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Path Loss Modeling for mmWave for Urban Scenarios
Using Meta-Learning and 3D Images
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ABSTRACT

An accurate and efficient pathloss prediction modeling method for mmWave communication plays an
important role in the successful introduction of mmWave-based 5G mobile communication systems. Existing
methods often suffer from limitations in practical application due to low accuracy and efficiency compared to
the requirements for base station settings of deployment sites, especially in dense urban environments. In this
paper, we propose a mmWave pathloss modeling method for dense urban environment based on deep learning,
which has attracted much attention recently, and an input image generation algorithm based on 3D map data.
The proposed model training algorithm is based on meta-learning which can secure high prediction accuracy
even when a sufficient amount of training data is unavailable. The experimental results show a superior
performance over the CNN models trained by using 2D input images and 3D input images without

meta-learning.
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a2l 1. 3D-LAMS <A
Fig. 1. 3D-LAMS example

a2l 2. $ellA] B 3D-LAMS whd$h 20 HRiel)
Fig. 2. 3D-LAMS viewed from above (top) & A scan
plane (bottom)

Algorithm 1 3D-LAMS Algorithm
Input:

GPS locations of Tx and Rx

Size of a 3D-LAMS image: (w,h,d)

Rasterized 3D map image Mr
Output:

A 3D-LAMS image

1. Divide the interval between Tx and Rx by
d, Pi-a

2. Determine the slope S of a straight line
perpendicular
to the line between Tx and Rx and parallel
to the XY plane

3. Make empty 3D-array, A[w][k][d]
4. for i =1 to d do

5. Make scan plane SPi (center: Pi size: w
x d, slope: S
and perpendicular to the XY plane)

6. Copy SPi to A[][1[i]

7. end for

8. Save 4 as a 3D-LAMS image

O 3. 3D-LAMS &aE|E
Fig. 3. 3D-LAMS Algorithm
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Table 1. 3D-CNN Path Loss Model Parameters

Number of

Convolution layer Ist 2nd 3rd

Input size 20, 20, 20 9,9, 9 55 5
Input channel 1 80 20
Output size 9,99 555 4, 4, 4
Output channel 80 20 5
Kernel size 4, 4, 4 2,2,2 2,2,2
Stride size 2 2 1

BN

3D LAMS
—

02 4. 3D-CNN A= &4 wdll vE9s 7=
Fig. 4. 3D-CNN Path Loss Model Network Structure
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Algorithm 2 Meta Learning with 3D Path Loss
CNN

1. Separate Dataset for “Scenario 13”:
Test[PCI1, PCI3],
Train[PCI2, PCI4, PCI5, PCI6, PCI7]

2. Separate Train->tasks[Taskl: PCI2, Task2:
PCI4, ... , Task5: PCI7]

3. Initialize Meta learner M’s weights

4. Set weights array W to 0
4. for iter times do

5.1. Initialize task learner 7°s weights to

M’s weights

5.2. for task in tasks:
5.2.1. Train a task for inner times
5.2.2. W += T’s weights

5.3. end for

5.4. Update M’s weights <= M’s weights
+ W*Beta/len(tasks)

6. end for

7. Meta learner M train Train Epoch times

T3 5. wieleld daeE
Fig. 5. Meta-learning Algorithm
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Scenario | Test PCI Test rate(%) Los rate(%)

S1 1, 3 25.8 55
S2 1, 4 31.3 60
S3 1, 6, 7 25.8 56
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Table 3. Meta-Learning Parameter Information

Hyper-parameters Settings
Beta 0.007
Inner 60
Outer 65
Epochs 55

E 4. 3D-LAMS °]"|#|2} DE-LAMS B 4§
Table 4. Experiment by Comparing 3D-LAMS Images
and DE-LAMS Image

LAMS Meta- Testing Scenarios
methods Learning S1 S2 S3 Avg
DE-

Unapplied 694 723 754 724

LAMS
3D- Unapplied 685 669 658 671
LAMS
3D- Applied 628 600 654 627
LAMS
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Table 5. Absolute error values per experiment
Cue Cs C
Absolute Error
Rate (%)
<2 dBm 28.35 19.07 17.52
<4 dBm 50.51 47.36 38.14
<10 dBm 89.69 85.57 85.57
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