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Abstract: Intelligent compaction (IC) technology have been used for quality control and quality
assurance (QC/QA) in subgrade construction. The effective regression correlations between Intelli-
gent Compaction Measurement Values (ICMV) and In-situ Measurement Values (ISMV, including
compaction degree and subgrade modulus ELWD) are the essential prerequisite of using IC tech-
nology for QC/QA. This paper presents the results from an experimental research study that was
conducted from a practical subgrade project of China to explore the regression relationships between
ICMV and ISMV. Three types of ICMV, including CMV, CCV and Evib, were collected along with
the corresponding positions of the rollers. Two types of ISMV, containing compaction degree and
ELWD, were measured by ring sampler method and light weight deflectometer (LWD) at specified test
points, respectively. Based on these data, the influences of roller parameters and subgrade properties
on the regression relationships of ICMV and ISMV were investigated. In addition, linear regression
and 5 nonlinear regression algorithms were compared. The results suggest that ICMV reflect the
stiffness of subgrade more than reflecting the density. In the regression of ICMV and ISMV, subgrade
properties are more important than roller parameters while both of them should not be neglected.
The influences of underlying stiffness and roller amplitude are linear while that of roller speed and
moisture content are nonlinear. Nonlinear algorithms, especially the random forest, have the better
performance compared to linear algorithm. Moreover, the combination of random forest and linear
algorithm can further improve the accuracy of ISMV prediction.

Keywords: intelligent compaction; influence factors; regression analysis; nonlinear algorithms

1. Introduction

Compaction is one of the important steps in subgrade construction which can guaran-
tee the bearing capacity of roads. In order to determine compaction quality of subgrade,
most road projects headquarters deploy field inspectors to conduct in-situ measurements
of subgrade compaction state, such as ring sampler method and light weight deflectometer
(LWD). However, there are five limitations by using in-situ measurements for compaction
quality assessment [1,2]: (a) sampling of in-situ measurement points is random and unrep-
resentative; (b) in-situ measurement points can only cover less than 1% of the subgrade
and is inable to provide the quality information of whole compaction area; (c) the unifor-
mity of the subgrade compaction state cannot be judged; (d) in-situ measurements can be
implemented only after compaction has ended which lead to the lack of real-time feedback
on compaction quality; (e) the time cost of detection is high and it is easy to be disturbed
by human factors.

The above defects of in-situ measurements lead to the emergence of intelligent com-
paction (IC) technology. IC technology, also known as Continuous Compaction Control
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(CCC) technology, can continuously assess the subgrade compaction quality through In-
telligent Compaction Measurement Values (ICMV) integrated with positioning system to
provide a complete compaction and geographic information of subgrade [3]. Through
the utilization of IC technology, road projects headquarters can achieve more efficient
performance of related QC/QA tasks during the construction of soil embankments. This
technology effectively eliminates the limitations associated with traditional roller com-
paction inspection through in situ measurements.

The ICMV, which are calculated based on the roller vibration signal, are consist of
3 types [4]: empirical method index (including compaction measurement value, CMV and
continuous compaction value, CCV), energetic method index (mainly machine drive power,
MDP) and mechanical method index (including vibration modulus Evib and soil stiffness
ks).

By means of the Fast Fourier Transform (FFT), time domain vibration signal of drum
is transmitted into frequency domain, then the empirical method ICMV can be computed
by the amplitude of harmonic. In field applications, the empirical method ICMV typically
employs the average of the calculated results from two cycles in the domain curve. For
example, when the roller’s vibration frequency is 30 Hz, 5 empirical method ICMV can
be calculated within a second [5]. For the mechanics perspective, the vibration drum and
the compacted subgrade can be viewed as an interaction system during the vibration
compaction process. By applying the kinematic equilibrium equation at every moment
during the compaction, the vibration signal of the drum can be used to solve the material
properties of the subgrade. This is the fundamental calculation principle of the mechan-
ical method ICMV. In general, mechanical method ICMV is calculated on the basis of a
two-degree-of-freedom model of vibratory compaction [6]. Energetic method ICMV is
calculated by energy conservation principles. As the roller’s drum penetrates into the soil,
the subgrade impedes roller’s movement, leading to an increase in the energy required
for forward motion. This additional energy consumption is directly correlated with the
strength of the subgrade, such that greater subgrade strength results in less penetration and
additional energy consumption [7]. Essentially, energetic method ICMV is a promotion of
the net power required for a compactor to pass through a compacted subgrade, without the
need to obtain vertical vibration information from the roller [8]. This also makes energetic
method ICMV suitable for various types of compactors [9].

Due to the ICMV are calculated by drum vibration response, it is incapable of directly
measuring the density and stiffness of subgrade that have been used as standardized
QC/QA indicator for decades in road construction industry [10], namely in-situ measure-
ment values (ISMV). Therefore, to implement IC technology as a primary QC/QA measure
of compaction, it is essential to establish the effective regression correlations between
ICMV and ISMV (including compaction degree and subgrade modulus ELWD) [11]. By
using established regression correlations, the conventional ISMV can be replaced with the
ICMV in construction, thereby reducing laborious efforts and enabling real-time control
of subgrade quality. Furthermore, these correlations can assist road project headquarters
in evaluating the potential reliance on IC technology for subgrade QC/QA and in devel-
oping equivalent-criteria specifications for the utilization of IC as a QC/QA tool [12–16].
For instance, the determination coefficient R2 should be above 0.49 in Chinese/German
specification or should be above 0.36 in Swedish specification [14,17].

However, the regression correlations between ICMV and ISMV are complicated be-
cause the correlations are not only affected by roller parameters but also by subgrade
properties [18–21]. It primarily includes roller speed and roller vibration amplitude in
terms of roller parameters. In terms of soil properties, it mainly involves moisture content
and underlying soil stiffness [22]. Therefore, investigating the influence of above factors on
the correlation between ICMV and ISMV will contribute to the further development of IC
technology. The studies of IC technology have mainly focused on the monadic or multiple
linear relationship between ICMV and ISMV so far [23,24]. Nevertheless, when multiple
parameters are considered, the effect of linear fitting is limited. In fact, the essence of all
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regression algorithms is to assign corresponding weights to each feature, and to iteratively
adjust the weights through a loss function, so that the predicted result approaches the real
value (Figure 1). In this circumstance, nonlinear regression algorithms can be introduced
in IC technology application to solve the above issues [13,25–27]. Nonlinear algorithms
based on artificial neural networks (ANN) were widely used in the field of IC technology
in the existing literature [13,25,28]. Since the model construction can be completed by
adjusting the number of network layers and node parameters, the advantage of ANN is
that it does not require manual feature engineering and can achieve satisfactory regression
results. In fact, for intelligent compaction data, which is a kind of tabular data sets, the
use of gradient boosting tree algorithms such as Light Gradient Boosting Model (LGBM)
or extreme gradient boosting (XGBT) for processing often leads to superior results [29,30].
Compared to linear regression algorithms, the advantage of nonlinear algorithms lies in
their ability to fully consider the nonlinear impact mechanisms of the influence factors,
resulting in predictions that are closer to the true values.
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Figure 1. Diagram of IC regression algorithms.

The objectives of this study were to (a) investigate the influence of roller parameters
and subgrade properties on the regression relationship of ICMV and ISMV; (b) compare
the regression effects of linear regression and 5 nonlinear regression algorithms, then
find the most suitable one for IC technology. To achieve this goal, 3 types of ICMV
(CMV, CCV and Evib) and 2 types of ISMV (compaction degree and subgrade modulus
ELWD) were collected on a highway subgrade project of China. Then, the influences of
roller parameters (including roller speed v and roller amplitude Am) and soil properties
(including moisture content w and underlying soil stiffness ku) on correlations between
ICMV and ISMV were discussed. Based on these data, multiple linear regression and
5 nonlinear regression algorithms were employed to predict ISMV with ICMV, roller
parameters and soil properties as inputs. Furthermore, by comparing the prediction effects
of these algorithms, the most suitable regression algorithm for IC technology was identified.

2. Methods
2.1. Construction Information

The work is located in a highway in China. For this project, a 70 m long × 8 m wide
test subgrade was constructed. The subgrade was constructed to an approximate total
final height of 3.2 m, by compacting eight layers with a target loose lift thickness of 50 cm.
Each soil lift was compacted using a vibratory smooth drum roller (specific parameters
can be seen in Table 1) after soil placement and moisture conditioning. High amplitude
compaction was performed on the loose subgrade in the first pass for each layer to speed
up the compaction process. To measure the ICMV, 4 side-by-side strips were separated
at each lift with approximately 20 cm of overlap at the edges. Besides, 8 test spots are
uniformly distributed (10 m apart) on each strip to detect the ISMV and other influence
factors (such as moisture content), as showed in Figure 2a. Hence, the ISMV and influence
factors of 256 test points were measured.
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Table 1. Roller Parameters.

Weight Excitation Force Frequency Amplitude Drum Width Drum Radius

21 t 450 kN 32 Hz 1.10 mm 2.2 m 0.8 m
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Figure 2. (a) IC field test, (b) ring simpler method, (c) LWD test (diameter = 300 mm).

To monitor roller position and ICMV in real time, the single-drum vibratory roller was
equipped with an IC device (Figure 3). Spatial coordinates and 3 types of ICMV (CMV,
CCV and Evib) were outputted at a frequency of 2 Hz.
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Figure 3. Roller with IC equipment.

A series of in-situ tests were performed at the test points to monitor the process of soil
compaction at the end of compaction for each lift. The tests that were conducted include
light weight deflectometer (LWD) tests to obtained subgrade modulus (ELWD) and ring
sampler method to acquire moisture content and compaction degree (Figure 2b,c). The
step-by-step details of in-situ test procedure were omitted here for simplicity.

2.2. Soil Properties

The results of liquid-plastic limit test, standard Proctor test and grain size analysis
for field samples taken at the in-situ test locations are shown in Figure 4. From this data
(Table 2), The gravel fraction has a lower mass than the sand fraction, while the fine particle
fraction has a mass greater than 15% but less than 50% of the total sample mass. The
materials that were used for subgrade construction classify as silty sand (SM).
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Table 2. Material Properties of Subgrade.

wopt from
Standard
Proctor

γd from
Standard
Proctor

Natural
Moisture
Content

Liquid
Limit

Plasticity
Index Cu Cc CBR Soil Type

10.5% 1.88 g/cm3 6~14% 34% 9.8% 21.58 0.54 8.2 SM

2.3. Calculation Method of ICMV

CMV is defined as the amplitude of first harmonic divided by the amplitude of the
measured response acceleration at the fundamental frequency [31]:

CMV = C · A1

A0
(1)

where C is a constant (C = 300), A0 is the vertical acceleration amplitude of the drum at the
fundamental frequency, and A1 is the drum acceleration amplitude of first harmonic.

CCV takes the first subharmonic (i.e., 0.5 Ω) and higher-order harmonics into ac-
count [32]:

CCV =

[
A(0.5Ω) + A(1.5Ω) + A(2.5Ω) + A(3Ω)

A(2.5Ω) + A(3Ω)

]
× 100 (2)

where A(iΩ) is the vertical acceleration amplitude of the drum at i-order harmonics.



Appl. Sci. 2023, 13, 5953 6 of 16

By applying Lundberg’s theoretical solution to a rigid cylinder on subgrades, the
relationship among the contact force, drum displacement and vibration modulus (Evib) can
be determined as [7,33,34]:

Evib =
1 − µ2

zd
· Fs

L
· 2

π

(
1.8864 + ln

L
b

)
(3)

b =

√
16
π

· R(1 − v2)

Evib
· Fs

L
(4)

Fs = mdg + m0e0Ω2 cos(Ωt)− mda (5)

where Fs is the contact force between the drum and soil, L is the drum length, b is the
contact width, zd is the drum displacement, µ is the Poisson ratio, R is the radius of the
drum, md is the weight of drum, m0e0 is the eccentric moment of unbalanced mass, g is
gravity acceleration, a is the acceleration of the drum, Ω is the circular vibration frequency.

2.4. Considering of Roller Rocking Motion and Underlying Soil Stiffness

In addition, considering the x-axis of the drum would rotate when the soil stiffness was
distributed non-uniformly, namely the roller rocking motion [35], only the ISMV directly
under roller accelerometer were used to analyze (Figure 5a). At each test layer, the Evib of
its underlayer represented the underlying soil stiffness ku (Figure 5b). Hence, there were
no data of the underlying soil stiffness on the first layer and only the data of remaining
224 points were subsequently analyzed.
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Figure 5. (a) ISMV measured directly under roller accelerometer, (b) diagram of underlying soil
stiffness ku.

2.5. Regression Algorithms

To explore the correlation relationships between ICMV and ISMV, linear and 5 nonlin-
ear algorithms were employed. The details and principles of the algorithm are exhibited
in Table 3. All algorithms were cross-validated with 5-folds. Two indicators, root mean
square error (RMSE), and R2 between real and predicted ISMV, were used to estimate the
algorithm performances. RMSE and R2 could be calculated as:

RMSE =

√
1
n

n

∑
i=1

(
yi − yi,pre

)2 (6)

R2 = 1 −

n
∑

i=1

(
yi − yi,pre

)2

n
∑

i=1

(
yi − yi,exp

)2
(7)

where n is the amount of data in the data, yi is a single true value of the data, yi,pre is a
single predicted value of the data, and yi,exp is the expectation of the true value.
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Table 3. Regression and classification algorithm models.

Linear Algorithms
Nonlinear Algorithms

Machine Learning (ML) Deep Learning (DL)

Linear regression
K-nearest neighbour (KNN) [36],
Random forest (RF) [37], Light

gradient boosting model (LGBM) [29]

Artificial neural network
(ANN), Recurrent neural

network (RNN) [38]
Note: The hyper-parameters of models were automatically determined by GridSearchCV.

DL models were built with Pytorch version 1.10.2. ANN and RNN structures are
shown in Figure 6a,b. ReLu is a nonlinear transformation function that establishes the
nonlinear relations between inputs and outputs. To alleviate the overfitting of neural
network, the Dropout parameter was set as 0.1, which meant that only 90% of hidden layer
units were activated in each training step. The training time was determined by repeated
debugging.
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3. Results and Discussion
3.1. Regressions of Different ICMV

Different ICMV versus ELWD and compaction degree are plotted in Figure 7. As
expected, R2 values of empirical method ICMV (CMV and CCV) were lower than the
mechanical method ICMV (Evib). It means that using mechanical method ICMV to predict
ISMV is more accurate than using empirical method ICMV. Besides, R2 values between
ICMV and compaction degree were lower than the R2 values between ICMV and ELWD,
indicating that ICMV reflected the stiffness of subgrade better than the density of subgrade.
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Figure 7. Monadic linear regression results between different ICMV and ISMV, (a) CMV/CCV vs.
ELWD, (b) Evib vs. ELWD, (c) CMV/CCV vs. compaction degree, (d) Evib vs. compaction degree. Note:
D represents the compaction degree in the legend.

Interestingly, the CCV, which considered the jumping situation by adding first subhar-
monic and higher-order harmonics, had the worse regression performance than CMV. The
reason is that the stiffness of sand subgrade is relatively low, roller jumping phenomenon
barely appears during compaction while higher-order harmonics and subharmonics contain
little information about subgrade compaction state. In this case, introducing higher-order
harmonics and subharmonics cannot improve the prediction accuracy of ICMV, but will
probably import other unpredictable interference factors.

3.2. Influence of Roller Parameters and Subgrade Properties

Figure 8 shows the regression importance of roller parameters and subgrade properties
(collectively called influence factors) obtained by RF algorithms. It could be seen that, in the
regression of ICMV and ISMV, the importance of subgrade property was more significant
than that of roller parameter while all of them should not be neglected. Particularly, when
the regression target was compaction degree, the importance of w became apparent, even
exceeded the importance of CMV and CCV.
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In order to further explore the impacts of influence factors on the correlations between
ICMV and ISMV, bivariate multiple-power regressions among ICMV, ISMV and influence
factors were established (the independent variables are ICMV and influence factors while
the dependent variable is ISMV). It should be noted that (a) only one influence factor
was introduced in each regression analysis, as the influence regularity of factor could be
revealed more adequately; (b) the power number of ICMV was set to 1 constantly because
the nonlinear influence analysis of ICMV was not the focus of this section; (c) the power
number of influence factors was set to be less than 4 because the fitting of higher power
was lack of practical significance; (d) though the nonlinear influence could be revealed by
other methods such as exponential and logarithmic regressions, he results of them were
not exhibited here for simplicity. Determination coefficient R2 was used to characterize the
effects of bivariate multiple-power regression. The results are shown in Table 4.

Table 4. Results of bivariate multiple-power regressions.

Type of ISMV Type of ICMV Influence Factor
R2 of Different Power Number of Influence Factor

Power Number = 1 Power Number = 2 Power Number = 3

ELWD

CMV

w 0.5991 0.6341 0.6766

v 0.6007 0.6470 0.6862

Am 0.6011 0.6014 0.6024

ku 0.6089 0.6091 0.6094

CCV

w 0.4399 0.4753 0.4950

v 0.4364 0.4682 0.4981

Am 0.4314 0.4320 0.4335

ku 0.4306 0.4309 0.4314

Evib

w 0.6617 0.6931 0.7535

v 0.6662 0.7081 0.7746

Am 0.6548 0.6563 0.6583

ku 0.6489 0.6504 0.6512
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Table 4. Cont.

Type of ISMV Type of ICMV Influence Factor
R2 of Different Power Number of Influence Factor

Power Number = 1 Power Number = 2 Power Number = 3

Compaction degree

CMV

w 0.4361 0.4764 0.5308

v 0.4392 0.4713 0.5236

Am 0.4466 0.4462 0.4487

ku 0.4274 0.4279 0.4293

CCV

w 0.3313 0.3667 0.4171

v 0.328 0.3629 0.4097

Am 0.3481 0.3493 0.3504

ku 0.3334 0.3389 0.3414

Evib

w 0.5158 0.5535 0.5901

v 0.5093 0.5499 0.6004

Am 0.5100 0.518 0.5183

ku 0.5117 0.5128 0.5128

In Table 4, the fitting equation is a linear function when the power number of influence
factor equal to 1 whereas the fitting equation is a nonlinear function of higher order when
the power number is higher than 1. It can be observed that R2 values increased as the
power number of w and v increased whereas the power number of Am and ku had almost
no effect on R2 values. Therefore, it can be considered that the influence of w and v on
correlations between ICMV and ISMV are nonlinear whereas that of Am and ku are linear.

Especially, considering the existence of optimal moisture content (OMC), the analysis
data were divided into three zones with w to further study the influence of w: optimum
zone (OMC ± 2%, i.e., w = 8.5~12.5%), dry zone (w < 8.5%) and wet zone (w > 12.5%). The
monadic linear regressions between ICMV and ISMV in different zones were established
and the results are shown in Figure 9. It can be seen that R2 values are relatively high at
optimum zone compared to dry and wet zones. It also explains why the effect of w on
the regression of ICMV and ISMV is nonlinear. Accordingly, if only relying on a monadic
linear algorithm to establish the correlation between ICMV and ISMV, this paper suggests
that the w of subgrade must be controlled within the optimum zone. However, such an
approach constrains the convenience of IC technology application, therefore requiring
the introduction of multiple regression algorithms. In the following, the multiple linear
and nonlinear regression algorithms will be compared in order to determine the most
appropriate one for IC technology.
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(f) Evib vs. compaction degree.

3.3. Comparison of Regression Algorithms

Since the impacts of influence factors were complicated, nonlinear algorithms (includ-
ing ML and DL algorithms) were adopted to establish the correlation between ICMV and
ISMV when the influence factors were introduced. Figure 10 illustrates the correlation rela-
tionships between actual ISMV and the ISMV predicted by different nonlinear algorithms
in the test sets (i.e., 20% of the total analysis data, the other 80% were used for training).
For comparison, the regression results of multiple linear (MPL) algorithm are also plotted
in Figure 10.

From Figure 10, nonlinear algorithms had more satisfactory R2 values and RMSE and
showed better generalization performance compared to MPL algorithm. ANN showed
the best performance among the nonlinear algorithms whereas the performance of RNN
was the worst owing to the significant overfitting problem. In practice, the training time
of RNN model was set as little as possible (only 500 times here) to avoid overfitting, but
the effect was still far poorer than expected. Further, the performance of the RNN in the
training set worsened as the training time was lessened, demonstrating that the RNN was
inapplicable in the regression between ICMV and ISMV. Though the R2 values of LGBM
was better than that of RF, its predicted values were smaller than real values led to the
RMSE of LGBM was relatively high compared to RMSE of RF.
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In order to predict the ISMV by ICMV more precisely, monadic linear regression was
employed based on the predicted results of different algorithms. It means that the nonlinear
algorithms or MPL are the primary learner whereas the monadic linear algorithm is the
secondary learner. The predicted results are shown in Figure 11. From Figure 11, the
predicted results were very close to actual values in terms of both numbers and trends
after monadic linear regression. It demonstrates that ensemble learning is a simple and
effective method to improve the accuracy of the regression between ICMV and ISMV [39].
Although the ensemble method was used, the predicted results of MLP were relatively
disappointing compared to another algorithms. It indicates that, when the influence factors
are introduced, the correlation relationships between ICMV and ISMV have not been
characterized adequately if only the linear algorithms are used. In view of prediction
accuracy, the combination of RF and linear algorithm is the most recommended regression
method in IC application.
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3.4. Limitations and Future Goals

The accuracy of the regression model between ICMV and ISMV is a crucial issue in
the application of IC technology. Currently, in terms of input of regression model, previous
studies had considered soil parameters and drum vibration signal separately, rather than
comprehensively [40,41]. Regarding output, only compaction degree had been targeted
for regression or classification, while the study of subgrade modulus was lacking [40–42].
For the perspectives of regression algorithm and regression features, this paper explores
methods to improve the reliability of using ICMV to estimate compaction degree and
subgrade modulus. Some conclusions that are beneficial to practical engineering are
obtained. However, there are still some issues that need to be addressed:

• This paper used moisture content as an input in the regression, but the continuous
detection method of subgrade moisture content in practical engineering still needs
further research. Therefore, when using the regression method proposed in this paper,
moisture content can be removed from the regression input as appropriate, however,
it will reduce the accuracy of ISMV estimation.

• In the analysis of the drum vibration signal, this paper adopted the conventional
indicators in the field of IC technology, namely CMV, CCV and Evib. Other parameters
of vibration signal are not considered, such as shape factor, kurtosis, skewness etc.
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It may lead to the inadequacy of the analysis of vibration signals. Thus, further
discussion and research are necessary to address this issue in future studies.

4. Conclusions

In this paper, the influence of roller parameters and subgrade properties (namely influ-
ence factors) on the correlation relationships between ICMV and ISMV were investigated
combined with a construction applying IC technology in a highway subgrade project of
China. Linear and 5 nonlinear regression algorithms were employed to predict ISMV based
on ICMV, subgrade properties and roller parameters. Based on the analysis and discussion
on results, the main conclusions can be drawn as follow:

• From the monadic regression results of ICMV and ISMV, using mechanical method
ICMV to predict ISMV was more accurate than using empirical method ICMV. R2

values between ICMV and compaction degree were lower than the R2 values between
ICMV and ELWD. It meant that ICMV reflected the stiffness of subgrade better than
the density of subgrade.

• According to the feature importance, subgrade properties were more significant than
roller parameters in the regression of ICMV and ISMV. Particularly, when the regres-
sion target was compaction degree, the importance of w even became higher than the
importance of CMV and CCV.

• The influence on correlations between ICMV and ISMV of ku and w were nonlinear
whereas v and Am were linear. Therefore, multiple regression algorithms should be
introduced into IC technology implementation to establish the correlation between
ICMV and ISMV.

• From the comparison among linear and 5 nonlinear algorithms, the results of RF had
the best performance while the results of linear algorithms had the worst performance.
Moreover, the combination of RF and linear algorithm could further improve the
predicted accuracy.
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