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[Abstract]

Predicting path loss is one of the important factors for wireless network design, such as selecting the
installation location of base stations in cellular networks. In the past, path loss values were measured
through numerous field tests to determine the optimal installation location of the base station, which has the
disadvantage of taking a lot of time to measure. To solve this problem, in this study, we propose a path
loss prediction method based on machine learning (ML). In particular, an ensemble learning approach is
applied to improve the path loss prediction performance. Bootstrap dataset was utilized to obtain models
with different hyperparameter configurations, and the final model was built by ensembling these models.
We evaluated and compared the performance of the proposed ensemble-based path loss prediction method
with various ML-based methods using publicly available path loss datasets. The experimental results show

that the proposed method outperforms the existing methods and can predict the path loss values accurately.

» Key words: Artificial intelligence, Cell planning, Ensemble learning, Machine learning,
Path loss prediction, Regression problem
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I. Introduction

AEe] YEYI(Cellular Network)oA] A(Cell)o]2t
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II. Related Work
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sHe Al 1A SVMO] %2 &4 o5 45S vl A
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VGG-16 o}7|EIX-E &-83ict. [37]01A A7E ofo]to]
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oA Az 24 x5et A =9y HHE|(Shadowing
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1. Dataset Preparation
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Table 1. Descriptive Statistics of the Training Dataset

fo 1 | fs | fa | Fs | S
Cnt 2169 2169 2169 2169 2169 2169
Avg 3.164 | 6.675 | 54.17 | 54.71 | 5.778 | 437.3
Std 0.004 | 0.003 | 5.802 | 3.894 | 2.684 | 269.6
Min 3.156 | 6.668 45 49 4 2
25% 3.161 | 6.673 49 51 4 248
50% 3.163 | 6.675 54 54 6 375
75% 3.167 | 6.676 59 57 6 659
Max 3.171 | 6.679 64 64 16 1132
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3. Hyperparameter Optimization
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Table 2. Hyperparameter of k-NN

Hyperparameter Search Range
n_neighbors {2, 3, 4,5, 6,7, 8,9, 10}
weights {"uniform”, “distance”}
metric {"minkowski”, “euclidean”,
“cityblock”}
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IV. Experimental Results

1. Benchmark Methods and Evaluation Metrics
2 AFoA= (1) SVM 718E (2) k-NN 7|8t (3) RF
7149E, (4) DT 718k, (5) MLR 7|8k, (6) Lasso 7|4t (7)
Ridge 7], (8) Elastic Net 7|8t (9) MLP 7]g§F 32 &
A olE BHEZ -I5ke, AiRtshe = 718t dE &
A o|F 2ol 45 Bl E Coold =2
2 (Python Programming) 210]-8 ML 2to]H2{2] A}o]
ZR(scikit-learn) & &-8st0] 2F L8 AR O, AL
o]71Aof|A] Al5-5l+= HalvingGridSearchCV 2245 &
8sto] 7t wdlo] tjjsiA] sto]mufatule] X|AstE 438
StATH. MLP 7[5t F2 &4 of & 2] 732, 3
ot 9l dgjy glojyzia] EﬂHEE(TensorFlow)é =8
5tof [17,25-33]0flA At o7 |[HIAE L5t o0,
AT AR I 304}

2319

0

[|

Ol_.

Table 3. Hyperparameter Configuration for MLPs

# Neurons # Neurons Activation
Ref. in the 1% in the 2 Function
Hidden Layer Hidden Layer unctio
[17] 7 3 tanh
[25] 10 10 tanh
[26] 80 None tanh
[27] 9 None tanh
[28] 4 None tanh
[29] 10 None sigmoid
[30] 3 None sigmoid
[31,33] 20 None sigmoid
[32] 57 None sigmoid
Qe oR Tkl W} AEAR o) Estol wile] Y5
= BT 3% SYAs Y HgE H7Pt ol oA 4
olch wehx B Hjlojas o] L9 noxoz I
7¥st7] sl (1) =+ Al 2AHMean Squared Error,
MSE), (2) B+ Al 2AHRoot Mean Square Error,
RMSE), (3) H4d At QXKMean Absolute Error,

MAE), (4) A&A4(Coefficient of Determination, R?)
o 47}x| W7} x| B2 ALSSIE

2, Results

AlRtsle Y= 2Ee F8sto] dz &4 s oS
Sk B QlofA, ojE ML RHle 9 7js obiasiof 7}
B E2 45 BET & UKl ot HeliA, I
26 ML 23] ER9 7h5E 2elelod 4% vlag
Zaggict
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Table 4. Performance Comparisons among Ensemble
Models with Different Numbers of SVMs

Table 6. Performance Comparisons among Ensemble
Models with Different Numbers of DTs

# SVMs MSE RMSE MAE R? # DTs MSE RMSE MAE R2
2 36.9174 6.0760 4.4417 0.5282 2 15.3978 3.9240 2.9180 0.8032
3 37.3685 6.1130 4.4473 0.5225 3 18.3367 4.2821 3.2271 0.7657
4 36.7942 6.0658 4.4364 0.5298 4 17.1968 4.1469 2.9758 0.7802
5 36.8565 6.0710 4.4574 0.5290 5 15.9697 3.9962 3.1135 0.7959
6 36.2702 6.0225 4.4279 0.5365 b 13.1703 3.6291 2.7701 0.8317
7 36.5013 6.0416 4.4433 0.5335 7 15.3739 3.9210 3.0271 0.8035
8 36.5198 6.0432 4.4470 0.5333 8 14.8187 3.8495 2.9036 0.8106
9 36.5917 6.0491 4.4431 0.5324 9 12.9199 3.5944 2.7451 0.8349
10 36.3884 6.0323 4.4371 0.5350 10 14.6595 3.8288 2.8415 0.8127
11 36.3248 6.0270 4.4359 0.5358 11 15.9414 3.9927 3.0624 0.7963

I 4= opArE ool i SVMO] 740 @2 471K] A= Table 7. Performance Comparisons among Ensemble

Wt A0 AULS olEth AF A g2d, &%)
, 54 e s

o 1:—] 0]1\1— ok/d—gx]
62 e 28 LH DT 7HT0ﬂ o 71
rﬁj} x]g_g] 7&21—7 04 ﬂﬂroﬂ ujre 97H

o] DTS dd=sie o 31 452 243

l‘n_|>“

Table 5. Performance Comparisons among Ensemble
Models with Different Numbers of k-NNs

# k-NNs MSE RMSE MAE R?
2 11.9927 3.4631 2.6066 0.8467
3 10.4813 3.2375 2.5357 0.8661
4 10.3253 3.2133 2.5072 0.8681
5 10.2600 3.2031 2.5062 0.8689
6 10.1057 3.1790 2.4810 0.8709
7 10.0883 3.1762 2.5026 0.8711
8 9.7559 3.1234 2.4550 0.8753
9 10.0797 3.1749 2.5163 0.8712
10 10.1416 3.1846 2.5023 0.8704
11 10.1956 3.1930 2.5155 0.8697

Models with Different Numbers of MLRs

# MLRs MSE RMSE MAE R2
2 55.9531 7.4802 5.7310 0.2850
3 56.0552 7.4870 5.7252 0.2837
4 55.9133 7.4775 5.7295 0.2855
5 56.0330 7.4855 5.7045 0.2839
6 55.9552 7.4803 5.7195 0.2849
7 55.7390 7.4659 5.7010 0.2877
8 56.0030 7.4835 5.7311 0.2843
9 55.7954 7.4696 5.7163 0.2870
10 55.7704 7.4680 5.7063 0.2873
11 55.8090 7.4705 5.7261 0.2868
72 PR 29 U MRS Aol T2 4714] s
W7} AlEe] Ak wolEth 4g Auo] U=, 77)
of MLRS QLIS 1. HI 452 HCk

Table 8. Performance Comparisons among Ensemble
Models with Different Numbers of Lassos

# Lassos MSE RMSE MAE R2
2 61.6283 7.8504 5.9810 0.2124
3 62.5150 7.9066 5.9934 0.2011
4 62.3664 7.8972 5.9992 0.2030
5 62.4136 7.9002 6.0060 0.2024
6 62.0707 7.8785 5.9889 0.2068
7 62.0737 7.8787 5.9965 0.2067
8 62.1261 7.8820 5.9828 0.2061
9 62.3641 7.8971 5.9834 0.2030
10 62.2864 7.8922 5.9990 0.2040
11 62.2440 7.8895 5.9904 0.2046
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Table 9. Performance Comparisons among Ensemble B 112 B 45 H 1 107FK] 3o A5-S 2@Adsh 7t of
Models with Different Numbers of Ridges A2 gulo] 4718 AL ®7} x|EO] Zutgre Hojzct
# Ridges MSE RMSE MAE R? A Ato]] w2, thofst ML 78] oArE Hl Zoj
2 56.1244 7.4916 5.7121 0.2828 XN 7 X} © /\3}. XL o r_;]-}\-]a-}, 7_]2 87 [e) k_NNgi
3 558193 | 7.4712 | 57208 | 0.2867 e Cooe= 2o Av ]H_ 7:
4 557848 | 7.4689 | 5.6929 | 0.2871 4 YT BT & AFoMe & 119 ZuE
5 55.9184 7.4779 5.7203 0.2854 HIEFO 2 8719] k-NNO.2 LAIE] oFAFE mulo X]& g
6 559212 | 7.4780 | 57055 | 0.2854 Eo ~ el TRY YHE 225 AT
7 558653 | 7.4743 | 57094 | 0.2861 gz Aok
8 55.7059 7.4636 5.7047 0.2881
9 55.7711 7.4680 5.7057 0.2873 .
10 558314 74720 57027 0.2865 Table 12. Performance Comparisons between the
11 558888 | 7.4759 5.7103 0.2858 Proposed and Benchmark Models
Method MSE RMSE MAE R2
Table 10. Performance Comparisons among Ensemble SVM 44.2244 6.6501 4.8044 0.4348
Models with Different Numbers of Elastic Nets k-NN 10.9549 3.3098 2.6075 0.8600
RF 20.8181 45627 3.3330 0.7340
# E-Nets MSE RMSE MAE R? DT 311184 | 55784 | 40753 | 0.6023
2 60.0110 7.7467 5.9796 0.2331 MLR 55.8340 7.4722 5.7128 0.2865
3 59.8375 7.7355 5.9351 0.2353 Lasso 59.7646 7.7308 5.9466 0.2363
4 59.9755 7.7444 5.9361 0.2336 Ridge 55.8344 7.4722 5.7127 0.2865
5 62.7259 7.9200 6.0366 0.1984 E-Net 63.5643 7.9727 6.0725 0.1877
6 62.1737 7.8850 6.0314 0.2055 [17] 78.4977 8.8599 6.8263 -0.0031
7 62.6083 7.9125 6.0163 0.1999 [25] 46.6819 6.8324 5.3574 0.4034
8 62.7897 7.9240 6.0220 0.1976 [26] 49.2522 7.0180 5.4523 0.3706
9 62.4268 7.9011 5.9982 0.2022 [271] 45,5239 6.7471 5.1653 0.4182
10 59.8651 7.7373 5.9293 0.2350 [28] 78.4956 8.8598 6.8258 -0.0031
11 63.4239 7.9639 6.0643 0.1895 [29] 45.6187 6.7542 5.2973 0.4170
[30] 63.6599 7.9787 6.0244 0.1865
_ [31,33] 58.3208 7.6368 5.8924 0.2547
& 82 Fd= L2 Ul Lassod] 7io] mE 47H1] [32] 551091 | 7.4236 | 57286 | 02957
L @y} RO AWZLS BoixCh AE ZAubo]| wp2w, | Proposed | 9.7559 | 3.1234 | 24550 | 0.8753

2719] Lassog ¥d=3te U, 21 s 243
I 9= 9AF2 ool U Ridgeo] 7§20 W 471K] A # 12+ Aletshs g5 28(=Proposed)at ML 7]8t
S B Alme] AL HojFEch Mg Aue] M2y,  ZF2 &4 oS 2@E29] MSE, RMSE, MAE, R? A%
8719] Ridges Fd=3= Wl &1 55 243 Ziks EOEI—?EUr s 2011*1 =5 9120] Kl%}% I
B 102 gAME 29 U Elastic Net(E-Net)Q] 7H—’.\—0ﬂ 2 zo A
oE ] s B AlRY] A3E BoETh A9 2 9o 2 o] % ]O}'o}‘— oA Etﬂo] A2 2 5ol
o] w29, 8709] Elastic Netg JAFEsie o, 21 mujatule|g 7+ ofe] 7Ho] k-NNo2 A E|o] Tiopyd
dee 28 & gusozy, et 2 24 ol50] 7Hs3] die
ojct. & 129] Wix[ut2 2 FojX H(Top) 39| 45t

Table 11. Performance Comparisons among Ensemble Mo thyst nalo 717k 22 k-NN, RF, DTgch
Models

Rl

an b e Aeg B e (1714 At
# Models MSE RMSE MAE R? MLPo|9it}. R|otsl= o}Ak2 mulo] MAEX oF 2.45500]
6 SMVs 36.2702 | 6.0225 4.4279 0.5365
o7 ool = JHRF oasiy k- A5
8 k-NNs 9.7559 3.1234 2.4550 0.8753 A, HIREE 29 F 7Mg P3lE k-NNO MAE:=
9 DTs 12.9199 | 3.5944 2.7451 0.8349 2.60750]9)t}. AQtsh= QAME molo] MAE:= k-NNE
7 MLRs 55.7390 | 7.4659 5.7010 0.2877 _
oF 1o Aqnta ™ 7\ olsl= orAlE
2 Lassos | 61.6283 | 7.8504 5.9810 0.2124 CF oF 0.1525 S3it). & 50f 2af=R8 Atk 4=
8 Ridges | 55.7059 7.4636 5.7047 0.2881 2do] 7t A= &Al 2R AS5HA o8 4 9L
3 E-Nets | 59.8375 | 7.7355 5.9351 0.2353 oF 2 o}
=2 T X1
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Table 13. Time Complexity Comparisons between
the Proposed and Benchmark Models

Method Training Time Testing Time
SVM 42.9338s 0.1028s
k-NN 2.2793s 0.0000s

RF 131.4054s 0.0050s
DT 1.4319s 0.0006s
MLR 0.0950s 0.0000s
Lasso 0.6698s 0.0000s
Ridge 0.3863s 0.0010s
E-Net 6.8762s 0.0000s
[17] 45.2124s 0.1217s
[25] 20.4996s 0.0803s
[26] 9.1971s 0.0726s
[27] 31.7027s 0.0729s
[28] 39.5019s 0.0762s
[29] 20.9869s 0.0746s
[30] 47.2709s 0.0712s

[31,33] 12.8102s 0.0738s

[32] 6.5397s 0.0736s
Proposed 15.8038s 0.0171s

Table 14. Experimental Setup of Hardware

Property Explanation
Processor 13th Gen Intel(R) Core(TM) i7-1360P
@ 2.20 GHz
RAM 32GB
System Type 64-bit Operating System(0S)
0S Windows 11 Home

=Proposed)z}t ML 7|8t
13t B =(Time Complexity)

L stegof(Hardware) A
L= ﬁ:rmﬂ’ﬁ% ]7J 24 ALt
= HOHH ( ) 22

= AlZHTraining
Time)x} (2) €710] &=

o 2do] l°d ElolE ME Wi
A AZol sl ol 52 So85h=t] 295 Al{HTesting
Time)e AAICHTY &) AR 58S 9lslA el
(Time) 2fo|Beie]s &8sl & 139 A Zutof] o
2, w5 Fo] A= ARl 7MY ZIE 22 RFSY
. Alste e BEe of 158590 AlY Holel

NE U & 724719] AEol] thsh ofl 5ol 225k= dl 2]

AREO] A%, 71 1 AlRtol A R [17]0]1A A
=] MLPY1, Jtf2og Qff Axd wddle SVMo|9)
gHd ARt s 2Ee 0.0171%%

L=

sz

V. Conclusions
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