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Abstract
Background: Early diagnosis of pulmonary nodules is crucial for improving the survival rate of lung cancer patients.
However, significant variability in nodule size, shape, and anatomical location presents ongoing challenges for automated
detection systems, often resulting in high false-positive rates.
Objective: This study aims to develop a dual-stage pulmonary nodule detection framework based on cross-layer atten-
tion fusion, with the goal of improving sensitivity while reducing false positives in chest CT scans.
Methods: We propose a two-stage detection pipeline. In the candidate detection stage, we design an Attention-guided
Spatial and Channel Residual Module that integrates multi-scale residual connections with cross-dimensional attention to
enhance discriminative features while preserving spatial detail. For false positive reduction, we introduce a Multi-scale
Progressive Perception Network, which processes candidates across three anatomical resolutions through parallel
branches and integrates top-down semantic fusion with localized attention. The model is evaluated on the LUNA16
dataset.
Results: Experimental results demonstrate that the proposed method achieves a sensitivity of 90.0% at 0.55 false posi-
tives per scan on the LUNA16 dataset. Compared to state-of-the-art approaches, our framework provides a favorable
balance between sensitivity and precision.
Conclusions: The proposed dual-stage detection framework effectively enhances the performance of pulmonary nodule
detection by incorporating cross-layer attention mechanisms and multi-scale feature integration. These findings suggest
its potential for clinical deployment in computer-aided lung cancer screening.
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Introduction
Lung cancer remains one of the most formidable threats to
global health, ranking highest in both incidence and mortal-
ity among all cancer types.1 Despite recent advances in
therapeutic strategies, most patients are diagnosed at
advanced stages due to the paucity of overt symptoms in
early disease, resulting in limited treatment efficacy and
poor prognosis. Clinical evidence suggests that overcoming
this diagnostic bottleneck hinges on early detection, precise
diagnosis, and timely intervention—factors that are decisive
for improving five-year survival rates and long-term

outcomes.2 Central to early diagnosis is the accurate

1School of Digital and Intelligent Industry, Inner Mongolia University of
Science and Technology, Baotou, China
2The First Affiliated Hospital of Baotou Medical College, Baotou, China
3School of Mechanical Engineering, Inner Mongolia University of Science
and Technology, Baotou, China

Corresponding author:
Xiaowen Lan, School of Digital and Intelligent Industry, Inner Mongolia
University of Science and Technology, Baotou, China.
Email: lanxiaowenning@163.com

Creative Commons Non Commercial CC BY-NC: This article is distributed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 License (https://creativecommons.org/licenses/by-nc/4.0/) which permits non-commercial use, reproduction and

distribution of the work without further permission provided the original work is attributed as specified on the SAGE and Open Access page (https://us.
sagepub.com/en-us/nam/open-access-at-sage).

Original research article

DIGITAL HEALTH
Volume 12: 1–15

© The Author(s) 2026
Article reuse guidelines:

sagepub.com/journals-permissions
DOI: 10.1177/20552076261419238

journals.sagepub.com/home/dhj

https://orcid.org/0009-0003-7207-0024
https://creativecommons.org/licenses/by-nc/4.0/
https://creativecommons.org/licenses/by-nc/4.0/
https://us.sagepub.com/en-us/nam/open-access-at-sage
https://us.sagepub.com/en-us/nam/open-access-at-sage
https://us.sagepub.com/en-us/nam/open-access-at-sage
https://uk.sagepub.com/en-gb/eur/journals-permissions
https://journals.sagepub.com/home/dhj


interpretation of medical imaging, particularly the effective
identification and localization of pulmonary nodules, which
constitute the critical control point in arresting disease pro-
gression.3 Chest computed tomography (CT) stands as the
most sensitive and widely adopted modality for nodule
detection. However, conventional image reading relies
heavily on the expertise and subjective judgment of radiol-
ogists, making it vulnerable to inter-observer variability and
prone to missed or false diagnoses. The enormous volume
and complex information content of CT datasets further
exacerbate this challenge, as rapid yet accurate analysis of
hundreds of slices places substantial cognitive demands
on clinicians.4 Consequently, there is a pressing need for
computer-aided diagnosis (CAD) systems to assist radiolo-
gists by first flagging potential nodules with high sensitiv-
ity, and then suppressing false positives to streamline
decision-making and enhance diagnostic accuracy.5

With the rise of computer vision and artificial intelli-
gence, deep learning-based CAD for automated pulmonary
nodule detection has emerged as a major research focus. By
training on large, annotated CT datasets, these systems learn
to extract discriminative features associated with nodules,
thereby achieving superior sensitivity and specificity com-
pared to traditional, hand-crafted feature approaches.6–8

Numerous CAD solutions have been proposed to support
radiological workflows; for example, Lu et al.9 and Gu
et al.10 demonstrated conventional pipelines based on
manually engineered features. Conventional methods often
fall short in detecting pulmonary nodules with diverse
shapes, sizes, textures, and anatomical locations, resulting
in suboptimal detection performance. In contrast, deep
learning approaches have demonstrated superior capability
in capturing complex nodule characteristics compared to
handcrafted features.11 For instance, Setio et al.,12 Jiang
et al.,13 Zuo et al.,14 and Xie et al.15 proposed two-dimensional
convolutional neural network (2D CNN)-based frameworks to
extract nodule features. However, these 2D architectures
inherently lack the ability to leverage the rich spatial context
embedded in three-dimensional CT volumes. To address this
limitation, Huang et al.,16 Wang et al.,17 Cao et al.,18 and
Zhu et al.19 have introduced 3D CNN-based detection models,
achieving improved accuracy and robustness in pulmonary
nodule identification.

Despite these advances, high false positive rates persist
due to the extreme variability in nodule size, morphology,
and anatomical context. To mitigate this issue, we propose
a two-stage detection framework driven by cross-layer
attention fusion, designed to enhance detection precision
while effectively suppressing false positives. In the first
stage, multi-layer feature fusion extracts local morpho-
logical details of candidate nodules, augmented by a dual-
dimensional channel–spatial attention mechanism that
strengthens global spatial awareness and positional encod-
ing for precise coarse localization. The second stage
employs an adaptive residual 3D CNN architecture, which

captures hierarchical contextual features through multi-
scale volumetric convolutions and further refines detection
via an attention-guided fusion strategy to reduce false
positives.

Extensive experiments on the LUNA16 dataset validate
the effectiveness and competitiveness of our approach. The
principal contributions of this work are as follows:

• We design a multi-level feature fusion anchor predic-
tion architecture that integrates intermediate seman-
tic representations with upsampled high-resolution
features, achieving precise characterization of small
and morphologically complex nodules.

• We introduce the Attention-guided Spatial and
Channel Residual Module (ASCRM), which simul-
taneously captures multi-scale features via parallel
spatial-attention and channel-recalibration units, pre-
serving spatial integrity while amplifying responses
to subtle lesions.

• We develop an adaptive false-positive suppression
network that utilizes cross-scale feature fusion to
integrate hierarchical context, resulting in a reduction
of false positives while preserving sensitivity.

Our framework demonstrates a sensitivity of 90.0% at
just 0.55 false positives per scan on LUNA16, indicating
its strong potential for clinical deployment.

Methods
The proposed pulmonary nodule detection framework,
shown in Figure 1, comprises two sequential stages: candi-
date generation and false-positive reduction. In the first
stage, a U-shaped encoder–decoder network employs cas-
caded feature enhancement via the ASCRM module, fused
with spatial coordinate priors, to preserve fine-grained CT
details while leveraging multi-scale feature aggregation to
boost candidate recall. To address the challenge of nodules
adherent to the pleura or vasculature, as well as those exhi-
biting atypical morphology or diminutive size, we incorpor-
ate online hard-example mining during training to assign
greater weight to these difficult cases—thereby enhancing
sensitivity at the cost of an elevated false-positive rate. In
the second stage, we introduce a three-branch progressive
classifier in which each branch processes a specific scale
of input; a cross-branch feature interaction mechanism
enables bidirectional information flow and fusion across
resolutions, enhancing the discrimination of true nodules
from imaging artefacts.

To characterize the computational cost of the two-stage
framework, Table 1 reports the training time, parameter
count, average computation time, and floating-point opera-
tions (FLOPs) for each stage. The training time is measured
per fold. Although the first-stage candidate detector has
fewer parameters, GPU memory constraints require each CT
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scan to be processed in multiple 128×128×128 sub-
volumes, followed by block-level reconstruction during train-
ing and validation, leading to longer runtime. The larger 3D
input blocks in this stage also result in substantially higher
FLOPs than those of the second stage. In contrast, the second-
stage false positive reduction network has more parameters
but operates only on 32× 48× 48 candidate nodule patches,
which greatly reduces the computation scope and yields
much lower FLOPs and faster training/inference.

Architecture of the cross-layer feature-fusion
pulmonary nodule candidate detection network
In this section, we present a three-dimensional convolu-
tional neural network (3D CNN) based on cross-layer feature
fusion for the detection of pulmonary nodule candidates. The
network takes a CT volume of size 128×128×128 voxels
as input and adopts an encoder–decoder architecture as its
backbone (Figure 2). To effectively capture the diverse

morphological characteristics and complex spatial distribution
of nodules, the model must possess strong feature representa-
tion capabilities, balancing global semantic understanding
with fine-grained spatial detail preservation.

However, conventional convolutional modules exhibit lim-
itations in modeling spatial and channel-wise attention. While
they are proficient in extracting local spatial features, they
lack explicit modeling of spatial positional information and offer
limited interaction across channels. This hampers the network’s
ability to capture semantic dependencies and spatial regularities
across scales—particularly problematic for nodules that are
morphologically heterogeneous, diminutive, or ambiguously
bounded. Furthermore, traditional convolutional operations are
often deficient in integrating spatial and channel attention
mechanisms, making it difficult to selectively enhance salient
features, ultimately impairing detection sensitivity and accuracy.

To address these challenges, we introduce an ASCRM to
enhance the network’s representational and semantic modeling
capacity. The encoder path incorporates five stacked ASCRM
blocks as the core feature extraction units. Each ASCRM inte-
grates spatial and channel attention to dynamically recalibrate fea-
ture responses, while employing multi-scale residual structures to
facilitate cross-layer information exchange. This design enables
the effective encoding of fine-grained semantic features critical
to nodule detection. A detailed description of the ASCRM’s
architecture and fusion strategy is provided in the next section.

In parallel, the decoder path employs multi-level skip
connections to fuse high-resolution structural cues (e.g.
edges and textures) from shallow layers with upsampled
deep features. This strategy mitigates spatial information
loss during feature reconstruction, enhancing the delinea-
tion and fidelity of candidate nodule regions.

Figure 1. Workflow of the proposed pulmonary nodule detection framework.

Table 1. Key performance metrics for two stages of pulmonary
nodule detection.

Stage

Training
time (per
fold)

Params
(M)

Average
computation time
per case

FLOPs
(G)

1 16.7h 1.77 4.17 s (per CT
scan)

193.39

2 7.5h 30.12 66.0 ms (per
nodule patch)

0.954
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To further improve the network’s spatial awareness, we
introduce voxel-wise spatial coordinate maps during the
downsampling stage. These coordinate tensors are concate-
nated as additional input channels, providing spatial priors
that guide the model in learning anatomical layouts of the
lung fields. This approach suppresses false positives outside
lung regions and improves detection accuracy and general-
ization—especially in cases involving blurred boundaries or
structurally complex nodules.

Finally, the network outputs a volumetric probability
map of size 32× 32× 32, where each voxel denotes the like-
lihood of being the center of a pulmonary nodule. This map
is subsequently used for candidate proposal generation and
passed on to the false positive reduction stage.

Attention-guided spatial and channel residual module
To effectively enhance the network’s capability of model-
ing fine-grained features during candidate nodule detection,
we introduce the ASCRM as the core feature extraction
unit. The architectural details of ASCRM are illustrated
in Figure 3. Building upon conventional residual

structures, ASCRM integrates dense skip connections and
the Convolutional Block Attention Module (CBAM)20 to
strengthen semantic representation across multiple scales
and improve the network’s focus on critical spatial regions.

Specifically, the ASCRM module constructs a deep
residual path by stacking multiple 3×3×3 convolution
layers, while introducing long-range connections to progres-
sively propagate high-resolution structural features from early
shallow layers to deeper stages. This design effectively pre-
serves fine-grained textures and boundary details of nodules.
Within the residual path, each layer follows the formulation:

Let F ∈ RC×D×H×W denote the input 3D feature map to
the ASCRM module, where C is the number of channels
and D, H , W represent the depth, height, and width of
the volumetric feature space, respectively.

Fk = Fk−1 +Rk(Fk−1) (1)

where R(·) denotes a residual transformation consisting of
two successive 3× 3× 3 3D convolutional layers with an
intermediate PReLU activation, Fk denotes the intermedi-
ate feature map obtained after the k-th residual update.

Figure 2. Architecture of the proposed candidate nodule detection network.

Figure 3. The proposed ASCRM module.
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To further facilitate information exchange across different
feature hierarchies, a cross-layer residual fusion mechanism is
introduced into the ASCRM module. This mechanism inte-
grates feature representations Fi and Fj originating from differ-
ent depths of the network; Fi typically retains higher-resolution
texture details, whereasFj conveys richer semantic information.
To achieve more effective feature integration, a nonlinear
residual refinement is applied to the summed features, yielding
an enhanced aggregated representation:

Fagg = Fi + Fj + R(Fi + Fj) (2)

This design strengthens the expressive capacity of the fused
features and ensures stable propagation of cross-layer informa-
tion. By mitigating representational degradation that can occur
during multi-scale feature integration, the residual fusion struc-
ture enhances the joint modeling of fine-grained structural cues
and high-level semantics, thereby providing a more discrimina-
tive feature foundation for the subsequent attention modules.

To improve feature discriminability, the ASCRM module
integrates the CBAM, constructing a dual attention pathway
across spatial and channel dimensions. The channel attention
branch utilizes both average and max pooling operations to
capture global response features, generating a channel-wise
attention map. The spatial attention branch aggregates pooled
descriptors to produce a spatial response map that enhances
critical regions. These attention mechanisms are defined as:

Aspatial = σ(Conv3D([AvgPoolc(F), MaxPoolc(F)])) (3)

Achannel = σ(MLP(AvgPool(F))+MLP(MaxPool(F)))

(4)

where σ(·) denotes the Sigmoid activation function.
AvgPoolc(·) and MaxPoolc(·) denote pooling operations
performed along the channel dimension, yielding two
single-channel spatial descriptors that summarize the average
and salient responses at each voxel location. The concatenated
descriptors are mapped by a 3D convolution to capture local
spatial dependencies, and the resulting Aspatial provides
location-wise weights to emphasize informative regions while
suppressing irrelevant background responses. AvgPool(·) and
MaxPool(·) denote global pooling operations that aggregate
each channel into a compact descriptor. MLP(·) denotes a
multilayer perceptron, implemented as a lightweight learnable
gating function shared by the two pooled descriptors to gener-
ate channel-wise weights. The resulting Achannel highlights dis-
criminative feature channels and attenuates less informative
ones. Through the joint use of Aspatial and Achannel, the module
strengthens feature responses that are most relevant to pulmon-
ary nodule candidates from both spatial and channel perspec-
tives. The final output of the ASCRMmodule is computed as:

Fout = F + Aspatial ⊙ (Achannel ⊙ (Fagg + F) (5)

Where⊙ is the element-wise multiplication. This formula-
tion facilitates the fusion of shallow and deep representations

and enhances feature responses along spatial and channel
dimensions. When applied in a stacked manner within the net-
work, ASCRM supports stable pulmonary nodule candidate
detection, including cases with complex morphology.

Multi-scale progressive inference architecture
In the task of false positive reduction, the heterogeneous
nature of pulmonary nodules—manifested in their diverse
morphologies, variable densities, and particularly wide size
range (Figure 4)—poses a significant challenge.
Conventional fixed-scale detection strategies often struggle
to concurrently capture the global structural patterns of large
nodules and the subtle textural cues of smaller ones, leading
to frequent misses of tiny nodules or misclassification of non-
nodular tissues. To address these limitations, we propose a
Multi-scale Progressive Perception Network (MPPN) that
integrates a hierarchical context fusion scheme with
attention-enhanced residual modules to enable precise classi-
fication of candidate nodules across scales (Figure 5).

As illustrated in Figure 5, MPPN stratifies candidates
into three-scale categories based on nodule diameter, and
accordingly extracts 3D voxel patches of size 32× 48×
48, 16× 24× 24, and 8× 12× 12, forming an adaptive
multi-scale input representation. This design avoids spatial
distortions and semantic degradation typically introduced
by uniform resampling, and improves the network’s ability
to model the geometry and context of nodules at different
scales. Each scale-specific input is processed by an inde-
pendent 3D convolutional branch, constructing a
coarse-to-fine multi-scale feature extraction pathway. To
alleviate semantic isolation between scales, a top-down fea-
ture injection mechanism is introduced in the medium and
small-scale branches, allowing high-level semantics from
larger scales to guide the detection of small nodules.
Additionally, each branch incorporates a CBAM to enhance
the model’s focus on discriminative regions. The high-level
semantic features from all branches are concatenated along
the channel dimension, followed by global average pooling
to obtain a compact global representation. This representa-
tion is then recalibrated via attention and passed through a
fully connected layer to output the probability of each can-
didate being a true nodule.

Experiment

Dataset and preprocessing
This study employs the LUNA1621 benchmark dataset for
the lung nodule detection task. The dataset is derived
from the LIDC-IDRI database, a multi-center collaborative
project initiated by the National Cancer Institute (NCI) and
supported by the Foundation for the National Institutes of
Health (FNIH), which includes chest CT scans annotated
by multiple radiologists.22
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The LUNA16 dataset was rigorously selected from the
LIDC-IDRI database, with inclusion criteria that primarily
exclude cases with missing slices, inconsistent pixel spa-
cing, or slice thicknesses greater than 3 mm. The final data-
set consists of 888 high-quality CT scans, all provided in
MHD/RAW format. In terms of nodule annotation, the
LUNA16 dataset follows a strict expert consensus stand-
ard, including only nodules with a diameter of ≥3 mm,
which were confirmed by at least three of the four radiol-
ogists. Based on this criterion, the dataset contains 1186
lung nodule samples, each accompanied by detailed center
coordinates and scaling information. Additionally, seg-
mentation images of the lung regions for all CT scans
are included.

To enhance the model’s generalizability and robustness,
a binary segmentation mask was first applied to precisely
extract the lung parenchyma region from each input image
(Figure 6). Each CT slice underwent preliminary denoising
via a Gaussian filter to mitigate errors caused by blurred tis-
sue boundaries. Subsequently, a fixed intensity threshold of
−400 HU was employed to binarize the image, enabling ini-
tial separation of lung tissue. Considering potential discon-
tinuities and small holes at the lung parenchyma edges,
morphological closing operations were further applied to
repair the binary images and fill residual small cavities.
After obtaining closed lung parenchyma candidate regions,
connected component analysis was used to retain the two
largest connected areas, thereby excluding non-pulmonary

Figure 4. Distribution of lung nodule sizes in the LUNA16 dataset.

Figure 5. The proposed false positive reduction model.
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structures such as the trachea or external noise. Remaining
internal holes were filled using a morphological binary fill
operation, yielding complete masks for both left and right
lungs.

To enhance contrast of pulmonary structures, CT values
were linearly mapped within the lung window range of
−1200 to 600 HU. Moreover, to address variations in spa-
tial resolution arising from different manufacturers and
scanner models, B-spline interpolation resampling was per-
formed to achieve isotropic voxel spacing of 1 mm3, ensur-
ing spatial consistency and comparability across all images.

Training process
The training process is divided into two stages: candidate
nodule detection and false positive reduction. During the

candidate detection stage, considering the large volume of
the entire CT scans, directly inputting the full volume into
the network would cause GPU memory bottlenecks.
Therefore, the images are partitioned into three-dimensional
voxel blocks of size 128× 128× 128 to alleviate computa-
tional resource constraints. To enhance model robustness
and generalization, data augmentation techniques such as
random flipping and scaling transformations are applied
during training. For generating training anchors, boxes
with an Intersection over Union (IoU) greater than 0.5 are
labeled as positive samples, while those with an IoU less
than 0.02 are labeled as negative samples. Three anchor
sizes of 5, 10, and 20 voxels are employed. The proposed
loss function comprises two components: classification
loss and regression loss, optimized jointly via a dynamic
weighting mechanism. For classification, an improved

Table 2. Results of six-fold cross-validation on the LUNA16 dataset.

Subset 0 1 2 3 4 5 Avg

Sensitivity 95.5 94.4 94.3 96.1 94.1 95.0 94.9

Average number of candidates /scan 3.1 3.6 5.9 4.0 4.1 4.4 4.2

CPM 86.9 87.6 86.4 91.4 87.6 87.2 87.8

FPs/Scan @ 90% Sensitivity 0.44 0.55 0.75 0.29 0.47 0.79 0.55

Table 3. Performance metrics for the false positive reduction network in the second stage.

Subest 0 1 2 3 4 5 Avg

Recall 0.966 0.957 0.944 0.936 0.924 0.951 0.949

Auc 0.974 0.988 0.971 0.983 0.971 0.992 0.980

F1-score 0.963 0.961 0.951 0.951 0.957 0.971 0.959

Precision 0.960 0.965 0.959 0.973 0.992 0.993 0.975

Figure 6. (a) Original image; (b) binary lung region mask obtained after thresholding; (c) initial extracted lung parenchyma mask; (d)
lung parenchyma mask after morphological closing operation; (e) final segmented lung parenchyma.
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binary focal loss (Binary Focal Loss) is adopted, whose
core formulation is defined as follows:

Lcls = − 1

Npos + Nneg

∑
i

α(1− pi)
γ log (pi) (6)

Here, Npos and Nneg denote the numbers of positive and
negative samples, respectively. For each sample i, ŷi
denotes the predicted logit and σ(·) is the Sigmoid function;
pi is defined as the predicted probability assigned to the
ground-truth class, that is, pi = σ(ŷi) for positive samples
and pi = 1− σ(ŷi) for negative samples. The parameter α
controls the overall scaling of the classification term, while
γ down-weights well-classified samples to mitigate the
impact of class imbalance. In our experiments, α=0.6 and
γ=2.

For the regression task, the Smooth L1 Loss is
employed, defined as:

Lreg =
∑4
k=1

0.5(x̂k − xk)
2, if |x̂k − xk| < 1

|x̂k − xk| − 0.5, otherwise

{
(7)

Here, xk and x̂k denote the ground-truth and predicted
box parameters, respectively. The regression loss is com-
puted over positive samples, and the four terms correspond
to the four box parameters.

The total loss function balances the two objectives—
classification and regression—via an adaptive weighting
mechanism, and is expressed as:

Ltotal = λLcls + Lreg, λ = 5.0

�����
Npos

Nneg

√
(8)

where the dynamic coefficient λ is adaptively adjusted
based on the distribution of training samples to regulate
the contribution of the classification loss. This design helps
prevent the sparsity of regression samples from dominating
the learning process, thereby enhancing classification accur-
acy while maintaining stable localization performance.

In the false positive reduction stage, the model is trained
using image patches of three different sizes: 32× 48× 48,
16× 24× 24, and 8× 12× 12 voxels. To address the

imbalance between true positive and false positive nodules,
data augmentation techniques such as random flipping,
translation, and rotation are applied. Additionally, the ratio
of true positive to false positive samples is expanded to 1:3
to ensure a balanced training distribution. The model is opti-
mized using the cross-entropy loss function, with an initial
learning rate of 0.0001 and the Adam optimizer. All experi-
ments are implemented using the PyTorch framework and
trained on an Ubuntu server equipped with an NVIDIA
GeForce RTX 3090 GPU.

Experimental results
To systematically evaluate the stability and generalizability
of the proposed model under varying data splits, a six-fold
cross-validation strategy was employed. The performance
metrics across the six subsets are summarized in Table 2.
On average, the model achieved a sensitivity of 94.9%, a
Competition Performance Metric (CPM) score of 87.8,
and generated only 4.2 candidate detections per scan.
Notably, when the sensitivity was maintained at 90.0%,
the average false positive rate was controlled within 0.55
per scan.

Building on the analysis of the system’s overall perform-
ance, we further evaluated the independent classification
capability of the second-stage false positive reduction net-
work. As shown in Table 3, this network achieved an aver-
age AUC of 0.980, Precision of 0.975, and F1-score of
0.959 on the test set, while maintaining a recall of 0.949.
These results indicate that the false positive reduction net-
work demonstrates robust discriminative power in distin-
guishing true nodules from imaging artifacts, and its
stable classification performance provides a reliable founda-
tion for the system’s low false positive rate.

To evaluate the generalizability of the proposed frame-
work across different data sources, we conducted additional
validation experiments on the LIDC-IDRI dataset. The six
models obtained from the six-fold cross-validation on
LUNA16 were applied to LIDC-IDRI for inference. Since
LUNA16 is constructed from a subset of LIDC-IDRI, over-
lapping cases may introduce bias. Before running inference
on LIDC-IDRI, we removed the CT scans that had been

Table 4. Validation results of the first-stage candidate detection
network on the LIDC-IDRI dataset.

Metric
LIDC-IDRI (6-model
ensemble)

Sensitivity 92.8

Average number of candidates
/scan

4.7

CPM 85.2

FPs/Scan @ 90% Sensitivity 0.63

Table 5. Validation results of the second-stage false positive
reduction network on the LIDC-IDRI dataset.

Metric LIDC-IDRI (6-model ensemble)

Recall 0.932

Auc 0.968

F1-score 0.937

Precision 0.942
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used to train each model, ensuring case-level independence
between the training data and the LIDC-IDRI evaluation
set. Performance metrics were computed for each of the
six models and then averaged to obtain the final results.
The LIDC-IDRI results of the first-stage candidate detection
network and the second-stage false positive reduction net-
work are summarized in Tables 4 and 5, respectively.

As shown in Table 4, the first-stage candidate detector
maintains a high sensitivity of 92.8% on LIDC-IDRI and
generates 4.7 candidates per scan on average. When the
operating point is adjusted to achieve 90% sensitivity, the
false positives are controlled at 0.63 FPs/scan, indicating
stable candidate generation under different operating
thresholds. Table 5 shows that the second-stage false posi-
tive reduction network preserves strong discriminative cap-
ability on LIDC-IDRI, achieving an AUC of 0.968 with a
balanced precision–recall profile (Precision = 0.942,

Recall = 0.932). These results support the effectiveness of
the overall pipeline in suppressing false positives on
LIDC-IDRI.

Figure 7 provides a visual comparison of intermediate
detection results at different stages of the pipeline.
Column (a) shows the original chest CT images, column
(b) presents the candidate nodule detection outputs, column
(c) displays the refined results after false positive suppres-
sion, and column (d) shows the corresponding clinical
ground-truth annotations. The proposed two-stage detection
framework adopts a cascaded architecture: the first-stage
candidate detection network emphasizes sensitivity through
rich feature extraction (Figure 7(b)), but inevitably intro-
duces a considerable number of false positives; the second-
stage false positive reduction model leverages deep feature
discrimination to suppress misclassified nodules effectively
(Figure 7(c)). Experimental results demonstrate that this

Figure 7. Representative intermediate results of the proposed framework. Column (a) shows the original chest CT images; column
(b) displays the detected candidate nodules from the first-stage detection model; column (c) presents the refined outputs after false
positive reduction; and column (d) illustrates the corresponding ground-truth annotations.
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cascaded “detection-then-refinement” paradigm signifi-
cantly enhances specificity while maintaining high sensitiv-
ity, thereby improving the overall robustness of pulmonary
nodule detection.

Furthermore, to gain deeper insights into the decision-
making mechanism of the first-stage candidate nodule
detection model, Gradient-weighted Class Activation
Mapping (Grad-CAM) was employed to visualize the spa-
tial regions that contribute most to the model’s predictions
(Figure 8).The visualization results show that the model

produces strong and spatially concentrated activations in
regions corresponding to pulmonary nodules. These activa-
tions are consistently localized around the nodule areas
across different samples, indicating that the model relies pri-
marily on nodule-relevant spatial features when generating
detection responses. The observed activation patterns suggest
that the learned feature representations are closely associated
with the morphological and intensity characteristics of nodules
in CT images. These CAM visualizations provide an interpret-
able view of the detection process, offering qualitative

Figure 8. Grad-CAM visualization of first-stage candidate nodule detection. Column (a) shows the original chest CT images; column
(b) displays the Grad-CAM heatmaps highlighting the regions of interest identified by the model; column (c) presents the overlay of the
Grad-CAM heatmaps on the original images, showing the model’s attention in context.

10 DIGITAL HEALTH



evidence of how the model focuses on nodule-related regions
during candidate generation.

Comparison with other methods
In this study, we propose a two-stage pulmonary nodule
detection framework that takes three-dimensional chest
CT scans as input. The first stage employs a U-shaped net-
work to generate a nodule probability map and identify ini-
tial candidate regions. Subsequently, a MPPN, specifically
designed for this task, is introduced to further discriminate
these candidates, effectively suppressing false positives and
improving detection accuracy. By integrating coarse candi-
date generation and refined classification, the two-stage
architecture achieves a notable enhancement in overall
detection performance.

We conducted a comparative performance analysis of
both the single-stage candidate detection model and the
complete two-stage detection framework against several
state-of-the-art methods. In the candidate detection stage,
we benchmarked the sensitivity and the average number
of candidates per scan (FPs/scan) of our method against
those reported by Pereira et al. (2021),23 Yuan et al.
(2021),24 Zhao et al. (2023),25 Usman et al. (2024),26 and

Xiong et al. (2024).27 As shown in Table 6, our approach
achieved a sensitivity of 98.5%, while maintaining the lowest
average number of false positives per scan, demonstrating its
ability to retain high sensitivity with superior false positive
control. Beyond detection performance, model size is an
important consideration for computational cost and practical
deployment. Accordingly, Table 7 compares the parameter
count of our candidate detection network with recent represen-
tative methods. Our first-stage detector contains 1.77 M para-
meters, which is smaller than the compared networks,
indicating a relatively compact model design.

We further compare our method with several representa-
tive approaches in the false positive reduction phase, as sum-
marized in Table 8. Our method demonstrates stable
performance across operating points and achieves a CPM of
0.878, which is the highest among the compared methods.
At operating points of 0.5 and 1 FPs/scan, our method attains
sensitivities of 0.891 and 0.939, respectively, indicating strong
detection sensitivity under moderate false-positive constraints.
Overall, the results in Table 8 suggest that the proposed frame-
work provides a balanced trade-off across operating points and
yields favorable CPM performance.

Figure 9 illustrates the FROC (Free-response Receiver
Operating Characteristic) curve of our method on the
LUNA16 dataset, which is used to assess detection per-
formance under different false positive rates. As shown in
the figure, even under a strict constraint of no more than
0.55 FPs/scan, our method still achieves a detection sensi-
tivity of 0.9, clearly demonstrating its strong nodule recog-
nition capability while maintaining a low false positive rate.

The superior performance of our approach is mainly
attributed to the integration of multi-scale feature fusion and
attention mechanisms, which enable the model to more accur-
ately distinguish between nodules and non-nodules in the com-
plex anatomical background of the lung. The combined results
in Figure 9 and Table 8 indicate that our method achieves a
favorable balance between high sensitivity and low false posi-
tives, showing solid potential for practical application—par-
ticularly in clinical lung nodule screening scenarios where
strict control over the false positive rate is required.

Discussions
The results of the comparative experiments demonstrate
that the proposed two-stage detection framework performs
competitively on the LUNA16 dataset, indicating that the
framework design contributes to addressing the challenge
of high false positive rates in pulmonary nodule detection.
Traditional detection methods often face limitations when
dealing with the wide variations in nodule size, shape,
and anatomical location, particularly in cases where nodule
morphology and anatomical background are complex.
While methods based on 2D CNNs can effectively capture
nodule features, they typically struggle to fully leverage the
rich spatial context embedded in 3D CT data.

Table 7. Parameter comparison of candidate nodule detection
methods.

Schemes Year Params (M)

Tang et al.28 2025 30.60

Almahasneh et al.29 2025 3.10

Huang et al.30 2025 6.64

Ours 2025 1.77

Table 6. Performance comparison of candidate nodule detection
methods.

Schemes Year Sensitivity
Average number of
candidates /scan

Pereira
et al.23

2021 98.2 49.67

Yuan et al.24 2021 94.0 50.25

Zhao et al.25 2023 94.7 14.10

Usman
et al.26

2024 97.8 21.61

Xion et al.27 2024 97.4 9.67

Ours 2025 98.5 6.75
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The proposed cross-layer attention fusion two-stage
framework combines attention mechanisms with multi-
scale fusion, effectively reducing false positive rates
while maintaining high sensitivity. The ASCRM module
enhances feature representation capabilities, improving
the model’s accuracy in nodule detection, while the
MPPN network effectively suppresses false positives

and enhances the fine discrimination of candidate
nodules.

Ablation experiment
To validate the effectiveness of the ASCRMmodule and the
false positive reduction network (MPPN), we conducted

Table 8. Comparative performance evaluation in the false positive reduction phase.

Schemes year

False positive per scan

CPM1/8 1/4 1/2 1 2 4 8

Pezeshk et al.31 2018 0.637 0.723 0.804 0.865 0.907 0.938 0.952 0.832

Huang et al.32 2019 0.817 0.851 0.869 0.883 0.891 0.907 0.914 0.876

Li et al.33 2020 0.739 0.803 0.858 0.888 0.907 0.916 0.920 0.862

Mei et al.34 2021 0.712 0.802 0.865 0.901 0.937 0.946 0.955 0.874

Zhao et al.25 2023 0.656 0.754 0.833 0.917 0.951 0.970 0.977 0.865

Tan et al. 35 2023 0.728 0.799 0.860 0.901 0.926 0.941 0.956 0.873

Lu et al.36 2023 0.712 0.792 0.858 0.900 0.928 0.949 0.961 0.871

Almahasneh et al.29 2025 0.748 0.812 0.856 0.893 0.919 0.942 0.945 0.874

Ours 2025 0.676 0.793 0.891 0.939 0.948 0.949 0.949 0.878

Bold text indicates the false positive rate per scanning round.

Figure 9. Free-response receiver operating characteristic (FROC) curve.
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four ablation experiments: (i) baseline model only, (ii) base-
line with CBAM-based attention mechanism, (iii) baseline
with ASCRM module, and (iv) ASCRM module combined
with the MPPN model. We validated the models on six sub-
sets, and Table 9 provides the mean and standard deviation
of the results from these six trials. The baseline model, with-
out any enhancements, achieved a sensitivity of 91.63%.
Incorporating the CBAM attention mechanism significantly
improved sensitivity to 97.19%; however, it also dramatic-
ally increased the average number of detected candidates
per scan from 3.81 to 14.26, and the false positive rate at
90.0% sensitivity rose from 1.20 to 2.92 per scan. This
increase was primarily due to the detection of more true
nodules at the cost of introducing excessive false positives
under the same confidence threshold.

By integrating the ASCRM module, the model main-
tained high sensitivity while reducing the number of false
positives compared to using CBAM alone. Furthermore,
when the MPPN was added to the ASCRM-enhanced
model, the false positive rate decreased to 4.18 per scan,
with only a marginal drop in sensitivity. Overall, these
results demonstrate that the ASCRM module and MPPN
strategy effectively suppress false positives while preserv-
ing high detection sensitivity.

Additionally, we performed paired t-tests to calculate the
significance of the differences between each model and the
final two-stage model (Baseline + ASCRM + MPPN) for
the FPs/Scan@ 90% Sensitivity metric. The results indicate
that the p-values for all ablation models compared to the
final two-stage model are less than 0.05, demonstrating stat-
istically significant differences.

Conclusion
This paper proposes a two-stage pulmonary nodule detec-
tion method based on cross-layer attention fusion. In the
candidate nodule detection stage, a multi-scale feature
extraction and cross-layer attention fusion mechanism is
introduced. The attention-enhanced module (ASCRM)
effectively improves the model’s sensitivity to tiny nodules
and enhances the recall rate of candidate regions. In the

false positive reduction stage, a MPPN is constructed to
integrate semantic information across different spatial
scales, thereby improving the model’s ability to distinguish
true nodules from artifacts and significantly reducing the
false positive rate.

We conducted comprehensive experimental evaluations
on the LUNA16 dataset, and the results demonstrate that
the proposed method achieves high recall while signifi-
cantly improving detection accuracy. Compared with sev-
eral state-of-the-art detection models, our method shows
superior performance, validating its effectiveness and
robustness. Future work will focus on enhancing the clinical
interpretability and lightweight deployment of the model to
promote its application in real-world CAD of lung cancer.

Nevertheless, despite the proposed method achieving
certain results in experimental performance, several limita-
tions deserve further attention. The training and validation
of the model rely primarily on the LUNA16 dataset, whose
homogeneous imaging conditions and single-source origin
may restrict the model’s generalizability in real-world clin-
ical environments. The lack of independent validation on
real clinical data remains one of the major limitations
of the current work. Moreover, the detection of nodules
smaller than 3 mm or those closely attached to the pleura
or vasculature remains challenging, as such nodules typ-
ically exhibit low contrast and irregular morphology, pla-
cing higher demands on feature representation. In terms
of computational efficiency, although the two-stage
architecture performs well overall, the first stage still
requires dense feature extraction across the full 3D CT
volume, resulting in considerable computational over-
head that may hinder deployment on resource-
constrained systems. In addition, although Grad-CAM
visualizations provide some insight into the model’s
behavior, the decision-making process retains a degree
of “black-box” characteristics, indicating that further
efforts are needed to enhance interpretability.

Future work will focus on improving the model’s gener-
alizability to real clinical data, optimizing computational
efficiency, strengthening interpretability, and validating
the approach on larger and multi-center datasets.

Table 9. Results of four ablation experiments.

Model configuration Sensitivity
Average number of
candidates /scan

FPs/Scan @ 90%
Sensitivity P-value

Baseline model only 91.63± 1.35 3.81± 0.38 1.20± 0.3 0.0004

Baseline + CBAM attention mechanism 97.19± 0.92 14.26± 0.61 2.92± 1.19 0.0048

Baseline + ASCRM module 96.99± 1.8 10.48± 5.1 1.62± 0.55 0.0029

Baseline + ASCRM module + False Positive
Reduction (MPPN)

94.9± 0.78 4.18± 0.95 0.55± 0.19 -

Wang et al. 13



Acknowledgements
The authors would like to thank the project team for providing
access to computing resources.

ORCID iD
Lixin Wang https://orcid.org/0009-0003-7207-0024

Author contributions
Lixin Wang contributed to methodology, investigation, formal
analysis, and writing the original draft. Xiaowen Lan was respon-
sible for conceptualization and writing—review & editing. Kaikai
Zhang contributed to conceptualization and visualization, while
Yanhui Wang was involved in formal analysis and visualization.
Shaofeng Wang and Wenjing Liu managed project administration
and participated in writing—review & editing. All authors have
read and approved the final manuscript.

Funding
The authors disclosed receipt of the following financial support for
the research, authorship, and/or publication of this article: This
work was supported by the Natural Science Foundation of Inner
Mongolia Autonomous Region (grant number 2025LHMS06016).

Declaration of conflicting interests
The authors declared no potential conflicts of interest with respect
to the research, authorship, and/or publication of this article.

Data availability
The dataset utilized in this study is available at https://luna16.
grand-challenge.org/.

References
1. Bray F, Laversanne M, Sung H, et al. Global cancer statistics

2022: GLOBOCAN estimates of incidence and mortality
worldwide for 36 cancers in 185 countries. CA Cancer J
Clin 2024; 74: 229–263.

2. Halder A, Dey D and Sadhu AK. Lung nodule detection from
feature engineering to deep learning in thoracic CT images: a
comprehensive review. J Digit Imaging 2020; 33: 655–677.

3. Nooreldeen R and Bach H. Current and future development
in lung cancer diagnosis. Int J Mol Sci 2021; 22: 8661.

4. Valente IRS, Cortez PC, Neto EC, et al. Automatic 3D pul-
monary nodule detection in CT images: a survey. Comput
Methods Programs Biomed 2016; 124: 91–107.

5. Quanyang W, Yao H, Sicong W, et al. Artificial intelligence
in lung cancer screening: detection, classification, prediction,
and prognosis. Cancer Med 2024; 13: e7140.

6. Deng K, Wang L, Liu Y, et al. A deep learning-based system
for survival benefit prediction of tyrosine kinase inhibitors
and immune checkpoint inhibitors in stage IV non-small
cell lung cancer patients: A multicenter, prognostic study.
EClinicalMedicine 2022; 51: 101541.

7. Jiang B, Li N, Shi X, et al. Deep learning reconstruction
shows better lung nodule detection for ultra–low-dose chest
CT. Radiology 2022; 303: 202–212.

8. Xu Y, Hosny A, Zeleznik R, et al. Deep learning predicts
lung cancer treatment response from serial medical imaging.
Clin Cancer Res 2019; 25: 3266–3275.

9. Lu L, Tan Y, Schwartz LH, et al. Hybrid detection of lung
nodules on CT scan images.Med Phys 2015; 42: 5042–5054.

10. Gu Y, Lu X, Zhang B, et al. Automatic lung nodule detection
using multi-scale dot nodule-enhancement filter and
weighted support vector machines in chest computed tomog-
raphy. PLoS One 2019; 14: e0210551.

11. Ali H, Mohsen F and Shah Z. Improving diagnosis and prog-
nosis of lung cancer using vision transformers: a scoping
review. BMC Med Imaging 2023; 23: 129.

12. Setio AAA, Ciompi F, Litjens G, et al. Pulmonary nodule
detection in CT images: false positive reduction using multi-
view convolutional networks. IEEE Trans Med Imaging
2016; 35: 1160–1169.

13. Jiang H, Ma H, Qian W, et al. An automatic detection system
of lung nodule based on multigroup patch-based deep learning
network. IEEE J Biomed Health Inform 2017; 22: 1227–1237.

14. ZuoW, Zhou F, Li Z, et al. Multi-resolution CNN and knowl-
edge transfer for candidate classification in lung nodule
detection. Ieee Access 2019; 7: 32510–32521.

15. Xie H, Yang D, Sun N, et al. Automated pulmonary nodule
detection in CT images using deep convolutional neural net-
works. Pattern Recognit 2019; 85: 109–119.

16. Huang X, Shan J and Vaidya V. Lung nodule detection in CT
using 3D convolutional neural networks. In: 2017 IEEE 14th
international symposium on biomedical imaging (ISBI 2017)
2017, pp.379–383. IEEE.

17. Wang J, Wang J, Wen Y, et al. Pulmonary nodule detection in
volumetric chest CT scans using CNNs-based nodule-
size-adaptive detection and classification. IEEE Access 2019;
7: 46033–46044.

18. Cao H, Liu H, Song E, et al. A two-stage convolutional
neural networks for lung nodule detection. IEEE J Biomed
Health Inform 2020; 24: 2006–2015.

19. Zhu W, Liu C, Fan W, et al. Deeplung: Deep 3d dual path
nets for automated pulmonary nodule detection and classifi-
cation. In: 2018 IEEE winter conference on applications of
computer vision (WACV) 2018, pp.673–681. IEEE.

20. Woo S, Park J, Lee J-Y, et al. Cbam: Convolutional block
attention module. In: Proceedings of the European confer-
ence on computer vision (ECCV) 2018, pp.3–19.

21. Setio AAA, Traverso A, De Bel T, et al. Validation, com-
parison, and combination of algorithms for automatic
detection of pulmonary nodules in computed tomography
images: the LUNA16 challenge. Med Image Anal 2017;
42: 1–13.

22. Armato SG III, McLennan G, Bidaut L, et al. The lung image
database consortium (LIDC) and image database resource
initiative (IDRI): a completed reference database of lung
nodules on CT scans. Med Phys 2011; 38: 915–931.

14 DIGITAL HEALTH

https://orcid.org/0009-0003-7207-0024
https://orcid.org/0009-0003-7207-0024
https://luna16.grand-challenge.org/
https://luna16.grand-challenge.org/
https://luna16.grand-challenge.org/


23. Pereira FR, De Andrade JMC, Escuissato DL, et al. Classifier
ensemble based on computed tomography attenuation pat-
terns for computer-aided detection system. IEEE Access
2021; 9: 123134–123145.

24. Yuan H, Wu Y, Cheng J, et al. Pulmonary nodule detection
using 3-d residual u-net oriented context-guided attention
and multi-branch classification network. Ieee Access 2021;
10: 82–98.

25. Zhao D, Liu Y, Yin H, et al. An attentive and adaptive 3D
CNN for automatic pulmonary nodule detection in CT image.
Expert Syst Appl 2023; 211: 118672.

26. Usman M, Rehman A, Shahid A, et al. Meds-net: multi-
encoder based self-distilled network with bidirectional max-
imum intensity projections fusion for lung nodule detection.
Eng Appl Artif Intell 2024; 129: 107597.

27. Xiong Y, Deng L and Wang Y. Pulmonary nodule detection
based on model fusion and adaptive false positive reduction.
Expert Syst Appl 2024; 238: 121890.

28. Tang C, Zhou F, Sun J, et al. Lung-YOLO: multiscale fea-
ture fusion attention and cross-layer aggregation for lung
nodule detection. Biomed Signal Process Control 2025;
99: 106815.

29. Almahasneh M, Xie X and Paiement A. Attentnet: fully con-
volutional 3d attention for lung nodule detection. SN Comp
Sci 2025; 6: 292.

30. Huang H-H, Zhao Y, Wei S-Y, et al. Lightweight lung-nodule
detection model combined with multidimensional attention
convolution. Curr Med Imaging 2025; 21: e15734056310722.

31. Pezeshk A, Hamidian S, Petrick N, et al. 3-D Convolutional
neural networks for automatic detection of pulmonary
nodules in chest CT. IEEE J Biomed Health Inform 2018;
23: 2080–2090.

32. Huang W, Xue Y and Wu Y. A CAD system for pulmonary
nodule prediction based on deep three-dimensional convolu-
tional neural networks and ensemble learning. Plos One
2019; 14: e0219369.

33. Li Y and Fan Y. DeepSEED: 3D squeeze-and-excitation
encoder-decoder convolutional neural networks for pulmonary
nodule detection. In: 2020 IEEE 17th international symposium
on biomedical imaging (ISBI) 2020, pp.1866–1869. IEEE.

34. Mei J, Cheng M-M, Xu G, et al. SANet: a slice-aware net-
work for pulmonary nodule detection. IEEE Trans Pattern
Anal Mach Intell 2021; 44: 4374–4387.

35. Tan Y, Fu X, Zhu J, et al. A improved detection method for
lung nodule based on multi-scale 3D convolutional neural
network. Concurr Comput Pract Exp 2023; 35: e7034.

36. Lu X, Zeng N, Wang X, et al. Ffnet: an end-to-end framework
based on feature pyramid network and filter network for pul-
monary nodule detection. In: 2023 IEEE 20th international sym-
posium on biomedical imaging (ISBI) 2023, pp.1–6. IEEE.

Wang et al. 15


	 Introduction
	 Methods
	 Architecture of the cross-layer feature-fusion pulmonary nodule candidate detection network
	 Attention-guided spatial and channel residual module
	 Multi-scale progressive inference architecture

	 Experiment
	 Dataset and preprocessing
	 Training process

	 Experimental results
	 Comparison with other methods

	 Discussions
	 Ablation experiment

	 Conclusion
	 Acknowledgements
	 References


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile ()
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 5
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /PDFX1a:2003
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError false
  /PDFXTrimBoxToMediaBoxOffset [
    33.84000
    33.84000
    33.84000
    33.84000
  ]
  /PDFXSetBleedBoxToMediaBox false
  /PDFXBleedBoxToTrimBoxOffset [
    9.00000
    9.00000
    9.00000
    9.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV <>
    /HUN <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames false
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks true
      /AddColorBars false
      /AddCropMarks true
      /AddPageInfo true
      /AddRegMarks false
      /BleedOffset [
        9
        9
        9
        9
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


