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Abstract: Numerous studies leverage pose estimation to extract human keypoint data and
then classify sitting postures. However, employing neural networks for direct keypoint
classification often yields suboptimal results. Alternatively, modeling keypoints into other
data representations before classification introduces redundant information and substan-
tially increases inference time. In addition, most existing methods perform well only under
a single fixed viewpoint, limiting their applicability in complex real-world scenarios in-
volving unseen viewpoints. To better address the first limitation, we propose KeypointNet,
which employs a decoupled feature extraction strategy consisting of a Keypoint Feature
Extraction module and a Multi-Scale Feature Extraction module. In addition, to enhance
multi-view recognition capability, we propose the Multi-View Simulation (MVS) algorithm,
which augments the viewpoint information by first rotating keypoints and then reposi-
tioning the camera. Simultaneously, we propose the multi-view sitting posture (MVSP)
dataset, designed to simulate diverse real-world viewpoints. The experimental results
demonstrate that KeypointNet outperforms the other state-of-the-art methods on both the
proposed MVSP dataset and the other public datasets, while maintaining a lightweight and
efficient design. Ablation studies demonstrate the effectiveness of MVS and all Keypoint-
Net modules. Furthermore, additional experiments highlight the superior generalization,
small-sample learning capability, and robustness to unseen viewpoints of KeypointNet.

Keywords: deep learning; computer vision; convolutional neural networks; sitting posture
recognition

1. Introduction

In recent years, improper sitting posture has led to an increasing prevalence of mus-
culoskeletal disorders. However, these conditions can be prevented through the proactive
identification and correction of poor sitting habits [1-4]. A method for recognizing improper
sitting posture can help improve people’s health to some extent. Furthermore, recognizing
incorrect posture can provide valuable references for broader research areas [5-12]. Pose esti-
mation techniques utilized in the study of sitting posture recognition are not only applicable
to ergonomic assessments but also find extensive use in various domains such as healthcare,
sports, and human—computer interaction.

As a common computer vision application, pose estimation techniques [13-17] are
frequently utilized to extract human keypoints. These keypoints are then used for sub-
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sequent sitting posture recognition. Among them, how to handle keypoints is the core
step [18]. Certain studies model keypoints as other data representations, such as skeleton
images [19,20], 3D voxels [21], or spatiotemporal sequences [22], enabling the application
of more advanced and powerful models for classification. However, modeling keypoints
into other data representations inevitably introduces noise and redundant information,
which increases inference time [21] and hinders networks from effectively extracting critical
features. To avoid data redundancy in posture recognition, directly utilizing keypoint data
is an effective approach. For instance, certain studies used methods such as random forest,
support vector machines (SVMs), and multi-layer perceptrons (MLPs) [23-26]. However,
these methods are relatively traditional and sufficient feature extraction capabilities [22].
Consequently, there is a need for an efficient model that can directly process keypoint data
while maintaining high performance.

In addition to the limitation associated with handling keypoint data effectively, another
significant limitation is the insufficient research on multi-view recognition. Real-world
scenarios such as classrooms, car cameras, and libraries present diverse angles that can
significantly impact the performance of recognition models. The variability in viewpoints
can introduce substantial challenges, especially when the training data are limited to a
narrow range of viewpoints. However, existing studies on multi-view sitting posture
recognition are insufficient, especially when models are faced with unseen viewpoints.

To better address the first limitation, we propose KeypointNet, a model that can
efficiently identify sitting posture directly from keypoint data. KeypointNet is mainly com-
posed of a Keypoint Feature Extraction module (KFE) and Multi-Scale Feature Extraction
module (MSFE). Specifically, KFE uses 1D convolution with a kernel size of 1 to extract
within-point features from keypoint data and transfers the extraction of between-point
features to the next stage. This approach decouples keypoint feature extraction into within-
point and between-point extraction, enabling more efficient recognition. Subsequently,
to obtain richer spatial information when extracting between-point features, the tailored
MSEFE is composed of a Local Feature Extraction module (LFE) and a Global Feature
Extraction module (GFE). Specifically, LFE uses 1D convolutions and MLPs to extract
features from our six proposed body-part regions of keypoints, while GFE extracts global
features from all of the keypoint data. These two modules, designed to operate across
multiple scales, enhance the network’s ability to capture the interactions between keypoints.
Moreover, to improve the model’s multi-view recognition capability, we introduce a data
augmentation method, named the Multi-View Simulation algorithm (MVS). Specifically,
MVS first rotates the coordinates of the keypoints and then randomly generates a new set of
camera pose information, combined with the collinearity equation [27] in photogrammetry,
to construct the coordinates of the keypoints from a new viewpoint.

To simulate complex viewpoint scenarios in the real world, we build a multi-view
sitting posture dataset MVSP, which exploits the high-performance MHFormer [14] to
obtain 3D keypoint data. This dataset contains seven fixed viewpoints for training and
one dynamic shooting viewpoint for testing. This data division design ensures the test
set includes viewpoints that are not present in the training set, effectively evaluating the
model’s capability to recognize multi-view data.

To assess the effectiveness of KeypointNet, we conduct extensive experiments across
diverse datasets. The experimental results demonstrate that KeypointNet outperforms
other state-of-the-art methods on the MVSP, HASP [22], and MSRA [28] datasets, achieving
the highest multi-view recognition accuracy and superior speed. Specifically, it achieved
an impressive accuracy of 98.46% on the MVSP, 96.52% on HASP, and 99.48% on the MSRA.
Ablation studies validate the effectiveness of MVS and each module of KeypointNet,
and data sampling experiments validate that our model can learn the most from minimal
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data, compared with LMSPNet [20] and ASPR [22]. Finally, we analyze the performance of
KeypointNet in dealing with unseen viewpoints in the training set.
The key contributions of this work are as follows:

1.  We propose KeypointNet, featuring a decoupled architecture with KFE for extracting
within-point features and MSFE for capturing between-point features. This design
enables efficient and direct sitting posture recognition from keypoint data.

2. To improve multi-view recognition performance, we propose the MVS algorithm,
which augments the viewpoint information of the keypoints. In addition, we propose
MVSP, a multi-view sitting posture dataset, specifically designed to investigate the
performances associated with multi-view sitting posture recognition.

3. The experimental results demonstrate that KeypointNet achieves 98.46% accuracy on
MVSP and leading accuracies on other datasets, while excelling in inference speed.
Furthermore, additional experiments demonstrate the advantages of our method in
various aspects.

2. Related Work

In this section, we first introduce existing sitting posture recognition methods, es-
pecially those based on computer vision. Subsequently, we discuss the PointNet series
of models.

2.1. Sitting Posture Recognition Methods

In the field of computer vision-based sitting posture recognition [29-35], many studies
have employed pose estimation to extract keypoints from images, thereby mitigating the
influence of lighting and shading variations. Utilizing these keypoint data for recognition is
a crucial step. Liu et al. [21] employed Gaussian voxel modeling for skeletal keypoints and
utilized a 3D-CNN model for sitting posture recognition. Fang et al. [19] and Jiao et al. [20]
both drew skeleton images based on keypoints and converted them into CNN classification
tasks. Although advanced CNN models can be leveraged for sitting posture recognition,
using skeleton images or 3D voxels introduces significant information redundancy and
additional noise, complicating the extraction of important features [21]. Li et al. [22] uti-
lized a spatiotemporal graph convolutional network (ST-GCN) to powerfully recognize
keypoint data by stacking keypoints in the temporal dimension to form a spatiotemporal
sequence. Despite its effectiveness, part of the information is devoted to representing
temporal dynamics, and many of the data are repetitive, making it less efficient for recog-
nizing static postures. To reduce data redundancy, directly recognizing keypoint data is
a promising method. Chen et al. [36] used a transformer to handle temporal changes in
keypoints for action counting. For posture recognition, many studies [23-26] used methods
such as random forest, SVM, or MLP to process keypoint data directly. However, these
methods lack powerful expression capabilities [22]. Regarding studies on multi-view sitting
posture recognition, Xu et al. [37] used three different cameras to capture images from
three viewpoints, obtaining richer viewpoint information. However, this method requires
extensive equipment setup and does not address the multi-view recognition problem under
single-camera constraints. Abdullah et al. [38] recognized the inadequacy of multi-view
recognition for a single-camera setup and constructed datasets captured from multiple
viewpoints. Nevertheless, these above studies did not explore the impact when training
data for certain angles are missing, leaving room for further investigation.

To address the first limitation, we propose KeypointNet, which can directly and effi-
ciently identify keypoint data. To further improve multi-view recognition, we propose the
MVS algorithm for data augmentation and introduce the MVSP dataset for experimentation.
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2.2. Point Cloud Processing Networks: PointNet Series

Given the significant similarity between 3D point cloud data and 3D keypoint data,
we identify the great potential of PointNet Series, a method that efficiently and concisely
processes 3D point cloud data. Since point cloud data are unordered and structurally
irregular, PointNet [39] uses the Max operation to achieve invariance to the input order:

Max(x1,x2,...,%z) = Max(Xn;, Xy, -+, X71,,)- (1)

Specifically, it first performs dimensionality expansion on the point cloud data to
construct redundancy and prevent information loss, and then it uses the Max operation
to reduce dimensionality, allowing the network to learn the unordered nature of the data.
To improve local feature extraction, Qi et al. [40] proposed PointNet++, which introduces a
hierarchical feature extraction paradigm to recursively capture local geometric structures.
PointNet++ has laid the foundation for subsequent works and has inspired the development
of more advanced models [41,42].

While PointNet and its variants have demonstrated remarkable success in handling
unordered point cloud data, applying these models to keypoint data presents unique
challenges. First, since keypoint data are typically ordered, PointNets’ operation to handle
point cloud data’s unordered nature introduces unnecessary complexity in the network
structure. Second, many designs in PointNets are tailored for handling thousands of points,
whereas keypoint data usually contain only a few dozen points, limiting the effectiveness
of PointNets in processing smaller data. To fully leverage the potential of PointNets for
keypoint data, we design KeypointNet, which reduces redundant operations for handling
unordered data and optimizes the network structure, achieving excellent results.

3. Method

In this section, we first introduce the Multi-View Simulation algorithm (MVS), which
includes two steps: random keypoint rotation and random camera repositioning. Then,
we introduce KeypointNet, which consists of a Keypoint Feature Extraction module (KFE)
and a Multi-Scale Feature Extraction module (MSFE). Figure 1 provides an overview of the
overall process of the proposed method.

Pose estimation

(MHFormer) to

obtain keypoint
coordinates

{

)

A\
]

MVS for data
augmentation

KeypointNet
for prediction

Figure 1. An overview of the proposed MVS and KeypointNet method for sitting posture recognition.
Firstly, a video stream is captured by a camera, and images from the stream are extracted and
processed using a pose estimation method to infer 3D keypoint data (MHFormer [14] is used in our
method). During the training process, MVS is employed to augment the keypoint data, after which
KeypointNet is used for recognition. During the testing process, the keypoint data obtained from the
pose estimation method are directly recognized using KeypointNet.

3.1. Multi-View Simulation Algorithm

To enhance the multi-view recognition capability in sitting posture recognition, we
propose the tailored MVS algorithm. Unlike prior studies [39-41], which typically use rota-
tion matrices to transform the geometric orientation of keypoints without considering the
interaction between the camera and the keypoints, we enhance the viewpoint transforma-
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tion by incorporating camera factors into the rotation matrix. We decompose the viewpoint
transformation into two independent parts, namely, random keypoint rotation and random
camera repositioning. Specifically, random keypoint rotation changes the orientation of
keypoints without altering the camera state, while random camera repositioning changes
the camera pose while keeping the keypoint data unchanged. The illustration of MVS is
presented in Figure 2.

Figure 2. An illustration of MVS’s viewpoint transformation process. The upper part uses cubes to
visualize the spatial transformation more intuitively. Random keypoint rotation alters the orientation
of the data without changing the relative positions between keypoints. In contrast, random camera
repositioning introduces more diverse viewpoint transformations and changes the relative positions
between keypoints. The lower part demonstrates a set of keypoint data to showcase the actual data
augmentation effects.

Random keypoint rotation: The goal of random keypoint rotation is to alter the spatial
orientation of keypoints while preserving their internal structure and relative positions.
A rotation matrix is directly applied to the keypoints to randomly rotate them by a certain
angle. This method rotates the orientation of keypoints. The computation is as follows:

Py = RxRyRzP, (2)

where P, denotes the rotated keypoints and P = {p!,p?,..., p!”} denotes the initial key-
point data. Each keypoint p’ has three coordinates x', ¥/, and z'. The number and order of
the 17 keypoints, as shown in Figure 3, are based on the keypoint configuration used in the
Human3.6M dataset [43]. Rx, Ry, and Rz denote the rotation matrices for the corresponding
axes, respectively. The definitions of these rotation matrices are as follows:

1 0 0
Rx =10 cosf; —sinb;
|0 sinb;  cosb |

[ cos 0, 0 sin 62_
Ry = 0 1 0 , 3)
| —sin 0, 0 cos 92_

[cos 03 —sin63 0]
Ry = |sinfl3  cosf; 0
0 0 1
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where 01, 6,,0; € [—m/3, 1/3] denote the rotation angles of Rx, Ry, and Ry, respectively.

10—head
9—neck
14—rshoulder 11—Ishoulder
8—thora

15—relbow 7—spine 12—lelbow

16—rwrist . . 13—Ilwrist
1—rhip @ ® 4—lhip
0—hip
2—rknee ® © 5—Ilknee
3—rfoot © 6—lfoot

Figure 3. An illustration of the 17 human skeletal keypoints” distribution.

Random camera repositioning: The purpose of random camera repositioning is to
alter the pose of the camera while keeping the keypoint data unchanged, thus enriching
the viewpoint information of keypoints. We use the collinearity equation to compute the
keypoint data from different viewpoints. Specifically, the collinearity equation establishes
a relationship between real-world 3D coordinates, image-world 2D coordinates, and the
camera pose. Given real-world 3D coordinates and the camera pose, the 2D coordinates
in the image world can be calculated. Here, we assume that the initial keypoint data
P represent real-world 3D coordinates. We randomly set a camera pose and use the
collinearity equation to compute the corresponding image-world 2D coordinates, thus
obtaining 2D keypoint data from a new viewpoint. Then, by appropriately constructing
the depth information, we can derive the complete 3D keypoint coordinates.

To reasonably satisfy the solving conditions of the collinearity equation, we need to
randomly generate a set of camera pose data within a reasonable scale. Specifically, the scale
Sca of P is defined as the maximum distance across the three coordinate dimensions and is
computed as follows:

Sca = max(Xmax — Xmin, Ymax — Ymins Zmax — Zin)- 4
The camera pose parameters are then set as:

Xs € [Xmean — 2 - Sca, Xmean + 2 - Sca

Ys € [Ymean — 2 - Sca, Ymean + 2 - Sca

Zs € [Scale,5 - Sca] , ()
f=2-5ca

¢, w, k€ [—{5, {5]
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where Xs, Ys, and Zs denote the coordinates of the camera, f denotes focal length, and
¢, w, and x denote the angles between the camera orientation and the coordinate axis. Once
the camera pose parameters are established, the next step is to compute the 3D coordinates
of the keypoints from a new viewpoint using the collinearity equation. Each time the MVS
algorithm is used for random camera repositioning, a new set of parameters Xs, Ys, Zs,
(p, w, and x must be randomly sampled within the data ranges specified in Equation (5). Let

= {pl, pa, ..., p¥7} denote 17 keypoints in the new viewpoint, where each keypoint
pa = {xi, yi, z,} contains the 3D coordinates. The coordinates x’, ., z, from a new
viewpoint are computed as follows:

al(xth +bl(y’ Ys)+c z’st)

i_ e
Xy =—f Bé X5 +b3E/ YS§ igz ZS§ , 6)
)

)

)
x'— s)+b2

Xs)

i a2 y'=Ys)+c
Ya = faS(x’ +b3(yl Ys)+c3(zi— Zs)
zh = a3(x' — Xs) + b3(y' — Ys) +c3(z' — Zs)
al a2 a3 _cosgocosxfsinqosinwsinx —Cos @sink — sin@sinw cosk  — sin ¢ cos w
bl b2 b3| = cos w sink COS W COS K —sinw . @
cl 2 3 [sin@cosk + cos gsinwsink  —sin@sink 4 cos gsinwcosk  €os ¢ cos w

In this equation, x} and /, can be directly computed using the collinearity equation.
Since the collinearity equation does not provide depth information (z}), we use the original
keypoint coordinates x/,y/,z' and perform a coordinate transformation and rotation to
obtain z;. Thus, after applying random rotation to the initial keypoints P, we obtain the
rotated keypoints P,. By applying random camera repositioning to P,, we obtain the new
keypoint set P,, representing the keypoints from a new viewpoint.

Normalization of keypoint data: Finally, to unify the keypoint data space, we first
compute the centroid Py of the keypoints P,. The centroid is computed as the average
position of all keypoints:

117
_ - i
Pcent - 17 l; Pa' (8)
Then, the P, is normalized as follows:
P, — P,
Pnorm - QT;GM- (9)

3.2. KeypointNet

Many prior studies [19-21] used keypoints to model skeleton images or 3D voxels,
which results in significant information redundancy. Unlike these prior studies, our aim
is to design a model that can efficiently utilize keypoint data while avoiding modeling
keypoints into other data representations. Therefore, we propose KeypointNet, which
unlocks PointNets’ potential for keypoint data. The overall structure of KeypointNet is
shown in Figure 4. The initial keypoint data are first subjected to unified extraction of
within-point features through KFE, and then MSEFE is responsible for further extraction of
between-point features. Among them, MSFE conducts multi-scale spatial feature extraction
via two modules: the local feature extraction module (LFE) and global feature extraction
module (GFE).
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Figure 4. Framework of proposed KeypointNet. (a) Overview of the entire KeypointNet architecture.
(b) Detailed structure of the KFE module within KeypointNet. (c) Detailed structure of the MSFE
module within KeypointNet.

3.2.1. Keypoint Feature Extraction Module

In PointNet++ [40], the point cloud data directly undergo Multi-Scale Feature Extrac-

tion. This approach works well for large point cloud data, where each local region has its

own learning pattern. However, given that keypoints are relatively few in number, to effi-

ciently process keypoint features, we propose KFE, which exploits three 1D convolution

layers for unified preliminary feature extraction, following the design of PointNet [39] for

extracting point cloud features.

The 1D convolution with a kernel size of 1 means that the convolution operation’s

receptive field is limited to a single point. This allows KFE to extract features for each point
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independently, preventing interference between different points. This design effectively
decouples feature extraction into within-point and between-point stages. Specifically, KFE
extracts within-point features with three layers of 1D convolutions, increasing the feature
dimension from 3 to 128. The output feature KFeature is computed as follows:

KFeature = Relu(Bn;(Conv1d;(Pyorm))),i € {1,2,3}, (10)

where Conv1d; represents a 1D convolution operation, which is applied three times corre-
sponding to i. These 1D convolutions are designed to extract features from the normalized
keypoint data Pyorm, where Pyorm € R3*17 denotes the input information for 17 keypoints, and
the units and normalization method of Py, are detailed in Equation (9). Unlike PointNet++,
which handles the unordered nature of point cloud data by upsampling the dimensions and
using a max pooling operation, we eliminate the max pooling operation because keypoint
data are ordered. Therefore, we omit operations related to handling disorder.

3.2.2. Multi-Scale Feature Extraction Module

After extracting initial features for each keypoint, our proposed MSFE extracts complex
relationships between keypoints and captures features at different scales.

Local feature extraction module: PointNet++ uses a multi-stage hierarchical feature
extraction approach to optimize local feature extraction, which uses iterative farthest
point sampling [40] to select evenly distributed points from thousands of point cloud data
points as representatives and divides the entire point cloud into corresponding groups
based on the representative points to construct different local point clouds. Subsequently,
hierarchical convolution operations are performed to extract local features. This approach
enables the network to capture fine-grained local features from point cloud data, but it is
overly complex when handling the relatively small number of human keypoints. Thus,
we simplify this design and use spatial relationships between body parts to group nearby
keypoints into local regions, as shown in Table 1.

In the proposed LFE, we first use six 1D convolutions to continue extracting specific
within-point features of our six proposed local regions, enabling a more region-specific
feature extraction process. Then, we use six parallel MLP blocks to aggregate the between-
point features of our six proposed local regions, respectively. The structural design of LFE
has been proven to be effective in Section 4.3. Ultimately, the extracted local feature, denoted
as Local Feature, is composed of six smaller features corresponding to our different proposed
body parts: HeadF, BodyF, LArmF, RArmF, LLegF, RLegF. For example, the head feature
HeadF is computed as follows:

HeadF = Bn(Relu(Conv1ld(Concat(KFeatureg, KFeatureg, KFeaturey)))), (11)

HeadF = Bn(Relu(MLP(Flatten(HeadF)))), (12)

where KFeatureg, KFeatureg, and KFeature;y € R128 denote the features for the 8th, 9th,
and 10th keypoints corresponding to the thorax, neck, and head. The corresponding local
features for all keypoints are shown in Table 1. The LFE processes and outputs the local
features, which are subsequently fused with the global features.

Table 1. Correspondence between six local features and keypoints.

Local Features Corresponding Keypoints
HeadF 8,9, 10
BodyF 0,1,4,7,811,14

LArmF 11,12,13
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Table 1. Cont.

Local Features Corresponding Keypoints
RArmF 14,15, 16
LLegF 4,5,6
RLegF 1,2,3

Global feature extraction module: In addition to local feature extraction, we introduce
GEFE to capture the global features of the keypoints from a different scale. Specifically, we
use an MLP to capture the relationships between keypoints, which is computed as follows:

GlobalFeature = Relu(Bn(MLP(Flatten(KFeature)))), (13)

where GlobalFeature € R1%2* denotes the global feature vector extracted by GFE. The flat-
tened KFeature is passed through the MLP for extracting.

Finally, after obtaining Global Feature through GFE and LocalFeature through MSFE,
we concat these features using MLP to enable autonomous extracting of different feature
representations. The resulting pose classification output Pose is computed as follows:

Pose = Bn(Relu(MLP(Concat(Local Feature, Global Feature)))), (14)
Pose = Relu(MLP(Pose)). (15)

4. Experimental Results

In this section, we first introduce the datasets used to assess the effectiveness of
KeypointNet and MVS, along with the data processing methods and experimental setup.
Then, we compare KeypointNet with other advanced methods across multiple datasets.
Following this, we conduct ablation studies to demonstrate the effectiveness of KFE, MSFE,
and MVS. We also perform data sampling experiments to investigate the performance
of various models with limited samples. Finally, we conduct experiments on viewpoint
limitedness to provide a specific analysis of the performance in multi-view sitting posture
recognition for KeypointNet.

4.1. Data and Experimental Setup

Multi-view sitting posture dataset (MVSP): To explore the model’s multi-view recogni-
tion capability, we construct the multi-view sitting posture (MVSP) dataset, which includes
50,176 keypoints (extracted from images using MHFormer) from seven fixed viewpoints
and one dynamic shooting viewpoint. For the subsequent experiments, we use the key-
points captured from the fixed viewpoints as the training set, while the keypoints from
the dynamic shooting viewpoint serve as the test set. This partitioning method can better
evaluate the performance of the model when facing diverse viewpoints, verifying the
multi-view recognition capability. As shown in Figure 5, the fixed viewpoints include front,
front-left, front-right, left side, right side, top-left, and top-right angles, while the dynamic
shooting viewpoint encompasses a wider variety of potential viewpoints. The seven actions
in this dataset are as follows: upright sitting, leaning down, leaning backward, leaning left,
leaning right, chin on hand, and crossing legs. Throughout all data collection processes,
participants are instructed to vary their posture as much as possible within the same posture
category. This increases the complexity of the dataset, presenting a greater challenge for
the generalization capability of the sitting pose recognition model.
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Figure 5. An illustration of the 7 postures in the MVSP dataset from different viewpoints.

Human Abnormal Sitting Posture dataset (HASP) [22]: The HASP dataset contains
700 video clips, 600 of which are used for training. Each clip consists of 80 frames that
transition from normal to abnormal sitting postures, all captured from a frontal viewpoint.
The dataset defines six types of abnormal sitting postures. To adapt the dataset for our
experiments, we manually select 8244 images from these clips, categorizing them into
seven classes by including a “normal sitting posture” class in addition to the original six
abnormal postures.

MSRA Hands Dataset (MSRA) [28]: MSRA includes 76,500 depth images with 17 hand
gestures, each annotated with 3D keypoint coordinates. The dataset’s significant viewpoint vari-
ations offer an excellent benchmark for assessing the model’s multi-view recognition capability.

Data processing methods: In the subsequent experiments, the comparison models are
primarily divided into four categories, with details described in Section 4.2. To ensure that
the keypoint data meet the input requirements of the other three strategies, we adopt the
following data processing method.

To ensure the skeleton images constructed from keypoints remain within a reasonable
range in the frame, we apply the following transformation to the keypoint data:

P — Pcent

P=07-Si
0.7 - Size Seale

+ 0.5 - Size, (16)
where Size denotes the image size (set to 400), and the definitions of Peent and Scale are
given in Section 3.1. To preserve depth information in the skeleton images, we use grayscale
intensity to represent depth, with the darkest points (deepest depth) assigned a value of 100
and the lightest points (shallowest depth) assigned a value of 255. The grayscale intensity
of the background is 0. The resulting skeleton images are shown in Figure 6.

To adapt the keypoint data for input into PointNets, we construct the point cloud
data of 1024 points from 17 keypoints. Each segment between corresponding keypoints is
considered a limb according to the natural skeletal connections of the human body. These
limbs are then modeled as cylindrical surfaces, with points on these surfaces undergoing
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slight random perturbations to ensure a more uniform distribution across the cylinders.
The resulting point cloud data are illustrated in Figure 6.

Finally, to enable ST-GCNs to process individual keyframe data, we repeat the single-
frame keypoint data across multiple frames, treating them as a sequence of static action.
The resulting spatiotemporal sequence data are illustrated in Figure 6.

Keypoint data:

Spatiotemporal
sequence data:

Skeleton images:

Point cloud data:

Figure 6. Illustrations of keypoint data, skeleton images, point cloud data, and spatiotemporal

sequence data.

Experimental setup: For all the experiments in this section, we select the AdamW
optimizer with a learning rate set to 0.0001, a weight decay rate set to 0.001, a batch size of
256, and a cross entropy loss function for 50 epochs of training. We use the learning rate
scheduler to make the learning rate become 0.9 times the original every five epochs. For the
MVS algorithm, the parameters Xs, Ys, Zs, ¢, w, and x are randomly sampled within the
data range specified in Equation (5), ensuring diverse viewpoint augmentation for robust
multi-view recognition. The hardware platform used in our experiment is as follows: CPU:
Intel (R) Xeon (R) Gold 6254; GPU: NVIDIA GeForce RTX 3090; CUDA Version: 11.4; RAM:
629 G.

4.2. Comparison with Other Methods

To evaluate the effectiveness of our method, we conduct experiments on three datasets,
namely, MVSP, HASP, and MSRA. The selected comparison baselines are divided into
four categories, namely, skeleton image + CNNs, point cloud + PointNets, spatiotemporal
sequence + ST-GCNs, and direct keypoint processing. The following are the reasons why
we chose these strategies:

1. Skeleton image + CNNs and spatiotemporal sequence+ST-GCNs: they are currently
the most researched and effective methods, which can show the advantages of our
method compared with other studies.

2. Point cloud + PointNets: because KeypointNet is improved based on PointNets,
we choose PointNets to clearly demonstrate the enhancements and optimizations

introduced in our approach.
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3. Direct keypoint processing: Because our method directly processes keypoint, we

choose other methods that also directly process keypoints to demonstrate our advan-

tages. MLP is a representative example of such methods.

A detailed description of the comparison methods is shown in Table 2. The experi-

mental results of these sitting posture recognition methods across different datasets are

presented in Table 3.

Table 2. Descriptions of the comparison methods used in the experiments.

Strategy Description

Method

Method Description

Skeleton image + CNNs draw the keypoint
data into a skeleton image and then
use the CNN method for recognition,
thereby modeling it into an image
classification task.

ResNet (2016) [44]

EfficientNetV2 (2022) [45]

MobileVit (2022) [46]

LMSPNet (2023) [20]

A very classic and universal method in
the field of CNN.
A more efficient and advanced
CNN method.

A CNN method based on transformer
architecture that is suitable for low
data complexity.

A lightweight advanced CNN method
for posture recognition.

Point cloud + PointNets encapsulate
keypoint data into point cloud data and then
use PointNets for recognition and
convert it into a point cloud
classification task.

PointNet (2017) [39]

PointNet++ (2017) [40]

PointMLP (2022) [41]

The founder of the PointNet series.
On the basis of PointNet, a paradigm for
multi-scale feature capture
is introduced.

A more advanced method in the
PointNet series.

Spatiotemporal sequence + ST-GCNs
overlap the keypoint data in the time
dimension, convert them into spatiotemporal
sequence data, and then use ST-GCNs for
posture recognition.

AGCN (2021) [22]

ASPR (2023) [47]

A classic method of ST-GCN.

An advanced method for abnormal
sitting posture recognition using ST-GCN.

Direct keypoint processing learn
keypoint data directly without modeling
the data representations.

MLP-S (2024) [30]

MLP-L

A smaller MLP.

We modified MLP-S by expanding the
embedding dimension of each layer
by 5 times.

Table 3. Comparison of accuracy and speed with existing methods.

Strategy Method MVSP HASP MSRA  Inference Time (ms) Params FLOPS
ResNet 93.80%  37.88%  96.59% 4.65 11.8M 1.82G
Skeleton imaee + CNNs EfficientNetV2 93.03%  51.48%  98.73% 15.04 215M 29G
& Mobil Vit 94.06%  36.94%  95.49% 6.39 12M 157.3 M
LMSPNet 94.24%  70.52%  98.62% 7.36 39M 1494 M
PointNet 70.45%  87.99%  96.83% 1.41 35M  4504M
Point cloud + PointNets PointNet++ 62.54%  90.40%  99.03% 146.55 1.7M 4.03G
PointMLP 69.76%  91.24%  99.14% 74.61 126 M 1573G
Spatiotemporal sequence AGCN 93.80%  83.88%  97.64% 9.04 087M  4257M
+ ST-GCNs ASPR 95.36%  95.66%  98.79% 7.81 0.65M  428.8M
MLP-S 92.03%  79.29%  93.18% 0.27 018M  0.18M
Direct kevpoint processin MLP-L 93.83%  73.64%  93.58% 0.34 525M 526 M
ypomntp &  KeypointNet (ours)  9846%  96.52%  99.48% 121 54M  50M
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For the MVSP dataset experiment, which involves data from multiple viewpoints, we
apply MVS for data augmentation across all methods. The results demonstrate that our
method clearly outperforms other methods, achieving an accuracy of 98.46%. Notably,
the three PointNets models perform poorly on MVSP. A plausible reason for this is the
significant variation in actions within the same class.

In the HASP dataset, where the viewpoint remains unchanged, no data augmenta-
tion is applied to any of the methods. Our model achieves an accuracy of 96.52% and
outperforms other methods. It is worth noting that methods in the skeleton image + CNNs
category, including ResNet, MobileVit, LMSPNet, and EfficientNetV2, perform poorly
and cannot recognize effectively. We believe that this may be due to the small differences
between many categories in HASP, making it challenging for these models to detect fine
changes in image data. In addition, the accuracy of the two MLPs is also low, which may
be due to the lack of sufficient flexibility and robustness of pure MLPs.

In the MSRA dataset, where data are from multiple viewpoints, we also apply MVS
for data augmentation across all methods. Our model achieves the highest accuracy of
99.48%. This demonstrates that our model can handle human keypoint data effectively and
also excels at hand keypoint data, showing excellent generalization ability. In addition,
the accuracy values of the two methods relying solely on MLP are also low, which further
demonstrates that KeypointNet is a better model for directly processing keypoint data.

To further evaluate the Multi-Scale Feature Extraction capabilities of KeypointNet, we
conduct comparative experiments with hybrid models that combine CNNs and PointNets
on MVSP. These hybrid models integrate features at different scales by concatenating
them at the final MLP classification head. We select PointNet, KeypointNet, ResNet,
and LMSPNet for these hybrid combinations. The experimental results are summarized in
Table 4. As shown in the table, the accuracy of the hybrid models is slightly lower than the
highest accuracy achieved by the individual models. This indicates that combining features
from different scales does not yield more valuable information and instead introduces
interference to the models that originally performed better. This further demonstrates the
advantage of KeypointNet in Multi-Scale Feature Extraction.

Table 4. Comparison of different hybrid models.

PointNets CNNs Accuracy

PointNet ResNet 92.87%
KeypointNet ResNet 97.65%

PointNet LMSPNet 94.03%
KeypointNet LMSPNet 98.12%

Moreover, our model achieves a fast inference time of 1.21 ms and a low computational
cost of 5.0 MFLOPS, trailing only behind MLP-S and MLP-L in terms of efficiency. Addition-
ally, it boasts a compact parameter size, making it highly storage-efficient. It is worth noting
that we adopt a Multi-Scale Feature Extraction strategy similar to PointNet++ but optimize
it, resulting in significantly better inference speed and computational complexity than
PointNet++. Specifically, our inference speed is approximately one hundred times faster
than that of PointNet++. Additionally, to quantitatively demonstrate the advantages of
directly using keypoint data for recognition, we compare it with the skeleton image-based
strategy, aiming to illustrate the noise and redundancy issues inherent in such strategies.
We primarily compare the two strategies in terms of data volume, the extent of data utiliza-
tion, and processing time required. The results are shown in Table 5. It is evident that the
amount of data for skeleton images is significantly larger compared to keypoints, with the
difference potentially being several thousand times. Secondly, keypoint data utilize 100%
of the output from 3D pose estimation, whereas skeleton images cannot achieve such high
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data utilization rates. If the proportion of non-background pixels is calculated, our process-
ing method yields a result of approximately 1.5%. Even with an optimistic estimate for
other processing methods, this figure would not exceed 10%, indicating that a substantial
amount of information is wasted. Redundant background information can be considered
a form of noise. Additionally, in terms of processing time, processing skeleton images
takes much longer than normalizing keypoints and can even exceed the time required for
subsequent CNN model inference. This undoubtedly introduces redundancy.

Table 5. Quantitative comparison of direct keypoint processing and skeleton image-based methods.

Extent of Data Processing Time
Strategy Data Volume Utilization Required
Direct keypoint processing 17 x 3 100% 0.21 ms
Skeleton image-based 400 x 400 x 3 <10% 28.8 ms

4.3. Ablation Studies

To assess the effectiveness of our proposed network structure, we conduct ablation
studies on the MVSP dataset. Five different structure combinations are tested, and the
results are shown in Table 6. Combination 1 is a direct imitation of the PointNet++ struc-
ture, where our six proposed local regions are processed using 1D convolutions+MLPs
for initial extraction, followed by MLP for classification. Compared to Combination 1,
Combination 2 first processes the input through KFE before applying 1D convolutions
for local feature extraction. Combination 3 abandons the 1D convolution for local feature
extraction, leaving only MLP. Combinations 4 and 5 introduce GFE based on Combina-
tions 3 and 2, respectively. Comparing Combination 1 with Combination 2 shows that
performing initial feature extraction using KFE before extracting local features is more
effective, with the accuracy improving from 97.48% to 98.07%. Comparing Combination 2
with Combination 3 demonstrates that using 1D convolutions before MLPs for local feature
extraction is a superior choice as it increases accuracy by 0.83%. Furthermore, by examining
Combinations 4 and 5, it becomes clear that GFE further optimizes the extraction and
aggregation of keypoint features, with accuracy improving from 97.24% and 98.07% to
98.25% and 98.41%, respectively. This also illustrates that using 1D convolutions is a better
choice for extracting local features.

Table 6. The ablation study on the network module

Keypoint Feature Local Feature Global Feature Extraction

Combinations Extraction Module Extraction Module Module Accuracy
1 Convld + MLP 97.48%
2 v Convld + MLP 98.07%
3 v MLP 97.24%
4 v MLP v 98.25%
5 v Convld + MLP v 98.46%
v represents the presence of this structure in the network.

4.4. The Effectiveness of MV'S

To evaluate the actual effectiveness and generalizability of MVS, we conduct experi-
ments on the MVSP dataset. Considering that CNNs and ST-GCNs perform relatively well
on MVSP, we select LMSPNet and ASPR as representative methods to demonstrate the
generalizability of MVS. In this experiment, we divide the fixed viewpoint data into seven
parts according to the viewpoint and select a part of them as the training set each time,
forming seven training sets. The test set always consists of data from dynamic shooting
viewpoints. This division method can assess the performance of MVS under varying
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degrees of viewpoint deficiency. The experimental results are shown in Figure 7. It can be
observed that, first, KeypointNet consistently outperforms the other two methods, both
with and without the application of MVS. This highlights the superior performance of
KeypointNet across different conditions. Second, after applying MVS, all three methods
show improvements in accuracy, demonstrating the broad applicability of our proprietary
MVS algorithm. It is not only suitable for KeypointNet but also effective for other types of
models, such as CNNs or ST-GCNs. Third, MVS demonstrates high-level performance in
dealing with varying degrees of viewpoint deficiency.
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Number of training set

Figure 7. The performance of the MVS algorithm.

To further compare our MVS algorithm with standard data augmentation techniques,
we utilized KeypointNet as the network model and evaluated it against two common
methods: random Gaussian noise and random affine transformations. For the experiments,
the Gaussian noise was set with a standard deviation of 0.1, and the random affine transfor-
mations were configured with the following parameters: scale range = (0.8, 1.2), rotation
range = (—30, 30), translate range = (—10, 10), and shear range = (—10, 10). The experimen-
tal results are shown in Figure 8. Overall, the MVS algorithm significantly outperforms
the other two data augmentation methods. This is particularly evident when the number
of viewpoints is small, where MVS enhances the multi-view representation capability of
the data, achieving an accuracy exceeding 85%. In contrast, the accuracies of the other
two methods remain below 75% under these conditions. Additionally, random affine
transformations show relatively better performance when the number of viewpoints is
limited. However, as the number of viewpoints increases, the disturbances introduced by
affine transformations outweigh their benefits, leading to a decline in model performance.
On the other hand, the performance of Gaussian noise remains relatively stable across
different numbers of viewpoints.

To further investigate the robustness of the MVS algorithm, we used KeypointNet
as the network model and simulated two types of perturbations: random occlusion and
random body size variation. Specifically, random occlusion randomly adds black squares
with side lengths ranging from 10 to 100 pixels in the original images. For random body
size variation, with a 50% probability, the lengths of the arms and legs are scaled to between
70% and 130% of their original lengths while maintaining the pose. Similarly, with a
50% probability, the shoulder width is scaled to between 70% and 130% of its original
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width, and with a 50% probability, the hip width is scaled to between 70% and 130% of its
original width. The experimental results are shown in Figure 9. The experimental results
indicate that the two different types of perturbations have relatively small impacts on the
accuracy of MVS, demonstrating the notable robustness of the MVS algorithm. Among the
different types of perturbations, random occlusion has a relatively minor impact. This
can be attributed to the inherent robustness of 3D pose estimation algorithms, which are
designed to handle occlusion issues effectively. In contrast, random body size variation has
a relatively larger impact, although it still remains within an acceptable range. Furthermore,
we observe that as the number of viewpoints and the quantity of data in the training set
increase, the effects of these perturbations becomes less pronounced. For example, when the
training set includes only one viewpoint, there is approximately a 6% difference in accuracy
compared to the baseline. However, when the training set encompasses seven viewpoints,
this accuracy gap narrows significantly to less than 3%. These findings suggest that the
model acquires enhanced robustness by learning from a more diverse and comprehensive
dataset, thereby improving its ability to generalize under various conditions.
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Figure 8. Comparison of MVS with other data augmentation techniques.
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4.5. Experiments on Viewpoint Limitedness

To further evaluate KeypointNet’s performance with limited training viewpoints, we
conduct further experiments on the MVSP dataset. Specifically, we divide the data from
each of the original seven fixed viewpoints of MVSP into training and testing sets in a
4:1 ratio. The training set starts with data from a single viewpoint and is progressively
expanded by adding data from additional viewpoints, eventually incorporating all seven
viewpoints. The test set comprises 20% of the data from all seven viewpoints. The reason
why we do not continue to use the dynamic shooting viewpoint as the test set is that
the viewpoint situation of the dynamic shooting viewpoint is too complex, which is not
conducive to specific analysis. The dataset partitioning method and the experimental
results are shown in Figure 10. It can be observed that as the number of viewpoints in the
training set increases, the model’s performance on the test set gradually improves. Notably,
the absence of training data for certain viewpoints results in the network’s inability to
effectively recognize those viewpoints, which means the model’s performance is degraded
when dealing with low-quality data or extreme viewpoint variations. For example, when
the training set contains viewpoints 1, 2, and 3, the KeypointNet achieves high-level
recognition of viewpoints 1, 2, and 3 but exhibits accuracy below 90% for viewpoints 5, 6,
and 7. This indicates that, despite KeypointNet achieving relatively superior multi-view
recognition performance, achieving high accuracy in classifying viewpoints that are absent
from the training set remains a challenging task. When relying solely on RGB images and 3D
pose estimation methods, pure visual techniques cannot easily achieve perfect multi-view
recognition. We believe that part of the reason for this limitation is that RGB images lack
depth information, and 3D pose estimation methods have certain errors when performing
depth predictions, leading to incorrect 3D keypoint coordinates. Additionally, the absence
of camera pose information makes it impossible to align data from different viewpoints
into a consistent representation. As a result, the network tends to perform targeted learning
on the data present in the training set, lacking sufficient generalization capability.
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Figure 10. The results of the experiment on viewpoint limitedness.

4.6. Data Sampling Rate Experiment

To explore the model’s performance when faced with reduced data volume and
to evaluate whether the volume of the proposed dataset is sufficient as Liu et al. [21]
mentioned, we conduct experiments on MVSP using a dataset sampling coefficient s. This
coefficient ranges from 1 to 0.001 and controls the proportion of training data sampled from
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each viewpoint. We evaluate KeypointNet, LMSPNet, and ASPR under these conditions
for comparison. The experimental results are shown in Figure 11. Compared to other
methods, KeypointNet shows a slower decrease in accuracy as the amount of training
data decreases. When the data volume is reduced to only 10%, the accuracy of all three
methods experiences only a slight decline. Even when the data volume is reduced to 1%,
KeypointNet still maintains an accuracy of approximately 95%, whereas the accuracy of
LMSPNet and ASPR drops below 85%. A significant drop in KeypointNet’s accuracy only
occurs when the data volume decreases to 0.6%. When s = 0.001, the accuracy of all models
drastically decreases. KeypointNet performs relatively the best, still achieving over 60%
accuracy, while LMSPNet’s accuracy drops to around 50% and ASPR’s accuracy falls below
40%. We believe the poor performance when dealing with low-quality data is predictable
because the amount of training data is less than 40 samples. Considering that there are
seven actions and seven viewpoints, this means that each viewpoint has fewer than one
sample per action, significantly increasing the difficulty for the model to learn effectively.
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Figure 11. The results of the data sampling rate experiment.

This indicates that our method extracts more essential knowledge from the data
compared to CNN methods or ST-GCN methods, rather than relying solely on large data
volume to achieve higher accuracy. Additionally, the experiment demonstrates that the
volume of MVSP is sufficient to some extent because none of the models experience a
significant drop in accuracy when the data volume is reduced to 10%.

5. Conclusions and Discussion

In this paper, our primary objectives are to better address two limitations. The first is
the complexity of multi-view recognition and the inadequacy of the number of viewpoints
of the data. The second is the lack of an efficient model for directly processing keypoints.
To tackle these issues, we propose KeypointNet and MVS. Specifically, KeypointNet is an
efficient network for processing human keypoint data. KeypointNet comprises KFE and
MSEFE. By decoupling feature extraction, the first module focuses on within-point keypoint
features, while the second one captures spatial relationships and between-point features. In
addition, MVS is a data augmentation technique designed based on photogrammetry. It
is used to simulate keypoints from additional viewpoints through computation, thereby
enhancing the multi-view recognition capability. The experimental results on both our
proposed MVSP and other public datasets demonstrate the effectiveness of KeypointNet
and MVS.
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However, multi-view recognition remains a challenge. Future work will explore using
deep learning to process data from various viewpoints, including building comprehensive
datasets and enabling networks to learn from error-prone keypoint data to construct better
data for other viewpoints. Additionally, considering the significant body of research focused
on temporal variations and action recognition, extending KeypointNet to better handle
temporal variations in keypoint data is a promising direction. Future work could explore
integrating advanced temporal modeling methods, such as transformers or ST-GCNSs,
to enhance KeypointNet’s capability in handling sequential data effectively.
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