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Abstract 

This thesis introduces a novel approach to Structural Health Monitoring (SHM) by integrating 

deep learning with advanced 3D reconstruction techniques, focusing on the efficient analysis of 

bridge structures for achieving digital twin in SHM. Traditional photogrammetry faces challenges 

in accurately reconstructing flat surfaces and rapidly assessing structural health. Addressing these 

issues, this research adopts the Nerfacto model from the Neural Radiance Fields (NeRF) within 

the Nerfstudio framework to enhance 3D reconstruction fidelity and utilizes strategically placed 

markers to improve camera pose accuracy. Additionally, the integration of the STRNet and Test 

Time Agumentation (TTA) significantly enhances crack detection capabilities. This approach 

allows for precise mapping of segmented cracks onto a 3D model of a bridge, offering a detailed 

and quantifiable assessment of structural damage. By combining these innovative technologies, 

the research provides a scalable, cost-effective solution for comprehensive structural assessments, 

paving the way for proactive maintenance strategies that ensure the longevity and safety of critical 

infrastructure. The integration of digital twin technology and detailed damage mapping in 3D also 

sets a new standard in the field, demonstrating substantial potential for future SHM applications.   
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1 Introduction 

SHM plays a vital role in assessing the condition and predicting the lifespan of infrastructure 

(Cha et al., 2024). Essential for ensuring the safety and extending the service life of structures, 

SHM also facilitates cost-effective management practices. Particularly in Canada, the aging bridge 

infrastructure accentuates the importance of SHM, showcasing its necessity in maintaining 

structural integrity. This chapter details the methodologies utilized throughout this thesis. 

1.1 Background 

Since 1973, the average age of bridges in Canada has steadily increased, a trend driven by 

insufficient investment (Hammad et al., 2007). By 2003, many federal and provincial bridges 

exceeded half of their projected 46-year lifespan. Federal bridges, constituting just 3% of the total, 

had an average age of 26.4 years. Provincial bridges, making up 57% of the total, saw their average 

age increase from 15.4 years in 1963 to 24.6 years in 2003, primarily due to minimal provincial 

funding. Meanwhile, municipal bridges, which accounted for 39% of the total, were younger on 

average at 19.0 years (Gaudreault and Lemire, 2006). This prevalent aging pattern, particularly 

among provincial bridges, underscores the necessity of regular inspections to ensure safety and 

extend their service life. Consistent application of SHM not only secures structural safety but also 

reduces maintenance costs, establishing it as a critical practice within the realms of civil 

engineering and infrastructure management (Giurgiutiu, 2015). 

Traditional SHM systems rely on a variety of sensor technologies, such as piezoelectric 

(Giurgiutiu, 2007; Qing et al., 2008), fiber optic (Tennyson et al., 2001), and vibration sensors 

(Deraemaeker et al., 2010). However, these methods encounter significant challenges when 

implemented in large-scale civil infrastructure. Numerical techniques frequently suffer from 
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uncertainties and the influence of non-uniform environmental factors (Cha and Buyukozturk, 

2015). A primary issue with these sensor-based approaches is their inability to clearly differentiate 

between actual structural damages, sensor malfunctions, and false signals from noise. This 

complication often demands on-site validation of the sensing systems and the structure itself, 

requiring the presence of specialized technicians, thus consuming considerable time and resources. 

Cracks serve as significant indicators of structural deficiencies and commonly result from 

various factors such as cyclical loading, drying shrinkage, thermal expansion and contraction, and 

overall structural wear (Abdel-Jaber and Glisic, 2015; Sanchez-Silva et al., 2011). Timely 

addressing of these damages is crucial for maintaining long-term structural durability and 

preventing further deterioration. Effective monitoring and timely repair of cracks are thus essential 

to preserve structural integrity and extend the lifespan of infrastructure assets (Mahaidi and Kalfat, 

2018). 

The advancement of vision-based equipment and image-processing technologies has 

significantly propelled the field of Structural Health Monitoring (SHM) forward. Computer vision 

has become a pivotal tool for damage detection, providing a more dependable alternative to 

traditional human expert evaluations, which are typically labor-intensive and prone to 

inconsistencies (Cha et al., 2017; Feng and Feng, 2018). 

Research on image-based crack detection, classification, and segmentation has been thorough 

(Zakeri et al., 2017). Traditional methods such as thresholding, edge-detection, and data-driven 

approaches have increasingly been viewed as inadequate due to their limitations in accuracy and 

the challenges they face in segmenting cracks against complex backgrounds (Kheradmandi and 

Mehranfar, 2022; Deng et al., 2022). However, the advent of deep learning, especially 

Convolutional Neural Networks (CNNs), has significantly transformed the field of damage 
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detection. CNNs are proficient in extracting complex features from images and adaptively refining 

their internal parameters for improved automated recognition (Cha et al., 2017; Cha et al., 2018). 

A significant innovation within this area is the U-net architecture, originally developed for medical 

image analysis (Ronneberger et al., 2015), and successfully adapted for both medical and non-

medical image segmentation tasks, including crack detection (Jenkins et al., 2018; Liu et al., 2019). 

Recent innovations have incorporated the Deeplabv3+ and Xception architectures for 

enhanced crack segmentation in bridges (Fu et al., 2021). However, the application of U-net in 

complex scenes containing diverse visual elements continues to pose challenges. To overcome 

these limitations, Kang and Cha (2022) introduced STRNet, an attention-based encoder-decoder 

model specifically designed for crack segmentation, which has shown improved efficacy in 

complex settings. These advancements in computer vision and deep learning underscore a 

significant evolution in SHM, marking a departure from traditional methods towards more 

sophisticated, automated techniques that enhance both the precision and efficiency of detecting 

structural damage. 

A significant obstacle in deploying CNNs for damage detection in actual structures is the need 

for extensive training datasets (Dryden et al., 2019). Collecting a diverse array of damage scenarios 

to adequately train these models is challenging, and often unfeasible for in-service structures. This 

scarcity of comprehensive training data can limit the practical use of CNNs in real-world structural 

health monitoring applications (Ye et al., 2019). 

To overcome this challenge, various strategies such as transfer learning and semi-supervised 

learning have been investigated. Transfer learning, outlined by Teng et al. (2023), entails adapting 

an existing pre-trained model to tackle a related but new problem. Semi-supervised learning, 
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detailed by Xiang et al. (2023), utilizes a mix of labeled and unlabeled data to enhance the training 

process. 

While detecting damage in a single image for SHM can be informative, it presents challenges, 

particularly with large structures where a single image captures only a small section of the entire 

structure. This makes it difficult to fully understand the extent of the damage (Zhao et al., 2021). 

Therefore, accurately translating detected damages from 2D images to 3D world coordinates is 

essential, especially for expansive structures like bridges. This translation provides a more 

complete view of the damage’s location and severity. 

Moreover, incorporating 3D reconstruction into the digital twin framework marks a significant 

advancement in SHM. A digital twin, an advanced technological construct, operates on data and 

models to perform monitoring, simulation, prediction, and optimization functions (Tao et al., 

2022). This method is gaining traction in research for its utility in creating digital replicas of 

bridges, thus revolutionizing intelligent SHM (Ye et al., 2019). The development of digital twins 

not only improves the precision of damage assessments but also facilitates smarter, predictive 

maintenance strategies (Chen et al., 2023). 

3D reconstruction is crucial in developing digital twins for SHM, necessitating that 3D models 

feature rich surface textures and high spatial resolutions (Kong and Hucks, 2023). This process 

involves generating a three-dimensional representation of an object, utilizing data gathered via 

photogrammetric or laser scanning techniques. In the realm of computer vision, various techniques 

employ multiple images rather than just relying on stereoscopic imagery (Hartley and Zisserman, 

2003). Structure from Motion (SfM) is one such technique that has proven effective in creating 

intricate 3D models of both objects and landscapes (Schonberger & Frahm, 2016; Hartley & 
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Zisserman 2003). For example, Xue et al. (2022) applied a deep learning enhanced SfM method 

to evaluate tunnel defects, showcasing the technique’s suitability for extensive monitoring tasks. 

Photogrammetry has been utilized to overlay detected concrete cracks onto reconstructed 3D 

models, with the accuracy of these overlays enhanced by CNN-based methods such as UNet 

(Chaiyasarn et al., 2022). However, 3D reconstruction via photogrammetry presents its challenges; 

it is often time-consuming and demands significant computational resources (Remondino et al., 

2012). Moreover, accurately reconstructing planar surfaces using solely photogrammetry can be 

problematic, which is why laser scanning is sometimes employed to mitigate these issues (Schenk 

et al., 2001). This underscores the need for more efficient and effective 3D reconstruction methods 

within SHM. 

1.2 Problem statement 

Addressing the challenge of preparing extensive training samples for deep learning models, 

both semi-supervised and transfer learning methods require re-training. This process is often time-

consuming and resource-intensive. Moreover, these approaches typically demand larger datasets. 

In the domain of SHM, where rapid monitoring and assessment are critical (Hoshyarmanesh 

et al., 2017), Test Time Augmentation (TTA) proves invaluable. TTA enhances model 

performance by applying various augmentations to test images and aggregating the predictions 

(Kimura, 2021). This method does not necessitate model retraining but instead boosts prediction 

accuracy at testing time by utilizing diverse variations of the input data. According to Wang et al. 

(2019), TTA functions like an ensemble technique by amalgamating results from multiple 

augmentations to deliver a robust and precise outcome, making it exceptionally suitable for SHM 

applications that demand swift and dependable damage evaluation. 
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Reconstructing planar surfaces and reflective materials through traditional photogrammetry 

often presents significant challenges. Neural Radiance Fields (NeRF), introduced by Mildenhall 

et al. (2021), represent a revolutionary shift, offering an effective alternative to conventional 

photogrammetry methods. Unlike traditional techniques that rely on manual texture mapping and 

geometric primitives like triangles and voxels, NeRF uses a neural network to model a scene’s 

visual characteristics directly. This method excels in scanning objects with sparse feature points, 

providing a more adaptable approach to 3D reconstruction. NeRF uniquely captures complex 

lighting effects such as reflections and transparencies, creating detailed representations of points 

from diverse viewing angles. Consequently, NeRF delivers more precise and detailed scene 

renderings (Gao et al., 2022), making it a promising technique for enhancing Structural Health 

Monitoring (SHM) capabilities. 

1.3 Research objective 

This research explores the application of advanced deep learning methods for damage 

segmentation and 3D reconstruction in the mapping of civil infrastructure. The objectives are 

detailed as follows: 

1. Enhancement of STRNet using TTA: This aims to improve the accuracy of crack detection 

by refining the STRNet model with TTA, which enhances detection capabilities under 

varying conditions. 

2. Adoption of the NeRF-based Nerfacto model: This addresses the limitations of traditional 

photogrammetry by leveraging the Nerfacto model, which enhances depth and detail in 3D 

reconstructions. 

3. Development of a damage mapping method: This focuses on innovating a method to 

accurately map and quantify structural damages. 
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4. Validation of the pipeline on a bridge model for SHM: The goal is to confirm that the 

proposed methods are effective for practical applications in SHM. 

By successfully achieving these objectives, the research enhances the capabilities of visualization 

of damage in 3d model for SHM systems. This progress is crucial for the proactive maintenance 

and management of infrastructure, ultimately contributing to the safety, longevity, and economic 

efficiency of civil structures. 

 

1.4 Thesis organization 

This thesis is organized into several chapters, each designed to elaborate on distinct aspects of 

the research. The structure is as follows: 

1. Introduction: This opening chapter sets the stage for the research by outlining the problem 

statement, research objectives, and the significance of the study within the field of SHM 

and deep learning applications for damage detection and traditional 3d reconstruction 

method applied in SHM. 

2. Literature review: This chapter reviews existing literature related to computer vision and 

deep learning methods for damage detection in SHM. Also, 3D reconstruction and NeRF 

technology. It highlights the gaps that this research aims to address. 

3. Methodology: This chapter details the methodologies applied in the research, starting from 

data collection for NeRF, the application of STRNet with TTA, the internal workings of 

NeRF, and the techniques for 3D damage mapping. 

4. Data collection: This chapter describes the methods used to collect high-quality image data 

for 3D reconstruction, ensuring the accuracy and effectiveness of the applied techniques. 
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5. Case studies: This chapter presents practical applications of the methodologies through 

various case studies. It includes the improvements in accuracy of STRNet with TTA, the 

quality of 3D reconstruction under different setups, and the visualization of damage on 3D 

models. 

6. Conclusion and future work: The final chapter summarizes the findings of the research, 

discusses the implications of these results, and suggests directions for future research to 

further advance the field. 

 

  



 20 

2 Literature review 

This chapter presents a comprehensive review of the existing literature relevant to SHM, 

encompassing journal articles, and publications. Our objective is to provide a detailed overview of 

the current state-of-the-art in SHM, focusing specifically on the integration of computer vision and 

deep learning technologies in detecting structural damage. Additionally, we explore advancements 

in 3D reconstruction techniques, the application of NeRF, and the development and 

implementation of digital twins in the context of SHM. 

 

2.1 SHM 

SHM is designed to continuously assess a structure's condition throughout its lifecycle, 

ensuring it remains within established safety and performance parameters (Farrar and Worden, 

2007). This process involves diagnosing the state of the materials, components, and overall 

assembly of structures subjected to normal aging, environmental impacts, and accidental events. 

SHM has attracted attention across various engineering disciplines due to its capability to address 

complex issues related to structural deterioration, which can arise from substandard materials, poor 

construction practices, inadequate inspections, or extreme conditions. By leveraging historical 

data, SHM not only assesses the current health of structures like buildings, bridges, tunnels, dams, 

and various transportation modes but also predicts damage progression and remaining useful life, 

enhancing long-term safety, efficiency, and sustainability of infrastructure.  
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2.2 Computer vision in SHM 

While many SHM approaches traditionally focus on analyzing structural acceleration 

responses, displacement responses are often more indicative of overall structural stiffness and can 

provide more precise assessments of structural conditions. Recent advancements in camera 

technology and computer vision have introduced vision-based sensing as a viable alternative to 

traditional sensors for measuring structural dynamic displacements and conducting health 

monitoring. Cameras capture video images of structural features, such as rivets and edges, which 

are then processed using measurement software to derive displacement time histories at multiple 

points simultaneously (Feng and Feng, 2021). In the specific approach of Computer vision-SHM 

at the local level, images serve as the primary data source for analysis and assessment, with the 

expectation that these processes will soon be fully automated. Assessments are ultimately based 

on condition maps derived from the images (Cha et al., 2024).  

In the realm of computer vision, damage detection is primarily categorized into two 

approaches: one is patch-based detection, the other one is pixel-based detection. The patched-

based damage detection approach focuses on identifying the presence of cracks within specific 

segments or patches of an image. Abdel-Qader et al. (2006) explored various Principal 

Components Analysis applied methods for this purpose to classify the crack status within image 

patches. Additionally, some researchers have employed SVM, which is supervised learning 

techniques, for classifying cracks more accurately (Lin et al., 2002). 

Unlike patch-based detection, pixel-based methods segment crack morphology at the 

individual pixelwise level. Edge detection is commonly utilized here, involving the use of various 

filters to delineate edge shapes within images. Also, several edge detection algorithms were 

explored by Abdel-Qader et al. (2006) and resulted in fast Haar transform generally provided more 
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trustful results among fast Haar transform, fast Fourier transform, Sobel, and Canny detectors. 

Further developments in this area include the application of the Sobel detector by Yu et al. (2007) 

to identify edges, and the integration of a wavelet-based algorithm with the Canny edge detector 

by Rong et al. (2014) to enhance crack segmentation. 

Beyond these specific methods, there are additional general image processing techniques. 

Filtering, morphology, and binarization with thresholding are commonly employed. For example, 

Sinha and Fieguth (2006) utilized statistical filters to define and link global cracks, while 

Yamaguchi and Hashimoto (2010) employed percolation-based methods for crack extraction in 

large concrete structures. Fujita and Hamamoto (2011) used a combination of median filters and 

image subtraction to differentiate cracks from background noise. 

However, these computer vision techniques face significant challenges under poor imaging 

conditions such as blur (Lee and Lee et al., 2013), uneven lighting (Brownjohn et al., 2017), or 

temperature (Zhou et al., 2017). Furthermore, Kang and Cha (2022) noted that these methods often 

struggle to detect multiple types of damage simultaneously, while Ribeiro et al. (2014) 

demonstrated the quantification of induced errors based on mathematical models in vision-based 

measurement tests. 

 

2.3 Deep learning in SHM 

Recent advancements have seen a significant incorporation of learning-based methods in 

computer vision studies to enhance the performance of applications. Deep learning technology is 

the representative method. Deep learning methods, particularly CNNs, are pivotal in detecting 
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multiple types of local damages simultaneously through end-to-end frameworks. This capability 

facilitates more effective and automated condition assessments (Xu et al., 2019). 

CNNs are utilized to extract features from raw images through convolutional operations. 

Cha et al. (2017) introduced CNN based model to identify crack within small image patches (256 

× 256 pixels) and employed a sliding window technique on tested images to predict the presence 

of cracks. Dorafshan et al. (2018) adapted AlexNet through transfer learning to develop a 

specialized CNN classifier for crack classification. Karaaslan et al. (2019) modified the VGG-16 

network weights within a Single Shot MultiBox Detector framework for detecting crack regions 

delineated by bounding boxes and utilized the SegNet model for crack segmentation within these 

boxes. Similarly, Ali et al. (2021) utilized Faster R-CNN for detecting various damages such as 

cracks, corrosion, and loosened bolts on steel bridges in real-time. 

For pixel-level crack detection, deep learning methods have shown promise. Dung and Anh 

(2019) implemented FCNs delineate cracks and provide detailed maps showing the shape and 

distribution of these defects. This could achieve semantic segmentation for the crack status. Choi 

and Cha (2019) developed a novel deep learning model, SDDNet, for effective crack segmentation 

against complex backgrounds. Furthermore, Kang and Cha (2022) applied an attention-based 

encoder and decoder model that achieved a state-of-the-art mIoU of 92.6%. 

These developments underline the growing reliance on deep learning to address complex 

challenges in SHM, providing accurate, real-time assessments of structural health and aiding in 

the maintenance and safety of critical infrastructure. 
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2.4 3D reconstruction techniques 

3D reconstruction from multiple images involves creating three-dimensional models by 

reversing the process typically used to capture 2D images from 3D scenes. This technology is 

increasingly used to generate detailed representations of objects in various formats, including point 

clouds, mesh models, and geometric models, with point clouds often serving as the foundational 

structure. 

A 3D model comprises both geometric (position, orientation) and photometric (color, 

texture) data. This comprehensive data allows for the rendering of synthetic images by simulating 

the path of light rays from their sources to the camera, reflecting off the object's surface. 3D 

scanning, which includes the subproblems of 3D reconstruction (geometry estimation) and 

appearance estimation (photometric properties), effectively reverses this light trajectory to 

characterize the scene's surface (Durou et al., 2020). 

The applications of 3D reconstruction are extensive and diverse, spanning across various 

fields such as robotic mapping and navigation, city planning, gaming, virtual tourism, medical 

field, archaeology, augmented reality, motion capture, gesture recognition, and hand tracking 

(Aharchi and Kbir, 2020). 

In the context of SHM, 3D reconstruction techniques have also been pivotal. They have been 

utilized for the preservation of historical buildings (Brunetaud et al., 2012), dam inspections (Zhao 

et al., 2021), and the detailed visualization of reinforced concrete structures (Choi et al., 2016), 

showcasing their versatility in maintaining and monitoring structural integrity. 

A variety of equipment is employed for 3D reconstruction, each offering different 

capabilities and suited to specific applications. Commonly used devices include monocular 
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cameras, binocular cameras, video cameras, and laser scanners (LiDAR). Less frequently used 

technologies in civil engineering include CT, ultrasonic tomography, Kinect, and total stations 

(Ma and Liu, 2018). 

 

Equipment specific Methods: 

• Monocular cameras: capture single images at a time. 

• Binocular cameras: capture stereo images, providing distance information. 

• Video cameras: capture a series of monocular images over time. 

• Laser scanners: directly generate point clouds containing 3D spatial information. 

The 3D reconstruction process varies based on the equipment used, typically involving several 

stages: 

1. Feature extraction: identifying notable points or edges within images (Liu et al., 2016). 

2. Feature matching: associating features across multiple images (Khaloo and Lattanzi, 2017). 

3. Camera motion estimation: determining the movement of the camera between shots (Jog 

et al., 2011) — this step can be skipped when using stereo cameras. 

4. Sparse 3D reconstruction: creating a preliminary 3D model from matched features (Liu et 

al., 2016). 

5. Model parameters correction: refining the model for accuracy (Agarwal et al., 2010). 

6. Absolute scale recovery: establishing the real-world dimensions of the model (Zollmann 

et al., 2014). 

7. Dense 3D reconstruction: developing a detailed and complete 3D model (Yang et al., 

2013). 
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After that, post-reconstruction, point cloud processing is employed to refine the raw data into a 

usable format, followed by mesh reconstruction to create a mesh model from the point cloud 

(Torok et al., 2012). 

While laser scanners provide a quick and detailed collection of 3D data, they can be 

prohibitively expensive for large objects. Consequently, monocular cameras remain popular due 

to their cost-effectiveness. Combined with advances in camera resolution and computational 

power, vision-based technologies are increasingly viewed as an efficient approach for SHM 

(Adhikari et al., 2014). 

 

2.5 NeRF 

NeRF emerged as a ground-breaking approach in the field of view synthesis, introduced by 

Mildenhall et al. at ECCV 2020. This innovative method utilizes volume rendering combined with 

implicit neural scene representations through MLPs to capture the geometry and lighting of 3D 

scenes with unprecedented detail. 

At its core, a NeRF model conceptualizes three-dimensional scenes as a radiance field, 

which is effectively approximated by a neural network. The radiance field encapsulates both color 

and volume density at every point in the scene, across all viewing directions. This relationship is 

formalized as: 

F!:	(𝐱, 𝐝) 	→ 	 (𝐜, 𝛔)  
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where 𝐱 = (𝑥, 𝑦, 𝑧) denotes the coordinates within the scene, 𝒅 = (𝜃, 𝜙) represents the azimuthal 

and polar viewing angles, 𝐜 = (𝑟, 𝑔, 𝑏) indicates the RGB color values, σ denotes the volume 

density. This five-dimensional function is represented using one or more Multi-Layer Perception 

(MLP), denoted as F!. 

 NeRF has not only set new benchmarks in visual quality but has also inspired a plethora of 

subsequent innovations. Recently, applications of NeRF models have expanded into diverse areas 

such as photo editing, 3D surface extraction, human avatar modeling, and extensive urban-scale 

3D representation and view synthesis (Gao et al., 2022). 

Since its introduction, numerous specialized adaptations of NeRF have emerged, each designed 

to address specific challenges in 3D rendering and computer vision. These variations include: 

(Müller et al., 2022): 

1. NSVF (Neural Sparse Voxel Fields) (Liu et al., 2020): 

• Optimizes rendering by utilizing sparse voxel fields, significantly speeding up the 

process by efficiently representing empty spaces and focusing computational 

resources on regions with dense geometry. 

2. Instant-NGP (Instant Neural Graphics Primitives) (Müller et al., 2022): 

• Greatly accelerates training and inference processes using a hash table-based 

approach for storing and accessing neural network parameters, facilitating rapid 

updates and real-time rendering capabilities. 

3. FastNeRF (Garbin et al., 2021): 
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• Improves inference speed by adopting a factorized representation of radiance fields, 

which precomputes and caches scene representations for quicker rendering, albeit at 

the cost of higher memory usage. 

4. DietNeRF (Jain et al., 2021): 

• Addresses the challenge of working with limited input images by incorporating 

semantic consistency losses, which enhance the model's ability to generalize from 

sparse and limited data sets. 

5. NeRF++ (Zhang et al., 2020): 

• An advancement over the original NeRF that improves handling of unbounded scenes. 

It employs two separate models to accurately represent both the bounded foreground 

and the infinite background, enhancing realism in expansive environments. 

6. Ref-NeRF (Verbin et al., 2022): 

• Specializes in managing reflective surfaces by more accurately modeling specular 

reflections and highlights, beneficial in scenarios with reflective objects where 

traditional NeRF models may falter. 

Compared to traditional methods like photogrammetry, NeRF demonstrates superior 

performance in handling objects with non-collaborative, texture-less, reflective, and refractive 

surfaces due to its sophisticated ability to interpret complex light interactions and surface 

properties (Remondino et al., 2023). NeRF is especially useful in extensive mapping of large areas 

with limited images, ideal for emergency situations where rapid and extensive data collection is 

needed but challenging. Moreover, NeRF is capable of accurately describing material 

characteristics and rendering homogeneous textures due to its advanced handling of lighting and 

surface properties, which traditional photogrammetry might not capture as effectively. Also, NeRF 
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is effective at reconstructing planar surfaces, whereas photogrammetry is not well suited for this 

task. Despite achieving higher fidelity and visual accuracy, NeRF is more prone to noise effects 

compared to photogrammetry, indicating a trade-off between visual quality and noise levels (Croce 

et al., 2023). 

 

2.6 Digital twin in SHM 

Digital twin technology replicates real-world objects or systems into highly accurate digital 

models. This virtual representation integrates attributes, structures, states, performances, and 

functions of physical entities, enabling simulations, analyses, and visualizations of real-world data 

to predict future scenarios (Tao et al., 2022). 

Advancements in robotics and automation are being propelled by innovations in sensors, 

unmanned aerial vehicles (UAVs), information networks, and machine learning, promising 

enhancements across various sectors including building, healthcare, and transportation. Modern 

research is focusing on cutting-edge developments in cloud computing, big data, open-source 

software, and industry initiatives like the IoT, Smart Cities, and Industry 4.0. These technologies 

facilitate access to extensive datasets and computing resources, enabling the integration and 

optimization of data across systems, which significantly improves performance over time 

(Oztemel et al., 2020). 

Digital twin technology offers numerous applications and benefits within SHM, particularly 

by mapping the comprehensive attributes, structures, states, performances, and functions of 

physical systems into a virtual environment (Boyes and Watson, 2022). This technology is 

increasingly adopted for long-term monitoring of large infrastructure, such as long-span bridges, 
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which are now frequently equipped with SHM systems to enhance predictive maintenance and 

operational planning (Zhang et al., 2024). 

In bridge engineering, for example, Jiang et al. (2021) developed a digital twin framework 

that uses a non-deterministic method to predict the multiscale fatigue life of steel bridges, thereby 

deepening the understanding of fatigue processes throughout the bridge's lifecycle. Similarly, 

Cheng et al. (2019) created a digital twin for a self-anchored suspension bridge, using SHM data 

to derive fragility curves that proved more accurate than those generated from traditional finite 

element models. 

Digital twins also prove invaluable in the preservation of historic structures. Angjeliu et al. 

(2020) employed digital twins to assess the structural system integrity of historic masonry 

buildings, aiding in system response analysis, maintenance, and strengthening measures. 

Furthermore, Xu et al. (2023) managed and analyzed monitoring sensors and data from a building's 

internal components to dynamically update its health state, illustrating the capacity of digital twins 

to integrate and synthesize complex datasets in real-time. 

Lin et al. (2021) used a digital twin and a nonlinear model updating method to evaluate the 

collapse fragility of a cable-stayed bridge, highlighting the model's utility in critical structural 

assessments. For simulations involving complex structural behaviors, such as vortex-induced 

vibrations, Zhang et al. (2024) applied SHM-based digital twin technology to provide insightful 

predictive analyses. 

Moreover, digital twins facilitate the integration of FEA within SHM practices. Funari et al. 

(2021) showcased a parametric modeling framework within a visual programming environment, 
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aimed at creating FEM of historic masonry buildings, thereby extending digital twin applications 

to detailed structural analyses and conservation efforts. 

Seeing damage in 3D models represents a significant advantage over traditional 2D imaging 

techniques. While 2D imaging is effective for identifying surface damage, it does not provide 

insights into the depth and severity of the damage. In contrast, 3D data derived from advanced 

reconstruction methods offers detailed information about damage depth, enhancing the accuracy 

of assessments and updates to existing models. Digital twin technology, integrated within SHM, 

facilitates this process by allowing for clear visualization of damage quantification, localization, 

and patterns, making it easier to intuitively inspect infrastructure compared to traditional 2D 

images, which can obscure the precise location and extent of damage (Grieves and Vickers, 2017; 

Rashidi et al., 2020). 

Several studies illustrate the practical applications of this technology in SHM. Yeum et al 

(2017) performed an inspection based on the structure of highway signs, using the SfM technique 

to localize and quantify regions of interest. Chen et al. (2019) used a UAV to capture bridge 

images, from which they conducted 3D reconstructions to extract and quantify damage areas. Zhao 

et al. (2022) developed a methodology that combines the YOLOv5s-HSC algorithm with 3D 

photogrammetric reconstruction to identify and localize damage on concrete dams. Majidi et al. 

(2023) integrated automated crack detection using DeepLabv3+ with Xception and Squeeze-and-

Excitation into 3D reconstruction processes for civil infrastructures. This approach allows that 

predicted damage masks can be unified with original images for SfM, facilitating precise 3D crack 

mapping. 

As discussed above, 3D models provide significant advantages in SHM. However, they are 

generally created through the post-processing of raw 3D data from laser scanners and 
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photogrammetry pipelines (Masciotta et al., 2023), a process that presents challenges such as time 

efficiency and accurate representation of planar surfaces (Croce et al., 2023). Additionally, the 

accuracy of mapped damages can vary depending on the methods used to capture damage 

geometry, which poses another significant concern. 
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3 Methodology 

This thesis introduces a novel methodology for 3D damage mapping by combining pixel-

wise damage segmentation through deep learning with 3D image reconstruction techniques. The 

process, depicted in Figure 1, begins with the collection of 2D RGB images of the structure of 

interest. These images are first processed using NAFNet for deblurring, preparing the images for 

accurate damage detection and 3D modeling. Then, SfM via the Agisoft Metashape software tool 

is used to extract camera pose estimations (Intrinsic and extrinsic camera parameter) for each 

image, represented in the form of a transform matrix [𝐑|𝐭], which are crucial input data for the 

subsequent NeRF based 3D reconstruction. Concurrently, the images are input into our enhanced 

TTA-STRNet model for precise pixel-wise damage segmentation. This segmented damage 

information is then integrated into NeRF, facilitating the reconstruction of a 3D damage map. The 

final output, a damage-inclusive digital twin of the structure, can be visualized with a 3D 

visualization tool, offering a comprehensive tool for SHM. By synthesizing the capabilities of 

NAFNet, SfM, STRNet, TTA, and NeRF, this thesis presents a comprehensive approach to 

creating detailed and accurate 3D reconstructions of structural damage. This methodology not only 

facilitates the detection and visualization of damage in bridge structures but also contributes to the 

advancement of SHM by providing a digital twin that serves as an asset for maintenance and safety 

assessments. 
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Figure 1. Flowchart of this research (Kim and Cha, 2024). 

3.1 Image deblurring with NAFNet 

In our pipeline, we integrated the NAFNet model (Chen et al., 2022), a deep learning-based 

solution for image deblurring, to enhance the quality of images used in 3D reconstruction. The 

challenge of image blurring, particularly prevalent in large-scale structures and when images are 

extracted from drone-captured videos, necessitated a robust solution. Manual deletion of blurred 

images is feasible for small datasets, but impractical for the extensive image collections required 

for detailed structures like buildings or bridges. 

NAFNet, as described in 'Simple Baselines for Image Restoration', stands out for its 

simplicity and computational efficiency, surpassing state-of-the-art methods in image restoration. 

The model's architecture is characterized by a departure from conventional nonlinear activation 

functions like Sigmoid, ReLU, or GELU. Instead, it employs a Nonlinear Activation Free Network 

approach, which simplifies the processing pipeline while maintaining, or even enhancing, the 
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restoration quality. Its performance on challenging benchmarks, such as achieving 33.69 dB PSNR 

on the GoPro dataset for image deblurring with only 8.4% of the computational costs of previous 

state-of-the-art methods, demonstrates its efficacy. 

 

Figure 2. NAFNET's block (Chen et al., 2022). 

 

The application of NAFNet in our project improved the quality of blurred images for NeRF 

input. By reducing blur, NAFNet enhanced the accuracy of the subsequent 3D reconstruction 

process. Furthermore, the model's efficiency in computational resource usage made it an ideal 

choice for our project, where large volumes of data required processing. 

For the implementation of NAFNet, a virtual anaconda environment configured with 

Python 3.9.5, PyTorch 1.11.0, and CUDA 11.3 was utilized. By executing the command line with 

a pre-trained configuration file, the dataset of blurred images was processed, resulting in deblurred 

outputs ready for further processing. Figure 3 illustrates the deblurring effectiveness of NAFNet, 

showcasing enhanced sharpness and clarity of the images. This improvement is crucial for 

avoiding artifacts in the 3D reconstruction process. The impact of using deblurred images versus 

blurred images on the quality of 3D reconstruction is further explored in the "4. Experiment and 

Results" section, demonstrating the benefits of integrating NAFNet into the pipeline.  
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(a) Before NAFNet (b) After NAFNet 
Figure 3. Image deblurring results: (a) Blurred images caused by motion blur, (b) Results after 

deblurring using NAFNet. 

 

The integration of NAFNet into our workflow not only saved time but also ensured that 

the quality of the 3D reconstructions was not compromised by the inherent blurring in the source 

images. This approach is expected to be particularly beneficial for 3D reconstruction of large-scale 

structures, where managing the quality of a huge number of images is crucial. 
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3.2 Obtaining camera parameters for NeRF input 

To effectively employ NeRF in the methodology, accurate 3D coordinates and viewing 

directions associated with each image are indispensable. These critical pieces of information are 

derived from the camera's intrinsic [𝐊] and extrinsic [𝑹|𝒕] parameters. These parameters are 

essential for translating 2D image data into a 3D spatial context, serving as a foundational step in 

the 3D reconstruction process. In the subsections of 3.2, the role of the camera parameters and the 

process of obtaining these camera parameters will be introduced, highlighting their pivotal role in 

accurately translating 2D image data into the 3D space.  

 

3.2.1 Camera parameters information with pinhole camera model 

The pinhole camera model serves as a foundational concept in the field of computer vision, 

simulating the way light travels through a small aperture (pinhole) to project an inverted image 

onto the camera's sensor. This model provides a simplified yet effective framework for 

understanding the geometric relationships between objects in the 3D world and their 2D 

representations captured by a camera. 

As depicted in Figure 4, the pinhole camera model illustrates how an image is formed when 

light rays passing through the pinhole converge on the camera sensor, resulting in an upside-down 

and reversed image.  
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Figure 4. Pinhole camera model. 
 

Figure 5 further explains the relationships between world 3D coordinates (X, Y, Z) , 

normalized image coordinates, and pixel coordinates.  

 

Figure 5. Camera intrinsic. 

The focal point, represented by a dot along the solid line in the diagram, is the location 

where the camera's lens focuses light rays. The distance between this focal point and the object 

being photographed Z  directly influences the size and position of the projected image. 

Additionally, the distance from the pinhole to the image plane f, known as the focal length, is a 

critical parameter that affects the field of view and the scale of the image projection. The intrinsic 

camera parameters can translate these geometric relationships, as the Equation (1) depicted. 
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where intrinsic parameter matrix is represented by K, as given by equation (2). 
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The internal parameters refer to the camera's intrinsic qualities that influence image 

formation. These include the focal lengths (f$, f%), the principal point coordinates (c$, c%) that 

denote the image sensor's size, and the lens distortion coefficient (s), which is often negligible in 

modern cameras due to advanced sensor technology. Understanding these equations allowed me 

to discern how each pixel in a 2D image corresponds to a specific point projected from the WCS. 

However, it's important to recognize that the CCS may differ with each shot due to 

variations in camera position and angle, affecting the 3D coordinates [𝑋, 𝑌, 𝑍]  representation 

across images. Figure 6 shows how differences in camera angles and positions can cause the 

coordinates to be represented differently, as [𝑋&, 𝑌&, 𝑍′], in another CCS.  
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Figure 6. Different coordinate system. 

 

To address these discrepancies and align the CCS with the WCS, Equation (3) can be 

applied, utilizing the extrinsic parameters, matrix [𝑹|𝒕]. 
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These extrinsic parameters are for defining how a scene's 3D structure is projected onto the 

camera's 2D image plane, encompassing rotation (R) and translation (t) that describe the camera's 

viewpoint. The extrinsic camera matrix, detailed in Equation (4) 

T
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U (4) 

The final step involves converting all 3D coordinates from the WCS to the PCS and vice 

versa, as outlined in Equation (5).  
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This conversion is important for the effective deployment of NeRF in our 3D 

reconstruction process. To derive these essential parameters, we employ SfM, a technique in 

computer vision, which will be further elaborated upon in Section 3.2.2. 

 

3.2.2 SfM 

To extract camera parameters essential for accurate 3D reconstruction, we employ the SfM, 

a technique in the field of computer vision. This subsection visually outlines the SfM process 

through a flowchart, as shown in Figure 7 that highlights the progression from initial image capture 

to the creation of a sparse point cloud. This visualization emphasizes the steps particularly relevant 

to NeRF, such as the derivation of transformation matrices. 

 

Figure 7. SfM process flowchart. 
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The steps enclosed within the red dotted box in the flowchart—feature extraction, feature 

matching, and camera motion estimation—are the procedures for deriving camera pose within SfM 

for NeRF.  

To provide an overview of how the process unfolds, the flowchart begins with image 

acquisition, followed by feature extraction using the SIFT (Lowe, 2004) algorithm, which 

identifies key points that are invariant to scale and rotation. These features are matched across 

images to establish correspondences, forming the basis for estimating camera motion.  

To ensure the reliability of these matches, the RANSAC algorithm is applied to remove 

outliers by randomly sampling data and selecting the maximum first-order value. Subsequently, 

eight matched feature points are extracted for each pair of images to compute the fundamental 

matrix, F, using SVD. The fundamental matrix is a matrix that describes the geometric relationship 

between the actual pixel coordinates of the two images, including the camera parameters. This can 

be expressed with the Equation (6). 

𝑝*+,& -𝑭𝑝*+, = 0, (6) 

where 𝑝*+,	and  𝑝′*+,	represent the pixel coordinates in the respective images. 

Then 𝑝*+,& -𝑭𝑝*+, = 0is then used. Epipolar geometry explores the geometric relationship 

between two images taken at different times from different viewpoints. As illustrated in Figure 8, 

a point P in 3D space projects onto p in image A and p′ in image B. The epipoles e and e′ are where 

the line connecting the camera origins intersects the image planes, and the epilines l and l′ connect 

the projection points to the epipoles. 
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Figure 8. Epipolar geometry (Hata and Savarese, 2017). 

 

With essential matrix E, we can move p to p& it can be expressed with the equation (7) due 

to the property that the orthogonal inner product is zero. The Essential Matrix is a matrix that 

describes the geometric relationship between matching pairs in the normalized image plane. 

Without depth information, the 3D coordinates of point 𝑃 cannot be reconstructed solely from its 

image coordinates. However, because point P lies on a line connecting the origin of camera A to 

𝑝, it projects onto image B along this line, forming the epiline l′. This projection is governed by 

the essential matrix E, which facilitates the transformation from 𝑝  to 𝑝′  (Normalized image 

coordinates). This relationship can be mathematically expressed as follows, 

𝑝′.𝑬𝑝 = 0, (7) 

where 𝑝	is the normalized image coordinate, and E is the Essential Matrix, incorporating the 

rotation matrix R and the translation vector t. 
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With the intrinsic camera parameters known (K), as defined in Equation (2), we can 

establish the relationship 𝒑𝒊𝒎𝒈 = 𝑲𝒑  between pixel and normalized image coordinates. 

Substituting this into Equation (7), this leads to the derivation of Equation (8): 

𝑝*+,& -(𝑲&𝑻)"𝟏𝑬𝑲"𝟏𝑝*+, = 𝑝*+,& 𝐓𝑭𝑝*+, (8) 

This transformation illustrates how the essential matrix, and the fundamental matrix are 

interlinked through the intrinsic parameters, leading to Equation (9): 

𝑬 = 𝑲𝑻𝑭𝑲 (9) 

From this, the essential matrix can be extracted using the intrinsic parameters and the 

fundamental matrix. Subsequently, the extrinsic parameters, which consist of the rotation matrix 

and translation vector, are calculated from the essential matrix. This sequence of calculations is 

important for deriving the camera parameters necessary for accurate 3D reconstruction. 

The necessity of capturing a comprehensive set of images to maximize feature matching 

opportunities is underscored by NeRF's reliance on precise camera parameters for realistic 3D 

rendering. To further enhance the precision of these parameters, Section 3.2.3 will introduce the 

use of the Metashape software tool. 

 

3.2.3 Camera poses extraction with Metashape 

Among the various SfM tools available, we selected Metashape software tool for its 

excellent robustness and precision in extracting camera parameters. Metashape provides its own 

proprietary markers, each identified by an ID. Once strategically placed within the scene, these 
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markers enable Metashape to precisely identify the location and orientation from which each 

photograph is taken. 

Initially, markers created in the Metashape software are printed and strategically placed on 

the bridge as shown in Figure 9. Employing many markers is advantageous, particularly in 

environments like bridges where repetitive structural elements can make unique feature detection 

challenging. After positioning the markers, photographs of the bridge are captured and uploaded 

to Metashape. 

   
(a) (b) (c) 

 Figure 9. Markers placed on the bridge model (Kim and Cha, 2024).  

 

Within the software, we initiate the ‘detect markers’ process with an adjusted tolerance 

setting of 32, as demonstrated in Figure 10(a). This setting effectively balances sensitivity and 

specificity in marker detection. Post-processing, we verify that 154 markers have been successfully 

identified, as illustrated in Figure 10 (b). Each image's marker detection status is also displayed, 

providing a comprehensive overview of the process effectiveness, as shown in Figure 10 (c). 
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(a) (b) 

 

(c) 

Figure 10. Marker detection in Metashape. 

This marker-based tracking significantly enhances the precision in determining the 

extrinsic camera parameters, which are pivotal for constructing accurate transformation matrices. 

Subsequently, we align the photographs using images where markers were detected with the 

highest accuracy, as depicted in Figure 11 (a). This method significantly improves feature 

extraction, leading to enhanced accuracy, relying on the computational methods discussed in the 

previous subsection (3.2.2). The process also involves estimating the camera's location, with a 

real-time display of the estimated time remaining for this calculation, as shown in Figure 11 (b). 
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Following this, the aligned 3D point cloud is visualized, confirming that it is correctly positioned 

according to the calculated camera parameters, as shown in Figure 11 (c). 

  

(a) (b) 

 

 

(c) 

Figure 11. Photo alignment and camera poses estimation process in Metashape. 
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These accurately estimated camera poses then can be extracted. Metashape outputs this 

data in XML format, which, while detailed, requires conversion to JSON format to be compatible 

with NeRF systems. For this conversion, we employ the agi2nerf.py script, resulting in the 

generation of a transform.json file as illustrated in Figure 12 from (a) XML format to (b) JSON 

format. 

 

(a) 
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(b) 

Figure 12. Transformation matrices information. (a): XML format extracted from Metashape, 

(b): JSON format converted from XML. 

This conversion process is not just a technical necessity, but a critical step in seamlessly 

integrating SfM data into NeRF’s workflow to accurately project 3D rays onto captured scene for 

good 3D reconstruction result. 

 

3.3 TTA-STRNet crack segmentation 

In our research, we utilized the STRNet for precise and real-time segmentation of structural 

damages, such as cracks. STRNet, a cutting-edge deep learning model, excels in pixel-level crack 

detection, achieving an impressive processing speed of 49 frames per second on 1024×512 pixels 

images. This high performance is backed by its training on an extensive dataset of 1,203 images 

that underwent synthesis-based augmentation to simulate a wide range of damage scenarios, thus 
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enhancing the model's generalization capability across diverse structural conditions (Kang and 

Cha, 2022). 

During the evaluation phase, STRNet was rigorously tested on a separate dataset consisting 

of 545 images with resolutions of 1280×720 and 1024×512. It was evaluated across several key 

metrics: precision, recall, F1 score, and mean Intersection over Union (mIoU). The results were 

outstanding, with STRNet achieving 91.7% precision, 92.7% recall, 92.2% F1 score, and 92.6% 

mIoU, confirming its efficacy in accurately identifying and delineating cracks. 

Despite these strengths, STRNet faced challenges when applied to images of varying sizes 

(2992×2000) and different materials encountered in actual structural settings. When tested on 20 

high-resolution images, the network's performance dropped, with an mIoU of just 59.9%, 

indicating a need for model adjustments to handle real-world diversity effectively. This decline is 

attributed to the limited variation within the training datasets, which are not sufficiently 

representative of the complexities found in natural environments (Dryden et al., 2019). 

Additionally, there is a concern regarding bias towards specific types of augmented data, which 

could affect the model’s performance in practical applications (Smith and Ricanek, 2020). 

To overcome these obstacles, we integrated TTA with STRNet. TTA is an approach that 

applies different augmentations to a test image to create many different versions of each image, 

allowing the model to predict these variations. The results are then aggregated to enhance the 

accuracy and robustness of the predictions (Kimura, 2021). Incorporating TTA not only bolsters 

STRNet’s ability to maintain high performance without the need for retraining but also helps 

reduce the model's susceptibility to bias by evaluating several augmented versions of the identical 

image within test time. This strategy effectively uses ensemble techniques to refine the model's 
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output, ensuring more reliable and precise damage assessments—critical for the success of SHM 

(Wang et al., 2019). 

 

3.3.1 TTA 

TTA is a technique applied during the inference phase of model evaluation, distinct from 

traditional data augmentation, which typically occurs during the training phase. Applying TTA 

includes a series of transformations to the images—for instance, resizing, flipping, and rotating—

at the time of testing. The results from these transformations are then aggregated to make a final 

version of prediction. In our study, implementing TTA led to a significant improvement, increasing 

the mean mIoU by 6.6%, from 73.7% without TTA to 80.3% with TTA. 

For efficient and effective damage detection, a high resolution captured images of 

2992×2000 pixels are resized to 1280×720 and 2048×1024. After the damage detection process, 

these images are scaled back to their original dimensions to maintain the integrity of the data. To 

bolster the model's robustness and account for various orientations and perspectives, we also 

incorporate horizontal and vertical flips, as well as rotations at 90°, 180°, and 270°. This 

comprehensive augmentation strategy creates 12 unique test scenarios, enhancing our ability to 

assess the performance of the model across different image sizes and material properties, as 

illustrated in Figure 13. 
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Figure 13. STRNet + TTA workflow diagram (Kim and Cha, 2024). 

It is crucial to recognize that not all TTA techniques uniformly enhance accuracy. Certain 

transformations might even detract from the model’s effectiveness, necessitating a selective 

approach to determine the most beneficial TTA methods for specific scenarios. In our experiments, 

the most effective combination included resizing images to 2048×1024 and applying horizontal 

flips for all resized images, vertical flips for those resized to 1280×720, and rotations at 90, 180, 

and 270 degrees for the same set of resized images. This configuration yielded the highest accuracy 

improvements in crack detection, with further elaboration available in the case study section. 

To facilitate an efficient trial-and-error method for determining the best TTA 

configurations, we developed a flexible code structure. Figure 14 showcases the code for our TTA 

setup, defined in the img_setup function. This function allows for toggling each transformation on 

or off—such as flip_leftright, flip_updown, rotate90, rotate180, and rotate270—enabling us to 

systematically test and refine our approach. 

This methodical application of TTA not only substantiates the flexibility and adaptability 

of our approach but also significantly enhances the accuracy and reliability of our damage 

detection model, ensuring that the structural assessments are both precise and consistent. 
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Figure 14. Code for TTA. 

 

3.3.2 STRNet 

STRNet is specifically engineered for the task of crack detection, leveraging a sophisticated 

architecture that combines an attention-based encoder with a multi-head attention-based decoder. 
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This design incorporates several innovative elements to streamline the network while maintaining 

its high-speed processing capabilities. 

At the core of STRNet is its initial convolution block, which processes the input images 

using the Hswish activation function, a variant known for its efficiency in deep learning tasks 

(Avenash and Viswanath, 2019), coupled with batch normalization to stabilize learning (Ioffe and 

Szegedy, 2015). The processed feature map from this block then enters the STR module. This STR 

module, which significantly enhances the network's ability to discern relevant features for crack 

detection, is iterated 11 times to progressively refine the feature details. 

Post-STR module processing, the output undergoes max pooling to reduce spatial 

dimensions while preserving important features, which is then channeled into the attention-based 

decoder. This decoder utilizes skipped connections, a technique essential for preserving spatial 

hierarchies of features, which facilitates more accurate reconstructions in the up-sampling phases. 

The data undergoes two types of up-sampling: standard and coarse. Standard up-sampling is 

performed twice to gradually recover the data to the size of the input image, while integrating the 

detailed features preserved by the skipped connections. 

The culmination of the STRNet’s processing pipeline is in the final convolution stage. 

Here, outputs of standard up-sampling block, the initial convolution block, and the course up-

sampling block are concatenated. This comprehensive concatenation is crucial as it combines 



 55 

detailed and broader spatial features. Next, the concatenated output is refined through pointwise 

convolution (PW), effectively segmenting cracks at a pixel level with high precision. 

 

Figure 15. The STRNet architecture (Kang and Cha, 2022). 

Figure 15 illustrates the complete STRNet architecture, highlighting each component from 

the initial convolution through to the final output stage. This visual representation underscores the 

complexity and the efficiency of the network, providing a clear view of how each section 

contributes to the task of high-precision crack detection. 

 

3.4 NeRF for 3D reconstruction 

The adoption of 3D reconstruction in our research enhances visualization, provides accurate 

damage assessment, and extends functionality beyond traditional 2D methodologies. This 

technology allows for the transformation of reconstructed models into mesh OBJ files, facilitating 

a variety of applications including digital twins and FEA. 

At the forefront of 3D modeling technologies, NeRF employs a novel approach to synthesize 

lifelike 3D models from sets of 2D images. Unlike conventional methods, NeRF constructs scenes 
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using continuous volumetric functions, which have been shown to produce detailed and realistic 

renderings from any viewpoint (Mildenhall et al., 2021). Central to NeRF’s effectiveness is its 

processing of 5D coordinates, which combine spatial positions (𝑥, 𝑦, 𝑧) with viewing directions 

(𝜃, 𝜑). This capability allows NeRF to generate outputs that include precise color and density 

values, thereby creating visually detailed 3d models. 

NeRF distinguishes itself by its ability to reconstruct scenes from sparse and irregularly 

spaced images, which is particularly advantageous in data-limited scenarios (Müller et al., 2022). 

Its advanced modeling extends to the accurate representation of flat surfaces devoid of notable 

features—a significant challenge in traditional photogrammetry methods (Cheng et al., 2021). 

Furthermore, NeRF explicitly models complex lighting and shading effects, which dramatically 

improves the accuracy of reconstructing surfaces with intricate reflectance properties (Tancik et 

al., 2023). This robust capability not only enhances the visual quality but also ensures consistency 

across different reconstructions, marking a substantial improvement over older techniques. 

NeRF's integration of deep learning algorithms also allows it to learn from a wide range of 

scenes, making it adaptable to various applications beyond mere visual reconstructions. This 

adaptability is underpinned by its capacity to interpolate and extrapolate from limited views, 

generating coherent 3D spaces from seemingly incomplete 2D data—a significant advantage for 

practical implementations in real-world settings. 

 

3.4.1 NeRF overview 

NeRF is an advanced method initially developed for view synthesis, which entails 

constructing 3D models from 2D images. This technique models scenes using continuous 

volumetric functions, which enable the creation of highly detailed and photorealistic renderings 



 57 

from new, previously unseen viewpoints. As shown in Figure 16, the NeRF model employs a 

function, defined by Equation (10), which processes 5D coordinates—encompassing both spatial 

positions (𝐱) and directional vectors (𝒅): 

F!:	(𝐱, 𝐝) 	→ 	 (𝐜, 𝛔) (10) 

Here, the function outputs color (c) and density (σ), the latter being the reciprocal of transparency. 

 

Figure 16. Overview of the NeRF model from the original NeRF paper (Mildenhall et al., 2021). 

The RGB color value C at a pixel is determined through volume rendering, formulated in 

Equation (11): 

𝐂(𝐫) = 	∫ 𝐓(t) ∙ 𝛔e𝐫(𝑡)g ∙ 𝐜(𝐫(𝑡), 𝒅)dt5!
5"

 (Kajiya and Herzen, 1984) (11) 

In this equation: 

• 𝐂 represents the integrated color along a ray. 

• 𝐜 and 𝛔 are the color and volume density at point 𝐫(t)along ray r, 𝐫(𝑡) = 𝐨 + 𝑡𝒅. 
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• T(t), the transmittance, accumulates along ray r from t6 to t, decreasing as the ray passes 

through denser media. 

𝐓(𝑡) = 	exp	 l−n 𝛔e𝐫(s)gds
5

5"
p (12) 

This model calculates transmittance T(t) to weigh the color contribution of each point along 

the ray, where a higher density suggests greater opacity and lower transmittance, affecting how 

much of the subsequent points' colors influence the final pixel color. 

The practical implementation of NeRF approximates these integrals in discrete form, as shown 

in Equation (13): 

𝐂r(𝐫) = ∑ 𝐓7(1 − exp(−s7𝛅𝐢))𝐜𝐢,9
7:#  (Max, 1995) (13) 

Where T7 is the transmittance computed up to segment i: 

𝐓𝐢 = 	exp	e−∑ s7𝛅77"#
;:# g   (14) 

To evaluate the model's accuracy, the predicted color Cr is compared against actual pixel 

values from a subset of images (1,717 out of 1,931) using a loss function: 

ℒ = 	∑ xy𝐂r(𝐫) − 𝐂(𝐫)y
'
'z𝚪∈𝓡   (15) 

This loss function guides the training process, optimizing the neural network to reduce 

discrepancies between the predicted and actual colors, thus refining the model’s capability to 

render scenes with high fidelity. 
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3.4.2 NeRF model structure 

The NeRF model is built on a fully connected neural network designed to interpret spatial 

and directional data to estimate the scene’s volume density and color. The architecture consists of 

nine layers, each with 256 channels, followed by a final layer with 128 channels, all utilizing ReLU 

activation functions. This configuration is depicted in Figure 17, titled “NeRF model structure,” 

illustrates these layers and their sequence. 

 

 

Figure 17. NeRF model structure. 

Inputs to the network include (𝑥, 𝑦, 𝑧) coordinates that represent each point on a ray, as 

depicted in Figure 18. This process involves shooting a ray in the viewing direction (𝜃, ∅) at each 

2D pixel coordinate and sampling N 3D point coordinates along the ray. Each 𝑖5?  3D point 

coordinate, along with the viewing direction, is fed into the MLP to calculate the respective volume 

density (𝝈) and radiance (𝐜𝐢 = RGB). 
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Figure 18. Ray casting process. 

 

To enhance the model’s performance to discern and reproduce high frequency details, 

positional encoding is used for input data, expanding it to 60 dimensions for 3D coordinates and 

24 dimensions for viewing direction. Figure 19 visually illustrates this transformation of input 

data, showing how this step increases the input data’s dimension of neural network for detail and 

accuracy. The equation governing positional encoding is shown below: 

𝛄(𝐱) = [sin(ω#x) , cos(ω#x), sin(ω'x) , cos(ω'x), 	⋯ , sin(ω@x) , cos(ω@x)	]   (16) 

where ω#, ω', ⋯ ,ω@ are frequencies chosen based on the data scale and model requirements. This 

expansion enables NeRF to accurately capture the intricacies of the scene’s geometry and 

appearance, which are for rendering photorealistic images. 
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Figure 19. Positional encoding. 

 

The design of the network ensures consistency across multiple views. It predicts volume 

density σ based on location alone, while RGB color c is determined by both the location and the 

viewing direction, allowing NeRF to maintain the color and structural integrity of the scene across 

various angles. 

 

3.4.3 Network structure 

NeRF employs a dual-network architecture comprising a coarse network and a fine 

network, each playing a critical role in the rendering process. The coarse network initially 

processes NA  samples along a ray, determining points of significant density, which suggest 

prominent features within the scene. These critical points, highlighted by the weights from the 

coarse network, guide the sampling strategy for the fine network. The fine network then combines 



 62 

these weighted samples, NB, with the original NA samples for further refinement, enhancing the 

accuracy and detail of the final image. 

Figure 20 depicts how data points are sampled along a ray. The sampling process in NeRF 

involves discretizing the continuous ray into N equal segments and performing random sampling 

within these segments. This method, termed stratified sampling, is represented by the Equation 

(17): 

t7~	𝒰 �t6 +
i − 1
N

(tB − t6), t6 +
i
N
(tB − t6)� (17) 

 

This stratified approach allows for variable distribution within each segment, reducing bias 

and improving the representativeness of the sample points along the ray compared to uniform 

sampling. 

 

Figure 20. Stratified sampling. 

The model's overall performance is evaluated by a composite loss function, which 

aggregates the discrepancies between the predicted and actual colors from both networks. This is 

formulated as: 
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ℒ = ∑ xy𝐂r𝐜(𝐫) − 𝐂(𝐫)y'
' +	y𝐂r𝐟(𝐫) − 𝐂(𝐫)y'

'z𝚪∈𝓡   (18) 

This dual-network loss calculation ensures that both the initial approximations by the 

coarse network and the refined predictions by the fine network are optimized, leading to more 

precise and consistent color renderings across different views. 

Moreover, the greater the number of similar images of an object, the more likely it is that 

the model will consistently predict accurate colors. This consistency is vital as it enhances the 

training process, contributing significantly to the model's ability to faithfully reproduce the actual 

colors observed in the real world. 

 

3.4.4 Nerfstudio framework 

Our research employs the NeRF-based Nerfacto model from the versatile and modular 

Nerfstudio framework, recognized for integrating a variety of NeRF technologies into a cohesive 

system, such as Mip-NeRF 360 (Barron et al., 2022), Instant-NGP (Müller et al., 2022), NeRF-W 

(Martin-Brualla et al., 2021) and Ref-NeRF (Verbin et al., 2021). This framework facilitates real-

time scene visualization and simplifies the creation of NeRFs from user-captured data, making it 

a prime choice for both academic and industry applications (Tancik et al., 2023). key advantage of 

using Nerfacto was computational efficiency and its capability to amalgamate images taken under 

diverse lighting conditions, essential for accurately reconstructing large structures photographed 

at different times of the day. The appearance embedding functionality of Nerfacto ensures 

consistent quality in the final reconstruction. 

In our application of Nerfacto, we made several key adjustments to optimize the model's 

hyperparameters for our specific needs. Notable changes included increasing the maximum 
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number of iterations from 30,000 to 100,000 to capture deeper detail and expanding the number 

of rays processed per training batch from 4,096 to 16,384 to enhance data analysis per iteration. 

These adjustments, detailed in Table 1, significantly improved the quality of our 3D 

reconstructions. 

Table 1. Changed hyperparameter values. 

Parameter Default setting Our setting 

The steps per evaluation batch 500 2,000 

Frequency of saving progress Every 500 steps Every 2,000 steps 

number of iterations 30,000 100,000 

the number of rays processed per training batch 4,096 16,384 

The number of rays per evaluation batch 4,096 4,096 

 

Real-time training progress monitoring is facilitated through a web URL, where initial 

renderings gradually clarify as the model learns the scene's color details, shown in Figure 21. This 

visualization helps assess the evolving accuracy of the model. 
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Figure 21. Training progress within the nerfstudio real-time visualizer module web URL. 

Clockwise from top left, the progression of the training (Kim and Cha, 2024). 

Following this, to demonstrate the practical results of these improvements, Figure 22 can 

be introduced to illustrate how effectively the model aligns images based on the estimated camera 

poses. This step is crucial for verifying that the model not only enhances visual quality over 

training iterations but also accurately aligns multiple views according to the reconstructed spatial 

geometry. 

 

Figure 22. Camera pose alignment visualization (Kim and Cha, 2024). 
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This figure visually confirms the model’s ability to accurately estimate and utilize camera 

poses, which is essential for achieving consistent reconstruction quality across different views. 

Such alignment is indicative of the model's robust handling of spatial data and its effectiveness in 

synthesizing accurate 3D scenes from various camera angles. 

Upon completion, the model supports various export formats, including video and point 

cloud files. For our purposes, exporting the model as a mesh OBJ file was particularly beneficial 

for integration into virtual environments and for future simulation research. Adjustments to the 

model before exporting, such as cropping to highlight areas of interest, can be performed directly 

via Nerfstudio’s interface, as shown in Figure 23. 

 

 

Figure 23. Crop adjustment in NeRF (Kim and Cha, 2024). 
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With the comprehensive processes outlined above, from the strategic adjustments in the 

Nerfacto model's hyperparameters to the meticulous alignment of camera poses, we successfully 

synthesize a highly detailed and accurate 3D model. This model is exported in OBJ file format, 

which is ideal for integrating into our digital twin framework. This format ensures compatibility 

with various visualization. It also enhances collaborative efforts and further simulations, laying a 

robust foundation for future research and applications. 

 

3.5 Damage mapping 

Our damage mapping methodology integrates sophisticated imaging and processing 

techniques to ensure detailed and precise localization of structural damage on 3D models, which 

is essential for assessing the integrity and planning the maintenance of infrastructure like bridges. 

The process begins with the input of high-resolution image data into Metashape, a powerful 

tool for performing SfM. This initial step is crucial as it generates an XML file consisting of 

transformation matrices for each image, for encoding the spatial information of the images relative 

to one another, as illustrated in Figure 12 (a)for the XML format. To ensure compatibility with the 

Nerfstudio framework, this XML file is converted into JSON format, as shown in Figure 12 (b). 

This conversion, facilitated by the agi2nerf.py script, is critical for enabling the subsequent 

integration of segmented damage data into Nerfstudio. 

Following this conversion, the image datasets, now prepared with transformation data, are 

integrated back into STRNet to utilize damage segmentation. This phase involves combining the 

images, now augmented with damage details, with the transforms.json file and inputting them into 

Nerfstudio. The sequential workflow of our damage mapping process is depicted in Figure 24, 
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where (a) shows our method of camera pose estimation before damage segmentation, while (b) 

illustrates an alternative approach where the transforms.json file is extracted alongside damage-

segmented images. 

 

(a) 

 

(b) 

Figure 24. Sequential workflow of damage mapping. (a) our method: camera pose estimation 

before damage segmentation, (b) alternative approach:  camera pose estimation with crack 

segmented images (Kim and Cha, 2024). 

To prevent errors in camera pose estimation that could arise from uneven damage 

segmentation, we made the strategic decision to prepare the transforms.json file prior to 

segmenting damage. By prioritizing camera pose estimation before addressing damage, we 

safeguarded the accuracy of camera positioning against the potential inconsistencies in damage 

appearance. Figure 25 underscores this methodology: panel (a) shows well-aligned images, 

indicative of precise camera pose estimation using our approach. Conversely, panel (b) displays 

images with noticeable alignment issues due to the sequence of performing damage segmentation 
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before camera pose estimation. Such misalignment leads to flawed ray tracing across the images, 

adversely affecting the 3D reconstruction's quality. This specific issue was observed during our 

analysis of a dataset comprising 85 images dedicated to the reconstruction of two bridge columns. 

  

(a) Well-aligned images (our method) (b) Misaligned images 

Figure 25. Aligned images based on camera poses (Kim and Cha, 2024). 

Ultimately, our approach to damage mapping does more than just reconstruct 3D models; it 

effectively maps structural damages, like cracks, over the model. This process not only allows for 

the precise quantification of damage sizes but also aids in the intuitive localization of damages on 

the bridge model. More realistic view of the structural integrity of the bridge can be accomplished 

by expressing these damages in a 3D context, which is invaluable for maintenance planning and 

safety assessments.  
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4 Data collection 

The success of any SHM and 3D reconstruction project fundamentally depends on the quality 

of the data collected. This chapter underscores the pivotal role of meticulous data collection within 

our methodological framework. Good quality data form the cornerstone on which we build to 

guarantee the precision of our outputs. Detailed and precise data are essential for enhancing the 

quality of 3D reconstructions as well as robust damage detection. 

To achieve good quality in 3D reconstruction, there are a few key things to consider carefully.: 

• Lighting conditions: Clear and consistent lighting is essential, as it significantly impacts the 

quality of the captured images, affecting both the visibility of features and the consistency of 

color (Dandois et al., 2015). 

• Image overlap: We recommend maintaining at least 80% overlap between consecutive images 

to improve the accuracy and detail of the reconstructions, facilitating more reliable feature 

integration across images (Dandois et al., 2015). 

• Reflective surfaces: Reflective objects can introduce glare and reflections that distort the data, 

posing challenges in photogrammetry (Karami et al., 2022). 

• Camera quality: The resolution and capabilities of the camera sensor directly influence the 

detail captured in images. High-resolution cameras equipped with advanced sensors are 

crucial for capturing detailed nuances necessary for high-quality reconstructions (Karami et 

al., 2022). 

• Stability and clarity: Ensuring stable conditions is crucial to minimize motion blur and 

maintain uniform image quality, which is essential for accurate camera pose estimation and 

image alignment (Lee and Lee et al., 2013). 
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• Use of markers: Employing trackable markers in the images greatly enhances the 

reconstruction process. These markers serve as precise reference points, aiding in the accurate 

alignment and stitching of the images, and consequently, the production of more accurate 3D 

models (Majidi et al., 2023). 

In summary, optimizing the 3D photogrammetric reconstruction process involves 

meticulous attention to the interplay of lighting, image overlap, camera specifications, 

environmental conditions, and strategic use of markers. Each of these elements is critical for 

capturing the high-quality data required to produce reliable and detailed 3D models. 

The subsequent subsections from 4.1 to 4.5 will delve into each of these areas in detail, 

providing a comprehensive discussion of the methods and techniques employed in our data 

collection efforts to ensure the highest quality of 3D reconstruction possible. 

4.1 Image data collection 

our approach to damage detection incorporates the use of a pretrained STRNet, developed 

and initially trained by Kang and Cha (2022). This module utilizes a diverse and extensive dataset 

specifically tailored for crack detection. The effectiveness of STRNet in identifying and 

segmenting cracks is crucial for assessing structural integrity, making this dataset invaluable to 

our efforts in SHM. 

The datasets used for training and testing STRNet include a total of 1,748 images, segmented 

between the training and testing phases with resolutions designed to meet the task requirements. 

The training set consists of 1,203 images at a resolution of 1024×512 pixels, while the test set 

includes 545 images at two resolutions, 1024×512 and 1280×720 pixels. This configuration allows 

us to validate the network’s effectiveness across different image qualities. 
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To further refine the model's accuracy under varied conditions, additional tests and pre-tests 

using TTA were conducted on high-resolution images (2992×2000 pixels). The distribution of 

images across these datasets is detailed in Table 2. 

Table 2. Datasets in each case.  
Cases Image size (px) Number of images 
STRNet (Training) 1024×512 1203 
STRNet (Test)  1024×512, 1280×720 545 
STRNet + TTA (Pre-test) 2992×2000 33 
STRNet + TTA (Test) 2992×2000 100 
NeRF for 3D reconstruction 2992×2000 1931 

 

For 3D reconstruction using NeRF, we compiled a substantial dataset of 1,931 high-

resolution images (2992×2000 pixels). This large dataset is crucial for achieving detailed and 

accurate 3D models, providing multiple views and extensive coverage that enhance the depth and 

quality of the reconstruction. 

4.2 Camera specifications and setup 

For capturing high-resolution images essential for our SHM and 3D reconstruction efforts, 

we utilized a Nikon digital camera. The specific camera and settings employed are illustrated in 

Figure 26 and detailed in Table 3 below. 

To optimize the balance between image quality and computational efficiency, we 

configured the camera to shoot at a resolution of 2992×2000 pixels. The focal length was fixed at 

18mm to provide a wide field of view while capturing sufficient detail. We selected the JPEG fine 

format for our image files, which offers a good compromise between high image quality and 

manageable file size, keeping each image under 5MB. This consideration is crucial as it allows for 

efficient processing without sacrificing the quality necessary for detailed analysis. 
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The decision to set the resolution at 2992×2000 pixels emerged from multiple trials that 

considered the relationship between computational cost and the number of images needed for 

accurate 3D reconstruction. While higher pixel density is significant for enhancing model quality, 

it increases the computational load, which in turn limits the number of images that can be processed 

efficiently. However, capturing a higher number of images is also crucial as it allows for the 

extraction of consistent features across multiple views, improving the accuracy of camera pose 

estimations. Furthermore, frequent appearances of the same color pixels in the dataset enable 

NeRF to assign higher weights to these observations, leading to better color accuracy in the 3D 

model reconstruction. 

Table 3. Camera settings 

Model name Image size (px) Focal length File format 
Nikon D7200 2992×2000 18mm JPEG 

 

   

(a) (b) (c) 
Figure 26. Camera setting. (a) Nikon digital camera (b) Image quality setting, (c) Image size 

setting. 
 

4.3 Controlled environment and setup 

The experimental setup was meticulously designed within an indoor laboratory to control 

for variables that could affect image quality. One significant challenge was the lab’s reflective 

flooring, which could distort images taken at various angles due to unwanted reflections. 
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To mitigate reflections caused by the lab’s reflective flooring, we strategically placed boxes 

and wooden panels beneath the bridge model, securing them with tape to ensure they remained 

immobile between shots. This setup was essential not only for blocking reflections but also for 

maintaining the positional consistency of these objects, critical for accurate camera pose 

estimation. Figure 27 illustrates our setup adjustments to minimize reflections. The blinds were 

lowered as shown in Figure 27 (a) to control light exposure further, ensuring uniform lighting 

conditions. 

  
(a) (b) 

Figure 27. Mitigation of reflective floor surfaces in the indoor lab (a) shows the reflective floor 
surface (b) shows coverage of reflective surfaces by putting boxes on the floor. 

 

While LED lighting provided a stable light source, it was insufficient for illuminating the 

underside of the bridge model effectively. To compensate for this, images of the bridge's bottom 

were captured during times of sufficient sunlight, ensuring that the colors and details were 

adequately represented. Figure 28 demonstrates the variance in image quality between different 

lighting conditions: daylight brought out bright, clear colors, whereas nighttime images appeared 

significantly darker and less detailed. 

On the other hand, for capturing images of the top side, it was ideal to take photos when 

the sun was at its zenith to avoid direct sunlight coming through the windows, or during cloudy 
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weather, which helps prevent inconsistencies caused by varying lighting conditions. Figure 29 

illustrates how direct sunlight can create unwanted lines and glare when it enters through the 

windows. 

  
(a) (b) 

Figure 28. Image quality variation (a) Daytime with sufficient sunlight enhancing color visibility. 
(b) Nighttime showing diminished light and color quality. 

 

  
(a) (b) 

Figure 29. Lighting effects on top side (a) Unwanted lines and glare from direct sunlight. (b) 
Preferred diffuse lighting on a cloudy day or during nighttime. 

 

4.4 Marker setting 

In our experiments, the precision of camera pose estimation was significantly enhanced 

using 154 markers, as demonstrated in Figure 30. These markers are designed by Metashape 

software tool. We strategically placed these markers on the top, bottom, and sides of the bridge, 
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illustrated in Figure 31. Their dual function was essential: they provided accurate reference points 

for establishing the coordinate system and defining scale. 

The markers are coded targets. These markers were strategically positioned in the scene 

before photography began. After that they were employed within the photogrammetry software, 

serving reference points and integral components of the image matching process, particularly 

through the 'Align Selected Cameras' feature. Before the implementation of these markers, issues 

with misaligned camera poses frequently occurred; these issues were substantially mitigated 

following their placement. We adhered to best practices by ensuring at least one marker is included 

in each captured image, significantly enhancing feature matching and spatial orientation. 

The implementation of markers was shown to be particularly beneficial for the NeRF 

technique, offering reliable camera pose information, which are important for achieving accurate 

3D reconstructions. 

 

  

Figure 30. Markers utilized in the experiment (Agisoft Metashape Professional Edition, version 
2.1). 
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(a) Front view of the bridge 
model and closeup 

(b) Top view of the bridge model 
and closeup 

 
(c) Bottom view of the bridge 

model and closeup. 
 

Figure 31. Aligned Markers on the bridge (Kim and Cha, 2024).   

 

4.5 Image capture methodology 

Capturing images for 3D reconstruction demands meticulous attention to detail to ensure 

that each photograph adequately captures the desired features of the bridge model. Emphasis was 

placed on capturing close-up shots to maximize the number of image pixels representing the 

bridge, enhancing the quality and detail of the reconstruction. Figure 31 bottom part showcases 

examples of these close-up shots, demonstrating how such detailed captures contribute to a more 

precise and detailed 3D model. 

To ensure consistency and continuity of the image data, strict guidelines were implemented 

to avoid sharp angles and minimize positional changes between shots. Significant emphasis was 

also placed on image overlap, ensuring that each photograph overlapped with its neighboring 

images by at least 80%. Figure 32 illustrates an example of this 80% image overlap, showing six 

images in a row, demonstrating how each image sufficiently overlaps with its adjacent images to 

ensure comprehensive coverage and detail accuracy. This careful approach not only facilitates the 

acquisition of accurate camera poses (viewing directions) through SfM but is also crucial for 

improve the quality of the final 3D model created employing NeRF.  
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Figure 32. example for 80% image overlap of 6 images in a row. 

Another challenge was the potential for motion blur, which can degrade the quality of 3D 

reconstructions by affecting camera pose estimation accuracy. To address this, we initially focused on 

meticulous capture techniques and constant quality checks during shoots. Recognizing the limitations of 

this method, especially for larger objects, we incorporated the use of NAFNet, a deblurring deep learning 

model, to enhance image clarity. This model and its application are detailed further in Section 3.1. 

The methodology chosen for capturing images also played a significant role in the quality of the 

outcomes. Through experimentation, we determined that a sequential or circular method of capturing 

images of each bridge span individually yielded superior 3D reconstruction results compared to a method 

that attempted to capture three spans in one shot. Figure 33 depicts the different approaches we tested. 
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(a) Three spans at once route of photography  

 

(b) Each span route of photography 
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Figure 33. Photography route methods (Kim and Cha, 2024). 

This strategic approach to image capture provided multiple views of the same object, ensuring 

a comprehensive and consistent 3D model, which was essential for consistent color mapping 

within the NeRF system. The presence of more images capturing similar features increases the 

likelihood of consistent color observation, which, in turn, enhances the weight assigned to true 

colors during the model training phase. 
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5 Case studies 

In this chapter, we introduce a collection of case studies that empirically validate our methods 

and illustrate the application of a digital twin in SHM. These studies highlight the use of advanced 

techniques like 3D reconstruction using NeRF and enhanced crack segmentation via STRNet with 

TTA. Each case study aims to underscore various facets of our methodology, ranging from the 

preliminary experimental setup to the refinement of processing techniques that enhance the 

outcomes. These case studies aim to offer an in-depth exploration of the diverse factors that 

influence the accuracy and quality of 3D reconstruction and damage detection in structural models. 

Section 5.1 will detail the laboratory and computational setups used in the experiments. It 

covers descriptions of the environments where the bridge models were examined and outlines the 

specifications of the computer systems utilized for the data processing. 

In Section 5.2, we evaluate the performance of crack segmentation using STRNet enhanced 

with TTA. This section will delve into the effectiveness of the technique and its implications for 

accurate damage detection. 

Section 5.3 presents the details and results of the 3D reconstructions obtained through 

NeRF. We will explore how various factors such as the number of photos, image resolution, image 

deblurring, image capture route strategies, and hyperparameter adjustments affect the fidelity of 

the reconstructed models. Additionally, this section will include a quantitative evaluation of each 

scenario, utilizing metrics such as PSNR, SSIM, MSE to gauge the quality of the reconstructions. 

Finally, Section 5.4 will showcase the results of incorporating segmented crack data into 

the 3D models, highlighting the practical application of our integrated approach to SHM. 
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Through these case studies, we demonstrate a real-world application of our method, 

combining cutting-edge deep learning techniques for damage detection with sophisticated 3D 

reconstruction to facilitate a digital twin in SHM. 

5.1 Experimental detail 

• Research Location and Equipment: Our experiments were conducted in a specialized indoor 

laboratory at the University of Manitoba, using a bridge model specifically crafted to include 

dimensions that facilitate both damage simulation and photogrammetry. Artificial cracks were 

methodically introduced to the bridge columns using a hammer and chisel to simulate various 

damage scenarios. 

• Computational Setup: We utilized a high-performance desktop equipped with an AMD Ryzen 

3990x CPU and an Nvidia RTX A6000 GPU, running on Ubuntu 20.04.6 LTS. This setup 

was crucial for handling the computationally intensive tasks associated with detailed 3D 

reconstruction and damage detection. 

• Software and Frameworks: For 3D reconstruction, the Nerfacto model within the Nerfstudio 

framework was employed, renowned for its capability to handle complex volumetric 

reconstructions effectively. In addition, Metashape software was used for accurate 

photogrammetric processing and camera pose estimation, establishing a foundational dataset 

for further analysis in Nerfstudio. 

 

5.2 STRNet + TTA evaluation 

Initially, the STRNet model achieved a mIoU of 92% using a dataset of 545 images at 

resolutions of 1024×512 and 1280×720, as shown in Table 4. However, when applied to a 33-
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image dataset at the higher resolution of 2992×2000, used for 3D reconstruction, the mIoU 

significantly dropped to 73.5%. The mIoU is calculated as follows: 

𝑚𝐼𝑜𝑈 = 𝑚𝑒𝑎𝑛 �
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁� (19) 

Therefore, this was the challenge that the original STRNet model faced in effectively 

detecting cracks on high-resolution images (2992×2000). To overcome these limitations, we 

implemented TTA and assessed the improvements using the mIoU metric. 

After the application of TTA, which involved combining results from various augmentation 

strategies developed through trial and error, the mIoU improved to 80.4%. Further validation was 

conducted using a larger dataset of 100 high-resolution images, where the mIoU for the original 

STRNet was 73.7%. Post-TTA application, the mIoU consistently increased to 80.4%, 

demonstrating the effectiveness of our augmentation techniques. 

 

Table 4. Comparison mIoU with original STRNet and STRNet + TTA 
Cases Images size (px) number mIoU (%) 
STRNet (Training) 1024×512 1,203  
STRNet (Test) 1024×512, 1280x720 545 92.5 
STRNet (Pre-test) 2992×2000 33 73.5 
STRNet (Pre-test) + TTA 2992×2000 33 80.4 
STRNet (Test) 2992×2000 100 73.7 
STRNet (Test) + TTA 2992×2000 100 80.3 

 

As detailed in Table 5, we explored various augmentation combinations to determine their 

impact on mIoU. We defined several cases for this purpose: Case 1 involved resizing to 1280×720, 

Case 2 to 2048×1024, Cases 3 and 4 entailed flipping images left and right for both the 1280×720 

and 2048x1024 sizes, respectively. Cases 5 and 6 included vertical flips (up and down) for each 

size. Rotation augmentations were applied in Cases 7 and 8 (rotate 90°), Cases 9 and 10 (rotate 
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180°), and Cases 11 and 12 (rotate 270°). For instance, the notation [1:2] denotes the combination 

of results from cases 1 and 2, while [1:12] represents the combination of all augmentation results. 

Importantly, more combinations did not always yield better results, as observed in the slight 

mIoU drop from [1:7] to [1:8]. Therefore, examining all possible cases was crucial to identify the 

most effective augmentations. Our analysis concluded that the optimal result was achieved with 

the combination of [2:5] + [7] + [9] + [11]. This combination includes resizing images to 

2048×1024, applying horizontal flip for both resized images (1280×720 and 2048×1024), vertical 

flip for resized images (1280×720), and rotating the resized (1280×720) images by 90, 180, and 

270 degrees. This specific amalgamation of augmentations provided the most significant 

improvement in mIoU, as per our experimental findings. 

 

Table 5. The mIoU results of each different TTA approached case. 
Cases mIoU (%) Cases mIoU (%) 
[1:2] 76.1 [2:4] 79.2 

[1:3] 78.7 [2:5] 79.6 

[1:4] 79.2 [1:4] + [7]  80.1 

[1:5] 79.6 [1:4] + [11] 80.0 

[1:6] 79.7 [1:4] + [7] + [11] 80.1 

[1:7] 80.1 [1:5] + [9] 80.0 

[1:8] 80.0 [1:5] + [7] + [9] + [11] 80.4 

[1:9] 80.1 [2:4] + [7] + [11] 80.1 

[1:10] 80.2 [2:5] + [7] 80.2 

[1:11] 80.2 [2:5] + [7] + [11] 80.2 

[1:12] 80.2 [2:5] + [7] + [9] + [11] 80.4 
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Case 1 = resizing to (1280×720).     
Case 2 = resizing to (2048×1024). 
Case 3, 4 = horizontal flip (left, right) for 
each of the two sizes. 
Case 5, 6 = vertical flip (up, down) for each 
of the two sizes.  

Case 7, 8 = 90 rotations for each of the two 
sizes. 
Case 9, 10 = 180 rotations for each of the two 
sizes. 
Case 11, 12 = 270 rotations for each of the two 
sizes. 
 

 

Figure 34 visually demonstrates the impact of TTA on segmentation accuracy. Image (a) 

displays the segmentation result after resizing the original image from 2992×2000 to 1280×720, 

where the very right-side crack is only partially segmented. Image (b) shows the outcome after 

resizing to 2048×1024, successfully segmenting the very right-side crack fully, but the middle two 

cracks are less accurately segmented compared to (a). Image (c), resulting from the combination 

of (a) and (b), reveals improved segmentation of the middle two cracks and the very right-side 

crack. However, the two cracks on the very left-side remain unsegmented. Image (d), representing 

the combined strategy of [2:5] + [7] + [9] + [11], illustrates all five cracks fully segmented, aligning 

closely with the ground truth mask (e). Each step shows progressively more accurate crack 

segmentation, with image (d) showing all target cracks detected. 

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

Figure 34. Crack segmentation results of each case. (a) The result of detection after resizing the 
image to 1280×720. (b) The result of detection after resizing the image to 2048×1024. (c) The 
result of combining the detections from (a) and (b). (d) The result of applying a combination of 
resizing to 1280×720 and 2048×1024, flipping horizontally for both sizes, flipping vertically for 

1280×720, and rotating (90°, 180°, 270°) for (1280×720). (e) The Ground Truth mask. 
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5.3 3D reconstruction 

The 3D reconstruction of the bridge was accomplished by capturing 1,931 images, each 

primarily capturing the bridge structure. These images were taken with an overlap exceeding 

70~80%, in consistent and controlled lighting conditions, and were specifically arranged to 

minimize reflections. The images had a resolution of 2992×2000 pixels. We used these images, 

along with camera poses derived from Agisoft Metashape, to train the Nerfacto model for 

generating a 3D mesh of the bridge. We conducted multiple tests to determine the impact of 

different elements like image resolution, the number of images, clarity, photographic route, and 

hyperparameter adjustments on the quality of the 3D reconstruction. 

As depicted in Figure 35, eight different experimental setups were tested. The initial test 

employed a standard photogrammetry approach, which resulted in significant gaps in planar areas 

of the 3D model, leading us to abandon this method. The second test utilized 1,931 images of 

lower resolution (1024×720), which, while reducing gaps in planar surfaces, compromised the 

overall sharpness and quality of the reconstruction. This test highlighted the importance of 

resolution in capturing adequate features for high-quality 3D models. 

In the third experiment, we used fewer images (743) but at a higher resolution 

(2992×2000), which enhanced line clarity and reduced holes, though the limited number of images 

constrained the detail achievable across the dataset. This emphasized the need for a larger dataset 

when working with high-resolution images to ensure comprehensive training and learning. 

Experiment five was setup with some blurred images within the dataset to check how the 

blurred image impact the overall 3d reconstruction quality. it introduced challenges with blurred 
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images of the bridge’s upper surfaces, which introduced artifacts distorting the planar geometry. 

The sixth setup improved upon this by applying a deblurring algorithm, NAFNet, which 

significantly enhanced the sharpness of the 3D model, illustrating the detrimental effect of blur on 

reconstruction quality. Notably, motion blur often occurs when capturing large structures from a 

moving platform such as UAVs, and applying deblurring algorithms can be more practical than 

manual image inspection, especially with large datasets. 

The photographic route also played a critical role; in experiment seven, capturing images 

of each bridge segment separately resulted in clearer and more distinct features compared to cases 

where multiple spans were captured in single shots. Finally, in the eighth experiment, applying 

default hyperparameter settings yielded clear and distinct features of the bridge. Subsequent 

optimization of hyperparameters, such as increasing the number of rays per batch from 4,096 to 

16,384 and iterations from 30,000 to 100,000, further enhanced the detail and quality of the 3D 

model. This progressive optimization throughout the experiments culminated in a superior quality 

model by the final test. 

 

 Top Bottom 

Experiment 1 

  

• Photogrammetry  software tool  

• Number of images: 1,931 

• Resolution: 2992×2000 

• Three spans at once route 

Experiment 2 
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• NeRF 

  

• Number of images: 1,931 

• Resolution: 1024×720 

• Three spans at once route 

Experiment 3 

  

• NeRF 

• Number of images: 743 

• Resoulution: 2992×2000  

• Three spans at once route 

Experiment 4 

  

• NeRF 

• Number of images: 1,931 

• Resoulution: 2992×2000  

• Three spans at once route  

Experiment 5 

  

• NeRF 

• Number of images: 1,931 

• Resoulution: 2992×2000  

• Three spans at once route 

• Blurred images 

Experiment 6 

• NeRF 

• Number of images: 1,931 
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• Resoulution: 2992×2000  

  

• Three spans at once route 

• Deblurred images 

Experiment 7 

  

• NeRF 

• Number of images: 1,931 

• Resoulution: 2992×2000  

• Each span route 

• Default hyperparameters  

Experiment 8 

  

• NeRF 

• Number of images: 1,931 

• Resoulution: 2992×2000  

• Each span route 

• Hyperparameters changed 

Figure 35. The 3D reconstruction results of each case (Kim and Cha, 2024). 

 

In assessing the effectiveness and accuracy of our NeRF model, we tracked critical 

performance metrics including MSE Loss, PSNR, and SSIM. These metrics are crucial for 

evaluating the image quality of our rendered models. Detailed results for each experimental case 

were compiled and are presented in Table 6. PSNR evaluates the maximum possible signal strength 

relative to the background noise and is quantified using Equation (20), providing insight into the 

fidelity of our 3D models. SSIM, which measures perceived image quality based on luminance, 
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contrast, and structural similarity, is calculated using Equation (21). While each metric 

individually has certain limitations, together they provide a robust framework for comprehensively 

assessing the quality of our 3D reconstructions. 

PSNR = 10 log#E(R'/	MSE), (R=255db) (20) 

SSIM(x, y) = F'G#G$HA%IF'J#$HA&I
FG#&HG$&HA%IFJ#&HJ$&HA&I

 , (Wang et al., 2004) (21) 

where µ$ indicates the mean of the pixel sample x, µ% is the mean of pixel sample y, σ$' is the 

variance of x, σ%'  is the variance of y, σ$% is the covariance of x and y,  c# = (k#L)'	 ,  c' =

(k'L)',	L indicates the dynamic range of the pixel values (2bits per pixel -1), k# = 0.01, and k' =

0.03. 

Tancik et al. (2023) who developed the nerfstudio framework caution that standard 

evaluation metrics are often based on images captured in the same manner as those used during 

training. This can lead to misleading results, particularly in practical scenarios where data is 

captured in unstructured environments or when rendering views that differ significantly from the 

training set. Solely depending on PSNR and SSIM may not comprehensively reflect the model’s 

performance across varied environments. It is crucial to note that while metrics like PSNR are 

informative, they do not provide a comprehensive assessment of model performance, especially 

for views greatly different from the those in the training dataset. A more comprehensive evaluation 

method, incorporating qualitative analysis through an interactive viewer, can offer a deeper insight 

into the model’s effectiveness under different conditions. Although these limitations exist, 

quantitative metrics maintain their usefulness for specific facets of our analysis. Notably, in our 

case studies, experiment 8 achieved the highest PSNR and the lowest MSE, generally indicating 
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better performance. These findings are summarized in Table 6 and Figure 36  displays the 3D 

reconstruction of the bridge model from experiment 8 case, showcasing the qualitative 

improvements. 

Table 6. Training performance assessment (Kim and Cha, 2024). 

Experiment 

Case 

Image size 

(pixel) 

Number of 

images 

PSNR 

(db) 

SSIM Loss function 

(MSE) 

Training 

time (Sec) 

Ex.1 2992×2000 1,931 - - - - 

Ex.2 1024×720 1,931 21.883 0.7724 0.00813 1925.59 

Ex.3 2992×2000 743 21.115 0.7382 0.00911 4071.744 

Ex.4 2992×2000 1,931 22.660 0.8167 0.00610 4977.425 

Ex.5 2992×2000 1,931 20.720 0.8147 0.00656 4817.612 

Ex.6 2992×2000 1,931 23.090 0.8330 0.00643 4802.124 

Ex.7 2992×2000 1,931 23.119 0.8029 0.00603 4926.702 

Ex.8 2992×2000 1,931 26.570 0.8025 0.00278 13921.733 
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(a) Image of the bridge model (b) 3D reconstructed model of the bridge model 

Figure 36. Comparison of an image and the 3D reconstruction result of the bridge. 

5.4 Damage segmented 3d reconstruction result 

A notable feature of our research is depicted in Figure 37, where a segmented crack is 

clearly visible on the 3D model of the bridge. This image effectively demonstrates the precise 

localization and scale of damage on the structure. The visibility of the segmented cracks enhances 

our insight of the damage’s location and severity. Additionally, Figure 38 provides a comparative 

visualization of the bridge model with and without crack segmentation. This side-by-side 

comparison clearly showcases the enhanced detail and clarity provided by our segmentation 

process, with the segmented cracks visibly more defined and informative about the structural 

integrity than the unsegmented version. 

 

 

Figure 37. Segmented crack mapped 3d bridge model. 
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(a) (b) 

Figure 38. Comparative visualization of an unsegmented crack and segmented crack on the 3d 

model. 
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6 Conclusion and future work 

This chapter concludes the research by summarizing the key findings and discussing the 

implications of these results. It also outlines potential future work, suggesting directions for further 

refinement and exploration to extend the capabilities and applications of the methodologies 

developed in this study. 

6.1 Conclusion 

This study introduced an novel approach to SHM by incorporating advanced deep learning 

techniques for damage segmentation and 3D reconstruction methods, with a particular focus on 

bridge monitoring. Our methodology combined STRNet and TTA to enhance crack detection 

accuracy, achieving a notable increase in mIoU by 6.6% (from 73.7% without TTA to 80.3% with 

TTA). Strategic image capture and marker usage significantly improved camera pose estimation, 

crucial for producing high-quality 3D reconstructions using the NeRF. This approach enabled 

intuitive and measurable damage mapping on the 3D model, significantly improving the 

assessment of structural integrity. Although quantitative metrics like PSNR, SSIM, and MSE 

provided insights, we placed greater emphasis on visual evaluations to confirm enhancements in 

reconstruction fidelity, due to the challenges in quantitatively assessing the quality of 3D model. 

The effectiveness of our training approach and the ability to export models in various formats, 

particularly mesh OBJ files, underscore the practical applications of our work for broader SHM 

applications. 

6.2 Future work 

As we move forward, expanding our dataset will be crucial, especially for convolution-based 

deep learning models that require extensive data to ensure robust outputs across various scenarios. 
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Additionally, capturing more images to improve color prediction in 3D reconstruction using NeRF 

is advisable, although hardware limitations restricted our trials to fewer than 2,000 high-resolution 

images. Further hardware enhancements will allow us to test configurations involving increased 

numbers of 3D sample points, MLP layers, and dimensions, which could significant potential to 

enhance the 3D model quality. 

Future developments could also focus on refining the NeRF model to better accommodate 

large structures like bridges and buildings. Adjustments such as optimizing the range of 3D sample 

points could tailor the model for large-scale applications. Moreover, real-world implementations 

would need to address the presence of transient objects like humans and vehicles. Developing 

preprocessing steps to exclude these elements before employing NeRF will be essential for 

practical and accurate structural assessments.  

Future research could also focus on several promising areas to enhance digital twin 

technology and its applications in SHM. One area involves refining the mesh quality of 3D models 

through advanced algorithms to ensure higher fidelity and accuracy, incorporating sophisticated 

surface smoothing techniques and higher resolution data inputs. Another significant advancement 

could be the integration of digital twin models with VR and AR technologies, providing interactive 

environments for structural analysis. This would greatly enhance how engineers and maintenance 

teams visualize and interact with structural data, offering a deeper understanding of structural 

issues and more effective maintenance planning. Additionally, developing collaborative platforms 

that allow multiple users to interact with the digital twin models in real-time from remote locations 

would facilitate a more cohesive approach to infrastructure management. Such platforms could 

serve as invaluable tools for training, remote diagnostics, and collaborative decision-making in 

maintenance and emergency response strategies, enabling teams to respond more swiftly and 
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effectively to structural issues. These advancements will contribute to more proactive maintenance 

strategies, improving the safety and longevity of critical infrastructure. 
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