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Abstract The rise in thyroid cancer has significantly increased the burden on radiologists to diagnose 
thyroid nodules using sonography accurately. To address this challenge, a highly precise and efficient 
automatic computer-aided diagnosis system is needed. A retrospective analysis was conducted on a 
dataset consisting of 200 ultrasound images from 161 patients (84 benign and 77 malignant) at Wenzhou 
Central Hospital. This study presents an enhanced version of the You Only Look Once version 8 (YOLOv8) 
neural network, specifically designed to improve the accuracy of thyroid nodule diagnosis. YOLO has been 
objective in handling the required elements from the given input images or frames, and the article 
discusses the extensive benefits of the same. The proposed network incorporates a Coordinate Attention 
(CA) module and a Label Smoothing Regularization (LSR) module, which facilitate the extraction of 
positional information and enhance overall performance. The improved neural network demonstrates high 
accuracy in identifying lesion areas and classifying nodule types, achieving a mean average precision 
(mAP) of 90% with an average inference time of 8 milliseconds on the test dataset. The ablation experiment 
revealed that incorporating the CA and LSR modules adds 1.2 milliseconds of computational time per 
image while providing a significant 4.1% improvement in mean average precision (mAP). Compared with 
state-of-the-art networks, the enhanced YOLOv5 network performed exceptionally well in diagnosing 
benign and malignant thyroid nodules, even with a limited dataset. Furthermore, its high accuracy and 
efficiency suggest potential applicability to other sonographic diagnostic tasks, aiding radiologists in 
improving diagnostic accuracy and patient outcomes. 
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I. Introduction
Thyroid nodules are a common form of tumor among
adults, exhibiting a notable gender disparity.
Specifically, females are approximately three times
more likely than males to receive a thyroid cancer
diagnosis [1]. Additionally, health trends indicate a
significant increase in the incidence of thyroid cancer
over the past three decades, with several high-income
countries experiencing a more pronounced rise in
cases. Thyroid nodules are often among the earliest
indicators of thyroid cancer. Effectively distinguishing
between benign and malignant nodules is crucial for

improving survival rates in individuals diagnosed with 
thyroid cancer. Ultrasonography is a primary, non-
invasive, non-radioactive, and cost-effective technique 
for screening thyroid nodules. However, several 
challenges complicate ultrasound-based thyroid 
diagnosis: 
1. Thyroid nodules are typically small with indistinct
margins, making them difficult to detect [2].
2. Diagnosis is highly subjective and depends on the
expertise and experience of radiologists, which
increases the complexity of accurately assessing
thyroid nodules. Additionally, the rising number of
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patients significantly adds to radiologists’ workloads, 
increasing the likelihood of misdiagnosis [3]. 

Fine-needle aspiration biopsy (FNAB) is commonly 
used in clinical practice for the secondary evaluation of 
suspicious malignant nodules detected on ultrasound 
images. However, FNAB can be costly and carries risks 
such as nerve and blood vessel damage. Furthermore, 
studies indicate that approximately 10–30% of nodules 
remain indeterminate even after FNAB [4]. To address 
these limitations, there is an urgent need for an accurate 
and efficient automated tool for diagnosing thyroid 
ultrasound images. Such a system could significantly 
reduce unnecessary FNAB procedures and minimize 
the risk of misdiagnosis.  

Deep learning technologies have emerged as a 
promising alternative to traditional manual diagnostic 
methods. Recent advancements in computer vision 
have particularly focused on convolutional neural 
networks (CNNs), which excel in texture extraction 
from images, surpassing human analytical capabilities 
[5]. The diagnosis of ultrasound images constitutes a 
typical object detection task within the realm of 
computer vision, where traditionally, two distinct 
models, the texture extraction model and the 
classification model, have been employed to achieve 
accurate results. A notable instance in this field 
occurred in 2017, when the VGG-F network was 
trained as a feature-extraction model, with the 
extracted features subsequently fed into a support 
vector machine (SVM) for nodule classification. Many 
researchers have adopted this two-model approach to 
achieve accurate diagnoses. However, a key limitation 
is that the gradients of the feature extraction and 
classification models cannot be optimized 
simultaneously within this architecture. This 
inefficiency results in a complicated and time-
consuming training process. The introduction of the 
region-based CNN (R-CNN) series provided a solution 
by integrating the extraction and classification stages 
into a single model, thus streamlining training and 
improving overall efficiency [6-9]. It is comprised of two 
stages. In the first stage, thousands of candidate 
regions are proposed as potential locations for an 
object within an image. The second stage utilizes these 
proposals to predict the class of the object and to refine 
the bounding box that encapsulates it, ensuring greater 
accuracy in localization. A robust deep-learning 
approach was developed specifically for the detection 
of thyroid papillary cancer. They enhanced the Faster 
R-CNN model by implementing layer concatenation,
which allows for the extraction of more detailed
features from low-resolution medical images. This
innovation significantly improves the model's ability to
identify subtle indicators of cancer. In a complementary
study, a deep learning framework based on the multi-
task architecture of Mask R-CNN was adopted [10].
Their approach included a modified loss function that

optimized the training process, enabling the model to 
achieve an impressive mean average precision (mAP) 
of 80%. Additionally, this framework allows for the 
generation of precise masks that delineate the lesion 
areas at the pixel level, offering invaluable information 
for further analysis. While the R-CNN series of 
networks demonstrates superior performance in both 
detecting and classifying thyroid nodules compared to 
many other architectures, there are inherent 
challenges associated with their use [11]. Specifically, 
the two-stage structure, while effective at achieving 
high detection accuracy, can limit the speed of both 
training and inference processes, particularly when 
applied to multi-scale detection tasks. This trade-off 
between accuracy and efficiency is an important 
consideration when deploying these models in clinical 
settings. The You Only Look Once (YOLO) neural 
network series [12] was proposed which, represents 
one of the leading architectures in deep learning, 
particularly in the field of object detection. This 
architecture is characterized as a one-stage neural 
network, which means it processes the entire image in 
a single pass, enabling it to maintain an effective 
balance between the precision with which it identifies 
objects and the efficiency with which it performs these 
identifications. Building upon the foundational YOLOv3 
model, the YOLOv3-DMRF network was developed, 
introducing advanced features such as a dense multi-
receptive field convolutional neural network (CNN) and 
multi-scale detection layers [13]. These innovations 
enhance the network's capability to capture and 
analyze various features, particularly the edge and 
texture characteristics of thyroid nodules across 
different sizes and resolutions. The effectiveness of the 
YOLOv3-DMRF network is demonstrated through 
experiments, which showed that it can accurately 
identify thyroid nodules with an impressive mean 
Average Precision (mAP) of 95.23%. Remarkably, it 
achieves this level of accuracy in just 2.2 seconds, 
making it a powerful tool for rapid diagnostic 
assistance in medical imaging applications [14]. This 
efficient performance is particularly valuable in clinical 
settings where timely decision-making is crucial. Many 
machine learning methods require large datasets, 
which can be challenging to obtain for medical imaging 
tasks. In this paper, we propose a lightweight, data-
efficient network for thyroid nodule detection in 
ultrasound images. Building on the YOLOv5 
architecture [15], we introduce a Label Smoothing 
Regularization (LSR) module to mitigate overfitting and 
enhance robustness when training on smaller 
datasets. Additionally, we incorporate a Coordinate 
Attention (CA) module into the network to improve the 
extraction of texture and positional information. The 
enhanced network sacrifices a slight decrease in 
inference speed due to an increased model size in 
exchange for greater accuracy and robustness, 
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making it particularly well-suited for medical imaging 
applications [16]. The remainder of this paper is 
structured as follows:  

Section II provides an in-depth overview of the 
workflow, detailing the processes involved in patient 
data preparation, including data cleansing, 
normalization, and feature selection. It also covers the 
construction of the network architecture, explaining the 
choice of layers, activation functions, and optimization 
techniques, as well as the training settings, such as 
learning rate, batch size, and number of epochs [17]. 
In Section III, we report the experimental results, 
presenting quantitative and qualitative analyses. We 
compare the performance of the proposed method 
against several state-of-the-art (SOTA) models across 
various benchmark datasets, highlighting metrics such 
as accuracy, precision, recall, and F1-score. Section 
IV provides a comprehensive discussion of the 
findings, offering a detailed analysis of the strengths 
and weaknesses of the network. We explore potential 
limitations in terms of model generalization, 
computational efficiency, and applicability to diverse 
patient populations. Finally, Section V summarizes the 
key insights and contributions of this research, 
suggesting paths for future study and potential 
improvements to the methodology.  

II. Materials and Methods
The task of this study can be comprehensively divided
into two main parts: model training and model
evaluation. In the model training phase, as depicted in
Fig. 1, we begin by collecting a diverse set of raw
ultrasound images, which are then meticulously
preprocessed to create a high-quality dataset. Each
image is standardized and rescaled to a resolution of
640 × 640 pixels, with three color channels (R, G, and
B) [18]. This standardization ensures uniformity across

the dataset, which is critical for effective model training. 
To increase the robustness of the dataset, we 
implement various data augmentation techniques. This 
involves systematically applying transformations such 
as flipping the images horizontally and vertically, 
rotating them by random angles, and cropping them to 
focus on specific regions of interest. These 
augmentation strategies help to introduce variability in 
the training data, allowing the model to generalize 
better and perform accurately on unseen data [19]. The 
model is then trained on this augmented dataset to 
minimize the loss function, which measures the 
difference between predicted outputs and actual 
labels. In the model evaluation phase, we scale the 
preprocessed ultrasound images appropriately before 
feeding them into the trained model. The model 
processes these images and generates multi-head 
detection results [20], which allow for the identification 
of multiple features or abnormalities within the images 
simultaneously. To further enhance the interpretability 
of the model's outputs, we apply various post-
processing techniques. While these techniques are 
pivotal [21] for improving output clarity, a detailed 
discussion of these methods will not be covered in this 
paper. In the sections that follow, we will thoroughly 
discuss the essential steps of the proposed framework, 
highlighting the methodologies and techniques 
employed throughout the study.  
A. Patient's Data Preparation
A well-balanced sample of benign and malignant
nodules was collected before training the model to
ensure reliable findings. The demographic and clinical
characteristics of the study population are summarized
in Table 1. The dataset comprises 105 benign nodules
originating from 92 patients, including 60 women and
32 men, with an average age of 52.45±11.87 years.
Conversely, the study also includes 105 malignant

Fig. 1. Overview of the LabelMe-based data preparation pipeline and enhanced YOLOv8 object 
detection framework. 
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nodules sourced from 90 patients, including 67 women 
and 23 men, with an average age of 49.72 ±10.95 
years. All 182 patients were admitted to Wenzhou 
Central Hospital between January 2012 and December 
2015. Each patient underwent a comprehensive 
ultrasound examination to evaluate the characteristics 
of the nodules. For those nodules deemed highly 
suspicious for malignancy based on ultrasonographic 
criteria, a guided fine needle aspiration biopsy (FNAB) 
was performed to obtain tissue samples for further 
diagnostic analysis [22]. This approach ensures the 
accuracy of the model's training and the reliability of 
the findings. 

An ultrasound examination was conducted using the 
state-of-the-art Acuson Sequoia 512 and 128XP 
sonographic scanners, both manufactured by Siemens 
Medical Solutions in Mountain View, CA. These 
advanced scanners were equipped with linear probes 
that operate at frequencies ranging from 10 to 12 MHz, 
allowing for high-resolution imaging of thyroid nodules. 

The ultrasound images captured during the examination 
were assessed independently by two experienced 
senior radiologists [24]. One radiologist had 20 years of 
experience in sonography, while the other had 6 years. 
To ensure unbiased evaluations, the radiologists were 
not provided with any clinical information regarding the 
patients prior to reviewing the images. After thorough 
analysis, the two radiologists reached a consensus on 
the classification, type, and anatomical location of the 
nodules present in each image. Following the 
consensus review, a dedicated LabelMe Module [24] as 
mentioned in Fig. 1. graphical image annotation tool, to 
meticulously label the ultrasound images for training 
purposes in a deep learning network. The complete 
dataset comprises 200 annotated ultrasound images, 
with each image containing at least one thyroid nodule, 
ranging in characteristics from size to texture. To 
construct a robust framework for model training and 
evaluation,   the  dataset   was  carefully   shuffled   and 

 

divided into three distinct sets: training, validation, and 
testing. The training set comprises 118 images, 
including 61 benign nodules and 57 malignant ones, 
providing a balanced overview of various nodule types. 
The validation set contains 44 images, consisting of 20 
benign and 24 malignant nodules, while the test set 
includes 38 images, with 21 benign and 17 malignant 
nodules. Crucially, it is ensured that no data from the 
training set overlaps with the validation or test sets, 
thereby maintaining the integrity and validity of the 
evaluation process [25]. All benign lesions are classified 
as nodular hyperplasia, which are characterized by an 
abnormal increase in the number of cells in a specific 
tissue. In contrast, all malignant tumors identified in this 
context are categorized as papillary carcinomas, a type 
of cancer that typically arises in glandular tissues and is 

characterized by finger-like projections (papillae). 
Understanding this distinction is crucial for accurate 
diagnosis and treatment planning [26].  
B. Network Architecture
The You Only Look Once version 8 is a state-of-the-art
single-stage object detector. The network size of
YOLOv8 is about half that of YOLOv5, yet it still offers
better performance. YOLOv8 further enhances ease of
training and real-time performance with a more
optimized architecture [27]. This latest iteration offers
significant improvements in accuracy, robustness, and
real-time performance, making it an ideal solution for
applications requiring fast and reliable object detection.
The YOLOv8 network is a state-of-the-art object
detection model that is structured into three key
components:

Table 1.  Summary of demographic feature 

Pathological findings 

Benign Malignant 

No. of patients 92 90 

Age, years, x̄±s 52.45±11.87 49.72 ±10.95 

        Sex 

Male 32(27.89%) 32(27.89%) 

Female 60(8.45%) 60(8.45%) 

No.of nodules 105 90 

Size,mm 27.74±9.73 11.32 ±13.23 

<5.0 6(6.22%) 8(8.89%) 

5.0~10.0 15(15.45%) 37(38.76%) 

10.0~20.0 36(36.80%) 28(24.62%) 

≥20.0 40(41.53%) 11(11.42%) 
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1. Backbone
The backbone is the first part of the YOLOv8 model. It
processes the input image to identify basic visual
features such as edges, shapes, and textures. The
backbone helps the model understand the general
structure of the image. In YOLOv8, this is achieved
using a special network called CSPDarknet, [28] which
is designed to quickly and efficiently extract important
information from the image.
2. Neck
After the backbone has identified the basic features,
the neck comes into play. The neck ensures the model
can detect objects of all sizes, from small to large. It
uses a technique called Path Aggregation Network
(PAN), which helps the model improve its
understanding by fusing these features at different
levels of resolution.
3. Head
The head is the final part of the model. After processing
the image and combining features, the head's job is to
make the actual predictions. It figures out the positions
of objects in the image (by drawing bounding boxes)
and what those objects are (by classifying them). The
head of YOLOv8 is designed to work quickly, so it can
detect and classify multiple objects in real-time [29].

While YOLOv8 offers robust texture extraction 
capabilities, it initially lacks in effectively capturing 
positional information. To address this, we introduce an 
advanced attention mechanism, termed the CA module 
[30]. The CA module decomposes channel attention 
into two distinct feature vectors through x-average 
pooling and y-average pooling. This design enables the 
model to capture long-range dependencies and 
accurate positional details, respectively. These feature 
vectors are encoded into attention maps, which are 
then combined to enhance the representation of the 
objects of interest. In this study, the CA module is 
integrated as a sub-residual component within the 
BCSP module [31], with the attention map being 
concatenated with the texture feature map. It's 
important to note that, similar to the original YOLOv8 
architecture, the CA module used in the backbone 
differs slightly in design from the version implemented 
in the neck.  The loss function for the yolov8 model is 
given by Eq. (1) [32]. 

𝐿𝑡𝑜𝑡𝑎𝑙  = 𝜆1𝐿𝑏𝑏𝑜𝑥  + 𝜆2𝐿𝑜𝑏𝑗 + 𝜆3𝐿𝑐𝑙𝑠                       (1) 

where, 𝐿𝑡𝑜𝑡𝑎𝑙 refers to the total loss function for the 

YOLOv8 model, 𝐿𝑏𝑏𝑜𝑥 denotes the bounding box 
regression loss, 𝐿𝑜𝑏𝑗   indicates the objectness loss, 𝐿𝑐𝑙𝑠 

represents the classification loss, and 𝜆1, 𝜆2, and 𝜆3 are 

weighting coefficients used to balance the contribution 
of each loss component. It's the final value the model 
tries to minimize during training. These weights 
balance the contribution of each term: objectness is 
prioritized (λ2=1) due to the high-class imbalance in 
small nodule detection.  It combines three different 
types of errors (localization, objectness, and 

classification) [33]. Lbbox  is the bounding box loss (also 
called localization loss). It quantifies how accurately the 
predicted bounding boxes match the ground-truth 
boxes. The lower this loss, the better the predicted 
bounding boxes are at enclosing the objects (in your 
case, the thyroid nodules). Lobj  is the objectness loss, 
which measures the model's ability to predict whether 
a region in the image contains an object or not. A high 
objectness loss means that the model incorrectly 
predicted an object in a region where none existed 
(false positive) or failed to detect an object where one 
existed (false negative). Lcls is the classification loss. It 
quantifies how accurately the model classifies the 
objects in the bounding boxes. For thyroid nodule 
detection [34], this would be the loss related to correctly 
classifying the nodule as benign or malignant. λ1, λ2, 
λ3 are weighting factors that control how much 
influence each individual loss term has in the overall 
loss function. λ1 controls the importance of the 
bounding box loss. λ2 controls the importance of the 
objectness loss. λ3 controls the importance of the 
classification loss, and the explicit CIoU formulation is 
expressed in the following Eq. (2) [32]. 

𝐿𝐶𝐼𝑜𝑈=1-𝐼𝑜𝑈+ 
𝜌2(𝑏, 𝑏gt)

𝑐2 + ∝ 𝜈  (2) 

Here, 𝐿𝐶𝐼𝑜𝑈 denotes the Complete Intersection over 

Union loss used to improve bounding box regression 
accuracy. 𝐼𝑜𝑈 represents the overlap ratio between the 

predicted and ground-truth bounding boxes. 𝜌2(𝑏, 𝑏gt) 
is the squared Euclidean distance between the center 
points of the predicted box bbb and the ground-truth 
box 𝑏gt, c denotes the diagonal length of the smallest 

enclosing box covering both predicted and ground-truth 
boxes. ∝ is the aspect ratio consistency term used to 

measure shape similarity between the two boxes, and 
α\alphaα is a trade-off factor that controls the influence 
of the aspect ratio penalty in the overall loss 
calculation. Traditionally, in YOLOv5, the classification 
loss is calculated using the so-called "hard label", 
whereas in YOLOv8, it is calculated using the so-called 
"soft label". This allows the model to express 
uncertainty more effectively and improves its capability 
to handle overlapping or similar classes. As a result, 
the transition from hard to soft labels in YOLOv8 
enhances the model's performance and robustness in 
classification tasks. The improved yolov8 network 
architecture diagram is visualized in the Fig. 2. The true 
probability distribution (TPD) is expressed in Eq. (3) 
[34]. 

  𝑃𝑖= {
1-𝜖+

𝜖

𝐶
,

𝜖

𝐶
,

𝑖𝑓 𝑖=𝑦
𝑖𝑓 𝑖 ≠ 𝑦

    (3) 

Here, 𝑃𝑖 is the probability of class i, y is the true class 

label, ϵ is the smoothing factor, and C is the total number 
of classes. The class of an object should specifically be 
one of two distinct categories. It is essential that each 
object  is  classified  accurately,  as   this  classification 
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determines how the object can be utilized and interacted 
with within a system. To reduce the loss value of the 
classification term, it is crucial to establish the ideal 
probability distribution (IPD) for the neural network [35]. 
The classification results are expressed in Eq. (4) [35]. 

𝑃𝑖= {
(1,0)

(0,1)
    

𝑖𝑓𝑡𝑟𝑢𝑒𝑙𝑎𝑏𝑒𝑙𝑖𝑠𝑏𝑒𝑛𝑖𝑔𝑛

𝑖𝑓 𝑡𝑟𝑢𝑒 𝑙𝑎𝑏𝑒𝑙 𝑖𝑠 𝑚𝑎𝑙𝑖𝑔𝑛𝑎𝑛𝑡 
                     (4) 

Here, 𝑃𝑖 is the output class probability, where (1,0) 

indicates benign and (0,1) indicates malignant. The 
training process is designed to optimize the network's 
performance by enabling it to closely match the ideal 
probability distribution (IPD). However, this can lead to 
overfitting, where the model learns noise and 
fluctuations in the training data instead of generalizable 
patterns. The training process is inherently sensitive to 
variations in the input data. Consequently, if the network 
encounters erroneous or outlier data (often referred to 
as "bug data"), it can be significantly misled, resulting in 
poor model performance. This data quality issue is 
prevalent in real-world applications, where imperfect or 
noisy data is common [36]. This schedule enables 
smooth convergence by gradually reducing the learning 
rate, helping escape local minima early and fine-tuning 

later. The following Eq. (5) [35] explains the utilized 
cosine annealing function utilized in this model.  

𝜂𝑡= 𝜂𝑚𝑖𝑛+ 
1

2
(𝜂𝑚𝑎𝑥- 𝜂𝑚𝑖𝑛)(1+𝑐𝑜𝑠(

𝑡𝜋

𝑇
)  (5) 

Here, 𝜂𝑡 is the learning rate at epoch t, 𝜂𝑚𝑖𝑛 is the 

maximum learning rate, 𝜂𝑚𝑖𝑛 is the minimum learning 

rate, and T is the total number of epochs. 𝜂𝑡 is the

learning rate at epoch t, 𝜂𝑚𝑎𝑥= 0.001, 𝜂𝑚𝑖𝑛 = 10-6 and

T = 200, which is the total number of epochs. The 

initial/maximum learning rate for 𝜂𝑚𝑎𝑥 is set at 0.001.

The minimum learning rate  𝜂𝑚𝑖𝑛 is set at 10-6. t is the

current epoch and the total number of epochs T is set 
at 200. When we chose the binary cross-entropy 
function as the classification loss. The formula is as 
follows in Eq. (6) [35].

𝐿𝐵𝐶𝐸  =  − 
1

𝑁
 ∑ [𝑦𝑖log(𝒚̂𝑖) + (1 − 𝑦𝑖)log(1 − 𝒚̂𝑖)]𝑁

𝑖 = 1 (6)

Here, 𝐿𝐵𝐶𝐸 is the binary cross-entropy loss, y 

represents the ground truth label, where a value of 1 
indicates the presence of an object, and 0 indicates 
background. The symbol ŷ denotes the predicted 
probability generated by the model. The reason behind 
using this binary cross-entropy function is that it works 
well for multi-class object detection tasks. YOLOv8 
utilizes adaptive Non-Maximum Suppression (NMS) as 
an advanced technique to filter overlapping bounding 
boxes. This process relies on calculating the Intersection 
over Union (IoU), which measures the overlap between 
predicted bounding boxes [37]. It effectively reduces 

redundancy and improves the accuracy of the final 
object detection results. Utilizing this technique has 
enhanced the model's ability to distinguish closely 
situated objects while maintaining high levels of recall 
and precision. In Eq. (7), the expression for finding the 

Fig. 2. Improved YOLOv8 network architecture diagram 
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intersections between the different areas of interest is 
described.  

𝐼𝑜𝑈 = 
𝐴𝑟𝑒𝑎𝑜𝑓 𝑂𝑣𝑒𝑟𝑙𝑎𝑝

𝐴𝑟𝑒𝑎𝑜𝑓∪
 (7) 

Here, 𝐼𝑜𝑈 is the ratio of overlap area to union area 

between predicted and actual boxes.  

Table 4 presents a detailed comparison of the 
performance metrics between the base model and the 
model integrated with the LSR (Learning-Sensitive 
Regularization) module. The comparison is conducted 
under the condition of adding 10 instances of bug-
related data to the training dataset [38]. The values that 

are presented in the parentheses denote the changes 
with respect to Table 3. 

YOLOv8 employs Complete IoU (CIoU) Loss as its 
primary loss function to enhance the precision of 
bounding box predictions in object detection tasks as 
depicted in Eq.  (8). 

𝐿𝐶𝐼𝑜𝑈=1-𝐼𝑜𝑈+ ρ2(𝑏, 𝑏𝑔) / 𝑐2+𝛼𝑣                                         (8)

In Eq.  (8), 𝐿𝐶𝐼𝑜𝑈 is the 𝐶𝐼𝑜𝑈 loss, IoU is the overlap 

ratio. The term ρ²(b, bg) denotes the squared Euclidean 
distance between the centers of the predicted and the 
ground truth boxes, capturing their spatial alignment. 
The parameter c refers to the diagonal length of the 
smallest enclosing box that covers both the predicted 
and ground truth boxes. The term v represents the 

aspect ratio penalty, which accounts for differences in 
shape between the two boxes, while α is a trade-off 
factor that controls the influence of the aspect ratio 
penalty in the overall loss calculation. 
C. Training Setup
The process of training a YOLOv8 object detection
model involves several stages. Initially, the Ultralytics
Python package must be installed. After the
installation, the dataset preparation is essential. This
involves acquiring a representative collection of
images, annotating the target objects within these
images using appropriate labeling software, and
structuring the data into distinct training, validation, and

test sets. A YAML configuration file (e.g., data.yaml) is 
then created to define the file paths for the datasets, 
the number of object classes to be detected, and the 
corresponding class names. The training process is 
initiated via the yolo train [39] command-line interface, 
specifying the chosen YOLOv8 model architecture 
(e.g., yolov8n.pt), the path to the data YAML file, the 
desired number of training epochs, and the input image 
dimensions. Throughout training, the model's 
performance is monitored, with progress updates 
displayed and evaluation metrics calculated on the 
validation set. Upon completion, the trained model and 
associated training results are stored in the designated 
runs/detect directory. 

Table 2. Parameter setups for improved yolov8 network architecture 

Parameters Values 

Batch size 16 

Size of input image 640x640 

Mosaic augmentation True 

No. of epochs 200 

Early stop epoch (epoch without improvement 100 

[λ1, λ2, λ3] [0.5,1,0.4] 

Loss calculator of bounding box CIoU 

Optimizer Type SGD 

Initial Learning Rate 0.001 

SGD Momentum 0.9 

Learning Rate Schedule Cosine annealing 

Train BN Layer (Batch Normalization) True 

Pre-trained Model COCO dataset 

conf 0.25 

iou 0.7 
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For optimal training outcomes, leveraging a GPU is 
highly recommended, along with careful tuning of 
hyperparameters, utilizing pre-trained model weights 
where applicable, and incorporating data augmentation 
strategies [40]. Mosaic augmentation combines four 
randomly selected images into one. Let be input 
images with labels I1, I2, I3, I4.  A random center is 
chosen in the output canvas.  Bounding boxes are 
transformed accordingly. This increases contextual 
diversity and improves small-object detection critical for 
sub-centimeter nodules. For comprehensive guidance 
and advanced techniques, the official Ultralytics 
YOLOv8 [41] documentation and reputable online 

resources should be consulted. YOLOv8 uses a three-
scale detection head (P3, P4, P5) operating on feature 
maps of resolutions 80×80 , 40×40 , and 20×20 . Each 
head predicts bounding boxes and class probabilities 
independently. The multi-scale feature maps F3, F4, 
F5 are derived from the PANet neck via: 
F5 = Conv(CSPDarknetstage5) 
F4 =Upsample(F5) ⊕ CSPDarknetstage4 

F3 = Upsample(F4) ⊕ CSPDarknetstage3 

where ⊕ denotes channel-wise concatenation, 

followed by convolutional blocks. The detection heads 
then apply 1×1 convolutions to produce final outputs. 
D. Evaluation Metrics

Table 3. The ablation experiment result of YOLOv8 network. 

Model Class mAP50 Precision Recall Speed 

Benign 90.4 93.3 70.5 

Base Malignant 85.8 82.6 91.0 7.2ms 

All 90.2 86.1 82.1 

Benign 93.2 82.3 94.2 

+LSR Malignant 91.2 88.7 80.0 7.2ms 

All 94.5 85.3 87.9 

Benign 94.1 84.3 88.4 

+CAM Malignant 80.5 88.7 89.2 8.3ms 

All 92.4 87.4 86.7 

Benign 95.1 83.3 95.4 

+LSR Malignant 97.5 96.7 93.6 8.3ms 

CAM All 94.3 90.5 92.5 

Table 4. Performance metrics between the base model and the model integrated with the LSR 
(Learning-Sensitive Regularization) module 

Model mAP50 Precision Recall 

Base 89.1 80.0 77.0 

+LSR 93.2 75.2 81.2 

Table 5. Presents a quantitative comparison of our method with state-of-the-art (SOTA) object 
detection models 

Model Architecture Speed mAP50 Params FLOPs 

YOLOv8 CNN-based >100 53.9 6.7-68 13-475

YOLOv7 CNN-based >100 51.4 36.9 104.7 

Faster R-CNN 
Two-stage R-

CNN 
10-15 42.0 41.5 180+ 

RetinaNet 
One-stage 

CNN 
20-25 39.1 34 200+ 

DETR 
Transformer-

based 
28 44.9 41 86 
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To evaluate the performance of the proposed YOLOv8-
based model, standard object detection metrics such 
as precision, recall, mean Average Precision (mAP), 
and Intersection over Union (IoU) are employed. These 
metrics provide a comprehensive assessment of the 
model’s detection accuracy, localization capability, and 
robustness. Precision measures the proportion of 
correctly predicted positive detections among all 
predicted positives. It reflects the model’s ability to 
avoid false positives and is defined as: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒
 (9) 

Recall measures the proportion of correctly detected 
positive samples among all actual positives. It indicates 
the model’s ability to detect all relevant objects and 
minimize false negatives: 

𝑅𝑒𝑐𝑎𝑙𝑙 = 
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
 (10) 

The Intersection over Union (IoU) metric evaluates the 
overlap between the predicted bounding box and the 
ground truth bounding box. It is a critical measure for 
assessing localization accuracy: 

𝐼𝑜𝑈= 
𝐴𝑝∩ 𝐴gt

𝐴𝑝∩ 𝐴gt
 (11) 

Here, 𝐴𝑝 is the predicted box area, 𝐴gt is the ground 

truth box area, ∩ means intersection, and ∪ means 

union. Mean Average Precision (mAP) is used as the 
primary evaluation metric in this study. It represents the 
average precision across all classes at a specific IoU 
threshold. In this work, mAP@0.5 is used to evaluate 

detection performance at an IoU threshold of 0.5. In 
addition to detection metrics, the training optimization 
process utilizes stochastic gradient descent (SGD) with 
momentum to update model parameters efficiently: 

𝑉𝑡= 𝜇𝑣𝑡-1+𝛥𝜃𝐿(𝜃𝑡-1)  (12) 
 𝜃𝑡= 𝜃𝑡-1-𝜂𝑡𝜈𝑡)  (13) 

Here, 𝑉𝑡 is the current velocity, 𝑣𝑡-1 is the previous 

velocity, μ is the momentum factor, and θ represents 
model parameters, 𝜃𝑡 is the updated parameter, 𝜃𝑡-1 is 

the previous parameter, 𝜂𝑡 is the learning rate, and 𝜈𝑡 

is the velocity term. These evaluation metrics 
collectively ensure a reliable and standardized 
assessment of the proposed model’s performance in 
detecting and classifying thyroid nodules. 

III. Result
The proposed technique is evaluated based on the
performance parameters, namely precision, recall, and
mean average precision, to portray the efficiency of the
outcomes. First, we will position our model as a
lightweight yet high-accuracy computer-aided
diagnosis (CAD) tool that can help reduce unnecessary
fine-needle aspiration biopsies (FNABs), thereby
minimizing patient burden and optimizing clinical
workflows. Second, we will highlight the model’s 8.7 ms
inference time, which enables real-time decision
support during ultrasound examinations, an essential
feature for seamless integration into point-of-care

Fig. 3. The performance efficiency in detecting the malignant tumors or nodules 

Fig. 4. Detection of Malignant Thyroid Nodules from different perspectives 
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settings. Third, we will underscore the role of label 
smoothing in improving model robustness, particularly 
in low-data regimes where rare disease cases are 
underrepresented. This combination of efficiency, 
precision, and adaptability makes our system well-
suited for scalable deployment across diverse clinical 
environments.  

In image analysis, these parameters are widely used 
to evaluate the model and assess the quality of 
outcomes for classifying thyroid nodules [42]. The 
performance parameters also exhibit the reliability along 
with the sensitivity of the model in identifying the 
nodules, which typically vary in size and shape. 
Precision is a metric that indicates the performance of 
the model to identify the right class of a respective 
thyroid nodule as expressed in Eq. (9). 
The recall is a metric that exhibits the quality of 
classification without missing any nodules. Recall is 
otherwise known as the omission rate of the model as 
expressed in Eq. (10). 

True positives, false positives, and false negatives are 
the values of inference compared against the ground 
truth values, and relate to the outcome of classification 
as they are rightly classified or not. The desired outcome 
with the right classification is signified by the true 
positive, and the sum of all classifications indicates the 
total classifications performed by the model [43] and 
[44]. Recall and precision indicate the confidence 
threshold as a resultant of the computations from the 
functions, and they fall within a range of 0 to 1. When the 
confidence interval value is observed to be a high value, 
the model is said to perform with lower positive values. 
This indicates that precision is higher when recall is 
lower, and vice versa. Precision Recall curve shall be 
derived based on the obtained confidence threshold 
values and altered accordingly. Once the curve is 
obtained, the area under it also indicates the average 
precision for the respective classes. The proposed 
model is also evaluated based on the precision and 
recall metrics obtained during the intersection over 
Union (IoU) threshold values. The expression in Eq. (11) 
represents the equation for intersection over union. In 
this equation, the 𝐴𝑝indicates the area covered by the 

bounding box used in the images and t𝐴gtdenotes the 

area of the bounding box that is represented by the 
ground truth. As far as intersection over union is 
concerned, the relationship and correlation between the 
ground bounding box and the area covered during 
processing. The presented research work contemplates 
the ablation experiments performed over the YOLOv8 
model, along with the LSR component and CA 
component integrated into the YOLOv8 architecture.  

Table 5 exhibits the superior performance of the said 
model, and according to the results, the IoU threshold 
has been identified as 0.56 and the precision and recall 
of the given input image stand at 0.5, respectively. The 
performance of the proposed model stands at 94.3% 

with the highest precision of 90.2% and mean average 
precision of 94.3%, respectively. An ultrasound image 
was fed into the model for detecting thyroid nodules, and 
the following Fig. 3 and Fig. 4 denote the performance 
efficiency in detecting the malignant tumors or nodules. 
These visualizations will demonstrate how the CA 
mechanism helps the model focus on clinically 
significant regions such as lesion margins and micro-
calcifications, which are consistent with TI-RADS 
criteria. This addition will improve interpretability and 
strengthen the connection between model behavior and 
diagnostic relevance.  

The input dataset is typically small, and this results 
in the overfitting problems, due to which the presented 
testing strategy has introduced data augmentation, and 
a pre-trained model was utilized for the training 
purpose. In future work, the dataset will be more 
comprehensive to support futuristic research and 

timely detection.  The SGD with momentum updates 

will be performed based on Eq. (12) [36] and (13) [36]. 

Where 𝜃t model parameters at step t, 𝜂𝑡 learning rate

from cosine schedule, 𝜇=9 momentum coefficient

(from Table 2), and 𝜈𝑡  is the velocity vector.

Preliminary experiments showed that augmentation 
alone improved mAP from ~86% to 90.2%, while 
CA+LSR further boosted it to 94.3%, confirming that 
architectural enhancements are the primary drivers. 
While our CA+LSR-enhanced YOLOv8 achieves high 
accuracy on a limited dataset, clinical deployment 
requires multi-center validation. The model’s speed 
and robustness make it a promising tool for assisting, 
not replacing radiologists, particularly in settings with 
limited expertise. Another significant issue is the 
absence of dynamic properties of thyroid nodules, and 

Fig. 5. Classification Loss Function 
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the dataset is bound with similar nodule images. The 
proposed model and architecture are restricted to a 
similar kind of images that may not fit for other variations 
of the images. The outcomes of the classification loss 
function are illustrated in Fig. 5. The comparison of 
proposed and other models in the same domain is 
illustrated in Fig. 6. According to the outcomes, the 
benign nodules are classified into nodular hyperplasia, 
and the carcinoma cells are classified as malignant 
tumours. The proposed architecture is capable of 
classifying up to 82 different variations of the malignant 
tumours, and thus the proposed model has 
outperformed the previous state-of-the-art techniques. 
Yet, for defining the quality outcomes, the dataset has to 
be more comprehensive and thus train the model on 
different variations. Feature fusion in the PANet neck 
uses top-down and bottom-up pathways. This 
bidirectional fusion enables rich multi-scale context, 
improving detection of both micro-nodules (<5 mm) and 
large masses. As soon as the model is capable of 
handling different variations, the model shall be 
deployed in real-time computer-aided diagnosis 
systems. The ablation results for the YOLOv8 network 
architecture are illustrated in  
Fig. 7.  

Our model achieves an inference time of 8.7 ms, 
which is only 1.5 ms slower than the 7.2 ms baseline 
but delivers a +4.1% gain in mAP. This trade-off is well 
within clinical real-time requirements, which typically 
demand sub-30 ms latency, confirming the model’s 
suitability for real-time CAD applications. Furthermore, 
when compared to two-stage detectors like Faster R-
CNN that operate at 10–15 fps, our model exceeds 100 
fps, offering a significant advantage in speed without 
compromising accuracy. 

Recent advances in deep learning have 
demonstrated significant potential in medical image 
analysis, particularly for nodule detection and 
segmentation, where automated and accurate 
interpretation is critical for clinical decision-making. Liu 
et al. (2020) [19] employed a joint-training CNN on 
approximately 200 ultrasound images, achieving a 
localization accuracy of 89.3%, demonstrating the 
feasibility of end-to-end learning even with relatively 
small datasets. Similarly, W. Song (2019) [13] 
introduced a multi-task cascade CNN framework that 
simultaneously addressed detection and classification, 
reporting an accuracy of 91.2%, although the dataset 
size was not specified, which limits direct comparison. 
Moussa et al. (2020) [16] further improved feature 
representation by fine-tuning a ResNet model on the 
public DDTI dataset, yielding an accuracy of 88.5% and 
highlighting the benefits of transfer learning in medical 
imaging tasks. More recently, Kunapinun et al. (2023) 
[26] integrated GAN-based enhancements to improve
segmentation quality, attaining a Dice score of 0.86 on
around 300 images, thereby addressing challenges
related to boundary delineation and data scarcity. Inan
et al. (2024) [44] advanced this line of work by applying
a hybrid ResNet-UNet architecture to approximately
500 segmented nodules, achieving the highest
reported accuracy of 93.1% and demonstrating the
effectiveness of combining strong feature extractors
with precise segmentation networks. Complementing
these efforts, Du et al. (2024) [32] explored deep-
learning radiomics across multi-center datasets,
demonstrating robust generalizability with an AUC of
0.92, which is particularly important for real-world
clinical adoption. Collectively, these studies highlight a

Fig. 6. Comparison of Proposed vs other model 
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clear progression from conventional CNN-based 
classification toward hybrid and generative 
approaches, underscoring the growing accuracy, 
robustness, and clinical reliability of deep learning in 
medical imaging applications. However, several works 
note limitations such as datasets being restricted to 
papillary carcinomas from a single hospital, which may 
affect generalizability to other thyroid cancer subtypes, 
including follicular carcinoma.  

IV. Discussion
The proposed YOLOv8-based architecture
demonstrates a high level of precision and efficiency,
which is vital for clinical computer-aided diagnosis
systems. A deep analysis of the experimental findings
reveals that the improved model achieves a mean
Average Precision (mAP) of 94.3%, a substantial 5.2%
increase over the standard YOLOv5 baseline. The
ablation studies clarify the specific contributions of
each module; while the base YOLOv8 model yielded
an mAP of 90.2%, the integration of Label Smoothing
Regularization (LSR) and the Coordinate Attention
(CA) module pushed the performance to its peak.
Specifically, the CA and LSR modules together
provided a 4.1% improvement in mAP over the
baseline. Despite the architectural complexity added by
these modules, the model remains exceptionally fast,
with an inference time of 8.7 milliseconds per image.
Although this represents a minor increase of
approximately 1.5 milliseconds over the base model's
7.2 milliseconds, it remains well within the
requirements for real-time medical imaging
applications.

A comparison with the SOTA models listed in Table 
6 highlights both the similarities and the unique 
advantages of the current study. The localization 
accuracy of 89.3% reported by Liu et al. (2020) and the 
91.2% accuracy by W. Song (2019) are both 
outperformed by the 94.3% mAP of the proposed 
YOLOv8 framework. While Moussa et al. (2020) 
achieved 88.5% accuracy with a fine-tuned ResNet on 
a public dataset, our model outperforms it on a 
specialized institutional dataset by leveraging 
positional attributes via the CA module. More recent 

work by Inan et al. (2024) utilized a hybrid ResNet-
UNet to reach 93.1% accuracy. Our model not only 
exceeds this accuracy but also offers a significant 
speed advantage: while two-stage detectors often 
operate at slower frame rates, our model exceeds 100 
fps, making it much more suitable for point-of-care 
decision support. 

Despite these advancements, certain limitations 
must be addressed to contextualize the results. The 
dataset is relatively small, consisting of 200 images 
from 161 patients at a single hospital, which may limit 
the broader generalizability of the findings. 
Furthermore, there is a lack of diversity in the tumor 
types, as all malignant cases were categorized as 
papillary carcinomas, leaving other subtypes like 
follicular carcinoma unrepresented. From a technical 
standpoint, the use of the CA mechanism enhances 
performance but reduces the model's interpretability 
because it currently lacks saliency maps to explain the 
decision-making process. However, the implications of 
this research for the medical field are profound. By 
providing a lightweight yet high-accuracy tool, this 
system can help reduce unnecessary fine-needle 
aspiration biopsies (FNABs), thereby minimizing 
patient burden and optimizing clinical workflows. The 
combination of 94.3% precision and 8.7 ms speed 
makes this system well-suited for scalable deployment, 
potentially aiding   radiologists in improving diagnostic 
accuracy and patient outcomes across diverse clinical 
environments. 

V. Conclusion

The detection of thyroid nodules plays a vital role in

early diagnosis and treatment planning. This study

presents an improved YOLOv8-based model that

accurately identifies thyroid nodules, even when

trained on a small dataset. The model effectively

extracts key features and delivers high-precision

detection without requiring extensive preprocessing of

ultrasound images. Experimental findings indicate that

the proposed YOLOv8 model achieves a mean

Average Precision (mAP) of 94.3%, surpassing the

performance of YOLOv5 by 5.2%. Additionally, the

Table 6. Comparison Of Other Sota Techniques 

Year Method Dataset Size mAP / Accuracy 

Liu et al. (2020) [19] Joint-training CNN ~200 US images 
Localization 

accuracy: 89.3% 

W. Song (2019) [13] Multi-task Cascade CNN Not specified Accuracy: 91.2% 

Moussa et al. (2020) [16] Fine-tuned CNN (ResNet) Public dataset (DDTI) Accuracy: 88.5% 

Kunapinun et al. (2023) 
[26] 

GAN-enhanced 
segmentation 

~300 images Dice score: 0.86 

Inan et al. (2024) [44] Hybrid ResNet-UNet 
~500 segmented 

nodules 
Accuracy: 93.1% 

Du et al. (2024) [32] Deep-learning radiomics Multi-center AUC: 0.92 
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model demonstrates exceptional speed, requiring only 

8.7 milliseconds per image for detection. These results 

highlight the model’s ability to generalize effectively, 

even with limited data, while maintaining robustness 

against overfitting and noisy samples. First, integrating 

3D and 4D ultrasound modalities could provide richer 

spatial and temporal context, potentially improving 

diagnostic accuracy for complex cases. Second, 

deploying the model on edge devices, such as 

ultrasound machines equipped with embedded AI, 

would enable real-time, on-site inference without 

relying on cloud infrastructure, making the system 

more accessible in resource-constrained settings. 

Third, we aim to extend our framework to other organs, 

including breast and liver nodules, to broaden its 

applicability across diagnostic domains. Finally, 

adopting federated learning would allow us to 

collaborate across multiple hospitals while preserving 

patient privacy, enabling robust model generalization 

through decentralized training on diverse datasets. 

Compared with other state-of-the-art (SOTA) models, 
the proposed YOLOv8 framework achieves superior 
performance in accuracy, efficiency, and detection 
speed. Its enhanced architecture facilitates improved 
localization and classification of thyroid nodules, making 
it a highly effective computer-aided diagnosis (CAD) 
tool. The dataset used in this study comprises only 200 
images collected exclusively at Wenzhou Central 
Hospital between 2012 and 2015, limiting its size and 
diversity. All images were acquired using Siemens 
Acuson Sequoia ultrasound systems operating at 10–12 
MHz, which introduces scanner dependence that may 
affect generalizability. Furthermore, the dataset exhibits 
nodule-type homogeneity, as all malignant cases are 
papillary carcinomas, with no representation of other 
subtypes such as follicular carcinoma. While the use of 
a channel attention (CA) mechanism enhances model 
performance, it simultaneously reduces interpretability in 
the absence of saliency maps, making it difficult to 
understand the model’s decision-making process. By 
integrating this model into clinical workflows, radiologists 
can benefit from faster and more reliable thyroid nodule 
detection, ultimately improving patient outcomes.  
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