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Abstract

Pulmonary nodules are important indicators for the early diagnosis of lung cancer, and their identifica-
tion and classification are of great significance. At present, there exist significant domain discrepancies
between source and target datasets when using transfer learning-based recognition algorithms, which
leads to poor feature extraction of pulmonary nodules and thus unsatisfactory results. Therefore, this
paper proposes an improved convolutional neural network model based on a modified neural network
architecture. The model integrates features extracted by the pre-trained GoogLeNet Inception V3 net-
work to enhance its ability to extract relevant features. In order to determine the optimal combination,
different groups were tested using accuracy as the evaluation metric. Experiments were conducted on
the LUNA16 lung nodule dataset. The results from cross-validation testing show that the improved
network achieves an accuracy of 88.80% and a sensitivity of 87.15%. In terms of recognition accuracy
and sensitivity, the proposed method outperforms GoogLeNet Inception V3, with improvements of
2.72 and 2.19 percentage points, respectively. Even when tested on small-scale datasets, the model
demonstrates better generalization capability. This method can provide objective reference indicators
for clinical diagnosis.

Keywords: medical imaging; deep learning; transfer learning; GoogLeNet

1. Introduction
Currently, the incidence and mortality rates of lung cancer are increasing year by year. According

to data from the American Cancer Society, approximately 14% of newly diagnosed malignant tumors
are lung cancer. Among all malignant tumors, lung cancer ranks highest in incidence and mortality.
As pulmonary nodules are closely related to lung cancer and may be an early feature of lung cancer,
their detection and diagnosis are of great significance for early lung cancer diagnosis and can serve as
an important reference [1,2].

Computed Tomography (CT) is commonly used to evaluate pulmonary nodules, requiring
physicians to have specialized medical imaging knowledge and clinical experience. However, due to
the differences among individual physicians, Computer-Aided Diagnosis (CAD) technology has been
widely applied in recent years as an auxiliary medical tool, providing relatively objective evaluation
metrics to assist doctors in making diagnoses [3].

Early research methods often relied on feature extraction techniques, which involved identifying
Regions of Interest (ROI) in the images and analyzing the characteristics of the nodules based on shape,
grayscale, texture, etc. Manually extracting features is time-consuming and labor-intensive [4]. With
the rapid development of machine learning, deep learning algorithms represented by convolutional
neural networks have been widely adopted. One approach is the two-stage detection algorithm based
on candidate regions, such as RCNN; another is the one-stage detection algorithm, such as the YOLO
series [5,6]. One method uses the YOLO detection framework to detect CT nodules and predicts
multiple bounding boxes using a Convolutional Neural Network (CNN), followed by evaluation on
the LIDC-IDRI dataset (Lung Image Database Consortium), achieving a sensitivity of 89%. Currently,
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CNN, YOLO, FCN, R-CNN [7–9], and other networks are often used for training on different datasets
to extract features from target datasets.

Transfer learning methods used at present can achieve relatively good results, but due to the
large domain gap between the source and target datasets, there is still room for improvement in
feature extraction. Therefore, this paper proposes an improved deep neural network model based on
GoogLeNet Inception V3 to recognize pulmonary nodules.

The main work of this paper is to design a feature fusion layer and optimize related parameters
to better extract features from the target dataset.

2. Related Work
Recent advancements in deep learning have significantly enhanced medical image analysis.Works

that emphasize the integration of clinical and imaging data to enhance diagnostic performance. For
instance, joint modeling of medical images and clinical text facilitates early detection of chronic condi-
tions like diabetes [10]. Similarly, leveraging Transformer-CNN fusion for skin lesion segmentation
[11] and temporal graph attention for EEG anomaly detection [12] shows the potential of deep neural
architectures in specialized diagnostic contexts.

Research has also emphasized predictive modeling in clinical settings, particularly for chronic
disease progression and health risk assessment. Structure-aware temporal models offer accurate
progression prediction [13], while federated frameworks are enabling privacy-preserving risk analysis
on electronic health records [14]. Furthermore, the integration of deep learning and natural language
processing (NLP) for structuring electronic medical records enhances clinical workflow efficiency [15].

In the broader context of cloud-based AI applications, reinforcement learning plays a vital role in
dynamic resource management and anomaly detection. Multi-agent reinforcement learning strategies
[16] and temporal anomaly detection models [17] have demonstrated robust scalability. Personalized
modeling for federated anomaly detection [18] and collaborative data mining across distributed
systems [19] further contribute to intelligent cloud system design. Moreover, cross-domain transfer
learning techniques [20] and privacy-aware model fine-tuning mechanisms [21] highlight efforts to
bridge domain gaps and ensure model generalizability and security.

Concurrently, the integration of large language models (LLMs) with retrieval-augmented mech-
anisms and knowledge graphs has gained momentum. Innovations in question answering systems
[22], adapter-based knowledge injection [23], and knowledge graph-infused reasoning models [24]
exemplify this trend. Additionally, uncertainty-aware summarization techniques [25], prompt engi-
neering for controllable abstraction [26], and contrastive learning for secure alignment [27] underscore
the growing intersection of language modeling and deep learning robustness.

In terms of enterprise and infrastructure intelligence, anomaly detection in ETL workflows using
autoencoders [28] and knowledge-driven threat identification frameworks in IoT environments [29]
expand the applicability of deep learning techniques. Reinforcement learning has also been harnessed
for optimizing microservice orchestration, including scheduling [30], adaptive HCI strategies [31],
graph-based service routing [32], and rate limiting in distributed systems [33].

These diverse yet interconnected works collectively inform the development of robust pulmonary
image recognition systems. Methodologies such as transfer learning, federated modeling, multimodal
fusion, and reinforcement optimization are especially relevant for enhancing feature extraction and
generalization across heterogeneous datasets like LUNA16, as adopted in our proposed RGIV3 model.

3. Dataset
This paper uses the LUNA16 dataset. As a publicly available lung nodule dataset and a subset of

LIDC-IDRI [34], LUNA16 includes CT images from 888 patients, divided into 10 subsets for storage.
Each image set consists of mhd and raw files, where the mhd file provides basic image information,
and the raw file stores pixel data. An example CT image is shown in Figure 1.
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Figure 1. LUNA16 image examples.

4. Improved Pulmonary Nodule Recognition Model
4.1. GooLeNet Network Algorithm

In 2012, the GooLeNet network was proposed [35]. Compared with networks such as AlexNet
and VGG, GooLeNet features a deeper network structure and fewer parameters (see Table 1). By
adjusting the network structure (see Figure 2) and designing Inception layers, GooLeNet significantly
reduces the number of parameters, thereby improving training efficiency.

Table 1. Comparison of Common Neural Network Parameters.

Model TOP-1 Accuracy (%) Parameters Depth
Inception V3 78.8 23,851,784 159
ResNet50 75.9 25,636,712 168
VGG16 71.5 138,357,544 23
VGG19 72.7 143,667,240 26

Figure 2. GoogLeNet network architecture.

4.2. Improved RGIV3 Network Structure Design

GooLeNet Inception V3 [36,37] is a model trained on the ImageNet dataset. However, due to the
large domain gap between ImageNet and the LUNA16 dataset used in this paper, directly applying it
yields poor results. Therefore, a fusion layer is designed to reduce the negative impact of the domain
gap between the two datasets. This fusion layer combines feature information learned by the network
in a non-linear way, improving the learning of image features.
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The fusion layer is composed of three fully connected layers and one dropout layer, as shown in
Figure 3. This layer is then combined with the GooLeNet Inception V3 network, where the original
GooLeNet Inception V3 is referred to as GIV3, and the combined network is named RGIV3.

According to experience, the number of neurons is chosen from 1024, 512, 256, and 128, and the
dropout rate is selected from 0.4, 0.5, and 0.6. To determine the optimal configuration, this paper
conducts experiments on different combinations of neuron numbers and dropout rates—a total of 30
combinations—using accuracy as the selection criterion. The experimental results are shown in Table 2.
Based on the results, the selected configuration is 1024 and 512 neurons with a dropout rate of 0.5.

Figure 3. Architecture of the improved RGIV3 network.

Table 2. Experimental Results of Neuron Number and Dropout Rate Combinations.

Neuron Combination Dropout = 0.3 Dropout = 0.4 Dropout = 0.5
1024, 1024 86.35 87.66 88.64
1024, 512 87.71 88.46 88.80
1024, 256 86.56 87.61 88.58
1024, 128 87.28 86.83 88.34
512, 512 86.28 84.43 87.34
512, 256 86.28 87.15 88.12
512, 128 86.78 87.12 86.85
256, 256 81.43 87.48 88.23
256, 128 83.05 84.53 87.28
128, 128 86.28 84.45 87.24

Due to the limited number of samples in the target dataset, newly trained models are prone to
overfitting. In the experiment, pretrained weights from large-scale datasets such as ImageNet were
used as initialization parameters, and fine-tuning was conducted with a relatively low learning rate.

4.3. Network Weight Update Method

The Stochastic Gradient Descent (SGD) method is used to update the weights by minimizing the
loss function along the direction of the negative gradient of the learning rate [38]. The update formula
is as follows:

Wi+1 = Wi − ∆hisi+1 (1)
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In this formula, Wi+1 represents the weight after the (i + 1)-th iteration; Wi is the weight after the
i-th iteration; ∆hisi+1 is the accumulated gradient. The formula is:

∆hisi+1 = momentum × ∆hisi + L × ∂loss
∂w

(2)

Here, ∆hisi+1 denotes the accumulated gradient after the (i + 1)-th iteration; ∆hisi is the accumu-
lated gradient after the i-th iteration; momentum is the momentum coefficient; L represents the current
learning rate; ∂loss

∂w is the gradient of the loss function.

5. Experiments and Results Analysis
5.1. Dataset Preprocessing

The original LUNA16 data consists of image data (.raw) and annotation data (.mhd). Since
neural networks cannot directly read this image format, the mhd-format images are converted into the
commonly used BMP format. Through this conversion, each CT slice corresponds to a BMP image
with the same slice count as RGB images, and each image displays the full CT scan content. From the
annotation files, the position and properties of the nodules can be obtained. With the position and
slice depth, the exact coordinates and slices can be quickly located [38]. When patients undergo CT
scans, different body postures may cause image flipping, so the images need to be adjusted based on
annotation data to align properly, and the coordinate annotations also need to be corrected.

Due to the small dataset size, this study expands the dataset through data augmentation. Super-
vised data augmentation techniques are used to enhance the BMP-format images, and a low learning
rate is adopted to prevent overfitting.

Pulmonary nodules typically appear at the ends of bronchial and vascular branches. In CT images,
these are the black circular regions representing air in the lungs. This study aims to identify pulmonary
nodules, so it is necessary to segment the actual lung region and exclude the outer lung fields, which
may introduce noise into the network [39].

Figure 4 shows a slice from the LUNA16 dataset. After binarization, corrosion, and dilation
operations, the lung parenchyma and outer lung field can be separated for further processing [40].

Figure 4. Original image and processed lung parenchyma image.

5.2. Experimental Procedure

The experiments were conducted under Windows 10 system using an Intel Core i5-6200U @
2.30GHz CPU. TensorFlow framework and the slim module were adopted, with Python version 3.6.

In the experimental process, 750 patients’ CT data were used for training, and 150 patients’ data
were used for testing. A total of 2000 pulmonary nodule images and 2000 healthy tissue images were
extracted. After data augmentation, the dataset expanded to 5000 nodule images and 5000 healthy
images. All images were resized to 330 × 330. The data were split as follows: 80% training, 20% testing;
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70% training, 30% testing; and 60% training, 40% testing. Each group was trained with the same loss
function for fair comparison. Among them, the 80% group was trained using the slim model for 2776
steps, reducing the loss to 0.38 and achieving an accuracy of 88.8%. Other group results are shown in
Table 4.

In the experiment, the designed RGIV3 network was trained on the training set and validated on
the test set. To avoid falling into local minima, a gradually decreasing learning rate was used, reducing
the rate every 200 iterations.

5.3. Experimental Results and Analysis

According to the experimental results, True Positive (TP), True Negative (TN), False Positive (FP),
and False Negative (FN) were used to evaluate model performance [14-16]. Three evaluation metrics
were selected: Accuracy (Acc), Sensitivity (Sen), and Specificity (Spe), calculated as follows:

Acc =
TP + TN

TP + TN + FP + FN
(3)

Sen =
TP

TP + FN
(4)

Spe =
TN

TN + FP
(5)

Accuracy reflects the consistency between predictions and ground truth. Sensitivity reflects
the model’s ability to detect nodules, while specificity indicates the model’s ability to distinguish
non-nodule images. The training processes of GIV3 and RGIV3 are shown in Figure 5. According to
Figure 5, RGIV3 has a faster convergence speed and more stable performance. Combined with the
accuracy metric, the improved RGIV3 model achieves better results on the dataset.

Figure 5. Training process comparison: (a) GIV3, (b) RGIV3.

When using 80% of the data as the training set and 20% as the test set, the performance comparison
of different models is shown in Table 3.

Table 3. Performance Comparison of Models (%).

Experiment No. Recognition Model Accuracy Sensitivity Specificity
1 AlexNet 85.37 87.70 73.0
2 YOLO V3 84.07 88.72 82.3
3 GIV3 86.08 84.96 80.6
4 RGIV3 88.80 87.15 80.6

As shown in Table 3, the improved model achieves an accuracy of 88.80% and a sensitivity of
87.15%, which are 2.72% and 2.19% higher than those of the traditional GIV model, respectively. This
indicates a relatively better recognition performance.
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To comprehensively evaluate the performance of the improved RGIV3 model, experiments were
conducted under different ratios of training and testing sets. The results are shown in Table 4.

Table 4. Performance Comparison Under Different Data Ratios.

Training/Test Set Ratio Accuracy %
GIV3 RGIV3

8-2 86.08 88.80
7-3 84.21 87.58
6-4 84.85 87.23

According to Table 4 and the training process analysis, the improved RGIV3 model outperforms
the original GIV model in terms of recognition performance. Under the 80%, 70%, and 60% data ratios,
RGIV3 consistently achieves better recognition results than GIV3, with faster convergence and more
stable performance.

6. Conclusion
This paper adopts an improved neural network model to detect pulmonary nodules in part

of the LUNA16 dataset. By combining the GIV3 network with the designed feature fusion layer, the
network’s feature extraction capability is enhanced, which to some extent alleviates the poor transfer
learning performance caused by large domain differences between source and target datasets.

In comparative experiments, the proposed model demonstrates better recognition performance
compared to other existing models. Due to the relatively small scale of the dataset and the existence
of overfitting, data augmentation and fine-tuning using low learning rates were employed, which
effectively mitigated the problem.

In future research, computational features can be associated with semantic features to provide
quantitative evaluation for pulmonary nodules and offer diagnostic references for clinicians.
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