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Abstract. As diversity of characteristics, quantitatively analyzing the pulmonary nod-
ules in CT images remains a big challenge. Existing CNN-based segmentation methods
are hindered by redundant characteristics of convolutional operation, and scarcity of an-
notated data for the peripheral tissues. In this paper, we proposed a novel network for
automatic pulmonary nodule segmentation, named RICSBU-Net, which models the rela-
tionship between the encoder and decoder via a bidirectional convolutional LSTM. The
main contribution includes the following. Firstly, we replace U-Net’s encoder with a pre-
trained ResNet-18 to overfit and prevent semantic feature loss typically associated with
pooling layers. Secondly, an ICS-Attention module is introduced to mitigate performance
degradation caused by variations in nodule morphology, location, and density. This mod-
ule merges fine-grained spatial and semantic information to amplify the weight of impor-
tant features. Thirdly, the ICS-BiConvLSTM module replaces the skip connection and
concatenator, with the ICS-Attention module emphasizing key features to reduce param-
eters, and BiConvLSTM enhancing the extraction of local features. Various experiments
on the LUNA16 dataset demonstrate that RICSBU-Net surpasses other advanced meth-
ods in both quantitative assessment and qualitative metrics, achieving a DSC of 95.84%.
Comparing to the other up-to-date segmentation methods, RICSBU-Net delivers more
refined and consistent boundary delineation, particularly for nodules near adjacent tis-
sues.
Keywords: Pulmonary nodule segmentation, ICS-Attention, Bidirectional ConvLSTM,
Deep learning

1. Introduction. Lung cancer is the primary cause of cancer-related fatalities globally,
claiming over one million lives each year. According to 2024 cancer statistics, approxi-
mately 340 people die from lung cancer per day [1]. Lung cancer presents with subtle
pathology and is commonly diagnosed at the metastatic stage, resulting in low survival
rates and poor prognosis for patients [2]. Computed Tomography (CT) provides superior
clarity in detecting lung abnormalities compared to X-rays [3]. A randomized controlled
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trial on lung cancer screening indicates that early identification of nodular lesions can low-
er lung cancer mortality by 25% or more [4]. However, due to the multi-slice nature of CT
images, manual segmentation by radiologists is both time-consuming and labor-intensive,
and the subjective nature of interpretation potentially affecting the robustness and pre-
cision of results, especially when dealing with lung nodules with indistinct boundaries
[5]. Therefore, an accurate and automatic computer-assisted lung nodule segmentation
technique is essential for the diagnosis of nodules.
Nodules appear as approximately rounded and indistinct lesions with diameters not

exceeding 30 mm on CT imaging [6], typically manifesting as small, ill-defined spots.
According to their attenuation characteristics on imaging, lung nodules are classified in-
to solid nodules, ground-glass nodules (GGN), and part-solid nodules [7]. Solid nodules
will obscure internal blood vessels and bronchi, while ground-glass nodules, although not
obscuring internal structures, have indistinct boundaries and appear less clear on imag-
ing. Part-solid nodules exhibit characteristics of both types. The diversity and irregularity
in the location, size, and shape of pulmonary nodules lead to some nodules having com-
plex attachments (such as to blood vessels, bronchi, the lung wall, or the pleura), which
complicates segmentation (see Figure 1).

Figure 1. Different types of lung nodules: (a) Solid nodules, (b) GGNs,
(c) solid nodules with a cavity, (d) and (e) adhesive

Although considerable progress has been made in the field of lung nodule segmentation,
existing approaches still exhibit several limitations. Traditional image processing meth-
ods rely heavily on manually crafted low-level features, such as region growing, fuzzy
clustering, and morphological operations [8, 9, 10, 11]. These approaches often struggle
when encountering nodules with indistinct boundaries, complex attachments, or irregular
shapes. The fundamental limitation arises from their insufficient feature representation
capacity, making them vulnerable to noise interference and variations in nodule hetero-
geneity [12].
Deep learning has significantly improved medical image segmentation performance

through automatic feature learning and has been widely applied in CT image analysis
[13]. Its high degree of automation and efficiency aligns better with clinical requirements,
further driving the continuous evolution of lung nodule segmentation methods [14]. Early
studies relied mainly on classical architectures such as CNN [15], FCN [16], and U-Net
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[17]. However, the representational capacity of these basic models remains limited, par-
ticularly in multiscale feature fusion and boundary detail modeling, motivating numerous
subsequent improvements. Broadly, existing advancements can be categorized into three
major directions.

The first category focuses on multiscale feature fusion [18, 19, 14, 20, 21, 22]. Through
mechanisms such as dense skip connections, deep supervision, wavelet fusion, or dilated
convolutions, these methods enhance robustness across nodules of varying sizes and mor-
phological patterns. However, multi-scale architectures often increase network complexity
and rely on static feature concatenation, lacking fine-grained semantic selection capabili-
ties and potentially introducing redundant representations.

The second category emphasizes residual enhancement and lightweight design, repre-
sented by architectures such as ResBCDU-Net [23], SAtUNet [24], and DA-Net [25]. These
methods improve gradient flow and enhance deep semantic representation, resulting in
more effective feature extraction. Nevertheless, their ability to preserve shallow spatial
details remains limited, frequently leading to coarse boundary segmentation, particularly
in complex scenarios with subtle boundary variations.

The third category incorporates attention mechanisms, including AFN [26], cascaded
attention networks [27], and various attention-enhanced U-Net variants [28, 29]. Although
attention mechanisms strengthen the network’s focus on critical regions, most existing
designs primarily model local spatial or channel dependencies and struggle to capture
cross-scale structural relationships. In addition, they fail to fully leverage the complemen-
tary nature of mask and boundary information, thus facing performance limitations in
challenging cases such as juxta-pleural nodules and ground-glass nodules [30].

To address these challenges, the proposed method introduces more targeted architec-
tural innovations, as Figure 2 illuminated. First, the ICS-Attention mechanism is designed
to selectively integrate shallow spatial details with high-level semantic representations,
overcoming the common issue in U-Net where shallow features are suppressed by domi-
nant deep features. Furthermore, ICS-Attention is coupled with a BiConvLSTM module
[31] to replace the static skip-connections used in traditional U-Net architectures. This
combination enables dynamic and bidirectionally dependent feature fusion, allowing the
network to capture temporal-like structural correlations across scales and enhancing its
ability to delineate complex nodule boundaries. In addition, the encoder is replaced by a
pre-trained ResNet-18 [32], which strengthens deep semantic feature extraction and en-
sures stable gradient propagation. Finally, the use of advanced preprocessing techniques to
generate enhanced three-channel medical images enriches the structural information of the

Figure 2. Deep learning-based lung nodule segmentation process
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input, enabling the model to better handle nodules with fuzzy boundaries and subtle inten-
sity variations. These improvements collectively provide the proposed method with clear
advantages in structural information modeling, boundary refinement, and false-positive
suppression, making it more effective for accurate and robust lung nodule segmentation.
The main innovations presented in this paper are as follows.

• A full-process RICSBU-Net network for pulmonary nodule segmentation is proposed.
• The ICS-Attention mechanism is formulated to integrate detailed spatial and high-
level semantic information, and is coupled with the BiConvLSTM module to substi-
tute the skip connections and concatenation components in the U-Net framework.
• Advanced preprocessing techniques are employed to improve raw image quality, pro-
ducing new three-channel medical images.

The structure of this paper is organized as follows: Section 2 provides a detailed de-
scription of the proposed model, Section 3 outlines the experimental setup and presents
an in-depth discussion of the experimental results, and Section 4 concludes the paper and
discusses future research directions.

2. Method.

2.1. Framework overview. Skip connections in the U-Net architecture integrate de-
tailed encoder features with reconstructed decoder features, aiding in recovering fine de-
tails lost during spatial compression. However, the irreversible information loss induced
by max pooling constrains the network’s ability to capture the intricate surface struc-
tures and complex topological features of pulmonary nodules. This loss of critical details
undermines the efficacy of basic skip connections in integrating multi-scale features, di-
minishing the model’s capacity for comprehensive multi-level semantic representation and
compromising its robustness in accurately segmenting pulmonary nodules. To overcome
the aforementioned issues, the proposed RICSBU-Net comprises three primary compo-
nents: a pre-trained ResNet-18 encoder, the ICS-BiConvLSTM module, and a decoder.
The detailed structure is presented in Figure 3.

Figure 3. Architecture of RICSBU-Net. These blocks represent the hi-
erarchical structure, while the arrows indicate the inter-layer information
flow. The purple arrows signify the upsample operation, while the black
arrows indicate copying. The green block represents t the attention module
proposed in this paper (Improved Channel Spatial Attention).
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The network receives a three-channel image as input, which will be explained in Section
2.2. The ResNet-18 encoder initiates with an initial convolution layer that effectively
captures the preliminary features of the input image, establishing a solid foundation for
the post-feature processing. The image is then processed through a series of residual
modules. The first residual unit preserves the image size while capturing basic shallow
features, whereas the second, third, and fourth residual modules progressively extract
complex high-level features, enhancing the model’s ability to capture detailed structures
in the image. The structure of the residual modules, depicted in the lower-left corner of
Figure 3, comprises two convolutional layers followed by batch normalization (BN) and
ReLU activation operations [33]. The residual block can be expressed in a general form
(1).

yt = h(xt) + F (xt,Wi) (1)

xt+1 = f(yt)

where, xt and xt+1 represent the input and output vectors of the t-th unit; h(xt) is the
identity mapping; the function F (xt,Wi) denotes the residual mapping that needs to be
learned. f(yt) is an activation function (ReLU).

This formulation plays a crucial role in preventing the loss of shallow features in deep
convolutional networks. By introducing the identity mapping h(xt), the residual block
enables shallow features to be directly propagated to deeper layers rather than being
overwhelmed by increasingly abstract high-level representations. This direct feature by-
pass not only preserves essential edge and texture information but also alleviates gradient
vanishing, ensuring that shallow layers receive sufficient gradient flow during backprop-
agation. Consequently, the network achieves more effective fusion of shallow structural
details and deep semantic information, which is particularly important for accurately
delineating lung nodule boundaries and refining fine-grained edge structures.

ResBlock modules not only streamline the training process but also facilitate deeper
network architectures. The pre-trained ResNet-18 replaces the original encoder, signifi-
cantly accelerating training, effectively preventing the loss of shallow features caused by
pooling layers and mitigating the vanishing gradient problem that arises with increasing
network depth. Additionally, the ICS-BiConvLSTM module replaces traditional skip con-
nections and concatenation mechanisms, balancing the extraction of key features and local
information. This enables efficient multi-scale information fusion, effectively reducing the
semantic disparity between the encoder and decoder.

2.2. Improved spatial-channel attention module. The attention mechanism repre-
sents a sophisticated technology designed to capture long-range feature interactions and
enhance representational capacity [34]. This implies that attention mechanisms are capa-
ble of encoding the spatial dependencies between features while also assessing the relative
importance of each feature based on its assigned weight. Hu et al. [35] developed the SE-
Net architecture, which employs “Squeeze-and-Excitation” (SE) blocks to model inter-
channel dependencies and adaptively adjust the responses of channel-specific features,
thereby enhancing channel relationships. Although SE-Net, as the first mechanism to ef-
fectively learn channel attention, demonstrated outstanding performance, it overlooked
spatial attention, which is equally important for determining “where” to focus [36]. To
address this, BAM [37] and CBAM [38] modules, which combine spatial and channel at-
tention, were introduced based on an efficient architecture, optimizing channel attention
through the integration of max-pooled features. A normalization-based attention module
(NAM) [39] was introduced to suppress insignificant weights. To balance performance and
complexity, the Efficient Channel Attention (ECA) module [40] uses minimal parameters
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while significantly enhancing performance. Attention mechanisms can be integrated with
any feed-forward convolutional neural network. They overcome several limitations in tra-
ditional neural networks, including performance degradation with longer input, inefficient
computation due to improper input ordering, and inadequate feature extraction and en-
hancement [41].
In neural networks, enhancing critical features while suppressing irrelevant information,

together with integrating multi-level representations, can substantially improve both the
performance and computational efficiency of deep learning models. Although attention
mechanisms have been widely incorporated into various architectures, the pursuit of high-
er accuracy often comes at the cost of increased computational complexity. To address
this issue, we propose an improved channel – spatial attention module, ICS-Attention
(Figure 4), which boosts feature representation capability without increasing computa-
tional overhead. The module is lightweight and effectively aggregates both channel and
spatial information.

Figure 4. ICS-Attention block: (a) is the channel attention module, and
(b) is the spatial attention module

The Channel Attention (CA) mechanism, shown in Figure 4(a), enhances the original
SE-Net design by replacing the fully connected (FC) layers with a 1D convolution. Unlike
FC layers, which treat the channel descriptor as a global vector and connect each channel
to all others, the 1D convolution introduces an explicit local receptive field along the
channel dimension. This enables the module to capture local inter-channel interactions and
correlations among adjacent channels, while dramatically reducing parameters through
weight sharing. Thus, the 1D convolution not only improves the modeling of structured
channel dependencies but also maintains high computational efficiency.
In addition to the improved channel attention, ICS-Attention incorporates a spatial

attention module (Figure 4(b)) to further refine feature representation. Max-pooling is
applied along the channel dimension to emphasizing strong spatial responses, followed by
a dilated 3 × 3 convolution, which effectively enlarges the receptive field and captures
broader contextual information without increasing computational cost. A ReLU activa-
tion and a Sigmoid function are then employed to produce the final spatial attention map.
By sequentially combining channel attention (“what is important”) with spatial atten-
tion (“where it is important”), ICS-Attention provides a progressive and complementary
enhancement of feature discrimination.
Given F ∈ RC×H×W as the model input, where H, W , and C correspond to the

height, width, and channels. To summarize spatial features, global average pooling is
applied across each channel, producing the average pooled feature vector ZG. Then, 1D
convolution is used to generate the channel weights, reducing parameter overhead while
maintaining efficiency and accuracy through the optimal capture of local inter-channel
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interactions. The computation of channel attention is as follows:

ZG = GAP (F ) =
1

WH

W∑
i=1

H∑
j=0

F (i, j) (2)

MC(F ) = σ(f1×1(ZG))

where, σ represents the Sigmoid function, and the operation denotes 1D convolution.
MC(F ) captures the significance of each feature across the channels. By applying MC(F )
elementwise to the input feature F , we obtain the channel-wise attention-modulated fea-
ture FC .

FC = MC(F )
⊙

F (3)

Precise segmentation of lung nodule boundaries necessitates the extraction of high-
resolution spatial features. To tackle this, a spatial attention module is employed to ex-
tract high-resolution spatial features, as depicted in Figure 4(b). In contrast to channel
attention, which highlights the relevance of specific features, spatial attention focuses on
pinpointing spatial regions with crucial information thereby complementing the channel
attention mechanism [42]. To assess spatial attention, we begin by performing max-pooling
operations along the channel dimension of FC to produce a compact feature descriptor
ZM . In this formula, we assume the pooling window has a size of k × k, and the pooling
operation has a stride of s. It has been demonstrated that performing pooling operations
along the channel axis effectively emphasizes the informative regions [43]. After that,
one 3 × 3 dilated convolution is applied to utilizing contextual information effectively.
Finally, the attention map MS(FC) is generated using the ReLU activation followed by
the Sigmoid function. In summary, spatial attention is expressed as Formula (4).

ZM = max 0 ≤ m < k, 0 ≤ n < kFC(s · i+m, s · j + n) (4)

MS(FC) = δ(ReLU(f3×3(ZM)))

where, the matrix MS(FC) captures the significance of the features at each position (i, j).
Subsequently, the final feature F ′ is then derived by multiplying F with MS(FC).

F ′ = MS(FC)
⊙

F (5)

In summary, channel and spatial attention is complementary, focusing on “what” and
“where”, respectively. Integrating the proposed ICS-Attention module into the model
effectively emphasizes lung nodule features while attenuating surrounding features.

2.3. ICS-BiConvLSTM fusion module. The incorporation of the ICS-BiConvLSTM
module significantly bridges the semantic disparity between the encoder and decoder. The
ICS-Attention module enhances feature selection by emphasizing key features, while Bi-
ConvLSTM improves the capture of local features [44], achieving a balance between global
and local information. As shown in Figure 5, the BiConvLSTM is fed with multi-level fea-
ture maps that merge the high-resolution features F ′ refined by the ICS-Attention module
and the upsampled decoder features dt. The BiConvLSTM module enhances decision-
making by analyzing the bidirectional dependencies of input data. Therefore, using Bi-
ConvLSTM to combine the two aforementioned features not only captures local details
but also strengthens feature representation across both temporal and spatial dimensions.

In particular, the bidirectional ConvLSTM treats the encoder outputs and the upsam-
pled decoder features as a sequential input, where the forward ConvLSTM propagates
high-level semantic context from the encoder to guide decoder reconstruction, while the
backward ConvLSTM feeds refined high-resolution spatial details back to regularize se-
mantic representations. Through the gated state transitions, each hidden state integrates
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Figure 5. The structure of ConvLSTM unit

information from both directions, enabling the model to align high-level semantics with
fine-grained spatial structures. This bidirectional information propagation effectively nar-
rows the semantic gap between the encoder and decoder, ensuring that the fused features
are both semantically consistent and spatially precise.
The BiConvLSTMmodel comprises a memory unit (Ct) and three gates (input gate (it),

forget gate (ft), and output gate (ot)), including a forward ConvLSTM and a backward
ConvLSTM [45]. The ConvLSTM module performs state transitions through convolution
operations, effectively preserving spatial information. The ConvLSTM architecture, as
illustrated in Figure 5, can be mathematically expressed as follows:

it = σ
(
Wxi ∗Xt +Whi ∗ ht−1 +Wci

⊙
Ct−1 + bi

)
(6)

ft = σ
(
Wxf ∗Xt +Whf ∗ ht−1 +Wcf

⊙
Ct−1 + bf

)
(7)

Ct = ft
⊙

Ct−1 + it
⊙

tanh (Wxc ∗Xt +Whc ∗ ht−1 + bc) (8)

ot = σ
(
Wxo ∗Xt +Who ∗ ht−1 +Wco

⊙
Ct−1 + bo

)
(9)

ht = ot ∗ tanh(Ct) (10)

where, ∗ and
⊙

represent convolution operation and Hadamard product, respectively. Xt

denotes the input tensor, ht denotes the hidden state tensor, Ct denotes the memory cell
tensor, Wx∗ and Wh∗ are the learnable weight matrices for each gate. bi, bf , bc and bo are
four offset terms.
Therefore, the output of the BiConvLSTM for the two sets of single-directional state

variables (forward and backward states) can be represented as

yt = tanh
(
Wy

−→
h ∗
−→
ht +Wy

←−
h ∗
←−
ht + b

)
(11)

where,
−→
h and

←−
h denote the forward and backward internal state tensors, respectively. b

is the offset term, and yt is the resulting tensor of the BiConvLSTM. The Tanh function
facilitates the smoothing of forward and backward state outputs via nonlinear transfor-
mation, enabling the model to effectively capture intricate spatiotemporal dependencies
and achieve a balanced representation of both local and global features.
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2.4. Image auxiliary process. To enhance the network’s focus on key features, we re-
defined the three channels of the CT images to highlight the essential information required
by the network, ensuring compatibility with the masks and improving training efficiency.
The process of image transformation is outlined as follows.
Image Cropping. The original lung CT images are sized at 512 × 512 pixels, with
the pulmonary nodules occupying only a limited region of the image. This results in a
significant imbalance between the number of pixels representing the nodule class and
those representing the background class during segmentation, which adversely affects
the training performance of neural networks [46]. Moreover, using the entire image as
input can slow down the training speed. To address this, the study uses lung nodule
position annotations from XML files provided by radiologists to perform central cropping
on the original CT images, resizing them to 64 × 64 pixels, as illustrated in Figure 6.
During the cropping process, the cropping rule strictly follows the principle of centering
on the lung nodule. If the size is not allowed, spatial padding is applied to ensuring that
the cropped image’s size remains consistent with the center of the lung nodule, thereby
ensuring the complete preservation of the lung nodule region. The left panel displays the
original 512 × 512 CT scan, while the right side shows the zoomed-in 64 × 64 CT scan
focused on the pulmonary nodule. Output images are incorporated into the first channel
of the new three-channel image, as shown in Figure 7(a). Similarly, the lung nodule masks
undergo the same operation, cropped to 64 × 64 pixels and placed in the third channel,
as shown in Figure 7(c). Establishing a direct relationship between the input images and
ground truth helps emphasize key features, thereby improving segmentation accuracy.

Figure 6. CT image cropping

Edge Detection. Edges are important features in images, and edge detection can en-
hance the details in medical images, making the boundaries between organs and the
background clearer, while also improving image quality and reducing noise. The Can-
ny operator [47] achieves robust edge extraction through a multi-step procedure, which
involves Gaussian smoothing, gradient computation, non-maximum suppression, double
thresholding, and edge linking, effectively handling variations in image intensity and light-
ing conditions. Therefore, this study employs the Canny operator for precise delineation
of lung nodule edges, as shown in Figure 7(b), which is incorporated into the second
channel of the new three-channel image.

To summarize, our novel three-channel image comprises the original CT image, a lung
nodule edge map, and a lung nodule mask. The resulting three-channel image is colorful
as depicted in Figure 7(d). This newly generated three-channel image reduces noise while
enhancing the clarity of the key details of the pulmonary nodules.
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Figure 7. New three-channel CT image

3. Experimental Results. This study utilizes the Lung Nodule Analysis 2016 (LU-
NA16) [48] dataset, a subset of the LIDC-IDRI dataset [49]. The LIDC-IDRI dataset com-
prises 1018 cases, with each CT scan annotated by four radiologists, and the annotation
information is stored in XML files. However, the dataset is heterogeneous, containing not
only a wide variety of CT images with different doses but also numerous academic terms.
This heterogeneity makes it less than ideal for use in the field of pulmonary nodule seg-
mentation. To make the data more accessible, the organizers of LUNA16 removed data
with scan spacing greater than 3mm and excluded discontinuous CT scan data based on
the original LIDC-IDRI dataset. The data are saved in Meta Image (.mdh) format, rather
than the standard DICOM format, and each CT image has a resolution of 512× 512 with
three channels.
The ground truth of the CT scans is obtained from the annotation information stored

in the files. Initially, derive the gold standard masks by utilizing the position and radius
information of lung nodules annotated in the .mdh files. Secondly, perform a dilation
operation on gold standard masks and original images. Finally, cluster the pixels and
obtain the mean of the cluster centers as the threshold for binary lung nodule masks. In
Figure 8, the first image represents the original CT scan, the middle image shows the gold
standard label, and the right one displays the lung nodule mask.

Figure 8. (a) Original CT image; (b) gold standard label; (c) lung nodule mask
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After extracting the ground truth, we optimized the input raw images through prepro-
cessing to boost the deep learning network’s training performance.

The proposed RICSBU-Net was evaluated on the LUNA16 dataset, comprising 1,186
annotated lung nodules across 888 CT scans. The ground truth (GT) was generated as
described previously. The evaluation process was carried out using the Torch framework,
with the network trained for 200 epochs and a batch size of 16. Additionally, assess the
performance of the proposed ICS-Attention module on the CIFAR-10 dataset, consisting
of 6,000 images across ten categories, each with a resolution of 32 × 32 pixels. Finally,
5,000 images were used for training and 1,000 for testing.

A compound loss function is employed to monitor the progress of model in minimizing
prediction errors throughout the optimization process. BCEDiceLoss merges binary cross-
entropy loss with Dice loss with weights set to [0.5, 1]. It is defined as

BCEDice = 0.5 ∗ BCELoss+ DiceLoss (12)

BCELoss =
−1
N

+
N∑
i=1

yi ∗ log(P (yi)) + (1− yi) ∗ log(1− P (yi)) (13)

where yi represents the predicted class label, and P (yi) represents the predicted probabili-
ty. The BCE loss calculates the disparity between the predicted probability P (yi) and the
true class yi for each pixel in the segmentation mask. If the predicted probability closely
matches the true label, the BCE loss for that pixel is minimized; conversely, a larger
discrepancy leads to a higher loss, indicating greater prediction error. During training,
the BCE loss is backpropagated to iteratively refine the model’s parameters, reducing
the pixel-wise loss in the segmentation mask, which is critical for accurately delineat-
ing small and complex lesion boundaries, quantifying the overlap between the predicted
segmentation and the GT.

3.1. Evaluation metrics. The following evaluation metrics were employed to assess the
segmentation performance of lung nodules: Dice, Sensitivity (SEN), Specificity (SVD),
and Intersection over Union (IoU). SEN measures the model’s capacity to accurately
detect positive cases, SVD reflects the model’s effectiveness in identifying negatives, and
IoU evaluates the precision and effectiveness of the model in segmentation tasks.

DiceLoss = 1− Dice (14)

Dice =
2 ∗ TP

2 ∗ TP + FP+ FN
(15)

SEN =
TN

TN+ FP
(16)

SVD =
2 ∗ TP

2 ∗ TP+ FP+ FN
(17)

IoU =
TP

TP + FP+ FN
(18)

Here, TP represents true positives, FP represents false positives, FN represents false
negatives, and TN refers to true negatives in both the actual and segmented masks of
lung nodules.

3.2. Results.

3.2.1. ICS-Attention evaluation. Two independent experiments were conducted on the
CLAIR-F10 dataset: the first evaluated the performance of ICS-Attention relative to SE-
Net, and the second assessed the performance differences between ICS-Attention and
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CBAM. As shown in Table 1, ICS-Attention demonstrated superior accuracy on ResNet-
18 compared to SE-Net. A comparative analysis between ICS-Attention and CBAM, both
lightweight and easily integrable modules, was conducted under two scenarios: in Scenario
1, the attention module is incorporated into every block, while in Scenario 2, it is applied
only before the classifier. Figure 9 and Figure 10 depict the training curves for CBAM and
ICS-Attention under these respective scenarios. The findings indicate that deploying ICS-
Attention solely before the classifier results in a more rapid reduction in the loss function
and lower loss values per epoch. The model was trained for 15 epochs using a batch size
of 4. Table 2 further highlights that incorporating the attention module in every block
yielded suboptimal results, whereas ICS-Attention significantly outperformed CBAM in
accuracy, demonstrating superior performance.

Table 1. Performance of SE-Net and ICS-Attention

Method ResNet Accuracy (%)
SE-Net ResNet 92.4

ICS-Attention ResNet 92.8

Figure 9. Training curve of attention module added in every block (The
right graph is CBAM and the left is ICS-Attention)

Figure 10. Training curve of attention module adds only before the clas-
sifier (The right graph is CBAM and the left is ICS-Attention)
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Table 2. Comparison of CBAM and ICS-Attention module

Model Test accuracy (%)
ResNet-18 84.36

ResNet-18 + CBAM Block 82.06
ResNet-18 + CBAM Classifier 83.35
ResNet-18 + ICS-A Block 83.25

ResNet-18 + ICS-A Classifier 85.09

Table 3. Performance of SE-Net and ICS-Attention

Average loss Dice SEN SVD IoU
Original CT 0.0985 0.9105 0.9251 0.9965 0.8407

Three-Channel CT 0.0419 0.9584 0.9841 0.9983 0.9217

3.2.2. Lung nodule segmentation. The proposed RICSBU-Net model’s performance is
benchmarked against other networks using several metrics, including the Dice, average
loss, sensitivity (SEN), specificity (SVD), and IoU. Before conducting a comparative per-
formance analysis with other models, we first assess the performance of RICSBU-Net
on two different input sets: the original CT images without preprocessing and the new-
ly generated three-channel images, as shown in Table 3. The results indicate that the
RICSBU-Net model achieves substantially better performance when using the enhanced
three-channel CT images as input.

To ensure fairness in all comparative experiments, all models – including U-Net++,
ResUNet, and the proposed RICSBU-Net – are trained under the same settings. Specif-
ically, the batch size is set to 16, the initial learning rate is 1 × 10−3, and the training
process runs for 200 epochs. The SGD optimizer is used, and the learning rate is adjusted
using a cosine annealing scheduling strategy to achieve a smoother and more stable opti-
mization process. In addition, an early stopping mechanism is applied, where training is
terminated if the validation performance does not improve for 7 consecutive epochs. These
unified configurations ensure that the performance comparison across different models is
fair, reliable, and reproducible.

The Dice coefficient shows a marked improvement of 0.0479, while the IoU demonstrates
a substantial increase of 0.081. These enhanced images establish a direct correlation be-
tween input and ground truth images, effectively eliminating extraneous information from
the original images. This refinement significantly boosts the model’s capability to identify
and learn essential features of Pulmonary nodules with greater accuracy and efficiency. In
Figure 11, the qualitative comparison of the original CT image and the new three-channel
CT images for lung nodule segmentation using the RICSBU-Net module shows that the
proposed three-channel images yield significantly more accurate segmentation results than
the original CT images. The figure illustrates the segmentation outcomes for several rep-
resentative nodules, revealing that the predicted results from the new three-channel CT
images achieve highly accurate segmentation. These images exhibit superior handling of
fine details and edges, closely aligning with the true labels. To validate the effectiveness
and robustness of our method, a detailed comparative evaluation was conducted against
several existing models. In this process, consistent evaluation metrics were applied, and
the same dataset was used across different medical image segmentation models (Note: the
RICSBU-Net model uses the novel three-channel CT images proposed in this paper as
input). Multiple performance metrics, including average loss, DICE coefficient, sensitivity
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Figure 11. Qualitative comparison of pulmonary nodule segmentation in
different CT scans using the RICSBU-Net module: (a) Original CT image,
(b) new three-channel CT image, (c) mask, (d) predicted image of original
CT image, and (e) predicted image of new three-channel CT image

Table 4. Performance of SE-Net and ICS-Attention

Model Average loss Dice SEN SVD IoU
U-Net 0.2250 0.7941 0.9302 0.9812 0.6643

ResUNet 0.1755 0.8326 0.9745 0.9887 0.7172
SegNet 0.1446 0.8782 0.8661 0.9961 0.7931

BCDU-Net 0.1463 0.8821 0.8979 0.9962 0.8000
Res34UNet++ 0.1432 0.8838 0.8752 0.9966 0.8050
RICSBU-Net 0.0419 0.9584 0.9841 0.9983 0.9217

(SEN), specificity (SVD), and IoU, were employed during the evaluation. This compara-
tive analysis aims to highlight the exceptional performance of our method, as shown in
Table 4. The results clearly demonstrate that our model has made significant progress in
lung nodule segmentation, outperforming other methods across all five evaluation metrics.
It is noteworthy that the SVD value of RICSBU-Net (99.83%) is close to 1, which might

raise concerns about potential biases, especially in cases with high background pixel ratios,
possibly leading to inflated specificity. To mitigate the impact of background pixels on the
results, we implemented targeted measures in the data processing stage, such as cropping
and region focusing techniques, ensuring that the model primarily concentrates on the
nodule regions and minimizing interference from background pixels. Although the SVD
value is close to 1, this does not indicate overfitting or bias in the model. A comprehensive
comparison (as shown in Table 4) was also performed using other evaluation metrics
(such as Dice coefficient, IoU, and sensitivity), and the results show that RICSBU-Net
outperforms other existing methods in lung nodule segmentation, thereby validating its
high efficiency in nodule detection. Therefore, the high SVD value is a result of the model’s
effective prediction in the background areas and does not affect its performance in nodule
identification.
The visualization in Figure 12 presents segmentation results from five different networks.

The first column showcases original lung nodule CT images used as input to the models. In
the second column, ground truth lung nodule contours annotated by medical professionals
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Figure 12. Qualitative assessment of different models for pulmonary no-
dule segmentation: (a) Original CT image, (b) true label, (c) U-Net, (d)
SegNet, (e) ResUNet, (f) BCDU-Net, and (g) RICSBU-Net

Figure 13. Comparison of original CT images and new three-channel CT images

are displayed. The final column exhibits the lung nodule segmentation outcomes achieved
using the RICSBU-Net algorithm proposed in this study.

Compared to the RICSBU-Net network, other networks exhibit a reduced ability to
extract edge features of pulmonary nodules, resulting in issues such as missed segmen-
tations and excessive cutting. Especially in scenarios involving smaller lung nodules, the
algorithm proposed in this study demonstrates superior capability in accurately delineat-
ing the edges of the lung nodules. Figure 13 presents the new three-channel CT images
corresponding to the original CT images. It is evident that the processed CT images, com-
pared to the unprocessed ones, reduce the interference of irrelevant features and noise,
making the edges of the lung nodules more distinct.
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In summary, the RICSBU-Net model demonstrates high precision and reliability across
diverse lung nodule segmentation scenarios, substantiated by both quantitative and visual
analyses, establishing its superiority over other leading-edge methods.

4. Conclusion and Future Work.

4.1. Conclusion. This research presents an innovative and efficient 2D Pulmonary no-
dule segmentation network, RICSBU-Net, built upon the U-Net architecture. The out-
lined strategy comprises three key steps. First, we preprocess the original CT images using
center-cropping techniques to resize the images to 64×64 pixels, thereby balancing the pix-
el ratio between the segmentation target and the background. This process generates new
three-channel images associated with the mask, effectively removing irrelevant features
and noise while highlighting key characteristics of the lung nodules, improving the net-
work’s proficiency in detecting small nodules. Second, in response to the heterogeneity of
Pulmonary nodules, we present a streamlined ICS-Attention module. This module lever-
ages both meaningful semantic information and fine-grained spatial features, and, when
integrated with the BConvLSTM module, replaces the traditional skip connections and
concatenation operations in U-Net. This integration not only highlights key features and
reduces redundant parameters but also effectively preserves surface-level features such as
the edge details of the lung nodules, thus further balancing the extraction of local and
global features and improving segmentation accuracy. Finally, the network utilizes a pre-
trained ResNet-18 encoder, which prevents the loss of shallow features typically caused
by pooling layers in traditional U-Net architectures, while also deepening the network
structure to avoid vanishing gradients. The pre-trained encoder also significantly acceler-
ates the training process and improves network efficiency. Comprehensive experiments on
the LUNA16 dataset demonstrate the superior performance of RICSBU-Net across mul-
tiple segmentation evaluation metrics, particularly excelling in boundary precision and
segmentation continuity for small nodules, surpassing existing methods in these areas.

4.2. Future work. In the future, we plan to further enhance the performance and ap-
plicability of RICSBU-Net in lung nodule segmentation in the following key areas. First,
although RICSBU-Net performs excellently in 2D segmentation, we aim to extend it to
3D CT images to better handle volumetric data and improve segmentation accuracy in
3D space, particularly for small or peripheral nodules. Second, lung nodule segmentation
can be enhanced by integrating multimodal data, such as PET and CT images, to capture
more comprehensive features of the nodules. This fusion can help overcome some limi-
tations posed by single-modality CT scans. Finally, we will focus on testing the model’s
generalization ability across different datasets, particularly those with variations in imag-
ing protocols and quality, to ensure robustness in real-world applications. By addressing
these issues, we aim to improve the robustness, scalability, and adaptability of the model,
further advancing the automation of lung nodule detection and cancer diagnosis.
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