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SUMMARY

Acoustic emission (AE) reading is among the most common methods for monitoring the behaviour
of brittle materials such as rock and concrete. This study uses Discrete Element Method (DEM)
simulations to explore the correlations between the pre-failure AE readings with the post-failure
behaviour and residual strength of rock masses. The deep learning method based on Long Short-
Term Memory (LSTM) algorithms has been applied to generate predictive models based on the
data from DEM simulations of biaxial compression. This dataset has been populated by varying
interparticle friction while keeping bond cohesion constant. Various configurations of the LSTM
algorithm were evaluated considering different scenarios for input features (strain, stress, and AE
energy records) and a range of values for the key hyper-parameters. The prime AI models show
promising accuracy in predicting residual strength decay with strain based on pre-failure patterns
in AE readings. The results indicate that the pre-failure AE indeed encapsulates information about
the developing failure mechanisms and the post-failure response in rocks, which can be captured
through Artificial Intelligence. Copyright © 0000 John Wiley & Sons, Ltd.

Received . . .

KEY WORDS: Acoustic emission; Rock strength; Artificial intelligence; Long short term memory
(LSTM); Discrete Elements Method (DEM)

1. INTRODUCTION

Design of engineering structures supported by rock formations, such as tunnels

and mines, relies heavily on accurate assessment of the strength characteristics

of rock masses. The knowledge of rock mass behaviour also becomes essential in
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2 N. NEGIN YOUSEFPOUR AND M. POURAGHA

other fields such as reservoir engineering, seismology, and plate tectonics. Such

brittle materials are prone to multiple plausible modes of failure that are affected

by their complex loading history as well as the presence of heterogeneous micro-

cracks and joints [1, 2].

To make matters more complex, the significant degradation in local strength

following the microscopic damages makes such brittle materials prone to the

so-called progressive failure mechanisms. In such cases, the seemingly random

and sparse local failures quickly self-organize into global damage by continuously

seeking and following the path of the least resistance [3, 4, 5, 6].

Such particularities in failure mechanisms justifiably necessitate the design

processes to be complemented by appropriate ongoing monitoring systems

that provide continuous feedback for reevaluating the analysis and design

assumptions [7]. Given its accessibility, acoustic emission (AE) is an apt practical

candidate for such a measure that can be easily recorded and tracked in situ, as

well as in laboratory and numerical simulations. The acoustic energy release can

well indicate processes such as crack initiation, propagation, and failure in rocks

(see Figure 1). Indeed, AE sensors have been widely used in various laboratory

tests and field measurements to capture the progression of rock failure (see [8]

and the references therein for a complete review of the literature).

On the other hand, from the chaos theory perspective, progressive failures

belong to a broad class of emergent phenomena characterized by their “sensitive

dependence on initial conditions” [9, 10, 11]. From a practical point of view, such

a sensitive dependence on initial sample characteristics renders the experimental

investigations particularly cumbersome for two main reasons: (1) The distinct

behaviour of each sample significantly hinders the systematic parametric study

of the responses, and (2) the interplay between spatial correlations and

material heterogeneity makes analytical interpretation of the results hard, if

not impossible. For exploratory studies, such as the current one, the first

issue can be partially addressed by adopting appropriate numerical simulations

Copyright © 0000 John Wiley & Sons, Ltd. Int. J. Numer. Anal. Meth. Geomech. (0000)
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AI PREDICTION OF POST-FAILURE ROCKS RESPONSES USING ACOUSTIC EMISSION 3

as virtual experiments allowing for a systematic control over the initial and

boundary conditions of the tests. The second issue, on the other hand, can be

better handled by resorting to artificial intelligence (AI) algorithms that are

powerful in capturing complex correlations, even if obscure to classical modeling

approaches [12, 13, 14, 15].

A combination of deep learning methods with numerical simulations is

particularly useful considering the non-Gaussian, non-stationary nature of the

responses in rock materials, which requires a large and well-populated database.

Also, systematic uncertainty quantification is required to establish robust and

reliable AI models that can be eventually applied to real rock materials [16]. For

such extensive studies, numerical simulations representing the real experiments

can facilitate generating a comprehensive database.

Discrete Element Method (DEM) has been successfully adopted in recent years

for numerical simulations of soils and rocks. The original procedure developed

for granular materials was further extended in [17], where a rock medium is

simulated as an assembly of tightly packed particles that are bonded to each other

via cohesive interaction. The significant body of literature that followed have

convincingly shown the DEM to be capable of capturing the salient mechanical

aspects of rock and concrete media based on simple microscopic parameters such

as interparticle contact stiffness and bond strength [18, 19, 20, 21, 22].

DEM simulations are particularly useful for the study of AE since they provide

access to micro-scale data that is often not easily accessible in experiments.

In particular, it is possible to track the energy release in the form of acoustic

emission when a cohesive bond breaks. Recent studies have shown how DEM

simulations can be used as a powerful tool to study the characteristics of AE

events in rocks (and concrete) prior, during, and after failure [23, 24, 25, 26, 27].

The complex and somewhat stochastic post-failure response and its correlation

with the pre-failure characteristics evade the current rock-mechanics frameworks.

This is the domain where Artificial Intelligence (AI) and Machine Learning (ML),

Copyright © 0000 John Wiley & Sons, Ltd. Int. J. Numer. Anal. Meth. Geomech. (0000)
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4 N. NEGIN YOUSEFPOUR AND M. POURAGHA

and particularly Deep Learning (DL) methods [28] can provide powerful tools

for capturing temporal correlations in AE and stress-strain data to predict the

post-failure responses.

Several studies have explored ML methods, such as Artificial Neural Networks

(ANNs), Support Vector Machines (SVM) and Convolutional Neural Networks

(CNNs) for predicting rock strength parameters [29, 30], locating seismic events

within faults [31], monitoring rock failure events in mining [32], and for crack

patterns recognition in rocks [33] (see the cited references around each topic).

Miah et al. [29] applied ANNs and SVMs to predict the unconfined compression

strength of rocks based on field log data and identified the most relevant

predictors. The developed correlations provided dynamic models for quick

estimation of rock strength based on wireline logging data. Zhao et al. [31]

adopted ANNs and SVM methods for relocating the hypocenters of the seismic

events based on AE readings from a laboratory-scale fault. They showed that

the ML methods can provide accurate assessments, as a robust alternative to

complex inversion methods. Wilkins et al.[32] developed CNNs to detect, classify

and locate micro-seismic events related to rock failure from sonic signals captured

by geophones installed in boreholes. They demonstrated that CNNs outperform

human micro-seismic expert, in recognizing both true and false events. Wang et

al. [33] compared various unsupervised ML methods such as K-Means, Affinity

Propagation, Mean-shift, Spectral Clustering, Ward Hierarchical Clustering,

Agglomerative Clustering, Density-Based Spatial Clustering, Gaussian Mixtures,

and Birch to develop a crack recognition model for rocks based on the

spatial distribution of microcracks obtained from AE recordings from triaxial

compression tests.

Among the most prevalent DL methods in dealing with time-series data are

the Long Short-Term Memory (LSTM) networks. They belong to the broader

class of Recurrent Neural Networks (RNNs) with special internal memory

units that can maintain short and long temporal patterns of past time-series

Copyright © 0000 John Wiley & Sons, Ltd. Int. J. Numer. Anal. Meth. Geomech. (0000)
Prepared using nagauth.cls DOI: 10.1002/nag
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data and incorporate them into future predictions [34, 35]. In addition to

feed-forward connections between computational units (neurons), RNNs have

recurrent connections where the output of a unit is fed back to itself with a

weight and a time delay, which provides the algorithm with a memory of past

activations. Stacking memory units in such networks enable learning higher levels

of temporal patterns in sequential data. LSTMs have been successfully applied

in a wide range of applications, such as stock market forecast, text, language,

and voice recognition [36], and recently used in geotechnical engineering

applications [37, 38], such as prediction of soil constitutive behaviour [39, 40],

pore water pressure [41], cyclic response of granular materials [15], landslides [42],

and bridge scour [43].

This paper is an exploratory study on the possibility of predicting the post-

failure behaviour, in particular residual strength of rock formations, based on

their pre-failure stress-strain behaviour and AE recordings using LSTMs. In

particular, three fundamental questions are addressed; (1) whether or not the

post-failure response of brittle materials can, in principle, be predicted from

their pre-failure response; if so (2) to what extent the post-failure responses

can be predicted; and (3) how deep learning methods can be used to establish

such correlations. Three multivariate variants of the standard LSTM network

algorithm were developed, considering more than 500 different configurations. A

synthetic dataset was generated from DEM simulations of bonded particles with

constant interparticle cohesion and systematically varying friction. The stress-

strain and AE-strain times-series data obtained from the DEM simulations is

used to develop, train and validate the LSTM models, establishing predictive

relations between pre-failure AE energy variation patterns and post-failure

behaviour of rock samples.

Copyright © 0000 John Wiley & Sons, Ltd. Int. J. Numer. Anal. Meth. Geomech. (0000)
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6 N. NEGIN YOUSEFPOUR AND M. POURAGHA

Normalized AE Counts

Stress

Cumulative Normalized AE

Crack Closure
Stable Crack

Propagation

Unstable Crack

Propagation

Crack Initiation

Failure

Fig. 1. A typical stress and accumulative AE counts vs strain (time), from an unconfined
compression test on a Brown Coal sample [44]

2. METHODOLOGY

2.1. DEM Simulations

The open-source YADE software [45] was used to carry out two dimensional

DEM simulations on assemblies of circular particles with a uniform particle size

distribution between rmin and rmax with rmax/rmin = 2.0. The elastic contact

stiffness follows a linear model with the same stiffness along the normal and

tangential directions, calculated as:

k = E
2r1r2

r1 + r2
(1)

where r1 and r2 are the radii of the two particles in contact, and E is a stiffness

parameter. All samples have 1:2 aspect ratios and are confined by frictionless

rigid walls. The samples were first compacted under 2D hydrostatic confinement

stress of p0 = 5kN/m, which, considering the average particle size of 1mm, is

equivalent to 5MPa in 3D. No interparticle friction or cohesion is considered

in this stage to obtain a dense sample. After reaching the desired stress, the

Copyright © 0000 John Wiley & Sons, Ltd. Int. J. Numer. Anal. Meth. Geomech. (0000)
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AI PREDICTION OF POST-FAILURE ROCKS RESPONSES USING ACOUSTIC EMISSION 7

cohesive bonds are activated at all existing contact points. The strength of these

bonds are the same along with the tangential and tensile normal directions and

is calculated as:

fmax = c ×
(

min{r1, r2}
)2

(2)

where c is a stress-like parameter that controls the bond strength. After a bond is

broken, a Coulomb friction law is activated restricting the tangential force with

the interparticle friction coefficient of µ. In these simulations, the dimensionless

initial confining pressure is p0
E r̄

= 5 × 10−3 with r̄ being the average particle

radius, and the dimensionless bond cohesion is c
E

= 2.17 × 10−2.

Given the exploratory nature of the current study, the 2D DEM simulations

are not calibrated for a particular material and instead, typical parameters in

the ranges commonly used in the literature are adopted here [46, 47, 48]. In

turn, adopting such idealized material avoids additional complexities pertaining

to the details of more realistic simulations (e.g. realistic particle shape and

more elaborate contact laws) that can potentially obscure the more fundamental

questions, namely, the possibility of predicting the post-failure responses

based on pre-failure behavior. The answer to such basic questions can be

reasonably assumed to be the same for the idealized and more realistic samples.

Nevertheless, the simulations can be envisaged to be more representative of

granular rock formations, such as sandstone, which are more amenable to

the discrete depiction of the DEM simulations. Indeed, previous studies have

demonstrated that the bonded particles picture assumed in DEM is more

accurate for predicting the failure and deformation response of sandstones as

compared to foliated rocks like slates [22].

The behaviour of contacts after bond breakage is governed by the interparticle

friction. Therefore, the value of µ was systematically varied between 0.01 and

0.5 in different simulations to capture the effect of friction on the post-failure

response. A total of 18 simulations were carried out in three series, as detailed in

Copyright © 0000 John Wiley & Sons, Ltd. Int. J. Numer. Anal. Meth. Geomech. (0000)
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8 N. NEGIN YOUSEFPOUR AND M. POURAGHA

Table I. DEM samples considered in this study. Each series start from a different initial particle
configuration.

Test series 1 2 3
# of particles 10,000 20,000 11,000
Interparticle
friction, µ

0.01, 0.02, 0.03, 0.04,
0.05, 0.06, 0.07, 0.08,
0.09, 0.10

0.05, 0.10, 0.15, 0.20,
0.30, 0.40, 0.50

0.12

Table I: 10 simulations by starting from similar initial arrangement of 10,000

particles and µ ∈ {0.01, 0.02, 0.03, 0.04, 0.05, 0.06, 0.07, 0.08, 0.09, 0.10 },

7 simulations by starting from another initial arrangement of 20,000 particles

and µ ∈ {0.05, 0.10, 0.15, 0.20, 0.30, 0.40, 0.50 }, and one simulation with

11,000 particles and µ = 0.12. Each of the three series start from a different

initial particle configuration and sample size to ensure the generality of the

model and rule out the potential dependency of the subsequent AI models on

initial conditions. In particular, the eventual AI models were tested based on

the simulation with 11, 000 particles (series 3) whose initial configuration and

friction condition differs from the rest of the simulations (series 1 and 2) adopted

for training.

The biaxial quasi-static deviatoric compression loading was performed by

applying a constant compressive strain rate to the top and bottom walls while

the stress on the lateral walls were kept constant via a servo-control mechanism.

Upon the breakage of a bond, the released elastic energy can be measured as:

∆E = f 2
n

2 kn

+ f 2
t

2 kt

(3)

where ∆E is the released energy due to the breakage of the bond with stiffness

of kn and kt along the normal and tangential directions (which are the same for

our simulations), and fn and ft are the normal and tangential components of

the contact force at the time of bond breakage. The total elastic energy released

was calculated by accumulating the energy of broken bonds during intervals of

Copyright © 0000 John Wiley & Sons, Ltd. Int. J. Numer. Anal. Meth. Geomech. (0000)
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the axial strain. Given the relatively narrow range of particle sizes, and hence

less variation in the contact properties, the energy released during a given strain

interval is found to be proportional to the number of broken bonds.

The recent results in [23] suggest that, for rock failures under tensile loading,

the heterogeneity of the rock properties should be explicitly reflected in the local

distribution of bond properties so as to realistically capture the distribution of

AE leading to failure. The focus of this study is on compressive loading, where the

results of DEM are deemed to be representative of the laboratory measurements

qualitatively, if not quantitatively [49, 23].

2.2. Stress-Strain and AE Data

The variation of axial stress and AE counts (linearly scaled AE counts per unit

volume, equivalent to AE energy) with axial strain is compiled in Figure 2 for

various values of interparticle friction, µ. The axial stress goes through a typical

brittle peak (failure stress) followed by a significant drop after which the stress

is observed to fluctuate about a residual strength.

The peak and residual strengths variation with µ is compiled in Figure 3 for

all the samples. Given the significant fluctuations in the post-failure response,

the residual strength is calculated by time-averaging stress fluctuations within

axial strain interval of εyy = [0.025, 0.10]. A nonlinear trend in residual (steady-

state) strength is observed as the interparticle friction is increased, plateauing

at a value of µ ≃ 0.5, which echoes previous experimental and numerical

observations [50, 51]. A rather less intuitive dependency is observed in the steady

rise of the peak strength as the friction increases. While the peak strength is

predominantly controlled by cohesive bond strength, our results suggest that

the frictional contacts (bonds that are broken prior to the global failure) have

a non-negligible contribution to the eventual global strength. Further detailed

analyses of this phenomenon fall beyond the current study’s scope.

Copyright © 0000 John Wiley & Sons, Ltd. Int. J. Numer. Anal. Meth. Geomech. (0000)
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(a) Axial stress and AE vs. axial strain.
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(b) Range of data used for AI training

Fig. 2. Stress-strain and AE data from DEM simulations. The results are shown for all the
simulations considered in this study.

Figure 4 shows the spatial distribution of deviatoric strain, juxtaposed with

the locus of AE readings, during loading of the sample with µ = 0.15. At the

initial stages, the damage appears as crisscrossing patterns of slip-lines diffused

across the sample. However, eventually, a persisting predominant shear-band

emerges that spans the sample size and leads to global failure [52]. As expected,

the two fields (deviatoric strain and AE) exhibit similar patterns, confirming the

Copyright © 0000 John Wiley & Sons, Ltd. Int. J. Numer. Anal. Meth. Geomech. (0000)
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Fig. 3. Variation of deviatoric stress ratio q/p = (σ1 − σ2)/(σ1 + σ2) at the peak (top) and at the
residual state (bottom) with µ for all the simulated samples. The dashed line shows an exponential

fit.

connection between the energy release and the developing failure mechanism [53].

The video showing the evolution of these spatial fields is provided in the

supplemental materials. Similar patterns of localized failure have been widely

observed and predicted in the literature [54, 55, 56, 57].

It is worth mentioning that only the results for the first 2.5% of axial strain

has been used for training and validation of the AI algorithms, as the residual

strength remains relatively stationary after this strain level, see Figure 2-(c).

2.3. Deep Learning using LSTMs

LSTM networks were adopted in this study to forecast the trends of post-

failure stress-strain variations based on pre-failure AE data. LSTMs are known

as one of the most prominent DL algorithms for learning from time-series

data with the supervised approach. The LSTM memory unit overcomes the

“vanishing gradients problem” that conventional deep neural networks and

Copyright © 0000 John Wiley & Sons, Ltd. Int. J. Numer. Anal. Meth. Geomech. (0000)
Prepared using nagauth.cls DOI: 10.1002/nag

 10969853, 2022, 10, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/nag.3372 by T

he U
niversity O

f M
elbourne, W

iley O
nline L

ibrary on [19/07/2023]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



A
u
th
or

M
an
u
sc
ri
p
t

This article is protected by copyright. All rights reserved.

12 N. NEGIN YOUSEFPOUR AND M. POURAGHA

ε d
ev

 [×
 1

03 ]
ε d

ev
 [×

 1
03 ]

ε d
ev

 [×
 1

03 ]
ε d

ev
 [×

 1
03 ]

>28

>35

>55

>105

Fig. 4. Evolution of deviatoric strain and AE fields at different levels of axial strain for the sample
with µ = 0.15. εyy denotes the axial strain.
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AI PREDICTION OF POST-FAILURE ROCKS RESPONSES USING ACOUSTIC EMISSION 13

recurrent neural networks have, where the gradient of the weights starts to

become too small or too large if the network is unfolded for too many time

steps [58]. Other algorithms such as Gated Recurrent Neural Networks and

Temporal Convolutional Neural Networks can also be considered as alternatives

for LSTM. However, a comparative analysis of these similar algorithms lies

beyond the scope of the current study [59, 60].

The key advantage of LSTMs (and DL in general) over the classical ML

methods is their ability to recognize patterns and learn complex behaviors in the

time-series data without a need for feature extraction. For the problem at hand,

considering the complexity of rock post-failure behaviour, DL is a superior tool

over the classical ML methods for recognizing the strain dependant (temporal)

patterns, without a need to decompose the response into features, assuming such

decomposition is feasible [61].

Figure 5 shows a diagram of the LSTM unit architecture used in this study.

The algorithms were developed using TensorFlow library in Python [62]. For

time-intensive computations, especially configuration optimization, codes were

run on several GPUs of Spartan, the high-performance computing system at The

University of Melbourne.

2.3.1. Feature Selection Three input feature combinations have been considered

to evaluate and compare the performance of the AI models under various data

availability scenarios. These combinations are: [strain, stress, AE], [strain, stress],

and [AE], hereafter referred to as SSAE, SS, and AE respectively. The target

feature is [stress]. The most challenging (and most practically-valuable) scenario

is when the pre-failure strain-stress data is not available and the only input

feature is the AE readings.

Strain was included as an input feature because the strain intervals were

not constant in the DEM data. AE events were initially recorded at fine

strain intervals (∆εyy = 10−4) to capture the pre-failure AE trends with better
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14 N. NEGIN YOUSEFPOUR AND M. POURAGHA

(a) LSTM unit unfolded in time

(b) LSTM memory unit and gates

Fig. 5. LSTM network architecture symbols are as follows: xt: input, ct: cell memory state, ht:
hidden state or output at time step t; σ: sigmoid activation function; tanh: hyperbolic tangent

function.

accuracy. The recording interval was increased by a factor of 10 after the peak to

keep the data size manageable. Variable strain intervals in AE recording occurs

also in situ, where the AE rate accelerates approaching failure in rock, while the

AE recordings are binned into fixed time intervals.

2.3.2. Data Partitioning Various data partitioning methods were experimented

to ensure models were properly trained. For the dataset considered in this study,
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Fig. 6. Data partitioning for AI training

the division that best captured the pre-failure in training and post-failure in

validation and testing was found to be 80, 15, 5% for training, testing and

validation, respectively. Figure 6 shows an example of data partitioning. Note

that the data has been normalized before training.

2.3.3. Training and Data Slicing To train the LSTM models, the time-series

data ([strain, stress, AE]) needs to be sliced into smaller sequences using a sliding

window. In each slice, a certain number of time steps are treated as inputs (input

width) to the network while a number of time-steps into the future is predicted

(label width). The total width for each data sequence is the sum of the input and

label widths, considering no shift between input and label chains as shown in

Figure 7 (offset width=label width). Figure 8 illustrates the input-label concept

and data slicing scheme to generate data sequences for training the LSTMs.

The sequences in each subset of data (training, validation, and test) are divided

into a number of batches. A maximum of 32 sequences are selected for each batch

(batch size = 32). LSTMs were trained using the batches in the training dataset,

while their performance was monitored over the batches in the validation dataset.

The test dataset was used for evaluating the goodness of the model over unseen

data. The LSTM performance was evaluated via the mean squared error (MSE)
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16 N. NEGIN YOUSEFPOUR AND M. POURAGHA

Fig. 7. Definition of input and label in data slicing; offset is the shift between inputs and labels

Fig. 8. Illustration of moving the slicing window over data

of predictions over the label width for all the batches in a dataset. Figure 9

provides an example of model performance during training, over the training

and validation datasets. In addition to MSE, model performance was evaluated

based on the mean absolute error (MAE). For each LSTM model configuration,

the training process was repeated 100 times to account for randomness in the

training process (initial model weights). The overall performance was evaluated

based on the probabilistic distribution of the MAE values from these 100 models

presented as box-plots.
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Fig. 9. Example of LSTM model performance during training

2.4. LSTM Model Variants

Three LSTM variants were developed in this study: Single-Shot (ssh), Feedback

(fb) or Auto-regressive, and Single-Shot with multi LSTM layers (ml). The

difference between Single-Shot and Feedback variants are illustrated in Figure 10.

In the single-shot method, all the label time-steps are predicted at once and

the inputs to all the time steps within the label is the outputs from last time

step of the input sequence. In this typical example shown, the model predicts

the next 24 steps, based on the outputs of t=23. In the feedback method, the

outputs from t=23 are only fed into t=24, and from there after the outputs from

each time-step within the label sequence are input into the next time-step.

2.4.1. LSTM Model Configurations A grid-search was performed to find the

best configurations of the LSTM models and the optimum values of the

hyperparameters. The hyperparameters investigated herein are: number of

LSTM layers, number of hidden units (neurons), the optimization algorithm,

initial gradient decay rate, the drop-out ratio, and input-label width. The range

of values tested for each hyperparameter and the selected values are given in
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18 N. NEGIN YOUSEFPOUR AND M. POURAGHA

(a) single shot

(b) feedback

Fig. 10. LSTM Variants [63].

Table II. LSTM hyper-parameters

Parameter Tested Range Selected Value
No. of LSTM layers 1, 2 1
No. of hidden units 32, 64, 128 64

Initial Gradient Decay Rate 0.01, 0.005, 0.001 0.005
Optimization Algorithm SGDM, Adam and RMSProp Adam

Dropout Ratio 0, 0.2 Variable
Input-Label Width (20,5); (20,10); (30,10); (40,30); Variable

(50,5); (50,10); (50,20);
(80,20); (80,30); (80,60); (100,50)

Table II. Based on previous studies, MSE was adopted as the loss (objective)

function and the standard sigmoid was selected as the activation function for

the LSTM layer [43, 64, 65].
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3. RESULTS AND DISCUSSIONS

3.1. Grid Search and LSTM Configurations

The key results from grid search analyses are compiled in Figure 11 and

12, showing the box-plots of MAE of stress predictions over the test

dataset for each configuration. The LSTM configuration name tags are struc-

tured as follows: feature combination - model variant - (input width ,

label width) - no. of hidden units - drop-out ratio. The feature com-

bination, the model variant, and the input-label width showed the most

significant influences on the LSTM performance, followed by the number of

hidden units, the number of LSTM layers, and the drop-out ratio.

Feature combinations including strain and stress, showed much higher

accuracy (smaller MAE) than those with AE being the only input feature.

Comparison of MAE variation between SSAE and SS models indicates the

insignificant impacts of AE when the strain-stress trend is available as an input

feature. The remarkable finding here was that with the AE feature alone as

an input, the AI models (with the optimal configurations) were still capable of

predicting stress trends with a reasonable accuracy (MAE∼ 10%). Adding other

relevant input features, such as derivative (gradient) of stress and AE, could

potentially further improve the performance of model. However, these are not

included in the current study to avoid the “curse of dimensionality”, and partly

because the proposed input feature combinations showed acceptable accuracy.

Single-shot training outperformed the feedback method for most, but not all

the feature combinations (compare fb to ssh in Figure 11). In particular, the

feedback method resulted in larger error and variability in predictions compared

to the single-shot for longer label widths [compare (80,60) to (80,20)].

Increasing the LSTM layers from one to two did not improve the performance

(compare ml to ssh). Also, the optimum number of hidden neurons was found

at 64 (compare 32 to 64). Imposing a dropout of 20% during training, showed to
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20 N. NEGIN YOUSEFPOUR AND M. POURAGHA

increase the variability in MAE, but the mean value did not show a significant

improvement in accuracy (compare 0 with 0.2).

As shown in Figure 12, for SSAE and SS models, increasing the input width

from 20 to 50 resulted in a reduced accuracy for a constant label width. Increasing

the input width further to 80 and then 100 showed improvement in accuracy

(with a slight difference between 80 and 100). For AE models, increasing the

input width from 20 to 50 improved the accuracy. Increasing the input width

further to 80 and then 100 resulted in a significant drop in accuracy (the jump in

MAE box-plots in Figure 12). In all the models, increasing the label width (while

keeping the input width at constant value) consistently decreased the accuracy,

i.e. the longer the prediction window, the larger the error.

Inspecting the patterns in the training data, it can be observed that AE

events accelerate at an axial strain of ∼ 0.8%, corresponding to an index of

∼ 80 (indices are the consecutive record numbers in the data matrix of strain,

stress and AE counts). This explains the aforementioned performance trends

with the input-label width; for cases with a slicing width (input width + label

width) of less than 80, there would not be as many data sequences with non-

zero AE counts. Also, for cases with a slicing width of less than 100, there would

be fewer sequences covering both the pre and post failure regions of the data,

as the failure consistently happens at a strain of ∼ 1% (=index range of 100).

Increasing the data slicing width to include more sequences covering the critical

sections of the data should be balanced with the label width (prediction window

length) to reach the optimum performance, as predicting too far into the future

would decrease the accuracy.

3.2. AI Predictions

Examples of post-failure predictions over the test dataset (µ = 0.12) for input-

label of (80,60) are visualized in Figure 13 presenting the mean of predicted

values (over 100 model repetitions) along with 95% confidence intervals. Also,
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Fig. 11. Comparison of the various LSTM configurations’ performance: impacts of model variant,
no. of LSTM layers, no. of hidden units, and dropout ratio; the name tags are as follows: “feature

combination - model variant - (input, label) - no. of hidden units - drop-out ratio”.

Figures 14 to 16 show how maneuvering around input-label width can improve

the performance of the AI models for each feature combination.

For AE (Figures 14) and input-label of (50,10), the post-failure predictions are

shown to quite closely follow the actual trend of post-failure stress vs. strain. As

explained in the previous section, for this feature combination, (50,10) seems to
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Fig. 12. Comparison of the various LSTM configurations’ performance: impacts of feature
combinations and input-label width

be the optimum slicing in terms of accuracy (error) and variability (uncertainty),

however this comes with a compromise in the prediction window (only predicting

10 time-steps). Widening the prediction window results in less accuracy, which

can be tolerable as long as the overall trend is still properly captured. The

(80,60) model is a good example of this, where the post-failure prediction trends

are acceptable, despite the increase in the error and variability.
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For SSAE and SS (Figures 15 and Figures 16), the prediction accuracy is much

higher, as discussed in the previous section, even for longer prediction windows,

such as (80,60) and (100,50). However, increasing the prediction window shows

a steady increase in the uncertainty.

Overall, these results show that the LSTM models with optimal configurations

can capture the trends of post-failure behaviour. Most notably, the AI models

with only AE as the input feature can still predict the post-failure trends

with reasonable accuracy. In choosing the optimum range for slicing width

(input+label width), one should take into account the frequency of the AE

readings. The total slicing width should be selected considering the range of

active AE recordings. Also, the prediction window should be increased gradually

while observing the impacts on the trend and variability of the post-failure

predictions.

4. CONCLUSIONS

This study introduces an innovative AI approach to predict the post-failure

behaviour and residual strength of rocks based on the pre-failure patterns of

AE energy. LSTM algorithms were successfully developed and trained using

data generated through DEM simulations of rocks under compression loading.

DEM simulations were performed with varying interparticle friction values and

constant interparticle bond cohesion.

Various configurations (more than 500) were examined to optimize the

performance of the LSTM algorithms and to find the best model set-up. Among

the studied hyperparameters, the input features, model variant, and input-label

width (data slicing width) were found to be the most critical. One LSTM unit

with 64 hidden neurons was found as the optimal architecture. Adopting the

drop-out method to avoid over-fitting during training had negligible impacts on

the performance of the LSTM models. The prediction accuracy was found to be
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Fig. 13. Post-failure predictions by the AI models (µ = 0.12): a & c) SSAE, b & e) SS, c & f) AE.
Sub-figures a, b, and c present ensemble predictions, while d, e, and f show the 95% confidence

intervals.

highly sensitive to the data slicing width and input-label width. It was shown

that the best performance occurs when the slicing window results in the most

informative data sequences with respect to pre and post-failure patterns of AE

and stress with strain.

The optimum AI models have shown a reasonable accuracy (< 10% error)

for the prediction of post-failure stress solely based on pre-failure AE data.

This proves that the post-failure behaviour of brittle materials can be predicted
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Fig. 14. Post-failure predictions for various slicing configurations for AE (µ = 0.12): a)[20-5], b)[50-
10], c)[80-60], d)[100-50]
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Fig. 15. Post-failure predictions for various slicing configurations for SS (µ = 0.12): a)[20-5], b)[50-
10], c)[80-60], d)[100-50]
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Fig. 16. Post-failure predictions for various slicing configurations for SSAE (µ = 0.12): a)[20-5], b)[50-
10], c)[80-60], d)[100-50]
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from the temporal patterns of pre-failure AE events, which competent LSTM

algorithms can capture.

Given the significance of the residual strength of rock masses as a design

parameter, this research puts forward a novel method to provide more reliable,

dynamic estimates by combining AE sensing and AI technologies. The proposed

LSTM models, like any other ML model, need to be retrained with sufficient data

obtained from lab or field tests (or calibrated simulations) to produce reliable

predictions for a specific material. Nevertheless, it is reasonable to assume that

the fundamental conclusions of the current study can still be extended to any

brittle materials.

This study also reveals the remarkable potential of the deep learning methods

for capturing complex patterns in the response of heterogeneous geo-materials

in general. Authors hope that this proof-of-concept research paves the way for

extended future investigations, incorporating real laboratory and in-situ data to

upscale the proposed approach for industry applications.
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