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Keypoint detection and pose estimation are pivotal in various industrial applications such as vision-based 
anti-misoperation systems. This system typically incorporates computer vision techniques, including 
keypoint detection models and object detection, where precision and robustness are critical to the effec-
tiveness and reliability of the system. Advanced deep learning models like YOLO, HRNet and EfficientNet 
are commonly employed in these applications, but challenges remain due to dynamic scale variations and 
the requirement for high accuracy and reliability. To address this issue, this paper proposed a Multi-Scale 
Self-Attention Convolution based keypoint detection network(MS-SACNet), which enhances keypoint lo-
calization accuracy by effectively extracting fine-grained features from the input feature map, enabling more 
precise detection across varied scales. Additionally, we incorporate a generative probabilistic Gaussian Mix-
ture Model (GMM) to enhance the model's detection capability by involving feature distributions during the 
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1. Introduction
In recent years, an increasing number of applica-
tions based on computer vision have been applied 
to traditional enterprises due to the development 
of artificial intelligence, for instance, the intelli-
gent operation ticket systems in the power plant 
often integrate computer vision and deep learning 
techniques to enhance operational efficiency and 
safety. Ensuring the safe operation of power sys-
tems heavily relies on preventing misoperations, 
the conventional method predominantly involves 
manual supervision, which brings challenges of low 
efficiency and risks associated with inconsistent 
levels of human expertise. 

As shown in Figure 1, these systems typically uti-
lize wearable sensors that capture real-time im-
ages, serving as inputs for advanced processing. A 
keypoint detection framework is employed to accu-
rately localize the finger joints of the user in those 
systems. This process entails analyzing captured 
images to detect and track finger positions and 
movements in real-time. Subsequently, various deep 
learning frameworks, including object detection, 
image classification, and OCR, are employed based 
on the localized fingertip positions. The outputs 
of these frameworks are then fed into a predefined 
rule-based model to identify instances of misoper-
ation behaviour. By combining these technologies, 
the intelligent operation ticket system can facilitate 
safer and more efficient workflows, ensuring that 
tasks are completed correctly and minimizing the 
risk of errors. To ensure the overall effectiveness of 
the system, the performance of the computer vision 
models plays a crucial role, since keypoint detection 
and object detection serve as the foundations for ac-
curate localization and target status recognition.
Keypoint detection, a core research domain in com-
puter vision, with significant relevance across var-
ious practical applications, such as behavior recog-
nition [17], motion capture [20], human-computer 
interactions [34] and numerous AI-integrated sys-
tems. It follows either top-down [25] or bottom-up 
approaches [5], and typically focuses on locating 
keypoints in a target object or person. Significant 
advancements have been made in this field, partic-
ularly with the introduction of deep convolutional 
neural networks (CNNs) [15] and Transformers 
[30], and also some notable techniques employed 
in pose estimation methods. For instance, heat-

training stage. The cross-domain data augmentation techniques further improve the model's performance 
by exposing it to diverse scenarios and noise, thereby improving its robustness in real-world conditions. 
Our proposed method has been integrated into the deployed system, and its effectiveness has been validat-
ed using the both public datasets such as VOC2007 and VOC2012, and our self-made industrial datasets. 
For example, by integrating MS-SACNet, our framework outperforms YOLOv5 by 5.2 % 
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Keypoint detection and pose estimation are pivotal in various industrial applications such as vision-based anti-
misoperation systems. This system typically incorporates computer vision techniques, including keypoint detection 
models and object detection, where precision and robustness are critical to the effectiveness and reliability of the 
system. Advanced deep learning models like YOLO, HRNet and EfficientNet are commonly employed in these 
applications, but challenges remain due to dynamic scale variations and the requirement for high accuracy and 
reliability. To address this issue, this paper proposed a Multi-Scale Self-Attention Convolution based keypoint 
detection network(MS-SACNet), which enhances keypoint localization accuracy by effectively extracting fine-
grained features from the input feature map, enabling more precise detection across varied scales. Additionally, we 
incorporate a generative probabilistic Gaussian Mixture Model (GMM) to enhance the model's detection capability 
by involving feature distributions during the training stage. The cross-domain data augmentation techniques further 
improve the model's performance by exposing it to diverse scenarios and noise, thereby improving its robustness in 
real-world conditions. Our proposed method has been integrated into the deployed system, and its effectiveness has 
been validated using the both public datasets such as VOC2007 and VOC2012, and our self-made industrial datasets. 
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1. Introduction 
In recent years, an increasing number of applications 
based on computer vision have been applied to 
traditional enterprises due to the development of 
artificial intelligence, for instance, the intelligent 
operation ticket systems in the power plant often 
integrate computer vision and deep learning 
techniques to enhance operational efficiency and 
safety. Ensuring the safe operation of power systems 
heavily relies on preventing misoperations, the 
conventional method predominantly involves manual 
supervision, which brings challenges of low 
efficiency and risks associated with inconsistent 
levels of human expertise.  
Figure 1 System diagram of the misoperation system 
adopted with deep learning technologies. 

 

Keypoint detection, a core research domain in 

computer vision, with significant relevance across 
various practical applications, such as behavior 
recognition [17], motion capture [20], human-
computer interactions [34] and numerous AI-
integrated systems. It follows either top-down [25] or 
bottom-up approaches [5], and typically focuses on 
locating keypoints in a target object or person. 
Significant advancements have been made in this 
field, particularly with the introduction of deep 
convolutional neural networks (CNNs) [15] and 
Transformers [30], and also some notable techniques 
employed in pose estimation methods. For instance, 
heatmap regression [19] techniques predict multiple 
keypoints for an object with a clear distinction 
between different keypoints, and the scale-invariant 
loss metric [21] ensures consistent performance when 
objects vary in size, etc. 
However, top-down approaches suffer from a 
significant drawback: the accuracy of keypoint 
detection is highly dependent on the bounding box 
precision of target, since the keypoints is regressed 
from the bounding boxes. Consequently, false 
positives and false negatives adversely affect 
subsequent keypoint detection. To overcome this 
issue, we propose MS-SACNet, and our main 
contributions are summarized as follows: 

i. Proposed MS-SACNet enhanced with several 
preprocessing techniques to improve feature 
representation. 

ii. Developed GMM-based feature augmentation 
method to generate richer and more informative 
feature distributions. 

iii. Constructed a cross-domain training dataset by 
combining open-source data with our own 
collected samples, improving model robustness. 

iv. Verified the performance of MS-SACNet and 
conducted ablation studies of our proposd 
methods on the open-source PASCAL VOC 
dataset to prove the effectiveness. 

 
  

2. Related Works 
2.1 Real-time Object Detectors 
In recent years, significant efforts have been devoted 
to developing real-time object detectors, with the 
YOLO series being one of the most prominent. YOLO 
networks introduced the classic object detection 
architecture divided into three parts: backbone, neck, 
and head. YOLOv3 [28] specifically enhanced feature 
extraction using Darknet-53, which incorporates more 
layers and residual connections. YOLOv4 [1] further 
advanced the architecture by introducing CSPDarknet, 
SPP, and PAN. YOLOv5 [12] achieved widespread 
adoption due to its user-friendly design and robust 
performance, integrating various advancements in 
model architecture, augmentation techniques, and 
post-processing methods. The design of YOLOv6 [16] 
features an efficient backbone incorporating RepVGG 

Figure 1   
System diagram of the misoperation system adopted with 
deep learning technologies.
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map regression [19] techniques predict multiple 
keypoints for an object with a clear distinction be-
tween different keypoints, and the scale-invariant 
loss metric [21] ensures consistent performance 
when objects vary in size, etc.
However, top-down approaches suffer from a signif-
icant drawback: the accuracy of keypoint detection 
is highly dependent on the bounding box precision 
of target, since the keypoints is regressed from the 
bounding boxes. Consequently, false positives and 
false negatives adversely affect subsequent key-
point detection. To overcome this issue, we propose 
MS-SACNet, and our main contributions are sum-
marized as follows:
1	 	Proposed MS-SACNet enhanced with several pre-

processing techniques to improve feature repre-
sentation.

2	 	Developed GMM-based feature augmentation 
method to generate richer and more informative 
feature distributions.

3	 	Constructed a cross-domain training dataset by 
combining open-source data with our own collect-
ed samples, improving model robustness.

4	 	Verified the performance of MS-SACNet and con-
ducted ablation studies of our proposd methods on 
the open-source PASCAL VOC dataset to prove the 
effectiveness.

  

2. Related Works
2.1. Real-time Object Detectors
In recent years, significant efforts have been devot-
ed to developing real-time object detectors, with the 
YOLO series being one of the most prominent. YOLO 
networks introduced the classic object detection ar-
chitecture divided into three parts: backbone, neck, 
and head. YOLOv3 [28] specifically enhanced feature 
extraction using Darknet-53, which incorporates 
more layers and residual connections. YOLOv4 [1] 
further advanced the architecture by introducing 
CSPDarknet, SPP, and PAN. YOLOv5 [12] achieved 
widespread adoption due to its user-friendly design 
and robust performance, integrating various ad-
vancements in model architecture, augmentation 
techniques, and post-processing methods. The de-

 
 

 

Figure 2 MS-SACNet incorporated with YOLO framework in anti-misoperation system. Wearable AR glasses capture 
real-time images, which are transmitted to the keypoint detection network to localize the operator’s forefinger. The 
network adopts a YOLO-based backbone and PAN feature-fusion neck, enhanced by cross-domain data and GMM-
based feature augmentation. The Multi-Scale Self-Attention Convolution (MS-SAC) is integrated to model both local 
and global spatial dependencies between keypoints. The detected keypoints support downstream tasks such as object 
detection, image classification, and OCR for misoperation prevention. 

or CSPStackRep blocks, a PAN neck, and an efficient 
decoupled head with a hybrid-channel strategy. 
YOLOv7 [31] introduced modifications to the 
architecture with the Extended Efficient Layer 
Aggregation Network (E-ELAN). YOLOv8 [13], 
except for utilizing the novel C3f neural network 
block, is notable for being an anchor-free model, 
eliminating predefined anchor boxes to adapt to 
different object sizes, resulting in higher detection 
accuracy. The YOLOv9 [32] model includes 
advancements such as Programmable Gradient 
Information (PGI) to prevent data loss during gradient 
updates and the Generalized Efficient Layer 
Aggregation Network (GELAN) to enhance the 
architecture. 

The convolution operation in CNNs uses the kernel to 
extract the features within an image and has become 
the most powerful technique in most computer vision 
tasks [11, 26, 38]. Meanwhile, the attention 
mechanism has demonstrated outstanding 
performance in language tasks, such as GPT3 [2], and 
GPT4 [23]. Given the powerful representation 
capabilities of the attention mechanism in 
transformers, extensive research has been conducted 
to explore its application in vision tasks, and it has led 
to successful transformer-based variants like the 
Vision Transformer [37, 6, 18]. The design paradigms 
of convolution and self-attention are distinct. The 
convolution operation extracts features over a 
localized receptive field using predefined kernels, 
whereas the attention module computes and compares 
the similarity between pixel pairs and captures more 
informative features across the entire input feature 
map. The integration of convolution and self-attention 

can benefit from both advantages of these two 
approaches. Some previous work such as SE [10] and 
CBAM [36] shows that self-attention can be served as 
an augmentation of the convolution, and ACmix [24] 
decomposes the operation of convolution and self-
attention which provides a more precise integration 
between them. 

2.3 Pose Estimation Framework 
The bottom-up paradigm begins by detecting all 
potential keypoints throughout the entire image, 
subsequently grouping them into individual sets. 
Some related works are viewed such as OpenPose [4] 
and OpenPifpaf [14]. OpenPose introduces Part 
Affinity Fields (PAFs) to encode association scores 
between body parts, thereby addressing the matching 
problem by breaking it down into a series of bipartite 
matching subproblems. OpenPifpaf, on the other 
hand, proposes the use of a Part Intensity Field (PIF) 
for localizing body parts and a Part Association Field 
(PAF) for their association. Our work follows the top-
down paradigm like others [25, 33], which firstly 
obtains the bounding box for each human body 
through an object detector and then performs single-
person pose estimation within the object bounding 
boxes. However, this paradigm has several drawbacks 
that pose challenges for our anti-misoperation system. 
For instance, significant variations in object size can 
result in inaccurate keypoint localization, and the 
performance of keypoint detection is highly dependent 
on the accuracy of the object detection step. 
Consequently, integrating top-down methods into 
real-world applications poses significant challenges. 
 
 
 

Figure 2   
MS-SACNet incorporated with YOLO framework in anti-misoperation system. Wearable AR glasses capture real-time 
images, which are transmitted to the keypoint detection network to localize the operator’s forefinger. The network 
adopts a YOLO-based backbone and PAN feature-fusion neck, enhanced by cross-domain data and GMM-based feature 
augmentation. The Multi-Scale Self-Attention Convolution (MS-SAC) is integrated to model both local and global spatial 
dependencies between keypoints. The detected keypoints support downstream tasks such as object detection, image 
classification, and OCR for misoperation prevention.
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sign of YOLOv6 [16] features an efficient backbone 
incorporating RepVGG or CSPStackRep blocks, a 
PAN neck, and an efficient decoupled head with a 
hybrid-channel strategy. YOLOv7 [31] introduced 
modifications to the architecture with the Extend-
ed Efficient Layer Aggregation Network (E-ELAN). 
YOLOv8 [13], except for utilizing the novel C3f neu-
ral network block, is notable for being an anchor-free 
model, eliminating predefined anchor boxes to adapt 
to different object sizes, resulting in higher detection 
accuracy. The YOLOv9 [32] model includes advance-
ments such as Programmable Gradient Information 
(PGI) to prevent data loss during gradient updates 
and the Generalized Efficient Layer Aggregation Net-
work (GELAN) to enhance the architecture.

2.2. Fusion between Convolution and 
Attention Mechanism
The convolution operation in CNNs uses the ker-
nel to extract the features within an image and has 
become the most powerful technique in most com-
puter vision tasks [11, 26, 38]. Meanwhile, the at-
tention mechanism has demonstrated outstanding 
performance in language tasks, such as GPT3 [2], 
and GPT4 [23]. Given the powerful representation 
capabilities of the attention mechanism in trans-
formers, extensive research has been conducted to 
explore its application in vision tasks, and it has led 
to successful transformer-based variants like the Vi-
sion Transformer [37, 6, 18]. The design paradigms 
of convolution and self-attention are distinct. The 
convolution operation extracts features over a local-
ized receptive field using predefined kernels, where-
as the attention module computes and compares the 
similarity between pixel pairs and captures more 
informative features across the entire input feature 
map. The integration of convolution and self-atten-
tion can benefit from both advantages of these two 
approaches. Some previous work such as SE [10] and 
CBAM [36] shows that self-attention can be served 
as an augmentation of the convolution, and ACmix 
[24] decomposes the operation of convolution and 
self-attention which provides a more precise inte-
gration between them.

2.3. Pose Estimation Framework
The bottom-up paradigm begins by detecting all 
potential keypoints throughout the entire image, 
subsequently grouping them into individual sets. 

Some related works are viewed such as OpenPose 
[4] and OpenPifpaf [14]. OpenPose introduces Part 
Affinity Fields (PAFs) to encode association scores 
between body parts, thereby addressing the match-
ing problem by breaking it down into a series of 
bipartite matching subproblems. OpenPifpaf, on 
the other hand, proposes the use of a Part Intensi-
ty Field (PIF) for localizing body parts and a Part 
Association Field (PAF) for their association. Our 
work follows the top-down paradigm like others [25, 
33], which firstly obtains the bounding box for each 
human body through an object detector and then 
performs single-person pose estimation within the 
object bounding boxes. However, this paradigm has 
several drawbacks that pose challenges for our an-
ti-misoperation system. For instance, significant 
variations in object size can result in inaccurate 
keypoint localization, and the performance of key-
point detection is highly dependent on the accuracy 
of the object detection step. Consequently, integrat-
ing top-down methods into real-world applications 
poses significant challenges.

 

3. Methodology
3.1. Overview of MS-SACNet Framework
As depicted in Figure 2, AR glasses equipped with 
camera sensors capture the image in real-time, 
which transmits the images to the keypoint detec-
tion network to identify the forefinger's position. 
Our keypoint detection network is based on the 
YOLO architecture, incorporating its traditional 
backbone structure and PAN neck design. To en-
hance the model's generalization capability, modi-
fications such as cross-domain data augmentation 
and GMM-based feature enhancement techniques 
have been introduced. We incorporate the Multi-
scale Self-Attention Convolution architecture, 
which enables the model to capture both local and 
global visual representations. We believe that key-
point detection bears a resemblance to sequence 
data in natural language processing due to the po-
sitional relationships between each keypoint. When 
handling serialized data with transformers, the at-
tention mechanism utilizes Query, Key, and Value 
matrices. These matrices facilitate the projection 
of positional and relational information, enabling 



575Information Technology and Control 2026/2/55

the model to capture dependencies and contextu-
al relationships between tokens. It is also essential 
to understand and encode the spatial positions and 
relational presentation of each finger joint for accu-
rately capturing the intricate movements and con-
figurations of the fingers. Also, these approaches can 
be easily transferred to other backbones such as Ef-
ficientNet, HRNet and ResNet.

3.2. Cross-domain Data Augmentation and 
Feature Distribution Modelling Using GMM
While Mosaic data augmentation was initially intro-
duced in YOLOv4 and has been iteratively refined 
through the latest YOLO version, there are specific 
reasons why it remains insufficient for our system 
deployed in the power plant. Firstly, the quantity of 
raw data collected from the power plant is limited 
due to confidentiality constraints. Consequently, the 
insufficient number of data is inadequate for model 
training. To alleviate this issue, we have customized 
and sampled the open-source Multi-view Hand Pose 
(MHP) datasets [8] to augment our dataset. 
In our keypoint detection network, the finger key-
points estimator relies on the hand detector follow-
ing a top-down approach. It is necessary to enhance 
the capability of the hand detector by incorporating 
more informative features during the training stage. 
Since the bounding box distribution on unseen data 
obtained by an off-the-shelf detector differs from 
the ground truth, we believe that the difference in 
this feature distribution can be used as a useful fea-
ture representation for the hand detector. In our fea-
ture augmentation method, the Real-time Detection 
Transformer is adopted as the off-the-shelf hand 
detector, and modelling the bounding box distribu-
tion is substituted by modelling the distribution of 
offsets between the ground truth and the predicted 
bounding box in both horizontal and vertical direc-
tions, which can be calculated by,
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During the training phase, supplementary feature 
proposals are incorporated by employing a generative, 
probabilistic Gaussian Mixture Model (GMM) to 
model the offsets in both the x and y directions. These 
offsets represent plausible yet unseen variations in 
bounding-box predictions. These features are 
subsequently generated through sampling from the 
GMM. Remember the density function of GMM can 
be expressed as: 
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Figure 3 Distribution of offsets in horizontal and 
vertical directions sampled by Gaussian Mixture 
Model, with the origin at (0,0) representing the ground 
truth.

 
After constructing the GMM models by fitting the 
offset data in both vertical and horizontal directions, 
additional data points can be generated through 
ancestral sampling from these models. Figure 3 
provides a visualization of the bounding box feature 
distribution obtained via GMM sampling. The hand 
detector is trained using a combination of real 
bounding boxes and GMM-generated augmented 
proposals, enabling it to better generalize to unseen 
noise patterns. To prevent overfitting, a 
hyperparameter is introduced to regulate the 
proportion of GMM-generated samples within each 
training batch. 
Compared with Mosaic augmentation which primarily 
increases visual diversity through background and 
scale changes, our GMM-based method targets 
structural detection errors that conventional 
augmentations cannot simulate. By modeling the 
domain-specific offset distributions produced by off-
the-shelf detectors, the GMM enables multi-modal 
probabilistic sampling that reflects realistic noise 
patterns encountered in industrial environments. This 
is especially beneficial in top-down pipelines, where 
hand-detection accuracy directly affects downstream  
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detectors, the GMM enables multi-modal probabi-
listic sampling that reflects realistic noise patterns 
encountered in industrial environments. This is 
especially beneficial in top-down pipelines, where 
hand-detection accuracy directly affects downstream 
keypoint estimation. Moreover, in confidentiality-re-
stricted settings with limited raw data, the GMM pro-
vides an effective way to generate meaningful feature 
variations without requiring additional images.

3.3. MS-SACNet: Multi-scale Self-attention 
Convolution
The MS-SACNet is depicted in detail as shown in 
Figure 4. The convolution tokenizer is utilized in 
stage A to extract the initial feature map by three 
basic building blocks, which consist of a non-linear 
activation layer, batch normalization layer and con-
volution layer with different kernel sizes to tokenize 
the input image, as shown in Figure 5. The convo-
lutional layers that employ 1×1 and 3×3 kernels 
enhance spatial connections by focusing on local 
regions while also taking into account the broader 

 
 

 

Figure 4 The MS-SAC keypoint detection network operates in multiple stages. In stage A, the input feature map 
undergoes the process of convolution tokenization to obtain fine-level feature representation, and then the query, key, 
and value matrices are generated. 
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Figure 4    
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where Kp,q represents the kernel weights at position  
(p,q), gi,j and fi,j is the pixels at position (i,j) corre-
sponding to the output feature map g and input fea-
ture map f, k refers to the kernel size.
After undergoing the linear transformation, we ob-
tained N feature maps and each has the dimension 
of 
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Table 1 Comparison of different networks with our keypoint detection framework using self-made industrial dataset. 
Model  %mAPbox

50  %mAPbox
95-50  %mAPpose

50  %mAPpose
9550  Params FLOPs 

YOLOv5 
YOLOv5  

93.5 
96.0(+2.5) 

88.1 
90.6(+2.5) 

89.4 
95.3(+5.9) 

85.0 
90.2(+5.2) 

2.5M 
2.6M 

7.5G 
7.6G 

YOLOv8 
YOLOv8  

93.7 
97.3(+3.6) 

88.5 
90.8(+2.3) 

91.4 
95.7(+4.3) 

88.8 
91.7(+2.9) 

3.1M 
3.2M 

8.3G 
8.4G 

YOLOv9 
YOLOv9  

94.5 
96.8(+2.3) 

89.1 
91.5(+2.4) 

92.5 
96.0(+3.5) 

89.6 
92.8(+3.2) 

2.0M 
2.1M 

7.8G 
8.0G 

EfficientNet  
EfficientNet  

94.9 
95.3(+0.4) 

90.7 
92.1(+1.4) 

92.8 
93.4(+0.6) 

89.6 
90.2(+0.6) 

12.2M 
12.3M 

22.1G 
22.2G 

HRNet  
HRNet  

94.2 
95.0(+0.8) 

90.4 
91.9(+1.5) 

93.5 
94.3(+0.8) 

90.3 
90.4(+0.1) 

13.8M 
13.9M 

64.3G 
64.4G 

ResNet  
ResNet  

94.3 
94.6(+0.3) 

90.2 
90.7(+0.5) 

92.0 
93.4(+1.4) 

89.1 
90.0(+0.9) 

13.4M 
13.5M 

35.4G 
35.4G 

† represents the adoption of our proposed method
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equation to calculate the attention. 
Eventually, the feature map is obtained after 
concatenation. The two hyper-parameters and are 
two learnable parameters during training. The feature 
map resulting from concatenation in stage D integrates 
informative features from both the convolution and 
self-attention operations. Keypoints can be predicted 
using a convolution layer, and then decoded into 
image coordinates to determine the locations of the 
desired finger joint keypoints. 
 

 
4. Experiments 
To evaluate the effectiveness of our proposed 
framework, we performed experiments on both the 
public PASCAL VOC dataset [7] and a self-built 
industrial dataset. The PASCAL VOC dataset is a 
widely used benchmark in computer vision, designed 
to support research on object detection, classification, 
segmentation, and action recognition. Among its most 
popular releases, VOC2007 and VOC2012 contain 
annotated images covering 20 object categories, 
including animals, vehicles, household items, and 
people. It has 16551 train images and 4952 validation 
images in total.  
For our self-made dataset, we utilized a combination 
of publicly available MHP dataset [8] and a custom-
built fingertip dataset for our research. The MHP 
portion comprises 1582 unique images, each featuring 
a distinct hand instance, selected after eliminating 
redundant hand poses from the original dataset. The 
original MHP datasets contain 21 keypoints per hand 
instance, capturing detailed finger anatomy. In 
contrast, our customized datasets are simplified, 
retaining only the 4 keypoints specific to the 
forefinger as required by the Anti-misoperation 
system of power plant operation tickets. Our self-
made fingertip dataset includes 509 images containing 
533 hand instances, which are captured by the optical 

camera with 1920 × 1080 pixels. The datasets used 
for this research have been initially divided into a 
training set and a validation set with a ratio of 4:1, with 
1685 images for training and 406 images for 
validation. An example of the collected image from 
the power plant and the labeled image is shown in 
Figure 6. 

4.1 Implementation Detail 
The experiments were implemented using PyTorch, 
with the neural network trained for 500 epochs with 
early stopping, and a batch size of 16. Input images 
were resized to 270480  pixels. The AdamW 
optimizer was employed, with an initial learning rate 
of 0.01, adjusted using the cosine scheduling scheme 
throughout training. All experiments were performed 
on one NVIDIA 3090 GPU. 
Figure 6 An example of the our self-made industrial 
datasets. 
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models such as the YOLO series. For keypoint 
detection, mAP is computed by averaging across 
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Model mAP50     (%)box mAP50-95  (%)box mAP50      (%)pose mAP50-95  (%)pose Params FLOPs

YOLOv5
YOLOv5†

93.5
96.0(+2.5)

88.1
90.6(+2.5)

89.4
95.3(+5.9)

85.0
90.2(+5.2)

2.5M
2.6M

7.5G
7.6G

YOLOv8
YOLOv8†

93.7
97.3(+3.6)

88.5
90.8(+2.3)

91.4
95.7(+4.3)

88.8
91.7(+2.9)

3.1M
3.2M

8.3G
8.4G

YOLOv9
YOLOv9†

94.5
96.8(+2.3)

89.1
91.5(+2.4)

92.5
96.0(+3.5)

89.6
92.8(+3.2)

2.0M
2.1M

7.8G
8.0G

EfficientNetb3

EfficientNet†
b3

94.9
95.3(+0.4)

90.7
92.1(+1.4)

92.8
93.4(+0.6)

89.6
90.2(+0.6)

12.2M
12.3M

22.1G
22.2G

HRNetw18

HRNet†
w18

94.2
95.0(+0.8)

90.4
91.9(+1.5)

93.5
94.3(+0.8)

90.3
90.4(+0.1)

13.8M
13.9M

64.3G
64.4G

ResNetw18

ResNet†
w18

94.3
94.6(+0.3)

90.2
90.7(+0.5)

92.0
93.4(+1.4)

89.1
90.0(+0.9)

13.4M
13.5M

35.4G
35.4G

Table 1  
Comparison of different networks with our keypoint detection framework using self-made industrial dataset.

† represents the adoption of our proposed method 
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mentation, and action recognition. Among its most 
popular releases, VOC2007 and VOC2012 contain 
annotated images covering 20 object categories, in-
cluding animals, vehicles, household items, and peo-
ple. It has 16551 train images and 4952 validation 
images in total. 
For our self-made dataset, we utilized a combina-
tion of publicly available MHP dataset [8] and a 
custom-built fingertip dataset for our research. The 
MHP portion comprises 1582 unique images, each 
featuring a distinct hand instance, selected after 
eliminating redundant hand poses from the original 
dataset. The original MHP datasets contain 21 key-
points per hand instance, capturing detailed finger 
anatomy. In contrast, our customized datasets are 
simplified, retaining only the 4 keypoints specific 
to the forefinger as required by the Anti-misoper-
ation system of power plant operation tickets. Our 
self-made fingertip dataset includes 509 images 
containing 533 hand instances, which are captured 
by the optical camera with 1920×1080 pixels. The 
datasets used for this research have been initially 
divided into a training set and a validation set with 
a ratio of 4:1, with 1685 images for training and 406 
images for validation. An example of the collected 
image from the power plant and the labeled image is 
shown in Figure 6.

4.1. Implementation Detail
The experiments were implemented using PyTorch, 
with the neural network trained for 500 epochs with 
early stopping, and a batch size of 16. Input images 
were resized to 480×270 pixels. The AdamW opti-
mizer was employed, with an initial learning rate of 
0.01, adjusted using the cosine scheduling scheme 
throughout training. All experiments were per-
formed on one NVIDIA 3090 GPU.
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equation to calculate the attention. 
Eventually, the feature map is obtained after 
concatenation. The two hyper-parameters and are 
two learnable parameters during training. The feature 
map resulting from concatenation in stage D integrates 
informative features from both the convolution and 
self-attention operations. Keypoints can be predicted 
using a convolution layer, and then decoded into 
image coordinates to determine the locations of the 
desired finger joint keypoints. 
 

 
4. Experiments 
To evaluate the effectiveness of our proposed 
framework, we performed experiments on both the 
public PASCAL VOC dataset [7] and a self-built 
industrial dataset. The PASCAL VOC dataset is a 
widely used benchmark in computer vision, designed 
to support research on object detection, classification, 
segmentation, and action recognition. Among its most 
popular releases, VOC2007 and VOC2012 contain 
annotated images covering 20 object categories, 
including animals, vehicles, household items, and 
people. It has 16551 train images and 4952 validation 
images in total.  
For our self-made dataset, we utilized a combination 
of publicly available MHP dataset [8] and a custom-
built fingertip dataset for our research. The MHP 
portion comprises 1582 unique images, each featuring 
a distinct hand instance, selected after eliminating 
redundant hand poses from the original dataset. The 
original MHP datasets contain 21 keypoints per hand 
instance, capturing detailed finger anatomy. In 
contrast, our customized datasets are simplified, 
retaining only the 4 keypoints specific to the 
forefinger as required by the Anti-misoperation 
system of power plant operation tickets. Our self-
made fingertip dataset includes 509 images containing 
533 hand instances, which are captured by the optical 

camera with 1920 × 1080 pixels. The datasets used 
for this research have been initially divided into a 
training set and a validation set with a ratio of 4:1, with 
1685 images for training and 406 images for 
validation. An example of the collected image from 
the power plant and the labeled image is shown in 
Figure 6. 

4.1 Implementation Detail 
The experiments were implemented using PyTorch, 
with the neural network trained for 500 epochs with 
early stopping, and a batch size of 16. Input images 
were resized to 270480  pixels. The AdamW 
optimizer was employed, with an initial learning rate 
of 0.01, adjusted using the cosine scheduling scheme 
throughout training. All experiments were performed 
on one NVIDIA 3090 GPU. 
Figure 6 An example of the our self-made industrial 
datasets. 

 

4.2 Evaluation Metrics 
The evaluation metrics for the keypoint detection 
experiments consist of several major components. The 
performance of both bounding box and keypoint 
predictions is assessed using Mean Average 
Precision(mAP). For the hand bounding box 
detection, mAP provides a comprehensive 
representation of the accuracy and error rate of the 
object detection model in both recognizing and 
localizing hands and is widely used to evaluate the 
detection accuracy of advanced object detection 
models such as the YOLO series. For keypoint 
detection, mAP is computed by averaging across 
various Object Keypoint Similarity (OKS) thresholds. 
 

 

Figure 6     
An example of the our self-made industrial datasets.

4.2. Evaluation Metrics
The evaluation metrics for the keypoint detection 
experiments consist of several major components. 
The performance of both bounding box and keypoint 
predictions is assessed using Mean Average Preci-
sion(mAP). For the hand bounding box detection, 
mAP provides a comprehensive representation of 
the accuracy and error rate of the object detection 
model in both recognizing and localizing hands and 
is widely used to evaluate the detection accuracy of 
advanced object detection models such as the YOLO 
series. For keypoint detection, mAP is computed by 
averaging across various Object Keypoint Similarity 
(OKS) thresholds.

 
 

 

Figure 7 Comparison of the baseline models and the 
adoption of the MS-SACNet. 

 
The mAP metric is calculated by incorporating 
Precision, Recall, and Intersection over Union (IoU) 
for object detection models. IoU quantifies the overlap 
between the predicted bounding box and the ground 
truth bounding box. Precision is defined as the ratio of 
correctly predicted samples to the total number of 
predicted samples, indicating the likelihood of correct 
predictions by the model. The recall represents the 
ratio of correctly predicted samples to all relevant 
ground truth samples, reflecting the model's ability to 
accurately identify all relevant instances. For the 
model size and computational cost evaluation in this 
experiment, the Params and FLOPs are used. The 
Params refers to the total number of parameters of the 
model, which reflects the size of the model. The 
FLOPs represents the number of floating-point 
operations, which reflects the amount of computation 
in the model and can be used to measure the 
complexity of the model. 

4.3 Experimental Results on YOLO Series and 
other CNN Networks 

We conducted comparative experiments across 
different networks and datasets. We select the smallest 
sized configuration for all networks in the experiment. 
The experimental results are presented in Table 1, 
demonstrate that our proposed MS-SACNet and 
feature enhancement techniques outperform the 
traditional design of neural networks.  
Using YOLOv9 for implementation, the integration of 
the MS-SACNet leads to even more substantial gains, 
enhancing performance 3.5 pose

50mAP % and 3.2
pose

95-50mAP %  compared with the baseline. The original 
YOLO pose detection head can be easily replaced by 
our MS-SACNet to enhance the model capacity. 
Unlike traditional YOLO networks, where the 
keypoint regressor in the model head relies on 
convolutional layers and struggles to extract fine-
grained details, our MS-SACNet captures richer and 
more detailed image features, leading to improved 
baseline performance. 
Following our experiments with YOLO models, 
primarily based on CSP-Darknet53 backbones with 
slight modifications across various versions, we aim 
to further investigate the performance of our methods 
using alternative backbone architectures. We replaced 

CSP-Darknet53 with models such as EfficientNet, 
HRNet, and ResNet. These models have distinct 
characteristics, for instance, we selected the 

, which offers an efficient balance 
between accuracy and computational cost,  
as a classic model in computer vision tasks, and 

, which preserves high-resolution 
representations throughout the entire network. The 
experiment results presented in Table 1 allow us to 
assess the impact of different backbone characteristics 
on overall model performance and keypoint detection 
accuracy.  
As shown in Figure 7, the integration of the MS-
SACNet has a substantial impact on the models, 
significantly enhancing their performance. From the 
experiment results, our methods are capable of 
achieving higher mAP for bounding box prediction 
and keypoint detection, which clearly shows the 
effectiveness of our proposed methods. 

4.4 Experimental Results Using PASCAL 
VOC Dataset 

From the experimental results in Table 2, it can be 
observed that the integration of MS-SACNet 
consistently enhances the performance of the YOLO 
detection framework on the PASCAL VOC 
benchmark. Across all three YOLO variants, the 
adoption of MS-SACNet yields higher precision, 
recall, and mAP values compared with their original 
baselines. For instance, in YOLOv5, the precision 
improves from 81.3% to 84.8%, recall from 68.4% to 
70.6%, and mAP from 76.8% to 80.9%. The 
improvements are consistent across different YOLO 
architectures, confirming the generalization ability of 
MS-SACNet and its adaptability to various backbone 
designs. 
Table 2 Comparison of different YOLO networks. 
with MS-SACNet on PASCAL VOC dataset. 

Model P 
(%) 

R 
(%) 

 
(%) 

 
(%) 

YOLOv5 
YOLOv5  

81.3 
84.8 

68.4 
70.6 

76.8 
80.9 

54.9 
57.1 

YOLOv8 
YOLOv8  

81.6 
83.3 

69.8 
71.0 

78.4 
80.7 

57.3 
59.4 

YOLOv9 
YOLOv9  

81.2 
84.6 

68.5 
70.3 

76.7 
79.8 

54.9 
58.5 

† represents the adoption of MS-SACNet. 

4.5 Ablation Study of the MS-SACNet 
Moreover, the ablation experiments presented in 
Table 3 provide a comparison between the MS-
SACNet and other attention mechanisms, such as the 
NL, SE, CBAM, GCNet and ECANet. The NL block 
models long-range dependencies in feature maps by 
considering the relationships between all pixel 
positions. The SE module is first introduced in 
Squeeze-and-Excitation Networks, which utilize 
global average pooling, MLP and ReLU to adaptively 
recalibrate feature maps by modelling the 
interdependencies between channels. The CBAM is 
an extension of SE, applying attention to both the 
spatial and channel dimensions. The GCNet 

Figure 7     
Comparison of the baseline models and the adoption of 
the MS-SACNet.

The mAP metric is calculated by incorporating Pre-
cision, Recall, and Intersection over Union (IoU) for 
object detection models. IoU quantifies the overlap 
between the predicted bounding box and the ground 
truth bounding box. Precision is defined as the ratio 
of correctly predicted samples to the total number of 
predicted samples, indicating the likelihood of cor-
rect predictions by the model. The recall represents 
the ratio of correctly predicted samples to all rele-
vant ground truth samples, reflecting the model's 
ability to accurately identify all relevant instances. 
For the model size and computational cost evalua-
tion in this experiment, the Params and FLOPs are 
used. The Params refers to the total number of pa-
rameters of the model, which reflects the size of the 
model. The FLOPs represents the number of float-
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ing-point operations, which reflects the amount of 
computation in the model and can be used to mea-
sure the complexity of the model.

4.3. Experimental Results on YOLO Series 
and other CNN Networks
We conducted comparative experiments across dif-
ferent networks and datasets. We select the smallest 
sized configuration for all networks in the exper-
iment. The experimental results are presented in 
Table 1, demonstrate that our proposed MS-SACNet 
and feature enhancement techniques outperform 
the traditional design of neural networks. 
Using YOLOv9 for implementation, the integration of 
the MS-SACNet leads to even more substantial gains, 
enhancing performance 3.5 % 
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model, which reflects the size of the model. The 
FLOPs represents the number of floating-point 
operations, which reflects the amount of computation 
in the model and can be used to measure the 
complexity of the model. 

4.3 Experimental Results on YOLO Series and 
other CNN Networks 

We conducted comparative experiments across 
different networks and datasets. We select the smallest 
sized configuration for all networks in the experiment. 
The experimental results are presented in Table 1, 
demonstrate that our proposed MS-SACNet and 
feature enhancement techniques outperform the 
traditional design of neural networks.  
Using YOLOv9 for implementation, the integration of 
the MS-SACNet leads to even more substantial gains, 
enhancing performance 3.5 pose

50mAP % and 3.2
pose

95-50mAP %  compared with the baseline. The original 
YOLO pose detection head can be easily replaced by 
our MS-SACNet to enhance the model capacity. 
Unlike traditional YOLO networks, where the 
keypoint regressor in the model head relies on 
convolutional layers and struggles to extract fine-
grained details, our MS-SACNet captures richer and 
more detailed image features, leading to improved 
baseline performance. 
Following our experiments with YOLO models, 
primarily based on CSP-Darknet53 backbones with 
slight modifications across various versions, we aim 
to further investigate the performance of our methods 
using alternative backbone architectures. We replaced 

CSP-Darknet53 with models such as EfficientNet, 
HRNet, and ResNet. These models have distinct 
characteristics, for instance, we selected the 

, which offers an efficient balance 
between accuracy and computational cost,  
as a classic model in computer vision tasks, and 

, which preserves high-resolution 
representations throughout the entire network. The 
experiment results presented in Table 1 allow us to 
assess the impact of different backbone characteristics 
on overall model performance and keypoint detection 
accuracy.  
As shown in Figure 7, the integration of the MS-
SACNet has a substantial impact on the models, 
significantly enhancing their performance. From the 
experiment results, our methods are capable of 
achieving higher mAP for bounding box prediction 
and keypoint detection, which clearly shows the 
effectiveness of our proposed methods. 

4.4 Experimental Results Using PASCAL 
VOC Dataset 

From the experimental results in Table 2, it can be 
observed that the integration of MS-SACNet 
consistently enhances the performance of the YOLO 
detection framework on the PASCAL VOC 
benchmark. Across all three YOLO variants, the 
adoption of MS-SACNet yields higher precision, 
recall, and mAP values compared with their original 
baselines. For instance, in YOLOv5, the precision 
improves from 81.3% to 84.8%, recall from 68.4% to 
70.6%, and mAP from 76.8% to 80.9%. The 
improvements are consistent across different YOLO 
architectures, confirming the generalization ability of 
MS-SACNet and its adaptability to various backbone 
designs. 
Table 2 Comparison of different YOLO networks. 
with MS-SACNet on PASCAL VOC dataset. 

Model P 
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(%) 

 
(%) 

 
(%) 

YOLOv5 
YOLOv5  

81.3 
84.8 

68.4 
70.6 

76.8 
80.9 

54.9 
57.1 

YOLOv8 
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81.6 
83.3 
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4.5 Ablation Study of the MS-SACNet 
Moreover, the ablation experiments presented in 
Table 3 provide a comparison between the MS-
SACNet and other attention mechanisms, such as the 
NL, SE, CBAM, GCNet and ECANet. The NL block 
models long-range dependencies in feature maps by 
considering the relationships between all pixel 
positions. The SE module is first introduced in 
Squeeze-and-Excitation Networks, which utilize 
global average pooling, MLP and ReLU to adaptively 
recalibrate feature maps by modelling the 
interdependencies between channels. The CBAM is 
an extension of SE, applying attention to both the 
spatial and channel dimensions. The GCNet 
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predicted samples, indicating the likelihood of correct 
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experiment, the Params and FLOPs are used. The 
Params refers to the total number of parameters of the 
model, which reflects the size of the model. The 
FLOPs represents the number of floating-point 
operations, which reflects the amount of computation 
in the model and can be used to measure the 
complexity of the model. 

4.3 Experimental Results on YOLO Series and 
other CNN Networks 

We conducted comparative experiments across 
different networks and datasets. We select the smallest 
sized configuration for all networks in the experiment. 
The experimental results are presented in Table 1, 
demonstrate that our proposed MS-SACNet and 
feature enhancement techniques outperform the 
traditional design of neural networks.  
Using YOLOv9 for implementation, the integration of 
the MS-SACNet leads to even more substantial gains, 
enhancing performance 3.5 pose

50mAP % and 3.2
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95-50mAP %  compared with the baseline. The original 
YOLO pose detection head can be easily replaced by 
our MS-SACNet to enhance the model capacity. 
Unlike traditional YOLO networks, where the 
keypoint regressor in the model head relies on 
convolutional layers and struggles to extract fine-
grained details, our MS-SACNet captures richer and 
more detailed image features, leading to improved 
baseline performance. 
Following our experiments with YOLO models, 
primarily based on CSP-Darknet53 backbones with 
slight modifications across various versions, we aim 
to further investigate the performance of our methods 
using alternative backbone architectures. We replaced 

CSP-Darknet53 with models such as EfficientNet, 
HRNet, and ResNet. These models have distinct 
characteristics, for instance, we selected the 

, which offers an efficient balance 
between accuracy and computational cost,  
as a classic model in computer vision tasks, and 

, which preserves high-resolution 
representations throughout the entire network. The 
experiment results presented in Table 1 allow us to 
assess the impact of different backbone characteristics 
on overall model performance and keypoint detection 
accuracy.  
As shown in Figure 7, the integration of the MS-
SACNet has a substantial impact on the models, 
significantly enhancing their performance. From the 
experiment results, our methods are capable of 
achieving higher mAP for bounding box prediction 
and keypoint detection, which clearly shows the 
effectiveness of our proposed methods. 

4.4 Experimental Results Using PASCAL 
VOC Dataset 

From the experimental results in Table 2, it can be 
observed that the integration of MS-SACNet 
consistently enhances the performance of the YOLO 
detection framework on the PASCAL VOC 
benchmark. Across all three YOLO variants, the 
adoption of MS-SACNet yields higher precision, 
recall, and mAP values compared with their original 
baselines. For instance, in YOLOv5, the precision 
improves from 81.3% to 84.8%, recall from 68.4% to 
70.6%, and mAP from 76.8% to 80.9%. The 
improvements are consistent across different YOLO 
architectures, confirming the generalization ability of 
MS-SACNet and its adaptability to various backbone 
designs. 
Table 2 Comparison of different YOLO networks. 
with MS-SACNet on PASCAL VOC dataset. 
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70.6 
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80.9 
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NL, SE, CBAM, GCNet and ECANet. The NL block 
models long-range dependencies in feature maps by 
considering the relationships between all pixel 
positions. The SE module is first introduced in 
Squeeze-and-Excitation Networks, which utilize 
global average pooling, MLP and ReLU to adaptively 
recalibrate feature maps by modelling the 
interdependencies between channels. The CBAM is 
an extension of SE, applying attention to both the 
spatial and channel dimensions. The GCNet 

 
compared with the baseline. The original YOLO pose 
detection head can be easily replaced by our MS-SAC-
Net to enhance the model capacity. Unlike traditional 
YOLO networks, where the keypoint regressor in the 
model head relies on convolutional layers and strug-
gles to extract fine-grained details, our MS-SACNet 
captures richer and more detailed image features, 
leading to improved baseline performance.
Following our experiments with YOLO models, pri-
marily based on CSP-Darknet53 backbones with 
slight modifications across various versions, we aim 
to further investigate the performance of our meth-
ods using alternative backbone architectures. We 
replaced CSP-Darknet53 with models such as Ef-
ficientNet, HRNet, and ResNet. These models have 
distinct characteristics, for instance, we selected 
the EfficientNetb3, which offers an efficient balance 
between accuracy and computational cost, ResNet18 
as a classic model in computer vision tasks, and  
HRNetw18, which preserves high-resolution repre-
sentations throughout the entire network. The ex-
periment results presented in Table 1 allow us to 
assess the impact of different backbone character-
istics on overall model performance and keypoint 
detection accuracy. 
As shown in Figure 7, the integration of the 
MS-SACNet has a substantial impact on the models, 
significantly enhancing their performance. From 
the experiment results, our methods are capable of 
achieving higher mAP for bounding box prediction 
and keypoint detection, which clearly shows the ef-
fectiveness of our proposed methods.

4.4. Experimental Results Using PASCAL 
VOC Dataset
From the experimental results in Table 2, it can be 
observed that the integration of MS-SACNet con-
sistently enhances the performance of the YOLO 
detection framework on the PASCAL VOC bench-
mark. Across all three YOLO variants, the adop-
tion of MS-SACNet yields higher precision, re-
call, and mAP values compared with their original 
baselines. For instance, in YOLOv5, the precision 
improves from 81.3% to 84.8%, recall from 68.4% 
to 70.6%, and mAP from 76.8% to 80.9%. The im-
provements are consistent across different YOLO 
architectures, confirming the generalization abil-
ity of MS-SACNet and its adaptability to various 
backbone designs.

Model P (%) R (%) mAP50     (%)box mAP50-95  (%)box

YOLOv5
YOLOv5†

81.3
84.8

68.4
70.6

76.8
80.9

54.9
57.1

YOLOv8
YOLOv8†

81.6
83.3

69.8
71.0

78.4
80.7

57.3
59.4

YOLOv9
YOLOv9†

81.2
84.6

68.5
70.3

76.7
79.8

54.9
58.5

† represents the adoption of MS-SACNet.

Table 2 
Comparison of different YOLO networks. with  
MS-SACNet on PASCAL VOC dataset.

4.5. Ablation Study of the MS-SACNet
Moreover, the ablation experiments presented in 
Table 3 provide a comparison between the MS-SAC-
Net and other attention mechanisms, such as the 
NL, SE, CBAM, GCNet and ECANet. The NL block 
models long-range dependencies in feature maps 
by considering the relationships between all pix-
el positions. The SE module is first introduced in 
Squeeze-and-Excitation Networks, which utilize 
global average pooling, MLP and ReLU to adaptive-
ly recalibrate feature maps by modelling the inter-
dependencies between channels. The CBAM is an 
extension of SE, applying attention to both the spa-
tial and channel dimensions. The GCNet introduces 
a global context block for global context modelling. 
The ECANet incorporates a local cross-channel in-
teraction strategy to boost model performance.
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Figure 8 Detection results of our proposed methods on YOLOv9 and its baseline, compared with the ground truth 
image from the dataset. 

Table 3 Comparison of MS-SACNet with different 
attention mechanism using YOLOv9 as baseline 
model. 

Model  
(%) 

 
(%) 

 
(%) 

Baseline 94.3 92.5 89.6 

NL 94.7(+0.4) 93.0(+0.5) 89.9(+0.3) 

SE 96.0(+1.7) 93.2(+0.7) 90.2(+0.6) 

CBAM 97.3(+3.0) 94.5(+2.0) 90.9(+1.3) 

GCNet 97.9(+3.6) 94.1(+1.6) 91.0(+1.4) 

ECANet 97.4(+3.1) 95.3(+2.8) 92.2(+2.6) 
MS-

SACNet 98.8(+4.5) 96.0(+3.5) 92.8(+3.2) 

introduces a global context block for global context 
modelling. The ECANet incorporates a local cross-
channel interaction strategy to boost model 
performance. 
Compared with NL, SE and CBAM, the integration of 
the MS-SACNet demonstrates superior performance 
over the YOLOv9 baseline with 3.5 pose

50mAP % and 

3.2 pose
95-50mAP % due to its self-attention mechanism 

that effectively captures the spatial positions and 
relational representations of each finger joint, making 
it particularly well-suited for our applications. 

4.6 Ablation Study of the GMM-based feature 
Augmentation  Method 

To further validate the effectiveness of the proposed 
GMM-based feature augmentation, we conducted a 
comprehensive ablation study using three 
representative YOLO detectors. Table 4 summarizes 
the performance under three augmentation settings: 
(1) no augmentation, (2) Mosaic-only augmentation, 
and (3) the proposed GMM-based augmentation. 
Across all models, incorporating Mosaic provides 
noticeable gains by enriching background and scale 
diversity; however, the improvement remains limited 
when the detector encounters unseen localization 

noise.  
 
Table 4 Comparison of different YOLO networks 
with or without Mosaic and GMM-based feature 
augmentation method. 

Model Use 
Mosasic 

Use 
GMM-
based 

method 

 
(%) 

 
(%) 

YOLO 
v5 

× 
 
 

× 
× 

 

90.6 
93.5 
96.0 

83.3 
88.1 
90.6 

YOLO 
v8 

× 
 
 

× 
× 

 

89.4 
93.7 
97.3 

82.6 
88.5 
90.8 

YOLO 
v9 

× 
 
 

× 
× 

 

90.3 
94.5 
96.8 

82.4 
89.1 
91.5 

contrast, the GMM-based augmentation consistently 
delivers the highest performance, with accuracy gains 
of 2.5%–4.0% over Mosaic-only training and 5%–7% 
over the baseline without augmentation. This 
confirms that explicitly modelling the statistical 
distribution of detector-induced bounding-box offsets 
introduces realistic structural variations that 
appearance-based augmentations cannot provide. 
 

 
5. Discussion and Limitations 
The visualized experimental results in Figure 8 
demonstrate that the keypoints predicted by our 
proposed network exhibit greater precision compared 
to the original YOLOv9 model, validating the superior 
performance of our detection system for fingertip 
detection in industrial environments. However, there 
remains substantial potential for improvement in our 
keypoint detection network. One key issue is 
enhancing the model's robustness in real-world 
scenarios, where variations in hand poses, background 
clutter, and lighting conditions can impact detection 
accuracy. Additionally, image blur during 
transmission, especially in real-time detection 

Figure 8  
Detection results of our proposed methods on YOLOv9 and its baseline, compared with the ground truth image from the dataset.

Model mAP10      (%)pose mAP50      (%)pose mAP50-95  (%)pose

Baseline 94.3 92.5 89.6

NL 94.7(+0.4) 93.0(+0.5) 89.9(+0.3)

SE 96.0(+1.7) 93.2(+0.7) 90.2(+0.6)

CBAM 97.3(+3.0) 94.5(+2.0) 90.9(+1.3)

GCNet 97.9(+3.6) 94.1(+1.6) 91.0(+1.4)

ECANet 97.4(+3.1) 95.3(+2.8) 92.2(+2.6)

MS-SACNet 98.8(+4.5) 96.0(+3.5) 92.8(+3.2)

Table 3 
Comparison of MS-SACNet with different attention mechanism using YOLOv9 as baseline model.

Compared with NL, SE and CBAM, the integra-
tion of the MS-SACNet demonstrates superior 
performance over the YOLOv9 baseline with 3.5 % 
mAP50    

pose  and 3.2 % mAP50-95    
pose  due to its self-attention 

mechanism that effectively captures the spatial po-
sitions and relational representations of each fin-
ger joint, making it particularly well-suited for our 
applications.

4.6. Ablation Study of the GMM-based 
feature Augmentation  Method
To further validate the effectiveness of the pro-
posed GMM-based feature augmentation, we con-
ducted a comprehensive ablation study using three 
representative YOLO detectors. Table 4 summa-
rizes the performance under three augmentation 

settings: (1) no augmentation, (2) Mosaic-only 
augmentation, and (3) the proposed GMM-based 
augmentation. Across all models, incorporating 
Mosaic provides noticeable gains by enriching 
background and scale diversity; however, the im-
provement remains limited when the detector en-
counters unseen localization noise. 
contrast, the GMM-based augmentation consis-
tently delivers the highest performance, with accu-
racy gains of 2.5%–4.0% over Mosaic-only training 
and 5%–7% over the baseline without augmenta-
tion. This confirms that explicitly modelling the 
statistical distribution of detector-induced bound-
ing-box offsets introduces realistic structural vari-
ations that appearance-based augmentations can-
not provide.
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5. Discussion and Limitations
The visualized experimental results in Figure 8 
demonstrate that the keypoints predicted by our 
proposed network exhibit greater precision com-
pared to the original YOLOv9 model, validating 
the superior performance of our detection system 
for fingertip detection in industrial environments. 
However, there remains substantial potential for 
improvement in our keypoint detection network. 
One key issue is enhancing the model's robustness 
in real-world scenarios, where variations in hand 
poses, background clutter, and lighting conditions 
can impact detection accuracy. Additionally, image 
blur during transmission, especially in real-time de-
tection applications, poses another significant chal-
lenge. This blur can degrade the quality of the input 
data, leading to reduced model performance and in-
accurate keypoint detection. Addressing these fac-
tors is critical for ensuring the system's reliability 
and accuracy in dynamic, real-world environments, 
particularly in time-sensitive tasks.
The current dataset primarily focuses on power 
plant environments, with raw images collected via 
AR glasses, which limits the model’s adaptability 
to different applications and settings. To improve 
the framework's performance, it will be necessary 
to develop or access larger datasets that include a 
wider range of scenarios and environmental condi-
tions. Expanding the dataset in this way would allow 
for better generalization of the model across diverse 
industrial applications, further strengthening its 
performance and reliability. In addition, the import-

ant challenge involves computational efficiency and 
real-time deployment. While the proposed method 
performs well, realizing real-time deployment on 
resource-constrained industrial edge devices pres-
ents significant challenges in terms of computation 
and power efficiency. High-resolution inputs and 
dense convolutional operations can increase laten-
cy, potentially hindering real-time performance in 
safety-critical scenarios. Future work will therefore 
explore lightweight model compression techniques 
such as pruning, quantization, and knowledge distil-
lation, as well as hardware-friendly neural architec-
tures optimized for edge computation. Additionally, 
integrating the system into industrial control pipe-
lines will require attention to communication de-
lays, reliability, and fault tolerance.

 

6. Conclusion
This paper presents a novel keypoint detection 
framework designed for use in vision-based intelli-
gent anti-misoperation ticket systems within pow-
er plants. We employed the MS-SAC module as the 
keypoint detection head in the framework. Addition-
ally, we integrated feature enhancement techniques 
based on the Gaussian Mixture Model, which sig-
nificantly improves the robustness and accuracy of 
keypoint detection. These enhancements contribute 
to a more reliable system, especially in complex in-
dustrial environments. 
Our main contribution can be summarized as follows: 
We collected and annotated a dataset of hand images 

Model Use Mosasic Use GMM-based method mAP50     (%)box mAP50-95  (%)box

YOLO
v5

×
√
√

×
×
√

90.6
93.5
96.0

83.3
88.1
90.6

YOLO
v8

×
√
√

×
×
√

89.4
93.7
97.3

82.6
88.5
90.8

YOLO
v9

×
√
√

×
×
√

90.3
94.5
96.8

82.4
89.1
91.5

Table 4 
Comparison of different YOLO networks with or without Mosaic and GMM-based feature augmentation method.
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from diverse industrial settings and integrated it with 
publicly available Multi-Hand Pose (MHP) datasets 
after filtering out redundant hand poses, to create a 
more diverse and representative dataset for train-
ing. Our proposed detection framework enhances the 
conventional YOLO neural network by incorporating 
the MS-SAC module, which integrates a convolution 
tokenizer and self-attention mechanism to capture 
detailed and pixel-aware features for precise key-
point detection. Furthermore, we introduce new data 
and feature augmentation strategies to improve mod-
el robustness, enabling it to generalize better across 
different environments and conditions. Extensive 
experimental results validate the effectiveness and 
efficiency of our proposed keypoint detection frame-

work, demonstrating superior performance in detect-
ing finger keypoints in industrial settings.
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