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Abstract: Slope stability assessment is a critical concern
in construction projects. This study explores the use of
multivariate adaptive regression splines (MARS) to cap-
ture the intrinsic nonlinear and multidimensional rela-
tionship among the parameters that are associated with
the evaluation of slope stability. A comparative study of
machine learning solutions for slope stability assessment
that relied on backpropagation neural network (BPNN)
and MARS was conducted. One data set with actual slope
collapse events was utilized for model development and to
compare the performance of BPNN and MARS. Research
results suggest that BPNN and MARS models can model
the relationship between the safety factor and the slope
parameters. Also, the MARS model has the advantages of
computational efficiency and easy interpretation.

Keywords: multivariate adaptive regression splines,
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1 Introduction

Landslide is a common type of geological disaster, which
always impose heavy social and economic losses [1-3].
These hazards are often caused by various uncertainties,
including external factors (e.g., rainfall, earthquake, excava-
tion) and the hydrogeological conditions of the slope [4-6].
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Thus, analyzing the stability of the slope and preventing or
mitigating the damage became an urgent issue for engineers
and researchers. By convention, the safety factor is consid-
ered as an important index for slope stability analysis and a
choice of treatment designs. The limit equilibrium method
(LEM) and numerical calculation method based on the
theory of elasticity and plasticity are widely used to calculate
the safety factor [7-9]. However, the accuracy of the LEM is
commonly affected to some extent because of the assump-
tion on slip surface and interslice forces. Also, the numerical
calculation method based on the theory of elasticity and
plasticity requires the selection of a well-fitted constitutive
model that can reflect the mechanical behavior of soil and
rocks in slopes accurately, which is a difficult task for en-
gineers and researchers [10-13]. Moreover, the interactions
among the factors that affect slope stability are complex
and multifactorial, thereby resulting in the difficult evalua-
tion of the real slope stability based on safety factors.

In recent years, for the intrinsic capability of mining
valuable information hidden in records of real slope
cases, machine learning algorithms, such as artificial
neural network (ANN)-based [14-19], discriminant ana-
lysis-based [20-22], and decision tree-based approaches
[23-25], have been applied to the evaluation of slope
stability gradually. According to the potential failure me-
chanism, these methods evaluate slope stability based on
the characteristics of the parameters, such as geotech-
nical parameters, slope geometry, and water condition,
and the application of these machine learning algorithms
can obtain reasonable results that can be used for the
evaluation of slope stability. Furthermore, even a small in-
crement of the prediction accuracy could have a significant
influence on the evaluation of slope stability [26]. Therefore,
exploring high-performance-based models, which are used
to predict slope stability accurately, is necessary.

This study explores the use of multivariate adaptive
regression splines (MARS) [27] to capture the intrinsic
nonlinear and multidimensional relationship associated
with the evaluation of slope stability. A comparative
study of machine learning solutions for slope stability
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assessment that relied on backpropagation neural network
(BPNN) and MARS was conducted. One data set with actual
slope collapse events was utilized for model development
and to compare the performance of BPNN and MARS.

2 BPNN

ANN is a computational model based on the structure and
functions of biological neural networks that can be used to
model the complex relationships between inputs and out-
puts or as pattern classifiers [28]. The ANN structure con-
sists of one or more layers of interconnected neurons or
nodes. Each link that connects each neuron has an asso-
ciated weight. They can learn some target values (desired
output) from a set of selected input data through a com-
puting network system under supervised and self-adjusted
or unsupervised learning algorithms [29]. The learning pro-
cess is achieved by adjusting the weights in the network
until a particular input leads to a specific target output. The
predictive power of the trained neural networks can be
tested by comparing the predicted value using a target.
Various algorithms for ANN have been proposed in
previous literature, among which the BPNN model is the
most widely used [30,31]. The network has an enhanced
functionality of highly nonlinear correspondent relations
that analyze input and output and fine feasibility. The
BPNNs generally consist of one input layer, one or more
hidden layers, and one output layer. The layers are com-
pletely connected, and each interconnection is assigned
with an associative weight (Figure 1). BPNN training con-
sists of two phases of computation: a forward pass and a
backward pass. The steps in the BPNN algorithm are de-
scribed as follows: first, the network weights are initialized,
and the input data are presented forward from the input to
the output layer, thereby producing actual output. Second,
the output is compared with the target values, and an error
is determined. Finally, the errors are propagated backward
from the output layer to the previous layers, and the con-
nection weights are updated to minimize the errors.
Although the number of hidden neurons is typically
determined through a trial-and-error process, the number
of input neurons is the same as the number of the selected
factors. Normally, the smallest number of neurons that
yields satisfactory results (judged by the network per-
formance in terms of the coefficient of determination R?
of the testing data set) is selected. In the present study,
a MATLAB-based BPNN with Levenberg—Marquardt (LM)
algorithm [32] was adopted for neural network modeling.
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Figure 1: BPNN architecture (adapted from ref. [33]).

3 MARS

MARS is a form of regression analysis introduced by ref.
[27]. This algorithm generates flexible regression models,
where the nonlinear relationship between a group of
input variables and their dependent outputs is approxi-
mated. MARS is a nonparametric statistical method based
on a divide-and-conquer strategy, in which the training
data sets are partitioned into separate piecewise linear
segments (splines) of differing gradients. No restrictive
assumption is made regarding the functional relationship
between the dependent and independent variables in
MARS. Instead, the MARS model constructs this relation
from a set of coefficients and basis functions (BFs) that
are entirely “driven” from the data [34].

The MARS approximation function f (X), which is a
linear combination of BFs and their interactions, is ex-
pressed as follows:

M
FX) =ao+ Y anBu(X), )
m=1

where f (X) is the MARS predictor, X = (x4, X,,...,Xp) is the
vector of the input variables, aq is a constant coefficient,
a,, is the coefficient of the mth term, which is obtained by
the least-squares method, and B,,(X) is the mth BF. The
MARS approximation function can be a spline function or
interaction BFs produced by multiplying an existing term
with a truncated linear function that involves a new/dif-
ferent variable. B,(X) can be a single spline BF (SBF) and
the product of two or more SBFs. Thus, MARS can ap-

proximate highly nonlinear problems.
The MARS model has executed in two phases of com-
putation: a forward phase and a backward phase. First,
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the MARS model is described by only using one input
variable. Candidate knots are placed at random positions
within the range of each predictor to define a pair of basic
functions. At each step, the knot and its corresponding
pair of basic functions are fitted to yield the maximum

Table 1: Detail statistical description of the data set
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reduction in sum-of-squares residual error. New BFs are
added until the maximum complexity or threshold value
is achieved. The forward phase selection of the BF results
in an extremely complex and over-fitted model.

MARS modeling is a data-driven process. To construct
the model in equation (1), the forward phase is performed
on the training data starting initially with only the intercept
ao. At each subsequent step, the basis pair that produces
the maximum reduction in the training error is added. Con-

Factors Max  Min  Average Std ~ Median  gjdering a current model with M BFs, the next model would
Bulk weight 3130 12.00 2176 413 20.96 be updated after two BFs are added as follows:
(v/kN/m?) M
Cohesion (c/kPa) 300.00 0.00 34.12 45.82 19.96 f(X) =ag + z Ay Bm(X) + ayr.1B(X)max(0, Xj — t)
Friction angle (¢/°) ~ 45.00 0.00 28.73  10.58 30.24 o’ )
Slope angle (B8/°) 59.00 16.00 36.10 10.22 35.00 + ay o B(X)max(0, t — x;).
Slope height (H/m) 511.00 3.60 104.19 132.68 50.00 /
Pore pressure 45.00 0.00  0.48 3.45 0.25 Even if this resulted function fits the training data
ratio (Ru) well, it has a poor predictive capacity for the new data
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Figure 2: Scatterplots of all influencing factors with safety factors.
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set. To enhance the prediction capacity of the MARS
model, the backward phase considers the residual error
and the model complexity, and the redundant BFs that
have the least contributions are deleted. Model subsets
are compared using the less computationally expensive
method of generalized cross-validation (GCV). The GCV is
the mean-squared residual error divided by a penalty that
is dependent on model complexity. For a training data set
with N points, GCV is calculated as follows:

YN - FX)P 5
+dx (M- 2’ 3
[1_ M ;34 1)/2}

GCV =

where M is the number of BFs, y; is the true value at X;,
f (X;) is the predictive value at X;, and d is a penalty for
each BF included in the developed submodel. The GCV
penalizes not only the number of BFs but also the number
of knots.

4 History data of slopes

To explore the application of MARS in the evaluation of
slope stability and compare the result with BPNN, one
history data set of the slope is employed in this study.
The data set contains 153 history cases that are collected
from previous research [35-39]. All the 153 data samples
used for further analyses are shown in the Appendix.
Based on a previous study, six influencing factors are
used in this data set to present the character of the slope.
The factors that influence slope stability, including unit
weight (y), cohesion (c), internal friction angle (a), slope
angle (), slope height (H), and pore pressure ratio (Ru),
are used to characterize the earth slope.

Table 1 shows the details of the statistical descrip-
tions of the data set used in this study. For better recog-
nition of the relationships between safety factors and
other parameters, the scatterplots of all influencing fac-
tors with safety factors are plotted in Figure 2. The corre-
sponding relationships between influencing factors and
the safety factor were not obvious.

5 Experimental results

In this study, 80% of the data is used as training data; the
rest is used to test the machine learning model. To reduce
the subjectivity in the selection of training and testing
data, every group of data sets is selected randomly.
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In the case of BPNN, the sigmoid function is used
as the action function. The number of neurons in the
hidden layer is selected based on trial. In this study,
the number of neurons, which ensures BPNN has excel-
lent performance, is six. A total of 122 data, which are
employed to construct the machine learning model, are
included in data set 1. Moreover, six parameters should
be inputted, and one output result should be generated.

To construct a MARS model, the data are packed the
same way as the BPNN model. The number of basic func-
tions, as well as the parameters associated with each one
(product degree and knot locations), are automatically
determined by the data. The prediction of safety factors
using the MARS model with second order interaction
adopted 25 BFs of linear spline function. An open MARS
source code from ref. [40] is adapted to perform the ana-
lyses presented in this study.

5.1 Prediction of the safety factor

Figure 3 shows the comparison of predicted safety
factor and target value in slopes based on the BPNN
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Figure 3: Comparison of predicted safety factor and target value in
slopes.
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Table 2: ANOVA decomposition for the MARS model
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Func STD GCV Basis Params. Variable (s)

1 0.5 2.208 1 2.5 Slope angle (B)

2 0.329 0.829 1 2.5 Slope height (H)

3 0.065 0.071 1 2.5 Pore pressure ratio (Ru)

4 0.081 0.085 1 2.5 Bulk weight (y), cohesion (kPa)

5 0.216 0.319 1 2.5 Bulk weight (y), slope height (m)

6 0.181 0.262 1 2.5 Cohesion (c), friction angle (a)

7 0.236 0.461 3 7.5 Cohesion (c), slope angle ()

8 0.191 0.342 5 12.5 Cohesion (c), slope height (H)

9 0.408 0.872 5 12.5 Friction angle (a), pore pressure ratio (Ru)
10 0.187 0.211 2 5 Slope angle (B), slope height (H)

11 0.395 1.427 4 10 Slope angle (B), pore pressure ratio (Ru)

and MARS model. BPNN and MARS models can model
the relationship between the safety factor and the slope
parameters. In this data set, the correlation coefficient
R? in the BPNN model is 0.8931, and the value in the
MARS model is 0.8629. However, the training time of
the BPNN model is 95.61s, whereas that of the MARS
model is 8.63 s. The BPNN model will spend more time
to train the model and obtain a predicted safety factor,
and the precision of which is slightly bigger than that of
the MARS model.

5.2 Parameter relative importance

After the MARS model is built; all the involved BFs are
grouped based on the analysis of variance (ANOVA) de-
composition [27]. This procedure is used to assess the
contributions of the six influencing factors of slope sta-
bility. Table 2 presents the ANOVA decomposition, which
is obtained by using the MARS model. The last column
provides the particular input variable associated with the
ANOVA function. Based on the information, the relative
importance of the input influence factors of slope stabi-
lity for the MARS model is evaluated based on the in-
crease in the GCV and STD values. All the conditioning
factors have contributed to the model; however, the slope
angle is the most important one.

In the MARS model, the GCV and STD values of the
slope angle are taken as the reference value. Figure 4
shows the comparison of the relative importance of the
input variables based on the BPNN and MARS models.
Compared with other parameters, the safety factor is
more sensitive to slope height in the BPNN model. In the
MARS model, the slope angle is the most sensitive para-
meter. The results indicate that the relative importance of

the input variables obtained by different machine learning
models may vary. Nevertheless, all of these variables can
predict the output value effectively.

5.3 Interpreted MARS model

Table 3 lists the BFs and their corresponding equation for
the developed MARS model. Table 3 shows that interac-
tions have occurred among BFs (25 of the 66 BFs are
interaction terms). The presence of interactions suggests
that the built MARS model is not simply additive, and
interactions play a significant role in building an accurate
model for capacity energy predictions. Without making
any specific assumption about the underlying functional
relationship between the input variables and the depen-
dent response, MARS can capture the nonlinear and com-
plex relationships between energy capacity and a multi-
tude of initial geotechnical parameters with interactions
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Figure 4: Relative importance of the input variables based on the
BPNN and MARS models.



1268 —— Zhihao Liao and Zhiwei Liao

Table 3: Expressions of BFs for the developed MARS model
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BF Equation BF Equation

BF1 max(0, 50 —x5) BF14 BF2 * max(0, 0.25 —x6)

BF2 max(0, 45.3 —x4) BF15 max(0, 45.02 —x2) * max(0, x5 —37)

BF3 max(0, x4 —45.3) * max(0, 0.25 —x6) BF16 BF5 * max(0, x3 —36)

BF4 max(0, x5 =50) * max(0, x4 —40.02) BF17 max(0, 45.02 —x2) * max(0, x4 —40)
BF5 max(0, x6 —0.45) BF18 max(0, 0.45 —x6) * max(0, 26.6 —x3)
BF6 max(0, 45.02 —x2) * max(0, x1 —20.41) BF19 max(0, 45.02 —x2) * max(0, x5 —50)

BF7 max(0, 0.45 —x6) * max(0, 50 —x4) BF20 max(0, 45.02 —x2) * max(0, 50 —x5)

BF8 max(0, 0.45 —x6) * max(0, x3 —22.01) BF21 max(0, x3 —9.99) * max(0, 24.9 —x2)
BF9 max(0, 0.45 —x6) * max(0, 22.01 —x3) BF22 max(0, x3 -9.99) * max(0, 0.25 —x6)
BF10 max(0, x2 —45.02) * max(0, x5 —-120) BF23 BF1 * max(0, x1 —-16.47)

BF11 max(0, x2 —45.02) * max(0, 120 —x5) BF24 max(0, 45.02 —x2) * max(0, x4 —22)

BF12 BF2 * max(0, x5 —115) BF25 max(0, 45.02 —x2) * max(0, 22 —x4)

BF13 BF2 * max(0, x6 —0.25)

among one another. The equation of MARS energy capa-
city model is given by

y = 1.24 + 0.017 x BF1 + 0.0545 x BF2 - 0.62
x BF3 - 0.00017 x BF4 + 5.18 x BF5 + 0.0015
x BF6 — 0.16 x BF7 + 0.23 x BF8 — 0.33 x BF9
— 6.87e — 05 x BF10 - 6.45e — 05 x BF11
—0.00043 x BF12 - 0.30 x BF13 + 0.23
x BF14 — 0.0010 x BF15 + 3.83 x BF16
+ 0.0021 x BF17 + 0.23 x BF18 + 0.0011
x BF19 — 0.00024 x BF20 + 0.00088 x BF21
—0.107 x BF22 — 0.0027 x BF23 - 0.0012
x BF24 — 0.0032 x BF25

In this section, the results of slope stability assessment
based on BPNN and MARS are compared. Compared with
BPNN, the MARS model is easy to be interpreted. Although
the precision of the MARS model is slightly lower than that
of the BPNN model, it will spend less time to train the model
and obtain a predicted safety factor. In the monitoring and
early warning of slope stability, the time factor is more
important for people. Also, the MARS model can capture
the intrinsic nonlinear and multidimensional relationship
between the safety factor and the slope parameters.

6 Conclusions

This study explores the use of MARS to capture the in-
trinsic nonlinear and multidimensional relationship be-
tween the parameters, which is associated with the eva-
luation of slope stability. A comparative study of machine
learning solutions for slope stability assessment that re-
lied on BPNN and MARS was conducted. One data set
with actual slope collapse events was utilized for model

development and to compare the performance of BPNN
and MARS. The results suggest that BPNN and MARS
models can demonstrate the relationship between the
safety factor and the slope parameters. Also, the MARS
model has the advantage of computational efficiency and
easy interpretation. The relative importance of the input
variables obtained by different machine learning models
may vary. Nevertheless, all of these variables can predict
the output value effectively.
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Appendix: dataset used in this study

Table Al: Dataset used in this study (from ref. [35-39,41])

No. Unit weight/y Cohesion/c Friction Slope Slope Pore pressure Safety
(kN/m3) (kPa) angle/a (°) angle/B (°) height/H (m) ratio/Ru factor /FS
1 18.68 26.34 15 35 8.23 0 1.11
p 16.5 11.49 0 30 3.66 0 1
3 18.84 14.36 25 20 30.5 0 1.875
4 18.84 57.46 20 20 30.5 0 2.045
5 28.44 29.42 35 35 100 0 1.78
6 28.44 39.23 38 35 100 0 1.99
7 20.6 16.28 26.5 30 40 0 1.25
8 14.8 0 17 20 50 0 1.13
9 14 11.97 26 30 88 0 1.02
10 25 120 45 53 120 0 1.3
11 26 150.05 45 50 200 0 1.2
12 18.5 25 0 30 6 0 1.09
13 18.5 12 0 30 6 0 0.78
14 22.4 10 35 30 10 0 2
15 21.4 10 30.34 30 20 0 1.7
16 22 20 36 45 50 0 1.02
17 22 0 36 45 50 0 0.89
18 12 0 30 35 4 0 1.46
19 12 0 30 45 8 0 0.8
20 12 0 30 35 4 0 1.44
21 12 0 30 45 8 0 1.86
22 23.47 0 32 37 214 0 1.08
23 16 70 20 40 115 0 1.1
24 20.41 24.9 13 22 10.67 0.35 1.4
25 19.63 11.97 20 22 12.19 0.41 1.35
26 21.82 8.62 32 28 12.8 0.49 1.03
27 20.41 33.52 11 16 45.72 0.2 1.28
28 18.84 15.32 30 25 10.67 0.38 1.63
29 18.84 0 20 20 7.62 0.45 1.05
30 21.43 0 20 20 61 0.5 1.03
31 19.06 11.71 28 35 21 0.11 1.09
32 18.84 14.36 25 20 30.5 0.45 1.11
33 21.51 6.94 30 31 76.81 0.38 1.01
34 14 11.97 26 30 88 0.45 0.625
35 18 24 30.15 45 20 0.12 1.12
36 23 0 20 20 100 0.3 1.2
37 22.4 100 45 45 15 0.25 1.8
38 22.4 10 35 45 10 0.4 0.9
39 20 20 36 45 50 0.25 0.96
40 20 20 36 45 50 0.5 0.83
41 20 0 36 45 50 0.25 0.79
42 20 0 36 45 50 0.5 0.67
43 22 0 40 33 8 0.35 1.45
44 24 0 40 33 8 0.3 1.58
45 20 0 24.5 20 8 0.35 1.37
46 18 5 30 20 8 0.3 2.05
47 26.49 150 33 45 73 0.15 1.23
48 26.7 150 33 50 130 0.25 1.8
49 26.89 150 33 52 120 0.25 1.8
50 26.57 300 38.7 45.3 80 0.15 1.18
51 26.78 300 38.7 54 155 0.25 1.2
52 26.81 200 35 58 138 0.25 1.2
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Table A1: Continued

No. Unit weight/y Cohesion/c Friction Slope Slope Pore pressure Safety
(kN/m3) (kPa) angle/a (°) angle/B (°) height/H (m) ratio/Ru factor /FS
53 26.43 50 26.6 40 92.2 0.15 1.25
54 26.7 50 26.6 50 170 0.25 1.25
55 26.8 60 28.8 59 108 0.25 1.25
56 22.4 10 35 45 10 0.4 0.9
57 20 20 36 45 50 0.5 0.83
58 20 0 36 45 50 0.25 0.79
59 20 0 36 45 50 0.5 0.67
60 22 0 40 33 8 0.35 1.45
61 24 0 40 33 8 0.3 1.58
62 20 0 24.5 20 8 0.35 1.37
63 18 5 30 20 8 0.3 2.05
64 27 40 35 43 420 0.25 1.15
65 27 50 40 42 407 0.25 1.44
66 27 35 35 42 359 0.25 1.27
67 27 37.5 35 37.8 320 0.25 1.24
68 27 32 33 42.6 301 0.25 1.16
69 27 32 33 42.4 289 0.25 1.3
70 27.3 14 31 41 110 0.25 1.249
71 27.3 31.5 29.7 41 135 0.25 1.245
72 27.3 16.8 28 50 90.5 0.25 1.252
73 27.3 26 31 50 92 0.25 1.246
74 27.3 10 39 41 511 0.25 1.434
75 27.3 10 39 40 470 0.25 1.418
76 25 46 35 47 443 0.25 1.28
77 25 46 35 44 435 0.25 1.37
78 25 46 35 46 432 0.25 1.23
79 26 150 45 30 200 0.25 1.2
80 18.5 25 0 30 6 0.25 1.09
81 18.5 12 0 30 6 0.25 0.78
82 22.4 10 35 30 10 0.25 2
83 21.4 10 30.34 30 20 0.25 1.7
84 22 20 36 45 50 0.25 1.02
85 22 0 36 45 50 0.25 0.89
86 12 0 30 45 4 0.25 1.46
87 12 0 30 45 8 0.25 0.8
88 12 0 30 45 4 0.25 1.44
89 31.3 68 37 49 200.5 0.25 1.2
90 20 20 36 45 50 0.25 0.96
91 27 40 35 47.1 292 0.25 1.15
92 25 46 35 50 284 0.25 1.34
93 31.3 68 37 46 366 0.25 1.2
94 25 46 36 44.5 299 0.25 1.55
95 27.3 10 39 40 480 0.25 1.45
96 25 46 35 46 393 0.25 1.31
97 25 48 40 49 330 0.25 1.49
98 31.3 68.6 37 47 305 0.25 1.2
99 25 55 36 45.5 299 0.25 1.52
100 313 68 37 47 213 0.25 1.2
101 28.4 150.05 45 53 200 0.5 2.31
102 18.66 26.41 14.99 34.98 8.2 0 1.11
103 28.4 29.41 35.01 34.98 100 0 1.78
104 25.96 150.05 45 49.98 200 0 1.2
105 18.46 25.06 0 30 6 0 1.09
106 21.36 10.05 30.33 30 20 0 1.7
107 15.99 70.07 19.98 40.02 115 0 1.11
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Table A1: Continued

No. Unit weight/y Cohesion/c Friction Slope Slope Pore pressure Safety
(kN/m?) (kPa) angle/a (°) angle/B (°) height/H (m) ratio/Ru factor /FS
108 20.39 2491 13.01 22 10.6 0.35 1.4
109 19.6 12 19.98 22 12.2 0.41 1.35
110 21.78 8.55 32 27.98 12.8 0.49 1.03
111 20.39 33.46 10.98 16.01 45.8 0.2 1.28
112 19.03 11.7 27.99 34.98 21 0.11 1.09
113 17.98 4.95 30.02 19.98 8 0.3 2.05
114 20.96 19.96 40.01 40.02 12 0 1.84
115  20.96 34.96 27.99 40.02 12 0.5 1.43
116  19.97 10.05 28.98 34.03 6 0.3 1.34
117 18.77 30.01 9.99 25.02 50 0.1 1.4
118  18.77 30.01 19.98 30 50 0.1 1.46
119 18.77 25.06 19.98 30 50 0.2 1.21
120 20.56 16.21 26.51 30 40 0 1.25
121 16.47 11.55 0 30 3.6 0 1
122 18.8 14.4 25.02 19.98 30.6 0 1.88
123 18.8 57.47 19.98 19.98 30.6 0 2.04
124 28.4 39.16 37.98 34.98 100 0 1.99
125 13.97 12 26.01 30 88 0 1.02
126 24.96 120.04 45 53 120 0 1.3
127  18.46 12 0 30 6 0 0.78
128 22.38 10.05 35.01 30 10 0 2
129  21.98 19.96 36 45 50 0 1.02
130 18.8 15.31 30.02 25.02 10.6 0.38 1.63
131 18.8 14.4 25.02 19.98 30.6 0.45 1.11
132 21.47 6.9 30.02 31.01 76.8 0.38 1.01
133 13.97 12 26.01 30 88 0.45 0.63
134 17.98 24.01 30.15 45 20 0.12 1.12
135  22.38 99.93 45 45 15 0.25 1.8
136 22.38 10.05 35.01 45 10 0.4 0.9
137  19.97 19.96 36 45 50 0.25 0.96
138 19.97 19.96 36 45 50 0.5 0.83
139 20.96 45.02 25.02 49.03 12 0.3 1.53
140 20.96 30.01 35.01 40.02 12 0.4 1.49
141 19.97 40.06 30.02 30 15 0.3 1.84
142 17.98 45.02 25.02 25.02 14 0.3 2.09
143  18.97 30.01 35.01 34.98 11 0.2 2
144  19.97 40.06 40.01 40.02 10 0.2 2.31
145 18.83 24.76 21.29 29.2 37 0.5 1.07
146 18.83 10.35 21.29 34.03 37 0.3 1.29
147  18.77 25.06 9.99 25.02 50 0.2 1.18
148 18.77 19.96 9.99 25.02 50 0.3 0.97
149 19.08 10.05 9.99 25.02 50 0.4 0.65
150 18.77 19.96 19.98 30 50 0.3 1
151 19.08 10.05 19.98 30 50 0.4 0.65
152 21.98 19.96 22.01 19.98 180 0 1.12

153 21.98 19.96 22.01 19.98 180 0.1 0.99
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