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Abstract

Recent studies have emphasized that network traffic can be influenced by various external factors such as weather conditions and
user behavior, making it difficult to achieve accurate predictions using only historical traffic data. To address this limitation, this
study proposes a multivariate time series prediction model that integrates environmental variables, such as meteorological information,
to enhance the accuracy of network traffic forecasting. In this study, five deep learning models—RNN, GRU, LSTM, CNN, and
Transformer —were evaluated under identical experimental conditions. The model performance was assessed using metrics such as
MSE, RMSE, MAE, R% and MAPE, and statistical analyses including ANOVA and Tukey HSD post-hoc tests were conducted to
examine the significance of performance differences among the models. In addition, the contribution of each environmental variable
was analyzed using the Permutation Importance method, demonstrating that environmental factors have a significant impact on model
performance. Experimental results showed that the GRU and RNN models achieved the highest overall prediction accuracy, while
certain meteorological variables, such as temperature and sunlight duration, positively contributed to performance improvement. This
study empirically demonstrates the generalization capability of simple recurrent architectures and the effectiveness of incorporating
environmental variables into traffic prediction models. Furthermore, it suggests potential future research directions, including
cross-domain model adaptation and the application of large language model (LLM)-based time series forecasting frameworks.

Keyword : LLM, Deep Leaming, ANOVA, Tukey HSD, Network Traffic Prediction
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Table 1. Summary of Graph-Based Traffic Prediction Papers

(JBE Vol.30, No.6, November 2025)

Performance
Problem Definition Research Objectives Proposed Method Dataset Evaluation
Metrics
Reﬂgctalir;]i%t;:ag?;s n Designing a GNN STAD Distance
P .p Architecture Capable of Adapting to Calculation, Multiscale MAE, RMSE,
Interactions . . ) PEMSD7, PEMS-BAY
. ) Dynamically Changing Traffic Gated GCN, and MAPE
Using a Static Graph . .
@ Patterns Dynamic Attention
Structure
Reflecting Real Learning-Based Spatial Structure Node Embedding +
Interaction Relationships and Attention-Based Spatial g MAE, RMSE,
Using a Fixed Spatiotemporal Pattern Attention-Based PEMSD7, METR-LA MAPE
Adjacency Matrix!'® Detection WaveNet
Representation of Des@:é d(?::ti)r?NN Sequence Similarity
complex inter-cell arcr?itecture that Graph + China Mobile 5G MSE, MAE,
relationships as a Attention GNN Cellular Traffic RMSE, R?
) 0] reflects cell-based
simple grid . ) . Encoder/Decoder
spatiotemporal relationships
- . Improving Time-based Graph
Limitations of Spatial . . .
Generalization Based on . Spatlotemporal Generation +.Interact|ve METR-LA, PEMSD4 MAE, RMSE,
Static Graphs'™? Prediction Accuracy through Learning MAPE
Self-Evolving Dynamic Graphs Mechanism
Performance Ensuring the Potential
Degradation Ensuring the Potential for Traffic for MAE. RMSE
Issues in Environments with Prediction through Traffic Prediction through | METR-LA, PEMS-BAY M APE ’
Insufficient Self-Supervised Learning Self-Supervised
Labeled Datal™ Learning
Prediction Performance . o .
) Enhancing Predictive Scalability ) .
Degradation and through Domain-Adaptive Transfer | /\dversaral Domain | ooy,ony peyig pay | MAE RMSE,
Generalization . Adaptation MAPE
4] Learning
Across Domains
Underutilization of Analysis of Limitations in Traffic nght\{velght GNN, !
) . . Integration of External Various Open
External Variables, Lack of Prediction Technologies and . )
. . . Variables, Trafficand MAE, RMSE, R?
Lightweight Models, and Suggestions for Co
. - s) N GNN+Transformer Communication Data
Processing Time Future Directions )
Hybrid
2. W= 7|2k E3iE o= & Sl 9% 29 wE /P WSS A9 wejaix) otk
NE ATEL ST 4% SdA e} gy 2L v
3% 20 QoFg upel o] W]z 7Nk Egjy oS < Wty 1 AFE BAHCE AZT A7 719 glon,
TES FE 7IE odA wiAYFo] 7H A Al oo mwe} B 7F A o)} AAl T2A LA oA
2 Ao] Aleks FE3817] 9@l Transformer B 3to] B2 = H| 28 A%, T glolEAl HWak uFox 2 W] 3
LSTM - Transformer ©}7]8€] A& ¥ A|A ef!e20 o)) ©@37] of gt olef wks) E A= RNN, GRU, LSTM,
g AIHES A 74 249 Fall, o'l 324 TN CNN, Transformer 5 t#2Q] Had o|d A& d#¥
A, O 2AY A7 AFIH ] &S B8l A7) AF AT St 2 971 317 slol A HIXE s XY AY =y
< IA AT THY dFEEe AFES ETTh, 9191 AE &35t A £ Transformer B3 &S Aot
ETTm, PEMSS 22 tist 2 36 WAnE HolBA= 71 sl slo] ohd a4 7hsA, @A, 284 ksl 23
o ATHACH, o5 HelHe T8l g2 olv = e IS Adet AEel 53 2 d7e &
TR AR BA4S 7HIth webA ol A T, E2 9ZA7 E9) 817 20lo] 7+ mu o}ye A9}
= UESND EYYY 57 540 88 T2 & o7 45 AL =S EA57, ANOVA 2 Tukey
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Table 2. Summary of Non Graph-Based Traffic Prediction Papers

Performance
Problem Definition Research Objectives Proposed Method Dataset Evaluation
Metrics
In Transformer-based long-term time fore;;ﬂs‘t)i;OVIggc{i';?;_t(at;Tou h Series
series forecasting, there are issues of 9 Y . 9 " ETTh1, ETTh2,
. a framework based on time Decomposition +
inadequate ; . ETTm1, and MSE, MAE
. . series Auto-Correlation
reflection of trends and seasonality, as " . Weather, etc.
. . 16l decomposition and Attention
well as information loss! .
autocorrelation.
. Design of Efficient
In traditional Transformers, the Transformers for ProbSparse TTh1, ETTh2,
Self-Attention mechanism is Lona-Sequence Attention + ETTm1, and MSE, MAE
inefficient for long time series datal'” g-sequ Distilling Operation Exchange, etc.
Forecasting
. . ) ) LSTM +
It is challenging to capture both Integration of Spatiotemporal Transformer-Based
long-term and short-term time Features through the Fusion Parallel PeMSD7, RMSE, MAE,
series patterns simultaneously with a of LSTM and Transformer . METR-LA MAPE
. 18] Spatiotemporal
single model Models
Network
The Predictive Enhancmglert? dllgtlons " Multi-Scale PEMSO3,
e . P Temporal Encoder PEMSO04, MAE, RMSE,
Limitations of a Single Temporal Scale Temporal Scales and .
and Spatial Structure!™ Augmented Spatial + Enhanced Spatial PEMS07, MAPE
. Block PEMS08
Information
Reflecting Dynamic Progressive
The flxgd spat|ote.mporal attention Spa.tlotempora.l Space-TimeAttention PEMS-BAY, MAE, RMSE,
structure is not flexible for short-term Relationships with +
0] ) METR-LA MAPE
forecasting a Self-Progressive Temporal
Architecture Refinement
HSD AA< &8 1 9= FFH o= A5t ol £ ST-GCN(Spatio-Temporal Graph Convolutional Net-
& Zagdae B 54k, oS A9s, A W 7ks work) 2 CNN-LSTM dto] 22| = RdlS &73k3it). o]
3 7ve) 4% BAE B FFOEM, A MG UE 3 HIWE Bdo] MAFHo|T o] dH 2R 29l
93 B AEL % FYST A5H ML 2AE TS HYT £ Y= an
Azt sk T ol @ A RES B 2E B4 53] &
Zoly S F40F A HY gloH, o] Ty
3. 2 Me J|u EE oS A E B AT A wE Aol B 4
oj=]of Sk whebA HiolEl AEAd, 144 Ao, oF 2
3 30l 20k e} Zro], H2e] S AE 7N EZY 019 #HA o] Ao]et H|ZE TH = A9 B4 Y EY
= ATEL A AAY WEAS Bk AU B o) gat Aene ods Baaa)
371 918 717, dzek 25 el ZHdY3e) § olo whaj, B A7E A1q) Qe f VED EdjHo)
Fole FFOR WA K o d ATES A 23S Pk o FHINE IR 37 29l0) PH
5 580] Bed] A7hE Bt} T Sl odsl  2aln o) EAle] QIS F/ Rk E4 89)0] HH O
AMrt AR E = Aol ok, 2%, A%, 5, T A4 2 g mRth
S ohgs o 26 ML FA IS weETeE A el B A= 37 T2 ALY o5 &4
= xR ol8 D] A, A AFEZ H4 S & GoNel ASshE g, 84 d5E SHA 4
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Table 3. Summary of the paper on traffic prediction based on environmental information

Problem Definition

Research Objectives

Proposed Method

Dataset

Performance
Evaluation
Metrics

Conventional metro flow
prediction methods fail to
capture complex
correlations as they
separate temporal and
spatial interactions?")

Incorporating spatiotemporal
continuity of metro flow using
an integrated model based on

CNN and LSTM

A spatiotemporal deep
learning architecture
combining CNN and

LSTM

Real-world usage data
from
urban metro systems

RMSE, MAE

Static graphs fail to
incorporate external
attributes!®?

Enhancing spatiotemporal
prediction performance
through the integration of
Attributeinformation

Attribute-Augmented
ST-GCN

Traffic flow
spatiotemporal graph
data

MAE, RMSE, MAPE

Euclidean-based
structures struggle to
represent
non-Euclidean
relationships
effectively'®

Learning non-Euclidean
structures and incorporating
external factors

An attention-based
non-Euclidean
spatiotemporal model

Traffic flow data
incorporating weather
factors

RMSE, MAE, MAPE

Information loss occurs
when external factors are
simply merged®

Reflecting the
temporal and
spatial significance of external
factors

ST-GCN
(Spatio-Temporal Graph
Convolutional Network)
combined with Selective

Traffic and weather
data for multi-step
traffic forecasting

RMSE, MAE, MAPE

Attention
U A 2 A kst 29 o718 A (RNN, GRU, AE Asst

LSTM, CNN, Transformer)®] o1& Ao ofH FeFS

MAEAS AAA LR EAsAT o] WS #4 1
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Fig. 1. Sample of Traffic and Environmental Data from Korea South-East Power Company
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Category

Description

Data Source

SNMP-based network traffic monitoring logs from Korea South-East Power Co., Ltd.

Monitoring Period

January 2022 - December 2023 (2 years)

Sampling Frequency

1-hour intervals (24 measurements per day)

Total Records

Approximately 17,520 traffic measurements (730 days x 24 hours)

Prediction Target

Maximum daily outbound network traffic (Mbps)

Network Variables

Hourly traffic volume, aggregated packet count, and link utilization rate

Environmental Variables

Average temperature (°C), minimum temperature (°C), maximum temperature (°C), average wind speed
(m/s), maximum wind speed (m/s), maximum instantaneous wind speed (m/s), total sunlight hours (hr)

Data Sources (Environment)

Public API of the Korea Meteorological Administration (KMA)

Matching Method

Each day’s environmental record is aligned with the corresponding date of network traffic measurement

Data Size after Merging

730 composite samples (daily aggregation, 8 features per sample)
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Table 5. Traffic Prediction Model Parameters

Iltem Value

Sequence 7

64 (1st layer) / 32 (2nd Layer)

Hidden Layer

Tanh (Recurrent Layers),

Activation Function Linear (output Layer)

Loss Function MSE
Optimizer Adam
Learning Rate 0.001
Epochs 100 ~ 1000 (Increments of 100)
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Table 6. Optimal performance by model(Sorted by MSE)

Environmental Variables)

Model Epoch Batch Size MSE MAE RMSE R? MAPE
1000 7 3400.24 39.34 58.31 0.98 3.45
GRU 1000 21 3648.70 42.48 60.40 0.98 3.59
900 7 3742.43 42.84 61.17 0.98 3.56
800 7 4226.99 44.32 65.01 0.98 3.68
LSTM 700 7 4633.59 49.12 68.07 0.98 4.05
1000 7 5083.90 49.11 71.30 0.98 4.06
800 14 750.19 15.77 27.38 0.99 1.14
RNN 900 7 805.15 18.10 28.37 0.99 1.48
900 14 1013.50 20.49 31.83 0.99 1.556
1000 14 6539.10 55.19 80.87 0.98 4.38
CNN 900 7 6758.62 55.70 82.21 0.98 4.40
900 14 7045.47 58.53 83.94 0.98 4.73
800 7 9506.48 59.34 97.50 0.97 4.80
Transformer 1000 9908.81 60.92 99.54 0.96 4.88
600 7 10335.02 61.97 101.66 0.96 4.94
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2Eof| ChEt Shapiro-Wilk 4 28 Z1t
of Shapiro-Wilk Normality Test for Deep Learning Prediction Models

Model W Statistic P-Value Analysis
GRU 0.97 5.1462e-01 acceptance

. RNN 0.86 8.3924e-04 rejection
Environmental LSTM 0.94 9.1412e-02 acceptance

Excluded

CNN 0.98 6.9992e-01 acceptance

Transformer 0.63 1.5523e-07 rejection

GRU 0.56 2.3127e-08 rejection

Environmental RNN 0.77 2.0642e-05 rejection

Information LSTM 0.65 3.4425e-07 rejection
Included CNN 0.95 1.4675e-01 acceptance

Transformer 0.92 2.0710e-02 rejection
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Table 8. Results of Tukey HSD Post-hoc Test for Pairwise MSE Differences Across Deep Learning Models Under Various

Environmental Input Conditions

Group1 Group2 Mean diff P-adj Lower Upper Reject

GRU CNN 2028.58 0.01 375256 | -304.60 TRUE

RNN CNN 6071.34 0.05 346173 | -13.77 TRUE

LSTM CNN 1737.75 0 779532 | -4347.36 | TRUE

Transformer CNN 4400.04 0 2676.06 | 6124.02 TRUE

Environmental LSTM GRU 290.83 0.99 143315 | 2014.81 FALSE
Information

Excluded RNN GRU -4042.76 0 5766.74 | -2318.78 | TRUE

Transformer GRU 6428.61 0 470463 | 8152.59 TRUE

RNN LSTM | -4333.60 0 6057.58 | -2609.62 | TRUE

Transformer LSTM 6137.78 0 441380 | 7861.76 TRUE

Transformer RNN 10471.38 0 8747.40 | 1219536 | TRUE

GRU CNN 7629.67 0 882112 | 643822 | TRUE

LSTM CNN -7386.85 0 -8578.30 | -6195.40 | TRUE

RNN CNN -8373.81 0 956526 | -7182.36 | TRUE

Transformer CNN 4399.27 0 3207.82 | 5590.72 TRUE

Environmental LSTM GRU 242.82 0.98 94863 | 143427 | FALSE
Information

Included RNN GRU 74414 0.42 193559 | 447.31 FALSE

Transformer GRU 12028.94 0 10837.49 | 1322039 | TRUE

RNN LSTM -986.96 0.15 217841 | 204.49 FALSE

Transformer LSTM | 11786.12 0 10594.67 | 12977.57 | TRUE

Transformer RNN 12773.08 0 11581.63 | 13964.53 | TRUE
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Table 9. Prediction Performance Comparison for GRU, LSTM, RNN, CNN, and Transformer Models with and without Environmental Information

Model Evoch Batch MSE MSE AMSE MAE MAE R2 Remark
P Size (Excl.) (Incl.) (1%) (Excl.) (Incl.) (Incl.)
GRU 700 7 700941 | 115146 | 83.6% | | 54.48 25.05 0.99 Fast convergence,
stable generalization
Most consistent and
RNN 700 14 2066.65 | 407.32 | 86.3% | | 34.75 17.92 1.00 consis!
lightweight
LSTM 1000 21 7300.25 | 1394.28 | 80.9% | | 55.87 28.05 099 | Migher variance, slower
convergence
Limited temporal
CNN 900 7 9037.99 | 878113 | 2.8% | | 63.12 62.48 0.99 .
learning
Transformer 800 7 13438.03 | 13180.44 | 1.9% | 73.34 73.34 0.99 High computational cost
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Permutation Importance Comparison: GRU vs LSTM vs RNN vs CNN vs Transformer
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Fig. 2. Permutation Importance Comparison of Environmental Variables Across GRU, LSTM, RNN, CNN, and Transformer Models
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