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Fusion of Convolutional Self-Attention and
Cross-Dimensional Feature Transformation
for Human Posture Estimation

Anzhan Lium, Yilu Dingg, Xiangyang Lu

Abstract: Human posture estimation is a prominent research topic in the fields of human-com-
puter interaction, motion recognition, and other intelligent applications. However, achieving high
accuracy in key point localization, which is crucial for intelligent applications, contradicts the low
detection accuracy of human posture detection models in practical scenarios. To address this issue,
a human pose estimation network called AT-HRNet has been proposed, which combines convolu-
tional self-attention and cross-dimensional feature transformation. AT-HRNet captures significant
feature information from various regions in an adaptive manner, aggregating them through convolu-
tional operations within the local receptive domain. The residual structures TripNeck and Trip-
Block of the high-resolution network are designed to further refine the key point locations, where
the attention weight is adjusted by a cross-dimensional interaction to obtain more features. To vali-
date the effectiveness of this network, AT-HRNet was evaluated using the COCO2017 dataset. The
results show that AT-HRNet outperforms HRNet by improving 3.2% in mAP, 4.0% in AP™, and
3.9% in APM. This suggests that AT-HRNet can offer more beneficial solutions for human posture

estimation.
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attention module; high-resolution network

1 Introduction

In recent years, human pose estimation (HPE)
has gained significant attention as a challenging
research problem in the field of computer vision.
HPE aims to predict a person’s pose by detect-
ing key points in still images or videos. Cur-

rently, HPE has found applications in various
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fields, including healthcare [1-2], motion analysis
[3], driver posture detection [4-5], and virtual fit-
ting [6].

Traditional methods for human pose estima-
tion typically utilize image features based on
graphical structures [7] and deformable part
models [8] to represent various key points as part
detectors containing spatial constraint relation-
ships, such as HOG [9], SIFT [10], etc. Subse-
quently, artificially designed feature templates
are employed to detect these key points. For
instance, Yang et al. [11] employed flexible mix-
tures-of-parts to express the spatial constraint
relationships of human pose. Pishchulin et al. [12]
proposed a tree-structured spatial model condi-
tioned on images to optimize pose estimation
algorithms. Traditional pose estimation methods

are characterized by high time efficiency, but
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limited by data availability and other factors
such as varying lighting conditions, complex
backgrounds, and occlusions. Furthermore, these
methods typically employ a single model struc-
ture, resulting in poor scalability and relatively
low accuracy. With the development of deep
learning, the use of convolutional neural net-
works (CNN) [13] for human posture estimation
has emerged as a new research focus. CNN grad-
ually extracts high-level features from local image
features through layer-by-layer convolutional and
pooling operations, further obtaining global fea-
ture information [14-15]. By extracting features
advantageous for keypoints and context-based
information from various scales of receptive
fields, it facilitates a more precise calculation of
the positions of target keypoints. Compared to
CNN-based

overcome the limitations of a single model and

traditional methods, approaches
enable better utilization of image information
and keypoint attributes. In CNN-based methods,
the size of the convolutional receptive field plays
a crucial role in pose estimation tasks. A small
receptive field may result in a lack of correlation
among joints, while a large receptive field can
introduce unnecessary information, potentially
reducing attention to the main features.

The attention mechanism draws inspiration
from the human behavior of actively focusing on
pertinent information while disregarding irrele-
vant details during observations. It has found
widespread application in various domains,
including image processing, natural language pro-
cessing, and more. This mechanism has played a
significant role in the field of computer vision.
Within the convolutional neural network model,
the attention mechanism enables a higher focus
on essential features, thereby enhancing the
model’s accuracy. Scholars have researched vari-
ous aspects related to the attention mechanism,
such as determining what the attention mecha-
nism should prioritize and how to extract key
feature information from it.

In 2021, Misra et al. [16] proposed the Triple

Attention mechanism. This mechanism calcu-
lates attention weight values by capturing cross-
dimensional interactions in a three-branch struc-
ture without any dimensionality reduction opera-
tion. As a result, it eliminates the indirect corre-
lation between weights and channels, leading to
the capture of richer feature information. In
2022, Pan et al. [17] introduced a combined con-
volutional and self-attention mechanism called
Acmix. Their work demonstrated the potential
relationship between convolution and self-atten-
tion and revealed that these operations involve
similar computations. The convolution operation
extracts features by weighting and summing fea-
tures within a local receptive field. The parame-
ters of the convolutional kernel are shared across
the entire feature map, enabling the convolution
operation to effectively utilize local feature infor-
mation from images and generate feature infor-
mation with inductive bias. The self-attention
mechanism enhances the model’s perceptual abil-
ity and computational efficiency by capturing
global dependencies, dynamically calculating
attention weights, and enabling highly paral-
lelized computation. Acmix effectively combines
the advantages of convolution and self-attention
mechanisms while reducing the computational
overhead compared to the pure convolution or
self-attention mechanism.

According to the above analysis, this paper
proposes a human posture estimation network
named AT-HRNet that fuses convolutional self-
attention and cross-dimensional feature transfor-
mations, with HRNet being a baseline model, to
improve the accuracy of keypoint detection. To
capture feature information from different
domains, AT-HRNet introduces AcBlock, which
is a multi-resolution fusion module of convolu-
tion and self-attention mechanism. To address
the interdependence between channel attention
and spatial attention, the TripNeck and Trip-
Block modules are designed to improve the resid-
ual structure in the HRNet model. The main

work of this paper is as follows:
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1) A human posture estimation network
named AT-HRNet is proposed, which fuses con-
volutional self-attention and cross-dimensional
feature transformations.

2) A multi-resolution fusion module AcBlock
combining convolution and self-attention is
designed, which can obtain the advantages of
both convolution and self-attention mechanisms
based on only a small computational overhead,
capturing both local and global semantic infor-
mation of the high-resolution network and
improving the performance of the model.

3) The TripBlock and TripNeck have been
designed, combining channel attention and spa-
tial attention. During the feature extraction
phase of the network architecture, cross-dimen-
sional interaction is applied to channel and spa-
tial attention, thereby enhancing the capability

of the model for feature extraction.

2 Related Work

2.1 Human Posture Estimation
CNN methods for human pose estimation can be
broadly classified into two categories: bottom-up
and top-down methods. Bottom-up methods
involve detecting keypoint heatmaps for all
human bodies in the image, followed by summa-
rizing and categorizing these key points for pose
estimation on a per-human-instance basis. On the
other hand, top-down methods start by detect-
ing each human instance in the image and then
perform keypoint detection and pose estimation
for each individual. Presently, bottom-up meth-
ods offer faster detection speed but relatively
lower accuracy, while top-down methods provide
higher accuracy at the expense of slower detec-
tion speed. Current research has focused on
addressing these aspects in both types of meth-
ods.

DeepPose [18] was introduced as the first
top-down human pose estimation method based
on convolutional neural networks. DeepPose

maps the pose estimation problem to a key point

direct regression problem by predicting the prob-
ability of each key point at different locations,
forming a probabilistic heatmap. The actual loca-
tion of the key point is estimated by finding the
maximum value in the heatmap. Although Deep-
Pose achieved good results, it faces challenges in
directly regressing 2D coordinate points.

Wei et al. proposed the convolution pose
machine (CPM) [19] method, which utilizes a
sequential convolutional model to learn image
feature representations and incorporates the abil-
ity to cascade predictive representations with
spatial context information. CPM employs cas-
caded key point corrections to improve accuracy.
CPM extracts more useful information by contin-
uously expanding the receptive field, where the
intermediate supervision is employed to enhance
keypoint accuracy.

Newell et al. [20] introduced stacked hour-
glass networks (SHN), which resembles a stack
of hourglasses. SHN is based on DeepPose and
inherits the idea of multi-resolution features. It
performs iterative coding and decoding opera-
tions on feature maps to better fuse global and
local features. However, SHN suffers from signifi-
cant information loss during the constant sam-
pling up and down, which affects accuracy.

Carnegie Mellon University proposed Open-
Pose [21], a real-time human posture estimation
system that utilizes a bottom-up approach.
OpenPose’s model network structure consists of
two branches: the partial confidence map and the
partial relation field. The partial confidence map
predicts the heat map for each key point of the
human body. The partial relation field predicts
the correlation between key points by generating
a unit vector for each key point. This correlation
associates the key points belonging to the same
person, thereby improving the efficiency of key-
point detection. On the other hand, SimpleBase-
line [22] used inverse convolution to replace the
upsampling operation. This approach reduces the

loss of information and restores the feature map
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more accurately. In 2019, Sun et al. [23] pro-
posed the high-resolution network (HRNet).

2.2 HRNet

HRNet introduces a novel network architecture
that maintains high-resolution features through-
out the entire process. Unlike previous models,
most of which were to first reduce the resolution
until the final stage through up-sampling and
then restore the high resolution to ensure that
the final output of the network is a high-quality
feature map, this will lead to the loss of many
key features. HRNet divides the network into
multiple subnets, with the high-resolution net-
work branch as the key part, and the resolution
is always consistent with the input feature map.
The low-resolution network branch is added
sequentially through the down-sampling method
to realize the structure of parallel subnets. In the
process of extracting the features of HRNet, the
number of channels of each additional subnet
branch is two times of the previous branch, the
resolution is 1/2 of the previous branch, and the
parallel branches are fused with multi-scale infor-
mation by repeated stacked switching units, and
the whole process always maintains the high-res-
olution features of the image, which ensures that
the model can get a large amount of useful infor-
mation during the training process, to achieve
more accurate results. In recent years, there have
been some relevant studies on HRNet.

Cheng et al. [24] proposed a network called
HigherHRNet, based on HRNet, with stronger
scale-awareness capability. HigherHRNet utilizes
deconvolution for upsampling and integrates fea-
ture information from different scales effectively
through a multi-scale fusion strategy, enhancing
representations of human poses at various detail
levels and thereby improving accuracy.

Yu et al. [25] proposed a lightweight high-
resolution network, Lite-HRNet. Lite-HRNet
incorporates conditional channel weights, allow-
ing for information exchange between channels

and resolutions by learning weights, striking a

balance between model complexity and computa-
tional efficiency.

Zhang et al. [26] proposed a multi-resolution
human pose estimation network named GCT-
nonlocal net (GNNet), combining channel atten-
tion and spatial attention mechanisms. GNNet
introduces a representation fusion method based
on attention mechanisms, enabling the network
to extract more useful feature information to
improve fusion units, thereby enhancing accu-
racy.

Luo et al. [27] proposed a high-resolution
human pose estimation network named ENNet,
which integrates dual attention mechanisms.
Through the incorporation of feature informa-
tion from various resolutions via the dual atten-
model’s

tion mechanism, the accuracy is

enhanced.

2.3 Attention Mechanism

In recent years, attention mechanisms have been
extensively studied due to their excellent mem-
ory capabilities. By assigning high weights to
focus on primary features and reducing the influ-
ence of secondary features with low weights,
models are better able to concentrate on the
important parts of input information. In com-
puter vision, the attention mechanism has been
widely adopted to improve model performance
[28].

Chu et al. [29] introduced the attention
mechanism to human pose estimation. They pro-
posed a context-based attention approach that
combines the stacked hourglass model with the
attention mechanism and incorporates condi-
tional random fields (CRF) to model feature
map correlations. Hu et al. [30] proposed a chan-
nel attention mechanism named the Squeeze-and-
Excitation Network (SENet), which builds a
model with a simple structure and is effective.
SENet employs compression and excitation oper-
ations to obtain channel weights for the input
feature layer, enabling the model to focus on
learning the important parts effectively. In 2018,
Woo et al. [31] proposed convolutional block
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attention module (CBAM), which combines spa-
tial attention and channel attention mechanisms
This

approach achieves superior results compared to

to address their respective limitations.
the spatial-after-channel or both-parallel meth-
ods. In the same year, Wang et al [32] intro-
duced the self-attention mechanism to the image
domain and proposed the classical non-local
approach to provide a neural network compo-
nent for capturing long-range dependencies. By
embedding the non-local module into the net-
work structure, the model’s perception ability
and performance in capturing global information
are enhanced. In 2019, Cao et al. [33] proposed
the global context (GC) method. This method
simplifies the spatial self-attention mechanism,
offering a more concise model structure com-
pared to SENet while accurately capturing long-
range dependencies.

3 Methodology

3.1 AT-HRNet Network Structure

This paper proposes AT-HRNet, which is based
on the HRNet and is a network model that inte-
grates convolutional self-attention and cross-
dimensional feature transformation. The net-
work structure of the AT-HRNet is illustrated in
Fig. 1, which is partitioned into four stages
(Stage 1-4) and four branches (Branch 1-4).

Each stage transforms the input feature map and

yields a new feature map. The number of input
and output feature streams varies for each stage.
For instance, Stage 1 takes an input feature data
stream and produces two output feature data
streams. On each branch, the output of the pre-
ceding stage corresponds to the input of the sub-
sequent stage. The resolutions of input feature
maps on different branches at different stages are
delineated in Tab. 1.

Tab. 1 Input/output characteristic resolution of branches at

each stage
Branch Stage 1 Stage 2 Stage 3  Stage 4
Branch 1 input 256x192 64x48 64x48 64x48
Branch 2 input 32x24 32x24 32x24
Branch 3 input 16x12 16x12
Branch 4 input 8x6
Branch 1 output 64x48 64x48 64x48 64x48

Stage 1 is divided into three operational pro-
cesses: Stem, AcBlock, and TripNeck. The Stem
operation consists of two 3 X 3 convolutions with
a stride of 2. The feature map, which has a size
of 256 x 192 and 3 channels, is downsampled by
a factor of 4, yielding a feature map of size 64 x
48 with 64 channels. Following the completion of
the AcBlock operation, the feature information
traverses through four stacked TripNeck residual
modules. Subsequently, The feature information
is passed from Branch 1 and Branch 2 to Stage 2.
The features of Branch 2 are obtained through

downsampling operation.

Stage 1 Stage 2 Stage 3 Stage 4
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Fig. 1
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AT-HRNet structure
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In Stage 2, the incoming two feature data
streams undergo a 2-weighted cross-dimensional
feature transformation, generating new features
on Branch 1 and Branch 2. The two features
form the two inputs to Stage 3. The input for
Stage 3 on Branch 3 is obtained from the fea-
tures generated by Stage 2 on Branch 2 through
downsampling. The process of Stage 3 and Stage
2 is similar.

In Stage 4, following 4-weighted cross-dimen-
sional feature transformations, four feature data
streams are produced. After upsampling in
branch 2-4, the features are fused with those
from branch 1 and then outputted, thereby
achieving human keypoint detection.

In Stage 24 of the AT-HRNet, N-weighted
cross-dimensional feature transformations are
performed (N = 2, 3, 4). The difference in N pri-
marily lies in the varying number of branches,
i.e., the number of feature data streams for input
and output. Here, N = 3 is taken as an example
to provide a detailed explanation.

Fig. 2 illustrates the structure of the net-
work for 3-weighted cross-dimensional feature
transformation. The three feature data streams
initially undergo TripBlock operations to acquire
richer feature information during the cross-
dimensional interaction process. Subsequently,
multi-scale feature fusion is conducted through
upsampling and downsampling, resulting in the
output of three branch feature data streams.
During the upsampling process, the input branch
undergoes channel adjustment using 1 x 1 convo-
lution with stride = 1. Batch normalization
(BN) is then applied to enhance the stability

and representational capability of the model.

[] TripBlock Characteristic
Characteristic — data flow
graph 7 Upsampling

@Feature fusion™~xDownsampling

Fig. 2 3-weighted cross-dimensional feature transformation

network module

Finally, nearest neighbor interpolation is utilized
to upsample the feature maps, thereby enlarging
the resolution. During the downsampling process,
the input branch undergoes resolution adjust-
ment using 3 x 3 convolution with stride = 2.
BN is applied to normalize the output features,
followed by ReLU activation to enhance the net-
work’s representational power. Lastly, channel
adjustment is executed through a convolutional
layer to facilitate subsequent feature fusion oper-

ations.

3.2 AcBlock

Convolution and self-attention mechanisms
exhibit a strong correlation. To capitalize on the
shared advantages of these mechanisms, this
paper designed the AcBlock structure. AcBlock
can adaptively focus on different regions to
acquire crucial information and aggregate data
within a local receptive field using convolution.
When generating the final output features,
AcBlock merges the initial input features with
the learned higher-level features and passes them
AcBlock

enhances model performance while imposing

to the next module. significantly

almost no additional computational overhead.
The design of AcBlock is depicted in Fig. 3.
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Fig. 3  AcBlock module
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In AcBlock, the input feature stream is
divided into four paths, with three of these paths
undergoing individual 1 x 1 convolution opera-
tions to reconstruct them into N groups of seg-
ments, leading to the generation of N feature
maps. The obtained intermediate features com-
prise 3 x N feature maps, which are subse-
quently utilized as separate inputs for the convo-
lutional part and self-attention part to undergo
further processing.

Let’s assume that F € R*"*W represents
the input feature, G € R >#*W represents the
output feature of the convolutional part,
D € RO*HxW  represents the output feature of
the self-attention part, and H,W represent the
height and width, respectively. C,, C,. denote the
sizes of the input and output channels. The fea-
ture tensors associated with the pixels (i,j) of
F,G and D are denoted as f; € R, g, € R
and d; € R, respectively.

For the convolutional part, assuming a stan-
dard convolution kernel K € RCwx%nxkxk " wwhere k
is the size of the kernel, k* feature maps are gen-
erated through a lightweight fully connected
layer. Subsequently, shift and aggregation opera-
tions are conducted on these generated feature
maps. The output expressions for the convolu-

tional branch are provided below

9i; = ngf'q) 1

(poa) _
90" = Ky o fivp— /21 540 11/2) (2

where K, , € R p qe{0,1,- -,k —1} denote
the kernel weights relative to the kernel position
(p, @.

For Eq. (2), simplification is achieved
through the Shift operation f 2 ghifi(f, Az, Ay)>

defined as

]E” = fi+Az,j+Ay;Viaj (3

where Az and Ay signify horizontal and vertical
displacements, respectively. Consequently, Eq. (2)

can be reformulated as

g = Shift (K, f5,p — [k/2] ,qa — [k/2]) (D

For the self-attention part, intermediate fea-
tures are aggregated into N groups, with each
group comprising 3 features. These three mapped
features are utilized as queries, keys, and values,
respectively. Attention weights are computed
using the feature representations of queries, keys,
and values. The output expression of the self-

attention part is given by

I AW 8 WoOL)wor,

=1\ 6 beny, (i09)

d.. =

K7}

(5

where || represents the concatenation of outputs
from N attention heads, while W, W and
W® are the projection matrices for queries, keys,
and values, respectively. N, (i,j) denotes a local
region with a spatial range of K centered at (i, ),
and A (W, f;,W"f.,) represents the weighting
of features within N, (i, 7).

Next, the weighted sum of the outputs from
the convolutional part and the self-attention part
is computed, controlled by two learnable scalars

a and S, yielding F".
F'=axg;+8xd,; (6)

Finally, the initial input features F;, are
combined with F” via skip connections and then

summed to yield the output F,,.
F.=F,+F P

3.3 TripNeck and TripBlock

To capture the important features of spatial and
channel attention, TripNeck and TripBlock are
designed in this paper using the Triplet Atten-
tion mechanism, which enables the model to cap-
ture cross-dimensional interactions and thus
richer features when computing the attention
weights.

The processing of TripNeck goes through
Triplet Attention first, followed by connecting
three 2D convolutional layers, two with convolu-
tional kernel size 1 x 1 and one with kernel size

3 x 3. After the first two convolutional layers,
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BN regularization and ReLu operations are per-
formed, respectively. The last layer of convolu-
tion performs the BN operation, followed by
residual join with the input features for residual
join to perform the ReLU operation and output
the feature map. The processing is shown in
Fig. 4.

\1/7

Triplet attention

v

1x1 Conv

BN+ReLu

3x3 Conv

BN+ReLu

1x1 Conv

BN

+
ReLu

Fig. 4 TripNeck module

The processing of TripBlock is depicted in
Fig. 5. First, the input features undergo the
Triplet Attention operation, followed by BN reg-
ularization and the ReLU operation after pass-
ing through a 2D convolutional layer with a ker-
nel size of 3 x 3. Then, another convolution with
a kernel size of 3 x 3 is applied, followed by BN

regularization. Finally, after being connected

\1,7

Triplet attention

3x3 Conv
BN+ReLu
3x3 Conv

BN

+
ReLu

Fig. 5 TripBlock module

with the input feature residuals, a ReLLU opera-
tion is performed to output the feature informa-
tion.

The Triplet Attention mechanism employed
in the TripNeck and TripBlock modules com-
The first and third

branches are utilized to capture cross-dimen-

prises three branches.

sional interactions between the channel dimen-
sion C and the spatial dimensions W or H of the
input tensor. The second branch specifically
focuses on attention to information in the spatial
dimension. The outputs of these three branches
are then combined by averaging, as illustrated in
Fig. 6.

| o
Chann\l;l Pool
HXCXW 2xHXIWY, WxHXC
Z-pool ‘ 7x7 Conv | I Z-pool
2XCXW\1/ IXH*W |BN+Sigmoid 2xHxC
7x7 Conv

IxCxW |BN+Sigmoid

+

Fig. 6 Triplet attention

Given an input feature tensor x € RCin*#>W
it serves as the input for each branch. In the first
branch, interaction between the width and chan-
nel dimensions is established. x is rotated coun-
terclockwise by 90° along the W-axis to obtain
X1, with a shape of (H x C' x W). Subsequently,
X: undergoes a Z-pool layer to yield Y7, simplify-
ing its shape to (2 x C' x W). Following this, 7
undergoes convolution with a kernel size of k x k,
followed by batch normalization, resulting in a
shape of (1xC xW). Finally, 7 is passed
through a Sigmoid activation layer to generate
attention weights, which are then applied to X;.
Afterward, X, is rotated clockwise by 90° along
the W-axis to maintain the same shape as the

input x.
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In the second branch, the input feature ten-
sor x is first processed through a Z-pool layer to
obtain %, with a shape of (2 x H x W). X, then
undergoes convolution with a kernel size of k x k,
followed by batch normalization. Finally, atten-
tion weights of shape (1 x H x W) are outputted
after passing through a Sigmoid activation layer,
and these weights are applied to the input x.

The third branch is similar to the first
branch. In the third branch, interaction between
the height and channel dimensions is established.
x is rotated counterclockwise by 90° along the H-
axis to obtain X; with a shape of (W x H x C).
Subsequently, X; undergoes a Z-pool layer to
yield x: with a shape of (2x H x ). i then
undergoes convolution with a kernel size of k x k,
followed by batch normalization, resulting in a
shape of (1x H xC). Finally, X; is passed
through a Sigmoid activation layer to generate
attention weights, which are then applied to X;.
Afterward, X; is rotated clockwise by 90° along
the H-axis to maintain the same shape as the
input x.

Finally, the outputs of the three branches
are averaged to obtain tensor y. This is repre-
sented by

1

v =3 (%o (00 (30) + xo (0 () +

o) ®

where o is the Sigmoid activation function, and
Uy, ., 15 denote 2D convolutional layers with
kernel size k.

The Z-pool layer is used to connect the oper-
ations of average pooling and maximum pooling
to reduce the Oth dimension of the tensor to a
tensor containing only two samples, preserving
the rich features of the actual tensor and reduc-

ing the computational effort. Its equation is
Z-pool(x) = [MaxPooly(x), AvgPool ,(x)] (D

Here, 0d denotes the 0-th dimension where
the maximum pooling and average pooling opera-

tions occur.

4 Experiments and Analysis

4.1 Experimental Configuration

The experimental environment uses the Linux
system Ubuntul8.04 with 14 vCPU Intel (R)
Xeon(R) Gold 6330 CPU @ 2.00GHz; RTX
3090GPU graphics card is used for model train-
ing and prediction with 24 GB of graphics mem-
ory. Python version 3.8 is used, and the deep
learning framework Pytorch is the platform for
model training. The COCO2017 dataset [34] was
used for model training and validation, and the
key point location was selected as the point with
the largest prediction value offset by 1/4 to the
next largest value, which is the final key point
location. The initial learning rate was set to
0.001, the decay multiplier was 0.1, and the
learning rate decayed between 170 and 200
rounds. The total number of iterations is 210
rounds.

The images in the dataset were prepro-
cessed before training by cropping the image size
of the COCO2017 dataset to 256 x 192. Data
enhancement operations were performed on the
input images, including random rotation of the
data (between —45 — 45 degrees), random hori-
zontal flipping, and random scaling to improve

the robustness of the model to the images.

4.2 Dataset and Evaluation Indicators
The COCO2017 dataset comprises image data
that showcases a wide variety of human poses,
scale variations, and occlusion patterns. It con-
sists of three parts: the training set, the valida-
tion set, and the test set. In this paper, the pro-
posed method trains the model on the training
set, which consists of a total of 57 000 images
and 150 000 instances of human beings. Each
human instance is labeled with 17 key points, as
shown in Tab. 2. The validation set contains
5 000 images to evaluate the effectiveness of the
proposed model.

In the COCO2017 dataset, the evaluation

metrics employed were object keypoint similar-
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Tab. 2 Categories of key points

ID Category ID Category
0 Nose 9 left wrist
1 Left eye 10 right wrist
2 Right eye 11 Left hip
3 Left ear 12 Right hip
4 Right ear 13 Left knee
5 Left shoulder 14 Right knee
6 Right shoulder 15 Left ankle
7 Left elbow 16 Right ankle
8 Right elbow

ity (OKS), average precision (AP), and Aver-
age recall (AR). OKS, a standard metric in
human keypoint detection tasks, signifies the
level of similarity between the predicted and
actual keypoints. It ranges from 0 to 1, with
higher values indicating greater similarity. Its

formula is defined as

S ek (v, > 0)
> :0(v; > 0)

where i represents the ith keypoint marker bit of

OKS = (100

the human body, v, represents the visibility of
the ith keypoint marker, ¢ refers to the value of
1 when the keypoint marker is visible and 0 oth-
erwise, d, is the euclidean distance value between
the target keypoint and the labeled keypoints, s
refers to the square root of the target area, and
k; represents the value of the attenuation con-

stant for the keypoint category i.

4.3 Experimental Verification Analysis
The AT-HRNet model was trained and vali-
dated on the COCO2017 dataset, and its perfor-

mance was experimentally compared with other
pose estimation network models. Tab. 3 presents
a comparison of the experimental results on the
COCO2017 validation set.

Tab. 3 demonstrates that AT-HRNet has
shown improvements in mAP compared to Hour-
glass and CPN by 9.7% and 8.0%, respectively.
Furthermore, compared to SimpleBaseline
(ResNet-152), GNNet, and ENNet, AT-HRNet
has enhanced mAP by 4.6%, 1.8%, and 0.6%,
respectively. Additionally, relative to  Simple-
Baseline (ResNet-152) and ENNet, AT-HRNet
has increased AR by 1.7% and 0.6%, respectively.
Compared to the HRNet-32 method, AT-HRNet
shows improvements in mAP by 3.2%, AP by
3.9%, AP™ by 4.0%, APM by 3.9%, AP by 1.6%,
and AR by 0.6%. Analyzing from the perspec-
tive of model parameters, AT-HRNet shows an
increase of 1.1 M parameters compared to
HRNet. Despite the increase in model parame-
ters and computational complexity, improve-
ments are evident in other performance aspects,
significantly enhancing the final predictive effec-
tiveness.

Analysis of the experimental results reveals
that, compared to HRNet, AT-HRNet primarily
improves on the AP™ and APM evaluation met-
rics. AP™ represents the accuracy of the model
when OKS = 0.75, demanding higher precision in
terms of Euclidean distance compared to OKS =
0.50, bringing it closer to the true positions of
key points. Thus, the improvement in this evalu-

ation metric indicates that TripNeck and Trip-

Tab. 3 Comparison of Results from Different Methods in COC02017 VAL

Method Backbone Input Size Params/107 GFLOPs mAP AP AP™ APM AP AR
Hourglass Hourglass 256192 2.51 14.3 66.9
CPN ResNet-50 256x192 2.70 6.2 68.6 — — — — —
SimpleBaseline ResNet-50 256x192 3.40 8.90 70.4 88.6 78.3 67.1 7.2 76.3
SimpleBaseline ResNet-101 256x192 5.30 12.4 71.4 89.3 79.3 68.1 78.1 77.1
SimpleBaseline ResNet-152 256x192 6.86 15.7 72.0 89.3 79.8 68.7 78.9 77.8
HRNet-32 HRNet-32 256x192 2.85 7.10 73.4 89.5 80.7 70.2 80.1 78.9
GNNet HRNet-32 256192 2.92 7.27 74.8 90.6 82.2 71.1 81.6 80.1
ENNet HRNet-32 256x192 2.90 8.20 76.0 93.6 83.7 73.3 83.5 78.9
AT-HRNet HRNet-32 256x192 2.96 7.31 76.6 93.4 84.7 74.1 81.7 79.5
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Block effectively enhance the model’s perfor-
mance in high-precision keypoint detection. APM
indicates detection accuracy for medium-sized
objects. It is observed that AT-HRNet also
exhibits

medium-sized objects. Therefore, the method pro-

notable improvements in detecting
posed in this paper has a greater advantage in

detecting human key points.

4.4 Ablation Experiment

To validate the effectiveness of each module in
AT-HRNet, we tested it on the COCO2017 vali-
dation set by adding the designed modules one
by one. Throughout the process, the model was
continuously optimized by tuning the parame-
ters. The analysis of the results from the abla-
tion experiments in Tab. 4 reveals that the intro-
significantly

duction of each module has

enhanced the performance of AT-HRNet.

Tab. 4 Ablation Experiments

Method | —— Trif;(izlk Tt Drms/107 GFLOPs mAP
HRNet 2.85 710 734
N 2.85 717 743

N 2.89 715 747

Ours N 2.90 719 752
v v 2.89 7.22 754

\ : VJ 2.96 731 76.6

Notably, the inclusion of the AcBlock mod-
ule introduces almost no additional parameters
while improving the average accuracy by 0.9%
compared to HRNet. When only the TripNeck
module is added, the network’s parameter count
by 4.0x10°
improvement in average accuracy compared to
HRNet. The introduction of both the AcBlock
and TripNeck modules yields a 2.0% improve-

increases resulting in a 1.3%

ment in average accuracy compared to HRNet.
When only introducing the TripBlock module,
although the number of parameters in the net-
work increased by 5.0 x 10° and the computa-
tional load increased by 0.09 GFLOPs, the aver-
age accuracy compared to HRNet improved by

1.8%. Finally, with the simultaneous introduc-

tion of three modules, AT-HRNet achieves a sub-
stantial 3.2% improvement in average accuracy
compared to HRNet.

Based on the aforementioned experimental
results, it is evident that the incorporation of
AcBlock enhances the network’s capability to
adaptively extract crucial information from
diverse regions. This improvement effectively
enhances the channel information extraction abil-
ity of ordinary convolution. The designed Trip-
Neck and TripBlock enable the network to simul-
taneously capture local and global semantic infor-
mation during cross-dimensional interactions,
effectively improving the impact of irrelevant
information when directly fusing multi-resolu-
tion branches.

To validate the efficiency of the TripBlock
module in AT-HRNet, experiments were con-
ducted on the COCO2017 dataset by introduc-
ing mainstream SENet and CBAM attention
mechanisms. The results are shown in Tab. 5. It
indicates that, compared to HRNet, the introduc-
tion of the TripBlock module has led to an aver-
age accuracy improvement of 1.8%. While accu-
racy also improves with the introduction of
SENet and CBAM, their effects are not as pro-
nounced as those observed with TripBlock. Based
on the above analysis, the performance improve-
ment of the SENet attention mechanism is rela-
tively small. This is because it only enhances the
model’s focus on channels without considering
spatial features. Although CBAM addresses the
feature relationships between channels and spa-
tial dimensions, its average accuracy is still lower
than that of TripBlock. TripBlock can perform

cross-dimensional feature interactions between

Tab. 5 Comparative Experiments

Model

Method - Params/10” GFLOPs mAP
SENet CBAM TripBlock
2.85 7.10 73.4
2.85 7.11 74.1
Ours
N 2.87 7.12 74.5
v 2.90 719 752
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channels and spatial dimensions, thereby enhanc-
ing the model’s ability to extract important fea-

tures and reducing the loss of crucial information.

4.5 Visualization

Fig. 7 displays the detection results of partial
images from the COCO2017 dataset under the
AT-HRNet model and compares them with the
visualization of HRNet detection results. Each
human body has 17 target keypoints, which are
connected by lines. Fig. 7(a)—(d) show the visu-
alization results of different scenarios in single-
person pose estimation. In Fig. 7(a), both mod-
els accurately locate keypoints in unoccluded sce-
narios. However, in scenes with occlusion, vary-
ing lighting, and small targets, AT-HRNet
achieves more accurate detection than HRNet, as
seen in the left eye of the person in Fig. 7(b), the
legs in Fig. 7(c), and the shoulders in Fig. 7(d).

HRNet

AT-HRNet

AT-HRNet |

Fig. 7(e)—(h) depict the visualization results of
different scenarios in multi-person pose estima-
tion. Similarly, in wunoccluded scenarios, both
methods perform well, as shown in Fig. 7(e).
However, in some complex poses, environments
with occlusion, and varying lighting scenarios,
AT-HRNet exhibits superior and more advanta-
geous detection performance compared to
HRNet, as demonstrated in Fig. 7(f)—(h). In
summary, the proposed AT-HRNet model cap-
tures more important features compared to
HRNet, including accurately detecting the posi-
tions of target keypoints, achieving higher detec-
tion accuracy, and possessing certain robustness

and anti-interference capabilities.

5 Conclusion

To improve the model performance of human

Fig. 7 Visualization of model detection effect: (a)single-person unoccluded; (b)single-person occlusion; (c)single-person good lighting;

(d) single-person poor lighting; (e) multi-person unocluded; (f) multi-person occlusion; (g) multi-person good lighting; (h) multi-

person poor lighting
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pose estimation models, AT-HRNet is proposed,
which is a network that fuses convolutional self-
attention and cross-dimensional feature transfor-
mations, with HRNet being a baseline model.
The AcBlock is

strengths of both convolution and self-attention,

designed to leverage the
focusing on important feature information in dif-
ferent regions and aggregating it within local
receptive domains. This enhances the model’s
ability to extract feature maps effectively. The
of TripNeck and TripBlock further

improve the model’s capability to extract impor-

designs

tant features during training. Experimental
results on the COCO2017 validation set demon-
strate that AT-HRNet achieves a 3.2% improve-
ment in mAP compared to HRNet, exhibiting
enhanced robustness and accuracy across differ-
further

explore how to reduce model computational com-

ent environments. Future work will

plexity while improving accuracy and apply

human pose estimation to more domains.
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