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Abstract

This study proposes a method to enhance the recognition performance of Human Action Recognition (HAR) models
by incorporating Demographic Attribute Information such as gender and age group in a metaverse environment. To
achieve this, participants were grouped by gender and age, and action data of golf swings and bowling throws were
collected using full-body XR devices. Each action sequence was labeled into detailed sub-actions for fine-grained
analysis. Based on the collected data, LSTM, GRU, 1D-CNN and Transformer models were trained and compared
according to whether Demographic Attribute Information was included in the input. Experimental results show that the
models incorporating Demographic Attribute Information consistently outperformed those without it, achieving an
average improvement of approximately 3.0% for golf swings and 1.5% for bowling throws. In particular, the
Transformer model demonstrated the highest performance, showing improvements of 3.8% and 1.8% for each action,
respectively. Furthermore, group-wise evaluation revealed performance improvements across all gender and age
groups, while t-SNE visualization demonstrated clearer separability among feature clusters when Demographic
Attribute Information was utilized. These findings confirm that integrating Demographic Attribute Information can
improve both the overall recognition performance and the balance across user groups in HAR models, contributing to
the development of more inclusive and user-friendly metaverse environments.
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Fig. 3. Proposed 1D-CNN model architecture.
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Table 1. Performance evaluation of golf swing action Table 2. Performance evaluation of bowling throwing action
recognition. recognition.
Model Acc  Prec  Rec Fl-score Model Acc  Prec  Rec Fl-score
LSTM 0.920 0.894 0.902 0.897 LSTM 0.898 0.890 0.894 0.892
GRU 0.920 0.902 0.900  0.900 GRU 0.897 0.888 0.892  0.890
Demog Demog
ID-CNN  0.931 0.783 0.774  0.778 ID-CNN  0.887 0.762 0.747 0.754
Transformer 0.935 0.911 0.922 0.915 Transformer 0.901 0.893 0.900 0.896
LSTM 0.887 0.853 0.860 0.854 LSTM 0.890 0.885 0.878 0.881
No- GRU 0.908 0.886 0.884  0.883 No- GRU 0.887 0.882 0.877 0.878
Demog 1D-CNN 0920 0.759 0.753  0.756 Demog 1D-CNN 0.864 0.744 0.729 0.735
Transformer 0.908 0.887 0.870  0.877 Transformer 0.890 0.890 0.871 0.878
o= AAsta, x7] FH(Early stopping)E 109.% S APeA Bl HA FEoA s S g1
AAste] A WA s atolek. ololA At ARdel me ARA Ae
i}Ol—% 2] 918 F7 Age Qg
43 Ad ZAn F 32 wX 29 A P =2 S 1A
¥ 19 % 26 A FE o8 7 BY B4 F Transformer 223 7|ite.z 3 58 A5 H7F 2
25 8h5A1Z1 LSTM, GRU, 1D-CNN, Transformer = vt 25 34, o, Aad, Ad, 3,
mal] fl2E doleld] g 4% Wt Askg ekl =W 6 IFoR T,
th ol7l94 Demogts Halol A8l APEASE B 29 FA a§d 4% 97 Ade wvlu
B E 9d3k 2dl No-Demogis EEo] AREA} A, ATEATA SYHRE gt BdoA Fd 1
o QITEATY SAYNE welah 2o walg o e Fl-scorert 955%% 71 ¥& 45 109l A
H] gk}, = skt o= s 179 & & 1ol
=3 29 49 g LSTM 242 Fl-score’} Hl3)] d3do] =11 geo] e Rdlo] AAE &

85.4%°014 89.7%% °F 4.3%9 A5 IEHAoH,
GRU 88.3% 4 90%= °F 1.7%, 1D-CNN =
Ao 75.6%NA 77.8%% F 2.2%, Transformer 22
© 87.7%°NH 91.5%= ¢F 3.8% As IS Bl A
S1g & itk A or ul 7HA
Transformer JANFEATA SAFRE g3
ul 714 =& Fl-score Asg H$oH, LSTM
e e B AS ERIEih

AME Fl-scored 7|5Fo%2 AT+%F
gk mdo] MRk ow o 9
STM 29 88.1%14 89.2%=
GRU X2 87.8%°4 89%= °F 1.2%,
73. %oﬂﬁ 75.4%% °%F 1.9%,
BN 89.6%= °F 1.8% A
5 ffe T AN AFA o R |
7}A ®¥l F Transformer E@lo] 175484 44
ARG NS v 7MY H& Fl-score 5+
om 1D-CNN 2do] 7p¢ & 45 =
SN S

[e)
v

==

UTﬂ] =

ru1o r1

wel

o]

Mo

o gl
2o

o
N
e
o

2 1
oh rlu
2

ol
[ies
il

L

=]
gl

o Jpr

ox,

olf

e
32
g
—

P

o

°F 1.1%,
1D-CNN =g

Transformer 22L&
S HOl RS Q’

L

A
=

(332)

3 OEY 2= A8 & Ms I 2o
Table 3. Performance evaluation by group for golf swing
action recognition.

Group Acc Prec Rec Fl-score
Male 0923 0.893 0918 0.903
Female 0.947 0927 0928  0.927
Teenager 0.949 0929 0930  0.929
Demog  Youth 0910 0888 0886 0886
M;i‘ilg_ 0970 0966 0948  0.955
Senior  0.907 0.872 0.920 0.886
Total 0935 0911 0922 0915
Male  0.898 0.869 0.872 0.870
Female 0917 0904 0.869  0.883
Teenager 0.909 0.900 0.863 0.876
No-  Youth 0.874 0.846 0816 0.827
bemos M;‘;ilg_ 0951 0940 0913 0925
Senior  0.892 0.862 0.883  0.870
Total 0908 0.887 0.870 0.877
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Table 4. Performance evaluation by group for bowling
throwing action recognition.

Group Acc Prec Rec  Fl-score

Male 0.877 0.872 0.883 0.874

Female 0.925 0919 0918 0.918

Teenager 0.910 0.900 0.892 0.895

Demog Youth 0.903 0.888 0.886  0.885

M;i‘ilg_ 0971 0965 0967 0.965

Senior 0.837 0.843 0.857  0.835

Total 0901 0.893 0.900 0.896

Male 0.870 0.871 0.847  0.856

Female 0.909 0909 0.894  0.899

Teenager 0.867 0.867 0.820 0.834

No- Youth 0.875 0.871 0.839 0.844

Pemog M;i‘élg_ 0958 0955 0952 0.953

Senior 0.974 0.863 0.859  0.860

Total 0.890 0.890 0.871 0.878
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