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Abstract: Segregation (hot-mix asphalt segregation) is one of the main problems affecting
asphalt pavement performance. The early detection is important, but the tests are quite expensive and
time-consuming. The visual examination is the cheapest method but too varied in judgement and can
rise further problems. In this experiment, we developed machine learning linear and quadratic
discriminant analyses to detect/classify segregated and non-segregated pavement asphalt. Six
variables were employed: SD only, IR only, MAD only, IR-mean, MAD-mean, IR-mean, MAD-SD-
mean and IR-SD-mean. The results showed that the complexities of information affect machine
learning performance. IR-SD-mean and MAD-SD-mean parameters gave best accuracy performance
for training data at 99.2% (LDA)/98.5% (QDA) and testing data at 98.33% (LDA)/95% (QDA)
respectively. In general, QDA gave more accuracy performance in comparison to LDA although our
data dimension is small.

Keywords: Asphalt pavement segregation; Machine Learning; segregation detection; Linear

discriminant analysis; quadratic discriminant analyses

1. Introduction

Segregation (hot-mix asphalt segregation) is one of the
main problems affecting asphalt pavement performance
Segregation is defined as the separation of aggregate
gradations, which are fine aggregates and coarse
aggregates in the asphalt mixture. Areas with a
predominance of coarse aggregate have high air voids and
low asphalt content so that it can cause pavement due to
exposure to moisture and low asphalt resistance because
it can cause cracks and holes in the asphalt pavement.
Meanwhile, in areas where the dominance of fine
aggregate has low air voids and high asphalt content can
trigger permanent deformation, such as bumpy roads®.
There are a lot of factors that contribute to asphalt
segregation, such as: material properties,
devices/instruments handling, operational parameters, and
environment conditions (humidity, temperature, pH)>¥.
There is almost no theory on how to reduce segregation in
hot mix asphalt, instead, practical approach is largely
used>o7d),

Detection of segregation can be done by non-
destructive testing, including visual examination, sand
patch testing, nuclear density, and even infra-red
tomography-based measurements?. The sand patch
testing method, which is very common, is used to measure
observations on differences in surface macrotextures.

12).

However, this method, and the other physical methods,
takes a long time and costs a lot of money. Meanwhile,
visual examination is often the easier method, however,
visual examination is very subjective and may rise
additional problems which may cause future disputes
between agents and contractors.

Machine learning is a smart algorithm which can offer
consistent and efficient classification of a sensed or
processed imagery. Various engineering problems were
solved through this Artificial intelligence subset ' - 12),
Processed imagery can be obtained using image
processing methods which is a low cost in comparison to
other asphalt segregation detection methods. Image
processing is a method that manipulates the image of a
photo by enhancing or extracting the image so that it will
display the characteristics of the image'?. Lin Cong et al.
have used the image of the paved mixture (IPM) during
construction to detect the segregation formed by detecting
variations in the spatial position between the aggregates
using machine learning classifier. This research classified
segregation into three groups, i.e., fine aggregate
segregation (FAS), non-segregation (NS) and rough
aggregate segregation (CAS). The experiment conducted
by Lin Cong et al. resulted in an accuracy of up to 87.5%'¥.
Furthermore, Bagersad et al. have used machine learning
image processing to detect asphalt segregation, which
utilizes the frequency histogram data standard deviation
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(SD). The result of this research is accuracy to determine
the asphalt segregation is beyond 80%'>. However,
until now there is no study to detect asphalt segregation in
Indonesia, which may be interesting due to varied
standards in comparison to other countries. Furthermore,
other deviation parameters such as Median absolute
deviation (MAD) and interquartile range (IR) offer more
robust and can detect outlier data in comparison to SD'®
17,18,19,20)

In this study, we use machine learning classification
methods of linear discriminant analysis (LDA) and
quadratic discriminant analyses (QDA) using parameters
of SD, MAD as well as IR to detect asphalt segregation in
asphalt pavement. We expect that the use of MAD and IR,
or both yields more accuracies in comparison SD use in
LDA and QDA.

2. Data and Methods

In this research, we chose pavement at the University
of Indonesia, Depok as our observation place. The
locations are shown in Fig 1. All the images taken contain
segregated and non-segregated asphalt pavement. The
images were taken using a Canon 60D digital camera with
a lens specification of 18-135 mm. Ahead of taking
images, the pavement surface must be cleaned and dried.

The pictures were taken at almost the same time, so that
all the images are shadows free and has similar
illumination. The totals images are 200, 100 images
belong to segregated class and non-segregated
each. Imagel] software was used to extract color histogram
of images after grey scaled, from RGB-color, into 256
colors mode. The samples are shown in Fig 2. As shown
in Figure 2 (a) and (b), the difference between segregated
and non-segregated areas can be distinguished, where the
segregated asphalt pavement images tend to have more
coarse aggregates and may look separate from fine
aggregates in comparison to non-segregated asphalt
pavement images which results in higher SD values of
segregated pavement images to non-segregated one.
Figure 2. (c) shown the difference between color asphalt
image and (d) shown greyscaled asphalt image. Figure 3.
Demonstrates the difference of histogram between
segregated and non-segregated asphalt pavement images.
The color histogram data was then used to determine
mean, SD, MAD, and IR. The training and testing were
conducted using Machine Learning classification
techniques of LDA and QDA. Machine Learning used to
classify between segregation and non-segregation by the
calculated MAD and IR. There are 140 and 60 of training
data and 60 testing data respectively. Python, scikit-learn
platform, was used in machine learning classification.

hl‘a

Fakultas limu
Komputer - Ul -~

Fig. 1: The locations of observation data images. All data are located at the University of Indonesia, Depok.
al) -6.362974"S, 106.828526"E, a2) -6.364120"S, 106.828134"E, a3) -6.363875"S, 106.828703"E, a4) -6.363967"S,
106.829495"E, b1) -6.367520"S, 106.826864"E, b2) -6.369670"S, 106.825724"E, b3) -6.369130"S, 106.828373"E,
b4) -6.369583"S, 106.828881"E.

Fig. 2: (a) Segregated asphalt image, (b) Non-segregated asphalt image, (c) Colored asphalt image and (d) Greyscaled asphalt
pavement image.
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Fig. 2: (a) The grayscale histogram of segregated (b) and non-segregated.

3. Results and Discussion

The performance of machine learning classification
methods, LDA and QDA, is determined by calculating the
ratio of correct answer to incorrect answer for training and
testing data. 100 % value reflects perfect accuracy. Here
as variables, we used SD only, IR only, MAD only, IR-
mean, MAD-mean, IR- mean, MAD-SD-mean and IR-
SD-mean. The results are given in Fig 4. for training and
testing data accuracy.

Generally, in training data accuracy, IR and MAD
parameters give more accuracy values than SD for both
LDA and QDA techniques. Our SD data is quite
indistinguishable between segregated and non-segregated
asphalt pavement data. In addition, there is a lot of
outlier’s data scattered in both segregated and non-
segregated asphalt pavement data samples. We did not
clean data before apply machine learning method on
purpose to observe that we cannot treat outlier’s data as an
exception. This result is supported by Leys et al., an
experiment which showed that MAD gave more robust
measure of dispersion and can handle outlier’s data more
in comparison to SD and mean?). Park and Cho also
demonstrated that IR can be used to handle contaminated
and non-normal data in comparison to other dispersion
measures>>).

In our experiment, we concerned about different times
of image acquisition which affect color and lightning
appearance. Although when we did image acquisition that
the angle of camera was kept steady and the time

acquisition was kept in narrow time window, the color and
lightning appearance of images still quite varied which
may affect machine learning capability to distinguish
between segregated and non-segregated asphalt pavement
data. Trying to overcome these effects, we add mean as a
machine learning parameter, since mean can reflect color
and lightning appearance conditions better than SD. The
result for training data accuracy, IR-mean gave better
performance than IR only, while MAD-mean gave similar
performance to MAD only.

To strengthen accuracy performance, we add more
parameters for machine learning: IR-SD-mean and MAD-
SD-mean. The training data accuracy of IR-SD-mean
gave highest accuracy while MAD-SD-mean did not give
significant performance. The complexity, or the number
of parameters in machine learning affect the accuracy or
performance. The plot (Figure 5) given by Miiller and
Guido gave explanation that with more complex
information given to the system, more accuracy was
obtained for training data, but not necessary for testing
data®. Unfortunately, our testing data accuracy gave poor
performance. Only MAD-SD-mean gave acceptable
performance. Further improvement should be done.

In almost all training and testing data accuracy
variables, QDA gave more accuracy than LDA. However,
this is quite peculiar since LDA should give more
accuracy in the case the dimension of data is small>¥ such
in our case.

-215 -



EVERGREEN Joint Journal of Novel Carbon Resource Sciences & Green Asia Strategy, Vol. 09, Issue 01, pp213-218, March 2022

(a) = LDA
QDA

6.497.1
90 90.7

SD

Akurasi (%)

92,14 95.71 97.897.8

MAD

Data Training

99.2 98.5
52.8595

MAD-Mean IR-SD-Mean MAD-SD-Mean

91.4295

IR-Mean

B (DA
I QDA

100 91.6 90

90 90

80

2]
=]

Akurasi (%)

20

0

90 30

MAD

Data Training

97.8 %0 98.33 95
99.3 90

IR-Mean  MAD-Mean IR-5D-Mean MAD-SD-Mean

Fig. 4: Data results for (a) testing and (b) training set.
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4. Conclusion

The QDA and LDA techniques of machine learning to
detect segregated and non-segregated pavement asphalt
have been experimented. The results showed that the
complexities of information affect machine learning
performance.  IR-SD-mean and MAD-SD-mean
parameters gave best accuracy performance for training
data at 99.2% (LDA)/98.5% (QDA) and testing data at
98.33% (LDA)/95% (QDA) respectively. In general, QDA
gave more accuracy performance in comparison to LDA
although our data dimension is small. Unfortunately, our
testing data accuracy gave poor performance and further
improvement should be done.

30

Model complexity

5: The graph of the relationship between model complexity and prediction error
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