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Hammering test has been widely used for inspection of social infrastructures because
of its accuracy and efficiency of operation. In order to automize and apply the method to real
inspection sites, its environmental adaptivity such as portability to other situations is highly
significant. In this paper, in order to improve environmental adaptivity of a defect detector
of hammering test, a boosting based algorithm with an updation rule for detecting another
defect is proposed. Specifically, an optimization of feature vectors of hammering sound and
an updation rule of template vectors are presented. In an experiment, our method was applied
to the detection problem of crack defect using two different concrete test-pieces. As the result,
the effectiveness of the proposed method was confirmed.
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(b) Optimization by the downhill simplex method: the components

of optimized feature vector u′ are continuous value.

Fig. 2 Feature extraction using a Bootstrapping (sec-

tion 2·3) and optimization of feature vector us-

ing the downhill simplex method (section 2·4)
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Table 1 The specifications of concrete test-pieces

Test-pieces Size / Status

for prior learning (TPA)

140 mm×150 mm×530 mm

Crack width: 0.5 mm

Crack depth: 88 mm

for additional learning (TPB)

140 mm×150 mm×530 mm

Crack width: 2.0 mm

Crack depth: 88 mm
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Fig. 9 A comparison of the detection results between

a prior detector (Fig. 9(a)) and an updated

detector (Fig. 9(b))
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(a) A detection result of crack locations by prior detector
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(b) A detection result of crack locations by updated detector

Fig. 10 A comparison of the detection results of crack location between the prior detector (Fig. 10(a)) and

the updated detector (Fig. 10(b))
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