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Abstract. 3D human pose estimation is a vital task in computer vi-
sion, involving the prediction of human joint positions from images
or videos to reconstruct a skeleton of a human in three-dimensional
space. This technology is pivotal in various fields, including anima-
tion, security, human-computer interaction, and automotive safety,
where it promotes both technological progress and enhanced human
well-being. The advent of deep learning significantly advances the
performance of 3D pose estimation by incorporating temporal infor-
mation for predicting the spatial positions of human joints. However,
traditional methods often fall short as they primarily focus on the
spatial coordinates of joints and overlook the orientation and rota-
tion of the connecting bones, which are crucial for a comprehensive
understanding of human pose in 3D space. To address these limita-
tions, we introduce Quater-GCN (Q-GCN), a directed graph convo-
lutional network tailored to enhance pose estimation by orientation.
Q-GCN excels by not only capturing the spatial dependencies among
node joints through their coordinates but also integrating the dynamic
context of bone rotations in 2D space. This approach enables a more
sophisticated representation of human poses by also regressing the
orientation of each bone in 3D space, moving beyond mere coordi-
nate prediction. Furthermore, we complement our model with a semi-
supervised training strategy that leverages unlabeled data, addressing
the challenge of limited orientation ground truth data. Through com-
prehensive evaluations, Q-GCN has demonstrated outstanding per-
formance against current state-of-the-art methods. The full version
of this paper, along with the code and data, can be found at [39].

1 Introduction

3D human pose estimation is a critical task aimed at predicting the
spatial positions of human joints within three-dimensional space.
This process is foundational for various applications, including ac-
tion recognition [48, 16], synthetic data augmentation [41], and 3D
reconstruction [31, 22]. The task of 3D human pose estimation can be
categorized based on viewpoint settings into multi-view and monoc-
ular views. The monocular view, in comparison to the multi-view
approach, offers advantages in terms of lower equipment costs and
greater flexibility for real-world applications. However, the reduced
accuracy of monocular estimation presents significant challenges,
thereby garnering increased interest.

Recently, the development of deep learning model has signifi-
cantly improved the outcomes of 3D human pose estimation [50,
24, 32, 27]. Current deep learning-based techniques fall into two
main categories: one-stage methods [26, 28, 45] and 2D-to-3D meth-
ods [21, 27, 32]. One-stage methods directly derive the 3D coor-

dinates to construct the human pose from images in an end-to-end
manner. Conversely, 2D-to-3D methods initiate by estimating the 2D
pose from the input image, which is then extrapolated into 3D space.
Comparing to one-stage methods, the superior performance of 2D-
to-3D methods is attributed to advancements in 2D human pose de-
tection and the leveraging of temporal information across multiple
frames. Moreover, the intermediate 2D pose estimation stage signif-
icantly lowers the data volume and simplifies the complexity of the
3D estimation task. Thus, we are motivated to explore the potential of
enhancing 3D human pose prediction through high-quality estimated
2D pose data.

However, traditional deep learning models for 2D-to-3D pose lift-
ing focus on the spatial coordinates of joints solely which do not ex-
plicitly model the orientation or the rotation of the bones connecting
these joints. This orientation information is crucial for understand-
ing the pose in three-dimensional space, as it provides insights into
the direction in which a limb is facing or moving. In addition, for
complex scenarios where multiple body parts are closely interacting
or occluded, the lack of orientation information can lead to ambigu-
ities that are difficult to resolve based on position information alone.
These ambiguities can result in less robust pose estimations in chal-
lenging situations (see Section 4 for details).

Therefore, determining the optimal model architecture to en-
code the structural information of human body, including both po-
sition and orientation information, is our primary focus. Within the
domain of 2D-to-3D pose estimation approaches, recent advance-
ments in deep learning can be categorized into three distinct archi-
tectures: Temporal Convolutional Networks (TCN)-based architec-
tures [32, 21], Transformer architectures [20, 52, 19], and Graph
Convolutional Networks (GCN)-based architectures [50, 13, 53].
Comparing to another two kinds of architectures, GCN-based archi-
tecture stand out for their ability to explicitly maintain the structural
integrity of both 2D and 3D human poses throughout the convo-
lutional process, and a more parameter-efficient process, especially
when dealing with graph-structured data both on coordinate and ori-
entation. These distinctive capabilities of GCN-based models to con-
serve the pose structure during estimation highlights their potential
for achieving more refined outcomes in 3D pose estimation tasks (see
Section 2 for details).

In this paper, we introduce an innovative Directed Graph Convo-
lutional Network, named Quater-GCN (Q-GCN). The Q-GCN not
only captures spatial dependencies by analyzing the positions of each
node joint but also integrates dynamic context through examining the
rotation of each bone in the 2D space. Similarly, as for pose construc-
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tion, our method extends beyond solely predicting the coordinates of
each joint, it also infers the orientation of each bone in 3D space,
crafting a more sophisticated pose representation.

However, regressing the prediction using insufficient orientation
ground truth proves challenging. Additionally, calculating the 4D
Orientation of each bone joint using only the 3D coordinates of each
joint node can be challenging and typically yields incomplete results
due to the absence of directional information in space [8]. More-
over, gathering precise orientation data typically requires an expen-
sive motion capture setup [32]. Therefore, we have developed a semi-
supervised training strategy that effectively uses unlabeled data by
mapping the predicted 4D Orientations back to the rotations in 2D
space of each bone joint.

The primary contributions of our work can be summarized in
three key aspects: (1) The introduction of a distinctive 2D-to-3D
pose lifting method that incorporates bone joint orientations, sig-
nificantly enhancing model performance. (2) The development of a
semi-supervised training approach, ingeniously leveraging unlabeled
data to overcome the scarcity of orientation training data. (3) Demon-
strated improvements in 3D pose estimation accuracy over existing
state-of-the-art methods.

2 Related Work
2.1 2D-to-3D Pose Lifting

Recent advancements in 2D-to-3D pose lifting models can be catego-
rized into three primary types: TCN-, Transformer-, and GCN-based
architectures. TCN and Transformer methods are known for their
broad receptive fields, effectively processing long 2D pose sequences
through strided convolutions. TCN-based methods like [32, 21]
have enhanced pose lifting with their architecture designs. For ex-
ample, [32] introduces a semi-supervised technique called back-
projection that uses unlabeled video data to boost accuracy. [21] in-
corporates an attention mechanism and multi-scale dilated convolu-
tions to address temporal inconsistency and improve accuracy by fo-
cusing on key frames. Transformer-based approaches [20, 52, 19]
also show promise by utilizing strided structures to handle depth am-
biguities and improve spatial and temporal feature encoding. This
technique enables these models to cover the full video sequence, en-
hancing the potential for accurate pose estimation.

In contrast, GCN-based models are superior in maintaining the
structural integrity of both 2D and 3D poses, preserving joint rela-
tionships and offering parameter efficiency, especially with graph-
structured data. The foundational work on GCNs [15] and further
developments like ST-GCN [48], which introduced spatial tempo-
ral graph convolution for action recognition, and DGCN [37], which
models skeleton data as a directed acyclic graph, highlight their ca-
pabilities. Recent implementations in pose lifting [50, 13, 53, 43]
demonstrate GCNs’ versatility. Notably, [13] and [50] explore ad-
vanced graph convolutional techniques that address dynamic joint
dependencies and enhance local feature detection, while [53] focuses
on learning semantic relationships between nodes.

2.2 Orientation-based Motion Representation

The concept of orientation first emerged in human motion repre-
sentation through mesh generation tasks. The Skinned Multi-Person
Linear model (SMPL) [22] serves as a foundational approach in
human motion capture, introducing orientation-based representation
of the human body. Inspired by SMPL, subsequent models such as

CAPE [25], MANO [34], SMPL-X [31], and STAR [29] have ex-
tended the framework to include detailed body shape modeling, fa-
cial expressions, hand movements, and the depiction of clothed hu-
man figures.

In the realm of non-parametric models, OriNet [23] employs limb
orientations to depict 3D poses, coupling the orientation with the
bounding box of each limb region to enhance the correlation between
images and predictions. Yet, the orientation error does not regress
through iteration. [8] presents an innovative method for estimating
the complete position and rotation of skeletal joints. It utilizes virtual
markers to provide ample data, allowing for the accurate deduction
of rotations with straightforward post-processing steps.

In 3D human pose estimation task, [9] first proposes a framework
based on Mask Region-based Convolutional Neural Networks (R-
CNN) and extended to integrate the joint feature, body boundary,
body orientation and occlusion condition together. PONet [44] then
estimates the 4D Orientation of these limbs by taking advantage of
the local image evidence to recover the 3D pose. Similarly, PedRec-
Net [2] supports body and head orientation estimation based on full
body bounding box input.

2.3 Semi-supervised Training

Semi-supervised learning combines a small amount of labeled data
with a large amount of unlabeled data during training. In the context
of pose representation, Generative Adversarial Networks (GANs) are
valuable for data augmentation, helping to distinguish realistic poses
from unrealistic ones in datasets where only 2D annotations are avail-
able. For instance, [40] employs GANSs to work with unpaired 2D/3D
datasets and includes a 2D projection consistency term to ensure ac-
curacy. [49] introduces a novel multi-source discriminator that dif-
ferentiates between predicted 3D poses and ground-truth data from
real-world images. Additionally, [6] describes a weakly supervised
method for 3D pose estimation using an adversarial setup with a new
Random Projection layer. [30] recommends using the ordinal depths
of human joints as a minimal supervision signal to make use of the
variety found in 2D human pose datasets. Simultaneously, [32] de-
tails back-projection, an effective semi-supervised training method
that utilizes unlabeled video data to train GCNs for 3D pose estima-
tion using TCN.

3 Methodology

This section introduces the whole structure of Quater-GCN (Q-GCN)
and the semi-supervised training strategy we employ. Q-GCN ex-
tracts both temporal information from position of node joint and
rotation from bone joint with a sequence, and reconstructs a more
sophisticated human pose representation by 3D coordinates and ori-
entations. Figure 1 shows the whole architecture of the model. The
input of Q-GCN are the 2D keypoint coordinates estimated from a
video, and the 2D bone joint rotations derived from these coordi-
nates. The output of Q-GCN are the 3D positions of each node joint
and the orientations of each bone joint.

3.1 Graph Configuration

In 2D space, node joint positions can be represented as coordinate
sequence within a video as P = {p¢,; € RQ\t =12,...,T;n =
1,2,...,N}, where T and N represent the number of frames in the
sequence and the number of node joints in the human skeleton, re-
spectively. We also incorporate a sequence of rotations for each bone
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Figure 1. Whole architecture of Q-GCN. Q-GCN begins by dividing the input 2D pose sequence into node coordinates and bone rotations, which are
represented as vertices and edges in a directed graph, respectively. It then extracts spatial-temporal features from these vertices and edges, incorporating a
residual connection with each convolution operation. Following this feature extraction, Q-GCN reconstructs the human 3D pose and 4D orientation using a
fully-connected (FC) layer that includes a Squeeze and Excitation (SE) block.
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Figure 2. Whole configuration of the directed graph and the sampling
strategy in Q-GCN. In this graph, vertices and edges are organized in a
hierarchical structure, with the root node (typically the pelvis node) serving
as the initialization point. The sampling strategy is illustrated by marking the
target vertex and edge joint with a dot circle, while different colors on the
joints indicate the subsets they belong to, as defined by the sampling strategy.

joint within the 2D coordinate space, expressed as R = {7 €
R?*t = 1,2,3,...,T;b = 1,2,3,..., B}, where B denotes the
number of bone joints, and 7; 5 contains a 2-tuple of the cosine and
sine values of the rotation angle § € [—m, x| for each bone joint b,
starting from the initial position. All rotations are defined within the
Local Coordinate System (LCS). In LCS, the origin point is estab-
lished at the parent node of each bone, with the initial position (0
degrees) aligned with the direction in which the parent bone extends
from this origin. Utilizing LCS is crucial as it preserves the spatial
relationships between a bone joint and its parent.

Despite with the ignorance of the kinematic dependencies between
joint and bones from the previous GCNs, we represent the skele-
ton data of human pose as a directed acyclic graph (DAG) inspired
by [37], with each key node joint as vertex while each key bone joint
as edge, as shown in Figure 2. We define this directed graph as G =
{(ve,ed)|t = 1,2,..., T} where vy, = {venlt =1,2,...,T;n =

1,2,...,N},and ex = {ewp|t = 1,2,...,T;b =1,2,3,...,B}
represent the sets of key node joints and bone joints respectively. The
features of vertex v;,, and edge e ; are initialized with their respec-
tive 2D coordinates p;, ,, and rotations 7 .

Q-GCN predicts both 3D positions and orientations to reconstruct
human pose representation. The 3D coordinates of the node joints in
a human pose are denoted as P = {p, € R*|n = 1,2,...,N}.In
addition, we represent the output orientations in 3D space using 4D
Quaternions, expressed as Q = {q, € R*|b=1,2,3,..., B} along
with the root coordinate in 3D space, Proor € R>. Quaternions are
preferred because they not only avoid Gimbal lock but require fewer
dimensions compared to a 6D matrix [8]. Similar to the rotations in
the 2D system, orientations in 3D space are defined within the LCS.
The relative orientation of a child bone joint to its parent is calculated
using the Quaternions in the World Coordinate System (WCS) as
follows:

GenitdiLes = In0(Qparentiwes) X Qenitdwes (D

where Inv(q) denotes the inverse of the Quaternion g, and x denotes
Quaternion multiplication. This design enhances the understanding
of the internal dynamics and dependencies exerted from parent node
to child node, as established by prior research [13].

3.2 Feature Extraction

Similar to [48], we first implement a basic spatial-temporal graph
convolution block to extract the features both for positions of node
and rotations of bones within the graph.

3.2.1 Sampling Strategy

We define a neighbor set 3;, as a spatial graph convolutional filter for
vertex v¢,n, and set By for edge e: . Consequently, for the convolu-
tional filter of vertex, we define four distinct neighbor subsets: (1) the
vertex itself; (2) the subset of parent vertices, which includes vertices
that directly point to the target vertex (closer to root vertex); (3) the
subset of child vertices, which comprises vertices directly pointed by
the target vertex; and (4) the subset of symmetrical vertices. The in-
clusion of the symmetrical vertex subset addresses the issue of pen-
dant vertices (also known as leaf vertices), such as the left or right
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hand, which do not have child vertex. Relying solely on the feature
extraction of its parent vertex can result in a poor global representa-
tion [50]. In addition, for the convolutional filter for edges, similar to
vertices, we also define four distinct neighbor subsets: (1) the edge
itself; (2) the subset of parent edge, which includes edges directly
point to the target vertex; (3) the subset of child edges, which are
the edges directly pointed by the target edge; and (4) the subset of
articulating edges. The inclusion of the articulating edge subset ad-
dresses the specific needs of edges like the left (or right) shoulder or
neck (pink bone joints in Figure 2). These bone joints start from the
root node and are articulated with one another, sharing close spatial
dependencies. Therefore, the kernel size K is set to 4 both for vertex
and edge filters, corresponding to the 4 subsets.
To implement the subsets, mappings h{ , — {0,..., K — 1} and
t» —{0,..., K —1} are used to index each subset with a numeric
label. Therefore, this convolutional operations of vertex and edge can
be written as

f;’ut ('Ut,n) =

1 v v v
g 7 m(Ut,n’)W ( t,n(vt,n/)) (2)
t,n/

v
Vit €BR

Forleen) = 3 S Foalen )W (ip(ony)) )

Z
et,b’GBE t,b

where the functions f2, (vin/) : Vi — R? and ff,(espr)
ey — R? denote the mappings that retrieve the attribute features
of neighbor node joint v, ,,» and neighbor bone joint e; ; of vt
and e p respectively. Note that the attribute features encapsulate both
position of nodes and rotation of bone joints. Z; . and Z, ;s serve
as normalization factors, equal to the cardinality of their respective
subsets. The weight functions W (h¢,n (vt,,,)) and W€ (hyp(ve 7))
correspond to the mappings for B;, and ; respectively, which are
implemented by indexing a (2, K) tensor.

3.2.2 Dependency Representation

Within a pose frame, the graph convolution, as determined by the
sampling strategy, is consistently implemented using adjacency ma-
trices [50, 16, 13]. Accordingly, for a directed graph containing N
vertices and B edges, we define an N x N adjacent matrix A" for the
vertices and a B x B adjacent matrices A° for edges. The elements of
these matrices represent the relationships between the corresponding
vertices or edges, facilitating the propagation of information through
the graph based on these defined connections.

However, an adjacency matrix that lacks hierarchical spatial infor-
mation is not adequate for representing the directed edges within a
directed graph. Inspired by [37], we employ incidence matrices for
both vertices and edges to address this limitation. Furthermore, we
define two N x B incidence matrices P and C", where the ele-
ments indicate whether a given edge is the parent or child edge of a
vertex. Similarly, we define two B x N incidence matrices P¢ and
C*, to specify whether a vertex is the parent or child of an edge.
For instance, for a parent edge (or vertex) of a vertex v, (or an edge
ep), the corresponding element in the parent incidence matrix P (or
P°) is set to 1. Conversely, for its child edge (or vertex), the corre-
sponding element in the child incidence matrix C” (or C°) is set to
1, with all other elements set to 0. This structure enhances the graph
representation by clearly defining and utilizing the hierarchical rela-
tionships between vertices and edges within the data.

3.2.3 Adaptive Representation

Inspired by [18], we also incorporate an adaptive design to enhance
the flexibility of the ST-GCN block. Specifically, utilizing K spatial
sampling strategies, we employ the sum of the incidence matrices for
vertices, > 1" A}, and for edges, >_r ' Af. This allows for the
implementation of Equations 2 and 3 using these matrices as follows:

x

H; = ) [A}, P}, CiF; W} 4)

>
Il
<)

X

H; = ) [A}, Py, CiFiWy ®

B
Il
<}

where Ay = Aé AkAé represents the normalized adjacency ma-
trix of A, for both vertices and edges. Following the approach used
in [15], A} = 3, (A}") + o forms a diagonal matrix, with « set
to 0.001 to prevent empty rows. [-] denotes the concatenation oper-
ation. Wy, represents the weighting function for Equations 2 and 3,
corresponding to a weight tensor of the 1 X 1 convolution operation.
F';. specifies the attribute features of all the neighbor joints sampled
into the subset k. This structured approach facilitates comprehensive
spatial-temporal feature extraction, essential for dynamic pose esti-
mation tasks.

Therefore, each convolution layer in Q-GCN is implemented using
a1l x T classical 2D convolution layer, where 1" represents the tem-
poral kernel size. The output from this layer, H:, is sequentially pro-
cessed through a batch normalization layer, which is followed by a
ReLU activation layer, and then a dropout layer, collectively forming
a single convolutional block. Additionally, a residual connection [10]
is integrated in each convolution layer to enhance the learning pro-
cess.

3.3 Pose and Orientation Construction

For pose and orientation construction, drawing inspiration from [12,
1], we initially employ a Squeeze and Excitation (SE) block to recal-
ibrate the channel-wise features for both coordinates and rotations.
This enhances the model’s sensitivity to informative features for
both pose and orientation. Subsequently, we utilize a fully-connected
layer to integrate multi-scale feature maps, which helps in predicting
the final 3D poses with enhanced accuracy. In terms of orientation,
the process begins by concatenating the rotation features with the
predicted 3D coordinates. This concatenated output is then processed
through two fully-connected layers. Between these layers, we insert
a batch normalization layer followed by a ReLU activation layer. The
complete architecture of Q-GCN is illustrated in Figure 1.

3.4 Semi-supervision Strategy

Inspired by [32], we introduce a semi-supervised training strategy to
address the shortage of labeled ground truth of Quaternion regression
of orientation. Figure 3 illustrates this strategy, which integrates both
supervised and unsupervised components. Initially, in the supervised
phase (first half batch), we feed Q-GCN with labeled 2D node co-
ordinates and labeled 2D bone rotations. For the loss functions, we
utilize the mean per-joint position error (MPJPE) loss [32] to regress
the predicted 3D node coordinates based on the ground truth. To ac-
curately regress the predicted 4D bone Quaternions, we develop an
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Figure 3. Semi-supervised training strategy for orientation regression. The
unlabeled 2D rotations in the latter half of the batch are regressed using
projected 2D rotations. These projections are derived from combining the
predicted 4D orientations with the predicted 3D positions, both of which are
initially trained using labeled data during the first half of the batch.

Average Angular Distance (AAD) loss function aimed at minimiz-
ing the angular distance between the ground truth and the predicted
values:

Eangula'r = ?

D:J \

T B
ZZ arccos (Re(g,p X conj(qep)) (6)

where G; » and g, represent the ground truth and predicted Quater-
nion of bone joint b at frame ¢, respectively. The functions Re(-)
and conj(+) return the real part and the conjugate of a Quaternion,
respectively.

In the unsupervised phrase (last half batch), which deals with unla-
beled 2D bone rotations and corresponding labeled coordinates, we
first use the model, trained with the initial batch, to predict the 4D
bone orientations and corresponding 3D node coordinates. Following
this, we integrate the predicted 3D coordinates with the 4D Quater-
nions to facilitate the computation of the 2D rotation projection. This
setup allows us to regress the unlabeled data with these projections
using a 2D AAD loss:

T B
ﬁiggular ?E Z Z ot,b - et,b‘ (7)
t=1 b=1

Where ét,b and 6, ;, denote the ground truth and the predicted rotation
angle of bone joint b at frame ¢.

4 Experimental Results
4.1 Datasets and Evaluation

Our method is assessed using three public datasets, with Hu-
man3.6M [14] and HumanEva-I [38] focusing on human major-part
keypoints, while H3WB [56] on human whole-body keypoints. Con-
sistent with established practices in prior research [50, 32, 13], our
training on Human3.6M involves data from subjects S1, S5, S6,
S7, and S8, with testing conducted on subjects S9 and S11. For
HumanEva-I, we use data depicting the actions “walk” and “jog”
performed by subjects S1, S2, and S3, applying it to both training
and testing. In the case of H3WB, we adhere to the settings outlined

in [56], utilizing a training set of 80k 2D-3D pairs and testing on half
of the total available test samples.

Our evaluation protocols include the Mean Per-Joint Position Er-
ror (MPJPE) and the Pose-aligned MPJPE (P-MPJPE), also referred
to as Protocol#1 and Protocol#2, respectively. For Human3.6M,
both protocols are implemented, whereas for HumanEva, we solely
apply Protocol#2. In addition, considering the sparse research on
orientation evaluation [33], we empoly our mean Average Angular
Distance (mAAD) loss for assessment, as detailed in Equation 6.

4.2 Implementation Details

For 2D pose detection, we apply the methodologies utilized in Hu-
man3.6M and HumanEva as detailed in [13], using CPN [4] and
MRCNN [11] respectively for detection. Additionally, we conduct
experiments with ground truth (GT) 2D pose detection for all three
datasets, noting that H36W is evaluated solely on the GT 2D whole-
body pose due to its extensive keypoint coverage.

Regarding model settings, we adapt the sizes of the graph con-
volutional filters to match the structure of the 2D pose, with filters
set to accommodate 17 node and 16 bone joints in Human3.6M and
16 node and 15 bone joints in HumanEva, respectively. For H3WB,
due to the extensive number of keypoints, we categorize the whole-
body keypoints into distinct groups: body, face, left hand, and right
hand. Each group’s filter size in our model is specifically tailored to
match the number of node and bone joints associated with that par-
ticular body part. For example, in the configuration for the right hand
within H3WB, the filters for vertex and edge are set to 21 and 20,
respectively, corresponding to the 21 node joints and 20 bone joints
that comprise the right hand. To assess the efficacy of the proposed
model, particularly in orientation construction and semi-supervised
learning, additional ablation experiments are performed on the Hu-
man3.6M dataset.

In terms of hyperparameters, batch sizes are set at 512 for Hu-
man3.6M, 256 for HumanEva-I, and 128 for H3WB, in line with [50,
56]. Consistent with [50], the ranger optimizer is used, and the model
is trained using the MPJPE loss for 80 epochs for Human3.6M and
1000 epochs for HumanEva-I, starting with an initial learning rate
of 0.01. The dropout rate is maintained at 0.25, and data augmenta-
tion via horizontal flipping is applied during both training and testing
phases.

4.3 Comparable Results

Tables 1 and 2 showcase comparisons of Q-GCN against state-of-the-
art (SOTA) methods on the Human3.6M dataset under Protocol#1
and Protocol#2, respectively. For the HumanEva dataset, Table 3
displays results under Protocol#2 alongside other SOTA methods.
Overall, Q-GCN surpasses these methods in terms of average re-
sults across both evaluation protocols, achieving the lowest average
MPIJPE loss on Human3.6M with 2D GT pose as input, and the low-
est P-MPJPE loss on Human3.6M and on HumanEva when using
both detected 2D poses (by MRCNN) and 2D GT poses. Particularly
with GT pose inputs, Q-GCN demonstrates substantial performance
improvements across nearly all action classes. Additionally, GLA-
GCN [50], which also incorporates temporal information within a
GCN-based model, achieves superior outcomes comparing to other
methods. This highlights the crucial contribution of temporal infor-
mation and GCN-based architecture in capturing the dynamics of hu-
man movement over time and the relational dependencies between
body parts, essential for accurate 3D pose estimation. However, as
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Method Dir. Disc. Eat. Greet Phone Photo Pose Purch. Sit SitD.  Smoke  Wait  WalkD. Walk  WalkT. Avg.
Martinez et al. [27] ICCV’17) 518 562 581  59.0 69.5 784 552 58.1 740  94.6 62.3 59.1 65.1 495 524 62.9
Fang et al. [7] (AAAI'18) 50.1 543 570 57.1 66.6 73.3 534 55.7 72.8  88.6 60.3 57.7 62.7 475 50.6 60.4
Pavlakos et al. [30] (CVPR’18) 485 544 544 520 594 653 499 529 65.8  71.1 56.6 529 60.9 447 47.8 56.2
Leeetal. [17] (ECCV’18) 402 492 478 526 50.1 750 502 43.0 558 739 54.1 55.6 58.2 433 433 52.8
Zhao et al. [53] (CVPR’19) * 473 607 514 605 61.1 499 473 68.1 86.2  55.0 67.8 61.0 42.1 60.6 453 57.6
Cietal. [5] ICCV’19) 46.8 523 447 504 529 689 496 46.4 60.2 789 51.2 50.0 54.8 40.4 433 52.7
Pavllo et al. [32] (CVPR’19) 452 467 433 456 48.1 55.1 44.6 443 573 658 47.1 44.0 49.0 328 33.9 46.8
Cai et al. [3] ICCV’19) f * 446 474 456 488 50.8 590 472 439 579 619 49.7 46.6 513 37.1 394 48.8
Xu et al. [46] (CVPR’20) T 374 435 427 427 46.6 59.7 413 45.1 527 602 45.8 43.1 47.7 33.7 37.1 45.6
Liu et al. [21] (CVPR’20) ¥ 41.8 448 411 449 474 54.1 43.4 422 562 63.6 453 435 453 31.3 322 45.1
Zeng et al. [51] (ECCV’20) T 46.6 47.1 439 416 45.8 49.6 465 40.0 534 6l.1 46.1 42.6 43.1 315 32.6 44.8
Xu and Takano [47] (CVPR’21) * 452 499 475 509 54.9 66.1 48.5 46.3 59.7 715 51.4 48.6 539 399 44.1 51.9
Zhou et al. [55] (PAMI'21) ¥ 385 458 403 549 39.5 459 392 43.1 49.2 711 41.0 53.6 445 332 34.1 45.1
Li et al. [20] (CVPR’22) f 392 43.1 401 409 449 512 40.6 41.3 535 603 43.7 41.1 43.8 29.8 30.6 43.0
Shan et al. [36] (ECCV’22) ¥ 389 427 404 411 45.6 49.7 409 39.9 555 594 44.9 422 4.7 29.4 29.4 42.8
Yu et al. [50] ICCV°23) f * 413 443 408 418 459 54.1 42.1 415 57.8 629 45.0 42.8 459 29.4 299 444
Our Q-GCN (T=243, CPN) ¥ * 41.1 433 404 413 449 532 417 411 549 652 43.5 41.3 42.7 29.1 29.2 435
Martinez et al. [27] ICCV’17) 377 444 403 4211 48.2 549 444 42.1 546  58.0 45.1 46.4 47.6 36.4 404 455
Lee et al. [17] (ECCV’18) 321 366 343 378 445 499 409 362 441 456 353 359 30.3 37.6 355 384
Zhao et al. [53] (CVPR’19) 378 494 376 409 45.1 414 40.1 483 50.1 422 53.5 443 40.5 473 39.0 43.8
Cietal. [5] (ICCV’19) 363 388 297 378 34.6 425 39.8 325 362 395 34.4 38.4 382 31.3 342 36.3
Liu et al. [21] (CVPR’20) ¥ 345 371 336 342 329 37.1 39.6 35.8 40.7 414 33.0 33.8 33.0 26.6 26.9 34.7
Xu and Takano [47] (CVPR’21) * 358 381 310 353 35.8 432 373 31.7 384 455 354 36.7 36.8 27.9 30.7 35.8
Zheng et al. [54] ICCV’21) ¥ 300 336 299 310 30.2 333 34.8 314 37.8  38.6 31.7 31.5 29.0 233 23.1 31.3
Li et al. [20] (CVPR’22) ¥ 277 321 291 289 30.0 339 330 312 370 393 30.0 31.0 294 222 23.0 30.5
Shan et al. [36] (ECCV’22) f 285 30.1 286 279 29.8 332 313 27.8 36.0 374 29.7 29.5 28.1 21.0 21.0 293
Yu et al. ICCV’°23) F * 265 272 292 254 28.2 317 295 269 37.8 399 29.9 27.0 27.3 20.5 20.8 28.5
Our Q-GCN (T=243, GT) 1 * 261 268 288  26.1 28.5 311 299 26.4 37.1 394 29.6 28.1 283 20.7 20.2 28.5

Table 1.

Reconstruction error on Human3.6M under Protocol# 1. Top table: 2D pose sequences detected by CPN as input. Bottom table: 2D pose
sequences with GT as input. () uses temporal information. (*) uses GCN-based model. Lower is better, best in bold, second best underlined.

Method Dir.  Disc. Eat. Greet Phone Photo Pose Purch. Sit  SitD.  Smoke  Wait  WalkD. Walk  WalkT. Avg.
Martinez et al. [27] ICCV’17)  39.5 432 464 470 51.0 56.0 414 406 565 694 49.2 45.0 49.5 38.0 43.1 477
Fang et al. [7] (AAAT’18) 382 417 437 449 48.5 553 402 382 545 644 472 443 473 36.7 41.7 457
Pavlakos et al. [30] (CVPR’18) 347 398 41.8 38.6 425 475 380 36.6 507 568 42.6 39.6 439 32.1 36.5 41.8
Lee et al. [17] (ECCV’18) ¥ 349 352 432 426 46.2 550 376 38.8 509 673 489 352 31.0 50.7 34.6 434
Cai et al. [3] (ICCV’19) 1 * 357 378 369 407 39.6 452 374 345 469 501 40.5 36.1 41.0 29.6 332 39.0
Pavlloetal. [32] (CVPR’19) f 341  36.1 344 372 36.4 422 344 336 450 525 37.4 33.8 37.8 25.6 27.3 36.5
Xu et al. [46] (CVPR’20) 310 348 347 344 36.2 439 316 335 423 490 37.1 33.0 39.1 26.9 319 36.2
Chen et al. [4] ICCV’20) 329 352 356 344 36.4 427 312 325 456 502 37.3 32.8 36.3 26.0 239 355
Liu et al. [21] (CVPR’20) 323 352 333 358 359 415 332 327 446 509 37.0 324 37.0 252 272 35.6
Shan et al. [35] (MM 21) § 325 362 332 353 35.6 421 326 319 426 479 36.6 32.1 34.8 242 25.8 35.0
Shan et al. [36] (ECCV’22) 313 352 329 339 354 393 325 315 446 482 36.3 329 344 238 239 344
Yu et al. [50] ICCV’23)  * 324 353 326 342 35.0 42.1 321 319 455 495 36.1 324 35.6 23.5 24.7 34.8
Our Q-GCN (T=243,CPN) + *  31.1 349 324 337 36.3 428 316 312 447 486 36.9 324 354 24.1 24.4 34.7
Martinez et al. [27] (ICCV’17) - - - - - - - - - - - - - - - 37.1
Cietal. [5] (ICCV’19) 246 286 240 279 27.1 31.0 280 250 312 351 27.6 28.0 29.1 243 26.9 279
Yu et al. [50] (ICCV°23) T * 202 219 217 199 21.6 247 225 208 286 331 22.7 20.6 20.3 159 16.2 22.0
Our Q-GCN (T=243,GT) t * 201 214 215 203 21.1 242 212 203 272 342 21.5 214 20.0 14.8 15.1 21.6

Table 2. Reconstruction error after rigid alignment on Human3.6M under Protocol#2. Top table: 2D pose sequences detected by CPN as input. Bottom
table: 2D pose sequences with GT as input. (1) uses temporal information. (*) uses GCN-based model. Lower is better, best in bold, second best underlined.

noted in the top sections of Tables 1 and 2, actions such as Dis-
cussion (Disc), Taking Photos (Photo), Posing (Pose), and Sitting
(Sit) tend to exhibit higher errors with methods leveraging tempo-
ral information and GCN-based architecture, especially when using
detected 2D poses. This may be due to the lower movement ampli-
tude of these actions compared to others like Walking Dog (WalkD.),
Walking (Walk), and Walking Together (WalkT.), which are easier
for GCN-based models to capture due to their more pronounced dy-
namic features.

To gain deeper insights into how our method performs on differ-
ent body parts, we conducted 2D-to-3D lifting experiments on hu-
man whole-body keypoints. Table 4 presents results comparing our
Q-GCN method to state-of-the-art (SOTA) methods on the H3WB
dataset, evaluated using Protocol#1. Overall, Q-GCN consistently
achieves top performance, ranking within the top two for the low-
est error across all tests, indicating its strong capability in model-

ing complex pose structures with numerous vertices and edges. Ad-
ditionally, Table 5 details the performance of various methods in
constructing 4D orientation, evaluated using mean Average Angu-
lar Distance (mAAD). Q-GCN outperforms all competing methods,
demonstrating superior effectiveness in accurately modeling every
body part.

4.4  Ablation Studies

The ablation studies were conducted from two perspectives: the ef-
fect of different receptive fields and a component-wise comparison.
Table 6 compares various SOTA methods on the Human3.6M
dataset, applying different receptive fields to GT 2D poses under
Protocol#1. Generally, the results indicate that a larger recep-
tive field tends to yield better performance across all methods. No-
tably, Q-GCN outperforms other methods, particularly when utiliz-
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Walk Jog
Method st sz s3 s1 sz s3 A
Martinez et al. [27] (ICCV” 17) 197 174 468 269 182 186 246
Fang ct al. [7] (AAAT' 18) 194 168 374 304 176 163 230
Pavlakos etal. [30] (CVPR’1S) 188 127 292 235 154 145 190
Lee et al. [17] (BCCV’18) 186 199 305 257 168 177 215
Pavllo et al. [32] (CVPR’19) 139 102 466 209 131 138 198
Liu et al. [21] (CVPR20) 1 131 98 268 169 128 133 155
Zheng et al. [54] (ICCV’21) + 144 102 466 227 134 134 201
Lictal. [19] (TMM22) 140 100 328 195 136 142 174
Zhang et al. [52] (CVPR'22) + 127 109 176 226 158 170 161
Yu et al. [50] (ICCV?23) 1 * 125 91 269 185 127 128 154
Our Q-GON (T=27, MRCNN) # * 121 93 254 179 129 127 151
Lictal. [19] (TMM'22) 1 97 76 158 123 94 112 1LI
Yu et al. [50] (ICCV"23) 1 * 87 68 1.5 101 82 99 92
Our Q-GCN (T=27, GT) 1 * 85 64 108 107 89 96 91

Table 3. Reconstruction error after rigid alignment on HumanEva under
Protocol#2. Top table: 2D pose sequences detected by MRCNN as input.
Bottom table: 2D pose sequences with GT as input. () uses temporal
information. (*) uses GCN-based model. Lower is better, best in bold,
second best underlined.

Method All Body Face/aligned! Hand/ aligned?
SMPL-X [31] 1889 1660  208.3/23.7 1702/ 44.4
CanonPose[42]* 186.7  193.7 188.4/24.6 180.2/48.9
SimpleBaseline [27]* 1254 1257 115.9/24.6 140.7/42.5
CanonPose[42] w 3D sv.* 1177 1175 112.0/17.9 126.9/38.3
Large SimpleBaseline[27]* 1123 112.6 110.6/14.6 114.8/31.7
Jointformer [24] 883 849 66.5/17.8 125.3/43.7
Our Q-GCN 824 796 632/154 119.6/39.2

Table 4. Reconstruction error w/o rigid alignment on H3WB under
Protocol#1. (*) output normalized predictions. (Sv.) for supervision.
Lower is better, best in bold, second best underlined. MPJPE metric in mm.
All results are pelvis aligned, except T and { show nose and wrist aligned
results for face and hands, respectively.

ing larger receptive fields. However, with a smaller receptive field
(e.g., T = 27), GCN-based models show lower performance com-
pared to transformer-based models like [20], likely due to the ex-
pansive receptive field afforded by the attention mechanism of trans-
former.

Table 7 details an ablation study on key component designs of Q-
GCN, focusing on orientation construction, semi-supervised train-
ing strategies, and the use of directed graphs (implemented via in-
cidence matrices). We established a baseline model that includes
only vertex convolution and pose construction using an undirected
graph, regressed by 3D coordinates. The addition of orientation en-
tails incorporating edge convolution and orientation construction re-
gressed by 4D Quaternions. "With semi-supervision" indicates the
application of the semi-supervised training strategy, which can only
be implemented alongside orientation construction. "With directed
graph" refers to the implementation of directed graph convolution
network. The results demonstrate that the fully-equipped Q-GCN
significantly outperforms the other configurations, confirming the ef-
fectiveness of the designed components. Comparing setups #2 and
#3, itis evident that the semi-supervised training strategy effectively
addresses the lack of Quaternion annotations for orientation regres-
sion. Additionally, comparison between setups #3 and #5 shows
that with both including orientation construction, the impact of semi-
supervision is more significant than that of using a directed graph.
Comparisons among #1, #2, and #4 suggest that implementing
orientation construction yields more substantial benefits than using
a directed graph. These findings further underscore the importance
of orientation information in accurate 3D human pose estimation.

Method All Major-part  Upper-body  Lower-body = Hands
SMPL-X [31] 123 72 89 64 167
Jointformer [24] 77 66 72 49 103
GLA-GCN [50] 79 54 63 41 91
Our Q-GCN 67 32 41 27 83

Table 5. ,Reconstmction error on H3WB under mAAD loss, scaled by
103. Lower is better, best in bold, second best underlined.

Medhod Frames = MPJPE (mm)
Pavllo et al. [32] (CVPR’19) T=27 40.6
Liu et al. [21] (CVPR’20) T=27 38.9
Liet al. [20] (CVPR’22) ¥ T=27 34.3
Yu et al. [50] (ICCV’23) § * T=27 344
Our Q-GCN T * T=27 34.8
Pavllo et al. [32] (CVPR’19) T =281 38.7
Liu et al. [21] (CVPR’20) T =81 36.2
Lietal. [20] (CVPR’22) ¥ T =281 32.7
Yu et al. [50] (ICCV’23) T * T =81 315
Our Q-GCN T * T =281 319
Pavllo et al. [32] (CVPR’19) ¥ T =243 37.8
Liu et al. [21] (CVPR’20) T =243 34.7
Zhang et al. [52] (CVPR’22) ¥ T =243 21.6
Yu et al. [50] ACCV’23) f * T =243 28.5
Our Q-GCN T * T =243 21.3

Table 6. Comparison with state-of-the-art methods on Human3.6M under
Protocol#1, implemented with different receptive fields of ground truth
2D pose. (*) uses GCN model.

Human3.6M HumanEva-1
#  Method CPN GT MRCNN  GT
1  Baseline 47.1 36.5 234 11.6
2 With orientation (Lqngular) 40.2  30.1 20.9 10.7
3 With orientation & semi-supervision ~ 36.0  27.2 17.9 10.1
4 With directed graph 452 317 21.5 11.2
5  With orientation & directed graph 39.6  29.7 19.6 9.8
6  Q-GCN (With all) 347 216 15.1 9.1

Table 7. Ablation study on key designs of our Q-GCN. The results are
based on the average value of Protocol#2 implemented with 27 receptive
fields for various 2D pose detections of the Human3.6M and HumanEva-I.

5 Conclusion

In this paper, we tackle the shortcomings of current 3D pose esti-
mation methods that focus on spatial position but overlook the ori-
entation or rotation of bones, which are crucial for understanding
poses in 3D space. We introduce Quater-GCN, a novel graph con-
volutional network for 2D-to-3D pose lifting that incorporates both
orientation and position data. This approach is further refined by
a semi-supervised training strategy for 4D Quaternion regression,
providing a more sophisticated pose representation. Rigorous eval-
uations across public datasets show that Q-GCN consistently out-
performs state-of-the-art methods, especially with ground truth 2D
poses, demonstrating its robustness and accuracy. Ablation stud-
ies highlight key components like orientation regression, directed
graphs, and semi-supervised learning as significant contributors to
our system’s performance. This paper emphasizes the importance of
integrating orientation data and semi-supervised learning to enhance
3D human pose estimation.
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