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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].

Time 1 (CT scan)
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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.



Electronics 2025, 14, 3009

30f34

{Lung Cancer Statistics Burden} {CT Imaging Limitations} {Manual Diagnosis Challenges}

Y Y Y

{ Image Preprocessing}

CAD Systems }

Deep Learning Approaches}

Y

[Multi—Task Learning (MTL)J

{Improved Efficiency} {Shared Representations} {Better Generalization}

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

Calculates the Mean
Squared Error between
images. A smaller MSE

MSE(x,y) = 5 Li% (xi = 1)?,
where x; and y; are corresponding pixel values

MSE indicates higher image in the two images, and N is the total number
similarity. A lower value of pixels.
indicates better quality.
_ (ZVXVy""Cl)(Zny""CZ)
Assesses perceptual SSIM(x,y) = (Wit +C) (e +oy+Co) !
similarity based on where py, jiy are the mean intensities of images
SSIM

FR luminance, contrast,
and structure.

x and y, respectively; oy, oy are their standard
deviations; oyy is the cross-covariance. C; and
C, are constants to stabilize the division.

Measures signal fidelity
between two images.
PSNR is inversely related
PSNR to MSE; as MSE decreases
toward zero, PSNR
increases, indicating
better image quality.

PSNR = 10logo (M4 ),
where MAX is the maximum possible pixel
value of the image.

Evaluates perceptual
quality based on
block-level distortion. It
PIQE 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.

Estimates deviation from

NR natural image statistics. A

d = \/(m — )T (B4%) - p2),

NIQE lower value indicates where y1q, pp and X4, X5 are the mean vectors
; and covariance matrices of the test and
better quality. natural images.
poiony — L) —p(ij)
Predicts image quality o 1G.)) = Coip+C
BRIS using natural scene where p(i, ) .an.d o(i, ) are local mea.n.and
QUE standard deviation from MSCN coefficients.

statistics. A lower score
means better quality.

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. %
Sensitivity (Recall) True positive rate. TPE—%
Specificity True negative rate. %
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Table 2. Cont.

Metric Description Formula
Precision (PPV) Positive predictions that are correct. %
N : fed . _Precision-Recall
F1-Score Harmonic mean of precision and recall. 2 prsiont Recall
Dice Similarity Similarity between prediction and 2|ANB|
Coefficient (DSC) ground truth. [A]+]B]

Intersection over

Union (IoU) Overlap ratio of prediction and ground truth. } 282}
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 Mean of AP over all classes. mAP = % YN, AP,

Precision (mAP)
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
Bounding boxes, . e
LIDC-IDRI[25]  CT, DX, CR malignancy ratings 1018 scans Multi-reader a@otated, basis
for many derived datasets
(4 readers)
. High-quality subset of
LUNAT16 [24] CT Filtered nodules 23 mm  goq o LIDC-IDRI; used for
from LIDC-IDRI
10-fold CV
NLST [26] CT, X-ray Patlen.t ogtcome, 54.,0.00+ Large—scal.e clinical trial;
lesion info participants mortality-focused
True nodules and Partially annotated; used for
ANODE09 [27] cT irrelevant findings 55 scans CAD evaluation
. Early low-dose CT dataset;
ELCAP [28] CT Nodule locations 50 scans used for CAD benchmarking
. . 3D nodule boxes, 5-30 mm nodules annotated
Tianchi [29] ¢t clinical labels 1000+ scans 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.

(a) (b) (©)

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). ¢ denotes
the standard deviation of the distribution, which controls the extent of blurring or noise
spread. In the 1D case, g,(x) models the probability density along a single spatial axis,
while the 2D form G, (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]:

1 x?
1D : go(x) = N AW

x2+y2)

. @
2D : Gy(x,y) = 27wzexp(— 57

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:

__ number of pixels with available intensity n
B total number of pixels

, 2

In

wheren =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.

IR = Alngr, 3)

where I R represents the blurred (LR) image, Itjr represents the original (HR) image, and
A symbolizes the blurring process.

arg rnein L (THR/ 1 HR) , (4)

where Tyg denotes the estimated HR image generated by a deep neural network f with
parameters 0, and L signifies the loss function that quantifies the difference between
the estimated and original HR images. The objective is to determine the optimal 6 that
minimizes this reconstruction loss:

Lper = HfP(THR) — ¢(Iur) 21 ®)

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

Tricubic SRCNN DCSRN mDCSRN ParalleINet VolumeNet Ground Truth

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 x2 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.

(a) (b)

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.

Ground truth

U-net(R-231)
[Ours]

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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Generator (G)

Input Image Predicted Mask

Discriminator (D)
~(n=-=ngl (% ]-
I.- = EM Loss

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].

Human Labeled Mask Encoder Decoder

Input

Bayes

GMMs=

(d)

Kmeana

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.

(@) (d) © @ © ®

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 ¢, it is assigned to one class; otherwise, it is assigned
to another. The mean grayscale y(t) and inter-class variance 07 (t) can be represented by
Equations (6) and (7). wy(t) and wy (t) represent the probabilities (or pixel ratios) of the
two pixel classes separated by the threshold ¢, and p(t), p1(t) are their respective mean
intensity values. The goal is to find the threshold that maximizes (75 (), which indicates the
best class separation based on grayscale distribution [6]:

u(t) = wo(t)po(t) +wr(t)p1(t), (6)

07 (t) = wo(B)ewor (1) (po (1) — pa (£))*. (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) UP(x), for6(x) < T, 8)

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

5(x) = g(v) — 1 Y 5(h), ©)

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

Sudrez-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
etal. [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]. Nagqi 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.

Opverall, 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.

(b) (©

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 CNNSs, 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].

(Sl) 4 feature maps

Input layer
(Cl) 4 feature maps  (S2) 6 feature maps (C2) 6 feature maps
Ty, 0
e
| Convolution layer - | Sub-sampling layer | Convolution layer ‘Sub-sampling Iayer‘ Fully t;:::ected |

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 h; 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 x 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 x 28. It stacks several convolutional layers with 3 x 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.

OO0

RBM

O©—]
COOO00  (COOOOD) -

©O0000 OCOC00k  COOOTO)
OO0 ©00000x  ©OOOOO)x

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 x 3 x 28 x 28) - Img: 10 nod, 3proj 28 x 28
2. Conv Layer + BN (3 %3, 8x),stride 1 1.

3. Conv Layer + BN (33, 8x),stride 1 2.

4. Conv Layer + BN (3% 3, 8x),stride 1 3.

5. Conv Layer + BN (3 %3, 8x),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 (10x1) - Radius

12. Numeric input (30 x1) - x, Y,z nodule coordinates
13. Numeric input (10x 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 x 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

2x2x80x100

classification, and the final softmax output (yellow) provides the class prediction.
ff 2-way Softmax
classifier
FC Layers l

Input image
Max-Pooling
Max-Pooling
3x3x50x80

16X16X7X50 7x7x50x50 P(nodule)

Figure 14. Overall design of the 3D CNNs trained for lung nodule detection [1].
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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.

Input image Apply pre-trained Feature selection by
Warped image — 3 channels  net and extract Symmetric
Enlarged to 224x224 fqature§ 4096 uncertainty
dimension (5/10/15/20)
B - B
Extract classical Feature selection by
Input image 3D image radiomics features Symme}nc Fusing features Classify and predict
219 dimension uncertainty Feature vector size using classifier
(5/10/15120) 15/30/45/60
Input image Train using Feature selection by
Warped image — 3 channels ~ Architecture 3 and Symmetric
Enlarged to 100x100 extract features - uncertainty
1024 dimension (5/10/15/20)

m-(1-

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

Compared to 3D CNNSs, 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 1?(5 )C S((z /n)s. AUC Notes
2D DetectNet [85] LI]I;DIS' 93.00 89.00 - Fl'.scofe_zt%'%’
CNN- single-stage
based Faster R-CNN Deconv + dual
Variant [87] LUNAI16 - 86.42 95.4 RPN
3D Multilevel CNN [88] ~ LUNAL6 - 9440 - Multi-context
fusion
CNN-
based Point-supervised [89] LUNAL16 - 80.00 - Weak supervision
. 3D CNN + VGG + Feature-level
Hybrid Radiomics [92] NLST 76.79 N 78 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, (10)

distance(seed, point) < 2 x radiusval.

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 x 3 convolutions and 2 x 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 x 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 # 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 &, B, and ; (b) multi-scale uncertainty-based deep supervision
uses softmax-derived uncertainty to guide training and improve accuracy.
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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 x 1 convolution produces the
segmentation map [106].
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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. GANSs [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.

Backpropagation to maximize error

Generated segmented
Input patches mask

Generator with CSE
! module

Discriminator with Probability of
sScE module real or fake

I Backpropagation to minimize error

Ground truth

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.

@
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 ]?0? )C S((s /n)s. Notes

Residual connections,

2D CNN-based Improved LUNA16 736 -  batch normalization,
U-Net [106] : :
skip connections
Improved LUNAle6, 949, 92.7, Feature separation, 3D
SDCNN-based o o yNet[108]  LNDb 811 769 attention blocks

LIDC- Dual-branch structure,

ResNet-based DB-ResNet [110] IDRI 89.40 - intensity pooling,
modular ResBlocks
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Table 6. Cont.
Type Model/Method Dataset ]?0? )C S;i:/n)s. Notes
.. LIDC- Axial/coronal/sagittal
Multi-view CNN MV-CNN [111] IDRI 82.74 - branches, late fusion

2D view fusion,
Multi-scale + view MSMV-Net [112] LUNAL6,  55.60, - attention-weighted

MSD 59.94 o,
deep supervision

LUNA16, 8074, 8546, oD U-Net+CSE

GAN-based CSE-GAN [116] ILND 7636 82.56 at’Fent.lor.l, sScE

discriminator

Dual-encoder,

Transformer- LIDC- ’
based DEHA-Net [118] IDRI 8791 90.84 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.

Task-specific
Layers

Shared
Layers

| .. Task 1

X —p | ——p| e Task 2

> " | Task3

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.
Y, and Yp are the outputs of tasks T4 and Tp. In the figure, these are marked with gray
and green blocks; F4 and Fp 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 F4 g and Fp 4 describe how the networks for tasks T4

and Ty pass information to each other. These connections are shown as dashed black lines
between yellow and orange blocks.
[ Task A result [l Task-shared layer [ ] ]

[ Task B result [][] Task-specific layer ;D '|i| N
| ===t | B | i
D " U ' 'D

S
1]

(.

(a) Cascaded (b) Parallel (C)Eeracted (d) Hybrid

Figure 24. Four embodiments of MTL network architectures: (a) cascaded, (b) parallel, (c) interacted,
and (d) hybrid [19].

Table 7. Common MTL architectures [19].

Description and

Architecture Usage Example Formula
Tasks run one by one.  TS-MDL framework
The following task first segments teeth
builds upon the with iMeshSegNet, then {Ya,Yg} = Fg(Fa(X)),
Cascaded outcome of the detects landmarks with where
preceding task. Best PointNet-Regbased on Y4 = F4(X); Yp = Fg(Y4).
for strong task segmentation
dependency. output [129].
A shared encoder nggige;o?séiﬁne
feeds multiple images and separate {Ya, Yg} ={Fa(f). Fs(f)},
Parallel separate decoders. decc;g Jers for COVID f=Fc(X);Yq =
Tasks are related but lassificati Fy(Fe(X)); Yp = Fg(Fc(X)).
not dependent classification and
' segmentation [130].
Task-specific layers ~ AMTA-Net segments .
exchange features. bladder and rectum {YAV:,:‘Be ie} {f‘?_:B ((}J?)’ ?’Aif )b
Interacted Useful when tasks  first, then uses attention Fapl F_ ( XC)) Y, a4
benefit from to guide prostate bed A’ll_z C( Fol )é))B o
each other. segmentation [131]. BAVTC ’
Mix of cascaded DeepSC-COVID jointly
! erforms 3D lesion {Ya,Yp} =
parallel, and/or P . 4r 7B
Hybrid interaction. Suited for segmentation and {Fa(f) F(f, Fa(f))},
plex task COVID diagnosis using where f = Fo(X); Y4 =
comprex fas multiple interactin, Fu(f); Yp = Fp(f,Ya)-
combinations. P &

subnets [132].
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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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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).

FROC

Type Model/Method Dataset (%) DSC (%) Key Features
+10.27% Decoupled tasks, FP
Cascaded NoduleNet [14] LIDC-IDRI  vs. single- 83.1 reduction, segmentation
task refinement module
. +6.89% Sequential context,
(Wel);(rlal_l:tll ) Muég:"figgﬁ;ﬁg? *  LIDCIDRI vs. single- 82.26 dynamic loss weighting,
y-sup- task weak labels

Dense skip connections,

Hybrid ECANodule [16] LIDC-IDRI 91.1 83.4 attention, OHEM
training
Hybrid Deep supervision,

MANet [133] LIDC-IDRI 88.11 82.74 multi-branch attention,

(Deep-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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