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Abstract: Existing methods for 3D human pose estimation mainly divide the task into two stages.

The first stage identifies the 2D coordinates of the human joints in the input image, namely the 2D

human joint coordinates. The second stage uses the results from the first stage as input to recover the

depth information of human joints from the 2D human joint coordinates to achieve 3D human pose

estimation. However, the recognition accuracy of the two-stage method relies heavily on the results

of the first stage and includes too many redundant processing steps, which reduces the inference

efficiency of the network. To address these issues, we propose the EDD, a fully End-to-end 3D human

pose estimation method based on transformer architecture with Dual Decoders. By learning multiple

human poses, the model can directly infer all 3D human poses in the image using a pose decoder, and

then further optimize the recognition result using a joint decoder based on the kinematic relations

between joints. With the attention mechanism, this method can adaptively focus on the most relevant

features to the target joint, effectively overcoming the feature misalignment problem in the human

pose estimation task and greatly improving the model performance. Any complex post-processing

step, such as non-maximum suppression, is eliminated, further improving the efficiency of the

model. The results show that the method achieves an accuracy of 87.4% on the MuPoTS-3D dataset,

significantly improving the accuracy of end-to-end 3D human pose estimation methods.

Keywords: computer vision; 3D human pose estimation; transformer

1. Introduction

3D human pose estimation aims to estimate the coordinates of human joints in 3D space by

inputting an image or video. It is an important task in the field of computer vision and artificial

intelligence, and is widely used in areas such as action recognition [1–3], robotics [4–6], and

animation [7–9], and can also provide information for other computer vision tasks. Currently, 3D

human pose estimation methods can be broadly divided into two categories: two-stage 3D human

pose estimation method and end-to-end 3D human pose estimation method.

The two-stage method splits the overall procedure into two stages. The first stage is to recover

the coordinates of human joints in the 2D plane from the input image, which is a 2D human pose

estimation task. The second stage takes the results of the first stage as input and recovers the human

joint coordinates in 3D space from the 2D human joint coordinates. The two-stage method can reduce

the overall task complexity. The task of mapping the joint coordinates from 2D to 3D is relatively easy.

It can not only use the currently well-established 2D human pose estimation method in the first stage,

but also introduce semi-supervised learning via back-projection in the second stage. The idea of the

two-stage method was first proposed by Chen [10] in 2017. They consider 3D human pose estimation

as two parts: 2D human pose estimation and 2D human pose matching to 3D human pose. They first

used CPM (Convolutional Pose Machine) for 2D human pose estimation and then used the nearest

neighbor matching method to find the closest 3D human pose in the training set. This method can

achieve good accuracy only when the training set is sufficiently large and contains a rich variety of
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actions. However, in the two-stage method, the lack of raw image input in the second stage may lead

to the loss of spatial information related to the image, which is unfavorable for the recovery of coherent

content such as joint depth, and may affect the accuracy of the recognition results. Moreover, the error

in the 2D pose estimation in the first stage can be further amplified in the second stage.

The end-to-end method mainly takes the image as the network input and predicts the coordinates

of human body joints directly in the three-dimensional plane through a neural network model.

Compared with the two-stage method, the end-to-end method can consider the rich spatial information

in the original image, which is beneficial to improving the recognition accuracy of the output results.

However, it loses the supervision information brought by the 2D joint coordinates, making the overall

prediction more difficult. Inspired by the hourglass network structure used in 2D human pose

estimation, [11] proposed to represent human pose in 3D space using heatmaps of the keypoints. To

reduce the memory consumption associated with storing 3D data, a method was adopted to gradually

increase the resolution in the depth dimension. However, existing end-to-end method mainly use

traditional convolutional neural networks for 3D human pose estimation, which cannot consider global

depth information, resulting in poor recognition accuracy. The recognition accuracy is lower than that

of two-stage 3D human pose estimation method, and there are too many redundant post-processing

steps, which cannot achieve a completely end-to-end method.

We propose a Transformer-based end-to-end 3D human pose estimation framework using

dual decoders to address the issues in existing method. By combining human pose prediction

with fine-grained body joint localization and exploiting the attention mechanism, we leverage the

global spatial information of the image to improve the accuracy of the recognition results. Given

multiple randomly initialized human poses, we extract human features from the image using a feature

extraction network and feature encoder, and use a pose decoder to infer multiple human object

perception instances, i.e., 3D human joint coordinates, based on the image’s human features and spatial

information. Then, through a joint decoder, we explore the kinematic relationships between different

joints belonging to the same object instance for more refined optimization. Moreover, this framework

does not rely on existing 2D human pose models and does not contain any redundant post-processing

steps to achieve fully end-to-end 3D human pose estimation.

Our contributions are summarized as follows.

• We introduce the pelvic point as the root node and predict the relative depth of the other nodes

with respect to the root node to reduce the prediction difficulty. Moreover, we design multiple

encoder-decoder modules to gradually improve the prediction accuracy of point depth.

• We introduce the Transformer architecture to achieve complete end-to-end processing without

any redundant post-processing. In addition, we propose dual decoders to gradually improve the

recognition accuracy of the network.

• To the best of our knowledge, our method outperforms all known end-to-end methods and most

two-stage methods in predicting the relative depth of 3D human joint points on the MuPoTs-3D

dataset.

2. Related Work

2.1. 3D Human Posture Estimation

A comparison of two common methods for 3D human pose estimation is shown in Figure 1.

Two-stage Method. The two-stage method uses the existing 2D human pose estimation as the first

stage, and then lifts the 2D human pose estimation results to 3D pose as the second stage. [12]

proposed a simple but effective fully connected residual network structure based on regressing 3D joint

coordinates from 2D joint coordinates, demonstrating that the 2D-3D stage is the main problem of 3D

human pose regression. Despite achieving state-of-the-art results at the time, over-reliance on 2D pose
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detectors may result in blurry reconstructions. [13] proposed a pose grammar to solve the 3D human

pose estimation problem. The network model includes a basic network that effectively captures pose

alignment features and a top-level bidirectional RNN (recurrent neural network) hierarchy that takes

2D poses as input and incorporates knowledge about human configurations (kinematics, symmetry,

motion coordination) to learn a generalized 2D-3D mapping function.

Due to the excellent performance of existing 2D human pose detectors, the results of two-stage

methods are generally better than those of end-to-end methods. However, due to the high reliance on

the first stage prediction result, which is the 2D human pose estimation, any errors or mistakes in the

first stage will become more apparent in the second stage. Another issue is that some information in

the original image, such as spatial information, may be lost after the first stage, which may lead to

inaccurate predictions in the second stage.

2D coordinate 

detection

Joint point depth 

recovery

End-to-end Algorithm

3D coordinate detection

Two-stage Algorithm

Figure 1. Comparison of two common methods for 3D human pose. The two-stage method identifies

the 2D joint coordinates of the human body in the first stage and recovers the joint depth from the

2D joint coordinates in the second stage to obtain the 3D joint coordinates of the human body. An

end-to-end method for directly obtaining 3D joint coordinates of the human body.

End-to-end Method. The end-to-end method takes the image as input data for the model and directly

predicts the coordinates of the human keypoints in 3D space. Li [14] first proposed a deep convolutional

neural network for 3D human pose estimation from monocular images in 2014. Using a joint training

and pre-training strategy, they predict the 3D spatial coordinates of human keypoints directly from

RGB images. Pavlakos [15] proposed an end-to-end framework for estimating 3D human pose and

shape from monochrome images, by introducing the SMPL (Skinned Multi-Person Linear) model to

accurately represent human poses in 3D space with fewer parameters, which is beneficial for network

training. However, this method includes redundant post-processing steps and does not achieve a full

end-to-end implementation.

2.2. Transformer in Vision

Transformer is an attention mechanism based encoder-decoder model that was initially applied

with great success in fields such as natural language processing. In recent years, many works have

attempted to apply the Transformer architecture to computer vision tasks, showing good performance

and demonstrating its effectiveness in the three fundamental tasks of computer vision (classification,

detection, and segmentation) as well as with multi-sensor data ,such as images, point clouds, and

vision-language data.

ViT [16] applies the Transformer architecture to encode sequences of image patches for image

classification, with a simple and effective model and strong scalability, demonstrating that Transformer

architecture outperforms CNN(Convolutional Neural Network) when enough data is available for

pre-training. DETR [17] and Deformable DETR [18] adopt the Transformer architecture, combined
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with the Hungarian method and bipartite matching, to achieve end-to-end object detection. SOIT [19]

uses the Transformer architecture and a decoder to directly predict a series of binary masks, effectively

eliminating the need for many hand-crafted components. Building on the power and effectiveness of

the Transformer architecture, we propose a fully end-to-end 3D human pose estimation method by

combining the Transformer structures using Dual Decoders.

3. Methodology

3.1. Overall Architecture

As shown in Figure 2, the framework proposed in this paper consists of four main parts: feature

extraction network, feature encoder, posture decoder, and joint decoder. The feature extraction network

is used to extract multi-scale feature maps from the image, the feature encoder is used to refine the

multi-scale feature maps, the pose encoder is used to directly predict the 3D joint coordinates of the

human object contained in the image, and the joint decoder is used to further refine the human pose

obtained before at the joint level.

𝐶𝐶3 𝐶𝐶4 𝐶𝐶5 Feature 

Encoder

Joint   

Decoder

Posture 

Decoder

M
NM

N

Feature Token

Pose Query

Joint Coordinate

Joint Query

Figure 2. Overall framework of our model. Multi-scale feature maps extracted from the backbone

network, and used as the input of the feature encoder after flattening and splicing, and further refine.

Given M pose queries and refined multi-scale features as the input, the posture decoder predicts M

human posture instances, including 2D joint point coordinates and joint point depth. After that, an

additional joint decoder takes each scattered pose as its reference points and outputs the refined pose

as final results. N is the number of keypoint for each instance.

With an image as network input, the feature extraction network, i.e., backbone network, is used to

extract multi-scale features from the image. The extracted feature maps are scaled to the same number

of channels through fully connected layers and 1 × 1 convolutional layers, followed by flattening and

concatenation. Then, the concatenated features are fed into the feature encoder, which outputs further

refined features without changing the size and number of channels of the feature maps. Afterwards,

multiple randomly initialized human poses and the refined features are given as input to the pose

decoder, which outputs the 3D joint coordinates of multiple inferred human instances and their

corresponding confidence scores. Finally, each human instance is treated as a whole and fed into the

joint decoder for further optimization of each human pose.
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We select ResNet-50 [20] as the feature extraction network, give an image I ∈ RH×W×3, extract

multi-scale feature maps C3, C4 and C5 from the last three stages of backbone, whose dimensions are 1
8 ,

1
16 and 1

32 , respectively. Then, the channel number of each feature map is uniformly mapped to 256

through the full connection layer and the 1 × 1 convolution layer, and then the flattening process is

performed to obtain the feature tokens C′
3, C′

4 and C′
5. The shape of feature tokens C′

l̇
(i ∈ 3, 4, 5) is

Li × 256(Li =
H
2i ×

W
2i ), respectively. Next, we perform the stitching operation to obtain the input F of

the feature encoder, whose shape is ∑
5
i=3 Li × 256.

3.2. Feature Encoder

For object detection and recognition tasks, high-resolution and multi-scale feature maps are

particularly important. However, increasing the resolution affects the computational complexity and

inference performance of the model and requires more memory. For typical multi-head self-attention

mechanisms, their computational and memory complexity increases quadratically with the input

feature map size. In [18], a deformable attention module was proposed that takes advantage of

the sparse spatial sampling capability of deformable convolution [21] and the correlation modeling

ability of the Transformer architecture. This module can accelerate network convergence, reduce

computational complexity, and improve the ability to detect small objects. Therefore, in this paper,

deformable attention modules are used as the basic units in the encoder and decoder.

As shown in Figure 3, the feature encoder consists of six identical encoder layers stacked in

sequence, and each encoder layer mainly includes deformable multi-head self-attention module and

feedforward neural network. The input and output of the encoder are multi-scale feature maps with

the same resolution. For the deformable attention module, the input consists of three parts: query, key,

and value. Both the query and the key are pixels in the multi-scale feature map, and for each pixel in

the query, its reference point is itself.

Position 

embedding

Feature token

Hierarchical 

embedding

A
d

d
 &

 N
o

rm

A
d

d
 &

 N
o

rm

F
F

N

D
M

S
A

× 6

Figure 3. Detailed structure of the feature encoder. The feature encoder takes as input the feature

token, which is processed by flattening and concatenating multi-scale features, and outputs the refined

features. Each encoder layer mainly includes DMSA (Deformable Multi-head Self-Attention module)

and FFN (Feedforward Neural Network).

Due to the flattening and concatenation process, hierarchical embeddings are added in addition

to the position embeddings in order to identify the level of the feature map where each pixel is located.

For position embeddings with fixed encoding, layer embeddings are randomly initialized and jointly

trained with the network.

3.3. Posture Decoder

The pose decoder takes the refined features and M randomly initialized human poses as inputs

and outputs the predicted keypoint coordinates of M human instances detected by the model. Since
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the number of human instances in an image is unknown and cannot be pre-defined, the output of the

model includes a confidence score for each detected instance, indicating the reliability of the prediction.

The predicted predictions are filtered out by setting a confidence score threshold. M denotes the

maximum number of possible human instances in an image, which is set to 100 during training for

computational efficiency. Similar to the feature encoder, the pose decoder also utilizes deformable

attention module to construct the network, which helps to reduce the computational complexity.

The specific details are shown in Figure 4, where the input consists of M randomly initialized

query, Qpose ∈ RM×D, Where D represents the dimension of the query. The output of the pose

encoder is represented as M groups of human body joint coordinates, denoted as {pi}
M
i=1 ∈ RM×3k,

and pi =
{(

x
j
i , y

j
i , Z

j
i

)}m

j=1
represents the coordinate (x, y) and joint point depth Z of the m-th joint

point of the i-th person in two-dimensional space. During the training process, an N = 15 point

skeleton model was selected to represent the human posture, and the pelvis point was selected as the

root node, with a constant depth of zero. The depth of the remaining nodes is relative to the pelvis

point. The skeleton model is shown in Figure 5.

Confidence

Query

Feature token

D
M

S
A

A
d

d
 &

 N
o

rm

A
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 N
o

rm

F
F
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D
M
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M
L

P
F

C

Joint coordinates

× 3

Figure 4. Detailed structure of the pose decoder. Given M pose queries, the pose decoder outputs M

instance-aware full-body poses, including joint coordinates and joint depths. In addition to Deformable

Multi-head Self-Attention module and Feedforward Neural Network, each decoder layer also includes

DMCA (Deformable Multi-head Cross-Attention module) , used to focus on visual features most

relevant to target keypoints.

head

pelvis

left atm

left elbow

right wrist

right arm

right elbow

right wrist

right knee

right ankle

right hip

left knee

left ankle

left hip

neck

Figure 5. Skeleton model. During training, select a skeleton model with N=15, where the pelvis point

is selected as the root node. The sequence of numbered human joint points during training is shown in

Fig.
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According to 2D coordinates and joint point depth, 3D posture can be restored through perspective

camera models.

[X, Y, Z]T = ZK−1 [x, y, 1]T , (1)

where [X, Y, Z]T and [x, y]T represent the coordinates of joint points in three-dimensional and

two-dimensional space, respectively, and K is the camera internal parameter matrix.The K is formulated

as follows.

K =







f 0 0

0 f 0

0 0 1






, (2)

where f represents the camera focal length, which is provided by the dataset during training. For

Internet images with unknown focal length, the pixel width of the input image is used to represent the

camera focal length since the choice of focal length does not affect the predicted relative depth relation

between people.

The pose decoder consists of three identical decoder layers stacked together, each encoder

layer consisting of a deformable auto-attention module, a deformable cross-attention module, and

a feed-forward network. Self-attention modules are used to interact with each other’s features, and

cross-attention modules are used to extract features from multiple features.The query features output

by the decoder layer are fed into multiple regression branches. In, the pose prediction regression branch

uses a multi-layer perceptron with channel number 256 to predict the relative offset and corresponding

depth of N reference points, and the classification prediction regression branch predicts the confidence

score of each object through a fully connected layer.

Inspired by the [18], Instead of using a decoder of the final layer to predict the final coordinates

of keypoints, we estimate the coordinates of keypoints gradually by using multiple decoder layers.

Specifically, each layer refines the pose based on the prediction of the previous layer. Assuming that

the output posture of the decoder in layer d − 1 is Pd−1, the optimized output of the d-th decoder layer

is formulated as follows.

Pd = σ

(

σ
−1 (Pd−1) + ∆Pd

)

, (3)

where ∆Pd represents the offset predicted by the d-th decoder layer, σ and σ
−1represents the sigmoid

activation function and the inverse sigmoid activation function, respectively, used to constrain the

parameter range during network training. In this way, Pd−1 serves as a new reference point for the cross

attention module of the d-th decoder layer. Initial reference point P0 is a randomly initialized coordinate

that is updated with model parameters during training. Therefore, the progressive deformable cross

attention module can focus on the visual features most relevant to the target key points, overcoming

the feature misalignment problem.

3.4. Joint Decoder

Joint decoder is used to explore the structured relationships between joints and further refine

the overall posture at the joint level. Deformable attention modules are also used to construct joint

decoder. Given N randomly initialized query, Qjoint = RN×D, where D represents the dimension of

the query, and the joint decoder obtains each full body posture predicted by the posture decoder as an

initial reference point, and then further refines the joint point coordinates.

The specific details of the joint decoder are shown in Figure 6. Similar to the pose decoder, the

self-attention module is used to interact features with each other, and the cross-attention module is

used to extract features from multi-scale features. Subsequently, the joint prediction regression branch

uses a multi-layer perceptron to predict the displacement of the joint. Also adopting a step-by-step
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prediction method, assuming Jd−1 is the normalized prediction result of the d − 1 decoder layer, the

prediction result of the d-th decoder layer is formulated as follows.

Jd = σ

(

σ
−1 (Jd−1) + ∆d

)

. (4)
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Figure 6. Detailed structure of the joint decoder. The input to the joint decoder is different types of

joint coordinates, and its structure is similar to the Pose decoder, including Deformable Multi-head

Self-Attention module, Feedforward Neural Network, and Deformable Multi-head Cross-Attention

module.

3.5. Training and Inference

To accelerate the convergence speed of the network during training, various loss functions are

used to constrain the model. To ensure that each true pose has a unique predicted value corresponding

to it during the training process, Hungarian matching [18] is used for constraint.

Heatmap Loss During training, intermediate supervision is performed using heatmap loss, which

only constructs heatmaps for the coordinates of human keypoints in two-dimensional space. The

ultimate task of keypoint detection is still to output the coordinates of predicted keypoints. However,

directly optimizing the network to output two-dimensional coordinates is a nonlinear process, and the

constraint of the loss function on the weights is relatively weak. By constructing heatmap loss, the

network can be guided to learn better.

Similarly, the deformable attention module is used to construct the heatmap branch. The

feature map C3 is selected and restored to its original size, and the final predicted heatmap size

is F3 ϵ R
H
8 ×W

8 ×D.Then, a variation of the focal loss function proposed by [22] is used to calculate the

loss between the true value and the predicted value, which is denoted by Lhm.

Linear Regression Loss Each decoder layer’s output in the pose decoder and joint decoder is

constrained using L1 loss, including the coordinates and depth of keypoints. The difference between

the predicted values and the true values is calculated, denoted by Lreg, with the formula expressed as

follows.

Lreg =
∑

N
i=1 |VPred − Vtruth|

N
, (5)

where N represents the number of human joint points, set to 15 during training, VPred represents the

predicted value of the network, Vtruth represents the groundtruth of the joint point coordinates and

depth.

OKS Loss The most commonly used L1 loss has different scales for small and large poses, meaning that

the loss calculation for large poses results in a larger value with the same relative error. To alleviate this

issue, the OKS (object keypoint similarity) loss is used simultaneously for the coordinates of keypoints.

The result is denoted by Loks, with the formula expressed as:

The most commonly used L1 loss has different scales for small and large attitudes, meaning that

with the same relative error, the loss calculation results for large attitudes are greater. To alleviate this
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problem, the similarity loss of object key points is used simultaneously for joint point coordinates.

Result in Loks represents, and the formula is formulated as follows.

Loks =
∑

N
i=1 exp

(

−
∥

∥Vi − V∗
i

∥

∥ /2s2k2
i

)

δ (vi > 0)

∑
N
i=1 δ (vi > 0)

, (6)

among them,
∥

∥Vi − V∗
i

∥

∥ is the Euclidean distance between the predicted value and the groundtruth of

the ii joint point, vi is a sign of whether the true value is visible, s is the area of the human instance,

and ki is a constant coefficient that controls the weights of different joint points. The loss of similarity

between object key points comprehensively considers the area of human instances and the importance

of different joint points.

Overall Loss The overall loss function of the model is formulated as follows.

L = λ1Lhm + λ2Lreg + λ3Loks, (7)

where λ1, λ2 and λ3 represents the weight of different losses respectively.

During inference, given an image, the backbone network extracts features from the image and

uses the feature encoder to obtain feature tokens. Then, the pose decoder predicts M-person object

instances. In the inference process, M = 100 is set, and then joint decoding is used to further refine

each person object instance. Based on the confidence level, the 2D human keypoint coordinates and

depth information are taken for each keypoint of the first 10 human object instances, and the final 3D

human pose keypoint coordinates are obtained using the camera coordinate formula and the final

result is output.

4. Experimental

To fully train the network, a method of mixed dataset is used during training, referring to

SMAP [23]. Specifically, the COCO [24] dataset and the MuCo-3DHP [25] dataset are mixed together

and unified in format. Since the COCO dataset is a 2D human pose annotation dataset and does not

include 3D keypoint coordinates and camera intrinsics, the depth-related loss is set to zero when

calculating the loss if the image comes from the COCO dataset. During testing, the MuPoTS-3D [25]

dataset is used.

Dataset. The MuCo-3DHP (Multiperson Composited 3D Human Pose) dataset is a large-scale

training dataset of complex and realistic images containing multiple person interactions and

occlusions, synthesized artificially. MuCo-3DHP uses single-person image data of real people from

the MPI-INF-3DHP [26] dataset and employs a series of synthesis and enhancement measures to

synthesize corresponding multiple-person interaction images, covering a range of simulated scenarios

such as overlapping and activities between people, and comes with complete 3D pose annotations.

The MuPoTs-3D (Multiperson Pose Test Set in 3D) dataset is a 3D human pose dataset consisting

of over 8,000 frames of images from 20 real-world scenarios (5 indoor and 15 outdoor), with up to

three subjects in each image. This dataset is specifically used for testing and does not participate in the

network training process.

Evaluating Indicator. The standard evaluation metric is based on 3DPCK (3D Percentage of Correct

Keypoints) [27], which is an extension of the PCK (Percentage of Correct Keypoints) metric commonly

used in 2D human pose estimation. If the predicted value of a keypoint coordinate is within a sphere

with the true value as the center and a specific threshold (15 cm in the experiment) as the radius, it

is considered as a correct prediction. The final prediction result is the mean value of all keypoint

prediction results. PCKrel measures the relative pose accuracy with root alignment.

Training Details. The implementation of the model’s code is based on the open-source

mmdetection [28] framework. Image augmentation includes changing the contrast, brightness,

randomly cropping, flipping, and scaling the images (short side >= 400 pixels, long side <= 1400
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pixels). The model uses Adam (Adaptive Moment Estimation) as the optimizer, with a base learning

rate of 2 × 10−4, a momentum of 0.9, and a weight decay of 1 × 10−4. During training, 8 NVIDIA Tesla

V100 GPUs are used, with a batch size of 16 and a total of 20 training epochs. The initial learning rate

is reduced by a factor of 10 at the 10th and 15th epochs.

Testing Details. During the test, the input image size is adjusted to have a short side of 800 pixels

and a long side of less than or equal to 1,333 pixels, followed by random flipping and padding. The

model’s test results and test time are measured using a single NVIDIA Tesla V100 GPU.

5. Results

5.1. Result on Dataset

We compare our model with other two-stage methods and end-to-end methods on the MuPoTs-3D

dataset. As shown in Table 1, when using the same backbone network as the feature extractor,

our method surpasses all existing end-to-end methods and most two-stage methods, achieving a

recognition rate of 87.4 on the MuPoTs-3D dataset.

Table 1. Joint-wise 3DPCKrel comparison with state-of-the-art methods on the MuPoTS-3D dataset.

All groundtruths are used for evaluation.

Method
3DPCKrel

Head Neck Shoulder Elbow Wrist Hip Knee Ankle Avg

Two-stage

Lcr-net [29] 49.4 67.4 57.1 51.4 41.3 84.6 56.3 36.3 53.8

XNect [30] - - 81.4 67.2 53.2 - 75.8 54.3 72.1

CDMP [27] 79.1 92.6 85.1 79.4 67.0 96.6 85.7 73.1 81.8

Pi-net [31] 78.3 91.8 87.8 81.9 68.5 94.2 85.3 74.8 82.5

3DPose [25] - - - - - - - - 89.6

End-to-end

Metha [26] 62.1 81.2 77.9 57.7 47.2 97.3 66.3 47.6 66.0

DRM [32] 94.1 78.6 83.0 72.1 94.5 78.6 73.0 98.7 84.3

EDD (Ours) 93.8 78.5 86.4 76.9 95.5 86.0 79.6 98.5 87.4

Comparison with State-of-the-Art methods. Our end-to-end method achieve 87.4 PCKrel . Compared

with the existing two-stage methods, it surpasses the vast majority of existing two-stage methods,

including Lcr-net [29], XNect [30], CDMP [27], Pi-net [31], etc., and is only two percentage points lower

than 3DPose [25], which is the state-of-the-art two-stage method. Note that our method is NMS-free

which make it more efficient compared with these two-stage methods. Compared with the existing

end-to-end methods, our method significantly outperforms existing end-to-end methods, such as

Metha [25] and DRM [33]. The performance of our method is three points higher compared with DRM.

Analysis of experimental results. From the experimental results, it can be seen that the recognition is

favorable for human keypoints with obvious features such as head and wrist, which is also attributed

to the training method using the mixed dataset. However, the recognition of keypoints such as Hip

and Neck is not as good as other existing methods.

5.2. Ablation Study

We perform multiple ablation experiments to analyze the effectiveness of the network structure

and loss function on the MuPoTS-3D dataset.

Analysis of the Pelvis joint point. As described in Sec. 3.4, we use the pelvis point as the root node,

where the depth of the root joint point is zero and denoted by the coordinate (Xpelvis, Ypelvis, Zpelvis = 0),

and the other joints are computed with respect to the root joint point to obtain the relative depth of all

the joints. We perform an ablative analysis to explore the superiority of such representations.
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We use 14 joint points (excluding pelvic points) for training, and directly calculate the relative

depth of each key point, based on the relative depth provided by the MuCo-3DHP dataset. The

experimental results are shown in Table 2, where it can be seen that the accuracy of the results

decreases. The reason for the decrease in accuracy is the lack of a uniform point representation with

zero depth, so we propose to use pelvis joint points as root nodes for prediction. On the one hand, it

specifies that the depth of the plane in which the pelvic joint is located is zero, and on the other hand,

using the pelvic joint as the root node can improve the accuracy of the recognition result due to the

high accuracy of pelvic joint recognition. Therefore, we have demonstrated the rationality of using

pelvic points as root nodes, which significantly improves the accuracy and stability of the prediction

results.

Analysis of the Depth reasoning methods. As described in Sec. 3.3 and 3.4, According to [18], we use

a step-by-step optimization method for each layer to progressively predict the 2D coordinates of the

human joint points, but for depth we still employ a direct prediction method for each layer instead of

a layer-by-layer optimization method. We perform an ablative analysis to explain the design rationale.

We also employ an iterative prediction method and prediction depth for training, as shown in

the Table 2, it can be seen that there is no gain, but rather an increase in computational complexity

and inference time. We use an iterative prediction method to predict 2D human joint points, since the

prediction results of each decoder layer are correlated. Through optimization, we can better consider

the features around the keypoints in the 2D plane and then locally optimize the coordinates of the

keypoints. However, the depth correlation is not as good as the 2D keypoints and the optimization is

limited.The range of depth variation is large and using an optimization method will actually limit the

prediction results of the network. This is why we adopt a direct prediction method for depth, while

using a progressive prediction method for 2D human keypoint coordinates.

Analysis of Other Designs. We also performed experimental analysis on other ideas, including

using a model to directly predict the 3D coordinates of the human body instead of predicting the

2D coordinates and depth of the human body, and then using a camera coordinate system for the

conversion. However, directly predicting the 3D joint point coordinates of the human body is less

effective, and learning 3D features of the human body through images is more difficult than learning

2D joint point features of the human body. So in the end, we still adopt a method that predicts both the

2D human keypoints and the depth, which is different from the two-stage method, since the two-stage

method first predicts the 2D human keypoints and predicts the depth of the joint points based on the

prediction results. Therefore, our method remains end-to-end.

Table 2. Results of the ablation experiments. Root Point represents whether to use the pelvic point

as the root node, Iterative inference depth represents whether to use iterative prediction methods to

predict depth.

Root Point Iterative inference depth
3DPCKrel

Pelvis Head Shoulder Elbow Avg

✓ 91.7 92.7 82.7 72.6 84.6
✓ 91.6 92.3 84 73.6 85.6
✓ ✓ 93.5 93.8 86.4 76.9 87.4

5.3. Visualization results

The results of our model are demonstrated in Figure 7. We selected images with different human

poses to demonstrate the accuracy of the recognition results. It can be seen that our model can still

fully recover the 3D spatial pose of the human body for different types of kinematic poses. It can also

achieve good recognition results for certain complex poses, such as sit cross-legged.
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Figure 7. Visualize the results of different types of actions. The test images are all from the 3DPW [34]

dataset.

6. Conclusion

In this paper, we propose a new 3D human pose estimation method named EDD based on

the Transformer architecture and experimentally validate it. Using dual decoders during design to

improve recognition accuracy. Considering the problems of existing two-stage methods and end-to-end

methods, the Transformer architecture and self-attention mechanism are used to capture features of

long-range dependencies, fully account for global spatial information, improve the recognition accuracy

of the network, and remove redundant processing steps to achieve a fully end-to-end 3D human pose

estimation model.
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