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Aging infrastructure that was developed during the period of high growth is beginning to become obvious. Visual inspection 
and sensing are carried out to monitor the state of deterioration in preventive maintenance. It is the standard procedure in Japan 
that bridges with important structures are inspected once in five years where they visually checks the proximity. A high 
accuracy and efficiency improvement of the bridge inspection is an urgent issue for the both local public municipalities and 
private enterprises. This paper proposes multi-grade classification models to visualize the weights of feature variables that aim 
the countermeasure. In addition, the author proposes a method of sensitivity analysis on deterioration progression in the future 
in response to unit change of degradation factors. Indeed, these methods applied to a bridge inspection data such as super 
structure steel corrosion and deck reinforced concrete crack. 
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1 2 , - - -RC-

8 .Cross 

Validation ,

5-fold . ,

,Gradient Boosted Machine ( ,GBM )

. - - ,Accuracy 82.49+/-0.91 ,

0.672+/-0.014 . ,

-RC- , Accuracy 82.87+/-1.09 ,

0.743+/-0.018 . 

Steel Corrosion Classification Models
Accuracy
(percent)

Correlation
Running

time

Generalized Linear Model (Multi-nomial
function) 75.36+/-1.24 0.610+/-0.022 5s
Naïve Bayes (Kernel density estimation,
knum=10, bandw=0.3, grid=200) 64.69+/-2.87 0.365+/-0.050 <1s

k-Nearest Neighbor (k=3)
81.20+/-1.07 0.616+/-0.018 4s

Support Vector Classifier (Radial basis
function, gamma=0.7, C=4.0) 81.20+/-0.73 0.683+/-0.030 26s
Deep Neural Network (hidden layers=2, 150

150units, Dropout=0.5, epoch=200) 79.22+/-1.26 0.626+/-0.030 2m13s

Decision Tree (max depth=50)
70.63+/-3.00 0.583+/-0.034 2s

Random Forest (ntree=100, max depth=47)
78.44+/-0.89 0.622+/-0.040 31s

Gradient Boosted Machine  (ntree=200,
max depth=50) 82.49+/-0.91 0.672+/-0.014 2m11s

Reinforced Concrete Crack
Classification Models

Accuracy
(percent)

Correlation
Running

time
Generalized Linear Model (Multi-nomial
function) 67.89+/-0.47 0.502+0.013 7s
Naïve Bayes (Kernel density estimation,
knum=10, bandw=0.3, grid=200) 61.11+/-2.72 0.411+/-0.47 1s

k-Nearest Neighbor (k=3)
80.61+/-0.91 0.716+/-0.20 8s

Support Vector Classifier (Radial basis
function, gamma=0.65, C=4.0) 81.43+/-0.83 0.718+/-0.020 30s
Deep Neural Network (hidden layers=2, 150

150units, Dropout=0.5, epoch=200) 79.71+/-0.87 0.688+/-0.012 4m14s

Decision Tree  (max depth=60)
82.49+/-1.06 0.739+/-0.020 2s

Random Forest (ntree=100, max depth=59)
78.72+/-0.36 0.713+/-0.014 34s

Gradient Boosted Machine  (ntree=260,
max depth=65) 82.87+/-1.09 0.743+/-0.018 5m4s
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1 GLM : Multinomial family  
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true a true b true c true d precision

pred. a 2444 313 61 11 86.4%

pred. b 267 1350 53 19 79.9%

pred. c 48 48 202 3 67.1%

pred. d 6 19 3 18 39.1%

recall 88.4% 78.0% 63.3% 35.3%

true a true b true c true d precision

pred. a 3020 333 88 34 86.9%

pred. b 415 2988 196 50 81.9%

pred. c 54 156 1027 29 81.1%

pred. d 17 63 34 265 69.9%

recall 86.1% 84.4% 76.4% 70.1%
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