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ABSTRACT: This study investigates the potential of long short-term memory (LSTM) neural networks for predicting the stress-strain 
behaviour of soil in constant rate of strain (CRS) tests. Unlike traditional methods reliant on predefined constitutive models, data-
driven approaches offer the ability to capture complex, nonlinear patterns directly from test data. In this work, we evaluate four deep 
learning architectures, unidirectional LSTM, bidirectional LSTM (BiLSTM), and two sequence-to-sequence (seq2seq) variants, for 
sequential prediction of axial stress at higher strain levels based on stress values at lower strains. The models are trained and tested on 
numerically generated CRS data for unsaturated coarse-grained soil. Different training set sizes are systematically explored to assess 
the influence of data availability on prediction accuracy. Early stopping is employed to prevent overfitting, and model performance is 
evaluated using the mean absolute percentage error (MAPE). The results demonstrate that all architectures perform similarly well when 
at least 60% of the data is used for training, with minor differences in accuracy and training times. Although the BiLSTM seq2seq 
model showed slightly better performance for smaller training sets, the advantage diminished with larger datasets. The study highlights 
the potential of LSTM-based models to predict soil behaviour without prior knowledge of material parameters, paving the way for 
reducing the duration and cost of laboratory testing in geotechnical engineering. This work presents an initial comparison based on a 
single numerically generated dataset, serving as a proof of concept for future research. Further studies incorporating experimental data, 
model regularisation, and broader statistical evaluation are recommended to validate the robustness of these models in practical 
applications. 
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1 INTRODUCTION 

Recent advances in machine learning, particularly deep 
learning, have enabled significant progress across various 
scientific disciplines, including material science, mathematics, 
and engineering (LeCun et al., 2015; Choudhary et al., 2022). 
In geotechnical engineering, the nonlinear and time-dependent 
behaviour of soil presents challenges that traditional 
constitutive models cannot always capture. While methods like 
evolutionary algorithms and regression models have been 
applied for parameter calibration (Machaček et al., 2022; 
Rezania et al., 2008) and design optimisation (Cerek & Grabe, 
2023; Cerek et al., 2024d, 2024e), their effectiveness remains 
limited by the underlying model assumptions. 

Machine learning models — especially feedforward 
(FNN) and convolutional neural networks (CNN) — have 
found applications in soil classification, property prediction, 
and test interpretation (Rauter & Tschuchnigg, 2021; Levine et 
al., 1996). However, these models are typically suited for static 
or spatial problems and fall short when applied to sequential, 
time-dependent data such as stress-strain behaviour. Recurrent 
neural networks (RNNs), particularly long short-term memory 
(LSTM) networks (Hochreiter, 1991), offer a solution by 
capturing long-term dependencies in sequential data, making 
them a promising tool for modelling soil behaviour under load. 

Although LSTM applications in geotechnics are still 
emerging, studies have shown their potential in predicting soil 
behaviour, tunnel performance and prediction of soil 
parameters (Qi & Fourie, 2018; Zhang et al., 2021; Guan et al., 
2023; Cerek et al., 2024a, 2024b, 2025a, 2025b). Building on 
these works, this study explores LSTM-based architectures, 
including unidirectional, bidirectional, and sequence-to-
sequence models, for predicting soil response during constant 
rate of strain (CRS) tests. 

The primary goal is to examine the potential of various 
LSTM networks for predicting the stress-strain behaviour of 
coarse-grained unsaturated soil at higher stress levels based on 
initial stress data from CRS tests. This approach aims to reduce 
the need for full laboratory testing, thereby optimising both cost 
and time in geotechnical investigations and contributing to 
more sustainable engineering practices. 

2 THEORY 

2.1 CRS test 

The CRS test involves the one-dimensional compression of a 
cylindrical soil sample, wherein axial strain is applied at a 
uniform rate. Lateral deformation is constrained, and vertical 
stresses are continuously recorded during the procedure. The 
present work utilises a comprehensive data set developed by 
Cerek et al. (2024c), which comprises numerical simulations 
designed to emulate two-dimensional compression element 
tests. These simulations were performed using the finite 
element method (FEM), incorporating rigorously defined 
boundary conditions. As depicted in Figure 1, axial strain was 
incrementally imposed on the specimen's upper boundary until 
a specified strain level was attained. The element test 
simulations utilised a hypoplastic constitutive model, initially 
developed by von Wolffersdorff (1996) and later extended 
through the intergranular strain concept by Niemunis and Herle 
(1997). 

2.2 Database 

The database employed in this study consists of axial stress-
strain (𝜎ଵ െ 𝜀ଵ) compression curves generated via FEM by 
Cerek et al. (2024c). The synthetic dataset contains 10,000 
instances of CRS element test results for coarse-grained, dry 
soil, representing compression behaviour up to 30% axial 
strain. Each entry consists of 3,000 data points that capture the 
relationship between axial strain 𝜀ଵ and the corresponding axial 
stress 𝜎ଵ. A randomly selected sample of this dataset, defined 
by specific soil parameters, is utilised in this study to compare 
various LSTM-based approaches for predicting soil 
compression behaviour based on the initial stress conditions in 
the CRS test. The following material model parameters were 
used for conducting the CRS test: 
 φc (Critical state friction angle): 30.4 (°) 
 hs (granular stiffness): 39,950.0 (kN/m²) 
 n (exponent): 0.42 (-) 
 ed0 (minimum void ratio): 0.33 (-) 
 ec0 (maximum void ratio): 0.5 (-) 
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 ei0 (critical void ratio): 1.62 (-) 
 α (exponent): 0.02 (-) 
 β (exponent): 6.2 (-) 
 R (constant): 0.000131 (-) 
 ΒR (exponent): 0.7 (-) 
 χ (exponent): 6.1 (-) 
 mR (factor): 7.9 (-) 
 mT (factor): 3.5 (-) 
 e0 (initial void ratio): 0.865 (-) 

 
Figure 1. Setup of the numerical CRS element test. 

2.3 Long short-term memory network (LSTM) 

LSTM networks, a specialised form of RNNs, are well-suited 
for processing and learning from sequential data (Hochreiter & 
Schmidhuber, 1997). Due to their capacity to retain information 
across more than 1,000 data steps (Hochreiter, 1991), LSTMs 
have proven effective in applications such as time series 
prediction (Sagheer & Kotb, 2019). In contrast to conventional 
RNNs, LSTMs overcome limitations such as vanishing and 
exploding gradients by incorporating a constant error carousel, 
which ensures stable backpropagation over long sequences 
(Staudemeyer & Morris, 2019).  

LSTMs operate by iteratively refining internal weights 
during training, allowing them to learn meaningful 
dependencies within the data. A typical neural network 
architecture comprises three principal components: an input 
layer, one or more hidden layers, and an output layer (Sak et al., 
2014). Input data is formatted as a two-dimensional array, 
where one axis corresponds to the number of steps and the other 
to the input features. A LSTM layer consists of memory cells 
with distinct gate mechanisms, namely, forget, input, and 
output gates, that regulate the flow of information. In a LSTM 
network, an activation function is applied to the cell output to 
shape the signal passed to the next layer, while a recurrent 
activation function is used within the gating mechanisms to 
regulate information flow across data steps. The final prediction 
is typically produced by a dense output layer following the 
sequence-processing LSTM units. 

2.3.1 Sequence-to-sequence LSTM 

Sequence-to-sequence (seq2seq) LSTM models differ from 
standard LSTMs by employing an encoder-decoder architecture 
designed to map input sequences directly to output sequences 
of potentially different lengths. The encoder processes the 
entire input sequence into a fixed-length context vector, which 

the decoder then uses to generate the predicted output sequence 
step-by-step (Sutskever et al., 2014). This approach is 
particularly beneficial for modelling complex temporal 
dependencies and enables the network to predict entire 
sequences rather than single points. A key advantage of seq2seq 
LSTMs is their ability to mitigate error accumulation, which 
often occurs when predictions are fed back as inputs in 
traditional stepwise forecasting. By learning to generate 
sequences holistically, seq2seq models can improve stability 
and accuracy in long-term predictions, making them well-suited 
for applications such as soil compression behaviour forecasting 
where cumulative errors can significantly affect outcomes. 

2.3.2 Bidirectional LSTMs 

Bidirectional LSTM (BiLSTM) networks enhance the 
predictive capability of standard LSTMs by processing input 
sequences in both forward and backward directions. BiLSTMs 
were developed by Schuster and Paliwal (1997). This dual-pass 
approach allows the model to incorporate both past and future 
context when making predictions at each data step. As a result, 
BiLSTMs are particularly advantageous in tasks where 
understanding the full temporal context improves accuracy, 
such as sequence labelling and regression problems involving 
temporally interdependent data (Graves & Schmidhuber, 2005). 
Implementing a BiLSTM effectively doubles the number of 
neurons compared to a unidirectional LSTM, as separate set of 
units process the forward and backward passes. 

3 METHODOLOGY 

This study utilises stress-strain curves obtained from numerical 
CRS experiments. The selected compression curve is formatted 
to suit the LSTM model and employed in the supervised 
training process. Training uses a subset of axial stress values at 
lower stress levels 𝛺୲୰ୟ୧୬ and continues until early stopping 
criteria are met. The trained LSTM model then predicts values 
at higher stress levels 𝛺୮୰ୣୢ୧ୡ୲ which are compared against the 
actual test values 𝛺୲ୣୱ୲ excluded from training. 

The paper aims to identify the best-performing LSTM 
architecture for predicting laboratory test results, such as those 
from CRS tests. The following network types are investigated: 
 LSTM; 
 BiLSTM; 
 LSTM seq2seq; 
 BiLSTM seq2seq. 

Each neural network is trained on four different sizes of 
training subsets 𝛺୲୰ୟ୧୬, corresponding to train/test splits of 
20/80, 40/60, 60/40, and 80/20. This setup allows investigation 
of the model’s performance in relation to the amount of training 
data provided. The results are compared based on accuracy, 
measured by mean absolute percentage error (MAPE). 

3.1 Preprocessing 

The LSTM model in this study uses only axial stress 𝜎ଵ as input, 
with axial strain 𝜀ଵ defining uniform strain steps. Data from 
numerical tests already have uniformly spaced strain 
increments, therefore no interpolation is needed No padding or 
truncation was applied. No normalisation or standardisation 
was performed to avoid complications and inaccuracies in 
future predictions caused by scaling and extrapolation. Training 
data subsets were divided into supervised input-output pairs, 
where input sequences of length 20 steps are used for 
predictions. The sequence length was chosen based on Cerek et 
al. (2025a). The input sequences are fed into the neural network, 
which iteratively adjusts its weights to predict the output 
sequence with sufficient accuracy. 

6072



3.2 Architecture tuning 

Preliminary studies explored various architectures of 
unidirectional LSTM and unidirectional LSTM seq2seq models 
to identify the most accurate configuration for the task. 
Architectural tuning was performed using Keras Tuner 
(O’Malley et al., 2019), specifically employing the Hyperband 
tuner (Li et al., 2018) due to its efficiency in combining random 
search with early stopping criteria. The bidirectional 
architectures were derived from the unidirectional LSTMs to 
evaluate the added value of processing sequences in both 
directions, accounting for the doubled number of neurons 
compared to forward-only models. 

An early stopping strategy monitored the validation loss, 
measured by mean squared error (MSE) (Chicco et al., 2021), 
halting training if no improvement of more than 1.0 was 
observed over 20 consecutive epochs. The maximum number 
of epochs during tuning was set to 100. The validation split was 
set to 20%. 

The following hyperparameters were varied within 
specified ranges throughout the tuning process: 
 Number of hidden LSTM layers: 1 to 3; 
 Number of neurons per hidden layer: 32 to 128 (step 32); 
 Learning rate: 1e-4 to 1e-2; 
 Activation functions for output: ReLU, tanh, sigmoid, 

ELU, softplus; 
 Recurrent activation functions: sigmoid, tanh. 

3.3 Final architectures 

The LSTM architectures used in this study feature a two-
dimensional input layer that defines both the length of the input 
sequence and the number of features. Each model is trained 
using input sequences of 20 steps and a single feature—axial 
stress levels. The output layer in all four models consists of one 
dense neuron with linear activation function. All models 

employ the Adam optimiser (Kingma & Ba, 2014) and use 
mean squared error (MSE) as the loss function. No 
regularisation techniques were applied to the network 
architectures. A summary of the architectures is presented in 
Table 1.  

The unidirectional LSTM and BiLSTM models use the 
exponential linear unit (ELU) activation function (Clevert et al., 
2015), while the seq2seq models employ the softplus activation 
function (Dugas et al., 2000). Given the similarity in the shape 
of these two functions, their use in the respective architectures 
appears justified. None of the models included more than one 
hidden LSTM layer. As expected, the number of trainable 
parameters increases with the model's complexity. 

The seq2seq architecture follows an encoder–decoder 
structure. First, the encoder LSTM processes the entire input 
sequence and compresses its information into a fixed-size 
vector representation. This vector serves as a summary of the 
input sequence. Then, the decoder LSTM uses this compressed 
representation to generate an output sequence, predicting each 
data step one by one. 

Training is limited to a maximum of 5,000 epochs. An 
early stopping strategy is implemented to prevent overfitting, 
terminating the training if the validation loss does not improve 
by more than 1.0 over 500 consecutive epochs (Prechelt, 1998). 

The neural network was implemented and executed using 
Python (Van Rossum and Drake 2009), with the TensorFlow 
framework (Abadi et al. 2015) and the Keras API (Chollet et al. 
2015). Computational tasks were carried out on a workstation 
equipped with an AMD Ryzen Threadripper PRO 7975WX 32-
core CPU at 4.00 GHz, 512 GB of RAM, and SSD storage. The 
system featured an NVIDIA RTX A6000 GPU with 48 GB of 
VRAM, however no GPU was applied for training in this study. 

 

Table 1. Final architectures used for predicting results of CRS test 

Model type 
Activation 
function for 
output 

Recurrent 
activation 
function 

Number of hidden 
LSTM layers 

Total number of LSTM units 
per hidden layer 

Number of 
trainable 
parameters 

Learning 
rate 

LSTM ELU sigmoid 1 96 37,729 0.00210 

BiLSTM ELU sigmoid 1 
2 x 96 = 192 
(forward/backward direction) 

75,457 0.00210 

LSTM seq2seq softplus sigmoid 
2  
(1 encoder + 1 decoder) 

64 49,985 0.00863 

BiLSTM seq2seq softplus sigmoid 
2  
(1 encoder + 1 decoder) 

2 x 64 = 128 
(forward/backward direction) 

132,737 0.00863 

Table 2. Training metrics and performance evaluation of the models 

Train/test split 20/80 40/60 60/40 80/20 

Model type 
Training 
time (s)] 

MAPE (%) 
Training time 

(s)] 
MAPE (%) 

Training time 
(s)] 

MAPE (%) 
Training time 

(s)] 
MAPE (%) 

LSTM 146.4 168.6 164.7 19.9 492.1 1.9 230.1 2.7 

BiLSTM 213.4 136.6 140.2 20.1 285.0 1.0 384.5 1.2 

LSTM seq2seq 214.4 252.6 362.5 40.6 448.2 2.2 648.7 0.5 

BiLSTM seq2seq 213.1 68.5 164.4 15.8 255.2 0.9 655.4 2.5 

 

3.3.1 Postprocessing 

The postprocessing phase involves predicting the missing part 
of the compression curve. The model used the last input 
sequence from the training subset 𝛺୲୰ୟ୧୬ to predict the first data 
point or data sequence of the predicted subset 𝛺୮୰ୣୢ୧ୡ୲ and 
continued until the predicted subset is filled with data points. 
Subsequently, MAPE was calculated, as outlined in 
Equation (1). The predicted output label 𝑦ො௜ from 𝛺୮୰ୣୢ୧ୡ୲ is 

subtracted from the actual value 𝑦௜ belonging to the test subset 
𝛺୲ୣୱ୲. 

𝑀𝐴𝑃𝐸 ൌ  
1
𝑛

 ෍ฬ
𝑦௜  െ  𝑦ො௜
𝑦௜

ฬ  ∙  100 %

௡

୧ୀଵ

 (1) 

Additionally, the time required to complete the supervised 
learning process of the LSTM network is considered during the 
evaluation phase. 
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4 RESULTS 

Figure 2 presents a comparison of the achieved MAPEs for 
each model type across different train/test split ratios. It 
becomes apparent that all models perform similarly well when 
trained with 60% or 80% of the data, as indicated by their 
comparable accuracy levels. In contrast, no clear pattern 
emerges regarding training times, as shown in Table 2, which 
summarises both the required training times and the 
corresponding MAPEs. 

 
Figure 2. Achieved MAPEs for investigated train splits with required 
training time. 

 
Figure 3. Actual and predicted compression curve (𝜎ଵ െ 𝜀ଵ) using 
train/test split of 20/80. 

 
Figure 4. Actual and predicted compression curve (𝜎ଵ െ 𝜀ଵ) using 
train/test split of 40/60. 

The models trained with 20/80 and 40/60 train/test splits 
fail to deliver satisfactory accuracy. The compression curves 
predicted by all models for the 20/80 split are shown in 
Figure 3. Although the BiLSTM seq2seq model outperforms 
the others in this case, its MAPE of 68.5% remains far too high 
for practical application. 

Performance improves considerably with the 40/60 split, 
as illustrated in Figure 4. The BiLSTM seq2seq model again 
leads with a MAPE of 15.8%, suggesting that the sequence-to-

sequence approach may help reduce error accumulation over 
longer sequences. 

Figure 5 and Figure 6 present the results for the 60/40 and 
80/20 splits, respectively. Both experiments yield consistently 
good performance, with only minor variations in MAPE across 
different architectures. These findings suggest that using at least 
60% of the data for training is generally sufficient, regardless 
of the selected model type. 

 
Figure 5. Actual and predicted compression curve (𝜎ଵ െ 𝜀ଵ) using 
train/test split of 60/40. 

 
Figure 6. Actual and predicted compression curve (𝜎ଵ െ 𝜀ଵ) using 
train/test split of 80/20. 

5 CONCLUSIONS 

This study evaluated the predictive performance of various 
LSTM-based neural network architectures, including 
unidirectional LSTM, BiLSTM, and their sequence-to-
sequence (seq2seq) extensions, for modelling axial stress-strain 
relationships in compression tests. The models were trained on 
different proportions of available data, and their accuracy was 
assessed using the mean absolute percentage error (MAPE). 
The results suggest that satisfactory prediction accuracy can be 
achieved when at least 60% of the data is used for training, 
regardless of the specific model architecture. Among the tested 
models, the BiLSTM seq2seq architecture consistently showed 
strong performance, particularly in cases involving longer 
sequences, indicating its potential to reduce error accumulation. 

This study’s findings should be viewed within the scope of 
its limitations. The neural networks were trained on a single 
synthetic dataset, which limits the statistical generalisability of 
the results. As such, the conclusions primarily reflect a 
comparative analysis of model architectures rather than a broad 
evaluation of predictive reliability across different data sets. 
Furthermore, no regularisation methods were applied during 
training, which could affect model robustness when applied to 
more diverse or noisy datasets. 

Future research could address these limitations by testing 
the models on a wider range of numerical or experimental 
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datasets to assess their generalisability. The introduction of 
regularisation techniques, such as dropout, may help enhance 
model stability. Additionally, extending the approach to 
multivariate inputs or investigating advanced architectures like 
attention mechanisms or transformer-based models could 
further improve prediction accuracy and broaden the 
application scope of data-driven stress-strain modelling. 
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