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ABSTRACT

There are many cut and fill slopes in exptressway in Japan, because those are located at the mountain areas.
Recently, due to heavy rainfall or large-scale earthquakes, the collapses of slopes on expressways have been
seriously influenced to economic activities and daily lives (Nagao et al, 2019, Haga et al, 2019).
Furthermore, about 40% of expressways network are over 30 years in service, and the deterioration risk
becomes also higher than ever before. In this paper, we introduce the risk evaluation strategy of the cut
slopes due to heavy rainfall based on actual damage data in Japan.

Damage of the slopes due to heavy rainfall is affected by both rainfall pattern and the characteristics of
slopes such as ground material, slope angle, slope size, operation period and topography. Firstly, we studied
the rainfall pattern at the collapse point of the cut slope based on actual experiences from the analytical
rainfallprovided by the Japan Meteorological Agency, which is the "trigger". Secondary, we scored many
factors, such as topogtraphy, geology based on the slope data base. When we gave evaluation values to each
slope, the frequency distribution regarding the evaluation value was obtained as shown in the Figures 1 and
2. Number of damage data 92 is very small comparing to the that of non-damage data 6812 for Tohoku
district in Japan during the 1993 to 2017. Figures indicate that the larger the numerical value, the greater the
risk. Details of how to calculate the
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Figure 3 shows the schematic diagram of the comparison between the risk assessment method and the

machine learning using artificial intelligence (AI). In the right hand side of the figure, actual evaluation

results is shown. In this case, we obtained good results for predicting the damage risk of cut slopes due to

heavy rainfall based on the actual damage data. By using the Al function, we can evaluate the damage risk

due to heavy rainfall in real time and which slope is vulnerable beforehand.
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Fig.2 Frequency distribution and cumulative curve of cut slope non-damaged by heavy rainfall, in Tohoku

district in Japan, during 1993 to 2017 period
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Fig.3 Schematic diagram of the confusion matrix of the risk evaluation for highway cut slopes.
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