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Asphalt, widely used for road pavement, has different required physical properties depending on the environment to which
the road is exposed. Therefore, it is essential to maximize the life of asphalt roads by evaluating the physical properties of
asphalt according to additives and selecting an appropriate formulation considering road traffic and climatic environment.
Dynamic shear rheometer(DSR) test is mainly used to measure resistance to rutting among various physical properties of
asphalt. However, the DSR test has limitations in that the results are different depending on the experimental setting and
can only be measured within a specific temperature range. Therefore, in this study, to overcome the limitations of the DSR
test, the rheological characteristics were predicted by learning the images collected from atomic force microscopy. Images
and rheology properties were trained through EfficientNet, one of the deep learning architectures, and transfer learning was
used to overcome the limitation of the deep learning model, which require many data. The trained model predicted the
rheological properties of the asphalt binder with high accuracy even though different types of additives were used. In
particular, it was possible to train faster than when transfer learning was not used.
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Fig. 2. Concept of transfer learning
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Table 1. Specification of asphalt binder used for experiment

Aging states Test properties PG 64-22 | PG76-22
Viscosity @ 135°C (Pa-s) 0.531 3.244
Unaged binder -
G*/sin 6 @ 64°C (kPa) 1.415 1.9
RTFO aged e o
residual G*/sin § @ 64°C (kPa) 2.531 33
G*sin 6 @ 25°C (kPa) 2558 3650
RTFO+PAV . o
aged residual Stiffness @ -12°C (MPa) 287 285
m-value @ -12°C 0.307 0.302
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Table 2. Asphalt binder used for experiment

Base binder SIS(%) GTR(%)
PG 64-22 0 0
PG 64-22 5 0
PG 64-22 10 0
PG 76-22 0 10
PG 76-22 5 5
PG 76-22 5 10
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Table 3. Result of DSR test

Base binder SIS(%) GTR(%) G*/sin &
PG 64-22 0 0 0.51
PG 64-22 5 0 2.72
PG 64-22 10 0 6.61
PG 76-22 0 10 1.27
PG 76-22 5 5 8.38
PG 76-22 5 10 13.67
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