
Academic Editors: Morgado Dias,

Fabio Mendonca and Sheikh

Shanawaz Mostafa

Received: 16 June 2025

Revised: 17 July 2025

Accepted: 24 July 2025

Published: 28 July 2025

Citation: Li, R.; Honarvar Shakibaei

Asli, B. Multi-Task Deep Learning for

Lung Nodule Detection and

Segmentation in CT Scans: A Review.

Electronics 2025, 14, 3009. https://

doi.org/10.3390/electronics14153009

Copyright: © 2025 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license

(https://creativecommons.org/

licenses/by/4.0/).

Review

Multi-Task Deep Learning for Lung Nodule Detection and
Segmentation in CT Scans: A Review
Runhan Li 1,2 and Barmak Honarvar Shakibaei Asli 2,*

1 College of Mechanical and Electrical Engineering, Nanjing University of Aeronautics and Astronautics,
Nanjing 210016, China; runhan.li@cranfield.ac.uk

2 Centre for Life-Cycle Engineering and Management, Faculty of Engineering and Applied Sciences,
Cranfield University, Cranfield, Bedfordshire MK43 0AL, UK

* Correspondence: barmak@cranfield.ac.uk

Abstract

Lung nodule detection and segmentation are essential tasks in computer-aided diagnosis
(CAD) systems for early lung cancer screening. With the growing availability of CT data
and deep learning models, researchers have explored various strategies to improve the
performance of these tasks. This review focuses on Multi-Task Learning (MTL) approaches,
which unify or cooperatively integrate detection and segmentation by leveraging shared
representations. We first provide an overview of traditional and deep learning methods for
each task individually, then examine how MTL has been adapted for medical image analysis,
with a particular focus on lung CT studies. Key aspects such as network architectures
and evaluation metrics are also discussed. The review highlights recent trends, identifies
current challenges, and outlines promising directions toward more accurate, efficient,
and clinically applicable CAD solutions. The review demonstrates that MTL frameworks
significantly enhance efficiency and accuracy in lung nodule analysis by leveraging shared
representations, while also identifying critical challenges such as task imbalance and
computational demands that warrant further research for clinical adoption.

Keywords: multi-task; deep learning; image analysis; lung nodule detection; segmentation

1. Introduction
Lung cancer is one of the most common and fatal cancers worldwide, with survival

rates heavily dependent on early and accurate diagnosis [1,2]. According to Cancer Re-
search UK, there were around 49,200 new lung cancer cases in the UK every year between
2017 and 2019, with around 34,800 lung cancer deaths every year [3]. Computed tomogra-
phy (CT) is the primary imaging method for lung cancer screening due to its high spatial
resolution and volumetric information [4]. However, the manual interpretation of CT scans
is time-consuming and subject to variability across radiologists [2].

Pulmonary nodules are often early signs of lung cancer. The accurate detection
and segmentation of these nodules are critical for diagnosis and treatment planning [5].
Traditionally, these tasks were approached separately using classical image processing
or machine learning techniques [6]. Machine learning typically relies on handcrafted
features and statistical classifiers, such as support vector machines or decision trees [7,8].
However, the rise of deep learning—particularly convolutional neural networks (CNNs)—
has enabled end-to-end learning of feature representations from raw data, leading to
significant improvements in performance [1,9].
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Computer-aided diagnosis (CAD) systems have been developed to assist radiologists
in analyzing pulmonary nodules, typically combining several image-processing tasks
such as detection, segmentation, and classification [10]. These systems aid in the early
detection and segmentation of various tumors across different organs, and also integrate
feature extraction from imaging data for automated classification [11,12]. As these tasks
are critical for assisting diagnosis and treatment decisions, various CAD systems have been
proposed to support these goals [13]. Typically, such systems follow a structured pipeline
that includes CT image acquisition, lung segmentation, nodule detection and segmentation,
followed by feature extraction (e.g., volume, shape, and appearance). These features are
then used to support malignancy assessment as illustrated in Figure 1 [10].2 International Journal of Biomedical Imaging

Time 1 (CT scan)
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Figure 1: Typical computer-aided diagnosis (CAD) system for lung cancer.The input of a CAD system is themedical images obtained using an
appropriate modality. A lung segmentation step is used to reduce the search space for lung nodules. Nodule detection is used to identify the
locations of lung nodules. The detected nodules are segmented. Then, a candidate set of features, such as volume, shape, and/or appearance
features, are extracted and used for diagnosis.

the available search space are mandatory steps. Lastly, the
classification of the detected nodules into benign and malig-
nant is the final step. Classification of the detected nodules
is a major component in CAD systems for detection and
diagnosis of lung nodules in CT. In CAD systems for detec-
tion (often abbreviated as CADe), a classification component
categorizes the nodule candidates identified in the previous
step into nodules or nonnodules (i.e., normal anatomic struc-
tures), whereas a CAD system for diagnosis (often abbre-
viated as CADx) classifies detected nodules (either by a com-
puter or a radiologist) into benign or malignant nodules.

Below, we will address each processing step in developing
CAD systems: lung segmentation, nodule detection, nodule
segmentation, and nodule diagnosis.

2. Lung Segmentation

The segmentation of lungs from chest images is a crucial step
in any CAD system that can lead to the early diagnosis of
lung cancer, as well as other pulmonary diseases. The seg-
mentation of lungs is a very challenging problem due to inho-
mogeneities in the lung region, pulmonary structures of simi-
lar densities such as arteries, veins, bronchi, and bronchioles,
and different scanners and scanning protocols. A wealth of
known publications has addressed the segmentation of lung
regions from CT images and chest radiographs. The success
of a particular technique can be measured in terms of accu-
racy, processing time, and automation level. Most existing
techniques for lung segmentation can be classified into four
categories: methods based on signal thresholding, deform-
able boundaries, shape models, or edges.

Healthy lung tissues form darker regions in CT images
compared to other parts of the chest such as the heart and the
liver.This fact has encouraged many researchers to search for
an optimum threshold that separates the lungs from all other
tissues. Hu et al. [3] computed iteratively such a threshold to
get an initial lung region. Then the initial segmentation was
refined by opening and closing morphological operations.
This method was further used by Ukil and Reinhardt [4] and
Van Rikxoort [5] to automatically segment the lung fields as a
preprocessing step for lung lobe segmentation. Ross et al. [6]

used a similar method to the Hu et al. approach [3] but used
Otsu’s method [7] for thresholding, instead of the iterative
thresholding, in order to segment the lung fields as a step of
lung lobe extraction. Yim et al. [8] extracted the lung fields by
the region growing followed by connected-component anal-
ysis. Armato et al. [9, 10] used gray-level thresholding to seg-
ment the thorax from the background first and then the lungs
from the thorax. A rolling ball filter was further applied to the
segmented lung borders to avoid the loss of juxtapleural nod-
ules. The identified lung fields were used to limit the search
space for their lung nodule detection framework. In Pu et al.
study [11], the threshold is selected automatically as described
byArmato et al. [9]. A threshold-based region fillingmethod-
ology was then used to segment the lung fields as a first step
in a pulmonary fissure segmentation framework. Pu et al. [12]
set a threshold to initially segment the lung regions. To refine
the segmentation and include juxtapleural nodules, a border
marching algorithm was used to march along the lung bor-
ders with an adaptive marching step in order to refine convex
tracks.

Gao et al. [13] proposed another threshold-based segmen-
tation approach consisting of four processing steps: (i)
removing the large airway from the lung region by using
isotropic diffusion to smooth edges followed by region grow-
ing, (ii) finding an optimal threshold to remove pulmonary
vessels, (iii) separating the left and the right lungs by the
detection of anterior and posterior junctions using the largest
threshold, and (iv) morphological smoothing of the lung
boundary along the mediastinum and lung wall based on the
structure of the airway tree. To identify lung fields in a lung
lobe segmentation framework, Wei et al. [14] selected a thre-
shold to segment the lung regions using histogram analysis.
The segmented lungs were then refined using connect-com-
ponent labeling (CCL) and circular morphology closing. Ye
et al. [15] used 3D adaptive fuzzy thresholding to segment the
lung region from CT data.The segmentation was followed by
smoothing the segmented lung contour, represented as chain
code [16], by 1D Gaussian smoothing. They further applied
a methodology to detect the lung nodules in the segmented
lung fields.

Themain problemof the threshold-based segmentation is
that its accuracy is affected by many factors, including image
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Figure 1. A typical CAD pipeline for lung cancer. The system takes CT scans as input, performs
lung segmentation to define the region of interest, and applies nodule detection and segmentation.
Key features such as volume, shape, and texture are extracted and used to support diagnostic
classification [10].

Instead of treating these steps separately, recent studies have integrated related
tasks—such as detection and segmentation, into unified Multi-Task Learning (MTL)
frameworks [14–16]. MTL refers to a learning paradigm in which multiple related tasks
are learned jointly, allowing knowledge to be shared across tasks to improve overall
performance [17]. This approach enables shared representations, reduces redundant com-
putations, and may improve performance by allowing tasks to benefit from each other [18].

Despite these benefits, designing efficient and accurate multi-task frameworks for lung
nodule analysis remains challenging. Key issues include balancing task-specific learning,
selecting efficient network architectures for 3D data, and maintaining performance without
excessive model complexity [19]. These challenges highlight the need for lightweight,
generalizable, and dynamically balanced MTL frameworks, supported by adaptive learning
strategies and collaborative validation across diverse clinical settings.

This review summarizes recent progress in both traditional and deep learning methods
for nodule detection and segmentation, with a special focus on MTL approaches. It
provides a comprehensive overview of methods across the full CAD pipeline. Unlike
previous reviews that primarily focus on either general CAD systems or deep learning
architectures, this work systematically covers evaluation metrics, lung nodule analysis
datasets, image preprocessing, lung segmentation, and both traditional and deep learning-
based approaches to nodule detection and segmentation. It further highlights MTL as a
promising strategy for integrating detection and segmentation tasks, classifies common
architectural paradigms (e.g., parallel, cascaded, interacted, and hybrid), and critically
summarizes unresolved methodological bottlenecks that limit clinical deployment. Figure 2
illustrates this conceptual flow, showing how clinical motivations guide methodological
choices and ultimately enhance diagnostic capabilities. This review aims to serve as both a
practical reference for understanding the CAD pipeline and a forward-looking synthesis
that informs the development of efficient and clinically deployable MTL-based solutions.
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Figure 2. Conceptual flow of this review: clinical needs motivate the use of CAD systems and Multi-
Task Learning approaches, leading to improved efficiency, representation sharing, and generalization.

2. Evaluation Metrics
Evaluation of multi-task models in lung CT analysis typically involves two types of

metrics: image quality assessment (IQA) metrics for preprocessing or reconstruction, and
task-specific performance metrics for nodule detection and segmentation. These metrics
help to objectively assess the effectiveness of each component in the MTL pipeline.

2.1. IQA Metrics

IQA metrics are useful when the model includes image preprocessing steps such as
denoising, deblurring, or enhancement. These metrics assess the quality of processed
images either by comparing them to reference images as a Full-Reference (FR) approach
or without references as a No-Reference (NR) technique [20]. Table 1 summarizes some
common IQA metrics. The table includes Mean Squared Error (MSE), Structural Similarity
Index Measure (SSIM), Peak Signal-to-Noise Ratio (PSNR), Perception-based Image Quality
Evaluator (PIQE), Naturalness Image Quality Evaluator (NIQE) and Blind/Referenceless
Image Spatial Quality Evaluator (BRISQUE), which are commonly used in image analysis.

2.2. Task Performance Metrics for Detection and Segmentation

Detection and segmentation performance are assessed using classification-based and
spatial overlap metrics. Here, detection refers to identifying the presence and location
of pulmonary nodules, while segmentation involves delineating their precise boundaries
within the lung region. Classification metrics assess whether a nodule is correctly identified,
while overlap metrics evaluate how accurately the predicted segmentation matches the
ground truth, which refers to manually annotated reference labels for both detection
and segmentation tasks. These metrics are essential in medical imaging applications,
where accurate detection and segmentation directly impact clinical decision-making [9].
Table 2 summarizes commonly used evaluation metrics, including their definitions and
mathematical formulas.
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Table 1. Common image quality assessment (IQA) metrics used in medical image analysis. Abbrevia-
tions: MSE (Mean Squared Error), SSIM (Structural Similarity Index), PSNR (Peak Signal-to-Noise
Ratio), PIQE (Perception-based Image Quality Evaluator), NIQE (Naturalness Image Quality Evalua-
tor), BRISQUE (Blind/Referenceless Image Spatial Quality Evaluator) [20–23].

Type Metric Description Formula

FR

MSE

Calculates the Mean
Squared Error between
images. A smaller MSE
indicates higher image

similarity. A lower value
indicates better quality.

MSE(x, y) = 1
N ∑N

i=1(xi − yi)
2,

where xi and yi are corresponding pixel values
in the two images, and N is the total number

of pixels.

SSIM

Assesses perceptual
similarity based on
luminance, contrast,

and structure.

SSIM(x, y) = (2µxµy+C1)(2σxy+C2)
(µ2

x+µ2
y+C1)(σ2

x+σ2
y+C2)

,

where µx, µy are the mean intensities of images
x and y, respectively; σx, σy are their standard
deviations; σxy is the cross-covariance. C1 and

C2 are constants to stabilize the division.

PSNR

Measures signal fidelity
between two images.

PSNR is inversely related
to MSE; as MSE decreases

toward zero, PSNR
increases, indicating
better image quality.

PSNR = 10 log10

(
MAX2

MSE

)
,

where MAX is the maximum possible pixel
value of the image.

NR

PIQE

Evaluates perceptual
quality based on

block-level distortion. It
analyzes local blocks for

artifacts and noise. Lower
PIQE indicates
better quality.

PIQE = f (BM, NM),
where BM is blockiness measure and NM is

noise measure.

NIQE

Estimates deviation from
natural image statistics. A

lower value indicates
better quality.

d =

√
(µ1 − µ2)T

(
Σ1+Σ2

2

)−1
(µ1 − µ2),

where µ1, µ2 and Σ1, Σ2 are the mean vectors
and covariance matrices of the test and

natural images.

BRISQUE

Predicts image quality
using natural scene

statistics. A lower score
means better quality.

Î(i, j) = I(i,j)−µ(i,j)
σ(i,j)+C ,

where µ(i, j) and σ(i, j) are local mean and
standard deviation from MSCN coefficients.

Features are modeled using AGGD, and
quality is predicted via SVR.

These metrics allow for a reliable and standardized comparison of model performance
across studies. In particular, metrics like Free-response Receiver Operating Characteristic
(FROC) and Competition Performance Metric (CPM) are especially relevant when using
datasets like LUNA16, where competition benchmarks demand robust sensitivity with
minimal false positives [24].

Table 2. Common evaluation metrics for detection and segmentation tasks [1,9].

Metric Description Formula

Accuracy (ACC) Correct predictions among all cases. TP+TN
TP+TN+FP+FN

Sensitivity (Recall) True positive rate. TP
TP+FN

Specificity True negative rate. TN
TN+FP
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Table 2. Cont.

Metric Description Formula

Precision (PPV) Positive predictions that are correct. TP
TP+FP

F1-Score Harmonic mean of precision and recall. 2 · Precision·Recall
Precision+Recall

Dice Similarity
Coefficient (DSC)

Similarity between prediction and
ground truth.

2|A∩B|
|A|+|B|

Intersection over
Union (IoU) Overlap ratio of prediction and ground truth. |A∩B|

|A∪B|

AUC Area under ROC curve. –

ROC Curve True positive rate vs. false positive rate. –

FROC Curve Sensitivity vs. false positives per scan. –

CPM Average sensitivity at 7 FPs/scan. –

Mean Average
Precision (mAP) Mean of AP over all classes. mAP = 1

N ∑N
i=1 APi

Notes: TP = True Positives; TN = True Negatives; FP = False Positives; FN = False Negatives. A and B are the
predicted and true binary masks. AUC = Area Under the Curve, ROC = Receiver Operating Characteristic,
FROC = Free-response ROC, CPM = Competition Performance Metric (used in LUNA16).

3. Datasets for Lung Nodule Analysis
Table 3 summarizes the most commonly used datasets for lung nodule detection and

segmentation. These datasets differ in terms of size, annotation type, and clinical task
suitability. While LIDC-IDRI and LUNA16 are widely used for detection benchmarking,
Tianchi provides lesion-level clinical labels that also support diagnostic modeling.

Table 3. Summary of commonly used lung nodule datasets. Abbreviations: CT (computed tomogra-
phy), DX (digital radiography), CR (computed radiography).

Dataset Modality Annotation Type Size Notes

LIDC-IDRI [25] CT, DX, CR
Bounding boxes,

malignancy ratings
(4 readers)

1018 scans Multi-reader annotated; basis
for many derived datasets

LUNA16 [24] CT Filtered nodules ≥3 mm
from LIDC-IDRI 888 scans

High-quality subset of
LIDC-IDRI; used for

10-fold CV

NLST [26] CT, X-ray Patient outcome,
lesion info

54,000+
participants

Large-scale clinical trial;
mortality-focused

ANODE09 [27] CT True nodules and
irrelevant findings 55 scans Partially annotated; used for

CAD evaluation

ELCAP [28] CT Nodule locations 50 scans Early low-dose CT dataset;
used for CAD benchmarking

Tianchi [29] CT 3D nodule boxes,
clinical labels 1000+ scans 5–30 mm nodules annotated

by 3 doctors

4. Image Preprocessing
Preprocessing is an important step in lung CT images analysis. It helps reduce noise,

improve image quality, and highlight lung structures that may look like nodules. Clean,
enhanced inputs are essential for reliable detection and segmentation [13].

Many filters have been applied to reduce CT image noise and preserve structural
detail [30]. Among them, the mean filter is a basic linear smoothing method that averages
nearby pixels to reduce random noise, though it may blur important edges [31]. The median
filter is widely used for suppressing “salt and pepper” noise while preserving edges [32]. It
has been adopted in several studies to improve slice-wise consistency in CT scans [33–36].
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Figure 3 compares the effects of mean and median filters on both normal and tumor CT
slices, highlighting differences in noise suppression and edge retention.
nodule from the pre-processed CT scan image. The pre-processed image is first segmented
using Artificial Bee Colony (ABC) segmentation algorithm as shown in Fig. 6.

Fig. 4 Impact of ∇rand ∇d. 4. a ∇d = 1,4. b ∇r = 1, 4. c ∇r = 5, 4. d ∇r = 10, 4. e ∇r = 25, 4 . f ∇r = 50

Fig. 5 a Input image, b Mean filter, c Median filter, d Bilateral filter and e ABF

7738 Multimedia Tools and Applications (2020) 79:7731–7762

Figure 3. Comparison of preprocessing filters: (a) original CT slice, (b) mean-filtered image, and
(c) median-filtered image. Note: Only a subset of the original figure is shown here to highlight
differences in filter behavior [31].

The Gaussian filter is also widely used [37,38]. It smooths the image by reducing
high-frequency noise and softens sharp edges [39]. Gaussian filters are effective in reducing
speckle noise and making nodule-like regions easier to identify [40]. Gaussian blurring for
CT images in both 1D and 2D is mathematically represented in Equation (1). σ denotes
the standard deviation of the distribution, which controls the extent of blurring or noise
spread. In the 1D case, gσ(x) models the probability density along a single spatial axis,
while the 2D form Gσ(x, y) represents the joint distribution over both spatial axes (x, y).
The Gaussian function is centered at the origin and decays smoothly as x and y move away
from the center, making it suitable for smoothing operations in image processing [41]:

1D : gσ(x) =
1√
2πσ

exp
(
− x2

2σ2

)
,

2D : Gσ(x, y) =
1

2πσ2 exp
(
− x2 + y2

2σ2

)
.

(1)

The Wiener filter is helpful when both noise and blurring are present [42]. It works
by minimizing the Mean Squared Error between the original and processed image. It can
remove additive noise and also sharpen the image at the same time [36].

Histogram equalization and its improved form, contrast-limited adaptive histogram
equalization (CLAHE), are used to adjust the contrast of CT scans [31,43]. These methods
improve the visibility of lung regions by spreading out the intensity values across the image.
CLAHE is especially useful because it avoids over-enhancing noise [44]. Equation (2) shows
the rule of histogram equalization:

IN =
number of pixels with available intensity n

total number of pixels
, (2)

where n = 0, 1, . . . , 255.
Other techniques used in preprocessing include Gabor filters [45], which highlight

texture information, log filters, and dot enhancement filters, which are good at enhancing
small structures like nodules. Interpolation methods are used to adjust image resolution or
fill in missing data between slices [46].

Deblurring is another important preprocessing step. It focuses on improving blurry
CT images by recovering high-resolution (HR) images from low-resolution (LR) ones [47].
Equations (3)–(5) show the deblurring problem [23]. Deep learning models can be trained to
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perform this task by learning the reverse process of image degradation [23]. In supervised
settings, they learn from pairs of clear and blurry images and try to reduce the difference
between the output and the target image [47]. Some common techniques include 3D-
SRCNN [48], DCSRN [49], and mDCSRN [50]. The deblurring results of these methods
are shown in Figure 4. Each section showcases the outputs from Tricubic interpolation,
3D SRCNN, DCSRN, mDCSRN, ParallelNet, and VolumeNet, alongside the ground truth
(GT) images.

ILR = AIHR, (3)

where ILR represents the blurred (LR) image, IHR represents the original (HR) image, and
A symbolizes the blurring process.

arg min
θ

L
(

ÎHR, IHR

)
, (4)

where ÎHR denotes the estimated HR image generated by a deep neural network f with
parameters θ, and L signifies the loss function that quantifies the difference between
the estimated and original HR images. The objective is to determine the optimal θ that
minimizes this reconstruction loss:

LPer =
∥∥∥ϕ

(
ÎHR

)
− ϕ(IHR)

∥∥∥2

2
, (5)

where LPer stands for the perceptual loss, calculated as the squared L2 norm of the differ-
ence between feature representations ϕ extracted from a pre-trained network (e.g., VGG-
16 [51]) for the estimated ÎHR and the original IHR. This loss measures the discrepancy in
high-level image features rather than pixel-wise differences.

12

mDCSRN VolumeNetTricubic SRCNN DCSRN ParallelNet Ground Truth

Fig. 6: Illustration of SR results on IXI database with isotropic voxel upsampling (scale factor is ×2 in each direction and the
compression ratio of the channels in VolumeNet is set as 50%, i.e., R = T/2).

mDCSRN VolumeNetTricubic SRCNN DCSRN ParallelNet Ground Truth

Fig. 7: Illustration of SR results on LiTS database with isotropic voxel upsampling (scale factor is ×2 in each direction and
the compression ratio of the channels in VolumeNet is set as 50%, i.e., R = T/2

[9] X. Zhao, Y. Zhang, T. Zhang, and X. Zou, “Channel splitting network
for single mr image super-resolution,” IEEE Transactions on Image
Processing, vol. 28, no. 11, pp. 5649–5662, 2019.

[10] C. You, G. Li, Y. Zhang, X. Zhang, H. Shan, M. Li, S. Ju, Z. Zhao,
Z. Zhang, W. Cong et al., “Ct super-resolution gan constrained by
the identical, residual, and cycle learning ensemble (gan-circle),” IEEE
transactions on medical imaging, vol. 39, no. 1, pp. 188–203, 2019.

[11] J. Du, Z. He, L. Wang, A. Gholipour, Z. Zhou, D. Chen, and Y. Jia,

“Super-resolution reconstruction of single anisotropic 3d mr images
using residual convolutional neural network,” Neurocomputing, vol. 392,
pp. 209–220, 2020.

[12] Q. Lyu, H. Shan, and G. Wang, “Mri super-resolution with ensemble
learning and complementary priors,” IEEE Transactions on Computa-
tional Imaging, vol. 6, pp. 615–624, 2020.

[13] J. Du, L. Wang, A. Gholipour, Z. He, and Y. Jia, “Accelerated super-
resolution mr image reconstruction via a 3d densely connected deep

Figure 4. Deblurring results of different methods on the LiTS dataset. Compared methods include
Tricubic interpolation, 3D-SRCNN, DCSRN, mDCSRN, ParallelNet, and VolumeNet. The ground
truth (GT) represents the original high-quality CT image used as the reference for evaluation. The
scale factor is ×2 in each direction, with channel compression ratio R = T/2 in VolumeNet [52].

Recent methods also explore self-supervised deblurring, which does not need labeled
data. Instead, they create supervision from the input data itself, such as by predicting
missing slices between existing CT slices [53]. Some models also use meta-learning to
adapt to different levels of blur or resolution. For example, Meta-SR can adjust to any
scale factor to produce clearer images [54]. Furthermore, Meta-USR extends this idea by
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using a conditional hyper-network to adapt to different degradation types, achieving better
results on benchmark datasets [55]. The Meta-USR framework includes three sections:
(a) the Residual Dense Block (RDB) from the RDN backbone, which is used for hierarchical
feature extraction, (b) the feature learning module (FLM), which produces shared feature
representations adaptable to various upscaling factors, and (c) the Meta-Representation
Module (MRM), where each pixel in the super-resolved image is mapped to the low-
resolution space. The MRM uses both position and scale information to dynamically
generate convolution weights, enabling the precise reconstruction of HR outputs.

In summary, preprocessing helps prepare lung CT images by removing noise, improv-
ing contrast, and reducing blur [32]. These steps help improve the performance of the
detection and segmentation models used later in the analysis.

5. Lung Segmentation
After preprocessing, the next important step is lung segmentation. It separates the

lung region from other structures in CT images. This narrows the region of interest for
subsequent analysis [10,56]. Many methods have been used for lung segmentation, and
classic methods can be classified into four categories: methods based on thresholding,
deformable boundaries, and shape or edge-based models [57].

Thresholding methods set pixel intensity limits to extract the lung region. Sometimes
they are used together with other techniques, like region growing [58], morphological fil-
ters [59], and connected component analysis [60]. Figure 5 shows an example of lung
segmentation using thresholding and region growing, where the two largest regions are
selected while excluding the trachea. Hu et al. [61] proposed a fully automatic method for
lung segmentation in 3D CT scans, combining gray-level thresholding, left–right lung separa-
tion, and morphological refinement. Dynamic programming is used to identify anatomical
junctions, and post-processing smooths the mediastinal boundary. The process includes
three main stages: first, the lungs are extracted from the CT scan; next, the left and right
lungs are separated; finally, a smoothing step is applied to refine the lung boundaries. The
method achieves sub-millimeter accuracy compared to manual annotations, demonstrating
that thresholding-based approaches can be effective when guided by anatomical structure.

Figure 5. Example of lung segmentation: (a) original CT image and (b) segmentation mask showing
the extracted lung regions (sometimes referred to as the segmented image in prior literature) [57].

The second group of methods uses deformable models. These include active contour
models, which move shape outlines based on local image features. They are more flex-
ible than thresholding but often slower [62]. To improve segmentation accuracy, some
deformable models incorporate prior knowledge about lung shape. These evolve into
shape-based methods, which use learned statistical models to guide anatomically consis-
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tent segmentation. These methods perform well even when lung boundaries are deformed
or poorly defined [63,64]. Edge-based methods use filters or transforms to detect strong
edges around the lung. Techniques like Gaussian derivatives, Laplacian of Gaussian, or
wavelets are often used. These methods are simple and effective when the lung boundary
is clear and the contrast is high [65].

While many methods can achieve good results in lung segmentation, there is still no
perfect solution. In recent years, deep learning methods have shown strong performance
in lung segmentation, especially in challenging cases with pathologies. For instance,
Hofmanninger et al. [66] demonstrated that a standard U-Net, when trained on diverse
routine datasets, can outperform specialized methods, achieving a mean Dice score of 0.98
on pathological CT scans. These models benefit from being fast, reproducible, and scalable,
though their performance still depends heavily on the quality and diversity of training data.
Figure 6 presents segmentation outputs on routine CT cases. Each column corresponds
to a different patient. The first row shows raw CT slices, the second row shows ground
truth masks, and rows 3 to 5 display the predicted masks from different methods: U-net(R-
231), CIP, and P-HNN. Tan et al. [67] proposed a lung segmentation method based on
Generative Adversarial Networks (GANs), referred to as LGAN. This approach simplifies
the segmentation process while achieving high accuracy and shape similarity on datasets
like LIDC-IDRI and QIN, showing improved performance over existing methods. Figure 7
shows the LGAN framework, where a CNN-based generator predicts lung masks from CT
slices, and a CNN-based discriminator compares them with ground truth masks to guide
more accurate segmentation. Hu et al. [68] proposed a lung segmentation method based
on Mask R-CNN combined with classical machine learning classifiers. They evaluated
both supervised (SVM and Bayes) and unsupervised (K-means and GMM) models to refine
the segmentation outputs. Among the tested combinations, Mask R-CNN with K-means
clustering achieved the highest accuracy of 97.68% and the fastest runtime, demonstrating
its effectiveness for automatic lung region extraction from CT images. As shown in Figure 8,
segmentation results from different classifier combinations are compared.

Results indicate that both, size and diversity of the
training data, are relevant. State-of-the-art results can
be achieved with images from only 36 patients which
is in line with previous works [41] achieving a mean
DSC of 0.99 on LTRC test data using the U-net(R-36)
model.
A large number of segmentation methods are

proposed every year, often based on architectural
modifications [32] of established models. Isensee et al.
[32] showed that such modified design concepts do
not improve, and occasionally even worsen, the per-
formance of a well-designed baseline. They achieved
state-of-the-art performance on multiple, publicly
available segmentation challenges relying only on U-
nets. This corresponds to our finding that architec-
tural choice had a subordinate effect on performance.

At the time of submission, the U-net(R-231)
achieved the second-highest score among all com-
petitors in the LOLA11 challenge. In comparison,
the first ranked method [22] achieved a score of
0.980 and a human reference segmentation achieved
0.984 [27]. Correspondingly, the U-net(R-231) model
achieved improved evaluation measures (DSC,
HD95, MSD, and tumour overlap) compared to two
public algorithms.
There are limitations of our study that should be

taken into account. Routine clinical data vary be-
tween sites. Thus, extraction of a diverse training
dataset from clinical routine may only be an option
for centres that are exposed to a wide range of pa-
tient variety. Evaluation results based on public data-
sets are not fully comparable. For example, the

Fig. 2 Segmentation results for selected cases from routine data. Each column shows a different case. Row 1 shows a slice without lung masks,
row 2 shows the ground truth, and rows 3 to 5 show automatically generated lung masks. Effusion, chest tube, and consolidations (a); small
effusions, ground-glass and consolidation (b); over-inflated (right) and poorly ventilated (left), atelectasis (c); irregular reticulation and traction
bronchiectasis, fibrosis (d); pneumothorax (e); and effusions and compression atelectasis (trauma) (f)

Hofmanninger et al. European Radiology Experimental            (2020) 4:50 Page 8 of 13

Figure 6. Sample lung segmentation results on routine CT cases: (a) pleural effusion, chest tubes,
and consolidation, (b) minor effusions and ground-glass opacity, (c) asymmetrical ventilation and
atelectasis, (d) fibrotic changes with traction bronchiectasis, (e) pneumothorax, and (f) trauma-related
compression atelectasis [66].
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replicating images, human language, and image segmentation, suffers 
from a mode collapse problem due to its loss design. To make the 
training process more stable, Arjovsky et al. proposed WGAN using Earth 
Mover (EM) distance to measure the divergence between the real dis
tribution and the learned distribution (Arjovsky et al., 2017). Specif
ically, given the two distributions, pd and Pz, with samples x ~ pd and 
y ~ Pz, the EM distance is defined as: 

W(pd,Pz) = inf
γ∈
∏

(pd ,pz)

E(x,y)∼γ[‖x − y‖], (2)  

where 
∏

(pd, pz) represents the set of all joint distributions γ(x, y) whose 
marginals are respectively pd and pz, and the term γ(x, y) represents the 
cost from x to y in order to transform the distributions pd into the dis
tribution pz. The EM loss actually indicates optimal transport cost. In this 
design, the loss for the generator network is: 

LG = − Ex∼pz [D(x)]. (3) 

And the loss for the discriminator network is: 

LD = Ex∼pz [D(G(x))] − Ex∼preal [D(x)]. (4) 

With the EM distance-based loss, the GAN model becomes more 
powerful in generating high-quality realistic images and outperforms 
other generative models. While the WGAN is designed for image 
reconstruction, here we take advantage of the basic idea of WGAN, and 
design an efficient and enhanced deep learning GAN-based lung seg
mentation schema. 

2.2. Our LGAN schema 

Our LGAN schema is designed to force the generated lung segmen
tation mask to be more consistent and close to the ground truth mask 
and its architecture is illustrated in Fig. 1. 

LGAN consists of two networks: a generator network (G) and a 
discriminator network (D), and both of them are convolutional neural 
networks. The generator network is trained to predict the lung masks 
based on the grayscale input CT slices, while the discriminator computes 
the EM distance between the predicted masks and the ground truth 
masks to help the generator to learn accurate and realistic lung seg
mentation masks. 

During the training, the LGAN schema takes a slice of the lung CT 
scan Ii as input, then the generator predicts a mask Mi to illustrate the 
pixels belong to the lung. The quality of the lung segmentation is judged 
by how well Mi fools the discriminator network. In the rest of this sec
tion, we describe the three main components of our LGAN schema: 
Generator Network, Discriminator Network, and Training Loss. 

2.2.1. Generator network 
The generator network is designed to generate the segmented mask 

of the input lung CT scan image. The mask labels all the pixels belonging 

to the lung. This segmentation task can be addressed as a pixel-wise 
classification problem to identify whether a pixel belongs to the lung 
area or not. Given an input CT slice Ii, the generator will predict the 
category of each pixel and generate a corresponding mask Mi based on 
the classification result. 

The architecture of our designed generator is illustrated in Fig. 2 . 
The generator model consists of encoder and decoder parts. The encoder 
extracts multi-scale features from gray input CT scans by a bunch of 
convolution blocks, while the decoder predicts masks from the multi- 
scale features extracted by the encoder. Both encoder and decoder are 
composed of convolution blocks, and the feature map for each block is 
represented as blue boxes in the figure. In the encoder part, each block 
has two convolution layers, both of which have the same number of 
filters with filter size 3 × 3 followed by a max-pooling layer, which 
performs a 2 × 2 down-pooling on the feature map. In the decoder part, 
each block consists of one deconvolution layer and two convolution 
layers. For the convolution layers, similarly, each has the same number 
of filters with filter size 3 × 3. Instead of an up-pooling layer, we use the 
deconvolution layer with stride 2. 

Following DCGAN (Radford et al., 2015), we employ LeakRelu as the 
activation function for the convolution layers which is first proposed in 
(Maas et al., 2013). As shown below, to alleviate potential problems 
caused by ReLU, which sets 0 to all negative values, LeakyReLU set a 
small non-zero gradient NegativeSlope, which is user pre-defined, to 
negative values. In the equation below, we represent this negative slope 
as α. 

LeakyReLU(x, α) = max(x, 0) + α × min(x, 0). (5)  

At the final layer, a 1 × 1 convolution is performed to map each 
component feature vector to the final segmentation mask. 

2.2.2. Discriminative network 
The task of the discriminative network is to distinguish the ground 

truth mask from the generated segmentation mask. The EM distance is 
employed to measure the difference between the real and the learned 
distributions as it has been proved to be a smooth metric (Arjovsky et al., 
2017). 

Given a generator, the discriminator approximates E[⋅] function such 
that the EM loss Ex∼pz [x] − Ex∼preal [x] is approximated by Dx∼pz (G(x)) −
Dx∼preal (x). Compared to the discriminator in the vanilla GAN, which 
performs a classification task, the new discriminator is actually per
forming a regression task (approximating the function E(⋅)). 

Based on the different assumptions that could help improve the 
performance of the discriminator network, we propose five different 
designs for the discriminator network, which thus yield five different 
LGAN structures as listed in Table 1. We discuss these five designs one by 
one in the next section. 

Fig. 1. The pipeline of the proposed LGAN schema which includes a generator network (G) and a discriminator network (D). A Deep Fully Convolutional Network is 
trained to generate the lung mask while an Adversarial Network is trained to discriminate segmentation maps from the ground truth and the generator, which, in 
turn, helps the generator to learn an accurate and realistic lung segmentation of the input CT scans. 

J. Tan et al.                                                                                                                                                                                                                                      

Figure 7. LGAN schema pipeline. A CNN-based generator produces lung masks from CT slices,
while a discriminator guides learning by comparing predictions with ground truth. The adversarial
setup enhances segmentation accuracy and structural realism [67].

(a)

(b)

(c)

(d)

(e)

Figure 8. Segmentation results using Mask R-CNN with different classifiers: (a) Input CT image,
(b) Mask R-CNN + Bayes, (c) Mask R-CNN + SVM, (d) Mask R-CNN + GMM, and (e) Mask R-CNN
+ K-means [68].

6. Lung Nodule Detection
After segmenting the lung region, the next step is to identify possible nodules. This is a

critical task, as the early detection of lung nodules can improve patient survival rates [69,70].
However, the task is complex. Nodules often appear as round, low-contrast areas and can
be easily confused with blood vessels, ribs, or other overlapping structures [57]. In addition,
nodules can vary in size, shape, and density, making them harder to detect consistently [13]
as shown in Figure 9.

support radiologists regarding time, efficiency and correctness and are
known as computer-aided diagnosis (CAD) systems.

As early as the 1980s, a number of CAD schemes were developed for
the detection and differential diagnosis of lung nodules with CT scans
[7], and these systems are also a major research subject in diagnostic
radiology and medical imaging analysis [8–11]. Lung CAD has been
approved by the Food and Drug Administration (FDA) for detecting
solid pulmonary nodules from CT thorax studies. Although the precise
value of screening for lung cancer remains a source of debate, all ex-
perts believe that both early detection and diagnosis are keys for im-
proving the patient survival rate [12]. Technically, CAD systems are
classified into two systems: computer-aided detection (CADe) systems
and computer-aided diagnosis (CADx) systems. The CADe system
mainly concentrates on the location of suspicious lesions in medical
images and alerts radiologists to abnormalities while the CADx system
mainly focuses on the characterization and classification of the lesions.
This review mainly discusses the CADe systems. To improve the clinical
application value, rigid requirements must be met, such as higher
sensitivity with a low false positive rate, high processing speed, low cost
(implementation, training, support and system maintenance, etc.), high
level of automation, the ability to detect different types of pulmonary
nodules and software security assurance [13].

Many techniques employed in the detection of pulmonary nodules
with CT images have been reported previously. Those papers aim to
introduce the advanced techniques at the time and compare the ex-
perimental data, and they include the flowing studies: Lee et al. [16],
Eadie, et al. [14], Elbaz, et al. [15], Valente, et al. [17], Naqi et al. [18]
and Rehman et al. [19]. Lee et al. [16] reviewed algorithms until 2009
and Eadie et al. [14] analyzed algorithms until 2010, Elbaz [15] up to
June 2012, and Valente et al. [17] up to December 2014. More recently,
Naqi et al. [18] and Rehman et al. [19] reviewed studies through
January 2016. The main contribution of our work is to offer an up-to-
date review to introduce the latest and advanced techniques used in
CADe systems. The referenced articles in this review were published
through May 2018 in IEEE Xplore, Science Direct, PubMed, and Web of
Science databases.

This paper identifies the key techniques for the detection of lung
nodules with CT images step by step. The proposed algorithms, the
database used and the experimental results, as well as the algorithm
performance in each referenced article, are reported to make a quan-
titative comparison. Moreover, further research is discussed in the fu-
ture work based on medical fields and radiology. Therefore, our study is
suitable for the beginner to learn about the methods of lung nodule
detection and for professional researchers and radiologists to further
learn about the latest techniques in CADe systems.

The review of pulmonary nodule detection is organized as follows:
Section 2 mainly introduces the structure of CADe systems and the five
major components of the system as well as related techniques. Section 3
reports the results of the selected works and the keywords commonly
used. The database, pulmonary nodule detection technique and classi-
fier adopted by each work are summarized. Additionally, a detailed
report of the selected works based on statistical measurements is

presented in this section. Section 4 aims to summarize the better
techniques used in lung nodule detection, discussing the current trends
and future challenges. Finally, section 5 concludes the achievements of
this research.

2. Structure of CADe system

The CADe system is designed to improve accuracy in diagnosis,
assist in early detection of cancer and reduce the exam evaluation time
of the radiologist. Currently, CADe systems help improve the accuracy
in diagnosis and the efficiency of radiologists in the early detection of
lung cancer [13]. As a potential assistant in clinical practice, CADe
systems may have different structures. In general, CADe systems usually
consist of five basic steps: data acquisition, preprocessing, lung seg-
mentation, nodule detection and false positive reduction. These steps
are shown in Fig. 2.

This review reports the five major components to help readers un-
derstand the establishment and workflow of the CADe systems.
Additionally, the major techniques applied in each component are re-
ported so that readers can learn about those techniques and contribute
to new innovations.

2.1. Data acquisition

As previously mentioned in the introduction, CT has become the
most sensitive imaging modality in the detection of lung nodules with
the advantages of being fast, cost-effective and widely available.
Therefore, the first vital step is to acquire CT image data through a
collaboration of the CADe system, electronic medical record (EMR) and
a picture archiving and communication system (PACS) so that the
system can further process the image data and assist radiologists.

The performance comparison between different systems is less
persuasive if the system is validated by private databases or local
hospitals. Hence, as a collection of rare cases, many public databases
have been established to develop, train and evaluate CADe systems.
Among these databases, the more popular and significant ones are Lung
Image Database Consortium (LIDC) [20,21], Lung Image Database
Consortium and Image Database Resource Initiative (LIDC–IDRI)
[22–24], Early Lung Cancer Action Program (ELCAP) [25], Nederland-
Leuvens Longkanker Onderzoek (NELSON) [26,27], Automatic Nodule
Detection 2009 (ANODE09) [28], Lung Nodule Analysis 2016
(LUNA16) [29] and Database of Japanese Society of Radiological
Technology (JSRT) [30]. These public databases are being employed to
train and compare the developed algorithms.

Initially, LIDC was created by the National Cancer Institute (NCI)
with a purpose to develop, train and evaluate CADe methods for lung
cancer detection with 84 CT scans containing 58 pulmonary nodules
[20]. Subsequently, the database was expended to 399 scans. Recently,
with the contribution of the Image Database Resource Initiative (IDRI),
which was created by the Foundation for the National Institutes of
Health (FNIH), the LIDC database has become the most widely used and
popular database, known as LIDC–IDRI. As a result, the LIDC–IDRI

Fig. 1. Different types of lung nodules: (a) Well circumscribed, (b) Juxta-vascular, (c) Juxta-pleural, (d) Solid, (e) Part-solid, (f) Non-solid.

G. Zhang et al. Computers in Biology and Medicine 103 (2018) 287–300

288

Figure 9. Different types of lung nodules: (a) well circumscribed, (b) juxta-vascular, (c) juxta-pleural,
(d) solid, (e) part-solid, and (f) non-solid [13]. Note: Scale bars are not provided in the original figure,
as the purpose is to illustrate morphological diversity rather than exact physical dimensions.
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6.1. Traditional Methods

Traditional lung nodule detection methods often use handcrafted features and clas-
sical machine learning algorithms. Candidate nodules are selected using techniques like
thresholding, region growing, or clustering-based methods [1].

Thresholding methods are among the simplest approaches for image segmentation.
They use pixel intensity values to separate nodules from the background. If a pixel’s
intensity is greater than the threshold t, it is assigned to one class; otherwise, it is assigned
to another. The mean grayscale µ(t) and inter-class variance σ2

b (t) can be represented by
Equations (6) and (7). ω0(t) and ω1(t) represent the probabilities (or pixel ratios) of the
two pixel classes separated by the threshold t, and µ0(t), µ1(t) are their respective mean
intensity values. The goal is to find the threshold that maximizes σ2

b (t), which indicates the
best class separation based on grayscale distribution [6]:

µ(t) = ω0(t)µ0(t) + ω1(t)µ1(t), (6)

σ2
b (t) = ω0(t)ω1(t)(µ0(t)− µ1(t))

2. (7)

Armato et al. [71] proposed a computerized scheme combining 2D and 3D analysis
with gray-level thresholding, feature extraction, and linear discriminant analysis to auto-
matically detect pulmonary nodules in CT scans, achieving an AUC of 0.93 in ROC analysis.
Sousa et al. [58] proposed a fully automated and efficient lung nodule detection methodol-
ogy based on thresholding and skeletonization techniques, achieving high accuracy and
reproducibility while enabling large-scale, low-cost CT scan analysis without human inter-
vention. Aresta et al. [72] developed a thresholding-based method using sliding windows
and contrast enhancement to detect small juxta-pleural nodules in CT scans, demonstrating
competitive results with a lightweight, integrable design.

Region-based methods detect nodules by grouping pixels with similar intensity. Re-
gion growing starts from a seed point and expands by including neighboring pixels with
similar intensities. To begin, a pixel within the suspected nodule area is manually selected
as the initial center P(0). The algorithm then evaluates adjacent pixels P(x) to determine
whether they should be added to the region [6]. Growing requirements are shown in
Equation (8), and the grayscale difference is shown in Equation (9). This method is simple
but needs manual input and is not always accurate for complex structures like juxta-pleural
or juxta-vascular nodules [73]:

N(n + 1) = N(n) ∪ P(x), for δ(x) < T, (8)

where T is the set threshold, N(n) is the current set of region pixels, P(x) is the candidate
neighboring pixel, and δ(x) is the grayscale difference used for comparison:

δ(x) = g(x)− 1
n

n

∑
k=0

g(k), (9)

where g(x) is the grayscale value at position x, and n is the number of pixels currently in
the region.

Suárez-Cuenca et al. [74] proposed a pulmonary nodule detection approach based
on region growing and classifier combination, demonstrating that majority-vote fusion
improves sensitivity over individual models at low false positive rates. Wu et al. [75]
developed a region-based pulmonary nodule detection system that utilizes 3D geometric
information and segmentation to identify solitary nodules, achieving good sensitivity
while highlighting the need for improved ROI extraction to reduce false positives. Parveen
et al. [76] proposed a region-based lung nodule detection method that combines threat pixel
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identification with region growing to automatically segment suspicious areas, supporting
improved diagnostic accuracy without human intervention.

Clustering-based methods group pixels into clusters using algorithms like K-means or
fuzzy C-means. These methods help detect nodules by finding similar pixel patterns. They
usually improve sensitivity but still face issues with noise and overlapping tissues [77].
Javaid et al. [78] proposed a clustering-based CAD system using K-means for detecting
challenging nodules like juxta-vascular and juxta-pleural nodules, achieving high sensi-
tivity and accuracy while reducing false positives through feature-based grouping and
SVM classification.

Additional filtering and geometric feature analysis are also needed to improve can-
didate generation and reduce computation time [79]. Naqi et al. [80] proposed a hybrid-
feature-based nodule candidate detection method and demonstrated that combining geo-
metric features with AdaBoost classification achieved high accuracy and sensitivity, par-
ticularly improving the detection of challenging juxta-vascular and juxta-pleural nodules.
Figure 10 shows the steps in the nodule candidate detection. Subfigure (a) presents the
segmented regions of interest (ROIs) extracted from the original CT images. In subfigure
(b), the contours of individual structures within each ROI are identified using active con-
tour methods, which adaptively follow object boundaries. Subfigure (c) shows the final
candidate regions selected for further analysis. Fotin et al. [81] proposed a multiscale Lapla-
cian of Gaussian (LoG) filtering method for candidate nodule generation that achieved
near-perfect sensitivity for both solid and nonsolid nodules, highlighting the importance of
additional filtering techniques to optimize early-stage detection accuracy.

Overall, traditional methods are simple and work well in some cases, but their perfor-
mance is limited by hand-designed features and their sensitivity to noise or image artifacts.

for area respectively. If the condition at line 11 in Algorithm 1 is satisfied, then the
object is considered as nodule candidate; otherwise it is considered as noise and rejected.
The asymptotic convergence of Algorithm1 is linear in terms of initial nodule candidates
which is θ(| S| ), where S is the set of candidates. The images in Fig. 7a are the ROIs
extracted from input CT images. The individual objects extracted from ROI’s using
active contour are shown in Fig. 7b. Figure 7c shows the extracted nodule candidate
regions.

2.3 Feature extraction

An object contains several correlated pixels. To process all these pixels needs high computa-
tion [21]. Therefore, instead of handling all the pixel values of an object, their correlation and
characterizations are considered like corners, shape, texture and orientation etc. More relevant
features improve classification accuracy [51]. In the proposed technique, seven different
feature vectors are created by the different combination of geometric, texture and HOG-
PCA features as shown in Fig. 9. The texture, geometric and HOG features are used as base
features. However, the HOG features result in a high dimensional feature vector which is not

Fig. 7 a segmented ROIs, b corresponding contours of objects within the ROI’s, c final selected candidate
regions

Multimedia Tools and Applications (2019) 78:26287–26311 26297

Figure 10. Candidates detection stages: (a) segmented ROIs, (b) corresponding contours of objects
within the ROIs, and (c) final selected candidate regions [80]. Note: This image is reused from a
published study and has been retained in its original form to preserve the integrity of the method
being illustrated.
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6.2. Deep Learning-Based Detection

With the rise of deep learning—a subset of machine learning that leverages multi-
layer neural networks to automatically learn hierarchical feature representations—many
researchers have applied deep neural networks (DNNs) to lung nodule detection [57]. These
models can learn both simple and complex features from CT images, which helps improve
detection performance. Most deep learning methods are based on CNNs, and they are
widely used because of their strong feature learning ability and good results [79]. Figure 11
shows the architecture of the CNN. The model is trained using backpropagation to adjust
parameters for feature extraction and classification. As shown in Figure 11, layers close
to the input have fewer filters due to the larger spatial resolution, while deeper layers use
more filters to capture complex patterns in smaller feature maps. The architecture includes
convolutional layers for local feature detection, followed by pooling and fully connected
layers for decision-making. MLP stands for multilayer perceptron, which connects the
high-level features to the final output [82]. CNN-based methods can be grouped by the
type of input they use. Some use 2D slices, while others use 3D volumes [1].
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The subsampling layer performs non-linear downsam-

pling of the input image or feature map. The non-linear 

downsampling is mostly realized with way of maximum 

pooling, which selects the maximum value of every non-

overlapping subregion of the input map. The major function 

of the subsampling layer may lie in the reduction of learning 

complexity for the upper layer and is also invariant to the 

translation effect upon the input image. 

The CNN model can be constructed from training data 

with the gradient back-propagation method from the top 

of the fully connected multiple layer perceptron down-

ward to each convolution layer to adjust the parameters 

of each hidden unit with respect to each feature map. The 

architecture of a CNN is illustrated in Figure 3. Note that 

since feature map size decreases with depth, layers near 

the input layer will tend to have fewer filters, while layers 

higher up can have many more filters. In this case, we have 

four and six feature maps for the lower and higher layers, 

respectively.

Nodule classification with DBN
Because CT scans are three-dimensional images with lower 

resolution on the sagittal, ie, z, axis, the two-dimensional 

region of interest (ROI) of a pulmonary nodule depicted in 

a two-dimensional CT slice is served as individual train-

ing sample. Since the physical resolution of CT images on 

the x and y axes is higher, three-dimensional features may 

sometimes be inaccurate due to low resolution on the z axis. 

Meanwhile, the two-dimensional ROIs of a nodule are treated 

equally and independently as the training samples for the 

DBN. Because image patches in some ROIs may depict 

partial information about the nodule, it will train the DBN 

model more robust with such two-dimensional input samples. 

As illustrated in Figure 4, the concept of training nodule 

classifier of DBN is the construction of multiple bipartite 

undirected graphical models (RBMs) that are defined in the 

earlier subsection on DBN. Note that each RBM consists of 

a layer of visible units that represent the data and a layer of 

hidden units that learn to represent features capturing higher-

order correlations in the data. The two layers are connected 

by a matrix, but there are no connections between latent 

units within a layer. When two RBMs are to construct a 

DBN, the layer with hidden units of the first RBM is linked 

with the layer with visible units of the second RBM. DBN 

trains one layer at a time, starting from the bottom layer. The 

values of the hidden units in one layer, when they are being 

inferred from data, are treated as the data for training the 

next layer. The training is based on the stochastic gradient 

descent method and the contrastive divergence algorithm to 

approximate the maximum log-likelihood. The classification 

task is performed via a combination of unsupervised pretrain-

ing and subsequent supervised fine-tuning.

Results and discussion
Classification of pulmonary nodules with deep learning 

techniques was tested on the Lung Image Database Consor-

tium dataset, which includes 1,010 patients collected from 

Weill Cornell Medical College, University of California at 

Los Angeles, University of Chicago, University of Chicago, 

University of Iowa, and University of Michigan. Each patient 

record contains at least one lung CT scan with four sets of 

annotations from four radiologists. Nodules with a diameter 

larger than 3 mm were further annotated with diagnostic 

information, including identification of malignancy, by the 

radiologists. 

In this study, we selected all nodules with diameters 

larger than 3 mm from the Lung Image Database Con-

sortium dataset. Note that the total selected number WAs 

2,545 for this criterion. To alleviate the impact of data bias, 

we perform leave one out cross-validation in the training 

phase. 

The DBN and CNN deep learning frameworks were 

adopted to achieve nodule differentiation without the 

elaboration of feature computing. The training samples 

Figure 3 Architecture of a convolutional neural network. This model was constructed from training data using the gradient back-propagation method.
Abbreviation: MLP, multiple layer perceptron.Figure 11. Architecture of a convolutional neural network. This model was constructed from training

data using the gradient backpropagation method [82].

Two-dimensional CNNs work on individual CT slices and are easier to train. They
work well with fewer resources and can still learn important features. Some 2D networks
use slices from different directions (axial, coronal, and sagittal) to keep some 3D informa-
tion [1]. Kumar et al. [83] proposed a CAD system that uses deep features extracted from a
2D autoencoder and a binary decision tree classifier to distinguish malignant from benign
lung nodules, achieving higher accuracy than previous methods on the LIDC dataset.
Ciompi et al. [84] proposed a method using an ensemble of classifiers based on 2D views
of 3D nodules, leveraging features extracted from the pre-trained ‘OverFeat’ 2D CNNs
to classify peri-fissural nodules, achieving near human-level performance (AUC = 0.868).
Hua et al. [82] proposed using 2D CNNs and deep belief networks (DBNs) to classify lung
nodules from CT images without handcrafted feature extraction, demonstrating that deep
learning methods outperform traditional CAD systems in both efficiency and accuracy.
Figure 12 shows the DBNs framework. The DBN is formed by stacking multiple restricted
Boltzmann machines (RBMs), where each RBM is a two-layer network consisting of a
visible layer x for input data and a hidden layer h1 for feature extraction. There are no
intra-layer connections, only inter-layer ones. The hidden layer of one RBM becomes the
visible layer of the next. Training is carried out in a layer-wise manner using contrastive
divergence and stochastic gradient descent. After the unsupervised pre-training, super-
vised fine-tuning is used to optimize the entire network for classification tasks. George
et al. [85] proposed a real-time lung nodule detection system based on a 2D CNN using
the DetectNet architecture derived from YOLO (You Only Look Once), achieving 93%
accuracy with low false positives and high sensitivity by treating detection as a single-stage
regression task. The network architecture of the nodule detector is shown in Figure 13. The
architecture removes the original input, output, and final pooling layers from GoogLeNet.
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It omits fully connected layers to allow flexibility for input images of various sizes and
enables sliding-window style predictions with a stride of 16 pixels. The network’s receptive
field covers 555 × 555 pixels, and the number of feature maps at each stage is indicated in
the diagram. Trajanovski et al. [86] proposed a two-stage deep learning framework that
combines a 2D CNN-based nodule detector with a ResNet-inspired neural network to
assess cancer risk from low-dose CT scans, achieving robust and comparable performance
to radiologists across multiple datasets. The architecture of the network is shown in Table 4.
The model begins with image input consisting of 10 nodules, each projected in three planes
with a resolution of 28 × 28. It stacks several convolutional layers with 3 × 3 kernels and
8 channels, each followed by batch normalization. Residual connections are introduced
by merging earlier and deeper convolutional outputs. Dropout is applied for regulariza-
tion, especially to prevent overfitting. The feature representations are passed through
dense (fully connected) layers, and finally merged with nodule-level metadata (radius,
coordinates, confidence scores). A final dense layer with a sigmoid activation estimates
the malignancy probability for each nodule, and a global max pooling layer aggregates
the outputs across all nodules to predict the final cancer risk. Xie et al. [87] proposed a
two-stage automated pulmonary nodule detection framework based on 2D CNN and an
improved Faster R-CNN with deconvolution and dual region proposal networks, followed
by a boosting-based classifier for false positive reduction, achieving high sensitivity on the
LUNA16 dataset.
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ferentiation. Specifically, the popular fractional Brownian 

Figure 6 Deep belief network structure.
Abbreviation: RBM, restricted Boltzmann machine.

Figure 4 Deep belief network learning framework to circumvent elaboration of semantic features. The concept of a training nodule classifier is illustrated.
Abbreviation: RBM, restricted Boltzmann machine.

Figure 5 Convolutional neural network structure: connectivity pattern between layers.

Figure 12. Deep belief network learning framework [82].

Table 4. Architecture of the deep and wide neural network [86].

Layer Properties Previous Layer (s)

1. Image input (10 × 3 × 28 × 28) - Img: 10 nod, 3proj 28 × 28
2. Conv Layer + BN ( 3 × 3, 8× ), stride 1 1.
3. Conv Layer + BN ( 3 × 3, 8× ), stride 1 2.
4. Conv Layer + BN ( 3 × 3, 8× ), stride 1 3.
5. Conv Layer + BN ( 3 × 3, 8× ), stride 1 1.
6. Addition/Merge + BN – 4., 5.
7. Dropout + BN – 6.
8. Dense + BN (64) 7.
9. Dropout + BN – 8.
10. Dense + BN (64) 9.
11. Numeric input (10 × 1) - Radius
12. Numeric input (30 × 1) - x, y, z nodule coordinates
13. Numeric input (10 × 1) - confidence score
14. Addition/Merge – 10., 11., 12., 13.
15. Dense + sigmoid (1) 14.
16. GlobalMaxPool (10) 15.
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Figure 13. Network architecture of the nodule detector of DetectNet [1].

Three-dimensional CNNs can learn spatial patterns across multiple slices, which helps
in detecting irregular or small nodules. However, 3D models require more memory and
training time [1]. Dou et al. [88] proposed a 3D CNN framework that integrates multilevel
contextual information to effectively reduce false positives in pulmonary nodule detection,
achieving top performance in the LUNA16 challenge. The framework includes three sepa-
rate 3D CNNs, each trained on a different level of spatial context. These networks process
volumetric patches of increasing size to capture local to broader anatomical information.
The final prediction is produced by combining the outputs (posterior probabilities) from the
three subnetworks, enabling the model to make more accurate decisions in false positive
reduction for pulmonary nodule detection. Anirudh et al. [89] proposed a 3D CNN-based
lung nodule detection system that uses weak supervision with only point labels and esti-
mated size, reducing the need for full 3D annotations while maintaining high sensitivity
and low false positives through unsupervised label expansion and multi-scale context
learning. Figure 14 shows the network design. The network consists of five convolutional
layers with ReLU activation, two max-pooling layers, and a final softmax layer for binary
classification. Dropout is applied to prevent overfitting. A multiscale strategy is adopted,
where networks are trained at different scales with adjusted kernel sizes. Two of the five
convolutional layers are fully connected layers implemented as 1 × 1 convolutions. Huang
et al. [90] proposed a 3D CNN-based fusion model (A-CNN) that integrates multi-scale 3D
convolutional networks and AdaBoost to improve pulmonary nodule detection, achieving
high sensitivity on the LUNA16 dataset. Ali et al. [91] developed a reinforcement learning-
based (RL) method using a deep 3D CNN architecture to detect lung nodules directly from
raw CT images without preprocessing, achieving high training accuracy but moderate
generalization, highlighting both the promise and data dependency of RL approaches in
medical imaging. A flowchart of the convolutional neural network architecture is shown
in Figure 15. The network begins with an input layer (blue), followed by multiple con-
volutional layers (red) with ReLU activation functions to extract features. Pooling layers
(purple) reduce spatial dimensions, helping to retain key information. A dropout layer
(cyan) helps prevent overfitting. The fully connected layer (green) integrates features for
classification, and the final softmax output (yellow) provides the class prediction.
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2 max-pooling layers and a final 2-way softmax layer for the classification. Dropout is also used to
regularize the learning. Two of the five CL have a kernel size of 1× 1. In the proposed framework, they
use 2 different networks to consider different contexts. Figure 6 shows the sizes for the larger context.
For the smaller one, the same architecture is used, but the kernel sizes are modified accordingly. The
two considered context scales were 25 × 25 × 7 and 41 × 41 × 7, dimensions obtained experimentally.
The training is done separately and the independent results of the two networks are merged to obtain
a final result. As data augmentation strategy, they augment the positive class by centering the input
volumes v̂ in several different randomly sampled voxels and use them as different positive training
samples. For augmenting the negative samples, they chose patches from inside the lung which have
an intensity above a threshold (≈400–500 on the Hounsfield scale). This resulted in about 15 K positive
samples and around 20 K negative samples. From the 70 scans available in the dataset, 20 were used
for training and 47 for testing. Three scans were discarded because of ambiguity on the presence of
nodules. For a given threshold, a match is declared, if the estimation is around a small radius (typically
5–10 mm) of the ground truth. For the best configuration, the system achieved a sensitivity of 0.80 for
10 FP/scan.

Figure 6. Overall design of the 3D convolutional neural network trained for lung nodule detection.

Golan et al. [48] propose a 3D Deep Convolutional Neural Network to detect lung nodules in
sub-volumes of CT images. The proposed pipeline does not include an FP reduction step. The network
is composed of two parts. The first one is designed to extract valuable volumetric features from the
input data and is composed of 3D CL, ReLU activations and max-pooling layers. The second part
consists of the network responsible for the classification. Which is composed of multiple FC and
threshold layers, followed by a softmax layer. The CNN is composed of 5 × 20 × 20 − 96C3 × 9 × 9
−MP1 × 2 × 2 − 256C2 × 4 × 4 −MP2 × 2 × 2 − 384C1 × 3 × 3 − 384C1 × 3 × 3 − 256C1 × 3 ×
3 −MP1 × 2 × 2 − 4096FC − 4096FC − 2FC. From input to output. Where, for example, 96C3 × 9
× 9 denotes a CL that have 96 kernels of size 3 × 9 × 9.The stride value is set to 1 for both CL and
max-pooling. ReLU activation is used and a threshold activation function set at 1 × 10−6 for the FC
layers. Softmax is used for the output. Furthermore, in addition to the activation of its previous layer,
the first FC layer of the CNN receives 7 additional values. They represent location information of the
receptive field in relation to the entire CT image for all three axes, slice thickness (in mm), pixel spacing
in each of the two in-plane axes (in mm) and the image orientation. The receptive field was chosen
to be 5 × 20 × 20 empirically. During training, the sub-volumes were randomly extracted from the
CT images of the training set and were normalized according to the estimated normal distribution
of the voxel values in the dataset. Given a 3D CT image of size [65,764] × 512 × 512, the CNN is
applied in a sliding window approach which computes three-dimensional voting grid (of the same
size as the CT scan) by averaging the outputs of the CNN in various positions. Then by the use of
2 thresholds, predicted nodules are obtained. A grouping procedure is then performed. Given the
ground-truth number of nodules in each CT scan and the number of nodules markings made by the
four radiologists in each CT scan, the closest pair of nodules are merged until the two numbers are
equal. The framework achieves a sensitivity of 0.789 with 20 FP/scan or 0.71.2 at 10 FP/scan. The
authors propose 4 ways to improve their system by using a larger dataset to learn more features,
segmenting the lungs to reduce FP, adding an FP reduction step to the pipeline and, finally, since the
framework generates a voting grid it is possible to use it with other methods.

Figure 14. Overall design of the 3D CNNs trained for lung nodule detection [1].
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Figure 3 | A flowchart of the convolutional neural network architecture. Blue box is the input image. Red boxes are convolutional layers with rectified linear unit 
activation. Purple box is the max pooling layer. Cyan box is the dropout layer. Green box is the fully connected layer and softmax binary classifier. Yellow is the 
output of the network.
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Convolutional Neural Networks (CNNs)
Learning to control agents directly from high dimensional sen-
sory inputs (i.e., vision and speech) is a significant challenge in 
RL (11). A key component of our RL model is a CNN. It helps 
our model make sense of the very high dimensional CT images 
that we insert into our model. A standard slice has a width and 
length of 512 × 512. With our input of 10 slices for every state, 
this amounts to approximately 2,621,440 pixels. A CNN is able to 
contend with this because it creates a hierarchical representation 
of high dimensional data such as an image (10).

Unlike a regular neural network, the layers of a CNN have 
neurons arranged in three dimensions (width, height, and 
depth) and respond to a receptive field, a small region of the 
input image, as opposed to a fully connected layer which 
responds to all the neurons. For a given neuron, it learns to 
detect features from a local region, which facilitates the cap-
turing of local structures while preserving the topology of the 
image. The final output layer reduces the image into a vector of 
class scores. A CNN deep learning system is composed of five 
layers: an input layer, a convolutional layer, an activation layer, 
a pooling layer, and a fully connected layer. With most CNN 
architectures having more than one of each layer, they are thus 
referred to as “deep” learning (10). The function of each layer 
is described further below.

Input Layer
This layer holds the raw pixels values of the input image (colored 
blue in Figure 3).

Convolutional Layer
This layer visualized by the red boxes in Figure 3 is composed 
of several feature maps along the depth dimension, each cor-
responding to a different convolution filter. All neurons with 
the same spatial dimension are connected to the same recep-
tive field of the input image. This facilitates capturing a wide 
variety of imaging features. The depth of the layer, meaning 

the number of convolution filters, represents the number of 
features that can be extracted from each input receptive field. 
Each neuron in a feature map shares exactly the same weights, 
which define the convolution filter. This allows reducing the 
number of weights, and thus increasing the generalizability of 
the architecture (10).

Activation Layer
Often seen as one with the convolutional layer, as in Figure 3, 
the activation layer applies a threshold function to the output 
of each neuron in the previous layer. In our network, we use a 
rectified linear unit (RELU) activation, where RELU(x) = max(0, 
x), meaning it fires the real value of the output and thresholds at 
zero. It simply replaces the negative values with “0.”

Pooling Layer
Typically placed after an activation layer, this layer down-samples 
along spatial dimensions. Shown by the purple box in Figure 3, 
it selects the invariant imaging features by reducing the spatial 
dimension of the convolution layer. The most commonly used 
is max pooling, which selects the maximum value of four of its 
inputs as the output, thus preserving the most prominent filter 
responses.

Fully Connected Layer
Shown as green in Figure 3, this layer connects all neurons in the 
previous layer with a weight for each connection. As the output 
layer, each output nodes represents the “score” for each class.

To facilitate the learning of complex relationships, multiple 
convolutional-pooling layers are combined to form a deep 
architecture of nonlinear transformations, helping to create a 
hierarchical representation of an image. This allows learning 
complex features with predictive power for image classification 
tasks (10). As illustrated in Figure 3, we use 3D CNN given that 
nodules are spherical in shape, and can best be captured with 3D 
convolutions.

Figure 15. A flowchart of the CNN architecture [91].

Transfer learning is also popular. Pre-trained networks like VGG or ResNet, trained
on large datasets, can be used to extract features from CT scans [30]. These features are
then used to detect or classify nodules. Paul et al. [92] proposed a hybrid approach for
pulmonary nodule detection and classification by combining features extracted from a 3D
CNN trained on the NLST dataset with deep features from a pre-trained VGG network and
traditional radiomics features, achieving improved performance through multi-channel
input and feature fusion. The flowchart of the hybrid approach is shown in Figure 16.
This design fuses features from two branches: one processes input images through a max-
pooling path, and the other applies a convolution followed by pooling. Both branches
produce feature maps of the same size, which are then merged. A final convolution and
pooling layer refines the combined features before classification.

4 Discussion and Conclusions
Using transfer learning, features can be obtained from the last
fully connected layer of a pretrained network using lung LDCT
image data as input. LDCT screening data with labels will likely
be a small set for training a new deep neural network, as it is in
this research. Predictions were performed on baseline lung nod-
ules from an unseen test set (cohort 2) to predict which patients
would develop lung cancer by the second follow-up screen (T2).
In this paper, we show transfer learning features, as well as
training a new CNN will yield higher AUC when compared to
our previous study19 using only quantitative radiomics features.
Quantitative radiomics features are mainly generated based on
the tumor size, shape, histogram-based features, and texture.
Deep features likely have a relation to texture-based features
and, perhaps, shape, but are more opaque. So, we also fused
deep features with quantitative radiomics features to evaluate
whether fusing different types of features will provide better
results.

In our study, three different convolutional networks pre-
trained on the ImageNet dataset were used and features were
obtained from the last hidden layer after applying the ReLU
activation function (post-ReLU). In this paper, we discussed
two different approaches: using deep features only from warped
nodules and merging deep features from warped nodules with
classical radiomics features. In our previous study,19 we used the
red channel to normalize input images. In our current study, we
performed further analyses, using red, green, and blue channels
separately and using all three channels simultaneously. We gen-
erated a multichannel simulated RGB image, by using the same
grayscale image three times. The best result obtained using only
deep features extracted from the vgg-s pretrained network was
75.10% (AUC 0.74) with three channels using a nearest neigh-
bor classifier. The accuracy is nearly as good as handcrafted
features yet based on features from a network trained on color

camera images. By merging the deep features with quantitative
features, an improved AUC of 0.79 using a random forests
classifier was enabled.

Tuning a pretrained ImageNet with our cohort 1 examples
was attempted. However, the tuned networks features did not
result in accuracy or AUC that was better than reported here.

We also trained our own CNN architectures using
augmentation and obtained 76% accuracy (AUC 0.87) from
Architecture 3. The AUC was significantly better compared
to the previous best result19 of 0.81 (SE ¼ 0.273). We used
our CNN Architecture 3 as a pretrained network to extract
features of 1024 dimension from the max pool—layer 3. Using
only the new deep features, the best accuracy obtained was
68.77% (AUC 0.62). We then merged the new deep features
with the classical radiomics features and obtained an accuracy
of 76.37% (AUC 0.75). By merging the new deep features,
classical radiomics features, and the deep features from the pre-
trained vggs architecture, the best overall accuracy of 76.79%
(AUC 0.78) was obtained. This matched the best accuracy
previously attained with just radiomics features.

As the nodule images were grayscale and input images for
pretrained CNN were color (RGB), how to choose a single-color
channel from red, green, blue, or whether to use all of them is
unclear. Here, we did a detailed analysis on the tradeoffs
between color channels for extracting features from pretrained
CNNs. We extracted deep features from an ImageNet trained
CNN by sending nodule images through different color channels
(red/blue/green) separately, as well as copied the nodule image
to generate a RGB (24 bit image) and extract features. We
noticed that features from the RGB outperformed the individual
red, blue, and green channel. So, it shows that color channels
can have a serious impact on performance while using pre-
trained CNNs to extract features from medical images. Merging
ImageNet trained CNN features with radiomics features gener-
ates a newly designed feature vector for predictive analysis.

Fig. 4 Flowchart of feature fusion approach.
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Figure 16. Flowchart of feature fusion approach [92].

Compared to 3D CNNs, 2D models are computationally efficient and require less
memory, making them suitable for training with limited resources. However, they often
fail to capture inter-slice contextual information, which is critical for detecting small or
subtle nodules. On the other hand, 3D models provide richer spatial context and generally
achieve better performance in volumetric analysis, but they are computationally expensive
and sensitive to variation in slice thickness. Hybrid 2.5D strategies, such as multi-slice
inputs, attempt to balance efficiency and contextual learning.

In short, deep learning is flexible and has shown strong performance in many stud-
ies, making it a popular and effective approach for lung nodule detection today. Table 5
summarizes the representative detection models previously introduced, detailing their
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architectural types, datasets, and key metrics such as accuracy, sensitivity, and AUC. No-
table architectural features are also noted to highlight innovations. This table complements
the preceding discussion and enables a quick comparison of different detection strate-
gies. Among the listed models, the Faster R-CNN variant [87] shows notably high AUC,
likely due to its use of a dual RPN structure and deconvolution layers, which enhance
multi-scale feature extraction and improve localization of small nodules. In contrast,
the point-supervised method [89] sacrifices performance for annotation efficiency, which
makes it more suitable for settings with limited labeling resources but less optimal for
high-sensitivity tasks.

Table 5. Comparison of representative deep learning-based detection models. Only reported metrics
are shown. Abbreviations: ACC (Accuracy), Sens. (Sensitivity), AUC (Area Under Curve).

Type Model/Method Dataset ACC
(%)

Sens.
(%) AUC Notes

2D
CNN-
based

DetectNet [85] LIDC-
IDRI 93.00 89.00 – F1-score = 90.96,

single-stage

Faster R-CNN
Variant [87] LUNA16 – 86.42 95.4 Deconv + dual

RPN

3D
CNN-
based

Multilevel CNN [88] LUNA16 – 94.40 – Multi-context
fusion

Point-supervised [89] LUNA16 – 80.00 – Weak supervision

Hybrid 3D CNN + VGG +
Radiomics [92] NLST 76.79 – 78 Feature-level

fusion

7. Lung Nodule Segmentation
After detecting the possible lung nodules, the next step is to segment them. This means

accurately outlining the shape and size of each nodule [93]. Like detection, segmentation
is also very important. It helps measure the nodules and supports further diagnosis or
classification. However, nodule segmentation is also challenging because nodules come in
different sizes, shapes, and textures. Some are attached to the lung wall or blood vessels,
which makes their boundaries unclear [94].

7.1. Traditional Methods

Traditional segmentation methods use simple image processing rules, like threshold-
ing, morphological operations and region growing [10].

Thresholding is one of the simplest ways. It checks the brightness of each pixel
and separates nodules from other parts by choosing a value (threshold) [95]. It works
fast but may fail when nodules are close to other tissues or have unclear edges [10].
Zhao et al. [96–99] developed an early multi-criterion segmentation method based on
thresholding, which uses density, gradient, and shape constraints to separate nodules from
surrounding structures in helical CT images, helping to improve edge accuracy and support
early malignancy assessment. This approach was adapted by several early methods as a
foundation for threshold-based segmentation. Wiemker et al. [100] proposed a fast and
fully 3D thresholding algorithm to segment lung nodules by finding the optimal Hounsfield
threshold based on iso-surface gradients and sphericity, achieving real-time performance
and high accuracy.

Mathematical morphology uses shape operations like dilation and erosion to separate
nodules from vessels or the chest wall. It is useful for cleaning the segmented result
but needs careful tuning. Kubota et al. [101] proposed a general-purpose segmentation
algorithm using mathematical morphology and figure–ground separation techniques,
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which effectively handles various nodule types—including juxta-pleural and vascularized
nodules—without requiring prior lung wall separation, and shows comparable or better
performance than existing methods on LIDC datasets. Halder et al. [102] proposed an
adaptive morphology-based segmentation method using adaptive structuring elements
and morphological filters to improve nodule detection and segmentation in CT images,
achieving high accuracy on both public and private datasets by combining shape, texture,
and intensity features with an SVM classifier.

Region growing starts from one or more seed points and adds nearby pixels with
similar intensity. It can be more flexible than thresholding but results depend on the
choice of seeds and similarity rules. Dehmeshki et al. [103] proposed a region growing
segmentation method based on fuzzy connectivity and adaptive contrast, which showed
high reproducibility and good performance in segmenting various types of pulmonary
nodules in CT images. Soltani-Nabipour et al. [104] proposed an improved region growing
algorithm with multipoint initialization and edge correction, achieving 98% segmentation
accuracy on lung tumors and showing its potential for other cancers like brain and breast
tumors. Equation (10) shows the rules when these points will be added to the points
array (seedval is the color intensity of this point stored in the base value; threshval is the
maximum radius expected for a tumor, which is entered by the user):

seedval − threshval ≤ pointval ≤ seedval + threshval,

point ∈ lungregion,

distance(seed, point) ≤ 2 × radiusval.

(10)

Other traditional methods include graph cuts, watershed, statistical classification,
and model fitting. While these approaches can work well, they often need manual steps
or careful parameter tuning. Also, their performance drops when dealing with small or
irregularly shaped nodules [10].

7.2. Deep Learning-Based Segmentation

Recently, deep learning has become the most popular approach for lung nodule
segmentation. These methods use neural networks to learn patterns directly from data.
The most common network is the CNN [4].

Many works use well-known CNNs for nodule segmentation [9]. U-net [105] is widely
used because of its simple encoder–decoder structure with skip connections, which helps
keep important features. Tong et al. [106] proposed an improved U-net-based segmentation
method for pulmonary nodules by introducing residual connections and batch normal-
ization to enhance network depth, training stability, and segmentation accuracy using the
LUNA16 dataset. Figure 17 shows a 45-layer network architecture, including 19 convo-
lutional layers. The downsampling path uses repeated 3 × 3 convolutions and 2 × 2 max
pooling with ReLU activation to extract high-dimensional features. In the upsampling path,
the spatial resolution is doubled while feature channels are halved. Each upsampled feature
map is concatenated with its corresponding feature map from the downsampling path to
recover boundary details. A final 1 × 1 convolution maps the output to the target classes.
V-Net [107] is a 3D version that works well for volumetric CT data. Ma et al. [108] proposed
an improved V-Net model that combines pixel threshold separation and attention mecha-
nisms to enhance lung nodule segmentation, achieving high Dice scores and outperforming
most existing U-net-based models. The improved Dig-CS-VNet model shown in Figure 18
enhances V-Net by adding a feature separation module and 3D attention blocks to better
capture edge and semantic details. Skip connections between the encoder and decoder
help improve segmentation accuracy. ResNet [109] has also been used to capture deeper
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and more complex patterns. Cao et al. [110] proposed a Dual-branch Residual Network
(DB-ResNet) that combines intensity-based and convolutional features using a novel central
intensity-pooling layer, achieving higher segmentation accuracy than experienced radi-
ologists on the LIDC-IDRI dataset, demonstrating the strength of ResNet-based methods
for lung nodule segmentation. Figure 19 shows the proposed architecture of DB-ResNet
which includes three key components: (a) a main structure where average pooling (AP)
and concatenation (Concate) operations are used, and the central intensity-pooling module
can be inserted at marked positions; (b) a convolution block (ConvBlock) design; and (c) a
residual block (ResBlock) layout. The variables k, m, and n represent the channel numbers
in each layer. This modular design enhances feature extraction and network depth while
keeping the model efficient.

To improve accuracy, some methods adopt multi-view or multi-scale strategies. Multi-
view CNNs process CT slices from different angles (axial, sagittal, and coronal) to learn
more spatial features [9]. Wang et al. [111] proposed a multi-view CNN (MV-CNN) ar-
chitecture that combines three orthogonal image views for lung nodule segmentation,
achieving strong performance on the LIDC-IDRI dataset without requiring predefined
shape assumptions or parameter tuning. The MV-CNN architecture consists of three
branches, each designed to extract features from axial, coronal, and sagittal views. Each
branch processes two-scale patches and includes six convolutional layers, two max-pooling
layers, and a fully connected layer. The outputs of all branches are combined in another
fully connected layer. Liu et al. [112] proposed MSMV-Net, a multi-scale and multi-view
CNN framework that improves lung tumor segmentation by fusing 2D views and applying
uncertainty-based deep supervision, achieving strong performance on public datasets.
Figure 20 shows the comprehensive architecture of MSMV-Net. The model has two parts:
(a) multi-scale multi-view fusion combines sagittal, coronal, and axial views, each weighted
by attention parameters α, β, and γ; (b) multi-scale uncertainty-based deep supervision
uses softmax-derived uncertainty to guide training and improve accuracy.

structure is shown in Fig. 3, which has a total of 45 layers, including 19 convolution layers. The shrinkage network is mainly extract
feature information from high dimension, responsible for the process of downsampling. The process of downsampling consists mainly
of two convolution layer of 3*3 and a pooling layer of 2*2, and Relu function is taken as activation function. In contrast to the
downsampling, the image size is twice as large as the upsampling, but the number of features is halved. When upsample, each output
feature map is merged with the corresponding feature map for each of the downsampling of the shrinking network to fill missing
boundary information. Finally, map the feature map obtained by the convolution layer of 1*1 to the corresponding category.

The improvements of the U-NET network are mainly those two aspects. Firstly, residual network is introduced in the improved
network. Residual network is to solve the problem of various errors and too much training time in deep network training. The most
important one in the residual network is the residual module, which uses a method of fitting the residual map. It does not output the
result of the convolutional layer directly, but the method of choosing the residual mapping, which we call “shortcuts”. Suppose that
we have a hidden layer named F x( ), and the hidden layer or a few of hidden layers satisfy = −F x H x x( ) ( ) . Then combining such
non-linear modules, we can get a fairly complicated network. To form a residual module, the residual network adds up the output of
multiple convolutional layers and the initial input, which extracting the features of the image and reducing the training parameters in
a way. And the residual network structure is relatively simple, it can also speed up training. To some extent, that solves the problem
of network degradation in deep conditions. This residual module is a network implemented by a combination of neural networks and
shortcut, where shortcut is equivalent to having a simple identity map with no extra parameters.

(1) Residual network
In order to reduce the cost of computer, we improved the residual module. As shown in Fig. 4, the size of the convolution layer is 3

* 3. Two 3 * 3 convolution layers were replaced with three convolution layers, where the sizes of the three convolution layers are 1*1,
3*3, and1*1. By replacing the residual module, the number of channels are reduced, and so does the amount of computation. On the
other hand, the number of channels is reduced by the last 1 * 1 convolutional layer. To some extent, this ensures both accuracy and a
reduction in computation.

(2) Introducing of Batch Normalization(BN)
Batch Normalization (BN) is introduced to normalize the data. When using SGD for training, the activation function in the mini-

batch is calculated for normalization. After normalization, the mean of each dimension is 0 and the variance is 1. The normalizing

Fig. 3. Improved U-NET network structure.

Fig. 4. The improvements of residual module.
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463

Figure 17. Improved U-net network structure. This 45-layer model enhances pulmonary nodule
segmentation by integrating residual connections and batch normalization. The encoder path (left)
extracts features using repeated convolutions and max pooling, while the decoder path (right) restores
spatial resolution via upsampling and skip connections. A final 1 × 1 convolution produces the
segmentation map [106].
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Figure 18. Improved Dig-CS-VNet network architecture [108].
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Table 1
Network parameters of the DB-ResNet. Building blocks are shown in brackets with the numbers of blocks stacked.
Downsampling is performed using Central Pooling before the first layer of ResBlock1_x and ResBlock2_x.
Layer name Output size 32-Layer 83-Layer 134-Layer

ConvBlock_x 35×35 [3 × 3, 32] × 2 [3 × 3, 32] × 2 [3 × 3, 32] × 2

ResBlock1_x 17×17

⎡⎣ 1 × 1, 128
3 × 3, 128
1 × 1, 512

⎤⎦ × 4

⎡⎣1 × 1, 128
3 × 3, 128
1 × 1, 512

⎤⎦ × 4

⎡⎣1 × 1, 128
3 × 3, 128
1 × 1, 512

⎤⎦ × 8

ResBlock2_x 8×8

⎡⎣1 × 1, 256
3 × 3, 256
1 × 1, 1024

⎤⎦ × 6

⎡⎣1 × 1, 256
3 × 3, 256
1 × 1, 1024

⎤⎦ × 23

⎡⎣1 × 1, 256
3 × 3, 256
1 × 1, 1024

⎤⎦ × 36

1×1 Average Pooling,Concatenate,2-d fc,softmax

Params 0.68×107 2.3×107 3.7×107

Fig. 2. (a) Illustration of the proposed DB-ResNet architecture where AP and Concate represent the Average Pooling operation and Concatenate operation, respectively.

The symbol indicates where the Central Intensity-Pooling can be placed, (b) the diagram of the convolution block (ConvBlock), and (c) the diagram of the residual
block (ResBlock). The parameters k, m and n indicate the number of channels.

three-channel patches as input to a multi-scale CNN branch (see
Fig. 2, multi-scale branch).

In addition, in order to further improve the segmentation per-
formance, we also integrate the residual learning structure into
the network. Moreover, we use the bottleneck structure where
the head and end are 1 × 1 convolutions (to reduce and restore
dimensions) and the middle is a 3 × 3 convolution, replacing the
original residual learning structure, which can reduce network
parameters and increase network depth [49].

The motivation for designing a multi-view branch is to adapt
to the segmentation of the three-dimensional object. Specifically,
since the lung nodule is a three-dimensional object, the data
block input to the model needs to contain certain spatial infor-
mation, so that the model can learn the location relationship
between the slices. However, since a 2D segmentation network
is proposed, multi-view branches are needed to meet this need.

The motivation for designing multi-scale branches is to adapt
to changes in the size of the lung nodules. Fig. 3 shows the size

distribution of the nodules. The small scale 35*35 in the multi-
scale branch is mainly used to adapt to nodules less than 15 mm
in size (about 80% of the total number of nodules). The other two
large scales, 50*50 and 65*65, are used to adapt to the remaining
20% of the large nodules, providing them with richer contextual
information.

3.1.3. The central intensity-pooling
The conventional segmentation method usually utilizes the

intensity information of the target. For the segmentation of nod-
ules, we can also use the same information. In particular, for
isolated nodules and calcified nodules, the intensity information
is useful due to a large contrast between the nodules and the
surrounding background. Therefore, we designed a pooling layer
that calculates either the center position of the feature map or its
surrounding intensity information.

Fig. 4 shows the central intensity-pooling process for three
different pooling kernel sizes. Among them, the yellow mark

Figure 19. DB-ResNet network architecture: (a) Main architecture, with Average Pooling (AP),
Concatenate (Concat), and Central Intensity-Pooling placement, (b) Diagram of the convolution block.
k, m, and n indicate channel numbers, and (c) Diagram of the residual block [110].Computers in Biology and Medicine 172 (2024) 108250
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Fig. 1. The comprehensive architecture of MSMV-Net for lung tumor segmentation. The model consists of two main components: (a) Multi-scale multi-view fusion, which incorporates
sagittal, coronal, and axial views with corresponding attentions weighted by parameters 𝛼, 𝛽, and 𝛾, respectively; and (b) Multi-scale uncertainty-based deep supervision, employing
softmax-derived uncertainty estimations to guide the network during training for improved accuracy.

Fig. 2. The structure of the single-view attention block along the sagittal view. The
output feature size of each block is given in batch size × channels × height × weight
× depth (B × C × H × W × D) format.

3.3. Multi-scale multi-view fusion

By integrating MSMV, as shown in Fig. 1(a), into the skip con-
nections of our network architecture, we aim to mitigate the issue
of feature incompatibility that often arises from U-shape structures.
This fusion not only enhances the network’s capability to focus on
smaller targets, but also extracts additional features across 2D planes,
i.e., sagittal, axial, and coronal views. Furthermore, the implementation
of MSMV plays a crucial role in reducing the overall parameter count
of 3D networks, leading to a more efficient and computationally less
demanding model.

In practice, we input the 3D features 𝑋 ∈ R𝐶×𝐻×𝑊 ×𝐷 at each
encoder stage into three distinct single-view attention modules, operat-
ing in parallel. The attention module is designed to capture contextual
attention from three different perspectives. To more effectively capture
the features of small targets, we embed the original 3D features into
three orthogonal 2D planes, facilitating the extraction of 2D spatial
attention. Subsequently, the learned 2D attention and 3D feature maps
are combined, thereby enhancing the overall feature representation.
After obtaining fused features of the three axes, we employ three

learnable parameters, 𝛼, 𝛽 and 𝛾, to compute the weighted summation
of these enhanced features. This process is calculated as:

𝑌 = 𝛼 ⋅ SVA(𝑋) + 𝛽 ⋅ SVA(𝑋) + 𝛾 ⋅ SVA(𝑋), (1)

where SVA(⋅) represents the operation conducted by the single-view
attention module. This aggregation function plays a pivotal role in
enabling the network to adaptively learn the significance of different
directions, thereby facilitating asymmetric information extraction.

As shown in Fig. 2, in the single-view attention module, we initially
embed the input 3D features 𝑋 ∈ R𝐶×𝐻×𝑊 ×𝐷 into three 2D planes.
Specifically, for the sagittal, axial, and coronal planes, we generate keys
(𝐊) and queries (𝐐), while maintaining the values (𝐕) in their original
3D shape. For instance, considering the sagittal view, the input 𝑋 is
embedded in 2D, yielding 𝐊,𝐐 ∈ R𝐶×𝑊 ×𝐷, whereas 𝐕 is derived from
𝑋 using a single 1 × 1 × 1 convolution, resulting in 𝐕 ∈ R𝐶×𝐻×𝑊 ×𝐷.
We employ global average pooling as our embedding (EMB) function
along the chosen axis (in this case, 𝐻) as the embedding operator. The
obtained 𝐊 and 𝐐 from the embeddings are then utilized to learn dis-
tinct 2D contextual attentions along the three orthogonal dimensions,
thereby effectively capturing essential information pertinent to small
lesions.

𝐊 = 𝐐 = EMB(𝑋) (2)

Subsequent to generating the orthogonal embeddings, we apply a
3 × 3 convolution to 𝐊, extracting the local attention 𝐋 ∈ R𝐶×𝑊 ×𝐷.
This local attention captures spatial representations associated with
neighboring keys. Following this, we concatenate the obtained local
attention 𝐋 with 𝐐. The attention matrix 𝐆 ∈ R𝐶×1×𝑊 ×𝐷 is then
produced through a 1 × 1 2D convolution. The calculation is formulated
as follows:
𝐋 = Conv3×3(𝐾)
𝐆 = Conv1×1(Concate(𝐋,𝐐))

(3)

where Conv is the convolution, and Concate denotes the concatena-
tion operation. The attention matrix 𝐆 not only effectively encodes
the contextual information inherent in individual query-key pairs but
also incorporates the intrinsic attention within the keys themselves.
It should be noted that this description primarily outlines the main

Figure 20. MSMV-Net network architecture [112].
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Some models combine CNNs with other advanced techniques. Attention-based net-
works help the model focus on key areas, such as nodules, while ignoring irrelevant
regions [113]. Bruntha et al. [114] proposed Lung_PAYNet, an attention-based pyramidal
network that combines inverted residual blocks and swish activation to enhance lung nod-
ule segmentation in low-dose CT scans, achieving a Dice score of 95.7% on the LIDC-IDRI
dataset. GANs [115] have been applied to enhance segmentation quality by generating
more realistic and structurally consistent masks. Tyagi et al. [116] proposed a 3D condi-
tional GAN (CSE-GAN) for lung nodule segmentation. The generator adopts a U-Net
backbone with squeeze-and-excitation (CSE) modules, while the discriminator employs
spatial squeeze and channel excitation (sScE) blocks to better distinguish real and generated
masks. As shown in Figure 21, the model architecture is designed to enhance both feature
representation and mask discrimination. Evaluated on LUNA16 and a local dataset, the
method achieved Dice scores of 80.74% and 76.36%, demonstrating clear improvements
over standard CNN-based methods. As illustrated in Figure 22, the proposed CSE-GAN
performs well across different nodule sizes—small (Case 1), medium (Case 2), and large
(Case 3). Each case includes the original CT slice with enlarged patches (a), the ground
truth mask (b), and the predicted segmentation (c), highlighting the model’s ability to
produce accurate and consistent outputs. Other methods use Transformers [117] to capture
long-range dependencies in the image, which is useful for precise boundary segmentation.
Usman et al. [118] proposed a two-stage segmentation framework using a dual-encoder
hard attention network (DEHA-Net) and transformer-inspired attention modules to achieve
accurate and robust 3D lung nodule segmentation across multiple CT views.
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Fig. 5. Block diagram of the proposed CSE-GAN for lung nodule segmentation.

back to the full image. All these processing steps are discussed in the
following subsections.

3.1. Proposed CSE-GAN for nodule segmentation

The proposed CSE-GAN consists of a segmentation network as a
generator and a classification network as a discriminator. In the seg-
mentation network, we used concurrent squeeze & excitation (CSE)
blocks [71] in both encoder and decoder, which helps in feature re-
calibration across both channel and spatial dimensions simultaneously.
Due to this, segmentation accuracy is enhanced. For the classification
network, we introduced spatial squeeze & channel excitation (sScE)
blocks [72], which helps in the channel-wise recalibration of fea-
ture maps and further improves the classification accuracy of the
discriminator. The block diagram of the proposed GAN is presented in
Fig. 5.

The generator generates the segmentation masks from the input CT
image patches. The discriminator provides the probability of actual and
fake segmentation masks. The detailed architecture of the generator
network is provided in Fig. 9 and of the discriminator is presented
in Fig. 10. We have introduced the ground segmentation masks to the
discriminator and the generator as the reference for actual labels. Thus,
we made our generative adversarial network conditioned on the ground
truth labels to improve the accuracy of both generator and discrimina-
tor. The generator network learns features from input patches using
ground truth as a reference during training. The discriminator network
tries to distinguish between true and fake labels. Back-propagation
algorithm is implemented in both generator and discriminator to train
and update the weights. It is a min–max competition between generator
and discriminator as represented by Eq. (2). Back-propagation is used
to calculate the gradients of the network loss function, and thus weights
are updated.

3.2. Squeeze & excitation networks

3.2.1. Spatial squeeze & channel excitation module (sScE)
Original Squeeze & Excitation networks are developed by Jie et al.

[72], for spatial squeeze & channel excitation (sScE) operation. Their

idea was to channel-wise feature recalibration by implementing a mod-
ule in which the squeeze operation is performed along the spatial di-
mensions, and the excitation operation is performed along the channels.
The global spatial information is squeezed into a channel descriptor
using global average pooling in spatial squeeze operation. This is done
to make the feature maps capable of capturing global contextual infor-
mation. The channel-wise features are captured using a gate mechanism
in channel excitation operation. This is performed with the help of
the sigmoid function. This was designed for a 2D convolutional neural
network. In our case, we have extended it for a 3D network, and the
proposed architecture is called Spatial squeeze & channel Excitation
(sScE), as presented in Fig. 6.

Let us consider the input feature map as 𝑋 = [𝑥1, 𝑥2,… ., 𝑥𝑐 ] consist-
ing of channels 𝑥𝑖 ∈ 𝑅𝐻×𝑊 ×𝐷×𝐶 , where 𝐻,𝑊 ,𝐷, and 𝐶 represent the
height, width, depth and channel dimensions of the image, respectively.
Spatial squeeze operation is carried out by using global average pooling
and a vector 𝑣 ∈ 𝑅1×1×1×𝐶 is produced with its 𝑛th element as given
in Eq. (3). This operation collects all the local information and embeds
this into vector 𝑣.

𝑣𝑛 =
1

𝐻 ×𝑊 ×𝐷

𝐻∑
𝑖

𝑊∑
𝑗

𝐷∑
𝑘

𝑢𝑛(𝑖, 𝑗, 𝑘) (3)

The channel excitation operation is done with the help of a gating
mechanism, which is given by Eq. (4). In this step, the vector 𝑣 is
transformed to vector 𝑒.

𝑒 = 𝜎(𝑊1𝛿(𝑊2𝑣𝑛)) (4)

Here, in Eq. (4), the 𝜎 operator defines the sigmoid activation
function, 𝛿 represents the ReLU activation function, 𝑊1 ∈ 𝑅𝐶× 𝐶

𝑟 and
𝑊2 ∈ 𝑅

𝐶
𝑟 ×𝐶 . 𝑟 is reduction ratio and it is a hyper-parameter which can

be tuned to change the capacity and overall computational cost of the
network. For our study, we used reduction ratio of 8, because this value
of reduction ratio balances the trade-off between parameter complexity
and accuracy.

The resultant output vector 𝑌𝑠𝑆𝑐𝐸 is obtained using Eq. (5). It is used
to recalibrate the channel-wise features.

𝑌𝑠𝑆𝑐𝐸 = [𝑒1𝑥1, 𝑒2𝑥2,… ., 𝑒𝑐𝑥𝑐 ] (5)

Figure 21. Overview of the CSE-GAN architecture [116].

Deep learning methods have shown strong performance in lung nodule segmentation.
Standard CNNs are simple and effective. Multi-view and multi-scale models improve
feature learning. Hybrid networks add flexibility and precision, while two-stage systems
help target difficult cases. Each method has strengths, and the choice often depends on
the available data and task needs. Table 6 presents a comparative overview of the key seg-
mentation models applied to lung nodules previously introduced. It reports performance
metrics such as DSC and Sensitivity, along with dataset details and unique architectural
components. This summary supports the prior discussion by clarifying how segmenta-
tion performance varies across design paradigms. Models such as Dig-CS-VNet [108]
demonstrate superior Dice performance. This is largely due to their integration of 3D
attention mechanisms and feature separation modules, which help better preserve spatial
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continuity, especially for small or low-contrast nodules. Transformer-based models like
DEHA-Net [118] further leverage global attention to enhance boundary delineation, but
their complexity may limit scalability in real-time clinical applications. While GAN-based
models such as CSE-GAN [116] introduce adversarial refinement to improve mask realism,
their performance can be unstable and highly dependent on discriminator design and
training balance.
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Fig. 13. Segmentation results case 1- small sized nodules, case 2- medium-sized nodule and case 3- large sized nodule,(a) original image (b) ground truth (c) predicted segmentation.

4.6. Ablation study

We have performed an ablation study by implementing several
combinations using all three versions of squeeze & excitation blocks,

first with U-Net and then with GAN. The segmentation results using
the evaluation metrics for the LUNA test set are depicted in Table 2.
First, we evaluated the primary 3D U-Net network and achieved a dice
score of 74.56%, a sensitivity of 77.37%, a precision of 76.32%, and the

Figure 22. Segmentation results for nodules of different sizes: (a) original image, (b) ground truth,
and (c) predicted segmentation [116].

Table 6. Comparison of representative deep learning-based segmentation models. Only the reported
metrics are shown. Abbreviation: DSC (Dice Similarity Coefficient) and Sens. (Sensitivity).

Type Model/Method Dataset DSC
(%)

Sens.
(%) Notes

2D CNN-based Improved
U-Net [106] LUNA16 73.6 –

Residual connections,
batch normalization,

skip connections

3D CNN-based Improved
Dig-CS-VNet [108]

LUNA16,
LNDb

94.9,
81.1

92.7,
76.9

Feature separation, 3D
attention blocks

ResNet-based DB-ResNet [110] LIDC-
IDRI 89.40 –

Dual-branch structure,
intensity pooling,

modular ResBlocks
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Table 6. Cont.

Type Model/Method Dataset DSC
(%)

Sens.
(%) Notes

Multi-view CNN MV-CNN [111] LIDC-
IDRI 82.74 – Axial/coronal/sagittal

branches, late fusion

Multi-scale + view MSMV-Net [112] LUNA16,
MSD

55.60,
59.94 –

2D view fusion,
attention-weighted
deep supervision

GAN-based CSE-GAN [116] LUNA16,
ILND

80.74,
76.36

85.46,
82.56

3D U-Net + CSE
attention, sScE
discriminator

Transformer-
based DEHA-Net [118] LIDC-

IDRI 87.91 90.84
Dual-encoder,

transformer modules,
hard attention

8. MTL in Medical Image Analysis
MTL has gained increasing attention in medical image analysis due to its ability

to improve model performance by learning shared representations across related tasks.
In the context of lung CT imaging, where detection and segmentation tasks are often
interconnected, MTL offers a promising framework for optimizing learning efficiency and
reducing annotation cost. This section reviews the principles of MTL and explores its
specific applications in medical imaging, with a focus on lung nodule analysis.

8.1. Overview of MTL

MTL means training a model to perform more than one task at the same time. In-
stead of training separate models for each task, MTL combines them and shares useful
information between tasks [119]. This helps the model learn better, especially when one
task has less labeled data but is related to another task with more data [19]. By sharing the
learning process, MTL can improve accuracy, reduce overfitting, and use less memory. It
is also helpful when tasks are related or have overlapping features [18]. As illustrated in
Figure 23, the model usually includes two main parts: shared layers and task-specific layers.
The shared layers are used to extract common features across tasks, while the task-specific
layers process these shared features further to produce outputs for each individual task.

4 MTL for deep learning

The formulations we discussed so far use hand crafted features and assume there are lin-
ear relationships between the data and target labels. However, in many applications where a
complex data-to-target relationship exists [73], this too conservative assumption may limit
the performance of prediction models. Recently, thanks to its capability in learning latent
representation of the data without any explicit hand-crafted formulation, deep learning tech-
nique or deep neural network structure has been adopted for multi-task learning [68]. Most
of the applications utilizes either the hard (i.e., sharing the hidden layers between all tasks)
or soft (i.e., each task has its own model (hidden layers) with its own parameters) parameter
sharing.

Figure 3 shows a typical example of multi-task deep learning used in the literature [8, 65,
70, 86, 92, 96, 103], in which we assume there is only one input data with multiple output
targets. As shown in Fig. 3, there are generally two types of hidden layers in the model, i.e.,
the shared layers and task-specific layers. The shared layers learn the intrinsic low-level
representation of the data, which are general among all the tasks, while the task-specific
layer learns the classification network parameters that map the learned latent representations
from the previous shared layers to the task-specific output layers.

The combination of multi-task learning and deep learning has been employed for com-
puter vision [20, 21, 42, 65]. As mentioned previously, the multi-task model performs well
only if the jointly learned tasks are related among each other. However, there is no adequate
definition of task relevance or task-relatedness, leading to the difficulty of grouping the
related tasks for joint learning. To overcome this issue, Fang et al. [21] proposed a dynamic
multi-task convolutional neural network (DMT CNN) with each task holds a subnet and
the degree of information shared among subnets (or tasks) is flexible. This is achieved
by including dynamic connections called task transfer connections among subnets that are
learned dynamically to measure the impact of supervisory signals (e.g., the class label) from
the higher layers on a certain lower layer, leading to a automatic grouping of tasks during
training based on the degree of relevance among tasks. One additional advantage of this
model is its incremental learning capability where subnet of a new task can be augmented
to the existing learned model without the need of updating the already learned parameters.

Fig. 3 Multi-task learning for deep learning

Multimed Tools Appl (2018) 77:29 5–29 570 7229718

Figure 23. MTL model framework [18].
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8.2. Applications in Medical Imaging

In medical imaging, MTL is useful because many tasks are linked. For example, seg-
mentation and classification often go together. MTL has been used in many medical areas,
such as brain [120,121], chest [122,123], cardiac [124,125], and abdominal imaging [126,127].
Common tasks include identifying organs, segmenting tumors, classifying disease types,
or estimating clinical scores [19,128]. Depending on the task, researchers design different
MTL structures. These include cascaded (task B depends on task A), parallel (tasks are
done side-by-side), interacted (tasks share features), and hybrid (a mix of the above) [19].
Table 7 summarizes each type, and Figure 24 shows the embodiments of these four types.
YA and YB are the outputs of tasks TA and TB. In the figure, these are marked with gray
and green blocks; FA and FB are the networks designed for each task separately. They are
shown as yellow and orange blocks; FC stands for the layers that both tasks use together,
shown in blue in the figure; and FA,B and FB,A describe how the networks for tasks TA

and TB pass information to each other. These connections are shown as dashed black lines
between yellow and orange blocks.
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tasks are related but with different complexities, such as one is the 
segmentation task and the other is the classification task. 

An exemplary parallel architecture is the COVID-19 Multi-Task 
Network (COMiT-Net) that consists of one task-shared encoder and four 
task-specific decoders [27]. As shown in Fig. 2(a), the task-shared 
encoder aims to learn the shared high-dimensional feature representa
tions of the chest X-ray images. The task-specific subnets desire to learn 
high-level task-specific features to complete the segmentation and 
classification tasks. The prediction results of eight ablation experiments 
with different task combinations demonstrate that each task holds its 
role, i.e., removing either of the three assisting tasks deteriorates the 
performance. Apart from the last task-shared layer, more previous 
task-shared layers can be connected to the task-specific subnets. For 
example, a global average pooling is performed on the output features of 
each task-shared layer in the shared encoder to form a one-dimensional 
representation for the glioma classification [28]. 

2.3. Interacted architecture 

As shown in Fig. 1(c), one or more connections exist between task- 
specific layers, which can dig the deep correlations between related 
tasks. Mathematically, given an input X, the data flow of the interacted 
architecture illustrated in Fig. 1(c) can be formulated as {YA, YB} =

{FA,B(f),FB,A(f)}, where f = FC(X); YA = FA,B(FC(X)); YB = FB,A(FC(X)); 
FC denotes the common task-shared layers shown with blue blocks; YA 
and YB denote the results of TA and TB tasks, shown with the gray and 
green blocks, respectively; FA,B and FB,A represent the interaction be
tween the task-specific layers for TA and TB tasks, shown with the black 
dash lines between the yellow and orange blocks. This interacted 
scheme may be more suitable for solving the task combinations that the 
tasks are significantly related so that the in-deep features from the latter 
deep layers are even able to provide useful auxiliary information to each 
other. 

Typically, the complexity of each task in interacted model is almost 
similar to each other. As an exemplary interacted architecture shown in 

Fig. 2(b) [29], the backbone U-Net network delineates the bladder and 
rectum that are relatively easy to distinguish in CT images. Meanwhile, 
an attention sub-network is built to hierarchically transfer the backbone 
features and adaptively learn discriminative representations for the 
prostate bed segmentation. They are both segmentation tasks with dense 
outputs. The output of each task can be one label in Ref. [30], where the 
feature maps from the last convolutional layer of the regression module 
are concatenated with the feature maps of the classification module. The 
connections between two subnets in above two studies are one-pass, i.e., 
the interaction is unidirectional. The connection can be bidirectional, i. 
e., the feature map of a task-specific subnet can interact with the other 
subnet and vice versa. For example, the task consistency blocks at 
multiple levels enable interactions between task-specific layers of the 
segmentation and contour regression tasks [20]. 

2.4. Hybrid architecture 

Considering the diversity of detailed network structures, there exist 
some MTDL-based network architectures that not fit nicely into the 
above three categories. We classify them into the hybrid category. 
Generally, at least two of the cascaded, parallel, or interacted strategies 
are leveraged in the hybrid architecture. This hybrid architecture could 
fully integrate the task-shared and task-specific representations by tak
ing advantage of the pros of the above three architectures, which may be 
suitable for the complicated task combinations. 

Fig. 1(d) shows an exemplary hybrid architecture with both parallel 
and cascaded schemes, where task A result is obtained based on the task- 
shared features, and task B result depends on the task-shared features as 
well as the output of task A. Mathematically, given an input X, the data 
flow of the hybrid architecture presented in Fig. 1(d) can be formulated 
as {YA,YB} = {FA(f),FB(f ,FA(f))}, where f = FC(X); YA = FA(f); YB =

FB(f , YA); FC denotes the common task-shared layers shown with blue 
blocks; YA and YB denote the results of TA and TB tasks, shown with the 
gray and green blocks, respectively; FA and FB represent the task-specific 
layers for TA and TB tasks, shown with the black dash lines between the 

Fig. 1. Four embodiments of network architectures for multi-task deep learning, i.e., (a) cascaded, (b) parallel, (c) interacted, and (d) hybrid.  

Fig. 2. (a) A parallel multi-task deep learning architecture contains four subnets for two classification tasks and two tasks of lung and disease region segmentation 
[27]. (b) An interacted multi-task deep learning architecture where the prostate bed segmentation subnet is based on the features from the bladder and rectum 
segmentation subnet [29]. 
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Figure 24. Four embodiments of MTL network architectures: (a) cascaded, (b) parallel, (c) interacted,
and (d) hybrid [19].

Table 7. Common MTL architectures [19].

Architecture Description and
Usage Example Formula

Cascaded

Tasks run one by one.
The following task

builds upon the
outcome of the

preceding task. Best
for strong task
dependency.

TS-MDL framework
first segments teeth

with iMeshSegNet, then
detects landmarks with
PointNet-Reg based on

segmentation
output [129].

{YA, YB} = FB(FA(X)),
where

YA = FA(X); YB = FB(YA).

Parallel

A shared encoder
feeds multiple

separate decoders.
Tasks are related but

not dependent.

COMiT-Net uses one
encoder for CXR

images and separate
decoders for COVID

classification and
segmentation [130].

{YA, YB} = {FA( f ), FB( f )},
f = FC(X); YA =

FA(FC(X)); YB = FB(FC(X)).

Interacted

Task-specific layers
exchange features.
Useful when tasks

benefit from
each other.

AMTA-Net segments
bladder and rectum

first, then uses attention
to guide prostate bed
segmentation [131].

{YA, YB} = {FA,B( f ), FB,A( f )},
where f = FC(X); YA =

FA,B(FC(X)); YB =
FB,A(FC(X)).

Hybrid

Mix of cascaded,
parallel, and/or

interaction. Suited for
complex task
combinations.

DeepSC-COVID jointly
performs 3D lesion
segmentation and

COVID diagnosis using
multiple interacting

subnets [132].

{YA, YB} =
{FA( f ), FB( f , FA( f ))},

where f = FC(X); YA =
FA( f ); YB = FB( f , YA).
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Each architecture has its own strengths and is suited to different application scenarios.
Cascaded models are typically preferred when strong task dependencies exist, such as
segmentation guiding classification. Parallel architectures are widely adopted for their
implementation simplicity and are effective when tasks are loosely coupled. Interacted
designs allow for richer feature exchange, which can benefit highly correlated tasks like
lesion detection and boundary refinement. Hybrid models combine the advantages of
multiple strategies and are well-suited for complex workflows, albeit with increased com-
putational cost. Ultimately, the choice of architecture should be guided by the specific task
requirements, data availability, and deployment constraints.

8.3. MTL in Lung Nodule Detection and Segmentation

In lung imaging, MTL is often used to detect and segment nodules. Some systems
first use a detection model like Faster R-CNN to find possible nodules. Then, they apply a
segmentation model such as U-net or Mask R-CNN to obtain the exact shape. This two-step
process works well for small or unclear nodules and helps reduce false positives [19].

Tang et al. [14] introduced NoduleNet, an end-to-end 3D DCNN that jointly performs
nodule detection, false positive reduction, and segmentation. To reduce interference be-
tween tasks, they decoupled detection and FP reduction features and added a segmentation
refinement module. Although not originally labeled as MTL, their model follows a multi-
task structure and demonstrates that joint training improves detection accuracy by over
10% compared to single-task baselines. Figure 25 shows the overview of NoduleNet, in-
cluding three main stages arranged in sequence: first, an initial stage for detecting possible
nodule regions; second, a stage to reduce false positives; and third, a stage for refining the
segmentation results. The variable k refers to the number of anchor boxes used in detection,
while FC denotes a fully connected layer used in the classification or regression parts of
the network.

Song et al. [15] proposed a weakly supervised MTL segmentation framework com-
bining 2D U-net and ConvLSTM to leverage sequential context in CT slices. They used
annotated data from different tasks to extract shared features and addressed class imbal-
ance with a dynamic multi-task loss weighting strategy. The method improved MIoU
and Dice to 79.23% and 82.26% on LIDC-IDRI, showing the benefit of MTL under limited
supervision. The framework combines a U-shaped encoder–decoder network with Con-
vLSTM modules to capture spatial and sequential features from 2D CT slice sequences. It
also integrates a multi-branch design for multiple tasks and applies a prior-based loss to
improve performance under limited annotation.

Luo et al. [16] proposed a 3D U-net-based MTL framework (ECANodule) for joint
pulmonary nodule detection and segmentation. They introduced dense skip connections
and a lightweight channel attention module to enhance semantic feature learning. Their
approach integrates detection and segmentation via shared encoder parameters and a
refined decoder, achieving 91.1% detection sensitivity and 83.4% Dice score on LIDC-IDRI.
The use of online hard example mining (OHEM) further addresses class imbalance during
training. This framework includes three parts: (1) an improved U-net with a region proposal
module to detect nodule candidates, (2) a false positive reduction branch to refine candidate
boxes and scores, and (3) a mask branch to enhance segmentation. Each cube shows spatial
dimensions and channel number.
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Fig. 1. Overview of NoduleNet. NoduleNet is an end-to-end framework for pulmonary
nodule detection and segmentation, consisting of three sequential stages: nodule candi-
date screening, false positive reduction and segmentation refinement. k is the number
of anchors. FC is short for fully connected layer.

Our main contributions are summarized as follows:

– We propose a unified model to integrate nodule detection, false positive reduc-
tion and nodule segmentation within a single framework, trained end-to-end
in a multi-task fashion.

– We demonstrate the effectiveness of the model, improving nodule detection
accuracy by 10.27% compared to the baseline model trained only for nodule
detection, and achieving a state-of-the-art nodule segmentation accuracy of
83.10% on Dice-Sørensen coefficient (DSC).

– We carry out systematic ablation studies to verify the contributions of sev-
eral design tricks underlying NoduleNet, including decoupled features maps,
segmentation refinement subnet, and multi-task training.

Figure 25. Overview of NoduleNet [14].

Nguyen et al. [133] developed MANet, an MTL model based on a full 3D U-net struc-
ture with deep supervision and multi-branch attention mechanisms. The model includes
three new modules—projection, fast cascading context, and boundary enhancement—to
capture both global and local features. Their refinement step improves detection and
segmentation performance, achieving superior FROC and IoU/DSC scores compared to
existing methods.

Tang et al. introduced modularity by decoupling detection and segmentation tasks,
reducing task interference but lacking dynamic coordination between branches. Song et
al. focused on weak supervision and sequential context modeling, making their approach
suitable for low-annotation scenarios, though the reliance on 2D slices may limit spatial
precision. Luo et al. and Nguyen et al. emphasized architectural refinements, such as
dense skip connections, attention modules, and deep supervision, resulting in improved
segmentation accuracy. However, these improvements often come with increased model
complexity. For instance, Nguyen’s MANet achieved superior FROC and Dice scores but
required high memory, which can constrain deployment. Table 8 compares representative
MTL frameworks previously introduced, presenting key performance metrics such as FROC
and Dice, dataset sources, and core architectural strategies like feature decoupling, attention
modules, or weak supervision. These comparisons highlight the trade-offs in design choices
and their impact on model effectiveness. Multi-task frameworks like NoduleNet [14] benefit
from task decoupling, which mitigates performance degradation and reduces false positives
by refining spatial boundaries through segmentation. ECANodule [16], on the other hand,
excels at detecting small or ambiguous nodules by integrating attention mechanisms and
hard example mining, effectively concentrating the model’s attention on diagnostically
critical regions.
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Table 8. Comparison of representative MTL-based models for lung nodule detection and segmen-
tation. Only reported metrics are shown. Abbreviations: Weakly-sup. (Weak supervision), FROC
(Free-response ROC), DSC (Dice Similarity Coefficient).

Type Model/Method Dataset FROC
(%) DSC (%) Key Features

Cascaded NoduleNet [14] LIDC-IDRI
+10.27%

vs. single-
task

83.1
Decoupled tasks, FP

reduction, segmentation
refinement module

Parallel
(Weakly-sup.)

Multi-branch U-net +
ConvLSTM [15] LIDC-IDRI

+6.89%
vs. single-

task
82.26

Sequential context,
dynamic loss weighting,

weak labels

Hybrid ECANodule [16] LIDC-IDRI 91.1 83.4
Dense skip connections,

attention, OHEM
training

Hybrid
(Deep-attention) MANet [133] LIDC-IDRI 88.11 82.74

Deep supervision,
multi-branch attention,
boundary enhancement

9. Research Gaps and Future Directions
Despite significant progress in lung nodule analysis using deep learning, there are still

several open issues that this study aims to address.
First, task imbalance is a common issue in MTL frameworks. Many existing models

treat detection and segmentation equally, often ignoring their intrinsic differences. While de-
tection focuses on localizing nodules, segmentation requires precise boundary delineation.
Shared features without proper task-specific adaptation may cause one task—typically
detection—to dominate, especially in cases with small or indistinct nodules. Most studies
adopt fixed loss weights, and adaptive strategies such as uncertainty-based weighting or
gradient normalization are rarely investigated in the context of lung CT [19].

Second, while heavy models like full 3D U-nets or large transformers are common in
MTL research, there is limited exploration of more efficient backbones such as 3D ResNet-18
in multi-task pipelines. It remains under-explored how these lighter backbones perform
when combined with specialized modules like YOLO and U-net to achieve accurate results
with reduced computational cost [14,16,133].

Third, although most current methods are developed using datasets like LIDC-IDRI
and LUNA16, their real-world generalizability remains questionable. In clinical practice,
variations in scanner types, imaging protocols, and patient populations can significantly
affect performance. However, few studies have conducted cross-institutional validation
or robustness testing, and domain adaptation or self-supervised learning remains under-
explored in this context [15]. This lack of external validation presents a major barrier to
clinical deployment and must be addressed in future research.

These gaps suggest the need for more adaptive, efficient, and generalizable MTL frame-
works to support lung nodule analysis in real-world environments. Beyond improving
model architectures, future research should also consider collaborative benchmark design
and task-specific evaluation criteria, which would support more consistent comparison
and accelerate clinical adoption.

10. Conclusions
This review has examined recent developments in deep learning-based methods for

lung nodule detection and segmentation, with a particular focus on MTL frameworks. We
have categorized MTL strategies into parallel, cascaded, interacted, and hybrid architec-
tures, and reviewed how these frameworks share representations and improve efficiency
and accuracy in pulmonary nodule analysis.
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While MTL approaches have shown strong potential, several important challenges
remain. Many models lack adaptive coordination between tasks, leading to imbalanced
learning that may hinder performance—especially when nodules are small or difficult to
segment. The reliance on large 3D architectures also limits real-world clinical deployment
due to high computational demands. Additionally, current models often generalize poorly
beyond curated datasets, and fully annotated training data can be difficult to obtain.

Addressing these challenges will require further research into dynamic task-balancing
strategies, such as attention-based feature sharing and adaptive loss weighting. Lightweight
architectures should be explored and optimized for clinical settings, with careful evaluation
of efficiency metrics. Self-supervised or weakly supervised learning techniques offer
promise for reducing annotation costs and improving robustness. Ultimately, validating
these models in diverse, real-world settings is essential for achieving practical, trustworthy
CAD tools. As the field advances, closer collaboration between researchers, radiologists,
and healthcare providers will be essential toward building efficient, generalizable, and
clinically impactful lung nodule analysis systems.
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