5 CIX|E 2E =58 =2X|
i Journal of Digital Contents Society
* Vol. 27, No. 5, pp. 1383-1389, May. 2026 M) Check for updates

Unity Z21Z 7[dto] s{0|H2|= CNN-RNN 2

1 = 2%
B A 8-
HEEtn TSEAIAMS ST gAlty
PHMEUSD TS8AANSSY DG

Hybrid CNN-RNN Model Based on the Unity Platform

Jae-Yong Sung' - Hyung-Jin Kim®"

'"PhD Program, Department of IT Applied System Engineering, Jeonbuk National University, Jeonbuk 54896, Korea
%Professor, Department of Information and Communication Engineering, Jeonbuk National University, Jeonbuk 54896,
Korea

2 9f

e

2 =il A= Unity 2% 719l A AIZH AES S5 ¢ = AFAS 52 2] A 25E Akgit), o] 931y
CNN3¥} RNN 9o FadS vlal A8t on, = o] s Age 4% stolHel= 2 e(Lightweight Hybrid
Model)& 2AEA T CNNL o]n] %] Ho|H =Y E #7+2 57 (Spatial Features)S F&31= ] $73F A3 HolH,

AT} & Aol A= Depthwise

_4 ols

RNN2 =21 Hlo|E| 2575 A|7H s '(Temporal Patterns)S &5k d Z24<S 7HAL
Separable Convolution®} 92 A|@ 2~ 4 3H(Input Sequence Optimization)$} 1 733} 7|H S 2 -&8lo] F 2l S 3}
Ao Ajgsiion, olF F3f 2 ALEE FAHHAE AR A des drsinh A3 A, A mde 7E
CNN, RNN @ CNN-RNN #& 2l tjv] Accuracy®} Fl-score ZHAA o] $- S YeRlth =3 FPS(Frames
Per Second) ¢t A4 AlZHLatency) SHAAE AAIE A oS GRS

Cige!

915}

olf
A mio XL

o —1>
3t

[Abstract]

This paper proposes an artificial-intelligence-based action recognition system capable of learning temporal patterns within the
Unity platform. Accordingly, we conducted a comparative analysis of the strengths and weaknesses of convolutional neural
network (CNN) and recurrent neural network (RNN) models and designed a lightweight hybrid model that integrates the
advantages of both architectures. While CNNs demonstrate a superior performance in extracting spatial features from image data,
RNNs excel in learning temporal patterns from sequential data. In this study, we effectively combined these two models by
applying optimization and lightweight techniques, such as depth-wise separable convolution and input sequence optimization. This
approach allowed the system to maintain high accuracy while ensuring real-time processing capabilities. Experimental results
indicated that the proposed model outperformed existing CNN, RNN, and conventional CNN-RNN variants in terms of accuracy
and Fl-score. Furthermore, the model achieved robust real-time performance, as evidenced by its frames per second and latency

metric.
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