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ABSTRACT 

Urban scenes are visually complex as they contain physical objects and their 

spatial-temporal dynamic processes, including natural disasters and human-centered 

socio-economic activities. Image-based understanding of urban scenes has been 

actively pursued in the computer and machine vision communities, as witnessed by the 

abundance of high-level vision methods that emerged in recent years. However, limited 

efforts are found for addressing the specific complex scenes related to structural damage 

found in civil structures and infrastructure systems that provide the backbone of our 

socio-economic activities. These structural damage-related complex scenes can be 

attributed to natural and technical hazards, and many are found in the aftermath of 

natural disasters. Many research challenges exist towards not only understanding the 

scenes (e.g., classifying them and assigning some types of categorical labels to them) 

but quantifying them with engineering meaningfulness. In this dissertation, I tackled 

two sets of research problems thanks to the latest advances in optical imaging and 

mobile electronics, which are: (1) mobile-imaging based structural damage detection 

and disaster-scene understanding; and (2) unmanned aerial vehicles (UAV) enabled 

real-time hyperspectral imaging and learning of structural damage.  
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Two specific situations are considered when dealing with mobile images. First, 

in engineering practice, even with the abundance of imaging capabilities, semantically 

labeled engineering damage datasets either are too ad-hoc or lack scene complexities. 

By taking advantage of the facts related to structural surface scenes, where the 

backgrounds are often very complex, yet the cracks are morphologically simple, I 

proposed a novel framework to learn from very small-sized semantic datasets (e.g., up 

to 10 to 20 images). A scale-space theoretic data augmentation technique is proposed 

in this framework. To deal with the scene complexities, the deep transfer learning 

mechanism is adopted. Several convolutional neural network (CNN) models based on 

the seminal Faster R-CNN models are tested and observed with high accuracy. In the 

second situation, I explored the possibility of learning from crowd-based mobile images 

for understanding complex disaster disasters resulting from different natural hazards. A 

novel semantic disaster-scene dataset is created in this work partially using Internet-

searched images. A set of bounding-box CNN deep learning models are tested to learn 

two engineering meaningful disaster-mechanics attributes: hazard-type, being the 

causal attribute, and damage-level, being the consequential attribute. Many vital 

insights are first revealed, including that hazard types are more readily classified and 

localized in urban disaster scenes. In contrast, damage levels are much harder to classify 

and localize in images.  

The second arena of this dissertation is to explore the untapped potential of real-

time hyperspectral imaging. Traditional hyperspectral remote sensing involves 

considerably high-cost orbital or space-borne campaigns. Nonetheless, the spectral 
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dimension of pixels in a hyperspectral cube provides signature information for 

identifying material types, which is instrumental in understanding the types of structural 

damage in images. To resolve this dilemma, I developed the first-of-its-kind real-time 

(‘snapshot’) hyperspectral remote sensing platform based on a low-cost unmanned 

aerial vehicle. Then a new challenge arises as hyperspectral imaging becomes low-cost 

to operate in the field. Towards advanced machine learning, the traditional normal of 

labeling by expert eyes is disrupted in that human perception cannot understand through 

the high spectral dimensionality of hyperspectral pixels. This ultimately leads to the 

extreme imbalance of labeled data against unlabeled data. In this work, I developed a 

unique semi-supervised deep learning framework to deal with this challenge. 

Specifically, I tested and verified the performance of this framework with the models 

learned from the datasets with different ratios of the labeled and unlabeled data. 

Empirically optimal ratios are suggested, and the resulting framework can facilitate the 

application of UAV-based real-time hyperspectral imaging and machine learning-based 

detection in many engineering fields. 

  



vi 

 

APPROVAL PAGE 

The faculty listed below, appointed by the Dean of the School of Graduate Studies, have 

examined a dissertation titled “Disaster and Infrastructure Scene Understanding”, 

presented by Shimin Tang, candidate for the Doctor of Philosophy degree, and certify 

that in their opinion it is worthy of acceptance. 

 

Supervisory Committee 

ZhiQiang Chen, Ph.D., Committee Chair 

Department of Civil and Mechanical Engineering 

 

Ghulam Chaudhry, Ph.D., Department Chair 

Department of Computer Science & Electrical Engineering 

 

Zhu Li, Ph.D. 

Department of Computer Science & Electrical Engineering 

 

Yugyung Lee, Ph.D. 

Department of Computer Science & Electrical Engineering 

 

Majid Bani-Yaghoub, Ph.D., P.E. 

Department of Mathematics 

 

Yong Zeng, Ph.D.  

Department of Mathematics 

 

 

 

  



vii 

 

CONTENTS 

ABSTRACT ................................................................................................................. iii 

ILLUSTRATIONS ........................................................................................................ x 

TABLES ...................................................................................................................... xii 

ACKNOWLEDGEMENTS ....................................................................................... xiii 

CHAPTER 1 .................................................................................................................. 1 

1.1 Motivation .................................................................................................................. 1 

1.2 Mobile Imaging .......................................................................................................... 2 

1.3 Hyperspectral Imaging and Hyperspectral Data ........................................................ 3 

1.4 Deep Learning and Semi-supervised Learning in Image Understanding ................... 4 

CHAPTER 2 .................................................................................................................. 6 

2.1 Introduction ................................................................................................................ 6 

2.2 Transfer Learning and Applications ........................................................................... 9 

2.2.1 Transfer Learning ............................................................................................... 9 

2.2.2 Deep Transfer Learning for Crack Detection ................................................... 11 

2.3 Methodology Framework and Datasets .................................................................... 12 

2.3.1 Faster R-CNN Architecture Adjustment .......................................................... 12 

2.3.2 Transfer Learning Design ................................................................................. 14 

2.4 Small Datasets and Resulting Models ...................................................................... 16 

2.5 Data Augmentation and Scale-Space Data Augmentation (SS-DA) ........................ 17 

2.5.1 Data Augmentation ........................................................................................... 18 

2.5.2 Scale-space Computing .................................................................................... 18 

2.5.3 SS-DA Implementation .................................................................................... 22 

CHAPTER 3 ................................................................................................................ 25 

3.1 Results and Performance Evaluation ........................................................................ 25 

3.1.1 Faster R-CNN Models and Prediction Explanation .......................................... 26 

3.1.2 Transfer Learning Evaluation ........................................................................... 29 

3.1.3 Overall Accuracy and Model Performance ...................................................... 32 

3.2 Discussion and Remarks .......................................................................................... 41 

3.3 Conclusions .............................................................................................................. 44 

CHAPTER 4 ................................................................................................................ 46 

4.1 Introduction .............................................................................................................. 46 



viii 

 

4.2 Research Problems and Challenges .......................................................................... 50 

4.3 Deep Learning-based Framework ............................................................................ 54 

4.3.1 Review of Deep Learning ................................................................................. 54 

4.3.2 Methodology Framework ................................................................................. 56 

4.3.3 Multi-hazard Disaster-scene Database ............................................................. 57 

4.3.4 Deep Learning Models and Training ................................................................ 61 

CHAPTER 5 ................................................................................................................ 68 

5.1 Performance Evaluation ........................................................................................... 68 

5.1.1 Performance Measures ..................................................................................... 68 

5.1.2 Model Performance .......................................................................................... 70 

5.1.3 Observation ....................................................................................................... 77 

5.2 Discussion ................................................................................................................ 78 

5.2.1 Justification of Accuracy .................................................................................. 78 

5.2.2 Suggestions for Modeling Treatment ............................................................... 80 

5.2.3 Understanding UAV Images ............................................................................ 83 

5.3 Conclustions ............................................................................................................. 85 

CHAPTER 6 ................................................................................................................ 87 

6.1 Introduction .............................................................................................................. 87 

6.2 Hyperspectral Imaging and Hyperspectral Data ...................................................... 88 

6.2.1 Remote sensing ................................................................................................. 90 

6.2.2 Chemical imaging ............................................................................................. 92 

6.3 Hyperspectral Image Sharpening and Evaluation Methodology .............................. 93 

6.3.1 High-Spatial-Resolution HSI Reconstructions ................................................. 95 

6.3.2 Spectral Evaluation ........................................................................................... 97 

6.3.3 Non-reference Image Quality Metrics (Spatial Domain) ................................. 98 

6.4 Spectral Quality Evaluation and Analysis ................................................................ 99 

6.4.1 Spectrum similarity......................................................................................... 100 

6.4.2 Endmembers and Abundance Maps ............................................................... 103 

6.4.3 SVM Experiment ............................................................................................ 106 

6.4.4 Discussions ..................................................................................................... 107 

6.5 Conclusions ............................................................................................................ 109 

CHAPTER 7 .............................................................................................................. 110 



ix 

 

7.1 Introduction ............................................................................................................ 110 

7.2 Previous works ....................................................................................................... 111 

7.2.1 Deep Learning (DL) Classification with Hyperspectral Image s(HSIs) and 

Challenges ..................................................................................................................... 111 

7.2.2 Semi-supervised Learning and Relative Application with Hyperspectral Images

 113 

7.2.3 Popular Hyperspectral Image Datasets ........................................................... 119 

7.3 Methodology .......................................................................................................... 120 

7.3.1 Mobile Hyperspectral Imaging System .......................................................... 120 

7.3.2 Dataset preparation and selection (with statistical analysis of the dataset) .... 122 

7.3.3 Proposed deep learning model description ..................................................... 124 

7.3.4 Semi-supervised Deep Learning strategy ....................................................... 125 

CHAPTER 8 .............................................................................................................. 132 

8.1 Experiment Description.......................................................................................... 132 

8.2 Results Analysis ..................................................................................................... 135 

8.2.1 Supervised Baseline ........................................................................................ 136 

8.2.2 Equilateral Semi-supervised models............................................................... 137 

8.2.3 Full Semi-supervised models .......................................................................... 139 

8.3 Discussion .............................................................................................................. 142 

8.3.1 Semi-supervised Learning Unlabel-Label Ratio ............................................ 142 

8.3.2 Feasibility in Practical Application ................................................................ 143 

8.4 Conclusions ............................................................................................................ 149 

CHAPTER 9 .............................................................................................................. 150 

9.1 Conclusion.............................................................................................................. 150 

9.2 Future Work ........................................................................................................... 152 

REFERENCES .......................................................................................................... 153 

VITA .......................................................................................................................... 165 

 

  



x 

 

ILLUSTRATIONS 

Figure 2-1 Illustration of (a) ML models in traditional learning and (b) in transfer 

learning. ....................................................................................................................... 10 

Figure 2-2 Illustration of the Faster R-CNN architecture (note that an assumed size of 

2366×1213×3 is used for an image found in Fig. 6). ................................................... 13 

Figure 2-3 Illustration of anchors with different sizes and aspect ratios. .................... 14 

Figure 2-4 Sample images and their binary ground truth through manual delineation: 

(a) concrete structure images; and (b) asphalt pavement images. ............................... 17 

Figure 2-5 Illustration of the scale-space bounding boxes: (a) original image; (b) 20 × 

20, (c) 80 × 80; and (d) 160 × 160. .............................................................................. 25 

Figure 3-1 Illustration of the prediction and intermediate results from the MCS,Fine 

N240K model: (a)the prediction; (b) feature maps produced by ’conv5’ of the ZF 

network; (c) RPN predicted bounding boxes; and (d) RPN scores of the bounding 

boxes. ........................................................................................................................... 29 

Figure 3-2 Transfer learning and prediction for two CS image: (a,c) Prediction by 

MCS,Fixed; (b,d) Prediction by MCS,Fine(N300K ). .............................................................. 31 

Figure 3-3 Transfer learning and prediction for three AP images: (a, c) Prediction by 

MAP,Fixed; and (b, d) prediction by MAP,Fine(N240K). ........................................................ 32 

Figure 3-4 Illustration of prediction outcome rating.................................................... 36 

Figure 3-5 Receiver Operating Characteristic curves for different DL models: (a) the 

models for the CS data; (b) the models for the AP data. .............................................. 37 

Figure 3-6 Precision-recall curves for different DL models: (a) the models for the CS 

data; (b) the models for the AP data. ............................................................................ 39 

Figure 3-7 Recommended workflow of applying the proposed methodology. ........... 42 

Figure 4-1 Sample disaster-scene images labeled with hazard types and damagelevels 

with bounding-box annotation: (a) green box means minor damage, (b) yellow for 

moderate damage, and (c) red for severe to collapse damage. .................................... 54 

Figure 4-2 Workflow of proposed methodology framework. ...................................... 57 

Figure 4-3 Distribution of class instances: (a) Hazard-type; (b) Damage-level. ......... 61 

Figure 4-4 Modified Faster R-CNN models: (a) using a ZF network as feature extractor; 

and (b) using a ResNet-50 as feature extractor ............................................................ 64 

Figure 4-5 Modified SSD network ResNet-50. ........................................................... 65 

Figure 4-6 Loss curves of (a) MHT(FRC,RN) and (b) MDT(FRC,RN) ......................... 66 

Figure 5-1 Hazard-type prediction using M_HT (FRC,RN) (red-bounding boxes from 

prediction; and blue boxes from testing data): (a) Tornado-wind scene (correct 

prediction with a score of 100.0%); (b) Tornado-wind scene (correct prediction with a 

score of 100.0%);(c) Earthquake-shaking scene (correct prediction with a score of 

99.9%); (d) Tsunami-wave scene (correct prediction scene with a score of 90.18%). 71 

Figure 5-2 Performance of 𝑀𝐻𝑇(𝐹𝑅𝐶, 𝑅𝑁) in terms of: (a) Precision-Recall Curve; 

(b) ROC curve. ............................................................................................................. 74 

Figure 5-3 Damage level prediction using M_DL (FRC,RN): (a) minor-damage scene 

(predicted as moderate damage with a score of 97.4%); (b) minor-damage scene 

(correct prediction with a score of 100.0%); (c) major-damage scene (predicted as 



xi 

 

moderate damage with a score of 95.1%); (d) mislabelled moderate-damage scene 

(predicted as major damage with a score of 95.8%). ................................................... 75 

Figure 5-4 Performance of 𝑀𝐷𝐿(𝐹𝑅𝐶, 𝑅𝑁) in terms of: (a) Recall-precision curve; 

(b) ROC curve. ............................................................................................................. 77 

Figure 5-5UAV image prediction: (a) hazard type classification by 𝑀𝐻𝑇(𝐹𝑅𝐶, 𝑅𝑁); 

(b) damage level classification by 𝑀𝐷𝐿(𝐹𝑅𝐶, 𝑅𝑁). .................................................. 85 

Figure 6-1 the electromagnetic spectrum ..................................................................... 89 

Figure 6-2 The 3-D hyperspectral data cube and reflectance curves ........................... 91 

Figure 6-3 hyperspectral imaging acquisition.............................................................. 91 

Figure 6-4 I1 reconstruction results at 520nm. (a) Bicubic. (b) Cubert. (c) RCS. (d) 

LMVM. (e) Bayesian. (f)Manifold ............................................................................ 100 

Figure 6-5 I2 reconstruction results at 520nm. (a) Bicubic. (b) Cubert. (c) RCS. (d) 

LMVM. (e) Bayesian. (f)Manifold ............................................................................ 100 

Figure 6-6 Abnormal spectrum in Cubert HSI: (a) I1 (b) I2 ....................................... 101 

Figure 6-7 Average spectral value distributions of I1: (a) Origin; (b) Cubert; (c) RCS; 

(d) LMVM; (e) Bayesian; (f)Manifold ...................................................................... 102 

Figure 6-8 Average spectral value distributions of I2: (a) Origin; (b) Cubert; (c) RCS; 

(d) LMVM; (e) Bayesian; (f)Manifold ...................................................................... 102 

Figure 6-9 Endmembers of I1 in multiple reconstructions ......................................... 103 

Figure 6-10 Endmembers of I2 in multiple reconstructions ....................................... 104 

Figure 6-11 Abundance maps of I1 ............................................................................ 105 

Figure 6-12 Abundance maps of I2 ............................................................................ 106 

Figure 7-1 Mobile hyperspectral imaging system: (a) gimbaled setup for ground-based 

imaging; and (b) ready-to-fly setup with a DJI UAV. ................................................ 121 

Figure 7-2 Dataset classes distribution: (a). Entire HSI dataset; (b). DL HSI dataset

.................................................................................................................................... 123 

Figure 7-3 Parallel spatial-spectral network .............................................................. 125 

Figure 7-4 Parameters Cl and Cu change .................................................................... 131 

Figure 8-1 Performance of supervised models .......................................................... 137 

Figure 8-2 Performance of equilateral models ........................................................... 139 

Figure 8-3 Performance of full models ...................................................................... 141 

Figure 8-4  Classification results: (a)Ground Truth;(b)  𝑀100𝑆𝑢𝑝𝑒𝑟 ; 

(c)  𝑀3030𝐸𝑞_𝑠𝑒𝑚𝑖 ;  (d)  𝑀5050𝐸𝑞_𝑠𝑒𝑚𝑖 ;(e)  𝑀2080𝐹𝑢𝑙𝑙_𝑠𝑒𝑚𝑖 ; 

(f) 𝑀3070𝐹𝑢𝑙𝑙_𝑠𝑒𝑚𝑖 ................................................................................................. 146 

 

  



xii 

 

TABLES 

Table                 Page 

Table 2-1 Small-sized imagery database used for transfer learning of structural cracks.

...................................................................................................................................... 17 

Table 3-1 Deep transfer learning models developed using small imagery datasets..... 26 

Table 3-2 Model accuracy of different DL models. ..................................................... 38 

Table 3-3 Optimal F1 scores and the corresponding precision, recall, and the F2 scores.

...................................................................................................................................... 40 

Table 4-1 Disaster-scene learning models and class prediction ................................... 63 

Table 5-1 Confusion matrix of hazard-type prediction ................................................ 72 

Table 5-2 Performance of hazard-type prediction........................................................ 72 

Table 5-3 Confusion matrix of damage Level Models. ............................................... 76 

Table 5-4 Performance of damage level classification. ............................................... 76 

Table 6-1 None-reference image quality ...................................................................... 99 

Table 6-2 Spectral similarity ...................................................................................... 103 

Table 6-3 SVM results ............................................................................................... 107 

Table 8-1 Model list ................................................................................................... 133 

Table 8-2 Overall Accuracy and Kappa coefficient of supervised models ................ 137 

Table 8-3 Overall accuracy and Kappa coefficient of equilateral semi-supervised 

learning models .......................................................................................................... 138 

Table 8-4 Overall accuracy and kappa coefficient of full semi-supervised models .. 142 

Table 8-5 𝑅𝑢_𝑙 and OA improvements .................................................................... 143 

Table 8-6 Overall accuracy of selected models and evaluate time ............................ 145 

Table 8-7 Confusion matrix of selected models ........................................................ 147 

  



xiii 

 

ACKNOWLEDGEMENTS 

 

I wish to express my sincere gratitude to my supervisor, Dr. ZhiQiang Chen, for 

his guidance, support and encouragement. His knowledge and motivation inspired me 

in many ways and helped me through the hurdles I encountered during my tenure in the 

PhD program. I am also grateful to Dr. Ghulam Chaudhry, Dr.Zhu Li, Dr. Yugyung Lee, 

Dr. Majid Bani-Yaghoub and Dr. Yong Zeng for serving on my supervisory committee 

and for their valuable inputs on my dissertation research work. 

Moreover, I am greatly appreciating my dear parents who always support and 

love me during my six-year abroad studying. They are my power source to become a 

female engineer with all my effort. I also want to thanks my lab mates Prativa, Sameer, 

Mostafa and Max for being my friends and helping me in both studying and daily life. 

Thanks my roommate, Molan, for staying with me during this pandemic. And special 

thanks to my cute cat Inky. I am very grateful to have you in my life. 

Finally, I feel very grateful for staying healthy during this pandemic. I was 

quarantined in Cambodia for 14 days in order to return the United States to complete 

my Ph.D. program. I want to thank myself for keeping a strong and positive attitude 

until the end. 

 



1 

 

CHAPTER 1  

INTRODUCTION 

1.1 Motivation 

With the digital imagery sensor greatly development, more and more image 

datasets are built for diverse industrial academic applications. For example, the 

ImageNet dataset includes about 14 million digital images which covers 20 thousand 

classes[1]. This kind of digital image dataset with ground truth labels can provide 

possibility for machine learning or deep learning implementation. However, very a few 

civil engineering relative image datasets were built during past decade. The SDNET 

dataset [2] contains 56,000 concrete crack images were labeled as having a crack or 

not. And [3] proposed another database including 339 images of over 250 different 

structures. Then, these images are cut into 1695 images of a uniform size 600×600 with 

pixel-wise labels for five type structure damages. Moreover, SYNTHIA dataset [4] is a 

video collection from a simulation of a UAV navigating around a concrete-girder 

bridge. The resolution of the video was set to 240 × 320, and 37 081 training images 

and 2000 test images were automatically generated along with the corresponding 

ground-truth labels. Generally, the civil problem is always complex and has many 

uncertainties. And the infrastructure damage images are hard to capture. This leads the 

civil-relative dataset usually has small size (compared with million level) and the 

precise ground truth is hard to obtain. Therefore, using limited-size image dataset to 

achieve more accurate damage detection or other image understanding jobs becomes 

very urgent in civil-engineering field. Additionally, the previous works already used a 
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lot of filter-based methods or others (i.e. edge detection filter) [5-7]. Thus, the machine 

learning or deep learning methods, showing better performance in other applications, 

should be took into considering improving the civil-relative image understanding.  

In this study, author leads or take participate the collection and labeling of two 

infrastructure damage image datasets and one post-disaster image dataset. Then the 

deep learning-based methods are applied on those datasets for automatic image 

understanding jobs. At the same time, the extremely small dataset potentials in 

infrastructure damage detection are also discussed. Furthermore, author also introduces 

the Hyperspectral Image into infrastructure damage scene understanding with small-

labelled data and huge unlabeled data via semi-supervised deep learning method. This 

research provides more possibilities of multiple image types that can be used in 

infrastructure scene understanding and illustrate the deep learning profits from the small 

dataset by applying the semi-supervised learning.   

1.2 Mobile Imaging 

Machine vision is a technical field that concerns the development of digital 

imaging methods and the use of image processing or computer vision algorithms for 

the extraction of useful information from images [8]. With the advent of early digital 

cameras, researchers in the 1980s and 1990s used simple digital filters, including 

various edge-detection methods, for image-based damage detection for structural 

materials [9-11]. To further automate the process of image capturing, researchers also 

strive to develop operationally efficient methods that are expected to mitigate the 

human cost. These methods include ground vehicle–based imaging, aerial vehicle–
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based imaging, and crowdsourcing-based imaging (e.g., [12, 13]). In recent years, 

coincident with the advances in artificial intelligence (AI) and particularly the 

development of deep learning (DL) techniques, many have heralded the era of AI-

enabled damage inspection. One may expect that by duly considering these advances 

in AI-enabled image-based damage detection and the lowering cost of mobile or edge 

computing devices, autonomous damage inspection may become a reality. However, 

these machine-vision systems have not been endorsed entirely by civil engineers for 

deploying these techniques in practice. This implies that any image-based machine 

learning method or end-to-end deep learning. However, there is a performance ceiling 

that limits the capacity of regular RGB images unless the machine intelligence 

supersedes that of human beings. An alternative solution is to break out the normal 

matching of human vision. An emerging technology for nondestructive inspection is 

hyperspectral imaging (HSI). 

1.3 Hyperspectral Imaging and Hyperspectral Data 

‘Hyperspectral’ means abundant wavelengths or bands measured in the spectral 

dimension of an image. Defining such an image as a function of I(x, y, λ), it therefore 

composes a 3-dimensional (3D) data cube, which is commonly called hypercube [14]. 

This data cube contains two spatial dimensions (x and y) and one spectral dimension 

(λ). For a typical hyperspectral data cube, it can provide sufficient spectral and spatial 

information that can be exploited to conduct various further subsequent signal 

processing and knowledge discovery steps, such as image enhancement (denoising), 

feature extraction, detection, and classification. In this study, a brand-new hyperspectral 
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infrastructure dataset is created and used in following analysis. It contains around 45 

HSIs and 8 materials pixel-wise labels.  

While, the spectral quality evaluation is shown in this study because of the 

mechanism of the HSI camera used in dataset building. The camera used pansharpening 

operation transfer the raw 50×50×129 HSI cube into 1000×1000×129 cube. But the 

spectrum quality cannot be evaluated since there is no reference. Moreover, the spectral 

quality is important for the performance of the following analysis (the classification in 

this study). Thus, a non-reference spectral quality evaluation is also covered in this 

study to provide more supplementary for the following researches. 

1.4 Deep Learning and Semi-supervised Learning in Image Understanding 

The image understanding tasks covers a wide range, such as object detection, 

segmentation, and classification. In this study, the understanding mainly refers the 

object detection and classification.  

With the explosion of computer-vision based machine learning and deep 

learning, plenty of previous works proposed impressive methods to adopt the machine 

learning or deep learning into civil-related applications. [15-17] proposed multiple deep 

learning neural network to realize the crack detection. And [18-20] used machine 

learning (i.e. Bayesian model) and deep learning in natural scenes understanding. All 

above works train the models with a reasonable size dataset (over thousand images) in 

crack relative works and even larger image dataset in natural scene understanding 

works. How about those cases cannot created enough images and labels to completer a 

perfect deep learning model training? Therefore, this study focuses on the small-size 
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dataset relative deep learning. Because in some specific situation, for instance, the 

infrastructure damage detection with very complex background, the non-deep-learning 

methods has been explored too frequently to improve and the deep learning method 

might break this limitation. However, the lack of data become the biggest barrier to 

apply the deep learning. Therefore, a small-size dataset capacity in deep learning is 

worth to research.  

And another special element in this study is the HSI data utilization. To adapt 

HSI data cube properties, the deep learning method is adjusted for better learning 

spectral features to take advantages from abundant spectral information in HSI. Except 

the HSI infrastructure dataset is very rare, the labelling work for HSI data is another 

challenge. To solve this problem, the semi-supervised learning idea is introduced in this 

study since this method can use unlabeled data to improve the poor performance from 

the supervised learning from a small size labeled dataset. 
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CHAPTER 2  

SCALE-SPACE DATA AUGMENTATION FOR DEEP TRANSFER LEARNING OF 

STRUCTURAL -- THEORY 

2.1 Introduction 

Structural surface damage adversely impacts the safety and serviceability of 

civil structures (e.g., buildings and bridges) and infrastructure networks (e.g., roads and 

pipelines). As visually seen by human inspectors, surface cracks are commonly found 

in concrete, steel, asphalt, and masonry structures. To this date, the practice of assessing 

civil structures has been heavily relying on visual inspection, which is time-consuming, 

costly, and often dangerous to inspectors. The research community has been 

investigating computer-aided nondestructive imaging and analysis with a vision that 

robotic platforms, with autonomous data collection and real-time computing, would 

eventually replace human-centered visual inspection. Since last 80s and 90s, 

researchers have attempted filter-based image processing methods [11, 21-26] and 

machine learning (ML) based [27-29]. On the other hand, structural surfaces on 

engineering objects, especially for those in service, usually possess complex scenes due 

to illumination variations, aging-caused coloring, vegetation, occlusion, and the 

presence of artificial markings, dirt, and oil spills, although cracks themselves are 

morphologically simple as a type of linear and elongated artifacts in images [30]. This 

fact renders that the existing machine-vision methods can predict well if similar images 

are used but not if images with different scenes are fed to the models. To deploy these 

methods into practice, one can expect that low performance in generalization is 
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unavoidable. In recent years, the light has been shed with the latest advancement in 

deep learning (DL) methods. 

Along with the success of DL methods in the machine vision community and 

many application sectors, researchers in Civil Engineering have been attracted 

considerably. To this end, a simple search through Google Scholar, using the combined 

keywords of “Crack Detection”, “Convolutional Neural Network”, and “Image”, 

returns surprisingly more than 700 articles within the period of January, 2016 to 

October, 2019. To name a few representative ones, it was probably Zhang et al. who 

firstly used a convolutional neural network (CNN) as a feature extractor then fed the 

features into a classification model for detection of cracks at pixels[17, 31]. Xu et al. 

(2018) proposed the use of the deep restricted Boltzmann machine (RBM) for 

identifying cracks in images taken from steel box girders [32]. Cha et al. (2017) 

explored a basic CNN model to realize sliding-neighborhood based crack detection, 

which was trained and tested based on a relatively large imagery dataset (in which they 

used 40,000 of 256 × 256 images) [33]. In their ensuing effort the Faster R-CNN (to be 

described later) was applied to detect different damage types with high detection and 

localization accuracy [34]. In this work, a total of 2,366 (500 × 375) images augmented 

with horizontal flipping were used for the training and testing.  

This promise and the abundance of different DL frameworks at the outset shift 

the burden of machine learning from model building to data collection and preparation. 

For many fields, such as bioinformatics, medicine, automobile transportation, and 

marketing, labeled big data have existed or are being collected with substantial 
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economic incentives. For the sectors of civil structures and infrastructure, however, this 

is not the case. First, although the abundance of imaging collection tools, such as the 

use of unmanned aerial vehicles (UAVs), vehicles mounted cameras, and smartphones 

has rendered data collection unprecedentedly easy, the technology readiness has not yet 

relieved for the ensuing effort of data labeling. This labeling process (e.g., including 

bounding box or pixel-based marking or delineation) is time-consuming and costly 

because of its dependence on human labor. Second, in the recent DL-based efforts, 

despite that several efforts have built relatively moderate-large databases, no training 

data exists that is as big as to encompass sufficiently the multitude of complex scenes 

for structural materials and built objects in the fields. 

The authors argue herein that the traditional approach to image-based damage 

detection – collecting a small set of imagery data, manually labeling them, then 

developing a model – still owns its essential value in the era of big data and deep 

learning. The rationale is two-fold. First, cracks in digital images, even amid complex 

scenes, are morphologically simple (i.e., linearly elongated and curved shapes), and 

they along can be intrinsically represented by a small set of images (e.g., about tens of 

images). Second, given that a pre-trained DL model is capable of understanding 

complex scenes, this model can be fine-tuned to detect cracks by learning from a small 

sample of crack images. As will be elaborated in this paper, this fine-tuning is a process 

of transfer learning. The rationale above gives rise to the hypothesis in this paper: 

structural cracks in complex scenes are detectable by a pre-trained deep learning model 

based on large-scale general natural-scene imagery database through a process of 
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transfer learning based on a very small set of crack-scene images. 

This paper tests the hypothesis and contributes to the knowledge body in two 

aspects: (1) The development of a data augmentation technique that is specially 

dedicated to linear and elongated crack objects and is essential for learning from small 

image datasets; (2) The proof of the effectiveness of transfer learning in the use of a 

pre-trained deep-learning model over the scale-space augmented small dataset to detect 

cracks in images with complex scenes. In the following, first, the concept of transfer 

learning and the latest practice of using DL frameworks for structural crack detection, 

are reviewed. The deep transfer-learning methodology is then presented based on an 

existing DL model (Faster R-CNN), followed by the proposed scale-space data 

augmentation technique. An extensive experimental test and performance evaluation is 

provided, followed by an elaborated discussion and remarks. Conclusions are made 

subsequently. 

2.2 Transfer Learning and Applications 

2.2.1 Transfer Learning 

Taking the traditional definition of machine learning as illustrated in Fig. 1(a), 

the empirical knowledge to be learned by a model is embedded in a set of training data 

in a domain (Domain A). The model achieved (Model A) is then tested by data from 

Domain A too. Hence, the data from Domain-B cannot be recognized by Model A. If a 

model is needed for prediction in Domain B, then a new model (Model B) is needed 

based on the Domain-B data. Model A and B may share the same parametric structure 

(e.g., a support vector machine or a neural network model); but the resulting models, 
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based on the different domains of training data, differ parametrically. One may enforce 

to initialize a model that uses the parameters from an existing model, namely, 

attempting to fine-tune the model. However, it is rarely exploited since the traditional 

ML model structures lack complexity and the number of parameters is small (e.g., tens 

to hundreds of parameters compared to usually millions of parameters in a DL model). 

Therefore, it does not trigger significant effort by training a model from ’scratch’ based 

on a new dataset. 

       

(a)                              (b) 

Figure 2-1 Illustration of (a) ML models in traditional learning and (b) in transfer 

learning. 

This traditional normal is disrupted in the paradigm of DL. Specifically, Model 

A is often a DL model trained on a large-scale database with the aim of general object 

recognition; correspondingly, the Model A often has a large number of parameters (e.g., 

millions to billions) that parameterize a highly nonlinear and large number of network 

layers. For this purpose, several large-scale imagery databases have been established 

and widely adopted. The representative one is ImageNet [1], which possesses more than 

fourteen millions of labeled images and more than one million with bounding-box 
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annotations. Given a DL-based Model A, then it is meaningful to transfer its knowledge 

to a different model (Model B) without training from scratch. Instead, by taking a fine-

tuning process using a specific (usually much smaller) dataset from Domain B, 

provided that Domain-B embeds empirical knowledge that is less intricate for simpler 

patterns, an updated model (Model B) is obtained. This technique is called transfer 

learning (TL) as qualitatively illustrated in Fig. 2-1(b). 

Formal definitions of transfer learning and the basic types are found in a survey 

paper by Pan and Yang (2010) [35]. Particularly, the transfer learning mechanism in this 

work belongs to either Feature-representation-transfer or Parameter-transfer. Among 

the parameters in a DL model, two categories are found. The first category refers to the 

feature-representation parameters (in the feature-extractor layers), and the second refers 

to the classification-layer parameters. One may choose to fine-tune one category yet fix 

the other category of parameters, or fine-tune both. In general, the feature-extractor 

parameters are essential in discriminating objects. In a recent paper [36], the authors 

experimentally concluded that the transferability of features increases as the distance 

between the base task and target task decreases. Nonetheless, in any case, transferring 

features even from a distant task can be better than using random features. Besides, they 

found that that initializing a new network with transferred features from any number of 

layers in the feature extractor of the pre-trained model can boost the generalization 

performance. 

2.2.2 Deep Transfer Learning for Crack Detection 

In the existing DL-based efforts, transfer learning has not been fully explored. 
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In a recent endeavor [15], the authors proposed a Crack Delineation Network (CDN) 

with fully connected networks for feature fusion, on the top of which a pre-trained 

GoogLeNet is used for feature extraction. In this work, the transfer learning was 

considered with the use of 800 high-resolution images that are further split into 128,000 

(224 × 224) small images for training and 32,000 images for testing. Nonetheless, the 

feasibility of using minimal data sets was not explored. Similarly, in another recent 

work, the authors explored the possibility of transfer learning through a VGG Net and 

a database of 2000 new structural-damage images for classifying a hierarchical of 

structural and damage scenes (e.g., component types, material types, damage types, and 

levels) [16]. Simple and common data augmentation technique was used in this effort. 

For damage detection (types and levels), nonetheless, relatively low accuracy was 

obtained. The methodology in this effort has one unique characteristic that is not 

explored to this date - deep transfer learning of simple cracks in complex-scene images 

with very small data sets. 

2.3 Methodology Framework and Datasets 

2.3.1 Faster R-CNN Architecture Adjustment 

This network (Faster R-CNN) is adopted in this paper in this paper as the 

baseline CNN model, and our emphasis is to answer the question raised earlier and 

explore if small datasets can be further used by exploiting transfer learning. The Faster 

R-CNN was developed by Ren et al. and was the latest model for region-based generic 

object detection [37]. By replacing the selective searching with a region proposal 

network (RPN) and further integrating it with the feature-extraction CNN to form an 
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end-to-end network, the resulting Faster R-CNN framework reduces significantly the 

computational time and the storage cost compared to its predecessor (‘Fast R-CNN’ as 

reported in [38]). Since its debut in 2015, it has showcased promising results on various 

object detection benchmarks and been applied in many application problems, such as 

vehicle detection, pedestrian detection, face detection, and others [39-42]. Figure 2 

illustrates the Faster R-CNN architecture for the sake of completion and the adjustment 

in this paper.  

 

Figure 2-2 Illustration of the Faster R-CNN architecture (note that an assumed size of 

2366×1213×3 is used for an image found in Fig. 6). 

       With the pre-trained Faster R-CNN model, the feature extraction component 

is trained with weights learned from the ImageNet data [1]. Two adjustments are 

induced based on the original architecture to accommodate structural crack detection. 

First, the problem of classification in this paper is binary, namely, to determine if a 

potential bounding box has cracks or not. However, the original Faster R-CNN was 

developed for a massive recognition problem with a 1000-class output. To adapt to the 
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binary classification, all weights in the classifier layers, which is based on the Soft-max 

function, are reset to random values and are further adjusted to output scores for binary 

classifications (e.g., reduced to a logistic function). Second, to achieve translation-

invariance, the original region proposal network (RPN) in the Faster R-CNN uses nine 

different sizes of anchors (with three different areas, 128×128, 256× 256 and 512×512), 

and three aspect ratios, 1:2, 1:1, and 2:1). To accommodate the elongated nature of most 

structural cracks, the ratios are adjusted to three different values of 1:0.3, 1:0.75, and 

1:1. It is noted that other sizes of anchors can be used, particularly smaller ones can be 

used. It is a matter of a trade-off between the number of detected bounding boxes and 

the time for further damage delineation (with more discussion later). Figure 3 gives an 

illustration of the anchor boxes with the nine different sizes, which are to be classified 

and regressed to generate the predictive bounding boxes. 

 

Figure 2-3 Illustration of anchors with different sizes and aspect ratios. 

2.3.2 Transfer Learning Design 

With the modifications to the architecture, two TL designs are developed and 
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investigated in this paper.  

1) TL with fixed feature-extraction. In this mechanism, the CNN (e.g., the 

ZF Net) and the RPN model are fixed (with all weights retained that 

were learned from the ImageNet for the general object classification 

problem). The rationale is two-fold: (i) given the previous training, the 

feature extractor has encoded the representation of both low-level 

features (e.g., lines, edges) and higher-level semantic features (e.g., 

textures, shapes, and patterns), which may be sufficient to characterize 

cracks in complex backgrounds; and (ii) by fixing the CNN, the fine-

tuning cost in terms of time would be dramatically reduced. To fix the 

feature extractor, the learning rates of the five convolutional layers in 

the ZF Net and the RPN layers are set as 0, which means that the weights 

in these layers are not updated if fine-tuning is performed. This design 

belongs to the ’Parameter-transfer’ approach in Pan and Yang (2010). 

2) TL with complete fine-tuning of the feature-extractor and classifier 

layers. In this mechanism, it is to expect that if the pre-trained Faster R-

CNN model is further trained end-to-end, one achieves higher 

classification and localization accuracy. To realize this, the feature 

extraction component is not fixed but subject to the adjustment due to 

the new data. Via such a complete fine-tune training, new knowledge 

about structural cracks is further learned from the data. The drawback is 

nonetheless that higher training cost may be expected. This design 
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belongs to the ’Feature-representation-transfer’ approach in Pan and 

Yang (2010). 

2.4 Small Datasets and Resulting Models 

The image data used in this paper came from our field imaging of the surfaces 

of concrete structures and asphalt pavement. To increase the scene complexity, a few 

images were searched and download from the Internet. As such, two datasets are 

created: one is for concrete structures (CS), and the other for asphalt pavement (AP). 

Table 1 summarizes the two databases. To create the training and testing datasets, crack 

delineation is conducted. Suppose an input RGB color image, I(x, y) in the CS or the 

AP databases is given, it is delineated at the pixel level through the manual marking of 

cracks at the original resolution of the images. In our implementation, through this 

delineation, each image is companied with an additional binary mask, wherein the 

crack-boundary pixels are marked ’0’ (black) and the non-crack or background pixels 

are 1 (white). This process is done by using an image-editing program. 

This delineation step results in individual binary ground-truth images for all the 

raw images in the small imagery datasets (Fig. 2-4). The resulting binary ground-truth 

image is denoted by b(x, y) from this delineation process. In Fig. 2-4, one may notice 

that nearly in any of the images, either vegetation, uneven illumination, and shadows, 

debris, oil spills, natural scenes (for instances, sky, and hills), or even human activities 

are found in the images. Compared with any structural-crack imagery databases as 

reviewed in the previous section, the two databases adopted in this paper possess a 

higher level of scene complexity. 
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(a) 

 

(b) 

Figure 2-4 Sample images and their binary ground truth through manual delineation: 

(a) concrete structure images; and (b) asphalt pavement images. 

Table 2-1 Small-sized imagery database used for transfer learning of structural 

cracks. 

Database Name No. of Images Original sizes No. of SS-DA 
SS-DA Image 

Sizes 

Concrete Structure 

Images (CS) 
20 

100 × 200 to 

1000 × 3000 
167,876* 

20 × 20 to 

160 × 160 

Asphalt Pavement 

Images (AP) 
17 

100 × 200 to 

1000 × 3000 
141,966 

20 × 20 to 

160 × 160 

*Among the augmented bounding boxes (for either the CS or the AP database), 80% are 

randomly selected for training the models; and the remaining 20% are used for evaluating 

the performance of the models (i.e., model testing). 

 

2.5 Data Augmentation and Scale-Space Data Augmentation (SS-DA) 

To learn the knowledge of structural cracks from small imagery datasets, the 

core technique proposed in this paper is a novel data augmentation method - the scale-
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space data augmentation (SS-DA). In the following, after a brief introduction of data 

augmentation, the scale-space computing and the full implementation are introduced. 

2.5.1 Data Augmentation 

Data augmentation is often used in machine learning to deal with the problem 

of data insufficiency. In the context of deep learning, data augmentation is further 

recognized as an important technique that lessens over-fitting and ameliorates 

generalization [43]. Perez and Wang (2017) proved that geometric-transformation 

augmentation could improve the classification performance significantly for visual 

deep learning tasks [44]. One principle in designing a data augmentation method is that 

regardless of any alternation to the raw images, the class of the objects in the images 

do not change. The most common augmentation methods are related to the adjustment 

in the image’s geometry or color, including random cropping, geometric transformation 

(e.g., imaging flipping, scaling, rotation, or affine transformation), and color-palette 

changing. 

2.5.2 Scale-space Computing 

Structural cracks in images have plenty of variations in curvature, width, and 

intensity levels. However, regardless of these variations, cracks, if profiled in one-

dimension across at any location, are morphologically simple. If the two boundaries of 

the cracks are a few pixels distant, the edges may show a gradual transition in the 

intensity values; if the cracks are narrow in width, the two step-edges may converge 

into a ridge. The degree of the gray-level transition is characterized by a scale variable. 

In classical image processing literature, this has been treated by the seminal scale-space 
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theory [45]. The scale-space theory has been the foundation or provided theoretic basis 

for many classical feature extraction methods, including the key-point extraction as 

used in the scale-invariant feature transform (SIFT) Distinctive image features [46], the 

blob-point extraction [47], the Harris corner detector[48], and a general scale and 

affine-invariant point detector[49].  

For the detection of edge-like features in images (e.g., cracks), the basic 

methods (e.g., in a Canny detector) start with the computing of the derivatives of the 

image functions, u(x, y)’s, wherein the gray-valued image is usually smoothed by a 

Gaussian kernel filter and then differentiated to strengthen the magnitudes of the edges. 

The combined steps of smoothing and differentiation are equivalent to convolving the 

image with the first-order derivative of the Gaussian kernel in the x or the y direction, 

denoted by gx(x, y, σ) or gy(x, y, σ), respectively. Then the smoothed magnitude image 

is expressed as s(x, y, σ) = [u(x, y) ∗ gx(x, y, σ)]2 +  [u(x, y) ∗ gy(x, y, σ)]2, where ∗ 

represents a coevolution operator. If a varying σ is considered, the obtained s(x, y, σ) 

forms a scale-space representation of the image magnitudes. Generally, s(x, y, σ) 

decreases as one increases σ. In the context of edge detection, if one uses s(x, y, σ) as 

the measure of edge strength, an optimal value of the smoothing scale exists but changes 

a different pixel, which is related to the underlying transition in contextual gray-levels. 

For example, for a slowly-transiting (weak) edge, a large optimal scale should be used 

in smoothing to account for the underlying large presence or expansive locality of the 

edge, whereas for a strong edge with a sharp transition, a small optimal scale exists. In 

the original scale-space theory, an optimal smoothing scale σ* is obtained by optimizing 
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the so-called normalized magnitude image defined in Eq. 3-2: 

𝑠𝑛(𝑥, 𝑦, 𝜎)    = 𝜎𝛾{[𝑢(𝑥, 𝑦)  ∗  𝑔𝑥(𝑥, 𝑦, 𝜎)]2  +   [𝑢(𝑥, 𝑦)  ∗  𝑔𝑦(𝑥, 𝑦, 𝜎)]2}    (2-1)      

𝜎 ∗ (𝑥, 𝑦)   =   𝑎𝑟𝑔 𝑚𝑎𝑥
𝜎

𝑠𝑛(𝑥, 𝑦, 𝜎)                    (2-2)                                                                                                 

where γ in Eq. 1 is a constant variable to be determined: for step-edges, γ = 1 is 

usually used. By optimizing via Eq. 3-2, one obtains the optimal scale at a pixel (x, y) 

that achieves the strongest edge expression s(x, y, σ). In the practical implementation, a 

set of candidate characteristic scales 𝒮 = [σmin, σmax] can be selected; therefore, the 

optimal scale is obtained by empirically iterating over all these scales and obtain the 

maximum value. With this approach, it is noted that upon achieving the optimal scale 

at each pixel (x, y), a local neighborhood needs to be defined corresponding to the size 

of the Gaussian kernel. Numerically, if the scale is σ, then the numerical support of the 

Gaussian kernel has an effective size of 6σ + 1. This scale-optimized neighborhood 

represents the regional locality of the underlying edge: if the edge is strong, then the 

neighborhood is small; otherwise, the neighborhood is large. This implies that at each 

edge pixel (e.g., along a crack boundary), one can define a neighborhood then treat it 

as a bounding box that envelops a potential crack object. It is noted that this bounding 

box herein is a ground-truth box, different from the model-predicted bounding box (or 

a regional proposal in a Faster RCNN model), which is termed predictive bounding box 

later. 

This further indicates that given an image with M pixels that are delineated as 

crack boundaries in the image, a total of M bounding boxes would be produced. First, 
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this results in too many bounding boxes; second, the resulting bounding boxes are often 

too small if the scales are small. Considering this, the concept of Structurally Prominent 

Points (SPP) is adopted in this paper that was originally proposed for the purpose of 

structural damage detection in remote sensing images [50]. SPP differs from the key 

points in the SIFT detector and the Harris corner detector in that it outputs the interest 

points that are the most significant in expressing the strength of an edge or ridge feature 

in a neighborhood with a size larger than the support of the Gaussian filter. By doing 

this, only structurally edge-prominent locations are marked as SPPs, and the number of 

SPPs (hence the bounding boxes) dramatically diminishes. Given the candidate 

characteristic scale set S defined earlier, a squared-neighborhood centered at (x, y) with 

a scale  σ ∈ S is defined as 𝒩k (x, y, k) = {(x’, y’,)| x − kσ < x’ ≤ x + kσ, y − kσ < 

y’ ≤ y + kσ} (namely, the squared-neighborhood has an even-number size of 2k × 2k; 

odd-number size neighborhoods can be defined if preferred). Therefore, a pixel at (x, 

y) is an SPP, if the following condition is met: 

𝑠𝑛(𝑥, 𝑦, 𝜎)  ≥  𝑠𝑛(𝑥′, 𝑦′, 𝜎′)                     (2-3-a)                                                                                                                                                                        

∀(𝑥′, 𝑦′)  ∈  𝒩𝑘 (𝑥, 𝑦, 𝑘) and (𝑥′, 𝑦′) ≠ (𝑥, 𝑦) and ∀σ′ ∈ 𝒮 and σ′ ≠ σ      (3-3-b) 

Eq. 3-3 essentially means that a search process for the location where a point in 

its neighborhood of 𝒩k has the maximum of the optimal edge-strengths defined in Eqs. 

3-2 and 3-3. By conducting this search process, one obtains SPPs and the locations of 

all the corresponding neighborhoods (of the size 2K × 2). 

In this paper, the focus is to obtain multi-scale bounding boxes, at the center of 

which the SPPs are defined. Therefore, by defining 𝒩k with different k values, one can 
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obtain the multi-scale boxes. It is noted that by obtaining these bounding boxes given 

an input image, there are three direct benefits: (1) the number of bounding boxes (or 

equivalently the number of SPPs) dramatically reduces; (2) the generation of these 

bounding boxes is theoretic and tractable (compared to the empirical and manual nature 

of most data augmentation techniques); and (3) with the crack binary mask of each 

input image, the bounding boxes that contain cracks can be easily labeled towards 

preparing the training and testing datasets. 

2.5.3 SS-DA Implementation 

Prior to the SS-DA computing, a simple data augmentation step is implemented 

given an input RGB color image I(x, y) and its manual ground-truth image b(x, y). First, 

a gray-valued double- precision (ranging from 0 to 1) is further obtained based on I(x, 

y), denoted by u(x, y) for the SS-DA computing. Simple data augmentation is then 

performed by rotating the original image I(x, y), the binary mask b(x, y), and the gray-

level image u(x, y) by two different angles, 90 and -90 degrees, respectively. This means 

each instance is transposed to the left and to the right; as such, the original imagery 

datasets are augmented by three times. For the sake of simplicity, no differentiation is 

given to the original images and the transposed counterparts, each instance of imagery 

inputs after the simple augmentation, including the original, the binary mask, and the 

gray-valued image, are still denoted by I(x, y), b(x, y), and u(x, y), respectively. With 

this setting, the following procedure describes the coding process that has been 

implemented in a Matlab program. 

1. Given a set of triplet images, I(x, y), b(x, y), and u(x, y), define the parameter sets: 
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the set of the bounding boxes  𝒲 = {20 × 20, 24 × 24, ..., 160 × 160}  (with an 

increasing size of 16 and totally K = 36 different sizes of bounding boxes); the set 

of the smoothing scales 𝒮 = {0.5, 0.6, ..., 16} (with a 0.1 step size and totally 156 

different smoothing scales). 

1.1. Iterate over the smoothing scale set 𝒮, and calculate the normalized magnitude 

images based on u(x, y), denoted by {sn(x, y, σ), }, which essentially forms an 

image cube. 

1.2. Iterate over the bounding-box spatial-scale set 𝒲: at each bounding-box scale 

k, perform a sliding-window operation, then determine that if the normalized 

magnitude at the center-pixel returns the maximum value. It yes, it is denoted 

as an SPP (Eq. 2-3) and the corresponding bounding box at the spatial-scale k 

is recorded. 

1.3. Suppose at the bounding-box scale k, Nk bounding boxes are produced; each 

bounding box is saved as a binary mask image bi,k (x, y) (with i = 1, 2, ..., Nk; 

and the number of bounding boxes is ∑ 𝑁𝑘
𝐾
𝑘=1 ). 

2. Iterate over the bounding-box scale  k, and then iterate over  each bounding-box 

mask bi,k (x, y), perform a logical and between b(x, y) and bi,k (x, y); if the number 

of crack-pixels is greater than the least crack area threshold αLCA (which is set as 

10%) of the total pixels within the bounding box, then this bounding-box is labeled 

as ’crack’, denoted by the label of Li,k = 1; otherwise, a ’non-crack’ class (Li,k = 1); 

in the meantime, the bounding-box coordinates relative to the original size of the 

image are recorded. 
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3. Given the mth image Im(x, y) and the obtained scale-space ground-truth bounding-

box set { bi,k (x, y) | i = 1, ..., Nk ; k  = 1, ..., K}  and the binary crack-label set { 

Li,k | i = 1, ..., Nk ; k  = 1, ..., K}, a meta-data XML file is created for each database, 

which stores the necessary information for training and validating the DL models. 

With the above SS-DA procedure, a total of 16,7876 ground-truth bounding 

boxes are created based on the CS database; and a total of 14,1966 bounding boxes for 

the AP database (Table 2-1). Fig. 2-5 illustrates the resulting bounding boxes at different 

spatial scales (the center pixel of each box is an SPP location). One can see that these 

bounding boxes select the most effective structural crack objects to be used later in 

model training and testing. As described earlier, for each imagery instance, the crack 

objects and their bounding boxes including their coordinates and crack labels are 

written in the XML files (all bounding boxes are labeled as ‘lin-crack’, meaning linear 

crack features). In this paper, for each database, 85% of the ground-truth bounding-box 

images are used for training, and the rest of the 15% for testing. 

 

(a)                                     (b) 
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(c)                                        (d) 

Figure 2-5 Illustration of the scale-space bounding boxes: (a) original image; (b) 20 

× 20, (c) 80 × 80; and (d) 160 × 160. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

CHAPTER 3  

SCALE-SPACE DATA AUGMENTATION FOR DEEP TRANSFER LEARNING OF 

STRUCTURAL – PERFORMANCE EVALUATION 

3.1 Results and Performance Evaluation 

With the proposed data augmentation technique in this paper that is applied to 

the two small databases, a set of Faster R-CNN models are trained and tested. The 

prediction process, case-based results, and overall performance are explained and 
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summarized in this section. It is noted that in this paper, the goal is not to achieve higher 

accuracy than the existing DL-based structural detection. Instead, upon achieving an 

acceptable performance in terms of different accuracy measures, two goals are aimed: 

(1) to prove the effectiveness of the SS-DA technique that ’cracks’ can be learned from 

the augmented small datasets; and (2) to prove the effectiveness of transfer learning 

between the two mechanisms in terms of both case-based studies and the overall 

accuracy measurements. 

3.1.1 Faster R-CNN Models and Prediction Explanation 

The original Faster R-CNN was implemented using the Caffee framework [51], 

which is adopted as well in this paper. The training procedure consists of two main 

stages: the RPN training and the training of the shared CNN model (the ZF Network). 

These two stages can be repeated depending on the training status. In this case, the 

training procedure consists of a simple cycle: first, the RPN and then the CNN, then 

repeating this sequence one more time. Considering the training data (CS and AP), the 

TL mechanisms, and the training iteration numbers (‘Fine’ – Complete fine-tuning; and 

‘Fixed’ – Fixed feature extraction), Table 2-2 summarizes all the DL models in this 

paper. 

Table 3-1 Deep transfer learning models developed using small imagery datasets. 

Datasets Fine-tuning TL Fixed Feature TL Training Time 

CS MCS;Fine(Nit )1 MCS;Fixed 
2 

MCS;Fine(240K, 300K): 3:5, 6 hours 

MCS;Fixed: 2.0 hours 

AP MAP;Fine(Nit )1 MAP;Fixed 
2 

MAP;Fine(240K, 300K): 3.5, 6 hours 

MAP;Fixed: 2.0 hours 

Note: 1For the fully fine-tuned models, two levels of iterations are used – Nit = 240K; Nit = 

300K. 
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2 For the fixed feature extractor models, iteration is 240K. 

For the fully fine-tuned models MCS,Fine and MAP,Fine, two different levels of 

iterations are adopted to observe their effects on learning the new knowledge from the 

small datasets. First, a series of iteration times of 80,000 (80 K), 40 K, 80 K, and 40 K 

are used (totally Nit = 240K); second, the iterations are increased to 100 K, 50 K, 100 

K, and 50 K with a total of Nit = 300K iterations. The loss function is calculated based 

on the training data, and the loss values are recorded every 20 iterations in the log file 

of the training. Defined based on the dataset used and the iteration times in Table 2, the 

two models are trained in a GPU workstation, and the model of MCS,Fine 240K takes 

about 3.5 hours, whereas the training of MCS,Fine 300K accrues to 6 hours. In 

comparison, the models with the fixed-feature extraction (MCS,Fixed and MAP,Fixed 

MAP,Fixed) take about 2.0 hours to complete the training. These training hours meet 

the expectation that the completely fine-tuned models take longer time as a price of 

learning new-domain knowledge. 

Given a test image in Fig. 2-6(a), first of all, the final detection with localized cracks in 

bounding boxes are shown in the image, which is based on the final output of the trained 

model MCS,Fine 240K . To reveal the function of the individual layers in the Faster-

RCNN model, inter- mediate results are illustrated subsequently in Fig. 2-6. First, the 

feature maps produced at the fifth convolutional layer (conv5) are shown in Fig. 6(b), 

which includes 256 layers of feature matrices arrayed in one intensity image. It is 

evident that the characteristics of the cracks are learned from the data, including lower-

level linear features and higher-level semantic features. Thus, deeper learning is 
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necessary for the precise detection of structural cracks. The feature maps are further fed 

into the RPN, where the sliding-based layers of bounding-box proposals are used. 

Considering the nine different sizes in proposing a bounding box, and the possibility of 

treating a bounded region as background or foreground, a total of 18 layers of proposals 

are produced as the basis for computing the scores. Then, considering the four 

parameters in translating and scaling for the regression of the bounding boxes, a total 

of 36 layers of proposals are produced for predicting the positions of the bounding 

boxes. Through a regression process, the position parameters of the regressed bounding 

boxes (36 outputs) are shown as resized images in Fig. 6(c). The corresponding RPN 

scores from the Softmax layer for all the bounding boxes are shown in Fig. 6(d) (18 

resized images). Through visually comparing the intensity values in these intermediate 

results, although showing different aspects of the potential bounding boxes, they 

manifest better characterization of the location of the diagonal cracks in the original 

input. Combining the RPN scores and the locations of these bounding boxes, the meta-

data for the final RPN proposals, are fed into the classification layer of the Faster R-

CNN model together with the feature maps from the ZF Network. The feature maps are 

first utilized to realize another pooling process to produce the regions of interests 

(ROIs), which are combined with the RPN proposals through a regression process to 

generate the final bounding boxes. In these bounding boxes, the ROIs and the RPN may 

overlap and be merged to generate more precise coordinates for the bounding boxes. At 

the last stage, the detection results are further completed by another Softmax process 

that generates the classification scores for the regressed bounding boxes, as fully shown 
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in Fig. 3-1(a). 

   

(a)                                    (b) 

 

(d)                                    (d) 

Figure 3-1 Illustration of the prediction and intermediate results from the MCS,Fine 

N240K model: (a)the prediction; (b) feature maps produced by ’conv5’ of the ZF 

network; (c) RPN predicted bounding boxes; and (d) RPN scores of the bounding 

boxes. 

3.1.2 Transfer Learning Evaluation 

The transfer learning performance is the central concern in this paper. Two TL 

treatments are designed: the fixed-feature-extraction and the fully fine-tune training. 

When implementing the codes for the models, the authors attempted to train the models 

without using either of the TL treatments, namely, training the models from scratch (by 

setting all model parameters to random numbers). It was observed that the networks 

could not converge with the same iteration times, as reported in Table 3-1. The resulting 

model, when stopped at the iteration time, cannot propose any interesting regions for 

crack detection. The authors state that TL is critically necessary when dealing with the 
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very small-scale training data in this paper. Therefore, such ‘trained-from-scratch’ 

models were not included in the evaluation.  

Given the two transfer-learning designs, case-based studies are used to illustrate 

the effects of transfer learning. In Fig. 3-7, three different images from the concrete 

database are used, all featuring complex scenes in the back- or foregrounds. For all 

cases, the full fine-tune training model with 300 K of iterations are used. In Fig. 3-7(a), 

it is easy to recognize that with the use of the fixed- feature-extraction model, 

significant errors in false-positives and false-negatives errors are seen in the prediction. 

With the use of the fully fine-tuned model, MCS,Fine (N300K) , no false predictions are 

found in Fig. 3-7(b). Figs. 3-7(c) and 3-7(d) illustrate an input image with uneven 

illumination and human artifacts. The MCS,Fixed prediction misses significantly and 

produces many false-alarms within the human body. By contrast, the fully fine-tuned 

model produces much-improved detection with the localized bounding boxes that cover 

cracks only. In Fig. 3-8, the test images from the AP database are employed to illustrate 

the effectiveness of the transfer learning. Fig. 3-8(a) depicts an Internet-searched image 

that shows the natural scenes in the background (e.g., sky, mountain, and vehicles). It 

can be seen that the fixed-feature model MAP,Fixed does work in detecting structural 

cracks. However, it is noted that a great number of cracks are missed in the foreground. 

With the use of the MAP,Fine (N240K) model, the prediction is achieved without any miss 

as shown in Fig. 3-8(b). Figs. 3-8(c) and 3-8(d) illustrates another case with significant 

illumination distortions; and again, the fully fine-tuned model predicts much more 

accurately.   
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(a)                                    (b) 

 

(c)                                     (d) 

Figure 3-2 Transfer learning and prediction for two CS image: (a,c) Prediction by 

MCS,Fixed; (b,d) Prediction by MCS,Fine(N300K ). 
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   (a)                                    (b) 

 

(c)                                     (d) 

Figure 3-3 Transfer learning and prediction for three AP images: (a, c) Prediction by 

MAP,Fixed; and (b, d) prediction by MAP,Fine(N240K). 

3.1.3 Overall Accuracy and Model Performance   

When using one of the models in Table 2 given an input image, the model 

outputs two types of associated results for each bounding-box based prediction: the 

bounding-box coordinates (four real-valued numbers) and the corresponding score 

predicatively measuring the probability of detecting a crack object in the bounding box. 

Many predictive bounding boxes will be generated given an input image due to the 
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underlying regional proposal, ROI pooling, and bounding-box regression if crack 

objects exist. Then the score can be used to perform classification by a simple threshold, 

for which a 0.5 threshold is commonly used for a Softmax-based output (as visualized 

in the bounding boxes and the associated score values shown in Fig. 7 to 8. It is noted 

that a 0.5-threshold maybe not the optimal one; with the testing data, a more precise 

threshold may be extracted. 

To evaluate the accuracy of a binary classifier in the literature of machine 

learning, four outcome-based rating statistics are the basic measures to define advanced 

performance measures, which, as the function of the underlying threshold, include true 

positive (TP), true negative (TN), false positive (FP) and false-negative (FN). To be 

consistent, the data-augmentation technique proposed above and to bridge to the future 

efforts of conducting semantic segmentation of structural cracks, a new outcome rating 

scheme is proposed in this effort. As shown in Fig. 9, a sliding-neighborhood approach 

is proposed to rate the prediction outcomes before computing the performance 

measures. To illustrate this approach, a three-step procedure is described below. Given 

an output image from the model with many predictive bounding boxes, (e.g., Fig. 3-4 

illustrates three predictive sample boxes with score values of 0.3, 0.7 and 0.9), the 

binary pixel-level ground-truth image b(x, y) (as shown in Fig. 2-1), a sliding 20×20 

neighborhood (window) without overlapping, and a classification threshold s∗: 

1) Predictive bounding-box merging. The outputs of the bounding boxes and 

the scores are stacked additively to produce a single intensity image, denoted by w(x, 

y), wherein the values within a bounding box are uniformly set by using the 
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classification score of the bounding box. If overlapping occurs, the higher value is used 

for the overlapped areas; and all pixels not bounded by any predictive boxes are set 

zero. 

2) Ground-truth bounding-box merging. The ground-truth bounding boxes 

obtained from the previous SS-DA procedure are stacked additively as well. In this 

case, the unity value (1 - indicating the presence of cracks) is set for all pixels in the 

bounding box. If overlapping occurs, the ground-truth boxes merge retaining the binary 

unit values. In this preprocessing, the bounding boxes used in training and the one used 

in testing are separated within each input image. The resulting binary ground-truth 

images are denoted by gtr(x, y) and gte(x, y) indicating the training ground-truth 

bounding-box image and the testing ground-truth bounding-box image, respectively. 

3) Outcome rating. As the evaluation window slides through w(x, y), if the 

score within the window is greater than the threshold s∗, it leads to a positive prediction. 

By comparing with the pixels in the ground-truth image b(x, y), if the number of ground-

truth crack pixels confined by the window is more than 10% of the total of 20 × 20 

pixels (i.e., the same threshold αLCA used for the SS-DA bounding boxes), then a count 

of TP is obtained; otherwise,  an FP is counted.   Similarly, the counts of TN and FN 

can be achieved for a predictive bounding box that has a score lower than the 

classification threshold of s∗. These outcome ratings are further divided into the groups 

of training outcomes and testing outcomes based on the ground-truth bounding-box 

image (i.e., by intersecting with the binary images gte(x, y) for the testing outcomes). 

Due to the nature of crack pixels in images, it is noted that this evaluation 
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scheme reflects truly the imbalance between the TP and the FP counts. Fig. 3-4 

illustrates this situation. As the 20×20 window slides through the predictive bounding 

box (taking the box with the score of 0.7 as the example), the number of windows that 

cover the ground-truth crack pixels is much less than the windows that cover the non-

crack pixels. This imbalance is largely true for nearly all predictive bounding boxes. 

Effectively, the counts of TP are much less than the counts of FP.  

Therefore, this outcome rating is more stringent than the method used in the 

original Faster- RCNN. Originally, the Intersection over Union (IOU) approach is used 

to count the number of prediction outcomes, which is defined as the area of the overlap 

of the predictive bounding box and the ground-truth bounding box normalized by the 

union. Simply put, for a TP count, this requires that IOU ≥ 0.5.   This approach is 

approximately operated only based on the bounding boxes in w(x, y) and gte(x, y)  

without using the pixel-level ground-truth image b(x, y).  It is asserted that this works 

well for objects that are not-elongated such that the bounding boxes closely envelop the 

objects. As showcased in Fig. 3-3 to Fig. 3-5, if this approach is used, it leads to high 

detection rates in terms of both the precision and the recall measures; and hence the 

mean average precision (mAP). It is argued that such high mAP, as similarly reported 

in [16], does not reflect the true accuracy, especially the precision as defined later. 



36 

 

 

Figure 3-4 Illustration of prediction outcome rating. 

Using the outcome rating and counting scheme, if one selects the commonly 

used value 0.5 as the classification threshold (s∗ = 0.5), the prediction error (PR) can 

be defined as (FP + FN)/ (TP + TN + FP + FN), where TP, TN, FP, and FN are the 

counts of the outcomes as described above (or the opposite, the prediction accuracy, 

can be defined readily as 1 - PR). If one chooses to use a variable threshold, the outcome 

counts become a function of the threshold (s∗). A more comprehensive performance 

evaluation approach, called the Receiver Operating Characteristic (ROC) curve, is often 

used in the literature of machine learning to summarize the prediction performance. The 

ROC curve is created by plotting the true positive rate TPR = TP /(TP +TN + FP + FN) 

against the false positive rate FPR = FP/(TP + TN + FP + FN), in which all the 

classification outcomes are based on the variable threshold value. The ROC plot is a 

diagnostic tool for verifying the accuracy and robustness of the underlying 

classification model. With the ROC curve, the area under the ROC curve (AUC) can be 

used as a lumped measure that indicates the performance of the detection. The larger 

the AUC implies the higher detection capacity of the model. The resulting ROC curves 

based on the scheme above for the four DL models are shown in Fig. 3-5. 

0.7
0.9

0.3
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(a)                                  (b) 

Figure 3-5 Receiver Operating Characteristic curves for different DL models: (a) the 

models for the CS data; (b) the models for the AP data. 

  Given the ROC curve with an underlying varying classification threshold, an 

unbiased optimal threshold is often chosen at the point where the ROC intercepts with 

the line connecting the extreme (FPR, TPR)’s at (0, 1) and (1, 0), at which the TPR and 

the FPR ratios achieve the trade-off between the maximum TPR and the minimum FPR. 

With this optimal threshold value, the equal error rate (EER) can be defined. The 

achieved PR, AUC, and EER values are reported in Table 3-2.  It can be seen that the 

EER values are slightly reduced when compared with the PR values. However, it is also 

observed that the optimal thresholds are very close to 0.5 and considering the 

insignificant reduction in the EER values, it is argued that it is not necessary to select 

an optimal threshold unless prescribed cost functions are imposed. To compare with 

other structural-crack detection models in the literature, although different efforts used 

different outcome rating schemes, the accuracy values or errors provide a 

benchmarking basis. In Table 3, the ROC-AUC and the PR or EER values are cited 

from [15, 29, 33]. Among them, [29] used a traditional approach (feature extraction and 

neural-network classification) based on a small dataset; [33] used a sliding-

neighborhood based DL approach based a moderately large dataset (40 K images), and 
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[15] used the GoogLeNet for classification trained based on a 128-K database. 

Table 3-2 Model accuracy of different DL models. 

Models ROC-AUC PR EER 

MCS,Fixed 0.6573 0.3492 0.343 

MCS,Fine(240 K) 0.9356 0.0791 0.0732 

MCS,Fine(300 K) 0.9508 0.0652 0.0619 

MAP,Fixed 0.6543 0.3537 0.3469 

MAP,Fine(240 K) 0.8704 0.1608 0.1349 

MAP,Fine(300 K) 0.8773 0.1431 0.1327 

[29] 0.8438 0.2500 (EER) 

[33] 0.0205 (PR) 

[15] 0.0153 (PR) 

By observing the AUC, PR, and EER values that are shown in Table 3, one can 

observe that the fully fine-tuned models have much lower error rates and higher AUC 

capacities. Those case-based accuracy measurements experimentally confirm the 

success of the primary goal of this paper that is to learn structural cracks from small 

imagery datasets with complex scenes. Furthermore, it is safe to conclude that the 

models that use the fixed-feature extraction do not yield an acceptable accuracy; 

therefore, they are not recommended for the practical implementation. The overall 

accuracy of the AP-based models exhibits relatively lower accuracy than that from the 

CP-based models. This is explainable as indicated by Table 1 that relatively less number 

of images hence the SS-DA bounding boxes are used; in addition, it is partially 

attributed to the relatively overall higher complexity in the pavement scenes. When 

comparing the error rates of the fine-tuning models in this paper with the error rates 

from the previous efforts, it is obvious that the fine-tuning models (MCS,Fine and MAP,Fine) 

achieve superior performance when compared with the traditional non-DL model in 

[29] and an acceptable performance when compared with the DL models trained on 
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much larger datasets [15, 33] 

The precision and recall measures are too commonly used in the literature of 

pattern classification or retrieval. The precision, defined as TP /(TP + FP), and the 

recall, defined as TP/(TP + FN), are the functions of the threshold (s*). As such, by 

varying the threshold, the precision-recall (P-R) relation can be plotted, which results 

in the commonly used P-R curve for measuring the accuracy of a classification or 

retrieval model [52]. In Fig. 11, the P-R curves for the TL models trained and tested 

based on the two databases in this paper are produced.  

 

(a)                                 (b) 

Figure 3-6 Precision-recall curves for different DL models: (a) the models for the CS 

data; (b) the models for the AP data. 

Given precision and recall values, the F score is widely used that combines the 

precision and the recall measures to a single performance measure. In practice, the so-

called F1 score is often used, which is a harmonic mean of the precision and the recall 

measures. The F1 score is actually a special case of the generalized F-measure, which 

is a function of a positive variable β [53], by taking β=2 . If one weighs the recall higher 

than the precision, the F2 score is commonly used as well (by taking β = 5). By iterating 

with the threshold s*, one can obtain the F scores that vary with s*. Nonetheless, it is a 

common practice that one can locate a threshold that maximizes the F1 score, based on 
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which the corresponding precision, recall, and the F2 score can be evaluated at this 

threshold. 

In Table 4, the optimal F1 scores, and the corresponding precision, recall, and 

the F2 scores are listed. It is clear that the performance measurements in terms of these 

measures reveal again that the fine-tuned TL models improve significantly relative to 

the fixed-feature-extractor TL models. In the case of the CS dataset, the recall increases 

from 68% to 91%, and the precision increases from 29% to 41%. A similar observation 

of significant improvement is noticed in the case of both the CS and the AP datasets in 

terms of the precision, and the F1 and F2 scores. 

Table 3-3 Optimal F1 scores and the corresponding precision, recall, and the F2 

scores. 

Model Precision Recall F1 F2 

MCS,Fixed  

MCS,Fine(240K) 

MCS,Fine(300K) 

29% 

41% 

43% 

68% 

91% 

91% 

41% 

56.5% 

58.4% 

53.6% 

73.1% 

74.4% 

MAP,Fixed 

MAP,Fine(240K) 

MAP,Fine(300K) 

23% 

38% 

38% 

62% 

92% 

94% 

33.6% 

53.8% 

54.1% 

46.3% 

71.6% 

72.6% 

As expected, the measures in Table 4 exposes the imbalance nature intrinsic to 

the outcome rating scheme, where the precision values are significantly lower than the 

recall measurements due to the fact of TP ≪ FP. The F2 score, due to its emphasis on 

the recall, provides higher measurements than the F1 score. On the other hand, Fig. 3-

6 is consistent with this point. As seen in Fig. 3-6(a) and 3-6(b), the precision tends to 

decreases slightly for the two fine-tuned models (mostly higher than or around 40%), 

whereas the recall measurements increase significantly. Qualitatively, if one takes any 

predictive bounding box, wherein the number of positive ground-truth (with crack-
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pixel) windows is denoted by np and the number of negative ground-truth windows 

denoted by nn, then the precision of a random classifier is theoretically np/(np + nn) . 

The point of (np/ np + nn , 1) is called the end-point in a P-R curve [54]. If one assumes 

a reasonable imbalance ratio of 4 to 1 (i.e., nn/np = 4), then the precision of the random 

classifier is 20%. The reported precision values of the fine-tuned models in this paper 

are well above this assumed precision of the random classifier. More importantly, the 

P-R curves and the optimal F1 scores (and the corresponding precision, recall, and F2 

measurements) further confirm the observed trends. First, the completely fine-tuned DL 

models demonstrate acceptable accuracy in learning structural cracks from the small 

dataset. Second, the fine-tuned models are much superior to the fixed-feature-extractor 

models.  

3.2 Discussion and Remarks 

The formulation and performance assessment in the previous sections prove the 

excellent transferability of the pre-trained Faster R-CNN model when modified and 

fully fine-tuned to learn structural cracks from small datasets. This signifies that 

although a large-scale imagery data collection for structures in a multitude of physical 

and environmental conditions is indeed desired, it may be not necessary if one takes 

advantage of the transferability of pre-trained deep learning models and the data 

augmentation technique proposed in this paper. Therefore, the proposed framework can 

be readily used in the practice towards machine-vision based structural crack damage 

detection, for which a small number of images can be quickly collected, and the manual 

delineation can be conducted rapidly as well. With a small set of data (e.g., 10 to 20 
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images) and manual delineation of structural damage of interest, a transfer-learning 

based DL model can be built and put into practice for real-time structural crack 

localization given each input image.  

In reality, the majority of images collected in the field have no cracks; therefore, 

the proposed method in this paper serves to provide the first ’filter’ that classify field 

images into ones with cracks and ones without cracks. With the reduced number of 

images that have been labeled with bounding boxes containing crack objects, much-

detailed crack detection and quantification can be conducted. If the detection 

performance is accepted, one may refer to many existing efforts for this post-processing 

work, including level-set based crack contour extraction and crack width estimation 

[11]. If not, more data collection can be activated, followed by a similar data-

augmentation and transfer learning process. Fig. 12 illustrates this general solution 

framework for possible field-based implementation.  

 

Figure 3-7 Recommended workflow of applying the proposed methodology. 

It is noted that when redefining the anchors in modifying the Faster-RCNN 

framework, the select anchors, though their aspect ratios are modified compared to the 

original Faster-RCNN, the resulting predictive bounding boxes are very large (as shown 

in Fig. 3-7 to 3-10). In this effort, this treatment is intentionally adopted because first, 

the goal of this paper is to test the transferability of the pre-trained Faster-RCNN 
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towards learning cracks from the small imagery datasets. Second, by using relatively 

large anchors in the RPN training, they substantially enclose much more complex 

scenes for the detector but a small portion of crack pixels hence a more difficult 

situation for testing the performance of transfer learning in this paper. 

It is recognized that the anchors can be much reduced and a fine-tuned transfer 

learning can be similarly obtained by the readers; as such, the resulting predictive 

bounding boxes are expected to localize cracks better. One may imagine that the 

consequence of this approach will relatively mock the results from a sliding-

neighborhood DL approach, for which higher detection accuracy (e.g., the F1 scores) 

is expected. It is argued that the ultimate solution should be a semantic crack 

delineation. The latest version of the RPN-based CNN is the Mask R-CNN, which aims 

to produce instance-based and pixel-level segmentation. This is an appealing approach 

for realizing crack semantic delineation. Similarly, other fully convolutional networks 

(e.g., the FNN-8s model) can be considered for the pixel-level crack segmentation. The 

proposed Faster R-CNN approach again provides a ’filter’ that classify large images 

into smaller ones with cracks and ones without cracks. 

Last, it is noted that a more favourable situation may exist in the near future, 

wherein large-scale field-based datasets of all types of structural damage have been 

collected with or without a small- scale labelling effort, more capable deep-learning 

methodologies may be considered, which include semi-supervised learning or even 

weakly supervised deep learning [55]. These methodologies are not in the scope of this 

paper and are worthy of investigation in the future. 
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3.3 Conclusions 

In this paper, the significant advantage of modern deep learning technologies is 

exploited to learn structural cracks with complex scenes, and more prominently, the 

transferability is explored for learning structural cracks from small data sets.  A small 

dataset refers to a sizable number of 10 to 20 images with manual delineation of 

structural damage, which is common and can be realistically obtained in a short time. 

Therefore, building a predictive model, which can achieve accuracy and generalization 

performance comparable to human being’s intelligence in inspecting complex structural 

scenes, possess an enormous value. This paper investigates the transfer learning 

mechanisms based on two small datasets, and the core contribution that enables the 

transfer learning is a data-augmentation method based on the scale-space theory, which 

is dedicated to structural cracks that are elongated edge- or ridge-like objects. 

Numerical experiments are conducted based on different deep transfer learning models, 

and the major findings include: 

1) The scale-space data augmentation based on 10 to 20 field images with 

structural cracks can satisfy the need for transfer learning based on a pre-trained 

deep learning model (the Faster R-CNN model). One prominent feature of the 

proposed data augmentation technique is that it is fully analytical, tractable and 

can be adjusted for the practical needs (e.g., through modifying the set of the 

bounding-box sizes). This effective data-augmentation method is not found in 

the existing literature. 

2) With the systematic performance evaluation over the testing data, the transfer 
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learning models based on the complete fine-tuning mechanisms provide much 

more accurate detection than the models based on the fixed-feature-extraction 

mechanism. This signifies the importance of updating the weights of the pre-

trained CNN models that store the ’knowledge’ by learning from generally 

large-scale databases. 

3) Particularly, a new outcome-rating scheme is proposed for predictive outcomes.  

This is a more restrictive rating method, leading to an imbalance between the 

true-positive and false-positive counts. Regardless, the use of different 

performance measures, including ROC-AUC, EER, precision, recall, F1 and F2 

scores (despite the low measurements in precision and the F1 score), reveals the 

superior performance of the full-tuned transfer learning (TL) models compared 

to the one with the fixed-feature-extractor TL models, although the latter is 

trained with a much smaller time. It is found too that increasing the training 

iterations improves the accuracy with a price of high training-time cost. 
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CHAPTER 4  

MACHINE UNDERSTANDING OF DISASTER SCENES FROM MOBILE 

IMAGES – DATA AND MODELS 

4.1 Introduction 

Disasters are a persistent threat to human well-being. Disaster resilience, which 

is set to achieve given adequate preparation, adaptable response, and rapid recovery, is 

of paramount importance to the public[56]. During the phases of response and recovery, 

while disaster scenes are possibly still being unfolded, information collection via 

disaster reconnaissance is crucial for recovering the functionalities of communities and 

infrastructure systems. Disaster scenes, however, are perishable as a disaster recedes 

and recovery efforts progress. Traditional remote sensing (RS) technologies via orbital 

or airborne imaging sensors have long been recognized as a useful tool that provides 

geospatial analytics for improving the efficacy of disaster reconnaissance. In general, 

RS technologies can provide data that record the disaster scenes, including unfolded 

hazards (e.g., flood inundation) and disastrous consequences (e.g., building damage). 

However, traditional RS platforms suffer from long time-latency due to revisit periods, 

orbital maneuver, and the ensuing data processing [57]. Besides, due to their orbital or 

airborne view (even at a sub-meter resolution), it is often impossible for traditional RS 

sensors to capture the elevation view of built objects (e.g., buildings) and other detailed 

structural conditions of the objects. Therefore, although it is less efficient in terms of 

spatial coverage, ground-based disaster reconnaissance is not replaceable by traditional 

RS methods. In recent years, two emerging remote-sensing technologies are changing 
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the normal of disaster reconnaissance. First, due to the ubiquity of digital cameras, 

smartphones, body-mounted recording devices, and social-networking smart apps, 

which may be collectively termed smart devices, can seamlessly capture, process, and 

share images. These nearly real-time imaging can record not only personal but also 

public events, including disasters. Many researchers in Civil Engineering hence 

recognize the power of smart devices-based imaging for disaster response, 

infrastructure inspection, and construction monitoring [58-61]. The second is the use of 

small unmanned aerial vehicles (UAVs). As witnessed in recent years, since UAVs can 

provide high-resolution coverage of ground scenes at low above-ground-level (AGL) 

heights, many research efforts look into the application of UAV-based remote sensing 

[62-65]. UAV imaging can be deployed with diverse modes, including survey-grade 

imaging that is similar to traditional airborne RS sensing. Nonetheless, recent trends 

include using a micro-sized imaging UAV as a flying camera at a very low AGL, which 

is then similar to the imaging based on the smart devices above, for example, via the 

so-called ’follow-me’ drone [66]. In this paper, the authors propound that these non-

traditional RS methods conduce to the demand for real-time analytics arising from post-

disaster response and recovery activities. By recognizing their primary characteristic of 

being operated by a mobile agent, the term mobile RS is adopted in this effort. It is 

noted that in this paper, the emphasis is on mobile smart-device based imaging and the 

disaster-scene images from this venue. In the meantime, this choice is supported by the 

abundance of such images, as researchers have archived a large volume of such type of 

imagery data in the research community (e.g., as found in DesignSafe-CI, a 
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collaborative cloud-based workspace)[67]. 

Mobile RS provides untapped opportunities for extracting relevant information 

and understanding natural disasters. However, significant differences exist when 

comparing the processing methods for mobile RS images against traditional ones. First, 

traditional RS images are generally ortho-rectified and geo-referenced when provided 

for processing and understanding. Because of such geo-readiness, many application 

efforts concern change detection, which is to detect landscape differences at different 

times for a terrain of interest on the Earth surface. As such, besides basic 

photogrammetric processing methods, a wide range of digital change detection methods 

are found [68-71]. Mobile RS images differ from traditional ones in that they are often 

opportunistically collected. Due to their low-altitude or ground-level capturing mode, 

numerous images at different perspective angles are necessary for characterizing a local 

scene. Therefore, the involved processing to obtain a full view of the object (e.g., via a 

3-dimensional reconstruction process) is much more complex than processing geo-

ready images. Second, although mobile RS images can be geo-tagged via geographical 

positioning services in smart devices, many social or crowdsourced images are often 

marked with questionable geo-tags or simply have not geo-tags [72, 73], rendering them 

more loosely presented. Last, traditional RS images captured at different times can give 

rise to a time-series coverage for a particular region, whereas mobile RS data lacks such 

temporal advantages. These differences imply that one cannot use the traditional 

photogrammetric processing and change-detection methods to deal with mobile RS 

images that are arranged spatially and temporally non-structural. From this point of 
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view, the process of processing and understanding mobile RS images, including 

extraction, interpretation, and localization of objects in images, belong to the general 

image understanding problem as defined in the computer or machine vision literature. 

[74, 75] By borrowing this concept, image-based disaster-scenes understanding (I-

DSU) is coined in this paper, which is defined as a computational process of extracting 

information and detecting features or objects from images that are relevant to 

interpreting a disaster in terms of some key attributes. As will be further elaborated, 

towards a more cognitive mobile RS based disaster-scene understanding, research gaps 

exist. 

This paper contributes to the knowledge by developing and testing a deep-

learning framework to understand disaster scenes, hence to create actionable analytics 

and to facilitate more adaptable and rapid post-disaster response and recovery. In this 

framework, the proposed learning models identify two essential properties in a given 

disaster image (namely, the hazard type and the disaster-induced damage level). 

Performance evaluation reveals the insights in understanding disaster scenes in mobile 

images, including that the general damage-level classification is much more 

challenging than hazard-type recognition. To achieve the goal, the authors built a multi-

hazard disaster database with images from multiple sources, which forms another 

contribution of this paper. In the following, the specific research problems and 

challenges are defined. The methodology framework is proposed, including data 

preparation, network architectures and adjustment for two deep-learning (DL) models, 

and transfer-learning based training. Three strategically designed DL models are 
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evaluated in this paper, followed by a comprehensive discussion. Conclusions are then 

given based on the research findings in this paper. 

4.2 Research Problems and Challenges 

Disaster scenes from extreme events, such as hurricanes, floods, earthquakes, 

tsunamis, and tornadoes, are considerably complex. From the perspective of naked 

eyes, a disaster scene includes countless visual patterns related to built objects, natural 

hazards, landscapes, human activities, and many others. The semantic attributes for 

labeling patterns relevant to this effort are named hazard-type and damage-level. The 

rationale for this proposition is justified as follow by examining the practice of 

professional reconnaissance activities. 

It is a cognitive process when professionals in a disaster field conduct digital 

recording via cameras or smart apps, e.g., Fulcrum[76]. To the trained eyes of 

professional engineers, their attention can be quickly paid to the visual patterns of 

interest, the built objects, the apparent damage features (e.g., cracking or debris), and 

other clues that are relevant to damage due to the extraordinary intelligence of human 

beings and their professional training. For example, a post-tsunami image often 

contains inundation marks or water-related textures, whereas the post-earthquake 

images usually show conspicuous cracking in buildings or cluttered debris. For tornado 

scenes, the damaging effects usually lie on the roof or the upper area of buildings, 

showing peeled surface materials due to wind blowing and shearing. In sum, 

professionals often act as a detective while conducting a forensic engineering process. 

In this process, they record the consequential evidence of damage in built-objects using 
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digital images. They further look for cues that cause the damage, namely the causal 

evidence of hazardous factors, which may co-exist in the same image of damaged 

objects or are recorded in different images. Second, this cognitive process continues in 

written reports by the professionals, where the images are often showcased with 

captions or descriptions. Domain knowledge is more involved in this process, wherein 

the engineers tend to use a necessary number of images to analyze the common 

evidences of hazards and damage in images, then remark rationally the intensity of the 

hazard and the degree of damage, and even further, infer the underlying contributing 

factors, such as structural materials and geological conditions. Indeed, this has been 

called a learning from disaster in engineering communities as it is evidenced in many 

disaster reconnaissance reports(e.g., [77]) 

This cognitive understanding and learning process rarely occurs when it is 

conducted by the crowd as they lack domain knowledge. In addition, even it is 

conducted by professionals, they may seek to excessively record disaster scenes yet 

without describing and reporting all images. As mentioned earlier, digital archives and 

social networks to this date have stored a colossal volume of images recording extreme 

events in recent years, which are not exploited or analyzed in a foreseeable future. This 

accumulation will inevitably be explosive with the advent of ubiquitous utilization of 

personal RT devices, for example, body-mounted or flying micro-UAV cameras. 

In this paper, inspired by the practical cognitive process of disaster-scene 

understanding, the authors argues that there exists an identifiable causality pair in a 

disaster-scene image, the hazard applied to and the damage sustained by built-objects 
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in images. This identifiable causality, more specifically termed disaster-scene 

mechanics, gives rise to the fundamental research question in this effort: does a 

machine-based identification process exist that can process and identify hazard and 

damage related attributes in a disaster-scene image? To accommodate a machine-based 

understanding process, the attributes are reduced to be categorical. As such, two 

identification tasks are defined in this paper:   

    1.  Given a disaster-scene image, one essential task is to recognize the 

contextual and causal property embedded in the image, namely, the Hazard Type.  

    2.  The ensuing identification is to estimate the Damage Level for an 

object (e.g., a building).  

 It is noted that compared with human-based understanding found in 

professional reconnaissance reports, the underlying intelligence is much reduced in the 

two basic problems defined above. Regardless, significant challenges exist toward a 

machine-based disaster-scene understanding process. 

 The challenges come from two interwoven factors: the scene complexity and 

the class variations. To illustrate the image complexity and the uncertainties, sample 

disaster-scene images are shown in Fig. 4-1, which are manually labeled with hazard 

types and damage levels. Observing Fig. 4-1 and other disaster-scene images, the first 

impression is that image contents in these images are considerably rich, containing any 

possible objects in natural scenes. Therefore, understanding these images belong to the 

classical scene understanding problem in Computer Vision [18, 19], which is still being 

tackled today[20]. In terms of variations, as one inspects the image samples in Fig. 4-
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1, it is relatively easy to distinguish the hazard types if the images show visual cues of 

water, debris, building, and vegetation patterns. However, when labeling damage levels, 

it is observed that the ’Major’ or ’Minor’ damage level is relatively easy to identify, 

whereas the ’Moderate’ possess significant uncertainties between different observers or 

even the same observer at different moments, which are collectively called inter-class 

variations. As one inspects more images, the variations are extensively observed within 

images that fall in the same class in terms of either the same hazard type or damage 

level, known as intra-class variations[78]. The effects of these variations are dual-fold. 

First, human-based labeling is more likely to be erroneous, which increases the 

theoretical lower-bound decision errors. Second, they challenge any machine-learning 

candidate model if it has a low capacity in representing the complexity or weak 

discriminative power to deal with the class variations. 

The scene complexity and the conjunct inter-class and intra-class variations 

pose great challenges in constructing a supervised learning-based model. Such a model 

should be high-capacity to encode the complexity in images and be sufficiently 

discriminative to identify class boundaries in the feature space. By considering these 

demands, the bounding-box based deep convolutional neural network enabled object 

detection models are selected in this paper. A review of related background is given in 

the following. 
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Figure 4-1 Sample disaster-scene images labeled with hazard types and damagelevels 

with bounding-box annotation: (a) green box means minor damage, (b) yellow for 

moderate damage, and (c) red for severe to collapse damage. 

4.3 Deep Learning-based Framework 

4.3.1 Review of Deep Learning 

The performance of machine-based understanding of natural scenes culminates 

today as deep learning techniques advance [18-20]. A deep learning (DL) model, 

incorporating both feature extraction and classification in an end-to-end deep neural-

network architecture, can learn intricate patterns (including the objects of interest and 

the background in images) from large-scale datasets. For visual computing tasks, the 

dominant DL architecture is the Convolutional Neural Network (CNN), which has a 

reported superb performance in many types of tasks, such as object classification, 

localization, tracking, and segmentation[79]. In addition, contemporary DL models, 

especially those for image-based scene understanding, possesses an advantageous 

mechanism, when learning from small datasets, the transfer learning (TL) mechanism. 
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The technical advantage of TL, briefly speaking, is that if a pre-trained CNN model 

bearing a piori knowledge of the general scenes via learning from a large-scale 

database, it can be re-trained over the new but small database to achieve updated 

knowledge for objects of interest with improved convergence rates and prediction 

performance[35, 80]. In the literature, many commonly used CNN models have been 

trained and validated based on a large-scale database (e.g., the ImageNet[1] ; the 

backbones of these CNN models (usually all layers except the final classification layer) 

can be directly used to realize transfer learning in a new model. 

In this effort, the central problem of image-based hazard-type and damage-level 

classification is essentially an object-detection problem, including localization and 

classification. Early object-detection methods often use sliding-window and template-

matching strategies. However, they are superseded by more accurate DL-based methods 

in recent years. The first category of DL based methods features bounding-box 

detection, which provides a natural mechanism of classifying the region of interest in 

an image domain, namely an attention mechanism. Two strategies are found for 

bounding-box based localization of objects: region-proposal strategy represented by the 

Faster R-CNN model [81] and regression-based generation as in the Single Shot 

Multibox Detector (SSD)[82]. The third type of object detection technique aims to 

localize and classify objects at the pixel-level, which is known as semantic 

segmentation[83]) and is typically much computationally expensive (as shown in[84]). 

In light of disaster scenes in images, which often show cluttered objects without 

apparent boundaries, pixel-level segmentation is not necessary. 
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The two bounding-box detection models, Faster R-CNN and SSD, are adopted 

and further modified in this paper; for a detailed comparison and evaluation of the 

original models, one can refer to a recent review paper[85]. To this date, the Faster R-

CNN is a de-facto CNN-based object detection model, which implements shared 

network weights and adopts uniform network structures (the Regional Proposal 

Network, or RPN, and a user-selected CNN for feature extraction), resulting in much 

faster and more accurate prediction than its predecessors (Fast R-CNN and R-

CNN)[37]. It is noted that in a Faster R-CNN model, besides the two core networks 

(RPN and CNN), bounding-box coordinates regression and final classification layers 

still exist. On the other hand, the SSD model realizes global regression and 

classification, mapping straightly from image pixels to bounding-box coordinates and 

class labels. Therefore, the SSD model remarkably reduces the prediction time and 

achieves real-time prediction, which was reported to have a rate of 46 frames per second 

(FPS) compared with about 7 FPS for Faster R-CNN [82]. Nonetheless, as evaluated 

by [85], its performance gain sacrifices its accuracy in detecting small objects or objects 

with granular features in images. 

4.3.2 Methodology Framework 

In this effort, three DL models are developed and evaluated based on a unique 

disaster-scene database prepared by the authors. The basic methodological steps are 

illustrated in Fig. 4-2. In the following, these steps are detailed. 
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Figure 4-2 Workflow of proposed methodology framework. 

4.3.3 Multi-hazard Disaster-scene Database 

A multi-hazard disaster-scene (MH-DS) database covering three different 

hazard types with mobile images captured mostly in urban settings is created in this 

paper and is publicized as an opensource database [86]. This database was completed 

by the authors and several graduate and undergraduate researchers at the University of 

Missouri-Kansas City. This moderate-scale database, including approximately 1,757 

color images, was collected from five disaster events worldwide. Among them, 760 

images were collected using Internet searching based on two earthquake disasters (the 

2010 Haitian earthquake and the 2011 Christchurch Earthquake, New Zealand). Five 

hundred fifty-six (566) images were searched from the Internet based on two tsunami 

disasters (the 2011 Tōhoku Earthquake and Tsunami in Japan and the 2004 Indonesian 

Tsunami). The remaining 441 images were collected and shared by a research team 

from the 2013 Moore Tornado, Oklahoma [87]. As illustrated in Fig. 1, three types of 

hazardous forces are embedded in the images in accordance with the five disaster 

events; all images are filtered such that one or multiple buildings are found in the 
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images. It is noted that when developing the disaster-scene database, images with intact 

or normal buildings without a disaster context are not considered. If otherwise added, 

the treatment can be to add a label of ‘no-damage’ or ‘no-hazard; to the class labels; in 

such case, the model to be developed essentially conducts building detection. For 

solving the research problem in this paper, this is irrelevant. 

The semantics creation process for completing the disaster-scene database is 

introduced below. At the end of this process, besides the original images, two types of 

metadata are created: the coordinates for a bounding box in the image (four integer 

values) and the class types for hazard-type and damage level (two integer values). This 

process is similarly used as in a typical object-detection-oriented image database in the 

literature of computer vision. In this paper, it was assisted by using an open-source 

package, ImageLabel[1]. First, for localizing an object in an image, the most common 

approach is to annotate a bounding box to the object. Nonetheless, how to define a 

bounding box that largely expresses the attributes of hazard types and damage levels is 

a very subjective process. The authors discover that although cognition is 

individualistically different, there is an attention-zone in each image that attracts a 

human observer who can collectively determine the hazard type and damage level, 

leading to the desired consensus necessary for annotating and labeling images by 

multiple analysts. It is found too that such attention zones subtly differ between labeling 

the hazard types and that for damage levels. For the hazard type, the features in such a 

zone include all pertinent objects in an image, including buildings, vegetation, water, 

pavement, and vehicles. The attention is focused on the damaged buildings due to the 
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secondary task of classifying the damage level. For determining the damage levels, the 

attention zone is mostly on the buildings and their structural failure features. To avoid 

creating two different bounding boxes for localizing hazard types and damage levels in 

an image, only a single bounding box is manually annotated to approximate the 

underlying building-object focused attention zone. However, the authors argue that this 

treatment may compromise the model performance. 

Following the bounding box annotation, labels for a hazard type and a damage 

level are assigned to each image. Due to the image collection process, hazard-type 

recognition and labeling are relatively straightforward. Given the disaster-event type 

known a priori from the collection process, the analysts only need to filter out images 

that do not fall in any of the hazard types. For example, given the 2011 Tōhoku event, 

earthquake relevant damaged buildings were found in images; to focus on the tsunami-

wave induced hazards, these images were excluded. When assessing the images from 

the 2011 Christchurch Earthquake, images with ground-water related scenes (due to 

liquefaction) were removed as well. Damage-level recognition and labeling bear more 

uncertainties. First, no standard or rule can guide damage-level scaling agnostic to 

hazard types. The most commonly used guide for field-based visual damage scaling is 

found in [88], which defines five levels of identifiable damage based on visual features 

of a low-rise building. However, it is for earthquake-induced damage only. In this effort, 

with five hazard types and considering indefinite variations in building materials and 

types, three levels of damage are enacted to describe damage levels, which are assumed 

to be invariant to hazard types and building properties. Consequentially, the authors 
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propose to use the following three damage levels. (1) The ’Minor’ level stands for slight 

damage (usually the structure stands and appears to have a few instances of cracks, 

cluttered objects, or debris); (2) The ’Moderate’ level describes globally moderate to 

locally severe damage (visually, the object stands but appears to have many cluttered 

artifacts, severe cracks, or distorted elements); (3) The ’Major’ level covers both 

globally severe damage and full collapse (visually the structure shows partial to full 

collapse). 

To simplify the labeling, a numeric tag is uniquely assigned that differentiates 

both the hazard type and the damage level. After the manual labeling and bounding box 

creation, all these visually obtained manual tagging and annotation results become the 

critical metadata as an integral part of the resulting disaster-scene database for the 

ensuing machine learning framework. Further, the labels and bounding box information 

(including the coordinates of the bounding-box corners in images) for each image is 

written in an XML file. The number of the resulting XML files is the same as the 

number of images in the database. Fig. 4-3 illustrates the distribution of the resulting 

labels. It is noted that the instances of class labels are not well-balanced, where the 

Earthquake type takes 43.5% of all hazard-type class labels, and the Moderate type 

owns 44.5% of all damage-level labels. This imbalance needs to be heeded when 

evaluating model performance. 
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(a)                                (b) 

Figure 4-3 Distribution of class instances: (a) Hazard-type; (b) Damage-level. 

4.3.4 Deep Learning Models and Training 

Given the nature of a disaster scene, it bears two attributes simultaneously: the 

hazard type and the damage level. Two classification schemes can be designed. First, 

one can multiply the two sets of class labels, hence attempting to create a learning model 

that predicts nine different classes. The problem at hand can be achieved by using a 

single model outputting nine class labels. The second one is to predict hazard types and 

damage levels, separately, by two independent models. In this effort, to achieve 

straightforward performance evaluation and to reveal the insights about what aspect of 

the underlying disaster-scene mechanics is identifiable by a computer model, the 

second scheme is adopted. Accordingly, each of the two disaster-scene attributes is 

learned separately from the data using a standalone model. 

As reviewed and reasoned previously, the generic bounding-box based object 

detection models, Faster R-CNN and SSD, are adopted in this work as the baseline 

architectures. First, given the flexibility of choosing a user-defined CNN feature 
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extraction in Faster R-CNN, two CNN-based extractors are evaluated, which are the ZF 

CNN as used in the original Faster R-CNN model in [37], and the ResNet-50, a popular 

and high-performance extractor proposed by [89]. Second, given the computational 

gain of using the SSD architecture, a modified SSD model with the ResNet-50 as the 

feature extractor is developed for comparing with the Faster R-CNN counterpart. 

With this treatment and the consideration of two different DL architectures and 

two CNN-based feature extractors, three different DL models for the two different 

predictive tasks are designed, trained, and tested in this work, as defined in Table 4-1. 

In Table 4-1, the symbol MHT means to learn hazard types: MHT (FRC, ZF) using Faster 

R-CNN with a ZF extractor, MHT (FRC, RN) with ResNet50, and MHT (SSD, RN) using 

SSD with ResNet50. The model with the symbol MDL outputs the damage level. 

Similarly, MDL(FRC,ZF) refers to the Faster R-CNN model with ZF, MDL(FRC,RN) 

means Faster R-CNN with ResNet50 and MDL(SSD,RN) applies the SSD network. Table 

1 summarizes the achieved trained models and their goals of prediction. With this 

attribute separation, Table 4-1 simplifies the model outputs: for both types of models, 

Class 1, 2, and 3 correspond to either the three hazard types or the three damage levels, 

respectively. Therefore, besides the modification as presented in the following, all the 

models are adapted to output three class labels. 
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Table 4-1 Disaster-scene learning models and class prediction 

  Models   Class 1   Class 2   Class 3 

𝑴𝑯𝑻(𝑭𝑹𝑪, 𝒁𝑭)   Tornado   Tsunami   Earthquake 

𝑴𝑫𝑳(𝑭𝑹𝑪, 𝒁𝑭)   Minor   Moderate   Major 

𝑴𝑯𝑻(𝑭𝑹𝑪, 𝑹𝑵)   Tornado   Tsunami   Earthquake  

𝑴𝑫𝑳(𝑭𝑹𝑪, 𝑹𝑵)   Minor   Moderate   Major  

𝑴𝑯𝑻(𝑺𝑺𝑫, 𝑹𝑵)   Tornado   Tsunami   Earthquake 

𝑴𝑫𝑳(𝑺𝑺𝑫, 𝑹𝑵)   Minor   Moderate   Major  

Note: HT - hazard type; DL - Damage level; FRC - Faster R-CNN; RN - ResNet-50; 

and SSD, Single Shot MultiBox Detector.  

4.3.4.1 Modified Faster R-CNN Models 

As shown in Fig.4-4, this network consists of two sub-networks: a basic 

convolutional network for image feature extraction and the region proposal network for 

bounding box prediction. To evaluate the effects of CNN feature extractors, the basic 

ZF network is used first. As originally proposed in[37], this model is taken as a baseline 

model in this paper. The ZF network [90], a variant of the AlexNet model, can map the 

extracted features to a synthesized image at the pixel level (termed DeConvNet), which 

makes it convenient to visualize the mechanism of CNN-based feature extraction. ZF 

network has five convolutional layers and two fully connected layers. Fig. 4-4 (a) 

illustrates this network. 

 
(a) 
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(b) 

Figure 4-4 Modified Faster R-CNN models: (a) using a ZF network as feature 

extractor; and (b) using a ResNet-50 as feature extractor 

In the second model, the ZF network is replaced by the ResNet-50 [91] as an 

enhanced feature extractor. In the ResNet family of networks, multiple nonlinear layers 

are used to approximate a residual function. This treatment significantly reduces the 

degradation phenomenon caused by introducing deeper layers. The ResNet layers are 

structured into blocks, and typical block stacks three layers: 1x1 convolutional layer for 

reducing the dimension first, a 3x3 convolutional layer, and another 1x1 convolutional 

layer for restoring the dimension. Adopting batch-normalization (BN) in ResNet further 

enables improved generalization performance for such a large-scale deep network. A 

ResNet-50 network has four main clustered layers, which have 3, 4, 6, and 3 blocks in 

each cluster, respectively. As a result, ResNet-50 has 50 layers. Since the last layer of 

ResNet50 is a fully connected layer that cannot directly connect to the RPN stage in the 

Faster R-CNN architecture, the output from the 3rd layer cluster of ResNet50 is fed to 

the RPN sub-network. After the ROI layer, it is re-connected to the 4th layer cluster of 

the ResNet-50, followed by the fully connected layers for bounding box and label 

prediction. Fig. 4-4 (b) illustrates the resulting modified Faster R-CNN network. 

4.3.4.2 Modified SSD Network 

With the concern of expensive computation pertinent to the Faster R-CNN 
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architecture, the authors further consider the SSD architecture. To have a fair 

comparison with the Faster R-CNN with a ResNet-50 extractor, ResNet-50 is adopted 

for the SSD model. This treatment implies that when comparing the Faster R-CNN 

models with the modified SSD in this paper, the only difference at the architecture level 

is their individualistic treatment of bounding-box generation and classification scores 

generation. The resulting architecture of the SSD model is shown in Fig.4-5. 

 

Figure 4-5 Modified SSD network ResNet-50. 

4.3.4.3 Training via Transfer Learning 

The disaster-scene database in this work has about 1,700 (1.7 K) images for 

both training and testing. For training and testing in this effort, 85% and 15% percent 

of the images are randomly picked, respectively. As such, 1403 images are randomly 

selected and used in the training phase, and the remaining 254 images as the testing 

data. However, the database is relatively much smaller than a typical database (which 

usually has over 10 K to millions of images) for training a CNN model. As reviewed 

earlier, the transfer learning (TL) mechanism is introduced into the training procedure. 

In this paper, the pre-trained ZF and the ResNet-50 models as feature extractors 

trained on ImageNet, are used; the weights in their networks are subject to a fine-tuning 

process during the training (i.e., not from a set of random weights or from ’scratch’); 

and other network layers in the modified Faster R-CNN or SSD models are still subject 



66 

 

to complete training. To proceed with the TL-based training, an end-to-end iterative 

training process is implemented. Since the Faster-R-CNN models have two parallel 

parts, the shared CNN (ZF or ResNet-50) and the RPN, in this paper, the CNN is trained 

with 8,000 epochs first, then the RPN is trained continuously with 4,000 epochs. This 

procedure is repeated twice, resulting in a total of 240,000 epochs. A fully connected 

classifier is trained at the end of the framework. To create the same condition for the 

performance comparison, the SSD models are trained with 240,000 epochs too. This 

procedure is repeated twice, resulting in a total of 240,000 epochs. A fully connected 

classifier is trained at the end of the framework. To create the same condition for the 

performance comparison, the SSD models are trained with 240,000 epochs too. Fig. 4-

6 (a),(b) provides the losses as the training epochs for the model MHT(FRC,RN) and 

MDT(FRC,RN), respectively. Both loss curves indicate the convergence of learning with 

the epochs set in this work. 

 
Figure 4-6 Loss curves of (a) MHT(FRC,RN) and (b) MDT(FRC,RN) 

All the models use descending learning rates: the learning rate starts from 

3×10−4, then it becomes one-tenth of the original learning rate after the CNN training 

(at the 80,000 epoch). For the second training procedure (CNN + RPN), the learning 
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rate is reduced by 10 times again. These models are trained in a workstation with Nvidia 

Titan X GPU and Intel Xeon CPU. Due to the hardware limitation, the batch size is set 

as 16. The entire training for each model takes around 9 h. 
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CHAPTER 5  

MACHINE UNDERSTANDING OF DISASTER SCENES FROM MOBILE 

IMAGES – PERFORMANCE EVALUATION 

5.1 Performance Evaluation 

With the DL models defined previously, this section aims to conduct 

experimental testing based on the multi-hazard disaster-scene dataset prepared in this 

work. Quantitative performance measures and graphical analytics are utilized for this 

purpose. It is noted that similar to the conventional treatment in bounding-box based 

objection detection, it is the class labels that are evaluated. Bounding boxes are used as 

a visual reference to exam if proper attention zones are produced. 

5.1.1 Performance Measures 

The simplest and basic performance measures are based on the calculation of 

prediction rates given a set of known class labels and classification labels, resulting in 

the counting of four prediction consequences, including the number of true-positive 

(TP), true-negative (TN), false-negative (FN), and false-positive (FP) predictions. With 

these counts, simple accuracy measures, including the confusion matrix, the Overall 

Accuracy (OA), and the Average Accuracy (AA), can be defined. These simple 

accuracy measures may be misleading in practice, particularly when the learning data 

is imbalanced. Precision and recall are improved performance measures in the field of 

information retrieval and statistical classification, also widely used in the DL-based 

object detection literature. The precision is the ratio of the number of positive samples 

to the total number retrieved (defined as TP/(TN+FP)). It reflects the ability of a model 
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to predict only the relevant instances. The recall rate refers to the ratio of the number 

of positive samples retrieved and the number of all truly positive samples in the dataset 

(defined as TP/(TP+FN). The recall indicates the ability of a model to find all relevant 

instances. The two measures are coupled; in general, when both measures approach 1, 

they reflect a more accurate model. However, practical models often achieve higher 

precision and low recall or vice versa. Based on precision and recall, the F_1 score, 

which is the harmonic mean of precision and recall, quantifies the balanced 

performance of a classification model. 

The precision and recall can be evaluated using a default threshold value (i.e., 

0.5) in the classification layer. By varying the underlying classification threshold, a 

precision-recall curve (PRC) can be plotted. Technically, a maximal F-1 measurement 

(and the optimal threshold) can be recognized from this PRC curve. Another graphical 

evaluation approach, called the Receiver Operating Characteristic (ROC) curve, is often 

used in the literature on machine learning. A ROC is created by plotting the true-positive 

rate (which is the same as the recall measure) against the false-positive rate, during 

which the classification threshold varies as well. Given a PRC or ROC associated with 

an acceptable classification model, one usually observes that as the recall (or the true-

positive rate) increases, the precision decreases, and the false-positive rate increases. 

Last, it is noted that with the ROC curve, the area under the ROC curve (AUC) can be 

used as a lumped measure that indicates the overall capacity of the model. In this paper, 

the baseline confusion matrices, four performance statistics AUC, F1 score, AA, and 

OA, and two graphical curves (PRC and ROC curves) are used as performance 
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measures. 

5.1.2 Model Performance 

The performance of the predictive models for hazard-type and damage-level 

classification is evaluated separately in this section. In each case, besides the 

straightforward confusion matrix, the scalar accuracy measures, including the F_1 score, 

the overall accuracy (OA), the average accuracy (AA), and the area under the ROC 

curve (AUC) are jointly considered. The graphical ROC and PRC of the best models 

selected in this paper are further used to examine the models’ capacity and robustness. 

5.1.2.1 Hazard-type Prediction Performance 

Three hazard-type prediction models are assessed herein (Table 1). Fig. 14 

demonstrates four sample prediction results from M_HT (FRC,RN). In each predicted 

instance, both ground-truth and predicted information are annotated, including the 

bounding boxes, the class labels, and the prediction scores. Regarding the bounding 

box prediction, first of all, it is observed that our strategy of emphasizing the spatial 

boundaries of damaged buildings is largely confirmed. In all cases, the bounding boxes 

tend to envelop the buildings. It is observed that for tornado scenes, as illustrated in Fig. 

5-1 (a) and 5-1 (b), both bounding boxes and hazard types are more accurately detected. 

For earthquake and tsunami scenes, instances exist that are challenging to differentiate 

for human analysts if one inspects Fig. 5-1 (c) and 5-1 (d). Nonetheless, the model 

largely has learned the salient differences in terms of geometric distinction of debris 

patterns. In addition, while outlining the bounding box in Fig. 5-1 (d), it seems that the 

analyst emphasizes the salient region that can inform the tsunami hazard type. 
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Therefore, a smaller box is given. In terms of discriminating its damage level, it is 

excessively small. 

Based on the testing data, the accuracy measurements are reported in two tables. 

Table 5-1 reports the confusion matrix for each hazard-type model. In Table 5-2, four 

accuracy measures are listed, including the AUC based on the ROC curve as a measure 

of model capacity, the F1 score as the primary accuracy measure, and the AA as a simple 

accuracy measure. These three measures are calculated as different class labels (the 

hazard types of Tornado, Tsunami, and Earthquake). Then the overall accuracy measure, 

OA, is given for each model. The following observations are summarized based on 

these performance measurements. 

 

(a)                                  (b) 

 

(c)                               (d) 

Figure 5-1 Hazard-type prediction using M_HT (FRC,RN) (red-bounding boxes from 

prediction; and blue boxes from testing data): (a) Tornado-wind scene (correct 
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prediction with a score of 100.0%); (b) Tornado-wind scene (correct prediction with a 

score of 100.0%);(c) Earthquake-shaking scene (correct prediction with a score of 

99.9%); (d) Tsunami-wave scene (correct prediction scene with a score of 90.18%). 

 

 

Table 5-1 Confusion matrix of hazard-type prediction 

Predict 

Actual 

𝑴𝑯𝑻(𝑭𝑹𝑪, 𝒁𝑭) 𝑴𝑯𝑻(𝑭𝑹𝑪, 𝑹𝑵) 𝑴𝑯𝑻(𝑺𝑺𝑫, 𝑹𝑵) 

Tor Tsu Ear Total Tor Tsu Ear Total Tor Tsu Ear Total 

Tor 72 2 1 75 73 0 2 75 33 3 39 75 

Tsu 4 48 16 68 0 59 9 68 16 19 33 68 

Ear 9 16 86 111 2 12 97 111 17 22 72 111 

Total 85 66 103 254 75 71 108 254 66 44 144 254 

Note: Tor = Tornado; Tsu = Tsunami; Ear = Earthquake 

 

Table 5-2 Performance of hazard-type prediction. 

 
𝑴𝑯𝑻(𝑭𝑹𝑪, 𝒁𝑭) 𝑴𝑯𝑻(𝑭𝑹𝑪, 𝑹𝑵) 𝑴𝑯𝑻(𝑺𝑺𝑫, 𝑹𝑵) 

AUC F1 Score AA AUC F1 Score AA AUC F1 Score AA 

Tornado 0.98 0.9 0.96 0.99 0.97 0.97 0.64 0.47 0.44 

Tsunami 0.83 0.72 0.705 0.92 0.85 0.87 0.57 0.34 0.28 

Earthquake 0.86 0.80 0.774 0.91 0.88 0.88 0.55 0.57 0.65 

OA 0.81 0.90 0.49 

First, the high 𝐴𝑈𝐶 scores of both the FRC-based models signify their higher 

prediction capacities than the SSD model at all hazard types. In terms of the 𝐹1 scores, 

the FRC-based models again show much greater accuracy than the SSD model. If the 

𝐹1 scores alone are compared, one may see that when the Resnet-50 is used as the 

feature extractor, slightly better classification accuracy is observed than the ZF-based 

model. The 𝐴𝐴 measure shows a consistent trend as the 𝐹1 score. On the other hand, 

when the SSD model 𝑀𝐻𝑇(𝑆𝑆𝐷, 𝑅𝑁) is concerned, even with the more competitive 

feature extractor (ResNet-50), its accuracy drops significantly. Based on this evidence, 

it is argued that the use of Faster R-CNN as the basis for hazard-type prediction is 
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superior to the SSD-based architecture. 

Between the two Faster R-CNN models, 𝑀𝐻𝑇(𝐹𝑅𝐶, 𝑍𝐹) and 𝑀𝐻𝑇(𝐹𝑅𝐶, 𝑅𝑁), 

it can be seen that this hazard-type detector is more sensitive to the tornado disaster 

than to the earthquake disaster, and the last is the tsunami disaster. To comprehend this 

observation, the percentages of images of different hazard types in the learning datasets 

may provide some insight. It is found that the earthquake images are about 42% of the 

total samples, tornado images about 25%, and tsunami images around 33%. This 

indicates that the data is relatively not well-balanced but not severely imbalanced, 

implying that data imbalance does not sufficiently explain the lowest performance in 

tsunami disaster prediction. By visually inspecting the images and further reflecting on 

the strategy of using building-focused bounding boxes when annotating the data, the 

authors speculate that for a tsunami image, by the mandatory attention of the visual 

cues on building objects using bounding boxes, this treatment may tend to miss other 

important visual cues, particularly water. In other words, by confining the visual cues 

within the bounding boxes for only the buildings, more subjective uncertainties are 

introduced to discriminate tsunami scenes against the other two. 

As observed previously, the best model for hazard type prediction is 

𝑀𝐻𝑇(𝐹𝑅𝐶, 𝑅𝑁). To better assess its capacity and robustness, the PRC and ROC curves 

are illustrated in Fig. 5-2. In the PRC plot, the iso-contours of the 𝐹1  values with 

various classification thresholds are illustrated, which lead to the 𝐹1 contours of 0.2, 

0.4, 0.6, and 0.8. The baseline prediction line is marked in the ROC lines, indicating 

that any ROC above this diagonal line implies a useful classification model. From PRC 
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and ROC plots, which are overall monotonic and symmetrically concave, it is evident 

that the model consistently has a strong capacity and robustness at most select 

thresholds. 

 

(a)                                  (b) 

Figure 5-2 Performance of 𝑀𝐻𝑇(𝐹𝑅𝐶, 𝑅𝑁) in terms of: (a) Precision-Recall Curve; 

(b) ROC curve. 

5.1.2.2 Damage Level Prediction Performance 

Three damage-level prediction models are assessed herein (Table 4-1). Fig. 5-3 

first demonstrates the damage level prediction results using the same four sample inputs 

as in Fig. 5-1 using the damage prediction model 𝑀𝐷𝐿(𝐹𝑅𝐶, 𝑅𝑁). As shown earlier, 

the bounding boxes tend to envelop the buildings with different damage features. It is 

interesting to note that in Fig. 5-3 (d), the damage prediction model chooses a much 

different bounding box and reports a correct damage level, whereas the underlying 

bounding box emphasizes tsunami hazard features, and an erroneous damage level is 

given as ’ground truth’. This implies the subjective variability introduced by human 

annotators. 



75 

 

 

(a)                                  (b) 

 

(c)                                  (d) 

Figure 5-3 Damage level prediction using M_DL (FRC,RN): (a) minor-damage scene 

(predicted as moderate damage with a score of 97.4%); (b) minor-damage scene 

(correct prediction with a score of 100.0%); (c) major-damage scene (predicted as 

moderate damage with a score of 95.1%); (d) mislabelled moderate-damage scene 

(predicted as major damage with a score of 95.8%).  

The performance measurements are reported in terms of the confusion matrices 

and scalar measures in Table 5-3 and Table 5-4, respectively. The most significant 

observation is that damage-level prediction performance decreases considerably 

compared to the hazard-type prediction over the testing data. In terms of both the 𝐴𝑈𝐶, 

𝐹1  score, the 𝐴𝐴 ’s, and 𝑂𝐴 ’s, none of the performance measurement exceeds 0.9. 

Nonetheless, the model with the highest performance values is found in 

𝑀𝐷𝐿(𝐹𝑅𝐶, 𝑅𝑁), which shows moderate performance with an overall accuracy of 62.6% 

and 𝐴𝑈𝐶 and 𝐹1 scores both greater than 0.5 at all damage-level predictions, albeit 
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an alarming accuracy at predicting moderate-level damage. The two other damage-level 

prediction models, 𝑀𝐷𝐿(𝐹𝑅𝐶, 𝑍𝐹)  and 𝑀𝐷𝐿(𝑆𝑆𝐷, 𝑅𝑁) , manifest unsatisfactory 

prediction performance. This implies that the ’strong’ Faster R-CNN model with 

a ’moderate’ ZF feature extractor or the ’normal’ SSD model with a ’strong’ Resnet 

feature extractor cannot sufficiently discriminate damage levels as human experts can 

do. The model 𝑀𝐷𝐿(𝐹𝑅𝐶, 𝑅𝑁)  with a strong feature extractor and a strong region-

proposal model can correctly detect damage levels. If one scrutinizes all the model 

performance measurements, even with two non-satisfactory models, it is evident that 

predicting moderate-level damage poses to be the most challenging one. This aspect, as 

well as the overall moderate performance, is further discussed later. 

Table 5-3 Confusion matrix of damage Level Models. 

     Predict 

Actual 

𝑴𝑫𝑳(𝑭𝑹𝑪, 𝒁𝑭) 𝑴𝑫𝑳(𝑭𝑹𝑪, 𝑹𝑵) 𝑴𝑫𝑳(𝑺𝑺𝑫, 𝑹𝑵) 

Minor Moderate Major Total Minor Moderate Major Total Minor Moderate Major Total 

Minor 27 24 10 61 46 7 8 61 29 8 24 61 

Moderate 23 57 33 113 19 55 39 113 24 21 68 113 

Major 10 34 36 80 4 18 58 80 13 15 52 80 

Total 60 115 79 254 69 80 105 254 66 44 144 254 

Table 5-4 Performance of damage level classification. 

 
𝑴𝑫𝑳(𝑭𝑹𝑪, 𝒁𝑭) 𝑴𝑫𝑳(𝑭𝑹𝑪, 𝑹𝑵) 𝑴𝑫𝑳(𝑺𝑺𝑫, 𝑹𝑵) 

𝐴𝑈𝐶 𝐹1 score 𝐴𝐴 𝐴𝑈𝐶 𝐹1 score 𝐴𝐴 𝐴𝑈𝐶 𝐹1 score 𝐴𝐴 

Minor 0.59 0.44 0.44 0.85 0.71 0.75 0.55 0.46 0.47.5 

Moderate 0.50 0.50 0.50 0.67 0.57 0.49 0.51 0.27 0.18.58 

Major 0.58 0.45 0.45 0.75 0.62 0.72 0.60 0.46 0.65 

OA 0.47 0.63 0.50 

The ROC and PRC plots in Fig. 5-4 further illustrate the moderate predictive 

capacity of the model 𝑀𝐷𝐿(𝐹𝑅𝐶, 𝑅𝑁). Compared to the ROC and PRC plots for the 

best hazard-type model 𝑀𝐻𝑇(𝐹𝑅𝐶, 𝑅𝑁), it is seen that both predictive capacity and 

robustness degrade. Besides, both graphical analytics show a relatively high capacity 
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to predict minor-damaged buildings, moderate in major-damage prediction, and less 

satisfactory in minor-damage prediction at all possible variable classification 

thresholds. 

 
(a)                                  (b) 

Figure 5-4 Performance of 𝑀𝐷𝐿(𝐹𝑅𝐶, 𝑅𝑁) in terms of: (a) Recall-precision curve; 

(b) ROC curve. 

5.1.3 Observation 

The primary observations from the experiments above are multi-fold, which are 

listed below:   

1. Hazard-type detection achieves statistically high performance over hazard types 

(very high accuracy on tornado-wind scenes, high on the earthquake scene, and 

weak on the Tsunami-wave scene), and the best model architecture is 

MHT(FRC,RN). 

2. Damage-level prediction retains moderate yet explainable performance; 

nonetheless, the model MDL(FRC,RN) secures acceptable performance on 

minor- and detecting major-damage levels.  

3. The bounding-box based detection is overall satisfactory and sufficiently 



78 

 

capture the attention zones in disaster-scene images.  

4. Regarding the three model architecture for the two disaster-scene understanding 

tasks, it is observed too that Faster R-CNN as a general object-detection 

architecture with outputs of both bounding boxes and class labels has a superior 

performance.  

 More explanations and limitations in the proposed methodology framework 

are discussed in the following. 

5.2 Discussion 

5.2.1 Justification of Accuracy 

First, to enlighten the discussion regarding the accuracy of image-based damage 

classification, the authors retrieve relevant accuracy results from the literature. It is 

noted that again there are no similar efforts that use mobile RS images. [92] reviewed 

many efforts, where categorical structural damage was classified using traditional RS 

images. First, the average or overall accuracy ranged from 70% to 90%, depending on 

the availability and quality of the data; higher rates were usually a result of possessing 

high-quality pre- and post-event data. [93] conducted damage classification using 

synthetic aperture radar (SAR) images before and after the 2011 Tohoku Earthquake 

and Tsunami in Japan. With a traditional machine-learning framework, they reported 

an average accuracy of 71.1% using the F-1 score. [94] proposed a deep-learning-based 

damage detection workflow using the same type of data over the tsunami-related 

damage as in[93]. They reported a damage-level recognition accuracy of 74.8% over 

three damaging classes. [95] identified the significance of fusing the Digital Elevation 
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Model (DEM) with SAR data for damage mapping. In terms of four levels of building 

damage for an Indonesia tsunami, they reported a higher overall accuracy (>90%) yet 

a low average accuracy (around 67%). Given such comparison, the authors of this paper 

argue that towards an image-based classification of structural damage for built objects, 

an OA measurement of 62.6%) as reported by the model MDL(FRC,RN) is not 

surprisingly low. 

To further explain this, three vital differences between traditional RS images 

and mobile RS images are argued below, which render mobile RS-based damage 

detection more challenging 

1. Bitemporal GIS-ready RT images vs. non-structured mobile images. In 

traditional RT images, the bitemporal pairs are usually both ortho-rectified and 

co-registered; therefore, bitemporal pixels for the same objects may only subject 

to misalignment of a few pixels, which significantly constrains the degree of 

errors. In the case of mobile images, there are no bitemporal pairs, and the 

damage is opportunistically captured from an arbitrary perspective of a built 

object. This difference leads to overall much more uncertainties in mobile RS 

images towards damage interpretation. 

2. Bounded vs. unbounded scene complexity. In traditional RT images, most multi-

story building objects in the nadir or off-nadir views only show the roof level 

damage with minimal building elevation coverage. This implies that the 

structural characteristics are mostly in terms of lines, edges, and corners at the 

roofs of buildings, which are low-level visual features. When damage occurs, 
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these low-level features are distorted or modified. In mobile images, however, 

the scene complexity is mounted dramatically, and the involved features are at 

a high-level, including parts of objects, adjacent objects, and potential relations 

between adjacent parts or objects.  

3. Hazard specific vs. hazard-agnostic damage levels. In most RT-based damage-

level classification, the hazard type comes from a single event, and the damage 

for built objects is extracted from bi-temporal images. In this work, treating the 

damage levels agnostic to hazard types leads to significant intra-class variations, 

which are much less significant when using traditional RS images.  

Secondly, it is explainable that hazard-type prediction models perform better 

than the damage-level models in this work. For this performance disparity, three 

empirical reasons are speculated herein. First, visual clues that imply hazard types in 

disaster-scene images are more abundant and distinct than those possibly exploitable 

for discriminating damage levels. Second, the damage levels semantically imply an 

increasing order of damage severity. This renders secondary yet significant overlapping 

in the underlying decision boundaries in the high-dimensional feature space, namely 

inter-class variations. Third, treating the damage levels not specific but agnostic to 

hazard types leads to significant intra-class variations. These three conjunct reasons are 

believed to corroborate that generic damage levels are much more challenging to learn 

than hazard types given the same disaster-scene database. 

5.2.2 Suggestions for Modeling Treatment 

Tornado-scene images in this work should be augmented to include more 
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complexity. It is noticed that when predicting the tornado scenes, very high accuracy is 

achieved (with an AA up to 0.973 and an F1 score of 0.970; Table 2). The prediction 

accuracy is high on earthquake-scene prediction (AA = 0.873; F1 score = 0.994); then 

the least on tsunami-scene (AA = 0.867; F1 score = 0.849). This ranked trend in 

prediction accuracy essentially coincides with the scene complexity, from low to high: 

Tornado-wind, Tsunami-wave, and Earthquake-shaking scenes. Essentially, although 

the disaster-scene database created in this work contains images for events around the 

world, they are still limited in terms of diversity. Specifically, the tornado-scene images 

came from a single event and were taken within residential areas from one town 

(Moore, Oklahoma). Regardless of the relative complexity, nearly all buildings in 

images are residences captured from their front view. More diversity is in the 

earthquake scenes that came from urban settings of two quite different countries, Haiti 

and New Zealand. Similarly, the tsunami images came from two countries as well, 

coastal towns in Japan and Indonesia. These distinctions in imagery-scene complexity 

in terms of their sources and characteristics explain the observed performance. It is 

suggested that a different source for tornado-scene images may be included to augment 

the scene complexity. 

More flexible bounding-box based annotations may be designed for very 

complex disaster-scene images. When the tsunami-wave scene is classified, relatively 

lower performance is observed with all the three models used. The authors speculate 

that by annotating bounding boxes and focusing on building objects, the tsunami-

specific visual cues, particularly flood-borne debris, tend to be missed by the bounding 
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boxes. The authors argue that this can reduce prediction performance about the tsunami 

scenes. As observed in Fig. 5-1(d) and Fig. 5-3(d), bounding boxes are predicted 

differently from the human annotation. This is inevitably due to arbitrary and subjective 

variations in a subjective human-based process. The models learn the most plausible 

bounding box statistically in this tsunami-scene image. For damage level prediction, 

however, the model chooses the bounding box with the damage level of the maximum 

score value and a much different box is predicted yet with a correct prediction (relative 

to the mislabeled label by a human analyst). This implies the disadvantage of the 

proposed simplified annotation process for the human analyst in this work. It is 

suggested that for very complex disaster scenes, such as hydraulic hazards induced 

disasters (e.g., flooding, tsunami, and storm surges), multiple and different bounding 

boxes can be used for characterizing the hazard-type and building damage. This 

treatment is left for future research. 

Hierarchical and fine-grained semantic labeling should be pursued in future 

research. Related to hazard types, a hierarchical scheme may be designed based on 

event type; for example, for an earthquake-event scene, the hazard labels may include: 

shaking, land sliding, liquefaction, ground sinking; whereas related to disaster types, 

specific damage types may be classified according to element types and location; for 

example, for buildings, these may include structural beam, wall, or foundation damage 

and nonstructural-element damage. Nonetheless, this fine-grained labeling demands a 

much larger-scale database and a more sophisticated model. 

Data imbalance in disaster-scene images is intrinsic. First, it is due to the nature 
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of hazards in their frequency; for instance, the returning period of a strong earthquake 

is much more extended than a windstorm. Second, after an intense event, crowdsourced 

images from the general public are more focused on severely damaged buildings due to 

physiological preferences. In recent years, innovative loss functions were proposed that 

deal with dense objects in images with a high ratio between the foreground objects and 

background objects [96]. However, in this work, the imbalance occurs within different 

built objects, which are mainly in the foreground. Future research is needed, and the 

work of [96] provides an inspiring direction by tuning the loss function. 

5.2.3 Understanding UAV Images 

It is asserted in this paper that UAVs are becoming a personal RT platform and 

a common tool in professional disaster reconnaissance activities in recent years. In 

practice, UAVs-based RS images possess special characteristics due to their much 

flexible imaging geometrics. In general, UAV images according to their coverage and 

imaging heights can be categorized into three types: (T1) elevation-view of buildings 

if the imaging UAV captures at an AGL height comparable to building heights; (T2) 

overhead view of one or several buildings when the AGL heights are higher than 

buildings; (T3), aerial view of a large number of buildings when the AGL is much high 

(e.g., hundreds of feet above ground). In general, the authors state that the developed 

models in this work should work well for UAV images from the first category (T1) as 

they are similar to any ground-level mobile images. For images in T2, the images may 

still be similar to the mobile images in this paper as one may capture images at a higher 

ground than buildings. For T3, they should be processed first using photogrammetric 
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methods as they are used for traditional RS images. 

In this effort, the models MHT(FRC,RN) and MDL(FRC,RN) developed 

previously are applied to some sample UAV images, which were captured from a recent 

tornado disaster reconnaissance (Jefferson City, Missouri). The images were shot at a 

low-altitude over an apartment complex. As shown in Fig. 5-5, two of three damaged 

buildings are classified correctly as the tornado hazard type. The lower left one is 

classified as the tsunami type because its roof is disappeared, which is a scene not 

appeared in the tornado-scene images in this paper (that were captured mostly with the 

front view). For damage level classification, three buildings are detected in Fig.5-5(b); 

the predicted damage levels conform to the hazard-agnostic damage classification. This 

extrapolation effort does demonstrate that UAV images of such may deserve some 

specific processing to improve the accuracy. One possible solution is to exploit the 3-

dimensional (3D) embeddings hidden in the large number of overlapped UAV images 

hence a 3D reconstruction of the scene can be obtained [96, 97]. With a 3D image-based 

learning, more granular and representative features may positively augment the model 

accuracy. 
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(a)                                  (b) 

Figure 5-5UAV image prediction: (a) hazard type classification by 𝑀𝐻𝑇(𝐹𝑅𝐶, 𝑅𝑁); 

(b) damage level classification by 𝑀𝐷𝐿(𝐹𝑅𝐶, 𝑅𝑁). 

5.3 Conclustions 

In this work, the authors explore the feasibility of a quantitative understanding 

of disaster scenes from mobile images. To deal with the significant complexity and 

uncertainties in disaster-scenes images, this paper proposes adopting advanced deep 

learning models to identify both hazard types and damage levels embedded in images. 

The authors develop three deep learning models for two disaster-scene 

understanding tasks: hazard-type identification and damage-level estimation. The 

following conclusions are resolved by assessing the performance of the two tasks based 

on quantitative performance measures. First, the performance of the models 

demonstrates that disaster scenes in mobile remote-sensing practice can be modeled, 

and predictive models with acceptable performance are feasible. Second, it is concluded 

that hazard types can be identified with high accuracy due to the underlying abundant 

visual characteristics. On the other hand, relatively modest performance is observed 

when the models predict damage levels. Empirical explanations are provided, including 

that the proposed damage-level scaling is agnostic to hazard types and possess much 
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inter- and intra-class variations. Last, it is observed that the Faster R-CNN architecture 

with a Resnet-50 CNN as the feature extract excels with the highest performance in this 

effort. 

With these conclusions, the authors expect that higher-performance predictive 

models for disaster-scene learning can be developed by enhancing data volume, 

veracity, and better-suited deep learning architectures. The proposed concept of mobile 

imaging-based disaster scene understanding and the developed frameworks in this 

paper can facilitate the automation of imaging activities conducted by either 

professionals or the general public as smart and mobile devices become ubiquitous, 

enabling data-driven resilience of disaster response. 

This material is partially funded under the National Science Foundation (NSF) 

under Award Number IIA-1355406 and the A.37 Disasters of the National Aeronautics 

and Space Administration (NASA) Applied Sciences Disaster Program. Any opinions, 

findings, and conclusions, or recommendations expressed in this material are those of 

the author(s) and do not necessarily reflect the views of NSF or NASA. 

Some or all data, models, or code that support the findings of this study are 

available from the corresponding author upon reasonable request. The semantic 

disaster-scene data is publicly shared[86]. 
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CHAPTER 6  

HYPERSPECTRAL SNAPSHOT IMAGIGN AND SPECTRUM QUALITY 

EVALUATION  

6.1 Introduction 

With the advance in imaging optics, hyperspectral images (or cubes) have 

become low-cost and real-time for acquiring images in the field, specifically thanks to 

the recent development of different 'snapshot' hyperspectral imaging systems. However, 

cameras producing high resolutions in both the spectral domains and the spatial 

domains are still rare or considered to be high cost. Algorithm-based pan-sharpening, 

or in general image reconstruction methods, are often used to create high spatial-

resolution cubes by fusing high-spatial gray or color images and low spatial-resolution 

hyperspectral images. Moreover, most of these methods emphasized achieving high 

visual quality in spatial resolution but not considering the spectral accuracy in the 

reconstructed images. 

Saving hundreds of spectral bands in one image has been made possible by 

advanced sensor technology compared to the common photography and other imaging 

technologies, such as thermal imaging and multi-spectral imaging. Such a new 

generation of data is commonly called hyperspectral imagery. The sufficient spectral 

information contained in a hyperspectral image means more abundant possibilities to 

be used for object detection and classification. Hyperspectral images (HSIs), which 

contain both spatial and spectral information in pixels, have become a powerful media 

for multiple research fields. Even in the visible and near-infrared (VNIS) range, the 
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spectral values can provide information that is invisible to human eyes and lead to more 

discriminative and stable characterization for different objects in terms of spectral 

profiles (not a finite set of values, e.g., RGB values). For example, in agriculture, 

hyperspectral images can be used to discern ripe and non-ripe fruits, stressed leaves, or 

the material composition of dirt. Moreover, the HSIs are recently utilized more 

commonly in both academic research and commercial fields because of the 

development in hyperspectral imagery manufacture.  

This chapter aims to evaluate the spectral quality of reconstructed images from 

multiple methods. A commercial hyperspectral camera (Cubert S185) was used to 

conduct the research. Important conclusions include that spectral information is lost to 

different degrees per different reconstruction methods when the spatial resolution is 

raised too high. The trade-off between spatial sharpening and retaining spectral 

information is important for machine learning tasks. 

6.2 Hyperspectral Imaging and Hyperspectral Data 

In a nutshell, the prefix ‘hyper- ‘implies overly or abundant; therefore, the term 

‘hyperspectral’ means abundant wavelengths or bands measured in the spectral 

dimension of an image. Defining such an image as a function of I(x, y, λ),  it therefore 

composes a 3-dimensional (3D) data cube, which is commonly called hypercube [14]. 

This data cube contains two spatial dimensions (x and y) and one spectral dimension 

(λ). For a typical hyperspectral data cube, it can provide sufficient spectral and spatial 

information that can be exploited to conduct various further subsequent signal 

processing and knowledge discovery steps, such as image enhancement (denoising), 
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feature extraction, detection, and classification.  

In a natural world, any electromagnetic radiation can be described by its 

wavelength [98]. The visible light is defined in the spectral range from 400 to 700 nm 

(in Figure 2-1). The spectrum of hyperspectral imaging normally depends on the 

property of hyperspectral sensor. For example, the near infrared (NIR) camera is able 

to build a hyperspectral profile from 400 to 1200 nm. Created by the sensor, a large 

number of bands are located on the spectral range if the spectral resolution is around 

10~20 nm. The rapid development of hyperspectral imaging techniques driven by 

integrating spectroscopic and imaging techniques has enabled creation of hyperspectral 

images with hundreds or even thousands of spectral bands in various of spectral ranges.   

 

Figure 6-1 the electromagnetic spectrum 

In spectral imaging, reflectance spectrum delivers a comparatively numerical 

value of reflection that quantifies the radiant energy. The value of reflected energy 

equals to the percentage of the reflected light by the material when the light hits this 

material (Equation 2-1). 

𝑅𝜆 =
𝛷𝑒,𝜆

𝑟

𝛷𝑒,𝜆
𝑖                            (6-1) 
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Where 

𝛷e,λ
r  is the reflected spectral radiant power; 

𝛷e,λ
i  is the received spectral radiant power. 

The resulting reflectance spectrum reveals different pixel property via the trend 

and amplitude, which constructs a spectrum curve. Usually, the reflectance spectrum is 

a smooth and fluctuant curve overlapping a range of wavelengths if sufficient spectral 

bands are provided. For the digitalized procedure, the data in a hyperspectral image 

consists of several reflectance arrays, recording values of reflected light energy at 

different wavelengths. Because different materials absorb and reflect different amount 

of the light at specific range of wavelength, the reflectance is on of indications of 

materials and it can be regarded as a kind of feature during detection[99]. 

6.2.1 Remote sensing  

A hypercube is shown in the left of Figure 2. A plane composed by two spatial 

dimensions (x and y axes) is called as the focal-plane image. Focal-plane images are 

arranged along with the spectral dimension – the λ axis. Hence, the pixel from the image 

lengthwise consists of many reflectance radiances values along with the spectral 

dimension. That is to say each single pixel can be expresses as a spectrum curve in the 

spectral domain. Every pixel in the image has its featured spectrum line describing 

reflectance properties. For example, there are two totally different curves of two 

individual pixels that are plotted in the right of Figure 6-2.  
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Figure 6-2 The 3-D hyperspectral data cube and reflectance curves 

There are four imaging mechanisms for acquiring hyperspectral images (shown 

in Figure 2-3). 

 

(a)                  (b)  

 

(c)                  (d)  

Figure 6-3 hyperspectral imaging acquisition 

The Fig. 6-3 (a) is the spatial scanning (push-broom) sensor, which is a line-

group 2-D sensor. It saves a full slit spectrum of a line each time and obtains a whole 
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scene via moving the sensor (in an orbital or flight path). This line-scan sensor requires 

stabilized mounts and uses commonly in most remote sensing platforms. The next one 

(Fig. 6-3 (b)) is spectral scanning sensor contains m×n sensors that acquire a 

monochromatic spatial map of scene each time (i.e. capturing one spectral frame at one 

time). Typically, an optical band-pass filter is fixed in front of the sensor to achieve the 

scanning. Fig. 6-3 (c) shows non-scanning sensor which is also called snapshot sensor 

[100]. The sensor outputs a full data cube at once without scanning.  The final one 

(Fig. 6-3 (d)) is called spatio-spectral scanning sensor [101] (recently introduced in 

2014), which consists of a camera behind a slit spectroscope and outputs a wavelength-

coded map of the scene. 

6.2.2 Chemical imaging 

In medical, chemical, and biological sciences, hyperspectral imaging is called 

chemical imaging. The plenty of data spectrums of a particular chemical component are 

measured in spatial location and they are traditionally used for chemical identification 

and quantification [102]. The great difference between remote sensing HSI and 

chemical imaging is the illumination source. Remote sensing imaging uses the natural 

light source (from sun) and detects the reflectance radiation value to create digital 

hyperspectral images; whereas chemical imaging instrument emits photons initiatively 

and receive the reflected photons to create images. The different types of emission 

photons determine the different radiant or spectral properties of the images.  

At present, the most popular chemical imaging method is based on the 

vibrational spectroscopic techniques. The photons interactions are either absorbed or 
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scattered. The photons with specific energy are absorbed by the subject and the 

absorption is then shown different from others in chemical imaging. There are three 

sub-classes in vibration imaging: mid-infrared chemical imaging, near-infrared 

chemical imaging, and Raman chemical imaging. 

6.3 Hyperspectral Image Sharpening and Evaluation Methodology 

Snapshot cameras can capture HSIs in one shoot without sensor motion or 

amounting optical filters [103]. This mechanism is able to obtain HSIs without moving 

sensors required in push-broom cameras, hence avoiding vibration noise and reducing 

imaging time [100]. This new imaging mechanism dramatically enhances operability 

and efficiency, such that a large number of hyperspectral images can be produced in 

fields. In recent years, many snapshot HS cameras are commercially available [104]. In 

this paper, we have adopted one commercial system, the Cubert S185 system, and the 

hyperspectral images from this camera are concerned. The Cubert system composes of 

one VNIS snapshot camera and one mini-computer for real-time computing. The 

camera captures within the spectral bands from 440 nm to 996 nm with a 4-nm sampling 

width (leading to 139 spectral bands). During the imaging, the optical sensor will 

simultaneously take one high-spatial-resolution (1000×1000) panchromatic (gray) 

image and one low spatial-resolution spectral cube (50×50×139). Then the computer 

applies a pan-sharpening step to create a high-spatial-resolution cube with a user-

defined pan-sharpening ratio. By taking the maximum ratio (i.e., 20), one can obtain a 

1000×1000×139 cube. This sharpening method realizes a reconstruction procedure by 

fusing a low-spatial-resolution cube and its accompanied high-spatial-resolution gray 
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image. In the literature, many reconstruction methods have been developed, which can 

be adopted to realize such sharpening for our imaging system at hand. However, most 

existing efforts aim to realize the visual resemblance of the spectral cube to the gray (or 

color) image [105, 106]. On the other hand, less research attempts to study the quality 

of spectral reconstruction. Additionally, the current methods often start with an existing 

HSI cube, downsample it into a cube of lower spatial resolution, then treat it ground-

truth. The reconstructed cube is then compared against this ground truth to produce 

performance metrics. This process does not reflect the real-world situation wherein the 

desired high-spatial-resolution HSI cube does not exist as a ground truth.  

The proposed scheme aims to evaluate the spectral quality of reconstructed HSI 

images, in which we will evaluate the native pan-sharpening method from the Cubert 

camera system ('Cubert Method') and a number of other reconstruction methods. In 

addition, in our evaluation, ground-truth HSI cubes do not exist, which is termed non-

reference evaluation. More importantly, the authors focus on the quality evaluation in 

the reconstructed spectral domain. 

In order to evaluate the spectral quality of the reconstructed HSI, the 50×50 HSI 

taken by the Cubert camera is reconstructed by a variety of methods and compared with 

the Cubert method. The methods used for reconstruction include 1). Ratio Component 

Substitution (RCS) sharpening [107]; 2). Local Mean and Variance Matching (LMVM) 

sharpening [108]; 3). Bayesian Fusion sharpening [109]; and 4). Exploiting clustering 

manifold structure super-resolution [110]. This chapter focused on evaluating the 

spectral quality of the above reconstructed HSIs, and the spatial quality will also be 
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evaluated as an auxiliary reference. The spectrum quality is assessed from the aspects 

of spectrum consistency and spectrum composition. And three non-reference image 

quality metrics in the spatial domain are also calculated. Besides, this research also 

discussed the impact of high-resolution reconstruction on subsequent processes, such 

as classification or object detection. Thus, a primary Support Vector Machine (SVM) 

[111] is trained with 80% of pixels in one HSI, and the rest of the pixels are used for 

testing SVM. 

6.3.1 High-Spatial-Resolution HSI Reconstructions 

To reconstruct the low-spatial-resolution cube (50×50×139) to high-spatial-

resolution (1000×1000×139) HSI, we use five different methods (include Cubert 

method) as mentioned. The first three sharpening methods (RCS, LMVM, and Bayesian 

Fusion) are implemented by using Orfeo ToolBox [112]. RCS method is a 

straightforward operation that fuses orthorectified panchromatic (PAN) and 

multispectral (XS) images using a low pass sharpening filter, and the computation 

equation is denoted as below: 

𝑌 =  
𝑋𝑆

𝐿𝑜𝑤 𝑃𝑎𝑠𝑠 𝐹𝑖𝑙𝑡𝑒𝑟(𝑃𝐴𝑁)
× 𝑃𝐴𝑁                      (6-2) 

where Y is the fused image. With the same component-substitution idea, LMVM 

uses the filter to apply a normalization function at a local scale within the low-resolution 

cube to equate the local mean and variance values in the high-spatial-resolution 

panchromatic image. The highlight computation is expressed as: 

𝑌𝑖,𝑗 =  
(𝐻𝑖,𝑗−𝐻𝑖,𝑗)×𝑠×(𝐿)𝑖,𝑗(𝑤,ℎ)

𝑠×(𝐻)𝑖,𝑗(𝑤,ℎ)
× 𝐸                      (6-3) 
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where Yi,j refers to the fused image, Hi,j and Li,j denotes high-spatial-resolution 

panchromatic image and low-spatial-resolution HSI respectively at pixel coordinates (i, 

j). (H)i,j(w,h) and (L)i,j(w,h) are local means calculated inside the window of size (w, h). s 

denotes the local standard deviation. 

The third sharpening method is Bayesian data fusion [109], which is based on 

statistical relationships between the various spectral bands and the panchromatic band. 

The indirectly observed vector is denoted as Z. An error-like model links Z to spectrums 

Y in a high-spatial-resolution image. The model is denoted as: 

𝑌 = 𝑔(𝑍) + 𝐸                           (6-4) 

where g(Z) is a set of functionals, and E is a random error vector is stochastically 

independent of Z. Besides, the conditional probability density function of vector Z is: 

𝑓(𝑧|𝑦) ∝ 𝑓𝑧(𝑧)𝑓𝐸(𝑦 − 𝑔(𝑧)) 

 where fZ(.) is the a priori pdf for Z and fE(.) is the a priori pdf of the errors E.  

The last reconstruction method is manifold-based super-resolution [110]. This 

method firstly conducts clustering in the spatial domain of the input high-spatial-

resolution image. And then, the intra-cluster self-expressiveness is adopted on clusters 

to create the clustering manifold structure. Then, the learned manifold structure is 

introduced into a variational super-resolution framework to produce the high-spatial-

resolution HSI. This fusion-based super-resolution method reconstructs high-spatial-

resolution HSI (Z) from low-spatial-resolution HSI (X) and a high-resolution 

panchromatic image Y. In another way, X can be considered as Z multiplying a down-

sampling matrix H, and panchromatic Y can also be up-sampled in spectral-domain by 
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matrix P. Thus, the super-resolution can be modeled as: 

min
𝑍

‖𝑋 − 𝑍𝐻‖𝐹
2 + ‖𝑌 − 𝑃𝑍‖𝐹

2 + 𝜆𝜙(𝑍) 

where ||.||F denotes the Frobenius norm, and ϕ(Z) refers to an appropriate 

regularize derived from the intrinsic structure of Z.  

6.3.2 Spectral Evaluation 

For the evaluation of spectrum quality, the consistency between the 

reconstructed spectrum and the original spectrum is taken as the first consideration. The 

main reason is that the spectral information should not be changed due to 

reconstruction. Therefore, the extremely distorted spectrum of single-pixel is first 

searched to understand the distortion of the reconstructed HSI. Subsequently, the 

distribution histogram of the pixel-level average spectral value in reconstructed HSI is 

displayed to investigate the distortion of the reconstructed spectrum. Then, the spectral 

Spearman correlation and spectral Euclidean distance between the low-spatial-

resolution cube and the high-spatial-resolution cube are calculated to further 

quantitatively analyze the similarity between the reconstructed spectrum and the 

original spectrum. Because the scale factor is 20, each pixel (1×139) in the low spatial 

resolution HSI can correspond to a sub-cube (20×20×139) in the high spatial resolution 

HSI. When calculating the Euclidean distance and spearman correlation between the 

original spectrum and the reconstructed spectrum, the spectrum s of each pixel in low-

spatial-resolution HSI is compared with the average spectrum s of its corresponding 

sub-cube. 

In addition, the endmembers of the original low-spatial-resolution cube and 
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reconstructed high-spatial-resolution cube are also extracted and match with the 

abundance maps. This is also to analyze the consistency between the reconstructed HSI 

and the original HSI from the perspective of spectral components. The spectral 

endmembers directly depend on the materials of image content which is same before 

and after reconstruction. Ideally, spectral endmembers account for most of the image's 

spectral variability and serve as a reference to determine the spectral makeup of mixed 

pixels. Since the signature of each material can not be provided in this case, the 

Automatic Target Generation Process (ATGP) endmembers induction algorithm [113] 

is utilized to select a set of appropriate initial endmembers. And the abundance maps 

are also created to show the distribution of each endmember. This endmember analysis 

is vital to understand the spectrum consistency between original and reconstructed HSI. 

The similar endmembers and abundance map indicate the reconstructed HSI keeps the 

spectral features from the original low-spatial-resolution HSI. This endmember 

extraction is completed by PySptools. 

6.3.3 Non-reference Image Quality Metrics (Spatial Domain) 

For a comprehensive image quality evaluation, the spatial domain quality is 

another important part. However, there is no ground truth HSI in this case to complete 

the referenced image quality examination. Therefore, three non-reference statistics-

features-based metrics are utilized to evaluate the spatial domain quality of 

reconstructed HSIs: 1). Blind/Referenceless Image Spatial Quality Evaluator 

(BRISQUE) [114], 2). Naturalness Image Quality Evaluator (NIQE) [115], and 3). 

Perception-based Image Quality Evaluator (PIQE) [116]. Herein, the PIQE range [0, 
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20] is excellent quality, [21, 35] is good quality, and [36, 50] is fair quality. For 

BRISQUE and NIQE, the lower the score, the better the image quality. Moreover, the 

non-reference scores are evaluated one layer by one layer since HSIs have multiple 

layers. And all the scores are calculated by MATLAB functions. The non-reference 

image quality scores of two HSIs (I1 and I2) are listed in Tab. 1. From the table, Cubert 

and Bayesian HSIs have better quality than other reconstructed HSIs according to 

scores. Based on PIQE scores, all reconstructed HSIs have at least good quality or 

better. This guarantees the HSIs used in spectral quality evaluation have the success 

spatial reconstruction.  

Table 6-1 None-reference image quality 

6.4 Spectral Quality Evaluation and Analysis 

This research used two HSIs (I1 and I2) from the HSI dataset in [117] for image 

quality examination. But only I1's reconstructions are shown in Fig. 1 considering the 

length of the paper. Here, (a) subfigure in Fig. 6-4 and Fig. 6-5 is produced by simplest 

bicubic interpolation, and it can be seemed as a baseline. 

 Cubert RCS LMVM Bayesian Manifold 

 BRIS. 40.35 44.23 44.03 42.49 45.85 

I1 NIQE 7.41 8.14 6.79 6.99 9.49 

 PIQE 14.71 19.99 16.57 14.83 22.89 

 BRIS. 38.84 33.56 33.97 32.65 46.55 

I2 NIQE 8.06 5.51 4.98 4.72 10.06 

 PIQE 23.04 25.31 22.62 21.84 28.42 
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Figure 6-4 I1 reconstruction results at 520nm. (a) Bicubic. (b) Cubert. (c) RCS. (d) 

LMVM. (e) Bayesian. (f)Manifold 

 

Figure 6-5 I2 reconstruction results at 520nm. (a) Bicubic. (b) Cubert. (c) RCS. (d) 

LMVM. (e) Bayesian. (f)Manifold 

6.4.1 Spectrum similarity  

In the beginning, each reconstructed HSI is searched for the most abnormal 

pixels (with extremely high-value spectrum). Fig. 6-6 plots abnormal spectrums in the 
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Cubert method reconstructed HSI and the corresponding original spectrums in low-

spatial-resolution HSI. Especially, I1 abnormal spectrum is already more than five times 

of original one. 

     

         (a)                                  (b) 

Figure 6-6 Abnormal spectrum in Cubert HSI: (a) I1 (b) I2 

Next, the average spectrum distribution histogram is plotted for a more 

comprehensive understanding (Fig. 6-7 and Fig. 6-8). Thereinto, subfigure (a) is the 

average spectrum distribution of low-spatial-resolution HSI.  From the observation, 

the Cubert method (b) produced HSI has the most distorted distribution.  And 

manifold-based reconstruction (f) has the most similar distribution to the original HSI. 

Although there is a shifting in the range of average spectrum in the other three 

reconstructed HSIs (c-e), the distributions still maintain the feature (a sunken part).  

Moreover, (b-e) distributions include a number of larger average spectrum values. In 

detail: the Cubert HSI has more than 800 pixels with over 9000 average spectrum. There 

are only 29 pixels' average spectrum are over 8000 in Bayesian fused HSI. 
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Figure 6-7 Average spectral value distributions of I1: (a) Origin; (b) Cubert; (c) RCS; 

(d) LMVM; (e) Bayesian; (f)Manifold 

 

Figure 6-8 Average spectral value distributions of I2: (a) Origin; (b) Cubert; (c) RCS; 

(d) LMVM; (e) Bayesian; (f)Manifold 

Finally, we calculate both Euclidean distance and Spearman correlation from 

the spectrum in original low spatial-resolution HSI to the patch-average spectrum in 

high spatial-resolution. Tab. 6-2 lists the spectrum Euclidean distance and Spearman 

correlation. Except for Manifold reconstructed HSI, the other four reconstructed HSIs 

have very short distances and high correlation with the spectrum in original HSI. But 

the RCS reconstructed HSI has burred spatial quality (observe from Fig. 6-4 and Fig. 

6-5). The possible cause is that the RCS reconstructed HSI simply by the weighed 
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spectrum value; this leads the spatial details can not be rephrased in good quality. 

Moreover, the Bayesian fused HSI's spatial quality is closed to Cubert HSI (show in 

Fig. 6-4 and Fig. 6-5), but the Bayesian HSI has a shorter distance and higher 

correlation than Cubert HSI.  

Table 6-2 Spectral similarity 

 Cubert RCS LMVM Bayesian Manifold 

I1 

Dist 0.011 8.2e-7 0.021 0.0037 0.414 

Corr 0.984 0.999 0.973 0.9957 0.532 

I2 

Dist 0.007 2.5e-7 0.015 0.005 0.515 

Corr 0.973 0.999 0.967 0.982 0.409 

6.4.2 Endmembers and Abundance Maps 

To understand the spectral quality of reconstructed HSIs from another 

perspective, the endmembers are extracted for spectral components analysis. The 

endmembers can represent the fundamental components of HSIs; therefore, similar 

endmembers indicate the reconstructed HSI maintains similar spectral properties as the 

original HSI.  And the similar spectral components can justify that the spectral 

information does not change or loss after reconstruction. In Fig. 6-9 and 6-10, the 

endmember spectrums of each HSI are showed. 

 

Figure 6-9 Endmembers of I1 in multiple reconstructions 
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Figure 6-10 Endmembers of I2 in multiple reconstructions 

Generally, RCS and LMVM reconstructed HSIs have similar endmembers with 

low-spatial-resolution HSI because these two reconstructions are from weighed 

spectrum values in low-spatial-resolution HSI. This computation does not change 

spectral value a lot; thus, the endmembers are most similar. But the simple 

reconstruction also leads to a low spatial quality. Moreover, the Cubert method 

reconstructed HSI imports a few new type endmembers, such as the EM3. These new 

endmembers may be the source of the distortion in average spectrum distribution (Fig. 

6-9(b) and 6-10(b)). Furthermore, Bayesian fused HSI has consistent endmembers with 

low-spatial-resolution HSI. And these endmembers are smoother and more separated 

than original HSI's. The separability benefits the following operations, for example, 

classification or detection. However, Manifold-based reconstructed endmembers are 

very different from original HSI. One possible reason is that the Manifold-based 

reconstruction is completed band by band, which breaks the spectral connections. 

At the same time, the abundance maps of relative endmembers are demonstrated 

in Fig. 6-11 and 6-12. Although Cubert HSIs have very high quality in the spatial 

domain, the abundance of endmember distribution is most different from original HSI 
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because of new endmember imported.  And Bayesian fused HSIs keep very high 

similarity with original HSI and have fair spatial quality. 

 

Figure 6-11 Abundance maps of I1 
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Figure 6-12 Abundance maps of I2 

6.4.3 SVM Experiment  

A simple SVM classification is completed only based on spectral information 

to explore the relationship between high-spatial-resolution reconstruction and further 

procedures. The classification confusion matrixes of I1 and I2 are listed in Tab. 6-3. HSI 

I1 has 4 classes of pixels: crack, water, oil, and background. And HSI I2 also has 4 

classes of pixels: crack, artificial color, green vegetation and background. Here, the 

crack means the line-damage on concrete or asphalt surface. 
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Table 6-3 SVM results  

Note: C = Crack; W = Water; O = Oil; A = Artificial Color; G = Green Vegetation; B = Background 

 

From the results, the oil and water are hard to distinguish only based on spectral 

information. And the crack pixels are either difficult to extract purely rely on the 

spectrum. It is worth mentioning that Bayesian HSI, which has more separated 

endmembers. With Bayesian reconstruction, background pixels recognition rate is 

slightly improved, and the fewer pixels are misclassified from water- and oil-classes 

into crack-class. Besides, sample I2 illustrated a situation that the simple sharpening 

HSIs (RCS and LMVM) and original HSI trained SVM has good performance to 

distinguish oil, artificial color, and green vegetation pixels because these materials have 

unique spectrums. But the most background pixels are misclassified into the crack class. 

On the other side, the high spatial quality HSIs (Cubert and Bayesian) have very poor 

classification performance. This may provide clues that spatial quality improvement 

causes losing spectral features. 

6.4.4 Discussions 

This paper aims to explore more spectral quality in reconstructed high-spatial-

resolution HSI than spatial quality because the valuable spectral information may lose 

or be adjusted after reconstruction. After the special evaluation of spectral quality in 

 

I1 
Cubert RCS Bayesian Manifold 

Tot. 
C W O B C W O B C W O B C W O B 

C 1206 0 0 594 774 0 162 864 864 0 198 738 522 0 180 1098 1800 

W 1170 0 450 180 252 0 1476 72 430 2 1242 126 810 18 900 72 1800 

O 666 0 1026 108 162 18 1530 90 252 0 1476 72 648 0 1008 144 1800 

B 162 0 18 1620 108 0 54 1638 72 0 36 1692 180 0 18 1602 1800 

Tot. 3204 0 1494 2502 1296 18 3222 2664 1618 2 2952 2628 2160 18 2106 2916 7200 

I2 
Cubert RCS Bayesian Manifold 

Tot. 
C A G B C A G B C A G B C A G B 

C 1458 342 0 0 1566 108 0 0 1458 342 0 0 1404 360 0 0 1800 

A 54 1746 0 0 90 1710 0 0 54 1746 0 0 90 1710 0 0 1800 

G 0 0 1800 0 0 0 1800 0 0 0 1800 0 0 18 1782 0 1800 

B 1656 90 54 0 1638 54 54 0 1656 90 54 0 1620 108 54 0 1800 

Tot. 3726 3420 1854 0 3510 1872 1854 0 3726 3420 1854 0 3222 3798 1836 0 7200 
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multiple HSIs produced by the Cubert method and four other methods, there are some 

points are worth discussing: 

1) Trade-off between spatial and spectral quality 

The spatial quality evaluation is generally based on the clear contour of the 

object purely in human-visual judgment. However, some spectral information may 

lose results in the pursuit of high spatial quality. For example, the more-clear 

Cubert HSI has different endmembers from the original HSI and leads to 

misclassification in I2 SVM experiment. Therefore, an assumption can be made 

that the high spatial quality may not the final goal of high-spatial-resolution HSI 

reconstruction. Finding a balance in high spatial quality and authentic spectral 

properties might be more important than purely reaching clear images humans-

visually-admitted because the more precise spectral information is most invisible. 

2) Relationship between high-spatial-resolution reconstruction and subsequent 

processing 

The high-spatial-resolution reconstruction is always the preprocessing of 

many computer vision tasks. It is commonly believed that high spatial quality can 

lead to high performance. However, the spectrum-based SVM experiment showed 

some uncommon phenomena where the clearer HSIs (Cubert and Bayesian) trained 

SVMs have worse performance in classification. Because the clearer HSIs may 

lose or adjust some spectral features when approaching a high spatial quality, the 

clearer HSIs trained SVMs lead to more misclassified samples. This also proves 

that the high-spatial-resolution reconstruction affects the subsequent operations in 
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specific conditions. 

6.5 Conclusions 

This work focuses on evaluating the spectral quality of high-spatial-resolution 

HSIs reconstructed from low-spatial-resolution HSI captured by commercial snapshot 

hyperspctral camera – Cubert S185. Due to the lack of ground truth, it is difficult to 

evaluate the spectral quality in reconstructed HSI. This article proposed a non-reference 

evaluation scheme to evaluate the spectral quality of the reconstructed high-spatial-

resolution HSI. The scheme includes the assessment of spectrum similarity computation 

and spctral component analysis. In addition, the primary SVM is trained with the 

reconstructed HSI to explore the relationship between high-spatial-resolution 

reconstruction and subsequent processing. The results show that the trade-off between 

spatial sharpening and spectral information maintenance is crucial to the correctness of 

spectral features. Since high-resolution reconstruction may affect the spectral 

characteristics, some reconstructed HSIs with better spatial quality cause the worse 

classification performance. Although the spatial domain resolution improving is 

essential, the spectral domain reliability also influences the following processing, 

especially the spectrum-relative analysis. Thus, this paper can provide a reference for 

other Cubert camera users and researchers. 
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CHAPTER 7  

SEMI-SUPERVISED DEEP LEARNING FOR HYPERSPECTRAL IMAGING: 

FRAMEWORK 

7.1 Introduction 

Many critical infrastructures that serve publics today, such as bridges, dams, 

highways, buildings, etc. were built decades ago and have far exceeded their design 

life. For instance, In United States, government needs spent massive budget (over 123 

billion USD) to repair over 56,000 bridges in 2017 [118]. Specifically, the system 

priorities must be carefully understanding for the most economic significance of 

maintenance [119]. Therefore, an accurate and fast infrastructure assessment is very 

urgent for a more efficient and economic maintenance of public infrastructures. On the 

other hand, many automatic assessment systems are proposed to reduce the 

infrastructure maintenance time and human labor needed. Some of these systems 

utilized the computer-vision based methods because it is similar to human visual 

inspection. Herein, the image dataset is also included into infrastructure assessment. 

And UAV is also combined to offer a rapid and automatic inspection. However, the 

main challenge of the dataset building is the labelling job which will influence the 

following operation profoundly. Because the labelling of the infrastructure image needs 

professional experts and lots of time, the labeled dataset is always rare and valuable. 

Therefore, the trade-off between huge data and labelling difficulty is key point of the 

automatic infrastructure assessment system. Additionally, the infrastructure images are 

usually limited by illumination. The shadows can be noise in the scene and lead to 



111 

 

mistake during assessment. In this paper, the hyperspectral images are used in 

infrastructure scenes understanding, it can avoid the illumination noise because the 

reflectance of the certain surface will not change no matter if there is shadow or not. 

Moreover, a pixel-wise classification model is trained on a small-size labeled HSI data 

and large-size unlabeled HSI data via semi-supervised learning strategy. Furthermore, 

the influence of ratio of labeled and unlabeled samples in training procedure is also 

discussed for a deeper understanding of semi-supervised learning and provide more 

references for further research: the amount of unlabeled data needs to prepare for semi-

supervised learning. 

7.2 Previous works 

7.2.1 Deep Learning (DL) Classification with Hyperspectral Image s(HSIs) and 

Challenges 

There is a vast amount of works about HSI data classification via DL method 

recently. In fact, DL is a subfield of machine learning[120, 121]. Because DL can 

extract and learn the feature automatically depends on the task final demands and the 

hierarchical structure of DL network is flexible to multiple tasks, it is adopted in a high 

frequency in these years. Especially, Convolutional Neural Network (CNN)[122], with 

filter operations, can learn the image data partially and understand more efficiently. 

Therefore, a great number of CNN-based networks, such as ResNet[123], Faster 

RCNN[37], FCN[84] etc., have been proposed for multiple computer vision 

application. Among these works, many DL classifiers shown great performance. 

AlexNet [124] increased kernels number and improved ImageNet[1] dataset 

classification accuracy from 73.8% to 84.7%. And VGG[43] network used very deep 
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structure kept improving the ImageNet dataset classification accuracy to 93.2%. But 

too deep structure also brought several problems. Firstly, the training becomes very 

time-consuming. One the other hand, the gradient explosion problem is also caused by 

deep network structure. Thus, ResNet introduced special skipping connection to learn 

the residual information and solved gradient explosion problem at the same time. 

However, DL-based methods need to face some challenges when it applied to 

process the high-spectral dimensional data sets such as HSI data cubes. Although the 

abundance spectral information is valuable for an accurate classification, its large 

dimensionality also brings challenges, not only in terms of computation time and 

storage, but also due to the peaking paradox [125]. The peaking paradox refers the extra 

spectral information increases the number of statistical parameters to define a classifier.  

This curse of dimensionality can drive the model overfitting quickly. Additionally, the 

HSI data leads high intraclass variability, resulting from the uncertainty of reflectance 

capturing and instrumental noise [126].  

To address overfitting problem, several strategies have been reported as four 

categories:  

(1). Augment data: [127] enlarged the training set by rotating and flipping the 

input spectral-spatial patches, while [128] mirrored the spectral-spatial training patches 

four times, across the horizontal, vertical and diagonal axes. (2) Reduce the complexity 

of model: [129] proposed a methodology to automatically design efficient CNN1D and 

CNN3D architectures for HSI data classification. Given a number of operations (i.e., 

layers such as CONV, POOL or normalization), a gradient descent-based search 
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algorithm evaluates all possible configurations and selects the best and optimal one. (3) 

Training process enhancement: L2 regularization was introduced into training to 

penalize the loss function to avoid the model going extremely complex[130]. And [131] 

used dropout layers in CNN to prevent overfitting. (4) Improve learning strategy. [132] 

implemented the active learning and use the Bayesian CNNs for spectral, spatial and 

spectral-spatial HSI classification. And transfer learning also adopted to alleviate the 

need for new data and produce better results in a shorter amount of time[133]. 

Moreover, the sumi-supervised learning strategy also can be used to help. And this is 

one of the main parts of this paper and it will be discussed detailed in next section. 

 

7.2.2 Semi-supervised Learning and Relative Application with Hyperspectral 

Images 

7.2.2.1 Semi-supervised Learning 

There are three basic Machine Learning paradigms: Supervised Learning, 

Unsupervised Learning and Reinforcement Learning. Thereinto, Supervised Learning 

is learning from the labeled training set provided by external supervisors (task-driven), 

and Unsupervised Learning is a typical process of finding hidden structures in 

unlabeled data (data-driven). Although the two learning mechanisms have their own 

strengths, their shortcomings are also significant. For example, time-consuming 

annotated data sets greatly limits the performance improvement supervised learning, or 

a valid model may not be possible obtained by solely relying on the characteristics of 

the data itself. To reduce the pressure of annotation, increasing the proportion of 

unlabeled data in the training data would be an effective method. Therefore, Semi-



114 

 

Supervised Learning is an alternative training method that uses labeled data as a 

“supervisor” of training and unlabeled data as augmented information. But how to 

maintain the performance of the model trained by both unlabeled and labeled data is a 

big challenge in semi-supervised learning, because the unlabeled data may introduce 

the noised and disturbing information into model and wake the performance. 

Different methods have been proposed to use labeled and unlabeled data to 

training model. The most straightforward approach is the self-learning. It initializes the 

model by supervised learning with labeled data and use the initialized model to classify 

the unlabeled data. Then, move the unlabeled instances which have the higher scores to 

the labeled dataset. And re-train the model by the enlarged labeled dataset. Self-leaning 

is historically the oldest approach to semi-supervised learning, with examples of 

applications[134, 135] starting in the 1960s. This method has been wrapped into many 

machine learning toolboxes and is good for many real-world tasks like natural language 

processing. But self-learning also has drawbacks, such as the error is reinforced during 

the iterations. Besides, Co-training[136] is another algorithm to solve semi-supervised 

learning. This method assumes that the data features can be divided into two subsets, 

and there is at least one feature subset sufficient to train a high-performance classifier. 

Basically, co-training algorithm initializes two separate classifiers by two sub-feature 

sets respectively. And each classifier then classifies the unlabeled data, and “teaches” 

the other classifier with the few unlabeled examples that they feel most confident. 

Furthermore, each classifier is retrained with the additional training examples given by 

the other classifier, and the process repeats.  
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Generative method is also used to semi-supervised training[137]. The main 

assumption in this method is that the same class belonging data has the same space 

distribution. In the method, the most likely prior probability and class-dependent 

probability of each class are founded by labeled data at the initialization. Then, use the 

unlabeled data’s posterior probability to modify the prior probability of class. 

Additionally, the graph-based method can also be used for semi-supervised 

learning[138].  It assumes that nodes connected by heavy edges tend to have similar 

label. And the Label Propagation[139] is a typical graph-based method. The training is 

treated as a form of label propagation on the graph. According to the similarity of nodes, 

the label can be propagated from one node to its neighbor nodes. In this process, the 

labeled data flows out like the source to mark the unlabeled data. However, Label 

Propagation needs huge memory to storage the edge of each node. Semi-Supervised 

SVM (S3VM)[140] is another semi-supervised learning example. Since the SVM based 

on margins between data to find the decision boundary, S3VM assumes that unlabeled 

data from different classes are separated with large margin. In general, S3VM is an 

extension of SVM on semi-supervised learning. In comparison to the support vector 

machine that has to find the maximum margin hyperplane, Semi-supervised SVM 

considers the information of unlabeled samples and tries to find the dividing hyperplane 

that separates the two classes of labeled samples and passes through the low-density 

data region. According to above mentioned semi-supervised methods, most of them are 

based on certain assumptions about the data. Only when these assumptions are met, the 

semi-supervised algorithms have performance guarantees. This is also a major obstacle 
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that limits the application of semi-supervised learning. 

7.2.2.2 Semi-Supervised Deep Learning 

With the deep learning widely implementation, large amount of clean labeled 

data is more precious. This leads to the combination of deep learning and semi-

supervised learning. The semi-supervised deep learning can be roughly categorized into 

three types: I. unsupervised pre-training + supervised fine-tuning; II. deep-learning 

feature extractor + semi-supervised learning algorithm; and III. deep-learning network 

work-in semi-supervised fashion.  

For type I, a good initialization can make the result more stable, and converge 

with fewer iterations. Therefore, how to use untagged data to make the network have a 

good initialization has become a research point. Currently, the common initialization 

can be unsupervised pre-training and pseudo-supervised pre-training. Unsupervised 

pre-training uses all unlabeled data train and reconstruct the self-encoding network, and 

then use the parameters of the self-encoding network as the initial parameters to fine-

tune with the labeled data. And pseudo-supervised pre-training firstly through a certain 

method (i.e., clustering algorithm) to assign the pseudo-label to unlabeled data, then 

use these pseudo-labels to pre-train the network, and use the label Data to fine-tune the 

network.  

Type II network is trained with labeled data initially, then use this network to 

extract the features of the unlabeled data. Next, use simple algorithm to classify the 

unlabeled data and add the correctly classified unlabeled data into the training set to re-

train the network. Type III network combine the learning from labeled and unlabeled 
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data into an integrated network and realize the end-to-end network. One of the methods 

is adjusting the loss function to considering both labeled and unlabeled data costs. For 

example, Pseudo-label[141] idea was proposed. It used the prediction of unlabeled data 

as the pseudo label to train the network. At the same time, the loss function was adjusted 

into: 𝐿 =  ∑ ∑ 𝐿(𝑦𝑖
𝑚, 𝑓𝑖

𝑚)𝐶
𝑖=1

𝑛
𝑚=1 + 𝛼(𝑡) ∑ ∑ 𝐿(𝑦′𝑖

𝑚, 𝑓′𝑖
𝑚)𝐶

𝑖=1
𝑛′
𝑚=1   where y’ is the 

pseudo label and the later part is the cost of unlabeled data. In this case, the cost of 

unlabeled data achieves a regularization effect, which reduces the over-fitting of the 

network under limited labeled data, and makes the network generalize better. Another 

classic method of semi-supervised network is realized by unique structure. The Ladder 

Net[142] proposed the skip connection between encoder and decoder to combine the 

unsupervised learning and supervised learning. And GAN network also can be 

introduced semi-supervised learning idea [143]: use the Generator create the pseudo 

labels of unlabeled data and use labeled data and unlabeled data with pseudo labels train 

the discriminator.  

7.2.2.3 Semi-supervised applications in HSI  

Machine learning has been applied in HSI analysis for a long term. Because HSI 

labels are more difficult to obtain than ordinary RGB images, learning from both 

labeled and unlabeled data are more urgent in HSI applications. In early studies, there 

are a few methods modified the supervised learning method to approach a HSI based 

semi-supervised learning. For example, [144] applied a manifold structure based 

method to learn from labeled and unlabeled data at the same time. But, the more 

common scheme is realizing the semi-supervised learning directly in HSI analysis. A 
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SVM based self-learning [145], a graph-based method [146], and a co-training 

method[147] are implemented in HSI classification. Especially, multiple S3VM 

methods were widely utilized. For instance, transductive Support Vector Machines 

(TSVM) were used in [148] and [149] for semi-supervised HSI classification. A spatio-

spectral LapSVM (SS-LapSVM) was proposed in [150] which also took the spatial 

information of HSI into consideration.  

With the widespread use of deep learning, a large number of HSI 

applications[130, 151-154] also benefits from deep neural networks. Besides [151] used 

PCA to reduce HSI dimensions and [130] only used spectral information, rest of above 

studies considered both spatial and spectral features in deep learning. Herein,  [152, 

154] used a parallel structure to extract spectral and spatial features simultaneously, and 

[153] imported the 3D CNN to learn the spectral-spatial-combined features.  Since 

deep learning needs more data than machine learning, semi-supervised learning is fused 

to enjoy the bonus of large-size unlabeled HSI data. For instance [155] presented a 

semi-supervised learning strategy based on multi-decision labeling (local, global and 

self-decision levels), where unlabeled samples with high confidence are selected to 

extent the training set. And some works used pseudo labels for unlabeled data. [156] 

extracted pseudo-training samples from PCA and extended morphological attribute 

profiles. [157] presented a convolutional-based recurrent model fed by pseudo training 

samples obtained by previous clustering. Moreover, [158] adopt separated spectral and 

spatial residual architectures with co-training, where the most confident labeled 

samples at each iteration are included in. Additionally, some cased applied GAN 
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framework to produce the new data. For example, [159] propose convolutional-based 

GAN1D and GAN3D architectures to learn the intrinsic characteristics of HSI data, 

enhancing the classification performance achieved by the traditional CNN1D and 

CNN3D. In this paper, the proposed framework implemented the pseudo labels training 

strategy to combine the unlabeled data into training procedure.  

7.2.3 Popular Hyperspectral Image Datasets 

Generally, four images are widely used in the field of hyperspectral image. The 

Indian Pines and Salinas Valley scenes (collected by AVIRIS)[160]. The Indian Pines 

dataset was captured in 1992 over the Indian Pines test site in NW Indiana. This dataset 

is for an agricultural area characterized by its crops of regular geometry and irregular 

forest regions. The spatial resolution is 20 mpp and the number of spectral bands is 224 

spectral bands (from 0.4 to 2.5 µm). There are 16 classes and around 10249 pixels 

having labels in this hyperspectral cube. And the Salinas Valley scene was captured in 

224-band over several agricultural fields of Salinas Valley, California. And its spatial 

resolution is 3.7 mpp. The cube size is 512 × 217 × 204, discarding 20 bands due to 

water absorption and noise. Next dataset is the University of Pavia scene, which is 

gathered by ROSIS[161] over the campus of the University of Pavia, in the north of 

Italy. The dataset contains 9 different classes that belong to an urban environment with 

multiple solid structures, natural objects, and shadows. Its spatial resolution is 1.3mpp. 

And the size of cube is 610 × 340 × 103 after discarding the noisy bands, covering the 

spectral range from 0.43 to 0.86 µm. About 20% of the pixels (42776) are labeled in 

this dataset.  The final dataset is the University of Houston scene is collected by 
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CASI[162] in June 2012. The scene is captured over the University of Houston campus 

and the neighboring urban area. This scene forms a cube of dimension 349 × 1905 × 

144, with spatial resolution of 2.5 m and spectral information captured in the range from 

0.38 to 1.05 µm. There are 15 classes in this scene.  

All these scenes are only one hyperspectral cube and only a part of pixels have 

the ground truth label. Therefore, most of applications, which used above datasets, 

complete both training and testing within the same scene. Although the training set and 

testing set are randomly selected and not duplicated, the training and testing samples 

are too similar to proof the robustness of models. Thus, we created a brand-new 

hyperspectral image dataset which contains more cubes and entirely labels for different 

infrastructure surface and other materials. 

7.3 Methodology 

This paper proposed a parallel spatial-spectral deep neural network using the 

transductive pseudo labeling semi-supervised learning strategy to realize the pixel-level 

classification of hyperspectral images. Moreover, the proposed model is experimented 

on own produced HSI infrastructure dataset which multiple HSI cubes and fully labeled. 

Furthermore, the paper mainly discussed the influence of ratio of labeled and unlabeled 

data in semi-supervised learning and two different semi-supervised learning strategies 

is implemented for further analysis. 

7.3.1 Mobile Hyperspectral Imaging System 

This paper adopted a mobile HSI system for ground-level and low-altitude 

remote sensing, which was developed by the authors. This imaging system consists of 
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a Cubert S185 FireflEYE snapshot camera (Ulm, Germany) and a mini-PC server for 

onboard computing and data communication [163]. For ground-based imaging, the 

system is mounted to a DJI gimbal (Shenzhen, China) that provides two 15-W, 1580-

mA·h batteries for powering both the imaging payload and the operation of the gimbal. 

Fig. 7-1(a) shows the gimbaled imaging system ready for handheld or other ground 

based HSI. To enable low-altitude remote sensing, an unmanned aerial vehicle is used, 

and the gimbaled system can be installed easily on the UAV for remote sensing [Fig. 7-

1(b)][117]. 

 

(a)                      (b) 

Figure 7-1 Mobile hyperspectral imaging system: (a) gimbaled setup for ground-

based imaging; and (b) ready-to-fly setup with a DJI UAV. 

The Cubert camera has a working wavelength range of 450–950 nm covering 

most of the VNIR wavelengths, spanning 139 bands, with a spectral resolution of 4 nm 

in each band. Although the imager captures radiance values natively, the onboard 

computer can output reflectance image directly through a proper calibration and the 

internal processing. Specifically, the calibration means obtaining the standard white 

reflectance value and pure black reflectance value, which can used to calculate the 
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relative reflectance value for each pixel. In real operation, the standard white value is 

from the capturing of the standard whiteboard (provided by manufacture) and the pure 

black value is from the capturing when the lens is tightly covered with a black cap. The 

relative reflectance (h) equation is shown as: 

ℎ =  
ℎ𝑅 − ℎ𝑊

ℎ𝑤 − ℎ𝐵
 

Where hR refers radiance value, hW and hB represent the standard white value 

and pure black value separately.  

Another feature of Cuber camera is that a higher spatial resolution hyperspectral 

cube can be produces at the same time via the pansharpening method to fuse the low 

spatial resolution cube and a high spatial resolution grey level image. In this way, the 

originally captured raw 50×50×139 spectral cube is sharpened into a 1000×1000×139 

hyperspectral cube. And the relative quality evaluation of this pansharpening operation 

is also discussed in author’s previous work[164]. Therefore, this paper directly used the 

high spatial resolution hyperspectral cube in experiment. Also, the first and last 5 bands 

(10 bands in total) are removed to avoid the creating noise. 

7.3.2 Dataset preparation and selection (with statistical analysis of the dataset) 

The dataset used in this paper is established from Infrastructure Crack 

Hyperspectral Image dataset.  This root dataset is created by UMKC DIGIT Lab in 

2019 and includes 50 hyperspectral crack images in size 1000×1000 with asphalt (16 

images) and concrete (34 images) background. Meanwhile, the pixel-level labels are 

also provided, and the labels covers crack and 7 other materials appearing in 

background: oil, water, dry vegetable, green vegetable, artificial color, asphalt, and 
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concrete. 

Figure 7-2 illustrates the distribution of single class in this dataset and the 

imbalance among different classes is significant. To build a dataset which is more 

compliable to deep learning model and avoid the imbalance of intra-class, a fixed 

number of samples from each class are randomly selected. The new Infrastructure 

Crack Hyperspectral Image Deep Learning Dataset (ICHSIDL) consists of 8 class and 

each class has around 52000 samples. Meanwhile, ICHSIDL not only contains pixel-

spectrums, but also include 20×20 patches centered on selected pixel for spatially 

relative deep learning application. 

  

(a) 

 
(b) 

Figure 7-2 Dataset classes distribution: (a). Entire HSI dataset; (b). DL HSI dataset 
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7.3.3 Proposed deep learning model description  

The proposed model is a spatial-spectral domain parallel structure, which can 

simultaneously extract spatial and spectral features. Except for the singular spectral 

feature or spatial feature, the spatial and spectral features are concentrated as 

supplementary knowledge for model learning. The benefit of this parallel structure is 

that both spatial and spectral information in HSIs can be explored effectively and 

equally. Moreover, the spatial spectrum parallel feature extractor mainly uses 

convolution operations to extract features. Precisely, the 1DCNN in the spectral thread 

can keenly capture the physical waveform of the spectrum, and the ResNet50 module 

is used to extract spatial features. As known, the ResNet50 has an excellent performance 

in several spatial feature-based applications in the past. Thus, the author firstly used a 

ResNet50 similar structure to extract the one-dimensional spectral feature extractor. 

However, the training-validating results in 20% of the dataset shown the underfitting 

situation. Considering the one-dimensional spectral feature is not complex as the two-

dimensional spatial feature, the structure is simplified into the efficient 1DCNN. 

Additionally, this model is an end-to-end model which includes a spatial-

spectral parallel feature extractor and linear SVM classifier. The purpose of using a 

linear SVM classifier is to import semi-supervised training strategies. Generally, the 

linear SVM is equivalent to the fully connected layer. Thus, the critical point is loss 

function selection. Using the margin loss function can adjust the regular fully connected 

layer into a linear SVM classifier. The overall model structure is shown in Fig.7-3.
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Figure 7-3 Parallel spatial-spectral network 

7.3.4 Semi-supervised Deep Learning strategy 

Semi-supervised learning aims to combine unlabeled data and small-size 

labeled data to approach a better prediction than supervised-trained model. only based 

on small size labeled data. To combine the deep learning network and semi-supervised 

learning, several applications have realized the combination by multiple strategies. For 

instance, the LadderNet uses special network structure and the semi-supervised GAN 

network uses the generator produce the pseudo labels for unlabeled data. However, the 

proposed network is designed for simultaneously extracting spectral and spatial 

information to take full advantage of the hyperspectral image, the semi-supervised 

learning is difficult to be achieved by directly changing the structure. Therefore, the 

scheme of combining semi-supervised learning algorithm and the adjustment of the loss 

function is used to realize semi-supervised deep learning.  

For the loss function, proposed network adopts the form in pseudo labels paper 

and add a labeled data parameter. The loss function is denoted as: 𝐿𝑆𝑆 =

 𝐶𝑙(𝐿𝑠𝑝𝑒𝑐𝑡𝑟𝑎𝑙 + 𝐿𝑠𝑝𝑎𝑡𝑖𝑎𝑙 + 𝐿𝑗𝑜𝑖𝑛𝑡) + 𝐶𝑢(𝐿𝑠𝑝𝑒𝑐𝑡𝑟𝑎𝑙 + 𝐿𝑠𝑝𝑎𝑡𝑖𝑎𝑙 + 𝐿𝑗𝑜𝑖𝑛𝑡) . Because of the 
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spectral-spatial parallel structure, the loss function is the mixture of spectral, spatial and 

joint loss, the parameter should be distributed to all types of loss. For the semi-

supervised learning algorithm, S3VM is selected in this work. The main reasons for 

choosing semi-supervised SVM are as follows:  

The principle is straight-forward, and the overly complex network structure is 

avoided. Either the Generative method or the Co-training method requires multiple 

feature extractors to cooperate. However, due to the spatial and spectral information 

parallelly learning mechanism, the feature extractor has been cumbersome. If multiple 

SS feature extractors are superimposed, the entire network will become giant. Since the 

principle of linear SVM is the same as the commonly used FC layer, the implementation 

of semi-supervised SVM only needs one FC layer and the corresponding margin loss 

function.  

Simplify the optimization problem. As can be referenced from the 

implementation process of various SSL algorithms that most SSL problems are non-

convex, non-smooth problems, or integer programming and combinatorial optimization 

problems. And there are multiple local optimal solutions, for example, the EM 

algorithm for solving the objective function of Generative method can only obtain local 

maxima. Moreover, various relaxation methods are mainly used to approximately 

transform the objective function into a convex or continuous optimization problem, 

which is hard to obtain a global optimal solution. Besides, the time and space 

complexity of this kind of algorithm is very high. However, the first order random 

initialization (i.e. SGD) which is commonly used in neural network training can still 
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find the global minimum for non-convex loss functions. Therefore, combine the brief-

structure Semi-supervised SVM with Deep Learning Neural Network is a more feasible 

and simple method. 

In particularly, TSVM (Transductive Support Vector Machine) is implemented 

in realization. It attempts to consider various possible label assignments to unlabeled 

samples and then find the division hyperplane that maximizes the margin over both 

labeled and unlabeled samples. The basic logic of TSVM is as follows: First, use the 

labeled samples to train an SVM classifier, and then use this initial SVM to predict the 

pseudo labels of unlabeled data. Next, continue train the SVM and predict the unlabeled 

data again. Then, find out the unlabeled samples that have the opposite predicted label 

compared to pseudo label, which means they are probably assigned the wrong pseudo 

label. Therefore, swap their labels, and retrain the SVM with the existing labeled and 

unlabeled samples with updated assigned labels. Then, keep repeating the modification 

on the assigned labels of the unlabeled samples and retraining the SVM until the 

specific stopping conditions are satisfied. So far, an SVM classifier is obtained based 

on both unlabeled and labeled data. According above description, TSVM mainly 

depends on the judgement of the predicted labels of the unlabeled data, and this 

operation is more achievable in combination between Semi-Supervised Learning and 

Deep Learning. 

For a traditional bi-class TSVM, set training samples as (xi, yi) where yi is the 

label of xi. In dataset D, labeled dataset Dl = {(x1, y1), …, (xl, yl)} and unlabeled dataset 

is Du = {xl+1, …, xl+u}, where y*
i is the predicted label. And the default assumption is 
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both Dl and Du are from the same distribution independently. Under the non-linear 

separable condition, the TSVM can be described as the following optimization 

problems: 

𝑚𝑖𝑛𝜙(𝑤, 𝜉) = 𝑚𝑖𝑛
𝑤,𝜉

{
1

2
‖𝑤‖2 + 𝐶𝑙 ∑ 𝜉𝑖

𝑙
𝑖=1 + 𝐶𝑢 ∑ 𝜉𝑗

𝑙+𝑢
𝑗=𝑙+1 }    7-1 

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 {
∀𝑖=1

𝑙 : 𝑦𝑖[𝑤 ∙ 𝒙𝒊 + 𝑏] ≥ 1 − 𝜉𝑖, 𝜉𝑖 ≥ 0,                                        𝑖 = 1,2, … , 𝑙

∀𝑗=𝑙+1
𝑙+𝑛 : 𝑦𝑗

∗[𝑤 ∙ 𝒙𝒋 + 𝑏] ≥ 1 − 𝜉𝑗 , 𝜉𝑗 ≥ 0,            𝑗 = 𝑙 + 1, 𝑙 + 2, … , 𝑙 + 𝑢
  

Specifically, the predicted label of unlabeled data 𝑦𝑗
∗ is 𝑠𝑖𝑔𝑛(�̂� ∙ 𝒙𝒋 + 𝑏) for 

j = l+1, …, l+u and �̂� is the parameters from last iteration. Here, the linear kernel is 

used for better integration with deep network. Because the last layer in the network is 

the fully connected layer, which is a linear function, it can be directly used as the linear 

kernel of the SVM. Moreover, the soft margin format is applied in this case to allow a 

few instances cannot be constrained. To make this kind of instances as few as possible, 

a penalty is necessary and hinge loss is the most common one. The hinge loss function 

can be denoted as 𝑙ℎ𝑖𝑛𝑔𝑒(𝑧) = max (0, 1 − 𝑧) . Then, the optimization objective 

function becomes to: 

𝑚𝑖𝑛𝜙(𝑤, 𝑏) = 𝑚𝑖𝑛
𝑤,𝑏

{
1

2
‖𝑤‖2 + 𝐶𝑙 ∑ 𝑙ℎ𝑖𝑛𝑔𝑒(𝑦𝑖[𝑤 ∙ 𝒙𝒊 + 𝑏])𝑙

𝑖=1 +

𝐶𝑢 ∑ 𝑙ℎ𝑖𝑛𝑔𝑒(𝑦𝑗
∗[𝑤 ∙ 𝒙𝒋 + 𝑏])𝑙+𝑢

𝑗=𝑙+1 }        7-2 

Furthermore, the adjustment is needed to match the multi-class problem in this 

proposed network. Since the constrains is changed into: 

𝑤𝑦𝑖
∙ 𝒙𝒊 + 𝑏𝑦𝑖

≥ 𝑤𝑘 ∙ 𝒙𝒊 + 𝑏𝑘 + 1 − 𝜉𝑖
𝑘 

𝜉𝑖
𝑘 ≥ 0, 𝑖 = 1, … , 𝑙, 𝑘 ∈ {1, … , 𝑁}\𝑦𝑖 

Where N is the number of total classes and yi is the ground truth of the 
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corresponding instance. And this also apply into unlabeled data. Therefore, the hinge 

loss of multi-class problem can be written into: 

𝐿ℎ𝑖𝑛𝑔𝑒
𝑚𝑢𝑙𝑡𝑖 (𝒙, 𝑾) = 𝑚𝑎𝑥(0, 1 + 𝑤𝑘 ∙ 𝒙𝒊 − 𝑤𝑦𝑖

∙ 𝒙𝒊)           7-3 

In this case, the L2 regularization 
1

2
‖𝑤‖2 is waived, and the loss function of 

this semi-supervised SS model is finally denoted as: 

𝐿𝑆𝑆 =  𝐶𝑙 ∙ (
∑ 𝑙ℎ𝑖𝑛𝑔𝑒

𝑚𝑢𝑙𝑡𝑖(𝒙𝑖
𝑠𝑝𝑒𝑐𝑡𝑟𝑎𝑙

,𝑾𝑠𝑝𝑒𝑐𝑡𝑟𝑎𝑙)𝑙
𝑖=1

𝑙
+

∑ 𝑙ℎ𝑖𝑛𝑔𝑒
𝑚𝑢𝑙𝑡𝑖(𝒙𝑖

𝑠𝑝𝑎𝑡𝑖𝑎𝑙
,𝑾𝑠𝑝𝑎𝑡𝑖𝑎𝑙)𝑙

𝑖=1

𝑙
+

∑ 𝑙ℎ𝑖𝑛𝑔𝑒
𝑚𝑢𝑙𝑡𝑖(𝒙𝑖

𝑗𝑜𝑖𝑛𝑡
,𝑾𝑗𝑜𝑖𝑛𝑡)𝑙

𝑖=1

𝑙
) + 𝐶𝑢 ∙ (

∑ 𝑙ℎ𝑖𝑛𝑔𝑒
𝑚𝑢𝑙𝑡𝑖(𝒙𝑗

𝑠𝑝𝑒𝑐𝑡𝑟𝑎𝑙
,𝑾𝑠𝑝𝑒𝑐𝑡𝑟𝑎𝑙)𝑙+𝑢

𝑗=𝑙+1

𝑢
+

∑ 𝑙ℎ𝑖𝑛𝑔𝑒
𝑚𝑢𝑙𝑡𝑖(𝒙𝑗

𝑠𝑝𝑎𝑡𝑖𝑎𝑙
,𝑾𝑠𝑝𝑎𝑡𝑖𝑎𝑙)𝑙+𝑢

𝑗=𝑙+1

𝑢
+

∑ 𝑙ℎ𝑖𝑛𝑔𝑒
𝑚𝑢𝑙𝑡𝑖(𝒙𝑗

𝑗𝑜𝑖𝑛𝑡
,𝑾𝑗𝑜𝑖𝑛𝑡)𝑙+𝑢

𝑗=𝑙+1

𝑢
)    7-4 

With above adjustments, the semi-supervised SS model is established and can 

learn the information from both labeled and unlabeled data. However, the complete 

semi-supervised deep learning also need to revise the constrains of pseudo labels 

updating to match the multiclass TSVM.  In traditional bi-class TSVM, it improves 

the objective function by iteratively switching the labels of unlabeled data x-1
i and x1

j 

with ξ-1
i + ξ1

j > 2, In this switching situation, the current predicted label of unlabeled 

data is opposite of the pseudo label from last predicted epoch. This means the pseudo 

label is incorrect in a high possibility. Similarly, multi-class case also needs to 

determine the reliability of the pseudo labels. However, it cannot be simply determined 

by ξi + ξj > 2 because there are more-than-one hyperplanes.  

Therefore, the scores of each sample are used to determine the determination of 

pseudo label. From multiclass SVM loss function, sample should have the highest score 
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at the correct classified class to make the loss equal to zero. In this semi-supervised 

case, if pseudo label is reliable, the sample should have the highest score at pseudo label 

class. If the highest score belongs to the class which is not the pseudo label, the 

reliability of pseudo label should be doubted.  Thus, the maximum-score class 

labels(labelmax_score) are counted in each pseudo label group. If labelmax_score is not 

pseudo label, this pseudo label is possibly incorrectly. Then, the labelmax_score (not equal 

to pseudo label) which has the greatest number is assigned to the new pseudo label. 

And the pseudo label should be the highest score class, which can be denoted 

as: 

𝑙𝑎𝑏𝑒𝑙𝑝𝑠𝑒𝑢𝑑𝑜 = 𝑚𝑎𝑥 (𝐶𝑁𝑇( 𝑚𝑎𝑥
𝑚≠𝑦𝑗

𝑘∗
(𝑤𝑚 ∙ 𝒙

𝒊

𝑦𝑗
𝑘∗

)))       7-5 

𝑘 = 1, … , 𝑁;   𝑚 ∈ {1, … , 𝑁}\𝑘 

 

And the complete semi-supervised multiclass TSVM training (applied in SS 

model) procedure is illustrated as below and the parameters Cu and Cl changing is 

shown in Fig. 7-4: 
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Algorithm 1: semi-supervised multiclass TSVM training 

Input: Labeled dataset: Dl = {(x1, y1), …, (xl, yl)} 

     Unlabeled dataset: Du = {xl+1, …, xl+u} 

     Semi-training parameter Cl , Cu 

Steps: 

1. Initialized the SS model with Dl ; 

2. Used SS model classify Du and the predicted class labels 

𝑦∗ = (𝑦𝑙+1
∗ , … , 𝑦𝑙+𝑢

∗ );  

Update Du = {(xl+1 , y
*

l+1), …, (xl+u, y
*

l+u)}; 

3. Initialize Cu ≪ Cl; 

4. While epoch < max_epoch do: 

5.    While Acc > Accold do: 

       Train SS model with {Dl, Du} 

        If 𝑙𝑎𝑏𝑒𝑙max _𝑠𝑐𝑜𝑟𝑒 ≠ 𝑦𝑗
∗: 

         𝑦𝑗
∗ = max (𝐶𝑁𝑇( max

𝑚≠𝑦𝑗
𝑘∗

(𝑤𝑚 ∙ 𝒙
𝑖

𝑦𝑗
𝑘∗

))) and update Du 

        End While 

𝑪𝒖 = 𝑚𝑖𝑛(2𝑪𝒖, 𝑪𝒍) 

6. End While 

 

Figure 7-4 Parameters Cl and Cu change 
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CHAPTER 8  

HYPERSPECTRAL IMAGE BASED PIXEL-LEVAL INFRUSTRUCTURE 

SCENES CLASSIFICATION – APPLICATION AND PERFORMANCE 

EVALUATION 

8.1 Experiment Description 

In this paper, the main contribution is proposing a semi-supervised deep 

learning model for hyperspectral pixel classification and exploring the semi-supervised 

learning efficiency. Especially, the influence of proportion of labeled by unlabeled data 

on semi-supervised learning is also explored in detailly. Hence, supervised learning 

models, with multiple size of labeled data, are trained as baseline models.  Partial 

dataset is randomly picked for the training dataset in 4%, 10%, …, 100%. And the 

selected dataset is paired with corresponding labels to be labeled dataset. There are 

eleven supervised models (𝑀𝑝𝑙

𝑠𝑢𝑝𝑒𝑟
) are produced in total and 𝑝𝑙 refers the percentage 

of labeled dataset in training dataset. In the meantime, another partial dataset is divided 

from rest of training dataset but without labels to be the unlabeled dataset. This paper 

conducts two schemes as a comparison test.  

One scheme is using the same-size unlabeled dataset as labeled dataset to train 

the semi-supervised models. Because the training dataset size is fixed, only five six 

semi-supervised models ( 𝑀𝑝𝑙𝑝𝑢

𝐸𝑞_𝑠𝑒𝑚𝑖
 ) can be created. Here, 𝑝𝑙  and 𝑝𝑢  separately 

means labeled and unlabeled dataset percentages in training dataset. In another scheme, 

semi-supervised models are trained in partial of training dataset as labeled dataset and 

rest of all training data as unlabeled dataset. This scheme produces 7 models ( 
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𝑀𝑝𝑙𝑝𝑢

𝐹𝑢𝑙𝑙_𝑠𝑒𝑚𝑖). Table 1 show the detail information. 

Table 8-1 Model list 

Supervised 

Models 

Semi-supervised Models 

Equilateral Semi-supervised Partial-Rest Semi-supervised 

Labeled Models Labeled Unlabeled Models Labeled Unlabeled Models 

4% 𝑀04
𝑆𝑢𝑝𝑒𝑟

 4% 4% 𝑀0404
𝐸𝑞_𝑠𝑒𝑚𝑖

 4% 96% 𝑀0496
𝐹𝑢𝑙𝑙_𝑠𝑒𝑚𝑖

 

10% 𝑀10
𝑆𝑢𝑝𝑒𝑟

 10% 10% 𝑀1010
𝐸𝑞_𝑠𝑒𝑚𝑖

 10% 90% 𝑀1090
𝐹𝑢𝑙𝑙_𝑠𝑒𝑚𝑖

 

20% 𝑀20
𝑆𝑢𝑝𝑒𝑟

 20% 20% 𝑀2020
𝐸𝑞_𝑠𝑒𝑚𝑖

 20% 80% 𝑀2080
𝐹𝑢𝑙𝑙_𝑠𝑒𝑚𝑖

 

30% 𝑀30
𝑆𝑢𝑝𝑒𝑟

 30% 30% 𝑀3030
𝐸𝑞_𝑠𝑒𝑚𝑖

 30% 70% 𝑀3070
𝐹𝑢𝑙𝑙_𝑠𝑒𝑚𝑖

 

40% 𝑀40
𝑆𝑢𝑝𝑒𝑟

 40% 40% 𝑀4040
𝐸𝑞_𝑠𝑒𝑚𝑖

 40% 60% 𝑀4060
𝐹𝑢𝑙𝑙_𝑠𝑒𝑚𝑖

 

50% 𝑀50
𝑆𝑢𝑝𝑒𝑟

 50% 50% 𝑀5050
𝐸𝑞_𝑠𝑒𝑚𝑖

 50% 50% 𝑀5050
𝐹𝑢𝑙𝑙_𝑠𝑒𝑚𝑖

 

60% 𝑀60
𝑆𝑢𝑝𝑒𝑟

 

-- 

60% 40% 𝑀6040
𝐹𝑢𝑙𝑙_𝑠𝑒𝑚𝑖

 

70% 𝑀70
𝑆𝑢𝑝𝑒𝑟

 70% 30% 𝑀7030
𝐹𝑢𝑙𝑙_𝑠𝑒𝑚𝑖

 

80% 𝑀80
𝑆𝑢𝑝𝑒𝑟

 

-- 90% 𝑀90
𝑆𝑢𝑝𝑒𝑟

 

100% 𝑀100
𝑆𝑢𝑝𝑒𝑟

 

A preliminary experiment is adopted at the very beginning. A self-learning 

based the 4%4% labeled-unlabeled dataset and 50%50% labeled-unlabeled dataset is 

implemented. But the performance of self-learning is not better than corresponding 

supervised baselines. This simple task provides the extra supporting of selection of 

TSVM algorithm. 

Besides, a 1% data of full-size dataset is randomly pulled out as the fixed test 

data, and the rest 99% of dataset becomes the training dataset automatically. Although 

the 1\%-full-size test data might be slightly smaller than the labeled dataset in the 

models where the labeled percentage is over 40%, a fixed-size test dataset makes sure 

the consistency is consistent. 

The training procedure is completed on the Extreme Science and Engineering 

Discovery Environment (XSEDE), which is supported by National Science Foundation 

grant number ACI-1548562. Specifically, it used the Bridges system, supported by NSF 
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award number ACI-1445606, at the Pittsburgh Supercomputing Center (PSC). The 

equipped GPU is NVIDIA Tesla V100 GPU nodes with 16GB of GPU memory on HPE 

Apollo 6500 servers with 2 Intel Xeon Gold 6148, 20 cores/CPU (40 cores total), and 

192GB RAM. 

For the model hyperparameters, the batch size is set as 64. The other parameters 

setting of supervised learning models is slightly different from the semi-supervised 

learning models. In supervised training, the learning rate is initialized as 0.001 and 

reduced by ten times after the validation accuracy reaching a certain gate value. There 

are two gate values for each model, and the gate-value is changed along with the 

training dataset size. For example, the 𝑀04
𝑆𝑢𝑝𝑒𝑟

 has first gate-value is 0.5 and the first 

gate-value of 𝑀100
𝑆𝑢𝑝𝑒𝑟

 is much higher (0.8). The training epoch is set as 100 initially, 

and the early-stop strategy is applied to avoid overfitting. When the validation accuracy 

starts dropping, or its changing is very small over ten epochs (depends on the training 

set size), the training will be stopped. Since the size of the dataset used in each training 

is different, the batch training time is counted. With batch size 64, the training time is 

0.04s. 

While, the semi-supervise model’s initial learning rate 1e-4 and the learning rate 

reduces by 10 times once the validation accuracy is over gate-values. Semi-supervised 

models have two epoch setting: 1) the initial epoch number (=1) refers the training 

epoch for model initialization with labeled data; 2) the maximum epoch for non-

improvement training. Since the semi-supervised models use parameter Cu to control 

the influence of the unlabeled data, when the model cannot improve after 20 epochs, 
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the value of Cu will be increase fellow the Cu-Cl function.  Cl and Cu are initialized as 

1.5 and 0.1 individually. Moreover, there is a special parameter — error-tolerant in 

semi-supervised models. Because the pseudo-label updating depends on the number of 

the mis-classified samples numbers in each class group, an error-tolerant is set to allow 

the internal error of model. This tolerant is set as the 4% of the unlabeled samples 

number.  

8.2 Results Analysis 

To evaluate the performance of models in this work, the overall accuracy (OA) 

and Kappa coefficient (κ) are computed as the indicators. The OA can essentially 

describe the proportion of correctly classified samples out of all samples. It is usually 

expressed as a percent, with 100% accuracy being a perfect classification where all 

samples were classified correctly. Overall accuracy can ultimately provide basic 

accuracy information. As for the κ, it is generated from a statistical test to evaluate the 

accuracy of a classification. Kappa essentially evaluates how well the classification 

performed as compared to just randomly assigning values. The κ can range from -1 to 

1. A value of 0 indicated that the classification is no better than a random classification. 

A negative number indicates the classification is significantly worse than random. A 

value close to 1 indicates that the classification is significantly better than random. The 

κ formula is shown below: 

𝜅 =  
𝑝𝑜−𝑝𝑒

1−𝑝𝑒
                              8-1 

Where po is the relative observed agreement, which means the overall accuracy 

in another way. pe refers the hypothetical probability of change agreement, using the 
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observed data to calculate the probabilities of each sample is randomly classified into 

each category. And the computation formula is𝑝𝑒 = ∑ ∏
𝑛𝑘𝑖

𝑁

𝐾
𝑖=1

𝐾
𝑘=1 . Herein, N is total 

sample numbers and nki is the number of the samples classifier in to k category by 

observe i. 

8.2.1 Supervised Baseline  

The supervised models are trained in multiple size of labeled datasets. And the 

OA and κ are listed into Table 8-2. And these baselines are displayed in Fig. 8-1. 

Basically, κ values and OA are consistently increasing along the labeled data size 

increasing. Especially, both of OA and κ values are raised around 0.15 when the labeled 

data size increased from 20% to 40% of training set. And OA and κ approach around 

0.91 when the model is trained by entire training set. The OA can roughly divide into 3 

levels: below 0.7, between 0.7 and below 0.9 and beyond 0.9. When labeled dataset is 

larger than 20% of training set, the OA is greater than 0.8 but still lower than 0.9. When 

labeled dataset is enlarged beyond 60% of training set, the OA can be over 0.9. All in 

all, the performance of the supervised model indicates that enlarging the training dataset 

can improve the classification performance. 
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Table 8-2 Overall Accuracy and Kappa coefficient of supervised models 

 𝑀04
𝑆𝑢𝑝𝑒𝑟

 𝑀10
𝑆𝑢𝑝𝑒𝑟

 𝑀20
𝑆𝑢𝑝𝑒𝑟

 𝑀30
𝑆𝑢𝑝𝑒𝑟

 𝑀40
𝑆𝑢𝑝𝑒𝑟

 𝑀50
𝑆𝑢𝑝𝑒𝑟

 

OA 0.678 0.734 0.742 0.815 0.862 0.863 

κ 0.631 0.696 0.706 0.788 0.842 0.843 

 𝑀60
𝑆𝑢𝑝𝑒𝑟

 𝑀70
𝑆𝑢𝑝𝑒𝑟

 𝑀80
𝑆𝑢𝑝𝑒𝑟

 𝑀90
𝑆𝑢𝑝𝑒𝑟

 𝑀100
𝑆𝑢𝑝𝑒𝑟

 

- OA 0.879 0.902 0.907 0.906 0.923 

κ 0.862 0.888 0.894 0.893 0.912 

 

Figure 8-1 Performance of supervised models 

8.2.2 Equilateral Semi-supervised models 

When the size of unlabeled and labeled dataset are same, the performance of 

semi-supervised models, according to the OA and κ, is better than supervised model 

which trained by the same size labeled dataset. Tab.8-3 illustrated the OA and κ of 

Equilateral Semi-supervised models. Moreover, the differences between Equilateral 

Semi-supervised Models and Supervised Models are also listed in the second and fourth 

rows of Tab.8-3. To observe the changing better, a line graph of OA and κ for both 

supervised and equilateral semi-supervised models is plotted in Fig. 8-2 (a).  In this 

figure, the black lines represent the 𝑀𝐸𝑒_𝑠𝑒𝑚𝑖 and the grey lines refer the 𝑀𝑆𝑢𝑝𝑒𝑟. And 
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the solid lines are OA lines, and the dashed lines are for κ. The ascending trend can 

double proof the dataset enlarging can improve the performance. 

Moreover, a bar chart of difference in OA and κ from supervised models to 

equilateral semi-supervised models is displayed in Fig.8-2 (b). According to the bar 

chart, it is can be seen that all the differences are positive, which means semi-supervised 

learning has the capacity to improve the classification performance without adding 

extra labeled data. Herein, 𝑀3030
𝐸𝑞_𝑠𝑒𝑚𝑖

 has the most improvement in both OA and κ. 

Furthermore, the differences changing is not a consecutive rise. It seems that the 

increasing is kept within certain range. For example, the improvement is increased from  

𝑀1010
𝐸𝑞_𝑠𝑒𝑚𝑖

 to 𝑀3030
𝐸𝑞_𝑠𝑒𝑚𝑖  , but it does not keep rising. The improvement of 𝑀4040

𝐸𝑞_𝑠𝑒𝑚𝑖
 is 

less than 𝑀3030
𝐸𝑞_𝑠𝑒𝑚𝑖

. And the improvement of 𝑀5050
𝐸𝑞_𝑠𝑒𝑚𝑖

 is back to the increasing trend 

but the still less than 𝑀3030
𝐸𝑞_𝑠𝑒𝑚𝑖

. 

In aggregate, the evaluation of equilateral semi-supervised models illustrates 

the semi-supervised learning can improve the classification performance compared 

with supervised learning in the same size labeled dataset. However, the equal-size 

unlabeled dataset seems not always the optimal choice for semi-supervised learning 

because 𝑀3030
𝐸𝑞_𝑠𝑒𝑚𝑖

  use the equal-size unlabeled dataset approaches the most 

improvement, but 𝑀5050
𝐸𝑞_𝑠𝑒𝑚𝑖

  does not realize the same improvement. This 

phenomenon may refer to the 50%-training-set unlabeled data is not enough to improve 

the 50%-training-set labeled data trained model. 

Table 8-3 Overall accuracy and Kappa coefficient of equilateral semi-supervised 
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learning models 

 𝑀0404
𝐸𝑞_𝑠𝑒𝑚𝑖

 𝑀1010
𝐸𝑞_𝑠𝑒𝑚𝑖

 𝑀2020
𝐸𝑞_𝑠𝑒𝑚𝑖

 𝑀3030
𝐸𝑞_𝑠𝑒𝑚𝑖

 𝑀4040
𝐸𝑞_𝑠𝑒𝑚𝑖

 𝑀5050
𝐸𝑞_𝑠𝑒𝑚𝑖

 

OA 0.6951 0.7387 0.7704 0.8556 0.8724 0.8851 

OAdiff 0.0233 0.0064 0.0380 0.0488 0.0101 0.0242 

κ 0.6515 0.7014 0.7376 0.8349 0.8541 0.8686 

κ diff 0.0200 0.0049 0.0321 0.0466 0.0118 0.0258 

 

 
(a) 

 
(b) 

Figure 8-2 Performance of equilateral models 

8.2.3 Full Semi-supervised models 

In this section, entire training dataset is used in training. After randomly picked 

up labeled dataset, all rest of data belong to unlabeled dataset. Similarly, the OA, κ and 

their differences from the corresponding supervised models are listed in Tab. 8-4. The 

overall trend is still ascended, which is consistency with other models to proof the larger 
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training dataset can makes model learn better. Also, the Fig. 8-3 (a) plotted OA and κ 

of each full semi-supervised model and its corresponding supervised model. Same as 

Fig.8-2 (a), the black lines represent the full semi-supervised models and grey lines are 

supervised models. And the solid lines are for OA, dashed lines are for κ. In this case, 

the start and end of the two grey lines are above the black lines, which means the OA 

and κ of those models does not improve through semi-supervised learning. 

For the better evaluation the improvement from supervised models to full semi-

supervised models, the bar chart of differences between models are displayed in Fig.8-

3 (b). Obviously, first and last two models’ changing are negative. This illustrates the 

semi-supervised learning does not improve the performance in those four models. In 

detailly, the first two models’ 𝑀0496
𝐹𝑢𝑙𝑙_𝑠𝑒𝑚𝑖 and 𝑀1090

𝐹𝑢𝑙𝑙_𝑠𝑒𝑚𝑖 performance falling may be 

caused by too much unlabeled data. In these two models, the size of unlabeled data is 

over nine times of labeled data. These two models may be underfitting because of lack 

the labeled data supervising. While; the situation is slightly different in the last two 

models (𝑀6040
𝐹𝑢𝑙𝑙_𝑠𝑒𝑚𝑖 and 𝑀7030

𝐹𝑢𝑙𝑙_𝑠𝑒𝑚𝑖). The size of unlabeled dataset is smaller than the 

labeled dataset, which may cause the unlabeled data cannot affect the training procedure 

because the larger labeled dataset manipulates the training results more. 

Overall, this full semi-supervised models’ evaluation illustrates the semi-

supervised learning cannot always improve training performance. The performance 

weakening might be caused by a large ratio in unlabeled by labeled data or the absence 

of unlabeled data. In other words, the supervised information is too little to converge 

the huge unlabeled information when the unlabeled dataset size is over nine times of 
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labeled dataset size. Oppositely, the unlabeled data is too few to improve the model 

manipulated by larger labeled data when the unlabeled dataset size is less than the 

labeled dataset. Moreover, 𝑀2080
𝐹𝑢𝑙𝑙_𝑠𝑒𝑚𝑖 has the most boosting in both OA and κ. OA is 

even increased from 74% to 83%, which improves an accuracy level. This result may 

prove that the unlabeled data should larger than labeled data, but the ratio cannot be too 

large. Besides, the second-best model – 𝑀3070
𝐹𝑢𝑙𝑙_𝑠𝑒𝑚𝑖 also improves a lot and greater the 

increasing steps of all the Equilateral Semi-supervised models. 

 
(a) 

 
(b) 

Figure 8-3 Performance of full models 
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Table 8-4 Overall accuracy and kappa coefficient of full semi-supervised models 

 𝑀0496
𝐹𝑢𝑙𝑙_𝑠𝑒𝑚𝑖 𝑀1090

𝐹𝑢𝑙𝑙_𝑠𝑒𝑚𝑖 𝑀2080
𝐹𝑢𝑙𝑙_𝑠𝑒𝑚𝑖 𝑀3070

𝐹𝑢𝑙𝑙_𝑠𝑒𝑚𝑖 

OA 0.652 0.737 0.834 0.864 

OAdiff -0.039 0.004 0.124 0.059 

κ 0.603 0.699 0.811  0.844 

κ diff -0.029 0.0033 0.1050 0.0557 

 𝑀4060
𝐹𝑢𝑙𝑙_𝑠𝑒𝑚𝑖 𝑀5050

𝐹𝑢𝑙𝑙_𝑠𝑒𝑚𝑖 𝑀6040
𝐹𝑢𝑙𝑙_𝑠𝑒𝑚𝑖 𝑀7030

𝐹𝑢𝑙𝑙_𝑠𝑒𝑚𝑖 

OA 0.888 0.885 0.868 0.896 

OAdiff 0.029 0.024 -0.012 -0.006 

κ 0.873 0.869 0.849 0.881 

κ diff 0.0302 0.0258 -0.012 -0.007 

8.3 Discussion 

8.3.1 Semi-supervised Learning Unlabel-Label Ratio 

In this paper, the main topic is the influence of semi-supervised deep learning 

in hyperspectral pixel-wise classification. Two different experiments are designed for 

semi-supervised learning evaluation. The first scheme uses the exact same size of 

labeled and unlabeled datasets to achieve semi-supervised learning, which is called 

equilateral semi-supervised models. Another scheme uses a distinct size labeled dataset 

and the rest of the data in the training dataset as an unlabeled dataset to complete the 

semi-supervised learning, and this is named full semi-supervised models. Here, set the 

ratio of size of unlabeled dataset to labeled dataset as 𝑅𝑢_𝑙. 

From sections 8.2.2 and 8.2.3, the capability of semi-supervised learning is 

proved since most semi-supervised learning models have better performance than the 

supervised models trained with the same size labeled dataset. Especially, the 

improvement caused by semi-supervised learning needs the least condition – 𝑅𝑢_𝑙 ≥ 1. 

The improvements changing along the ratio are listed in Tab.8-5. Since multiple models 
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in this paper has 𝑅𝑢_𝑙 = 1, the minimum and maximum OA values are listed. 

Table 8-5 𝑅𝑢_𝑙 and OA improvements 

𝑅𝑢−𝑙 24 9 4 2.3 1.5 1 0.67 0.43 

OAimproved (%) -3.96 0.44 12.40 5.85 2.87 0.64~4.88 -1.20 -0.64 

𝑅𝑢_𝑙 = 1 represents the Equilateral semi-supervised models in this paper. Set 

the ratio as 1; the labeled and unlabeled dataset size is changes. Although the accuracy 

is growing along the dataset size enlarging, the improvement by semi-supervised is not 

increased consistently. For example, 𝑀5050
𝐸𝑞_𝑠𝑒𝑚𝑖

 has the highest accuracy, but 𝑀3030
𝐸𝑞_𝑠𝑒𝑚𝑖

 

has the most significant improvement among Equilateral semi-supervised models. This 

result illustrates the larger dataset can improve training performance, but the 

combination of unlabeled and labeled data is more important in semi-supervised 

learning. Thus, multiple ratios are further explored in Full semi-supervised experiment.  

With various 𝑅𝑢_𝑙  values are set in Full semi-supervised experiment, the 

correlation between 𝑅𝑢_𝑙  and semi-supervised learning performance becomes clear. 

When 𝑅𝑢_𝑙 ≥ 9, the training procedure shows underfitting situation that training loss 

value cannot keep decreased. When 𝑅𝑢_𝑙  is getting small (𝑅𝑢_𝑙 < 1 ): the unlabeled 

dataset size is less than labeled dataset size, the labeled data has high priority to 

supervise the training and unlabeled data modify the training in an useful way. 

Moreover, 𝑀2080
𝐹𝑢𝑙𝑙_𝑠𝑒𝑚𝑖 and 𝑀3070

𝐹𝑢𝑙𝑙_𝑠𝑒𝑚𝑖  have the extraordinary performance 

improvements. They may show some clues for the selection of the optimal 𝑅𝑢_𝑙. In this 

specific case, 𝑅𝑢_𝑙 should be at least greater than or equal to one; less than nine. 

8.3.2 Feasibility in Practical Application 

The main purpose of this research is to realize a real automatic infrastructure 
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inspection system with UAV helping. Therefore, the capacity of the semi-trained model 

in the pixel-wise classification of the entire scene is the key point. Based on this idea, 

the trained semi-supervised models, which have better performance, classify an asphalt 

hyperspectral image. This image size is 1000 × 1000 × 128 and contains five classes: 

crack, oil, artificial color, green vegetation, and asphalt background. We selected two 

equilateral semi-supervised model 𝑀3030
𝐸𝑞_𝑠𝑒𝑚𝑖

 and 𝑀5050
𝐸𝑞_𝑠𝑒𝑚𝑖

; two full semi-supervised 

models: 𝑀2080
𝐹𝑢𝑙𝑙_𝑠𝑒𝑚𝑖  and 𝑀3070

𝐹𝑢𝑙𝑙_𝑠𝑒𝑚𝑖  for this entire scene evaluation. The 𝑀5050
𝐸𝑞_𝑠𝑒𝑚𝑖

 

has the best performance and 𝑀3030
𝐸𝑞_𝑠𝑒𝑚𝑖

  has the most improvement in equilateral 

models. The full semi-supervised models have the significant improvement via semi-

supervised learning. To compare with the pure supervised learning models, the 𝑀100
𝑆𝑢𝑝𝑒𝑟

 

is also used to classify the same hyperspectral image. Fig.\ref{fig:fig8} displays the 

final classification in pixel level. The figures are colored maps, which denote different 

classes in various colors. Black refers to crack, and red is the artificial color, green 

represents the green vegetation, yellow is the oil, and the white background is asphalt. 

Tab.8-6 lists the OA of each selected model on this hyperspectral image and the time it 

takes on classification. Considering that the supercomputer used in the training 

procedure is not practical for a field test, another regular device is used in this feasibility 

experiment. The computation component is NVIDIA TITAN X GPU. From the Tab.8-

6, the average classification time is around 440s (7.3 minuets). Although the time is not 

short, the used hyperspectral cube spatial resolution is extremely larger than most open-

source hyperspectral dataset: there are total 1000,000 pixels are classified. The relative 

confusion matrices of selected models are shown in Tab.8-7. 
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Table 8-6 Overall accuracy of selected models and evaluate time 

 𝑀3030
𝐸𝑞_𝑠𝑒𝑚𝑖

 𝑀5050
𝐸𝑞_𝑠𝑒𝑚𝑖

 𝑀2080
𝐹𝑢𝑙𝑙_𝑠𝑒𝑚𝑖 𝑀3070

𝐹𝑢𝑙𝑙_𝑠𝑒𝑚𝑖 𝑀100
𝑆𝑢𝑝𝑒𝑟

 

OA(\%) 89.76 90.37 89.63 89.39 93.54 

Time(s) 440.33 446.01 437.67 437.96 440.83 

 

 

(a)                               (b) 

 

(c)                               (d) 
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(e)                              (f)  

Figure 8-4  Classification results: (a)Ground Truth;(b) 𝑀100
𝑆𝑢𝑝𝑒𝑟

; (c) 𝑀3030
𝐸𝑞_𝑠𝑒𝑚𝑖

;  

(d) 𝑀5050
𝐸𝑞_𝑠𝑒𝑚𝑖

;(e) 𝑀2080
𝐹𝑢𝑙𝑙_𝑠𝑒𝑚𝑖; (f) 𝑀3070

𝐹𝑢𝑙𝑙_𝑠𝑒𝑚𝑖 

It is obvious that a supervised model with an entire training dataset has the best 

performance. However, it needs a great number of labeled data. The semi-supervised 

models approach the closed performance but less labeled data. Especially, the 

𝑀3030
𝐸𝑞_𝑠𝑒𝑚𝑖

  and 𝑀3070
𝐹𝑢𝑙𝑙_𝑠𝑒𝑚𝑖  have similar performance with 𝑀5050

𝐸𝑞_𝑠𝑒𝑚𝑖
  but much less 

labeled data. Besides, it is worth to note that less labeled data models even have better 

performance in certain classes than the semi-supervised model using more labeled data, 

such as oil and green vegetation. But more training data reduce the salt-paper noise in 

background of the final color map. These results illustrated the semi-supervised 

learning can help to reduce the labeling cost and use unlabeled data to realize the deep 

learning with acceptable performance. Comparing the impossible labeling work in a 

real-world case, this trade-off between a few accuracies and huge time saving on 

labeling is very reasonable and effective.  
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Table 8-7 Confusion matrix of selected models 

𝑀3030
𝐸𝑞_𝑠𝑒𝑚𝑖

 

Predict 

Crack Oil Water 
Artificial 

color 

Green 

veg 
Asphalt Concrete 

Ground 

Truth 

Crack 37320 69 3 129 74 4967 1 

Oil 153 59485 0 0 3 2115 1 

Water 0 0 0 0 0 0 0 

Artificial 

color 
265 24 0 197949 426 4243 0 

Green veg 158 5 10 128 72728 771 0 

Asphalt 34818 21318 31 19592 12737 530161 316 

Concrete 0 0 0 0 0 0 0 

 

 

𝑀5050
𝐸𝑞_𝑠𝑒𝑚𝑖

 

Predict 

Crack Oil Water 
Artificial 

color 

Green 

veg 
Asphalt Concrete 

Ground 

Truth 

Crack 38531 4 1 67 46 3811 0 

Oil 84 57568 64 0 4 4037 0 

Water 0 0 0 0 0 0 0 

Artificial 

color 
310 60 7 194450 110 7970 0 

Green veg 6716 2 0 71 63359 3652 0 

Asphalt 30733 11247 62 15388 11622 549656 265 

Concrete 0 0 0 0 0 0 0 

𝑀2080
𝐸𝑞_𝑠𝑒𝑚𝑖

 

Predict 

Crack Oil Water 
Artificial 

color 

Green 

veg 
Asphalt Concrete 

Ground 

Truth 

Crack 37849 21 0 159 107 4427 0 

Oil 273 59048 0 2 3 2431 0 

Water 0 0 0 0 0 0 0 

Artificial 

color 
440 20 0 198404 366 3677 0 

Green veg 160 4 0 123 73001 512 0 

Asphalt 42924 17449 41 18143 12402 527993 21 

Concrete 0 0 0 0 0 0 0 
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𝑀3070
𝐸𝑞_𝑠𝑒𝑚𝑖

 

Predict 

Crack Oil Water 
Artificial 

color 

Green 

veg 
Asphalt Concrete 

Ground 

Truth 

Crack 39776 7 0 53 33 2692 2 

Oil 160 59215 0 1 11 2370 0 

Water 0 0 0 0 0 0 0 

Artificial 

color 
668 31 5 193247 447 8477 32 

Green veg 101 5 0 112 73097 485 0 

Asphalt 47528 16000 68 14241 12388 528590 158 

Concrete 0 0 0 0 0 0 0 

𝑀100
𝑆𝑢𝑝𝑒𝑟

 

Predict 

Crack Oil Water 
Artificial 

color 

Green 

veg 
Asphalt Concrete 

Ground 

Truth 

Crack 40368 0 0 34 6 2155 0 

Oil 7 59944 0 1 0 1805 0 

Water 0 0 0 0 0 0 0 

Artificial 

color 
91 3 1 198225 50 4537 0 

Green veg 20 7 0 38 73061 674 0 

Asphalt 22414 11015 9 14685 7016 563833 1 

Concrete 0 0 0 0 0 0 0 

Furthermore, most previous works used the pixels within the same scenes for 

both training and testing and reached a very high accuracy. Nevertheless, this is not 

practical since the training, and testing pixels are similar and even physically closed to 

each other. This situation is mainly caused by the labeled hyperspectral datasets are 

rare, and most of them only contain one scene. In this research, the dataset has more 

scenes and fully labeled. Therefore, a small number of pixels are randomly selected to 

form the training dataset, and the test case is an entire scene. This scheme is more robust 

to evaluate the performance of the models. Moreover, the full size of the training set is 

around 400,000 pixels, while the test case has 1000,000 pixels. In other words, only 

approximate 0.832% random pixels are used in training; the rest of the image is 

unknown samples for trained models. Considering the number of the labeled pixels is 
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even less, the performance of two equilateral semi-supervised models can prove the 

effectiveness of the semi-supervised models.  

8.4 Conclusions 

In this research, a parallel spatial-spectral feature extracting deep learning 

framework is proposed for hyperspectral pixel-wise classification. The main 

contribution of this work is the exploration of the semi-supervised learning strategy on 

deep learning framework and the influence of the labeled-unlabeled data-size ratio in 

semi-supervised learning. According to the performance of multiple semi-supervised 

models, the labeled-unlabeled ratio affects the improvement of semi-supervised 

learning. If the ratio is too small, the supervised data cannot control the training 

direction, and the final model might be underfitting. If the ratio is greater than 1, the 

labeled dataset size is already larger than the unlabeled dataset. Then the unlabeled data 

actually cannot influence the final training results because the larger supervised labeled 

dataset manipulates the training. Therefore, the author thinks the labeled-unlabeled 

ratio should between 0.2 to 0.5 based on the experiment results in this work.  

In addition, this research adopted a mobile hyperspectral imaging platform and 

realized an automatic pixel-wise classification of the infrastructure scenes. This work 

provides a salutary reference for further research in automatic inspection based on 

computer vision and hyperspectral image application. The trade-off between less 

labeling work and slightly lower accuracy can open a new window for the real 

automatic field inspection systems. 
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CHAPTER 9  

CONCLUSION AND FUTURE WORK 

9.1 Conclusion 

This dissertation mainly focuses on the multi-type of digital image 

understanding via various deep learning methods and discusses the semi-supervised 

learning affection on deep learning when the labeled data is not enough to achieve a 

reasonable understanding. In the meantime, a self-developed mobile hyperspectral 

imaging system is used in the hyperspectral image dataset creating and to pursue a real-

time understanding for infrastructure inspection.  

For RGB image understanding, the modern deep learning technologies is firstly 

exploited to learn structural cracks with complex scenes, and more prominently, the 

transferability is explored for learning structural cracks from small data sets (10 to 20 

images). Since this size of dataset can be realistically obtained in a short time, building 

a predictive model, which can achieve accuracy and generalization performance 

comparable to human being’s intelligence in inspecting complex structural scenes, 

possess an enormous value. The scale-space data augmentation based on 10 to 20 field 

images with structural cracks can satisfy the need for transfer learning based on a pre-

trained deep learning model (the Faster R-CNN model).  

Then, the authors explore the feasibility of a quantitative understanding of 

disaster scenes from mobile images. advanced deep learning models are adopted to 

identify both hazard types and damage levels embedded in images to deal with the 

significant complexity and uncertainties in disaster-scenes images. The performance of 
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the models demonstrates that disaster scenes in mobile remote-sensing practice can be 

modeled, and predictive models with acceptable performance are feasible. The 

proposed concept of mobile imaging-based disaster scene understanding and the 

developed frameworks in this paper can facilitate the automation of imaging activities 

conducted by either professionals or the general public as smart and mobile devices 

become ubiquitous, enabling data-driven resilience of disaster response. 

However, regular RGB based image understanding can be disturbed by 

environment noise within the scene and other elements. For example, the illumination 

and shadows can lead errors in understanding. Therefore, the hyperspectral image, 

containing sufficient spectral information, is imported to improve the inspection 

performance and robustness. Moreover, the specific deep learning for hyperspectral 

image learning is proposed to benefit both from abundant spatial and spectral 

information. On the other hand, the invisible spectral information and high 

dimensionality makes labeling work harder. The operation to use less labeled data and 

maintain the performance of the deep learning framework is also included in this 

dissertation. 

Finally, a spatial-spectral pixel-wise classifier is proposed and the semi-

supervised learning strategy is implemented for using less labeled data and large 

amount of unlabeled data to achieve a reasonable infrastructure scene understanding. 

This framework can recognize 9 classes in infrastructure scene and output label of each 

single pixel. Additionally, the unlabel-label ratio is discussed for further research. A 

better empirical ratio value (4: unlabeled data = 4 times of labeled data) shows better 
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trade-off classification performance in the experiment. Furthermore, the proposed 

pixel-wised hyperspectral image classifier can be combined with the self-developed 

hyperspectral imaging system to realize real-time understanding in infrastructure 

inspection.  

9.2 Future Work 

There are several future tasks are identified through the dissertation. 

1. In disaster understanding work, the training dataset can be enlarged for better 

performance. This should include but not limit adding more images in each disaster 

type, collecting more images covering more disaster types, and re-label the data in 

damage level. This can be categorized into data augmentation for performance 

improvement. 

2. For Cubert hyperspectral image spectral quality evaluation, the spectral quality can 

be quantitatively analyzed further after detailed discussion with camera 

manufacturer and more hardware information providing. Besides, more specific 

hyperspectral image sample can be captured for certain situation, such as the 

extreme situation with high contraction with clear boundary for much precise 

analysis. 
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