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Abstract: With the advancement of image sensing technology, estimating 3D human pose from monocular video has become a hot research topic in computer vision. 3D human pose estimation is an essential prerequisite for subsequent action analysis and understanding. It empowers a wide spectrum of potential applications in various areas, such as intelligent transportation, human-computer interaction, and medical rehabilitation. Currently, some methods for 3D human pose estimation in monocular video employ temporal convolutional network (TCN) to extract inter-frame feature relationships, but the majority of them suffer from insufficient inter-frame feature relationship extractions. In this paper, we decompose the 3D joint location regression into the bone direction and length, we propose the TCG, a temporal convolutional network incorporating Gaussian error linear units (GELU), to solve bone direction. It enables more inter-frame features to be captured and makes the utmost of the feature relationships between data. Furthermore, we adopt kinematic structural information to solve bone length enhancing the use of intra-frame joint features. Finally, we design a loss function for joint training of the bone direction estimation network with the bone length estimation network. The proposed method has extensively experimented on the public benchmark dataset Human3.6M. Both quantitative and qualitative experimental results showed that the proposed method can achieve more accurate 3D human pose estimations.
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1  Introduction

3D human pose estimation has emerged as one of the most important research topic in the field of computer vision [1–5], which has been widely used in animation production [6], medical rehabilitation [7], 3D reconstruction of the human body [8] and simulation of robots. Therefore, 3D human pose estimation based on monocular video has essential research significance and value. In order to acquire 3D human pose, traditional 3D human pose estimation methods usually use specialized equipment for motion capture in an ideal laboratory environment; however, the equipment configuration is time-consuming and expensive, and the equipment is always suitable for certain specific situations. It is difficult to generalize these methods in practice. Therefore, many researchers have shifted their focus to 3D human pose estimation using monocular video. Compared to traditional methods, the equipment required to obtain monocular video is inexpensive and simple to use. In addition, a substantial amount of video data containing human motion is available on the internet. If video data can be fully utilized to accurately estimate human posture or motion, this will provide a substantial amount of real 3D human motion data.

This paper focuses on single 3D human pose estimation based on the monocular video, which is a challenging task due to depth ambiguity and the non-linearity of human dynamics. Recently, works [1,2] used 2D pose estimators to improve 3D human pose estimation methods. Many advanced 3D human pose estimation methods [9–12] also known as two-step methods, first, it uses a 2D human pose estimator to obtain 2D human poses in images or videos, and then use the estimated 2D joints as input and estimate the corresponding 3D joint positions from videos. The two-step method has three main advantages compared to using RGB image as input directly: fewer training resources, lower problem difficulty, and better results. The method proposed in this paper also belongs to the two-step branch.

Despite the two-step approach has made significant advancements, the existing methods also face some limitations at this stage of research. On the one hand, multiple 3D poses with different joint depths may correspond to the same 2D joints, i.e., the depth ambiguity problem. Current works [10,13,14] simply use temporal information, i.e., inter-frame feature relations, to solve this problem. Moreover, what they consider more is the relationship between adjacent frames and the target frame, which makes it difficult to deal with this problem. On the other hand, many of the works do not consider the kinematic structure inherent in the human body. In particular, when the target and neighboring frames correspond to complex actions, the works [10,13,14] caused a decrease in the accuracy of human pose estimation due to lacking of the ability to extract information from frames further away from the target frame. The problem can be effectively addressed by using the human kinematic structure approaches [12,15,16].

Based on the above two problems, this paper adopts the following two solutions. First, we propose TCG, a temporal convolutional network incorporating gaussian error linear units, to extract inter-frame feature relations further. On the one hand, since most of the Natural Language Processing (NLP) tasks need to deal with contextual relations, the language models which are suitable and effective for these tasks are basically equipped with gaussian error linear units. Extraction of inter-frame feature relationship information can be compared to deal with contextual relations in this paper. On the other hand, it is noted that most of the works have focused on macroscopic network structure modification without considering the impact of small parts of the network structure on the network. This paper adopts a kinematic structure approach [12,15,16] to enhance the network’s ability to extract features. The reason for using human kinematic structures lies in that it can further enhance the ability to extract feature relationships between frames. In particular, the model's ability is improved to extract feature relationships between the target frame and more distant frames. In order to link bone length and bone direction tighter, we used a relative joint loss to make a joint training of the two estimation networks, which in turn gave better results.

The main contributions of this paper are summarized as follows:

•   This paper proposes the TCG to extract inter-frame feature relations further.

•   This paper proposes a relative joint position loss to make a joint training of the two estimation networks.

•   This paper demonstrates the effective of the domain of Gaussian error linear units that positively improve the human pose estimation accuracy by experiments.

•   To the best of our knowledge, this is the first work to use GELU and Rectified Linear Unit (ReLU) for 3D human pose estimation.

We note that a shorter conference version of this paper appeared in Kang et al. [17]. Our initial conference paper did not discuss the impact of adding relative joint position loss constraints on the network. This manuscript discusses this issue and provides a corresponding analysis of this loss. The manuscript provides a more detailed description of the network structure and algorithm.

2  Related Work

This section provides an overview of 3D pose estimation methods based on deep learning. Previous work for 3D human pose estimation can be classified into two main categories based on training methods: direct method and two-step method. With the rise of video pose estimation in recent years, the video-based method has been added to 3D pose estimation.

Direct methods [14,18–27] are to estimate the 3D pose directly from the original input images. In method [19], Li et al. used a shallow network to directly regress 3D joint coordinates, thus enabling a simultaneous task of body joint prediction and detection with sliding windows. Pavlakos et al. [21] integrated a volumetric representation with a supervised scheme for pose estimation from coarse to fine granularity, using voxels instead of joint positions to represent the body and thus estimate a 3D volumetric heatmap. Li et al. [20] designed an embedding subnet that learns information about the underlying pose structure to guide 3D joint coordinate mapping. The subnet employed a maximum cost function to assign corresponding matching scores to the input image-pose pairs. Considering the significance of joint dependencies, Tekin et al. [23] used an autoencoder to learn high-dimensional potential pose representations. Habibie et al. [18] proposed a method for regressing 3D poses using 3D representations and their 2D counterparts. Kocabas et al. [26] used an adversarial learning network with a large-scale motion capture dataset to distinguish between real human actions and human actions generated by the network proposed in this method [26], thereby improving the accuracy of 3D pose and shape estimation.

Two-step methods [9,15,28–38] build a 3D pose estimation model on an off-the-shelf 2D pose estimator. The predicted 2D keypoints are lifted to 3D joint locations by 3D pose model. An earlier approach [28] simply paired the estimated 2D pose with an already integrated 3D pose through a matching strategy and then output the matching 3D pose. The work by Martinez et al. [15] demonstrated that it is possible to map a 2D human pose to a 3D human pose with a simple, lightweight network given 2D ground-truth joints. The difficulty of this method is estimating the exact 2D pose. Ci et al. [34] proposed a general formulation to improve pose representation and pose estimation accuracy by merging Graph Convolutional Network (GCN) with Fully Convolutional Network (FCN). Qammaz et al. [30] proposed an ensemble of self-normalizing neural networks that directly encoded 2D poses and converted them to 3D BVH [39] format, which makes the architecture estimate and render 3D human poses in real-time using only the CPU, and by integrating OpenPose [1]. Zeng et al. [33] proposed to partition the human body into local joint groups and recombine into a low-latitude global contextual information for more efficient learning. Gong et al. [29] designed an automatic enhancement framework for generating more pose data by learning pose data from existing pose datasets, expanding the diversity of pose data available for training and thus improving the generalization capability of 2D-to-3D pose estimators. Xu et al. [32] proposed a graph stacking hourglass network for 2D-to-3D that learns multi-scale graph structure features by stacking graph convolution blocks.

In the case of video-based approaches, recent methods exploited temporal information to alleviate incoherent predictions. As an earlier work, Mehta et al. [40] used simple temporal filtering across 2D and 3D poses from previous frames to predict a temporally consistent 3D pose. Lin et al. [41] applied long short term memory networks (LSTM) to capture temporal information from video. Because of the high computational complexity of LSTM, Pavllo et al. [10] introduced a temporal fully-convolutional model which enables parallel processing of multiple frames and very long 2D keypoint sequence as input.

This paper uses the approach of the second category based on monocular 3D pose estimation. Firstly, a 2D pose detector is used to detect 2D joints of the human body in video frames. Secondly, a sequence of these joints is fed into a 3D pose estimation network for pose estimation. Since 3D pose estimation is more challenging than 2D pose estimation, this paper focuses on the second stage of the second category, i.e., the 3D pose estimation network.

3  Method

In the video-based 3D human pose estimation task, this paper follows the pipeline of the two-step approach and goes a step further on this pipeline by adopting the method Chen et al. [42] proposed. This article decomposes the task of 3D keypoint estimation into bone length and bone direction estimation, and employs two distinct networks to perform these two tasks concurrently. For the input data, the 2D pose coordinates of each video frame are first obtained using a 2D pose detector. Then the 3D human pose estimation network takes the 2D pose sequences of these consecutive video frames as input to estimate the 3D pose of the target frame. This is the first paper to incorporate gaussian error linear units from natural language processing into the 3D human pose estimation task.

3.1 Overview of the 3D Human Pose Estimation Process

In this paper, the video data is firstly subjected to a frame-splitting operation to obtain the video frames F (see Fig. 1), F ={F1, F2, F3, … , FN}, where the subscript represents the frame sequence number. The 2D pose estimator is then used to obtain a sequence of 2D keypoint coordinates for the video frames F:

P2D(F)=S2D(1)
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Figure 1: Overview of the 3D human pose estimation process. The red box is the core of this paper, TCG is used to estimate the bone direction, and the loss function is used for the joint training of the two networks

The 2D joint coordinate sequence S2D of video frames F : S2D ={S2D1, S2D2, S2D3, … , S2DN}, where the superscript serial number corresponds to the frame serial number. The 2D keypoint coordinate sequence for the i-th frame: S2Di ={(x,y)1i, (x,y)2i, (x,y)3i, … , (x,y)Ni}, where x, y denote coordinate x and coordinate y, respectively. The subscript N indicates the coordinates of the N-th keypoint.

After obtaining S2D for the video frames F, it is fed into a 3D human pose estimation network (consisting of TCG and FCNet, as in Fig. 1) to generate the final 3D keypoint coordinate sequence:

P3D(S2D)=S3D(2)

Eq. (2) illustrates the detailed process of 3D pose estimation, and the main steps for the whole process is presented in Algorithm 1. The final 3D joint coordinate sequence is S3D = {S3D1, S3D2, S3D3, … , S3DN}, where the superscript number corresponds to the frame number, the 3D joint coordinate sequence is S3Di = {(x,y,z)1i, (x,y,z)2i, (x,y,z)3i, … , (x,y,z)Ni}. Specifically, S3D can be expressed as:

S3D=∑b∈BkD→b⋅Lb(3)
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where D→b and Lb are the direction and length of bone b, respectively. Bk contains all the bones from the root node “pelvis” to the k-th keypoint (see in Fig. 2).
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Figure 2: Representation of human joints and bones

3.2 TCG

The TCG structure is formed by stacking two subnets, as shown in Fig. 3. In subnet_1 and subenet_2, convolution layers are blue where 1024 or 2048, 3d3i, 3s3 and 1024 denote input channels, filters of size 3 with dilation 3i, filters of size 3 with stride 3, and output channels. Each subnet consists of temporal full-convolutional layers fused with Gaussian error linear units. In subnet 1, the dilation factor of convolution of each layer is set to 3i, where i corresponds to the number of network layers, and only the number of input channels is set to 2048 in the first layer. The residual-skip connection slice of nodes in subnet_1 and subnet_2 is applied to realize the local context transmission, while the long-skip connection connecting the two subnets enable the global context transmission as well as efficient usage of the feature to estimate bone.

[image: images]

Figure 3: Structure of the TCG

As shown in Fig. 3, centered on the 2D keypoint sequence of the target frame, the 2D keypoint sequence of successive frames is organized together to form the input of TCG. These sequences will be converted into bone direction vectors by TCG, which can be expressed as:

TCG(S2D)=D→3D(4)

where D→3D is the bone direction. The bone direction loss based on squared error used in this subnet is as follows:

ℒD=‖XD−YD‖22(5)

where XD and YD represent the estimated bone direction vector of the target frame and the ground-truth bone direction vector of the target frame, respectively.

In TCG, the first subnet obtains the bone direction vector of the target frame by extracting the features of all input frames. The second subnet obtains the bone direction vector by using the output vector of the first subnet and the bone direction feature obtained by long-skip connection. Because ReLU will zero the features less than zero in the convolution output, this operation impairs the ability of works [10,13,14] to extract features. In order to make better use of the feature relationship between the target frame and adjacent and distant frames. This paper replaces the original linear rectification unit with a gaussian error linear unit. GELU and ReLU have a completely different way of dealing with less-than-zero feature values. The ReLU sets less-than-zero and near-zero values to zero, while the GELU performs a scaling transformation. This operation preserves more of the features extracted from the TCG layers, which allows the features extracted from the current TCG layer to participate in the feature computation of subsequent TCG layers, thus contributing more to the estimation of the target frame. Subsequent experiments verify that Gaussian error linear units can achieve improved network estimation accuracy.

3.3 Relative Joint Position Loss Function

A schematic diagram of relative joint position loss is shown in Fig. 4, where ⊖ indicates the subtraction of two features. The contents indicated by the yellow small cuboid and its arrow represent that one of the relative joint position features is the difference between two joint points. Predicted_RJP and Ground_Truth_RJP represent the predicted relative joint position feature and the ground-truth relative joint position feature, respectively.
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Figure 4: Location of relative joint position loss effects

Since in the 3D human pose estimation, there are 4 joints that are the most easily estimated to be the head, neck, spine and pelvis, and in the 16 joints (see in Fig. 2), the estimation error of these four joints is the smallest compared to the other 12 joints. Therefore, this paper is designed to group the 4 joints into a group and denote them as CenterJoints (CJs):

CJs={Head,Neck,Spine,Pelvis}(6)

While this paper not only calculates the relative position distance between limbs and CJs, but also calculates the relative position distance between CJs. Therefore, in this paper, the other 12 joints and two joints in CJs are grouped together as RoundJoints (RJs):

RJs={Left,Right,Spine,Pelvis}(7)

where the Left and Right in RJs represent the left and right halves of the human limbs, respectively, which can be further described as follows:

Left={L.Shoulder,L.Elbow,L.Wrist,L.Hip,L.Knee,L.Ankle}(8)

Right={R.Shoulder,R.Elbow,R.Wrist,R.Hip,R.Knee,R.Ankle}(9)

Therefore, the 16 joints in Fig. 2 can be denoted as AllJoints (AJs):

AJs={CJs,Left,Right}(10)
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The joint loss function for joint training of the bone direction estimation network (TCG) and the bone length estimation network (FCNet) is defined as follows:

ℒRJP=∑k1∈CJs,k2∈RJs‖XJSk1,k2−YJSk1,k2‖21(11)

where YJSk1,k2 represents the 3D ground-truth relative joint position of the current frame form the joint k1 to the joint k2, and XJSk1,k2 represents the corresponding predicted relative joint position derived from the bone length and the bone direction predicted of the current frame. Through the loss (see Fig. 4), the two networks connect during training and are forced to learn each other together. Moreover, in the case of the same network performance, the loss function proposed in this paper is only half of the number of computations between joints compared with method [42].

Algorithm 2 describes the flow of the relative joint position loss algorithm. The first line initializes the variables used in the algorithm, etc., and lines 2–3 define the order in which the jointpoints are taken. Line 4 makes a judgment on whether the relative joint position calculation condition is satisfied, where the first condition of the judgment statement is to prevent double counting between the four joints in CJs. Line 5 performs a relative position calculation on the joints that satisfy the conditions. Line 9 completes the matching of the ground-truth value to the shape of the predicted value. Lines 10–11 calculate intermediate variable transfer and relative joint position loss.

3.4 Introduced Activation Functions

Rectified linear unit ReLU is an efficient activation function proposed by Nair et al. [43] in 2010, and the image of the function is shown in Fig. 5 with the following equation:

ReLU(x)={xif x>00if x≤0(12)

[image: images]

Figure 5: Diagrams of GELU and ReLU functions

For ReLU, it will directly discard the negative value of the input feature, that is, set it to zero. 3D human pose estimation based on the video needs to estimate the human pose of the target frame through adjacent frames, and there are negative values in each frame feature. Therefore, this paper assumes that ReLU sets the negative value of features to zero, it will limit the network's ability to extract feature relationships between frames, thus resulting in reduced estimation accuracy. For this purpose, we draw on the GELU used by BERT [44], RoBERTa [45] and GPT-2 in the field of NLP, all of which use textual, contextual relationships to implement NLP tasks such as text classification and natural language inference tasks (NLI), etc. Since GELU scales all negative values instead of setting them to zero, but scales them, it can be better adapted to tasks that use inter-frame feature relations for video pose estimation than ReLU.

Gaussian error linear unit Hendrycks et al. [46] proposed the GELU function in 2016, which is the preferred choice for many models of NLP. Unlike ReLU's deterministic 0, 1 selection pass, GELU is randomly multiplied by 0 or 1 depending on the input's distribution, which is equivalent to multiplying the neuron’s input x by an m ∼ Bernoulli (Φ(x)), where Φ (x) = P (X ≤ x), X∼ 𝒩(0,1), where Φ(x) denotes the standard normal distribution function of the cumulative distribution function, and this distribution is chosen because the inputs to the neurons tend to follow a normal distribution. The image of the GELU function is shown in Fig. 5, with the following equation:

GELU(x)=x⋅Φ(x)=x⋅12[1+erf(x2)](13)

where erf () represents the error function.

The reason for replacing ReLU with GELU in TCG in this paper is that this network processing task performs target frame pose estimation by extracting and fusing joints feature information from individual frames. When GELU encounters negative values in the input data, GELU assigns a weight to the value based on its distribution throughout the data. From Eq. (13), when x is input, it is possible to obtain how likely x is less than the determined value x, based on the characteristics of the cumulative distribution function of the standard normal distribution. If the value is a “normal value” in the data distribution, i.e., the area where the data points occur more frequently, the weight is slightly larger; if the value is an “outlier” in the data distribution, i.e., the area where the data points occur less frequently, the weight is slightly smaller or even set to zero as in ReLU. The attention mechanism allows negative values to participate in the later feature calculations without setting them to zero, as in ReLU, thus ensuring that the feature information of each video frame is fully extracted and fused. The introduction of GELU to this task allows for better use of contextual relationships, i.e., neighboring frames, to improve 3D pose estimation.

4  Experiment

4.1 Experimental Setup

Dataset and Evaluation In this paper, the proposed model is trained and evaluated on the largest available human pose dataset, Human3.6M. The dataset is set up in accordance with the standards, and videos of seven professional actors are used for training and evaluation. Videos of five actors (S1, S5, S6, S7, S8) is used for training and two (S9, S11) for evaluation. We follow the standard protocol for evaluating this paper's model on Human3.6M. The first evaluation protocol (Protocol 1): Mean Per Joint Position Error (MPJPE) measures the Euclidean mean distance between the estimated joint position and the ground-truth joint position at the millimeter level. The second evaluation protocol (Protocol 2): Pluck-Mean Per Joint Position Error (P-MPJPE), which requires the estimated 3D pose to be consistent with the ground-truth pose in terms of translation, rotation, and scale. This paper also uses the Mean Per Joint Velocity Error (MPJVE) proposed by Pavllo et al. [10], which corresponds to the first order derivative of the MPJPE 3D pose sequence.

Implementation details In experiments of this paper, for the bone direction estimation task, j-joints of each frame are concatenated as input to the TCG, and sequence features are extracted through a 1D convolutional layer, for the bone length estimation task, j-joints of sampled frames are concatenated as input to the FCNetwork and sequence features are extracted through a fully-connected layer. Finally, the paper outputs the results through a reprojection layer consisting of convolution. The 2D pose sequences used in this paper can be obtained by any classical 2D pose detector or by using 2D ground-truth data directly. Similar to the methods [9,10,15], Cascaded Pyramid Network (CPN) [2] is used in this paper to process the Human3.6M dataset.

All experiments use the PyTorch framework with two Nvidia Tesla V100 graphics cards. The network is trained using the Adam optimizer, with the number of training generations set to 80 and an exponentially decreasing learning rate method, with the initial learning rate set to η = 0.001 and multiplied by a scaling factor of 0.95 after each training epoch. For each iteration of training, the mini-batch of input data is set to 1024.

4.2 Experiment Results

Table 1 shows, under protocol 1, the results of quantitative comparison between the proposed method and other methods on the Human3.6M dataset, bold numbers represent the best performance. It can be seen from Table 1, the method in this paper has a lower mean error. Compared with the methods [9,10,42] using the same 2D pose detector, the proposed method achieves better results on various movements. This includes both simple and complex action poses. For example, under protocol 1, the pose estimation errors of the proposed method for the simple actions “Greeting” and “Eating” were 0.4 and 0.1 mm lower than those of Chen et al. [42]. For the complex pose, the pose errors estimated by our method for “SittingDown” and “Smoking” were 0.3 and 0.5 mm lower than those of Chen et al. [42].
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Table 2 shows, under protocol 2, the results of the quantitative comparison between the proposed method and other methods on Human3.6M dataset, bold numbers represent the best. As can be seen in Table 2, most of the actions in the proposed method yield the best results. Such as actions “Walking”, “Phoning” and “WalkingDog”.

[image: images]

Fig. 6 shows the variation in accuracy of Pavllo et al. [10], Liu et al. [9], Chen et al. [42], and this paper’s model on the validation set. Figs. 7 and 8 show the qualitative comparison between the above three methods and our model on the “Directions,” “Discussion” and “Eating.” Compared to the above three methods, Fig. 7 shows that this method yields better visualization results than three methods; Fig. 8 shows that this method yields visualization results which is less effective than or on par with the other three methods.

[image: images]

Figure 6: Accuracy variation for four models during validating
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Figure 7: Qualitative comparison with other models for visualising actions on the Human3.6M dataset. The locations of the green dashed circles where the present model clearly generates better results

[image: images]

Figure 8: Qualitative comparison with previous state-of-the-art models for visualising actions on the Human3.6M dataset. The blue dashed circle locations where the present visualization is similar to or inferior to the state-of-art approach

As shown in Fig. 7 in Directions action the left arm generated by this model (red arm, position boxed by green circle) is closer to the ground-truth pose than the other three methods. In SittingDown action, the junction of thigh and hip (position boxed in green) generated by the method in this paper is significantly closer to the ground-truth pose than the other three methods.

As shown in Fig. 8 in Phoning action, the direction of the human right arm in the visualization results of this paper is consistent with the other methods. Nonetheless, the arm's length protruding from the point where it intersects the spine is too short, which may be due to excessive bone length restriction. In WalkTogether action, the circled position is where the visualization results in this paper are similar to the other three methods. In Walking action, the right arm (red upper limb) in ground-truth almost overlaps with the spine, in general agreement with the results of the Pavllo et al. [10] and Chen et al. [42] visualizations. The visualization in this paper shows a greater distance between the right arm and the spine.

Table 3 shows the comparison results under the MPJVE evaluation protocol, whose high or low corresponds to whether the 3D pose can be estimated more smoothly. As can be seen from the table, compared with Pavllo et al. [10] and Chen et al. [42], the proposed method has lower errors, which indicates that the proposed method has better pose consistency and smoothness in estimating 3D pose. We attribute the accurate estimates achieved in Tables 1 and 2 to the use of TCG in estimating the bone direction, which improves the accuracy of the direction estimation and thus the overall estimation accuracy of the method.

[image: images]

4.3 Ablation Study

To illustrate the effectiveness of the different modules in this paper, this paper first performs a relative joint position loss experiment to verify its effectiveness. And then, in order to verify the effectiveness of the network incorporating gaussian error linear units for improving the estimation accuracy, four sets of ablation experiments are carried out. These four groups of ablation experiments are divided into All ReLU, All GELU, TC-ReLU FC-GELU and TC-GELU FC-ReLU. Finally, three groups of experiments are designed to explore which regions are effective for improving the accuracy of network estimation in gaussian error linear units.

Through the experimental results in Table 4, compared with Chen et al. [42], the accuracy of network estimation in this paper is slightly improved and almost equal to it. This paper assumes the reason for this situation is that the calculation of some joints is similar, such as the calculation of the relative position of head and shoulder joints. However, this paper uses the four joints of the human central axis to calculate the relative position of the limb joints. The loss proposed by Chen et al. [42], it computes the feature of keypoints 105 times for each frame. In contrast, our method requires less than half the number of computations of Chen’s method, only 47. For the whole training process of the model, Chen’s method needs 6.9M computations and our method needs 3.1M computations. This calculation method makes the calculation times of this paper only half of that. Under the condition of basically consistent accuracy, this paper has advantages in calculation cost.

[image: images]

Table 5 shows the effect of using GELU and ReLU in two branching networks.

[image: images]

All ReLU The method All ReLU is used by Chen et al. [42], they use the ReLU functions of the residual blocks in the two branching networks in the model. As can be seen from Table 5, their method achieves good results on movements, especially “Direction”, “Photo” and “Wait”.

All GELU In this paper, the ReLU functions of the residual blocks of the two branching networks in the model are all replaced with GELU functions, and experiments are conducted. As can be seen from Table 5, compared to “All ReLU,” the all GELU model achieves accuracy improvements in most of the actions, including the action “WalkToghter” with a large improvement of 0.9 mm, and the actions with a smaller improvement like “Phoning” and “Posing.”

After obtaining the results of All GELU, we consider that the model has two branch networks, which realize different functions and require different input data. Maybe, each branch network has its own adaptive function. For this purpose, two other sets of experiments are performed, “TC-RELU FC-GELU” and “TC-GELU FC-RELU,” where TC and FC represent the networks for estimating the bone direction and the network for estimating the bone length, respectively, and the content behind the horizontal line after the horizontal line represents the function used.

TC-ReLU FC-GELU In this experimental setup, we replaced the functions of the branching network accordingly. Compared with “All ReLU,” the accuracy of most of the actions decreased to varying degrees, except for a few actions, such as “Phoning” and “Walking,” for which the accuracy improved slightly. For example, the accuracy of “Direction,” the easier of the 15 actions to estimate, is 1.6 mm lower, while the accuracy of “Photo” is 1.3 mm lower. As most of the actions have varying degrees of accuracy degradation, our mean value is also 0.4 mm lower than “All ReLU”.

TC-GELU FC-ReLU In this experimental setup, we replaced the functions of the branching network accordingly. By comparing the results with “All ReLU,” the accuracy of 10 of the 15 actions on the Human3.6M dataset is improved. The majority of the improvements are in the region of 0.5 mm, such as “Greeting,” “Sitting” and “Smoking.” There are also a few movements that have improved by less than 0.2 mm, such as “Discussion” and “Eating,” but there are also movements that have improved by 0.6 mm, which are listed in Table 5.

In our analysis, the information in TCG of one frame is estimated by multi-frame information, which indicates that the information of all frames input in the network plays a critical role in the pose estimation of the target frame. GELU allows negative values to be given a smaller weight so that they contribute to the final result without being decisive, which preserves more features of each frame. Therefore, the reason for the improved accuracy of all the above-mentioned action estimates stems from the fact that GELU does not simply set the negative values to zero, as ReLU does.

To further explore the effective domain of GELU that plays a positive role in improving the accuracy of human pose estimation. In this paper, the ELU function with similar properties to the ReLU function in the positive half axis is selected for subsequent experiments. Compared to ReLU, ELU retains negative values, which allow them to push the mean cell activation close to zero like batch normalization, but with lower computational complexity. As the bias offset effect is reduced, the mean shifts towards zero, accelerating learning by bringing the normal gradient closer to the natural gradient of the unit. The ELU saturates to negative values for smaller inputs, thus reducing the forward propagation of variation and information. These features are again similar to the negative semi-axis action of the GELU to some extent. Therefore, in this paper, the ELU function is replaced with GELU in TCG, and experiments are conducted. The function images of the three are shown in Fig. 9. A comparison of the experimental results of ReLU, GELU and ELU is shown in Table 6.

[image: images]

Figure 9: Images of ReLU, ELU, GELU functions
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The formula for the ELU (α<0) function is shown below:

ELU(x)={xif x>0α(exp(x)−1)if x≤0(14)

where the hyperparameter α controls the saturation value of the ELU for negative network inputs.

First of all, this paper hypothesizes that what plays a role in the accuracy improvement is the treatment of the data by GELU when the data is less than 0. Reflected in Fig. 5 is the green curve on the [−2,0] interval. To test this hypothesis, we choose an ELU function with the same function image as ReLU on the positive half-axis. The ELU function is somewhat similar to GELU on the negative half-axis, being also a smooth curve. According to the results in the table, excluding individual actions with a lower accuracy than ReLU and a higher accuracy than GELU, the results obtained by a network using ELU for estimating bone direction fall between the counterparts obtained by networks using the ReLU and GELU functions for the majority of movements. The experimental results based on the comparison between ELU and ReLU illustrate that the retention of negative values in the network for estimating bone direction contributes positively to the final results and can improve the estimation accuracy to some extent; In contrast, the experimental results based on GELU and ELU indicated that for negative values that tend to be close to 0, retention is performed while giving them a relatively small weight, while values far from 0, i.e., outliers, are discarded. It is this mechanism that makes it possible to improve the accuracy of the final pose estimation effectively.

5  Conclusion

In this paper, the ability of the network to extract inter-frame feature relationships is enhanced by fusing temporal convolutional networks with GELUs. It is experimentally verified that the temporal convolution network proposed in this paper with the fusion of GELUs outperforms the conventional temporal convolution network for the 3D pose estimation task based on videos. The experimental results on Human3.6M showed that, with a comparable number of parameters and computational effort, the average MPJPE obtained by the method used in this paper is reduced by 0.2 mm compared to the method with the lowest error (44.1 mm), specifically for 15 actions we have a reduction of 0.1−1 mm; compared to the method using Transformer, the average MPJPE reduction obtained in this paper is 0.8 mm, with a reduction of 0.2–2.9 mm for the 15 movements. In the future, it is an important subsequent research goal to further exploit the inter-frame feature relationships for achieving more accurate 3D human pose estimation. And we will focus on improving the ability in real-time situations and further exploit the kinematic properties of the human skeleton. In addition, in order to enable the model to cope with more complex scenarios, in future research, we will also invest more energy to conduct experiments on multiple data sets related to personal movement to achieve comprehensive improvement of model performance.
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Table 3: MPJVE, joint speed error

MPIJVE Video pose [10] Anatomy3D [42]  Ours
Dir. 3.0 2.7 2.6
Disc. 3.1 2.8 2.7
Eat 2.2 2.0 1.9
Greet 34 3.1 3.0
Phone 2.3 2.0 1.9
Photo 2.7 2.4 2.4
Pose 2.7 2.4 2.3
Pur. 3.1 2.8 2.7
Sit 2.1 1.8 1.7
SitD. 2.9 2.4 23
Smoke 2.3 2.0 2.0
Wait 24 2.1 2.0
WalkD 3.7 34 33
Walk 3.1 2.7 2.6
WalkT 2.8 2.4 23
Avg 2.8 2.5 24
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Table 4: Comparison of networks using relative joint position loss

Protocol 1 Anatomy3D [42] Ours
Dir. 41.4 41.5
Disc. 43.5 43.6
Eat 40.1 40.0
Greet 42.9 43.1
Phone 46.6 46.5
Photo 51.9 52.1
Pose 41.7 424
Pur. 423 4.2
Sit 53.9 54.1
SitD. 60.2 60.1
Smoke 45.4 45.4
Wait 41.7 42.0
WalkD 46.0 45.6
Walk 31.5 30.6
WalkT 32.7 322

Avg 44.1 44.1
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Table 1: Quantitative comparison with other methods on Human3.6M under protocol 1

Protocol 1 Video Pose Trajectory UGOCN [48] Att3D Pose SRNet[33] Anatomy3D Ours

[10] pose [47] 9] [42]
Dir. 45.2 42.5 41.3 41.8 46.6 41.4 41.5
Disc. 43.3 44.8 43.9 44.8 47.1 43.5 43.4
Eat 45.6 42.6 44.0 41.1 43.9 40.1 40.0
Greet 48.1 44.2 42.2 449 41.6 42.9 42.5
Phone 48.1 48.5 48.0 47.4 45.8 46.6 46.7
Photo 55.1 57.1 57.1 54.1 49.6 519 52.7
Pose 44.6 52.6 42.2 434 46.5 41.7 42.0
Pur. 44.3 514 43.2 42.2 40.0 42.3 41.7
Sit 57.3 56.5 57.3 56.2 53.4 53.9 53.5
SitD. 65.8 64.5 61.3 63.6 61.1 60.2 59.9
Smoke 47.1 47.4 47.0 45.3 46.1 454 44.9
Wait 44.0 43.0 43.5 43.5 42.6 41.7 41.8
WalkD 49.0 48.1 47.0 45.3 43.1 46.0 45.2
Walk 32.8 33.0 32.6 31.3 31.5 31.5 31.0
WalkT 33.9 35.1 31.8 32.6 32.6 32.7 31.5

Avg 46.8 46.6 45.6 44.8 44.8 44.1 43.9
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Table 6: Comparison of bone direction networks using different activation functions

Protocoll TC-ReLU TC-ELU TC-GELU

Dir. 41.4 41.6 41.5
Disc. 43.5 43.6 43.4
Eat 40.1 40.3 40.0
Greet 42.9 43.3 42.5
Phone 46.6 46.6 46.7
Photo 51.9 52.2 52.7
Pose 41.7 41.6 42.0
Pur. 42.3 42.2 41.7
Sit 53.9 54.5 53.5
SitD. 60.2 60.0 59.9
Smoke 45.4 45.1 44.9
Wait 41.7 41.9 41.8
WalkD 46.0 45.2 45.2
Walk 31.5 30.9 31.0
WalkT 32.7 31.6 315

Avg 44.1 44.0 43.9
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Algorithm 1: 3D pose estimation

Input: All_Sequence, Sampled_Sequence
Output: S_3D
1: Initialization: Bone direction estimation network TCG, bone length estimation network FCNet,

D, and L,, represent 3D bone direction vector and 3D bone length, respectively
: for number of training epochs do

: Stepl: Input S,,, S, train the TCG and FCNet, obtain the output B;D and L,,

: Step2: D, and L;, are dot multiplied and then converted to relative joint position loss format
: Step3: Compute the bone direction loss according to Eq. (5)

: Step4: Compute the relative joint position loss according to Eq. (11)

: Step5: Compute the bone length loss

: Step6: Update the weights of TCG

: end for
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Algorithm 2: Proposed relative joint position loss algorithm
Input: Predicted_RJP, Ground_Truth_Joints, Boneindex
Output: RJP_Loss

1: Initialization: AJs according to Eq. (10), CJs according to Eq. (6), an empty list RJP, map

Ground_Truth_Joints to 4Js

2: for each i € AJs do

3 for each j € CJs do

4 if i ¢ [Spine, Palvis] and ([i, ] or [}, i]) ¢ Boneindex then
5: Addj—itoRIJP
6.
7

end if
: end for
8: end for
9: Convert the RJP shape to the Predicted_RJP shape
10: Ground_Truth_RJP = RJP
11: Compute the Loss RJP according to Eq. (11)
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Table 2: Quantitative comparison with other methods on Human3.6M under protocol 2

Protocol 2 Video Pose  Trajectory UGCN [48] Att3D Pose  Anatomy 3D Ours
[10] pose [47] 9] [42]
Dir. 34.1 32.5 32.9 32.3 32.6 32.9
Disc. 36.1 35.3 35.2 35.2 35.1 349
Eat 34.4 34.3 35.6 33.3 32.8 32.2
Greet 37.2 36.2 34.4 35.8 354 35.2
Phone 36.4 37.8 36.4 359 36.3 35.8
Photo 42.2 43.0 42.7 41.5 40.4 40.8
Pose 34.4 33.0 31.2 33.2 324 32.9
Pur. 33.6 32.2 32.5 32.7 32.3 32.5
Sit 45.0 45.7 45.6 44.6 42.7 42.2
SitD. 52.5 51.8 50.2 50.9 49.0 48.8
Smoke 37.4 38.4 37.3 37.0 36.8 36.6
Wait 33.8 32.8 32.8 324 324 324
WalkD 37.8 37.5 36.3 37.0 36.0 354
Walk 25.6 25.8 26.0 252 24.9 244
WalkT 27.3 28.9 23.9 27.2 26.5 259

Avg 36.5 36.8 35.5 35.6 35.0 34.9
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Table 5: Experimental results for four different positional changes under protocol 1

Protocol 1 Anatomy3D [42] AN GELU  TC-RelLU TC-GELU
FC-GELU FC-ReLU

Dir. 41.4 41.6 43.0 41.5
Disc. 43.5 43.4 43.8 43.4
Eat 40.1 40.4 40.5 40.0
Greet 42.9 43.0 43.6 42.5
Phone 46.6 46.3 46.3 46.7
Photo 51.9 52.7 53.2 52.7
Pose 41.7 41.6 42.5 42.0
Pur. 42.3 42.2 42.2 41.7
Sit 53.9 54.2 54.8 53.5
SitD. 60.2 60.5 60.2 59.9
Smoke 45.4 45.0 45.4 44.9
Wait 41.7 42.0 42.2 41.8
WalkD 46.0 45.6 45.8 45.2
Walk 31.5 31.4 31.3 31.0
WalkT 32.7 31.8 32.0 31.5

Avg 44.1 44.1 44.5 43.9
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