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ABSTRACT

In this study, a Machine Learning (ML) method was utilized to predict whether the sample heights of the
briquettes prepared during the hot mix asphalt design step (Marshall method) will be within the tolerances
specified in ASTM D 6927 standard. Factors affecting the sample height were analyzed using a multilayer
perceptron algorithm. In the analysis process, the sample heights of the road layers consisting of base,
binder, wearing, and SMA wearing layers were estimated with an accuracy of about 90% or more,
demonstrating the high accuracy of the model. As a result, there is high possibility of utilizing ML to
prepare asphalt specimens within the required height range.
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I.  INTRODUCTION

The Marshall Method is widely utilized to evaluate asphalt
pavement deformation and to determine the optimum bitumen
content for achieving maximum performance and minimal
wheel load deformation. Its simplicity, quick results, and
compatibility with California Bearing Ratio (CBR) testing
equipment, result in the selection of this technique [1-5].

In this method, specimens with varying bitumen contents
are prepared to create performance graphs. Typically, three
briquettes are produced for each bitumen ratio near the
predicted optimum, with increments of 0.5%. Two ratios are
chosen above and below the estimated optimum, resulting at
least in 15 specimens.

The procedure for determining the optimum bitumen rate
includes the following steps:

e Aggregate selection.

e Bitumen selection.

e Sample preparation (including compaction).
e Measurement of sample height.

e Density and void calculations.

e Selection of optimum bitumen ratio.

Each layer's gradation must comply with the limits
specified in the Turkish Highways Technical Specifications [6],
as detailed in Table I.

According to ASTM D6926, specimens should have a
height of 63.5 mm, achieved by applying 50 or 75 impacts
during compaction [7]. However, predicting whether the hot
mix asphalt will form molds and briquettes with the desired
height of 63.5 + 2.5 mm after compaction is challenging. To
control this, (1) was employed to adjust the mass of the
aggregate based on the final specimen height:

63.5 X (mass of aggregate ) (1)

Adjusted mass of aggregate = Specimen height
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TABLE L BASE COURSE, BINDER COURSE, WEARING
COURSE, AND SMA WEARING COURSE LIMITS [6].
Sieve sizes Base Binder | Wearing SMfA
Inc No mm course course course wearing
course
11" 37.5 100 - - -
1" 25 72-100 100 - -
3/4™" 19.10 60-90 80-100 100 100
172" 12.70 50-78 58-80 88-100 90-100
3/8" 9.52 43-70 48-70 72-90 50-75
No.4 4.75 30-55 30-52 42-52 25-40
No.10 2.00 18-42 20-40 25-35 20-30
No.40 0.420 6-21 8-22 10-20 12-22
No.80 0.177 2-13 5-14 7-14 9-17
No.200 | 0.075 0-7 2-7 3-8 8-12
Bitumen Ratio 3.5-5.0 3.5-6.5 4.0-7.0 5.8(min.)

Air voids in an asphalt mixture are influenced by several
factors including briquette weight, bitumen content, aggregate
water absorption, and mixture temperature. These voids, in turn
affect the final height of Marshall briquettes, which are
compacted using a 101.6 mm diameter mold. If the prepared
samples do not meet the required height after compaction as a
result of heating and mixing with bitumen, a loss of 7 days can
occur during the evaluation phase. In this case, not only time is
lost, but also there is economic loss as well as material waste.
Moreover, ASTM D6927 does not permit the use of specimens
outside the specified height range and does not provide a
correction method for such deviations [8].

Despite these challenges, the Marshall test remains the most
utilized method to estimate the optimum bitumen content [9-
12]. However, as it is based on average values from briquette
groups with varying bitumen ratios, it can exhibit high
variability. Apart from this, the overall process -from sample
preparation to the final result- is time consuming [13-16].
Therefore, enhancing this method with modern technology
could enhance the specific limitations.

Although there is limited research directly examining the
height of hot mix asphalt specimens, some studies have

explored the impact of specimen dimensions on the properties
and performance of asphalt mixtures. For example, authors in
[17] investigated the effects of Portland cement and cationic
slow-setting bitumen emulsion additives on road performance,
with the results revealing that a mixture of 4% Portland cement
and 3% bitumen emulsion was optimal for specimens with
different heights. Additionally, authors in [18] assessed the
impact of recycled demolition waste in bitumen emulsion on
permanent deformation behavior. The findings demonstrated
that specimen height affected deformation responses and that
demolition waste enhanced resistance to traffic loading while
reducing elastic strain.

During the hot mix asphalt design process, the height of
prepared briquettes can vary depending on the mass of the
sample. Due to the difficulty of predicting how the aggregate
and bitumen mixture will settle and compact at a certain
temperature, the final briquette height often exceeds or
sometimes remains low, and thus, prolongation of the design
period can be caused. This study aimed to predict the briquette
height of hot mix asphalt through ML, considering factors such
as aggregate mass, bitumen mass, aggregate water absorption,
bitumen absorption, specific gravity, preparation temperature,
and bitumen ratio.

II. MATERIALS AND DATA PROCESSING

In this study, briquettes were prepared under laboratory
conditions for the base course, binder course, wearing course,
and SMA wearing course layers. Examples of the sample
height of each layer and the factors affecting this height are
presented in Table II. The details regarding the height of the
briquettes at minimum bitumen content, along with key
parameters, such as aggregate mass, bitumen mass, coarse and
fine aggregate, water absorption, aggregate bitumen absorption,
theoretical maximum specific gravity, mixture preparation
temperature, and bitumen ratio for each sample, are available
and can be shared upon request.

TABLE II. DATA OF SAMPLES
. Coarse Fine Theoretical Preparation
. Aggregate Bitumen Aggregate . .
Specimen . . aggregate aggregate T maximum temperature Bitumen
. mass in the mass in the bitumen . . .
height . . water water . specific gravity of the ratio
mixture mixture . . absorption i .
absorption absorption of the mixture mixture
Data of the base course samples
63.2 1050 31.5 145 1.57 0.79 2474 145 3.0
63.2 1075 323 1.45 1.57 0.72 2481 155 3.0
64.5 1150 34.5 0.75 0.84 041 2.569 135 3.0
Data of the binder course samples
62.6 1050 36.8 2.01 1.64 0.71 2.450 150 3.5
65.8 1175 47.0 0.71 0.81 0.34 2.535 145 4.0
63.9 1100 38.5 1.08 1.81 0.68 2.653 150 35
Data of the wearing course sample.
65.1 1150 46.0 1.09 1.59 0.57 2.614 155 4.0
64.5 1150 40.3 047 0.55 0.23 2.562 140 35
64.1 1060 42.4 1.90 1.72 0.69 2.428 145 4.0
Data of the SMA wearing course samples
63.2 1100 60.5 0.56 0.74 0.35 2.454 134 5.5
63.7 1100 60.5 0.56 0.62 0.32 2458 135 5.5
63.3 1100 60.5 1.23 1.35 0.65 2.571 133 5.5
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The experiment considered four asphalt concrete layer
designs with maximum aggregate sizes of 38.0, 25.0, and 19.0
mm, with 84 of the 102 total specimens exhibiting dense
gradation while 18 demonstrated gap gradation. Among the
dense-graded mixtures, 27 were for base course, 31 for binder
course, 26 for wearing course, while the 18 samples with gap
gradation were for SMA wearing course. Figure 1 illustrates
the equipment for briquette preparation as well as the samples.

88S

DD

@@

Fig. 1.

Marshall experiment process.

B70/100 penetration grade bitumen from Batman Tiipras
refinery was employed, as it is easily available and commonly
used in Turkey's hot mix asphalt industry. Bitumen penetration
degrees were measured according to TS EN 1426 [19]. Most
aggregates were of magmatic origin, with some being
sedimentary. Bitumen absorption was determined following the
Bituminous Mixtures Laboratory Manual [20], while water
absorption and specific gravity were tested according to TS EN
1097-6 [21].

III. MACHINE LEARNING AND MULTILAYER
PERCEPTRON

ML is a scientific filed focused on developing algorithms to
identify data patterns and predictive models. As more data and
experience are accumulated, the accuracy of these models
improves [22]. ML is particularly useful when data cannot be
easily encoded. There are several criteria to evaluate the results
of these algorithms. Mean Absolute Error (MAE), Root Mean
Squared Error (RMSE), and Kappa statistics measure error
rates, while precision, recall, and F-measure assess
performance. MAE is expressed as the average of the
difference between predicted values and actual values of all
data while RMSE is calculated by taking the square root of the
difference between the values estimated by the model and the
actual obtained values [23]. On the other hand, Kappa value is
a term for measuring the mismatch between observational
values. The closer this value is to 1, the better is the agreement
between observations. The kappa statistic is frequently used to
test interrater reliability.

Low MAE and RMSE values, along with a high Kappa
statistic, indicate a more accurate model. Likewise, high values
for precision, recall, and F-measure signify strong classification
performance. These metrics are derived by comparing
predicted outcomes to actual outcomes using the following
terms: True Positive (TP), True Negative (TN), False Positive
(FP), and False Negative (FN). Equations (2-5) and Table III
detail these terms [24-26].

TABLE III. CONFUSION MATRIX
Class TP FP N TN
Wearing 29 1 1 %9
Binder 29 2 3 o1
Base 23 2 ) =
SMA Wearing 17 ) 3 55
Precision = o
TP+FP
TP
Recall = 3
TP+FN
F — measure = 2XRecall xPrecision @
Recall + Precision
TP+TN
Accuracy = ————— )
TP+FP+FN+TN

IV. RESULTS AND DISCUSSION

Three classes -ideal, medium, and critical- were created to
categorize the sample heights for four different highway layers.
Classification was used to simplify the data for easier
interpretation. The ideal sample height of 63.5 mm was used as
the reference point for classification. As the sample height
deviates further from 63.5 mm, it is considered more critical
rather than ideal. The classification based on sample height is
depicted in Figure 2.

Specimen [ o) [ 6 ) [6) [ 64) {65 ) [ e )
Height (mm) \ / \ \ \ /

Class Critical Moderate Ideal Moderate Critical

Fig. 2. Classification based on specimen height.

Using the existing classification and data for each layer, an
analysis was performed with a multilayer perceptron algorithm.
In this process, 70% of the dataset was employed for training,
15% for validation, and 15% for testing.

Figure 3 and Table IV display the performance and error
criteria, respectively, for each road layer.

Upon examining the performance values obtained from the
algorithm, it was evident that there was a success rate
exceeding 90% for each road layer. Among the performance
metrics, the F-measure was detected as the most decisive
variable in determining the algorithm's success. Based on this
criterion, the highest overall accuracy and lowest error values
were achieved in the wearing course layer.
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Fig. 3. Performance criteria obtained through the multilayer perceptron
algorithm.
TABLE IV. ERROR CRITERIA OBTAINED THROUGH THE
MULTILAYER PERCEPTRON ALGORITHM
- Kappa statistic RMSE MAE
Wearing course 0.946 0.185 0.131
Binder course 0.899 0.178 0.104
Basecourse 0.878 0.232 0.107
SMA wearing course 0.791 0.259 0.162

As for the error criteria, strong results were also observed,
similar to the performance results. The Kappa statistic was
highest for the wearing course, indicating strong agreement
between predicted and actual values. Meanwhile, the RMSE
and MAE values were the lowest in the binder course, further
confirming the model's predictive strength.

V. CONCLUSIONS

This study investigated the utilization of Machine Learning
(ML) in determining the optimum bitumen content in asphalt
layers through Mashall method, in order to avoid time and
material waste. A dataset was created considering variables
affecting specimen height, and three height classes were
identified: ideal, moderate, and critical. The analysis predicted
the sample height classes for each road layer (base, binder,
wearing, and SMA wearing courses) with an accuracy of at
least 90%. Consequently, there is high possibility of enhancing
the asphalt application process with ML. By enabling early
prediction of specimen heights, this method helps minimize
design iteration, as well as reducing reliance on manual trial-
and-error. Thus, it supports more accurate determination of
optimum bitumen content and contributes to a more sustainable
and economically efficient asphalt design process.
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