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Abstract: Clubbing finger is a significant clinical indicator, and its early detection is essential for the
diagnosis and treatment of associated diseases. However, traditional diagnostic methods rely heavily
on the clinician’s subjective assessment, which can be prone to biases and may lack standardized
tools. Unlike other diagnostic challenges, the characteristic changes of clubbing finger are subtle
and localized, necessitating high-precision feature extraction. Existing models often fail to capture
these delicate changes accurately, potentially missing crucial diagnostic features or generating false
positives. Furthermore, these models are often not suited for accurate clinical diagnosis in resource-
constrained settings. To address these challenges, we propose MSG-YOLO, a lightweight clubbing
finger detection model based on YOLOv8n, designed to enhance both detection accuracy and effi-
ciency. The model first employs a multi-scale dilated residual module, which expands the receptive
field using dilated convolutions and residual connections, thereby improving the model’s ability to
capture features across various scales. Additionally, we introduce a Selective Feature Fusion Pyramid
Network (SFFPN) that dynamically selects and enhances critical features, optimizing the flow of
information while minimizing redundancy. To further refine the architecture, we reconstruct the
YOLOVS detection head with group normalization and shared-parameter convolutions, significantly
reducing the model’s parameter count and increasing computational efficiency. Experimental results
indicate that the model maintains high detection accuracy with reduced parameter and computational
requirements. Compared to YOLOv8n, MSG-YOLO achieves a 48.74% reduction in parameter count
and a 24.17% reduction in computational load, while improving the mAP0.5 score by 2.86%, reaching
93.64%. This algorithm strikes a balance between accuracy and lightweight design, offering efficient
and reliable clubbing finger detection even in resource-constrained environments.

Keywords: clubbing finger detection; YOLOVS; lightweight network; multi-scale feature extraction;
feature fusion

1. Introduction

Clubbing finger is a critical clinical sign, often indicating severe underlying condi-
tions such as lung cancer, pulmonary infections, interstitial lung disease, cystic fibrosis, or
cardiovascular disorders [1-3]. Early detection of these conditions is crucial for timely inter-
vention and prognosis, highlighting the importance of accurate identification of clubbing
finger in assessing patient health. Traditional diagnostic approaches rely heavily on clinical
experience, but individual differences, subtle symptoms, and the absence of standardized
diagnostic tools often lead to misdiagnosis and inconsistent results [4]. Additionally, the
increasing demand for multidisciplinary collaboration and imaging studies has prolonged
diagnostic timelines and raised associated costs. With the growing prevalence of respiratory
and cardiovascular diseases, there is an urgent need for non-invasive, rapid diagnostic
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solutions. Therefore, an effective, accurate, and objective method for detecting clubbing
finger is essential to enhance diagnostic accuracy and efficiency.

Unlike other diagnostic challenges, the changes associated with clubbing finger are
subtle and localized, typically manifesting as soft tissue proliferation at the fingertips
or toes, leading to an elevated nail bed and a characteristic club-like appearance [5,6].
These subtle changes require high-precision feature extraction and fusion. Current YOLO
models may fail to capture critical diagnostic features or generate false positives when
processing such fine details. To achieve rapid and accurate clinical diagnosis, particularly
in resource-constrained settings, it is necessary to balance detection accuracy with compu-
tational efficiency. Designing a specialized model that captures these specific features while
reducing computational load is crucial for practical deployment.

Recent advancements in medical imaging technology have enabled automated detec-
tion, and computer-aided diagnosis (CAD) systems have made significant progress in areas
such as lung nodule detection, cardiac lesion identification, and dermatological disease
diagnosis [7,8]. Deep learning algorithms based on convolutional neural networks (CNNs)
are capable of quickly processing large volumes of image data to identify subtle features
that might be missed through visual inspection alone. As deep learning techniques ad-
vanced, Jarallah et al. introduced transfer learning methods using pre-trained models such
as DenseNet201 and ResNet50 to efficiently classify four nail disease types and enhance
model generalization through data augmentation [9]. Karunarathne et al. further refined
detection methods using InceptionV3 and DenseNet121, successfully detecting a range of
nail abnormalities by combining color, shape, and texture features [10]. Sogukkuyu et al.
employed VGG16 and VGG19 for transfer learning to classify melanonychia, Beau’s lines,
and nail clubbing, with their approach outperforming traditional CNN models in terms of
accuracy and error metrics [11]. The Nail Insight system developed by Pathan et al. inte-
grated VGG16 and GoogleNet, utilizing both feature- and decision-level fusion strategies
to improve detection effectiveness for a variety of nail diseases [12]. Hsu et al. designed a
system that combined YOLOv8 with U-Net for detection and segmentation, which excelled
atidentifying clubbing finger. However, its high computational complexity and resource de-
mands hinder its application in resource-limited environments like mobile and embedded
systems [13]. Despite demonstrating the potential of deep learning in nail disease detection,
challenges remain for clubbing finger detection, including a small dataset with limited
high-quality labeled data, which affects model training and generalization. Furthermore,
the complex and variable morphology of clubbing finger, along with significant individual
differences, complicates feature extraction and detection. Traditional YOLO models often
fail to detect these fine features accurately, and their computational complexity limits their
use in resource-limited platforms.

To overcome these challenges, we propose an improved lightweight YOLOvS detection
algorithm—MSG-YOLO. This algorithm integrates a multi-scale dilated residual module
(C2f_MDR) and a lightweight selective feature fusion pyramid network (SFFPN), aiming to
improve detection accuracy and real-time performance while reducing model parameters
and computational complexity. The C2f_MDR module better extracts features across
multiple scales, enhancing the model’s ability to capture relevant contextual information for
detecting clubbing finger. To optimize the feature fusion process, we designed the SFFPN,
which uses a channel attention mechanism to focus on the most critical features, improving
detection accuracy while reducing computational load. The group normalization shared
parameter detection head (GNSCD) further minimizes the model’s parameter count and
computational complexity, making it more suitable for deployment on devices with limited
resources. Furthermore, we collaborated with the Qinghai University Plateau Medical
Research Institute to construct a larger clubbing finger dataset, providing high-quality
samples for model training. The key contributions of this paper are as follows:

1. A novel multi-scale dilated residual module (C2f_MDR) is proposed, effectively im-
proving multi-scale feature extraction while keeping the model lightweight.
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2. A lightweight selective feature fusion network (SFFPN) is designed, which optimizes
multi-scale feature fusion using a channel attention mechanism, enhancing detection
accuracy and reducing computational complexity.

3. A group normalization shared parameter detection head (GNSCD) is introduced,
significantly reducing model parameters and computational complexity, thereby in-
creasing detection efficiency.

The structure of this paper is as follows: Section 2 reviews related work, particularly
lightweight YOLO models and feature fusion strategies. Section 3 presents the architecture
of the proposed MSG-YOLO model along with its technical details. Section 4 discusses the
experimental setup and evaluation methods, providing a detailed analysis of model perfor-
mance. Finally, Section 5 concludes this paper and outlines directions for future research.

2. Related Work
2.1. Lightweight YOLO Models

In recent years, deep learning technologies have made significant strides [14,15]. With
the continued development of algorithms like Convolutional Neural Networks (CNNSs),
the performance of object detection tasks has dramatically improved. Among various
object detection models, the YOLO (You Only Look Once) series [16-26] has been widely
adopted due to its excellent real-time performance and efficiency. Over the years, from
YOLOV1 to YOLOvV11, improvements in model design have enhanced detection accuracy
and speed. However, traditional YOLO models often have complex structures and high
computational demands, making them unsuitable for deployment on resource-constrained
devices. Consequently, recent research has focused on developing lightweight YOLO
models. To address this issue, researchers have introduced several lightweight YOLO
variants. For instance, PP-YOLOE [27] increases inference speed and reduces computa-
tional complexity while maintaining high detection accuracy by introducing an anchor-free
mechanism, optimized CSPRepResNet structure, and a dynamic label assignment algo-
rithm (TAL). The DsP-YOLO model proposed by Zhang et al. [28] features a lightweight,
detail-sensitive feature fusion network (DsPAN) and an embedded attention mechanism
(LCBHAM), significantly improving the model’s ability to capture small target details and
positional information. Zhou [29] introduced the YOLO-NL model, which innovates in
the backbone network and feature fusion through dynamic label assignment strategies,
enhancing performance in complex scenarios. Wang et al. [30] proposed the CTDD-YOLO
model, which boosts feature extraction for complex textures and small targets using an
improved CAACSPELAN module and CGRFPN feature fusion network. Despite these ad-
vancements in inference efficiency, lightweight YOLO models still face challenges in terms
of accuracy and detail capture, particularly when detecting subtle features like clubbing
finger, where accuracy tends to decrease. Therefore, the key challenge in clubbing finger
detection remains maintaining high precision while reducing computational load.

2.2. Feature Fusion Strategies

Multi-scale feature extraction plays a critical role in improving detection performance,
especially when dealing with targets that vary in scale and possess subtle features. Classic
YOLO models typically utilize Feature Pyramid Networks (FPNs) [31] for multi-scale fea-
ture extraction. However, FPNs may neglect crucial low-level features when processing
complex targets such as small or irregularly shaped objects. To address these limitations,
several improved multi-scale feature extraction techniques have been proposed. For ex-
ample, Tan et al. [32] developed BiFPN (Bidirectional Feature Pyramid Network), which
facilitates better interaction between high-level semantic and low-level detail features
through bidirectional top-down and bottom-up paths. Additionally, a learnable weighted
mechanism dynamically adjusts the contribution of each scale’s features, improving fusion
accuracy. Potap and Jaszcz [33] introduced a Twin Layer via Multiattention Networks with
Feature Transfer, which optimizes feature selection and fusion by utilizing a two-layer
structure to better capture the interactions and complementary information between modal-



Electronics 2024, 13, 4549

40f19

backbone

Conv
k=3,p=1,s=2

Conv
k=3,p=1,s=2

C2f

Conv
k=3,p=1,s=2

C2f

Conv
k=3,p=1,s=2

C2f-MDR

Conv
k=3,p=1,s=2

C2f-MDR

Feature Selection

Feature Selection

ities. Li [34] proposed the LR-FPN model for multi-scale feature fusion in remote sensing
images, which combines shallow position information extraction with a context interaction
module (CIM), enhancing target localization and representation. Despite these advance-
ments, these methods still fall short in addressing the challenges posed by clubbing finger
detection. The highly individualized and complex details of clubbing finger require more
specialized approaches, as traditional feature fusion methods may fail to adequately handle
such challenges. Additionally, current methods struggle with precise feature selection and
redundancy reduction, which impacts the accuracy of detail capture. Moreover, traditional
YOLO models” complexity and computational demands lead to inefficiencies in real-time
applications on resource-constrained devices. Thus, optimizing computational complexity
and reducing redundant information, while maintaining high detection accuracy, remains
a significant challenge in clubbing finger detection.

3. Method
3.1. Overall Structure of MSG-YOLO

To tackle the challenges of large parameter sizes and high rates of missed and false de-
tections in existing clubbing finger detection models, we propose an improved lightweight
model, MSG-YOLO, based on YOLOvS8n. The revised network architecture is depicted in
Figure 1.

Conv SPPF

g A HEE R
Q

5 %) x x x o
> = 0 0 0 S
E—lE— 8 8 g B
3 N} N N &>
N Q o o

o

neck head

Feature Selection Feature Selection Fusion —> C2f

Feature Selection Fusion —> C2f —>[ Conv_GN J——»[ Conv_GN H Conv_GN ]-—»[ Detect

Figure 1. The overall architecture of the improved YOLO model, comprising three primary compo-
nents: Backbone, Neck, and Head. The Backbone module extracts multi-level features from the input
image, the Neck module merges and processes multi-scale features, and the Head module produces
the target detection results. The SPPF module aggregates multi-scale information through repeated
MaxPool2d operations and concatenation, and the Conv module consists of Conv2d, BatchNorm2d,
and the SiLU activation function.

In MSG-YOLO, the C2f module in the Backbone is replaced with a multi-scale dilated
residual module (C2f_MDR). This module combines convolutions with varying dilation
rates, enabling the model to capture features across multiple scales. This approach enhances
the detection of local details without increasing computational complexity, while also
preserving extensive global contextual information.

For the Neck component, MSG-YOLO incorporates the Selective Feature Fusion Pyra-
mid Network (SFFPN). The design of SFFPN specifically addresses the need for high
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sensitivity when detecting subtle pathological features in clubbing finger. The selective
fusion process is directed by a channel attention mechanism that dynamically adjusts the
weights of each feature map channel according to the global context, ensuring that relevant
features are emphasized while irrelevant or redundant ones are minimized. By integrating
the channel attention mechanism with deconvolution operations, the model selectively
enhances and efficiently fuses multi-scale features, improving detection performance while
maintaining computational efficiency and a lightweight structure.

In the Head section, MSG-YOLO introduces a group normalization shared convolution
detection head. This component combines shared convolution layers with Group Normal-
ization (GN) [35], significantly reducing computational complexity and parameter count.
The shared convolution layers allow multiple detection tasks to utilize the same feature
map processing pathway, minimizing redundant computations and thereby lowering the
model’s parameter overhead while maintaining detection efficiency. Additionally, Group
Normalization is implemented as an alternative to the traditional Batch Normalization
(BN) method [36], optimizing for small batch training scenarios to achieve greater detection
stability and accuracy in resource-constrained environments.

3.2. Multi-Scale Feature Extraction Residual Network (C2f_MDR)

Traditional convolutional neural networks (CNNSs) are often limited by their fixed
receptive fields, which restrict their ability to effectively capture target features of vary-
ing scales and deformations. To overcome this limitation, the MSG-YOLO model intro-
duces an innovative multi-scale feature extraction residual network, known as C2f_MDR
(Multi-Dilation Residual). By combining multi-scale dilated convolutions with residual
connections, this structure effectively captures features across multiple scales, enhancing
the model’s sensitivity to fine details while keeping computational complexity low.The
structural design of the C2f_ MDR module is illustrated in Figure 2.
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Figure 2. Structure diagram of the C2f_MDR module. (a) The overall structure of the C2f_MDR
module. The input feature map undergoes convolution, segmentation, and multiple MDR module
processes, followed by concatenation and convolution to restore the channel number and generate
the output feature map. (b) The detailed structure of the MDR module, which consists of three
convolutional layers with different dilation rates (dilation rates of 1, 3, and 5) to capture contextual

information at different scales.



Electronics 2024, 13, 4549

6 of 19

The MDR module includes three types of convolution operations: standard convo-
lution (d = 1) and dilated convolutions with dilation rates of d = 3 and d = 5. The
standard convolution (d = 1) is used twice as often as the dilated convolutions (d = 3 and
d = 5), balancing the extraction of fine details and broader contextual information. The
standard convolution focuses on capturing fine-grained local features such as edges and
textures, which are crucial for detecting small or intricate targets. Meanwhile, the dilated
convolutions, by expanding the receptive field, gather broader contextual information,
though they may miss some finer details due to their sparsity. By increasing the number
of standard convolutions, the MDR module compensates for this sparsity, ensuring that
during the multi-scale information fusion process, the model maintains sensitivity to both
local details and global features. This design enhances local detail capture while preserving
rich global context without increasing computational complexity. The calculation process
of the MDR module is expressed as follows:

Fo = Convsy3(X), Foye REXHXW (1)

Fo is then processed through three parallel branches with dilation rates d = 1,3, 5,
producing outputs with channel sizes of C, %, and % The outputs are concatenated along
the channel dimension, followed by a 1 x 1 convolution to restore the original number of
channels, and finally added back to the input X through a residual connection:

F; = Convi i(Fp), F; € ROXHXW 2)
F, = Convi=3(Fy), F, e REXHW 3)
F; = Convi3(Fy), F3e RI*HW 4)
Fout = X + Convy 1 (Concat(Fy, Fy, F3)), Fou € ROIW 5)

Within the MSG-YOLO backbone, the C2f-MDR module is placed in the deeper
network layers, as these layers are responsible for extracting more abstract and globally
relevant information. As the network depth increases, feature maps become lower in
resolution but higher in channel count, resulting in more abstract and semantically rich
representations. At this stage, it is crucial for the model to integrate multi-scale information
to efficiently capture features across different scales, ensuring effective detection. The C2f-
MDR module expands the receptive field at these deep levels, allowing the model to capture
both global context and local details. The deeper layers’ complexity and abstraction require
a broader perspective in feature extraction, making C2f-MDR’s multi-scale perception
highly advantageous. Furthermore, its residual connection design ensures smooth gradient
flow, preventing vanishing or exploding gradients, thus enhancing the network’s stability
and trainability. Therefore, placing the C2f-MDR module in the deeper layers of the
backbone significantly improves the model’s ability to extract multi-scale features and
enhances overall detection performance.

3.3. Selective Fusion Pyramid Network (SFFPN)

The Selective Fusion Pyramid Network (SFFPN) is integral to the MSG-YOLO archi-
tecture, designed to efficiently extract and fuse features across different scales while main-
taining a lightweight structure suitable for resource-constrained environments. Traditional
object detection models often utilize Feature Pyramid Networks (FPNs) to integrate multi-
scale features. However, in medical imaging tasks like clubbed finger detection, where
targets are typically small and exhibit subtle morphological changes, conventional feature
fusion methods may not adequately capture these critical features. Therefore, we incor-
porate a channel attention mechanism and a deconvolution operation (ConvTranspose2d)
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within the neck module to enhance the selectivity and effectiveness of feature fusion.The
structural configuration of the SFFPN module is depicted in Figure 3.

Feature Selection

Feature Selection Fusion

— ConvTranspose

— ConvTranspose

Concat =——» C2f 7/ /

Figure 3. Schematic diagram of the SFFPN module. In the Feature Selection module, channel
attention (CA) and element-wise multiplication (®) are used to adaptively adjust the weights of
the input features, followed by processing with a convolution layer (kernel size k = 1). The Feature

Selection Fusion module then performs upsampling of features at different scales through convolution
transpose (ConvTranspose), followed by concatenation (Concat) to fuse multi-scale features. The
fused feature map is subsequently passed into the C2f module for further optimization, providing
higher-quality features for object detection.

SFFPN builds upon the multi-scale advantages of traditional FPNs by introducing an
adaptive selective fusion mechanism to optimize feature representation. Unlike conven-
tional FPNs, which use a top-down approach to upsample high-level semantic features for
merging with lower-level ones, SFFPN employs a channel attention mechanism to guide
this fusion selectively. This mechanism dynamically adjusts the importance of each feature
map channel based on the global context, enhancing features relevant to clubbed finger
detection while suppressing unrelated or redundant information. This adaptive approach
reduces the processing of unnecessary information, making feature processing more ef-
ficient. Specifically, given an input feature map X € RE*H*W where C is the number of
channels, and H and W denote the height and width, respectively, we first derive the global
spatial information of each channel using Global Average Pooling (GAP) and Global Max
Pooling (GMP):

.1 2 C c _ 1 ..
Zavg = [Zavg/ Zavgs - - rzavg]/ where Zavg = HxW Z Z XC,I,]/
i=1j=1 (6)
1 2 C
Zmax = [Zmaxs Zmaxs - - -+ Zmax),  Where  zp = i—1 1’151?1(1 W Xei j-

Here, X, ;; indicates the pixel value of the input feature map at channel ¢, height i,
and width j. The vectors zayg and Zmax, obtained through global average and max pooling,
encapsulate the global information for each channel.

These aggregated features are then passed through a shared Multi-Layer Perceptron
(MLP) for non-linear transformation, yielding the following channel weights s:

s = U'(Wz : §(W1 : [Zavg; Zmax]) )/ ()

where [zavg ; zmax] denotes the concatenation of the two C-dimensional vectors into a single
2C-dimensional vector; §(+) represents the ReLU activation, and o (-) represents the Sigmoid
activation. Wy € R2C*7C and W, € R"“*C are the MLP weight matrices, with r being the
reduction ratio. The output's = [s1, sy, ...,Sc| provides channel-specific weights, where s,
denotes the weight for channel c.
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Finally, these channel weights s are applied to the original feature map:
ij 1,] Xc,i,jr (8)

where X[ ; jis the weighted element of the feature map. This method emphasizes channels
assoc1ated w1th pathological features, suppressing irrelevant information, thus enhancing
the model’s sensitivity to subtle morphological changes in the fingers.

Another key feature of the SFFPN is the use of transposed convolution (ConvTrans-
pose2d) for upsampling. Unlike traditional interpolation-based upsampling methods,
transposed convolution uses learnable convolutional kernels to restore the spatial dimen-
sions of the feature maps, thereby preserving and reconstructing the detailed information
in low-resolution feature maps more effectively. Specifically, given an input feature map
X € RCn*HinxWin where Gy, represents the number of input channels, and Hj, and Wi,
denote the height and width of the input feature map, respectively, the output dimensions
of the transposed convolution are calculated as

Hout:(Hin—l)XS—2P+k+O, (9)

Wout = (Win —1) xs —2p+k+o, (10)

where Hoyt and Wyt are the output feature map’s height and width, respectively; k is the
kernel size; s is the stride; p is the padding; and o is the output padding. The operation of
the transposed convolution is formulated as

c’ ij — Z 2 Z X LMJ VW*"J ) Kc,c’,m,n/ (11)
c=1m=1n= s

where Y € RCoutHouxWout jg the output feature map, with Coyt as the number of output
channels; K € RCin*Coutkxk represents the convolution kernel weights. The floor operation,
| -], is applied to calculate indices. Here, i and j are the indices for the height and width of
the output feature map, respectively, and m and 7 are the indices for the convolution kernel
dimensions, respectively, with ¢ and ¢’ as the input and output channel indices, respectively.
By learning the kernel weights, the transposed convolution operation not only enhances the
model’s capacity for precise spatial localization but also effectively integrates contextual
information during multi-scale feature fusion. This precise feature reconstruction is crucial
for accurately capturing subtle morphological details in clubbed finger detection.

In the feature fusion process, the high-level upsampled feature map and the corre-
sponding low-level feature map first undergo a channel attention mechanism, extracting
the most relevant feature channels. Subsequently, element-wise multiplication is performed
to selectively combine these features, emphasizing shared activations in both feature maps
to ensure effective information exchange. The fused result is then added to the upsam-
pled feature map to enrich the feature representation, preserving the original semantic
information during fusion. To further enhance the expression capability of the fused fea-
tures, a modified C2f module is applied. This module efficiently extracts deep feature
representations through cross-stage partial connections and feature fusion, enhancing the
non-linear expressiveness while maintaining the model’s lightweight nature. This provides
high-quality feature support for the final detection head.

By integrating the channel attention mechanism and transposed convolution, the Multi-
Scale Selective Fusion Pyramid Network achieves selective enhancement and efficient fusion
of multi-scale features. This design is carefully optimized to meet the sensitivity requirements
of detecting subtle pathological features in clubbed finger detection, improving detection
performance while maintaining computational efficiency and lightweight characteristics.
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3.4. Group Normalization Shared Convolution Detection Head (GNSCD)

To achieve a lightweight design, this study proposes the Group Normalization Shared
Convolution Detection Head (GNSCD). In GNSCD, the convolutional layer is shared
across all feature layers, using the same convolutional kernel and weights, as illustrated in
Figure 4. This shared structure not only effectively reduces redundant parameters in the
model but also enhances the consistency of features across different scales. By applying the
same convolutional kernel to feature layers of varying scales, the model is compelled to
learn consistent feature representations across these scales. This approach is particularly
crucial for detecting targets, such as clubbed fingers, which possess similar morphologies
but vary in size. The shared parameters enable the model to effectively capture common
features across different scales, improving its target recognition capability and increasing
detection accuracy.

Bbox.Loss H Scale

-/ - Conv.GN | Conv.GN = Conv_GN

_k=1,p=0,s=1 | || k=1,p=0,s=1 ~ k=5,p=2,5=1

Cls.Loss ‘

SharedConv SharedConv

/ ', Conv.GN = Conv.GN Conv_GN |
_k=1,p=0,s=1 | k=1,p=0,s=1 _ k=5,p=2,5=1

Bbox.Loss H Scale

Cls.Loss ‘

: Bbox.Loss H Scale
Conv_GN Conv_GN Conv_GN ' '
k=1,p=0,s=1 | || k=1,p=0,5=1 k=5,p=2,s=1 | ——

[ Cls.Loss ‘

Figure 4. Structure diagram of the GNSCD module. Feature maps at different scales are first
processed using group normalization convolution (Conv_GN), followed by shared convolution layers
(with kernel sizes k = 1 and k = 5) to extract multi-scale features, thereby enhancing the model’s
ability to detect objects at different scales.

The GNSCD receives inputs in the form of multiple feature maps, denoted as
X ={X1,Xa,...,Xr}, where X; € RCixHixW; represents the ith feature layer. To mini-
mize redundancy in the convolutional layers, GNSCD adopts a shared convolution strategy,
applying the same convolutional kernel and weights across multiple feature layers. In
the conventional detection head, each feature layer has an independent convolutional
layer, resulting in a parameter count of ZiL:l P;, where P; is the parameter count for the ith
feature layer. By employing shared convolution, the parameter count is reduced to a single
Pihared, Where Pyared < 25:1 P;. The GNSCD network structure consists of several key
components, which are detailed below.

Initially, each input feature layer X; passes through a convolutional layer for channel
adjustment. This layer uses a 1 x 1 convolutional kernel, taking C; as the input channel
count and producing Cp;q (hidden channel count) as the output, ensuring that all feature
layers have a unified channel count. This convolutional layer is followed by Group Nor-
malization (GN) and the non-linear activation function SiLU (Sigmoid Linear Unit). This
process is expressed as:

Yi = SiLU(GN(CODVle(X,’))) (12)

where Convy 1 denotes the convolution operation with a kernel size of 1 x 1, GN stands
for the group normalization layer, and SiLU is the activation function.
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Subsequently, the outputs Y; from all feature layers are passed through the shared
convolution module, ShareConv, which consists of two convolutional layers. The first
shared convolution uses a 1 x 1 kernel, with both input and output channels set to Cp;gq.
The second shared convolution employs a 5 x 5 kernel, also with input and output channels
of Cpiq. As with the previous steps, each convolutional layer is followed by GN and the
SiLU activation function:

z!Y = SILU(GN(Convy 1 (Y;))) (13)

z? —siLu (GN (ConV5X s (zﬁ”) )) (14)

The shared convolution module is designed to expand the receptive field using larger
convolutional kernels (e.g., 5 x 5) to capture more contextual information while simultane-
ously reducing the number of parameters through weight sharing, which enhances feature
consistency across scales. This approach not only minimizes the storage requirements of the
model but also boosts the efficiency of feature extraction, making the model more effective
in processing multi-scale targets.

Following the output from the shared convolution layer, GNSCD applies Group
Normalization (GN) to further normalize the feature maps” distribution. Compared to
the conventional Batch Normalization (BN), GN offers superior stability and adaptability,
particularly in small-batch training scenarios. The GN computation is defined as

YV =" —Ey+p (15)

(&)

where Y;°’ represents the features of the gth group; y¢ and (7§ are the mean and variance of
this group, respectively; € is a small constant to prevent division by zero; and  and f are
learnable parameters for scaling and shifting.

The selection of GN is primarily due to its compatibility with small-batch training.
Unlike BN, GN performs normalization based on the channel dimensions of the features
and is independent of the batch size, thus maintaining stable performance even with small
batches. This enhances the training efficiency and speeds up convergence. Moreover, GN
normalizes features on a per-sample basis, eliminating dependencies between batches and
promoting stable gradient flow.

By combining shared convolution layers with Group Normalization, GNSCD effec-
tively balances model complexity and detection performance. The shared convolution
layer reduces parameter redundancy through weight sharing, thereby improving feature
consistency and enhancing multi-scale detection capabilities. Meanwhile, Group Normal-
ization offers robust feature normalization during small-batch training, promoting effective
gradient flow and improving both training efficiency and generalization. This design not
only optimizes the use of computational resources but also ensures that the model remains
efficient and accurate, even in resource-constrained environments.

3.5. EMASIlideLoss

To further enhance the performance of the MSG-YOLO model, the EMASIideLoss
function is introduced. This function combines the concepts of the Exponential Moving
Average (EMA) and a sliding window to dynamically adjust loss weights during the
training process, thereby improving the model’s robustness and generalization capabili-
ties. Traditional loss functions, such as cross-entropy loss or IoU loss, use fixed weights
throughout training, which may not sufficiently adapt to the model’s dynamic changes at
different stages of training. To address this limitation, EMASlideLoss introduces a dynamic
weight adjustment mechanism, enabling the loss function to adapt more effectively to these
changes, thus improving detection performance.
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In EMASlideLoss, the Exponential Moving Average (EMA) of the loss values is first
computed at each training step. This smoothing method calculates a weighted average of
past loss values, helping to stabilize fluctuations. The EMA calculation is given by

EMA; = a - Li + (1 —a) - EMA;_4 (16)

where EMA; represents the EMA value at time ¢, L; is the current loss value, and « is the
smoothing factor, typically ranging between 0 and 1. This parameter controls the influence
of recent versus past loss values, allowing the model to react smoothly to changes over time.

To further stabilize and smooth the loss values, EMASlideLoss incorporates a sliding
window average of the loss values. The sliding window method computes the average loss
over a specified time period, enabling dynamic adjustment of the loss weight. The sliding
window calculation is

1 t
smzﬁ;z L; (17)
i=t—N+1

where SW; is the sliding window average at time ¢, N is the window size (representing
the number of past time steps considered), and L; is the loss value at each time step i.
This approach helps to smooth out short-term fluctuations and provides a baseline for
dynamic adjustment.

By combining the EMA and sliding window techniques, EMASlideLoss can dynam-
ically adjust the loss weight at each time step, allowing the model to adaptively modify
the loss function based on the training stage. The process of dynamic weight adjustment is
defined as

. _ EMA
L™ Tsw,

(18)

EMASIlideLoss; = wy - L; (19)

where w; is the dynamically computed weight and L; is the current loss value. By adjusting
the weight dynamically, EMASlideLoss effectively balances the influence of different loss
values throughout training, enhancing the model’s stability and generalization ability.

EMASIlideLoss achieves adaptive balancing of loss values across different training
phases through dynamic weight adjustment. This approach not only ensures better con-
vergence during training but also optimizes the model’s response to varying conditions,
maintaining high detection accuracy and efficiency.

4. Experimental Detail
4.1. Dataset and Preprocessing

The dataset used in this study was provided by the Highland Medical Research Center
of Qinghai University. Data collection involved 42 volunteers of varying genders and ages
living at an altitude of 2400 m. The clinical diagnosis of clubbed fingers primarily relies on
features such as nail appearance, nail-fold angles, and the presence of the Schamroth Sign.
To clearly capture these diagnostic features, researchers used handheld mobile devices to
photograph the lateral view of fingers under natural lighting conditions, resulting in a total
of 207 images. Examples of the collected images are shown in Figure 5. To enhance the
model’s generalization capability and robustness, and to optimize its learning efficiency,
data augmentation techniques such as random rotations and the addition of Gaussian noise
were applied, increasing the total number of images to 495. This expanded dataset includes
225 images of clubbed fingers and 286 of normal fingers. Each image was annotated by
experts from the Highland Medical Research Center at Qinghai University, ensuring high
accuracy and consistency of the labels.
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(a) (b)

Figure 5. Dataset example: image (a) displays a clubbed finger, while image (b) shows a normal
finger. Characteristics of clubbed fingers include nail-fold angles greater than 180°, whereas normal
fingers generally have nail-fold angles less than 180°.

4.2. Experimental Environment

The operating system used in this study is Red Hat Enterprise Linux 7.6, with an Intel
Xeon Gold 6348 processor, an NVIDIA A100 80GB PCle GPU, and 251GB of RAM. The
programming language is Python 3.9, and the deep learning framework is PyTorch 2.0.1,
with GPU acceleration provided by CUDA 11.7. The experimental settings are as follows:
input images are sized 640 x 640, the batch size is set to 16, and the model is trained for
300 iterations, with the training and validation datasets split in an 80:20 ratio.

To ensure consistency and reproducibility, we adopted the default hyperparameter
configuration of YOLOVS as the baseline for our experiments. For fairness and compara-
bility, the same hyperparameter settings were applied across all comparison models, thus
minimizing the influence of differing hyperparameters on the results. The detailed training
parameters are provided in Table 1.

Table 1. Training Parameter Settings.

Parameter Value
Optimizer SGD
Initial learning rate (Ir0) 0.01
Final learning rate (Irf) 0.01
Weight decay 0.0005
Momentum 0.937
Warmup epochs 3
Warmup momentum 0.8
Close mosaic 10

This table summarizes the primary parameter settings used during the training process.

4.3. Evaluation Metrics

In this study, we evaluate the model’s accuracy using Mean Average Precision (mAP),
specifically mAP@0.5 and mAP@0.5:0.95. Additionally, we use the number of model
parameters (Params) and computational complexity (FLOPs) as quantitative metrics to
assess the lightweight nature of the model. These metrics provide a comprehensive and
objective evaluation of the lightweight YOLO model’s performance in the task of detecting
clubbed fingers. Specifically, mAP@0.5 represents the mean average precision when the IoU
threshold is set to 0.5, while mAP@0.5:0.95 calculates the mean average precision over a
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range of IoU thresholds from 0.5 to 0.95, with an interval of 0.05. The number of parameters
(Params) reflects the total count of parameters within the model, indicating the model’s
storage requirements. The computational complexity (FLOPs) measures the number of
floating-point operations per second executed by the model and serves as an indicator of
its computational demands. The formulas for calculating mAP are as follows:

TP
P= TP+ FP (20)
TP
R= TP +FN 1)
1 N
AP = — Y AP 22
m N l; ; (22)

4.4. Experimental Results and Analysis
4.4.1. Ablation Study

To validate the effectiveness of each module and strategy in the MSG-YOLO model for
the clubbed finger detection task, we conducted a detailed ablation study. By sequentially
removing or substituting key components, we analyzed the contributions and impacts of
the Multi-Scale Dilation Residual (C2f-MDR) module, the Selective Feature Fusion Pyramid
Network (SFFPN), the Group Normalization Shared Convolution Detection Head (GN-
SCD), and the EMASlideLoss function on the overall model. These ablation experiments
aimed to evaluate the independent performance contributions and synergistic effects of
each component, providing a comprehensive understanding of the model design. The
experimental results are presented in Table 2.

Table 2. The ablation study of the MSG-YOLO algorithm. In the table, Bolded content represents the
best performance metric.

EMA-

Model C2{-MDR SFFPN GNSCD . mAP50 mAP50-95 FLOPs/G Params/M
SlideLoss

YOLOvS8n 90.78% 76.36% 8.195 3.01
1 v 91.28% 77.02% 8.1 3.01

2 v 90.56% 75.67% 6.946 1.94

3 v 89.02% 75.78% 7.169 24

4 v 90.98% 77.96% 8.195 3.01

5 v v 91.49% 76.58% 6.85 1.93

6 v v v 93.07% 77.27% 6.214 1.6
Ours v v v v 93.64% 77.71% 6.214 1.6

As shown in Table 2, replacing the deep C2f module in the backbone with the C2f-
MDR module increased mAP50 by 0.5% and mAP50-95 by 0.66%, while slightly reducing
the computational cost to 8.1 GFLOPs, demonstrating that C2f-MDR effectively improves
accuracy without increasing computation. Modifying the Neck to the SFFPN module
reduced computational cost by 15.24% and the parameter count by 35.66%. Although
mAP50 and mAP50-95 decreased by 0.22% and 0.69%, respectively, the model’s efficiency
and resource utilization were significantly optimized, making it suitable for low-resource
environments. When the Head was replaced with GNSCD, computational cost decreased
by 12.5%, and the parameter count was reduced by 20.31%. While mAP50 dropped by
1.76%, mAP50-95 increased by 0.12%. GNSCD'’s shared convolution structure effectively
reduces parameters and computational load while maintaining multi-scale feature capture.
Introducing EMASIlideLoss improved mAP50 by 0.2% and mAP50-95 by 1.6% without
changing the parameter count or computation. EMASlideLoss dynamically adjusts loss
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weights, allowing the model to focus more effectively on critical features. Applying the C2f-
MDR and SFFPN modules together increased mAP50 by 0.72% and mAP50-95 by 0.22%,
while computational cost and parameter count dropped by 16.38% and 35.83%, respectively,
showing their complementary effects in improving performance and reducing overhead.
In Experiment 6, combining C2f-MDR, SFFPN, and GNSCD reduced the computational
cost by 24.17% and parameter count by 46.89%. Meanwhile, mAP50 increased by 2.29%
and mAP50-95 by 0.91%, demonstrating the significant synergistic effects of the modules in
enhancing overall accuracy while minimizing computational demands.

Finally, adding C2f-MDR, SFFPN, and GNSCD modules and incorporating EMASIide-
Loss reduced the computational cost and parameter count by 24.17% and 48.74%, respec-
tively, while mAP50 increased by 2.86% and mAP50-95 by 1.35%. This multi-module design
optimizes feature extraction, lightweight structure, and loss optimization strategies, demon-
strating the MSG-YOLO model'’s effectiveness and efficiency for clubbed finger detection.

4.4.2. Comparative Experiments

To further validate the detection performance of the improved MSG-YOLO model pro-
posed in this study, we conducted comparative experiments against several popular object
detection algorithms. The models selected for comparison include Faster R-CNN, RTMDet-
Tiny, TOOD, DDOD, and several versions of the YOLO series (YOLOv5n, YOLOV5s,
YOLOV8n, YOLOvV8s, YOLOv9t, YOLOv10n, and YOLOv11n). The comparative results are
summarized in Table 3.

Table 3. Comparative results of various detection models.

Model Name mAP@0.5 mAP@0.5:0.95 FLOPs (G) Params (M)
Faster-Renn [37] 88.20% 64.60% 90.903 41.353
Rtmdet-Tiny [38] 86.10% 68.10% 8.026 4.873
TOOD [39] 85.20% 72.20% 78.857 32.021
DDOD [40] 87.00% 67.70% 71.146 32.199
YOLOv5n [20] 87.04% 73.96% 7.18 251 M
YOLOVv5s [20] 88.77% 77.66% 64.36 25.07 M
YOLOvS8n [23] 90.78% 76.36% 8.20 3.01M
YOLOvS8s [23] 92.34% 76.13% 28.65 11.14 M
YOLOv9t [24] 91.19% 76.37% 11.00 2.66 M
YOLOv10n [25] 89.77% 75.99% 8.40 271 M
YOLOv11n [26] 91.63% 75.33% 6.4 2.59M
ours 93.64% 77.71% 6.214 1.6 M

As presented in Table 3, the improved MSG-YOLO model demonstrates significant
advantages compared to current popular object detection algorithms. Compared with mod-
els like Faster R-CNN, RTMDet-Tiny, TOOD, DDOD, and the various YOLO versions, the
proposed MSG-YOLO algorithm achieves the highest mAP@0.5 (93.64%) and mAP@0.5:0.95
(77.71%) with the smallest parameter count and computational load, highlighting its supe-
rior detection performance.

For instance, Faster R-CNN reaches an mAP@0.5 of 88.20% and mAP@0.5:0.95 of
64.60%, but its parameter count and computational load are 41.353M and 90.903G, re-
spectively, which is significantly higher than MSG-YOLO, resulting in inferior overall
performance. While RTMDet-Tiny has a relatively low parameter count (4.873M) and
computational load (8.026G), its mAP@0.5 and mAP@0.5:0.95 are 86.10% and 68.10%,
respectively—7.54% and 9.61% lower than MSG-YOLQ'’s scores. Similarly, TOOD and
DDOD do not surpass MSG-YOLO in accuracy and have higher parameter counts and
computational loads, making them less suitable for resource-limited environments.
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Although lightweight models such as YOLOv5n, YOLOv8n, YOLOvV9t, YOLOv10n,
and YOLOv11n have similar parameter sizes and computational complexity to MSG-YOLO,
there is a gap in detection accuracy. Taking YOLOv8n as an example, its mAP@0.5 and
mAP@0.5:0.95 are 90.78% and 76.36%, respectively, still lower than MSG-YOLO. YOLOv11n
has an mAP@0.5 of 91.64%, which is 2.00% lower than MSG-YOLO, and an mAP@0.5:0.95
of 75.33%, which is 2.38% lower than MSG-YOLO. In addition, the parameter size and
computational complexity of these models are still higher than those of MSG-YOLO, and
their overall performance is inferior to MSG-YOLO.

While YOLOv5s and YOLOv8s achieve detection accuracies close to or slightly higher
than some other models in the comparison, their parameter counts and computational
loads are substantially higher. YOLOv5s has 25.07 M parameters and 64.36 G in compu-
tational load; YOLOvVS8s has 11.14 M parameters and 28.65 G in computational load, both
of which are significantly higher than MSG-YOLQO's values, making them unsuitable for
resource-constrained environments. The MSG-YOLO model excels across various metrics,
outperforming mainstream object detection algorithms in detection accuracy while opti-
mizing resource requirements, making it suitable for deployment on devices with limited
computational resources, thus meeting both real-time and high-accuracy needs.

4.5. Visualization Analysis

To assess the performance of the improved MSG-YOLO model in the clubbed finger
detection task, we present a visual comparison with the YOLOv8n baseline model in
Figure 6 to validate MSG-YOLQ's accuracy and robustness. Figure 6a illustrates the
detection results of MSG-YOLO, while Figure 6b shows the results from YOLOvS8n. It is
evident from Figure 6 that MSG-YOLO outperforms the baseline model in distinguishing
between clubbed and normal fingers under various conditions, demonstrating higher
confidence scores and greater stability.

clubbing, 0.78i0g 0.75

|

(a) (b)

Figure 6. Comparison of detection results between MSG-YOLO and YOLOv8n models. (a) Perfor-
mance of the MSG-YOLO model in the clubbed finger detection task. (b) Results from the YOLOv8n
model on the same task.
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Specifically, MSG-YOLO maintains high confidence levels even in complex back-
grounds, accurately distinguishing the two classes. This indicates that the model’s sensitiv-
ity and accuracy in identifying subtle features such as nail curvature and thickness have
significantly improved. In contrast, the YOLOv8n model, shown in Figure 6b, displays
lower confidence levels under the same conditions and occasionally misclassifies the fingers.
These results highlight how MSG-YOLO, through its incorporation of the Multi-Scale Dila-
tion Residual (C2f-MDR) module and the Selective Feature Fusion mechanism, significantly
enhances detection stability and accuracy in diverse scenarios.

To further evaluate MSG-YOLO's performance in object detection, we analyzed several
images and visualized the detection outcomes using heatmaps. The heatmap employs a
color gradient to illustrate the model’s attention levels across pixels: red areas indicate the
highest target presence probability, yellow and green areas indicate moderate focus, and
blue areas represent the least attention.

Figure 7 clearly show that the model consistently focuses on the fingertip region across
all images, indicating that the fingertip serves as a prominent feature. The model accurately
identifies and localizes the fingertip, with the red areas representing high-confidence re-
gions where the probability of detecting the target is highest. This consistent observation
across all images underscores the model’s efficiency and reliability in detecting this particu-
lar feature. The gradient changes in the heatmap further reveal differences in attention: red
regions are concentrated at the fingertip and its boundary with the background, while the
rest of the finger and background mostly appear in blue or green. This demonstrates the
model’s capability to effectively differentiate the target from the background and focus on
key features. The variation in attention suggests that the model possesses strong capabilities
in handling complex backgrounds and multi-object detection scenarios.

I ubbing 1.0%

cl

F

\clubbing 0.7
=

-

(a) (b)

Figure 7. Detection Figure results of MSG-YOLO on different samples. The left side (a) shows the
bounding boxes for normal and clubbed finger samples, with each box labeling the detected category
and confidence score. The right side (b) presents the corresponding heatmaps, highlighting the areas
of focus for the model during detection. The high-intensity red and yellow regions indicate significant
features that the model has identified in these areas.

Overall, the MSG-YOLO model is capable of accurately distinguishing between
clubbed and normal fingers in most images, with high confidence scores. The model
shows exceptional performance in clubbed finger detection, surpassing other baseline mod-
els not only in detection accuracy and confidence but also in its ability to handle multiple
objects and resist noise interference.
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5. Conclusions

This paper presents MSG-YOLO, a lightweight model for finger clubbing detection
based on YOLOVS, designed to address the limitations of existing methods in terms of
accuracy, computational efficiency, and resource requirements. By incorporating the multi-
scale dilated residual module (C2f_MDR), the lightweight selective feature fusion pyramid
network (SFFPN), and the group normalization shared parameter detection head (GNSCD),
MSG-YOLO significantly enhances both detection accuracy and efficiency. Experimen-
tal results show that MSG-YOLO reduces the number of parameters by 48.74% and the
computational complexity by 24.17%, while increasing mAP@0.5 by 2.86% to 93.64%. It
significantly outperforms YOLOvS8n in terms of detection accuracy while maintaining
a minimal computational overhead. This demonstrates MSG-YOLQO's ability to balance
high precision with efficiency in automated finger clubbing detection, making it highly
suitable for deployment in resource-constrained environments, such as mobile devices and
embedded systems.

While the MSG-YOLO model has achieved significant success in finger clubbing detec-
tion, there remain areas for further improvement. First, the current dataset’s diversity and
scale limit the model’s training effectiveness and generalization capability. Future research
should focus on developing larger and more diverse datasets that cover a wider range of
case characteristics, particularly finger clubbing images from different ethnicities, genders,
ages, and pathological conditions, to enhance the model’s robustness and adaptability.
Furthermore, finger clubbing detection relies not only on image data but could also benefit
from the integration of other clinical information, such as patient medical history and
related symptoms. The fusion of multi-modal data would further improve the accuracy
and stability of detection. Future studies could consider combining image data with clinical
data to create a more comprehensive and accurate automated diagnostic system, enhancing
the model’s practical value in real-world clinical environments. In conclusion, MSG-YOLO
provides an effective solution for the automated detection of finger clubbing, achieving a
significant improvement in detection accuracy while reducing computational complexity.
With the expansion of datasets, further algorithmic refinements, and the integration of
multi-modal technologies, the automation and intelligence of finger clubbing detection are
expected to continue improving.
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