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Abstract

:

Lung cancer is a deadly cancer that causes millions of deaths every year around the world. Accurate lung nodule detection and segmentation in computed tomography (CT) images is a vital step for diagnosing lung cancer early. Most existing systems face several challenges, such as the heterogeneity in CT images and variation in nodule size, shape, and location, which limit their accuracy. In an attempt to handle these challenges, this article proposes a fully automated deep learning framework that consists of lung nodule detection and segmentation models. Our proposed system comprises two cascaded stages: (1) nodule detection based on fine-tuned Faster R-CNN to localize the nodules in CT images, and (2) nodule segmentation based on the U-Net architecture with two effective blocks, namely position attention-aware weight excitation (PAWE) and channel attention-aware weight excitation (CAWE), to enhance the ability to discriminate between nodule and non-nodule feature representations. The experimental results demonstrate that the proposed system yields a Dice score of   89.79 %   and   90.35 %  , and an intersection over union (IoU) of   82.34 %   and   83.21 %   on the publicly available LUNA16 and LIDC-IDRI datasets, respectively.
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1. Introduction


According to the World Health Organization (WHO), lung cancer is the leading cause of cancer deaths in 2020 (1.80 million deaths) [1]. The estimated number of new cases has risen to 2.89 million, and the number of deaths may reach 2.45 million worldwide by 2030 [2]. These deaths could be avoidable by an early diagnosis with a proper treatment plan. The National Lung Screening Trial (NLST) showed that the mortality of lung cancer is reduced by 20% by emphasizing the significance of nodule detection and assessment [3]. Many studies have shown the efficacy of computed tomography (CT) screening for lung cancer diagnosis and the detection of subsolid nodules, as well as suspected/unsuspected lung cancer nodules [4].



CT imaging technology helps make an efficient investigation to discover pulmonary nodules. CT imaging technology generates a hundred images of the lung within a second by a single scan. It is difficult for radiologists to manually detect and segment the lung nodules from such a high number of images. In this context, computer-aided diagnosis (CAD) systems have assisted radiologists in the automated diagnosis of lung cancer and pulmonary diseases over the last several years. The authors of [5] noted that the use of an accurate lung nodule CAD system accelerates the entire diagnosis and radiotherapy process, such that patients can perform the required radiation or photon therapy on the same day. CAD systems mainly depend on the detection and segmentation of various pulmonary parts. Computer-aided detection (CADe) systems identify the region of interest (ROI) in the lung nodule, while computer-aided segmentation (CASe) systems segment the nodule region and determine its boundaries.



Automated analysis of lung CT images is essential to measure the properties of lung nodules for identifying malignancy in a tumor. Lung nodule segmentation systems can determine malignancy by analyzing nodule size, shape, and change rate [6]. Although many automated nodule detection/segmentation systems have been presented in the last years [7,8,9], their accuracies are not high due to several challenges, such as the heterogeneity of CT images and the variation present in nodule size, shape, and location.



In the last years, deep convolutional neural networks (CNNs) have been widely used to handle the lung nodule detection and segmentation problem, achieving promising results [7,8,9,10,11,12,13]. CNNs can learn complex features to detect and segment the nodule accurately. However, existing nodule segmentation systems use deep learning models to segment nodules from the whole-input CT images. This reduces the segmentation precision because the input images are usually resized before feeding into the deep learning model. Such resizing processes yield artifacts that badly affect the objects’ boundaries and details.



In an attempt to handle the challenges that accompany the automated segmentation of lung nodules, in this article, we propose the AWEU-Net method for a lung nodule detection and segmentation system based on deep learning. AWEU-Net is a fully automated deep learning-based framework that includes two cascaded stages. In the first stage, AWEU-Net automatically detects lung nodules based on a fine-tuned Faster R-CNN model. In the second stage, AWEU-Net automatically delineates lung nodules from the ROI which results from the first stage based on a U-Net architecture with two powerful blocks via position attention-aware weight excitation (PAWE) and channel attention-aware weight excitation (CAWE). Both blocks help model the correlation between the spatial and channel features and encourage the CNN to learn the most relevant features that enhance its ability to discriminate between nodule and non-nodule feature representations. The contributions of this article can be listed as follows:




	•

	
A fully automated deep learning-based framework called AWEU-Net is proposed for improving the accuracy of lung nodule detection and segmentation;




	•

	
PAWE and CWEU mechanisms are proposed to model the correlation between the spatial and channel features and encourage the CNN model to learn the most relevant features that enhance its ability to discriminate between nodule and non-nodule feature representations;




	•

	
A comparative study of different nodule detection models and nodule segmentation models is presented using two publicly available datasets, namely LUNA16 and LIDC-IDRI.









Section 2 of this article discusses the existing lung nodule segmentation systems based on classical computer vision and deep learning techniques. Section 3 introduces the proposed system workflow and model architecture. Section 4 presents and discusses experimental results. Finally, Section 5 concludes the article and highlights a future extension of this research.




2. Related Work


In the literature, several lung nodule detection and segmentation systems have been presented based on classical computer vision and deep learning techniques. Table 1 lists some common lung nodule segmentation techniques. Below, we present and discuss classical computer vision-based and deep learning-based lung nodule segmentation methods.



2.1. Classical Computer Vision-Based Approaches


In the field of lung nodule analysis, many computer vision methods based on hand-crafted features have been used, such as region growing [14], active contours [15], level sets [16], graph cuts [17], adaptive thresholding [18], Gaussian mixture models (GMM) with fuzzy C-means [19], and region-based fast marching [20]. However, it is difficult to generalize a nodule segmentation model based on hand-crafted features that can be useful for CT images. All the aforementioned traditional approaches are semi-automated or depend on several image pre-processing and post-processing techniques. For instance, a contrast-based region growing method and fuzzy connectivity map of the object of interest (i.e., nodule) were used in [14] to segment various types of pulmonary nodules. This method did not perform adequately with irregular nodules due to merging different criteria in the region growing technique that needed a fine-tuning for parameters of the setting. Geometric active contours with a marker-controlled watershed as well as Markov random field (MRF) was used in [15] to segment the lung nodule. In turn, ref. [16] used a shape prior hypothesis along with level sets that iteratively minimized the energy needed to segment juxtapleural pulmonary nodules. However, these two methods depend on manually selected seeds in the nodule region, and thus the precision of the segmentation process depends on the proper selection of seeds. A graph cut algorithm with an expectation-maximization (EM) algorithm was proposed in [17] for lung segmentation on chest CT images. This algorithm yields acceptable segmentation results; however, it has a high computational cost because it focuses on training a GMM and searching on the corresponding graph using a heuristic searching algorithm. Ref. [18] used an adaptive thresholding technique along with a watershed transform to detect lung nodules. However, this approach mainly relies on different pre-processing and post-processing procedures. Ref. [19] combined GMM knowledge within the conventional fuzzy C-means method to improve the robustness of pulmonary nodule segmentation. The major disadvantage of fuzzy C-means algorithms is that they are sensitive to noise, outliers, and primary cluster selection. A region-based approach was introduced in [20] by using the fast marching method, which gives a precise segmentation of the nodule and can properly handle juxtapleural and juxtavascular nodules. The main disadvantage of region growing segmentation is the fact that the resulting histograms do not provide any spatial knowledge of the input images.




2.2. Deep Learning-Based Approaches


Recently, many researchers have developed various deep learning-based systems for lung nodule detection and segmentation. The authors of [21] introduced a lung CT image segmentation method using the U-net architecture proposed in [22], consisting of encoder and decoder networks. With the LIDC-IDRI dataset, they achieved a Dice score coefficient (DSC) of 0.9502. It is worth noting that the model presented in [21] and our method are based on U-Net; however, each one is designed for solving a different problem: ref. [21] fine-tuned U-Net to segment the whole lung from the CT images, while our method integrates two new blocks (CAWE and PAWE) with U-Net to improve the segmentation accuracy of nodules. Ref. [10] used a simple version of the U-Net model for lung nodule segmentation by utilizing only two convolutional layers in the encoder network and two deconvolutional layers in the decoder network, U-Net. The model used different receptive field sizes to enhance nodule feature extraction. Their model yields a DSC improvement of   2 %   compared to the original U-Net. Besides, ref. [9] presented a dual-branch residual network (DB-ResNet) that achieved results similar to [10]. The major differences between [9] and [10] are the use of convolutional blocks of ResNet [23] in the encoder networks and slightly modified pooling layers.



In turn, ref. [7] combined two U-Net models (named iW-Net) based on user interactions. Their architecture was designed by expecting nodules of only round shapes. The authors combined the weight map and the feature of the model output as a loss function. The iW-Net model gave a final competition performance metric score of   87.27 %   on nodule detection and a DSC score of   83.10 %   on nodule segmentation. In addition, ref. [13] presented a multiple resolution residual network (MRRN) that is a modification of the ResNet [23]. The modified MRRN network is used as the backbone of the U-Net model. Ref. [13] achieved a DSC score of   0.76  . A slightly transformed version of U-Net called U-Det was presented in [8], where many hidden layers were used to filter the residual blocks located within the encoder and decoder. With the LUNA16 testing dataset, they achieved a DSC of   0.82   that was improved to   0.83   when U-Det applied the Mish activation function proposed in [24] for smoothing and non-monotonic activation.



Most aforementioned lung nodule segmentation methods use deep learning models that segment nodules from the whole-input CT images. However, this can degrade the segmentation precision. This is because the input images are usually resized before feeding to the deep learning model, which yields too many artifacts and badly affects the objects’ boundaries and details. Consequently, in this work, we attempt to build a cascaded lung nodule detection and segmentation system that can outperform the accuracy of the state-of-the-art. Firstly, fine-tuning the important parameters of the state-of-the-art object detection (i.e., Faster-RCNN) is applied to be more appropriate for lung nodule detection and to have an automated system to localize the nodule in CT images. The output of the object detection model is to enable ROI that involves the nodule region. A segmentation model will then be fed with ROIs to segment the exact potential nodule region and properly determine its boundaries. Thus, improving the U-Net model is then achieved by integrating the position attention module (PAWE) and channel attention module (CAWE) to encode contextual information into spatial and channel features. These modules help our segmentation system to accurately distinguish nodules from non-nodules regions and also help in facilitating the model’s training process, since they encourage the model to learn nodules’ relevant features.





3. Proposed Methodology


The main components of the proposed framework are shown in Figure 1. As shown, as a pre-processing stage, we represented the 3D CT volumes as 2D CT slices. The Dicom CT slices are transformed into images of “.png” file format. A global thresholding technique is used for separating the lung region from the background in CT images. In order to detect the nodule ROIs from the input CT images, we fine-tuned the Faster R-CNN object detection model to adapt it for lung nodule detection. The detected nodule ROI is then fed to the segmentation model to precisely segment the nodule and its boundaries.



3.1. Pre-Processing


The raw CT scans’ data are always available in the Dicom file format. However, to make the images more meaningful and useful for deep learning models, the pylidc [25] library is used for converting the Dicom images to a “.png” file format. Afterwards, a global Otsu binary thresholding technique and morphological dilation are applied on the CT images to separate the lung region from the background, as shown in Figure 1b. Experimentally, we found that the image size of   512 × 512   yields the best accuracy with lung nodule detection. Thus, we resized all images to that image size. Finally, we split the dataset into 70% for training, 10% for validation, and 20% for test. For training Faster-RCNN, we convert all ground-truth images to ms-coco format [26], where the dataset is formatted in JSON and is a collection of “info”, “images”, “annotations”, and “categories”.




3.2. Nodule Detection Model


Among all two-stage object detection models, the single-shot detector (SSD) is the fastest detection model, but it is not the most accurate one [27]. In our framework, we aimed at developing an accurate segmentation model; Faster RCNN is considered one of the most accurate detection models in inferring the locations of the target in the input image [28]. Thus, we preferred to choose the Faster RCNN model rather than SSD for localizing the nodules in CT images. In this stage, we attempted to fine-tune the important parameters of the Faster RCNN detection model. We focused on finding the best combination of the learning rate, step size, factor of dropped learning rate  γ , and drop-out ratio to make Faster RCNN more appropriate for lung nodule detection.



As shown in Figure 2, the Faster-RCNN detection model is a two-stage detection network containing three main blocks: a backbone network, a region proposal network (RPN), and a box head. We used ResNet50 [23] as a backbone network to extract feature maps from the input image. The feature map is then fed into the RPN to perform boundary regression and classification analysis, and the output is a set of ROI candidates. The classification principle is based on whether a candidate ROI is either related to background or to the object (i.e., in our case, tumour nodules). The position and score of the candidate ROI are forwarded to the box head, where the final regression and classification of the object is performed. Finally, the bounding box of the target (nodule) with the classification score is returned from the detection model.




3.3. Nodule Segmentation Model


We cropped the ROI based on the bounding box provided by the nodule detection model in the first stage. We resized the ROI to   224 × 224   and fed it into the proposed nodule segmentation model. It is obvious that we scaled up the ROI of the nodule, which we did since we believe that is the best way to enhance spatial features, especially for small objects like nodules. By scaling up the input ROIs rather than downsampling them, the deep segmentation network can be better adapted to detect even tiny object boundaries.



In the second stage of our framework, we propose an attention-aware weight excitation U-Net, AWEU-Net, for our lung nodule segmentation, as shown in Figure 3. This network is based on the U-Net [22], which is a well-known deep learning model for medical image segmentation. The AWEU-Net model learns to segment the input ROIs by determining the boundaries of the nodule region to discriminate between nodules and non-nodule regions. The output of AWEU-Net is a binary image that contains ones for nodule regions and zeros for the others.



The proposed model integrates PAWE and CAWE blocks with U-Net in order to capture the correlation between both spatial and channel features, as well as to enhance the ability to discriminate between nodule and non-nodule feature representations. On the one hand, the feature map resulting from a convolution layer contains a set of channels; each can be a class-specific response comprising high-level features. Since some channels can be correlated, CAWE, which models inter-dependencies among channel maps, is able to highlight inter-dependent feature maps. On the other hand, PAWE helps to capture discriminant feature representations by encoding contextual information into local features extracted by convolution layers. The details about PAWE and CAWE will be discussed in Section 3.4.1 and Section 3.4.2, respectively.



The AWEU-Net architecture is composed of two successive networks: an encoder and a decoder. The encoder consists of four convolution layers. Each encoder layer is composed of a convolution of   3 × 3   followed by a PAWE block and a ReLU as an activation function. Four down-sampling blocks with a max pooling of   2 × 2   followed by a stride of 2 are used after each encoder layer.



In turn, the decoder consists of four layers, which each also consist of a convolution of   3 × 3   followed by a PAWE block, a ReLU and a deconvolution of   2 × 2  . In the original UNet, the outputs of the decoder layers (if exiting) were concatenated with the features extracted by the corresponding encoder layers to input to the next decoder layer. In AWEU-Net, we inserted the CAWE blocks between the corresponding layers of the encoder and decoder networks. Each CAWE block is fed with a feature map of the same size as the corresponding encoder layer. The CAWE blocks are fed by the concatenation of the features extracted by the corresponding encoder layer and the upsampling features extracted by the next encoder layers (e.g., Up1, Up3 and Up5 in Figure 3). The output of the CAWE block is fed as an input to the corresponding decoder layer. Additionally, the output feature map of the previous CAWE block is scaled up and also fed to the decoder layer as an input (e.g., Up2, Up4, and Up6 in Figure). In this mechanism, we depend on the features extracted by PAWE and CAWE blocks to enhance the positional and channel low- and high-level features extracted by the encoder network and utilise them for the reconstruction means in the decoder network.



The final output layer of the model applies a convolution of   1 × 1   to map the final feature map of 64 channels to the number of targeted segmentation classes (i.e., in our case two classes related to the nodule and the background).




3.4. Attention Mechanism


For semantic segmentation, the scene can involve objects (e.g., cars) which are different in views, scales, and lighting. Thus, the features extracted by CNNs corresponding to the same object could have diversities, since CNN filters yield diverse local receptive fields. These diversities in the pixels corresponding to the same label/object cause intra-class inconsistency and affect the segmentation accuracy [29]. Regarding nodule segmentation, the nodules, in general, have different sizes that can yield features with intra-class inconsistency. Consequently, with our framework, we inserted global contextual attention models in both spatial and channel dimensions in the UNet network to explore relationships between features extracted in different layers of the encoder network before feeding to the decoder to reconstruct the segmented images.



In the next sub-sections, we will present the two attention modules PAWE and CAWE, which help our network to capture contextual information in spatial and channel dimensions, respectively.



3.4.1. Position Attention-Aware Weight Excitation (PAWE)


For accurate nodule semantic segmentation, deep learning models have to capture discriminant features of the nodules and background in a CT image. These features can be captured by aggregating the spatial context information from local features [30]. To model contextual relationships over local features, PAWE is able to enhance the local feature representation through encoding long-range contextual information. The process of PAWE can be elaborated as follows.



The PAWE block consists of two sub-blocks: the position attention block (PAB) and the weight excitation block (WEB). To demonstrate the proposed PAWE block, let the input feature be   Y ∈  R  C × H × W    , where C, H and W are channel, height and width, respectively (see Figure 4). In the PAB block, Y is fed into 3 convolutions of   3 × 3   called A, B and C, respectively. The first 2 produced feature maps,    A p  ,  B p  ∈  R  C / 8 × H × W     are provided by the first 2 convolutions A and B,where p superscript is referred to as ”postion”.   A p   and   B p   feature maps are then reshaped into   ( H × W ) × C / 8  . A matrix multiplication is applied to the transposition of   A p   and   B p  , producing a spatial attention map,    D p  ∈  R  ( H × W ) × ( H × W )    , by using a softmax function:


   d  i , j  p  =   exp  ( A   i  p  · B   j  p  )     ∑  i = 1   H × W   exp  ( A   i  p  · B   j  p  )    ,  



(1)




where   s  i , j    indicates the ith position’s associated position of jth. The softmax function   D p   attempts to learn the relationship between two spatial positions in the input feature maps.



In addition, the output of the third convolutional layer    C p  ∈  R  C × ( H × W )     is also reshaped to the same shape of the input feature map Y and then multiplied by a permuted order of the spatial attention map   D p   of (1). The final output is reshaped to   R  C × ( H × W )    to provide the final feature map of PAB block, F, as


   F  P A B , j   =  α p   ∑  i = 1   H × W    s  i j  p  C   j  p  +  Y j  ,  



(2)




where   α p   is defined as 0 as explained in [29]. The resulting feature  F  at each feature position is a weighted sum of all the neighbours of the original features.



In the WEB, a sub-block for location-based weight excitation (LWE) proposed in [31] is used. The LWE provides fine-grained weight-wise attention during back propagation. The WEB shown in (Figure 4) can be defined as:


   F  W E B , j   = R  e 2   ( F  C 2   ( R  e 1   ( F  C 1   ( A P  (  W  W E B , j   )  )  )  )  )  ,  



(3)




where   W  W E B , j    is the weights across the jth output channel. The average pooling layer,   A P  , averages the values of each   H × W  .   R  e 1    and   R  e 2    are two ReLU activation functions.   F  C 1    and   F  C 2    are two fully connected layers.



The output feature from WEB is reshaped and multiplied to the input feature map. Finally, an element-wise sum operation is performed between the feature maps from the PAB and WEB to produce the final PAWE features, as follows:


    Y ^   P A W E , j   =  F  P A B , j   +  F  W E B , j   ,  



(4)







This process generates a global contextual description and aggregates the context according to a spatial weighted attention map by creating spatial-relevant weighted features, which provide common weight excitation and enhance the intra-class semantic coherence of the input features maps.




3.4.2. Channel Attention-Aware Weight Excitation (CAWE)


Each class-specific response (in our case, there are two classes of nodules and background) is related to each channel of local features extracted by the encoder layers. Different semantic class responses are correlated with each other [29]. Thus, to improve the feature representation of each class-specific response, the proposed CAWE block can properly highlight the interdependence between channels in feature maps and explicitly model inter-dependencies between channels. The process of CAWE shown in Figure 5 and can be illustrated as follows.



Like PAWE, the proposed CAWE block includes two sub-blocks, a channel attention block (CAB) and a weight excitation block (WEB). In the CAB block, the input   Y ∈  R  C × H × W     is reshaped in the initial two steps and permuted in the second part into    Y  1  c  ∈  R  ( H × W ) × C     and    Y  2  c  ∈  R  C × ( H × W )    , where the superscript c is defined for ”channel”. Afterwards, a matrix multiplication between   Y  1  c   and   Y  2  c   is performed. The channel attention map    E c  ∈  R  C × C     can be defined as:


   e  i , j  c  =   exp  (  Y  1 , i  c  ·  Y  2 , j  c  )     ∑  i = 1  C  exp  (  Y  1 , i  c  ·  Y  2 , j  c  )    ,  



(5)




where the outcome of the ith channel on the jth is produced by   e  i , j  c  . A multiplication of the transposed version of the input feature maps,   Y  3  c   reshaped to   R  C × ( H × W )   , and the resulting   E c   of (5) is performed. Consequently, the final channel attention map can be defined as:


   F  C A B , j   =  α c   ∑  i = 1  C   e  i j  c   Y  3 , j  c  +  Y j  ,  



(6)




where   α c   quantifies the weight of the channel attention map of the input feature map Y. The final WEB sub-network feature map can similarly be obtained from (3).



Finally, an element-wise sum operation is performed between the CAB and WEB output features maps to produce the final CAWE features, as follows:


    Y ^   C A W E , j   =  F  C A B , j   +  F  W E B , j   ,  



(7)







This process emphasizes generating channel-dependent feature maps using weighted excitation versions of the features of all channels and boosting the feature difference among the channels.






4. Experimental Results and Discussion


4.1. Datasets


In this work, we used two publicly available datasets:




	
Lung Image Database Consortium image collection (LIDC-IDRI) [32] consists of 1018 CT scans performed on 1010 patients from 7 different organisations. Each CT scan has been analysed by four radiologists, who individually identified the nodule and manually segmented the region of all the nodules with a diameter larger than three millimetres. Each CT scan can include one or more nodule regions, so the total segmented masks are 5066. Looking closely at the dataset, many nodules are very small and do not satisfy the malignancy index. Therefore, we used a diameter threshold larger than 20 mm to excluded all tiny nodules from our dataset. Afterwards, we split our final dataset, which contains 2044 nodule masks in total, into train, validation and test sets of   70 %  ,   10 %  , and   20 %   respectively;



	
LUng Nodule Analysis 2016 (LUNA16) [33] is derived from the LIDC-IDRI dataset [32]. It contains 888 CT scans from the LIDC-IDRI dataset for the grand challenge with round annotation masks for all the segmented nodules. The LUNA16 challenge dataset contains 1186 nodule annotations. We obtained 2300 nodule masks from the annotation after pre-processing. We split the dataset into train, validation and test sets similar to the LIDC-IDRI dataset.









4.2. Model Implementation


We individually trained the nodule detection and segmentation models on the PyTorch framework [34]. To train the detection model, the stochastic gradient descent (SGD) [35] optimizer with a learning rate of   0.002   was used. The binary cross-entropy (BCE) and the   L 1   norm loss functions were used to train the detection model with a batch size of 4. On the other hand, the Adam [36] optimizer with a learning rate of   0.0002  , as well as the BCE and the IoU loss functions, were also used to train the segmentation model with a batch size of 4. Note that data augmentation was applied during training for both detection and segmentation models to increase the size of the training dataset. We augmented the datasets by random rotation, flipping horizontally and vertically and applying the elastic transform. Finally, all the experiments were carried out on an NVIDIA GeForce GTX 1080 GPU with   8 G B   memory and running about 10–15 h to train 100 epochs for each model.




4.3. Evaluation Measures


Two different procedures were used on both datasets to evaluate the proposed detection and segmentation models. For pixel-level evaluation, the segmentation model provides a pixel-wise output of the class probabilities for every pixel in the input nodule ROIs. The output is converted into a binary segmentation map using a threshold value. Regarding pixel-level evaluation metrics, accuracy (ACC), sensitivity (SEN) and specificity (SPE) are calculated to evaluate the performance of the segmentation model. We also plot a receiver operating characteristic (ROC) curve for calculating area under the curve (AUC). For object-level evaluation, we used the segmentation output to calculate the Dice coefficient (DSC) and intersection over union (IoU) for assessing the ability of the algorithm to previously segment the boundaries of the nodule. Note that in our case, there is no “true negative” class, since there is no “object” corresponding to the absence of nodules. Besides, we also plot the precision-recall (PR) curve instead of the ROC to compare the ground truth number and find the correlation.




4.4. Nodule Detection


To detect the nodule in the input CT images, we used different state-of-the-art deep learning detector models, such as R-CNN [37], Fast R-CNN [38], original Faster R-CNN [39] and Optimized Faster R-CNN. The aforementioned detection models were trained and tested on the LIDC-IDRI and LUNA16 datasets. To train the above models, we used the data splits as discussed in Section 4.1. We used all default parameters for training the R-CNN [37], Fast-RCNN [38], and original Faster R-CNN [39] models based on their original papers. We fine-tuned the parameters of the original Faster R-CNN to find the best parameters to achieve the highest performance, and named it Optimized Faster R-CNN. The best combination for this model was a learning rate of 0.001, step size of 70,000, gamma of 0.1, and a dropout ratio of 0.5. The model was trained by the pre-trained ResNet50 model to extract the features with a batch size of 64. We finally compared the average precision (AP) of the detection as shown in Table 2 to select the best detection model among the tested models. The Optimized Faster R-CNN model yielded the best results, with the highest AP on both datasets. In turn, R-CNN, Fast R-CNN, original Faster R-CNN models did not properly detect all nodules in the input CT images. Therefore, we have selected the Optimized Faster R-CNN model to detect nodules in CT images. Some examples of lung nodule detection using Optimized Faster R-CNN are shown in Figure 6. As shown, the Optimized Faster R-CNN model is able to detect the nodule regions, even for small nodules.




4.5. Nodule Segmentation


The proposed lung nodule segmentation model was compared to the state-of-the-art approaches and evaluated in terms of quantitative and qualitative results. For the quantitative study, we used ACC, SEN, and SPE for pixel-level and DSC and IoU for object-level performance, respectively, as shown in Table 3. We compared the AWEU-Net to six different lung nodule segmentation models considering both datasets: PSPNet [40], MANet [41], PAN [42], FPN [43], DeeplabV3 [44], and U-Net [21,22]. As shown in Table 3, the integration of both PAWE and CAWE with the U-Net outperformed the segmentation results of the baseline model (U-Net). In general, AWEU-Net outperforms all tested models in terms of the ACC, SPE, DSC, and IoU metrics on the LUNA16 dataset. AWEU-Net yields ACC, SPE, DSC, and IoU scores of 91.32%, 93.46%, 89.79%, 82.32%, and 89.88%, respectively, which is 1.18%, 1.47%, 0.97%, 1.8%, and 0.93% points higher than the scores of the second-best method (i.e., U-Net). In turn, the DeeplabV3 achieved a SEN score of 93.01%, which is 1.32% points higher than AWEU-Net. However, the proposed segmentation model provides a comparable SEN score of   91.69 %  .



In addition, using the test set of the LUNA16 and LIDC-IDRI datasets, the box plots of DSC and IoU scores of the six models and AWEU-Net were drawn to demonstrate the segmentation ability of AWEU-Net as shown in Figure 7. On both datsets, the proposed AWEU-Net yields higher DSC and IoU mean scores and the lowest standard deviation with only two outliers; this is as compared to the other six segmentation models, which contain many outliers with lower mean and higher standard deviation scores.



Furthermore, to predict the probability of the binary segmented masks, the ROC and PR curves were constructed as shown in Figure 8. Using the LUNA16 test set, the proposed AWEU-Net model yields the highest AUC and PR of   97.10 %  , and   96.66 %  , respectively, among the seven segmentation models tested.



On the other hand, AWEU-Net outperforms all the tested models in terms of all evaluation metrics on the LIDC-IDRI dataset. The proposed model yields ACC, SEN, SPE, DSC, and IoU scores of 94.66%, 90.84%, 96.41%, 90.35%, and 83.21%, respectively. It has improved by 0.3%, 1.16%, 0.06%, 0.48%, and 1.21% in ACC, SEN, SPE, DSC, and IoU scores from the original U-Net. Again, the box plots of DSC and IoU scores of the LIDC-IDRI dataset to compare the models’ performance is displayed in Figure 9. Likewise, the proposed AWEU-Net achieved the highest DSC and IoU mean scores and the smallest standard deviation with only one outlier. The proposed model achieved an AUC of the ROC and PR on the LIDC-IDRI test dataset of 91.58%, and 82.02%, respectively, as shown in Figure 10.



A qualitative comparison of the segmentation results of the AWEU-Net and the six segmentation models is shown in Figure 11. The segmentation results of the input nodule ROIs of CT images with a variety of difficult levels, including illumination variations and irregular shapes and boundaries of the nodule regions, were presented. As shown in Figure 11, four examples from the two datasets along with the ground truth and the predicted mask of the six tested models were compared to the proposed AWEU-Net model. AWEU-Net provides segmentation results very close to the ground truth with an average similarity of >86% (true positive (TP)). Our segmentation method also provides the lowest degrees of false negative (FN) and false positive (FP) results compared to the rest of the models. The AWEU-Net model yields more regular borders compared to PSPNet, MANet, FPN, since our model strives for higher accuracy on nodule region boundaries. The resulting segmentation of the six tested models may significantly differ from the ground truth in some cases, e.g., the second example of the LUNA16 dataset.



Finally, regarding the model efficiency, the total number of parameters, the sum of all the weights and biases on the proposed model, was around 34.5 million. Our model yielded a reduction of    40 %   compared to the baseline model, UNet (i.e., number of parameters of around 60 million). In order to assess the computational complexity of the model, we measured the number of resources that the proposed model used in training and inference by computing the multiply-accumulate operation (MACs) in billions of operations, (MACs(G)). The proposed model performed 65.3 billion MACs. Furthermore, our proposed model achieved an inference time of 10.8 ms (around 92.3 fps) on an NVIDIA GeForce GTX 1080 GPU. In summary, our framework can be executed on a single GPU, guaranteeing accurate nodule segmentation in real-time.





5. Conclusions


This article proposed a reliable system for lung nodule detection and segmentation. The system contains two deep learning models. Firstly, the Optimized Faster R-CNN model [39] trained with lung CT scan images was used for detecting the nodule region in a CT image as an initial step. Secondly, a segmentation model, AWEU-Net, was proposed for segmenting the nodule boundaries of the detected nodule region. The proposed segmentation model, AWEU-Net, includes PAWE and CAWE blocks to improve the segmentation performance. Compared to the state-of-the-art models, the proposed AWEU-Net model yields the best segmentation accuracy with DSC and IoU scores of   89.79 %  ,   90.35 %  , and   82.34 %  ,   83.21 %   on the LUNA16 and LIDC-IDRI datasets, respectively. Although the proposed method provided promising nodule segmentation results, the number of parameters of the segmentation model is a bit high (around 34.5 million). Thus, it is not appropriate for computing devices with limited resources. Consequently, ongoing work will aim at developing a lightweight nodule segmentation model. In future work, we will develop a comprehensive nodule segmentation system, and it will be able to classify and grade nodule malignancy.
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	CAD
	Computer-aided Diagnosis



	CADe
	Computer-aided Detection



	CASe
	Computer-aided Segmentation



	CT
	Computed Tomography



	AI
	Artificial Intelligence



	GMM
	Gaussian Mixture Model



	CNNs
	Convolutional Neural Networks



	R-CNN
	Region-based Convolutional Neural Network



	ROI
	Region of Interest (ROI)



	RPN
	Region Proposal Network



	FPN
	Feature Pyramid Network



	ReLU
	Rectified Linear Unit



	SGD
	Stochastic Gradient Descent



	BCE
	Binary Cross-Entropy



	Dice
	Dice Coefficient



	IoU
	Intersection Over Union



	ROC
	Receiver Operating Characteristic



	AUC
	Area Under the Curve



	ACC
	Accuracy



	SEN
	Sensitivity



	SPE
	Specificity



	GPU
	Graphics Processing Unit



	GB
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	DL
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Figure 1. The step-by-step workflow of the proposed method. (a) The converted input image is extracted from the original CT slice. (b) The pre-processing step for selecting ROI of lung. (c) The detection of lung nodules using Optimized Faster R-CNN. (d) The segmentation of lung nodules using the proposed AWEU-Net model. 
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Figure 2. The detailed architecture of Optimized Faster R-CNN. 
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Figure 3. The architecture of the proposed AWEU-Net. The PAWE and CAWE block refers to the position attention-aware weight excitation and channel attention-aware weight excitation, respectively. 
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Figure 4. Illustration of the proposed PAWE block. 
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Figure 5. Illustration of the proposed CAWE block. 
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Figure 6. Examples of lung nodule detection using Optimized Faster R-CNN; (a) Detection results from the LIDC-IDRI dataset; (b) Detection results from the LUNA16 dataset. 
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Figure 7. Boxplots of (a) Dice coefficient (DSC) and (b) intersection over union (IoU) scores for all test samples of the LUNA16 lung nodule segmentation dataset. Different boxes indicate the score ranges of several methods; the red line inside each box represents the median value, and all values outside the whiskers are considered outliers, which are marked with the (+) symbol. 






Figure 7. Boxplots of (a) Dice coefficient (DSC) and (b) intersection over union (IoU) scores for all test samples of the LUNA16 lung nodule segmentation dataset. Different boxes indicate the score ranges of several methods; the red line inside each box represents the median value, and all values outside the whiskers are considered outliers, which are marked with the (+) symbol.



[image: Applsci 11 10132 g007]







[image: Applsci 11 10132 g008 550] 





Figure 8. The (a) ROC and (b) PR curve for all test samples of the LUNA16 lung nodule segmentation dataset. 
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Figure 9. Boxplots of (a) Dice coefficient (DSC) and (b) intersection over union (IoU) scores for all test samples of the LIDC-IDRI lung nodule segmentation dataset. Different boxes indicate the score ranges of several methods; the red line inside each box represents the median value, and all values outside the whiskers are considered outliers, which are marked with the (+) symbol. 
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Figure 10. The (a) ROC and (b) PR curve for for all test samples of the LIDC-IDRI lung nodule segmentation dataset. 
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Figure 11. Examples of segmentation results by different state-of-the-art models. (a) Segmentation results on the LIDC-IDRI dataset and (b) segmentation results on the LUNA16 dataset. The colors of the segmentation visualization results are presented as follows: TP (orange), TN (background), FP (green), and FN (red). 
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Table 1. Summary of existing lung nodule segmentation methods. The undeclared information is marked with dashes (-) in the referred literature. Aug., morph, acc and IoU stand for augmentation, morphological, segmentation accuracy and intersection over union, respectively.
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References

	
Methods/Architectures

	
Dataset

	
Pre-Processing

	
Post-Processing

	
Results






	
Classical computer vision-based




	
      [14]

	
Region growing

	
PRIVATE

	
Local contrast & hole filling

	
-

	
  83 %   acc




	
      [15]

	
Active contours

	
LIDC-IDRI

	
Thresholding & morph operations

	
Markov random field

	
  69 %   IoU




	
      [16]

	
Level sets

	
LIDC-IDRI

	
Statistical intensity

	
Region condition

	
  94 %   acc




	
      [17]

	
Graph cuts

	
PRIVATE

	
Gaussian smoothing

	
-

	
  98.74 %   dice




	
      [18]

	
Adaptive thresholding

	
LIDC-IDRI

	
Histogram equalization & noise filtering

	
Morph operations

	
  96 %   acc




	
      [19]

	
GMM fuzzy C-means

	
LIDC-IDRI & GHGZMCPLA

	
Non-local mean filter & gaussian pyramid

	
Random walker

	
  86 %   dice




	
      [20]

	
Region-based fast marching

	
LIDC-IDRI

	
Convex hulls

	
Mean threshold

	
61–93% dice




	
Deep learning-based




	
      [10]

	
U-Net

	
LIDC-IDRI

	
Nodule ROI selection

	
-

	
  74 %   dice




	
      [7]

	
iW-Net

	
LIDC-IDRI

	
Nodule ROI selection

	
-

	
  55 %   IoU




	
      [8]

	
U-Det

	
LUNA16

	
Data aug.

	
-

	
  82.82 %   dice




	
      [11]

	
Nodulenet

	
LIDC-IDRI & LUNA16

	
Nodule ROI selection & Data aug.

	
-

	
  71.85 %   IoU




	
      [9]

	
DB-ResNet

	
LIDC-IDRI

	
Nodule ROI selection & Data aug.

	
Remove noisy voxel

	
  82.74 %   dice




	
      [13]

	
MRRN

	
TCIA & MSKCC & LIDC-IDRI

	
Nodule ROI selection & Data aug.

	
-

	
  74 %   dice
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Table 2. The average precision (AP) comparison of the four detection models (bold represents the best performance).
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	Datasets
	Models
	AP(%)





	LIDC-IDRI
	Optimized Faster R-CNN
	91.44



	
	Original Faster R-CNN
	85.45



	
	Fast R-CNN
	79.41



	
	R-CNN
	75.48



	LUNA16
	Optimized Faster R-CNN
	92.67



	
	Original Faster R-CNN
	89.31



	
	Fast R-CNN
	82.32



	
	R-CNN
	78.17
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Table 3. Comparison between the proposed AWEU-Net and six other models on the LIDC-IDRI and LUNA16 test datasets (bold represents the best performance).
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	Datasets
	Models
	ACC
	SEN
	SPE
	DSC
	IoU





	LUNA16
	PSPNet
	0.8718
	0.8711
	0.9012
	0.8512
	0.7513



	
	MANet
	0.8874
	0.8686
	0.9285
	0.8663
	0.7743



	
	PAN
	0.8604
	0.8709
	0.8873
	0.8424
	0.7354



	
	FPN
	0.8846
	0.9143
	0.8905
	0.8722
	0.7806



	
	DeeplabV3
	0.8918
	0.9301
	0.8910
	0.8794
	0.7916



	
	U-Net (baseline)
	0.9014
	0.9136
	0.9199
	0.8882
	0.8054



	
	Proposed_AWEU-Net
	0.9132
	0.9169
	0.9346
	0.8979
	0.8234



	LIDC-IDRI
	PSPNet
	0.9309
	0.8514
	0.9620
	0.8684
	0.7783



	
	MANet
	0.9327
	0.8749
	0.9557
	0.8788
	0.7905



	
	PAN
	0.9268
	0.8369
	0.9603
	0.8577
	0.7653



	
	FPN
	0.9393
	0.8981
	0.9562
	0.8934
	0.8127



	
	DeeplabV3
	0.9429
	0.9023
	0.9602
	0.8983
	0.8191



	
	U-Net (baseline)
	0.9436
	0.8968
	0.9635
	0.8987
	0.8200



	
	Proposed_AWEU-Net
	0.9466
	0.9084
	0.9641
	0.9035
	0.8321
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