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Abstract
To address the issues of low detection sensitivity and a large number of false pos-
itives in the task of automatic lung nodule detection in CT images, we propose
a lung nodule detection method that combines a 3D fully convolutional network
based on hybrid loss with an attention-based multi-scale 3D residual network.
First, a 3D fully convolutional network is pre-trained based on similarity loss,
which is utilized to screen hard example samples, and hard examples are jointly
fine-tuned with positive samples based on hybrid loss to obtain a candidate
nodule detection network for rapid screening of suspicious nodules. Then, an
attention-based multi-scale 3D residual convolutional network is employed to
classify suspicious nodules, accurately distinguishing true nodules from candi-
date nodules. On the LUN16 dataset, the sensitivity of the candidate nodule
detection stage reaches 97.18% when the number of false positives per case is
59.1, and the average sensitivity of the detection system is 0.880, demonstrating
that the proposed algorithm can improve the sensitivity of lung nodule detec-
tion and effectively control false positives, achieving superior performance on
the LUNA16 dataset.

Full Text
Preamble
Pulmonary Nodule Detection via Hybrid Loss based Joint Fine-
tuning and Multi-scale Classification

Yao Yujin, Zhang Li
(Dept. of Electronic Engineering, Tsinghua University, Beijing 100084, China)

Abstract: To address the problems of low detection sensitivity and numerous
false positives in automated pulmonary nodule detection from CT images, this

chinarxiv.org/items/chinaxiv-201805.00471 Machine Translation

https://chinarxiv.org/items/chinaxiv-201805.00471
https://chinarxiv.org/items/chinaxiv-201805.00471


paper proposes an integrated method combining a hybrid loss-based 3D fully
convolutional network for candidate detection with an attention-based multi-
scale 3D residual network for nodule classification. First, a 3D fully convolu-
tional network is pre-trained using similarity loss to filter hard negative samples,
which are then jointly fine-tuned with positive samples based on hybrid loss to
obtain a candidate nodule detection network for rapid screening of suspicious
nodules. Subsequently, an attention-based multi-scale 3D residual convolutional
network classifies these candidates to accurately distinguish true nodules from
false positives. On the LUNA16 dataset, the candidate detection stage achieves
a sensitivity of 97.18% at 59.1 false positives per scan, while the entire detection
system attains an average sensitivity of 0.880. These results demonstrate that
the proposed algorithm can improve detection sensitivity while effectively con-
trolling false positives, achieving superior performance on the LUNA16 dataset.

Key words: lung nodule detection; hybrid loss; joint fine-tune; attention; multi-
scale

0 Introduction
Lung cancer currently has the highest mortality rate among all cancers world-
wide. Early detection and treatment can significantly improve patient survival
rates. Early-stage lung cancer often presents as asymptomatic pulmonary nod-
ules, making nodule detection crucial for early diagnosis and treatment. Low-
dose chest CT is the most commonly used screening method for lung cancer,
capable of detecting even tiny nodules. However, manual screening is labor-
intensive and diagnostically challenging, especially with increasing demand for
early cancer screening, requiring substantial human resources and time for CT
analysis. Therefore, accurate and efficient automated pulmonary nodule detec-
tion is highly valuable.

Due to substantial variations in nodule size, shape, and density distribution,
as well as diverse lung environments where nodules may adhere to vessels or
lung walls or appear independently, automated detection from CT images re-
mains challenging. A typical pulmonary nodule detection system consists of two
stages: (a) candidate nodule detection, which screens suspected nodules from
CT scans containing numerous false positives; and (b) false positive reduction,
which employs more sophisticated classification algorithms to eliminate false
positives and produce final detection results.

Traditional detection algorithms [2] primarily use image processing methods
based on nodule shape and CT value characteristics to obtain candidates, fol-
lowed by local feature extraction and classifier construction. Murphy et al. de-
signed shape index and curvature features to select seed voxels, applied hystere-
sis thresholding for region growing to obtain candidate nodules, and employed
a two-stage coarse-to-fine K-nearest neighbor classifier to reduce false positives.
The coarse classifier descriptor concatenated 18 geometric and grayscale fea-
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tures from candidate voxel blocks, while the fine classifier descriptor included
135 richer shape and gradient features. Jacobs et al. used dual-thresholding
based on CT values to screen candidate nodule voxels, applied morphological
operations to reduce partial volume effects, and performed connected component
analysis for clustering. They extracted grayscale, texture, shape, and environ-
mental context features from candidate nodule neighborhoods and also adopted
a two-stage classification approach using an ensemble GentleBoost classifier.
Retico et al. designed filter functions based on the relationship between Hes-
sian matrix eigenvalues and local geometry for multi-scale nodule enhancement,
detected local maxima to obtain candidates, computed gradient and Hessian ma-
trices in 3D neighborhoods, used their eigenvalues as descriptors, and trained a
three-layer neural network classifier.

These traditional methods rely heavily on descriptor accuracy. However, given
the complex and diverse manifestations of pulmonary nodules, hand-crafted de-
scriptors typically capture only superficial features and struggle to extract dis-
criminative features for distinguishing true nodules from similar structures (e.g.,
vessels, airways). With the rapid development of deep learning, convolutional
neural networks have been increasingly applied to medical image processing, au-
tomatically extracting discriminative features in a data-driven manner. Recent
studies [11][12] generally train fully convolutional networks to directly obtain
prediction probability maps for each slice, select candidate nodules by threshold-
ing, and then extract fixed-size 2D patches centered at candidate centroids for
binary classification to eliminate false positives. Since CT data is inherently 3D
volumetric information, relying solely on 2D cross-sectional information is insuf-
ficient. Consequently, multi-view or 3D convolution-based algorithms have been
proposed to better utilize volumetric data [15][16][17]. Setio et al. extracted nine
different 2D cross-sections from 3D blocks containing candidates, input them
into a classification network with nine parallel independent branches, and fused
the results at the network’s end to obtain the final 3D block classification. Dou
et al. addressed large nodule scale variations by extracting three different-scale
3D patches centered at candidate centroids, processing them through three sep-
arate classification networks, and fusing the scale-specific probabilities for final
classification. Additionally, some studies have proposed Faster R-CNN-based
candidate detection methods [18][19]. Ding et al. added deconvolution layers
after the final convolutional layer to restore finer features and designed fixed-
size anchors matched to nodule dimensions, addressing the small relative size of
nodules.

However, traditional segmentation and classification alone are insufficient for
nodule detection. By incorporating morphological and distributional character-
istics of pulmonary nodules, novel strategies can be explored to extract more
discriminative information from 3D blocks, further improving system perfor-
mance. This paper proposes an improved pulmonary nodule detection frame-
work that optimizes both system stages. The candidate detection stage is en-
hanced through a 3D fully convolutional network with hybrid loss-based joint
fine-tuning: pre-training with Dice loss, hard example mining, and joint fine-
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tuning of hard negatives with positives to improve false positive discrimination.
The nodule classification stage employs an attention-based multi-scale residual
network that leverages candidate nodule information to extract local attention
regions and enhances multi-scale nodule discrimination through multi-scale ar-
chitecture, thereby improving classification accuracy. The proposed algorithm
was validated on the large-scale LUNA16 dataset, demonstrating significant
performance improvements. Comparative experiments further verified the effec-
tiveness of each algorithmic improvement.

1 Method
This section presents an automated pulmonary nodule detection system whose
framework is shown in Figure 1 [Figure 1: see original paper], comprising im-
proved candidate nodule detection based on 3D U-net and attention-based multi-
scale nodule classification.

1.1 Improved 3D U-net based Candidate Nodule Detection

1.1.1 Pre-training Model based on Dice Loss The candidate nodule de-
tection stage first pre-screens CT scans to select suspected nodules while fil-
tering out most other voxels, thereby reducing the number of samples input
to the subsequent classification network. This pre-screening must ensure high
detection sensitivity, preserving as many nodules as possible while eliminating
non-nodules. To this end, we designed a segmentation network based on 3D
U-net. First, distinguishing vessels from nodules using only 2D images is nearly
impossible; therefore, all convolution and pooling operations in the network are
3D to fully utilize spatial information from CT volumetric data. Second, the
fully convolutional network outputs the probability distribution of each voxel
belonging to a nodule, enabling rapid acquisition of nodule attribute probability
distributions across entire CT volumes.

Using entire CT volumes as training input would incur excessive computational
cost. Moreover, determining whether a voxel 𝑉𝑖 belongs to a nodule depends on
its local CT value distribution, with more distant voxels having less influence
on the prediction result. Therefore, we extract fixed-size 3D blocks as network
input, reducing computational complexity while maintaining detection sensitiv-
ity. Due to the small input block size, we simplified the U-net architecture. The
specific network structure is shown in Figure 1. The network outputs a lower-
resolution 3D probability volume corresponding to the input block. Since the
average nodule diameter is less than 10 mm, for a 56×56×56 block containing a
nodule, the positive-to-negative sample ratio is approximately 1:200 when treat-
ing each voxel as a sample. To address this severe class imbalance, we adopt
the improved Dice coefficient as the loss function to prevent model bias toward
negative samples. Dice coefficient measures similarity through set overlap. For
a given 3D block {𝑋, 𝑌 , 𝑙𝑎𝑏𝑒𝑙}, where 𝑋 denotes network input, 𝑌 denotes cor-
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responding annotations, and 𝑙𝑎𝑏𝑒𝑙 indicates whether the block contains a nodule
(1 for positive samples with nodules, 0 for negative samples without nodules),
the Dice loss function is:

𝐿𝑑𝑖𝑐𝑒 = − 2 × ∑𝑁
𝑖=1 𝑦𝑖 ⋅ 𝑝( ̂𝑦𝑖 = 1|𝑋, 𝑊)

∑𝑁
𝑖=1 𝑦𝑖 + ∑𝑁

𝑖=1 𝑝( ̂𝑦𝑖 = 1|𝑋, 𝑊)

where 𝑊 represents network parameters, 𝑦𝑖 denotes the ground truth label (0
or 1) for each voxel, and 𝑝( ̂𝑦𝑖 = 1|𝑋, 𝑊) denotes the predicted probability for
each voxel. For nodule-containing blocks, Dice loss encourages nodule detection,
improving sensitivity. However, for nodule-free blocks, Dice loss is constantly
zero, meaning all training samples must contain at least one nodule.

1.1.2 Hard Example Mining and Joint Fine-tuning Mechanism While
the above algorithm can identify some non-nodules, it lacks discrimination abil-
ity for nodule-like negative samples. Most non-nodules are lung background
regions easily distinguishable from nodules, but some (e.g., vessels, airways)
have CT values and local morphologies similar to nodules. Although these chal-
lenging samples constitute a minority, they are difficult to differentiate, and
incorporating them into training improves the detection network’s discrimina-
tive capability. To further leverage these hard examples, we designed a hard
example mining and joint fine-tuning mechanism.

First, the model trained in Section 1.1.1 is applied to all nodule-free negative
samples. Voxels with prediction probabilities exceeding a set threshold are con-
sidered false positive nodules, and negative samples containing these false posi-
tives constitute the mined hard examples. Hard examples and positive samples
are jointly fine-tuned. Since Dice loss for negative samples is constantly zero, we
employ improved cross-entropy as the loss function for negative samples while
retaining Dice coefficient for positive samples, yielding the fine-tuned model’s
loss function:

𝐿𝑐𝑒 = − 1
𝑁

𝑁
∑
𝑖=1

[𝑦𝑖 log 𝑝( ̂𝑦𝑖 = 1|𝑋, 𝑊) + (1 − 𝑦𝑖) log(1 − 𝑝( ̂𝑦𝑖 = 1|𝑋, 𝑊))]

𝐿𝑛𝑒𝑔 = 2 × sigmoid(𝐿𝑐𝑒) − 2, 𝐿𝑝𝑜𝑠 = 𝐿𝑑𝑖𝑐𝑒

𝐿 = 𝟙(𝑙𝑎𝑏𝑒𝑙 = 1) × 𝐿𝑝𝑜𝑠 + 𝟙(𝑙𝑎𝑏𝑒𝑙 = 0) × 𝐿𝑛𝑒𝑔

where 𝐿𝑐𝑒 is cross-entropy loss, sigmoid transformation ensures loss values for
positive and negative samples are in comparable ranges, 𝐿𝑝𝑜𝑠 and 𝐿𝑛𝑒𝑔 are
positive and negative sample losses respectively, 𝟙(𝑙𝑎𝑏𝑒𝑙 = 1) is an indicator
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function applying different losses to positive/negative samples, and 𝐿 is the
hybrid loss for fine-tuning.

During testing, since fully convolutional networks accept arbitrary input sizes,
entire CT volumes are input to obtain voxel-wise predictions, enabling direct lo-
calization of nodules across the whole CT. False positive nodules are suppressed
through extreme value detection on the probability volume.

As the training network only incorporates local information, numerous false
positives appear outside lung parenchyma. To address this, we employ lung
segmentation algorithms to filter out false positives beyond lung regions, a com-
mon preprocessing step in lung-related medical image analysis. Through this
candidate detection algorithm, we obtain all suspected nodules with their 3D
locations, diameters, and nodule attribute probability distributions.

1.2 Attention-based Multi-scale Nodule Classification Network

After obtaining candidate nodules, this stage aims to accurately distinguish true
nodules from false positives. We designed a multi-scale binary classification net-
work based on 3D convolutional neural networks and residual modules. Resid-
ual networks address performance degradation in deep networks, demonstrating
powerful capabilities across various image tasks. Incorporating residual modules
(y = ℱ(x, {𝑊𝑖}) + x, where x and y are module input and output, and ℱ is
a nonlinear transformation comprising convolution, batch normalization (BN),
and ReLU) in the classification network facilitates error backpropagation and
enhances network expressiveness, aiding model optimization. The local branch
structure is shown in Figure 2 [Figure 2: see original paper].

This stage typically extracts fixed-size 3D patches centered at candidate nodule
centroids for binary classification, where candidates with prediction probabili-
ties exceeding a threshold are considered detected nodules. Standard approaches
face two issues: First, single-scale patches cannot represent nodules of varying
sizes. Correct classification requires patches to contain not only the nodule
itself but also surrounding parenchymal context, which is crucial for accurate
classification. However, due to wide nodule size variations, large nodules require
larger patches to encompass complete information and sufficient context, while
small nodules in oversized patches would have disproportionately small nodule-
to-background ratios. Second, using only image patches as input loses annota-
tion information including nodule location and relative size within the patch,
which is vital for classification. If each voxel in the input patch were weighted,
those near the nodule center should receive higher weights with influence de-
creasing with distance. To address these issues, we designed an attention-based
multi-scale network architecture.

Different image regions contribute unequally to classification. Visual attention
mechanisms identify discriminative regions, which in our case are directly ob-
tainable with the attention center being the nodule centroid. During training,
positive sample centroids and diameters are obtained from annotations, while
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negative samples come from hard example screening by the candidate detec-
tion network, yielding false positive centroids and diameters. During testing,
candidate nodule 3D locations and diameters are similarly obtained from the
detection network.

Given a 3D image patch (𝑋, 𝑌 , 𝐿), where 𝐿 represents true or false nodule
information (𝑥, 𝑦, 𝑧, 𝑑), the network’s hidden layer contains two parallel inde-
pendent branches. The local branch extracts a local attention region centered
at the nodule centroid with size twice the nodule diameter, resampling it to a
fixed size. The global branch uses the complete image patch as input. The two
branch structures are shown in Figure 2 (global branch configurations in paren-
theses, others identical to local branch), producing binary probability distribu-
tions 𝑝( ̂𝑌 |𝑋, 𝑊𝑔𝑙𝑜𝑏𝑎𝑙) and 𝑝( ̂𝑌 |𝑋, 𝐿, 𝑊𝑙𝑜𝑐) based on global and local patches
respectively. The final network output combines these distributions through
weighted combination:

𝑝( ̂𝑌 = 1|𝑋, 𝐿, 𝑊𝑔𝑙𝑜𝑏𝑎𝑙, 𝑊𝑙𝑜𝑐) = 𝛼⋅𝑝( ̂𝑌 = 1|𝑋, 𝑊𝑔𝑙𝑜𝑏𝑎𝑙)+(1−𝛼)⋅𝑝( ̂𝑌 = 1|𝑋, 𝐿, 𝑊𝑙𝑜𝑐)

The weight 𝛼 is learned from a hidden layer fed by the two branches’Softmax
outputs (Figure 1), enabling flexible weighting based on each branch’s discrim-
inative power. The classification network loss function is:

𝐿 = − 1
𝑁

𝑁
∑
𝑖=1

log 𝑝(𝑌𝑖|𝑋𝑖, 𝑊𝑔𝑙𝑜𝑏𝑎𝑙, 𝑊𝑙𝑜𝑐) + 𝜆(‖𝑊𝑔𝑙𝑜𝑏𝑎𝑙‖2
2 + ‖𝑊𝑙𝑜𝑐‖2

2)

where the first term is nodule classification loss defined by log-likelihood, and
the second term is regularization. To prevent overfitting, 𝜆 is a weight decay
parameter controlling model complexity’s influence on the loss.

2 Experimental Design and Results Analysis
We validated the algorithm on the large-scale public dataset LUNA16 [21], de-
rived from the LIDC-IDRI database through expert screening and annotation.
LUNA16 contains 888 low-dose CT scans with annotations of nodule center lo-
cations and diameters. For experiments, LUNA16 was randomly divided into 10
subsets for cross-validation. Evaluation metrics include sensitivity and average
false positives per scan (FPs/scan). The LUNA16 challenge also uses Compe-
tition Performance Metric (CPM) [21], which measures average sensitivity at
different FPs/scan levels (1/8, 1/4, 1/2, 1, 2, 4, 8). For the entire system, a
detection is considered correct if it falls within the radius of a true nodule.
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2.1 Implementation Details

Since CT scans may originate from different devices with varying slice thick-
nesses, we first resampled all data to 1mm×1mm×1mm for consistency. To
increase sample diversity, we performed data augmentation on positive samples
including random translation [-8,8] voxels in xyz directions, flipping, random
scaling [0.9,1.1], and random rotation [-180°,180°]. These parameters were set
to keep nodules within a 30×30×30 cube around the original centroid. Train-
ing block size for candidate detection was 56×56×56, while classification stage
input blocks were 60×60×30 with local patches of 20×20×20.

Networks were optimized using stochastic gradient descent. Pre-trained 3D
U-net weights were randomly initialized from Gaussian distribution 𝒩(0, 0.01)
with initial learning rate 0.001. The joint fine-tuning network used initial learn-
ing rate 0.0001 with 1:1 positive-negative sample ratio. Hard example mining
threshold and extreme value detection threshold were both set to 0.8. Nodule
classification network parameters were randomly initialized following [17]. The
regularization parameter 𝜆 was set to 1e-4. Our algorithm was implemented
using Theano in the Lasagne deep learning framework on an Nvidia Titan X
GPU.

2.2 Results

2.2.1 Candidate Nodule Detection Results To validate the proposed can-
didate detection algorithm, we designed three comparative experiments using
the same simplified 3D U-net architecture. First, we trained models with cross-
entropy loss and Dice loss respectively. Results in Table 1 show that Dice loss
significantly improves candidate detection sensitivity compared to cross-entropy,
indicating better detection of suspicious nodules albeit with increased false pos-
itives. Furthermore, incorporating hard example mining and joint fine-tuning:
the dataset contained 551,065 negative samples, of which 35,118 (6.4%) contain-
ing false positive nodules were identified as hard examples through screening.
Joint fine-tuning with positive samples yielded the final detection model. Table
1 shows this mechanism reduced false positive detection rate from 86.9 to 59.1
FPs/scan while maintaining high sensitivity, demonstrating enhanced discrim-
ination between true and false positives. To further demonstrate the necessity
of hard example screening and pre-training, we trained a network directly with
mixed loss on unscreened positive-negative samples. Results show this approach
yields lower discriminative capability and sensitivity compared to our proposed
algorithm.

Table 1 Candidate nodule detection comparison results

Method Sensitivity FPs/scan
Cross-entropy loss 82.86% 59.1
Dice loss 97.14% 86.9
Mixed loss (proposed) 95.23% 59.1

chinarxiv.org/items/chinaxiv-201805.00471 Machine Translation

https://chinarxiv.org/items/chinaxiv-201805.00471


Method Sensitivity FPs/scan
Proposed algorithm 97.18% 59.1

2.2.2 Nodule Classification Results For the nodule classification stage,
to validate the effectiveness of residual modules and multi-scale architecture,
we implemented three network structures: conventional convolutional classifica-
tion network, convolutional network with residual modules, and attention-based
multi-scale residual classification network. Performance was quantitatively an-
alyzed using Free-response Receiver Operating Characteristic (FROC) curves
and CPM. FROC curves intuitively reflect system sensitivity at different false
positive rates, with results shown in Figure 3 [Figure 3: see original paper].
The CPM values for the three networks were 0.832, 0.848, and 0.880 respec-
tively, demonstrating that residual modules aid model optimization and im-
prove performance, while the attention-based multi-scale structure effectively
utilizes candidate nodule location and diameter information to further enhance
discriminative capability, validating the multi-scale architecture’s effectiveness.

Figure 3 also compares our algorithm with existing pulmonary nodule detec-
tion methods [15][17]. The multi-scale residual network achieves the best per-
formance. In the proposed multi-scale classification algorithm, the weight for
combining two branch predictions is learned through a set of weight parameters.
To validate this self-learned weighting, we conducted comparative experiments
with fixed weights 𝛼 ∈ {0.1, 0.3, 0.5, 0.7, 0.9}, with CPM results shown in Figure
4 [Figure 4: see original paper]. Fixed extreme weights underutilize one branch,
yielding suboptimal performance. Balanced fusion ratios better leverage both
branches, achieving optimal performance. The proposed algorithm’s average
sensitivity of 0.880 surpasses all fixed-weight variants, demonstrating its ability
to adaptively select weights based on each branch’s representational capacity,
thereby more effectively utilizing both information sources.

3 Conclusion
This paper proposes an improved method for automated pulmonary nodule
detection from CT images. The approach first employs an improved U-net with
hard example mining and joint fine-tuning for candidate detection, achieving
high sensitivity while reducing false positive rates. An attention-based multi-
scale residual network then classifies candidates, leveraging nodule position and
size information while addressing large scale variations. Experimental results
on LUNA16 validate the improved algorithm’s effectiveness and demonstrate
superior performance compared to existing methods. Our method addresses
two common problems in medical image analysis: class imbalance and large
scale variations, achieving better results. Future work will apply these methods
to more medical imaging domains, exploring optimal methods and strategies
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tailored to specific problems.
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