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Abstract: Thyroid-related diseases, particularly thyroid cancer, are rising globally, em-
phasizing the critical need for the early detection and accurate screening of thyroid nod-
ules. Ultrasound imaging has inherent limitations—high noise, low contrast, and blurred
boundaries—that make manual interpretation subjective and error-prone. To address these
challenges, YOLO-Thyroid, an improved model for the automatic detection of thyroid
nodules in ultrasound images, is presented herein. Building upon the YOLOvS architecture,
YOLO-Thyroid introduces the C2fA module—an extension of C2f that incorporates Coor-
dinate Attention (CA)—to enhance feature extraction. Additionally, loss functions were
incorporated, including class-weighted binary cross-entropy to alleviate class imbalance
and SCYLLA-IoU (SIoU) to improve localization accuracy during boundary regression. A
publicly available thyroid ultrasound image dataset was optimized using format conver-
sion and data augmentation. The experimental results demonstrate that YOLO-Thyroid
outperforms mainstream object detection models across multiple metrics, achieving a
higher detection precision of 54%. The recall, calculated based on the detection of nodules
containing at least one feature suspected of being malignant, reaches 58.2%, while the
model maintains a lightweight structure. The proposed method significantly advances
ultrasound nodule detection, providing an effective and practical solution for enhancing
diagnostic accuracy in medical imaging.

Keywords: thyroid nodule detection; ultrasound imaging; YOLO; deep learning; medical
image analysis

1. Introduction

The thyroid gland is a vital endocrine organ in the human body. The incidence of
thyroid-related diseases, particularly thyroid cancer, has been rising rapidly recently and
has become a significant global public health concern [1]. Early detection and accurate
screening, especially for thyroid nodules—which are often considered early indicators of
potential malignancies—play a critical role in mitigating this trend. Clinical studies have
confirmed that timely and accurate diagnosis of thyroid nodules can significantly reduce
the incidence and mortality rates of thyroid cancer [2]. Various diagnostic examinations
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are commonly used to evaluate the thyroid gland, including ultrasound (US), computed
tomography (CT), magnetic resonance imaging (MRI), thyroid scans, and elastography [3].

While the majority of thyroid nodules are benign [4], a small percentage can be malig-
nant, making accurate diagnosis essential for appropriate treatment. Accurate diagnosis
is essential for appropriate treatment, but distinguishing malignant from benign nodules
using non-invasive methods remains challenging. Ultrasound imaging is the preferred
screening tool due to its convenience, low cost, and absence of radiation exposure. However,
ultrasound images often suffer from high noise, low contrast, and blurred boundaries [5],
which makes interpretation subjective and dependent on the radiologist’s experience.
This subjectivity can lead to inconsistent diagnoses and potentially result in unnecessary
invasive procedures, such as fine-needle aspiration biopsy (FNAB) [6]. Traditional ul-
trasonography identifies features associated with malignancy, such as hypoechogenicity,
irregular margins, microcalcifications, and a taller-than-wide shape [7]. Although these
features aid in assessment, they cannot definitively indicate malignancy, and a biopsy is
required for a conclusive diagnosis.

To improve diagnostic accuracy, researchers have explored artificial intelligence (AI)
and deep learning techniques to provide a more objective assessment [8,9]. Machine learn-
ing models, particularly convolutional neural networks (CNNs), have shown great promise
in classifying thyroid nodules and assisting in diagnosis [10]. For instance, Zheng et al. [11]
proposed an improved U-Net architecture called DSRU-Net, which enhances the auto-
matic segmentation of thyroid glands and nodules in ultrasound images by incorporating
ResNeSt blocks, atrous spatial pyramid pooling, and deformable convolution v3. Simi-
larly, Zhou et al. [12] introduced a thyroid nodule detection model named Thyroid-DETR,
utilizing the Transformer architecture along with deformable convolution, multi-head
self-attention, and a dual-stream training structure to improve detection accuracy in ultra-
sound images. Additionally, Chen et al. [13] developed a multi-view learning model called
MLMSeg, which integrates CNNs, Transformers, and Graph Convolutional Networks to
enhance thyroid nodule segmentation by capturing local, global, and spatial structural
features. Consequently, computer-aided detection (CAD) methods for thyroid nodules
have become a research hotspot, holding significant potential for future advancements.

Despite advances, existing CAD methods still face challenges when applied to thyroid
nodules. One major issue is that datasets often suffer from class imbalance, causing
models to be biased toward the majority class during training, which adversely affects
performance in detecting and classifying malignant nodules [4,14]. Additionally, many
studies employ semantic segmentation techniques for thyroid nodule detection due to
their precise pixelwise delineation. However, semantic segmentation networks are often
computationally intensive and slower, making them less suitable for real-time clinical
applications and large-scale screenings. To address these issues, an improved model named
YOLO-Thyroid is proposed for the automatic detection of nodules in thyroid ultrasound
images, building upon YOLOvS8. YOLO (You Only Look Once) models, with their efficient
single-stage detection architecture, have demonstrated strong performance in detecting
medical anomalies in pulmonary nodules (chest X-rays), breast masses (mammograms),
and brain tumors (MRI scans) [15-19]. YOLO offers a high detection speed suitable for
prompt decision-making, which is crucial in clinical settings.

Although newer versions of the YOLO model are available, YOLOVS [19] was selected
due to its optimal balance between speed and accuracy, as well as its optimized performance,
flexibility, and extensibility, which make it particularly suitable for the current application
scenario. The Coordinate Attention (CA) mechanism is introduced to enhance the extraction
of important features. CA embeds positional information into channel attention, allowing the
model to focus on the most informative regions of the feature maps, which is crucial for accu-
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rately detecting thyroid nodules with variable sizes and blurred boundaries. CA is integrated
into the existing C2f module of YOLOVS, resulting in the modified C2fA module. This integra-
tion allows YOLO-Thyroid to emphasize important features related to target objects, thereby
improving detection performance. Additionally, specialized loss functions are employed: the
class-weighted binary cross-entropy (CW-BCE) loss function, used to alleviate the problem of
class imbalance, and the SCYLLA-IoU (SloU) loss function, which comprehensively considers
factors such as the target’s position, size, and shape during boundary regression to improve
localization accuracy. Through these improvements, the YOLO-Thyroid model achieves better
detection performance while maintaining a lightweight structure.

1.1. Main Contributions
The main contributions of this paper are as follows:

1.  The proposal of an improved model, YOLO-Thyroid, with the introduction of the
C2fA module and the CW-BCE and SloU loss functions, strengthening the model’s
ability to extract and fuse important features, and improving performance under class
imbalance conditions.

2. Extensive experiments and comparisons demonstrating that the YOLO-Thyroid model
outperforms current mainstream object detection models across multiple performance
metrics, validating its effectiveness.

1.2. Objective

The primary objective of this study is to address the critical challenges in thyroid nodule
detection in ultrasound imaging, particularly the limitations of existing methods in terms of
feature extraction, class imbalance, and localization accuracy. Specifically, the objectives are:

1.  To design an improved YOLOv8-based detection model, YOLO-Thyroid, incorporat-
ing a novel C2fA module and optimized loss functions to enhance feature extraction
and localization performance.

2. To alleviate the impact of class imbalance in the dataset by introducing a class-
weighted binary cross-entropy (CW-BCE) loss function, ensuring the robust detection
of both benign and malignant nodules.

3.  Tointegrate advanced attention mechanisms and a lightweight architecture, enabling
the model to achieve improved detection accuracy and balanced recall while main-
taining computational efficiency for real-time clinical applications.

4. To assess the model’s performance in terms of detecting nodules and identifying at
least one feature suspected of being malignant (e.g., TIRADS categories 4a, 4b, 4c, and
5), with an emphasis on determining which category exhibits the highest detection
sensitivity. Additionally, this objective seeks to evaluate the model’s ability to dif-
ferentiate varying levels of risk and establish a threshold for the number of detected
features required to warrant further clinical investigation for potential malignancies.

5. To validate the proposed model on a publicly available thyroid ultrasound dataset
and demonstrate its superiority compared to state-of-the-art object detection methods.

This study aims to provide a practical and effective solution for automatic thyroid
nodule detection, contributing to improved diagnostic accuracy and efficiency in medical
imaging, while offering insights into the clinical implications of the model’s ability to
differentiate risk levels across classes and establish decision-making thresholds.

The structure of this paper is organized as follows: Section 2 provides a detailed de-
scription of the dataset preprocessing methods, as well as the structure and improvements
of the YOLO-Thyroid model. Section 3 presents the experimental results and analyses,
comparing them with other advanced models. Section 4 discusses the advantages of the
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model and possible directions for improvement. Section 5 summarizes the findings and
suggests future research directions.

2. Materials and Methods

An overview of the methodological workflow is presented in Figure 1. To adapt the
dataset for object detection tasks, a comprehensive method was developed to convert
ultrasound image labels into the YOLO format. Next, the thyroid ultrasound images were
preprocessed to remove irrelevant regions and interfering markers, completing the data
preparation for model input. To address the issue of a small sample size, data augmentation
techniques were employed. Subsequently, the ultrasound data were trained using the
proposed YOLO-Thyroid model, as shown in Figure 1. To improve the model’s detection
accuracy across different categories of nodules, the C2fA module was proposed, enabling
the model to better capture spatial information and important features. Additionally, to
enhance the model’s robustness against data imbalance and convergence issues, the CW-
BCE and SIoU loss functions were incorporated into the object detection loss function,
thereby further improving model performance.

Preprocessing

Original DDTI

Crop

Shear

Detection

/7 YOLO-Thyroid N

Figure 1. Overall workflow of the proposed method. C and U are concat and upsample layers
respectively. The green frame and the number in Preprocessing is the ground truth of nodule location
and class. The yellow frame and the number in Detection indicates the prediction of location and class.

2.1. Dataset
2.1.1. Data Description

In this study, the Digital Database of Thyroid Images (DDTI) [20] was utilized. This
publicly available dataset provides a comprehensive collection of B-mode ultrasound
images, along with detailed descriptions and annotations of suspicious thyroid lesions. The
dataset contains 480 images from 400 medical cases, saved in JPG format with a resolution of
560 x 360 pixels. Label information is stored in XML files. The nodule information includes
composition, size, echogenicity, edge characteristics, presence or absence of calcification,
and Thyroid Imaging Reporting and Data System (TIRADS) scores. Nodule annotations
are manually segmented by radiologists and recorded in the form of coordinates. The
TIRADS [21] is used to assess the malignancy risk of thyroid nodules by standardizing the
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evaluation of ultrasound features and classifying nodules into different levels. The TIRADS
scores in the dataset include:

*  [2] Benign (0% risk of malignancy);

*  [3] No suspicious US feature (<5% malignancy);

*  [4a] One suspicious US feature (5-10% malignancy);

o [4b] Two suspicious US features (10-80% malignancy);

. [4c] Three or four suspicious US features (10-80% malignancy);
. [5] Five suspicious features (>80% malignancy).

These classifications are illustrated in Figure 2. The dataset was cleaned by remov-
ing images with incomplete coordinate annotations and missing TIRADS score labels,
ultimately obtaining 339 images. Figure 3 presents a statistical overview of the dataset.
According to established guidelines, classes 2 and 3 are categorized as benign, whereas
classes 4a, 4b, 4c, and 5 are classified as malignant [20].

[4b] [4c]

Figure 2. TIRADS classification for assessing malignancy risk in thyroid nodules. [2], [3], [4a], [4b],
[4c], [5] are the TIRADS scores to classify nodules. The details are described above.

[4al,27%

[4b],22%

Figure 3. Statistical overview of the DDTI dataset. [2], [3], [4a], [4b], [4c], [5] are the TIRADS scores to
classify nodules. The details are described above.

2.1.2. Data Preprocessing

In this paper, the image preprocessing process includes four key steps to convert the
dataset with original labels into YOLO data format. Non-essential information had to be
removed to ensure that the model focuses only on important features. Next, the images
were standardized in size to enhance data consistency and improve model performance.
Then, the dataset was divided and augmented to increase data diversity and enhance the
model’s generalization ability. Examples of the preprocessed images are shown in Figure 4.
Detailed descriptions of each step are as follows.
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Figure 4. Examples of preprocessed thyroid ultrasound images. (a) Original ultrasound image. (b)
Preprocessed image. The rectangle in (b) represents the detection label in YOLO format, indicating
the location of the thyroid nodule. The “4a’ label corresponds to the TIRADS score.

Data Format Conversion: The segmentation labels were transformed into the format
required by the YOLO model to prepare the data for subsequent object detection model
training. For each image, the minimum bounding rectangle of each target nodule was
extracted where the nodule is present in the segmentation label. Then, the center coordi-
nates of the bounding box and its width and height were calculated. These values were
normalized by dividing by the image’s width and height, ensuring they ranged between 0
and 1, as required by the YOLO format. The formatted labels included the class identifier
along with the normalized center coordinates, width, and height. This conversion enabled
the YOLO model to accurately interpret the bounding boxes for training and detection
purposes. The detailed pseudocode is provided in Algorithm Al in Appendix A.

Removal of Non-essential Information: The original ultrasound images contain addi-
tional information besides the target area, such as grayscale scales, parameter information,
text labels, and probe icons. This information might interfere with the model’s training and
detection accuracy. Therefore, during preprocessing, the images were cropped to remove
these non-essential elements, retaining only the ultrasound images containing the target
area [22,23]. The purpose of this step is to eliminate noise and irrelevant features, enhancing
the model’s focus on the target.

Image Adjustment: In the cropped images, the edges were padded with black pixels
to unify the image size to 640 x 640 pixels. The purpose of this step is to prevent the
target shape from being distorted when resizing the images, thus preserving the true
characteristics of the target.

Dataset Partitioning and Augmentation: The dataset was divided into three indepen-
dent subsets: the training set, validation set, and test set, in a ratio of 7:1.5:1.5. Table 1 lists
the number of samples in each subset of the DDTI dataset. In the training set, a series of
data augmentation techniques were applied to enhance the model’s generalization ability
and prevent overfitting. Specific augmentation methods included horizontal and vertical
flipping to increase sample diversity—acceptable in thyroid imaging due to the gland’s
bilateral symmetry. Cropping operations were used to simulate different imaging distances
and perspective changes, reflecting variations that occur in clinical practice. Rotation within
a limited angle range was applied to enhance the model’s robustness to varying probe
orientations during ultrasound examinations. Shear transformations were employed to
mimic slight geometric distortions that may result from probe pressure or angle varia-
tions during imaging. Brightness adjustments enabled the model to adapt to variations
in image intensity caused by different machine settings or patient characteristics. These
augmentation techniques are commonly used in medical image analysis to improve model
performance while maintaining clinical validity [24,25].
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Table 1. The distribution of samples in the training, validation, and test sets of the DDTI dataset.

Property Class Malignancy Risk Training Set Validation Set Testing Set  Total
. . 2 0% 30 4 7 41
Recognized Benign 3 <5% 12 4 3 19
4a 5-10% 62 14 17 93
Suspicious of Malignancy 4b 10-80% o8 o o 76
4c 10-80% 43 13 10 66
5 >80% 32 7 5 44
Total 237 51 51 339

In the augmented dataset, the augmentation methods are applied randomly and
can be combined, resulting in composite augmentations where multiple techniques are
applied together. Figure 5 illustrates the original image alongside the augmented images.
Collectively, these augmentation techniques enhanced the diversity of the training data,
thereby improving the model’s performance and generalization to unseen data. Through
these augmentation methods, the number of samples in the training set was expanded to
three times the original, and the augmented dataset is shown in Table 2.

Stepl: Crop

Step5: Brightness Step4: Shear Step3: Rotate

Figure 5. Examples of data augmentation techniques applied to a single image. Step 1: cropping to
retain 95% of the image centered at coordinates (7%, 46%). Step 2: horizontal flipping. Step 3: rotation
by 5 degrees. Step 4: shear transformations with 9 degrees along the X-axis and —2 degrees along the
Y-axis. Step 5: a brightness adjustment of 9%. The final image is the result of the combined effect of
these augmentation methods.

Table 2. Expanded sample sizes in the augmented training set.

Property Class Malignancy Risk Training Set Validation Set Testing Set  Total
. . 2 0% 90 4 7 101
Recognized Benign 3 <5% 36 4 3 43
4a 5-10% 186 14 17 217
Suspicious of Malignancy 4 10-80% 174 9 g 192
4c 10-80% 129 13 10 152
5 >80% 96 7 5 108

Total 711 51 51 813
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2.2. Methods

In this study, a detection model based on the YOLOVS architecture, named YOLO-
Thyroid, is proposed. YOLOVS [19] is an advanced single-stage object detection model
with efficient feature extraction capabilities and fast inference speed, as shown in Figure 6.
To further enhance performance in thyroid ultrasound nodule detection tasks, two key
modules were introduced. First, the feature extraction of the model was optimized by
designing a C2fA module to enhance its perception of thyroid nodules, which enhanced
detection performance in complex ultrasound image backgrounds. Second, considering
the characteristics of ultrasound datasets, its loss function was improved to enhance the
model’s performance under class imbalance conditions. These two improvements allow
YOLO-Thyroid to enhance nodule detection performance while maintaining the original
model’s efficiency. The design concepts and implementation details will be detailed in the
following sections.

MaxPool2d
MaxPool2d

MaxPool2d

(€] cConcat
(@) upsample

Backbone Neck Head

Figure 6. Architecture of YOLOVS [19].

2.2.1. C2fA Module

When a neural network extends to multiple convolutional layers, its ability to enhance
feature representation learning becomes significant. However, increasing deep convolu-
tional layers consumes large memory and computational resources, which is a primary
challenge in constructing deep CNNs. To improve model performance without escalating
computational complexity, attention mechanisms have emerged as an effective alterna-
tive [26]. These mechanisms strengthen the learning of discriminative features and are
easily integrated into neural networks due to their flexible structure. The YOLO-Thyroid
model incorporates the CA mechanism [27], which embeds positional information into
channel attention. By employing one-dimensional pooling operations to capture feature
encodings along horizontal and vertical directions, CA effectively integrates spatial coordi-
nate information into attention maps. This enhancement improves the model’s ability to
perceive target positions and increases the accuracy of feature extraction.

Drawing inspiration from the CA mechanism, the C2fA module was designed and
introduced. As illustrated in Figure 7, the C2fA module combines the efficient feature
aggregation of the C2f module with the CA mechanism. The architecture of the C2fA
module is detailed as follows.
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Figure 7. C2fA module design.

The module takes an input feature map X (a matrix) from the previous layer. First, X
is split into two parts, X; and X»:

X1, Xp = Spllt(X) (1)

This splitting operation allows the network to process different portions of the features
separately, enabling the diversification of the feature extraction process. The second part Xp
is then passed sequentially through n bottleneck blocks, producing a series of intermediate
outputs denoted as Xéi) fori =1,...,n. This process extracts higher-level features while
reducing computational load. Each bottleneck operation can be described as:

Xgi) = Bottleneck (Xéiil) ), where X§0) =X, (2)

This bottleneck structure effectively reduces dimensionality and focuses on essential
features, thereby enhancing computational efficiency. After the bottleneck transformation,
the original and processed feature maps are concatenated to form the output:

Y = Concat(X1 , %, X{",..., X{") 3)

The concatenation allows the network to combine unprocessed and processed features,
providing a richer and more diverse set of features for subsequent layers. It ensures that
both the original information and the enhanced features contribute to the learning process.

To enhance the spatial and channel-wise feature representation, a CA mechanism is
applied to Y. The output is then passed through another 1 x 1 convolution to adjust the
channel size, producing the final output:

Output = Convl x 1(CA(Y)) 4)

By integrating the CA mechanism into the C2f layer, the C2fA module enables the
model to identify important features more precisely, thereby improving the detection
accuracy of nodules in different categories. Specifically, the last three C2f layers in the
backbone network were replaced with C2fA modules. This strategic placement ensures that
attention mechanisms are applied to higher-level feature maps. By integrating attention into
feature processing, the model can better capture spatial information and important features
while maintaining computational efficiency. The experimental results demonstrate that the
model incorporating the C2fA module surpasses the original model in both accuracy and
efficiency, verifying the effectiveness of the proposed method.

2.2.2. Loss Function

In nodule detection tasks, there is often a significant class imbalance among different
categories: some categories have a large number of samples, while others are relatively
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scarce. This imbalance can cause the model to be biased toward predicting categories with
more samples, thereby affecting the overall detection performance. To address this issue, a
class-weighted binary cross-entropy (CW-BCE) loss function was introduced. By assigning
appropriate weights to each category inversely proportional to its sample frequency, the
model focuses more on underrepresented categories during training, thus improving
detection performance for these categories.

The weight w; for each category i is calculated based on its sample frequency:

N
_CXl’li

w; (5)
where N is the total number of samples in the dataset, C is the total number of categories,
and #; is the number of samples in category i. This formula ensures that categories with
fewer samples receive larger weights, effectively balancing their influence during training.
The CW-BCE loss for each sample is then defined as:

Lew-Bce = —wcly log(p) + (1 —y) log(1 — p)] (6)

Here, y is the true label of the sample, set to 1 if the sample belongs to category c
and 0 otherwise. p is the predicted probability that the sample belongs to category c,
obtained after applying the Sigmoid function to the model’s output, and w is the weight
corresponding to category c.

Consider three categories [c1, ¢, c3] with the following number of samples: [1000, 500,
100] The total number of samples is N = 1600. The weights for each category [w1, wp, w3]
are calculated as [0.53, 1.07, 5.33]. Category c3, which has the fewest samples, receives
the highest weight. This higher weight increases the contribution of category cz samples
to the loss function, encouraging the model to focus more on accurately classifying these
underrepresented samples during training. Class weights are incorporated into the loss
function to adjust the loss contribution of each sample based on its category weight. This
approach ensures that during training, the model pays more attention to underrepresented
categories, reducing misclassification rates for these categories and effectively mitigating
the impact of class imbalance on overall model performance.

2.2.3. Outcome Measure

To further enhance the localization accuracy of bounding boxes, the SIoU loss func-
tion [28] was introduced into the model. SloU is an improved IoU loss that comprehensively
considers the geometric relationship between the predicted box and the ground truth box,
including overlap area, center point distance, area ratio, and shape differences. By si-
multaneously considering these discrepancies, the SloU loss guides the model to learn
more accurately, improving localization precision and regression accuracy. The SloU loss
function is expressed as:

A+Q
Lpor = 1 —ToU + 25 @)
IoU — znters?ctzon ®)
union

where A represents the distance loss, quantifying the distance between the center points of
the predicted box and the ground truth box, and incorporating an angle cost to make the
penalty of the distance loss positively correlated with the angle difference; () represents
the shape loss, penalizing the differences in width and height between the predicted box
and the ground truth box; IoU is the Intersection over Union that calculates the ratio of
the intersection area over the union area between the predicted box and the ground truth
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box. mAP (mean average precision) is a metric used to evaluate the performance of object
detection models, representing the average precision across all classes at different threshold
levels, providing a comprehensive assessment of the model’s detection capabilities.

3. Results
3.1. Experimental Setting

To validate the effectiveness of the proposed YOLO-Thyroid model, comprehensive
evaluations were conducted. The DDTI dataset [20], professionally labeled and prepro-
cessed, was used in evaluation to ensure the reliability and validity of both the training and
testing phases. Nodule diagnoses adhere to the TIRADS scoring system [21], encompassing
six nodule categories (2, 3, 4a, 4b, 4c, and 5), including both benign (2 and 3) and malignant
(4a, 4b, 4c, and 5) nodules. Table 2 summarizes the sample counts in the training, validation,
and test sets of the augmented DDTI dataset. To enhance the dataset, data augmentation
techniques were applied to the original dataset, including flipping [29], rotation [29], crop-
ping [29], shearing [30], and brightness [31] adjustment. As a result, the number of samples
in the augmented dataset increased from 339 to 813.

In the experiments, all methods were implemented using Ultralytics [19] on an
NVIDIA GeForce RTX 3080 GPU (manufactured by NVIDIA Corporation, Santa Clara,
California, USA) with 8704 CUDA cores and 10 GB of memory. For thyroid nodule detec-
tion, macro-average precision (P), macro-average recall (R), mAP0.5, and mAP0.5:0.95 were
utilized to thoroughly evaluate model performance. Precision measures the accuracy of
the model’s positive predictions, while recall assesses the model’s ability to identify all
positive samples. mAP0.5 represents the mAP at an IoU threshold of 0.5, and mAP0.5:0.95
represents the mAP across IoU thresholds ranging from 0.5 to 0.95. Additionally, to as-
sess the training and inference efficiency of the model, the training time (Tr, minutes per
epoch), testing time (Te, milliseconds per image), parameters (Params), and the number of
floating-point operations (FLOPs) were recorded. These metrics provide insights into the
computational complexity and resource requirements, contributing to a comprehensive
assessment of each model’s efficiency and scalability. During model training, the batch size
was set to 16, and training was conducted over 300 epochs. Dropout techniques and an
early stopping strategy were employed to prevent overfitting.

3.2. Ablation Studies

To evaluate the impact of each module in the proposed model on ultrasound nodule
detection performance, ablation experiments were conducted, with the results presented in
Table 3. Starting from the baseline model YOLOVS-N, the C2fA module, the CW-BCE loss
function, and the SIoU loss function were sequentially added.

As detailed in Table 3, the base YOLOvS8-N model achieved a precision of 53.7%, recall
of 37.4%, mAPO0.5 of 37.4%, and mAP0.5:0.95 of 25.7%. Introducing the C2fA module
increased precision to 67.0% but reduced recall to 28.9%, indicating a trade-off between
accuracy and nodule detection. Employing the CW-BCE loss function resulted in an
improvement of recall to 39.5% and an increase in the mAP metrics. These findings
demonstrate that, although CW-BCE is a simple and widely used technique, its application
in this manner effectively enhances the model’s sensitivity to the minority class. This
validates its effectiveness in the specific application of detecting thyroid nodules, where
class imbalance poses a significant challenge. The SIoU loss increased recall significantly to
56.6% and improved mAP metrics, though precision decreased to 25.4%, suggesting more
target detections but higher false positives due to boundary optimization. The integration
of all components yielded the best overall performance, with mAPO0.5 reaching 43.6%,
mAP0.5:0.95 increasing to 28.7%, average detection precision being 54%, and the detection
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of nodules containing at least one suspicious feature recall of 58.2%, respectively. This
synergy enhances feature extraction, addresses class imbalance, and optimizes boundary
regression. In summary, the C2fA module improves feature representation, the weighted
binary cross-entropy loss addresses class imbalance, and the SIoU loss enhances boundary
localization. Together, they achieve a balance between precision and recall, significantly
advancing ultrasound nodule detection performance and highlighting the effectiveness of
the proposed method.

Table 3. Results of ablation experiments evaluating module impact.

Base Model Components P R mAP0.5 mAP0.5:0.95 Tr Te
ase Vlodel  C2fA  Lcwbce  Lsiou (%)F (%)t (%)t (%) 1 (min/epoch) |  (ms/image) |

53.7 374 374 25.7 0.057 95

v 67.0 28.9 38.9 253 0.058 7.7

v 35.3 395 405 282 0.054 8.6

v 254 56.6 39.9 274 0.055 8.2

YOLOvV&-N V 55.8 335 36.4 255 0.059 8.2

v v 60.5 36,5 39.2 27.0 0.058 7.8

v v 62.1 342 39.1 273 0.055 7.2

v v v 54.0 416 436 28.7 0.058 8.1

1 indicates superior performance with a higher value, while | indicates superior performance with a lower value.
y/ indicates the components existing. The best performance in the column was bolded.

Figure 8 illustrates the training and validation dynamics of the YOLO-Thyroid model
over 300 epochs. The plots depict the evolution of various loss metrics, including box
loss, class loss, and distribution-focused loss (DFL loss), alongside performance metrics
such as macro-average precision, macro-average recall, mAP0.5, and mAP0.5:0.95. The
training losses (top row) consistently decline, indicating effective learning and convergence,
while the validation losses (bottom row) also decrease, suggesting good generalization
capabilities in this specific dataset. Notably, precision and recall metrics progressively
improve, reflecting the model’s enhanced ability to accurately detect and classify nodules.
The mAP measures show significant growth, underscoring the model’s robust performance
across varying IoU thresholds. These overall trends confirm the efficacy of the proposed
model’s improvements in enhancing detection accuracy and reliability.

train/box_loss train/cls_loss train/dfl_loss metrics/precision(B) metrics/recall(B)

57
—e— results g
251 40
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Figure 8. The training and validation dynamics of the YOLO-Thyroid model over 300 epochs. The
orange dots indicate the smoothed curves.
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3.3. Comparison with State-of-the-Art Methods

In this section, the proposed model is compared with state-of-the-art YOLO series
models (YOLOVS5 [32], YOLOvV6 [33], YOLOvS [19], YOLOvV9 [34], YOLOV10 [35]), and
DETR series models (RT-DETR-R50 [36], RT-DETR-L [36]). All models were trained and
evaluated on the same dataset and under identical experimental conditions to ensure
fairness and reliability in the comparison. The experimental results are presented in Table 4.

Table 4. The comparative performance of the proposed model with state-of-the-art YOLO and DETR
series models.

Model Model mAvg-P mAvg-R mAP0.5 mAP0.5:0.95 (minT/Z och) (mslf:;a o FParams FLOPs
Type (%) 1 (%) 1 (%) 1 (%) 1 | P | SR ©) |
RT-DETR-R50  37.7 24.7 238 145 0.304 15.4 40.00 1256

DEIR RT-DETR-L 26.8 277 245 16.0 0.277 15.2 30.51 1035
YOLOV5-N 59.9 33.1 324 218 0.055 9.0 239 7.1

YOLOV5-L 59.0 33.6 35.3 238 0.257 133 50.67 1347
YOLOV6-N 57.9 305 389 26.6 0.055 8.0 4.04 118

YOLOV6-L 133 213 17.3 103 0.453 19.4 105.73 391.2
YOLOV8-N 53.7 37.4 37.4 25.7 0.057 9.5 2.87 8.1

YOLO YOLOVS-L 40.4 39.6 315 23 0.245 14.1 4159 164.8
YOLOV9-T 21 415 349 24.1 0.09 9.5 1.88 7.6

YOLOV9-C 40.6 35.5 39.9 23.7 0211 14.1 24.15 1023
YOLOV10-N 51.1 27.9 311 20.7 0.07 8.6 257 8.2
YOLO-Thyroid ~ 54.0 416 43.6 28.7 0.058 8.1 2.89 8.1

1 indicates superior performance with a higher value, while | indicates superior performance with a lower value.
The best performance in the column was bolded.

Table 5 presents the performance of precision (P) and recall (R) for different TIRADS
classes (4a, 4b, 4c, and 5), along with their weight average values (Avg). Precision indi-
cates the proportion of correctly detected nodules containing at least one relevant feature
among all detected nodules, while recall reflects the proportion of true nodules that were
successfully detected with at least one suspicious feature.

YOLO-Thyroid demonstrated excellent performance across all metrics. Specifically, it
achieved a precision of 54.0%, a recall of 58.2%, an mAPO0.5 of 43.6%, and an mAP0.5:0.95 of
28.7%, outperforming the other models overall. This indicated that the proposed model can
detect more true positives while reducing false detections, achieving a favorable balance
between precision and recall. Additionally, YOLO-Thyroid had a parameter count of
2.89 M, FLOPs of 8.1 G, and an inference time of 8.1 milliseconds per image. It reduced the
complexity and computational load while maintaining high accuracy, making it suitable
for applications in resource-constrained environments.

Table 5. Performance of Precision (P) and Recall (R) Based on Nodules Containing at Least One
Relevant Feature Across Different TIRADS Classes.

4a 4b 4c 5 Weight Avg
P (%) 61.2 36.9 38.2 58 49.9
R (%) 68.5 57.1 429 55.9 58.2

In contrast, other models such as YOLOv5-N, YOLOv6-N, YOLOv8-N, YOLOvV9-T,
and YOLOV10-N, although they also had smaller model sizes, did not match YOLO-
Thyroid in detection performance. Larger models like YOLOv9-C and YOLOv10-L, while
showing improvements in some metrics, had significantly increased parameter counts and
FLOPs, and their inference speeds decreased noticeably. Moreover, the DETR series models
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had larger scales and higher computational demands but did not exhibit corresponding
advantages in detection performance and inference speed, rendering them inferior to
YOLO-Thyroid. This further confirms the advantages of the YOLO-Thyroid model in
structural design and optimization, achieving higher detection performance with a smaller
model size. These results validate the effectiveness of YOLO-Thyroid for specific medical
imaging applications, providing important technical support for diagnosis.

To visually illustrate the superior performance of the proposed method in nodule de-
tection tasks, the actual detection results are presented in Figure 9. This figure compares
YOLO-Thyroid with the detection results of other models. As shown in the figure, YOLO-
Thyroid can more accurately locate and identify nodules, maintaining high detection accuracy
even in complex scenarios and significantly reducing missed detections and false positives.
This demonstrates the effectiveness and reliability of YOLO-Thyroid in practical applications.

The generalization ability of the model was assessed by evaluating its performance on
both the original and augmented datasets. As shown in Table 6, the YOLO-Thyroid model
demonstrated significant improvement with data augmentation: a macro-average recall
from 34.5% to 41.6%, and an mAP0.5 from 33.0% to 43.6%. This improvement suggests that
data augmentation enhanced the model’s ability to learn robust features and generalize to
unseen data.

Ground Truth

YOLO-Thyroid

Yolov5-N

Yolov6-N

Yolov8-N

Yolov9-T

Yolov10-N

“" pac)=0s0 -~ |- [2)-0.67 [2]-0.

RT-DETR-L

Figure 9. A visual comparison of the nodule detection results across different models. Each detected
nodule is highlighted with a bounding box in different colors and labeled with a number in brackets,
indicating the class, followed by the confidence score of the prediction.
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Table 6. A performance comparison of the YOLO-Thyroid model on original and augmented datasets.

Dataset mAvg-P (%) T mAvg-R (%) T mAP0.5 (%) T mAPO0.5:0.95 (%) 1
Original 35.8 345 33.0 18.5
Augmented 54.0 41.6 43.6 28.7

1 indicates superior performance with a higher value.

4. Discussion

This article presents the YOLO-Thyroid model, designed for the task of ultrasound
nodule detection. YOLO-Thyroid effectively enhances detection performance through
the introduction of the C2fA module and improved loss functions. The C2fA module
combines spatial and feature information, enabling the model to better capture the features
of nodules, particularly improving detection accuracy for small and complex nodules. This
enhancement resulted in a precision increase by 18% and an improvement in mAP0.5 by
10.6% compared to the baseline model. The improved loss functions consider the class
imbalance issue inherent in the dataset and multiple factors such as the target’s position,
size, and shape, leading to more accurate localization and reduced detection errors. This is
evidenced by a detection macro-average recall increase by 7%. The experimental results
demonstrate that this model outperforms current state-of-the-art object detection methods
across various performance metrics. Specifically, YOLO-Thyroid achieved an increase in
mAPO0.5 to 43.6%, compared to 37.4% from the baseline model, indicating a substantial
enhancement in overall detection accuracy. This outcome validates the effectiveness of
YOLO-Thyroid for specific medical imaging tasks and provides significant technical support
for clinical diagnosis.

In object detection tasks, such as thyroid nodule detection, mAP is the standard eval-
uation metric as it effectively captures both precision and recall across multiple classes
and detection thresholds [37]. Precision reflects the model’s ability to correctly identify
relevant objects, expressed as the percentage of true positive predictions among all positive
detections. Recall, on the other hand, measures the model’s ability to detect all relevant
cases, represented by the percentage of true positive predictions among all ground-truth
bounding boxes [37,38]. mAP is widely adopted in major benchmarks and challenges,
including PASCAL VOC [39] and COCO [40], because it provides a comprehensive assess-
ment of a model’s performance in both classification and localization. This dual capability
is crucial in tasks where the accurate localization of thyroid nodules is essential.

Several studies have explored semantic segmentation models like SegNet [41],
DeepLab [42], and PSPNet [43], which offer precise pixel-level delineation but come with
significant drawbacks. DeepLab, for example, has high GPU utilization due to its com-
plex structure, while models like PSPNet and SegNet are slower because of their intricate
architectures, making them less efficient for real-time applications [44—46]. These models
are computationally intensive, requiring more processing power and time, which limits
their practicality in large-scale clinical screening [47], where speed is crucial. In contrast,
YOLO, a one-stage framework, overcomes the shortcomings of two-stage methods like
R-CNN [48] by simplifying the detection process. YOLO performs both object localization
and classification in a single network, resulting in faster processing and reduced compu-
tational overhead [49]. This speed and efficiency make YOLO more suitable for real-time
thyroid nodule detection, especially in resource-constrained environments, where rapid
decision-making is essential [49,50].

Recent studies have integrated CA mechanisms with YOLOVS in various applica-
tions [51,52]. However, their methods are not directly transferable to ultrasound nodule
detection due to the unique challenges of medical ultrasound imaging. The proposed
approach introduces a customized C2fA module specifically tailored for ultrasound nodule
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detection, involving modifications that differ from those in previous studies. Comparing
YOLO-Thyroid to the two-stage detection method used by [53], which reports higher pre-
cision on the DDTI dataset, highlights important considerations for clinical applications.
Two-stage detectors excel in precision due to their sequential proposal and refinement
processes but are computationally intensive. Although the one-stage YOLO-Thyroid model
has a lower precision, it offers significant advantages in inference speed and computa-
tional efficiency, which are critical for real-time ultrasound imaging and prompt clinical
decision-making. Additionally, the datasets used in the two studies differ substantially.
The DDTI dataset may contain higher-quality images or specific characteristics that favor
higher detection precision, whereas the dataset used in this study encompasses a broader
spectrum of ultrasound images with varying complexity and noise. These differences
emphasize the importance of considering dataset characteristics when evaluating and
comparing model performance.

This study further analyzes the model’s ability to differentiate and detect nodules
across different TIRADS classes to identify categories that require special attention for
clinical decision-making. Sensitivity (measured through recall) was used as the primary in-
dicator of the model’s effectiveness in detecting nodules within each risk level, particularly
for TIRADS 4a, 4b, 4c, and 5 classes.

For TIRADS classes 4a, 4b, and 4c:

e  TIRADS 4a demonstrated the highest recall among these three categories, reflecting the
model’s ability to effectively detect nodules in this lower-risk class. However, nodules
in TIRADS 4a generally have fewer malignant features, and their clinical urgency is
relatively lower compared to TIRADS 4b and 4c. As a result, while maintaining high
recall for 4a is important for ensuring comprehensive screening, it is not the most
critical category for guiding clinical decision-making regarding further investigations.

o  TIRADS 4b achieved a higher recall compared to TIRADS 4c, highlighting the model’s
stronger ability to identify nodules in this category. Given its maximum malignancy
risk of 80%, TIRADS 4b represents a key decision-making threshold where detecting
sufficient diagnostic features is critical for recommending further investigations, such
as fine-needle aspiration biopsy (FNAB).

e TIRADS 4c, which shares the same maximum malignancy risk as 4b, exhibited a
relatively lower recall. This suggests that further optimization is needed to improve
detection for this category to ensure consistent performance across all high-risk classes.

e For TIRADS 5, while recall alone cannot fully evaluate its significance due to its
minimum malignancy risk already exceeding 80%, this category remains clinically
crucial. Nodules in TIRADS 5 often exhibit obvious malignant features, enabling
quicker triage and more immediate clinical action. High detection performance in this
category ensures that patients with overtly high-risk nodules are promptly referred
for further investigation and treatment, which is vital for improving clinical efficiency.

Based on these findings, TIRADS 4b exhibits the highest detection sensitivity (i.e.,
two features suspected of being malignant, with a 10% to 80% malignant risk). Therefore,
this risk class is recommended as the primary reference for supporting clinical decisions.
Meanwhile, maintaining high recall for TIRADS 4a supports comprehensive screening
efforts, and consistent performance in TIRADS 5 ensures the rapid identification and triage
of overtly malignant nodules.

By establishing TIRADS 4b as the sensitivity benchmark and balancing detection
performance across other categories, this study provides a quantitative framework for
identifying high-risk nodules that require prompt follow-up. This approach ensures optimal
utilization of clinical resources while minimizing missed diagnoses.
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Despite the excellent results achieved by the YOLO-Thyroid model, there are still
limitations and areas for improvement. First, the research is primarily based on a specific
dataset, and the scale and diversity of this dataset may affect the model’s generalization
capability. In future work, the model’s performance will be validated on larger and more
diverse datasets to enhance the model’s generalizability and robustness. Incorporating
other advanced models or technologies, such as the MAMBA [54] and KAN [55] architec-
tures, may further refine the model’s performance. Additionally, exploring multimodal
data integration, such as combining ultrasound images with patient demographic and
clinical data, may improve the model’s diagnostic capabilities. Furthermore, combining
denoising and image enhancement techniques could reduce the impact of noise and vari-
ability in ultrasound images, thereby improving model efficacy. Potential applications
of the YOLO-Thyroid model extend beyond thyroid nodule detection. By retraining the
model on different medical imaging modalities, such as MRI or CT scans, it could detect
other illnesses and abnormalities, thus expanding its diagnostic utility across the healthcare
spectrum. Moreover, the model can be adapted for critical applications like fall detection
in the elderly [56] by processing visual data from monitoring devices to provide real-time
alerts and enhance safety. These adaptations demonstrate the model’s versatility and its
potential to significantly contribute to patient care and safety in diverse contexts.

5. Conclusions

In this paper, a YOLO-based model, YOLO-Thyroid, is proposed for ultrasound
nodule detection. By introducing the C2fA module and improved loss functions, YOLO-
Thyroid achieves an optimal balance between detection performance and model complexity.
Through a series of ablation experiments, the effectiveness of the C2fA module and the
new loss function in enhancing model performance has been verified. These improvements
strengthen the model’s ability to extract and represent nodule features, increasing detection
accuracy for small and complex nodules. Simultaneously, the new loss function enables
more precise boundary regression, reducing detection errors. Furthermore, comparative re-
sults with state-of-the-art models indicate that the YOLO-Thyroid model achieves superior
performance across all evaluation metrics.

The mAP is a primary metric for evaluating detection performance, balancing preci-
sion and recall across classes and thresholds. Recall is particularly important in medical
contexts to ensure all relevant cases are identified. In this study, the YOLO-Thyroid model
was developed and optimized to achieve a high mean average precision (mAP) of 43.6%
(mAP@0.5) and a recall of 58.2%. These results indicate superior performance compared to
state-of-the-art models.

This research provides an efficient and reliable solution for automatic nodule detection,
which is anticipated to play a significant role in clinical diagnosis. In future research, the
dataset will be expanded by incorporating more ultrasound images from different devices
and patient populations to enhance the model’s applicability.
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C2 CSP Bottleneck with Two Convolutions

CA Coordinate Attention

CNNs Convolutional Neural Networks

CSP Cross Stage Partial

CT Computed Tomography

CW-BCE Class-Weighted Binary Cross-Entropy
DDTI Digital Database of Thyroid Images
DFL Loss Distribution-Focused Loss
FLOPs Floating-Point Operations

FNAB Fine-Needle Aspiration Biopsy

IoU Intersection Over Union

MRI Magnetic Resonance Imaging
NMS Non-Maximum Suppression
P Precision

mAvg-P Macro-Average Precision
Params  Parameters

R Recall

mAvg-R  Macro-Average Recall

SloU SCYLLA-IoU

Te Testing Time

TIRADS  Thyroid Imaging Reporting And Data System
Tr Training Time

us Ultrasound

YOLO You Only Look Once

Appendix A

The algorithm outlines the process of converting the original DDTI dataset’s segmen-
tation labels into the YOLO format required for object detection. For each image and its
corresponding segmentation label, the algorithm extracts the minimum bounding rectangle
that encompasses the target nodule by identifying the smallest and largest x and y coordi-
nates where the nodule is present. It then calculates the center coordinates of this bounding
box by averaging the minimum and maximum x and y values and determines the width
and height by computing the difference between the maximum and minimum coordinates.
The normalized center coordinates, width, and height, along with the class identifier of the
nodule, are combined to form the YOLO label for each image.

Algorithm A1 Conversion of Original DDTI to YOLO Format

Input: Original DDTI with images and their corresponding segmentation labels
Output: YOLO-formatted label dataset

1. for each image I; and its segmentation label L; in Original DDTI do

2. Load I;and L;

3 Extract bounding box coordinates:

4. Xiins Xmax = min/max(x | Li(x,y) = 1)

5 Yo Yonax = min/max(y | Li(x,y) = 1)
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6 Compute YOLO format parameters:

7. Xcenter = (xmin + xmax)/z

8. Yeenter = (ymin + ymax)/z

9. width = Xpax — Xpin

10. height = Ymax — Yimin

11. Normalize coordinates:

12. Xcenteryom = Xcenter/image_width
13. Yeenteruorm = Ycenter / image_Width
14. widthporm = width/image_width
15. heightnorm = height/image_height
16. Create YOLO label:

17. Lyoto = [class_id, Xcenter,yp » Ycenter o, Widthnorm, heightnorm
18. Save Ly, to YOLO label file

19. end for
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