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Abstract: Human pose estimation is a complex detection task in which the network needs to capture
the rich information contained in the images. In this paper, we propose MSTPose (Multi-Scale
Transformer for human Pose estimation). Specifically, MSTPose leverages a high-resolution
Convolution neural network (CNN) to extract texture information from images. For the feature
maps from three different scales produced by the backbone network, each branch performs the
coordinate attention operations. The feature maps are then spatially and channel-wise flattened,
combined with keypoint tokens generated through random initialization, and fed into a parallel
Transformer structure to learn spatial dependencies between features. As the Transformer outputs
one-dimensional sequential features, the mainstream two-dimensional heatmap method is abandoned
in favor of one-dimensional coordinate vector regression. The experiments show that MSTPose
outperforms other CNN-based pose estimation models and demonstrates clear advantages over
CNN + Transformer networks of similar types.

Keywords: human pose estimation; multi-scale transformer; coordinate attention; one-dimensional
coordinate vector regression

1. Introduction

Human pose estimation is a crucial component in the field of computer vision, aiming to predict
anatomical keypoints of the human body in 2D images. With the advancement of deep convolutional
neural networks, the performance of pose estimation models has made significant progress. These
models have gradually been applied to more complex scenarios, such as motion analysis [1-3] and
human-computer interaction [4-6].

Currently, the mainstream models for pose estimation predominantly rely on CNN as encoders to
extract texture features. Subsequently, the feature maps are decoded into higher-resolution sizes using
methods such as heatmap-based approaches or direct keypoint regression, which has become a widely
adopted paradigm in most pose estimation models. The Hourglass model [7], for instance, stacks
multiple hourglass modules, where each module utilizes symmetric up-sampling and down-sampling
processes combined with intermediate supervision to generate high-resolution feature maps. The
HRNet [8] employs parallel branches for different resolution feature mappings while consistently
maintaining the highest resolution branch. However, due to the nature of convolutional kernels, CNN
exhibits local convolutional properties, restricting its ability to capture global dependencies within
a limited receptive field. Although CNN excels at extracting texture features from images, it often
lacks the capacity to learn spatial features effectively. As a consequence, the network fails to fully
comprehend the information contained in the image. These limitations greatly constrain the potential
of CNN-based models.

In recent years, Transformer [9] has achieved remarkable success in the field of natural
language processing (NLP), continuously breaking records and topping various leaderboards. As
a sequence-to-sequence model, Transformer exhibits strong modeling capabilities for dependencies
between sequences. Furthermore, in the field of computer vision, Transformer excels at capturing
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the spatial features of images.The introduction of Vision Transformer (ViT) [10] marked the first
application of Transformer to computer vision. The authors divided images into smaller patches,
flattened them into sequences, and trained Transformer on these sequences. This simple yet effective
approach quickly attracted the attention of many researchers. However, the high resolution of
images poses computational challenges for pure Transformer methods, leading to the emergence
of CNN+Transformer networks. One of the most representative models in this category is TFPose [11].
The authors employ CNN as an encoder, flatten the extracted features along the channel dimension,
and feed them into Transformer. Finally, they use regression methods to predict keypoints. We believe
that CNN+Transformer is a more optimal solution that leverages the strengths of both networks,
striking a balance between speed and accuracy. However, mainstream CNN+Transformer models are
still in their early stages, leaving room for exploration in terms of network integration and regression
approaches. Consequently, the performance of both networks is not fully realized. Based on these
considerations, this paper proposes a novel network architecture called MSTPose, which aims to
address the limitations of existing models.

MSTPose utilizes HRNet [8] as the backbone network, where the output of the backbone network
undergoes the coordinate attention operations [12]. Considering the semantic differences between
different branches, the feature maps from the three branches are then fed into the MST module, which
consists of a parallel Transformer structure. In the output phase, the conventional heatmap method is
discarded to avoid the drawbacks of repeatedly dimensionality changes and the destruction of spatial
structure when combining heatmaps with Transformer. Instead, this paper adopts the one-dimensional
vector representation (VeR) validated in SimCC [13] to represent the keypoints. In summary, the
MSTPose learns texture features through CNN, captures spatial features of the images through the
MST module, and employs one-dimensional vector regression to preserve the position-sensitive
spatial sequential mapping structure of the Transformer output. This work addresses the limitations
of previous networks in insufficient image feature extraction and loss of spatial information in the
Transformer output sequences. The main contributions of this paper are:

e We propose MSTPose in this study, which fully leverages the characteristics of CNN and
Transformer to enable the network to learn rich visual representations, thereby significantly
improving the network’s modeling ability in complex scenes.

* The coordinate attention mechanism is introduced at the output location of the backbone network
to obtain position-sensitive feature maps, which helps the Transformer extract spatial features from
images.

¢ Considering the semantic differences between different branches, we propose MST module. By
using a parallel structure, different-scale branches are separately fed into the Transformer for
training. This allows the network to capture more complex semantic information and improve its
detection ability for different instances.

¢ Conventional heatmap methods are discarded to overcome the drawback of repetitive
dimensionality changes that disrupt the spatial structure of feature maps when combined with
Transformer. Furthermore, we successfully integrate the VeR method with Transformer for the first
time, resulting in improved predictive accuracy.

¢ In this study, we test MSTPose on the primary public benchmark datasets, COCO and MPII, and
achieve better performance compared to CNN-based and CNN+Transformer networks.

2. Related Work

2.1. CNN-based Human Pose Estimation

In the field of human pose estimation, CNN-based methods have achieved tremendous success.
Many early works aim to extract image features by using CNN as an encoder. DeepPose [14] firstly
introduce CNN to address the problem of pose estimation, they propose a cascaded structure of deep
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neural networks. In SimpleBaseline [15], the authors utilize transpose convolution in the output part
of the backbone network to generate higher-resolution feature maps for better pose estimation.

Due to pose estimation is different from simple detection tasks, capturing the global dependencies
between features is crucial. Varun Ramakrishna et al. [16] propose a sequential prediction algorithm
that simulates the mechanism of message passing to predict the confidence of each variable (part),
iteratively improving the estimation at each stage. Tompson et al. [17] utilize the structural
relationships between human keypoints and incorporate the idea of Markov random fields to optimize
the prediction results. Wei et al. [18] introduce the CPM (convolutional pose machines) network
with VGG [19] as the backbone, employing a jointly trained multi-stage, intermediate supervision
architecture to learn the dependencies between keypoints. George Papandreou et al. [20] propose a
box-free system based on fully convolutional networks, learning the offsets of keypoints through a
greedy decoding process and grouping keypoints into human pose instances.

However, due to the local convolutional nature of CNN, its ability to capture global dependencies
is limited. Another approach is to enlarge the receptive field of feature maps, and there are various
ways to achieve this, such as multi-scale fusion [21-24] and high-resolution representation [25]. Yilun
Chen et al. [23] present a cascaded pyramid model to obtain multi-scale features, ultimately performing
pose estimation by up-sampling to high-resolution feature maps. Bowen Cheng et al. [25] propose
HigherNRNet, which utilizes transpose convolutions to obtain higher-resolution feature maps to
perceive small-scale objects.

As networks become increasingly complex, there is a need for better methods to more
comprehensively capture image information. Compared to previous works that solely rely on CNN,
the emergence of Transformer brights new possibilities to pose estimation.

2.2. Transformer-based Human Pose Estimation

Transformer is a feed-forward network based on self-attention mechanism, which has achieved
significant success in the field of NLP [26-31]. In recent years, with the introduction of Transformer
into the visual domain, we have witnessed the rise of Transformer [10,32,33].

In the field of image segmentation, W. Wang et al. [34] propose a method called Attention-Guided
Object Segmentation (AGOS) and Dynamic Visual Attention Prediction (DVAP) for unsupervised
video object segmentation. T. Zhou et al. [35] introduce Matnet, which employs a two-stream encoder
to transform surface features into mobile attention features at each stage of convolution. The bridge
network is used for multi-level feature map fusion and acquisition, resulting in better segmentation
results.

In the domain of object detection, N. Carion et al. [32] present the DETR model, which achieves
higher detection accuracy by incorporating Transformer and employing a unique set prediction loss.
To address the slow convergence speed and limited feature spatial resolution issues in [32], X. Zhu et
al. [33] propose Deformable DETR, where the attention module focuses only on a small group of key
sampling points around the reference, leading to improved performance.

In the field of human pose estimation, S. Yang et al. [36] introduce TransPose, using CNN as
the encoder and incorporating Transformer for precise localization of human keypoints, capturing
both short and long-range dependencies between keypoints. W. Mao et al. [37] propose TFPose,
which builds upon [36] and employs direct regression of keypoints for pose estimation. K. Li et
al. [38] develop the end-to-end PRTR model, which employs cascaded Transformer networks for
direct regression of keypoints. B. Shan et al. [39] propose the MSRT network, which performs
segmentation and superimposition of feature maps at different scales using the FAM module, and
utilizes Transformer for keypoints decoding.
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Figure 1. The structure diagram of MSTPose.

3. Proposed Method

The structure of MSTPose is illustrated in Figure 1. MSTPose employs CNN as the encoder to
extract features from the images. For the feature maps of the three output branches, the coordinate
attention operation [12] is applied to each branch. Subsequently, they are passed through the MST
module. Finally, the keypoint coordinates are decoded using one-dimensional vector regression [13].

3.1. Backbone Network

We adopt the first three stages of HRNetW48 as the feature extractor for MSTPose, named
HRNetW48-s. Assuming the input image is X € R3*H*W_ For the third stage of the backbone network,
the outputs of each branch are X; ; € RG> Hix Wy Xip € RC2xH2xW2 and X3 € RCxHsxWs \where
Hi, Wy =H/4,W/4, Hy, W, = H/8, W /8, and H3, W3 = H/16, W/16. These feature maps currently
contain rich texture information.

3.2. ATTM

Subsequently, the outputs X;; € RG*HixWi i € (1,2,3) of the backbone network are fed into
the Attention module (ATTM). ATTM consists of three parallel coordinate attention mechanisms, as

illustrated in Figure 2.
Input
Residual CxHxW

v 12
CxHx1 | X Avg Pool ‘ ‘ Y Avg Pool | Cx1xW
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Figure 2. The module schematic diagram of the coordinate attention mechanism.

Specifically, the input feature maps are first subjected to two one-dimensional pooling operations,
where the feature maps are aggregated separately along the vertical and horizontal directions, resulting
in two distinct direction-aware feature maps. These two feature maps, which embed direction-specific
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information, are then encoded into two attention maps. Each attention map captures long-range
dependencies along the spatial direction of the input feature maps. The attention maps are then applied
to the input feature maps through multiplication, resulting in direction-aware and position-sensitive
feature maps. These feature maps aid in more accurate object localization and perception of objects of
interest by the network. The outputs of ATTM are denoted as X;; € RExHixW; j (1,2,3).

3.3. MST Module

Next, the outputs X, ; of the ATTM module are fed into the MST module, whose structure are
illustrated in Figure 3. As the Transformer is a sequential network, it is necessary to map Xj; into
one-dimensional sequences. Since visual features encompass both texture and spatial information, in
order to enable the network to fully capture visual information, this paper respectively expands Xj ;
along the spatial and channel dimensions to generate channel tokens and spatial tokens. At this point,
their shapes are X, ; € RCi*Le and X5 € RCi*Ls wherei € (1,2,3). Meanwhile, the network initializes
and generates learnable keypoint vectors as keypoints tokens, with the shape of X; € RM*L, where M
represents the number of keypoints labeled for each human instance, and L denotes the length of each
sequence, set to 192 in this paper.

For channel tokens and spatial tokens, the network controls the length of each token to be L = 192
through the linear mapping. Consequently, the newly generated tokens have shapes of X,; € R%*E,
X, € R&*L wherei € (1,2,3). The advantage of this approach is that it significantly reduces the
computational complexity of Transformer O(C x L?), where C denotes the quantity of tokens and
L denotes the length of tokens, while preserving fine-grained information for each sequence. Since
the self-attention mechanism in the Transformer lacks positional awareness, position encoding is
then applied to the channel tokens and spatial tokens. After encoding, the three types of tokens
are concatenated and jointly fed into the Transformer for feature learning. The concatenated input
sequences are denoted as Xt € RCT*L where Ct = M+ C; + C;,i € (1,2,3).

Channel Spatial ,’
feature Encoder Encoder J: Emrm
map !
| ] [ [ §! I I Multi-Head
| ] [ ] [ ] ! Attention

| ] — | ap
! fr— N
’ Linear Projection ‘ ',"'
."" Layer Norm
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N
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I:-] [ channeltoken @ sum operation
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Figure 3. Schematic diagram of an individual branch in the MST module.
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In Transformer, the first step is to perform linear projections on the input sequences to generate Q
(query), K (key), and V (value). The specific formula is shown as follows:

Q:XTXWQ,K:XTXWK,V:XTXWV (1)

where W, Wk, and Wy represent the corresponding weight matrices. Then, the spatial dependencies
of the features are captured using the multi-head self-attention mechanism, with the following formula:

QxXT
VL
where L represents the dimension of the keys, each query needs to be paired with all the keys.

Subsequently, softmax is employed to compute attention scores, with each score determining the
attention level of the current query token.

MHSA(Q,K, V) = softmax( ) (2)

3.4. VeR Module

As shown in Figure 4, in the VeR module, we directly process the one-dimensional sequences
output by the Transformer to preserve its fine-grained information to the maximum extent. In this
paper, we first fuse the one-dimensional sequences output from three branches to generate X € RM*L,
where the number of sequences is M. Then, they are separately fed into the X and Y vector classifiers,
generating X, € RM*(HK) and X, € RMx (W-K), Due to the existence of the scale factor k, the lengths
of the generated X and X sequences will be larger than the original image’s width and height, thereby
achieving sub-pixel level localization. Subsequently, X, and X, are decoded to generate predicted

coordinates, as shown in the following formulas:

; ‘ 1 (i—x')?
i RVK x; = —exp(—
Oy = argmax[xo,x1,"* , Xw.(k—1)] € , X maexp( 552 ) (3)
‘ . 1 (—v)?
J W-k _
Oy = argmax[yo,y1," -, Yyw.(—1)) € R™ ", y; = \/Z—mfexp(— 502 ) 4

where ¢ represents the standard deviation, (x', ') refers to the pixel point on the (X;, Y;) vector, (x;,y;)
denotes the supervised signal generated through the one-dimensional Gaussian distribution, and

(O, O]y) represents the predicted coordinates of the keypoint.

Kefpai Eocedsr SlmEchicad Keypoint Decoder
7
f B i/ i — S G
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3 s——w 7 &—F--
S 2 »(03.0})
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Figure 4. Schematic diagram of the VeR module.
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4. Experiments
4.1. Experimental Details

4.1.1. Datasets and Evaluation Indicators

Our experiments utilize the widely adopted benchmark datasets, COCO [40] and MPII [41]. In
order to verify the performance of MSTPose, we extensively train and validate the model on these two
datasets. The following sections provide the detailed introduction to each dataset.

COCO dataset: COCO is a large-scale and versatile dataset widely used in the field of computer
vision, which is proposed by Microsoft. It consists of 200k images and 250k annotated human instances,
with each human instance labeled with 17 keypoints. In this paper, we train our model on the COCO
train2017 set and perform validation and ablation experiments on the COCO Validation set, which
contains 5k images. We also test our model on the COCO test-dev set, consisting of 20k images, and
compare its performance with state-of-the-art models. The evaluation metrics used in the COCO
dataset are average precision (AP) and average recall (AR), which are derived based on the Object
Keypoint Similarity (OKS). The formula for OKS is as follows:

a2
e
Liexp > 5(v; > 0)

OKS =
Yid(v; >0)

®)

where d? represents the square of the Euclidean distance between the ground truth and predicted
values, i denotes the i-th keypoint, s? represents the square of the area occupied by the human instance,
k; represents a constant that controls the attenuation for each keypoint, v; indicates the visibility of the
keypoint, and ¢ represents a logical function. The formula for AP is shown below:

¥, 5(OKS > 1)

AP = r,1

(6)

when t is set to 0.5 and 0.75, they are denoted as AP’ and AP, respectively. When 322 < s < 967
and s > 962, they are denoted as APM and AP!, and the same applies to AR.

MPII dataset: The MPII dataset is one of the most commonly used benchmarks in the field of
human pose estimation. It consists of a total of 25k images and 40k human instances, with each instance
annotated with 16 keypoints. The evaluation metric used in the MPII dataset is PCK (Percentage of
Correct Keypoints), which is calculated using the following formula:

PCK? (dy) = 1| Y 6(/xk — yhll < ) @)

=T
where dj represents a human detector, and ¢ denotes a threshold that indicates the degree of match
between the ground truth and predicted values.

4.1.2. Implementation Details

This article follows a top-down paradigm. Firstly, single-person images are detected from
multiple-person images using a human body detector [42], followed by single-person keypoint
detection. During the training process, the total number of epochs is set to 210, with an initial
learning rate of 1le-3, which is reduced to 1le-4 at the 90th epoch and further reduced to 1e-5 at the 120th


https://doi.org/10.20944/preprints202306.1842.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 27 June 2023 doi:10.20944/preprints202306.1842.v1

8 of 14

epoch. The experiments are conducted on a system equipped with four NVIDIA GeForce RTX 3090
24G GPUs.

4.2. Experimental Results

4.2.1. Quantitative Experimental Results

The test results of MSTPose on the COCO Validation dataset are shown in Table 1. It can be
observed that MSTPose achieves the best results in the major metrics. In comparison to TFPose[37],
MSTPose exhibits decrease of 39.7% in GFLOPs, yet it surprisingly improves the AP by 4.8%.
Furthermore, when compared to PRTR[38], MSTPose achieves 3.9% increase in AP while utilizing
only 38.6% of PRTR[38]’s GFLOPs. Additionally, compared to the MSRT[39] network of the same type,
AP also increased by 5%, showing a significant improvement. The excellent performance of MSTPose
on the COCO Validation dataset confirms its feasibility.

Table 1. The testing results of MSTPose on COCO Validation dataset.The best result is bolded.

Method Backbone = GFLOPs InputSize AP APY® AP APM APL

Simple Baseline[15] ResNet50 8.9 256x192 704 88.6 78.3 67.1 772
Simple Baseline[15] = ResNet101 12.4 256x192 714 893 79.3 68.1 781
Simple Baseline[15]  ResNet152 15.7 256x192  72.0 893 79.8 68.7 789

TFPose[37] ResNet50 20.4 384x288 724 - - - -
PRTR[38] ResNet101 33.4 512x348 72.0 89.3 79.4 67.3 79.7
PRTR[38] HRNetW32 21.6 384 %288 73.1 89.3 79.4 67.3 79.8
PRTR[38] HRNetW32 37.8 512x348 733 89.2 79.9 69.0 80.9
MSRT[39] ResNet101 - 512x348 722 89.1 79.2 68.1 79.4
MSTPose HRNetW48 14.6 256192 77.2 929 84.1 73.9 81.7

The test results of MSTPose on COCO test-dev are shown in Table 2, the MSTPose outperforms
pure CNN-based networks. Furthermore, compared to a human pose estimation model that utilizes
Transformer, MSTPose demonstrates remarkable competitiveness. In comparison to TFPose[37],
despite 5.8% decrease in GFLOPs, MSTPose achieves 2.5% improvement in AP. When compared to
PRTR[38], MSTPose achieves 2.6% increase in AP while 23.2% decrease in GFLOPs. These results
highlight the significant advantages of MSTPose in terms of both speed and accuracy, whether
compared to pure CNN-based networks or Transformer-based human pose estimation networks.

Table 2. The testing results of MSTPose on COCO test-dev dataset, where T is Transformer.The best

result is bolded.

Method Backbone GFLOPs InputSize AP AP AP APM APL AR
DeepPose[14] ResNet101 7.7 256x192 574 865 642 550 628 @ -
DeepPose[14] ResNet152 11.3 256x192 593 87.6 66.7 568 649 -
CenterNet[42] Hourglass - - 63.0 868 69.6 589 704 -
DirectPose[43] ResNet50 - - 622 864 682 567 698 @ -

PointSetNet[44]  HRNetW48 - - 687 899 763 648 753 -
Integral Pose[45] = ResNet101 11.0 256x256 67.8 882 748 639 740

TFPose[37] ResNet50+T 20.4 384x288 722 909 801 69.1 788 741
PRTR[38] HRNetW48+T - - 649 870 717 602 725 7838
PRTR[38] HRNetW48+T 21.6 384x288 717 90.6 796 676 784 794
PRTR[38] HRNetW48+T 37.8 512x384 721 904 796 681 790 @ -
MSTPose HRNetW48+T 14.6 256x192 747 919 817 714 80.1 79.8

The test results of MSTPose on the MPII dataset are shown in Table 3. It can be observed that except
for Hip, MSTPose achieves the best performance in all other metrics. Specifically, the Mean@0.5 score
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reaches 90.2%, which is a notable improvement of 2 percentage points compared to PRTR-R101[38].
This represents a significant enhancement in the MPII dataset.

Table 3. The testing results of MSTPose on MPII dataset.The best result is bolded.

Method Backbone Hea Sho Elb Wri Hip Kne Ank Mean

Simple Baseline[15] ResNet50 964 953 890 832 884 840 796 88.5
Simple Baseline[15] ResNet101 969 959 895 844 884 845 807 89.1
Simple Baseline[15] ResNet152 97.0 959 900 8.0 8.2 853 813 89.6

HRNet[8] HRNetW32 969 960 90.6 858 887 86.6 826 90.1
MSRT[39] ResNet101 970 949 8.0 840 89.6 8.7 803 89.1
PRTR-R101[38] ResNet101 963 950 883 824 881 836 774 87.9
PRTR-R152[38] ResNet152 964 949 884 826 886 841 784 88.2
MSTPose HRNetW48 971 960 90.8 86.8 895 868 828 90.2

4.2.2. Qualitative Experimental Results

From Figure 5, it can be observed that MSTPose is capable of accurately predicting human
keypoints in various occlusion scenarios, including self-occlusion and mutual occlusion. Furthermore,
in densely populated scenes with indistinct human features, MSTPose performs effectively by
extracting rich information embedded in the images. This enables accurate identification of each
individual instance and their skeletal structure. In the top-left corner of the image, the person sitting on
the far left experiences severe mutual occlusion, but MSTPose is capable of reconstructing the overall
target using local features as much as possible.

Figure 5. Visualization of the testing results of MSTPose on COCO Validation dataset.

4.3. Ablation Experiments

In order to enable the network to learn rich visual information, this paper proposes the MSTPose,
which is achieved through the ATTM, the MST module, and the VeR module. To enhance the


https://doi.org/10.20944/preprints202306.1842.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 27 June 2023 doi:10.20944/preprints202306.1842.v1

10 of 14

persuasiveness of the network, extensive ablation experiments are conducted in this study to validate
the effectiveness of each module.

4.3.1. Ablation Experiment of ATTM

The mainstream pose estimation networks based on HRNet utilize the output of the highest
resolution branch as the final output of the entire backbone network, disregarding the other branches.
However, MSTPose considers each branch by applying coordinate attention to each of them and
then feeding them into the parallel Transformer module. To verify the effect of coordinate attention
in each branch, ablation experiments are conducted as shown in Table 4. Due to the presence of
multiple network branches, there are a total of eight possible combinations. Among them, we select
five representative combinations for the ablation experiments. While controlling other variables, all
methods employ HRNetW48-s as the backbone network and utilize the MST module and VeR module.

Table 4. The ablation experiment of coordinate attention mechanism, where CA is the coordinate
attention.

Method Branchl Branch2 Branch3 AP

CA 76.7
CA v 77.0
CA v 77.0
CA v 76.9
CA v v v 77.2

It can be observed that the best performance is achieved when the coordinate attention mechanism
is applied to the highest resolution branch, contributing an improvement of 0.3% AP for the
network. Branch?2 contributes 0.3% AP, and Branch3 contributes 0.2% AP to the network. When
all three branches adopt the coordinate attention mechanism, the entire network achieves 0.5% AP
improvement. Therefore, it can be concluded that the coordinate attention mechanism works better for
branches with higher resolutions, which explains why previous works often focused on using only the
highest resolution branch. Although branches with lower resolutions make a smaller contribution, the
overall performance improvement is significant when the coordinate attention mechanism is applied
to the entire network, thus affirming the effectiveness of coordinate attention for each branch.

4.3.2. Ablation Experiment of MST Module

We follow the approach outlined in 4.3.1 to conduct ablation experiments on the parallel structure
of Transformer modules. The results are shown in Table 5. It can be observed that when only
Branchl is trained with Transformer, it contributes 0.6% AP to the network, Branch2 contributes 0.4%
AP, and Branch3 contributes 0.4% AP. This further confirms previous findings that favored using
the highest resolution as the network’s output. Although the branch with the highest resolution
contributes significantly to the network, when combined with the low resolution branches, the network
achieves 0.9% AP improvement, demonstrating a remarkable enhancement. Hence this validates the
effectiveness of the parallel branch Transformer.

Table 5. The ablation experiment of MST module.

Method Branchl Branch2 Branch3 AP

Transformer 76.3
Transformer v 76.9
Transformer v 76.7
Transformer Ve 76.7

Transformer v v Ve 77.2
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4.3.3. Ablation Experiment of VeR Module

In this study, the MSTPose adopts the one-dimensional vector regression approach to predict
keypoints, abandoning the conventional heatmap method. To demonstrate the superiority of the
one-dimensional vector regression method and affirm the suitability of the VeR approach for human
pose estimation based on Transformer networks, the comparative experiment is conducted between
the two methods, as shown in Table 6.

Table 6. The ablation experiment of VeR module.

Method Backbone VeR Heatmap AP

methodl HRNetW48-s v 77.2
method2 HRNetW48-s v 75.1

When using the heatmap method, the AP is 75.1%. However, when employing the VeR method,
the AP significantly increases to 77.2%, indicating a noticeable improvement of 2.1 percentage points.
This clear enhancement supports the author’s earlier claim that utilizing a one-dimensional vector
representation for keypoints, based on the one-dimensional sequences output from the Transformer, is
a better choice compared to the heatmap method.

4.3.4. Ablation Experiment of MSTPose

The preceding sections involve ablation experiments conducted on each individual module.
Subsequently, the focus shifts to the overall performance, and the results of ablation experiments on
the entire MSTPose are presented in Table 7. Comparing methodl with method2, we observe that
without using the MST module, ATTM contributes AP of 0.4%. Comparing method3 with method4,
when the MST module is utilized, ATTM contributes AP of 0.5%. Comparing methodl with method3,
in the absence of ATTM, the MST module contributes AP of 0.8%. Comparing method2 with method4,
when ATTM is employed, the MST module contributes AP of 0.9%.

Table 7. The ablation experiment of MSTPose.

Method ATTM MST Module VeR AP

method1l v 75.9
method2 v v 76.3
method3 v v 76.7
method4 v v v 77.2

From these findings, it is evident that ATTM, the MST module, and the VeR module significantly
contribute to the network. The coordination among different components facilitates the enhancement
of the network’s ability to extract complex features, thereby further improving its overall performance.

5. Conclusion

In this paper, we propose a human pose estimation network based on a multi-scale parallel
structure. We apply coordinate attention operations to three branches of the backbone network’s
output. Subsequently, these branches are fed into Transformer modules. Finally, we discard the
conventional heatmap-based approach and instead adopt coordinate vector regression to predict the
final keypoints. Remarkably, our method achieves satisfactory results. We conduct extensive tests on
mainstream datasets, validating the outstanding performance of MSTPose. Additionally, we perform
numerous ablation experiments to verify the effectiveness of each module.
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