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ABSTRACT: The strength and degradation of track granular layers such as ballast and capping directly influences the condition of
railway track affecting its operational efficiency. In recent times, machine learning (ML) models have demonstrated their effectiveness
in predicting the engineering properties of geotechnical materials while surpassing complexities in conventional approaches. Despite
this progress, the process of selecting appropriate input parameters for these models is not clearly highlighted, which limits their
applicability in decision-making. This study aims to address this gap by identifying the optimal set of input parameters for granular
materials in railway tracks, utilizing existing data from laboratory testing. The study focuses on two key applications predicting: (i) the
peak friction angle (¢;,eak) of natural and composite granular mixtures subjected to static loading and (ii) particle breakage of ballast
under cyclic loading. The optimization process is based on the relevance of input parameters in practice, compliance of ML models
with fundamental principles as well as their influence on prediction accuracy. The results revealed that all ML models consistently
identified a similar set of optimal input parameters that capture essential information about stress state, gradation characteristics and
material composition. While insufficient parameters caused loss of accuracy due to missing critical information, excessive parameters
also impeded accuracy due to redundancy-induced bias. Furthermore, evaluating model performance metrics indicated that ANN
outperformed other methods with a higher R? and lower error, and effectively captured the underlying non-linear relationships between
input parameters, ¢pqq, and particle breakage. The advantages of these models are discussed in relevance to enhancing the
understanding of track granular material behavior where repeating laboratory experiments becomes cumbersome.
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1 INTRODUCTION origin material. In the past, empirical models have been
developed for predicting the shear strength of conventional
subballast materials (Hunt et al., 2023), as well as ballast
breakage index (Lackenby et al., 2007, Hussaini and Sweta,
2020), based on data trends from laboratory investigations.
However, most of these models are based on only a few selected
influential parameters, while their application is often limited
to a specific soil type due to specific empirical coefficients.
Some constitutive models (Einav, 2007, Malisetty et al., 2020a,
Malisetty et al., 2020b) are also available for predicting the
peak friction angle of granular materials and its reduction with
repeated loading; however, it is much more complex to
implement these models incorporating all influential
parameters. Machine Learning models in recent years have
gained attention with their ability to uncover the hidden
relationships in complex datasets. Artificial Neural Networks
(ANN) is the most popular ML technique widely used for

The 21 century developments across the world have
necessitated efficient railway transportation systems for both
passenger and freight traffic. While some parts of the world use
both slab and ballasted tracks for passenger networks, the
heavy-haul freight transportation networks across the world are
still operated on ballasted railway tracks. The performance of
these tracks is majorly dependent on the shear strength and
degradation characteristics of granular layers such as ballast
and capping to be able to withstand the repetitive heavy loads
imparted by trains. For effective performance of these layers, it
is important for the granular materials to have sufficient shear
strength in both the design phase and during operation. As the
prominence of recycling and reusing granular wastes
originating from mining and industrial sectors has increased,
the variability in shear strength of these materials has also

increased due to varied rigidness of waste aggregates (Arulrajah geotechnical engineering applications. Some examples include

et al., 2014, Inq.raratr{a ctal, 2018). A few notable examp_l es prediction models for constitutive behavior of geomaterials
include rubber-intermixed ballast stratum (RIBS) as alternative (Shahin and Indraratna, 2006, Penumadu and Zhao, 1999)

to hbfdlg? st (?razchclrhige gt atl)‘l’) 2022), mbber-sandhmlilxtures bearing capacity of shallow and pile foundations (Chan et al.,
(Sheikh et al., .O 3) and rubber-waste mlxturgs which were 1995, Shahin et al., 2002) and resilient modulus of railway
used as alternative to sub-ballast materials (Qi et al., 2018, ballast (Indraratna et al., 2023a)

Tawk and Indraratna, 2021, Indraratna et al., 2025). Also, under

. . . Considering the above, thi di dicti
repeated train loading, the peak friction angle (q,')é,eak) of OISIEeIng Mo a00vE, BUS paper CIscusses prerietive

models based on ANN for (a) peak friction angle of subballast
conventional ballast layer is found to reduce with loading cycles materials including recycled wastes, and (b) the evolution of
due to breakage of larger and angular aggregates into finer ballast degradation quantified by ballast breakage index. It has
particles (Indraratna et al., 2001, Indraratna et al., 2024a, been reported by Phoon and Zhang (2023) that the identification
2024b). In Australian railway tracks, ballast cleaning and and selection of the optimum set of input parameters is
replacement accounts for a major amount of maintenance costs imperative for superior performance of ML models and their
every year (Economics, 2022). ability to assist in real-world decision making. In most

Laboratory investigations underlined that the parameters geotechnical engineering applications, it is not always possible
affecting strength and degradation of granular materials can be to obtain complete information on all parameters from the field.
divided into three categories: (i) soil stress state such as For this reason, the analysis in this paper specifically focusses
confining stress, loading magnitude and frequency, (ii) soil on investigating the advantages and shortcomings of including
physical state such as initial void ratio and compaction density, and excluding different input parameters and their influence on
and (iii) soil/rock type such as gradation characteristics and the predictive and generalization capability of the model.
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2 ANN ARCHITECTURE

A typical ANN consists of three interconnected layers
categorized as input, hidden/intermediate and output layers,
though some ANNs may have multiple hidden layers depending
on the quantity and complexity of data. The hidden layer
consists of multiple nodes which act as bridges between input
and output layers. The information from the input layer is
transferred to the hidden layer through weighting coefficients,
which is then summed along with an additional bias and
propagated to the output layer through a transfer function. After
the predicted output is compared with the measured output, the
net loss is then backpropagated, where the weights and bias are
updated with the help of a training algorithm (optimization)
through an iterative process until the error is less than the
desired threshold. For this study, sigmoid function and
hyperbolic tangent functions were used as activation functions
for input-hidden layer and hidden-output layer interfaces,
respectively. Also, the Levenberg-Marquardt (LM) algorithm
was used for network optimization.

The overall database was divided into training and testing
datasets with a ratio of 80:20. Although the testing set contains
unseen data from the ANN model’s perspective, it is still related
to the data used in the training phase since the same studies and
material types were divided across both datasets. Therefore, a
completely external set of data that is independent of the
original database was also used for external validation. For
quantifying the model performance, five evaluation metrics are
employed which are the mean absolute relative error (MARE),
root mean squared error (RMSE), coefficient of determination
(R2), variance accounted for (VAF), and A-10 indices as shown
in Egs. la to le.
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where ¥, and y, are the predicted and target output values,
respectively; ¥; is the average of the target values; n is the total
number of data samples; var refers to variance; m10 are the
number of samples where y;, is within 10% of y;.

3 FRICTION ANGLE MODEL

3.1 Database Preparation

In this section, a predictive model that is capable of accurately
predicting d);,eak for a variety of track granular materials is
discussed. The database considered for this model consists of
both conventional granular materials (ballast, subballast and
sand) and waste materials (steel furnace slag, SFS; coal wash,
CW; and rubber granules), and mixtures of both. A total of 154
consolidated drained static triaxial tests using the above-
mentioned materials were adopted from the literature as shown
in Table 1. For accurately capturing the influence of waste
granules on the shear strength of the overall mixtures, 85% of
the database was populated using test data comprised of waste
mixtures.
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A careful review of past experimental investigations was
conducted to identify the input parameters that affect ¢,oqp. As
highlighted in Tawk and Indraratna (2021), Hunt et al. (2023)
and Indraratna et al. (1998), the non-linearity of the shear
failure envelope depends on the effective confinement of the
material, whose influence is dominant when marginal materials
are used. Hence, the effective confining stress (o3) was
considered as a key input representing the initial stress state. In
addition to the dry unit weight of the material, the void ratio is
also considered as an input in order to account for weight
discrepancy when using softer waste materials such as coal
wash and rubber granules/crumbs. Gravimetric rubber content
(RC%) was included as an input as it was found to affect the
peak friction angle. To account for gradation characteristics,
five parameters are used which include: coefficient of
uniformity (C,) and curvature (C.), and effective (D,,), mean
(Dsp) and maximum (D,,,4,) particle size of the mixtures. The
statistics of input parameters are shown in Table 2.

The database was divided into training and testing sets
using a semi-random trial-and-error approach ensuring
consistent statistics (mean, standard deviation, minimum, and
maximum) across all ten variables. Also, care was taken to
ensure each material type is included in both testing and
training datasets to reduce error.

Table 1. Database for peak friction angle model
Tests Tests
Material Without With References
Rubber  Rubber
Arachchige et al. (2022)
Ballast 17 i Indraratna et al. (1998)
Edincliler et al. (2012)
Sand 7 59 Sheikh et al. (2013)
Noorzad and Raveshi (2017)
SES 4 0 Tasalloti (2015)
Tasalloti (2015)
Kaliboullah (2016)
cw 21 1 Indraratna et al. (2019)
Tawk and Indraratna (2021)
Tasalloti (2015)
SES-CW 15 1 Qi et al. (2018)

Table 2.  Database statistics for peak friction angle model
Variable Min-Max Mean Std. Dev.
RC% 0-40 9.5 11.3
o3 (kPa) 8-483 102.2 97.4
€o 0.29-0.88 0.57 0.17
Va (KN/m3) 9.1-20.4 14.96 2.1
Cy 1.5-83.1 16.9 23.8
Ce 0.9-4.1 1.6 0.90
Dyo (mm) 0.013-27.1 3.6 7.7
Dso (mm) 0.19-38.9 6.6 122
Dy (mm) 0.30-53 15.0 18.6
Poear 26.4-66.5 449 8.1

3.2 Performance evaluation

For determining the optimum number of nodes in the hidden
layer, the performance of qb;,eak model was evaluated for each
configuration with the number of nodes varying from 1-16,
from which the best-performing model was selected as
elucidated in Indraratna et al. (2025). A ranking system was
adopted based on Zorlu et al. (2008) where each network is
ranked based on its score with respect to the 5 metrics. It was
found that when all 9 input parameters were considered, 8 nodes
in the hidden layer yielded best performance during training and
testing phases. To improve model’s generalization ability,
external data from Disfani et al. (2017) and Indraratna et al.



(2018) using mixtures of fine recycled glass and rubber crumbs
(FRG-RC) and traditional subballast (crushed rock),
respectively, under CD static triaxial compression was used.
Interestingly, when the models were evaluated along with the
external datasets, the 10 hidden layer model performed better
than the model with 8 nodes. The metrics for the 9-10-1 (9
inputs-10 hidden nodes-1 output) model are shown in Table 3,
while the plots of predicted vs. measured values of ¢y,eq; for
the 9-10-1 model are shown in Figures la and c, for training
and testing, as well as external validation database, where most
predictions fall within 10% error.
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Figure 1. Predicted vs. target peak friction angle values for 9-10-1 and

6-10-1 models with (a,b) original database and (c,d) external data
(modified after Indraratna et al. 2025)

Although a larger model that includes all influential
parameters is fundamentally ideal, it may not be the best-
performing model as some input parameters may have
interdependence and thus create errors due to redundancy. Also,
in practice, fewer input parameters mean lower human error
while measuring those parameters on field. For this purpose, the
5- and 6- input variable models are developed and compared
with the 9-10-1 model. The 5-input model includes o3, RC%,
€9, Yq and Dsq, while the 6-input model has C, as an additional
parameter. It was ensured that atleast one parameter from each
category was included as discussed earlier. Although C, is
reportedly found to influence the peak friction angle, including
it resulted in lower accuracy due to its high coefficient of
variance within the dataset considered. Also, D,y, 4, Was ignored
as it becomes redundant after considering e, and y,. The same
procedure was followed to identify the best number of nodes in
hidden layer.

The performance of the 5-7-1 and 6-10-1 models are
compared with the 9-10-1 model and the metrics are shown in
Table 3. It was observed that the 5-7-1 model performed to a
similar capacity as that of 9-10-1 model, though the former
model only considers around half of the input parameters as the
latter. Furthermore, including C, resulted in the 6-10-1 model
performing better than the other two models, with greater
accuracy across all training, testing and external validation
datasets. Figures 1c and d show the predicted vs. measured
output plots for the 6-10-1 model, which clearly shows far more
accuracy in predictions, especially for external data. This
proves that careful selection (inclusion and exclusion) of input
parameters via geotechnical domain knowledge can help to
remove redundancy-related errors, thus improving a model’s
predictive capability.
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Table 3.  Performance metrics for peak friction angle model

Model 5-7-1 6-10-1 9-10-1
Train 0.97 0.99 0.99
R? Test 0.94 0.94 0.94
Ext. 0.83 0.9 0.89
Train 1.27 0.85 0.89
RMSE Test 2.46 241 2.52
Ext. 2.8 2.44 2.69
Train 2 1.3 1.5
MARE (%)  Test 4 4.1 44
Ext. 5.2 4 6.2
Train 97.3 98.8 98.7
VAF (%) Test 94 94 93.3
Ext. 79.1 88.8 88.9
Train 1 1 1
A-10 Test 0.968 0.903 0.903
Ext. 0.864 0.909 0.727
Final Score 91 113 86
Rank 2 1 3

4 BALLAST DEGRADATION PREDICTION MODEL

In this section, the ANN framework is used to develop a
predictive model for particle breakage of ballast under repeated
loading conditions. For this purpose, ballast breakage index
(BBI) developed by Indraratna et al. (2005) is used, which is
evaluated based on the difference in the area between the PSD
curves before and after loading.

Table 4. Database for BBI prediction during training and validation
Stage Parent rock  References
Lackenby et al. (2007); Tennakoon
and Indraratna (2014); Hussaini et
al. (2016); Indraratna et al. (2016);
.. . Sun et al. (2016); Navaratnarajah
Training Latite basalt and Indraratna (2017); Jayasuriya et
al. (2019); Arachchige et al. (2022),
Ngo et al. (2022), Indraratna et al.
(2023b)
Limestone Aursudkij et al. (2009)
Quartzite Nalsund (2010)
Validation Nimbalkar and Indraratna (2016)
Basalt
Sun and Zheng (2017)
Granite Hussaini and Sweta (2020)
4.1  Database Preparation

The database considered in this paper includes 78 data samples
adopted from previous laboratory investigations using large-
scale cylindrical triaxial and cubical triaxial apparatus as shown
in Table 4. As the evaluation of BBI requires completely
stopping a test and conducting sieve analysis, the number of
data points is limited. For example, for acquiring a single data
point corresponding to BBI at N = 100,000 cycles under
specific loading and gradation conditions, the test has to be
conducted till 100,000 cycles, after which it has to be restarted
for another data point. For such smaller datasets, it is even more
important to analyse the influence of the number of input
parameters to minimize the number of connection weights
(Rogers and Dowla, 1994).



Table 5.  Statistical distribution of inputs and outputs for BBI model

Cylindrical triaxial tests Cubical triaxial tests

Min-Max Mean/SD ﬁ;r)l( g/{zérll)e\/.
v 1000 464172 5000 337000
500000 126610 500000 2169256
, 10 43.8 7 13.4
o3 (kPa) 540 32.5 20 3.6
G 230 2493 230 301
(kPa) 370 48.7 460 99.4
5 24.7 15 17
f (Hz) 65 12.4 25 3.4
Diax 5 53 53 62.5
(mm) 0 63 2.2
Do (mm) 272 38.8 335 35.8
49.4 43 43 32
c 12 1.9 1.6 1.9
u 4.5 0.70 2.5 0.42
c 1.0 1.1 1 1.1
c 1.4 0.12 1.3 0.13
15.0 15.3 152 15.3
YakN/m3) 5 ¢ 0.1 15.3 0
. 0.53 0.73 0.72 0.74
o 0.82 0.05 0.77 0.02
S 12 6.6 6 10.3
BBI(%) |7, 3.3 13.4 2.6

Similar to the ¢;,eak model, the parameters are selected
based on their category. Since the BBI model contains data
from cyclic loading tests, the magnitude of cyclic deviatoric
stress (Gmax)> loading frequency (f) and number of loading
cycles (N) are also considered along with the effective
confining stress. Other parameters include y4, €y, Cy, C¢, Dsg
and D,,,,. A natural logarithmic of the number of loading
cycles was used for modelling to avoid model overfitting
caused by larger values. Table 5 shows the statistical
distribution of the parameters for BBI model. Also, it was
observed during data collection that the BBI values differed
slightly when the type of apparatus is changed from cylindrical
to cubical triaxial apparatus due to the apparent boundary
conditions of the sample (Indraratna and Salim, 2003). To
account for this difference, a binary input was considered for
analysis recognizing the source of the data: 0 for cubical triaxial
and 1 for cylindrical triaxial tests. It is to be noted that most of
the test data available is related to latite basalt aggregates with
a uniaxial compressive strength of 130 kPa (Indraratna et al.,
1998), while only limited datasets on ballast made from other
rock types (granite, limestone and quartz) are available. To
avoid confusion for the model during training, the datasets for
training and testing were limited to that of latite basalt
aggregates, while data from other rock types are used during
external validation. 80:20 ratio was followed for training-
testing data division, while keeping same activation functions
and training algorithm as the ;045 model.

4.2 Performance evaluation

For the BBI model, the input parameters were grouped into 20
different combinations, through a forward selection process
based on the Spearman Correlation Coefficient (SCC) as
detailed in Indraratna et al. (2025). This selection process starts
with 2 input parameters to 9 input parameters, repeated for each
binary input. Based on SCC, loading conditions were given first
priority, followed by PSD and initial state parameters as shown
in Table 5. A 10-noded single hidden layer was adopted, while
all the input combinations are compared.

Table 6. Input parameter combinations for BBI model

Groups Inputs
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Group 1A Qmax |

Group 1B Amax fr03

Group 1C Qmax fr03, N

Group 1D Amax [r03, N, Dgg

Group 1E Qmax> f> 03, N, Dgg, C,

Group 1F Qmax f> 03, N, Dsg, Cy,

Group 1G Qmax> f> 03 N, Dgq, Cy, C.
Group 1H N, 03, @max: [ Dsor Cus Coy Va
Group 11 N, 03, Gmax [+ Dso, Cu, Cer €,
Group 1J N, 03, dmax: f+ Dsor Cus Cer Var €0
Group2 (Ato In Group 2, DT (binary input) is added to the ANN
) model

Figure 2 shows the mean squared error of the models A-J
with (Group-2) and without binary input (Group-1). Lower
number of input parameters showed higher MSE due to
insufficient information, while MSE improved with increasing
the number of inputs. The inclusion of PSD parameters reduced
the error by about 30%, while it was observed that including
both C, and C, parameters improved the BBI model’s
performance. After including initial state parameters such as y4
and ey, the performance of the model reached a plateau with no
or little improvement in MSE. Also, it was observed that the
best performing model was the ones corresponding to
combination H, where y, is the only initial state parameter.
Adding e, (Combination I and J) negatively affected the model
where the MSE slightly increased. This indicates that y,; in
conjunction with PSD parameters are sufficient to capture the
influence of initial state on BBI, and addition of e, induced
redundancy. This is slightly different to the ¢;,ea x model, where
both y, and e, were needed for the best model. This is due to
the singular type of aggregates in ballast with same specific
gravity. On the other hand, the data for ¢;,eak model
encompassed materials with different specific gravities,
requiring additional parameters to quantify the yd-eo—(bé,eak
relationship. Also, it was observed that including information
about test type as binary input improved the model performance
across all combinations. This further highlights the importance
of careful selection of input parameters. The performance
metrics for the two best performing models are shown in Table
7.

Table 7. Comparison of performance of two best performing models
for BBI
Model IH 2H
Train 0.97 0.97
R? Test 0.83 0.90
Ext. 0.71 0.89
Train 0.67 0.64
RMSE Test 0.94 0.70
Ext. 1.91 1.31
Train 11.4 9.1
MARE (%) Test 19.1 13.9
Ext. 17.9 10.0
Train 96.8 96.9
VAF (%) Test 82.5 90.2
Ext. 65.1 84.3
Train 0.91 0.93
A-10 Test 0.63 0.69
Ext. 0.40 0.90
Score 20 39
Rank 2 1
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Further, the models 1H and 2H were tested for external
datasets, which were completely new for the model. The
external database includes datasets on ballast with different
types of parent rock as given in Table 4. The data from
Nimbalkar and Indraratna (2016) were measured on a real
railway track, and for this case, the binary input was considered
as 0 similar to cubical triaxial setup, which is more analogous
of field conditions. As observed from Figures 3a and b, model
1H’s predictions showed errors, with predictions deviating
more than 10% consistently for data from all sources. Overall,
model 2H yielded an R2 of 0.89 compared to 0.71 for 1H. For
latite basalt aggregates, model 2H predicted BBI very close to
measured values for both laboratory and field data, increasing
confidence on model’s applicability to field scenarios.

On the other hand, both 1H and 2H did not do well for
ballast aggregates from other parent rock types. This is
expected as no additional input informing the model about
parent rock type was considered for model development. The
RMSE values for quartzite (0.7) and limestone (0.6) aggregates
were not very high when compared to that for granite
aggregates (3.4). However, without an additional input clearly
defining the distinction between input rock types, the current
model cannot be confidently used for BBI predictions for rock
types other than latite basalt.

5 CONCLUSIONS

This paper presented two data-driven models based on
Artificial Neural Networks for predicting the peak static friction
angle (¢1,76ak) of track granular materials and ballast breakage
index (BBI) under repeated loading conditions. Analysis was
conducted to compare models with different input parameter
combinations with a key focus on selecting the optimum set of
input parameters.

The optimum set of input parameters should include
information on all three categories of soil stress state, physical
state and type. Considering both an insufficient and excessive
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number of parameters resulted in increased prediction errors.
For the ¢4, model, the 6-10-1 combination with 6 input

parameters (RC%, g3, €y, V4, Dsg, C.) was found to be the best-
performing model when compared to a smaller 5-input and a
larger 9-input models.

For BBI, the 9-input model is identified as the best
performing model (N, Gmax, f> 93, Ya> Dsg, Cy, C, and binary
input). For datasets originating from different types of test
setups, including information about the test type, i.e., test
boundary conditions, are crucial for accurate prediction of BBI.
By considering a binary input to account for this, the 9-input
model accurately predicted the BBI measured from Australian
railway tracks and other external data sets with an R? of 0.87,
highlighting the model’s capability to be applicable to field
data. Overall, with high predictive capability, these models can
help to optimise the laboratory testing efforts and make better
use of those efforts by highlighting the hidden trends within
data.

Although the models were able to predict qb;,eak and BBI

sufficiently, there are still some gaps in the data pertaining to
the behaviour of granular materials. For example, the ¢,0qr
model does not include information about intermediate
principal stress, while the BBI model does not include
information about rock type, due to limited data. It is therefore
recommended to improve the proposed models with additional
inputs and datasets when available in future.
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