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ABSTRACT. As the Japanese construction industry sees a rise in the proportion of el-
derly workers, it becomes crucial to establish a management system that ensures their
safety and health. Several action recognition methods have been proposed as key tech-
niques for such systems, but real-world occlusions present a significant challenge. This
study introduces an action recognition approach that leverages skeleton data and linear
interpolation methods to address this issue. The proposed approach identifies and catego-
rizes missing skeletal position values into three distinct scenarios. It then employs three
types of interpolation methods to impute these missing values, considering the human
body structure and temporal changes. To emulate real-world occlusions, four types of oc-
clusion processes are applied prior to extracting skeleton data. Features such as skeleton
coordinates, orientation, distance, and trajectory are calculated for training and valida-
tion of an LSTM-based classification network. This network is designed to recognize 13
different types of actions. Experimental results indicate that the proposed approach can
accurately identify actions with an average accuracy of 76.35% from masked datasets,
demonstrating its potential for recognizing work actions in occluded situations.
Keywords: Action recognition, Skeleton, Machine learning, Occlusion, Interpolation
method, OpenPose

1. Introduction. Recently, with the rapidly increasing aging problem in Japan, the
population of middle-aged adults (aged 45-60) and older adults is growing at work sites
in the Japanese construction industry, which has the highest proportion among other
industries [1]. The decline in physical and mental functions with age [2,3] has affected the
judgment of workers under unexpected situations such as slippery floors, differences in
concrete segments, and protrusions. With the increased attention of modern employees
to the safety and comfort of their work environment, developing a management system
to establish such a work environment for them is required. In particular, the applications
of such a management system would effectively optimize the total project cost [4] by
assessing the level of risks at a workplace to restrict workers from making unsafe decisions
and avoid accidents. Moreover, integration with fatigue risk management systems would
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improve the efficiency of workers by monitoring their current state to prevent long- and
short-term fatigue on their physical and mental faculties [5].

Furthermore, in recent decades, surveillance devices have been more commonly integrat-
ed into workplaces and accepted by people; more and more surveillance cameras are being
installed on work sites. With the increased installation of these cameras [6], substantial
video data can be easily captured from workplaces and inputted into the management
system. As a key part of the vision-based system, action recognition can be achieved
using discriminative models when there is enough action data on learning and worker
actions can be analyzed on the vision level. Following improvements in computer vision
and deep learning, some companies and research groups worked on action recognition
obtained excellent results and accuracy through video data [7-9]. In previous research,
action recognition methods have been proposed based on vision information or extracted
skeleton key-point coordinates. They were aimed at minimizing the lack of action infor-
mation available due to the occlusion problem on construction sites [10,11]. In this study,
occlusion is defined as a situation where the camera does not capture the human body
entirely due to the existence of other objects or the position of self-paced limb motion.
A skeleton-based action recognition strategy for extracting high-level features from the
human body is proposed. The proposed strategy also includes the ability to discriminate
patterns to avoid the effects of unnecessary information on the recognition results, such
as the movement of objects or the colors of clothes [10,12].

The occlusion problem is one of the biggest challenges in action recognition for real-
world situations. This problem could be caused by object interactions, illumination vari-
ances, viewpoint changes, and even simple actions. Some research groups on face recogni-
tion improved model performances by adopting some data augmentation methods, such
as cropping parts of the face area on the preprocessing step and overlapping real-like mask
templates on the corresponding position of the face [13]. A method for action recognition
adopted data augmentation to alleviate the occlusion problems by mixing two samples at
the token level and creating a larger dataset to train models [14]. However, data augmen-
tation increases the computational cost by processing each frame of action videos to train
action recognition models. A method for encoding the feature representation of videos
before classification was proposed to enhance robustness under occlusion [15]. Howev-
er, this method struggles to process the temporal information between the non-occluded
and occluded environments. Meanwhile, skeleton-based action recognition methods to en-
hance the robustness of the noisy or incomplete skeleton data in occlusion situations were
proposed. On the one hand, some research groups provided transformations from 2D to
3D skeleton data to address the limitations due to insufficient spatial information. One
method tried to predict missing parts of the 3D human skeleton sequence by combining the
skeleton with the surrounding situation using the attention mechanism [16]. Nevertheless,
training models with image features of the surrounding situation may lead to negative
effects when implemented at complex work sites, such as construction sites. Moreover,
3D sensors are not typically used in practice because of the restrictions on their perfor-
mance owing to the camera viewpoint and environmental conditions. On the other hand,
a method to improve the accuracy of the pose estimation model was proposed [17]. This
method can indirectly impact the results of action recognition; however, it requires the
support of substantial resources, datasets, and computational requirements, increasing
the project cost. A 2D skeleton-based method using the generation model to interpolate
the missing values in the skeleton coordinates approach was proposed [18]. Unfortunately,
the complicated matrix-generating process in this method makes it difficult to deploy it
in an actual workplace with real-time feedback. Moreover, the validity of interpolation
methods to extrapolate the missing data values has not been discussed sufficiently yet.
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Due to the above factors, in this study, we propose an approach for recognizing hu-
man actions based on interpolated 2D skeleton data to be used as part of a management
system at construction sites. In the proposed method, the actions of daily workers on a
construction site were simulated and treated as subjects. The skeleton data were extracted
from the video data using OpenPose, and three interpolation methods were used to com-
plement the motion information of the actions. Furthermore, features such as joint-joint
orientation, distance, and frame-to-frame trajectory were calculated from the interpolated
skeleton data. The validity of this recognition model was discussed to improve its accu-
racy. For evaluating the performance of the proposed approach, some visual occlusion
generation methods were used to simulate real-world situations in a complex construc-
tion workplace with occlusion. Additionally, to evaluate the feasibility of the approach, we
compared the evaluated results with those from previous studies. The comparison showed
that our approach provided good performance and could solve occlusion problems better
in complicated work environments. Our contributions are summarized as follows.

e We present a new skeleton-based action recognition approach to deal with occlusion
problems on construction sites.

e Four kinds of occlusion processes are considered to simulate the real-world situations
of construction work sites where workers are only partially visible.

e The missing detection method and three kinds of interpolation methods are proposed
to assign the missing position values of the skeleton estimated using OpenPose.

e Our proposed approach demonstrates the potential to recognize work-like actions
even in occlusion situations.

This paper is structured as follows. Section 2 describes the data acquisition and oc-
clusion processing with four kinds of methods to simulate real-work situations. Section
3 presents the entire process of the proposed method, including skeleton data extrac-
tion, skeleton interpolation with linear interpolation methods, feature extraction, dataset
creation, and the construction of an action classification network based on LSTM. The
details of the experiments are presented in Section 4, and the results from experiments
are presented and discussed in Section 5. Section 6 concludes the work.

2. Materials and Preprocess. First, we describe the data acquisition method. Next,
we describe the occlusion process.

2.1. Data acquisition. Figure 1 shows the data acquisition environment. Videos of 10
subjects with 13 types of simulated workplace actions were captured from three cameras,
with each action captured at least three times. In particular, 5,515 action videos (59.94 fps,
1920 x 1080 pixels) were acquired and converted to sequence images as experimental data,
with a 29.97 fps rate. The action definitions and the number of videos in each category
are listed in Table 1. Three monocular video cameras (SONY: FDR-AX60, PANASONIC:
HC-VX2M x 2) were used for data acquisition. The cameras were set in the front, behind,
and at the side; these were the relative positions of the subjects at the preparation time.
For the action categories without position changes, subjects stood at the specified center
point and performed actions. Walking actions were captured when the subjects moved
between the front and back points and between the two side points. The data used in this
investigation were acquired in accordance with the ethical regulations concerning studies
involving humans at Akita University, Japan.

2.2. Occlusion process. Considering that the pose estimation technique was robust
enough to avoid occlusion, different masks were added to the image that simulated actual
skeleton extraction in real-world situations. Inspired by Fong and Vedaldi [19], in this
study, three different types of mask-creation methods were adopted to simulate situations
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TABLE 1. Information in the data

Avg. Avg.
time/sec. | frames

Walk 59.32  |159.53| 504

Action name Count Details

Walking at a constant speed while waving
hands.
Sitting in a chair with a backrest, placing
hands on legs, and returning to standing po-
sition.
Climbing down a stepladder step-by-step to
reach the ground and climbing back up step-
by-step.
Squat down 1.81 5495 | 193 Sitting with knegs bent and heels .close tq but-
Squat up 166 1936 | 193 tocks and returning to the stand}ng position,
where the back and legs are straightened.
Take up 2.01 60.14 | 254 |Lifting a large object above the head and
Throw 1.98 59.41 | 252 |dropping it forward or behind the body.
Tumble downl  3.92  |117.49| 368 gggﬂbhn%ﬁOle 11;11;0 a ?ﬁattressg 1relaxur1§;i th?
Tumble up | 3.00 | 89.89 | 368 Y, GELUNG UP O THE MALLLess, and 1o
turning to the standing position.
Pick up 2.84 85.17 | 1438 | Picking up objects from the ground or table
Put down 2.97 88.88 | 1429 |using hands and putting them back.

Sit down 2.28 68.42 | 120
Sit up 1.90 57.00 | 120

Climb down 3.97 |119.08| 208
Climb up 4.23  |126.82| 208

with occlusions. Body masks were created according to the bounding box, performing
calculations from the skeleton data without occlusion. For covering entire body parts,
including muscles and clothes, the edges of the top and bottom of the bounding box were
extended by 10 pixels, and those of the left and right were extended by 19 pixels. Masks
were added to the top, middle, and bottom of the bounding box, and the size of the
masks was changed, corresponding to 30%, 50%, and 70% of these regions of the box,
respectively. Furthermore, the “Hide-and-Seek” [20] and “Cutout” [21] techniques were
used to introduce the mask generation methods of stochastic input-level occlusions that
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could improve the robustness of deep learning models. Moreover, we considered that those
methods could estimate the performance of the pose estimation technique and the action
recognition method as well. Therefore, using the Hide-and-Seek method, the images were
divided into 36 equal regions, and 12 regions were randomly masked for each video frame.
In addition, 12 square regions of sequence images — which randomly selected 12 positions
in image size for one sequence frame of actions as the left-top point of the square —
were masked using the Cutout method. Subsequently, masks with a fixed size (200 x
200 pixels) were added. Additionally, horizontal masks were added in the middle of the
images with 270 pixels in width. Here, the mask was a region (RGB: 0, 0, 0) in the image.
Figure 2 and Figure 3 show examples of masked images.

key points

(a) Bounding box (b) Top mask of 30% (c) Middle mask of 50%  (d) Bottom mask of 70%

FiGURE 2. Example of top, middle, and bottom of the bounding box with
30%, 50%, and 70% proportions

= e
N
o]
270 px

.

(a) Hide-and-Seek masks (b) Cutout masks (c) Horizontal masks

FiGure 3. Example of Hide-and-Seek, Cutout, and horizontal masks

3. Proposed Method. In this study, an action recognition approach based on OpenPose
was proposed. This can be used as an essential part of a management system that can
automate the monitoring of construction workers to prevent accidents from happening
and improve work efficiency. Figure 4 presents an overview of the proposed method. The
proposed approach is divided into the following steps: 1) extracting skeleton data from the
sequence images of each action; 2) interpolating the missing data of the key points based
on three interpolation methods; 3) calculating the four types of action features using
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FIGURE 4. Overview of the proposed method

the imputed data; 4) establishing and training the long short-term memory (LSTM)
classification model using the imputed data and action features; and 5) predicting the
actions of the subjects according to the trained model.

3.1. Skeleton data extraction. The OpenPose library and BODY_25 [22] model were
adopted as post-estimation techniques to obtain 25 skeletal key points with coordinates
and the confidence scores of the estimations. However, owing to the camera’s viewpoint
and the occlusions, parts of the subject’s body were hidden and became undetectable.
In this study, the missing detection method is used to search for and record the missing
key points from extracted skeleton data using OpenPose at the preprocessing step. Based
on our observations, OpenPose tries to predict the key points’ position of missing parts
when it detects a partially invisible human body, based on the detectable existing vision
information and before-learned human body structure, and then outputs the prediction
probability as a confidence score from 0.0-1.0. The confidence score of the key point is
higher than 0.7 when that body part is completely visible or only slightly obstructed by
non-disturbing objects, such as thin lines. Conversely, the confidence score of the key
point is less than 0.7 when a body part is somehow invisible, which may lead to occlusion,
low resolution, and an unnormal body pose, and then the coordinate of the key point
is possibly obtained by a guess value or zero. Consider that the prediction of OpenPose
has certain validity when the confidence score is between 0.3-0.7, in which the coordinate
of the key point is guess value, and we only want to deal with the missing parts of the
skeleton; key points will be recorded when the coordinates are zeros or the confidence
score is less than 0.3, which means that part of the body was completely invisible and
unpredictable for guess value using OpenPose. Then, the recorded missing key points will
be categorized and interpolated by the relevant interpolation method. Those key points’
probabilities higher than 0.3 will be ignored from interpolation processes and directly used
to calculate features.

3.2. Skeleton interpolation. To reduce the influence of the missing points, we pro-
posed an interpolation procedure with three steps to process the row skeleton data. The
interpolation procedure was used to detect the missing points and estimate the values at
each step accordingly.

1) To interpolate the points of the symmetric joints (e.g., those of the hands and feet), the
coordinate values of the missing points are interpolated by the corresponding points,
which can be detected at the position of the same limb on the other half of the body.

2) To interpolate the asymmetric missing points, wherein limited frames n with missing
points exist between the two frames of the detectable points P, the coordinate values
of the missing points P,, are interpolated using linear interpolation, assuming that
the coordinate values increase with constant velocity within the detectable first and
second frames. For solving the above situation, the missing points are calculated using
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Equation (1):

Rﬁ+w:PW%HPU+2_P®,0<i<mn€T (1)

Moreover, linear interpolation is used to calculate the values of the missing points
for which the frames before or after can only be detected by adding values (positive
or negative depending on the time-series variation of motion) obtained from five de-
tectable frames before or after the missing points. The missing points are calculated
using Equations (2) and (3):

P(t+4) — P(t)

Po(t+1) = P(t) +i ; . 4<i<T, (2)
}%@—@:P®+%mﬂ_fu_®,4<i<ﬂ (3)

where T is the number of total frames in each action, t is the position number of the
last detected frame before the frames with the missing points, ¢ + n is the position
number of the first detected frame after the frames with the missing points, and ¢ is
the position number of the frames that are counted from frame ¢.

3) When a situation arises wherein the subject’s back is turned to the camera, the
facial information of the subject cannot be detected. According to practical observa-
tions of the human face structure, the nose, ears, and eyes positions form a right-angled
triangle on the left and right sides of the face. Therefore, this structure relationship is
used to interpolate when the missing points are both the eyes and nose. In this study,
the positions of the eyes are assumed to always be at the upper of the ears and nose
in two-dimensional space according to common sense of work actions. Figure 5 shows
an example of the performed face interpolation process.

The points of the eyes (E,)
and nose (N) that were
interpolated.

A
v
A\ ‘.
K )
E
The points of the ears (R,) ¢ i
that were detectable. = 1 O \=0 u

FIGURE 5. Example of the face interpolation process (Orange points: in-
terpolated; Green points: detectable)

The distance between the two ears is assumed to have four equal lengths m, which are
the lines Ri My, RoM,, M1 N, and M,N, and the point of the nose is set in the middle,
between R; and R,. Lines E;M; and EyM, are assumed always having a vertical
relationship with R; /N and Ry N, respectively. Each point of the ear and eye forms a
triangle, with the nose point on one side. Points M) were set as the connecting points

of the line perpendicular to the edge from point Ry to N, and the coordinates were set
TR, +TN YR, TYN
2 7 2

vectors and the assumption that eyes Ej are always above lines RN and Ry N, the

). Based on the property of perpendicularity of two-dimensional
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vector E, M) can be calculated by swapping the components of the unit vector t=——= BT
and setting a minus signal at the y axis, and then multiplying the correspondmg
magnitude, which is of length m. Equations (4) and (5) were used to compute the
unit vector « of line Ry My, and the Euclidean lengths of lines Ej M), from the assumed
right triangle, respectively:

T=—> e
i _ R M, yRkMk (4)
RpMj, — ?
\/ R Mk RkM \/ R: Mk RkMk
—
E M, = | myy —mxy
kiViE yuma W ) (5)

where k is the side id (1 means left and 2 means right) of the assumed triangle on the
face, @ is the unit vector of non-zero vector in the direction EM normalized by the

length of EM which is computed by (

Y in the Cartesian coordinate
\/ 2442’ \/x2+y2

Lo and Yag—y Mean they are coordinate values x and y of
k

system. e YR T

—
vector Ry M) and unit vector um, respectively. m is one-quarter the length between

the two points of ear R; and R.

3.3. Feature extraction. Because the proposed network could learn the pattern of ac-
tions efficiently from a wider aspect, four types of features (coordinates, orientation,
distance, and trajectory) were extracted to quantify the action information using inter-
polated skeleton data.

3.3.1. Coordinate features. The coordinate values (P*, PY) of 25 interpolated key points
were used to represent the position of the limbs and trunk to obtain the basic spatial
information from the skeleton. Furthermore, orientation, distance, and trajectory features
were extracted based on these coordinate values. Specifically, if the value remained at zero
even after processing with the interpolation methods, the value of each feature related to
it would also be set to zero.

3.3.2. Orientation features. To quantify the spatial information related to the relative
positions of the limbs and trunk depending on the type of action, the coordinates of the
skeletal key points were used to extract the radian values as orientation features. Figure
6(a) shows an example of this process where the origin lines are the sublines of the angle
calculation. We decided upon the neck position (point No. 1) as the axis point, and the
angles between the other points GG from the key points 1, 6, and 4 of the head, hands,
and legs, respectively, were calculated as follows:

[ =arctan (P — P/) PF — P}), i€Q@, (6)

where the orientation feature fo* is calculated using the coordinate (P¥, PY), and is used
to represent the spatial information between the neck and each limb in a single frame.

3.3.3. Distance features. The distance changes between some parts of the body repre-
sented the features of the actions in a spatial aspect. To extract them, we selected some
groups with significant changes in the time sequence between points No. 0 and No. 14.
Figure 6(b) shows a representative example of this process, where the green lines are the
distance edges between the selected key points. Each distance was calculated as follows:

fdzs:'\/(PJz_P]f)2+(P]y_Plg)2 ’ jGV,kGE, (7)
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where V' and E are the key points in the selected groups. Moreover, the distance of the

edge f%* between the two points with the coordinate values (PY, Pjy and PP, P/) is

computed to learn the action’s patterns in a single frame.

0 ?—r::@m@—‘ Y \é’b
f \‘
----- | \ /
i \‘ \ @ @ ;’
N YO A
. Point \/ / A S ¢
Point No.1 oo ) ‘ .»y
No g @@ t qu\le“ce
(a) Orientation feature (b) Distance feature (c) Trajectory feature

FIGURE 6. (color online) Example of features based on the skeleton data.
The circles with numbers are the key points representing the features coor-
dinates.

3.3.4. Trajectory features. Each action had a similar movement pattern within a short
time, even if different people performed the action. The trajectory feature was extracted
from the key points as temporal information on the action from two continuous frames.
The coordinate change between two frames with the same key point was calculated as a
distance vector according to Equation (7). Figure 6(c) shows an example of this process,
where the red vectors are the distance vectors with the key points in order of the frame
sequence.

3.4. Dataset creation. For training the model, samples of the dataset were obtained
from sequence-image data by scanning 60 consecutive frames and shifting one frame in
the order of the time-series stream. Additionally, each sample included 60 consecutive
extracted frames. Then, four types of action features (113 features) were calculated from
them. Furthermore, for evaluating the performance of the proposed method and the ef-
fects of interpolation methods and features applied in the approach, four extra datasets
were created based on one unmasked dataset by removing the interpolation methods and
the 113 action features one by one to investigate the contribution of each component.
Finally, four unmasked datasets and 12 masked datasets were obtained and used in the
experiments.

3.5. LSTM-based classification network. This study implemented a single-channel
LSTM network to learn temporal information on actions from the variance in the coor-
dinates and features. Structurally, the model had four LSTM layers in its middle layers,
with L1 and L2 regularization for improving the performance of the model. The Adam
optimizer [23] was adopted as the optimization function for processing the model. Sam-
ples of the dataset were adopted as inputs for the classification model, which were then
used to recognize the actions.
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4. Experiments. In this investigation, both masked and unmasked datasets were em-
ployed. The dataset from data collection that was processed using the combination of
approaches in the suggested approach corresponded to four unmasked datasets. The 12
masked datasets created from 12 types of occlusion-processed data to simulate various
possible situations on construction sites and the proportions of top, middle, and bottom
type masks were defined as ‘0.3’, ‘0.5’, and ‘0.7’ followed by the mask categories. Each
dataset had the same 13 actions, and each sample with the extracted features had only one
class. The nine subjects of the samples in the datasets were used to train the network,
and one subject was used for validating the training process. The dataset sample was
recognized based on the classes of the actions for each sample, using the trained network.

In this study, three different experiments were conducted to evaluate the performance
of the proposed approach, including 1) estimation of interpolation methods; 2) training
performance on unmasked datasets; and 3) recognition performance of masked datasets.

Based on our limited knowledge, it is challenging to find suitable research as a compar-
ison method that targets interpolating the missing parts of the skeleton with the whole
sequence at a two-dimensional level. The 13D model (Inflated 3D ConvNets) [24] is an
RGB-based state-of-the-art approach that demonstrates good performance under diverse
environments to recognize actions based on a new two-stream inflated 3D ConvNets that
could be used to learn spatio-temporal features. We believe the 13D model has enough
ability to recognize actions on complex work sites at the RGB level. Therefore, we chose
the I3D model to compare with the proposed approach under masked datasets.

In the experiments, the I3D model was set up with ResNet-50 as its backbone and
already pretrained by an open-action video dataset named Kinetics 400 [25]. To recognize
the 13 classes of action that were obtained during data acquisition, each action sample
video had 60 frames extracted as one dataset sample and resized in advance from 1920 x
1080 pixels to 224 x 224 pixels to fit the model’s requirements. For samples with more
than 60 frames, they were clipped evenly with temporary frames; for samples with less
than 60 frames, they were filled with the nearest valid frame corresponding to the empty
frame position at equal intervals.

The proposed network was built using TensorFlow 2.1.0 with Keras 2.3.1, and the
comparison approach was constructed using the deep learning toolkit GluonCV [26] and
PyTorch 1.6.0.

5. Results and Discussion.

5.1. Estimation of interpolation methods. For better evaluating and analyzing the
performance of the proposed interpolation methods, the situations of missing key points
were quantified by comparing the original and masked datasets. Table 2 lists the estima-
tion results of missing key points on each type of dataset that was created from occlusion
processes. Fach dataset had the same number of action samples (4,840) processed by
interpolation methods. The key points that were not detected by the missing detection
method were ignored and not counted in this estimation. The table shows that the miss-
ing rate of key points achieved a significantly low level, regardless of whether the human
bodies were visible or occluded in samples, and the number of detectable key points under
occlusion situations exceeded our expectations. We believe it benefited from the powerful
pose estimation technique of OpenPose, which can predict the position of invisible key
points by using a large action database in the pre-training stage.

In contrast, 12 types of mask processing indeed affect the performance of key point
estimation. Following the increase in proportions in the top, middle, and bottom mask
datasets, the missing rate of key points also got higher than before, especially in the
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TABLE 2. Estimation results of interpolation methods for each dataset
Interpolated | Number of | Number of . .
. . : Missing | Interpolation
Dataset category action missing | interpolated
: : rate [%] rate [%]
samples points points
Unmasked 4,018 1,366,041 226,971 0.025 16.615
Bottom0.3 4,753 1,949,147 664,962 0.035 34.115
Bottom0.5 4,835 3,097,279 1,052,662 0.057 33.986
Bottom0.7 4,835 4,179,687 1,284,275 0.077 30.726
Middle0.3 4,613 1,633,358 481,946 0.030 29.506
Middle0.5 4,699 1,868,834 677,176 0.034 36.235
Middle0.7 4,822 3,187,522 1,625,595 0.059 50.999
Top0.3 4,797 1,679,493 713,375 0.031 42.476
Top0.5 4,818 2,134,969 1,131,844 0.039 53.014
Top0.7 4,833 3,675,176 2,350,305 0.068 63.951
Horizontal mask 4,779 1,927,421 751,634 0.035 38.997
Hide-and-Seek mask 4,840 2,328,480 1,403,359 0.043 60.269
Cutout mask 4,619 1,694,945 564,594 0.031 33.310

‘Bottom0.7’ dataset, which achieved the highest value of 0.077% compared to others.
Moreover, the interpolated number of key points also increased when much more areas of
the body became invisible. Especially, the ‘“Top0.7” mask dataset got the highest inter-
polation rate by 63.951%. We think this is because the pose estimation model is good at
detecting the leg parts of the body and recognizing them as humans, then providing the
relevant key points of the leg parts. It is also giving enough information to interpolation
methods that can estimate the position values of missing parts based on that and interpo-
late facial and temporal information. However, comparatively, in bottom mask datasets,
the interpolation rate did not increase with the rise in the missing rate because it was hard
for OpenPose to detect the object as human in samples and provide skeleton information
to interpolation methods.

5.2. Training results for unmasked datasets. Table 3 lists the training results of
recognition models on four types of unmasked datasets to investigate the effects of inter-
polation methods and calculated features from the proposed approach. The I3D model
was also trained on the same types of unmasked datasets for 200 epochs to compare
with the proposed approach. Each target subject was used as validation data, and resid-
ual subjects were used to train the recognition models, then shifted to the next subject
as validation data. Each training procedure was individual. The table gives the highest
validation accuracy of one epoch step of the training processing.

The results show that the recognition model of the proposed approach had good train-
ing performances on each type of unmasked dataset, with an average accuracy of over
90% for each model, compared with the 13D approach, which had an average accuracy
of 82.53%. We think this is because the proposed approach can get essential information
about motion patterns from skeleton data, which makes the model stable and easy to
achieve convergence. Compared with that, 13D is a large model that needs more train-
ing steps and epochs to extract important features from RGB-based information and is
constrained by multiple factors, like the color of cloths and scale of subjects.

In contrast, models trained on datasets that only included interpolation methods or
calculated features, or neither, performed better than models trained on datasets that
included the proposed approach, especially when subject No. 1 was used as validation data
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TABLE 3. Training results for unmasked datasets [%]

Validation of Coordinate Coordinate | Coordinate n (Ijrftzl;dl(?lz?c?on 13D

subject No. + Interpolation | + Features P (RGB-based)
+ Features

1 97.12 96.39 96.88 88.70 81.84

2 84.60 85.49 83.04 78.79 83.05

3 99.33 99.11 99.11 98.44 82.01

4 99.79 99.37 98.96 99.17 85.69

5 98.63 98.24 99.02 97.07 85.14

6 99.17 98.54 99.37 95.83 81.07

7 99.79 99.58 99.79 98.96 80.28

8 98.12 98.96 98.96 94.58 82.44

9 99.79 98.96 98.75 94.17 82.32

10 97.71 98.96 98.12 98.33 81.50

Average 97.41 97.36 97.20 94.40 82.53

their performances decreased by about 8%. We believe that the suggested strategy will
offer unnatural motion information for model training when the missing rate of important
points is at low levels, and that having more features will result in a model that is heavier
in scale and more difficult to converge within short epochs than having fewer features.
Moreover, according to our observations, the personal habits of subject No. 1 in captured
action videos are different from those of other subjects, such as hunchback motions, which
make those samples hard to recognize when the model cannot learn from the dataset.

5.3. Recognition results for masked datasets. Occlusion processing was conducted
in this study to assess the performance of the proposed approach and the comparison
method (I3D) when faced with various situations on construction sites. All recognitions
in this experiment were trained on an unmasked dataset to evaluate the robustness of
occlusion situations.

For better comparison of the differences between each approach, the basic approach
was also trained with the same training procedures but only with the coordinates of
the skeleton key points. For selecting a model that has both versatility and usability,
two models were used in this experiment based on the training performance. One is the
highest validation accuracy within 200 epochs (Max of validation), using subject No. 4
as validation data. Another is the highest average validation accuracy between 11-200
epochs (Max average of validation), with subject No. 10 as validation data, which means
it is more stable for recognition. Table 4 lists the recognition results of the proposed
approaches and the comparison method for 12 types of masked datasets.

The results show that skeleton-based approaches have better recognition accuracy com-
pared with RGB-based 13D in this experiment, which includes a basic approach and pro-
posed approaches. Furthermore, the Max of validation of the proposed approach increased
by 1.77% compared with the basic approach, which only trained on and recognized co-
ordinate values of key points. The basic approach obtained higher accuracy when the
proportions of 30% of body positions were higher than the proposed approach, but got
decreased significantly when the proportion of masks became higher. Compared with that,
the proposed approach has the ability to alleviate the effects of masks and mitigate the
trend of decreasing accuracies, such as ‘Bottom0.3’ to ‘Bottom0.5" and ‘Middle0.3’ to
‘Middle0.5’. Moreover, the model from Max of validation has better recognition perfor-
mances on each mask dataset without ‘Bottom’ types of masks compared with the Max
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TABLE 4. Recognition results for masked datasets [%]

Basic Proposed Proposed Comparison
approach approach approach method

Dataset category (Coordinate (Max of (Max average | (RGB-based
only) validation) | of validation) I3D)
Unmasked 96.42 94.88 93.43 82.53
Bottom0.3 95.14 86.53 90.50 80.85
Bottom0.5 90.90 84.62 85.94 77.23
Bottom0.7 61.60 60.00 60.78 72.64
Middle0.3 87.17 82.19 80.40 78.31
Middle0.5 73.22 67.86 67.33 68.72
Middle0.7 49.94 59.11 52.83 54.83
Top0.3 90.54 91.10 85.10 53.00
Top0.5 69.61 74.32 71.05 46.28
Top0.7 31.00 55.72 45.99 42.23
Horizontal mask 74.88 73.09 73.33 12.05
Hide-and-Seek mask 77.79 92.01 87.77 51.65
Cutout mask 93.18 89.71 88.47 75.64
Average of masks 74.58 76.35 74.12 59.45

*All models were trained on unmasked dataset.

average of the validation model. Therefore, those results show that the proposed approach
has the potential to alleviate the effects of occlusion problems and maintain recognition
performance at the construction worksite.

Figure 7 shows the normalized confusion matrix of the recognition results from the
basic approach, the proposed approach, and the comparison approach when recognizing
the masked dataset of the Hide-and-Seek mask. The comparison between Figure 7(a) and
Figure 7(b) indicated that the comparison approach barely classified ‘Walk’” actions that
only detected the position changes of the subjects. The reason might be that extract-
ing sufficient action information from time-series images without coherent changes using
the RGB-based 13D model was difficult. Compared with that, skeleton-based approaches,
including the basic and the proposed approaches, can achieve high accuracy even under
stochastic occlusions. Figure 7(c) indicated that the proposed approach with Max of val-
idation as selection measure obtained stable recognition results over all action classes. It
benefits from linear interpolations in the proposed approach that make the model pos-
sible to be trained on time-sequential features with a stable variance of action patterns.
Nevertheless, samples of ‘sit down’ and ‘sit up’ were hard to recognize compared with
Figure 7(d), which is the model with Max average of validation as the selection measure.
We consider that it is because the model of Max of validation cannot recognize the dif-
ferences between ‘sit’, ‘climb’, and ‘squat’ when subject No. 4 is used as validation data,
which includes some personal habits as hands-up before each action. It seems like the
proposed approach can be trained with higher versatility when selecting the model using
Max average of validation as a measure.

However, the proposed approach is hard to recognize the samples under ‘Bottom’ masks.
We think it is due to the fact that the proposed interpolation methods are only focused
on time series and facial parts but do not have optimization algorithms for bottom parts
of human bodies. Moreover, the extra features calculated from missing key points al-
so become a kind of noise for models during the training and recognition procedures.
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FiGURE 7. Normalized confusion matrix of basic approach, the proposed
approaches and comparison approach on the Hide-and-Seek mask dataset

Therefore, to improve the recognition accuracy when the bottom parts of the body are
occluded, it is necessary to add new interpolation algorithms for estimating the missing

key points.

6. Conclusion. In this study, we proposed a skeleton-based action recognition approach
to classify the working actions simulating situations on construction sites. The proposed
approach estimates the missing information of occluded human bodies by three types of
interpolation methods and learns action patterns from the coordinates of the skeleton

with four calculated features.

Furthermore, we designed 12 types of masks to simulate

the occlusion situation that could potentially happen at a real construction worksite.
The recognition model was trained on an unmasked dataset, and masked datasets were
recognized to estimate the performance of the proposed approach. The results provided

the following conclusions.

1) The proposed approach shows the potential to recognize working actions by inter-
polating missing skeleton information at a real construction worksite when occlusion

happened.



2)

INT. J. INNOV. COMPUT. INF. CONTROL, VOL.20, NO.1, 2024 245

The proposed approach achieved the average accuracy of 76.35% for all masked data-
sets. These performances are better than the comparison method I3D by 16.90% and
the coordinate-only basic approach by 1.77%.

In the future, new interpolation algorithms for the bottom parts of the human body will

be

considered for specific occlusions. Moreover, the usability and versability of the pro-

posed approach will be investigated by acquiring working videos from actual construction
worksites.
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