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Prediction of geogrid-reinforced flexible pavement performance using

artificial neural network approach

This study aimed to develop a methodology to incorporate geogrid material into
the Pavement ME Design software for predicting the geogrid-reinforced flexible
pavement performance. A large database of pavement responses and
corresponding material and structure properties were generated based on
numerous runs of the developed geogrid-reinforced and unreinforced pavement
models. The artificial neural network (ANN) models were developed from the
generated database to predict the geogrid-reinforced pavement responses. The
developed ANN models were sensitive to the change of base and subgrade
moduli, and the variation of geogrid sheet stiffness and geogrid location. The
ANN model-predicted geogrid-reinforced pavement responses were then used to
determine the modified material properties due to geogrid reinforcement. The
modified material properties were finally input into the Pavement ME Design
software to predict geogrid-reinforced pavement performance. The ANN
approach was rapid and efficient to predict geogrid-reinforced pavement

performance, which was compatible with the Pavement ME Design software.

Keywords: geogrid-reinforced flexible pavement; finite element model; artificial

neural network; pavement ME design



Introduction

Geogrids are widely used by highway agencies to stabilize subgrade soils and reinforce
base courses in the construction of flexible pavements. The existing studies indicated
that geogrids are effective in improving the stiffness and stability of the reinforced
pavements, and reducing the rutting damage (Hass et al., 1988; Al-Qadi et al., 1994;
Perkins, 2002; Tang et al., 2015). To extend the use of geogrid in flexible pavement,
there is a need to incorporate geogrid material into pavement design. Accurate
prediction of geogrid-reinforced flexible pavement performance is a key to pavement
design in this respect. The Pavement ME Design software is usually used to predict the
flexible pavement performance by taking into account a variety of factors, such as
pavement structure, material property, traffic and climate. However, it does not include
geogrid material for pavement design (AASHTO, 2008). Thus, it is desirable to develop
a methodology to incorporate geogrid material into the Pavement ME Design software,
so that the performance of geogrid-reinforced pavements can be accurately predicted.
Generally, there are three critical steps involved to achieve this target, which include: a)
laboratory characterization of geogrid-reinforced unbound granular material, b)
numerical modeling of geogrid-reinforced pavement, and c) prediction of geogrid-
reinforced pavement performance using the computed pavement responses.

From the laboratory triaxial tests, geogrids were found to significantly reduce
the permanent deformation of unbound granular material (Wayne et al., 2011; Nazzal et
al., 2007; Moghaddas-Nejad and Small, 2003; Abu-Farsakh et al., 2007). It was also
shown that geogrids did not have any significant influence on enhancing the resilient
modulus of large-size unbound aggregates specimens (e.g., 150-mm diameter with 300-
mm height, or 200-mm diameter with 400-mm height), but were effective in increasing

the resilient modulus of small-size unbound aggregates specimens (e.g., 150-mm



diameter with 200-mm height, or 150-mm diameter with 150-mm height) (Nazzal et al.
2007; Moghaddas-Nejad and Small, 2003; Abu-Farsakh et al., 2007; Rahman et al.
2014; Gu et al., 2016a). Yang and Han (2013) developed an analytical model to
quantify the size effect of geogrid reinforcement on the resilient modulus of unbound
granular material. The geogrid interlock reinforcement was equivalent to the additional
confining stresses that were uniformly distributed on the unbound aggregate specimen.
The developed model was capable of predicting the resilient modulus of geogrid-
reinforced granular material with different dimensions of specimen, and different
material properties of aggregates and geogrids. Gu et al. (2016b) modified the analytical
model by replacing the uniform confining stress distribution to the triangular stress
distribution. This model improvement took into account the phenomenon that the
influence of the geogrid reinforcement decreases with the distance of the aggregates
from the geogrid. The modified analytical model successfully predicted both the
horizontal and vertical resilient moduli of geogrid-reinforced granular material.

The numerical modeling of geogrid-reinforced pavement mainly tackles the
simulation of geogrid reinforcement and geogrid-base/subgrade interface interaction.
There are two identified geogrid reinforcement mechanisms, including: a) lateral
confinement, which is produced by the interface frictional interaction and interlocking
between the base course aggregates and the geogrid layer; and b) vertical membrane
effect, which is caused by the vertical membrane deformation to generate an inward
shear stress to counteract the outward shear stress induced by the traffic load. Kwon et
al. (2005) and Kwon et al. (2008) developed the geogrid-reinforced pavement models
using the MATLAB program. They simulated the geogrid lateral confinement by
assuming residual stresses or additional confining stresses distributed along the geogrid

influence zone, and characterized the geogrid membrane effect by assigning the geogrid



as a membrane element. The nonlinear cross-anisotropic characteristic of granular base
was also taken into account in the geogrid-reinforced pavement model. Gu et al.
(2016b) improved the geogrid-reinforced pavement models using the ABAQUS
software. The analytical model developed by Yang and Han (2013) was used to
calculate the additional confining stresses in the geogrid influence zone, which was
caused by the geogrid lateral confinement. The interface interaction between geogrid
and base/subgrade was defined by the Goodman model. A literature review indicated
that another interface model was also used to define the geogrid-base/subgrade
interaction, namely Coulomb friction model (Perkins, 2001; Leng and Gabr, 2005).
Compared to the Coulomb friction model, the advantage of Goodman model is that the
model coefficients can be determined from the pullout test (Luo et al., 2012).

The developed numerical models can accurately compute the critical responses
(e.g., critical stresses and strains) of geogrid-reinforced pavement structures subjected to
the specified traffic loads. However, these computations are time-consuming and
dependent on the commercial finite element software (Ma et al. 2016; Ma et al. 2017).
These shortcomings obstacle the direct use of these numerical models for pavement
design. The similar problem also occurred to the prediction of reflection or top-down
cracking (Lytton et al., 2010; Ceylan et al., 2011; Wu et al., 2014; Ling et al. 2017) and
the backcalculation of layer moduli (Meier and Rix, 1994; Ceylan et al., 2005). In these
studies, the artificial neural network (ANN) approach was successfully used to link the
pavement responses to the material and structure inputs in a quick and easy manner.
Thus, the ANN model should also be capable of predicting the geogrid-reinforced
pavement responses from any given material and structure properties. An accurate ANN
model requires a large database of inputs and outputs. Therefore, it is desirable to

generate a database of geogrid-reinforced pavement responses by varying the material



and structure properties. Since the geogrid-reinforced pavement responses are predicted
by the ANN models, the performance of geogrid-reinforced pavement can be easily
predicted using the distress models in Pavement ME Design.

To achieve this objective, the following tasks were accomplished in this study.
First, the numerical modeling of geogrid-reinforced flexible pavements was briefly
introduced in the next section, which was elaborated in a previous study (Gu et al.,
2016b). Secondly, using the inputs and outputs of the numerical modeling, the
subsequent section presented the development of ANN models for predicting the
responses of geogrid-reinforced and unreinforced pavements. Thirdly, the method of the
modified material properties was proposed to incorporate the ANN results to the
Pavement ME Design, so the effect of the geogrid-reinforcement can be included for an
arbitrary traffic loading and climate condition. The geogrid-reinforced pavement
performance was then predicted by the Pavement ME Design using the computed
critical pavement responses from the ANN models. The final section summarized the

findings of this paper.

Numerical Modeling of Geogrid-Reinforced Pavement Structures

The finite element models were developed using the ABAQUS software to simulate the
geogrid-reinforced flexible pavements (ABAQUS, 2010). Figure 1 illustrated the
construction of the finite element meshed geogrid-reinforced pavement model. An
axisymmetric geogrid-reinforced pavement model was developed. Fine mesh was used
in the vicinity of the load zone. The asphalt concrete, base course and subgrade were
represented as 8-node biquadratic homogenous solid elements with reduced integration

(Gu et al. 2016c). The geogrid layer was represented by a 3-node quadratic membrane



element. The interface contact between geogrid and base/subgrade was defined by the

Goodman model (Goodman et al., 1968), which was shown in Equation 1.

dr ki O | du,
do I~ (1)
o, 0 k,| dv,
where 7z is the shear stress; o, is the normal stress; u, is the relative shear

displacement; v, is the relative normal displacement; k; is the shear stiffness; and k,, is

the normal stiffness. The membrane effect of geogrid was characterized by assigning
the geogrid material as a membrane element. The lateral confinement of geogrid was
simulated by assigning the equivalent additional confining stresses in the geogrid-
reinforced zone, which was assumed to be 75-mm thick on both sides of the geogrid
layer (McDowell et al., 2006; Schuettpelz et al., 2009). The detailed procedure for
determining the equivalent additional confining stresses can be found in Gu et al.
(2016b). In the geogrid-reinforced pavement model, the asphalt concrete can be defined
as either the viscoelastic or elastic material. The subgrade layer was defined as the
elastic material. The unbound granular base was characterized as either the nonlinear
stress-dependent cross-anisotropic or linear elastic cross-anisotropic material. The
consideration of cross-anisotropic nature of unbound granular base is important to
accurately predict the pavement responses (Wang and Al-Qadi, 2013; Gu et al., 2015;
Gu et al., 2016d). These settings were in accordance with the hierarchical material input
levels defined in the Pavement ME Design. The prediction accuracy of the developed
models was validated by comparing the model simulation results with the corresponding
large-scale tank test measurements in a previous study (Gu et al., 2016b). It was found
that the simulation results were in good agreement with the large-scale tank test
measurements. This indicated that the developed models were capable of accurately

predicting the geogrid-reinforced pavement responses.



Figure 1

Development of artificial neural network models for predicting geogrid-reinforced
pavement responses
The computation of critical pavement responses is the key to forecast the geogrid-
reinforced pavement performance. The finite element models shown in the previous
section can accurately compute the critical responses of geogrid-reinforced pavements.
However, these models were developed using the ABAQUS software, which was not
compatible with the Pavement ME Design embedded software DARWin-ME.
Furthermore, replacing the current Pavement ME Design software with the developed
finite element models to compute the critical responses of the arbitrary user-inputted
geogrid-reinforced pavement structures was impractical at the moment. Therefore, there
is a need to predict the responses of any given geogrid-reinforced pavement structure
based on computation by the developed finite element models for a wide range of
geogrid-reinforced pavement structures.

To satisfy this need, the ANN approach was used to predict the critical
responses of geogrid-reinforced pavement structures. The ANN models allow

establishing the correlations between the input variables X; and the output variables Y;
through the inter-connected neurons (i.e. weight factor w;; ). Herein, the output
variables Y, represented the computed critical pavement responses, including the tensile

strain at the bottom of the asphalt concrete, and the compressive strains within the
asphalt concrete, base layer and subgrade. The selection of the input parameters X, was
based on the sensitivity analysis of the developed finite element models. The identified

input parameters to the ANN model included the layer thickness, the layer modulus, the

sheet stiffness of geogrid and the location of geogrid. The correlations developed by the



ANN models between the normalized input parameters x. and the normalized output

variables y; were shown in Equation 2.

n
i=1
where f is a transfer function, which normally uses a sigmoidal, Gaussian , or threshold

functional form, and w;; are the unknown weight factors. Developing a neural network
model specifically referred to the determination of the weight factors w;; in Equation 2.
The ANN model determined these weight factors w;; through the two major functions:

training and validating. The training data set was used to determine the trial weight

factors w;;,

and the validating data set was employed to examine the accuracy of the
model prediction. A robust ANN model normally requires a large database of input and
output variables. Thus, generating the input and output variables database was the first

step in developing the ANN model.

Experimental Computational Plan for ANN Models

To generate the database, the computation of multiple cases was performed
based on the developed geogrid-reinforced and unreinforced pavement models. Tables
la and 1b showed the selected input parameters as well as their values for the geogrid-
reinforced pavements and the corresponding unreinforced pavements, respectively.
Based on these experimental computational plans, the number of the computed geogrid-
reinforced pavement models was 2916, and the number of the computed unreinforced
pavement models was 486. From Table 1a, two geogrid locations (i.e., center and
bottom of base course) were taken into account in the computation of the multiple cases.

The pavement responses database is divided into 3 categories, including



e The geogrid placed in the middle of base layer (GG-M),
e The geogrid placed at the bottom of base layer (GG-B), and
e The unreinforced one (Control).
Each category of pavement response database corresponds to one set of neural
network models.

Table 1

Development of ANN Models

A three-layered neural network architecture consisting of one input layer, one
hidden layer and one output layer was constructed as shown in Figure 2. The input
parameters were listed in Table 1, except the geogrid location. The output variables
were the critical pavement responses, including the tensile strain at the bottom of
asphalt concrete, and the compressive strains within asphalt concrete, base course and
subgrade. The hidden layer was assigned 20 neurons to establish the connection
between the output layer and the input layer. In this study, the transfer function used a
sigmoidal functional form, which was shown in Equation 3 (Ceylan et al., 2014).

1
- 1+exp(—el;)

f(1,) (3)

where 1. is the input quantity, and ¢ is a positive scaling constant. The constructed

neural network structure was programmed by the software MATLAB 2013a (Demuth
and Beale, 1998). The training algorithm used the Levenberg-Marquardt back
propagation method to minimize the mean squared error (More, 1978). The gradient
descent weight function was employed as a learning algorithm to adjust the weight

factors w;; (Amari, 1998).

Figure 2

10
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The pavement response database was first randomly divided into a training data
set and a validating data set as the ratio of 80% and 20%, respectively. The training data

set was used to determine the weight factors w, and the validating data set was

ji?
employed to examine the prediction accuracy of the developed neural network. Figure 3
showed the comparisons between the finite element model-computed pavement
responses and the ANN model-predicted pavement responses for the GG-M structure. It
was shown that the ANN model predictions were in good agreement with the finite
element model computational results. This indicated that the ANN models accurately
predicted all of the pavement responses from the validating data set after the training
process. The developed ANN models were used to interpolate the critical responses of

any given geogrid-reinforced and unreinforced pavements.

Figure 3

Parametric Study

The sensitivity analysis of the geogrid-reinforced pavement responses predicted
by the ANN models was conducted by varying the material properties, such as the base
and subgrade moduli, and the sheet stiffness of geogrid. It was found that the primary
advantage of geogrid reinforcement was the reduction of the vertical compressive strain
in the base course and at the top of subgrade. Therefore, the pavement responses studied
in the sensitivity analysis specifically referred to these two critical strains. In this
analysis, the flexible pavement consisted of a 100-mm hot mix asphalt (HMA), a 250-
mm base course, and semi-infinite subgrade. The geogrid was placed either in the
middle or at the bottom of the base course. Table 2 presented the material properties of
the control group.

Table 2
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Figures 4a and 4b showed the sensitivity of the model-predicted pavement
responses to the variation of the subgrade modulus. The selected subgrade moduli were
35 MPa, 70 MPa, 105 MPa and 140 MPa, which represented the poor, fair, good and
very good quality of subgrade, respectively. The increase of subgrade modulus
remarkably decreased the vertical strain at the top of subgrade, but slightly increased the
vertical strain within the base layer. The placement of the geogrid was effective in
reducing these two critical strains. The reduction of the critical strains due to the
geogrid reinforcement were normalized using Equation 4.

Strain_ Control — Strain _ Geogrid
Strain _ Control

Normalized reduction of strain =

x100%  (4)

where Strain _Control is the computed critical strain in the control model,
Strain _Geogrid is the computed critical strain in the geogrid-reinforced model. Figure

4c indicated that the reduction of the vertical strain at the top of subgrade was
significant when the geogrid was placed at the bottom of the base course. The increase
of subgrade modulus slightly decreased the reduction percentage by the presence of
geogrid. Figure 4d illustrated that the geogrid reinforced in the middle of the base
course was more effective in reducing the vertical strain of base layer than that placed at
the base/subgrade interface. The normalized reduction of the base vertical strain due to
geogrid reinforcement decreased with the increase of subgrade modulus. This indicated
that the geogrid reinforcement was more effective when it was placed over a weak
subgrade, which normally had a low resilient modulus.

Figure 4

Figures 5a and 5b presented the sensitivity of the model-predicted pavement
responses to the variation of the base modulus. The selected base moduli were 140

MPa, 210 MPa, 280 MPa and 350 MPa, which were used to represent the various
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quality of base course. It was found that the increase of base modulus effectively
reduced the vertical strain in both base layer and subgrade. Figures 5¢ and 5d showed
the normalized reduction of critical strains corresponding to the different base modulus.
The effect of geogrid location on pavement responses was in accordance with the
findings from Figures 4c and 4d. The normalized reduction of vertical strain in base
decreased with the increase of base modulus, while the normalized reduction of vertical
strain at the top of subgrade increased with the increase of base modulus. This
demonstrated that the geogrid placed in the middle of base course was more effective
for a weak base course, and the geogrid placed at the base/subgrade interface was more
effective for a strong base course.

Figure 5

Figures 6a and 6b showed the sensitivity of the pavement responses predicted by
the model to the variation of the geogrid sheet stiffness. Both the vertical strain at the
top of subgrade and the average vertical strain within the base layer decreased with the
increase of the geogrid sheet stiffness. This indicated that the geogrid with a higher
sheet stiffness was more efficient in reducing the rutting damage of flexible pavements.

Figure 6

Prediction of Geogrid-Reinforced Pavement Performance

The performance of geogrid-reinforced flexible pavements includes fatigue cracking,
permanent deformation and international roughness index (IR1). The aforementioned
ANN model-predicted critical pavement responses can be used to predict the pavement
performance using the distress models in the current Pavement ME Design. However,

this method ignored the influence of traffic and climate on the pavement performance.
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To eliminate this defect, the material properties of geogrid-reinforced pavement
structure were first equivalent to a combination of modified material properties (e.g.,
modified base modulus and modified subgrade modulus) of an unreinforced pavement
structure. The determined modified material properties were then input into the
Pavement ME Design software to predict the pavement performance. Using this
approach, the influence of traffic and climate on the pavement performance were taken

into account by the Pavement ME Design software.

Determination of Modified Material Properties

Figure 7 presented a flowchart to determine the modified material properties for
a geogrid-reinforced pavement. When a user inputs the geogrid-reinforced pavement
information (e.g., layer thickness and material properties), the program will
automatically generate a control structure with the same layer thickness and material
properties. The ANN models are utilized to predict the responses of the geogrid-
reinforced and the control pavement structures. Subsequently, the responses of the
geogrid-reinforced pavement structure are compared to those of the control structure.

Equation 5 presented the convergence criteria used in this flowchart.

ggeogrid ~ Econtrol <10% (5)
&

control

where ¢ represents the response of the geogrid-reinforced pavement structure, and

geogrid

£ represents the response of the control structure. If the responses of geogrid-

control
reinforced pavement structure do not match those of the control structure, the material
properties (i.e., base material and subgrade modulus) of the control structure should be
modified. The iteration will end till the comparison of the critical responses passes the

convergence criteria. The program then outputs the modified material properties of the
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control structure, which are the inputs of the Pavement ME Design software. The
program was written using C# language, which was compatible with the current
Pavement ME Design software.

Figure 7

Case studies were performed on the same flexible pavement structures used in
the parametric study. The material properties of the geogrid-reinforced pavements were
shown in Table 2. The modified material properties of the control pavement structure
were determined using the aforementioned approach, as presented in Figure 8. It was
shown that placing the geogrid in the middle or at the bottom of base course was
equivalent to increasing the moduli of base course and subgrade.

Figure 8

Prediction of Pavement Performance

The pavement structures in the case studies were assumed to be constructed in
College Station, Texas. The two-way average annual daily truck traffic was 2000. The
vehicle class distribution and growth followed the default values of Pavement ME
Design. The climate information was collected from the weather station in College
Station, Texas. The Pavement ME Design software was used to predict the performance
of geogrid-reinforced and unreinforced pavements. Figure 9 showed the effect of
geogrid location on the flexible pavement performance. In Figure 9a, the least amount
of fatigue cracking occurred with the geogrid placed at the bottom of the base course,
slightly outperforming the unreinforced pavement section. This indicated that placing
the geogrid in the center of the base course slightly reduced the fatigue life of flexible

pavement. Figure 9b presented the effect of geogrid location on rutting damage of
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flexible pavement. Compared to the control pavement, placing the geogrid in the center
or at the bottom of the base course effectively reduced the accumulated permanent
deformation of flexible pavement. The least amount of rutting damage occurred with the
geogrid placed at the bottom of the base course. In Figure 9c, the pavement with the
lowest IR emerged as the one with the geogrid at the bottom of the base course. These
example calculations indicated that the major benefit of geogrid to the performance of
flexible pavements was derived from a reduction of rutting and roughness. In these case
studies, the placement of a geogrid at the bottom of the base course achieved the most
beneficial effect.

Figure 9

Summary and Conclusions

This study developed an artificial neural network (ANN) approach to predict the

geogrid-reinforced flexible pavement performance. The major contributions of this

paper were summarized as follows:

e The finite element modeling of geogrid-reinforced pavements took into account the
two geogrid reinforcement mechanisms, i.e., the lateral confinement and the
membrane effect. Based on a large number of runs of these finite element models,
the ANN models were developed to rapidly predict the geogrid-reinforced pavement
responses.

e The placement of the geogrid was effective in reducing the vertical compressive
strain in base course and at the top of subgrade. The reduction of the vertical strain
at the top of subgrade was significant (e.g., 40%-50%) when the geogrid was placed
at the bottom of the base course. The geogrid reinforced in the middle of the base

course effectively (e.g., 8%-10%) reduced the average vertical strain of base course.
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e The geogrid reinforcement was more effective when it was placed over a weak
subgrade, which normally had a low resilient modulus. The geogrid placed in the
middle of base course was more effective for a weak base course, and the geogrid
placed at the base/subgrade interface was more effective for a strong base course.
The geogrid with a higher sheet stiffness was more efficient in reducing the rutting
damage of flexible pavement.

e Using a pavement response-based method, the material properties of geogrid-
reinforced pavement structure were equivalent to a combination of modified
material properties (e.g., modified base modulus and modified subgrade modulus) of
an unreinforced pavement structure. The modified material properties were input
into the Pavement ME Design software to successfully predict the geogrid-
reinforced pavement performance. The proposed ANN approach was programmed
using C# language, which was compatible with the current Pavement ME Design
software.

In the future, the ANN computational plan will be expanded to cover a wider
range of material properties and structure data (e.g., layer thickness and geogrid
location). The field performance data will be collected to calibrate and validate the

current performance prediction models.
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TABLE 1 Selected Input Parameters for Model Computation

(a) Selected Input Parameters for Geogrid-Reinforced Pavements

Influential Factors Level Input Values
Load Magnitude 1 565 kPa
HMA Thickness 3 5,10, and 15 cm
HMA Modulus 3 2100, 3150 and 4200 MPa
Base Thickness 3 15, 25, and 38 cm
Base Vertical Modulus 3 140, 280 and 420 MPa
Base Anisotropic Ratio 2 0.35and 0.45
Geogrid Location 2 Center and Bottom of Base Course
Geogrid Sheet Stiffness 3 210, 420 and 630 KN/m
Subgrade Modulus 3 35, 105 and 175 MPa

The Number of Total Cases is 2916.

(b) Selected Input Parameters for Unreinforced Pavements

Influential Factors Level Input Values
Load Magnitude 1 565 kPa
HMA Thickness 3 5,10, and 15 cm
HMA Modulus 3 2100, 3150 and 4200 MPa
Base Thickness 3 15, 25, and 38 cm
Base Vertical Modulus 3 140, 280 and 420 MPa
Base Anisotropic Ratio 2 0.35and 0.45
Subgrade Modulus 3 35, 105 and 175 MPa
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The Number of Total Cases is 486.




TABLE 2 Material Properties of Geogrid-Reinforced Pavements for Case Studies

Vertical Sheet
Material Thickness Anisotropic Poisson’s
Modulus Stiffness
Type (mm) Ratio Ratio
(MPa) (kN/m)
HMA 100 2100 N/A? N/A 0.35
Base Course 250 210 0.4 N/A 0.4
Subgrade N/A 70 N/A N/A 0.4
Geogrid 2 N/A N/A 420 0.3

a. N/A = Not Available
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FIGURE 1 Finite element meshed geogrid-reinforced pavement model.
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FIGURE 2 Illustration of three-layered neural network architecture.
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d. Vertical Strain at the Top of the Subgrade
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FIGURE 3 Comparison of critical responses between finite element model computations

and ANN model predictions.
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FIGURE 4 Sensitivity of model-predicted pavement responses to subgrade modulus.
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FIGURE 7 Process of predicting geogrid-reinforced pavement performance.
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FIGURE 9 Effect of geogrid location on pavement performance.
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