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With advancements in technology, lung nodule detection has significantly improved in both speed and 
accuracy. However, challenges remain in deploying these methods in complex real-world scenarios. 
This paper introduces an enhanced lung nodule detection algorithm base on RT-DETR, called LN-DETR. 
First, we designed a Deep and Shallow Detail Fusion layer that effectively fuses cross-scale features 
from both shallow and deep layers. Second, we optimized the computational load of the backbone 
network, effectively reducing the overall scale of the model. Finally, an efficient downsampling 
is designed to enhance the detection of lung nodules by re-weighting contextual information. 
Experiments conducted on the public LUNA16 dataset demonstrate that the proposed method, with 
a reduced number of parameters and computational overhead, achieves 83.7% mAP@0.5 and 36.3% 
mAP@0.5:0.95, outperforming RT-DETR in both model size and accuracy. These results highlight the 
superior detection accuracy of the proposed network while maintaining computational efficiency.
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Lung cancer is one of the malignant tumors with the fastest growing incidence and mortality rates, and it is also 
the leading cause of cancer-related deaths1,2. Due to the unique characteristics of lung cancer, most patients 
are diagnosed at an advanced stage, resulting in a five-year survival rate of only 10–20% in many countries3. 
However, if the relevant lesions are detected early and treated promptly, the survival rate can exceed 50%4. 
Lung nodules are one of the early signs of lung cancer, making early screening and diagnosis of lung nodules 
crucial. Computed tomography (CT) has been widelyused in medical diagnosis to obtain interior information of 
patients5. CT has a very high density resolution and is considered one of the most mature and effective imaging 
techniques for screening tasks. In recent years, with the widespread application of CT screening6, the number of 
CT images has increased exponentially, which has placed significant pressure on radiologists and increased the 
risk of misdiagnosis due to subjectivity and fatigue.

In traditional diagnostic methods, radiologists need to combine personal experience with CT images to make 
a diagnosis, which is a cumbersome process. In recent years, with the rise of artificial intelligence, intelligent lung 
nodule detection methods have greatly facilitated the diagnostic work of radiologists. However, the detection of 
lung nodules poses various difficulties and challenges. Numerous studies have explored different methods and 
techniques to overcome these challenges, focusing primarily on the following aspects: Lung nodules vary in 
size, and small nodules are particularly difficult to distinguish from the background because they have similar 
texture features and occupy a very small portion of the image, making them easy to overlook7,8. Moreover, the 
limitations of traditional detection algorithms result in poor generalization ability, making them unsuitable for 
complex datasets9. The shape and edges of nodules are complex, including solid nodules, part-solid nodules, 
and ground-glass nodules, among others, which makes it challenging for detection models to capture all types 
of nodule features10. Since the density of lung nodules is similar to that of surrounding normal tissues, especially 
for less obvious nodules like ground-glass nodules, the contrast between the nodule and surrounding tissue is 
low, leading to a higher likelihood of missed detections by the model11.

The complex image background in lung nodule detection tasks can severely affect the model’s training 
efficiency. For example, lung nodules are often embedded in the complex anatomical structures of CT scans, 
such as blood vessels, alveoli, and lung textures. These background regions may have similar density and 
morphological features, leading to the extraction of distracting features that interfere with the model’s learning. 
Additionally, the significant structural differences in the lungs of different patients, as well as the varying degrees 
of background texture disruption caused by different types of lung diseases, can further hinder the model’s 
feature learning.
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The advent of deep convolutional neural networks (CNN) has, to some extent, ameliorated these issues, 
owing to their exceptional performance in capturing local features. This enables CNN to learn from induced 
biases and be robust against translation variances12. However, CNN have a bias due to the nature of local feature 
extraction13. Besides, their capacity to retain feature dependencies is compromised due to the progressive 
expansion of their visual field across layers14. The emergence of Detection Transformer(DETR), which adept 
at map long-range dependencies between features, has effectively addressed this issue15. Its advantage lies in its 
ability to transform the detection problem into an unordered sequence output problem, turning traditional dense 
detection into sparse detection16. Besides, DETR typically possess more parameters than CNN, enabling them 
to outperform in complex images. However, in lung nodule detection, DETR still exhibits certain shortcomings, 
such as insufficient sensitivity for detecting lung nodules, and high computational costs, which limit its real-time 
application and may result in false positives or false negatives in complex backgrounds. Moreover, such networks 
consume relatively large amounts of GPU resources, increasing hardware costs. Therefore, lung nodule detection 
in complex scenarios requires more efficient and accurate solutions.

In summary, to address the issues of insensitivity to small lung nodules and overall low detection accuracy, 
this paper proposes LN-DETR (Lung Nodule DETR), a model based on RT-DETR, designed for high-precision 
detection of lung nodules in CT images with complex backgrounds. The main contributions of this study are as 
follows:

•	 A feature extraction module, FasterBlock, is proposed to improve the backbone network, increasing the net-
work’s feature extraction capability and detection accuracy while reducing floating-point computations and 
the number of parameters;

•	 A Deep and Shallow Detail Fusion (DSDF) module is introduced to effectively enhance the network’s ability 
to aggregate cross-scale feature from both shallow and deep features, improving detection accuracy;

•	 A Joint Context Feature (JCF) module is proposed to improve the network’s downsampling function. This 
module uses global contextual semantic information to re-weight the joint features intelligently across chan-
nels, emphasizing useful components and suppressing irrelevant ones, thereby improving detection accuracy 
during the downsampling process.

Related work
The early detection and accurate classification of lung nodules play a crucial role in improving patient prognosis 
and survival rates17. However, accurate detection and classification of these nodules are often challenging due 
to their varying sizes, shapes, and densities, as well as the complex background of lung structures in computed 
tomography (CT) scans. These factors significantly increase the difficulty of detection, prompting many studies 
to explore various methods and techniques18.

In this section, we summarize the research on lung nodule detection. We primarily focus on common 
methods in lung nodule detection tasks:

Methods based on CNN in lung nodule detection
CNN learn feature representations directly from data, eliminating the need for manual feature extraction. 
This development substantially enhanced the accuracy and efficiency of detection19. As a result, CNN play 
a crucial role in medical image processing due to their excellent performance20. For predicting lung cancer, 
Yu Gu et al.11, developed a novel technique to assist the radiologist to detect Lung nodule using multi-scale 
prediction strategy combined with 3D deep convolution neural network thereby provides a second opinion to 
the radiologist on efficient detection if-nodule-which is an important step for effective diagnosis of Lung Cancer. 
And when compared with 2 Dimensional-convolution-neuralnetwork 3 Dimensional-Convolution-neural-
network utilizes rich spatial contextual information and results in generating more discriminative features. The 
proposed technique is tested on 889 thin slice CT scans with 1187-nodules. The sensitivity of the techniques 
reached 87.94%. However, due to the structural limitations of the 3 Dimensional-Convolution-neural-network, 
the training time is long, which significantly affects detection efficiency. Liu et al.21 applied an improved drip 
segmentation algorithm to preprocess CT images, filtering out irrelevant information and obtaining enhanced 
lung parenchyma images with better visualization. Subsequently, they adjusted the structure and optimized the 
parameters of the YOLOv422 model to improve its performance in lung nodule detection. The results indicate 
that while the model’s accuracy is relatively low at only 80.1%, it demonstrates significantly faster processing 
speed compared to other networks, achieving 47.6 frames per second (FPS). Wang et al.10, leveraging the basic 
symmetric U-shaped architecture of U-Net, redesigned two new U-shaped deep learning (U-DL) models that 
were expanded to six levels of convolutional layers. After that, an ensemble layer was used to combine the two 
U-DL models into the H-DL model. The results indicated that the H-DL model could achieve segmentation 
accuracy comparable to radiologists’segmentation for nodules with wide ranges of image characteristics. 
However, its training dataset only includes nodules ranging from 7 to 45 mm in size, resulting in poor detection 
performance for nodules smaller than 7 mm. Despite the significant success of CNN in lung nodule detection, 
but they each have their own limitations: the training time is long, the ability to detect small targets is weak , low 
overall detection accuracy.

Methods based on transformer architecture in lung nodule detection
The Transformer, originally developed for Natural Language Processing (NLP), has been successfully adapted 
for object detection tasks through the DETR framework23. This architecture employs a sophisticated attention 
mechanism for image processing, which is systematically organized into three distinct stages: the patch embedding 
layer, encoder, and decoder components24,25. DETR represents a groundbreaking application of Transformer 
architecture in the domain of lung nodule detection. Although it still maintains the utilization of CNN in its 
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backbone network to extract image features, its core innovation lies in leveraging the Transformer architecture 
to process feature maps, thereby enabling end-to-end object detection. The emergence of DETR is considered 
an alternative method of performing object detection tasks other than CNN26. However, due to the structural 
characteristics of DETR, this kind of method still face significant drawbacks, including high computational 
resource consumption and relatively poor detection capabilities for small targets. RT-DETR27 optimizes these 
issues by introducing improvements such as a design without NMS and two-layer attention mechanisms, 
reducing processing latency and enhancing the detection ability for objects of varying sizes, particularly small 
targets. However, the accuracy of lung nodule detection in complex CT images remains unsatisfactory.

In conclusion, these common lung nodule detection methods share some common disadvantages: First, 
the sensitivity to lung nodules is insufficient, resulting in low overall detection accuracy. Second, the ability 
to detect small targets is weak, which leads to unsatisfactory performance in the lung nodule detection task. 
Therefore, this study aims to address these two issues in order to improve the model’s performance in lung 
nodule detection. Additionally, although Transformer models have shown excellent performance, there is 
limited research applying them to lung nodule detection tasks. Consequently, in this research, RT-DETR was 
selected as the baseline for further investigation.

Methods
Overview
The structure of the LN-DETR algorithm is shown in Fig. 1. The algorithm consists of three main components: 
backbon, neck, and head. First, the lightweight FasterBlock is used to extract features from lung nodule images, 
obtaining three feature layers at different levels-shallow, mid, and deep-that contain rich semantic information. 
These three output feature layers are then fed into the neck network. Second, the neck network processes the 
feature layers, transforming them into utilizable information. The neck network consists of the AIFI(Attention-
based Intra-scale Feature Interaction) and a feature fusion network. The AIFI encodes the high-level features, 
capturing more semantic information while significantly reducing computational load and improving 
processing speed without compromising model performance27. The feature fusion network uses the DSDF and 
JCF to perform semantic information filtering and feature fusion along two paths-bottom-up and top-down-
converting multi-scale features into feature maps at different resolution ratio-high, medium, and low. image 
features. Finally, the head network performs decoding operations on the feature maps of varying resolution 
ratio, where the IoU-aware query and auxiliary prediction heads are used to iteratively optimize and generate 
predicted bounding boxes.

Light-weight FasterBlock module
The backbone network of RT-DETR has a large computational load and high hardware requirements. 
Additionally, due to the specificity of lung nodule images, there is a certain sensitivity requirement for small 
targets in the feature extraction network. To further improve the model’s feature extraction capability, this paper 
proposes the FasterBlock module to replace the original feature extraction module in the network. Figure 2 
shows the structure of the FasterBlock module. This module draws extensively from the design principles of 
FasterNet28, particularly the use of Partial Convolution (PConv), which effectively reduces memory access 
and computational redundancy(details of the experiments can be found in Table  3). To enhance the feature 
extraction network’s detection performance for lung nodules, this paper adds a 3x3 convolution layer before the 
PConv, forming a dual-path residual block structure with subsequent convolution layers. This structure aims to 
create a more comprehensive feature representation, improving the sensitivity and recognition performance for 
lung nodules while further reducing information loss during the feature extraction process.

The core of the FasterBlock structure lies in the basic operator PConv. Figure  2 shows a comparison 
between this operator and convolution. PConv leverages the redundancy in the feature map by performing 
convolution operations on only part of the channels, while keeping some input channels unchanged. During 
memory access, only the first or last consecutive channels are considered as representatives of the entire feature 
map for computation. Additionally, PConv preserves part of the original features of the input image within 
the feature map, providing richer semantic information for high-level feature fusion in the subsequent feature 
fusion network. Without compromising generality, the input and output feature maps have the same number 
of channels. Therefore, the floating-point operations and memory access volume of PConv can be expressed by 
Eqs. (1) and (2):

	 h ∗ w ∗ k2 ∗ c2
p,� (1)

	 h ∗ w ∗ 2cp + k2 ∗ c2
p ≈ h ∗ w ∗ 2cp.� (2)

Taking a typical local ratio as an example, when r = cp/c = 1/4, the FLOPs of PConv are only 1/16 of those 
of a standard convolution, and PConv also has a smaller memory access volume, being only 1/4 of the memory 
access volume of a standard convolution with r = 1/4.

To fully and effectively utilize the semantic information extracted by PConv, two pointwise convolutions 
(PwConv) are added after PConv, forming an inverted residual block. This design leverages redundancy between 
filters to further reduce floating-point operations (FLOPs), thereby improving the computational speed of the 
feature extraction network. In addition to the above operations, normalization and activation layers are also 
essential for high-performance neural networks. However, excessive use of such layers in the network can limit 
the diversity of features, thereby reducing the performance of feature extraction and slowing down the overall 
computation speed of the network. Therefore, these layers are only placed after the Conv and the first PwConv, 
maintaining feature diversity while achieving faster computation. In this paper, batch normalization (BN) and 
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ReLU are used as the normalization and activation layers. The advantage of these layers is that they can be 
merged with adjacent convolution layers, enabling faster inference.

Deep and shallow detail fusion module
As an essential component of the hybrid encoder, the design of the feature fusion module is of paramount 
importance. In this regard, this paper investigates and conducts experiments on other feature fusion 
modules(details of the experiments can be found in Table 4). It was found that most of these modules focus 
on shallow image features and do not efficiently utilize deep image features. Moreover, they do not specifically 
optimize for lung nodules.

In the task of lung nodule detection in images, small object detection accounts for a significant proportion. 
Small objects refer to target objects that occupy a relatively small area in the image, and their size is usually 
insufficient to provide enough feature information, making accurate detection difficult. After feature extraction 
by the backbone network’s convolution modules, shallow image features have high resolution, containing more 
detailed information but less semantic content and more noise. In contrast, deep image features contain stronger 
semantic information but lack fine details. The design of the feature fusion module aims to better utilize the 
features extracted by the backbone network by reprocessing and reasonably using features from different stages. 
To enhance the model’s perception of lung nodules, the feature fusion network in the RT-DETR hybrid encoder 

Figure 1.  The structure of the LN-DETR. The yellow parts represent the modules from the baseline, RT-
DETR, while the blue parts represent the proposed modules.
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is improved. This paper designs a fusion module, DSDF, that can merge both shallow and deep detail features 
and introduces it into the network to add an additional feature fusion layer for lung nodules. Its structure is 
shown in Fig. 3.

The DSDF module consists of three main components:
The first step is to further extract feature information from the image using group convolution29 and 

channel transformation techniques30, resulting in the extracted deep image features. First, group convolution is 
utilized for its small parameter size and computational load, as well as its ability to prevent overfitting, ensuring 
robustness and generalization during the feature extraction process. Then, channel transformation is applied 
to facilitate the exchange of feature information within groups. The feature extraction process is shown in Eqs. 
(3) and (4), where Fi represents the input feature information, F i

d represents the deep feature information, ⊕ 
denotes element-wise summation, P wConv2 represents 2 consecutive pointwise convolutions, Cat represents 
concatenation along the channel dimension, and CS and GConv denote channel transformation and group 
convolution, respectively.

	 Fc = Cat(CS(GConv(Conv(Fi))), Conv(Fi)), � (3)

	 F i
d = Fc ⊕ P wConv2(Fc), � (4)

The second step is to further enhance the detection of lung nodules by strengthening the shallow and deep image 
features. In the channel dimension, the deep image features are concatenated with the shallow image features 
obtained from the backbone network. These concatenated features are then passed into a channel attention 
module consisting of convolution and pooling operations to generate attention weights. These weights are then 
applied to the original features via element-wise multiplication, and the resulting features are added to the original 
features from another branch to enhance their information representation ability31. The feature enhancement 
process is shown in Eqs. (5) and (6), where F̂ i

d and F̂ i
s  represent the enhanced features, ⊗ denotes element-wise 

multiplication, F i
s  represents the shallow image features, and δ and G represent the sigmoid function and global 

average pooling layer, respectively.

	 F̂ i
d =F i

d ⊕ (Conv(F i
s) ⊗ δ(P wConv2(GAP (Cat(F i

d, Conv(F i
s)))))), � (5)

	 F̂ i
s =Conv(F i

s) ⊕ (F i
d ⊗ δ(P wConv2(GAP (Cat(F i

d, Conv(F i
s)))))), � (6)

The third step is to concatenate the enhanced shallow and deep image features along the channel dimension and 
input them into parallel channel attention modules and spatial attention modules for the final weight fusion. 
The weight fusion process can be expressed by Eqs. (7), (8), and (9), where Ai

C  and Ai
S  represent the channel 

attention and spatial attention, W i resprent the final fusion weights:

Figure 2.  The structure of the FasterBlock. In the architecture diagram, the yellow parts originate from the 
original FasterNet like pointwise convolutions, while the blue parts represent the proposed modules. These 
modules further enhance its feature extraction capability for lung nodules.
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	 Ai
C =P wConv2(GAP (P wConv(Cat(F̂ i

d, F̂ i
s)))), � (7)

	 Ai
S =P wConv2(P wConv(Cat(F̂ i

d, F̂ i
s))), � (8)

	 W i =δ (Ai
C ⊗ Ai

S), � (9)

Since shallow and deep features are complementary, the weight of one feature can be represented as W i, and the 
weight of the other feature can be represented as 1 − W i. Therefore, the feature fusion process can be expressed 
by Eq. (10):

	 F i
fu = (W i ⊗ F̂ i

d) ⊕ ((1 − W i) ⊗ F̂ i
s).� (10)

The DSDF module, while balancing model complexity and performance, enhances the utilization of shallow 
image features obtained from the backbone network. It enables complementary interactions between abstract 
feature information at different levels, providing the model with feature inputs that are both comprehensive and 
accurate for subsequent tasks.

Joint context feature module
Downsampling reduces the resolution of feature maps, shrinking the spatial dimensions of the input image. For 
small targets such as lung nodules, their features are prone to being overly compressed during the downsampling 
process, leading to partial loss of information. Given the limited number of pixels representing lung nodules, 
multiple rounds of downsampling may leave only a minimal number of feature points, making it difficult for the 
model to accurately recognize the nodules.

The downsampling module in RT-DETR employs computationally efficient 3×3 convolutional blocks, which 
effectively reduce the number of model parameters and improve computational efficiency while maintaining a 
certain level of detection accuracy. However, its performance in lung nodule detection tasks remains suboptimal 
(details in Table  5). To address this, the Joint Context Feature (JCF) module is introduced to enhance the 
network’s downsampling capabilities. We designed the JCF module to mimic the human visual system by 
leveraging surrounding contextual information to enhance detection. As illustrated in Fig. 4a, if the human visual 
system tries to locate the red region by focusing solely on the target itself, it becomes challenging because the 
target occupies only a small portion of the overall area. In Fig. 4b, defining the white region as the surrounding 
environment of the red box and utilizing information from the white box makes it easier to detect the target. 
For Fig. 4c, incorporating information from the entire scene (green box) in conjunction with the red and white 
regions further reduces the difficulty of target detection.

Figure 3.  The structure of the DSDF. Deep-level image features are extracted and then feature enhancement is 
applied to both deep and shallow image features. Finally, weight fusion of the deep and shallow image features 
is performed.
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Building on the above concept, the JCF is introduced in the downsampling process to leverage contextual 
information for effective lung nodule detection. Initially, the dimensions of the feature map are reduced by a 
3x3 convolutional block with a stride of 2. Second, conventional convolution is used to learn local features from 
the 8 neighboring feature vectors of the target. Since dilated convolution (DConv) possesses a relatively larger 
receptive field, it can effectively learn contextual information surrounding the target32. These two parts of features 
are then fused to obtain joint features. We simply design the feature fusion as a concatenation layer followed by 
the Batch Normalization(BN) and the Rectified Linear Unit(ReLU). Subsequently, we employ a bottleneck layer 
to compress the dimensions of the fused features, extracting the most representative information. In the next 
step, a global context feature extractor is constructed using global average pooling (GAP) and fully connected 
layers. This extractor multiplies the joint features element-wise within a residual block to re-weight them, 
enhance the weights of target features while suppressing the weights of other information, further optimizing the 
joint features. Finally, the input is concatenated with the optimized joint features for a global residual learning 
process, which mitigates the gradient vanishing issue caused by the element-wise multiplication residual block. 
The structure of the JCF module is illustrated in Fig. 5. The process is shown in Eqs. (11), (12) and (13), where 
Fi represents the input feature information, Fdown represents the feature map after its dimensions have been 
reduced, Fjoi represents joint features, Fo represents the output feature information, DConv represents dilated 
convolution, Cat represents concatenation along the channel dimension, ⊕ denotes element-wise summation, 
⊗ denotes element-wise multiplication, GAP represents the global average pooling layer, F̌ C  and F̂ C  represent 
the fully connected layers that reduce and restore the dimensionality of the features, respectively.

Figure 5.  The structure of the JCF. JCF employs different convolutional modules to extract local and 
surrounding features, followed by fully connected layers to capture global features. Finally, a residual block 
with element-wise multiplication re-weights these features, enhancing lung nodule detection.

 

Figure 4.  The illustration of target detection by leveraging surrounding contextual information. The JCF 
module mimics the human visual system by leveraging surrounding contextual information to enhance 
detection.
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	 Fdown =Conv3x3(Fi), � (11)

	 Fjoi =Conv1x1(Cat(Conv3x3(Fdown), DConv(Fdown))), � (12)

	 Fo =F̂ C(F̌ C(GAP (Fjoi))) ⊗ Fjoi ⊕ Fdown. � (13)

Results
Datasets introduction
Medical imaging datasets in the field of lung nodule detection are extremely scarce. This study utilizes the Lung 
Nodule Analysis 16(LUNA16) dataset for evaluation. The dataset originates from the Lung Image Database 
Consortium (LIDC-IDRI), which comprises 1,018 low-dose lung CT scans and is currently the largest and most 
widely used public dataset in this domain. LUNA16 is a subset of LIDC-IDRI. It is constructed by removing CT 
scans with a slice thickness greater than 3 mm and lung nodules smaller than 3 mm from LIDC-IDRI, resulting 
in 888 low-dose lung CT scans in MHD format.

Each CT scan in the LUNA16 dataset includes a series of axial slices of the thorax, with the number of 
slices varying depending on the scanning equipment, slice thickness, and individual patients. Since the CT 
images in LUNA16 cannot be directly used for training neural networks, this study preprocesses the original 
dataset by converting it into PNG format. Subsequently, a deep learning-based method is employed to segment 
the lung parenchyma in the PNG images, excluding surrounding bones and muscles to minimize interference 
and enhance detection accuracy and recognition rates. Examples of the PNG images and their segmented 
counterparts are shown in Fig. 6.

For deep learning, more training data generally enhances model detection performance. However, large and 
diverse medical image datasets are rare33, making data augmentation necessary. In this study, 1,186 lung nodule 
images were expanded to 3,813 images through operations such as flipping, cropping, mirroring, rotating, and 
noise addition. Subsequently, 70% of the images were randomly selected as the training set, 10% as the validation 
set, and 20% as the test set28.

Experimental settings
This study utilized an Intel Xeon CPU E5-2650 v3 2.30GHz as the CPU processor, with 16GB of RAM, a 1TB 
hard drive, and an RTX 3060 GPU with 12GB of memory, running on the Windows 10 operating system. The 
network was implemented using PyTorch, with GPU acceleration provided by CUDA v11.8 and CuDNN v8.9. 
The training parameters were set as follows: a batch size of 8, an initial learning rate of 0.0001, a final learning 
rate of 1.0, momentum of 0.9, and 300 epochs. No pre-trained weights were used during training.

Evaluation metrics
In this study, the experimental results were evaluated using the following metrics: Precision (P), Recall (R), 
mean Average Precision at Intersection over Union (IoU) is 0.5 (mAP@.5), mean Average Precision at IoU 
from 0.5 to 0.95 with a step size of 0.05(mAP@.5:.95), total number of parameters, Floating-point Operations 

Figure 6.  Original images and segmented images.
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(FLOPs), and Frames Per Second (FPS). Among these, IoU is the ratio of the intersection area to the union 
area between a predicted bounding box and a ground truth bounding box. mAP@.5 and mAP@.5:.95 signify 
detection capabilities across various IoU thresholds34. The number of parameters reflects the size and complexity 
of the model, while FLOPs represent the computational cost, both of which are used to assess the complexity of 
the network. FPS is used to measure the detection speed of the network. The formulas for the remaining metrics 
are as follows:

	 P =T P/(T P + F P ), � (14)

	 R =T P/(T P + F N), � (15)

	
AP =

∫ 1

0
P (R)dR, � (16)

	
mAP = 1

n

n∑
i=1

AP i, � (17)

	
IoU =AIntersection

AUnion
. � (18)

True Positive (TP) represents the number of lung nodule correctly detected, False Positive (FP) represents the 
number of incorrectly detected lung nodule, and False Negative (FN) represents the number of missed defects. 
n is the number of defect categories. In the LUNA16 dataset, n is set to 1. AIntersection is the intersection area 
between a predicted bounding box and a ground truth bounding box. AUnion is the union area.

Comparison with state-of-the-arts
To further validate the superiority of the LN-DETR network proposed in this paper, a series of comparative 
experiments were conducted between various mainstream object detection networks and LN-DETR. All 
experiments were performed under the same hardware, software, and parameter settings, using the same dataset. 
The results are shown in Table 1.

The YOLO series models are well-known for their high accuracy and fast speed. However, as shown in 
the experimental results in Table 1, LN-DETR does not show a significant difference in parameter count and 
computational load compared to YOLO, while demonstrating a clear advantage in detection accuracy. The 
mAP@0.5 and mAP@0.5:0.95 of the LN-DETR is 5.3% and 3.6% higher than the latest YOLOv9.

We compared LN-DETR with LSKNet, which is capable of dynamically adjusting the receptive field, PKINet 
that employs parallel depth-wise convolution kernels to capture dense texture features, DEANet that utilizes 
detail-enhanced attention blocks to bolster the model’s feature learning capabilities, and ConvNeXt, a CNN 
model inspired by the Transformer architecture. The LN-DETR surpasses the aforementioned algorithms across 
all four metrics: Precision, Recall, mAP@0.5, mAP@0.5:0.95. Among them, LN-DETR outperforms the other 
algorithms in metric mAP@0.5 by 8.1%, 6.6%, 4.2% and 3.9%, respectively. This performance meets the precision 
requirements of the lung nodule detection task. Additionally, this paper also replicated and compared recent 
improvements to Vision Transformer(ViT) and DETR networks by other researchers. Although these models 
have optimized and enhanced the model in various aspects, they have not specifically considered small object 
detection tasks like lung nodule detection. Compared to these models, LN-DETR still achieves satisfactory 
results. On metric mAP@0.5, it outperforms other models by at least 4% (CrossViT) and up to 6.4% (RT-DETR), 
demonstrating that the algorithm exhibits higher accuracy and reliability in the lung nodule detection task.

Modle Precision/% Recall/% mAP@0.5/% mAP@0.5:0.95/% Params/M FLOPs/G FPS

YOLOv5-m 70.3 72.0 70.0 29.2 21.2 49 75

YOLOv8-m 77.8 63.0 69.5 29.1 25.8 78.7 66

YOLOv9-m35 80.5 74.8 78.4 32.7 20 76.3 74

LSKNet36 79.6 75.4 75.6 34.3 31.0 90.7 54

PKINet-s37 82.3 71.8 77.1 33.8 30.8 90.7 66

DEANet38 82.1 75.2 79.5 34.8 20.4 59.2 64

ConvNeXt-t39 80.7 74.8 79.8 34.6 47.8 262 26

(ViT)DaViT-t40 83.1 76.7 78.2 34.4 38.5 244 23

(ViT)CrossViT41 83.8 75.6 79.7 35.5 44.9 56.6 57

(ViT)RMT-t42 79.6 76.1 79.2 35.7 23 199 20

(ViT)TransNeXt-t43 81.9 74.8 79.0 34.9 47.9 273 22

MFDS-DETR44 83.5 77.7 79.6 35.8 18.1 53.3 72

RT-DETR 82.2 74.2 77.3 33.4 19.97 57.3 71

LN-DETR(ours) 85.7 82.4 83.7 36.3 19.18 51.2 66

Table 1.  Result of comparative experiments.
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In terms of computational cost, the proposed algorithm also significantly outperforms other algorithms. 
It reduces FLOPs by 2.1G compared to MFDS-DETR, which has the lowest computational cost among the 
compared methods, and by 6.1G compared to the baseline model RT-DETR. This demonstrates the feasibility 
of the optimizations aimed at reducing computational burden. These optimizations enhance the model’s 
adaptability to devices with limited computational resources.

In conclusion, the experimental results demonstrate that the LN-DETR network proposed for lung nodule 
detection outperforms these improved networks on the LUNA16 dataset.

Ablation studies and module comparisons
Ablation studies
To verify the performance of each module, detailed ablation studies were conducted using the LUNA16 dataset. 
The RT-DETR model was used as the baseline, and experiments were carried out under the same environment 
and parameter settings. In each experiment, different modules were added to evaluate the impact of each module 
on detection performance. The specific results are shown in Table 2.

Experiment 1 demonstrates the performance of the RT-DETR algorithm in the lung nodule detection task, 
providing a reference for evaluating the effects of the improvements introduced by each module.

Experiments 2, 3, and 4 demonstrate the individual performance of each module within the RT-DETR 
network. Experiment 2 reconstructs the feature extraction module in the backbone network with FasterBlock. 
This module not only inherits the lightweight and fast advantages of FasterNet but also improves detection 
accuracy. Experiment 3 introduces the DSDF module to enhance the feature fusion layer for lung nodule 
detection. Compared to Experiment 1, DSDF significantly improves the mAP while keeping the model size 
almost unchanged, and also slightly boosts both Precision and Recall. This suggests that the module effectively 
utilizes the semantic information from both shallow and deep layers to enhance the model’s ability to detect 
lung nodules. Experiment 4 replaces the downsampling module with JCF, and the results show a significant 
improvement in detection accuracy, indicating that the module effectively addresses the issue of feature loss 
during downsampling, thereby improving precision.

Experiments 5, 6, and 7 demonstrate the combined performance of various modules within the RT-DETR 
network. Experiment 5 shows the results of combining FasterBlock with DSDF in RT-DETR. This combination 
leads to an overall improvement in detection accuracy, while simultaneously reducing both the parameter 
count and computational load. This demonstrates that DSDF effectively compensates for the detection accuracy 
limitations of FasterBlock by utilizing the features extracted from the backbone network. Experiment 6 examines 
the combination of FasterBlock and JCF. The results of this combination are slightly lower than those in 
Experiment 4, but still show an overall improvement compared to Experiment 1. This indicates that FasterBlock 
can work synergistically with JCF without causing any significant negative impact. Experiment 7 presents the 
combination of DSDF and JCF. Compared to Experiment 1, this combination shows a significant improvement 
in detection accuracy. However, it performs less favorably in terms of parameter count and computational load. 
In comparison to Experiment 4, the combination results in a noticeable reduction in these aspects. This suggests 
that DSDF and JCF complement each other well in detection tasks, while FasterBlock effectively balances the 
computational drawbacks of these two modules.

Experiment 8 represents the LN-DETR network proposed in this paper. It can be observed that this network 
integrates the advantages of each module, leveraging their strengths to compensate for weaknesses, significantly 
improving the network’s ability to detect lung nodule targets. Compared to Experiment 1, precision increased 
by 3.5%, recall improved by 8.2%, mAP@.5 rose by 6.4%, and mAP@.5:.95 enhanced by 2.9%. Additionally, both 
parameter count and computational load were slightly reduced. This demonstrates that the LN-DETR network 
achieves a good balance between detection accuracy and computational efficiency.

Module comparisons
To demonstrate the light-weight advantages of FasterBlock over the original feature extraction module, 
BasicBlock, and other feature extraction modules, this paper compares the computational load and the 
number of parameters of these modules. The comparison results are shown in Table  3. Compared to other 
modules, FasterBlock has significant advantages in both computational load and parameter count, indicating 
that FasterBlock has lower computational overhead during feature extraction, which can effectively reduce the 
overall size of the network.

Exp Model Precision/% Recall/% mAP@0.5/% mAP@0.5:0.95/% Params/M FLOPs/G FPS

1 RT-DETR 82.2 74.2 77.3 33.4 19.97 57.3 71

2 FasterBlock 82.7 73.9 78.9 34.7 16.89 49.8 75

3 DSDF 82.5 77.2 81.2 34.5 19.82 53.9 70

4 JCF 83.8 76.2 81.1 34.7 22.43 62.1 72

5 FasterBlock+DSDF 84.5 80.1 82.8 37.0 16.73 46.5 67

6 FasterBlock+JCF 85.1 72.9 80.7 34.1 19.34 54.6 70

7 DSDF+JCF 85.1 78.6 80.9 35.3 22.17 58.3 67

8 LN-DETR(ours) 85.7 82.4 83.7 36.3 19.18 51.2 66

Table 2.  Result of ablation studies.

 

Scientific Reports |        (2025) 15:15543 10| https://doi.org/10.1038/s41598-025-00309-7

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


To demonstrate the sensitivity to lung nodules, various feature fusion modules were applied to the lung 
nodule detection task, and the proposed DSDF module was compared with these modules without changing the 
other network structures. The experimental results are shown in Table 4.

Under the same architecture, the DSDF module achieved a 3.9% improvement in mAP@.5 and a 1.1% 
improvement in mAP@.5:.95 compared to the CCFM in the baseline module. Additionally, its Precision, Recall, 
and mAP were all higher than those of other modules. Although the mAP@.5:.95 indicator is not always the best, 
the gap is not significant. The comparative experimental results demonstrate that DSDF effectively enhances 
the network’s detection accuracy for lung nodules, while also validating the rationality of its structural design.

To validate the effectiveness of the proposed JCF module in the lung nodule detection task, the performance 
of replacing the downsampling module of the baseline model with other downsampling modules was tested. The 
experimental results are shown in Table 5.

The comparison of experimental results reveals that JCF, by effectively utilizing contextual information, 
significantly outperforms the baseline model in terms of detection accuracy, particularly achieving a 3.8% 
improvement in mAP@.5. Additionally, compared to other downsampling modules, JCF also demonstrated 
excellent performance. These results confirm the effectiveness of the JCF module in the lung nodule detection 
task.

Statistical analysis
We randomly selected 100 different images from the LUNA16 dataset (50 for RT-DETR and 50 for LN-DETR) 
as the source for statistical analysis. We collected the precisions of RT-DETR and LN-DETR on their respective 
assigned 50 images. Subsequently, an independent samples t-test was conducted to determine whether there 
were significant differences between the two sets of precisions. The results are shown in Table 6. Two key metrics 
are presented: p and Cohen’s d. The former indicates whether a significant difference exists, with a value less than 
0.01 indicating significance; the latter represents the magnitude of the difference, where a larger value indicates 
a greater difference. As shown in the table, there is not only a significant difference between RT-DETR and the 
proposed LN-DETR algorithm, but the magnitude of the difference is also substantial. Additionally, the average 
accuracy of LN-DETR is higher than that of RT-DETR, demonstrating that LN-DETR outperforms the original 
algorithm in practical detecting.

Qualitative results
Figure 7 shows a comparison of the detection results on the LUNA16 dataset between multiple models and LN-
DETR. Due to the small size of the targets, for easier observation, the images have been cropped. YOLOv9, as a 
general-purpose object detection model, exhibits insufficient adaptability in its anchor box design and feature 

Module Precision/% Recall/% mAP@.5/% mAP@.5:.95/%

Baseline 82.2 74.2 77.3 33.4

HaarWavelet51 75.7 73.2 74.2 32.9

WaveletPooling52 80.3 76.1 77.9 34.6

RobustFeature53 80.1 76.0 78.2 32.0

JCF(ours) 83.8 76.2 81.1 34.7

Table 5.  Comparison of downsampling modules.

 

Module Precision/% Recall/% mAP@.5/% mAP@.5:.95/%

CCFM(base) 82.2 74.2 77.3 33.4

ASSF47 81.1 73.9 76.3 34.8

CAFM48 80.2 73.9 76.2 33.9

CSFCN49 80.6 76.1 77.2 34.9

SlimNeck50 81.6 76.1 80.9 34.7

DSDF(ours) 82.5 77.2 81.2 34.5

Table 4.  Comparison of feature fusion modules.

 

Feature Extraction Module FLOPs/G Params/M

BasicBlock 7.82 15.2

StarBlock45 8.49 16.5

Conv3XCBlock46 10.36 20.2

FasterBlock(ours) 5.99 11.6

Table 3.  Comparison of Computational Overhead.
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pyramid structure for small targets such as pulmonary nodules (3-30 mm in size). Pulmonary nodules in CT 
images are characterized by low contrast and diverse appearances, and the single-stage detection architecture 
of the YOLO series tends to suffer from missed detections due to inadequate granularity in feature extraction. 
While RT-DETR achieves real-time performance by compressing computational overhead, this comes at the 
cost of sacrificing the ability to perform refined multi-scale feature fusion. It can be observed that the baseline 
model RT-DETR and YOLOv9, encountered issues such as missed detections, false positives, and lower accuracy 
during the lung nodule detection process, as they were not specifically optimized for lung nodule detection. 
Furthermore, the results of LN-DETR demonstrate that the proposed DSDF and JCF modules optimize the 
model’s feature fusion and downsampling architecture, significantly enhancing its detection sensitivity to 
pulmonary nodules. As a result, LN-DETR demonstrates excellent detection performance for lung nodules, 
outperforming other models in terms of both false positive rate and detection accuracy.

Figure 8 demonstrates the detection results of lung nodules by the proposed LN-DETR under varying levels 
of noise. In the experiments, different noise conditions were simulated by altering the standard deviation of 
Gaussian noise. The comparison reveals that the proposed algorithm is almost unaffected under noise conditions 
with a standard deviation(σ) of 25, with the accuracy loss fluctuating within a range of 0 to 4%. Under noise 
conditions with a σ of 50, the impact becomes more pronounced, with the maximum accuracy loss reaching 
13% and the minimum being only 2%. The comparison indicates that while the proposed algorithm is somewhat 
affected by noise, it also exhibits a certain degree of resistance, demonstrating its strong feature recognition 
capability and robustness.

The top and bottom rows of images in Fig. 9 respectively illustrate the heatmap focus results of the RT-DETR 
and the LN-DETR proposed in this paper. As can be observed from the figure, RT-DETR exhibits insufficient 
attention to certain pulmonary features. In contrast, LN-DETR demonstrates a higher degree of focus on key 
target regions and possesses a superior capability for capturing the characteristics of minute nodules within the 
lungs.

Conclusion
To address the challenges of small target size and low detection accuracy in lung nodule detection tasks, this paper 
proposes a lung nodule detection model, LN-DETR, based on RT-DETR. The model improves the backbone 
network using the FasterBlock module, enhancing feature extraction capabilities while reducing floating-point 
operations and the number of parameters. A deep and shallow feature fusion module is added to the feature fusion 
network to improve the network’s ability to aggregate cross-scale feature from both shallow and deep features. 
Additionally, the Contextual Joint Feature (JCF) module is employed to improve the detection performance for 
lung nodules by re-weighting the feature of target regions via local and global feature. Experimental results show 
that LN-DETR achieves significant improvements in detection performance, with precision, recall, mAP@.5, 
and mAP@.5:.90 increasing by 3.5%, 8.2%, 6.4%, and 2.9%, respectively, while slightly reducing the number of 
parameters and computation. Overall, LN-DETR demonstrates excellent detection performance.

Although the LN-DETR model proposed in this paper demonstrates good detection accuracy, there is still 
room for improvement. Second, LN-DETR performs poorly on the fps metric, indicating that the algorithm 
still has certain shortcomings in terms of real-time performance. Third, although LN-DETR has achieved some 
success in reducing the number of model parameters and computational complexity, the extent of optimization 
is relatively small and insufficient to bring about a qualitative improvement. Therefore, our next steps will focus 
on investigating detection accuracy, real-time performance, the number of parameters, and computational 
complexity. Additionally, more efforts will be made to lower the model’s hardware requirements, enabling better 
deployment on hospital equipment.

While the proposed LN-DETR demonstrates significant improvements in accuracy and efficiency, it still 
has certain limitations. For example, different datasets may exhibit varying characteristics; thus, further 
testing on diverse datasets is necessary to validate the algorithm’s robustness and adaptability in different 
clinical environments. Furthermore, this study only examined the performance of LN-DETR in pulmonary 
nodule detection. The performance of LN-DETR on other medical object detection tasks remains inconclusive. 
Therefore, further research is needed to expand the investigation of LN-DETR in the field of medical object 
detection. Additionally, despite efforts to reduce computational complexity, the RT-DETR-based model remains 
relatively resource-intensive in terms of both memory and processing time. Future work should prioritize 
further optimization of the network to achieve a more effective balance between performance and computational 
efficiency.

Model Sample Capacity mean Standard deviation Cohen’s d t df p

RT-DETR 50 0.69 0.11
0.922 4.611 87.713 p<0.01

LN-DETR(ours) 50 0.77 0.07

Table 6.  Independent samples t-test.
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Figure 7.  Visualization of experimental results of three methods. Labels represent the ground truth, LN-DETR 
represents our method.
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Figure 9.  Grad-CAM visualization between RT-DETR and LN-DETR. From the heatmap, LN-DETR 
demonstrates a stronger activation of the target regions.

 

Figure 8.  The response of LN-DETR to varying levels of noise. LN-DETR maintains a relatively stable 
accuracy across different noise levels.
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Data availability
We use the public dataset from LIDC-IDRI - The Cancer Imaging Archive (TCIA) (​h​t​t​p​s​:​​​/​​/​w​w​​w​.​c​a​n​c​e​r​i​m​a​g​i​​n​g​
a​r​c​h​​i​v​​e​.​n​​​e​t​/​c​o​l​​l​e​c​t​i​​​o​n​/​l​​i​d​c​-​i​d​r​i​/) for algorithm evaluation.

Figure 11.  The confusion matrix of LN-DETR.

 

Figure 10.  Comparison of train and validation curve variation.
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Appendix
We utilized the RT-DETR and the proposed LN-DETR algorithms to plot Fig. 10 based on the data obtained 
from each training and validation epoch. This figure illustrates the comparative curves of three loss functions: 
GIoU Loss (Generalized Intersection over Union Loss), Cls Loss (Classification Loss) and L1 Loss (Mean Abso-
lute Error Loss). These loss functions are used to optimize the size of bounding boxes, the position of bounding 
boxes, and the classification of targets, respectively. Lower loss values indicate closer alignment with the correct 
answers, reflecting better model performance. As shown in the figure, although the convergence speed of the 
proposed algorithm is similar to that of the original algorithm, its final results on both the training and valida-
tion sets outperform the original algorithm. This demonstrates that LN-DETR possesses excellent pulmonary 
nodule detection capabilities.
The confusion matrix, depicted in Fig. 11, offers a comprehensive analysis of the LN-DETR’s classification ac-
curacy. Figure 11 displays the normalized results of label classification and the specific numerical counts of la-
bel classifications, respectively. The data reveal that 87% of pulmonary nodules were accurately identified (true 
positives), whereas 13% of nodules were undetected and erroneously classified as background (false negatives). 
Additionally, Fig. 11b highlights 27 instances of background regions being incorrectly identified as pulmonary 
nodules (false positives). These results indicate that the model demonstrates high precision and recall, yet still 
exhibits non-negligible rates of missed detections and false alarms.
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