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Abstract 

Chest x-ray (CXR) is the most common examination in pulmonary nodule detection and 

an automatic nodule detection algorithm is valuable in assisting radiologists. Currently, 

convolutional neural network (CNN) is widely applied in CXR. However, there is a lack 

of dataset with clear nodule annotation, also the small size of pulmonary nodules 

hampers its performance, finally, there is no study of lung nodule localization utilizing 

end-to-end CNN model and lateral CXR images. In this study, coronal and lateral CXR 

images were generated from CT phantom for training separately, and U-Net 

architecture CNN models was implemented with modifying number of convolutional 

layers, adding shortcut connection, using weighted loss function. The impact of these 

modifications was evaluated on model performance. Finally, the models were tested on 

a test set under the condition of different nodule diameter, number and location. In CT 

phantom dataset, U-Net trained with residual unit and weighted loss showed the 

capability in detecting 5 mm nodules and increased training speed. Overall, model 

trained with coronal images provided better detection result than using lateral images, 

but their outputs could be combined to obtain nodule localization information in 3D. 

The number of nodules and adjacency of nodules has no prominent effect on detection; 

however, models were prone to failure when the nodule was too small (< 5 mm), was 
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close to the edges of the lung, or was overlapped with moderate to the high-density 

anatomic structure. 
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1. Introduction  

1.1 Motivation 

A pulmonary nodule is defined as an isolated round lesion with a diameter of 

less than 3 cm in lung parenchyma.1 There are many causes of pulmonary nodule 

formation, including granulomatous diseases, lung cancers, lung metastases from other 

tumors, or even hamartomas and arteriovenous malformations.2 Currently, primary 

lung cancer is the most fatal cancer around the world, causing 18.4% of deaths in cancer 

in 20183. Additionally, lungs are commonly the first site of distant metastases. For 

example, sarcoma, melanoma, and carcinoma tend to develop malignant pulmonary 

nodules1. To increase patients’ survival rates and improve their quality of lives, early 

diagnosis of nodules and early treatment are of great importance. 

Pulmonary nodules are often diagnosed using chest x-ray (CXR) and computed 

tomography (CT). CT is considered the most sensitive method for detecting lung 

nodules at early stage.2 Nevertheless, patients in rural areas have limited access to CT 

examinations due to individual psychosocial awareness, lack of physicians, and other 

system-level barriers.4 On the other hand, CXR can be widely implemented as it holds 

advantages like cost-effectiveness, accessibility, and ease of use in routine operations. 

Moreover, the  CXR dose to a patient is significantly lower; the effective dose to a 

standard-sized patient is 0.02-0.03 mSv for two-view CXR and is 2.3-2.9 mSv for routine 

chest CT.5 In CXR imaging, a pulmonary nodule appears as a round or oval-shaped 
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opacity in the lung parenchyma.2 However, due to the complexity of disease progress 

and subtle changes in texture and density, manual nodule detection is time-consuming 

and heavily dependent on the experience of radiologists. Automatic lung nodule 

detection algorithm could be valuable in reducing the workload of clinical technicians 

and assisting in CXR reading in regions with a limited number of certificated 

radiologists. 

1.2 Related Work 

A variety of methods have been proposed to detect pulmonary nodules 

automatically, and computer-aided diagnosis (CAD) systems were developed to 

improve diagnostic effectiveness and increase detection accuracy. Usually, the detection 

process includes image enhancement, candidate recognition, false-positive reduction, 

and nodule classification6, 7. Firstly, the CXR image is enhanced by bone structure 

suppression, pulmonary structure segmentation and filter matching to increase the 

contrast of lung nodules8. Nodule candidates are computed by texture analysis and 

shape extraction afterwards9, and false positives are removed by comparing features 

form different images by rule-based methods10. Finally, the likelihood of malignancy is 

calculated10. Recently, deep learning techniques have been widely applied in CAD 

systems due to the complexity of formalizing the judgement.9 Convolutional neural 

network (CNN), one of the deep learning algorithms, is regarded to achieve the state-of-

the-art performance in pattern recognition, classification, and localization in CXR images. 
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For example, Wang et al. fused high-level features generated from the pre-trained 

AlexNet CNN model with handcrafted features, and resulted in better outcome in 

pulmonary nodule classification than single hand-crafted features.11 Frid-Adar et al. 

trained a U-Net architecture CNN to improve the segmentation of anatomic structures 

in thorax and outperformed existing methods.12 Shin et al. generated automatic 

annotations on CXR images by utilizing CNN to detect diseases and recurrent neural 

network (RNN) to describe their context.13 Kieu et al. applied a multi-CNN model with 

three components of left, right, and full lung field to distinguish abnormal images from 

normal CXR images.14 Wang et al. presented the ChestX-ray14 database and 

demonstrated the ability of weakly-supervised disease classification; the activation heat 

maps showed the indicative areas of the prediction, which could provide potential 

localization information.15 Rajpurkar et al. developed CheXNet algorithm based on a 

121-layer CNN to detect 14 common lung diseases on the ChestX-ray14 database and 

achieved a better performance on pneumonia detection than the average of four 

radiologists based on the F1 score.16 Rubin et al. presented DualNet architecture CNN to 

utilize both frontal and lateral CXR images to classify 13 thorax diseases on the MIMIC-

CXR dataset.17 Guan et al. proposed a three-branch attention-guided CNN to combine 

global information with cropped local region cues for thorax disease classification.18 Li et 

al. constructed an ensemble of 3 CNNs for detecting pulmonary nodules in different 
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sizes of cut image patches achieved a less false positive rate on the Japanese Society of 

Radiological Technology database.19 

Regardless of the impressive performance and wide application of CNN on CXR, 

there are still limitations in pulmonary nodule detection. Firstly, the small size of 

pulmonary nodules with high false positive rate decreases the performance of CNN 

models20, and there is still no study of lung nodule localization utilizing end-to-end 

CNN model. Moreover, there is a lack of image dataset of CXR with clear nodule 

location annotation, and most of the studies only classify the nodule presentation 

without locating it. Deep learning techniques are more robust with large training 

datasets; however, a huge database in medical field with clear ground truth are usually 

not available and manual labeling could be expensive and very time-consuming.11 

Besides, high quality radiographs are not easy to acquire because of the high variability 

in clinical condition. Furthermore, there no still no study of CNN nodule localization 

utilizing lateral CXR images. Although lateral CXR is rarely used for diagnosis alone, in 

conjunction with coronal image it could give additional information for localization and 

disease detection. A clear localization could further provide the analysis of temporal 

changes of nodules like number and size, which gives a potential evaluation of 

malignancy and prognosis of the disease. 
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1.3 Purpose 

In this study, orthogonal CXR images were generated from CT phantom which 

has clear labels of nodule location. Then, simulated CXR images were fed into the CNN 

models and the effect of adjusting the CNN architecture with different approaches on 

the performance of models were compared. Finally, purposed models were tested on 

conditions of different nodule size, number and location to evaluate the impact of those 

factors. 

There was insufficient dataset of CXR with clear nodule annotation, also the 

correctness of labeling could be questioned without further validation from other 

modalities, e.g. CT or biopsy. Nevertheless, those procedures are expensive, time-

consuming and even putting patients to unnecessary risks, thus impractical to apply as 

frequently as CXR in clinic. 4D extended cardiac-torso (XCAT) phantom was used in this 

study to generate CT images, thereby biplanar CXR images with precise ground truth 

labels of nodules could be projected and used as training dataset. With the existence of 

simulated CT, the exact locations of anatomic structures and nodules could be known. 

Furthermore, there is still no dataset with multiple nodules in one CXR image available, 

the ability of CNN to recognize multiple nodules is therefore unknown. 

The models used in this study were inspired from the U-Net architecture CNN 

model21 and modified to overcome difficulties in nodule detection and improve its 

performance. U-Net is easy to implement as it has an end-to-end structure for nodule 
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detection without the need of nodule candidate and bounding box selection. However, 

small nodules in lung field is challenging in CNN classification as there are huge 

imbalance in pixels between nodules and background, therefore models tend to ignore 

sparse positive class (nodule) and learn from undesired background information. 

Moreover, down-sampling operations could cause severe information loss. Furthermore, 

as neural network goes deeper, early layers are hard to update from backpropagation 

and gradient descent, which causes gradient vanishing.22 Approaches of adjusting 

number of convolutional layers, adding shortcut connection, using weighted loss 

function were applied on U-Net model. Adjusted models were trained from scratch with 

lateral and coronal CXR images, then the impact of these modifications was evaluated. 

The performances of the models were tested under the condition of different 

nodule size, number and location. The position of the center of each nodule in Cartesian 

coordinate system and its diameter from orthogonal CXR images were calculated 

afterwards. Pulmonary nodules could be caused by various disorders and either 

temporal characterization or invasive procedure is required to confirm them as benign 

or malignant.23 Generally, larger nodule and faster growth rate indicates higher 

probability of malignancy, and the volume doubling time of a nodule is commonly used 

for evaluation of malignancy.2 By acquiring the nodule coordinates and its diameter in 

CXR images in different time period of a same patient, temporal changing information 
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could be obtained and further provide information to assist physicians in cancer 

diagnosis. 
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2. Background 

2.1 Machine Learning and Artificial Neural Network 

Machine learning (ML), an application of artificial intelligence, learns specific 

patterns or features in a given dataset and predicts the outcome automatically. It is 

programmed to create a model that extracts useful information from the dataset and 

consistently improves the performance of prediction with minimum human intervention. 

In past decades, ML has been widely applied in various domains. For example, in the 

medical field, it has already been applied in clinical parameter analysis, outcome and 

prognosis prediction, therapy planning and support, biomedical signal processing and 

medical image interpretation.24 

There are two types of ML approaches: unsupervised learning and supervised 

learning. In unsupervised learning, an unlabeled dataset is given; each input variable in 

the dataset has no matching output, the model then uncovers the groups in the data or 

the distribution of data.25 In unsupervised learning, cluster analysis is the most 

commonly used algorithm, which determine the clusters of data objects based on their 

relative distance in data space, with no prior information of object classes provided. In 

supervised learning, the dataset is given with corresponding labels. In other words, each 

input variable in the dataset has a corresponding true output – these true labels provide 

supervision of the learning model. The model improves its performance by comparing 

the outcome with true labels and adjusts parameters to reduce prediction error. Most 
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image classification tasks utilize supervised learning and the remaining chapters will 

focus on supervised learning. Figure 1 illustrates the differences between unsupervised 

learning and supervised learning. 

 
Figure 1. Unsupervised learning (left) and supervised learning (right). 

2.1.1 Artificial Neural Network 

Artificial neural network (ANN) is one of the most common methods in ML. It 

models the brain structure and converts input signals into output signals through many 

neurons. In 1943, Warren McCulloch and Walter Pitts first introduced the mathematical 

model of a neural network (NN). It has one or more binary inputs and generates only 

binary outputs, based on the "all-or-none" principle of nervous activity.26 This inspired 

Franck Rosenblatt to develop the perceptron model in 1957, which forms as a single 

neuron model with adjustable synaptic weights and bias. 

2.1.2 Single Neuron Model (Perceptron) 

Different from the first neuron model mentioned above, the perceptron was 

based on a linear threshold unit, thus the inputs and output are numbers instead of 
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binary values, and each input is connected with an assigned weight.27 In the perceptron, 

the input signal (xi) travels along the axons and interacts with synapse based on the 

synaptic strength (weights wi). All the signals from different axons (wixi) are summed at 

the cell body, and a bias (b) is added to shift the output from the origin for better fitting. 

The formula could be expressed as: 

Signals at cell body (S) =  𝑤𝑖𝑥𝑖 + 𝑏

𝑖

 

 

After summation, signals are then multiplied by an activation function (f). The 

whole structure of a perceptron is demonstrated in Figure 2. The activation function 

simulates the firing of a neuron and provides non-linearity to the output. It modifies the 

signal value; if the value is above a certain threshold, then the neuron is activated, and 

the signal can pass on to the next neuron. Different activation functions are used to 

accommodate different types of classification problems. However, in the original 

perceptron model, the signum function was used as the activation function, thus 

resulting in binary outputs. Additionally, the data must be linearly separable to perform 

classification tasks accurately. 

 
Figure 2. Structure of a perceptron model. 
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2.1.3 Multi-layer Neural Network 

To overcome the limitations of the perceptron model, multi-layer NN was 

developed. By connecting multiple neurons into a network and organizing them by 

layers, neural networks could perform more complicated classification tasks. There are 

three types of layers in neural networks – the input layer, the hidden layer, and the 

output layer – and each layer is consisted of neurons (Figure 3). Nowadays, the term 

“deep” represents that the NN is consisted of many hidden layers. 

First, the input layer passes the unmodified input data to the hidden layer. The 

computation of multiplying inputs with weights, summing, and activating were done in 

the hidden layer. Usually, a NN architecture contains more than one hidden layer. Then, 

the last hidden layer passes the received signal to the output layer, which converts the 

activated signals to the final output, e.g. classification score of certain class. Therefore, 

the whole neural network could be regarded as non-linear functions from a vector x of 

input variables to a vector y of output variables, this is the forward propagation of NN.28 

 

Figure 3. Architecture of a simple NN which contains one hidden layer. x represents 

input signal and w represents the weight of the signal. 
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2.2 Model Training 

The NN could be trained to increase accuracy of output by adjusting the weights 

connecting different neurons. The goal of training is to find the weights and bias that 

minimize the difference between predicted output and ground truth value. Thereby, the 

loss function (also known as the cost, error, or objective function) is defined to quantify 

the performance of NN model of a certain set of weights. It accounts for the difference 

between the predicted value and the ground truth. Selection of loss function is based on 

the type of tasks, for example, cross-entropy loss function is commonly used in binary 

classification tasks.28 Gradient descent algorithm is the most widely used method to 

optimize NN. The loss function is a continuous function of the weight vector, and the 

minimum value occurs at zero gradient. Thus, the weight could be updated in the 

opposite direction of the gradient until the minimum of loss function is reached. The 

formula could be expressed as: 

𝑊
 𝑙+1 

= 𝑊
 𝑙 − 𝛼 ⋅

𝜕𝐿

𝜕𝑊 𝑙 
 

 

Where W is the weight vector. [l] is the number of iteration step. L is the loss function. α 

is the learning rate, which determines the step size of each move in the gradient descent. 

 The NN model is usually initialized with some small random values of weights and 

bias, then the loss function could be calculated. To optimize these parameters, the 

gradients are obtained by the backpropagation algorithm, it is an iterative procedure 

which contains two stages. In the first stage, the loss function is propagated backwards 
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through the network and the derivatives of loss function with respect to the weights are 

calculated by the chain rule. Then, in the second stage, the weights are updated 

according to the learning rate and the calculated derivatives28 (Figure 4). 

 

Figure 4. The whole process of NN training for one iteration. 

2.3 Convolutional Neural Network (CNN) 

Still, there are some limitations in traditional NNs in performing image 

recognition tasks. First, if each pixel in the image is an input in NN, the number of 

parameters would increase dramatically as image size increases, this leads to high 

computational cost, long training time and slow performance. Second, if a specific 

pattern appears in different parts of the image, traditional NNs could not utilize the 

geometric information and regard them as totally different images, which also decreases 
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the computational effectiveness. Finally, traditional NNs’ performance could be highly 

influenced by distortion and transformation of input images, which is a common 

problem in the dataset. However, a particular object is expected to have a same 

classification output regardless of its position and a small scale of distortion; in other 

words, it should be invariance to translations and distortions. If sufficiently large 

numbers of training patterns are available, then the NN models could learn the 

invariance.28 Nevertheless, it is impractical to include all the combinations of 

transformations in training data, thus an adaptive model is required.28 

The first CNN model was proposed by Le Cun et al. in 1988 for handwritten 

digit recognition, it demonstrated the ability of utilizing geometric information about 

the task. CNN could scan the whole image with a single kernel (also called filter) by 

convolution operation, and each kernel connects to only a local region of the input 

volume29; the size of local region is determined by the size of the kernel. The kernel 

could be regarded as a matrix of a set of weights. Compared to traditional NN, 

convolution operations in CNN introduce sparse connecting and weight sharing 

between neurons, and therefore largely reduce the number of parameters. The output of 

the input convolved by the kernel is called the feature map. Feature map provides the 

advantages of local shape recognition, e.g. edges or curves. In addition, weight sharing 

across the whole image adds translation invariance to the model. The convolution 

operation is usually followed by an averaging or subsampling layer; although the spatial 
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resolution of image is reduced after subsampling, it could be compensated by an 

increasing number of features.28 Furthermore, subsequent features could have more 

complexity and abstraction which require less precision of their location, and 

subsampling reduces sensitivity to shifts and distortion.28 

2.3.1 CNN Architecture 

Generally, the CNN architecture consists of several pairs of convolutional layer, 

activation function, and subsampling layer. The final layer is typically a fully connected 

layer, with an activation function to generate desired output, e.g. a softmax function to 

squeeze the output value between 0 to 1, which serves as the probability of multiclass 

classification28 (Figure 5). 

In the convolutional layer, the input image is convolved with kernels, the 

convolved value is obtained by summing the dot products within the matrix size of the 

kernel. The kernel is slided towards right and down direction of the input image. After 

convolving the whole image, a feature map is obtained. A higher value in the feature 

map shows stronger match between the input and the kernel. As mentioned in previous 

section, kernel is a matrix of a set of weights; and it could be updated in each training 

iteration by the backpropagation algorithm. 

 There are some parameters of the learning algorithm called hyperparameters, 

which must be set prior to training and remain constant during training.27 

Hyperparameters in CNN includes kernel size, number of kernels, stride and padding. 
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Stride is the number of pixels that the kernel is slided per convolution operation, and 

padding represents the number of pixels that are added on the image border. Padding 

allows the output feature map to have desired size and retains the information of image 

borders. The dimension of feature map after convolution could be calculated as: 

 
𝑛 + 2𝑝 − 𝑓

𝑠
+ 1 ×  

𝑛 + 2𝑝 − 𝑓

𝑠
+ 1 × (number of kernels) 

 

Where n is the input size, f is the kernel size, s is the stride value, and p is the padding 

value for each feature map. 

 Convolutional layer usually includes an activation function after convolution to 

provide non-linearity to the feature maps. Choosing appropriate activation function 

could improve the robustness of the network, control overfitting and accelerate gradient 

descent convergence thus shorten the training time. In CNN, rectified linear unit (ReLU), 

considered suitable for representing biological neuron models and sparse data30, is the 

most commonly used activation function. The equation of ReLU is expressed as: 

R x = max(0, x)  

Where x is the input, and R is the ReLU function. It simply suppresses negative values to 

zero, and is linear for all positive values. 

The pooling layer performs the subsampling, which reduce the height and width 

of the feature map but not affecting the number of feature maps (channels). It holds 

advantages of increased computation speed and prevention of overfitting. Subsampling 
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is performed on each feature map. Nearby values in the feature map is combined into 

one output. Typically, the maximum of these values was chosen as a representative 

value, this method is called the max pooling. 

Fully connected layer is usually the last hidden layer of CNN, it is fully 

connected to the output of previous layer as its name indicated. The feature maps are 

flattened into a vector and connected to a fully connected layer. All nodes in the fully 

connected layer participate and are connected to all other nodes of subsequent layers to 

make decisions of classification or regression. 

 

Figure 5. Architecture of CNN. 
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2.3.2 Fully Convolutional Neural Network (FCN) 

One way to achieve nodule detection and localization on a CNN model is to 

perform pixelwise classification on the whole image. FCN architecture was introduced 

by Long et al. for semantic segmentation31 and Springenberg et al. for object 

classification32; the former one removed fully connected layers and upsampled output by 

deconvolution layers, and the latter one designed a NN consisted solely of convolutional 

layers. 

2.3.3 U-Net 

Ronneberger et al. (2015) proposed U-Net, which is inspired by the FCN concept 

and modified to yield better precision on segmentation with fewer training images.21 U-

Net architecture contains two parts, the down-sampling part performs the convolution 

and obtains compact feature maps; while the up-sampling part utilizes transposed 

convolution operator to retain boundary information for localization (Figure 6). The 

feature maps from these two parts are concatenated together to maintain both high 

resolution features and sufficient boundary information. Finally, a 1x1 convolution layer 

is used to reduce dimensionality, and each channel of feature map gives a pixel-wise 

prediction score of a class. 



 

19 

 

Figure 6. Architecture of the U-net. The U-shaped structure consists of a down-

sampling (left) and an upsampling path (right). 

2.4 Training deep NNs 

However, training deep NNs could encounter problems that decrease their 

performances. For instance, vanishing or exploding gradients hamper the convergence 

of loss. Furthermore, when depth of NN increases, its accuracy saturates and then 

degrades; this is known as the degradation of NN.22 He et al. purposed residual block as 
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a solution, the structure of a residual block is illustrated in Figure 7. Their hypothesis is 

that optimizing residual function F(x) is easier than optimizing output H(x), as it would 

be easier to push F(x) to zero than to fit F(x) = x by a stack of nonlinear layers.22 Due to 

the short connections, gradients could propagate through deeper layers and a very deep 

NN which contains hundreds to even a thousand layers could be trained. 

 

Figure 7. Identity mapping in a residual block.  is the ideal output of input  

after several stacked layers, and the residual function is defined as , where 

shortcut connection  is the identity function, i.e. input is the same as output. 

2.5 Training NNs with Imbalanced Datasets 

In some cases, the number of samples for each class in the dataset is not 

uniformly distributed, nodule detection in CXR is one of the examples as most of the 

pixels in image are background pixels. A huge class imbalance could cause potential 

problem in classification. Firstly, training could be inefficient as most locations are easy 

negatives that contribute no useful learning information. Second, large number of 

negative labels could overwhelm the training and lead to degenerate models.33 There are 

two main approaches to solve this problem: weighted loss function and sampling-based 
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method. Weighted loss could set a higher penalty to misclassification of minority 

samples, and sampling-based method includes oversampling minor class and 

subsampling of major class to balance the dataset. However, oversampling could result 

in overfitting and subsampling could lead to underfitting and information loss. 

Focal loss (FL) was designed by Lin et al., which is a scaled cross entropy (CE) 

loss to deal with class imbalance between foreground and background (e.g. 1:1000). The 

formula of CE and FL could be expressed as33: 

𝐶𝐸(𝑝𝑡) = −log(𝑝𝑡), where 𝑝𝑡 =   
𝑝,   𝑖𝑓 𝑦 = 1

1 − 𝑝,   𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 

𝐹𝐿 𝑝𝑡 = −𝛼 1 − 𝑝𝑡 
𝛾 log 𝑝𝑡  

 

Where p is the model’s estimated probability for the class with true label y, and a 

weighting factor α accounts for class imbalance, γ(≥0) adjust the loss contributed from 

simple and difficult classified classes.  If pt is extremely small, modulating factor (1 - pt)γ 

is near 1 and the loss is unaffected. As pt increases, the factor approaches to 0 and the 

loss for well-classified examples is down-weighted. α=0.25 for background class, α=0.75 

for foreground class, and γ=2 were chosen from the empirical data.33 
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3. Materials and Methods 

Figure 8 demonstrates the overall methodology of this study. The details of each 

step would be further described in this chapter. First, CT images were generated from 

XCAT phantom, then reconstructed into orthogonal (coronal and lateral) CXR images 

and their corresponding labels. The labels were binary images with 0 as background 

pixels and 1 as nodule pixels. Then, the coronal and lateral CXR images were fed into 

the purposed models for training, respectively. The training sensitivity and recall of the 

models were recorded to compare their performance. Finally, the models were tested on 

a test set under the condition of different nodule characteristics. 
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Figure 8. Overview of the main steps of the proposed methodology. 

3.1 Dataset 

The training dataset was generated from the XCAT phantom and converted into 

2D digitally reconstructed radiograph (DRR) by the ray-sum algorithm.34 The DRR 
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images were saved as 8-bit unsigned png files. XCAT phantom was developed by Segars 

et al., it models the cardiac and respiratory motions from existing gated 4D CT data, and 

its human body anatomic information (height, weight and organ volume) was based on 

the 50-percentile male and female of US adults, aging from 18 to 64, obtained from the 

PEOPLESIZE program.35 Generated phantom CT slices were 256×256 pixels, using 

projection algorithm with a parallel geometry and 120 kVp tube voltage with 5 mm 

aluminum filtration, reconstructed using the filtered backprojection algorithm.36 The 

pixel width of CT slice was 1.6719 mm, the slice thickness was 1.6719 mm, and the total 

scan length was 250.785 mm (150 slices) per scanning. Nodules were randomly 

implanted in the lung parenchyma. Each scan contained 1 to 3 nodules, and the nodule 

diameter were in the range of 5, 7, 10, 15, 20 and 25 mm. The generated DRRs were 

256x150 pixels, then resized to 256x128 pixels by cropping the region below diaphragm 

to reduce calculation time and simplify the downsampling operation. Figure 9 shows an 

example of the images and corresponding nodule labels generated from the XCAT. 
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Figure 9. Examples of (a) the XCAT CT slice, (b) simulated orthogonal DRR 

and (c) their corresponding labels. 

3.2 Data Processing 

800 orthogonal DRR image pairs were generated. 23 of them with nodule located 

in opaque areas, that overlapped with heart or diaphragm, were discarded, result in 777 

image pairs and divided into 699 training samples and 78 validation samples; the 

training and validation set ratio was 9:1. Before feed into the CNN model, images were 

masked to reduce undesired false positives outside the lung fields. Segmentation was 

performed using auto-tuned threshold from correlation of Euler numbers of image 

pixels, then output a binary image mask.37 After mask was applied, the image was 

normalized to the range of [0, 1] by its mean and standard deviation. 

3.3 Models 

Three CNN architectures, including the U-Net architecture model21 and two 

modified U-Net shape models were used to evaluate the impact of the depth of CNN 

and application of residual block on their performance. 
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3.3.1 Network Architecture 

Three U-Net architecture models were used to verify the impact on adjusting 

number of convolutional layers and adding shortcut connection, including the original 

U-Net and two modified models. One of the modified U-Net was the simplified U-Net, 

which was consisted of only one down-sampling operation; its architecture is showed in 

Figure 10. The four coordinates in the figure represent the number of input images, the 

image height, the image width, and the number of feature channels, respectively. 

Another model was the Res-U-Net, which had 9 convolution layers replaced by the 

residual unit (Figure 12). Each residual unit was a combination of multiple operations of 

batch normalization (BN), ReLU activation, and convolutional layers, its structure is 

illustrated in Figure 11. This pre-activation design was purposed by He et al. to 

accelerate the training and improve generalization.38 Residual units in Res-U-Net 

architecture was expected to increase training speed and pass information without 

degradation in deep layers. 

The detailed architecture of U-Net is illustrated in Figure 6 in section 2.3.1. U-Net 

contained repeating convolution operations of two convolution layers with kernel size of 

3x3 pixels and stride of 1, each followed by a ReLU activation. Then, a max pooling with 

windows of 2x2 pixels, stride of 2 was applied for down-sampling path. The number of 

channels were doubled at each down-sampling step. In the upsampling path, after 

transposed convolution, the number of feature maps was halved, but the width and 
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height were doubled. The expanded feature maps were then concatenated with the 

feature maps from the contracting path, followed by two convolution layers with a 

kernel size of 3x3 pixels and stride of 1, and a ReLU activation after each convolution 

operation. In contrast, simplified U-Net had only one down-sampling and one up-

sampling operation, it was compared with U-Net model to verify if a deeper network 

gives better performance39. 

 

Figure 10. The architecture of simplified U-Net. Different colors of arrows 

represent different operations. 

 

Figure 11. The residual block unit used in Res-U-Net. BN is the batch normalization 

operation. 
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Figure 12. The architecture of Res-U-Net. The dark blue boxes indicate the stack of 

feature maps; the number above each blue box is the number of channels and the number 

on the left denotes image width and height in pixels. Different colors of arrows represent 

different operations. 
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3.3.2 Implementation Environment and Hyperparameters 

The models were implemented in Python programming language, using Keras 

framework40 and computer hardware configurations of a NVIDIA GeForce GTX 1060 

GPU, Intel Core-i7 CPU and 32 GB of RAM. The models were trained for 100 epochs, 

with a batch size of 8 samples, an initial learning rate of 10-3, and Adam gradient descent 

optimization algorithm41 to minimize the loss function. Batch size is defined as the total 

number of training examples present in a single training iteration, and when an entire 

dataset is passed forward and backward through the neural network once, it is called 

one epoch. 

3.3.3 Loss Function 

Since the number of pixels contains the nodule is significantly lower than the 

number of background pixels in a CXR image; i.e. there were much more class 0 labels 

than class 1 labels, FL was selected as the loss function used for training; the detailed 

explanation and formula was mentioned in section 2.5. The loss was averaged over all 

pixels in the image. An additional Res-U-Net model was trained with binary cross 

entropy and the performance of Res-U-Net with two different loss functions were 

compared. 

3.4 Model Evaluation 

The trained network models were saved as h5 files, and the test image set were 

imported into Python and saved as numpy arrays. Predictions were made using Keras 
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framework. The predicted output was compared with ground truth label, and precision 

and recall were calculated and plotted with scikit-learn package42 in Python. The details 

of the test images and evaluation methods are described in the following section. 

3.4.1 Test Images 

After training, test images were passed to the model to make prediction. Test 

images were also generated from XCAT phantom, masked, and normalized. To evaluate 

the effect of nodule size, number, location, adjacency on model performances, the test set 

included subset of: single nodule with diameters of 3, 5, 7, 10, 15, 20, 25, 30 mm at the 

same location, multiple nodules (4-8) with random location and diameters of 10 mm, 

two adjacent 10 mm nodules, and multiple 10 mm nodules which overlapped with heart, 

diaphragm and spine (Figure 13). 
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Figure 13. Some examples of the test images. The first, second, third and the 

fourth row demonstrates the test image of multiple nodules, adjacent nodules, 

overlapping nodules and a 30 mm nodule, respectively. 

3.4.2 Evaluation Methods 

For each test image, the prediction output is also a greyscale image, and each 

pixel in the image has a numeric value between [0, 1], which stands for the probability of 

nodule of that pixel. To evaluate the performance of the models, precision and recall 

(also called sensitivity) were calculated by comparing with the ground truth values. 

Precision indicates the fraction of positive prediction is truly nodule; recall gives the 

fraction of nodule is detected among all the pixels including nodules. The formulas are 

listed below: 
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Recall =
True positive

True positive + False negative
=

True positive

Actual positive
 

 

Afterwards, for test images, a precision-recall curve was plotted for each model 

to evaluate and compare their performances. Precision-recall curve summarizes the 

trade-off between the true positive rate for a model at different probability thresholds 

(Figure 14). It is suitable for data with large class imbalance as it remains unaffected by 

true negative values. In CXR images, the number of pixels containing the nodule (class 1) 

is far less than the number of background pixels (class 0), and true negative values are 

less concerned. Average precision (AP) is the area the under precision-recall curve, 

which summarizes the mean of precisions at each threshold. It could be calculated by 

the formula: 

AP =   Rn − Rn−1 ∙ Pn

N

n=1

 

 

Where Pn and Rn are the precision and recall at the nth threshold, and N is the number of 

actual positive count in the dataset. 

Furthermore, predicted coordinates and diameter of a nodule could also be 

obtained. The predicted image was converted to binary image by using a threshold of 

0.5. The connected components were extracted and assigned with different labels 

afterwards, as nodules were usually isolated and well-separated from background. The 

abscissa and the ordinate of the center of each nodule in Cartesian coordinate system, as 



 

33 

well as its diameter in the images were calculated by the MATLAB regionprops 

function.43 It computed the center by averaging pixels’ coordinates for all the pixels with 

the same label. For coronal CXR image, the horizontal and vertical axes were right/left 

direction and superior/inferior direction, respectively. For lateral CXR image, the 

horizontal and vertical axes were anterior/posterior direction and superior/inferior 

direction, respectively (Figure 15). With the coordinate information obtained from both 

coronal and lateral view, the nodule could be localized in the 3D space. The root mean 

square error (RMSE) was then calculated to measure the error of predictions. The 

formula of RMSE could be expressed as: 

RMSE =  
1

2
[ 𝑥𝑝𝑟𝑒𝑑 𝑖𝑐𝑡𝑒𝑑 − 𝑥𝑡𝑟𝑢𝑒  

2
+  𝑦𝑝𝑟𝑒𝑑 𝑖𝑐𝑡𝑒𝑑 − 𝑦𝑡𝑟𝑢𝑒  

2
] 

 

Where x is the horizontal coordinate and y is the vertical coordinate of the nodule, 

respectively. 

The results contained three parts to compare the model performances: Firstly, the 

number of epochs to start converging, precision and recall of validation set after 100 

epochs of each model were tabulated. Then, for single nodule with different sizes, AP, 

predicted coordinates and predicted diameters were tabulated; also, the precision-recall 

curves were plotted. Finally, for multiple nodules with different locations, AP were 

calculated and the precision-recall curves were plotted. 
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Figure 14. Example of a precision-recall curve which illustrates trade-off 

between the precision and recall. The average precision is the area under the curve. 

 

Figure 15. The original image and the corresponding coordinate plane. For 

lateral image, the coordinates are [y, z]; for coronal image, the coordinates are [x, z]. 
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4. Results 

4.1 Precision and Recall After 100 Training Epochs 

The training precision and recall of models after 100 training epochs with coronal 

CXR images and lateral CXR images were summarized in table A and B, respectively. 

The epoch to converge was defined as the epoch which the value of validation precision 

and recall both started to exceed 0.1. Additionally, Figure 16 shows the training 

precision and recall of 3 models trained with coronal CXR images versus training epoch. 

Overall, deepening the network and using weight loss function both resulted in a better 

model performance, and residual units could accelerate the convergence speed during 

training. Comparing Table 1 and Table 2, in general, the coronal image model has better 

performance on precision and recall. For coronal image, Res-U-Net had the highest 

precision and recall; for lateral image, Res-U-Net and U-Net had comparable precision, 

but the recall of U-Net was slightly higher. Figure 17 shows some examples of prediction 

of nodules of same test images by simplified U-Net, U-Net and Res-U-Net. It could be 

noticed that Res-U-Net demonstrated a clearer outline of nodule and less false positive 

prediction in some cases. 
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Figure 16. The training precision and recall of (a) simplified U-Net, (b) U-Net 

and (c) Res-U-Net trained with coronal CXR images versus training epoch. 

Table 1. Comparisons of different models on converging speed, precision and 

recall for coronal XCAT CXR image dataset. 

Model 
# of epoch to 

converge 
Validation precision Validation recall 

Simplified U-Net 18 0.972 0.802 

U-Net 10 0.990 0.945 

Res-U-Net 5 0.991 0.954 

Res-U-Net 

(BCE loss) 
9 0.970 0.950 

 

Table 2. Comparisons of different models on converging speed, precision and 

recall for lateral XCAT CXR image dataset. 

Model 
# of epoch to 

converge 
Validation precision Validation recall 

Simplified U-Net 35 0.971 0.802 

U-Net 15 0.989 0.939 

Res-U-Net 7 0.987 0.918 

Res-U-Net 

(BCE loss) 
10 0.974 0.869 
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Figure 17. Examples of predicted outcome of three different models. (a) represents the 

masked test image, (b) denotes its corresponding ground truth of nodule, (c) – (e) are 

the prediction from 3 purposed models. The red box in the first and third column 

showed that Res-U-Net demonstrated a clearer outline of nodule and less false 

positive prediction. 

4.2 Average Precision for Nodules with Different Sizes 

The test set to evaluate the effect of different nodule size contained one single 

nodule with diameters of 3, 5, 7, 10, 15, 20, 25, 30 mm at the same location. Table 3 shows 

that none of the network were capable for detecting 3 mm nodule, also simplified U-Net 

has a poor detection on 5 mm nodule for both coronal and lateral models and a 

relatively low AP on 7 mm nodule compared to other models. The Res-U-Net for lateral 

images could not detect 5 mm nodule well, but its performance was comparable with 

other deep U-Net for 7 mm nodule. All models could detect nodules above 10 mm with 

high AP (>0.979). Furthermore, although the training dataset did not contain any 30 mm 

nodule, it could still be detected with high AP (>0.98). From Table 4, it could be observed 

that the Res-U-Net for coronal images had the most accurate coordinates among all six 
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models. However, the accuracy did not agree well with the AP in table 3. It could also be 

noticed that the coordinates could still be precisely calculated even the model had a 

lower AP. From Table 5, for coronal images, Res-U-Net had the best performance among 

the three models, especially in 5 and 7 mm nodules. For U-Nets and Res-U-Nets, the 

errors are all within ±1mm. However, the calculated diameters accuracy did not highly 

match the AP. The precision-recall curves for each single nodule of different models are 

attached in the appendix A. 

Table 3. The average precision of model versus different nodule diameter at 

same location. 

Nodule 

diameter 

(mm) 

Average precision (AP) of model 

Coronal Lateral 

Simplified 

U-Net 
U-Net Res-U-Net 

Simplified 

U-Net 
U-Net Res-U-Net 

3 0.000 0.002 0.001 0.000 0.001 0.001 

5 0.060 1 1 0.032 0.960 0.381 

7 0.888 1 1 0.947 0.991 0.992 

10 0.979 0.999 0.999 0.988 0.999 0.999 

15 0.997 1 1 0.999 0.999 0.999 

20 0.995 0.999 1 0.998 0.999 0.997 

25 0.999 0.998 0.997 0.995 0.987 0.999 

30 0.994 0.997 0.999 0.998 0.999 0.999 
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Table 4. The predicted coordinates and corresponding root mean square error 

(RMSE) from each model. The ground truth value of nodule coordinates is (x,y,z) = 

(97,114,60). 

Nodule 

diameter 

(mm) 

Coordinates (x,z) Coordinates (y,z) 

Coronal Lateral 

Simplified 

U-Net 
U-Net Res-U-Net 

Simplified 

U-Net 
U-Net Res-U-Net 

3 NA1 NA (105.71,83.86) NA NA NA 

RMSE NA NA 25.400 NA NA NA 

5 NA (97.29,60) (97,60) NA (114,60.29) NA 

RMSE NA 0.290 0 NA 0.290 NA 

7 (96.92,59.62) (97,60) (96.95,59.9) (114.13,59.47) (114.22,60.5) (114,59.67) 

RMSE 0.388 0 0.112 0.546 0.546 0.330 

10 (96.97,59.59) (97,60) (97,60) 
(114.27,59.83

) 
(114,60) (114,59.91) 

RMSE 0.411 0 0 0.319 0 0.090 

15 (96.95,59.79) (96.98,60.18) (97,60) (114,60) (114.13,60.27) (114.04,60.06) 

RMSE 0.216 0.181 0 0 0.300 0.072 

20 (97.16,59.63) (96.92,60.06) (97,60) (113.88,60.22) (114,60.4) (114,60.12) 

RMSE 0.40 0.100 0 0.251 0.400 0.120 

25 (97.07,59.80) (96.86,60.14) (96.9,60.05) (113.79,60.28) (113.89,60.19) (114.07,60.05) 

RMSE 0.212 0.198 0.112 0.350 0.220 0.086 

30 (96.85,59.99) (96.82,59.88) (96.92,59.86) (113.85,59.94) (113.87,60.21) (114.11,60.07) 

RMSE 0.150 0.216 0.161 0.162 0.247 0.130 

 

 

 

 

                                                      

1 NA: The model was not capable for predicting a closed area in this scenario; thus the coordinates and 

diameters could not be calculated. 
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Table 5. The predicted diameters from each model. 

Nodule 

diameter 

(mm) 

Predicted diameter (mm) 

Coronal Lateral 

Simplifie

d U-Net 
U-Net 

Res-U-

Net 

Simplifie

d U-Net 
U-Net 

Res-U-

Net 

3 NA NA 4.703 NA NA NA 

5 NA 4.521 5.000 NA 4.521 NA 

7 5.855 6.513 6.890 6.025 6.576 6.591 

10 9.692 10.000 10.000 9.917 10.000 10.156 

15 13.905 14.718 15.000 15.000 14.492 15.130 

20 20.207 19.836 20.000 20.053 19.047 19.668 

25 24.018 24.412 24.488 24.488 24.334 24.736 

30 29.523 29.771 29.715 29.495 29.156 29.334 

 

4.3 Average Precision for Nodules with Different Locations 

Each image contained 4 to 8 nodules with 10 mm diameter randomly located in 

the lung field; an image with four 10 mm nodules overlapping with other anatomic 

structure and an image with two adjacent 10 mm nodules was also presented to verify if 

the models were capable to distinguish and separate them. Table 6 demonstrated the AP 

of each model. In coronal models, nodule overlapping with the rib could still be detected 

with high AP. However, nodules overlapped with the heart, diaphragm and spine could 

hardly be detected. Moreover, nodules close to the edges of lung remained difficult to 

distinguish (Figure 18.(a) and (c)). For a lateral image with 4 nodules, one nodule was 

overlapped with spine and was close to spinous process; none of the models could 

successfully detect it (Figure 18.(c)). For the image with 4 overlapping nodules, 
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simplified-U-Net was the lateral image model with the highest AP (Figure 18.(b)). From 

Table 6, all models could detect and separate adjacent 10 mm nodules well (AP>0.916 for 

simplified U-Net, AP>0.985 for U-Net architecture). The precision-recall curves for 

multiple nodules of different models are attached in the appendix B. 

Table 6. The average precision of model versus different nodule number and 

location for 10 mm nodules. 

Number of 

nodules 

Average precision (AP) of model 

Coronal Lateral 

Simplified 

U-Net 
U-Net Res-U-Net 

Simplified 

U-Net 
U-Net Res-U-Net 

4 0.957 0.999 0.999 0.732 0.753 0.753 

5 0.988 0.993 1 0.959 0.997 0.997 

6 0.989 0.999 0.999 0.887 0.988 0.979 

7 0.964 0.999 0.999 0.873 0.995 0.991 

8 0.890 0.979 0.920 0.733 0.792 0.669 

2 

Adjacent 
0.938 0.993 0.999 0.968 0.998 0.993 

4 

Overlapping2 
0.936 0.956 0.994 0.700 0.618 0.661 

4 0.957 0.999 0.999 0.732 0.753 0.753 

 

                                                      

2This is the image containing 4 nodules overlapped with other anatomic structures; for coronal image, only 2 

nodules were visible after masked. 
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Figure 18. Some examples of the failed prediction in testing set. From left to 

right, each row contains a ground truth label of the image, a prediction from 

simplified U-Net, U-Net and Res-U-Net, respectively. 
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5. Discussion 

The results demonstrated the advantage of a deeper network in detecting small 

nodule. Additionally, residual unit could significantly accelerate training model to 

converge, as assumed. For coronal image models, Res-U-Net achieved a better 

performance on both precision and recall than the plain U-Net. However, for lateral 

models, the Res-U-Net had a worse performance on recall, which was around 2% lower 

than the plain U-Net (Table 2). Moreover, although deeper networks showed better 

capability of detecting small nodules in general, there was one nodule in the lateral test 

image which overlapped with spine and rib (Figure 18.(b)) that could not be detected by 

the plain U-Net. This may be caused by the overfitting of the model, which fit the 

training set well but failed to achieve the same performance on validation set due to the 

complexity of the model. There are many methods to prevent overfitting. For instance, 

regularization technique could be applied to suppress irrelevant features. Another way 

is using early stopping method to stop model training when new iterations have no 

improvement on validation set. The other way is model ensembling, which averaging 

out the predictions from multiple models to improve overall performance. 

Overall, models trained with coronal CXR images had better performances in 

recall. This could be caused by the fact that in lateral view, most lung field is overlapped 

with heart and thorax vertebrae, thereby decrease the contrast between nodule and the 

background. The test image set also demonstrated that coronal models were more stable 
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in detecting multiple nodules in different region, and nodules overlapping with 

vertebral body on lateral image could hardly be detected. In clinic, usually only coronal 

view is performed routinely. The necessity of lateral view CXR in standard procedure 

has been argued for decades44. Some studies suggested that 3-5% of lung cancers lesions 

could only be seen in the lateral projection and 5–17% could be observed better 

laterally45-47. On the other hand, there were also research showed that additional lateral 

CXR had no significant benefit over solitary nodule48, 49. If only considering the detection 

of solitary pulmonary nodule, coronal CXR could be used as the primary tool and lateral 

CXR is performed only if the results from coronal view are questioned. Nevertheless, the 

effect of lateral view in the case of several small nodules is still unknown49.  Moreover, 

judgement of the radiologist is not only done by nodule presentation and lateral CXR is 

reported to have advantages in confirming lobar collapse or consolidation and pleural 

fluid50, 51. In coronal view, only 73.6% of the total lung volume is presented, and 57% of 

the total lung area is not obscured by anatomical structures.52 The disagreement of two 

views could be caused in nodules presenting in the “blind zones” in coronal view. The 

blind zones include apices, hila, retro-cardiac and sub-diaphragmatic spaces.44, 50 

Thereby, lateral view could be potentially helpful when nodules are hidden by the heart, 

sternum or diaphragm. The heart region was masked in coronal training image set, so 

the coronal models were not capable of detecting retro-cardiac nodules; but lateral 

models could detect them. Biplanar images holds the advantages of providing 3D 
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localization information and thus temporal changes could be computed if the nodule is 

confirmed identical on previous and current CXR images. Nevertheless, the lung field 

fusion should be considered before calculating nodule coordinates, also the temporal 

subtraction of images could potentially provide additional information in nodule 

detection. 

The models demonstrated the ability of detecting nodules with numbers and 

sizes differed from the training dataset; this indicated that the models could extract 

certain patterns of the nodules. However, all the models failed in detecting 3 mm 

nodules. Each 3 mm nodule was only around 3 pixels in the 256x128 image; which was 

not even enough to form a round or oval shape. 3 mm nodules appeared as rectangle 

shapes instead. The kernels in CNN were expected to detect curved margins; which 

were not showed in the rectangle shape. Moreover, down-sampling operations could 

eliminate the presence of nodule in deeper convolutional layers if it was too small. 

Additionally, simply 3 mm nodules were too subtle that may lack sufficient information 

to distinguish them from background. These could be the potential reasons of model 

failure when nodule diameters decreased. It is challenging to detect nodules smaller 

than 5mm without a high false positive rate, so the trade-off between the precision and 

sensitivity should be taken into consideration. In clinic, nodules smaller than 3 mm are 

not considered relevant for cancer screening, and the prevalence of lung cancer in 

patient with pulmonary nodules smaller than 5 mm is less than 1%.53 Henschke et al. 
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also reported that 77% of nodules smaller than 7 mm were calcified, and most small 

nodules visible on CXR are likely to be benign.23, 54 Since subtle nodules (<5 mm) could 

hardly be detected, finding nodules at certain locations that malignancy is likely to occur 

may be more important and practical than detecting small nodules. 

In XCAT phantom CXR images, the number of nodules has little effect on AP, 

but the locations could have a significant impact. In addition, overlapping of nodules 

with ribs did not affect the detection in phantom data, but it could be a problem in real 

patient radiographs as there are more variations in anatomic structure and positioning. 

Based on statistical data, 70 % of malignant nodules are located in the upper lobes55 and 

they occur more frequently in the right lung56, they are also commonly found in the 

periphery with pulmonary fibrosis.57 Unfortunately, nodule detection performance in 

these regions is highly affected by the overlapping with clavicles, ribs and diaphragm; 

those anatomic noises caused by overlapping hugely increase the difficulty of nodule 

detection. Thus, the future study could be focus on increasing detection capability of 

nodules in those regions. To solve the problem, several pre-possessing approaches could 

be applied, such as lung segmentation, suppressing bone signals, and enhancing image 

contrast, before feed CXR images into CNNs. However, those pre-possessing techniques 

are still time-consuming, a deep CNN that minimize pre-possessing process would be a 

breakthrough. Another way is to identify the images in the dataset with nodule in the 

high-risk regions, such as lung apices and the central lung parenchyma, and mark them. 
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By apply a weight to these cases, making them contribute more to the loss function and 

thereby increase their importance in CNNs. 

The models tended to make negative prediction as the precision was higher than 

recall. However, the precision and recall were overestimated as XCAT data applied the 

same lung shapes and ignored the differences in anatomic structure variation, patient 

positioning as well as the image noises. In reality, CXR image quality could be decreased 

by rotation or tilting of the patient, shifted thoracic center, inaccurate projection angle, 

inappropriate exposure energy setting or instrumental limitations. Moreover, the XCAT 

model only yields round shape and homogenous nodules, the physiological changes 

such as increased lung lobes, pleural effusion and vacuole sign are also not considered. 

Although pulmonary nodule is often appeared as small and rounded opacity, it could be 

associated with irregular or spiculated margins, solid or semi-solid content.58 The ill-

defined nodule edges limited the labeling accuracy in the existing dataset and could 

limit the performance of models with pixel-wise segmentation approaches. Thus, the 

feasibility of applying a pixel-wise prediction in real CXR cases need to be further 

studied. 

Furthermore, a simple ray-sum algorithm was used to generate DRR in this 

study. This could affect the detection results by neglecting the magnification and 

distortion due to source-to-object distance. In addition, the lung markings were 

relatively obscure, therefore the effect of nodules overlapping with the pulmonary 
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vessels could be underestimated. XCAT images was assumed acquired at energy of 140 

kV. This led to a higher ratio of Compton effect and thereby reduce the soft-tissue 

contrast. To improve the quality of DRR, Montúfar et al. recommended a reconstruction 

using Radon transform with cone beam geometry, which had the most similar image to 

the conventional radiograph34. The DRR could be further processed by algorithms that 

simulate the image with contrast close to conventional CXR or modify the visibility of 

specific anatomic structures59. 

Potentially, ML techniques like CNN and generative adversarial networks (GAN) 

could be applied to implant irregular shape and inhomogeneities into nodules or adding 

noises into CXR images. Furthermore, data augmentation operations, e.g. rotation, 

shifting and transformation, could simulate patient positioning and anatomic variances. 

In addition, transfer learning technique could be applied to compensate the problem of a 

small existing dataset and reduce computation costs. It utilizes NNs with weights that 

trained on a large dataset, with a fine-tune on the last few layers, the feature patterns 

could be adapted to different tasks. To increase the number of training datasets, 

projecting from CT image data could create CXR images with clear nodule annotation, 

as there are more CT datasets with nodule coordinates annotated available. Lateral CXR 

images and images with associated lung symptoms could be acquired from the same 

approach. Finally, coronal CXR images are more feasible in training a CNN to detect 

nodules, but features such as the other lung abnormalities, patient histories, or 
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probabilities of nodule from another view along certain height could be extracted and 

concatenated with the CNN model to evaluate if the performance could be improved.  
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6. Conclusion 

In XCAT phantom dataset, Res-U-Net CNN architecture trained with weighted 

loss showed the capability in detecting and localizing 5 mm nodules. Overall, models 

trained with coronal images provided better detection result than lateral images, but 

their outputs could be combined to obtain nodule localization information in 3D. The 

number of nodules and adjacency of nodules has no prominent effect on detection; 

however, models were prone to failure when the nodule was too small (< 5 mm), was 

close to the edges of lung, or was overlapped with moderate to high density anatomic 

structure. 
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Appendix A 

(a) 

 

(b) 

 

(c) 
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(d) 

 

(e) 

 

(f) 
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(g) 

 

(h) 

 

Precision-recall curve of coronal models (left) and lateral models (right) for test 

images with (a) 3 mm, (b) 5 mm, (c) 7 mm, (d) 10 mm, (e) 15 mm, (f) 20 mm, (g) 25 mm, 

and (h) 30 mm diameter nodules, respectively. 
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Appendix B 

(a) 

 

(b) 

 

(c) 
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(d) 

 

(e) 

 

(f) 
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(g) 

 

Precision-recall curve of coronal models (left) and lateral models (right) for test 

images with (a) 4 nodules, (b) 5 nodules, (c) 6 nodules, (d) 7 nodules, (e) 8 nodules, (f) 4 

nodules overlapped with other anatomic structures, and (g) 2 adjacent nodules, 

respectively. 
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