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Abstract

:

Crack inspection in railway sleepers is crucial for ensuring rail safety and avoiding deadly accidents. Traditional methods for detecting cracks on railway sleepers are very time-consuming and lack efficiency. Therefore, nowadays, researchers are paying attention to vision-based algorithms, especially Deep Learning algorithms. In this work, we adopted the U-net for the first time for detecting cracks on a railway sleeper and proposed a modified U-net architecture named Dense U-net for segmenting the cracks. In the Dense U-net structure, we established several short connections between the encoder and decoder blocks, which enabled the architecture to obtain better pixel information flow. Thus, the model extracted the necessary information in more detail to predict the cracks. We collected images from railway sleepers, processed them in a dataset, and finally trained the model with the images. The model achieved an overall F1-score, precision, Recall, and IoU of 86.5%, 88.53%, 84.63%, and 76.31%, respectively. We compared our suggested model with the original U-net, and the results demonstrate that our model performed better than the U-net in both quantitative and qualitative results. Moreover, we considered the necessity of crack severity analysis and measured a few parameters of the cracks. The engineers must know the severity of the cracks to have an idea about the most severe locations and take the necessary steps to repair the badly affected sleepers.
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1. Introduction


In South Korea traveling by train is one of the most convenient modes of transportation. A study showed that the railroads in South Korea cover a length of 3688 Km. A railroad commonly consists of steel rail, ballast bed, railway sleeper, railway fastener, and other parts of a railway track. Among all the components, the sleeper is a crucial component of a railway track. The principal roles of a railway sleeper include distributing loads of the trains from the steel rails to the ballast bed, reducing track movement, and stabilizing the track gauge during train travel, all of which assure safe travel for the train passengers. Timber sleepers, concrete sleepers, and to a lesser extent, steel sleepers reinforce polymeric sleepers that are commonly used on railway tracks. However, literature shows that concrete sleepers are mostly used (60–80%) for several advantages in a railway network [1]. These concrete sleepers can be damaged in the form of cracks due to rain erosion, exposure to the sun, the reaction of salts in the earth with concrete sleepers, long-term navigation, an overload of trains, and so on. These cracks can introduce dangerous situations and can cause deadly accidents based on the daily loads of traffic and the severity of the cracks. So, detecting cracks early is crucial for inspecting and assessing the usability of concrete sleepers. Over the years, manual inspection has been a common and traditional method to detect cracks in railway sleepers. However, physical assessment has blind spots, and it lacks accuracy. Furthermore, this approach is time-consuming, labor-intensive, and costly. Inspectors rely solely on their human vision while traversing railway tracks to detect cracks. Besides these, the inspection performance can be varied from time to time based on the experience level of the inspector. Replacing the manual inspection with vision-based technologies can overcome these problems, and the sleeper cracks can be detected effectively. Recently, many advances have been made in the computer vision field. And, the image-based techniques have already shown mesmerizing performance in other concrete structures like concrete pavement [2], buildings [3], tunnels [4], concrete bridges [5], etc. The image processing techniques make the concrete crack detection task fast and accurate. Therefore, utilizing the image processing methods will ensure automated sleeper crack detection and alleviate the personnel’s tedious and repetitive tasks. There are primarily two types of processing methods. The first method is to extract the features, remove the noises, and then implement classification. The image features are extracted by different types of feature extraction methods like wavelet transformation [6], Percolation methods [7], Otsu’s method [8], the morphological approach [9], etc. After extracting the features, classification algorithms are employed to classify the cracks in the images. Traditional image processing methods need to select the most relevant feature extraction approach. Even though numerous image feature extraction methods exist, there is no global feature extraction strategy to cope with images in various situations. As a result, a significant series of experiments or even novel feature extraction feature techniques must be devised to identify a suitable feature extraction approach for a specific situation. However, these methods fail to deal with images having complex patterns, extreme noises, and intensity inhomogeneity.



The other approach to image processing is utilizing the Deep Learning (DL) technology, especially the Convolutional Neural Network (CNN). CNN utilizes many hidden Neural Network (NN) layers to extract the underlying features automatically and classify the images. With the development of the AlexNet [10] using CNN in 2012, the advancement curve observed a huge surge in the field of computer vision. Following this, other CNN models with various depths have been designed. The classification was further increased in 2014 by using the newly developed VGG [11], and GoogleNet [12] model. Understanding the advancement of the CNN model and considering the necessity of monitoring the cracks in concrete structures, including railway sleepers, researchers nowadays are more inclined to utilize CNN models for detecting cracks. Zhang et al. proposed a Convolutional Neural Network (CNN) classifier in 2016 for detecting cracks in concrete structures [13]. The main aim of this research was to design a classifier based on patches for detecting cracks in concrete structures. After that, many other CNN models have been designed for solving crack image classification, detection, and segmentation tasks. Among the three types of solutions, crack segmentation has become the most popular research. Crack segmentation provides pixel-wise classification, where each of the pixels are classified as cracks or non-cracks. The predicted image from the CNN-based segmentation model highlights the cracks on the image and provides an idea about the cracks’ location and geometric shape. Furthermore, the segmented pictures can be utilized to extract a few key pieces of information (such as crack length, width, and area) that can estimate the severity of cracks in concrete sleepers. Though there are already many developed DL models, and though past research on utilizing CNNS to detect concrete cracks has generated significant results, only a few research studies have been conducted for segmenting cracks on railway sleepers using the CNNS. Despite a little research, there is still room to develop new methods to achieve higher accuracy and contribute to railway sleeper crack detection. So, in this paper, we utilize a CNN to develop a Dense U-net model by modifying the original U-net architecture to detect cracks on the railway sleeper images. Moreover, we design an algorithm for quantifying the cracks. This research study primarily offers the following contributions




	
Collecting railway sleeper images and processing them in the form of a dataset.



	
Proposing a modified U-net model for the first time to detect cracks on railway sleepers.



	
Quantifying the cracks of railway sleepers for knowing the severity of the cracks.








The rest of this study is structured as follows: The existing crack detection techniques are briefly discussed in Section 2. Section 3 offers a summary of the methodology employed in this study. Section 4 shows as well as discusses the experimental process and assessment outcomes concerning crack detection on railway sleepers. Lastly, Section 5 concludes the paper.




2. Related Work


2.1. Vision Based Crack Detection Methods


Many vision-based crack identification methods have already been suggested for solving the problem of manual inspection in the case of detecting cracks in concrete structures. One type of Computer Vision (CV)-based technique is the use of some traditional approaches. For example, Qu et al. utilized a percolation-based image processing approach to identify cracks in concrete. The authors first extracted the cracks using the genetic programming method. Later, after calculating the crack tip, they used the high-precision percolation method to detect small cracks [7]. Hoang et al. proposed a Min–Max Gray Level Discrimination (M2GLD) method to integrate with the Otsu method for detecting cracks in building structures. Their model also could find out a few crack characteristics, e.g., width, area, parameter [14]. Fujita et al. considered crack detection on noisy concrete structures. The authors used the subtraction pre-processing method for removing noises like shades and bad illumination conditions and introduced the Hessian matrix for differentiating the concrete cracks from the background [15]. Hutchison et al. presented a hybrid method based on the FHT algorithm and Canny edge detector for detecting cracks in concrete structures. The authors also calculated the parameters of the predicted cracks [16].



However, the primary limitation of these classical IPTs is that the techniques pay more attention to extracting local features rather than global properties like cracks on an image, which may downgrade the detection task. So, to improve the crack detection task, researchers started combining classification methods with the classical IPTs. As a consequence, Jahanshahi et al. developed a unique approach based on morphological operations and classifier techniques. The morphological operator was used to extract the necessary features, and the classifier algorithms classified real cracks [17]. Shi et al. presented a new framework named Crack-Forest based on Random Structured Forest for detecting cracks as well as characterizing the cracks on concrete roads [18]. Chun et al. presented a hybrid crack detection framework by combining a canny edge detector for extracting geometric features of the cracks and a supervised ML algorithm named Light Gradient Boosting Machine (LightGBM). The authors evaluated their framework by using photos containing cracks with adverse conditions [19].



In recent years, Deep Learning (DL) models have outperformed classical CV-based techniques for detecting objects. Furthermore, DL models do not need external feature learning; they can perceive features from a significant quantity of input data. Therefore, researchers are paying attention to detecting concrete cracks with more precision using DL algorithms. Cha et al. introduced a Convolutional Neural Network (CNN) classifier and a sliding window technique for detecting cracks in concrete structures. The authors tested the robustness of their model by predicting external images and showed that their model outperformed the Sobel and Canny edge detection method [20]. Xu et al. presented a DL model by using a Restricted Boltzmann Machine (RBM) algorithm to detect cracks on bridge structures. The authors trained their model with consumer-grade camera images and used a divergence learning algorithm to obtain optimal parameters [21]. Chen et al. introduced a novel DL framework named NB-CNN by fusing Naive Bayes data with a CNN classifier for extracting cracks on a nuclear power plant from video frames. Their method could maintain the spatiotemporal video coherence and produce better results than LBP-SVM [22]. Maeda et al. presented a benchmark road crack dataset for the first time using smartphone images and used a CNN to classify eight types of cracks on road surfaces [23]. Zhang et al. focused on both improving crack detection accuracy and reducing the training time of the Deep Learning model. As a consequence, they developed a Deep Learning model named MobileNetV3-BLS based on MobileNetV3 to detect cracks on concrete surfaces. The authors also claimed that the weights of their method can be updated quickly, which helps to obtain increased accuracy with newly added nodes [24]. Nguyen et al. proposed a Deep Learning classifier to detect concrete cracks. The authors utilized a genetic algorithm to optimize the parameters of the image processing technique [25]. Katsigiannis et al. created a dataset of brickwork masonry facades and built a Deep Learning model using the transfer learning strategy to detect cracks on the masonry facades using their limited data [26]. Deng et al. proposed the You Only Look Once (YOLO) version 2 model for locating cracks with bounding boxes on concrete structures. The model was able to distinguish cracks from handwritten scripts present in the concrete structure [27]. Hyuan et al. presented a method called Crack Deep Network (CrackDN) based on Faster Region CNN (Fast RCNN) to identify sealed and unsealed cracks having diverse backgrounds in pavement images. The authors extracted features by a Zeiler-Fragus Network (ZF-Net)-based CNN embedded with a sensitivity network in parallel. Finally, they utilized a Region proposal Refinement Network (RPRN) for classifying the cracks [28]. Jian et al. proposed a modified YOLO-V5 network by adding a swin transformer and a bidirectional feature pyramid. The authors claimed that they obtained better performance than the YOLO-V7 model [29]. Chen et al. considered the problem of variable illumination conditions in the case of crack detection in their work [30]. To solve the issue, the authors proposed a model named IlumiCrack, which uses a Gaussian model to play with the brightness of pictures and an SGD model to detect the cracks. However, these models are capable of categorizing and localizing cracks within a concrete structure, but they cannot detect cracks at the individual pixel level.



Therefore, among the DL models nowadays, encoder–decoder-based pixel-level crack detection models (i.e., FCN [31], U-net [32]) are becoming more popular for improving the detection accuracy as these models can extract the geometrical shape of the cracks along with localizing them. Li et al. proposed a novel encoder–decoder-based model called an FCN for detecting cracks where the VGG19 model was used as the downsampler of the proposed FCN. After predicting the crack images, the authors also generated crack skeletons to measure morphological features [33]. Bang et al. proposed an FCN model based on the ResNet-152 encoder network for detecting pavement cracks from black-box camera images. The authors examined their model with transfer learning and without the transfer learning processes. However, Resnet-152 with transfer learning performed better [34]. Manjurul et al. proposed an FCN model using the VGG16 as an encoder network to detect cracks on concrete surfaces. The authors tested their model on a benchmark dataset and showed that their model obtained a 10.93% and 20.93% improvement over the CNN and SVM model, respectively, with respect to the SA [35]. Liu et al. adopted U-net, which is another encoder–decoder-based network (the improved version of FCN), to segment cracks in concrete structures. The authors introduced the focal loss function for handling the class imbalance problem in their work [36]. Ji et al. also utilized the U-net model with zero paddings in their work for automatically detecting cracks in concrete structures. They trained the model using 200 images collected by an unmanned aerial vehicle and obtained better results than the Canny and Sobel method [37].



However, U-net models can also fall behind in predicting extremely narrow cracks and detecting cracks in adverse conditions. So, nowadays, researchers are continuously integrating different approaches with U-net to address these challenges. Yan et al. proposed a model called Res-Unet by incorporating residual connections to the original U-net for detecting cracks in the concrete bridge structures [38]. Chen et al. integrated a switch module named SWM with the U-net architecture to boost the running speed and reduce the computational complexity of the U-net. The SWM model allows the pixel classification result obtained by the VGG13 encoder to be passed into the decode module if there is a crack; otherwise, it just discards the result to save the computation time [39]. Sun et al. considered the problem of detecting thin cracks with adverse environmental conditions in concrete structures. For this, the authors modified the U-net architecture by adding a Pyramid Pooling Module (PPM) into it, and the model successfully predicted the thin cracks [40]. Lin et al. proposed a U-net model with an attention mechanism to detect cracks on concrete structures. The authors utilized the attention gate module in three different fashions (i.e., Attention U-net, Advanced Attention U-net, and Full Attention U-net). They remarked that the full attention strategy was the best for detecting cracks with less computation complexity [41]. Augustauskas et al. improved the U-net model by adding residual blocks, an atrous spatial pyramid pooling module, and an attention gate module for detecting concrete cracks. The authors tested their model with a few datasets and showed by an ablation study that the improved model outperformed U-net with no notable computational complexity [42]. With the period, researchers have developed other encoder–decoder-based architectures as well, rather than improving the U-net. For example, Li et al. proposed a model named HrSegNet to improve the inference speed of crack segmentation while preserving the crack details [43]. Wang et al. tackled the challenge of high computation complexity during the training of a crack segmentation network in their work [44]. The authors developed their model based on a student–teacher framework. They utilized channel-wise distillation knowledge to make the model lightweight. Yang et al. developed a model named PAF-Net by incorporating a feature fusion technique to mitigate semantic gap issues during crack segmentation in concrete structures [45]. Khan et al. proposed a segmentation model named RCDNet to detect cracks on pavement structures in real-time [46]. The authors incorporated attention modules to increase the accuracy of the model without any computational head.




2.2. Crack Detection on Railway Sleepers


Though there are many research works for detecting cracks on various concrete structures, there are not many equivalent works to detect cracks on railway sleepers. Rather, vision-based techniques are employed to a lower extent for solving some other similar types of problems in railway industries. For example, Saha et al. detected cracks on railway tracks using a vision-based technique by including edge detection methodology [47]. Fan et al. presented a method by combining local binary features and an SVM classifier for detecting defective fasteners in railway tracks [48]. Mehmet et al. employed a method based on a canny edge extractor and hough transformation to monitor the condition of the railway components [49].



Crack monitoring in rail tracks can be viewed from various perspectives, each with its own set of objectives. Thendral et al. presented a machine vision system for detecting cracks on railway tracks. The authors first extracted the features using the Gabor transform and passed those features to a neural network classifier. They achieved an overall accuracy of 94.9% during detecting the cracks [50]. Min et al. detected cracks on railway tracks using two steps. First, the authors found the tracks using the features of the hue channel, and later, they performed contour-based surface profiling to classify the defects [51]. Sajjad et al. detected cracks not only on wooden sleepers, but also on concrete sleepers by utilizing a vision-based technique. However, as the authors developed the system based on a binary thresholding technique, it may lose robustness during environmental and illumination changes [52]. Delfourazi et al. proposed a crack detection method for railway sleepers using the template matching technique first to detect the concrete sleepers. Then, they used linear SVM and Radial-basis Function SVM (RBF-SVM) to classify the crack types on the sleepers. Numerical results showed that RBF-SV performed better [53]. Kim et al. proposed an advanced method using the Adaboost algorithm for detecting cracks on railway sleepers. Their algorithm identified the cracks with an identification rate of more than 90% [54]. Wang et al. proposed a two-stage algorithm for detecting cracks on concrete railway sleepers with less computation time. First, they used an edge detection technique called neighborhood range algorithm for selecting crack areas and then utilized CNN on top of it to successfully classify the crack types [55]. Xia et al. presented a novel framework named CF-NET based on the RetinaNet object detection framework to detect cracks with bounding boxes on railway sleepers [56]. Jang et al. proposed a modified version of Single Shot Detector for detecting cracks on railway sleepers. The authors compared between two images and detected deformed regions to find the cracks [57].



The literature shows that already there are some remarkable DL-based research works for detecting cracks in different concrete structures. However, most crack detection systems for railway sleepers rely on traditional image processing techniques. Though there are a few CNN-based works, they cannot detect cracks at a pixel level. To the best of the authors’ knowledge, no prior research work has utilized a DL model based on encoders and decoders to identify pixel-level cracks on railway sleepers. So, for the first time, in this work, we adopt U-net and propose a modified U-net architecture named Dense U-net for detecting railway sleeper cracks at a pixel level. Moreover, we also calculate a few parameters of the cracks (e.g., length, maximum width, area, density).





3. Methodology


The method we proposed in this study includes a supervised learning technique and a few morphological operations for detecting cracks at a pixel level on railway sleepers and analyzing the geometric patterns of the cracks from RGB images. The overall methodology of this work is divided into several steps, which are illustrated in Figure 1. The description of each phase is presented in the following subsections.



3.1. Dataset Description


The dataset we used in this study is images from a few railway sleepers collected from Busan station, South Korea. We captured 113 images with a resolution of 3500 × 2500 pixels by using a Sony a7r III mirrorless; manufactured by Sony Electronics, San Diego, CA, USA. camera. As the resolution of the images is so high, it may increase the computational complexity, so we could not use the high-resolution images directly in the Deep Learning model. Furthermore, it was also not convenient to resize the images into some smaller resolutions because of the need to maintain the image quality. To overcome this issue, we split each image into nine different parts and got 1017 images. For splitting the images into nine different parts, we first divided the image into three different rows and three different columns. As a result, we obtained 9 different 3 × 3 grids from one single image. After that, we collected the coordinates of those grids and cropped the images based on the grids. As we split the images by dividing them into independent grids based on the coordinates, it helped us to generate non-overlapping image patches from one single image. However, some images among these 1017 images do not contain sleepers. Instead, they contain the lab floor, bucket, and other noises. So, we eliminated those images, and finally, our dataset included 660 images. Later we manually annotated our dataset for the segmentation task. Examples of a few images (original and the mask) of our utilized dataset are displayed in Figure 2.




3.2. Model Architecture


This paper designed a railway sleeper crack detection system based on Ronneberger’s U-net architecture. U-net is a classic encoder–decoder [59] model where the encoder part extracts necessary features of the images, and the decoder part of the model generates predicted images (exact resolution with input image) by combining the features extracted from the encoder module. Unlike the FCN model, U-net architecture uses skip connections for maximum information flow from the encoder to the decoder module. To improve the result of the original U-net model, in this study, we proposed a Dense U-net model by combining the concept of both U-net and DenseNet [60] architectures. The architecture of the proposed Dense U-Net method is illustrated in Figure 3.



The encoder module’s structure is shown in the left dotted box. The encoder module consists of a total of 4 encoder blocks. Each of the encoder blocks consists of two repeated convolution layers for extracting the features, followed by an activation function layer. We used a kernel size of 3 × 3, the same padding, and the Rectified Linear Unit (ReLu) activation function throughout the architecture.



The convolution kernels traverse through the images and perform element-wise multiplication with the corresponding elements of the receptive fields. The mathematical equation of the convolution operation is as follows:


  F  ( p , q )  =  ( A ∗ B )   ( p , q )  =  ∑ c   ∑ d  A  ( c , d )  B  ( p − c , q − d )   



(1)




where A is the input image, B is the filter, p, q denotes the rows, and the columns of the image, c, and d are loop controllers. After stacking the outputs from all of the kernels, the feature map function from a particular layer l can be achieved, which can be stated as follows:


   v l  = f  (  b l  +  W l   z  l r − 1   )   



(2)






  f  ( z )  = R e L u  ( z )  =      z ,     if  z > 0       0 ,      o t h e r w i s e       



(3)




where v is the extracted feature, b denotes the bias vector, W denotes the weight matrix, and z is the input from the previous layer. The utilized ReLu activation function converts the output values to z if z is a positive number, otherwise, the output is 0. The dimension of the extracted features can be calculated by utilizing the equation below:


   ( M , N ,  N c  )  ×  ( f , f ,  f c  )  =  (  [  ( A + 2 p − f )  / S + 1 ]  )   



(4)




where S = number of stride, p = number of padding, N   c   = number of channels, f   c   = number of filters, A is input image, f = size of the kernel. Finally, at the end of each encoder block, we used a 2 × 2 Maxpooling layer to reduce the spatial dimensions of the feature maps to one-quarter in size. If a feature map has a dimension of N × 1, then the Maxpooling will be


   o j  = m a  x  N × 1    {  o  i   n × 1   d  ( n , 1 )  }   



(5)




where,   d ( n , 1 )   is a window patch from the N × 1 dimensional feature map and o   j   is the maximum value among the considered patch.



As the DenseNet model argued that short connections among the layers of a DL network improve the feature propagation, we established a few short linkages among the encoder layers and the original contracting path. We designed the short connections in such a way so that an encoder block, as well as the bridge between the encoder and decoder module, can get the features produced by all of the previous encoder layers directly through the short connections. Mathematically, the eth encoder layer   E e   is receiving the features of all the previous encoder layers,   v  E 0   ,   v  E 1   , ……   v  E  e − 1    , as input:


   v  E e   = C  (  [  v  E 0   ,  v  E 1   , …  v  E  e − 1    ]  )   



(6)




where C denotes the concatenation of all the features from   E 0  ,   E 1  , …   E  e − 1    encoder layers. Before concatenation, we reshape the features from different encoder blocks in a particular spatial size using max pooling of different levels (see Figure 3). We reshape the features of different encoder blocks using multi-kernel max pooling (e.g., 2 × 2, 4 × 4, 6 × 6, 8 × 8), i.e., using multiple receptive fields. We obtain several sub-feature maps from the encoder blocks and capturing pixel information from multi-scale local ranges. As a result, while passing fine-grained low-level information to the proceeding encoder layers, a scale-invariant model is also being developed to share more pixel information. Moreover, the model can share information from multiple scales and increase the architecture’s robustness to extract essential redundant features for detecting cracks of different sizes.



The decoder module’s structure is shown in the right dotted box. The decoder module also consists of 4 decoder blocks. Each block in the decoder consists of a merged layer (see paste colored block in Figure 3), and then the structure contains two repeated 3 × 3 convolution blocks like the encoder. The merged layer includes two inputs: one is the feature map from the corresponding encoder layer (black arrow in Figure 3), and the other one is the concatenation (yellow circle in Figure 3) of the outputs of the previous encoder blocks. The merged layer also includes a bridge as we also construct the short linkages in the decoder module. Before concatenating, we upsampled the features from different blocks in the same spatial size. For example, the merged layer of the last block of the decoder module receives the feature map from the first encoder block, whose shape is 224 × 224 × 16. So, the other input must be in the same shape. We upsampled the feature maps from all of the previous decoder blocks whose initial shapes were 14 × 14 × 256, 28 × 28 × 128, 56 × 56 × 64, 112 × 112 × 32 and converted them in the shape of 224 × 224 × 16 by using different upsampling levels. After getting the same size, we concatenated them and provided them as the second input of the merged layer. In this strategy, the decoder blocks are not only considering the feature maps of the corresponding encoder blocks, but also using the feature maps of all the previous decoder blocks and the bridge. As a result, a better flow of pixel reconstruction has been established, and the U-net model has become more efficient. Finally, a 1 × 1 convolution was utilized to categorize the “Crack” and the “Non-crack” pixels at the last layer.




3.3. Loss Function and Hyperparameters


In this work, we have deployed the dice loss function. The formula to calculate the dice loss function is as follows:


  D i c e L o s s = 1 −    2  ∑ i   m i   n i  + γ    m  i  2  +  n  i  2  + γ     



(7)




where m represents the predicted probabilities of the classes, n denotes the ground truth data, and  γ  denotes the smoothing factor. In this paper, we divided the dataset into 7:3 for training and testing the model and resized input images and ground truths in the size of (224 × 224 × 3) and (224 × 224 × 1), respectively. We chose the Adam optimizer for optimizing our model. We set the batch size at 8, the learning rate at 0.0001, and trained the model to 100th epochs.




3.4. Crack Severity Analysis


The Dense U-net model segments cracks within images, but assessing the severity requires determining crack count and various morphological traits. To accomplish this, we employed a traditional image processing method outlined as follows.



3.4.1. Counting the Cracks


In the initial phase of our crack severity analysis, we determined the number of individual cracks within the railway sleeper images. This count was achieved by employing contour detection, a method that identifies closed curves with consistent pixel intensities, outlining the boundaries, and connecting continuous points within the images. Let an image as 2D function   f ( x , y )   then,


  f ( x , y ) = c  



(8)




where c is the constant pixel value. So, through the contour detection process, we are identifying the connected regions of predicted crack pixels from the Dense U-net model, outlining the crack boundaries. This method enables the calculation of the number of detected contours, essentially representing the count of individual crack objects within the images.




3.4.2. Extracting Morphological Features


Following the extraction of individual crack objects in the prior step, we proceeded to compute the morphological characteristics of the cracks, including length, width, area, and density. To derive the length and maximum width of the cracks, we implemented Algorithm 1. From the previous section, we have the boundaries of the contours, i.e., cracks. Let a contour C = [X, Y], which is an array of two columns and N rows (i.e., length of the contour) and where   x 0  ,   x 1  , ……   x n   ∈ X denotes the rows of the image and   y 0  ,   y 1  , ……   y n   ∈ Y denotes the columns of the image. Let (  x 0  ,   y 0  ) and (  x n  ,   y n  ) are the starting point and the ending point of the contour i.e., crack respectively. To find out the length of the crack, we have calculated the distance between the starting point and the ending point of the crack boundary using the distance formula. Then, for calculating the maximum width of a crack, we have traversed from the starting column   y 0   to the ending column   y n   of the crack boundary. During this crossing, we have found out and stored the rows where any particular column   y j   has traveled in a list named occurs. We estimated the number of rows traveled by any column   y j   when this searching loop was completed, and we appended the results for each column to a list entitled widths. Finally, we have searched for the maximum value in the list, and thus, we have calculated the maximum width of a crack.



	Algorithm 1: Algorithm for length and width calculation.
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We determined the area of the contours, representing the area of individual cracks. By summing the areas of these individual cracks, we obtained the total area covered by cracks within an image. This total area was then divided by the number of pixels, yielding the density of the cracks present in the image.






4. Results and Discussions


In this study, we implemented our proposed neural network model in a Python programming language using the Deep Learning framework of Keras. We trained the model and conducted our experiments in a computer configured with a Windows 10 operating system, 32 GB RAM, Intel core i9-11900k @ 3.50 GHz CPU processor, and NVIDIA Geforce RTX 3080Ti graphics card.



To evaluate the performance of our proposed model, the segmentation effect of the railway sleeper images was tested. Both the original U-net model and the improved Dense U-net model were examined on the same test set to compare their effectiveness. The quantitative and qualitative results are discussed in the following sections.



4.1. Quantitative Results


In this section, we present the quantitative results achieved by our proposed Dense U-net model. For verifying the performance of our proposed model, we calculated Accuracy, Recall, Precision, F1-score, IoU as the assessment metrics by using the following equations.


  A c c u r a c y =   T P + T N   T P + T N + F P + F N    



(9)






  P r e c i s i o n =   T P   T P + F P    



(10)






  R e c a l l =   T P   T P + F N    



(11)






  F 1 - s c o r e = 2 ×   P r e c i s i o n × R e c a l l   P r e c i s i o n + R e c a l l    



(12)






  I o U =   T P   T P + F P + F N    



(13)




where, TP, TN, FP, and FN denote the number of true positives, true negatives, false positives, and false negatives respectively. Table 1 presents the test results of both the U-net and the Dense U-net model. We can see from Table 1 that the segmentation result of the Dense U-net model is better than the result of the original U-net model. Though the Precision value of the Dense U-net model is 0.9% lower than the U-net model, the Recall value is increased by 4.7%; hence, the overall F1-score (an important evaluation metric for segmentation task) is also increased by 2.15%. In this work, we considered one more important metric, IoU, which increased by 3.28% in the Dense U-net model. Thus, the experimental results show that our proposed Dense U-net model is more effective than the original U-net model in the case of segmenting the railway sleeper images.




4.2. Qualitative Results


In this subsection, we present the qualitative analysis of some representative images from the test set, as demonstrated in Figure 4. The first column of Figure 4 displays the actual railway sleeper images; the second column displays the corresponding ground truth images; and the last two columns display the segmented results by the U-net model and the Dense U-net model, respectively.



To understand the detailed segmentation performance of the model more clearly, some portions of the images are highlighted by a green circle. We can see that both the original U-net model and the Dense U-net model predict the cracks on the railway sleeper images quite well. However, if we go for a detailed inspection, in the first, second, third, and eighth images, some tiny cracks are detected by a lesser intensity of the pixels. In contrast, the Dense U-net model predicted higher pixel intensity in more detail. In the case of the fourth image, the U-net model could not predict a more significant portion of the tiny cracks when the railway sleeper is black-colored; in contrast, the Dense U-net model predicted more effectively even in a noisy environment. From the fifth picture, it can be viewed that the original U-net model missed multiple narrow portions of the cracks, but the modified U-net model predicted them well. Both of the models were segmented accurately from the sixth, seventh, and tenth images. In the case of the ninth image, the original U-net model mistakenly predicted a non-crack portion as a crack, but the Dense U-net model avoided that portion efficiently. These experimental results show that our proposed Dense U-net model is more accurate than the conventional U-net model for predicting the cracks on the railway sleeper images.




4.3. Crack Measurement Results


In the previous section, we provided the visualization of the segmented cracks by both of the models. We found that the Dense U-net model can detect cracks in more detail. So, we consider the output of the Dense U-net model for finding the number of cracks and the morphological features of the individual cracks in an image. Figure 5 shows a few images in which the individual crack boundaries are designated with different colors; the locations of the cracks that contain the maximum widths are highlighted by a green line, and the cracks are labeled by one specific number.



Figure 5 displays the first image containing only one crack; each of the second, third, and fourth images contain two different cracks; and finally, the fifth picture contains three different cracks. After finding the number of cracks, we have also calculated the length, maximum width, and area of the individual cracks by following the approach presented in Section 3.4.2. We have also determined the entire area of the cracks and the crack density so that we can have a better idea about the severity of cracks in a particular image. Furthermore, we have counted the number of white image pixels to justify the determined area by the method. Table 2 Summarizes the measurement results for all the pictures in Figure 5.



From Table 2, it is evident that in the first image, the crack is the least severe. Only 1.77% of the image contains the cracks. In the second image, there are two separate cracks. One of the cracks is more prominent (208.24 pixels in length), and the other is smaller (17.20 pixels). The maximum width of the two cracks is 9 and 6 pixels, respectively, in this image. We can see that the crack area in the second image is 1288.82 pixels, and it has about 2.56% of crack density. The second, third, and fourth images also contain two separate cracks. Still, the crack density of the third image is higher (3.33%) than the other images, which contain one and two individual cracks. The maximum width of the major crack is also relatively thicker (15 pixels) in this image. In the case of the fifth image, we can see that there is a total of three individual cracks. If we notice carefully, it can be seen that there is a vast difference between the estimated total area and the sum of white pixels for this picture. The main reason behind this is the third crack of this image has a non-crack portion inside the crack boundary. As the other crack portions are continuous, our model counted it as a single crack. Still, for having a non-crack portion, the area calculated by our method has become much greater than the total number of pixels. Furthermore, the maximum width of the first and third cracks is overestimated and not estimated in the correct location. We have used the boundary positions of the cracks to calculate the maximum width. So, if a crack object has multiple horizontally parallel branches, in that case, there are multiple branches of a crack in the same column of the image, our model estimates the distance from the starting point of the first crack to the ending point of the last crack as the width of that location. However, for this image, if we consider the sum of white pixels as area, the density of the cracks becomes 10.21% which is the highest among all the sample pictures in Figure 5.





5. Discussion and Conclusions


In this research work, we presented a modified U-net network named Dense-Unet for detecting cracks on the concrete sleepers of a railroad. At this point, many DL-based methods have already been developed to detect cracks at a pixel level on different concrete structures. However, before our research, no previous research detected cracks at pixel levels on the concrete sleepers of a railroad. To modify the original U-net structure, several short connections were established between each of the encoder and decoder blocks, which extract denser and multi-scale necessary features and obtain and pass denser pixel information. Both the quantitative and qualitative results showed the proposed algorithm performed better than the conventional U-net model when predicting cracks on the concrete sleepers. The overall F1-score reached 86.56%, which was 2.15% greater than the original U-net model. Furthermore, we analyzed the severity of cracks in the predicted images by calculating the length, maximum width, area, and ratio of the cracks. Compared with the previous works in the field of crack detection in railway sleepers, the advantage of our method is it can detect the cracks at the pixel level, whereas the previous DL-based works can only detect the existence of cracks from the images. Our method can detect the existence of cracks from the images as well as localize the cracks in the image. Besides these, our method can extract the shape of the cracks in an image and detect the pixels containing the cracks, which helps find out the size of the cracks and the severity of the cracks. In short, our work advances the field from the present state of knowledge by implementing a segmentation technique rather than using classification techniques that open a window for having the idea of crack locations, crack shapes, and the severity of cracks in railway sleepers. The disadvantage of our method is the DL-based supervised model is always in need of labeled data, which is difficult and time-consuming to annotate. Moreover, during the creation of the dataset, we collected the images from an indoor environment. Our dataset does not cover the images of concrete sleepers of different locations, of different time frames, (e.g., morning, noon, evening, night), and different illumination conditions. As a consequence, our developed method may struggle during practical real-time detection. As in a real environment, there might be extreme sunshine, and dark shadow, which can vary the brightness level of the pictures, and the sleepers may have different textures. Hence, our trained model can find it difficult to detect railway sleeper cracks during practical application. So, in the future, domain-adaptive self-supervised learning techniques can be adopted to detect cracks in railway sleepers to solve the issue of annotated data as well as the problem of domain shift. One more limitation of our method for severity analysis is that if a crack object has multiple horizontally parallel branches, our model overestimates the maximum width and overlooks the maximum width location. In our future work, we plan to develop a more accurate segmentation model as well as a regression-based Deep Learning technique for detecting crack sizes, and severity without any postprocessing techniques.
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Figure 1. Methodology of the proposed work. (The vector images in this diagram are completely random and do not reflect the original data. The photos were collected from [58]). 
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Figure 2. Example images and their corresponding ground truth from our dataset. The first row presents the original images, and the second row presents the ground truth images. 
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Figure 3. Structure of the Dense U-net model. 
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Figure 4. Comparison of original U-net and Dense U-net crack segmentation result. (a) Original Image (b) Ground Truth (c) U-net (d) Dense U-net. 
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Figure 5. Counting and denoting the individual cracks. 
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Table 1. Comparison between original and Dense U-net results.
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	Model
	Accuracy (%)
	Precision (%)
	Recall (%)
	F1-Score (%)
	IoU (%)
	Dice Loss (%)





	U-net
	99.10
	89.43
	79.93
	84.41
	73.03
	2.96



	Dense U-net
	99.17
	88.53
	84.63
	86.56
	76.31
	2.93










 





Table 2. Morphological features of the cracks (unit: pixels).
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Image

	
Cracks

	
Length

	
Maximum Width

	
Area

	
Total Area

	
Sum of White Pixels

	
Density (%)






	
1

	
1

	
213.47

	
7

	
892.82

	
892.82

	
873

	
1.77




	
2

	
1

	
208.24

	
9

	
1227.40

	
1288.82

	
1247

	
2.56




	
2

	
17.20

	
6

	
61.41




	
3

	
1

	
185.04

	
15

	
1560.91

	
1674.28

	
1645

	
3.33




	
2

	
27.51

	
5

	
113.36




	
4

	
1

	
96.84

	
5

	
406.74

	
1044.72

	
1000

	
2.08




	
2

	
132.00

	
9

	
637.97




	
5

	
1

	
194.25

	
60

	
1292.92

	
5960.44

	
5123

	
11.87




	
2

	
32.20

	
12

	
254.74




	
3

	
224.96

	
40

	
4413.46
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