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Abstract—Slope stability has been a matter of concern for most
geologists, mainly due to the fact that unstable slopes cause a
greater number of accidents, which in turn reduces efficiency of
mining operations. In order to reduce the probability of these slope
instabilities, methods like tension crack mapping, inclinometer
measurements,
time
domain
reflectometry,
borehole
extensometers, piezometer, radar systems and image processing
systems are deployed. These systems work efficiently for single site
slope failures, but as the number of mining sites increase,
dependency of one site slope failure on nearby sites also increases.
Current systems are not able to capture this data, due to which the
probability of accidents at open cast mines increases. In order to
reduce this probability, a high efficiency internet of things (IoT)
based continuous slope monitoring and control system is designed.
This system assists in improving the efficiency of real-time slope
monitoring via usage of a sensor array consisting of radar,
reflectometer,
inclinometer,
piezometer
and
borehole
extensometer. All these measurements are given to a high
efficiency machine learning classifier which uses data mining, and
based on its output suitable actions are taken to reduce accidents
during mining. This information is dissipated to nearby mining
sites in order to inform them about any inconsistencies which
might occur due to the slope changes on the current site. Results
were simulated using HIgh REsolution Slope Stability Simulator
(HIRESSS), and an efficiency improvement of 6% is achieved for
slope analysis in open cast mines, while probability of accident
reduction is increased by 35% when compared to traditional nonIoT based approach.
Keywords—Opencast; mining; slope; IoT; stability; machine
learning; data mining

I.

INTRODUCTION

In order to design a highly efficient slope analysis model
parameters like apparent dip of cutting slopes, joint dip, angle
between slope aspect & joint aspect, friction angle of joint
plane, cohesion of joint, joint persistence, height of slope,
weight of sliding blocks, uplift force due to water pressure of
joints, force due to water pressure in tension crack, etc. must be
recorded and analyzed [1]. These parameters require a large
variety of sensors, which must be connected in tandem in order
to evaluate these values with highest possible efficiency.
Depending upon these parameters, different slope stability
factors are evaluated, and based on the value of these factors,

approximations are done on the stability of slope on the given
opencast mining site [2]. For instance, in order to evaluate
factor of safety (FoS), measurements of resting moments and
disturbing moments are done, and the following equation is
evaluated,
𝐹𝑜𝑆 =

𝑀𝑅
𝑀𝐷

(1)

𝑀𝑅 = 𝑐 ∗ ∅ ∗ 𝑅2

(2)

𝑀𝐷 = 𝐴𝑟𝑒𝑔𝑖𝑜𝑛 ∗ 𝜕 ∗ 𝑥

(3)

Where, ‘c’ is a constant, ∅ is the angle of measurement, ‘R’
is radius of measurement,
A region is area of region, 𝜕 is weight of soil, and ‘x’ is
distance between start point and center of slope, 𝑀𝑅 is resting
moment, 𝑀𝐷 is disturbing moment. A high value of ‘FoS’
indicates that the surface has high resting moment, and low
disturbing moment, which indicates that the surface is slope
stable and can be used for mining operations with high
efficiency. Similar measurements including sheer resistance of
force acting on slice, sheer resistance offered by soil, etc. are
also used to evaluate FoS values for opencast soil surfaces.
Depending upon these values, short-term stability and longterm stability values are evaluated. Short term stability
conditions include, stability of slope immediately after
construction, which consists of undrained conditions and is
evaluated using undrained parameters. Here, change in pore
water pressure is totally dependent upon stress change. While
long term stability analysis uses effective weight of soil and
here changes in pore water pressure is independent of stress
changes [3].
More precisely, despite the fact that this study has
significantly advanced our understanding of slope stability, it is
still limited by the following drawbacks of the aforementioned
techniques, which prevent it from being fully resolved:
 The simulations are inaccurate. The slope stability, for
instance, can be reflected by the limit equilibrium
approach, but the non-uniformity of the stress
distribution and the impact of deformation are not taken
into consideration. Therefore, this technique cannot
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accurately reflect the slope's actual level of safety and
dependability.
 The safety factor's limitations are ambiguous and
undefined. A slope with FS>1.20 is generally
considered safe. However, in actual engineering there
have been slopes that failed with FS > 1.2.
 These techniques are influenced by human subjectivity.
Throughout the course of an opencast mining operation,
slope stability analysis is a crucial part of the process. A terrible
social, economic, as well as a major safety catastrophe might
result from a failure of slope in the vicinity of a mine being
operated. The fundamental failure scenarios are extremely
complex & diversified. These failure processes heavily rely on
the regional geology, which is rather particular to a particular
area of the rock mass. The process of developing slopes is
wholly based on the field experience in recent years as well. A
better strategy may be created by planning slopes safely.
The major aim of this work is to do numerical modelling for
increasing the efficiency of slopes through the simulator with
diverse rock qualities and slope diameters. Utilizing HIRESSS,
numerical modelling is done to determine the safety factor.
Every slope has different characteristics, and each step's safety
factor is determined. To determine how the factor of safety
alters when the bench parameters vary, these numbers are
connected with them. Here our objective is to understand the
different types of slope failures and the concepts of Safety.

Simpler methods like strength reduction [10], and
variational calculus [11], can be used for analysing stability of
slope analysis for open cast mines, National Highway (NH)
development [12], and perched water conditions [13] with high
efficiency. Slope stability can also be analyzed for specialized
geographies like 3D geometries [14, 15], and methods like
Technique for Order Preference by Similarity to Ideal Solution
(TOPSIS) [16] can be used. These techniques can be extended
by referring to different algorithmic models as suggested in
[17], wherein Limit equilibrium method, artificial neural
network, Vector sum method, Numerical simulation method
and Limit analysis method are described. These methods utilize
slope height & angle factors [18] while designing slope analysis
models, and can be used for specialized applications like Stone
Column- Supported Embankments [19]. The performance of
these models can be improved via use of deep learning models
as described in [20], wherein hybrid stacking ensemble method
is used, which is based on finite element analysis and field data.
The model is able to achieve high accuracy of slope analysis,
and thereby adapt to varying structural scenarios. Various
specialized methods for slope analysis can be observed from
[21, 22, 23, 24, 25, 26], wherein volumetric behavior of rock
salt, electromagnetic radiation mechanism of rock fracturing,
uniaxial compressive strength of sandstone, influence of
bedding structure, spectral induced polarization, bender
element models, and pre-flawed sandstones are studied. These
models assist in evaluation of slopes in open cast mines that are
located near stone beds, thereby improving their scalability.

Based on this analysis, a large number systems have been
proposed over the past several years [4]. Each of these systems
has its own advantages and limitations.

Artificial neural networks (ANN) have been applied
successfully in slope stability problems (Feng, et. al 2018) [27],
however they do have certain drawbacks. The restrictions are
detailed below:

In the outline of this paper, the next section reviews the
systems and evaluates best practices that must be used in order
to improve the performance of slope stability in opencast
mining conditions. This is followed by the section on the design
of the proposed model, which is inspired by cutting edge IoT
devices, and their interconnections for improved slope stability
using a novel data mining approach. Next to this, the result
analysis and comparison of the proposed model is done in order
to evaluate the performance and performance gaps in existing
system. Finally, this text concludes with some interesting
observations about the proposed model and suggests methods
to improve the same.

 Contrary to other statistical models, ANN models do not
reveal the relative relevance of the individual
parameters, which is a significant drawback (Samui, P.
2019) [28].

II. LITERATURE REVIEW
Slope stability analysis for open cast mines is a multidomain
signal processing task, wherein data from different sensors
must be captured such that slopes are analyzed with high
accuracy. In order to perform this task, various signal
processing models are described, for instance, the work in [5]
proposes a model that uses Spatio-Temporal Kriging
Interpolation for improving slope stability. The model is able to
perform highly accurate analysis on both open cast and open pit
mines, due to efficient utilization of data interpolation. Similar
models can be observed from [6, 7, 8], where Neural Networks,
Gaussian processes, and 3D non- linear finite difference
analysis are used. These models can be used for high
performance applications like highway corridor slope analysis
[9] for improving road stability.

 Since the knowledge learned during training is
implicitly stored in ANNs, it can be exceedingly
challenging to interpret the network's general structure
in a way that makes sense (Baghbani, et.al (2022)[29]
has been proposed in their review. This gave rise to the
phrase "black box," which many researchers use to
describe the behaviour of ANNs.
 Additionally, ANN has certain intrinsic flaws such as
sluggish convergence, poor generalisation, finding local
minimums, and over-fitting issues.
The author's primary contribution is to provide an output
utilizing several classifiers employing IoT devices and a
simulator. Its result is used to determine the best course of
action to decrease mining accidents. This information is shared
with surrounding mining operations in order to alert them to any
discrepancies that might arise as a result of the site's current
slope variations. The HIgh REsolution Slope Stability
Simulator (HIRESSS) was used to model the outcomes, and
then it was compared to a conventional, non-IoT based
technique.
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o

Models for analysis of submerged pools [30], use of random
field Gaussian methods [31], blocky structure systems [32],
near-surface rock strength slope analysis [33], and
reinforcement learning models [34-37] are also used for high
efficiency slope analysis. It can be observed that most of these
models do not define sensor placement analysis, due to which
their efficiency is limited. In order to improve this efficiency,
the proposed model combines various sensing elements, and
defines positions for these elements in order to improve
stability of slope analysis in open cast mines. The proposed
model along with its analysis and comparative evaluation can
be observed in the next sections.

 A weak zone in the soil profile is used to perform slope
stability, which is a prevalent sort of coal mine failure in
many nations.
 Practically significant numerical challenges are
addressed for the simulation and investigation of the
issue.
 The stability of the mine's slopes is determined by the
inclination, shear strength, and water conditions in the
weak zone.
The results of these conditions are given to the proposed
model in order to reduce their probability of occurrence.
Various IoT sensors are placed onsite in order to sense presence
of these conditions, and efficient steps are taken to reduce their
effect. To improve the efficiency of slope stability analysis, the
following process is used, and based on the results of this
process action plans are executed for improving the condition
of open cast mines.

Number of iterations (𝑁𝑖).

o

Number of solutions (𝑁𝑠).

o

Maximum number of sensors in the system
(𝑆𝑚𝑎𝑥) (radar, reflectometer, inclinometer,
piezometer, borehole extensometer, etc.).

o

Learning rate (𝐿𝑟).

o

Minimum advisable slope stability (𝑆𝐿𝑚𝑖𝑛).

o

Maximum advisable
(𝑆𝐿𝑚𝑎𝑥).

o

Estimated slope (𝑆𝐿𝑒𝑠 ).

 Process of execution

For each solution in to 𝑁𝑠



If the solution is marked as ‘not to be
changed’, then skip it and go to the next
solution.



Else, generate a new solution using the
following process,



Select a random number of sensors from
the list of available sensors = 𝑆𝑒𝑛𝑠𝑒𝑠𝑒𝑙

𝑆𝑆𝑟𝑒𝑓 =
𝑆𝑆𝑖𝑛𝑐 =
𝑆𝑆𝑝𝑖𝑒𝑧 =
𝑆𝑆𝑏ℎ =

(4)



For the selected sensors, perform random
placement on the mining site, so that
different sensor readings can be obtained.



Using these sensors, measure the slope
stability from each sensor using equations
5, 6, 7, 8 and 9.

ABS(𝐻𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 − 𝐻𝑎𝑐𝑡𝑢𝑎𝑙 ) ABS(𝐷𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 − 𝐷𝑎𝑐𝑡𝑢𝑎𝑙 )
+
)
Max (𝐻𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 ,𝐻𝑎𝑐𝑡𝑢𝑎𝑙 ) Max (𝐷𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 ,𝐷𝑎𝑐𝑡𝑢𝑎𝑙 )

2

ABS(𝑅𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 − 𝑅𝑎𝑐𝑡𝑢𝑎𝑙 )
MAX (𝑅𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 , 𝑅𝑎𝑐𝑡𝑢𝑎𝑙 )
ABS(𝐼𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 − 𝐼𝑎𝑐𝑡𝑢𝑎𝑙 )
MAX (𝐼𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 , 𝐼𝑎𝑐𝑡𝑢𝑎𝑙 )
ABS(𝑃𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 − 𝑃𝑎𝑐𝑡𝑢𝑎𝑙 )
MAX (𝑃𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 , 𝑃𝑎𝑐𝑡𝑢𝑎𝑙 )

ABS(𝐷𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 − 𝐷𝑎𝑐𝑡𝑢𝑎𝑙 )
MAX (𝐷𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 , 𝐷𝑎𝑐𝑡𝑢𝑎𝑙 )

(5)
(6)
(7)
(8)
(9)

Where, 𝑆𝑆𝑟𝑎, 𝑆𝑆𝑟𝑒𝑓, 𝑆𝑆𝑖𝑛𝑐, 𝑆𝑆𝑝𝑖𝑒𝑧, and 𝑆𝑆𝑏ℎ are slope stability
values for radar, reflectometer, inclinometer, piezoelectric
sensor and borehole extensometer, while H, D, R, I, and P are
measured height, distance, reflectance, inclination, and soil
pressure respectively.
 Based on the number of selected sensors, the value of
fitness is estimated using equation 10.
𝑆𝑒𝑛𝑠𝑒𝑠𝑒𝑙

∑𝑖=1

𝑆𝑆𝑖

(10)

𝑆𝑒𝑛𝑠𝑒𝑠𝑒𝑙

 If the value of 𝐹𝑖 satisfies the constraints of equation 11,
then use it for processing, else generate a new solution.

o

 Outputs of the model

(

𝑆𝑆𝑟𝑎𝑑𝑒𝑟 =

𝐹𝑖 =

 Inputs to the model



𝑆𝑒𝑛𝑠𝑒𝑠𝑒𝑙 = (1, 𝑆𝑚𝑎𝑥)

III. PROPOSED MACHINE LEARNING MODEL FOR
IMPROVING SLOPE STABILITY ANALYSIS USING IOT
In order to improve the efficiency of slope stability analysis
in open cast mines, it is mandatory that various conditions like
above water table, drained, partly drained, water table 10m
above toe, and water table 16m above toe must be analyzed.
The significance and primary goal of this work is to put the
aforementioned categorization model into practice for
predicting the stability state of a soil slope.

For each iteration in 1 to 𝑁𝑖

slope

stability

𝐹𝑖 > 𝑆𝐿𝑚𝑖𝑛 𝑎𝑛𝑑 𝐹𝑖 < 𝑆𝐿𝑚𝑎𝑥

(11)

 After generation of all solutions, evaluate the fitness
threshold using equation 12, wherein learning rate and
other parameters are also utilized.
𝑁𝑠
𝐹𝑡ℎ = ∑𝑖=1
𝐹𝑖 ∗

𝐿𝑟
𝑁𝑠

(12)

 Mark all solutions as ‘to be changed’, where fitness is
less than the threshold, while mark all other solutions as
‘not to be changed’.
 At the end of last iteration, the following Table I is
formed, which indicates information about each
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solution, its stability, number of sensors used, and their
placements.
 Select the solution with maximum fitness value, use the
sensors and place them in given locations as decided by
the algorithm.

𝑅𝑆𝐿 =

𝑆𝐶𝐶

(16)

𝑆𝑇

TABLE I.

ACCURACY OF SLOPE STABILITY ANALYSIS FOR DIFFERENT
SITES

Number of site locations

𝑨𝑺𝑳 [5]

𝑨𝑺𝑳 [20]

𝑨𝑺𝑳 Proposed

Once the sensor placement is complete, then evaluate slope
for the given open cast mine, and communicate this value to
other locations. Generate ‘R’ random locations for deployment,
and gather slope data from all these locations using the given
machine learning model. Once the data is collected, then use a
mode operation for find slope analysis.

2000

0.72

0.76

0.81

3000

0.74

0.77

0.83

4000

0.77

0.79

0.84

5000

0.78

0.80

0.85

6000

0.79

0.81

0.86

𝑆𝑓𝑖𝑛𝑎𝑙 = 𝑀𝑂𝐷𝐸 (|𝑆𝑖 |𝑅𝑖=1 )

(13)

7000

0.80

0.81

0.87

Based on this evaluation, accuracy of slope stability,
precision, recall, and fMeasure values are estimated. This
estimation is done on various sites across different open cast
mines, and the results are tabulated in the next section. These
results are also compared with some of the reviewed models
that perform highly efficient slope stability analysis in the same
open cast mines.

8000

0.81

0.82

0.88

9000

0.81

0.83

0.89

10000

0.82

0.84

0.90

11000

0.83

0.86

0.91

12000

0.84

0.87

0.92

13000

0.85

0.88

0.94

14000

0.87

0.89

0.95

15000

0.88

0.90

0.96

16000

0.89

0.91

0.97

17000

0.90

0.92

0.97

18000

0.91

0.93

0.98

19000

0.93

0.93

0.98

20000

0.94

0.94

0.99

IV. RESULT AND ANALYSIS
Performance evaluation of the proposed model required in
depth analysis and simulations for different open cast sites. In
order to perform this task, 20 different open cast mines were
simulated on the HIgh REsolution Slope Stability Simulator
(HIRESSS) software, and 100 different locations were
evaluated for estimation of slope stability analysis. Based on
these simulation settings, accuracy of slope stability analysis
(𝐴𝑆𝐿) was evaluated using the following equation,
𝐴𝑆𝐿 =

𝑆𝐶
𝑆𝑇

TABLE II.

(14)

THE PRECISION OF SLOPE STABILITY ANALYSIS FOR
DIFFERENT SITES

Where, 𝑆𝐶 𝑎𝑛𝑑 𝑆𝑇 are number of sites where slopes were
correctly identified, and total number of evaluated sites
respectively. We have implemented the methodologies used in
[5] and [20] in our simulator and compared them with our
proposed work. These results are tabulated in Table I to V,
wherein accuracy of the proposed model is compared with other
reference models as in Table I.

Number of site locations

𝑷𝑺𝑳 [5]

𝑷𝑺𝑳 [20]

𝑷𝑺𝑳 Proposed

2000

0.68

0.72

0.77

3000

0.70

0.73

0.78

4000

0.73

0.75

0.80

5000

0.74

0.76

0.81

6000

0.75

0.76

0.81

Based on this analysis it can be observed that the proposed
model is 5% more effective than [5], and 6% more effective
than [20] under different open mining sites. Using similar
simulation settings, recall of slope stability analysis (𝑃𝑆𝐿) was
evaluated using the following equation,

7000

0.76

0.77

0.82

8000

0.76

0.78

0.83

9000

0.77

0.79

0.85

10000

0.78

0.80

0.86

11000

0.79

0.81

0.87

12000

0.80

0.82

0.88

13000

0.81

0.83

0.89

14000

0.82

0.84

0.90

15000

0.83

0.86

0.91

16000

0.84

0.87

0.92

17000

0.86

0.87

0.92

18000

0.87

0.88

0.93

19000

0.88

0.89

0.93

20000

0.89

0.89

0.94

𝑃𝑆𝐿 =

𝑆𝐶𝑙
𝑆𝑇

(15)

Where, 𝑆𝐶𝐼 𝑎𝑛𝑑 𝑆𝑇 are number of sites where slopes were
correctly identified but had lower slope values when compared
with actual and total number of evaluated sites respectively.
These results are tabulated in Table II, wherein Precision of the
proposed model is compared with other reference models.
Based on this analysis it can be observed that the proposed
model is 6% more effective than [5], and 5% more effective
than [20] under different open mining sites. Using similar
simulation settings, recall of slope stability analysis (𝑅𝑆𝐿) was
evaluated using the following equation,
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TABLE III.

RECALL OF SLOPE STABILITY ANALYSIS FOR DIFFERENT SITES

Number of site
locations
2000

𝑹𝑺𝑳 [5]

𝑹𝑺𝑳 [20]

𝑹𝑺𝑳 Proposed

0.72

0.76

0.81

3000

0.74

0.77

0.83

4000

0.77

0.79

0.84

5000

0.78

0.80

0.85

6000

0.79

0.81

0.86

7000

0.80

0.81

0.87

8000

0.81

0.82

0.88

9000

0.81

0.83

0.89

10000

0.82

0.84

0.90

11000

0.83

0.86

0.91

12000

0.84

0.87

0.92

13000

0.85

0.88

0.94

14000

0.87

0.89

0.95

15000

0.88

0.90

0.96

16000

0.89

0.91

0.97

17000

0.90

0.92

0.97

18000

0.91

0.93

0.98

19000

0.93

0.93

0.98

20000

0.94

0.94

0.99

Where, 𝑆𝐶𝐶 𝑎𝑛𝑑 𝑆𝑇 are number of sites where slopes were
correctly identified but had higher slope values when compared
with actual, and total number of evaluated sites respectively.
These results are tabulated in Table III, wherein Recall of the
proposed model is compared with other reference models.
Based on this analysis it can be observed that the proposed
model is 5% more effective than [5], and 4% more effective
than [20] under different open mining sites. Using similar
simulation settings, fMeasure of slope stability analysis (𝐹𝑆𝐿)
was evaluated using the following equation,
𝐹𝑆𝐿 = 2 ∗ 𝑃𝑆𝐿 ∗

𝑅𝑆𝐿
𝑅𝑆𝐿 + 𝑅𝑆𝐿

(17)

These results are tabulated in Table IV, wherein FMeasure
of the proposed model is compared with other reference
models.
Based on this analysis it can be observed that the proposed
model is 5% more effective than [5], and [20] under different
open mining sites. Similarly, analysis of probability of
accidents (𝑃) on each site was estimated using equation 18, and
results were tabulated using Table V, where a major difference
in accident reduction probability can be observed.

TABLE IV.

FMEASURE OF SLOPE STABILITY ANALYSIS FOR DIFFERENT
SITES

Number of site
locations
2000

F𝑺𝑳 [5]

F𝑺𝑳 [20]

F𝑺𝑳 Proposed

0.70

0.74

0.79

3000

0.72

0.75

0.80

4000

0.75

0.77

0.82

5000

0.76

0.78

0.83

6000

0.77

0.78

0.84

7000

0.77

0.79

0.85

8000

0.78

0.80

0.86

9000

0.79

0.81

0.87

10000

0.80

0.82

0.88

11000

0.81

0.83

0.89

12000

0.82

0.84

0.90

13000

0.83

0.86

0.91

14000

0.84

0.87

0.92

15000

0.85

0.88

0.93

16000

0.87

0.89

0.94

17000

0.88

0.90

0.95

18000

0.89

0.90

0.95

19000

0.90

0.91

0.96

20000

0.91

0.91

0.96

TABLE V.

ACCIDENT PROBABILITY FOR DIFFERENT SITES

Number of
sit
e locations

𝑷𝑨𝑪𝑪 [5]

𝑷𝑨𝑪𝑪 [20]

𝑷𝑨𝑪𝑪 Proposed

2000

0.56

0.59

0.37

3000

0.58

0.60

0.38

4000

0.60

0.61

0.39

5000

0.61

0.62

0.40

6000

0.61

0.63

0.40

7000

0.62

0.64

0.41

8000

0.63

0.64

0.41

9000

0.64

0.65

0.42

10000

0.64

0.66

0.42

11000

0.65

0.67

0.43

12000

0.66

0.68

0.43

13000

0.67

0.68

0.44

14000

0.68

0.69

0.44

15000

0.68

0.70

0.45

(18)

16000

0.69

0.71

0.46

From this analysis, it can be observed that the proposed
model is able to reduce number of accidents by over 35% when
compared with reviewed models. This can also be observed
from Fig. 5.

17000

0.70

0.72

0.46

18000

0.71

0.72

0.47

19000

0.72

0.73

0.47

20000

0.73

0.73

0.48

𝑃𝐴𝐶𝐶 =

𝐴𝑐𝑐𝑖𝑑𝑒𝑛𝑡𝑠 𝑂𝑐𝑐𝑜𝑢𝑟𝑒𝑑
𝑇𝑜𝑡𝑒𝑙 𝐴𝑐𝑐𝑖𝑑𝑒𝑛𝑡 𝑆𝑐𝑒𝑛𝑎𝑟𝑖𝑜𝑠
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A. Simulation Results
As per our proposed work different statistical measure has
been performed. A comparison study has been performed as
shown in table from Table I to Table V by taking different site
locations. The simulation results of the above mentioned
analysis have been shown in Fig. 1 to Fig. 5. It has been found
that our proposed work is comparatively showing good result
in different analytical aspects.
This reduction assists in making it useful for safe and highly
accurate slope estimations. The estimated slopes can be used
for taking suitable actions for estimation of open cast mine
accidents, and avoiding them with high efficiency.

Fig. 3. Recall of Slope Stability Analysis for Different Sites.

Fig. 1. Accuracy of Slope Stability Analysis for Different Sites.

Fig. 4. FMeasure of Slope Stability Analysis for Different Sites.

Fig. 2. Precision of Slope Stability Analysis for Different Sites.

Fig. 5. Accident Probability for Different Sites.
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V. CONCLUSION AND FUTURE SCOPE
Based on the extensive result analysis, it can be observed
that the proposed model is capable of improving the accuracy
of slope stability analysis by 6% when compared with state-ofthe-art models, while similar results are obtained for precision,
recall, and F-measure values. Due to this, the number of
accidents at these mines is drastically reduced, which enforces
better safety measures, and thereby assists in reducing cost of
mining operations. All these parameters are improved due to
proper sensor placement, and improvement of stability analysis
models by the machine learning model. Stochastic placement
of sensors, and randomized inference of models positions from
these placements further assists in identification of new
placement spots on the site, thereby improving site coverage
and utility. In future, researchers can improve this performance
via use of deep learning models, wherein more number of
sensors can be integrated in order to improve stability of slope
analysis.
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