ABSTRACT: The tunnel inspection task using the digital camera or mobile laser scanning (MLS) has become a popular approach for efficiently assessing the tunnel infrastructure's structural health status. However, these modern techniques are hindered by practical issues for a comprehensive tunnel inspection. The tunnel lining images obtained from the digital cameras only contain RGB information of the surface defects (e.g., crack, leakage, spalling) with high pixel resolution, which cannot provide the spatial location of the defects and the tunnel deformation. The point cloud data acquired by the MLS can quickly provide 3D coordinates of the inspected tunnel and conduct deformation analysis using intensity corrected methods. However, the resolution of point cloud data obtained from the state-of-the-art MLS is limited to 0.5mm, which cannot meet the required accuracy for crack width (0.2mm) in tunnel inspection practice. This study proposed a novel approach by combining laser point cloud and images via the scale-invariant feature transform (SIFT). The cloud points obtained from the MLS are firstly converted to grayscale images. The defect features are segmented using deep learning algorithms, and the key features in both camera acquired images and the point cloud-converted gray images are matched using the SIFT. A 3D reconstruction method based on the processed point cloud data and the matched defect features in the image data is then used to construct a 3D tunnel model to obtain spatial locations of the deformation and the tunnel lining defects. As a result, a comprehensive tunnel inspection is achieved, including quantified tunnel deformation and multi-defect detection with required accuracy and 3D coordination. The capability of the proposed approach is successfully demonstrated via a field inspection experiment inside a highspeed rail tunnel. Comprehensive tunnel inspection combining laser point cloud and images via the scale-invariant feature transform
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Introduction
As China's economy grows and the urban population increases, urban transportation systems face tremendous pressure, with many tunnels being built and entering operation. Underground tunnels are continuously affected by external loading and environmental changes, which inevitably lead to structural defects (structure deformation, crack, water leakage, spalling, etc.) and are harmful to the safety and durability of the tunnel structure. Besides, Tunnels are often characterized by high construction costs, high concealment, complex ground conditions, irreversibility of construction, and more severe consequences of hazards. Therefore, regular inspection of the structural health of tunnels is necessary. Traditional manual inspection methods (total station detection of deformation, manual naked eye identification of apparent defects, etc.) are subjective and inefficient. In practice, urban subway tunnels have only about 3 hours of midnight for inspection and maintenance (Liao, 2020). Therefore, there is an urgent need to propose an automated method for accurately and efficiently detecting structural defects.
With the fast-developing vision-based inspection technology, there are two popular methods for tunnel defects detection. The photogrammetric technique takes photos of the tunnel lining surface and performs image processing to detect defects. The deep learning method has been applied to recognizing diseases in tunnel lining structures, and it is more advanced in generalization ability and robustness (Zhou et al., 2021b). Among many models, the Mask R-CNN model developed based on Faster R-CNN incorporates semantic segmentation and target detection while quantifying and calculating the detected region and effectively solving the gradient explosion and gradient disappearance problems (Wu et al., 2019, Zhao et al., 2020). Nevertheless, the image-based method cannot provide the spatial location of the defects and the tunnel deformation. The mobile laser scanning (MLS) system has gained popularity lately, which captures high-precision point cloud (x, y, z, I) data by a laser scanning device equipped on a movable cart, where x, y, z are the 3D spatial coordinates of the obtained point cloud data, and I is the laser intensity of each point. Then ellipse fitting method is performed based on the 3D coordinates to detect the structural deformation (Fan et al., 2020, Fitzgibbon et al., 1999, Wu and Huang, 2018). However, the resolution of point cloud data obtained from the state-of-the-art MLS is limited to 0.5mm, which cannot meet the required accuracy for crack width (0.2mm) in tunnel inspection practice. Therefore, data fusion of multiple sensors (digital camera and MLS system), which can obtain comprehensive tunnel defect information, is a promising approach. 
The key to images and point cloud data fusion is establishing a mapping correlation between two data sources. One can use the spatial coordinates of two devices to get the mapping correlation (Wang et al., 2021). However, this is not feasible in the field since the MLS and camera system do not have fixed positions during the inspection. A more robust approach widely used in computer vision study is to extract and match the key feature points of two data sources to calculate the mapping matrix. For feature extraction, there are two main methods. One uses a calibration board and gets feature points manually; another uses a feature extraction operator and gets feature points automatedly (Zhang et al.). The scale-invariant feature transform (SIFT) is an algorithm for automatically detecting local features, which performs well in various applications (Karami et al., 2017). SIFT features have scale invariance and can achieve a good detection effect even if the rotation angle and brightness of the image are changed. In addition, the fast library for approximate nearest neighbors (FLANN) algorithm is used for efficient feature matching between different source images (Wang and Zhou, 2018). 
This study proposes a comprehensive tunnel defect inspection approach based on digital cameras and MLS systems. It can automatically detect and quantify structural deformation, crack, water leakage, and spalling defects. The ellipse fitting method and Mask R-CNN model calculate structural profile deformation and detect apparent damages through the 3D point cloud and digital images. With the gray images generated via point cloud unfolding and square grid partition method, the comprehensive detection results are obtained via data fusion using SIFT and FLANN algorithms.  
Methodology
Structure deformation calculation
This paper calculates structure profile deformation based on the MLS system, which can obtain the spatial location of the tunnel lining surface. The ellipse fitting method is used to perform the structure deformation calculation. The calculation steps are as follows:
(1) Calculate the standard equation of the ellipse:	     

	 	            (1)
Where P = [A, B, C, D, E, 1] refers to the parameter vector of the elliptic equation, which is also the target quantity to be solved for the fitting process. X = [x2, xz, z2, x, z, 1] is the coordinate vector of a point in the point cloud.  x and z are the tunnel cross-section's horizontal and vertical coordinate values.
(2) Solving elliptic parameters using the least-squares principle:   

              	                                      (2)
Eq.(1) is simplified to Eq.(2) by the Direct Least Square method (Fitzgibbon, 1999). XC = [X1, X2,…,Xn]T is the set of points whose coordinates vectors are Xi. By solving the Eq.(2), parameter set P can be calculated and the optimal elliptic curve is fitted based on the coordinates of cloud points. The difference in fit Ri = [r1, r2,…, rn] can be calculated, and the points with a difference in fit greater than three times the standard deviation can be eliminated. The elliptic fitting and denoising steps are repeated until all points deviate from the mean value by a low amount. After the denoising process, the computed elliptic curve is the final tunnel lining profile.
Lining surface defect detection
The defect in tunnel linings can be detected from the digital images and the gray-scale images converted from the 3D point cloud data. The image conversion process usually consists of two steps (Wu and Huang, 2018). Firstly, projecting the 3D point cloud (x, z) onto a cylinder with a radius of the tunnel design radius (x′, z′), and then unrolling the cylinder along its parent line to obtain a 2D planar point cloud (x″, z″). Secondly, using the average point cloud intensity value as the gray value via the square grid partition method (Huang et al., 2020). The mean filtering method is used for the grid without points to obtain its grayscale value (Figure 1).
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               (a)                                               (b)
Figure 1: (a) Projecting and unrolling. (b) Square grid partition method.
In this study, Mask R-CNN (He et al., 2017) algorithm (as shown in Figure 2) is used for apparent defect recognition on images, which can segment tunnel lining defects with high efficiency and accuracy. The composition of Mask R-CNN includes skeleton structure, neck structure, and head structure. The skeleton structure consists of ResNet (He et al., 2016) and FPN (Long et al., 2015), mainly used to output high-quality feature maps. The ResNet algorithm can establish shortcut connections, thus effectively solving the gradient explosion and gradient disappearance problems. The FPN achieves the multi-scale detection problem of the target by connecting the upsampling of high-level features with the bottom-up generated feature maps of the same size horizontally. The neck structure consists of RPN and ROI-Align, which are used to receive the feature map and output the candidate frames and classification results, and ROI-Align, which converts the candidate frames of different scales to the same scale and retains the pixel-level information better because of the bilinear interpolation method. The head structure consists of three parallel branches: object segmentation implemented by FCN, box regression implemented by a fully connected layer, and classification, where the FCN method is the key to achieve prediction (Zhou et al., 2021a).
[image: D:\微信文件\WeChat Files\wxid_32ucprdorrm822\FileStorage\Temp\1658587882200.png]
Figure 2: The overall structure of the Mask R-CNN model
Images fusion
SIFT algorithm for feature detection
The SIFT algorithm is adopted to automatically detect image features from MLS and digital camera systems. A multiscale image pyramid (As shown in Figure 3) consists of images I(x,y) that are downsampled to form octaves of images of different sizes. Then the images are smoothed and made to vary continuously in size by Gaussian convolution G(x, y, σ) to form multiple image scales L(x, y, σ) within the octave:

                                            (3)

                                         (4)
There are multiple octaves in a pyramid, and each octave contains multiple scales. The images in the same octave have the same scale but different smoothness. The down-sampling approach removes half the pixel value of the penultimate scale of the previous octave to reduce the size. Gaussian fuzzing is a Gaussian convolution of different scales on each octave using different standard deviation values (σ). 
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Figure 3: Multiscale image pyramid and DOG operator
Since the convolution kernel and the image scale are consistent, and the feature points are solved based on each scale, the scale invariance is achieved, which means that the feature points can be effectively extracted regardless of the close range or far range. The Difference of Gaussian (DOG) operator (As shown in Figure 3) describes the rate of gray value change by differencing the pixel values of images in two adjacent scales and thus extracts the point with the most significant change (extreme point) as a candidate feature point (As shown in Figure 4). This method greatly improves the computational speed compared with the Laplacian of Gaussian (LOG) operator:

	      (5)
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Figure 4: The extraction of extreme points
Moreover, the candidate feature points need further denoise since the DOG operator is sensitive to edges and noises. The Talyor expansion of the function D(x, y, σ) is employed as a fitting function for searching the extreme points in continuous space. 


The candidate features points can be obtained by finding the derivative of equation (6) and letting this derivative equal 0. In addition, A 2x2 Hessian matrix in the location and scale of a key point can compute the ratio of the principal curvatures. To select and eliminate the edge response, one can then compare the ratio with the setting value (Lowe, 2004). 
The main direction of the feature point is allocated using the distribution of adjacent pixels in the gradient direction θ(x,y) in their neighborhoods (Li et al., 2019), which can maintain rotation invariance for the image. The weights of different gradient direction of pixels depends on their gradient value m(x,y).

	
Calculating the gradient orientations of the points in a region near the feature point can form an orientation histogram. Take the highest point as the main direction of this feature point. Finally, the feature descriptor is generated via a direction vector, consisting of the adjacent points’ gradient orientation.
FLANN algorithm for feature matching
The FLANN algorithm is mainly implemented based on the KD-TREE operation or K-mean tree. The effective search type and retrieval parameters are given by the known distribution characteristics of the data set and the required space resource consumption. The feature space required by the FLANN algorithm is usually the n-dimensional real vector space R, and searching to find the nearest neighboring point in the neighborhood of the instance point is based on the Euclidean distance dis(x,y) (Xu and Diao, 2020).

	                (9)
Image fusion
After matching the features of digital images and gray-scale images, the homography matrix, which reflects the mapping relationship between two images, can be calculated through feature point pairs. And then, the pixels on gray-scale images should be replaced by the pixels of the defects on the digital images at the corresponding location.
[bookmark: OLE_LINK8][bookmark: OLE_LINK9][bookmark: _Hlk60650105][bookmark: OLE_LINK1][bookmark: OLE_LINK2]Experiment and results
To verify the reliability of this integrated approach and the effectiveness of the fusion algorithm, a tunnel section of a highspeed rail tunnel in Yunnan Province, China, was selected for the field inspection experiment. The Z&F9012 MLS system with ten thousand points per second and 360° rotational scanning was used for the point cloud data acquisition. A mobile phone camera took the digital images of the tunnel lining defects. Figure 5(a) and Figure 5(b) are the digital image and gray-scale image generated from point cloud data, respectively. The lining crack defect in Figure 5(a) is one of the cracks in Figure 5(b) at the bottom right. The computed result from the SIFT and FLANN algorithm is shown in Figure 5(c), where green lines are illustrated to connect the feature points pairs. Figure 5(d) shows the final fusion image, which contains the detected cracks in the tunnel lining. 
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[bookmark: _GoBack]Figure 5: (a) Digital image. (b) Gray-scale image. (c) Feature matching. (d) Image fusion.
Meanwhile, a tunnel section of Line 13 of the Guangzhou Metro was also selected for example validation. Since the areas of water leakage and spalling are relatively large and do not require high accuracy, the recognition of them is based on  point cloud grayscale images using Mask R-CNN model (As shown in Figure(a)). Their relative locations in the tunnel could be visualized by 3D reconstruction model (As shown in Figure 6(b)).
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(a)                                           (b)
Figure 6: (a) The water leakage defects. (b) The 3D visualization model
CONCLUSION
This study integrates photogrammetry and MLS systems to detect comprehensive tunnel lining defects via the proposed image fusion algorithm. It could get the deformation of the tunnel lining, detect the apparent damages on the lining, and obtain their spatial location. The feasibility of the method was verified through actual site tunnels. The main conclusions are as follows:
(1) Through the point cloud ellipse fitting method and the Mask R-CNN model, an automatic detection method of tunnel structure deformation and apparent damages is proposed.
(2) Based on the image fusion algorithm, the spatial location of the damages recognized via the Mask R-CNN model on digital images could be obtained from the grayscale images generated by point cloud data.
(3) The proposed approach can perform a comprehensive inspection of the health and safety of a tunnel. 
As for the future work, with the development of deep learning technology, which can capture features automatically, it will be more precise to match images through deep learning models. Besides, searching features in local areas by pre-judging the defects could develop the efficiency of feature matching algorithm.
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