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I ntroduction

The formation of ruts induced by vehicle traffic poses a significant challenge for agricultural soils due to soil
compaction both at the surface and deeper layers. This phenomenon compromises vehicle performance increases
energy consumption, and leads to long-term environmental degradation, such as soil erosion and fertility
reduction. To enhance vehicle performance and reduce soil damage, it is crucial to accurately predict how factors
such as vehicle speed, vertical load, and the number of passes impact rut depth. The findings of this study hold
significant practical implications, facilitating the development for the creation of more efficient agricultural
practices, while simultaneously minimizing environmental impact. The complexity of these interactions
necessitates using machine learning models, especially artificial neural networks (ANNS), to predict rut depth
based on input parameters. In this study, two machine learning models, namely the multilayer perceptron (MLP)
and the radial basis function (RBF) networks, were employed to predict rut depth.

Materials and Methods

Experiments were conducted using a soil bin that allows for precise control of independent parameters,
measuring 24 meters in length, 2 meters in width, and 0.8 meters in depth. The soil used was agricultural soil,
comprising 35% sand, 22% silt, and 43% clay, with a moisture content of 8%. The tests included three
independent parameters: vertical load (2, 3, and 4 kN), forward speed (1, 2, and 3 km h'%), and number of wheel
passes (up to 15). Two types of traction devices, including a rubber wheel and a track wheel, were tested. A
caliper was used to measure the rut depth after each pass with an accuracy of 0.02 mm. The data collected from
soil bin tests were used to train neural network models in MATLAB 2021-b software. The MLP model had a
topology with two hidden layers and included three inputs and one output. In the RBF model, the network
topology had a single hidden layer. The trial-and-error method was used to adjust the hyperparameters of the
neura networks, including the number of neurons in the hidden layers, the learning rate, and momentum for the
MLP network, aswell asthe spread rate and regularization rate for the RBF network.

Results and Discussion

Experimental data confirmed that increasing the vertical load and the number of passes resulted in deeper
ruts. Conversely, an increase in speed led to a reduction in rut depth, particularly during the initial pass. Both
artificial neural network (ANN) models accurately predicted rut depth, with the multilayer perceptron (MLP)
neural network outperforming the radial basis function (RBF) neural network. Specifically, the root mean square
error (RMSE) for the optimal MLP model, which utilized a learning rate of 0.001 and a momentum of 0.67, was
0.10. In contrast, the optimal RBF model, with an expansion rate of 0.23456, yielded an RMSE of 0.12. The
findings indicate that the MLP artificial neural network model surpasses the RBF neural network model in terms
of accuracy and overall performance. However, the RBF neural network exhibits a faster response time, making
it particularly suitable for real-time applications.

@ ® | ©2025 The author(s). This is an open access article distributed under Creative Commons
Attribution 4.0 International License (CC BY 4.0).
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Conclusion

This study demonstrates the efficacy of machine learning techniques, particularly artificial neural networks
(ANNS), in predicting rut depth caused by off-road vehicle traffic. Both multilayer perceptron (MLP) and radial
basis function (RBF) neural networks exhibited robust predictive capabilities, with the MLP model providing
dlightly superior accuracy and the RBF model offering better computational efficiency. These findings highlight
the potential of machine learning in modeling complex interactions between soil and vehicles, which can
enhance vehicle performance, mitigate soil erosion, and guide the design of off-road vehicles. Future research
directions could include investigating additional soil parameters, various vehicle configurations, and the real-
world implementation of autonomous off-road vehicles to promote more environmentally sustainable operations.
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Fig.1. Soil bin and its components. 1- Chassis, 2- Inverter, 3- Datalogger, 4- Traction device, and 5- Static vertical |oad
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Table 1- Physical and mechanical characteristics of the soil in soil bin.
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Fig.2. Measuring the rut depth caused by the wheel
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Table 3- Features obtained in multi-layer perceptron
training with optimized topology
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Fig.4. The effect of spread and regularization rate on the RM SE in the RBF network learning model
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