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ABSTRACT

The dynamic modulus (|E*|) and phase angle (¢) of asphalt mixtures are two essential
parameters for predicting pavement performance. These parameters are helpful in evaluating
fatigue cracking and rutting in Mechanistic Empirical Pavement Design Guidelines (MEPDG).
In addition to this, these parameters are also used to assess low temperature cracking,
moisture damage, international roughness index, and reflective cracking. Therefore,
predicting these parameters at a given temperature and for a different range of loading
frequencies is essential. To evaluate the effectiveness of the proposed methodologies in first
three objectives, dynamic modulus and phase angle measurements reported in national
cooperative highway research program (NCHRP Project) 9-19 were used. Eight binders and
five aggregate gradations originating from 201 distinct asphalt mixtures were identified.
Dynamic modulus and phase angle mastercurves were constructed for individual mixtures
using three mastercurve (sigmoidal, generalized sigmoidal, and CAM mastercurve) functions
and two temperature shift factor determination approaches (free shifting approach and
second order polynomial approach).

In addition, for improving the accuracy of phase angle prediction, the first objective of
the study proposes a rational model to describe the shape of phase angle mastercurve. The
proposed model is a combination of two sigmoidal functions having seven parameters. The
proposed 7-parameter model was compared with popular sigmoidal, generalized sigmoidal,
and CAM mastercurve models. Results indicate that the proposed model accurately describes
the shape of phase angle mastercurve than other described models. Statistical analysis
showed reasonable correlation among phase angle mastercurve characteristics (peak phase

angle and its location) and other variables (i.e. mixture volumetrics, mixture gradation).



Mixturewise regression models were also proposed to predict phase angle mastercurve
characteristics. Goodness of fit indicators verified that the proposed predictive models were
able to predict phase angle mastercurve characteristics well.

Further, the study proposes an efficient approach to arrive at Gene Expression
Programming (GEP) based models for |E*| and ¢ prediction. The proposed methodology
encompasses (i) construction of |E*| and ¢ mastercurves, (ii) ranking of GEP based predictive
expressions that uses reduced frequency, aggregate gradation, asphalt binder content, binder
properties, and mixture volumetrics as input, and (iii) selection of predictive model at optimal
tree depth, and (iv) recalibration. Thus, proposed methodology strives to attain right balance
among selection of highly influencing variables, predictive model complexity, and predictive
accuracy. To validate the proposed methodology, database reported in NCHRP 9-19 study was
used. With application of proposed approach with increasing tree depths, model complexity,
predictive accuracy and computational time increased. However, beyond certain tree depth
the increment in model accuracy was marginal. This can be attributed to incorporation of
highly influencing variables in initial stages and limitation on model forms during GEP module
execution. The robustness of the proposed GEP based predictive expressions was checked
with independent database and competitor models. The numerical values of goodness of fit
indicators showed improved predictive accuracy through proper selection of input variables,
and predictive model. The predictive accuracy was further improved through mixturewise
recalibration. The proposed predictive expressions can be conveniently utilized for |E*| and ¢
prediction through recalibration and subsequent preliminary design.

Furthermore, the third objective proposed a deep learning approach to predict |E*|
and ¢. The input variables for deep learning model consisted of information regarding

reduced frequency, binder properties, aggregate gradation, and mixture volumetrics. When
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compared to other input variables, reduced frequency and binder properties were highly
correlated with dynamic modulus and phase angle. Further, recursive feature elimination was
used to rank all input variables. Using these ranked input variables, deep learning based
models for predicting dynamic modulus and phase angle were developed. The deep learning
architecture (finalized through exhaustive optimization) dependent on parameter under
consideration, and mastercurve construction approach was adopted. Detailed statistical
analysis indicated dynamic modulus predictive models performed better when compared to
phase angle predictive models. The numerical values of goodness of fit indicators showed that
accuracy of deep learning based model was dependent on mastercurve construction
approach adopted. Overall results indicated that the deep learning based models can predict
dynamic modulus and phase angle with good accuracy. The output from the proposed deep
learning models can be used as direct input into pavement design framework, which can result
in accurate prediction of pavement performance.

The fourth objective of the study was to propose a machine learning based cost
optimization of Marshall mix design. To develop the machine learning based cost optimization
framework, different aggregate gradations in terms of D; values from Dgg to Dio, binder
content, and bulk specific gravity of aggregate were used to predict Marshall test results and
mix volumetrics. However, along with the aggregate gradation, coefficient of uniformity (C,,)
and curvature (C,) were used to develop the framework. To account for all shape factors at
all the points on a gradation curve, new C,'s and C.'s were developed. The new C,'s and
C.'s showed better correlation with mixture volumetrics. The four approaches were used for
optimization with different machine learning predictive models using input independent
variables as: (i) Approach 1: D; values from Dqy to D, (ii) Approach 2: D; values and traditional

C, C. (iii) Approach 3: new developed C, and C, (iv) Approach 4: new developed C,'s and
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C.'s developed and traditional C, C.. The cost optimization algorithm was developed for
these four approaches by providing constraints on aggregate gradation and mixture
volumetrics. The approaches with new C,,'s and C,'s resulted in lower binder content when
compared to approaches with D; values. Also, the approaches with traditional C,, C, provided

similar aggregate gradation curves.
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R a1 AT| 201 37ETT-37eTaT STER TAHOT @ ScteeT 3116 TS AR T FHwa T YU

UE T 1 15 | TETTA 7-IRTHE AT Sl JofolT Tt AT S, AT [HaAIgs o
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