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Abstract

As network infrastructure continues to grow in complexity, accurate traffic forecasting has emerged as a critical element for
autonomous network operations. This study proposes a multivariate time series prediction model that integrates real-world network
traffic data with meteorological environmental variables. Initial experiments revealed that including all eight environmental variables
resulted in performance degradation due to low correlation and multicollinearity among features. Consequently, only four key
variables —Maximum Value, Average Temperature, Maximum Temperature, and Total Sunlight Hours —were selected, and the model
was retrained with optimized hyper-parameters (Epoch=900, Batch Size=14). As a result, all models (RNN, LSTM, GRU)
demonstrated improved performance, with the RNN model achieving the best results: MSE of 34.3964, MAE of 4.4220, MAPE of
0.3533%, and R? of 0.9999. While GRU and LSTM also exhibited stable performance, signs of overfitting were observed when
the number of epochs was excessive. Permutation Importance analysis showed that the models responded differently to input
variables, depending on their architecture. In addition, a sudden increase in prediction error on specific dates indicates that the
models are sensitive to anomalous traffic patterns or external environmental fluctuations. Overall, the proposed model demonstrated
enhanced prediction accuracy and adaptability by incorporating environmental information, proving its potential for practical use in
intelligent network resource control and traffic forecasting systems.
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Maximum Wind Speed(°C)
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Average Wind Speed(m/s) Multivariate
Time Series ’

Total Sunlight Hours(hr)

Traffic Data
Traffic Input / Output
Traffic Volume(Mbyte)
Date

— RNN —
Mean Squared Error(MSE)
Mean Absolute Error(MAE)
GRU Root Mean Squared Error(RMSE)
Coefficient of Determination(R?)
Mean Absolute Percentage
Error(MAPE)
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Fig. 2. Overview of Multivariate Time Series Prediction Experiment Using Traffic and Environmental Data
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Table 1. Summary of Network Traffic Prediction Papers

Problem Definition Purpose of the Study Proposed Method Dataset Pe;fﬁc;rg?:ce
Lack of technical Systematic organization )
P e s Comparison and .
classification in existing and classification of L . No experimental
. ) ) characteristic analysis None
network traffic machine learning-based of ML techniques data.
prediction research®®. | traffic prediction techniques. ques.
Limitations of existing N . . .
sinale LSTM-based Improving time series Comparison with Network load data
9 . prediction accuracy by CNN-LSTM hybrid based on solar RMSE, MAPE
prediction L .
[10] combining CNN and LSTM. model + RF. power generation.
performance'™.
Hr']%h;ff;e”lﬁ}l’ ;‘gt':e Application of CNN-LSTM Prediction with Network traffic
gatively Imp after noise removal using a |  CNN-LSTM after MAPE, RMSE
prediction . capture data.
11 Butterworth filter. frequency separation.
performance''".
The problem o.f . - Predicting the linear . )
representing both linear Improving prediction art with ARMA and Mobile and fixed
and nonlinear accuracy by combining gorrectin errors with network traffic RMSE, MAPE, R?
characteristics of traffic ARMA and ESN. 9 data.
. . 112] ESN.
with a single model"'“.
P S0 5T RN 71E oS BYd] FAS B Term Dependency)= St F A& +X22 F5EL
ghabs Ho® Hrpda o ok RNN2 £2H4 49 7he] AI7H AdaaAE Wk
& Qe 1R FEE /E, 84 A4, Aol A, B

=
2. AAIY ey md ¥ o5 5 et AAE Al E&so] ol 1#
oA 7]1€-7] 2% (Vanishing Gradient)
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Table 2. Summary of papers on time series deep learning models
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Problem Definition Purpose of the Study Proposed Method Dataset Performance Metrics
La(?k of theo.ret.lcal Intuitive and comprehensive | Deriving RNN based on Providing mathematically
explanation for existing RNN : - . : . L
) - explanation of the operational | differential equations and accurate derivations and
and LSTM, and insufficient . . o
. . principles and formula mathematically None structural intuition, and
unified explanation of L . : .
formulas and trainin derivation process of RNN | constructing Vanilla LSTM proposing an extended
9 and LSTM. from it. structure for Vanilla LSTM.

principles!™!.

Challenges in predicting
traffic data with complex
temporal and spatial
dependencies!™.

Establishing a foundation for Proposing a multi-view
efficient traffic prediction and |spatiotemporal CNN-based
smart traffic control. traffic prediction model.

Urban traffic data
from the United
States.

Experimentally demonstrating
that the proposed model
outperforms existing models
in traffic prediction accuracy.

Application of
interpretative techniques
such as SHAP, CP-PD,
PFI, and Boruta-based

variable selection.

Utilizing RNN and GRU-based
DL models to predict and
interpret the spatial risk of

gully occurrence.

Difficulty in interpretation due
to the black-box problem of
DL models'"®.

Spatial data on
gullies in the
Shamil-Minab region
of Iran.

RNN with KS = 91.6 and
GRU with KS = 66.6
demonstrate that RNN is
superior, and interpretative
techniques allow for analysis
of variable influence.
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Table 3. Summary of the paper on traffic prediction based on environmental information
Problem Definition Purpose of the Study Proposed Method Dataset Performance Metrics
Existing traffic prediction Designing an ML-based traffic A regression model Traffic and Comparison based on

models do not consider
environmental factors such
as air pollution',

prediction model that includes
air pollution and weather data.

including PM2.5, PM10,
CO2, NO2, temperature,
humidity, etc.

environmental sensor
data from 2019 to 2023.

accuracy and
visualization.

Existing models suffer from
performance degradation
due to insufficient
incorporation of weather
factors!"™.,

Design of a prediction model
integrating traffic and weather
data.

Processing traffic with SAE
and weather elements with
RBF, then combining them.

Twin Cities Highway

(Detector 644) in the

United States, NOAA
weather data.

Comparison of accuracy
and combined prediction
results.

The impact of weather
factors is underestimated in
short-term traffic
prediction!"®.

Analysis of the effect of adding
weather data to models such as
LSTM, GRU, and CNN-LSTM.

Comparison of prediction
models after integrating
PeMS traffic and weather
data.

California PeMS traffic
and weather data (6
months in 2017).

Accuracy, visualization,
PCC (Pearson
correlation coefficient).

Degradation of traffic
prediction performance
under multiple adverse
weather conditions!®l.

Design of an integrated model
to improve prediction accuracy
under conditions of rain, fog,
and strong winds.

Integration of a
CNN+GRU-based traffic
block, a ConvLSTM-based
weather block, and
Self-Attention.

Traffic and weather data
from major urban areas
in China.

MAE, RMSE, and time
series prediction
accuracy.
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Data Collection
«  Traffic Data(SNMP-based)
*  Weather Data(using API)

l

Data Cleaning & Preprocessing
*  Outlier removal & missing value handling
* Normalization using MinMaxScaler
+ Time series data construction

)

Feature Selection
« Correlation analysis-based variable reduction

I

Data Splitting & Experiment Repetition Setting
+  Train/Validation/Test = 60:20:20
« Conduct experiment (n = 5), calculate average performance

l

Model Training

*  RNN/LSTM / GRU
*  Same structure and hyperparameters(2 Recurrent + 1 Dense Layer)
*  Epoch : 100-1000, Batch Size : 7/14/21

l

Performance Evaluation & Comparative Analysis
«  MSE/ MAE / RMSE / R? / MAPE
«  Comparison with traditional ML models(XGBoost, RF)

«  Comparison of performance including/excluding environmental
variables

T2l 3, EffE ol J]AF 81 MEE 225t A|HY oS 2 8 ZZAA
Fig. 3. Time Series Prediction Model Training Process Using Traffic

and Environmental Data
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A 71, AL 7N, Hd 5, AU 5, AU 218 T, &3ated [0, 1] M2 AfstelA, AAGe] NS B
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) o ) Maximum . i ) )
. . Traffic Average Minimum Maximum Maximum Wind Average Wind Total Sunlight
Region  Traffic date Instantaneous
(Mbyte) Temperature(°C) Temperature(°C) Temperature(°C) . Speed(m/s) Speed(m/s) Hours(hr)
Wind Speed(m/s)

Jinju Input  2021-04-20 0:00 868.99 148 3 266 54 2.8 038 12.2
Jinju Input  2021-04-21 0.00 875.87 17.1 6.8 272 59 27 0.7 111
Jinju Input  2021-04-22 0.00 872.55 17.6 125 248 5.6 2.8 0.8 1.8
Jinju Input  2021-04-23 0:00 938.38 18 12.6 238 838 43 16 47
Jinju Input  2021-04-24 0.00 912.27 16.4 9.2 24.8 6.5 33 1 108
Jinju Input  2021-04-25 0:00 832.38 159 94 233 6.7 35 12 9.9
Jinju Input  2021-04-26 0.00 882.38 127 48 20.8 6.3 29 1 125
Jinju Input  2021-04-27 0:.00 910.13 133 5.8 187 6.6 2.3 0.8 4.1
Jinju Input  2021-04-28 0:00 931.56 16.7 9.1 24 55 26 1 109
Jinju Input  2021-04-29 0:00 720.52 17.7 1 24.1 1.7 54 1.7 9.5

0 4. BRSUHS| ST o JA B HolE 4

o To

Fig. 4. Sample of Traffic and Environmental Data from Korea South-East Power Company(KOEN)
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Table 4. Traffic Prediction Model Parameters

Item Value

Model Architecture | 2 Recurrent Layers + 1 Dense Output Layer
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Table 5. Evaluation Metrics for Prediction Model Performance

Metric Description

The mean of the squared differences
between predicted and actual values,
more sensitive to large errors.

MSE(Mean Squared
Error)

Learning Rate 0.001
Number of Units 64(1st layer) / 32(2nd layer)
Loss Function MSE

Activation Function| tanh(recurrent layers), linear(output layer)

Epochs [100, 200, ..., 1000] (Increments of 100)
Batch Sizes 7,14, 21
Optimizer Adam

S A% 52 27 £E8E90H, AY 7k FARAL §
B3al7) 9a) TUst MEYT 129 7] AAHZS AME
sh Tk
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ru
o T
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“5}, 4 7‘3 A
98l sLg Bl Fxol sl (1) 87 AR 23 =
Z(Included), (2 HI7F A28 Z7(Excluded) o2

) 874 4
dolElE el Agath 717, 84 Wi Fok

The mean of the absolute differences

MAE(Mean Absolute between predicted and actual values,
Error) allowing an intuitive understanding of the

average size of the errors.

The square root of MSE, in the same
units as the actual errors and sensitive
to large errors.

RMSE(Root Mean
Squared Error)

An indicator of how well the model
explains the actual values, with values
closer to 1 indicating better performance.

R?*(Coefficient of
Determination)

Expressing prediction errors as a

MAPE(Mean Absolute
percentage of actual values, useful for

Percentage Error)

evaluating relative accuracy.

w
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RMSE, R?, MAPE 5 % 574 A& ARE 7522 3
stom 1 Axk= 3 63 Zth GRUT Epoch?t 1,000
3 Batch Size7} 791 Z 7oA MSE7} 3,400.2424% 7}
W e JERISH, RNN Epoch7} 800011 Batch
Size7} 14% W MSE7} 750.1932% $-73F %S Bt
LSTM-Z Epoch”} 800, Batch Size7} 791 7 MSE7}
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Table 6. Optimal performance and common condition performance by model (Sorted by MSE)

Model Epoch Batch Size MSE MAE RMSE R? MAPE
1000 7 3400.2424 39.3429 58.3116 0.9877 3.4573
GRU 1000 21 3648.7084 42.4831 60.4045 0.9868 3.5957
900 7 3742.4357 42.8401 61.1754 0.9864 3.5617
800 7 4226.9909 44.3266 65.0153 0.9847 3.6827
LSTM 700 7 4633.5912 49.1277 68.0705 0.9832 4.0554
1000 7 5083.9015 49.1135 71.3015 0.9816 4.0658
800 14 750.1932 15.7795 27.3897 0.9973 1.1498
RNN 900 7 805.1577 18.1052 28.3753 0.9971 1.4801
900 14 1013.5018 20.4919 31.8355 0.9963 1.5526

¥ 7. 2UE S5 metolHollAMe] =% MSH(Epoch=1,000, Batch Size=7)
Table 7. Optimal performance table for the same parameters of models (Epoch=1,000, Batch Size=7)

Model MSE MAE RMSE R? MAPE
GRU 3400.2424 39.3429 58.3116 0.9877 3.4573
LST™M 5083.9015 49.1135 71.3015 0.9816 4.0658
RNN 1015.4579 20.1219 31.8662 0.9963 1.5614
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Forest2TF 538t A5S BYrt &3] 3 AHE ¥
8t 7914 XGBoost= MSE 102,721.2, MAE 985.77,
RMSE 1,013.42, MAPE 48.04%Z 7|Za}e], z}7}
Random Forest®] t-3- §¢1 MSE 103,881.2, MAE 995.92,
RMSE 1,019.21, MAPE 48.43%¢°] H]3] @& 2388 1
ERITh o] Gradient Boosting 719+2] XGBoost7} £33t
dlolE] sjelel] tia] o] &2 oS JUEe} dwtst 58S
Asd & des AT
Tk, 9 59 & 8941+ Random Forest2} XGBoost
4] F8 A% AX(MSE, RMSE, MAE, R?, MAPE)
£ AZHA o7 H|w ek A3E AAsH, ©)E 53l XGBoost
2 o] %] F oA Random Forest® .t} $4-3F o= A
S5 APA o7 sholst &4 gith r/}uh = 74
R 3 HHE ET 2200 R ol SE dehe
H(XGBoost: -25.8248, Random Forest: -26.1277), ]
= Aze) Ado] B dZ TR £ 1A #%%1
£ XA o)= AAIEA FEle) A7)F o =A 3} 3
W4 7F W Azigo] BalE o 2 2183 AR F4

S, 37 YRS AGG AFNME QY x]mm

T,

-ll'l

N

=i =i= H

=12

.31

MSE Comparison

a

¥ 8. ME 0jAl2{ 2H(Random Forest, XGBoost)2| Eaf 0fZ Ms
H|(MSE, RMSE, MAE, R?, MAPE)

Table 8. Performance comparison of traditional machine learning mod-
els (Random Forest, XGBoost) for traffic prediction (MSE, RMSE,
MAE, R?, MAPE)

Model Random Forest XGBoost
MSE Excluded 102057.7 145475.9
Included 1038812 1027212
MAE Excluded 285.0514 336.4156
Included 995.9195 985.7655
Excluded 319.4615 373.2294

RMSE
Included 1019.213 1013.422

R? Excluded -1.6651 -2.799

Included -26.1277 -25.8248
Excluded 13.6469 16.0512

MAPE
Included 48.4315 48.0049
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Fig. 5. Performance metric comparison of traditional machine learning models (Random Forest, XGBoost) using MSE, RMSE, R?, MAPE
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Table 9. Prediction performance comparison of GRU, LSTM, RNN models with and without environmental information (MSE,

RMSE, MAE, R?, MAPE)

Model GRU RNN LSTM
Exclude Include Exclude Include Exclude Include
Avg 7009.41 1151.46 2966.65 407.32 7300.25 1394.28
MSE Max 11409.03 7215.88 7691.91 1849.46 11415.97 7278.73
Min 3400.24 20.54 750.19 14.204 4226.99 17.371
Avg 54.48 25.051 34.75 17.922 55.87 28.053
RMSE Max 69.65 84.946 60.36 43.005 67.92 85.315
Min 39.26 4.532 15.78 3.769 4433 4.168
Avg 82.66 18.821 51.43 13.634 84.65 20.844
MAE Max 106.81 60.212 87.70 32.908 106.85 61.012
Min 58.31 3.468 27.39 2.855 65.02 3.029
Avg 0.975 0.996 0.989 0.999 0.974 0.995
R? Max 0.988 1.000 0.997 1.000 0.985 1.000
Min 0.959 0.974 0.972 0.993 0.959 0.974
Avg 4.41 1.492 2.64 1.079 4.50 1.701
MAPE Max 5.64 4.958 4.86 2.734 5.42 4.818
Min 3.46 0.282 1.15 0.216 3.68 0.242
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Fig. 6. Performance Comparison of GRU, LSTM, RNN Models According to the Inclusion of Environmental Information
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Table 10. Optimal performance and common condition performance by model (including environmental variables and sorted
by MSE criteria)

Model Epoch Batch Size MSE MAE RMSE R? MAPE
700 7 11.9507 2.7319 3.4570 1.0000 0.2293
GRU 800 21 58.5093 6.0293 7.6491 0.9998 0.4811
900 14 63.0781 5.7492 7.9422 0.9998 0.4101
1000 21 42.9215 5.0487 6.5514 0.9998 0.4123
LST™M 800 7 44.3679 5.2155 6.6609 0.9998 0.4370
1000 7 68.8131 6.1907 8.2954 0.9998 0.4618
700 14 11.4305 2.6005 3.3809 1.0000 0.2162
RNN 600 21 33.7908 4.5546 5.8130 0.9999 0.3827
900 14 34.3964 4.4220 5.8648 0.9999 0.3533
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Table 11. Performance Comparison of GRU, LSTM, RNN Models with Environmental Features (Epoch 900, Batch Size 14)

Model MSE MAE RMSE R? MAPE
GRU 63.0781 5.7492 7.9422 0.9998 0.4101
LSTM 84.6224 7.1393 9.1990 0.9997 0.5938
RNN 34.3964 4.4220 5.8648 0.9999 0.3533
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Table 12. Permutation Importance of Key Environmental Features across GRU, LSTM, RNN Models

Feature GRU LSTM RNN
Average Temperature(°C) 0.007254 0.007209 0.004299
Maximum Temperature(°C) 0.005669 0.006505 0.001829
days 0.00267 0.002333 0.001005
Total Sunlight Hours(hr) 0.002161 -0.00065 -0.00209
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Fig. 10. Daily MSE Trends of GRU, LSTM, RNN Models
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Table 13. Date and number of abnormal MSE recorded in GRU, LSTM, and RNN models

Data GRU LSTM RNN
2023-01-08 1,899,269.12 1,445,404.04 1,357,133.95
2023-02-04 2,205,264.68 1,576,198.82 1,499,202.40
2023-02-05 2,210,774.50 1,623,349.45 1,507,744.57
2023-02-20 2,023,276.67 1,489,553.55 1,402,987.75
2023-02-21 2,142,322.52 1,442,900.40 1,364,189.94
2023-02-25 1,969,011.37 1,471,807.68 1,380,693.43
2023-02-26 2,161,102.91 1,602,972.36 1,460,802.18
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Epoch vs MSE by Model Type (With 4 Environmental Features)
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Fig 11. MSE Comparison of GRU, LSTM, RNN Models by Epoch
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