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Abstract

A new constitutive model for the resilient modulus (M) of subgrade soils was developed in this
study based on existing models. The general form of three-parameter model which is common in
many constitutive equations for Mr was extended here to have four parameters. The proposed
model relates Mr with the bulk stress, confining pressure and deviatoric stress of the soil using
four coefficients. The performance of the model was tested by fitting it to an Mr test data obtained
from the long-term pavement performance database. A multi-variable nonlinear curve fitting was
done using the SciPy library. Results showed that the model has a very good fit to the data with
coefficient of determination, root mean square error and mean absolute error values of 0.94, 2.20
and 1.76, respectively. The results of the proposed model were also compared with the bulk stress
model and the universal model, which is currently used by the mechanistic-empirical pavement
design guide (MEPDG), and obtained to be generally better than both models. The proposed model
could potentially be a good alternative to the existing constitutive models if methods for the
determination of the k-coefficients could be developed.
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1. Introduction

Resilient modulus (MR) is a fundamental soil property used to characterize pavement materials
during design. It is currently used as the main parameter to characterize subgrade soils during the
design of flexible pavements (AASHTO 1986, 1993, 2002). The direct way of determining Mr of
a soil is using a repeated load triaxial (RLT) test (AASHTO 2003). As Mr is dependant on the
stress state of the soil, this test is generally done under a controlled confining and deviatoric stress

conditions.

Although the results of RLT are basically reliable, it may not be easy to do the test due to the fact
that the test is relatively complex and needs a sophisticated laboratory facility and skilled
technician (Heidaripanah et al. 2017; Saha et al. 2018; Khasawneh and Al-jamal 2019). As this
could not be accessible for many laboratories established for routine testing in construction areas,
other alternative methods were proposed by different researchers and design standards have also
stated recommendations of estimating Mr based on these researches. Most of these alternative
methods are predictive models which attempt to estimate Mr from other simple soil properties
through empirical relationships. These predictive methods can generally be categorized as,

correlative equations and constitutive equations.

Correlation equations relate Mr with other soil properties which can be determined from laboratory
or field tests with relative ease. One such equation is, for example, the one proposed by Powell et
al. (1984) and included in the mechanistic-empirical pavement design guide (MEPDG) by which
MRr is estimated from CBR (Eqg. 1). Other similar equations were proposed by several researchers
(Mohammad et al. 2002, 2007; AASHTO 2003; Rao et al. 2012; Hamed Mousavi et al. 2018;



Sadrossadat et al. 2018, 2020; Ghorbani et al. 2020). In addition to simple equations mentioned
above, several researchers have developed more advanced predictive models using different
machine learning algorithms including neural networks, support vector machines and ensemble
algorithms (Ozsahin and Oruc 2008; Pourtahmasb et al. 2015; Sadrossadat et al. 2016;
Heidaripanah et al. 2017; Saha et al. 2018; Khasawneh and Al-jamal 2019; Ren et al. 2019;
Ghorbani et al. 2020; Hanandeh et al. 2020; Heidarabadizadeh et al. 2021; Zou et al. 2021).

Mg (psi) = 2554(CBR)°%6* (D

On the other hand, various constitutive equations were proposed throughout the recent past with
the intention of developing a constitutive relationship between Mr and the stress state in the soil.
The bulk stress model (Eq. 2) was in common use by most pavement design engineers before the
universal model (Eqgn. 3) was proposed by the national cooperative highway research program
(NCHRP) project 1-28A (Santha 1994; Witczak 2003; NCHRP 2008; Murana 2018).

N
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Several other equations were also proposed by different researchers. Most of these constitutive
equations follow the general form of a three-parameter model shown in Eq. (4) (NCHRP 2008;

Murana 2018). Some of these equations are summarized in Table 1.

Mg = ki Py [f ()] [g()]* (4)
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Researcher Model Remark
O4 kz . . .
Mg = k,P, (1 + T o ) For fine grained soils
R c
Rahim and George (2007) 0 ke For coarse grained
My = ki Fy (1 g ad> soils
. P,.0yer\ . . .
Kim (2004) Mg =k, ( 4 "2“> For fine grained soils
Toct




O3 k2 (04
MR = klpa ( + 1) (
. B B
Ni et al. (2002)

k3
+1)
ko, k
Puppala et al. (1996) Mg = k,P, (ﬁ) (ﬁ) ’
Pa Pa
i 0 2 Toct k3
Witczak and Uzan (1988) Mg = k,P, (_) ( )
Pa Pa
Uzan (1985) My = k,(8)*2(a,)ks
Moossazadeh and Witczak " k. ()"
= O’ 2
(1981) R
6\
Seed et al. (1967) My =k, (P_)
a

As can be seen, the mentioned constitutive equations contain k-coefficients that relate Mg to the
stress state. These coefficients are studied to be dependent on the inherent properties of the soil
and various prediction mechanisms for these coefficients were proposed by different researchers
(Yau and Quintus 2002; George 2004; Elias and Titi 2006; Malla and Joshi 2008; Nazzal and
Mohammad 2010; Zhou et al. 2014; Sadrossadat et al. 2016; Saha et al. 2018; Kim et al. 2019).

The aim of this study was to develop a new model for Mr based on the existing models and testing
its performance on a relatively large set of Mr test data obtained from the long-term pavement
performance (LTPP) database. A model with four coefficients were proposed and tested for its
performance. The performance of the proposed model was also compared with the bulk stress and

universal constitutive equations.

2. Materials and Methods

The purpose of this paper is to evaluate the performance of a new model proposed for the
relationship between Mg and the stress state in the soil by fitting the model to a data. For this
purpose, Mr test data was extracted from the LTPP database. Curve fitting was done using the
SciPy library of the Python programing language, which is capable of fitting nonlinear curves for
single and multi-variable scenarios. Performance evaluation was done using coefficient of

determination (R?), root mean square error (RMSE) and mean absolute error (MAE). The
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evaluated performance was then compared with the two widely used models: the universal model

and the bulk stress model.
2.1.Mr Model

In this study, a new model was first proposed by extending the three-parameter model given in Eq.
(4) to have the form given in Eq. (5).

Mg = kP [f(0)]2 [g()]* [R(d)]* (5)

Where f(0) is a function of bulk stress, g(c) is a function of confining pressure, h(d) is a function
of deviatoric stress and ki, ko, ks and k4 are constants. Based on this modified form, the model
given in Eqgn. (6) was proposed and its performance was checked based on a large collection of
Mg test data.

0 ka 0—3 k3 O-d ks
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2.2.MRr Test Data

Mg data of unbound pavement materials containing a total of 153,702 records was extracted from
the LTPP database. In order to use these data for the desired purpose, data preprocessing work was
done using the Python library Pandas. This generally included two major works: removing

unnecessary data and grouping of tests done on a unique sample.

As the first step here, columns that were not necessary for the study were removed. It was then
observed that some records (rows), although only very small fraction of the total data, contained
null values in some columns or have Mr values of zero. These records were removed as the missing
values will have problems during model development and Mr couldn’t practically be zero. The
next step done was removing duplicate data. This had a significant change in the number of
records, as the extracted data had many duplicates intentionally done for other purposes. The final
step done here was filtering subgrade data and removing the rest. This was done because the data

also contained records of base and sub base materials.

Grouping was done to cluster the data based on the sample on which the tests are done. The data

generally contained results of tests done on various soil samples obtained from different locations



in the United States and Canada. Fifteen tests were done on most samples by varying the stress

state; each test having different combinations of 63 and 4. The purpose of the grouping work was

therefore to bring together these test results, so that each group will contain tests on a unique

sample. This grouping process generated a total of 1794 groups, which intern meant that the data

contained tests done on 1794 samples. But it was noticed that only few tests were done on some

of the samples and, therefore, samples with less than 15 tests were discarded to avoid potential

shortage of data points during curve fitting. Fifty-three groups were removed by this process and

the total number of groups left were 1741. A typical group is given in Table 2.

Table 2: Typical group containing results of Mr test on a sample

Cl C2 C3 C4 C5 C6 C7 C8 C9 Ci10 C11 cC12
1006 53 1 2 1 TPl BS93 413 138 2 1 64
1005 53 1 2 1 TP1 BS93 41.3 68.9 2 1 56
1005 53 1 2 1 TP1 BS93 27.6 413 2 1 49
1006 53 1 2 1 TPl BS93 27.6 551 2 1 48
1005 53 1 2 1 TP1 BS93 138 138 2 1 46
1005 53 1 2 1 TP1 BS93 138 27.6 2 1 41
1005 53 1 2 1 ~TP1 BS93 413 276 2 1 63
1005 53 1 2 1 TPl BS93 138 68.9 2 1 41
1005 53 1 2 1 TP1 BS93 138 413 2 1 40
1005 53 1 2 1 TP1 BS93 13.8 55.1 2 1 40
1005 531 2 1 TP1 BS93 27.6 138 2 1 55
1005 53 1 2 1 TP1 BS93 41.3 413 2 1 59
1005 53 1 2 1 TP1 BS93 41.3 551 2 1 56
10056 53 1 2 1 TPl BS93 276 276 2 1 52
1005 53 1 2 1 TP1 BS93 27.6 68.9 2 1 48
Where:

Cl SHRP_ID C2 STATE_CODE

C3 LAYER_NO C4 TEST_NO

C5 FIELD_SET Cé6 LOC_NO




C7 SAMPLE_NO C8 CON_PRESSURE
C9 NOM_MAX_AXIAL_STRESS C10 CONSTRUCTION_NO
Cll1 LAYER_TYPE Cl2 RES_MOD_AVG

2.3.Curve Fitting

As mentioned above, multi-variable non-linear curve fitting was done using the SciPy library. The
curve fitting procedure generally included fitting test results in each group to the model and
determining the model coefficients (ki, k2, ks and ka). Prediction of Mr was then made using the
model with the computed coefficients. The results were then compared with the measured values
of Mr and the performance of the model on each group was evaluated based on the R2, RMSE and
MAE values. The final performance of the model was taken to be the average of the model
performance values on the 1741 groups mentioned in section 2.2 above. The same procedure was
used to compute performances of the universal model and the bulk stress model and results were

compared with the proposed model.
3. Results

This section contains the results of the multi-variable nonlinear curve fitting process done to
compute the performance of the proposed new model for Mr. As discussed in the previous section,
curve fitting was done on each of the collected 1741 groups of Mg test data. Table 3 contains the
coefficients of the proposed madel on the first five groups.
Table 3: Model coefficients on the first five groups

Group ki K2 K3 Ka

1 1.360 -0.125 0.178 -0.017

2 0.789 0.801 -0.221 -0.387

3 0.573 0.070 0.240 -0.054

4 0.995 -0.066 0.262 -0.019

5 5.080 -1.608 1.154 0.497




The distributions of the computed k-coefficients of all groups are as shown in Figure 1, with an
average values of 1.180, 0.029, 0.249 and -0.069 for ki, ko, ks and ka, respectively. The standard
deviation values are 1.833, 0.452, 0.246 and 0.192 for ki, k2, ks and ka, respectively.
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Figure 1: Histogram of k-coefficients
The R?, MAE and RMSE values for the first five groups is given in Table 4. Results of the universal
model and bulk stress model are also given for comparison. As can be seen, the proposed model
has generally a better performance for most of the groups. The universal model produced

comparable results while the bulk stress model has relatively poor performance.

Table 4: R2, MAE and RMSE values for the first five groups

Proposed model Universal model Bulk stress model
R? RMSE MAE R?> RMSE MAE R? RMSE MAE
0.90 1.97 151 0.92 1.78 143 013 571 493
0.88 1196 898 0.73 17.99 1465 0.20 31.11 22.44
0.97 0.96 0.85 0.93 1.53 124 059 372 3.17
097 131 1.15 0.90 2.25 181 051 506 4.22
0.67 3.48 285 0.07 589 459 0.06 592 474




As mentioned above, the final performance of the model was taken to be the average of the
performances on each group. Table 5 shows the average values of R?, RMSE and MAE for the
proposed model, universal model and bulk stress model. The result shows that the proposed model
was better in fitting the data. The universal model, which is currently in use in the MEPDG, also
produced good results while the results of the bulk stress model can be taken to be poor.

Table 5: Average R2, RMSE and MAE values of the constitutive models

Constitutive Equation R?> RMSE MAE

Proposed model 0.94 2.20 1.76
Universal model 0.90 2.67 2.15
Bulk stress model 0.42 7.47 6.20

4. Conclusion

A new constitutive model was proposed in this study and the proposed model was tested using Mg
test data. Comparison of performance was also made between the proposed model, the bulk stress
model and the universal model. Based on the results obtained, the following conclusions were

made.

o A nonlinear curve fitting analysis on Mr test data showed that the proposed model produced
a good fit to the data with R?, RMSE and MAE values of 0.94, 2.20 and 1.76, respectively.

o Comparison of the proposed model with the bulk stress model and universal model showed
that the proposed model has a better performance than both models. The resulting R? values
were 0.94, 0.90 and 0.42, for the proposed model, universal model and bulk stress model,
respectively.

o The result shows that the proposed model could potentially be a good alternative for the

existing constitutive models.

10
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o To use the proposed model, determination of the four k-coefficients for the subgrade soil
under consideration will be required. This could be done by developing correlation
equations for k-coefficients with soil properties.

Data Availability Statement

The data that support the findings of this study are available from the LTPP online database at

https://infopave.fhwa.dot.gov/Data/DataSelection and can be accessed with a reasonable request.

Input data and datasets generated during the current study are also available in the Zenodo
repository, https://doi.org/10.5281/zenodo.7572841

References

AASHTO (1986) AASHTO Pavement Design. Washington, D.C.
AASHTO (1993) AASHTO Guide for Design of Pavement Structures. Washington, D.C.

AASHTO (2002) Standard specifications for transportation materials and methods of sampling
and testing. Washington, D.C.

AASHTO (2003) AASHTO T307, Determining the Resilient Modulus of Soils and Aggregate
Materials, Standard Specifications for Transportation Materials and Methods of Sampling
and Testing. Washington, D. C.

Elias MB, Titi HH (2006) Evaluation of Resilient Modulus Model Parameters for Mechanistic—
Empirical Pavement Design: https://doi.org/101177/0361198106196700110 1967:89-100.
https://doi.org/10.1177/0361198106196700110

George KP (2004) PREDICTION OF RESILIENT MODULUS FROM SOIL INDEX
PROPERTIES. Mississippi

Ghorbani B, Arulrajah A, Narsilio G, et al (2020) Development of genetic-based models for
predicting the resilient modulus of cohesive pavement subgrade soils. Soils Found 60:398—
412. https://doi.org/10.1016/J.SANDF.2020.02.010

11

12


https://infopave.fhwa.dot.gov/Data/DataSelection
https://doi.org/10.5281/zenodo.7572841

Hamed Mousavi S, Gabr MA, Borden RH (2018) Resilient modulus prediction of soft low-
plasticity Piedmont residual soil using dynamic cone penetrometer. J Rock Mech Geotech
Eng 10:323-332. https://doi.org/10.1016/j.jrmge.2017.10.007

Hanandeh S, Ardah A, Abu-Farsakh M (2020) Using artificial neural network and genetics
algorithm to estimate the resilient modulus for stabilized subgrade and propose new
empirical formula. Transp Geotech 24:. https://doi.org/10.1016/j.trgeo.2020.100358

Heidarabadizadeh N, Ghanizadeh AR, Behnood A (2021) Prediction of the resilient modulus of
non-cohesive subgrade soils and unbound subbase materials using a hybrid support vector
machine method and colliding bodies optimization algorithm. Constr Build Mater 275:.
https://doi.org/10.1016/j.conbuildmat.2020.122140

Heidaripanah A, Nazemi M, Soltani F (2017) Prediction of Resilient Modulus of Lime-Treated
Subgrade Soil Using Different Kernels of Support Vector Machine. Int J Geomech 17:.
https://doi.org/10.1061/(asce)gm.1943-5622.0000723

Khasawneh MA, Al-jamal NF (2019) Modeling resilient modulus of fine-grained materials using
different statistical techniques. Transp Geotech 21:.
https://doi.org/10.1016/j.trge0.2019.100263

Kim D-G (2004) Development of a constitutive model for resilient modulus of cohesive soils

[Doctoral dissertation, Ohio State University]. Ohio State University

Kim SS, Pahno S, Durham SA, et al (2019) Prediction of Resilient Modulus From the Laboratory
Testing of Sandy Soils. Forest Park

Malla RB, Joshi S (2008) Subgrade resilient modulus prediction models for coarse and fine-
grained soils based on long-term pavement performance data. Int J Pavement Eng 9:431—
444, https://doi.org/10.1080/10298430802279835

Mohammad LN, Herath A, Abu-Farsakh MY, et al (2007) Prediction of Resilient Modulus of
Cohesive Subgrade Soils from Dynamic Cone Penetrometer Test Parameters. J Mater Civ
Eng 19:986-992. https://doi.org/10.1061/(ASCE)0899-1561(2007)19:11(986)

Mohammad LN, Titi HH, Herath A (2002) Effect of Moisture Content and Dry Unit Weight on
The Resilient Modulus of Subgrade Soils Predicted by Cone Penetration Test. Washington,

12

13



D.C.

Moossazadeh J, Witczak M (1981) Prediction of Subgrade Moduli for Soil that Exhibits
Nonlinear Behavior. Transp Res Rec 9-17

Murana AA (2018) Default k-Values for Estimating Resilient Modulus of Coarse-Grained
Nigerian Subgrade Soils. Sustain Civ Infrastructures 210—226. https://doi.org/10.1007/978-
3-319-61902-6_17/TABLES/1

Nazzal MD, Mohammad LN (2010) Estimation of Resilient Modulus of Subgrade Soils for
Design of Pavement Structures. J Mater Civ Eng 22:726—734.
https://doi.org/10.1061/(ASCE)MT.1943-5533.0000073

NCHRP (2008) Estimating Stiffness of Subgrade and Unbound Materials for Pavement Design.
Transportation Research Board, Washington, DC

Ni B, Hopkins TC, Sun L, Beckham TL (2002) Modeling the Resilient Modulus of Soils. In:
Proceedings of the 6th International Conference on the Bearing Capacity of Roads and
Airfields. Lisbon, pp 1131-42

Ozsahin TS, Oruc S (2008) Neural network model for resilient modulus of emulsified asphalt
mixtures. Constr Build Mater 22:1436-1445.
https://doi.org/10.1016/J. CONBUILDMAT.2007.01.031

Pourtahmasb MS, Karim MR, Shamshirband S (2015) Resilient modulus prediction of asphalt
mixtures containing Recycled Concrete Aggregate using an adaptive neuro-fuzzy
methodology. Constr Build Mater 82:257-263.
https://doi.org/10.1016/j.conbuildmat.2015.02.030

Powell WD, POTTER JF, Mayhew HC, NUNN ME (1984) The Structural Design of Bituminous
Roads. TRRL Lab Rep

Puppala AJ, Mohammad LN, Allen A (1996) Engineering Behavior of Lime-Treated Louisiana
Subgrade Soil: https://doi.org/101177/0361198196154600103 1546:24-31.
https://doi.org/10.1177/0361198196154600103

Rahim AM, George KP (2007) Models to estimate subgrade resilient modulus for pavement

13



design. http://dx.doi.org/101080/10298430500131973 6:89-96.
https://doi.org/10.1080/10298430500131973

Rao C, Titus-Glover L, Bhattacharya B, et al (2012) Estimation of Key PCC, Base, Subbase, and
Pavement Engineering Properties from Routine Tests and Physical Characteristics

Ren J, Vanapalli SK, Han Z, et al (2019) The resilient moduli of five Canadian soils under
wetting and freeze-thaw conditions and their estimation by using an artificial neural
network model. Cold Reg Sci Technol 168:102894.
https://doi.org/10.1016/J.COLDREGIONS.2019.102894

Sadrossadat E, Ghorbani B, Zohourian B, et al (2020) Predictive modelling of the Mr of
subgrade cohesive soils incorporating CPT-related parameters through a soft-computing
approach. Road Mater Pavement Des 21:701-719.
https://doi.org/10.1080/14680629.2018.1527241

Sadrossadat E, Heidaripanah A, Ghorbani B (2018) Towards application of linear genetic
programming for indirect estimation of the resilient modulus of pavements subgrade soils.
Road Mater Pavement Des 19:139-153. https://doi.org/10.1080/14680629.2016.1250665

Sadrossadat E, Heidaripanah A, Osouli S (2016) Prediction of the resilient modulus of flexible
pavement subgrade soils using adaptive neuro-fuzzy inference systems. Constr Build Mater
123:235-247. https://doi.org/10.1016/j.conbuildmat.2016.07.008

Saha S, Gu F, Luo X, Lytton RL (2018) Use of an Artificial Neural Network Approach for the
Prediction of Resilient Modulus for Unbound Granular Material. Transp Res Rec 2672:23—
33. https://doi.org/10.1177/0361198118756881

Santha BL (1994) Resilient Modulus of Subgrade Soils: Comparison of Two Constitutive
Equations. Transp Res Rec 79-90

Seed HB, Mitry FG, Monismith CL, CHAN CK (1967) Prediction of Flexible Pavement

Deflections from Laboratory Repeated-Load Tests
Uzan J (1985) Characterization of Granular Material. Washington D.C.

Witczak MW (2003) Harmonized Test Methods for Laboratory Determination of Resilient

14

15



Modulus for Flexible Pavement Design. Washington, D.C.

Witczak MW, Uzan J (1988) The Universal Airport Pavement Design System. Report | of V:
Granular Material Characterization. College Park, MD

Yau A, Quintus HL Von (2002) Study of LTPP Laboratory Resilient Modulus Test Data and
Response Characteristics: Final Report

Zhou C, Huang B, Drumm E, et al (2014) Soil Resilient Modulus Regressed from Physical

Properties and Influence of Seasonal Variation on Asphalt Pavement Performance. J Transp

Eng 141:04014069. https://doi.org/10.1061/(ASCE)TE.1943-5436.0000727

Zou W lie, Han Z, Ding L giang, Wang X qun (2021) Predicting resilient modulus of compacte
subgrade soils under influences of freeze—thaw cycles and moisture using gene expression
programming and artificial neural network approaches. Transp Geotech 28:.
https://doi.org/10.1016/j.trgeo.2021.100520

d

15

16



	Modeling the resilient modulus of subgrade soils with a four-parameter constitutive equation

