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GS-PKNN: An Efficient and High-Fidelity Mobility Prediction Method
for Unmanned Ground Vehicles
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Abstract—To avoid unmanned ground vehicles being ob-
structed by deformed terrain in off-road, effective vehicle mobil-
ity analysis is required. However, the computational complexity
of existing mobility analysis methods, such as discrete element
analysis, poses significant challenges when applied to large-
scale terrains. To address this problem, we propose an efficient
and high-fidelity vehicle mobiliy prediction method for a large-
scale terrain. Initially, precise terrain models are constructed
employing Gaussian sampling (GS), thereby serving as optimal
inputs for the mobility simulation. Subsequently, we introduce
a co-simulation method based on a multi-body dynamics model
and discrete element analysis to obtain high-fidelity vehicle
mobility data on sampled terrains. Following that, the mobility
data is utilized to train a PSO-kriging neural network (PKNN),
enabling accurate predictions of the global mobility map.
Through rigorous simulation experiments, the proposed method
(GS-PKNN) demonstrates its remarkable effectiveness.

Index Terms—Mapping, machine learning, vehicle mobility
prediction, simulation.

I. INTRODUCTION

With the continuous exploration and exploitation of Earth
and extraterrestrial resources, unmanned ground vehicles
(UGVs) are frequently deployed in diverse and challenging
environments, ranging from beaches and deserts to celestial
bodies like the Moon and Mars [1], [2]. However, the low
shear strength of soil terrains poses a significant challenge
as shear damage can impede the movement of UGVs in
deformed terrains. Consequently, accurate mobility predic-
tion becomes imperative prior to field missions to ensure
successful navigation and mobility.

One of the prominent mobility prediction models in the
field is the NATO Reference Mobility Model (NRMM) [3],
which relies on empirical and semi-empirical techniques,
including Bekker’s derived terramechanics model (BDTM)
[4]. These models, which rely on experimental results, suffer
from limited generalizability. However, with advancements
in computer simulation technologies, high-fidelity simulation
techniques are now being employed for vehicle mobility pre-
diction [5]. Currently, the prevailing high-fidelity simulation
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approach is discrete element (DE) analysis, which involves
calibrating the contact parameters between particles through
field test simulations (such as triaxial and shear displacement
tests) to approximate the mechanical response of actual soil
[6], [7]. Building upon this, Recuero et al. [8] proposed
a co-simulation framework integrating DE terrain and a
vehicle multibody dynamics (MBD) model to capture vehicle
mobility. Similarly, for large-scale terrains, McCullough et
al. [9] presented a DE-based method for simulating and
predicting vehicle mobility. However, it is important to note
that DE analysis is computationally intensive and time-
consuming. Obtaining an accurate mobility map for a terrain
spanning hundreds of square kilometers typically requires
several months of effort [10]. To expedite the simulation
process, various methods have been proposed. These include
the moving soil patch approach [11] and the data-driven
accelerated simulation method for computational mechanics
[12].

The aforementioned accelerated methods still require the
simulation to traverse all terrain rasters when dealing with
large-scale terrains. To address this challenge. Quann et al.
[13] predicted the vehicle power consumption on different
terrains based on Gaussian process regression. Mechergui
et al. [14] developed a neural network model to predict the
mobility map of the vehicle model feeded by Latin hypercube
sampling (LHS) soil cone index (CI) and slope values.

This paper presents a methodological framework for en-
hancing the prediction efficiency of global mobility under a
realistic terrain using machine learning techniques. The main
contributions of this work are outlined as follows:

e We propose a Gaussian sampling method that utilizes
multidimensional terrain parameters. This method en-
ables the calibration of real sampled soil macro param-
eters to obtain accurate micro parameters required for
DE simulation by support vector machine (SVM).

e We propose an enhanced neural network model (PKNN)
with the goal of enhancing the efficiency of global
mobility prediction. This is achieved by incorporating
a particle swarm optimization (PSO) algorithm to cali-
brate the network parameters. Also, we introduce krig-
ing semi-variance coefficients to enhance the network’s
physical information constraint.

II. PROBLEM FORMULATION

In this section, we present the framework of purposed
method for global mobility prediction for the UGV in the
large-scale off-road terrain, Fig. 1 illustrates the framework.
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Fig. 1(a) shows the framework starts with the target
satellite terrain map from ARCGIS/ENVI database [15]. The
terrain rasters set My is selected as the target area, the
attributes of each terrain raster x;y € My contain soil
data x(;), and slope data 6;), where Xyqj1(;) is a function
of soil cohesion coefficient ¢ and friction angle ¢. 6;) is
calculated by terrain elevation data [16], [17]. As shown
in Fig. 1(b), in order to use small sample data to train an
accurate mobility prediction model, ¢ and ¢ are fitted to the
Gaussian distribution function by statistical analysis. Based
on the fitting results, ¢ and ¢ with the high probability are
selected and combined with different 0;) for terrain DE-
based modeling. Afterwards, Xgoi(;) » 6(;) and the UGV-
related MBD parameters H are fed into the co-simulation
method to predict the UGV’s mobility at ¢ as

vy = J (H, Xg0i1(2), i) (D

where v(;) represents the vehicle mobility (maximum attain-
able speed). The MBD model used in the study is based on
a HMMWYV [18]. Finally, all sampled terrains are traversed
by the simulation to obtain a dataset of terrain parameters
corresponding to the mobility, which is fed to the PKNN
algorithm to obtain the global mobility map, as shown in
Fig. 1(c).

IIT. MOBILITY SIMULATION BASED ON TERRAIN
GAUSSIAN SAMPLING

A. Terrain data sampling based on Gaussian distributions

The open-source terrain digital elevation of the target area
is provided by Geospatial Data Clouds [19], which has a
terrain extent of 300 km? and contains 5490 terrain rasters.
Data of the soil types are obtained from Soil Information
System of China (SISChina) [20]. Table I shows the statistics

Xsoil(i)

Mobility Prediction

Probability Density

Framework of global mobility prediction method for the UGV over large off-road terrain.

of soil parameters corresponding to different soils, 4 is mean
value and o is standard deviation.

TABLE I
STATISTICS OF PARAMETERS FOR DIFFERENT SOILS.

soil D |_¢ (KPa) ¢ )

o o I o
Soll T [ 68 [ 12 [ 339 [ 52
Soil2 [ 112 [ 21 | 310 | 45
Soil3 | 7.6 | 15 | 328 | 65
Soil4 | 7.8 [ 20 | 200 | 41
Soil5 [ 81 [ 19 | 184 | 35

Since two soil parameters are selected as factors affecting
vehicle mobility, the soil parameters are fitted to a multi-
dimensional mixed Gaussian model for weighted sampling,
selecting the parameters with high probability can avoid the
invalid data which has little effect on the prediction results.

According to the statistical results in Table 1, we can
obtain ¢; ~ (,uc(l-),ac(i)) and ¢; ~ (N¢(i)70¢(i))- Thus to
fit both variables, a Gaussian mixture model is used to fit
each soil, and the different soil parameters X,q(;) satisfy

{fj (ngil(i)) € (07 1)
Z? f] (Xsoil(i)) =1

where f7 (xsoil(i)) is the probability corresponding to terrain
raster ¢ under a given soil ID j (j=1, 2, ..., 5). n is the number
of all terrain rasters under soil ID j. Based on the multi-
parameter Gaussian mixture model, we fit the soil parameters
under different soil IDs to a Gaussian distribution function,
and the fitting equation is

2

1 —u?/2
2 e
(V2m) 0.

where 0(;) = 0c(i)Tg(s)- u? in equation (3) is

fj (Xsoil(i)) = 3
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uf = uZTuZ- = 1"1-9;11"2: @)

where T'; = [¢; — fic(s), Pi — He(s)) and ©; is the covariance
matrix of variables ¢; and ¢; , the expression is

2
Toi) 0

0, = 2
0

(&)

according to equation (3), Fig. 2 presents the Gaussian
distribution functions of different soil parameters.
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Fig. 2. Gaussian distribution of soil parameters for different soil IDs.

To improve the effectiveness of sampling, for each
Xsoil(s) € Q7 (QJ is the set of soil parameters under a
certain soil ID), it is sampled according to its probability
f7 (Xsoi1(s)) as a weight. For terrain slope sampling, it is
based on the kinematic limitations of the selected vehicle, so
systematic sampling is used to sample the slope within 0-30°.
To validate the proposed method, a final terrain sampling is
performed, which involved a combination of soil parameters
and slope values. Specifically, the selected sampling sizes are
220, 440, and 660.

B. Calibration of DE micro parameters

In order to ensure the accuracy of the simulated soil
model in reproducing the mechanical response observed in
real cases, it is necessary to calibrate the micro contact
parameters {ky,, ks, bn, bs, u} of the DE soil model based on
the real soil macro parameters {c, ¢}, here, Ky (s) represents
the normal elasticity coefficient and tangential elasticity
coefficient of the DE, respectively, while b,,(,) represents the
normal damping coefficient and tangential damping coeffi-
cient of the DE, respectively. Additionally, u represents the
friction coefficient.

Based on the range of soil micro contact parameters sum-
marized in [5], we sample 80 sets of micro parameters. These
parameters are then used to simulate shear-displacement
tests, by subjecting the shear box to various pressures (25
kPa, 50 kPa, and 100 kPa). We obtaine the corresponding
shear stress-displacement curves under different pressure
conditions.

The peak shear stresses of the soil at different pressures
are selected as the vertical coordinate, while the vertical
pressures are used as the horizontal coordinate. Fitted lines

100

B Max. shear stress at 25 kPa
® Max. shear stress at 50 kPa
80 -| A Max. shear stress at 100 kPa

One of the fitted lines
60

40t

Shear Stress (kPa)

25 50 75 100
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Fig. 3. Soil macro parameters fitted lines. The gray area represents the
distribution interval of all fitted lines for 80 sets of experiments, and one
set of results is shown for illustration, where the slope of the line is ¢ and
the intercept with the vertical coordinate is c.

representing the linear relationship between shear stress and
vertical pressure are then drawn, as shown in Fig. 3.

All the data are simulated to obtain training datasets for the
machine learning model, including both soil micro and macro
parameters. In this study, the SVM classification method is
employed as the machine learning approach. The input data
consisted of soil macro parameters {c, ¢}, while the output
data consisted of soil micro parameters {k,, ks, b, bs, i1}
Out of the collected data, 20 sets are selected as test data
to evaluate the model’s performance. All parameters are
normalized between [0,1].

The combination of hybrid kernel parameters for the best
SVM performance are 6 = 1.366, n = 0.934, r = 0.152,
d = 2.231, h = 0.446. The mean absolute error (MAE) of
SVM is 0.013, which indicates that the SVM fits the training
data with high accuracy and the training can replace the DE
traversal simulation process to achieve the calibration of soil
micro parameters.

C. Co-simulation solution

In this section, we present a co-simulation solution to
simulate the mobility of the UGV model on various terrains
[21]. The process involves several steps. Firstly, the contact
forces between the finite element (FE) tires and the DE
terrain nodes are computed. These contact forces are then
transmitted to the message passing interface (MPI) node of
the tire to integrate the nonlinear FE in time. Subsequently,
the calculated equivalent forces and torques at the center
of the tire are sent from each FE tire node to the MPI
node responsible for advancing the MBD of the UGV. This
approach greatly enhances the simulation efficiency, as the
MPI communication requires only a relatively small amount
of time for data exchange. An overview of the co-simulation
solution is illustrated in Fig. 4.

Based on the mentioned co-simulation solution, terrains
are modeled with the desired DE soil contact parameters
as well as the slope values. The vehicle is accelerated in a
straight line to the steady-state maximum attainable speed
at a certain acceleration, and the maximum attainable speed
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Fig. 4. Co-simulation solution for the mobility simulation.

of the vehicle in that state is recorded as the mobility. All
sampled terrains are traversed in this manner. Fig. 5 presents
the simulation run 660 times, and the results are classified
into classes two, five, and seven.

IV. MOBILITY PREDICTION MODEL BASED ON PKNN

In this section, the PKNN algorithm is proposed. This al-
gorithm is improved by introducing the kriging semi-variance
coefficient in the loss function, enabling the enhancement of
physical information in the neural network.

A. Prediction model based on BPNN and PSO algorithm

The backpropagation neural network (BPNN) is a multi-
layer feedforward network trained using an error backpropa-
gation algorithm [12]. We utilize the BPNN as the foundation
for our improvement. The network model consists of an input
layer, an output layer, and three hidden layers. Each hidden
layer comprises 40 neurons, with each neuron having its
weight W and bias B. The functional function of each neuron
is

q—1
Ul = FO WU - Ba) 6)
b=1

where U;! ~1 s the output of the b-th node in the ¢ — 1 layer,

LW Uit — B, s the net input of the a-th node,
U is the output of the a-th node in the q layer, Wo7 ™ is
the input weight of the b-th node U}/ ~!in the q — 1 layer to
the a-th node in the q layer, B, is the bias of that node, and
F(-) is a nonlinear function. F(-) is set as the hyperbolic
tangent function.

In the PSO algorithm, each particle searches for food
according to the initial position and velocity [6], the iterative
process determines whether the current position is the opti-
mal position according to the value of the pre-defined fitness
function (the loss function of the neural network), each
parameter consists of a species of n particles group, p, =
[P, Py, -, P,)T Where the i-th particle is represented as a
D-dimensional position vector p; = [p;1, Pias s Pip) 151 =
1,2,..,n, where p,; = Wia,Bia)*,d = 1,2,..., D, and its
velocity vector is v; = [v;1,v;2,...,v;p]T. The algorithm

updates the velocity and position information of each particle
as shown in equation (7).

{Ufjl = svf; + 0% (ﬁd - pfd) + ¥ty (ﬁ’;d - pfd)
k+1 _ k k+1
Piq Pig T Vig

(N
where k is the number of iterations, ﬁfd is the position of
the optimal particle ¢ for the k-th generation of individuals.
ﬁ’;d is the position of the global optimal particle in the k-th
generation. s is the inertia factor, #; and ¥, are random
quantities taking values in the range [0,1], ¢; and ¢y are
acceleration factors. The fitness value of the population is
calculated based on the current position of the particle to
determine if it is less than e. If it is, the globally optimal
particle position is outputted to obtain the weights and biases
of the neural network.

B. Correction of loss function based on kriging variance
function

The BPNN is a prediction model that relies on training
data to make accurate predictions. However, it often exhibits
limited generalization when applied to extrapolation scenar-
ios [14]. The terrain properties of independent variables that
influence mobility exhibit spatial correlation, as described
by the semi-covariance coefficient in geostatistics [16], [17].
To address this, we incorporate this coefficient as a physical
information constraint in the loss function during the training
process. This constraint promotes the learning of a more
generalizable model with a reduced need for extensive data
samples. The loss function L(-) is determined by the semi-
variance coefficient, the ground truth value, and the output
limit, so the expansion is

=1 k=1 v
11 Umax — O
T ma. max i 70 2
2 {nl ;[ (Umax Umin )}
1 & Vi — v
+— max(———=— 0)]2
n2 ;[ (Umax Umin )]

®)
where ~(hi) and ~*(hy) are the values of the variance
functions obtained from the training data and the network
output data, respectively. hy is the interval distance of the
k-th data (it is defined as the Euclidean distance between the
input values). m is the maximum number of lags of data used
to calculate the variance function (i.e., the number of data
groupings at different hjy intervals), © and % are the mean
values of v; and v(hy) , respectively. Umax and v, are the
upper and lower limits of the predicted speeds, respectively.
n1 and ng are the number of data whose network output is
larger than vy, or smaller than vpiy.
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V. SIMULATION EXPERIMENTS AND ANALYSIS
A. Comparison of the training accuracy

The PKNN algorithm is compared with other machine
learning algorithm such as booseted trees, weighted k-
nearest-neighbor (K-NN), SVM and BPNN, in which 70%
under different number of runs are used as the training data
and 30% as the validation data, the results of the comparison
of the average and standard deviation of the prediction
accuracies are shown in Fig. 6. The prediction accuracy of
various algorithms generally improves with increasing data
volume. However, there is a general decrease in prediction
accuracy as the speed classification increases. Based on the
results, it can be concluded that both BPNN and PKNN
exhibit significant advantages in terms of prediction accuracy.
Furthermore, they show more stable prediction results based
on the standard deviation. Notably, PKNN achieves a remark-
able average prediction accuracy of 96% for seven speed
categories within the dataset of 660 simulations (standard
deviation less than 2%).

Based on the comparison results, the optimal hyperparam-
eters of PSO in PKNN are the group number is 40, £ =100,
s = 0729, {1 = ¥f5 =1.495. Furthermore, PKNN and
BPNN are separately compared for validation. The reliability
evaluation indexes of the two algorithms are compared in
Table II.

The results indicate that PKNN achieved a 5% decrease in
MAPE compared to BPNN. Additionally, the smaller MSE
value of PKNN demonstrates its better stability. Typically,

TABLE I
COMPARISON OF PREDICTION ACCURACY OF BPNN AND PKNN.

R MAPE | MSE P
BPNN | 0.89 | 8.96% | 5.39 | 0.94
PKNN | 097 | 3.45% | 2.92 | 0.98

when the R value exceeds 0.9, there is a strong correlation
between the two datasets. It is evident that PKNN outper-
forms BPNN significantly in terms of the R value.

B. Ablation study

Various input parameters: The same sampling method
(Gaussian sampling) is selected, along with the same predic-
tion algorithm (PKNN). Following the approach described
in [17], based on the data of Fig. 5(c) (defined as the
data set Q, 30% of Q as validation data), an equivalent
transformation of the input parameters ({c, ¢,0} — {CI, 6})
is performed. PKNN is applied to both datasets, and 10 sets
of cross-validation experiments are conducted. As depicted
in Table III, it is evident that considering additional terrain
parameters leads to improved prediction accuracy using the
same prediction algorithm.

TABLE III
PREDICTION ACCURACY FOR DIFFERENT INPUT PARAMETERS.

R | MAPE | MSE | P
{CL, 0F | 091 | 640% | 4.66 | 092
{c. ¢, 0} | 0.97 | 3.44% | 3.01 | 0.97
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Various sampling methods: The same input parameters
({c,¢,0}) are selected, along with the same prediction
algorithm (PKNN). In order to verify the effectiveness of the
proposed Gaussian sampling, two other sampling methods,
namely random sampling and LHS, are employed. Each
sampling method generates the same amount of data as Q. 10
sets of cross-validation experiments are conducted, and the
average prediction accuracy results are presented in Table
IV. The results clearly indicate that the experiment using
Gaussian sampling achieved significantly higher prediction
accuracy.

TABLE IV
PREDICTION ACCURACY FOR DIFFERENT SAMPLING METHODS.

R MAPE | MSE P

Random sampling | 0.82 | 10.40% | 16.11 | 0.88
LHS 0.89 | 6.90% 7.92 | 093

Gaussian sampling | 0.97 | 3.45% 292 | 0.98

C. Prediction accuracy comparison of extra sampling data

Based on @, an additional 20 sets of terrain data are
randomly selected as validation data. By comparing the pre-
diction accuracy for different speed classifications, the results
are presented in Table V. It can be observed that PKNN
exhibits high accuracy for both two and five classifications
(no errors), and even for the seven classifications, PKINN
outperforms BPNN in terms of prediction accuracy.

TABLE V
VALIDATION ERROR VS ALGORITHM AND CLASS NUMBER.

Algorithms BPNN PKNN
Number of classes Two | Five | Seven | Two | Five | Seven
Incorrect predictions 0 2 3 0 0 1
Validation error 0 10% 15% 0 0 5%

We generate the global mobility map, which required
approximately 7 days of simulation time. It is found that
the time for prediction using PKNN is less than 2 minutes.
In Fig. 7, the mobility prediction map under seven speed
classifications is presented. It is worth noting that this process
consumes only 12% of the simulation time compared to
fully traversing all 5490 terrain rasters, resulting in saving
thousands of hours. Furthermore, compared to the LHS-
based method, the total time is reduced by 11%, equivalent
to a reduction of 20 hours.

VI. CONCLUSION AND FUTURE WORK

In this paper, we propose a global mobility prediction
method for UGVs. We sample high-probability data by fitting
multi-dimensional terrain parameters to Gaussian distribution
functions, avoiding the need to traverse all terrain rasters
in the simulation. Additionally, we introduce the PKNN
model, which incorporates semi-variance coefficients from
the kriging model into the loss function of the PSO-BPNN,
resulting in more accurate predictions. Our method is vali-
dated through various experiments, demonstrating significant

0 5 10 15 20

Fig. 7. Global mobility map predicted by PKNN for 7-class.

reductions in simulation time while maintaining high predic-
tion accuracy.

In the future work, the following aspects will be pursued.
More factors for mobility prediction will be considered,
such as soil moisture content, bulk density, and vegetation,
etc. Data-driven computational mechanics will be introduced
to further accelerate the mobility simulation process. Real-
world vehicle mobility tests on the off-road terrain will be
used to validate the reliability of the mobility prediction
method.
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