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Abstract

Introduction. Rutting of flexible, super flexible and semi-rigid pavement structures is a typical and
frequently decisive condition parameter, form of pavement deterioration. That is why, any research result in
the field can have of high importance for the road engineers.

Problem Statement Rutting poses a significant challenge to asphalt pavements, causing permanent
deformation under heavy loads, particularly in warm and wet conditions.

Purpose. This pavement distress type has — in addition to riding comfort challenges — important
traffic safety consequences (e.g. aquaplaning), as well. The research work concentrates on the influence of
the use of warm mix asphalt, reclaimed asphalt material and foamed bitumen binder on the rut depth of
asphalt pavements.

Materials and Methods. In integration of machine learning techniques, a Feedforward Neural Network
model was presented to analyse the relationship between pavement rut depth and Reclaimed Asphalt
Pavement (RAP) content. The model, trained for RAP content ranging from 0 % to 100 %, showcased
varying R-squared values, with the highest at 50 % RAP content. Additionally, a Gaussian Process
Regression (GPR) model was employed, highlighting the significant effects of RAP content between 75 %
and 100 %. Sensitivity analysis on the GPR model provided insights into parameter effects, while the
significant influence of the number of wheel passes on pavement rut depth values emphasized the importance
of optimal road maintenance timing.

Results The results of the machine learning model indicated a R-squared value of 0.476 for 0 % RAP
content and higher values for mixtures containing RAP, with the highest value of 0.897 was found for 50 %
RAP content in the asphalt mixture. A Gaussian Process Regression (GPR) model applied showed
paradoxical effects between 75 % and 100 % RAP content. The derivative of the predicted mean rut depth
as a function of RAP content revealed varying effects on Rut depth values in the case of different RAP
content ranges. Sensitivity analysis on the GPR model was conducted by varying parameters such as Length
Scale, Noise Level, and Amplitude. The results of this analysis provided insights into how changes in these
parameters affected the mean squared error (MSE) for their various combinations. The influence of the
number of wheel passes on rut depth values was examined, showing a significant increase in rut depth after
12,000 passes and reaching its maximum value after 20,000 passes.

Keywords: foamed bitumen; warm mix asphalt; reclaimed asphalt pavement; Neural Network; GPR;
Machine learning.

Introduction

Rutting, a common distress in asphalt pavements, occurs when the pavement surface de-forms
permanently due to repeated heavy loads, particularly in warm and wet conditions. This deformation can
compromise the smoothness and safety of roads. It necessitates a thorough understanding of its underlying
mechanisms and effective mitigation strategies [1]. Several experimental studies, such [2], [3] have played
a crucial role in unravelling the complexities of pavement rutting. Among the various tests used to
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characterize rutting, the Hamburg wheel tracking test (HWTT) stands out as a widely recognized method for
simulating the effects of heavy traffic loads on asphalt pavements [4].

Researchers have also investigated the potential of different additives, including SBS, rubber, and
recycled materials, to reduce rut depth. Lv et al. [5] found that modifying asphalt mixes with SBS polymers
led to decreased pavement rut depth, albeit with optimal additive dosages needing identification. Similarly,
Ziari et al. [6] observed significant reductions in rut depth with increased rubber content in asphalt mixes.

Temperature variations during testing have also been investigated, researchers highlighting the
importance of adjusting testing protocols to accurately reflect real-world climate conditions. This adaptation
is crucial for ensuring that testing outcomes align with the actual performance of asphalt pavements [7].

Furthermore, the integration of advanced machine learning techniques, exemplified by the work of
Majidifard et al. [8], offers a promising avenue for predicting rut depth based on asphalt properties. By
leveraging convolutional neural networks (CNN), these models provide efficient and cost-effective means
for pavement design and material screening, in line with the evolving methodologies advocated by Buss et
al. [9]. In essence, these interdisciplinary efforts underscore the importance of comprehensive research and
innovative methodologies in addressing rutting issues in asphalt pavements.

Experimental

Determination of aggregate gradation

Mixed operations involved the use of gradations containing 100% reclaimed asphalt pavement (RAP),
75 % RAP, 50 % RAP, 25 % RAP, and 0 % RAP (consisting entirely of virgin aggregate), all adhering to
standard specifications [10], [11], [12] as shown in Fig. 1. The maximum specific gravities (Gmm) for these
gradations were recorded as follows: 2.464, 2.471, 2.476, 2.468, and 2.474, respectively.
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Figure 1 — Gradations selected

Bitumen type

The test series applied bitumen penetration grade 70/100 as binder. It met the prescribed standard
criteria [13]. Table 1 presents the characteristics of the bitumen applied.

In order to use this bitumen in foaming process, it achieved a half-life of 10.2 s and an expansion ratio
of 12.6 times specifically with a 2 % water content at a bitumen temperature of 170 °C.
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Table 1
Bitumen characteristics
Bitumen type Penetration, 0,1 mm | Loss on heating, m % | Softening point, °C Flaslg(;j)omt,
70/100 82.6 -0.4% 46.6 238

Machine learning models

Feedforward Neural Network (FNN)

Mixed operations involved the use of two gradations containing 100 % reclaimed asphalt pavement
(RAP), two with 75 % RAP, two with 50 % RAP, two with 25 % RAP, and two consisting entirely of virgin
aggregate all adhering to standard specifications (Fig. 1). The maximum specific gravity (Gmm) for these
gradations were recorded as follows: 2.464, 2,471, 2.476, 2.468 and 2.474, respectively.

The Feedforward Neural Network (FNN), also known as a Multi-layer Perceptron (MLP), consists of
multiple layers of neurons, including input, hidden, and output layers. The activation function used in the
hidden layers is Rectified Linear Unit (ReLU), and the output layer does not have an activation func- tion.

Mathematically, the output y; (excitation) of a node [14] is computed as:

Yi = 4’1‘( ?;1Wji zf + bi)’ )]

where n' are the total incoming connections, z' is the input, w' is the weight, 4’ is the bias, and ¢@; is the
activation function at the i node to limit the amplitude of the output the node.

The model is trained using mean squared error (MSE) loss and optimized using the Adam optimizer.
The performance metrics used are mean absolute error (MAE) and R-squared [15].

Gaussian Process Regression (GPR)

Gaussian Process Regression (GPR) is a powerful machine learning technique used for regression
analysis. It is particularly valuable when dealing with problems where the relationship between input
variables and output variables is complex and uncertain. GPR belongs to the class of non-parametric
methods, meaning it doesn't make assumptions about the underlying distribution of the data [16].

In GPR, the fundamental idea is to model the relationship between input variables x and output
variables y as a joint Gaussian distribution. This distribution represents a prior belief about how the data
might be related before observing any actual data points. As new data points are observed, the distribution
is updated, allowing for more accurate predictions [17].

The basic equation of GPR can be represented as follows:

f(x) ~GP (m(x), k(x, x/)), )

where — f(x) is the function to be modeled;

— x and x' are input variables;

— m(x) is the mean function, representing the expected value of f(x);

— k(x,x') is the covariance function, also known as the kernel function, which captures the
relationship between (x) and (x) [18].

The kernel function plays a crucial role in GPR. It determines the smoothness and the shape of the
predicted function. Commonly used kernel functions include the Gaussian kernel, linear kernel, polynomial
kernel, and RBF kernel [16].

To make predictions using GPR, given a set of observed data points X, and their corresponding
output values Yo, the posterior distribution of f(x) conditioned on the observed data is computed. This is
given by:

p((f () Xops » Yobs» x) = N (u(x),0 (x)), (3)

where — pu(x) is the mean of the posterior distribution, representing the predicted value of f(x);
— o (x) is the covariance matrix of the posterior distribution, capturing uncertainty in the
prediction [19].
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Evaluation of GPR typically involves assessing the predictive performance of the model on
unseen data. Common evaluation metrics include mean squared error (MSE), mean absolute error (MAE),
and R-squared [18]. Real-world applications of GPR span various domains, including finance, environmental
science, engineering, and healthcare. It has been used for tasks such as time series forecasting, anomaly
detection, and modelling complex physical processes [16]. This regression was used for predicting rut depth
based on the number of passes and different contents of Reclaimed asphalt materials (RAP) and it was
defined using a RBF kernel. The model was trained for each RAP percentage, then predictions were made
for all RAP percentages using the trained model.

Results

A Feedforward Neural Network model was defined using TensorFlow's Keras API. The model
was trained for each RAP content in a range of 0-100. Training histories were plotted to visualize
training and validation loss (MSE) and mean absolute error (MAE) over 1000 epochs for each
RAP content (Figs 2 — 6). In addition to that, the model was trained separately for each RAP content, and
R-squared was less than 0.5 (0.476) with mixture contain 0 % RAP and achieved high values (0.897) with
mixture containing 50 % RAP, and for other mixtures were (0.461, 0.869 and 0.874 with mixtures containing
25 %, 75 % and 100 % RAP, respectively.

166 Training and Validation Loss for RAP 0% o o
Training and Validation MAE for RAP 0%
2.54 — Training Loss 360013 —
- Validation Loss — Training MAE
—— Validation MAE
1400 4
2.0
1200 4
154 1000
a w i
g < 800
1.0 4 600 -
400 -
0.5
200 L
4 0 d e T A_AJ
004 * J'L : . . ; ) .
. , . r ' r 0 200 400 600 800 1000
0 200 400 600 800 1000 Epoch

Epoch

Figure 2 — Training history for mixtures containing 0 % RAP
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Figure 3 — Training history for mixtures containing 25 % RAP

36ipHuk Haykosux npayb «JJOPOT'U I MOCTU» www.dorogimosti.org.ua
ISSN 2524-0994 (Print), ISSN 2786-488X (Online). Dorogi i mosti, 2024. Issue 30 141



CONSTRUCTION AND CIVIL ENGINEERING
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Figure 4 — Training history for mixtures containing 50 % RAP
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Figure 5 — Training history for mixtures containing 75 % RAP
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Figure 6 — Training history for mixtures containing 100 % RAP
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Scatter Plot for FBC 1.5
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Figure 7 — Scatter plot for asphalt mixtures with 1.5 %, 2.0 % and 2.5 % of FBC

Correlation analysis for different RAP and FBC combinations were created. For each FBC value,
scatter plots were created to compare actual and predicted rut depths for different RAP contents, and to
observe the relationship between the number of wheel passes and rut depth in case of different RAP
contents (Fig. 7 and Fig. 8).
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The predicted values of rut depth with 25 % RAP content went out of the ordinary with 2.5 % of FBC
and achieved failure with 3.5 % of FBC when number of wheel passes amounted to 7,500.

The predicted values of rut depth with 50 % RAP content went out of the ordinary with 1.5 % and
3.5 % of FBC and still equal to 0.

The predicted values of rut depth with 75 % RAP content achieved the most relatable values but with
one super values with 2.5 % of FBC equal to — 10 mm when number of wheel passes surpassed 20,000.

The predicted values of rut depth with 100 % RAP content went out of the ordinary with 1.5 % and
3.5 % of FBC, and achieved super rut depth with 2.0 %, 2.5 % and 3.0 % of FBC with maximal rut depth
equal to —14 mm when number of wheel passes were above 20,000.
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Figure 8 — Scatter plot for asphalt mixtures with 3.0 % and 3.5 % of FBC

A new model was built using Gaussian process regression to model the relationship between rut depth
and RAP content.

Figure 9 shows the mean predicted rut depth as a function of RAP content. Each point represents the
mean Rut depth for a specific RAP content, along with error bars representing the standard deviation of Rut
depth at each RAP content. The solid line shows the mean predicted Rut depth, while the shaded area around
it shows the uncertainty (standard deviation) in the prediction. As it can be seen, the most negative effective
of RAP content is in a range of 80 — 85 %. Figure 10 presents the derivative of the predicted mean Rut depth
with respect to RAP content. It indicates how much the Rut depth is affected by changes in RAP content
with the following results. The RAP content between 25 % and 50 % decreases the cracking resistance; in
the range of 55 — 70 %, an increase can be detected in the cracking resistance; between 80 % and 90 %, this
parameter decreases sharply; in the last phase up to 100 %, the cracking resistance improves again.
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Gaussian Process Regression for rut depth vs RAP content
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Figure 9 — GPR for rut depth as a function of RAP content

Effect of RAP content on rut depth
\ \

0.02 1

—— Derivative of rut depth
©® Real data derivative

\ \
‘

0.00 i ‘

o ‘ /

—0.02 1 ® ‘

—0.04

—0.06 A —

Effect on rut depth (mm)

—0.08 A

—-0.10

] 20 40 60 80 100
RAP content (%)

Figure 10 — The influence of RAP content on rut depth

In Figure 11, in addition to the investigation of the impact of RAP content on rut depth, the influence
of the number of wheel passes on the anticipated rut depth values is identified. This analysis was performed
cumulatively for each set of 750 passes, starting from the initial 750 passes and continuing in increments
(e.g., effects of 750 passes, followed by 1,500 passes, then 2,250 passes etc.). The rut depth reaches its
maximum value after 20,000 wheel passes and experiences a significant increase after 12,000 passes. The
results of this analysis can contribute to the determination of the optimum time for road maintenance.
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Predicted Rut depth vs. Number of passes

30 ® RAPO0%
RAP 25%
® RAPS50%
20 A1 ® RAP75%
® RAP 100%
— Predicted rut depth
10 Uncertainty

'WTTTH“}HHH} ll l 'll”

o

Rut depth (mm)

|
i
°

QO (]

o @0

0 2500 5000 7500 10000 12500 15000 17500 20000
Number of passes

Figure 11 — The influence of the number of passes on rut depth values

Figure 12 illustrates that the GPR model used 80 % of the data for training and the remaining 20 %

for testing the model resulting R-squared equal to 0.52 as it can be seen in Figure 13.

Scatter plot of training and testing data

e Training data
e Testing data

Figure 12 — Scatter plot using GPR model
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Predicted versus measured rut depths (Testing data)
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Figure 13 — Predicted rut depth as a function of measured testing data

Performance of ML models

Sensitivity analysis on a Gaussian Process Regression (GPR) model was conducted with varying
parameters: length scale, noise level, and amplitude. For each combination of parameters, a GPR model is
initialized and trained on the given dataset. Predictions were made using the trained model, and the mean
squared error (MSE) between predicted and actual rut depths is calculated.

Figure 14 summarizes the results of MSE values against amplitudes and the x-axis was scaled
logarithmically to accommodate the wide range of amplitude values. Figs. 15 — 20 present each combination
of length scale and noise level according to the group of data. It provides insights into how changes in
amplitude affect the MSE for different combinations of length scale and noise level.

Length scale of 35.2 with noise level of 0.02 suggests that the GPR model is relatively smooth, with
a length scale indicating that it considers points within a radius of approximately 35.2 units to be correlated.
The noise level of 0.02 indicates the expected level of noise in the data. The length scale of 0.6 with noise
level of 0.01 indicates a moderately smooth model with a slightly larger length scale compared to the
previous one. The noise level of 0.01 suggests a low level of noise in the data. But length scale of 0.22 with
noise level of 0 indicates that the model captures fine-grained variations in the data. The absence of noise
(0 noise level) implies that the model assumes the data is without randomness. Length scale of 0.01 with
noise level of 10 suggests that the model may be overfitting to noise in the data. Length scale of 100 with
noise level of 1.28 considers points within a large radius to be correlated, potentially capturing broad trends
in the data. The noise level of 1.28 indicates a moderate level of variability in the data. Length scale of 100
with noise level of 3.59 suggests that the model accounts for broader trends but may struggle to filter out
randomness.

In summary, the length scale determines the smoothness of the model, with smaller length scales
capturing fine-grained variations and larger length scales capturing broader trends. The noise level indicates
the expected level of variability or randomness in the data.
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Sensitivity Analysis: Length Scale vs. Noise Level vs. Mean Squared Error
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Figure 15— Deep sensitivity analysis of GPR model, part 1
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Conclusions

The main aim of the study was to develop a Feedforward Neural Network model for the analysis
of the relationship between Rut depth values and Reclaimed Asphalt Pavement (RAP) content of
asphalt mixtures.

The model was trained individually for different RAP content ranging from 0 % to 100 %. An
optimizer (‘adam') and a loss function (‘mse') were used for the regression analysis. Training histories were
visualized through plots showcasing training and validation loss (MSE), as well as mean absolute error
(MAE) over 1 000 epochs for each RAP content selected. R-squared values were also calculated. Results
indicated a R-squared value of 0.476 for 0 % RAP content and higher values for mixtures containing RAP,
with the highest value of 0.897 was found for 50 % RAP content in the asphalt mixture.

Additionally, a Gaussian Process Regression (GPR) model was constructed in order to model the
relationship between Rut depth and RAP content of asphalt mixture. The RAP content between 75 % and
100 % had most paradoxical effects. The derivative of the predict-ed mean rut depth as a function of RAP
content revealed varying effects on rut depth values in the case of different RAP content ranges.

Sensitivity analysis on the GPR model was conducted by varying parameters such as length scale,
noise level, and amplitude. The results of this analysis provided insights into how changes in these
parameters affected the mean squared error (MSE) for their various combinations.

In addition, the influence of the number of wheel passes on rut depth values was examined, showing
a significant increase in rut depth after 12,000 passes and reaching its maximum value after 20,000 passes.
The outcome of this analysis can significantly contribute to the identification of the optimal timing for road
maintenance interventions.
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"Vuisepcumem Iumesana Ceueni, @daxynomem 6yodienuymsa, Joep, Yeopuuna
Incmumym mpancnopmuux nayk KTI, Hexomepyitina TOB, Byoanewm, Yzopuuna

MOJEJIOBAHHSA I'TABUHU KOJIMHOCTI TEILJINX AC®PAJTBTOBETOHHUX
CYMIIIEXA (WMA) 3 BUKOPUCTAHHSM 3MIHHOI'O BMICTY PEIIUKJIbOBAHOT O
ACOAJTBTOBETOHHOI'O TIOKPUTTA (RAP) I CHIIHEHHOI'O BITYMY

Anomauisa

Beryn. YTBOpeHHS KOMIM HAa MOKPUTTSAX THYYKOI, CYIIepP-THYYKOI Ta HAIMBXKOPCTKOI KOHCTPYKIIII €
TUTOBUM 1 4acTO BU3HAYAILHUM TIOKA3HUKOM CTaHy, a TAKOX (POPMOIO PYHHYBaHHS JIOPOKHBOTO TOKPUTTSI.
Tomy Oymap-KUil pe3yibTaT JOCHTIHKCHb Yy I Tally3l MOXE MaTH BaXKJIMBE 3HAYCHHS IS JTOPOKHIX
IHXCHEPIB.

IocranoBka npobnemu. KomniiiHicTs € cepiio3HOI0 MPoOIeMOoro aj1st achalbTOOCTOHHUX MOKPHTTIB,
BUKITMKAIOUYH TIOCTIHHI JeopMartii i1 1i€r0 BAXXKUX HAaBAaHTAXKEHb, 0COOIMBO Y TETUTUX Ta BOJOTHUX YMOBaX.

Mera. Leit Tun pyiiHyBaHHSI NOKPUTTS, KPiM BIUTMBY Ha KOM(OPT MiJ Yac i3/11, Ma€ BasKJIMB1 HACIIIKU
Ut Oe3MeKy JOPOXKHBOIO PyXy (HANpPHKIIAZ, aKBarylaHyBaHH:). JIOCTiIKEHHS 30CEPEIKEHO Ha BILIMBI
BUKOPHCTaHHS TEILIMX ac(aibTOOCTOHHUX CyMIIEH, PeHUKIbOBAHOIO ac(aibTOOSTOHHOrO MaTepiaay Ta
B’SKYYOIo 31 CIIIHEHUM OITYMOM Ha TJIHOMHY KOJIiii Ha ac(halbTOOCTOHHUX MOKPHUTTSX.

Marepiann Ta MeToau. 3 BHKOPHCTAHHSIM TEXHIK MAITMHHOTO JOCTIKEHHS OyJI0 TpPEICTaBIICHO
Mozenb Heliporroi Mepexi 3BOpoTHOTO 3B’ 3Ky IS aHAITI3Y 3JIEKHOCTI MK TITMOMHOIO KOJIiH 1 BMICTOM
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peIuKIboBaHOro achanbrodeToHHoro nokputts (RAP). Mogens, siky Oyiio mporectoBano Ha BMmicT PAP B
miamazoni Bim 0% mo 100 %, mokaszana pi3Hi 3HaueHHs KoedimieHTa aerepMiHamii R?, 3 HaWBUIIAM
noka3aukoM npu 50 % Bmicty RAP. Kpim toro, Oyna 3actocoBana mogens Perpecii Ha ocHoBi ['ayciBcbkux
nporeciB (GPR), ska minkpecnuia 3naunmii BB BMicty RAP B mexax Bim 75 % mo 100 %. Anamis
gytnuBocTi Mozaeni GPR Hazam ysBIIeHHS mpo BIUTMB IapaMeTpiB, a 3HAYHWHA BIUIUB KiJIBKOCTI IIPOXO/IiB
KOJTIC Ha 3HAYEHHS TJIMOWHU KOJIi# i IKPECIUB BAXKITHUBICTh ONITUMAILHOTO Yacy JiIs 00CITyrOByBaHHS JIOPIT.

Pesymbratu. Pe3ymbraTé MOJEIi MamT@HHOTO IOCITIIHKCHHS BKA3adyd Ha 3HA4YCHHS KoedirieHTa
nerepminamii R? pisae 0.476 mansa 0 % Bmicty RAP Ta Bumii 3HauenHs ansa cymimeit 3 RAP, mpuuomy
HaiiBumuii nmokasHuk 0.897 O0yB BusiBienuit s S0 % Bmicty RAP B acdanbrobeTonHil cymimi. Monenb
Perpecii Ha ocHoBi ['ayciBcekux mporeciB (GPR) mokasana mapamokcanbhi edexkru npu BmicTi RAP Big
75 % no 100 %. [ToximHa Bij MPOTHO30BaHOI CEPEIHBOT MIMOMHU KOl sK QyHKIT BMicTy RAP nokasana
Pi3HUII BIJIMB HA 3HAUYCHHS MNIMOWHU KOJIH y BUMAAKy Pi3HUX Aiana3oHiB BMicTy RAP. Anani3 gayTnuBocTi
3 BuKopucTaHHaM Moneini GPR Oye nmpoBeneHui MIIIXOM 3MIHM TaKHMX HapaMETPiB, IK MAcCIITa0 JTOBKHUHH,
piBeHb IIyMy Ta aMIuIiTyna. Pe3ynpTaTH IIhOTO aHAi3y Hamadd YSBJICHHS MPO Te, SIK 3MIHH B ITHX
napamMeTpax BIUIMBaJM Ha cepegHboKBaaparnyHy MoxuOky (MSE) mmg ixHiX pi3HEX KOMOiHAIH.
Byno mocmimkeHO BIUIMB KUIBKOCTI TPOXOMIB KOJIC HAa 3HAYCHHSA TJIMOWHU KONIH, [0 ITOKa3aJio
3HaYHE 301IBIICHHS TTHOWHH KoJTii micist 12 000 mpoxomiB Ta TOCATHEHHS MAKCUMATBHOTO 3HAYCHHST ITiCIIS
20 000 mpoxoiB.

Knrouoei cnoea: criinenuii 6ityM, Temia achaabTOOCTOHHA CyMilll, pELUKIbLOBaHE ac(aibTOOCTOHHE
nmokpuTTs, Heiiporna Mepexa, Perpecis Ha ocHoBi ["ayciBchkux nporieciB (GPR), mamumaHe mOCTI IKEHHS.
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