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ABSTRACT. Human action recognition (HAR) methods are pivotal in the development
of safety management systems for construction sites because they involve estimating cru-
cial information such as work actions and physical conditions. However, in challenging
work environments, detecting body information and estimating models based on skeletal
data may be hindered owing to occlusion by objects. This paper proposes a novel inter-
polation approach for skeleton-based recognition using motion generation. By combining
2D pose estimation and skeletal transformation techniques, 3D skeletal information is
reconstructed to learn better spatial features from monocular video. When the action pre-
diction accuracy s low, the proposed method generates multiple action sequences, selected
by the dynamic time warping algorithm based on similarity, to interpolate missing parts
of skeletons. The experimental results demonstrate the effectiveness of the proposed meth-
od in improving the recognition accuracy of 14 types of movements under nine types of
missing data, with average improvements of 3.8% in the Top-1 accuracy and 1.5% in the
Top-5 accuracy. These results demonstrate that our proposed approach achieved better
performance than state-of-the-art methods and has the potential to enhance the perfor-
mance of HAR methods in occlusion situations.
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1. Introduction. In Japan, the population of working-age individuals has been declining
in recent decades owing to the broader issue of decreasing total domestic population. Con-
versely, the population of middle-aged adults (aged 45-60 years) and elderly individuals
(over 60 years) is growing, particularly in the construction industry [1,2]. The construc-
tion industry is a cornerstone of infrastructure development and economic progress in a
country, requiring substantial investment in a large workforce to sustain its vital func-
tions. However, jobs in the construction sector demand extended periods of mental focus
and the need to sustain high productivity to meet project deadlines, while ensuring the
proper functioning of equipment. These demands are challenging for elderly workers who
face an increased risk of occupational accidents owing to the natural decline in physical
and cognitive capabilities that accompanies aging [3]. Consequently, it is imperative to
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find ways to maximize personal safety while maintaining the efficiency and effectiveness
of workers.

Moreover, owing to the rapid advancements in computer vision and machine learn-
ing, various approaches, such as understanding human behavior, have enabled wearable
devices in construction workplaces to monitor, detect, and remotely manage activities
using only a few surveillance cameras throughout the day. Human action recognition
(HAR) has undergone remarkable development and has been applied to these approach-
es; skeleton-based methods have been extensively employed and explored for analyzing
human behavior, leveraging advancements in pose estimation technologies, and demon-
strating good antinoise performance [4,5]. However, occlusion remains a significant factor
affecting the accuracy of model detection and prediction. Therefore, it is crucial to im-
plement methods that effectively manage occlusion and precisely monitor progress in the
construction industry.

Several research groups have endeavored to address the occlusion problem in computer
vision. These methods can be broadly categorized into two types: data-based and model-
based. Data-based research has attempted to use a data-augmentation strategy to enhance
the robustness of recognition networks by learning various representations from datasets
that have many preprocessing methods for simulating occlusion problems [6,7]. However,
the aforementioned methods involve high computational and resource costs for creating
various masked images at the preprocessing stage and building heavyweight networks to
store various representations from additional data.

Model-based research adopts intricate construction methods to construct models that
enforce their ability to learn latent structural information from existing skeleton data.
Cui and Sun [8] utilized a multitask graph convolutional network (GCN) with a shared
spatiotemporal representation to generate incomplete parts of a skeleton for repairing
missing values. However, the adaptability of recognition tasks to diverse motion features
with the same action labels has not been thoroughly explored. Song et al. [9] sought to
solve the occlusion problem by constructing multi-stream models using a spatiotemporal
graph convolutional network (ST-GCN) with a concatenation operation to increase the
accuracy of action recognition tasks. However, the occlusion situations for various body
parts have not been sufficiently investigated.

Generative machine learning techniques, such as generative adversarial networks (GA-
Ns) and variant networks, which are usually constructed by generators and discriminators
to implement unsupervised learning, have also received much attention and have recently
been shown to generate unexcited information based on learned data [10-12].

In a previous study [13], we verified the effectiveness of restoration methods in im-
proving the accuracy of action recognition models. This is achieved by interpolating the
skeleton information using the continuity constraint of the front and rear frames of the
images. However, the limited number of interpolation algorithms has proven challenging
in covering diverse occlusion situations that are not included in interpolation objects, but
probably occur in real-world scenarios. To address the challenges posed by occlusions and
the problems in previous research, we applied generative techniques of human motion to
the HAR approach and aimed to address issues related to information deficiency.

In this study, we propose a skeleton-based interpolation approach aimed at enhancing
the accuracy of action recognition in diverse occlusion scenarios. This approach synthe-
sizes similar motions based on the prediction results from the action-recognition module
and attempts to fill the information gaps in incomplete skeletons. Furthermore, a mul-
tidimensional dynamic time warping (DTW) algorithm was employed to integrate the
original and generated segments of motion information. To evaluate the performance of
the proposed approach, nine masking processes were designed to simulate real scenarios



INT. J. INNOV. COMPUT. INF. CONTROL, VOL.20, NO.5, 2024 1303

at a construction worksite and experiments were conducted. The contributions of this
study can be summarized as follows.

e This study developed a novel skeleton-based interpolation approach that can improve
the accuracy of human action recognition when limited information is obtained from
occlusion problems. Specifically, we combined the off-the-shelf action recognition
model with the motion synthesis method and time-series analysis algorithm to better
estimate missing skeletons based on previously predicted results.

e The proposed approach supplies additional motion information from the generated
samples such that it requires learning from only small datasets, both the recognition
model and the generation model, which efficiently avoids unnecessary costs.

e Nine types of occlusion processes were designed to simulate real-world constriction
worksite scenarios where the target persons were partially and frequently invisible,
and the performances of the ST-GCN++ model were assessed for various occlusion
situations.

The remainder of this paper is organized as follows. Section 2 provides an overview of
related works, encompassing various methods for skeleton-based human action recognition
and motion generation. Section 3 describes the data acquisition process, baseline dataset,
and occlusion processing used to simulate real-world scenarios. Section 4 outlines the
complete procedure of the proposed approach, including the skeleton extraction, action
recognition module, motion synthesis module, and integration module with recognition
processing. The experimental results and a pertinent discussion are presented in Section
5. Section 6 provides the conclusions and suggestions for future work.

2. Related Work. Human action recognition technology has found widespread appli-
cation in human-computer interactions and surveillance systems, enabling timely and
efficient collection and analysis of human behaviors [14-16]. In this section, we introduce
the related studies on skeleton-based action recognition and motion generation methods.

2.1. Skeleton-based action recognition method. Many research groups have focused
on skeleton-based action recognition methods owing to their compactness, efficiency, and
the subsequent development of human pose estimation technology [17]. Based on our
limited understanding, skeleton-based action recognition methods can be classified into
three categories according to the deep learning frameworks used: RNN-based, CNN-based,
and GCN-based methods.

RNN-based approaches focus on learning the dynamic features of skeleton data as a
type of temporal sequence in recurrent neural networks (RNNs) and extracting features
from different temporal dimensions. Despite many research groups [18-20] attempting to
link features between layers within networks, RNN-based approaches still have difficulty
capturing latent representations from skeleton data, such as the relative position of the
human body structure, which utilizes only single joints or parts of joints as individual
sequences.

CNN-based approaches normally extract spatial information from frames or videos, but
they still work for 2D or 3D array structures of skeletons that resemble images in format
[21]. Moreover, CNNs can be combined with RNNs to simultaneously explore spatial
and temporal information at the same time [22]. However, CNN-based approaches must
implement a transformation process that converts skeleton data into image-like arrays,
which is computationally expensive, as in traditional classification methods.

In GCN-based methods, skeletons are transformed into graphs with generalized topo-
logical structures that use graph edges and nodes to represent the lambs and joints of
the human body. This approach is based on an efficient variant of convolutional neural
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networks that can deeply mine the correlation information of the body structure in skele-
tons [23,24]. Duan et al. [25] presented a GCN-based model called ST-GCN++ with
competitive recognition performance by simplifying and optimizing complicated architec-
tural designs in the original ST-GCN [26]. However, current GCN-based models typically
assume that the node feature information of the graph data is complete, enabling the
extraction of sufficient representations for recognition tasks. This makes these models
easier to have deleterious effects from incomplete graph data or missing data, which often
occur in real-world situations. To improve the robustness of the GCN-based model, we
propose an interpolation method to maintain the completeness of the skeletal graph data
for recognition models.

Considering the simplicity and support of a wide variety of skeleton action recognition
methods, ST-GCN-++ was used to achieve action recognition and provide conditions for
generating extra features for the interpolation process in our proposed approach.

2.2. Human motion generation method. Human motion generation, also known as
human motion synthesis, aims at generating natural, realistic, and diverse human pose
sequences. A generative adversarial network (GAN) is a classical generative model that
has undergone significant development and expansion owing to its stability and simplicity.
Mirza and Osindero [27] introduced conditional GANs that enabled the model to be
trained under limited conditions and noise, ensuring that the generated results exhibited
both good convergence and diversity. Building on this work, many studies on human
motion generation have achieved superior performance using a GAN training scheme
28,29]. Degardin et al. [30] proposed an architecture that combines the benefits of both
GANs and GCN, referred to as a Kinetic-GAN, to synthesize different action sequences.
This approach generates motions directly from the latent space via spatiotemporal graph
convolutions in the model, which maintains long-term relationships between frames.

To the best of our knowledge, no related work has adapted motion generation to in-
terpolate graph data containing missing skeletal information and to help improve the
performance of action recognition. Therefore, this study is the first to adopt kinetic-GAN
as the generation model of our proposed approach to generate parts of the missing data
according to the conditions from the first recognition process.

3. Data Acquisition. Figure 1 illustrates the data acquisition environment and exam-
ples of the actions used to conduct the validity experiments of the proposed approach.
A total of 5,200 videos (59.94 fps, 1920 x 1080 pixels) of ten subjects engaged in 14
types of simulated workplace actions were captured. Table 1 lists the details of the cap-
tured actions simulated with work content in the construction industry. The subjects were
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FIGURE 1. Data acquisition environment
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TABLE 1. Information of captured actions

No.| Action name Details
1 Walk Walking at a constant speed while waving hands.

| 2 | Sit down |[Sitting in a chair with a backrest, placing hands on legs, and returning|
3 Sit up to standing position.

| 4 [ Climb down |Climbing down a stepladder step-by-step to reach the ground and cli-|
) Climb up |mbing back up step-by-step.

| 6 | Squat down |[Sitting with knees bent and heels close to buttocks and returning to|
7 Squat up |the standing position, where the back and legs are straightened.

| 8 | Takeup |Lifting a large object above the head and dropping it forward or be-|
9 Throw hind the body.

10 [Tumble down|Tumbling slowly into a mattress, relaxing the body, getting up from|
11 | Tumble up |the mattress, and returning to the standing position.

12| Pick up |Picking up objects from the ground or table using hands and putting|
13| Put down [them back.

14 [ Carry  |Holding objects, turning around, and moving to opposite position. |

captured primarily from three perspectives: front, rear, and side. However, the relative
turn-back motion was also recorded if it was part of the action. Additionally, all videos
were converted to image sequences at a 29.97 fps rate for easier processing of the exper-
imental data. The data used in this investigation were acquired in accordance with the
ethical regulations concerning human studies at Akita University, Japan.

4. Proposed Method. For HAR, some off-the-shelf models have already obtained suffi-
cient research to make the prediction results from those models cover the true one within a
limited range such as the Top-5. However, in real scenarios, the first result is usually adopt-
ed and other high-likelihood results are only considered for reference. This leads to the
accumulation of errors and discrepancies in the results of the system analysis when occlu-
sion and other noise problems occur. Meanwhile, 3D skeleton-based HAR models perform
better than 2D skeleton-based models because the depth information provides additional
feature representations for discriminating complex actions [31]. However, depth informa-
tion is difficult to obtain when considering a surveillance system that uses a monocular
camera at the current construction worksite.

To overcome the occlusion problems of vision limitations and enhance the reliability
of the management system, we designed a recognition pipeline for HAR by introducing
a skeleton-based interpolation method using a trained motion synthesis model to inter-
polate the original skeleton data. The interpolation method is based on a limited range
of results from the off-the-shelf model to generate extra information for completing the
skeleton graph data and to improve the accuracy of the first result. The proposed ap-
proach comprises four modules: 1) skeleton extraction, 2) action recognition, 3) motion
generation, and 4) integration processing. An overview of the proposed approach is shown
in Figure 2.

4.1. Skeleton extraction. In this study, 3D skeletal information was used to learn a
better skeletal topology for motion representation with depth. Human pose estimation
(HPE) involves identifying body representations (e.g., skeletal information) from images
or videos, usually referred to as keypoints. However, to the best of our knowledge, pub-
lished open-source human pose estimation techniques based on monocular videos for 3D
skeletons (direct estimation approaches without intermediate 2D representations) have
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had difficulty achieving both stability and practicability until recently (e.g., MediaPipe-
BlazePose and AlphaPose [32,33]). By contrast, 2D pose estimation algorithms have been
developed several times and have achieved good performance, even for complex scenes or
multiple-person tasks with real-time implementations. Moreover, 2D-to-3D lifting human
pose estimation methods have achieved significant success, owing to the advantages of
self-attention mechanisms. However, the effectiveness of 2D-to-3D lifting technology in
surveillance tasks has not been sufficiently discussed and has not been specifically designed
for recognizing work actions during construction. Therefore, to address these problems
and obtain stable skeleton data, we employed a two-stage strategy that uses a 2D human
pose detector, YOLOvS8-Pose [34], with a 2D-to-3D lighting approach, PoseFormerV?2 [35],
to estimate 3D skeleton data from monocular videos of data acquisition. A flowchart of
the skeleton extraction process is shown in Figure 3.

Specifically, YOLOvS8-Pose was used to extract the 2D coordinates of the human joints
along with the relative confidence scores from each video frame (image of sequence). The
confidence scores of the joints indicated the prediction accuracy of the pose estimation
model or the visibility of the joints, with values ranging from 0.0 to 1.0. According to our
observations, the HPE model is sufficiently robust to estimate the joints when the parts of

2D Pose
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YOLOv8-Pose

2D-to-3D
Lifting inference

PoseFormverV2

{

Image sequence 2D skeleton sequence 3D skeleton sequence

FIGURE 3. Overview of skeleton extraction
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the human body are invisible; however, the results become unreliable when the confidence
scores of the estimated joints are low. Therefore, to maintain both the robustness of the
HPE model and avoid inaccurate predicted results in the model’s estimation in this study,
a threshold value of 0.30 is applied to filter out noise in the skeleton data, where it is
difficult for the pose estimator to detect joints even to estimate those positions in the
image. When the confidence score of a joint was below a threshold value, the coordinate
value was set to zero. This adjustment was made because, in our observations, occlusion
problems arise from complex motion and interactions with the environment and lead to
the joints becoming invisible and undetectable; however, the estimator still attempts to
provide tentative values based on previous training information. Additionally, some joints
were considered missing when the coordinate values (z,y) were zero, irrespective of the
confidence scores. After the filtering process, the residuals of the 2D skeleton data are
passed on to the next process.

Second, 3D skeleton data (coordinates with depth information) were inferred based on
the estimated 2D skeletons using PoseFormerV2. Benefiting from the self-attention mech-
anism of transformers and the utility of frequency-domain representation, PoseFormerV2
can efficiently and robustly predict the relative lengths of sequences. However, the 2D-
to-3D lifting approach generates 3D skeletons with unnatural poses when parts of the
joints are inevitably missing in 2D skeletons. This is because PoseFormerV2 learns global
temporal correlations across the entire frame of joint sequences, leading to the model out-
putting a plausible result that includes missing joints in frames based on its pretrained
information.

Therefore, to better understand situations in which information from natural move-
ments is lacking, we set the coordinate values of joints to zero in the 3D skeleton data
when relevant 2D joints are missing in the same frame. The extracted 3D skeleton data
for the 17 joints were used in the experiments.

4.2. Action recognition. The recognition process was constructed using a PyTorch-
based open-source toolkit called MMAction2 [36], and ST-GCN++ was chosen as the
recognition model because it supports skeleton-based datasets and achieves state-of-the-
art performance.

ST-GCN-++ was proposed based on a GCN with a complicated attention mechanism
from the ST-GCN and achieved significant performance on various recognition tasks,
comparable to other approaches. A spatiotemporal graph was constructed to represent the
human skeleton sequence hierarchically with 17 joints and various frames. The skeleton
joints are used as graph nodes and are connected by human body structures, and the
same positional joints across consecutive frames are the graph edges. Spatiotemporal
graph convolution operations are applied when 3D skeleton data are input, and the output
value can be written as Equation (1), according to ST-GCN:

Bmax _1 _1
fout = 3 Wafin (A7 AN ? © My) | (1)

d=0
where Dy, is the predefined maximum graph distance and f;, and f,, are the input
and output feature maps, respectively. W and M denote the learnable weight matrices
for computing the inner product using the input feature maps and for normalizing the
corresponding subset to the output, respectively. ® represents elementwise multiplication,
Ay represents the d-th order adjacency matrix that marks the pairs of joints with a graph
distance d, and two parts of A are used to normalize A,.
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When the prediction results were obtained from the trained ST-GCN++ model, the
probabilities of predicting all action categories were collected and passed to the genera-
tion module in the proposed approach for interpolation. However, this approach requires
a large number of computational resources to generate samples for interpolating missing
information, which is unnecessary for samples that have already achieved high prediction
scores and cannot significantly change the prediction results. To decrease the computa-
tional costs and improve the success rate of interpolation, a threshold value of 0.50 was
set to filter out unnecessary samples. The samples that achieved or exceeded the thresh-
old value were not processed, whereas those that did not pass to the next module were
considered the final recognition results.

4.3. Motion generation. In this module, we selected the Kinetic-GAN framework as
the generation model to synthesize the human actions of the skeleton based on the label
output from the recognition module.

The kinetic-GAN utilizes graph convolutions on a generative adversarial network to en-
sure the stable generation of skeletal motions that conform to the human body structure.
A GCN consists of correlational information between joint connections in spatial and
changing temporal dimensions. Conditional synthesis of action sequences maintains long-
term relationships between frames and can provide more realistic data than unsupervised
learning. Additionally, kinetic-GAN applies graph pyramids with an encoder-decoder ar-
chitecture, which upsamples and downsamples the input graphs at multiple resolution
levels to explore the latent information inside the intermediate nodes over the spatial and
temporal dimensions.

To train the generator and discriminator of the Kinetic-GAN, a graphical construc-
tion was designed to be compatible with the skeleton extraction process and recognition
module. Moreover, the root nodes were set to the upper torso joints to implement graph
convolution to up-sample and down-sample each sample. The exploration path of graph
pyramids for a single frame is shown in Figure 4. The downsampling process aims to
extract high-level information in the spatial dimension by eliminating redundant nodes,
while preserving structural information. This process involves different levels of graphs
containing multilevel semantic information.

Furthermore, to generate the missing motion information from the generator, we used
the prediction results passed from the recognition module as label embeddings to generate

% Graph pyramids ﬁ

Down s1m]11ing Up S‘lm]]llllg

FI1GURE 4. Exploring path of graph pyramids
(Root node represents the center node for graph structure; yellow node represents the
node that will be down sampled at next level; embedded action label y and Gaussian
random noise z are combined to train the generator.)
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each action sequence. The generator was used to generate samples of 64-frame action se-
quences with subtle differences due to random latent noise z after the training procedures.
Samples of the generated action sequences are provided to the integration module.

4.4. Integration process. The integration module filters generated action sequences
from numerous samples to a single sample that is able to fill missing parts of joints with
generated coordinate information when estimated skeletons are incomplete.

Considering that the action sequence consists of both spatial joint vectors and tempo-
ral frames, an adaptive measurement is necessary to calculate the similarity between the
two action samples of the temporal sequence. In this study, a multidimensional matching
algorithm with conventional DTW was employed during the sample-filtering process for
multivariate time series of action sequences. DTW is an effective algorithm for measuring
the similarity between two sequences with different time-series lengths using dynamic time
warping for distance measurement. Inspired by the open-source Python library DTAIDis-
tance supported by the DTAT research group [37,38], we used the Euclidean distance as
the numerical assessment standard to calculate the similarity between the generated sam-
ples and original incomplete skeleton data. Coordinates were matched using a nonlinear
mapping method to calculate an optimal match to two given sequences, and the joints of
coordinates along the z, y, and z axes (three dimensions) were used to calculate the sum
of all distances between the mapped sequence elements. Only the joints related to the
existing part from the original skeleton data were calculated and summarized, and incom-
plete parts were ignored. The three sums of the Euclidean distances are considered a loss
function, and the lower the value, the greater the similarity between the two sequences.

Using the above measurement method, all similarities between the generated sample
sequences and the original incomplete skeleton data were calculated. The most similar
sample (shortest distance) was selected as the final sample for integration with the original
skeletal data.

Because the generated sample contains 64 frames, which are fixed owing to the archi-
tecture of the Kinetic-GAN, the original skeleton data vary for the generated samples.
Therefore, the final generated sample is transformed at the time-series level to fit the frame
numbers of the original data. Specifically, if the generated sample has fewer frames than
the related original sample, the generated sample will be padded with empty frames or
even temporary frames based on the difference in frame numbers between the two frames.
Then, the linear interpolation algorithm is used to fill the coordinate values in the empty
frames. Conversely, if the generated sample was longer than the related original sample, it
was clipped evenly with temporary frames to fit the original sample. Finally, the missing
joints of the x, y, and z coordinates from the original data were filled with the generated
sample, and the existing joints remained original in the corresponding frame after frame
transformation. The integrated data were rerecognized using the same recognition model.

5. Experiments and Discussion.

5.1. Datasets and evaluation metrics. Our experiments were based on two types of
datasets to evaluate the performance of the proposed approach: one was from the public
dataset NTU RGB+D 60 [39], and the other was extracted from the data acquisition
in Section 3. With respect to NTU RGB+D, 56880 video samples of 60 action classes
were obtained from 40 distinct subjects captured using Microsoft Kinect V2, which can
estimate the 3D skeletal data of the coordinator of 25 major body joints from time-
sequencing images with high accuracy. After sample filtering with missing skeleton data
based on the cross-subject set, the NTU dataset that contains 40091 and 16487 samples
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was used for training and evaluation, respectively. In this study, only the 3D skeletons on
the X-Sub benchmark of the NTU RGB+D 60 dataset were used.

To evaluate the performance of the proposed approach in real-world scenarios under
occlusion conditions, we designed seven types of masking processes for the NTU dataset
and two additional types of masking processes for the data acquisition dataset (nine mask
categories). The datasets processed by masking were used individually for the evaluation
experiments. Specifically, the mask categories included upper, bottom, left, right, left
hand, right hand, left leg, right leg, and intermediate. With respect to the dataset from
data acquisition, the ‘Left” and ‘Right’ mask categories were added, which were based on
the mask categories for the NTU dataset. Moreover, ‘Intermediate’ is applied for masking
all joints of the middle 30 frames in each sample for both the NTU dataset and the
acquired dataset. In addition, mask processing was implemented on the joints, and the
x, y, and z coordinates were set to zero. The masking designs for the positional and
intermediate frames of each dataset are presented in Figures 5 and 6, respectively.
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F1GURE 5. Design illustrations of masking processes for positional joints

The original and masked datasets were used to evaluate the performance of the recog-
nition module, and the proposed approach interpolates only the masked datasets and
classifies them using the same recognition model, which implements both the NTU and
acquired datasets. All action classes were calculated as probabilities, and the highest pre-
diction probability of the action class and the top five probabilities of prediction were
used as evaluation standards and defined as Top-1 and Top-5, respectively.

5.2. Implementation details. The NTU and acquired datasets were employed sepa-
rately in experiments to evaluate the validity and usability of the proposed approach. On
the one hand, to evaluate the validity of the proposed approach within a limited time, only
the evaluation part of the NTU dataset was used in the experiments, and the models were
already pretrained with the NTU dataset provided by the research groups of MMaction2
and Kinetic-GAN, which included the ST-GCN++ recognition model and motion gener-
ation model. Moreover, we generated action sequences within the top five classes based
on the prediction results because of limitations in computational resources. In addition,
we employed SOTA skeleton-based HAR methods that include ST-GCN, 2s-AGCN [40],
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FIGURE 6. Design illustration of masking process for intermediate frames

MSG3D [41], CTRGCN [42], and the original ST-GCN++ as baselines for comparison
with our approach.

On the other hand, the graph structure of the skeleton is redesigned based on 17 joints
according to the results of the pose estimation technique because of the compatibility
of both the recognition model and the generation model when those models are trained
on the dataset used for data acquisition. The ST-GCN++ model and other comparison
methods was trained with 200 epochs on the acquired dataset, and those models with the
best validation accuracy were selected and employed in the experiments. The motion gen-
eration model was trained with 2,000 epochs, and the latest model was used to generate
action sequences during the experiments, which achieved convergence between the gener-
ator and discriminator. Models were trained only on the original dataset to ensure that
incomplete skeleton patterns were not learned during training. All the experiments were
conducted on a computer with an NVIDIA RTX A4000 GPU, PyTorch 2.0.1 framework,
and Ubuntu 22.04 LTS OS.

5.3. Recognition results for the NTU dataset. Table 2 presents the comparison
results of the recognition accuracies between the original and masked NTU datasets with
seven types of mask processing. According to the prediction results, the performance of
the recognition models has various degrees of negative impact in occlusion situations. This

TABLE 2. Recognition results for NTU dataset [%]

Mask category No interpolated Interpolated Diff.
Top-1 Top-5 Top-1 \ Top-5 Top-1 \ Top-5
Normal 89.23 98.03

Upper 14.08 31.98 15.41 33.86 1.33 1.88

Bottom 78.29 94.58 80.74 95.22 2.45 0.64

Left-hand 67.73 89.59 71.52 90.77 3.79 1.18

Right-hand 53.80 79.89 57.03 80.87 3.23 0.98

Left-leg 87.47 97.72 87.94 97.82 0.47 0.10
Right-leg 86.80 97.43 87.32 97.41 0.52 —0.02
Intermediate 68.62 91.73 62.73 86.70 —-5.89 —5.03

| Avg. [ 65.26 8327 | 66.10 8324 | 084  —0.04 |
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effect was more pronounced for data in the upper-mask category. This is because most
of the effective information for action discrimination was expressed in the upper body of
the NTU dataset. In particular, the ‘Upper’ dataset has significantly lower accuracies:
Top-1 is 14.08%, and Top-5 is 31.98%. Moreover, the performances of the ‘Left-hand’ and
‘Right-hand” masks also present the fact that incomplete skeleton situations have more
effects on the recognition model.

According to the comparison results, the interpolation approach achieved a better per-
formance in recognizing incomplete skeletons in the NTU dataset. Compared to the recog-
nition results without integrating the generated skeleton, the upper-related and left-leg-
related occlusion situations obtained better Top-1 and Top-5 accuracies. Moreover, Top-1
benefited from our approach more than did Top-5 (3.79% and 3.23% improvement in the
‘Left-hand’ and ‘Right-hand’ datasets, respectively). In addition, the average accuracy
of the Top-1 dataset increased slightly by 0.84% after interpolation. To some extent,
these results validate the rationality of our assumption that motion generation, which
involves previous training with known motion information, can help recognition perform
better when the recognition model has a certain level of reliability. In addition, the re-
sults demonstrate that the proposed interpolation method can improve the accuracy of
the HAR model with many daily action categories in occlusion situations where occluded
daily actions frequently occur at real construction worksites.

However, the proposed approach obtained the same or even lower recognition accura-
cies than did the normal dataset for the left-leg, right-leg, and intermediate masks. One
reason for this is that the motion information is not as important as that of the upper-
body recognition model, which already achieves good performance even without extra
processing that supports unnecessary features and extra noise in the recognition model.

5.4. Recognition results for the datasets of data acquisition. In Table 3, we com-
pare the proposed approach with the SOTA methods in terms of Top-1 accuracy on the
data acquisition dataset with nine types of mask categories. The results show that the ac-
curacy gaps between the compared methods and ST-GCN++ become much smaller when
using the proposed approach. The comparison methods demonstrate better robustness
on an occluded dataset because they are trained with a more complex model design, more
parameters, and more FLOPs than the original ST-GCN++, indicating that ST-GCN+-+
has better computational efficiency and is more usable for real-world implementation.

TABLE 3. Comparison results of Top-1 accuracy [%]

Normal | Upper|Bottom| Left |Right }ESS;I %frlll(tl_ Lleefg,t'_ Rigt_ nfgctl?;;e Avg.
ST-GCN 97.06 || 8.19 55.35 69.38 63.74 85.58 88.34 87.11 76.45 88.78 | 69.21
2s-AGCN 97.59 | 14.69 57.81 75.13 65.50 88.77 88.00 87.28 79.15 90.93 | 71.92
MSG3D 97.44 || 13.91 42.74 58.32 48.47 80.47 85.32 T74.27 62.43 93.57 | 62.17
CTRGCN 97.40 ||21.18 55.26 73.98 67.10 88.82 87.69 87.26 80.07 91.91 ||72.59

ST-GCN++ 97.24 || 12.82 46.34 60.70 49.68 82.51 86.00 78.17 64.21 9237 || 63.64

.ST_GCN.++ with 14.25 55.00 63.48 57.94 82.17 86.02 80.91 75.83 91.53 | 67.46
interpolation (Ours)

Table 4 lists the comparison of average recognition results from ten validation sub-
jects on the dataset of data acquisition, which was processed with nine types of mask
categories. We observe that the recognition model achieved better performance after the
implementation of the proposed interpolation approach, in which the average accuracy of
the Top-1 improved from 63.64% to 67.46%, and that of the Top-5 improved from 86.57%
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TABLE 4. Recognition results for dataset of data acquisition [%]

Mask category No interpolated Interpolated Diff.
Top-1 | Top-5 | Top-1 | Top-5 | Top-1 | Top-5
Normal 97.24 99.98
Upper 12.82 38.30 14.25 41.26 1.43 2.96
Bottom 46.34 82.29 55.00 85.39 8.66 3.10
Left 60.70 93.13 63.48 92.88 2.78 —0.25
Right 49.68 83.73 57.94 88.58 8.26 4.84
Left-hand 82.51 98.88 82.17 97.69 —-0.34 —1.19
Right-hand 86.00 99.20 86.02 99.39 0.03 0.19
Left-leg 78.17 95.81 80.91 95.77 2.74 —0.04
Right-leg 64.21 88.49 75.83 93.35 11.62 4.86
Intermediate 92.37 99.31 91.53 98.45 —0.84 —0.86
] Avg. \ 63.64 86.57 \ 67.46 88.08 \ 3.81 1.51 \

to 88.08%. This indicates that our interpolation approach indeed effectively assists the
pattern classification of the recognition model when skeleton features are not sufficient.
Specifically, the ST-GCN-++ model yields a low prediction accuracy when most parts
of the body, such as the upper and bottom parts, are occluded. We believe that this is
due to the lack of important motion information for classification, which is the same as
the performance on the NTU dataset. However, the difference between the two experi-
mental results (Section 5.3 and Section 5.4) shows that our approach performed better
on the bottom and right mask categories. Compared to those in the NTU dataset, the
proportions of bottom-body relevant samples, such as those related to walking, climbing,
and sitting, are greater than those in the other datasets. It is efficient to complement
this motion information using generated samples, including generators trained on differ-
ent subjects that probably exhibit various personal behaviors. Moreover, the participants
were instructed that their ability to use their right hand only to perform motions related
to single-hand interactive movements with objects during data acquisition would be re-
stricted. Therefore, losing the skeleton of the right body parts is fatal for the recognition
model when classifying this dataset, and proper feature supplements are useful for the
generation and integration modules. Moreover, the interpolated prediction results also
significantly improved upon the uncorrected results on the ‘Right-leg’ mask category. We
believe that this is because the setting position of the camera, which included approxi-
mately three-quarters of the data, was captured by the camera set up on the side that
only captured the right-side aspect of the subjects. Although we reconstructed the skele-
ton information from 2D to 3D to alleviate the limitations of monocular cameras, certain
errors and jitter in the skeleton coordinates still exist based on the pose transformation
technique. When the recognition model relies on reconstructed information without other
sides of the skeleton that are directly observable, for which the right parts are observable
and the left parts are reconstructed, it is difficult for the model to provide correct predic-
tions with many noise and uncertain features. The main component of the dataset is also
a factor affecting the recognition performance of the ‘Right-leg’ mask. The generation
model supplies whole skeletons of actions that allow DTW to calculate similarities based
on the most efficient features, which are the upper-body parts, and selects the correct
sample to facilitate the recognition process. For the ‘Intermediate’ mask, the experimen-
tal results show high accuracy for both types of datasets; these results are different from
those for the NTU dataset, and the proposed approach has also no opportunity to be
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implemented effectively. We believe this is due to the frame number of videos from data
acquisition being more than 30 frames (normally two times of 30 frames or more), which
allows the recognition model to utilize the residual frames to extract motion patterns,
which are sufficient for the classification of the model.

According to the experimental results, the proposed approach demonstrates the versa-
tility of improving the performance of the 3D skeleton-based HAR model when the body
parts of the target person are occluded in the real world, thereby boosting the surveillance
system to collect correct data for safety management. They also show that the proposed
approach can mitigate the problem of unstable model accuracy owing to partially miss-
ing graph data and demonstrate the potential to recognize complex work contents under
occlusions.

6. Conclusion. In this paper, we propose a novel approach that connects a skeleton-
based action recognition model with a motion generation technique to reconstruct skeleton
features in occluded situations. The proposed approach outperforms the baseline method
of ST-GCN++ in terms of performance on simulation datasets for nine types of occlu-
sions based on a public dataset and data acquisition. Moreover, the recognition model
and the generation model were only trained on an unmasked dataset, which was not nec-
essary to augment the dataset at the preprocessing stage. The results led to the following
conclusions.

1) The proposed approach is valid for improving the accuracy of recognition models by
interpolating missing parts of skeletons when occlusion occurs and has the potential
to be utilized in real construction worksites.

2) The proposed approach achieved an average improvement in accuracy of 3.81% for
Top-1 and 1.51% for Top-5 compared with the ST-GCN++ baseline method.

In future, we plan to collect video data from real construction sites to train models that
can recognize and generate professional actions based on construction-related expertise.
Additionally, new methods for enhancing the performance of skeleton integration across
different sample frame numbers were considered.
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