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Abstract 

 Weathering steel is an anti-corrosion method that forms a dense protective rust layer on the surface, shielding the steel 
from oxygen and water. This protective rust layer develops when the weathering steel is exposed to the atmosphere 
and undergoes moderate cycles of wetting and drying. However, in certain corrosive environments, the protective rust 
layer doesmay not form under corrosive environments, and such abnormal corrosion cases leading to are reported 
corrosion in weathering steel bridges both domestically and internationally. In order to maintain weathering steel 
bridges to extend their service life, therefore, regular periodic inspections are essential to assess the rust condition of 
the steel surface and ensure the longevity of these bridges. Additionally, as water is a key factor in corrosion progress, 
understanding the wetting condition of the weathering steel surface is crucial for predicting corrosion progression, as 
water is a key factor in corrosion. 
 So far, traditionally, close visual inspections have been conducted for all bridges and their components. However, 
many bridges in Japan are managed by local governments, which often lack the financial and manpower human re-
sources for adequate enough inspections. Consequently, there is a pressing need for more efficient bridge inspection 
methods to supplement close visual inspections. 
 In response, bridge inspection guidelines have been revised to permit the use of sensors, robots, and non-destructive 
testing technologies. This study focuses on a non-destructive testing technology, Hyperspectral Ccameras (HSC), that 
has been used, a promising non-destructive testing technology in civil engineering areas in recent years., The aim-
ingaim of this study is to develop methods for evaluating the wetting and rust conditions of weathering steel surfaces 
through optical spectra measured by HSC. Also, It also explores the methodology for measuring optical spectra under 
sunlight, is explored a subject that has received limited attention. 

Chapter 1: Introduction 
 This chapter presents the study's background, objectives, and structure. 

Chapter 2: Previous Research and Positioning of This Study 
 This chapter explains the principles of optical spectra measured by HSC, organizes previous research, and reviews 
related papers to position this study. 

Chapter 3: Examination of Wetting Condition Evaluation of Weathering Steel Surface 
 This chapter investigates the optical spectral characteristics of water in a petri dish and on corrosive organisms, pro-
posing a non-contact detection method for water on weathering steel surfaces and a quantitative evaluation method for 
the detected water levels. Results indicate that a water film with a thickness of 0.1 mm, which significantly affects 
corrosion, can be detected using the reflection intensity ratio at a wavelength of 970 nm. Additionally, it was shown 
that the relationship between water level on the steel surface and the reflection intensity ratio or reflection intensity at a 
wavelength of 970 nm. 

Chapter 4: Examination of Rust Condition Evaluation of Weathering Steel Surface 
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 This chapter proposes a method that combines optical spectra from the visible and near-infrared regions of weathering 
steel surfaces with a supervised learning classifier. Optical spectra of surfaces with varying rust conditions were meas-
ured using HSC, identifying wavelengths 569 nm, 694 nm, 796 nm, and 896 nm as effective for rust condition evalu-
ation. Kernel principal component analysis was applied to these wavelengths, leading to the construction of a random 
forest classifier, which achieved an evaluation accuracy of 90.7 %. 

Chapter 5: Examination of Optical Spectrum Measurement Method Under Sunlight 
 This chapter explores the challenges of measuring optical spectra with HSC under sunlight, comparing results from 
darkroom measurements. It was found that spectra measured under sunlight differ significantly in the near-infrared 
region compared to those measured with halogen light. However, these issues can be resolved by combining sunlight 
with halogen light sources. The evaluation of rust condition using spectra measured under sunlight yielded accuracies 
of 79.9 % indoors and 90.0 % on actual bridges, confirming the generality and reproducibility of the classifier proposed 
in Chapter 4. 

Chapter 6: Summary 
 This chapter presents the study's conclusions and discusses future challenges and prospects. 
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770-1000400-770400-1000569, 694, 796, 896nm

771272044

5220180A

6520180B

6320180C

5620180D

C=1.0, kernel='rbf', degree=3, gamma='scale', coef0=0.0, shrinking=True, probability=False, 
tol=0.001, cache_size=200, class_weight=None, verbose=False, max_iter=-1, 
decision_function_shape='ovr', break_ties=False, random_state=None

SVM

n_estimators=100, *, criterion='gini', max_depth=None, min_samples_split=2, 
min_samples_leaf=1, min_weight_fraction_leaf=0.0, max_features='sqrt', 
max_leaf_nodes=None, min_impurity_decrease=0.0, bootstrap=True, oob_score=False, 
n_jobs=None, random_state=None, verbose=0, warm_start=False, class_weight=None, 
ccp_alpha=0.0, max_samples=None

RF

penalty='l2', *, dual=False, tol=0.0001, C=1.0, fit_intercept=True, intercept_scaling=1, 
class_weight=None, random_state=None, solver='lbfgs', max_iter=100, multi_class='auto', 
verbose=0, warm_start=False, n_jobs=None, l1_ratio=None

RL

criterion='gini', splitter='best', max_depth=None, min_samples_split=2, min_samples_leaf=1, 
min_weight_fraction_leaf=0.0, max_features=None, random_state=None, 
max_leaf_nodes=None, min_impurity_decrease=0.0, class_weight=None, ccp_alpha=0.0

DT

loss='squared_error', learning_rate=0.1, n_estimators=100, subsample=1.0, 
criterion='friedman_mse', min_samples_split=2, min_samples_leaf=1, 
min_weight_fraction_leaf=0.0, max_depth=3, min_impurity_decrease=0.0, init=None, 
random_state=None, max_features=None, alpha=0.9, verbose=0, max_leaf_nodes=None, 
warm_start=False, validation_fraction=0.1, n_iter_no_change=None, tol=0.0001, ccp_alpha=0.0
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