 0. 43 39. 51

Basalt Ⅱ 23. 98 0. 33 47. 06
Quartz sandstone 12. 64 0. 17 56. 32

4
Limestone Ⅲ 17. 59 0. 51 40. 61

Basalt Ⅱ 21. 04 0. 47 47. 61
Quartz sandstone 14. 27 0. 16 55. 71

5
Limestone Ⅲ 17. 62 0. 54 39. 23

Basalt Ⅱ 24. 76 0. 31 45. 45
Quartz sandstone 16. 92 0. 13 53. 55

6

Limestone Ⅰ 35. 70 0. 77 40. 65
Limestone Ⅱ 36. 34 0. 73 40. 09

Basalt Ⅰ 31. 59 0. 49 44. 25
Granite 33. 66 0. 69 42. 89

7

Limestone Ⅰ 33. 35 0. 73 41. 15
Limestone Ⅱ 33. 47 0. 72 39. 90

Basalt Ⅰ 30. 73 0. 33 42. 91
Granite 29. 86 0. 45 42. 46

8

Limestone Ⅰ 34. 17 0. 75 41. 09
Limestone Ⅱ 34. 31 0. 72 40. 21

Basalt Ⅰ 30. 99 0. 40 43. 56
Granite 30. 62 0. 53 42. 51

4. 2　 GRA results

　 GRA is a multifactor statistical analysis method used to
analyze the correlation between multiple independent and
dependent variables[21] . As shown in Fig. 5, the correla-
tion degree was calculated by considering parameters a,

b, and c as the reference sequence and comparing them
with the indicators listed in Table 3 and the partial percent
passing of each gradation. The correlation between the
polishing value and the three parameters was the stron-
gest. The correlation degrees of the four features related
to gradation were similar and above 0. 6. The abrasion
values were weakly correlated with the crushing values.

Fig. 5　 GRA results

4. 3　 Correlation analysis results

　 The gray correlation analysis showed that the correla-
tion coefficient of each factor exceeded 0. 5. Therefore,
each factor can affect the skid resistance of long-term
service asphalt pavement to a certain extent, implying a
high correlation between various factors[37] . Correlation
analysis between various factors was performed. The re-
sults are shown in Table 5.
　 Table 5 shows that the correlation between the indica-
tors representing the mechanical characteristics of aggre-
gates, the fractal dimension representing the characteris-
tics of the grading curve, and the pore diameter passing
rate are more than 0. 8, agreeing with the actual situation
and indicating that the correlation analysis results can be
improved.

Table 5　 Correlation analysis results

Index
Crushed stone

value
Abrasion

value
Polished stone

value
Fractal

dimension
P1 P2 P3 P4

Crushed stone value 1. 00 0. 96 - 0. 76 - 0. 14 - 0. 11 - 0. 12 - 0. 17 0. 17
Abrasion value 0. 96 1. 00 - 0. 64 - 0. 05 - 0. 04 - 0. 05 - 0. 07 0. 07
Polished stone value - 0. 76 - 0. 64 1. 00 0. 20 0. 16 0. 17 0. 25 - 0. 25
Fractal dimension - 0. 14 - 0. 05 0. 20 1. 00 0. 95 0. 97 0. 41 - 0. 11
P1 - 0. 11 - 0. 04 0. 16 0. 95 1. 00 0. 99 0. 12 - 0. 26
P2 - 0. 12 - 0. 05 0. 17 0. 97 0. 99 1. 00 0. 21 - 0. 23
P3 - 0. 17 - 0. 07 0. 25 0. 41 0. 12 0. 21 1. 00 0. 27
P4 0. 17 0. 07 - 0. 25 - 0. 11 - 0. 26 - 0. 23 0. 27 1. 00

4. 4　 Principal component analysis results

　 The correlation analysis results showed a high degree of
correlation between the input layer parts. Considering the
practical significance of variables such as fractal dimen-
sion, percent passing, crushing value, and wear value,
we performed PCA to obtain variables that can independ-
ently characterize the antiskid performance of pave-
ment[38]; the PCA results are presented in Table 6.

　 Using components 1, 2, and 3 as comprehensive varia-
bles to represent all original variables, we can explain
89. 5% variance. According to the composition matrix,
the crushing, abrasion, and polishing values mainly con-
stitute component 2. The fractal dimension and percent
passing of 2. 36 and 4. 75 mm mainly constitute compo-
nent 1; the percent passing of 9. 50 and 13. 20 mm main-
ly constitute component 3. Furthermore, this result is
roughly the same as the correlation between the variables
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Table 6　 Component matrix
Index 1 2 3 4 5 6

Crushed stone value 0 0. 966 0 0. 258 0 0
Abrasion value 0 0. 966 0 0. 259 0 0
Polished stone value 0 - 0. 695 0 0. 719 0 0
Fractal dimension 0. 999 0 - 0. 009 0 - 0. 012 - 0. 036
P1 0. 956 0 - 0. 292 0 - 0. 015 0. 034
P2 0. 961 0 - 0. 272 0 0. 040 0. 001
P3 0. 325 0 0. 895 0 - 0. 305 0. 005
P4 0. 285 0 0. 908 0 0. 308 0. 005

presented by the correlation analysis, making it credible.
　 Finally, the three combinations of input features select-
ed using the analysis of all characteristic variables are as
follows:
　 1) All features were used as the input layer.
　 2) Polishing value, fractal dimension, 9. 50 mm aper-
ture pass rate, and 13. 20 mm aperture pass rate, which
are features highly related to antiskid performance, were
used as the input layer.
　 3) Components 1, 2, and 3 obtained from PCA were
used as the input layer.

4. 5　 Model selection and performance

　 In Table 7, we paired BPNN and SVM algorithms and
the combination of the three input layers to construct a
prediction model for parameters a, b, and c in the attenu-
ation model.

Table 7　 Model building schemes
Input layer
combination

a b c
BPNN SVM BPNN SVM BPNN SVM

1 a-B-1 a-S-1 b-B-1 b-S-1 c-B-1 c-S-1
2 a-B-2 a-S-2 b-B-2 b-S-2 c-B-2 c-S-2
3 a-B-3 a-S-3 b-B-3 b-S-3 c-B-3 c-S-3

　 The performance of the different schemes for predicting
the three parameters is shown in Table 8.

Table 8　 Performance of different schemes

Scheme
R2

Train database Test database
OBJ

a-B-1 0. 606 0. 854 8. 077
a-B-2 0. 813 0. 743 8. 384
a-B-3 0. 278 0. 820 11. 678
a-S-1 0. 909 0. 228 12. 490
a-S-2 0. 198 0. 756 33. 729
a-S-3 0. 101 0. 581 12. 769
b-B-1 0. 983 0. 826 0. 064
b-B-2 0. 822 0. 903 0. 071
b-B-3 0. 489 0. 817 0. 185
b-S-1 0. 899 0. 844 40. 150
b-S-2 0. 898 0. 806 40. 429
b-S-3 0. 477 0. 830 48. 153
c-B-1 0. 974 0. 809 1. 973
c-B-2 0. 965 0. 817 2. 462
c-B-3 0. 469 0. 772 7. 191
c-S-1 0. 990 0. 830 5. 431
c-S-2 0. 989 0. 811 5. 384
c-S-3 0. 555 0. 808 5. 084

　 The BPNN algorithm and combination 1 had the best
prediction effect on the three parameters. It had a higher
R2 value, and its OBJ values of 8. 08, 0. 06, and 1. 97
were the lowest for different models compared with the
same parameter. The model with combination 3 as the in-
put layer had a significantly larger OBJ value than that
with combinations 1 and 2, and its R2 was less them 0. 5.
When these characteristics were summarized by PCA, the
influence of some features on the three parameters was
lost, resulting in poor prediction results. The differences
in R2 and OBJ for combinations 1 and 2 as the input layer
were small. Moreover, some low correlations were exclu-
ded when analyzing the correlation between different fea-
tures and the output layer. These features had little effect
on the prediction performance of the model. R2 was simi-
lar for combinations using SVM and BPNN. However,
combinations using SVM had larger OBJ than those using
BPNN. Therefore, we selected three combinations of
a-B-1, b-B-1, and c-B-1 as the prediction models for pa-
rameters a, b, and c, respectively (see Fig. 6) .

5　 Conclusions

　 1) The different aggregates exhibited different antiskid
properties as the number of loadings increased. The atten-
uation rate of quartz sandstone, which exhibited the best
antiskid performance, was concentrated between 0. 17 and
0. 13, and its BPN value was stable above 50. The atten-
uation rates of the two types of basalt and granite were
between 0. 53 and 0. 30, and their BPN values were sta-
ble at 50, indicating similar antiskid properties. Howev-
er, the attenuation rates of the three types of limestone
were high, and their BPN values were less than 50 after
stabilization, indicating that the antiskid properties were
not good.
　 2) The gray correlation between the grinding value of
the mechanical and morphological characteristics of the
aggregate and the attenuation model of asphalt antiskid
performance was the highest. Moreover, the correlation
coefficients with the three parameters exceeded 0. 85, in-
dicating a high correlation. After summarizing all charac-
teristics into three main components, component 2 com-
prised polishing, abrasion, and crushing values, reflec-
ting the mechanical characteristics of the aggregate. The
remaining two main components were the fractal dimen-
sion and pore passing rate, reflecting the aggregate mor-
phology.
　 3) The model was constructed with three input layer
combinations using BPNN and SVM algorithms. After
comparing the evaluation indicators of different models,
the prediction effect of different input layer combinations
according to the BPNN model was more stable, with an
R2 value of approximately 0. 8. The combinations of a-B-
1, b-B-1, and c-B-1 were selected and used as prediction
models for parameters a, b, and c. This selection result
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(a) 　 　 　 　 　 　 (b)

(c) 　 　 　 　 　 　 (d)

(e) 　 　 　 　 　 　 ( f)
Fig. 6　 Evaluation of the results for three combinations. (a) Training dataset for a-B-1; (b) Test dataset for a-B-1; (c) Training dataset for
b-B-1; (d) Test dataset for a-B-1; (e) Training dataset for c-B-1; ( f) Test dataset for a-B-1

showed that features, excluding those with a low correla-
tion, significantly affected the prediction effect of the
model.
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基于集料力学特征与级配分形的沥青混合料抗滑衰变预测

孔令云1,2 　 曾启岚1,2 　 张政奇1,2 　 彭　 毅3 　 王大为4 　 余　 苗1,2 　 战　 友5

( 1重庆交通大学交通土建工程材料国家地方联合工程实验室,重庆 400074)
( 2重庆交通大学土木工程学院,重庆 400074)
( 3重庆交通大学交通运输学院,重庆 400074)

( 4哈尔滨工业大学交通科学与工程学院,哈尔滨 150090)
( 5西南交通大学土木工程学院,成都 610031)

摘要:以粗集料的力学指标、分形维数以及 BPN 作为研究对象进行数据采集,基于前馈神经网络算法与支

持向量机算法,提出了一种新型路面抗滑性能预测模型. 采用加速加载试验,记录沥青混合料在轮载作用下

表面抗滑性能的衰减过程,并利用指数模型对轮载次数与 BPN 的数值关系进行拟合. 通过灰色关联度分析

和相关性分析,评估各项因素对沥青路面抗滑性的影响程度. 基于主成分分析结果,设计了 6 种方案,用于

前馈神经网络算法和支持向量机算法的训练、验证和测试. 结果表明,不同类型集料呈现出不同的抗滑性

能,石英砂岩最佳,玄武岩次之,石灰岩较差. 磨光值与沥青抗滑性能衰减模型的关联性最高. 前馈神经网络

算法构建的模型表现更为稳定,R2 值约为 0. 8,展现出良好的预测能力.
关键词:加速加载;抗滑性能;指数模型;前馈神经网络;支持向量机
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