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Abstract. Bronchoscopy is an essential technique for diagnosing and treating
respiratory diseases. However, traditional interpretation heavily relies on the phy-
sician’s experience and is often influenced by subjective factors. To enhance di-
agnostic accuracy and timeliness, this study proposes a method for automatic le-
sion localization in bronchoscopy images using the YOLOv8 (You Only Look
Once version 8) deep learning algorithm. The study dataset utilizes the BM-
BronchoLC public dataset, which includes diverse images from 208 subjects, an-
notated by clinical experts. After standardization, the data is split into training,
validation, and test sets in a 7:1.5:1.5 ratio. To improve model interpretability
and clinical applicability, the annotated categories are simplified into three main
groups: "Unrelated/Mild Abnormalities," "Structural Changes," and "Tumors."
Model performance is evaluated using metrics such as Precision, Recall, and F1-
score, with inference time per image recorded to confirm real-time capabilities.
The results show that YOLOVS can efficiently and accurately detect lesion areas
in bronchoscopy images, demonstrating strong potential for clinical application.
The system developed in this study is expected to serve as an important tool to
assist clinicians in bronchoscopy diagnoses, improving the efficiency and accu-
racy of diagnosing major respiratory diseases such as lung cancer.
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1 Introduction.

The diagnosis and treatment of respiratory diseases have been fundamentally trans-
formed by the flexible bronchoscopy technique pioneered by Dr. Shigetaka Ikeda [1].
This technique has now become one of the most suitable methods for treating various
respiratory diseases [2]. Flexible bronchoscopy has made significant contributions to
pathological research, as it allows direct observation of airway lesions and enables bi-
opsy and specimen collection at the lesion site [3]. In the diagnostic process of lung
cancer, flexible bronchoscopy holds an irreplaceable position. Lung cancer is a highly



fatal malignant tumor, accounting for about 18% of all cancer-related deaths [4]. Over
the past two decades, the global use of this technique has steadily increased. The sen-
sitivity of flexible bronchoscopy for detecting central tumors is 88%, while for periph-
eral tumors, it is 78%. Accurate detection of lesions is crucial for lung cancer diagnosis.
Artificial Intelligence (AI) models have gradually been applied in the medical field in
recent years, with computer vision models widely used for lung cancer diagnosis
through chest X-rays and CT scans [5]. Recent studies have indicated that combining
bronchoscopy with deep learning technology can significantly improve diagnostic out-
comes and accuracy [6]. The core strategy of this technique is to leverage existing ad-
vanced machine learning algorithms to interpret bronchoscopy images, with Convolu-
tional Neural Networks (CNNs) demonstrating excellent performance in medical image
analysis, especially in tasks such as tumor recognition, lesion localization, and feature
classification [7].

Bronchoscopy is often performed in clinical settings, and physicians are required to
make preliminary judgments and clinical decisions in a very short amount of time.
Therefore, improving the model’s recognition speed becomes a critical factor in achiev-
ing a Computer-Aided Diagnosis (CAD) system. Only by maintaining high accuracy
while achieving real-time capabilities can Al models truly integrate into clinical work-
flows. To achieve real-time diagnosis and efficient assistance in interpretation, this
study introduces the real-time object detection technology YOLO (You Only Look
Once) [8] as one of the core algorithms for the bronchoscopy Al system. YOLO pos-
sesses fast and accurate image detection capabilities, enabling the immediate identifi-
cation and localization of abnormal lesions in bronchoscopy images, such as tumors,
ulcers, bleeding, or narrowing, followed by classification and risk assessment. By inte-
grating the YOLO model, this study aims to build a clinically practical bronchoscopy
Al diagnostic system with real-time response capabilities, accelerating the interpreta-
tion process for physicians and improving the efficiency and accuracy of clinical diag-
nosis.

2 Method

To enhance the accuracy and timeliness of lesion recognition in bronchoscopy images
for lung cancer diagnosis, this study proposes a method that combines the YOLOVS
algorithm with actual clinical data. To objectively evaluate the performance of the con-
structed model on bronchoscopy images, the evaluation metrics include precision, re-
call, and F1-score. These metrics comprehensively assess the model’s detection perfor-
mance in various scenarios. Additionally, the average inference time per image is cal-
culated to evaluate whether the system meets the real-time response requirements for
clinical applications. To improve the interpretability of the results and facilitate cross-
validation with clinicians, the inference results will be visualized. Specifically, the
model’s predicted bounding boxes, corresponding class labels, and confidence scores
will be overlaid onto the original bronchoscopy images, creating an intuitive visualiza-
tion. The visualization process will be integrated using OpenCV and Matplotlib tools,
helping clinicians understand the basis of the model’s judgments and clarify potential



sources of misinterpretation. This study aims to assist clinicians in quickly and accu-
rately locating suspected lung cancer lesions and key anatomical structures during bron-
choscopy, thereby reducing diagnostic discrepancies caused by subjective interpreta-
tion and improving overall diagnostic quality and efficiency.

2.1 BM-BronchoLC Dataset

The dataset used in this study is the BM-BronchoLC (BachMai-BronchoscopyLung
Cancer Dataset) [9], jointly established by Bach Mai Hospital and Hanoi Medical Uni-
versity in Vietnam. This dataset is one of the few publicly available and meticulously
annotated bronchoscopy image datasets, making it highly valuable for lung cancer-re-
lated research. The data includes bronchoscopy images from 208 subjects, consisting
of 106 patients diagnosed with lung cancer and 102 non-lung cancer patients. All im-
ages were annotated by bronchoscopy specialists with extensive clinical experience,
with annotations covering key airway anatomical structures (such as tracheal branches,
main bronchi, etc.) and suspicious lesion areas (e.g., tumor lesions, redness, swelling,
and abnormal hyperplasia). The dataset includes images captured from diverse angles
and lighting conditions, faithfully reflecting real clinical environments, which helps
train the model to have strong generalization capabilities.

22 YOLO

In this study, we chose YOLOVS (You Only Look Once, version 8) as the primary
object detection model. YOLOVS, introduced by the Ultralytics team in 2023, is the
latest version of the YOLO architecture, as shown in Figure 1. It features an anchor-
free detection design, along with a lightweight decoding module and an optimized
backbone network. This design significantly improves the performance of YOLOVS in
detecting small and low-contrast targets (such as erythema and lesions in bronchoscopy
images) while maintaining high-speed inference capabilities.
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3 Experiment

The overall workflow of this study is shown in Figure 2. The detailed experimental
design and operational steps at each stage will be fully explained in the subsequent
"Experiment Details" section. Through a clear workflow structure, this study effec-
tively links various stages, including data collection, preprocessing, model training, and
evaluation, to ensure the validity and reproducibility of the research results.
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Fig. 2. Experiment process.

3.1 Experiment details

To ensure the effectiveness of model training and evaluation, we split the dataset into
70% for training, 15% for validation, and 15% for testing. We also ensured that the
distribution of lung cancer and non-lung cancer samples was relatively balanced across
the subsets. Additionally, the annotation format follows the standard required by the
YOLOvVS8 model, with each annotation containing the class ID and the relative coordi-
nates of the bounding box, including the center position (X,y) and the width and height
(width,height). These relative coordinates are normalized based on the image dimen-
sions, making it easier for the model to load and parse the data accurately during both
training and inference. In this study, we simplified the original seven labels based on
clinical significance. Specifically, the labels Anthrocosis, Mucosal edema of carina,
and Mucosal erythema were grouped into the category Irrelevant/Mild Abnormalities,
as they usually represent minor lesions or abnormalities with no clear clinical signifi-
cance. The labels Mucosal infiltration, Vascular growth, and Stenosis were grouped
into the category Structural Changes, which are typically related to structural changes
in the organ or pathological hyperplasia. Finally, the Tumor label was categorized sep-
arately into the Tumor category, which represents cases with distinct tumor lesions.
This simplification helps consolidate overly granular classifications into more clinically
meaningful categories, promoting effective training and analysis of medical images. It



also enhances the learning efficiency and accuracy of the model, especially when train-
ing deep learning models. For model implementation, this study adopted the PyTorch
implementation provided by Ultralytics, using YOLOVSs as the base architecture.

The input image size was standardized to 512 times 512 pixels, and the COCO pre-
trained model (yolov8s.pt) was used for weight initialization, followed by fine-tuning.
During training, we selected the Adam optimizer with an initial learning rate of 0.001
and set the minimum learning rate for cosine decay to 0.01. The batch size was set to
64, and the maximum number of training epochs was set to 1000. To reduce overfitting
and improve the model’s ability to adapt to real image variations, we employed various
data augmentation strategies during the training phase, including Mosaic augmentation
(randomly stitching four images together), Mixup augmentation (mixing two images
with a 0.2 probability), HSV color variations (random adjustments of hue, saturation,
and brightness, with ranges set to 0.1), random horizontal and vertical flips (50% prob-
ability each), and other affine transformations. In terms of the loss function design,
YOLOVS uses adaptive loss weights. The overall loss function consists of three com-
ponents: classification loss, bounding box regression loss, and objectness loss. The im-
portance of each component is automatically adjusted during training. Finally, the
model outputs multiple detection boxes, calculates the class probabilities and confi-
dence scores for each detection box, and uses Non-Maximum Suppression (NMS) to
filter out duplicate predictions, yielding the best detection performance.

3.2 Results

In this study, we used the YOLOVS model for bronchial lesion detection and evaluated
its performance across various metrics. Table 1 shows the Precision, Recall, F1-Score,
and mean Average Precision (mAP@0.5) at an IoU threshold of 0.5 for different cate-
gories. For the minor category, the Precision is 0.75, Recall is 0.85, F1-Score is 0.80,
and mAP@0.5 is 0.75. For the structural change category, the Precision is 0.82, Recall
is 0.78, F1-Score is 0.80, and mAP@0.5 is 0.80. For the tumor category, the Precision
is 0.90, Recall is 0.92, F1-Score is 0.91, and mAP@0.5 is 0.85. For the total category,
the Precision is 0.95, Recall is 0.93, F1-Score is 0.94, and mAP@0.5 is 0.88. The results
demonstrate that YOLOv8 performs excellently in the task of bronchial lesion detec-
tion, particularly with outstanding overall accuracy (0.95) and F1-Score (0.94).

The Precision and Recall for each lesion category also remain at high levels, indi-
cating the model’s stability in detecting and distinguishing different types of lesions.
The model’s inference speed is remarkably fast, with decision times ranging from
0.7ms to 0.8ms, proving its efficiency in real-world applications. This is especially val-
uable in medical scenarios requiring real-time responses, showcasing the model’s sig-
nificant potential for practical use. In summary, YOLOvVS demonstrates excellent accu-
racy and high operational speed for bronchial lesion detection tasks, making it suitable
for real-time lesion detection systems.
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Table 1. Precision, Recall, F1-Score and mAP@0.5 for different classes.

Class Precision Recall F1-Score mAP@0.5
minor 0.75 0.85 0.80 0.75
structural change  0.82 0.78 0.80 0.80
tumor 0.90 0.92 0.91 0.85
total 0.95 0.93 0.94 0.88

4 Conclusion

This study developed a bronchoscopy imaging diagnostic system based on the
YOLOVS algorithm, aimed at assisting doctors in improving the accuracy and effi-
ciency of lung cancer diagnosis. Through object detection technology, the system can
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quickly and accurately identify lesion areas, including tumors, erythema, and abnormal
proliferation, and perform classification and risk assessment. Experimental results
show that the model performs excellently across multiple metrics, demonstrating its
high accuracy and stability. Additionally, this research pays particular attention to the
real-time response requirements in clinical application scenarios, successfully enhanc-
ing the inference speed to meet the demands of real-time diagnosis. After optimization,
the inference time per image demonstrates that the system can respond quickly in a
clinical environment, assisting doctors in making timely judgments during bronchos-
copy, thus improving diagnostic efficiency. In conclusion, the successful development
of this system provides significant assistance to doctors in terms of both accuracy and
efficiency, reducing the potential for bias in subjective judgment and mini
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