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Occluded Part-aware Graph Convolutional Networks
for Skeleton-based Action Recognition
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Abstract— Recognizing human action is one of the most critical
factors in the visual perception of robots. Specifically, skeleton-
based action recognition has been actively researched to enhance
recognition performance at a lower cost. However, action recognition
in occlusion situations, where body parts are not visible, is still
challenging. We propose an occluded part-aware graph convolutional
network (OP-GCN) to address this challenge using the optimal
occluded body parts. The proposed model uses an occluded part
detector to identify occluded body parts within a human skeleton. It
is based on an autoencoder trained on a nonoccluded human skeleton
and exploits the symmetry and angular information of the skeleton.
Then, we select an optimal group constructed considering the
occluded body parts. Each group comprises five sets of joint nodes,
focusing on the body parts, excluding the occluded ones. Finally, to
enhance interaction within the selected groups, we apply an interpart
association module, considering the fusion of global and local
elements. The experimental results reveal that the proposed model
outperforms others on the occluded datasets. These comparative
experiments demonstrate the effectiveness of the study in addressing
the challenge of action recognition in occlusion situations. Our code
is publicly available at https://github.com/MJ-Kor/OP-GCN.

I. INTRODUCTION

In the field of visual perception in robotics, the challenge
of seamless human-robot interaction has emerged as a vital
problem for research and development. A critical foundation of
this interaction is the accurate recognition of human action, a
capability that supports robots in understanding and responding
intelligently to human actions. In recent years, numerous human
action recognition techniques using RGB and skeleton data have
emerged, driven by advances in deep learning technology. Among
them, skeleton-based action recognition [1]—[3] has received
considerable attention due to its potential to recognize human
actions by analyzing the skeleton data at a lower computational
cost. Moreover, recent studies [4]—[7] have employed graph con-
volutional networks (GCNSs) to extend the use of human skeleton
graphs to convolutional layers. Nevertheless, a limitation inherent
in existing studies [4]—[7] is the tendency to overlook an occlusion,
where parts of the human body become obscured. As illustrated in
Fig. 1, a three-dimensional (3D) motion capture camera mounted
on a robot [8] or 3D skeleton estimation can extract skeleton data
from a person. However, these skeleton extraction systems extract
inaccurate skeleton data when human body parts are occluded,
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Fig. 1. Results of skeleton extraction system in the nonocclusion situation (second
row) and occlusion situation (fourth row).

as if noise has been added. The first and third rows in Fig. 1
present synthetic examples of occlusion, while the second and
fourth rows show the results of extracting skeletons using 3D
skeleton estimation methods [9], [10]. Because traditional models
are sensitive to input data, the data extracted from these obscured
views are at a disadvantage compared to the original data. Thus, the
influence of occluded skeleton data on accurate action recognition
cannot be ignored, and a solution is necessary. We propose a novel
and comprehensive approach to address occluded body parts in
skeleton-based action recognition to introduce a solution. First, we
propose an occluded part detector because existing approaches fail
to account for occluded body parts. The proposed occluded part
detector is based on an autoencoder trained on typical skeleton
data. Moreover, the detector measures the inherent symmetry and
angular properties of the human body to effectively detect occluded
body parts. By measuring information from these properties, the
approach improves the accuracy and robustness of occlusion
detection. Second, we propose an occluded part-based group by
partitioning these groups based on the five body parts, considering
the results of the occluded part detector, and selecting the optimal
group. The optimal groups are constructed by excluding the oc-
cluded part detector result to retain the meaningful body parts. The
optimal group contributes significantly to action recognition in the
case of occlusion because, as depicted in Fig. 1, except for the oc-
cluded body part, the rest of the body parts are extracted normally.

Finally, we design the occluded part-aware GCN (OP-GCN),
including the occluded part-based group and occluded part
convolution (OP-Conv). In the occluded part-based group, there
may be less correlation between body parts because body parts are
constructed independently. To compensate for this, we adopt an
interpart association module to improve recognition performance
by considering the correlation between parts. Experiments are
conducted on datasets characterized by occluded body patrts to
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validate the effect of the proposed module.
The main contributions are as follows:

« We propose an occluded part detector to detect occluded
3D skeletons using an autoencoder with the joint angles
of the human body and the similarity of bone lengths in
symmetrical positions.

e We propose an occluded part-based group optimized for
occluded body parts to focus on body parts while excluding
the occluded body parts.

o We design an interpart association module using a temporal
attention map to enhance interaction between parts in a group.

II. RELATED WORK
A. Action Recognition

1) RGB-based Action Recognition: Since the performance
of deep learning has dramatically improved, several methods
have been proposed for human action recognition based on RGB
methods [11]—[14]. Lu et al. [15] proposed a two-stream adaptive
weight integration convolutional neural network (AWCNN) with
a 3D parallel attention module (PA) called PA-AWCNN. The
proposed PA-AWCNN uses the representative integrated feature
generated by attention enhancement and feature integration for
action recognition. The multiscale vision transformer [16] employs
a hierarchical design from the base transformer and a pooling layer
to create a multiscale structure. The video swin transformer [17]
uses the swin transformer [18] approach on videos, expanding its
2D window concept to a 3D version to capture temporal informa-
tion for video-related tasks. However, these approaches encounter
challenges in accurately identifying human actions because they
are sensitive to external factors, such as environmental noise (e.g.,
background color, light intensity, and attire).

2) RGB and Skeleton-based Action Recognition: Several
methods [19]—[21] have emerged that use the simultaneous fusion
of RGB and skeleton data to address external factors. Guiyu et al.
[19] proposed a neural network that uses a 3D skeleton sequence
and a single middle frame from an RGB video as input. Alban
Main et al. [20] proposed a modular network combining skeleton
and infrared data. The network uses a multilayer perceptron to
fuse and exploit RGB and skeleton data. Similarly, Xu et al. [21]
proposed bilinear pooling and attention networks, which can
effectively fuse multi modality for action recognition. Fusing RGB
and skeleton data improves recognition but requires considerable
computation and complexity.

3) Skeleton-based Action Recognition: Diverse approaches
have been devised for recognizing actions based on skeletons
to reduce computation and complexity. Initial approaches
[22]—[26] involving manual crafting of features aim to capture
joint motion patterns, inputting these features directly into
downstream classifiers. With the surge of deep learning,
subsequent techniques treat skeleton data as time series, subjecting
them to processing using recurrent neural networks [27], [28]
and temporal convolutional networks [29], [30]. However, these
approaches fail to explicitly model joint relationships, degrading
recognition performance. Methods based on GCNs have emerged
to address this limitation. As an early GCN-based application
in skeleton-based action recognition, spatial-temporal (ST)

GCN [31] employs stacked GCN blocks. Each block integrates
spatial and temporal modules. Yuxin et al.[32] proposed a
novel channelwise topology refinement GCN (CTR-GCN) to
dynamically learn topologies and effectively aggregate joint
features in various channels. Since the proposal of CTR-GCN,
many follow-up studies based on CTR-GCN have been proposed
[33]—[35]. However, these CTR-GCN-based models might fail to
recognize accurate actions because they do not consider occlusion.
Wuzhen et al. [36] proposed an occlusion-aware multistream
fusion GCN to consider occlusion. Ioannis et al. [37] proposed a
convolutional neural network trained using 2D representations of
3D skeletal motions to deal with occlusion. While these methods
consider occlusion, they do not detect occluded body parts, which
can be ambiguous in occlusion situations. We propose an occluded
part detector and an OP-GCN that uses it to remove this ambiguity.

B. Anomaly Detection

Advances in deep learning have brought several benefits to
anomaly detection, enabling features to be extracted at a higher
level than traditional methodologies and improving results. These
deep learning-based feature extraction methodologies include the
autoencoder [38], [39], 3D convolutional Network [40], and 3D
convnet autoencoder [41]. In addition, as research on anomaly
detection has expanded, recent research has focused on image
reconstruction [42]—[47]. This approach detects anomalous
events based on the error in reconstructing the input frames of
the encoder [48]. A considerable reconstruction error indicates
an anomaly, whereas a small error indicates a normal state. This
error has also found utility in skeletal video anomaly detection.
Thomas et al. [49] employed models based on long short-term
memory and the one-dimensional convolutional autoencoder to
identify anomalous human behaviors, such as falls. In addition,
Onur et al. [50] introduced a method for representing skeleton
trajectories that accounted for occlusions, and an autoencoder
framework to detect abnormal pedestrian behaviors. Satoshi et al.
[51] used a convolutional autoencoder trained on children’s skilled
gross motor actions. Motion time series images were extracted
from video-derived skeletons of kindergarten participants. These
images were input into a convolutional autoencoder trained on
normal data only. Differences between input and reconstructed
pixels were used to detect faulty body movements within
abnormal frames. However, these techniques detect abnormal
skeletal frames but may fail to determine abnormal skeletal parts.
Therefore, we propose a method using additional features from
the skeleton to determine abnormal skeletal parts.

III. METHOD
A. Overview

Fig. 2 depicts the overall block diagram of the proposed
network. Initially, we used an encoder and decoder trained in the
autoencoder format. The abnormal skeleton data are different from
the decoder results. This difference is input to the fully connected
(FC) layer, concatenated with the two measurement modules to
detect the five occluded parts. The result of the FC layer selects
the occluded part-based groups whose graphs are constructed
with edges and roots. In this case, the occluded part-based groups
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Fig. 2. Architecture of the proposed network for skeleton-based action recognition.

correspond to the occlusion of each body part. The selected group
is input into the OP-conv block by creating several adjacency
matrices. The OP-conv block generates features using the input
adjacency matrix. The generated features are input into the
temporal convolutional block. The temporal convolutional block is
based on the popular CTR-GCN [32]. After these several OP-conv
and temporal convolutional blocks, the FC layer finally recognizes
the action. The following sections describe each module in detail.

B. Occluded Part Detector

To detect occluded parts within skeleton data, we used
autoencoder-based anomaly detection. The existence of occlusion
causes noise in the skeleton data, so the proposed approach is
designed to identify abnormal patterns in skeleton data. Fig. 3
depicts the architecture of the proposed occluded part detector.
The autoencoder of the occluded part detector is only pretrained
on skeleton data with normal patterns and extracts the inherent
features of the skeleton in the absence of noise. The pretrained au-
toencoder tends to reconstruct skeleton data with abnormal patterns
similar to skeletons with normal patterns. Consequently, the noise
part of the skeleton data has a higher reconstruction error, which
can be used as an anomaly score to detect occlusion, as follows:

T=1"—12'=Dec(Enc(z')) -2/, )

where Z denotes the reconstruction error, =’ represents the input
data with linear projection, Enc(-) and Dec(-) indicate the
encoder and decoder of the autoencoder, respectively, and z”
denotes reconstruction result.

The human skeleton also has a degree of symmetry in the
length of the bones on both sides of the spine, and there are
definite limits to the range of motion of each joint. Hence, we
implemented the bone symmetry measurement module (BSMM)
and joint angle measurement module (JAMM) in Fig. 3 to use
the similarity in bone lengths that constitute bilateral symmetry
and the angles formed by the joints as supplementary features.
First, the equation for the BSMM follows:

BSMMout:H{ul,w,...,un}, @)
w;=[b—b;|, i=12,..n, 3)

b=l @

where n denotes the number of symmetrical bone pairs, b;
represents the length of bone, s; and e; are the start and end joint

nodes of the bone, and ! and r denote the left and right sides of
the skeleton. In addition, w; is the absolute difference between b
and b}, representing the similarity of the bone lengths. Note that ’]
is a concatenation operation. The BSMM uses seven symmetrica

pairs of bones: two pairs in the arms, one in the torso, and four
in the legs. The equation for the JAMM follows:

JAM Moy =||{01.05-00}, ®)
7595 Jg ]
99 zarccos(ﬂj), g:1,2,...,m, (6)
1775 1l 3g |
where m denotes the number of sets with three joint nodes, jg, j B
and jg represent the three joint nodes forming the angle, and j¢'j g%

and j _g Jg are the vectors originating from j¢* and j g . In addition,
0, represents the angle from j', jg and j/. Further, JAMM uses
two sets for each left and right arm, four for the torso, and three
for each left and right leg, resulting in 14 sets of joint nodes.
Finally, we use y, the result of concatenating &, BSM M,,;, and
JAM M, as input to the FC layer to detect the occluded parts.

C. Occluded Part-based Group

This section describes occluded part-based groups. The first
step is constructing a graph from the edges and a root tree. To
construct a tree from a given skeleton, we must determine a
starting node that allows nodes with the same set of occluded
part edges to exist in the same semantic space. Furthermore, we
determine the set of edges by adopting the five cases that can be
the subject of an action as the optimal cases [52]. For example,
in Fig. 4, if the result of the occluded part detector is the left leg,
we select Group 3 for the left leg. In this case, we start with the
end of the right foot because Group 3 is the group that determined
that the left foot is occluded. In addition, because the left foot is
occluded, there is a probability that the left arm is also not normal.
Therefore, we start with the right arm when building the edge set.

Conversely, if the right foot is occluded, we start with the end
of the left foot and follow this process. The same applies to the left
and right arms. When the torso is occluded, it is constructed from
the edge sets, excluding the torso. After selecting the start nodes,
the graph is transformed into a root tree, and we define a directed
adjacency matrix A,, € RNeXV*V with N7, hierarchical layers
for the N, occluded part edge sets. This process is formulated
as follows:
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Fig. 3. Architecture of the occluded part detector.
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Fig. 4. Architecture of occluded part-based group.

A_()p>:[5(01*>02),”',6(ON0p—1 *)ONOF)], (@)
where Oy, represents the kth node group, and 6 (O, — O41)
represents a set of edges from Oy, to Oy41.Further,Ny, and N,
denote the number of hierarchical layers and occluded part edge
sets, respectively, with Ny, equal to N,, — 1, where A,, solely
encompasses the directed centrifugal edges. For coherence with ex-
isting techniques [35], all reverse-directed edges spanning from the
leaf nodes of the rooted tree to the start node should be mirrored in
the adjacency matrices to encompass the centripetal edges. More-
over, the identity edges of each occluded part-node set must be
accounted for to obtain node-specific attributes, leading to the defi-

nition of the adjacency matrices A, € RV *NsXVXV a5 follows:
o

Aop:[51;62a"'a§NL]a (8)

©))

A=A OxUOk+1,0, = Oi41,0k41 = Oy, |,
~— ~~

Sid Scp Scf

where A, denotes the set of the three edge subsets of A(Oy U
Ok+1), A(Of, = Op41), and A(Op11 — Oy,) indicate the identity,
centripetal, and centrifugal edge subsets, respectively. Through this
construction, we create a occlusion-aware skeleton graph edges.

D. Occluded Part Convolution Block

1) Occluded Part Convolution: The representation of 3D tem-
poral skeletal data is denoted as Fjy, . € R3*TXV where V de-
notes the count of joint nodes, and 7" represents the temporal win-
dow dimension. The OP-conv comprises four parallel branch oper-
ations. These operations are the three graph convolutions using an
occluded part-based group. In the case of three of these operations,
the proposed approach performs a subset wise GCN operation sim-
ilarly to [31] for each occluded part edge set containing three edge
subsets. The output feature map of I, is expressed as follows:

‘ {I@F‘linearps}v
sesS

FY =F} (10)

edge

where F,,, denotes the output feature map of the occluded part
convolution and Fj;,.q linear denotes a linear projected feature.
The operation P, denotes to pointwise convolution for each edge
subsects. GAP in Fig. 5 denotes global average pooling.

where F,,, denotes the output feature map of the OP-Conv and
Flinear denotes a linear projected feature. The operation P
denotes the pointwise convolution for each edge subset. In Fig.
5, GAP denotes global average pooling.

2) Interpart Association Module: Although the occluded part-
based group defines more meaningful node relationships than a
conventional graph, it may still not be able to extract less corre-
lation between body parts in a group. To enhance correlation, we
adopted the interpart association module, formulated as follows:

F= H 7 (a1

keL
Fint =Y g10bat (F) -0 (Y1ocat (F)), (12)
Vgiobal (F) = Sum(F), (13)
Yiocal(F') = Ploca M ax(F), (14)

where - and o denote element-wise multiplication and sigmoid
function. In addition, F},,; represents the integrated feature map
with global and local features. Further, )410pq; indicates an opera-
tion that combines features into a global composition of elements,
Piocar denotes to pointwise convolution, and ;,.q; denotes an
operation for the temporal attention map created by the pointwise
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Fig. 5. Architecture of the occluded part-aware convolutional (OP-conv) block.

convolution of the highest value among the features. Finally, the
entire process is presented in Fig. 5 and calculated as follows:

Fout:U(Z(Q(Ent)))'Enta (15)

where z and O denote the EdgeConv and spatial average pooling
(SAP) in Fig.5 adopted in [35]. Moreover, x denotes the matrix
multiplication in Fig. 5. If the occluded part detector result has
several parts, we ensemble each part of the recognition results
to improve performance.

IV. EXPERIMENT

This section presents the experimental results and analysis. We
first introduce the experimental setup and datasets for evaluation
and training. Finally, we present a discussion and ablation
study of the proposed model based on an analysis with other
state-of-the-art methods.

A. Data

1) NTU RGB+D dataset: The NTU RGB+D dataset (NTU
60) [53] encompasses 60 distinct action categories and comprises
56 880 action sequences captured using skeletons with 25 joints.
These sequences were executed by 40 participants and recorded us-
ing three Kinect v2 cameras from diverse angles. The evaluation of
this dataset typically employs two specific methodologies in [53].

2) NTU RGB+D 120 dataset: The NTU RGB+D 120
dataset (NTU 120) [54] builds on the NTU RGB+D dataset by
incorporating an additional 57 367 sequences characterized by
60 new action classes. The recording involved three camera views
and spanned 32 distinct setups, each associated with a specific
backdrop and environment. For performance assessment, two
specific methodologies were applied, as in [54].

B. Experiment Setting

The experiments were conducted on a single RTX 3090 GPU,
and we used [35] as the foundational architecture. The training

process involved 100 epochs, with an initial five epochs using
a warm-up strategy. We applied the stochastic gradient descent
optimizer with a Nesterov momentum value of 0.9 and a weight
decay of 0.0004. The learning rate was configured to decay using
cosine annealing [55], ranging from a maximum of 0.1 to a
minimum of 0.0001 [56]. During the training phase, a batch size of
8 was employed, and we followed the data preprocessing technique
outlined in [57]. Moreover, for quantitative results, we created syn-
thetic data using preprocessed data to evaluate for occlusion. When
the arm was occluded, we added noise to the joints associated with
the arm, and when the leg was occluded, we added noise to the
joints associated with the leg. For the arm and leg, we added noise
separately for the left and right hand, respectively. We also applied
the same process the torso was occluded. For the qualitative
analysis, we used data with occlusion from the NTU 120 dataset.

TABLE I
QUANTITATIVE RESULTS WITH OTHER SKELETON-BASED ACTION
RECOGNITION ON THE NTU 60 DATASET.

X_Sub
Occlusion Left Right Left Right Torso
Part Leg Leg Arm Arm i
Accuracy Topl | Top5 [ Topl | Top5 | Topl | Top5 | Topl | Top5 | Topl [ Top5
ST-GCN [31] 420 | 764 | 402 | 742 175 | 404 25 149 1.8 13.8
CTR-GCN [32] 504 | 750 [ 525 | 775 154 [ 341 51 24.5 113 | 320
Hyperformer [34] | 69.2 | 894 | 725 [ 909 | 528 | 77.7 | 43.1 68.3 32 13.0
HD-GCN [35] 568 | 827 | 442 | 714 | 237 | 457 185 [ 393 10.1 333
OP-GCN 80.0 | 965 | 822 | 961 [ 572 | 814 | 499 | 763 | 276 | 581
X_View
Occlusion Left Right Left Right Torso
Part Leg Leg Arm Arm i
Accuracy Topl | Top5 | Topl | Top5 | Topl | Top5 | Topl | TopS | Topl | Top5
ST-GCN [31] 63.3 86.8 | 582 [ 793 127 | 315 25 13.8 2.7 150
CTR-GCN [32] 523 | 717 | 558 | 808 158 | 346 82 243 117 | 321
Hyperformer [34] | 63.9 83.3 78.2 93.5 42.0 744 51.5 734 1.9 104
HD-GCN [35] 668 | 873 | 734 | 938 144 | 335 129 | 336 8.0 233
OP-GCN 853 | 975 | 876 | 980 | 478 | 755 | 532 | 853 | 225 | 547
TABLE II

QUANTITATIVE RESULTS WITH OTHER SKELETON-BASED ACTION
RECOGNITION ON THE NTU 120 DATASET.

X_CSet
Occlusion Left Right Left Right
Part Leg Log Am Arm Torso
Accuracy Topl | Top5 | Topl | Top5 | Topl | Top5 | Topl | TopS | Topl | Top5
ST-GCN [31] 62.3 809 | 490 | 69.0 147 | 356 53 119 20 8.6
CTR-GCN [32] 515 | 796 | 549 | 814 12.1 224 6.8 16.7 84 20.0
Hyperformer [34] | 734 | 924 | 756 | 934 | 309 [ 572 [ 248 | 53.6 0.9 4.7
HD-GCN [35] 632 | 858 | 610 | 844 42 16.9 39 11.0 9.1 26.3
OP-GCN 761 | 937 | 767 | 943 | 499 | 736 | 311 | 570 9.5 268
X_CSub
Occlusion Left Right Left Right Torso
Part Leg Leg Arm Arm
Accuracy Topl | Top5 | Topl | Top5 | Topl | TopS | Topl | TopS | Topl | TopS
ST-GCN [31] 537 | 754 | 623 | 809 159 [ 389 54 12.7 2.0 10.3
CTR-GCN [32] 507 | 790 | 512 | 789 | 407 | 203 6.8 16.5 5.6 235
Hyperformer [34] | 58.8 | 828 | 515 | 777 | 377 | 6713 | 272 | 565 1.1 58
HD-GCN [35] 62.5 86.1 60.9 | 85.1 2.1 9.6 4.0 123 79 27.0
OP-GCN 810 | 961 | 789 | 958 | 596 | 814 | 321 | 528 | 102 | 299

C. Quantitative and Qualitative Results and Analyses

The comparison of the two datasets is presented in Tables I and
II. We conducted experiments with these two datasets, consisting
of a noisy dataset for five body parts. The performance of each
model was measured in terms of the top-1 and top-5 accuracy.
Bold in all of the tables indicates the highest score. As indicated
in Table I, the proposed model performs recognition robustly on
the occluded dataset compared to state-of-the-art methods [31],
[32], [34], [35]. Table I and Table II both demonstrate lower
accuracy in cases where the torso is occluded. This decline in
accuracy can be attributed to the fact that a significant number
of the NTU 60 and NTU 120 classes rely on torso movements,
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which poses a challenge in accurately identifying the intended
action. Meanwhile, in particular, the top-1 accuracy when the torso
part is occluded improves by 25.8% for ST-GCN, 16.3% for CTR-
GCN, 24.4% for Hyperformer, and 17.5% for HD-GCN on the
NTU 60 cross-subject dataset. The proposed model also improves
recognition performance for the top-1 and top-5 accuracy in other
body parts. Moreover, Table II compares the proposed model with
other models obtained from the NTU 120 dataset. In Table II, the
proposed model outperforms others regarding the top-1 accuracy
average, ST-GCN by 22%, CTR-GCN by 21.92%, Hyperformer
by 7.54%, and HD-GCN by 20.38%. This result is because, unlike
other models, the proposed model considers and detects occluded
body parts and uses them to partialize and select occluded part-
based groups to cope with occlusion. Therefore, we experimentally
demonstrated that the proposed model is more robust to occlusion
situations. Fig. 6 presents the proposed model’s action recognition
results compared to other models. The first row shows the
occlusion situations in the NTU 120. The second row to the last
depicted the results of each model. Overall, the proposed model
effectively recognizes actions in real-world occlusion situations.

e A
7 AN

TABLE III
ABLATION STUDY FOR THE OCCLUDED PART DETECTOR ON THE NTU 60

DATASET.
BSMM | JAMM | Autoencoder | Detection Accuracy
v X X 56.35
X v X 81.99
X X v 86.83
v v X 91.49
v X v 94.18
X v v 93.69
v v v 96.19
TABLE IV
ABLATION STUDY FOR AN OCCLUDED PART-BASED GROUP ON THE NTU 60
DATASET.
Occluded N . R o
Part-based Left Right Left Right Torso
Grou Leg Leg Arm Arm
p
Accuracy Topl Top5 Topl Top5 Topl Top5 Topl Top5 Topl Top5
Left Leg 0.8008 | 0.9652 | 0.7998 | 0.9644 | 0.7995 | 0.9644 | 0.7998 | 0.9635 | 0.7985 | 0.9646
Right Leg | 0.8203 | 09600 | 0.8228 | 0.9618 | 0.8189 | 09604 | 03131 | 0.9595 | 0.8203 | 09607
Tefi Arm | 04878 | 0.7354 | 04936 | 0.7407 | 0.5721 | 0.8146 | 0.5646 | 03067 | 04813 | 0.7267
Right Arm | 04033 | 0.6895 | 04141 | 0.6928 | 04743 | 0.7452 | 04997 | 0.7683 | 0.3515 | 05780
Torso 0.2620 | 0.5725 | 0.2679 | 0.5771 0.2461 0.5467 | 0.2176 | 0.5157 | 0.2761 0.5817
TABLE V

COMPUTATION COMPLEXITY WITH VARIOUS SKELETON-BASED ACTION
RECOGNITION MODELS ON THE NTU 60 DATASET.
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Model FLOPs (G) | Param (M) | FPS
ST-GCN [31] 5.7 3.1 714
CTR-GCN [32] 3.6 1.45 32
Hyperformer [34] 9.62 2.73 250
HD-GCN [35] 34 1.66 727
OP-GCN 3.12 1.76 833

Fig. 6. Comparison of action recognition results with various skeleton-based
action recognition models in occlusion situations. Blue labels signify the correct
action prediction, while red marks mispredictions.

D. Ablation Study

This section presents the experiments that evaluate the perfor-
mance of the proposed occluded part detector and the effect of the
occluded part-based group on action recognition. The dataset used
for this study is the NTU 60. Table III lists the accuracy of the
occluded part detector when applying each module. Using only the
autoencoder results in reduced accuracy. However, combining the
autoencoder with BSMM or JAMM increases accuracy by 7.35%
and 6.86%, respectively. Additionally, using both modules with the
autoencoder improves accuracy by 9.36%. Table IV reveals that the
occluded part-based group is listed in the order of left leg, right leg,
left arm, right arm, and torso. The highest performance is achieved
using the group corresponding to the occluded part. Specifically,
when the left arm is occluded, there is an accuracy improvement of
8.43%, 7.85%, and 9.08% over the groups for the left leg, right leg,
and torso, respectively. Similarly, when the right arm is occluded,
the accuracy improvement is 9.64%, 8.56%, and 14.82% over the
same groups. Moreover, Table IV also proves the ablation study
for the detectors, as it means when each detector result is wrong.
In summary, Table III demonstrates that BSMM and JAMM are ef-
fective modules for detecting occluded part in skeleton data. More-
over, the results of Table IV prove that the proposed occluded part-
based group method is optimized according to the occluded part.

E. Complexity

In this section, the experimental results demonstrate that
the proposed model is efficient regarding its computational
complexity. Table V demonstrates that the proposed model
achieved 3.12 giga floating-point operations per second (FLOPs),
the lowest of all the models compared. According to Table
V, the model does not have the least parameters, but it is still
efficient for real-world applications with the highest frames per
second (FPS). In conclusion, we prove the efficient complexity
of the proposed model for reducing computational cost while
maintaining competitive parameter efficiency.

V. CONCLUSION

This paper proposes an occluded part detector and OP-GCN
that is robust to occluded body parts. This approach addresses
the challenge faced by robots with an obscured human body and
surpasses the limitations of conventional models. To solve the
challenge, we used an autoencoder trained on normal skeleton data
and the angles and symmetry of the human body to detect occluded
body parts. The OP-GCN can improve recognition performance
by selecting one of the occluded part-based groups from the
detected occluded body parts. In conclusion, the model displays
advanced human behavior recognition by overcoming the problem
of occlusion, where body parts are occluded while improving
communication and automation in human-robot interactions.
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