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Abstract: An ER-MKKNN ( enhanced random mixed kernel K-nearest neighbors algorithm) was developed to meet the requirements of base
station network traffic prediction in ultra-dense 5G/6G environments. A hybrid kernel function was formed by combining a radial basis function
kernel with a white-noise kernel, thereby overcoming the trade-off between nonlinear relationship modeling and noise suppression that plagues
single-kernel methods. Dual random subsampling of both samples and features, together with a randomized hyperparameter-interval strategy, was
employed to bolster generalization stability in high-dimensional, sparse settings. A dynamic weight-allocation mechanism based on inversion of out-
of-bag errors was introduced to improve robustness against abrupt traffic fluctuations. Finally, a multi-level parallel architecture was implemented to
deliver a scalable prediction framework for ultra-dense network topologies. Experimental evaluations show that ER-MKKNN outperformed deep-
learning models in root mean square error, mean absolute percentage error and mean absolute error, respectively, establishing a new technical
pathway for intelligent network operations and maintenance.
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Fig.3 A traffic data of the sample base station for one week
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Fig.5 Performance comparison boxplots of different

KNN variants
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Tab.3  Performance comparison of different KNN variants

FEEE SE-3 RMSE 34 MAPE -4 MAE
KKNN 0.324 3 3.2238  0.1980
KNN - DTW g 0.339 7 2.7582  0.203 4
KNN - %8 0.369 5 4.3573 0.227 6
KNN - EREEJE® 0.339 4 3.2594  0.207 8
KNN - ZfRIEB 0.3395 4.2576  0.206 1
MKKNN 0.317 4 2.5187  0.1954

14. 1% , MAPE [&{£ 8. 7% ~42.2% ,MAE [&/%
1.3% ~ 14.1% . 4% 5% 10 25 [N 2 0% g B (5 8, 78
MAPE |3 8l 5 DTW B X 55, (HXF 58
75 55 JEV A 8 S AU AN JE , MKKNN A EE KNN -
DTW BEE5{0[%(% MAPE 8.7% . MKKNN 254
RS P 5 AR LR R AL, S o e e
i MAPE [EAIGRIE 42.2% o X Feor gk TR G 4%
JrETEZ REERHER$E 5 o As e vk b iy e i
KKNN [ 5 B4 B R BR ] T A e i At
AT BEN A7 KNN,RMSE {UF#IKZ) 2. 1% .
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Fig.6  Performance comparison boxplots of

ensemble learning algorithms
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Tab.4 Performance comparison of ensemble

learning algorithms

(e SEHY RMSE  SE¥) MAPE  SE3 MAE
LGB 0.3210 3.534'5 0.191 1
RF 0.342 1 2.506 5 0.199 6
XGBoost 0.347 7 2.917 2 0.208 4
CatBoost 0.365 9 5.203 7 0.231'5
ER-MKKNN 0.296 3 1.949 2 0.179 9

5 RF . XGBoost .LGB #1 CatBoost PUFscik4E
BEF ) 7 iEAT X, ER-MKKNN 78 18 /> 3 3
(1) 9 2% i 3t 1920 H (% RMSE (0. 296 3) , MAPE
(1.949 2) #1 MAE(0. 179 9) ¥ 58 45 %% . 54k
() LGB #H Lt , RMSE B#{IK T 29 7. 7% MAE [k T
295.9% ; 5 RF b, MAPE [5A% T 29 22.2% |
MAE (R T £99. 9% , R W8 bl TR L £
A% BRI, ASLRE SRS T T i PP A5, I B e 0
A Bl B A RS ) SR BE

5T KKNN R il 2] 45l i R A 1% R
B 2 RUBE FFAE R IR, P45 5 1 5 B ATL AR I AL
il AR S R 2 At RE SRR d . — i A
PR A 22 ROBE 1) Jmy A AR | 3 — D T e ek
BEATLAL G A TR 2 e B AR 006 KU . AR LG
PR A% 7 7 S T T O DA 8 5 e A T
PR A B 70 A A 58 e R R IR A7, 3%
P Aa E . ER-MKKNN ¥ MKKNN 5 X & fifi
VUL FERERA L G R Z ML 2 R
FEFFAEARAE , 7648 1802 1H foe R AR Z P %
Ao W F PR AE R, AL ok RMSE |
MAPE \MAE [ . 3 R#AI%, S BRI TE I 5 588 5
MR T R I AR S E 8, A RIE T
A O 45 3 T H ) BT L
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Tab.5 Multi-level parallelization acceleration effect

" YRR FEAR SEBR
B[]/ s Fif ]/ JinsE He

1 723.67 723.67 1.00

2 379.27 361. 84 1.91

4 203. 51 180.92 3.56

8 115.96 90. 46 6.24

16 78.15 45.23 9.26
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2.5 EXREMHFEIMREFEIEHILE
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learn i, IR FIAERE BN S BOL B . 76 SR
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#%'7) (recurrent neural network, RNN) | |]# &
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Transfomer' ™ 1 B i) % B M 2" ( temporal
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Fig.8 Network traffic prediction results of multiple models
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Tab.6 Comprehensive performance comparison of

multiple models

yimiil SE445 RMSE SE#4 MAPE 4% MAE
SVM 0.364 0 22.072 0 0.260 6
DT 0.422 8 2.586 1 0.247 9
MLP 0.358 0 11.082 0 0.232 6
ARIMA 0.428 1 4.460 9 0.257 6
ER-MKKNN 0.296 3 1.949 2 0.179 9
Transformer 0.300 1 6.679 0 0.194 4
TCN 0.3156 5.053 9 0.201 6
SAEs 0.357 2 11.744 4 0.239 5
GRU 0.322 6 8.2556 0.200 6
LSTM 0.310 6 5.3380 0.196 7
RNN 0.3219 9.886 2 0.207 3
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