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Abstract

This study proposes a low computational cost hand-waving action recognition system for non-verbal communication
in home service robots. The system is based on an echo state network, which requires lower computational costs than
that of deep neural networks (DNNs), and processes time-series data of skeletal coordinates of humans to recognize
hand-waving actions. Additionally, this study proposes and compares two types of Preprocessing ing methods of the
skeletal coordinates to ensure the robustness of the human positions on the frame: one method extracts shoulder and
arm angles, which are invariable regardless of the humans’ positions and the other normalizes the skeletal coordinates.
The experimental result shows that the proposed system has competitive accuracy and is robust to varying human

positions.
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1. Introduction

The declining birthrate and aging population have
become social problems in many countries, not only
Japan, and one of the solutions is the use of home service
robots [1]. For this reason, research on home service
robots has been active [2], [3], [4]. Home service robots
can expand the range of their use by acquiring not only
verbal but also non-verbal information such as human
facial expressions and movements. In addition, since
home service robots are required to judge situations and
perform actions in real-time, computers for their
information processing should be mounted on the home

service robot. Therefore, the resources in the computers
are limited and the computational cost of the process must
be low.

In this study, we focus on hand-waving action
recognition, which indicates that a human is calling the
home service robot and aim to construct a system with
low computational cost. The proposed system recognizes
hand-waving action by providing skeletal information
extracted from videos using MediaPipe [5] to an echo
state network (ESN) [6], a lightweight machine learning
model.
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Fig. 1. Process flow of the proposed hand-waving
action recognition.

2. Related Works

MMAction2 [7], provided by OpenMMLab, is a library
for action recognition. This library estimates human
behaviors such as handshaking, hugging, hand waving,
etc. The tool offers powerful deep neural network
(DNN)-based models for action recognition such as
SlowFast [8], UniFormerV2 [9], and VideoMAE V2 [10],
however, the three models listed as examples have a huge
number of parameters (more than 20M) and are
computationally expensive.

While the methods [8], [9], [10] directly feed input
images into DNNs, Doan proposed an action recognition
system with a long short-term memory model that
processes skeletal information [11]. Compared to the
end-to-end processing models, the method is more
lightweight but still requires high computational costs
because it is based on the DNN.

3. Proposed Methods

We propose a lightweight hand-waving action
recognition system with MediaPipe [5] and an ESN [6].
The processing flow of the proposed method is shown in
Fig. 1. For each video frame, the system extracts skeletal
coordinates by using MediaPipe The skeletal coordinates
are then given to an ESN, which performs a binary
classification of whether the hand is waving or not.
Before feeding the coordinates to an ESN, we apply
preprocessing to skeletal coordinates to classify the
action not depending on the human position on the frame.
We propose and compare two types of preprocessing in
this study.

Preprocessing A extracts the angles of the shoulders
and arms. Preprocessing A shown in Eq. (1) and (2) use
the x-coordinate of the left and right wrists (x™-"", x™"7),
the left and right shoulder (x“*", x™"), and the y-
coordinate of the left and right wrists (y-*",y™-*"), and
the left and right shoulder (y'-s", y™S") respectively.
X in Eq. (3) is the input to an ESN.

Table 1. Experimental results

Ours | Ours Slow | UniFormer
(A) (B) Only V2
Accuracy | 0.667 | 0.771 | 0.625 0.646
Precision | 0.875 | 0.928 | 0.667 0.622
Recall 0.500 | 0.683 | 0.714 1.000
ProcessiNg | 3 445 | 3.446 | 20519 | 29.607
time[s]
Table 2. Accuracy per subject for the proposed
method (Preprocessing B)
Subject Sl S2 S3 S4
Accuracy | 0.813 0.863 0.775 0.662
] ~ (yl_wr _ y’-Sh)
X = tan ™ ey 1)
] _ (yr,wr _ yr,sh)
X = A Ry )
. lin
X" = (fra) @

Preprocessing B shown in Eq. (4) and (5) use the x-
coordinate of the left and right wrists (x*"", x™-%"), the
nose ( x™°%¢ ), and the left and right shoulder
(x5t x™-sh), respectively. The coordinates of the wrists
are relative to the coordinates of the nose to ensure
robustness against parallel movement of the recognition
target. In addition, the wrist coordinates are normalized
by the length of the shoulder. The robustness against
human size in the frame is ensured by normalizing the
length of the shoulder. X in Eq. (6) is the input to an
ESN.

Lim (xnose _ xl_wr)
X = |xl_sh _ xr_shl (4)
(xnose _ xr?wr)
"m = ——
X |xl,sh — xr,shl (5)
in _ Xl_i‘n.
X = (Xr-in) ©)

4. Experiments
4.1 Setup

We collected a total of 360 video files of actions from six
persons, of which 240 data points were used as training
data from one person, 24 data points were used as
validation data from another person, and 96 data points
were used as test data from four persons. The CPU of the
computer that performed the processing was a CPU (Intel
(R) Core (TM) i7-6700K).

To verify whether the proposed method can be a
substitute for the prior cases, we conducted similar tests
using the behavior recognition models of the prior cases
(however, these models can recognize multiple
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behaviors). We used the SlowOnly [8] and the
UniFormerV2 [9] models provided by the MMAction2
model trained on the Kinetics-700 dataset [12] of 700
behaviors to predict the behaviors of the test data.

4.2 Result

The averages of the accuracy, precision, recall rates, and
processing time for the ten estimation results for the test
data are shown in Table 1. The proposed method has a
higher accuracy rate in hand-waving action recognition
than the other two methods. In addition, we can see that
Preprocessing B is superior to A in all indices. The
proposed method also has a shorter processing time than
the other two methods.

Table 2 shows the accuracy for each subject using the
proposed method with Preprocessing B, which had the
highest accuracy. These results show that the accuracy
varies greatly depending on the subject.

5. Discussion

We consider the Preprocessing B shown in Eq. (4), (5)
and (6) with normalization to the wrist coordinates to be
more accurate than the Preprocessing A using the angles
shown in Eqg. (1), (2) and (3), because the rate of
fluctuation of the values is larger. In particular, the rate
of fluctuation of the values for Preprocessing A is small
when the elbow is bent while hand waving. Therefore, we
consider that Preprocessing B is superior.

The proposed method has a low recall for
Preprocessing B. In Preprocessing B, we consider the
influence of the data from the wrist-fixed hand wave to
be significant. Preprocessing B makes predictions based
on fluctuation in wrist coordinates. Therefore, if the hand
is waving without wrist fluctuation, it cannot be
recognized. Therefore, it is necessary to devise a system
that allows recognition without wrist fluctuation.

As shown in Table 2, variations in accuracy were
observed among the subjects. This is expected to be
caused by the body size and waving habits of the subjects.
It is necessary to verify whether this problem can be
solved by using data from multiple subjects in the training
data in the future.

6. Conclusion

In this study, we proposed a hand-waving action
recognition system based on an ESN to construct a low-
computational-cost hand-waving action recognition
system to be introduced into home service robots. The
results show that the accuracy of the lightweight model is
comparable to that of deep learning-based multiple-
action recognition models.

A low computational cost

In the future, it will be necessary to construct a system
that can recognize a waving person even if there are
multiple people in the frame because there is a possibility
that multiple people may be in the image in the real world.
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