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ABSTRACT 10 

Modulus-based compaction acceptance evaluation of geomaterials using lightweight 11 

deflectometers (LWDs) had gained increasing attention in recent decades, as the traditional 12 

density-based method using nuclear density gauges (NDGs) was related to safety, regulatory, and 13 

cost concerns. Missouri Department of Transportation was interested in adopting LWDs in place 14 

of NDGs and creating related standards. In this method, determination of target LWD modulus 15 

was needed, because compaction acceptance was evaluated by comparing the in-situ LWD 16 

modulus with a predetermined target one. This study aimed to apply lab LWD test (LLWDT) 17 

method to characterize the relationship between lab LWD modulus, moisture content (MC), and 18 

applied stress for target LWD modulus prediction. With data obtained from a matrix of LLWDTs 19 

conducted using various soils, MCs, and applied stresses, the characterization was first 20 

performed for each soil using the model given in the American Society for Testing and Materials 21 

(ASTM) standard. However, this model illustrated a parabolic shape and failed to capture the 22 

inverse-sigmoid pattern shown in the data. Given the identified limitation, two machine learning 23 

(ML) models including random forest and multilayer perceptron (MLP) were employed for the 24 

characterization and compared with the ASTM model. The comparison suggested that the two 25 

ML models exhibited comparable prediction performance and considerably outperformed the 26 

ASTM model, with MLP showing the best generalization capacity.  27 

 28 
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1 Introduction 31 

Non-nuclear compaction acceptance evaluation methods for unbound materials had been studied 32 

for decades, as the current density-based practice using nuclear density gauges (NDGs) had 33 

become less desirable due to safety, regulatory, and cost concerns (Nazarian et al. 2015; McLain 34 

and Gransberg 2019). Among these methods, the modulus-based method using lightweight 35 

deflectometers (LWDs) had gained more attention in recent decades, because of its ability to 36 

measure modulus, simple operation, and lower cost of ownership (Riad et al. 2023; Simon et al. 37 

2023; Yousif et al. 2024; Wang et al. 2024). Missouri Department of Transportation (DOT) was 38 

interested in exploring the use of LWDs as replacement of NDGs and creating corresponding 39 

standards. This modulus-based method using LWDs assessed compaction quality by comparing 40 

LWD moduli (i.e., in-situ modulus and target modulus) and thus involved not only the in-situ 41 

LWD modulus measurement but also the establishment of target LWD modulus prior to the 42 

compaction assessment (Simon et al. 2023; Schwartz et al. 2017; Baker and Meehan 2020). 43 

Hence, determining target LWD moduli for typical Missouri unbound materials were needed for 44 

Missouri DOT.  45 

A soil-specific target LWD modulus can be established using three standardized methods: 46 

empirical target values, control strip tests, and lab LWD tests (LLWDT) (Simon et al. 2023). The 47 

first two methods (i.e., empirical target values and control strip tests) were currently in practice 48 

for Minnesota DOT (MnDOT 5-692.256 2023). The empirical target values method derived 49 

target LWD moduli from a large database of existing LWD testing data for various geomaterials. 50 

This method necessitated not only an extensive dataset but also stringent consistency in LWD 51 

devices and testing methods. However, such a nationally applicable database remained 52 

unavailable, given Minnesota DOT was the only leading agency using this method (Riad et al. 53 



4 

2023; Simon et al. 2023). The control strip method determined target LWD moduli through 54 

continuous field LWD tests on a lift of soil that were repeatedly compacted by a roller in a 55 

designated area. The final modulus was determined when a negligible variation was observed 56 

between two continuously measured modulus values (MnDOT 5-692.256 2023). However, this 57 

field control strip method typically provided a limited number of target LWD moduli for various 58 

moisture content (MC) levels, as the MC control within the selected control strip was random 59 

and difficult to cover the full spectrum of MCs that possibly occurred in the field. Moreover, 60 

constructing a control strip was limited for small-area construction cases (Zhao et al. 2018). 61 

LLWDT, also known as LWD test on Proctor mold, was first proposed by Schwartz et al. and 62 

later standardized in American Society for Testing and Materials (ASTM) E3331, Standard Test 63 

Method for Measuring Target Modulus Using Light Weight Deflectometer on Compacted Proctor 64 

Mold Samples (Schwartz et al. 2017; ASTM E3331 2022). In this method, pulse loads were 65 

applied onto the specimen prepared in a six-inch mold, and the elastic modulus under lateral 66 

confinement determined with known loads and collected deflection values was referred to as lab 67 

LWD modulus (𝐸𝑙𝑎𝑏). By systematically varying specimen MC and applied stress levels, a 68 

comprehensive dataset of 𝐸𝑙𝑎𝑏 can be acquired to characterize the MC-stress-modulus 69 

relationship using a two-way quadratic polynomial model. This calibrated model subsequently 70 

enabled the interpolation of target LWD modulus for any MC and applied stress. LLWDTs were 71 

found effective in capturing the impact of stress and MC on 𝐸𝑙𝑎𝑏 in previous studies (Schwartz et 72 

al. 2017; Baker and Meehan 2020). Overall, obtaining a target LWD modulus through LLWDTs 73 

was more comprehensive and informative than the other two methods, because it can produce 74 

predictions over a wide range of stress and MC, given both variables were found significantly 75 

influential to in-situ LWD modulus (Schwartz et al. 2017; Vennapusa 2008; Meehan et al. 2012).  76 
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Meanwhile, machine learning (ML) technique had been increasingly implemented in diverse 77 

industries in recent decades to characterize latent patterns in observed data and subsequently 78 

generate predictions with new input, due to the development of related algorithms, its proven 79 

reliability, and significant advancements in computational capacity (Alpaydın 2016). Among 80 

these ML techniques, random forest (RF) and multilayer perceptron (MLP) had been 81 

increasingly employed and exhibited superior prediction capacity in previous studies. For 82 

example, Hao and Pabst found RF and MLP outperformed other three ML models [i.e., 83 

neuroevolution of augmenting topologies, k-nearest neighbors, and decision tree (DT)] in 84 

predicting California bearing ratio and resilient modulus for crushed rocks (Hao and Pabst 2022). 85 

Saha et al. reported high prediction accuracy of MLP in estimating resilient modulus for both 86 

non-plastic and plastic soils (Saha et al. 2018).  87 

Therefore, the objective of this study was to collect broad LLWDT data for typical Missouri 88 

geomaterials and characterize their MC-stress-modulus relationships for target LWD modulus 89 

predictions. In this study, eight unbound materials were sampled from different areas in Missouri 90 

for a series of lab tests. Following soil characterization tests, LLWDTs were performed on 91 

specimens prepared using at least five MC levels with seven stresses. Characterization of 92 

relationship between 𝐸𝑙𝑎𝑏, stress, and MC was performed using the model suggested in ASTM 93 

E3331. In addition, two ML techniques including RF and MLP were employed and compared 94 

with the ASTM model.  95 

2 Experiment Details and Data Results 96 

2.1 Materials 97 

Eight geomaterials were sampled from six areas in Missouri for this study. These soils were 98 

classified with their gradations shown in figure 1 and soil properties [i.e., liquid limit (LL) and 99 
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plastic limit (PL)] summarized in Table 1, according to the unified soil classification system 100 

(USCS). Soil types mainly included silty gravel (GM), well-graded gravel (GW), silty sand 101 

(SM), well-graded sand (SW), and lean clay (CL). Each soil was designated by its source area 102 

and USCS classification. In addition, specific gravity (𝐺𝑠), and optimum MC (OMC) and 103 

maximum dry unit weight (MDUW) determined with modified Proctor tests (ASTM D1557 104 

2021) are presented in Table 1.  105 

 106 

FIG. 1 Gradation curves of eight geomaterials 107 

TABLE 1 Physical properties and classifications of eight geomaterials  108 

Soils LL PL 𝐺𝑠 USCS OMC, % 
MDUW, 

kN/m3 

Holts Summit GM - - 2.660 GM 7.2 21.6 

St. Louis GW - - 2.663 GW 7.5 21.6 

Sikeston SM - - 2.623 SM 8.8 19.6 

St. Louis SW - - 2.645 SW 8.8 20.2 

Rolla CL 31 15 2.697 CL 11 19.2 

St. Louis CL 32.2 23.1 2.705 CL 14.5 18.6 

Kansas City CL 30.7 21 2.613 CL 12.5 18.7 

New Florence CL 40.7 15 2.742 CL 14.5 18.1 
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2.2 Testing Plan  109 

A matrix of LLWDTs was planned to perform to collect comprehensive data. Figure 2 illustrates 110 

the general procedure of LLWDT. This test started with specimen preparation (step a), followed 111 

by positioning the LWD loading plate on the specimen (steps b and c), and ended with imposing 112 

six pulse loads on the specimen (step d). Data acquired from the test typically included applied 113 

stress, deflection, and MC. Assuming the soil was linearly elastic, homogeneous, and isotropic, 114 

the elastic modulus of soil with lateral constraint was calculated using equation (1) and referred 115 

to as 𝐸𝑙𝑎𝑏 (Nielson et al. 1969). In the calculation, typical Poisson’s ratio values for different 116 

types of soils given in mechanistic-empirical pavement design guide (MEPDG) were employed 117 

(NCHRP 2004). Since three soil types (i.e., clayey, sandy, and gravelly soils) were involved in 118 

this study, Poisson’s ratio values of 0.2, 0.3, and 0.35 were used for them, respectively.  119 

 120 

FIG. 2 LWD test on Proctor mold  121 

𝐸𝑙𝑎𝑏 = (1 −
2𝑣2

1 − 𝑣
)

𝐻𝜎𝑙𝑎𝑏

𝑠
 (1) 

where  122 
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𝐸𝑙𝑎𝑏 = lab LWD modulus, 𝑃𝑎,  123 

𝑣 = Poisson’s ratio,  124 

𝐻 = specimen height, 𝑚,  125 

𝜎𝑙𝑎𝑏 = applied stress, 𝑃𝑎, and  126 

𝑠 = deflection, 𝑚.  127 

A series of LLWDTs were conducted on specimens prepared at various stress and MC levels 128 

using the eight soils. Table 2 summarizes these stress and moisture levels for each soil. Except 129 

for  ansas City CL and St. Louis CL, the other six soils were tested at five different MCs. These 130 

five MCs included two lower than OMC, OMC (underlined), and two higher than OMC. Besides 131 

these five MCs, two additional MCs higher than OMC were tested for  ansas City CL and St. 132 

Louis CL. Moreover, intervals between MCs varied between gravelly soils and other soils, since 133 

the former had considerably lower fines content. For example, an interval of 2% was generally 134 

chosen for sandy and clayey soils, while MCs tested on gravelly soils increased by 1.5%. A 135 

relative compaction of 95% was controlled for all specimens by varying the number of blows 136 

applied per layer (Dutta and  odikara 2022). In addition, all eight soils were tested with seven 137 

stress levels ranging from 75 kPa to 265 kPa. These stress levels were achieved by adjusting the 138 

falling height of LWD hammer. Each combination of stress and moisture levels was tested with 139 

three replicates.   140 
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TABLE 2 Stress and MC levels for each soil 141 

Soil MC, % Stress, kPa 

Holts Summit GM 5, 6.5, 7.2, 8.5, 10 

75, 106, 130, 150,  

168, 201, 265 

St. Louis GW 4.5, 6, 7.5, 8.5, 9.5 

Sikeston SM 4.8, 6.8, 8.8, 10.8, 12.8 

St. Louis SW 5, 7, 9, 10, 11 

Rolla CL 7, 9, 11, 13, 15 

St. Louis CL 10.2, 12.2, 14.2, 16.2, 18.2, 20.2, 22.2 

Kansas City CL 8.5, 10.5, 12.5, 14.5, 16.5, 18.5, 20.5 

New Florence CL 10.5, 12.5, 14.5, 16.5, 18.5 

 142 

2.3 LLWDT Results 143 

Upon the completion of all LLWDTs, a dataset containing 924 instances was acquired. 144 

Sequentially, noise reduction was conducted by comparing the values of three replicates for each 145 

combination of factors (i.e., soil, MC, and applied stress). In this process, z-score, defined as the 146 

ratio of the difference between measured value and mean to the standard deviation, was 147 

employed (Mendenhall and Sincich 2016). Instances that had 𝐸𝑙𝑎𝑏 values with z-score absolute 148 

values more than 1.1 were identified as outliers and excluded. 924 instances in the initial dataset 149 

were refined to 754 after the noise reduction.  150 

Figure 3 illustrates the averaged results of 𝐸𝑙𝑎𝑏 measured at various MC and stress levels for 151 

the eight soils. Due to the large-scale premixing of samples, MCs for specimens did not exactly 152 

match those target values listed in Table 2, instead, comparable levels were maintained. Overall, 153 

noticeable interactions were identified between 𝐸𝑙𝑎𝑏 and factors including MC, soil type, and 154 

applied stress. As for MC, as shown in figure 3, 𝐸𝑙𝑎𝑏 of each soil generally decreased with the 155 

increase of MC at each stress level, exhibiting a trend that differed from the parabolic shape of a 156 

compaction curve. This agreed with the findings in previous studies (Zhao et al. 2018; Baker and 157 
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Meehan 2020). Specifically, 𝐸𝑙𝑎𝑏 overall either slightly fluctuated or remained relatively 158 

unchanged as MC increased from the lowest tested MC to OMC and dramatically decreased to 159 

lower levels as MC increased beyond OMC, showing a partial or complete inverse-sigmoid 160 

trend. This was consistent with the findings in the previous study (Morales and Zuniga 2023). On 161 

the other hand, New Florence CL was an exception, for which only fluctuations were observed in 162 

its results throughout all tested MCs. This could be attributed to its significantly higher LL 163 

compared to those of the other three CL soils (i.e., 41 vs. approximately 31). A higher LL 164 

indicates a stronger pore water pressure buildup potential when being loaded at a status of 165 

undrained and high MC, thus leading to lower deflections and higher moduli at tested high MCs 166 

(Zhi-peng 2020; Casey and Germaine 2013).  167 

With respect to the soil type, fine-grained soils generally exhibited higher 𝐸𝑙𝑎𝑏 than coarse-168 

grained soils at MCs no higher than OMCs. For example, as illustrated in figure 3, the four fine-169 

grained soils (i.e., Rolla CL, St. Louis CL, and  ansas City CL, and New Florence CL) overall 170 

produced highest values, followed by the two gravelly soils (i.e., Holts Summit GM and St. 171 

Louis GW), and the two sandy soils (i.e., Sikeston SM and St. Louis SW) yielded the lowest 172 

values. In addition, the impact of stress level on 𝐸𝑙𝑎𝑏 was significant at MCs no more than OMC. 173 

Within this MC range, 𝐸𝑙𝑎𝑏 of each soil overall increased with the increase of applied stress, 174 

showing a typical stress dependency feature of unbound materials. This was in agreement with 175 

the findings in the previous study (Baker and Meehan 2020).  176 
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 177 

FIG. 3 𝐸𝑙𝑎𝑏 of eight geomaterials 178 

3 Characteri ation of 𝑬𝒍𝒂𝒃 Using ASTM Model 179 

According to ASTM E3331, a soil-specific two-way quadratic polynomial model [equation (2)] 180 

was recommended for characterizing the relationship between 𝐸𝑙𝑎𝑏, MC, and applied stress, and 181 

predicting target LWD modulus after calibration (ASTM E3331 2022). Therefore, a series of 182 

soil-specific nonlinear regressions were performed for the eight tested soils using the least-183 

squares method implemented via the minimize method in SciPy (version 1.15.2) (Virtanen et al. 184 

2020). Several performance metrics were employed for the regression analysis, including 185 

coefficient of determination (𝑅2), root mean square error (RMSE), and mean absolute percentage 186 

error (MAPE) (Zhang et al. 1998). 𝑅2 [equation (3)] was a widely used metric that measured the 187 

linear correlation between two datasets. This metric was typically no more than one, with a 188 
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criterion that a value closer to one indicated a stronger correlation. RMSE, defined in equation 189 

(4), was an error metric that avoided the cancellation between under- and over-predictions and 190 

eliminated the impact of one or two large differences that could be heavily weighted (Wallach et 191 

al. 2019). This metric was non-negative, and a lower value typically indicated a superior model 192 

accuracy. MAPE, defined in equation (5), was a metric that focused more on the relative error 193 

between observations and predictions. MAPE ranged from zero to 100%, with a criterion that the 194 

closer the MAPE was to zero the better the prediction.  195 

𝐸𝑙𝑎𝑏 = 𝑎0 + 𝑎1 × 𝑀𝐶 + 𝑎2 × 𝑀𝐶2 + 𝑎3 × 𝜎𝑑 + 𝑎4 × 𝜎𝑑
2 (2) 

where 196 

𝑎𝑖 (𝑖 = 0,1,2,3,4) = regression coefficients, and  197 

𝑀𝐶 = specimen moisture content, %. 198 

𝑅2 = 1 −
∑ (𝑌𝑖 − 𝑌𝑖̂)

2𝑛
𝑖=1

∑ (𝑌𝑖 − 𝑌𝑖̅)2𝑛
𝑖=1

 (3) 

𝑅𝑀𝑆𝐸 = √∑ (𝑌𝑖 − 𝑌𝑖̂)
2𝑛

𝑖=1

𝑛
 (4) 

𝑀𝐴𝑃𝐸 =
1

𝑛
∑ |

𝑌𝑖 − 𝑌𝑖̂

𝑌𝑖
|

𝑛

𝑖=1
∗ 100% (5) 

where  199 

𝑌𝑖 = observed value,  200 

𝑌𝑖̅ = mean observed value, 201 

𝑌𝑖̂ = predicted value, and  202 

𝑛 = number of observations.  203 

Table 3 lists performance metrics of regression for the ASTM model. 𝑅2 values ranged from 204 

0.60 to 0.91, indicating moderate to good correlations for different soils. For example, except for 205 
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New Florence CL (i.e., 𝑅2 of 0.60), the remaining seven soils overall yielded 𝑅2 values greater 206 

than 0.8. On the other hand, the error metrics, RMSE and MAPE, displayed different trends. For 207 

example, RMSE values exhibited a span from 5.22 MPa (Holts Summit GM) to 10.97 MPa 208 

( ansas City CL). Values of MAPE ranged from 10.3% to 58.4%, with  ansas City CL being the 209 

highest and New Florence CL being the lowest. Overall, these metrics indicated that the ASTM 210 

model exhibited moderate to good goodness of fit for all tested soils.  211 

TABLE 3 Performance metrics of ASTM model 212 

Soil 𝑅2 RMSE, MPa MAPE, % 

Holts Summit GM 0.89 5.22 18.0 

St. Louis GW 0.79 9.07 30.8 

Sikeston SM 0.89 5.53 50.3 

St. Louis SW 0.80 7.66 44.8 

Rolla CL 0.91 9.29 19.5 

Kansas City CL 0.90 10.97 58.4 

St. Louis CL 0.91 8.38 31.6 

New Florence CL 0.60 9.45 10.3 

 213 

On the other hand, two limitations were identified when inspecting the fitted trendlines of 214 

the ASTM model. First, the parabolic curves described by the ASTM model could not fit the 215 

inverse logistic trends displayed in most 𝐸𝑙𝑎𝑏 results. Figures 4A and 4B show some examples of 216 

poor fits of the ASTM model observed on  ansas City CL and St. Louis SW, respectively. As 217 

shown in figure 4A, the prediction of ASTM model for  ansas City CL only fitted a segment of 218 

the inverse-sigmoid trend. For example, the ASTM model missed three points (i.e., MCs of 10%, 219 

21%, and 22%) at 75 kPa, two points (i.e., MC of 10% and 16%) at 130 kPa, and three points 220 

(i.e., MCs of 13%, 14%, and 17%) at 150 kPa. As illustrated in figure 4B, fittings of the ASTM 221 

model for St. Louis SW deteriorated further, producing an essentially linear line approximation 222 
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and consequently exhibiting greater discrepancies. Notable deviations occurred at MCs of 5% 223 

and 9% for 130 kPa, at 7% and 10% MCs for 168 kPa, and at MCs of 8% and 10% for 265 kPa.  224 

 225 

(A) 226 

 227 

(B) 228 

FIG. 4 Examples of poor fits of ASTM model on sigmoid shape: (A) Kansas City CL and (B) St. 229 

Louis SW 230 

Moreover, the ASTM model generated nonpositive modulus predictions due to its 231 

inadequate fitting capacity for the inverse sigmoid pattern. These non-positive predictions 232 

occurred at combinations of high MCs and low stress levels (i.e., 75 kPa and 106 kPa) for some 233 

soils, which agreed with the findings of the previous study (Simon et al. 2023). Figures 5a 234 

through 5c illustrate some examples of nonpositive modulus predictions of the ASTM model for 235 

 ansas City CL, Sikeston SM, and St. Louis GW, respectively. In these figures, horizontal dash 236 

double-dot lines representing 𝐸𝑙𝑎𝑏 = 0 were drawn to assist in recognizing the positivity of 237 
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predicted moduli. As shown in figure 5A, for  ansas City CL, the model predicted negative 238 

modulus values as MC increased beyond 18% and 20% at stresses 75 kPa and 106 kPa, 239 

respectively. For Sikeston SM illustrated in figure 5B, MCs beyond which the modulus 240 

prediction yielded negative values were 11% and 12% for stresses 75 kPa and 106 kPa, 241 

respectively. The modulus predictions for St. Louis GW (displayed in fig. 5C) did not give 242 

negative values but zero at MCs around 9% for both stresses of 75 kPa and 106 kPa.  243 

 244 

(A) 245 

 246 

(B) 247 
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 248 

(C) 249 

FIG. 5 Examples of nonpositive modulus predictions of ASTM model: (A) Kansas City CL, (B) 250 

Sikeston SM, and (C) St. Louis GW 251 

Based on fitting results of the ASTM model, its limitations were identified in fitting an 252 

inverse-S data trend and providing reasonable modulus prediction for combinations of high MCs 253 

and low stresses for some soils. Therefore, a new model that better characterized the relationship 254 

between 𝐸𝑙𝑎𝑏, MC, and applied stress was needed.  255 

4 Characteri ation of 𝑬𝒍𝒂𝒃 Using ML Models 256 

4.1 Methodology 257 

4.1.1 RF and MLP Models 258 

RF was an ensemble model that consists of multiple DTs. DTs in an RF were incorporated with 259 

randomization implemented in data sampling and feature selection (Rigatti 2017; Breiman 2001). 260 

With a new subset randomly sampled from the original dataset using bagging or pasting, a 261 

hierarchical structure of nodes (i.e., root, split or internal, and leaf nodes) was generated to form 262 

a DT (illustrated in fig. 6). The node splitting was based on impurity measures (e.g., Gini and 263 

Entropy) for classification, or mean square error (MSE) for regression (Géron 2022). Meanwhile, 264 

during the feature selection at each node, a subset of features was randomly selected for DT 265 
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training. The outputs of all DTs in an RF were aggregated into a single prediction by voting for 266 

classification tasks, or by averaging for regression tasks.  267 

 268 

FIG. 6 A general structure of DT 269 

MLP was a type of artificial neural network that consisted of multiple layers of perceptron. 270 

As illustrated in figure 7A, layers in an MLP generally included one input layer, one or more 271 

hidden layers, and one output layer. Each layer of perception contained one or more threshold 272 

units (TLU), also known as neurons. Neurons in two neighboring layers were usually fully 273 

connected (Géron 2022;  rogh 2008; Rosenblatt 1958; Zou et al. 2008; Zhang et al. 1998). 274 

Figure 7B illustrates the process of computation in a TLU. With inputs (𝑥𝑖) fed to the TLU, it 275 

first calculated the sum of inputs multiplied with weights (𝑤𝑖) and a bias term 𝑏. Then, a step 276 

function (also known as activation function) was applied to this sum to introduce a degree of 277 

nonlinearity before outputting.  278 

Both RF and MLP were well supported by scikit-learn (Hao and Ho 2019; Pedregosa et al. 279 

2011). Hence, scikit-learn (version 1.6.1) along with Python 3.12.0 was employed in this study. 280 

In addition, hyperparameter terminologies used in this study mostly adhered to the conventions 281 

of scikit-learn.  282 

  283 



18 

 284 

 

 

(A) (B) 

FIG. 7 A general structure of (A) MLP and (B) TLU 285 

4.1.2 Data Preparation 286 

Data preparation mainly included selecting features and target from the data and splitting the 287 

data into training and test sets. Predictor and response variables employed in ML models were 288 

denoted as features and targets, respectively. In this study, variables that were related to soil 289 

properties and LLWDT were chosen as predictive features for ML model development. For 290 

example, incorporated soil properties comprised proportions of gravel, sand, and fine, 𝐺𝑠, OMC, 291 

and MDUW. LLWDT related parameters, such as applied stress and MC, were also included as 292 

features. The target variable was 𝐸𝑙𝑎𝑏. In addition, a ratio of 75% to 25% was employed when 293 

splitting the data into training and test sets, with a random state of 42. This random state was 294 

employed to ensure consistent data split throughout the model development.  295 

4.1.3 Hyperparameters Tuning Methods 296 

Optimizing hyperparameters for an ML model eliminated overfitting and underfitting, leading to 297 

better model accuracy and efficiency. An overfitted model exhibited strong performance on the 298 

training data but generalized poorly to unseen data, while an underfitted one had poor 299 

performance on both training and novel datasets. Grid search and k-fold cross-validations were 300 

used for achieving a balance between overfitting and underfitting. In grid search, a predefined set 301 
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of hyperparameter values were tested and their respective performance were compared to 302 

identify the optimal configuration, thus eliminating underfitting (Ben-Hur and Weston 2010).  -303 

fold cross-validation method partitioned the training dataset into k parts of equal size and 304 

iteratively used each for model evaluation. This method can help eliminate overfitting (Lever et 305 

al. 2016; Sweet et al. 2023). Grid search, combined with k-fold cross-validation, was usually 306 

performed at least twice to refine the hyperparameter selection. The first search identified 307 

promising hyperparameter ranges, and subsequent ones zoomed in those ranges further to find 308 

optimal values without overfitting.  309 

4.2 Results and Discussion  310 

4.2.1 Optimal Hyperparameters 311 

Table 4 summarizes initial hyperparameter candidates and optimal ones for both RF and MLP. 312 

These initial candidates covered a wide range of options for model training, which were 313 

narrowed down gradually with the tuning process going on. For RF, two optimization trials 314 

(shown in fig. 8) were performed to determine its optimal hyperparameters. The first trial (fig. 315 

8A) suggested that optimal values of n_estimators and max_depth fell into the same range of 1 to 316 

100. A further inspection (fig. 8B) revealed optimal values of 20 and 10 for n_estimators and 317 

max_depth, respectively. In these trials, initial options for min_samples_split and 318 

min_samples_leaf remained unchanged, and their optimal values were determined in the second 319 

trial (listed in Table 4). For MLP, three hyperparameter tuning trials were conducted with only 320 

candidates of hidden_layer_sizes being tuned. Candidates and outputs of these trials are 321 

summarized in Table 5. An optimal hidden layer configuration of (25, 50) occurred in the second 322 

trial and was further confirmed in the following one. Similarly, optimal values for other 323 

hyperparameters were concurrently determined at the end of model training (listed in Table 4).  324 
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TABLE 4 Hyperparameters and their ranges in grid search 325 

Model Hyperparameters Search range Optimal 

RF 

n_estimators 1, 10, 100, 1000, 10000 20 

max_depth 1, 10, 100, 1000 10 

min_samples_split 2, 3, 4 2 

min_samples_leaf 1, 2, 3 1 

MLP 

hidden_layer_sizes (50, ), (200, ), (50, 50), (200, 200) (25, 50) 

activation logistic, relu, tanh tanh 

learning_rate_init 0.0001, 0.001, 0.01, 0.1 0.01 

solver adam, sgd, lbfgs adam 

 326 

  
(A) (B) 

FIG. 8 Hyperparameter tuning of RF: (A) first trial and (B) second trial 327 

TABLE 5 Three hyperparameter tuning trials of MLP 328 

Trial hidden_layer_sizes candidates Output 

1 (50, ), (200, ), (50, 50), (200, 200) (50, 50) 

2 (25, 50), (50, 50), (50, 75) (25, 50) 

3 (25, ), (25, 25), (25, 50) (25, 50) 

 329 
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4.2.2 Model Performance 330 

Three identical performance metrics (i.e., 𝑅2, RMSE, and MAPE) that were used to assess the 331 

ASTM model were employed to evaluate the two trained ML models (i.e., RF and MLP). Table 6 332 

lists performance metrics of the ASTM model and training and test processes for each ML 333 

model. In terms of the correlation between predicted and measured values, both models 334 

demonstrated robust prediction capabilities, achieving 𝑅2 values greater than 0.96 for both 335 

training and test processes. Specifically, compared with MLP, RF yielded a slightly higher 𝑅2 336 

value (i.e., 0.99 > 0.97) in the training phase and an identical value (i.e., 0.96) in the test phase. 337 

RMSE and MAPE generally revealed a similar trend to 𝑅2. RF generally exhibited superior 338 

performance to MLP. On the other hand, with respect to the balance between overfitting and 339 

underfitting, MLP overall showed closer values in training and test phases for all metrics 340 

compared with RF, indicating a better balance between overfitting and underfitting. Nonetheless, 341 

both ML models outperformed the ASTM model in terms of prediction accuracy (i.e., 𝑅2: 0.96 > 342 

0.91).  343 

TABLE 6 Performance metrics of RF, MLP, and ASTM Model 344 

Metric RF MLP ASTM Model 

- Training Test Training Test Range 

R2 0.99 0.96 0.97 0.96 0.61 ~ 0.91 

RMSE, MPa 3.07 6.20 4.7 6.2 5.22 ~ 10.97 

MAPE, % 7.2 16.0 10.0 17.5 10.3 ~ 58.4 

 345 

The rigorous fitting quality of each model was further proven by their prediction trendlines 346 

against observations and distributions of residuals. Figures 9a and 9b illustrate the correlation 347 

between predicted and measured 𝐸𝑙𝑎𝑏 for RF and MLP, respectively. As shown in figure 9A, a 348 

strong correlation between predictions and observations was indicated for RF by the close 349 
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proximity of data points to the line of equality (LOE). For MLP, as depicted in figure 9B, the 350 

distribution of correlation points along the LOE was slightly less concentrated, indicating a 351 

slightly deteriorated prediction performance. This agreed with their 𝑅2 values for the training 352 

phase (i.e., 0.99 and 0.97 for RF and MLP, respectively).  353 

  
(A) (B) 

FIG. 9 Predicted and measured moduli: (A) RF and (B) MLP 354 

Figures 10a and 10b show prediction residuals for RF and MLP, respectively. As illustrated 355 

in figure 10A, prediction residuals of RF overall followed a bell-shape normal distribution 356 

pattern, with the residual of zero having the highest count. Most residuals lay within a relatively 357 

smaller span (i.e., ±5 MPa) for both training and test processes, while a small number of 358 

residuals had absolute values more than 10 MPa. The distribution of residuals of MLP (shown in 359 

fig. 10B) was generally similar to that of RF, following a bell-shape distribution. The residual of 360 

zero had the most instances, and the majority of residuals fell within the range of ±10 MPa, with 361 

a limited number of residuals out of this range. Exhibiting bell-shape normal distribution patterns 362 

for both models indicated that they were trained with overfitting and underfitting being well 363 

balanced.  364 

= 0.99

= 0.96

= 0.97

= 0.96
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(A) (B) 

FIG. 10 Prediction residuals: (A) RF and (B) MLP 365 

Besides having a better applicability and excellent prediction performance, the two ML 366 

models overcame limitations identified in fittings of the ASTM model. In terms of fitting 367 

inverse-sigmoid data patterns, as shown in figures 4a, both RF and MLP accurately captured data 368 

patterns for  ansas City CL, while the ASTM model only fitted partially. Likewise, as illustrated 369 

in figure 4B, fittings on St. Louis SW revealed a similar conclusion, though both RF and MLP 370 

slightly deviated from measured 𝐸𝑙𝑎𝑏 values at the two MCs lower than OMC (i.e., 8.2%) for 371 

stresses of 168 kPa and 265 kPa.  372 

In cases where the ASTM model produced nonpositive 𝐸𝑙𝑎𝑏 predictions, the two ML models 373 

yielded more rational ones. As illustrated in figure 5A, for  ansas City CL, while the ASTM 374 

predicted negative 𝐸𝑙𝑎𝑏 values at MCs higher than 20% for both stresses of 75 kPa and 106 kPa, 375 

both trendlines of RF and MLP precisely passed measured data points, indicating accurate 376 

predictions. As shown in figure 5B, fittings on Sikeston SM suggested a similar conclusion that 377 

both ML models overcame the negative predictions issue at high MCs, so as fittings on St. Louis 378 

GW depicted in figure 5C.  379 

In addition, there was a subtle difference between trendlines of RF and MLP. As shown in 380 

figures 4 and 5, the trendlines of RF, compared with those for MLP, exhibited some spikes on 381 
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curve segments where there were no measured data points, such as spikes at approximately 8% 382 

MC and 75 kPa stress for Sikeston SM (fig. 5B) and approximately 7.5% MC and 106 kPa for 383 

St. Louis GW (fig. 5C). This indicated a lower level of generalization for RF (Barbiero et al. 384 

2020). This agreed with the previous observation that RF showed a slightly worse balance 385 

between overfitting and underfitting than MLP. Therefore, MLP was recommended for 386 

predicting target LWD modulus, given its outstanding prediction performance and generalization 387 

ability.  388 

5 Conclusions 389 

In this study, the relationship between 𝐸𝑙𝑎𝑏, MC, and applied stress was characterized using 390 

LLWDT data from eight soils to predict target LWD modulus for modulus-based compaction 391 

acceptance evaluation using LWDs. The study started with a series of tests for geomaterial 392 

characterizations, followed by a matrix of LLWDTs conducted using at least five MCs and seven 393 

applied stresses. Experiment data from LLWDTs were first denoised and analyzed. The analysis 394 

revealed that 𝐸𝑙𝑎𝑏 of each soil, except for New Florence CL, generally decreased with the 395 

increase of MC at each stress level. 𝐸𝑙𝑎𝑏 overall increased as the applied stress increased at each 396 

MC for all soils. Clayey soils overall had higher 𝐸𝑙𝑎𝑏 values than gravelly soils, and those of 397 

sandy soils were the lowest. With all denoised data, the characterization of relationship between 398 

𝐸𝑙𝑎𝑏, MC, and applied stress was first performed for each soil using the model given in the 399 

ASTM standard. However, limitations were observed: the ASTM model illustrated a parabolic 400 

shape and failed to capture the inverse-sigmoid pattern shown in data. In addition, the ASTM 401 

model predicted nonpositive 𝐸𝑙𝑎𝑏 values at high MCs for certain soils. Given the identified 402 

limitations of the ASTM model, two ML models including RF and MLP were employed for the 403 

characterization. Instead of being soil-specific, the two ML models were trained and tested for all 404 
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tested soils. Besides MC and applied stress, some soil properties were included in features, 405 

including proportions of gravel, sand, and fine, 𝐺𝑠, OMC, and MDUW. The two trained ML 406 

models were then compared with the ASTM model using three performance metrics. The 407 

comparison suggested that the two ML models exhibited comparable prediction performance and 408 

considerably outperformed the ASTM model. For example, the two ML models produced 𝑅2 409 

values greater than 0.96, while those for the ASTM model ranged from 0.6 to 0.91. Moreover, 410 

the two ML models overcame the limitations of the ASTM model in characterizing the 411 

relationship between 𝐸𝑙𝑎𝑏, MC, and applied stress. Lastly, MLP was recommended for predicting 412 

target LWD modulus, given its outstanding prediction performance and generalization ability.  413 

While the developed MLP model demonstrated excellent prediction capacity within the 414 

scope of this study, future work including training and validating the model with more data from 415 

different project sites was recommended to make it more universally applicable. In addition, 416 

developing an easy-to-use graphic user interface program was recommended, as it would greatly 417 

facilitate the implementation of the developed MLP model in highway agencies.  418 
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