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Abstract: 3D human pose estimation is a hot topic in the field of computer vision. It provides data
support for tasks such as pose recognition, human tracking and action recognition. Therefore, it is
widely applied in the fields of advanced human-computer interaction, intelligent monitoring and so on.
Estimating 3D human pose from a single 2D image is an ill-posed problem and is likely to cause low
prediction accuracy, due to the problems of self-occlusion and depth ambiguity. This paper developed
two types of human kinematics to improve the estimation accuracy. First, taking the 2D human body
skeleton sequence obtained by the 2D human body pose detector as input, a temporal convolutional
network is proposed to develop the movement periodicity in temporal domain. Second, geometrical
prior knowledge is introduced into the model to constrain the estimated pose to fit the general
kinematics knowledge. The experiments are tested on Human3.6M and MPII (Max Planck Institut
Informatik) Human Pose (MPI-INF-3DHP) datasets, and the proposed model shows better
generalization ability compared with the baseline and the state-of-the-art models.
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1. Introduction

Human pose estimation is a key technology in the field of computer vision. Its output is the basis
of down-stream tasks such as action recognition, visual tracking and action analysis. The early work
in human pose estimation was mainly limited to a 2D plane, and the goal is to get the body joints’ 2D
coordinates from 2D images or videos. In recent years, 3D body pose estimation has become
popular because it provides more accurate data with depth information. 3D pose estimation can be
categorized into three types, according to the input: from a monocular image [1-4], from multi-
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camera images [5—6] and from a depth image [7-9]. Monocular 3D human pose estimation is the
most popular, and it is widely used in applications such as virtual reality, intelligent video analysis
and human-computer interaction.

At present, there are two main branches for monocular 3D human pose estimation. One is the so-
called two-stage method, which first estimates the 2D human pose and then lifts it to a 3D human pose.
An example is the weakly supervised model [10]. The other is the end-to-end 3D human pose
estimation method, which predicts the 3D human pose directly from images or videos. Examples are
the adversarial learning method [11], the self-supervised approach [12] and the famous Transformer [13].
Because the human pose shows spatial correlation, some work tried to extract skeleton features in the
spatial domain. Liu et al. [14] employed graph networks with weight sharing to do 3D pose estimation.
The stacked graph hourglass model [15] tried to capture multi-scale spatial correlation. With the goal
of capturing both the spatial and temporal correlation of a human pose, Zhang et al. [16] proposed a
spatial-temporal encoder to learn spatial-temporal correlations. In comparison with the two-stage
model, the end-to-end model regresses the 3D pose directly from the 2D image, which provides the
model with rich information. However, it usually requires the support of large-scale human pose
datasets. The 2D pose datasets includes Leeds Sports Pose Dataset (LSP) [17], Frames Labeled In
Cinema (FLIC) [18], Max Planck Institut Informatik (MPII) [19] and Microsoft COCO: Common
Objects in Context (MSCOCO) [20]. The 3D pose datasets include HumanEva [21], MPI-INF-3DHP and
human 3.6M [22]. For 3D human poses, it is a very challenging task to obtain large-scale labels.
Therefore, most of the existing data are collected in the laboratory using motion capture systems (such
as human 3.6M), and the backgrounds are relatively simple and very limited in number. Due to these
limitations, the end-to-end methods usually perform better in some specific scenarios but cannot
generalize well to applications in natural scenes. In order to improve the model’s generalizability,
Gholami et. al. [23] proposed adapting the training data to the test dataset, such as camera viewpoint,
position, human actions and body size.

The two-stage model estimates the 3D pose by two steps. It first gets a 2D pose by a 2D detector,
and then regresses the 3D pose from the 2D. Obviously, the two-stage model will heavily rely on the
2D detector; however, the 2D pose datasets are more sufficient than 3D and contain much in-the-wild
data. Thus, the 2D detector will be trained by more diverse data, and the two-stage model can be
expected to show better generalizability. In addition, the two-stage model also has an advantage of low
complexity. Therefore, in this paper, we adopt it to predict the 3D human pose with the 2D human
skeleton as input.

The main contributions of this work include the following:

1) We design a multi-stage supervision temporal convolution network to capture human dynamics
by temporal continuity constraints. In addition, the network is trained in a multi-stage supervision
manner to improve the model.

2) We impose that the model is to be consistent with general human pose dynamic knowledge and
introduce human body pose geometry to the network training step, so as to improve the model generality.
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2. Related works

The task of 3D pose estimation is more challenging than 2D pose estimation, because it needs to
regress relative depth between body joints, which suffers from severe ambiguity.

For the two-stage 3D pose estimation models, Martinez et. al. [24] designed a simple multi-layer
network and regressed the 3D pose from the 2D pose skeleton. At first, this work analyzed the reasons
for low accuracy in 3D pose estimation, and determined two aspects: the low accuracy of the 2D
estimation, and the mapping from 2D to 3D. In fact, the 2D detector has achieved very high
performance, so this paper focused on estimating the 3D pose from the 2D. Therefore, at second, they
designed a very simple and lightweight network, and achieved good performance. Their work
demonstrated the effectiveness of the two-stage model.

Based on Martinez’s work, Fang et al. [25] extended it by a pose semantic network to code joints’
dependency and correlations. Because recurrent neural network is good at learning temporal
correlations, it was also introduced in Martinez’s model. Hossian and Little [26] used Long short-term
memory (LSTM) to capture the temporal continuity and achieved accuracy improvement. However,
this model cannot deal with long-term sequential data, because it will lead to the gradient vanishing
and gradient explosion problems.

Temporal convolution networks provide a new way to capture temporal continuity, so they are
also used in the field of pose estimation. WaveNet [27] proved the convolution model’s advantages in
capturing temporal information. WaveNet is constructed by 1D convolution, and it can prevent the
problems of gradient vanishing and gradient explosion. In addition, it is of high efficiency, because it
can process temporal data in parallel. Based on this model, Pavllo et. al. [28] designed a temporal
convolution model to estimate 3D body pose. This model generates the 2D pose sequence first by the
2D detector and then estimates the 3D pose. In comparison with WaveNet, the temporal convolution
model is advantaged in learning the implicit kinematics knowledge. Instead of estimating 3D human
pose from monocular images, videos can provide temporal information to improve accuracy and
robustness. Several works [29-31] utilized spatial-temporal relationships and constraints such as
bone-length and left-right symmetry to improve performance. In this paper, we employed the temporal
convolution model and improved it in two ways: First, we design a multi-stage supervision model to
further explore the periodic motion pattern; second, we introduce the prior geometry knowledge to
generalize the model.

The performance of data-driven model is limited by the dataset, so prior knowledge is imposed
to the deep models in many computer vision fields [32-34]. With the goal of decreasing depth
ambiguity, some work tried to introduce human geometric knowledge into the 3D pose estimation
model. Belagiannis et. al. [35] imposed kinematic constraints on the translation and rotation between
body parts in the 3D pictorial model, and the symmetric body parts are constrained not to collide with
each other. Ronchi et. al. [36] imposed limb length loss and measured the difference in length between
the predicted limb and the predefined reference length. In fact, we can develop many kinematic
constraints, such as limb lengths, limb length proportions, joint angles, occlusion constraints,
appearance constraints and temporal smoothness constraints. Kinematics is crucial prior
knowledge for the deep models, and it constrains the model predictions to be reasonable when
measured by body geometry.
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3. Periodical temporal convolution network with multi-stage supervision

In the temporal domain, human movement always shows continuity according to human
kinematics. If we can capture the temporal continuity, it will provide important information for the 3D
pose estimation model. In this paper, we employed the temporal convolution network to model the
periodical human kinematics.

The model structure is shown in Figure 1. The network takes a 2D human pose sequence of
size 243 X 34 (17 joints’ 2D pose coordinates, and 243 is the sequence length) as input. The input
sequence is passed through four same consecutive modules, which are composed of a 1D convolution
with 3 convolution kernels and 1024 output channels, batch normalization layer, Rectified Linear Unit
(ReLu) and dropout. Each module is added by a residual connection, as shown in the upper part of
Figure 1. The dimension of the input data is directly reduced through a specific slice function (Slice),
and the results are added to the output data of the module. The channel number is 1024 in the module.
Each module contains two different convolution layers. The first convolution layer applies extended
convolution, which is mainly used to extract data features. The kernel size is 3, and the expansion rate
is 3 (3d3 in the figure). With the increase of modules, the kernel size is fixed, but the expansion rate
increases exponentially. As shown in this figure, the expansion rate of the second module is 9, while it
is 27 for the third and 81 for the last. Different from the first convolution layer, the kernel size for the
second one is 1, which is used to increase the depth of the network and improve the nonlinearity. At
the end of the network, a convolution layer is applied to output 3D human posture.
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Figure 1. Temporal convolutional network structure based on multi-stage supervision.

In order to avoid the gradient vanishing problem, we add residual connection to enhance the
gradient propagation. As shown in Figure 1, we add multi-level residual connection to supervise the
network in multiple stages. In the process of forward propagation, multi-level residual connection
enables shallow features to be directly propagated to the upper layer. The features of the shallow layer
are combined with high-level features as input to the next layer. Combining features at different levels
helps to reduce network degradation and improve network generalization performance. In the process
of back propagation, the gradient can be transmitted to the lower layer faster without too much
intermediate weight matrix transformation, so it can effectively alleviate gradient vanishing. The time-
series convolution network based on multi-stage supervision makes the feature information more
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smoothly spread in the forward and backward directions, so the network has better optimization
performance, which will further improve the model accuracy.

The input is the joints’ 2D coordinates of the consecutive frames x,4(x € R?™), and the model
will output the joints’ 3D coordinate estimations (ys4,y € R3™). The loss function is defined as the
Euclidean distance between the estimated 3D pose and the ground-truth (y,,y € R3™):

1
mejpe :EZN”y&i _yt” (1)

in which N is the batch size and is set to be 1024 in our case. We use gradient descent to optimize the
model and exponential decay to update the learning rate. The learning rate is set to be 0.001, and the
decay rate is 0.95.

4. Geometry constraints

Relying on joints’ coordinates only tends to cause ambiguity when restoring 3D coordinates from
2D. Therefore, the geometric prior knowledge of human kinematics is introduced in this part. We

employed the distance L,_pjpe between the ground-truth coordinates and the estimated joints’

coordinates after translation, rotation and scale transformation.
1
Lp—mpjpe = EZN”T(}@d) - yt” ()

where T is the transformation operation. In addition, we also introduced the geometry consistency as

constraints, including bone length symmetry and proportions. The skeleton of a normal human body

is symmetrical: for example, the bone length of the left shoulder is the same as that of the right shoulder.
The bone length symmetry constraint:

1
Lsym = ZiﬁZeeSi(le - lsym(e))2 3)

The bones connecting human joints are divided into four groups S = {Sgrm, Siegs Sshoutders Ship}-
Sarm includes left and right upper arms and left and right lower arms. S;.4includes the left and right

thighs and the left and right calves. Sgjou14er contains the left shoulder bone and the right shoulder
bone, and Sy, contains the left hip bone and the right hip bone. [, is the length of the selected bone.

The length of the bone at the symmetrical position is obtained through the sym function. For example,
if l, is the right thigh, ;) will be the left thigh. [, controls the bone length by calculating

the error of each group of bones and constrains the bone length at symmetrical positions.
The bone length proportions constraint:

1 le  —\2
Lyge = ZiHZeERi (i - 7"l) 4)

_ZeERii (5)
The bones are also grouped into four groups R = {Rgyrm, Riegs Rsnoutders Rrip}- le is the bone
length, [, is its corresponding mean length in its datasets. The proportion I,/l, should be consistent

in the same group. 7; is the mean proportion in group i.
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The constraints and the accuracy loss are integrated as the final loss:
L= Alepjpe + /12Lp—mpjpe + A3Lsym + A4Lrat (6)

in which A4, 1,, 13,1, are the weights of each constraint.
5. Experimental results and analysis
5.1. Dataset and metrics

We tested our method on the Human3.6M and MPI-INF-3DHP datasets. The Human3.6M dataset
contains 15 actions of 11 testers, with a total of 3.6 million video frames. For the task of 3D human
pose estimation, there are mainly three standard evaluation protocols based on this dataset: Protocol 1
(MPJPE) is the average joint position error in millimeters, which is the Euclidean distance between
the predicted joint position and the real position. Protocol 2 (P-MPJPE) is the error after the predicted
joint position is aligned with the real position after translation, rotation and retraction. Protocol 3 (N-
MPJPE) is the error after aligning the predicted joint position with the real position only after scaling.
Among the three protocols, Protocol 1 (MPJPE) is the most widely used. However, for the method of
predicting 3D human pose based on sequence, absolute position error cannot measure the smoothness
of prediction over time. In order to evaluate this, Pavllo et al. [28] measured the joint velocity error
(MPJVE), which is a time-based velocity motion measurement and the first-order derivative of
MPJPE’s 3D pose error. For the Human 3.6M dataset, we employed the 17 joint skeletons, used 5
testers (S1, S5, S6, S7, S8) for training and 2 testers (S9, S11) for testing and trained a general model
for 15 actions. The MPI-INF-3DHP test set [37] provides images in three different scenarios: studio
with a green screen (GS), studio without green screen (noGS) and outdoor scene (Out- door). We
use this dataset to test the generalization ability of our model and use 3D-PCK and AUC as
evaluation metrics.

5.2. 3D pose estimation results based on ground-truth 2D data
In this section, we employ the 2D ground-truth data (2D skeletons of 243 frames) as the input to the
second stage. The channel number is set to be 1024. As shown in Tables 1-3, the proposed model with multi-

stage intermediate supervision achieved lower error when evaluated by all three protocols.

Table 1. Protocol 1: reconstruction error (MPJPE).

Dir. Disc. Eat Greet Phone Photo  Pose Purch.
Pavllo et al. [28] 26.0 29.8 24.6 27.0 25.8 294 29.2 26.7

Ours 25.7 29.2 25.1 27.0 25.8 304 28.7 259

Sit. SitD. Smoke Wait WalkD  Walk  WalkT Avg
Pavllo et al. [28] 31.7 34.6 274 273 27.9 21.5 21.8 27.4
Ours 30.7 35.0 27.2 26.8 27.7 21.4 22.6 27.3

Electronic Research Archive Volume 31, Issue 3, 1485-1497.
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Table 2. Protocol 2: reconstruction error (P-MPJPE).

Dir. Disc. Eat Greet Phone Photo  Pose Purch.
Pavllo et al. [28] 26.0 29.8 24.6 27.0 25.8 294 29.2 26.7

Ours 25.7 29.2 25.1 27.0 25.8 304 28.7 259

Sit. SitD. Smoke Wait WalkD  Walk  WalkT Avg
Pavllo et al. [28] 31.7 34.6 274 273 27.9 21.5 21.8 27.4
Ours 30.7 35.0 27.2 26.8 27.7 214 22.6 27.3

Table 1 shows the evaluation by Protocol 1 (MPJPE). The proposed method shows performance
improvement on most actions, even for some relatively difficult actions, such as “sitting”, “sittingD”,
and “Discussion”. Averagely, the error is reduced by about 1 mm, and the prediction accuracy is
increased by 2.7%. Table 2 shows the evaluation by Protocol 2 (P-MPJPE). The proposed model
achieved 0.1 mm error reduction and about 1 mm for the actions of “Sitting”. Table 3 is based on
Protocol 3 (N-MPJPE), where the proposed model achieved about 0.7 mm error reduction and
about 1.7 mm for the actions of “Sitting” and “Discussion”. The proposed model also achieved lower

error in joint velocity, as shown in Table 4, which means better temporal smoothness.

Table 3. Protocol 3: reconstruction error (N-MPJPE).

Dir. Disc. Eat Greet Phone  Photo Pose Purch.

Pavllo et al. [28] 36.0 39.1 314 35.6 33.5 38.0 40.5 34.7
Ours 34.5 37.4 31.7 34.8 335 39.1 39.2 33.2

Sit. SitD.  Smoke  Wait  WalkD  Walk WalkT Avg
Pavllo et al. [28] 41.8 41.4 34.9 36.8 34.5 26.4 27.1 35.5
Ours 40.1 40.9 33.9 354 343 26.6 27.7 34.8

Table 4. Velocity error over the generated 3D poses on Human 3.6M.

Dir. Disc. Eat Greet Phone  Photo Pose Purch.

Pavllo et al. [28] 1.92 1.97 1.48 2.27 1.42 1.79 1.85 2.16
Ours 1.92 1.94 1.45 2.24 1.39 1.75 1.80 2.11

Sit. SitD.  Smoke  Wait  WalkD  Walk  WalkT Avg
Pavllo et al. [28] 1.11 1.53 1.40 1.59 2.68 2.29 1.91 1.83
Ours 1.07 1.49 1.37 1.56 2.64 2.27 1.90 1.79

5.3. Results based estimated 2D Pose

In order to test performance of regressing the 3D pose directly from the 2D image, we employed a
Cascade Pyramid Network (CPN) [38] as the 2D detector in the two-stage model, and the predicted 2D
skeletons’ sequence is input to the 3D estimator. Table 5 compares the proposed model with the state-of-the-
art models, where “U” is the model with multi-stage supervision, and “U+L” is the model with multi-stage
supervision and geometry constraints. Our method achieved the best result on almost all the actions. For the
actions “Phone” and “Photo”, our model performs worse than the baseline model. For these two actions, the
kinematics feature is not as obvious as other actions in both spatial and temporal domain, especially for the

Electronic Research Archive Volume 31, Issue 3, 1485-1497.
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action “Phone,” so our model did not show advantages. For the action “Photo,” the “U+L” model performs
better than “U”” model, which means the geometry constraints are effective for this action.

With predicted 2D pose as input, the model shows less accuracy than the model with ground-truth 2D
pose as input. As shown in Table 5, the average prediction error is reduced by about 2.3%. In comparison, the
“U+L” model shows better performance than the “U” model, and averagely achieved 0.8% improvement.
The model with “U+L” achieved the lowest error on almost all the actions. We can see that the “U+L” model
has the same number of parameters as the “U”” model but better generalization ability.

We applied the model trained on Human 3.6m to the MPI-INF-3DHP dataset, to test the model’s
generalizability. Table 6 shows the results and comparison with the state-of-the-art models. Trained
only on the Human 3.6M dataset, our model shows good generalizability, due to the general knowledge
being data independent.

Table 5. Comparison of experimental results under protocol 1 (MPJPE, bold: best,
underline: second best) on Human3.6M.

Dir. Disc. Eat Greet  Phone Photo Pose Purch.
Martinez et al. [24] 51.8 56.2 58.1 59.0 69.5 78.4 55.2 58.1

Sun et al. [39] 52.8 54.8 54.2 543 61.8 67.2  53.1 53.6
Fang et al. [25] 50.1 543 57.0 57.1 66.6 733 534 55.7
Pavlakos et al. [40] 48.5 544 544 52.0 594 653 499 52.9
Yang et al. [41] 51.5 58.9 50.4 57.0 62.1 654 498 52.7

Luvizon et al. [42] 49.2 51.6 47.6 50.5 51.8 60.3 485 51.7
Hossain and Little [26] 48.4 50.7 57.2 55.2 63.1 72.6  53.0 51.7

Lee et al. [43] 40.2 49.2 47.8 52.6 50.1 75.0  50.2 43.0
Pavllo et al. [28] 45.2 46.7 433 45.6 48.1 55.1 446 443
Liu et al. [14] 46.3 52.2 47.3 50.7 55.5 67.1 492 46.0
Xu and Takano [15] 45.2 49.9 47.5 50.9 54.9 66.1 485 46.3
Ours (U) 44.6 46.5 43.0 45.4 48.4 573 439 43.7
Ours (U+L) 44.3 46.1 42.5 45.2 48.4 56.0 43.9 43.5

Sit. SitD. Smoke Wait WalkD. Walk WalkT Avg.
Martinez et al. [24] 74.0 94.6 62.3 59.1 65.1 495 524 62.9
Sun et al. [39] 71.7 86.7 61.5 53.4 61.6 47.1 534 59.1
Fang et al. [25] 72.8 88.6 60.3 57.7 62.7 47.5  50.6 60.4
Pavlakos et al. [40] 65.8 71.1 56.6 52.9 60.9 447 478 56.2
Yang et al. [41] 69.2 85.2 57.4 58.4 43.6 60.1 477 58.6

Luvizon et al. [42] 61.5 70.9 53.7 48.9 57.9 444 489 532
Hossain and Little [26] 66.1 80.9 59.0 57.3 62.4 46.6  49.6 583

Lee et al. [43] 55.8 73.9 54.1 55.6 58.2 433 433 52.8
Pavllo et al. [28] 57.3 65.8 47.1 44.0 49.0 32.8 339 46.8
Liu et al. [14] 60.4 71.1 51.5 50.1 54.5 403 437 52.7
Xu and Takano [15] 59.7 71.5 514 48.6 53.9 399 441 51.9
Ours (U) 56.6 64.3 47.0 43.9 49.2 32.7 337 46.7
Ours (U+L) 56.7 64.6 45.6 43.6 48.9 32.6 33.7 46.4

Electronic Research Archive Volume 31, Issue 3, 1485-1497.
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Table. 6 Results on the MPI-INF-3DHP test set.

Training Data GS noGS Outdoor éléK) l(éilU Q)
Martinez et al. [24] Human3.6M 49.8 42.5 31.2 42.5 17.0
Zhou et al. [44] Human3.6M+MPIl  75.6 71.3 80.3 75.3 38.0
Xu and Takano [15] Human3.6M 81.5 81.7 75.2 80.1 45.8
Ours (U) Human 3.6M 81.7 81.6 75.4 80.2 46.0
Ours (U+L) Human3.6M 81.6 81.7 75.0 80.1 45.8

5.4. Results visualization

In addition to the above quantitative experimental results, we also visualize the 3D pose results for the
Human3.6M dataset. Figure 2 shows the prediction effects of some actions, including eating, talking on the
phone and smoking. It can be seen from the figure that the proposed model effectively restores the human

pose in 3D space with a high prediction accuracy.

(c) Smoking

Figure 2. The visualized prediction results of some typical action in the Human3.6M database.

Electronic Research Archive
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6. Conclusions

For 3D pose estimation, this paper proposed developing human kinematics in two ways. First, we
employed the temporal convolution network to extract the temporal continuity and supervised by
constructing multi-stage intermediate connections to alleviate gradient vanishing. Second, we
introduced geometry constraints to improve the model generalizability. When tested on two public
datasets, the proposed model showed comparable performance with the state-of-the-art models.
Developing human kinematics is important information for a data-driven model. This paper presents
a preliminary study, and developing more kinematics will provide the data-driven model with more
effective prior knowledge, which is also our future work.
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