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Lung disease analysis in chest X-rays (CXR) using deep learning presents significant challenges due to 
the wide variation in lung appearance caused by disease progression and differing X-ray settings. While 
deep learning models have shown remarkable success in segmenting lungs from CXR images with 
normal or mildly abnormal findings, their performance declines when faced with complex structures, 
such as pulmonary opacifications. In this study, we propose AMRU++, an attention-based multi-
residual UNet++ network designed for robust and accurate lung segmentation in CXR images with 
both normal and severe abnormalities. The model incorporates attention modules to capture relevant 
spatial information and multi-residual blocks to extract rich contextual and discriminative features 
of lung regions. To further enhance segmentation performance, we introduce a data augmentation 
technique that simulates the features and characteristics of CXR pathologies, addressing the issue of 
limited annotated data. Extensive experiments on public and private datasets comprising 350 cases 
of pneumoconiosis, COVID-19, and tuberculosis validate the effectiveness of our proposed framework 
and data augmentation technique.

Lung diseases are one of the leading causes of death and disability worldwide1,2. Recently, the COVID-19 
pandemic killed many people and burdened healthcare systems3,4. Chest X-ray (CXR) images are widely used 
for analysis of many pulmonary diseases due to low radiation dosage, availability, and low cost5,6. Due to the 
subtle features of lung diseases, and proximity of other anatomical regions, accurate lung segmentation is an 
important step of chest X-ray image analysis for lung disease diagnosis5,7. For segmentation tasks, manual image 
annotation, and particularly at pixel-level, is labor- intensive, tedious, time consuming, and thus expensive. High 
inter-observer and intra-observer variations have been reported due to blurred lung boundaries8,9. An automatic 
robust lung segmentation tool would be valuable to enable computer-aided diagnosis in detecting and analyzing 
pulmonary disorders, monitoring their progression, and recovery for improved patient outcomes.

In this study, we focus on lung segmentation in challenging CXR images that include pneumoconiosis, 
COVID-19, and tuberculosis. This task is especially challenging due to the complexity of the images and scarcity 
of annotated data. For example, inhalation of respirable particles, like coal dust, can lead to inflammation in 
the lungs, known as pulmonary opacification2. CXR images with such opacifications have ambiguous lung 
boundaries and therefore are difficult to segment7,8. Patient age, co-morbidities, poor contrast, artefacts, and 
overlapping of the lungs with other anatomic structures, such as heart and rib cage, also contribute to the 
challenge of lung segmentation7. Finally, the lack of standardised acquisition and limited availability of public 
dataset with annotation, often hamper the performances of machine learning based system2. In Fig. 1, some 
examples of CXR images with pneumoconiosis, COVID-19, and tuberculosis are shown. The main contributions 
of this work are summarised as follows: 

	1.	� Addressing the challenging problem of segmentation of lungs with severe abnormalities, especially pulmo-
nary opacification. Most studies have worked on segmenting images with normal or mild conditions8,10, 
while this work addresses the segmentation of severely diseased lungs.

1School of Computer Science and Engineering, University of New South Wales, Sydney, Australia. 2CSIRO Data61, 
Sydney, Australia. 3Department of Radiology, St Vincent’s Hospital Sydney, Darlinghurst, NSW 2010, Australia. 
4Department of Thoracic Medicine, St Vincent’s Hospital Sydney, Darlinghurst, NSW 2010, Australia. 5School of 
Electrical Engineering & Robotics, Queensland University of Technology, Brisbane, QLD 4001, Australia. email: 
md_shariful.alam@unsw.edu.au

OPEN

Scientific Reports |        (2024) 14:28983 1| https://doi.org/10.1038/s41598-024-79494-w

www.nature.com/scientificreports

http://www.nature.com/scientificreports
http://crossmark.crossref.org/dialog/?doi=10.1038/s41598-024-79494-w&domain=pdf&date_stamp=2024-11-22


	2.	� Development of a novel deep learning-based model, suitable for challenging medical image segmentation 
tasks, including cases with ambiguous lung boundaries.

	3.	� Introducing a novel data augmentation technique to simulate the features and characteristics of CXR images 
with complex structures, particularly clusters of lesions. The effectiveness of the proposed data augmentation 
technique is demonstrated by training the model on a small number of CXR images with normal or mild 
abnormalities and testing on independent data sets that contain images with various conditions including 
extreme cases of opacification and low-quality images.

Related works
This section presents related work for segmentation models and data augmentation techniques.

Segmentation models
Lung segmentation in CXR images has received substantial attention7–9, however it remains a challenging 
problem, especially for pathological lungs with blurred lung boundaries8,10. Using convolutional networks, 
Ronneberger et al.11 proposed a U-Net architecture that has achieved remarkable success for lung segmentation 
and that we considered state-of-the-art (SOTA). In our experiment, that model (U-Net) does not always work 
consistently on images with complex abnormalities, which might be due to identified limitations, including the 
semantic gap between the encoder and decoder caused by skip connections, and the loss of spatial information 
due to repetitive down-sampling operations12,13.

Several variations of U-Net have been proposed14,15. UNet++13 solved the semantic gap problem by 
redesigning the U-Net architecture with nested and dense skip connections. Oktay et al.16 proposed Attention 
U-Net to improve the performance of medical image segmentation. They modified U-Net using an attention 
gate to focus on target structures of various shapes and sizes. MultiResUNet17 is another extended version of 
U-Net that replaced the convolutional layers of the standard U-Net architecture with MultiRes blocks, each of 
which consists of convolutional layers with different kernel sizes and a residual connection to extract multi-
scale features. Dual Channel U-Net (DC-UNet)18 is another potential successor to the U-Net model, which 
is based on the concept of different-scale features and residual connections. The authors reported improved 
segmentation performance compared to the SOTA model, particularly on challenging images. Based on the 
Deep Residual U-Net (ResUNet), Jha et al.12 designed ResUNet++ to segment medical images. They claimed 
significant improvement of segmentation performance using this architecture compared to U-Net and ResUNet. 
In 2023, Xu et al. introduced DCSAU-Net19, a deeper and more compact split-attention U-shaped network, 
for medical image segmentation. Recently, Dai et al.20 developed a dual-path U-Net with rich information 
interaction for medical image segmentation. In this paper, we refer to this network as I2U-Net for convenience. 
Different from these studies, in this work we aim for accurate lung segmentation in challenging CXR images by 
capturing rich context information through attention gate and our proposed multi-scale residual block that can 
capture multi-scale information at a granular level.

Data augmentation techniques
Deep learning networks trained on a small number of CXR images perform poorly on unseen test images that 
contain variations not observed during training21. Specifically, when trained on CXR images with normal or 
mild opacities performance often degrades to segment other images with dense opacities due to large feature 
variations, as shown in Fig. 1. Data augmentation techniques attempt to address this issue21–23.

In 2017, DeVries24 introduced cutout, which is a regularisation technique that involves random masking of 
some regions of the input images to generate partially occluded versions of existing samples. Using this method, 
the authors showed improved robustness and overall classification performance of CNN-based networks. 

Figure 1.  Examples of chest X-ray images with symptoms of different lung disease; (a, b) Pneumoconiosis, (c) 
COVID-19 and (d) Tuberculosis. Red bounding boxes used to highlight the regions of blurred lung boundaries 
due to opacities.
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Varkarakis et al.23 explored the effectiveness of different data augmentation techniques for iris segmentation. 
Due to the lack of training samples with ground truth, they simulated the effects of real-world conditions in 
iris images with different techniques including varying image contrast, spatial stretching, and tilting. Bae et al.22 
used Perlin noise-based data augmentation to mimic different patterns of diffuse interstitial lung disease (DILD) 
in high-resolution computed tomography (HRCT) scans. They reported improved classification performance of 
deep neural networks with Perlin noise compared to several conventional augmentation methods. Unlike other 
studies, we explored the effects of different data augmentation techniques comprehensively on lung segmentation 
performance of challenging CXR images and proposed a new data augmentation technique.

Methodology
In this section, details of the proposed attention-based multi-residual UNet++ (AMRU++) network are 
provided, followed by the description of the proposed data augmentation technique for lung segmentation on 
CXR images.

Proposed network architecture
For segmenting challenging images, there is a gap between the results provided by radiologists and those 
produced using CNN. This could be due to the fixed geometric structures of convolution blocks, which may not 
capture optimal spatial features, and the loss of spatial information due to consecutive pooling and convolution 
striding operations8,12,13. This can in turn affect the segmentation of lungs with blurred boundaries caused by 
poor image quality or pathological conditions. A solution to the information recession problem is to extract 
multi-scale contextual features and concatenate them into a dense feature map25. Extraction of discriminative 
features and rich semantic context information is critical to segmenting images with complex structure26.

Several feature extraction blocks have been proposed17,25,27,28. He et al.29 introduced the residual block that 
alleviates the vanishing gradient problem, propagates low-level fine details, and converges faster. Ibtehaz et 
al.17 and Li et al.25 proposed a multi-scale residual block to extract rich contextual features to improve model 
performance. Different from these studies, our proposed block can capture multi-scale information at a granular 
level and focus on relevant important information through an attention module that is found to be effective for 
lung segmentation. Both Squeeze-and-Excitation (SE)27 and attention gate (AG) modules16 can focus more on 
essential features of varying shapes and sizes, which are necessary in biomedical image segmentation30.

Motivated by the success of UNet++13 and different feature extraction blocks, a framework for robust lung 
segmentation called AMRU++ is proposed, and depicted in Fig. 2a, where the UNet++13 architecture is used as 
the baseline. A soft attention gate (AG) module30 is inserted between convolution blocks to focus relevant spatial 
information from the encoder path and propagate information to the decoding path. To extract discriminative 

Figure 2.  (a) Architecture of the proposed AMRU++ network for medical image segmentation (b) multi-scale 
residual (MR) block.
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features, the basic building blocks in the UNet++ architecture13 are replaced with the proposed multi-scale 
residual block (Fig. 2b), now discussed.

Multi-scale residual (MR) block consists of two-bypass networks that use different dilation rates and a 
convolution kernel of the same size [3 × 3]. To take advantage of multi-scale feature extraction at the granular 
level, the input feature map of xi is split into two equal parts xi1 and xi2 empirically- the latter are two subsets 
of xi with the same spatial size and half the number of channels. For the first group of feature maps xi1, the 
standard convolution operation (dilation rate = 1) is used; for the second group of feature maps xi2, a convolution 
operation with a dilation rate = 2, chosen empirically, is used to extract features using large size receptive fields. 
To extract rich contextual information, features from the two groups are shared with each other. The operations 
of the bypass networks can be defined by the following transformations:
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where β(·) denotes the batch normalisation function and σ(·) represents the rectified linear units (ReLU) 
activation function. Batch normalisation is used before activation to speed up network convergence12. Similarly, 
w and b are the weights and biases respectively. The subscripts of w represent the convolution filter size [3 × 3] 
and the DR used in the layer, the superscripts represent the number of the layers at which they are located and 
[,] represents the concatenation operation. To focus on more informative features and discard redundant ones, 
an SE unit is inserted as follows:

	 f(xi) = ϵ(f12)� (4)

where f(·) represents the residual learning function that performs a nonlinear transformation with a series 
of operations, and ϵ(·) denotes the Squeeze-and-Excitation function. Finally, to increase the gradient flow, a 
residual connection is adopted for each block. Each MR block can then be expressed as follows:

	 xi+1 = σ(f(xi) + xi)� (5)

where xi and xi+1 represent the input and output of the i-th MR block. The operation f(xi) + xi is performed 
using elementwise addition. Both the input and output have the same resolution.

Proposed data augmentation method
The effectiveness of conventional data augmentation techniques (i.e., rotation, flip) on CXR images for 
segmentation was examined using the U-Net architecture11, (see Fig. 3 for illustrative examples). The CXR images 
were randomly rotated by selecting a rotation angle from the uniform distribution over (−15, +15) degrees, and 
the images were flipped along the X-axes. For shifting and scaling, factors of 0.05 and 0.05 respectively were used.

The cutout method, which randomly masks square regions of images, can simulate extreme levels of 
opacification that obscure lung areas. However, this technique was initially designed for natural images, such as 
those in the CIFAR10 and SVHN datasets. To better mimic features caused by lesions in the medical imaging 
domain, the standard cutout algorithm is modified and is referred to as Selective Cutout (Scutout). Scutout 
creates an equal number of masked regions (referred to as holes) in both the left and right lungs, with 20% of the 
holes placed inside the lungs and 80% along the lung borders (see Fig. 3). In this study, Scutout is also referred 
to as the proposed data augmentation technique.

Materials and system implementation
This section describes the datasets used in this study and the experimental setup.

Datasets
In our study, five CXR datasets were used for comparison and their details are summarized in Table  1. For 
lung segmentation, all models were developed on a combined dataset (denoted as MJ) from Montgomery32 

Figure 3.  Examples of augmented images (b–f) generated from a normal image (a) using various data 
augmentation techniques. (b) Rotation, (c) Flip, (d) Scale, (e) Cutout, and (f) Scutout (proposed).
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and Japanese Society of Radiological Technology (JSRT)31, and consists of 385 CXR images (138+247). We 
observed that most of the lung regions in the MJ datasets are normal or have mild disease conditions. However, 
in real life scenarios, lung diseases like pneumoconiosis can cause severe lung damage34; therefore, we used 
three independent test sets that contain images with more challenging conditions with severe lung damage. The 
Shenzhen set32 dataset contains X-rays images showing manifestations of tuberculosis. We used 100 abnormal 
images from the Shenzhen set dataset to evaluate the performance of lung segmentation. We used an additional 
publicly available COVID-19 dataset33, containing 50 CXR images, referred to as COVID.

Furthermore, we incorporated a private pneumoconiosis dataset named GMH, comprising 200 CXR images 
obtained from Good Morning Hospital, South Korea. In contrast to the COVID dataset, the images from the 
GMH dataset presented greater challenges due to the presence of opacities of different sizes and shapes, existence 
of other diseases, and the fact that many of the X-ray images were acquired from aged patients. The publicly 
available datasets, MJ and Shenzhen set, came with ground truth annotations. Two radiologists from St Vincent’s 
Hospital (Sydney) assisted us to obtain ground truth masks for the remaining 250 CXR images (50 images from 
the COVID dataset and 200 images from GMH).

Experimental setup
All experiments were run on a Dell C4140 server in a High-Performance Computing (HPC) cluster with 4 × 
Nvidia V100 GPUs, 2 × Intel Xeon 6130 CPUs, and 192 GB RAM (12 × 16 GB). TensorFlow35 was used to 
implement the proposed model. We investigated the performance of different models using both default and 
customised hyperparameters. For example, learning rates ranging from 4 × 10−2 to 4 × 10−6 and batch sizes 
of 4, 8, and 16 were explored. While the performance was comparable across different hyperparameter settings, 
we observed slightly better results with a learning rate of 4 × 10−4 and a batch size of 8. For all networks, Adam 
optimiser36 was used to optimise the network with batch size 8 and trained for 50 epochs. The initial learning 
rate was set to 4 × 10−4. An early stop technique was used to avoid overfitting and save training time. To reduce 
the memory and computation overhead, all images were down sampled to size 256 x 256. We evaluated the 
models using Dice similarity coefficient (DSC)26 and Jaccard Index (JI)26. To unify the contrast level of CXR 
images from different datasets, we used histogram matching. All training datasets were split using five-fold cross 
validation.

We examined the impact of both the number of augmented image ratios and the types of augmentation 
methods. Different augmented training sets were generated based on varying augmentation percentages. For 
instance, with a training set of 245 original images, 100% augmentation means that 245 augmented images 
were created and added to the original set, resulting in 490 (245+245) total images for model training. For 
lung segmentation, post-processing techniques were applied to fill gaps in the lung regions using a flood-fill 
algorithm37 and to eliminate small, irrelevant objects outside the lung field.

Ethics approval and consent to participate
CSIRO Health and Medical Human Research Ethics Committee, Australia, granted approval for this research 
(approval number: LR 22/2016), and waived a requirement of informed consent since data were evaluated 
retrospectively, pseudonymously, and was solely obtained for treatment purposes. All methods were performed 
in accordance with the relevant institutional guidelines and regulations, and all data used for the research are 
de-identified.

Results
This section presents the results of various models without data augmentation and with the application of data 
augmentation techniques.

Results without Augmentation
To evaluate the performance of different architectures, we first trained all models without applying any data 
augmentation techniques. Table 2 presents a comparison of the proposed AMRU++ model against other SOTA 
models across four datasets (with the Montgomery and JSRT datasets combined as one). The results show that, 
for images with normal or mild conditions, such as those from the MJ dataset, ResUNet++ performs the best, 
while the performance of our proposed AMRU++ is comparable. However, AMRU++ significantly outperforms 
all other models on the remaining test datasets. For images with mild to moderate conditions, such as those from 
the COVID and Shenzhen set datasets, performance is comparable among different networks though AMRU++ 
outperforms all other networks. In more challenging cases, such as the GMH dataset, the performance of other 
models declines notably, with the exception of I2U-Net. However, remarkable improvements are observed on 
the GMH dataset using the proposed AMRU++ architecture, where DC-UNet and DCSAU-Net achieved the 

Application Modality Datasets Symptoms Images

Lung Chest X-ray

JSRT31 Lung cancer 247

Montgomery32 Tuberculosis 138

Shenzhen set32 Tuberculosis 100

GMH Pneumoconiosis 200

COVID33 COVID-19 50

Table 1.  Summary of datasets used in this experiment.
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worst results. The images from the Shenzhen set and GMH datasets are challenging for segmentation due to 
blurred object boundaries, which negatively affects the performance of most models. Experimental results 
suggest that the AMRU++ architecture is especially effective in segmenting lungs from challenging images with 
blurred boundaries. This is likely due to the contextual information and strong discriminative features extracted 
through the multi-scale context and attention mechanisms, which are critical for medical image segmentation. 
Additionally, AMRU++ consistently excels across all datasets, while other models tend to perform well on some 
datasets but struggle on others, highlighting the robustness of the proposed architecture. However, the proposed 
architecture utilizes more parameters than other networks, making it computationally more expensive in terms 
of Floating Point Operations Per Second (FLOPs) (see Table 2).

Statistical analysis
To evaluate the effectiveness of our proposed model without data augmentation, we measured the statistical 
significance of the difference between model performances on three datasets: namely GMH, COVID, and 
Shenzhen set. Mann-Whitney U tests38, the nonparametric equivalent of the independent two-sample t-test, 
were used to measure the statistical differences in the segmentation performance of each pair of networks. The 
bubble plots in Fig.  4 present the statistical significance in terms of DSC. Statistical differences in terms of 
JI were similar to DSC and therefore omitted. In the figure, ‘no significance’ indicates that the difference is 
not statistically significant (p-value greater than 0.05), while bubbles of different colours and sizes represent 
four levels of significance (0.05, 0.01, 0.001, and 0.0001) measured by p-values. For the GMH dataset, the 
proposed architecture outperforms all other networks significantly with p-value < 0.0001 except I2U-Net. 
There is no statistically significant difference between AMRU++ and I2U-Net. For the COVID dataset, a 
significantly different score between AMRU++ and U-Net is observed (p < 0.05). There is no statistically 
significant difference between AMRU++ and (UNet++, AttentionUNet, ResUNet++, DCUNet, DCSAU-Net 
and I2U-Net) for this dataset. The proposed AMRU++ architecture outperforms all other architectures, except 
ResUNet++, DCSAU-Net and I2U-Net, at different significance levels, for the Shenzhen set dataset.

Figure 4.  Bubble plots showing statistical significance based on Mann-Whitney U test on each pair of 
networks in terms of DSC on three datasets. ‘no significance’ indicates not statistically significant, bubbles with 
different colours and sizes indicate different levels of significance calculated by p-values.

 

Method Year
Params 
(M)

FLOPs 
(G)

MJ GMH COVID Shenzhen set

DSC JI DSC JI DSC JI DSC JI

U-Net11 2015 7.76 24.1 0.9546 ± 1.93 0.9214 ± 2.88 0.8475 ± 2.38 0.7479 ± 3.39 0.9140 ± 0.98 0.8510 ± 1.35 0.9168 ± 1.05 0.8519 ± 1.60

U-Net++13 2018 9.03 58.4 0.9543 ± 2.76 0.9248 ± 3.62 0.8610 ± 1.59 0.7650 ± 2.21 0.9291 ± 0.56 0.8718 ± 0.86 0.9250 ± 0.34 0.8647 ± 0.47

AttentionUNet16 2018 0.84 16.5 0.9570 ± 2.08 0.9257 ± 2.82 0.8524 ± 1.83 0.7512 ± 2.65 0.9284 ± 0.27 0.8699 ± 0.48 0.9197 ± 0.61 0.8550 ± 1.05

ResUNet++12 2019 4.07 32.0 0.9655 ± 1.04 0.9367 ± 1.60 0.8598 ± 2.45 0.7679 ± 3.58 0.9317 ± 0.40 0.8765 ± 0.55 0.9217 ± 0.81 0.8619 ± 1.23

DC-UNet18 2021 10.06 39.2 0.9570 ± 2.69 0.9288 ± 3.40 0.8303 ± 0.74 0.7221 ± 1.24 0.9256 ± 0.99 0.8666 ± 1.56 0.9107 ± 1.04 0.8417 ± 1.68

DCSAU-Net19 2023 2.59 6.88 0.9632 ± 1.59 0.9342 ± 2.35 0.8336 ± 1.64 0.7430 ± 2.51 0.9220 ± 1.31 0.8647 ± 1.75 0.9255 ± 0.57 0.8683 ± 0.88

I2U-Net20 2024 6.75 3.57 0.9590 ± 2.10 0.9297 ± 2.79 0.8856 ± 1.17 0.8080 ± 1.58 0.9352 ± 0.57 0.8823 ± 0.87 0.9270 ± 0.75 0.8710 ± 1.02

AMRU++ 
(Proposed) 10.65 51.0 0.9628 ± 1.67 0.9346 ± 2.44 0.9097 ± 1.54 0.8403 ± 2.36 0.9422 ± 0.45 0.8930 ± 0.74 0.9338 ± 0.38 0.8797 ± 0.66

Table 2.  Comparison of segmentation performance across different models without data augmentation. 
Fivefold cross validation was used and the standard deviation were computed as percentages (%). The best 
results are indicated in bold.
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Ablation study
This subsection briefly describes the ablation study (Table 3) conducted to validate the individual contribution 
of different strategies of the proposed framework. 

	1.	� Impact of AG: First, the effectiveness of AG was explored, compared to the baseline, see row 2 in Table 3. 
Results suggest that AG is effective in improving the performance of segmenting images from GMH and 
COVID datasets. However, for the Shenzhen set dataset there is no effect of the AG module.

	2.	� Impact of DC: To investigate the effectiveness of DC, two dilation rates of DR = 1 and DR = 2 were used 
empirically for two different branches. From Table 3, it is observed that Base + DC (row 3) can boost the 
segmentation performance for all datasets. This suggests that extracting multi-scale context features with 
varying sizes of receptive fields using different DR is effective for the segmentation of images with a complex 
structure that could be due to various reasons such as opacities. This result is consistent with the previous 
experiments.

	3.	� Impact of multi-scale feature extraction at a granular level: The importance of multi-scale feature extraction 
at a granular level was evaluated by splitting feature maps (SFM) into two groups and applying convolution 
operations with different DR on the two groups. The results in row 4 (Base + DC + SFM) in Table 3 indicate 
that the multiscale representation ability at a more granular level is necessary for improving the segmentation 
of all images.

	4.	� Impact of SE unit: The performance of the SE unit was also investigated by integrating it with DC and SFM 
components (row 5 in Table 3) and its effectiveness validated in segmenting images from all datasets. The SE 
module slightly improves the segmentation performance on all datasets. Finally, all components were com-
bined (row 6 in Table 3) to develop the proposed model and the results suggest that this combination does 
segment images more accurately.

Results with augmentation
The segmentation performance of U-Net trained on different augmented datasets, with varying percentages of 
data augmentation ranging from 50 to 200%, is presented in Fig. 5. As the aim of this study is to segment lungs 
in complex images, the GMH, COVID and Shenzhen set datasets were selected for evaluation, with DSC used as 
the primary evaluation metric. For all datasets, as expected, the worst performance was observed when no data 
augmentation (denoted No_aug) was used.

For images with mild or moderate conditions from the COVID dataset, the proposed Scutout data 
augmentation method performs comparably to conventional and standard cutout techniques. However, for 
more challenging images from the GMH dataset and Shenzhen set, the Scutout method outperforms all other 

Figure 5.  Comparison of segmentation performance of the U-Net model using DSC with different 
augmentation techniques and different percentages (%) of augmented images on three datasets. ‘no_aug’ 
indicates no augmentation, and Conv stands for conventional data augmentation technique.

 

Number Method

GMH COVID Shenzhen set

DSC JI DSC JI DSC JI

1. Base (UNet++) 0.8610 ± 1.59 0.7650 ± 2.21 0.9291 ± 0.56 0.8718 ± 0.86 0.9250 ± 0.34 0.8647 ± 0.47

2. Base + AG 0.8773 ± 1.93 0.7917 ± 2.67 0.9314 ± 0.84 0.8751 ± 1.35 0.9245 ± 0.38 0.8651 ± 0.47

3. Base + DC 0.8754 ± 1.77 0.7877 ± 2.47 0.9339 ± 0.52 0.8796 ± 0.85 0.9266 ± 0.78 0.8682 ± 1.11

4. Base + DC + SFM 0.8903 ± 3.90 0.8152 ± 5.27 0.9380 ± 0.35 0.8860 ± 0.60 0.9300 ± 0.84 0.8741 ± 1.21

5. Base + DC + SFM + SE 0.8961 ± 3.16 0.8196 ± 4.92 0.9399 ± 0.64 0.8889 ± 1.11 0.9333 ± 0.80 0.8789 ± 1.30

6. Base + AG + SFM + DC + SE (AMRU++) 0.9097 ± 1.54 0.8403 ± 2.36 0.9422 ± 0.45 0.8930 ± 0.74 0.9338 ± 0.38 0.8797 ± 0.66

Table 3.  Ablation study of the proposed AMRU++ network. Fivefold cross validation was used and the 
standard deviation were computed as percentages (%). The best results are shown in bold.

 

Scientific Reports |        (2024) 14:28983 7| https://doi.org/10.1038/s41598-024-79494-w

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


augmentation techniques. This superior performance may be attributed to Scutout’s ability to effectively mimic 
opacities in CXR images from the GMH and Shenzhen datasets. In contrast, the performance of standard cutout 
methods is inconsistent across different augmentation percentages. This inconsistency may arise from the fact 
that the standard cutout was originally designed for natural images, where random regions are removed. If the 
masked regions do not cover key lung areas, particularly in diseased lungs, the segmentation may be less effective, 
leading to variable performance. On the other hand, conventional data augmentation techniques achieved the 
worst performance on these images. This means that the contextual information of the images generated using 
the traditional augmentation techniques does not change much and therefore the models trained using the 
generated images are not effective in segmenting unseen images with complex structures due to opacities.

Performance improved gradually with the increase in the number of augmented images up to a certain 
percentage, and further increases did not improve the performance any more. When the number of images 
synthesised from the augmentation method increases above a certain percentage, the model may be overfitted 
and therefore does not perform well on new data. Therefore, we considered upto 200% augmented data to train 
all the models.

Table  4 presents the performance of our proposed Scutout data augmentation method across various 
network architectures for lung segmentation. All models were trained using 200% augmented data generated 
with the Scutout technique. Our experimental results demonstrate that the proposed Scutout data augmentation 
technique improves segmentation performance across all models. For instance, using the U-Net model on the 
GMH dataset, a DSC of 0.9065 is achieved with Scutout augmentation, compared to 0.8475 without augmentation 
(see Table 2 and Table 4). Similarly, the DSC score of the proposed model improved from 0.9097 to 0.9363 with 
Scutout augmentation. The results indicate that the Scutout technique is particularly effective for the GMH and 
Shenzhen set datasets (see Table 2 and Table 4).

For images with moderate to severe disease conditions (Shenzhen sets and GMH), the proposed model 
consistently outperformed all others in terms of DSC. In contrast, for the COVID dataset, where conditions were 
milder, performance across different models was comparable, though the proposed model achieved the best 
results. On the other hand, AttentionUNet and DC-UNet achieved the worst performance across all datasets. 
I2U-Net ranked second on the GMH and COVID datasets, while ResUNet++ achieved the second-best results 
for the Shenzhen set dataset.

Qualitative results
Visual comparison of segmentation performance of the proposed AMRU++ and the SOTA methods on 
different medical applications is depicted in Fig. 6. Three images were selected from three different datasets. 
For the images, two predicted masks are shown - one was produced without any data augmentation denoted 
as ‘w/o DA’ and another was generated with our proposed data augmentation denoted as ‘with PDA’ (200% 
augmented data generated with the Scutout technique). The results suggest that without data augmentation, 
the proposed architecture shows the best performance for images from all datasets used in the experiments. 
However, for the GMH and COVID datasets, the performance of the proposed model is comparable with 
I2U-Net, and UNet++ respectively. And for Shenzhen set dataset, the performance of the proposed model is 
comparable with AttentionUNet. On the other hand, the proposed data augmentation technique can improve 
the segmentation performance of all evaluated models on all image datasets. The proposed data augmentation 
technique is effective for images without clear lung boundaries due to opacities or artifacts. The experimental 
results reveal that the proposed model together with the proposed data augmentation technique can be used to 
segment lungs accurately.

Conclusion
Over the past few decades, numerous methods have been developed for lung segmentation. While SOTA models 
achieve good performance on normal lung images, their effectiveness diminishes when dealing with images that 
feature complex structures. Additionally, the performance of deep learning-based models is often constrained by 
the limited availability and diversity of training data. This study focuses on lung segmentation in diseased lung 
images, addressing these challenges.

Method

GMH COVID Shenzhen set

DSC JI DSC JI DSC JI

U-Net 0.9065 ± 0.78 0.8335 ± 1.25 0.9140 ± 0.98 0.8510 ± 1.35 0.9168 ± 1.05 0.8519 ± 1.60

U-Net++ 0.9049 ± 1.20 0.8340 ± 1.84 0.9359 ± 0.35 0.8826 ± 0.59 0.9309 ± 0.47 0.8738 ± 0.84

AttentionUNet 0.8783 ± 3.12 0.7906 ± 4.76 0.9351 ± 0.86 0.8813 ± 1.45 0.9259 ± 1.09 0.8649 ± 1.90

ResUNet++ 0.9205 ± 0.67 0.8563 ± 1.14 0.9469 ± 0.26 0.9010 ± 0.44 0.9396 ± 0.44 0.8888 ± 0.74

DC-UNet 0.8847 ± 1.51 0.8038 ± 2.13 0.9353 ± 0.72 0.8821 ± 1.12 0.9304 ± 0.50 0.8743 ± 0.76

DCSAU-Net 0.9065 ± 1.17 0.8353 ± 1.87 0.9394 ± 0.63 0.8884 ± 1.05 0.9307 ± 0.69 0.8747 ± 1.15

I2U-Net 0.9297 ± 0.54 0.8725 ± 0.92 0.9471 ± 0.38 0.9011 ± 0.65 0.9359 ± 0.38 0.8831 ± 0.59

AMRU++ (Proposed) 0.9363 ± 0.26 0.8834 ± 0.44 0.9487 ± 0.27 0.9041 ± 0.47 0.9413 ± 0.23 0.8916 ± 0.66

Table 4.  Comparison of segmentation performance across different models with proposed data augmentation. 
Fivefold cross validation was used and the standard deviation were computed as percentages (%). Best results 
indicated in bold.

 

Scientific Reports |        (2024) 14:28983 8| https://doi.org/10.1038/s41598-024-79494-w

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


The main contributions of this study are twofold: first, we have proposed a novel deep learning architecture, 
namely AMRU++, which effectively captures rich contextual information and strong discriminative features, 
outperforming existing segmentation models. Second, we have introduced an innovative data augmentation 
technique that generates synthetic images capable of mimicking complex structures such as pulmonary opacities. 
Experimental results demonstrate the superior performance of the proposed network and augmentation 
technique.

The proposed network architecture can be trained to segment other types of 2D medical images, such as 
skin lesions in dermoscopy images. However, a limitation of the AMRU++ architecture is its increased number 
of parameters compared to other models, which results in longer training time. In future, we shall develop a 
simpler architecture with fewer parameters while maintaining performance. The current evaluation was limited 
to small datasets from the X-ray domain. Future work will extend to other types of 2D medical images, such as 
retinal images with vascular structures. Additionally, we plan to assess the proposed data augmentation method 
for disease classification using CXR images.

Data availability
Private datasets are not publicly available due to restrictions in data sharing agreements with third-party X-ray 
providers. Access to the data can be requested by contacting D.W., subject to approval under the terms of the 
data-sharing agreement. Public dataset NIOSH is available at ​h​t​t​​​​p​​s​:​​/​​/​w​w​​w​.​c​d​​​c​.​g​​o​v​/​​​​n​i​o​s​h​/​l​e​a​r​n​i​n​g​/​b​-​r​e​a​d​e​r​/​s​t​a​
r​t​/​1​.​h​t​m​l​​​​​​
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