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[Abstract]

This paper proposes a flow-level QoS (Quality of Service) routing framework that integrates Al-based
traffic prediction to improve real-time network performance. The proposed method uses a LSTM (Long
Short-Term Memory) neural network to estimate future traffic loads based on time-series data collected in
a SDN (Software-Defined Networking) environment. Using the predicted traffic, the SDN controller
dynamically adjusts link weights considering latency, congestion, and packet loss, and computes optimized
paths via a modified Dijkstra algorithm. The system was implemented in a Mininet-based SDN testbed.
Experimental results show that the proposed LSTM-based routing method significantly outperforms both
static and non-predictive dynamic routing in terms of delay, packet loss, throughput, and path stability.
Average latency was reduced by 30%, with routing decision time maintained below 100ms. Additionally,
this system enables fast integration of predictions through a RESTful API that connects the predictor and
SDN controller. In this paper, we experimentally demonstrate the effectiveness and adaptability of
prediction-based QoS routing, and show that it is a structure that can be applied to future real-time network

environments such as high-reliability networks, large-scale IoT environments, and smart city systems.

» Key words: Al-Based Network Optimization, LSTM Neural Network, QoS Routing,
Real-Time Network Control, SDN, Traffic Prediction
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Fig. 1. Two—-Stage LSTM-Based Traffic Predictor
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2.3 Comparison with existing Schemes
ol% 719k QoS 2498 A+le Ui 3
FE F0 AFE i, 55 DY AAIE 5=

7]gro g *E‘APF e KM”W Fo¥ste 12 E ’;‘lo}i

7|1E

mR |u

o] R|¥, &A1 ﬂaak AR A&
71 AT AP0l Stk £ £RS BA 219,
o|F 718k 54 2keH, & o5 71N 2eE 71t
Y-S Fofl AlQt 7He] oA 58488 AdAo=r ¢

Folgn

2.4 SDN-based Predictive Routing Architecture

o|% 7]9te] SDN 2h9E LxL Ezjd Hsle AP
dsstol £ 2 SSPIL, QoS 278 E0H
ZA22 AW &y shs halo 2 uERlst 9ot &2 o
=2 &5 25 42 g9A Zael5-S SDN Alofr|et A
o= #EE st Qleny, o] wpollA REST AP
JSON z2H glojg] Ae, 4 58 AALE 59 a4t
SEoR2 AREHUHT-8].

& =2oA RQtehe AJARIE SDN Aoj7] 7]gto2,
Eaﬁﬁ_Jl oﬂ§ E&}l_} 7:]§ EJ-}\H7] KJiH 7]1:]]— 62 }\—1737]
So=2 Yt B o571 AAIE 718t LSTM 2
A2 gEY, 97 F71|=2 oF At Alojr]o] A4
o}, o] ol FEE QoS 7 RA(RKA, &4, 92 5
S BHgSt 7HSA] ALt Z8EY, trjAEat 7|k 2]
AR G guelES Foll d=7F AR o] AAH
742+ OpenFlow 7]8te] AR 2 2kQEfo]] A=,
ol L& 71&9] v of|F 7|9F L&} Hluwsl H=2
W7 271, 2% AR QoS fA1E SollAl AFEE

~

J

III. The Proposed QoS Routing Scheme
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3.1 LSTM-based Traffic Prediction Model Design
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3.2 QoS-Aware Routing Algorithm Design
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Table 1. QoS Weight Ratios by Service Type

Service a B Y Description

Type

Voice 0.6 0.1 0.3 Highly sensitive to

delay

Sensitive to bandwidth

Balanced sensitivity
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3.3 System Architecture Design
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Table 2. System Environment Performance Comparison by QoS Routing Schemes
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Proposed (LSTM-based) 518 = 2.2 1.21 £ 0.08 100.8 £ 2.6 925 + 0.011
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Fig. 3. Comparison of QoS Performance
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