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E 1. SAE-CCNN Y| Z¢] mele] slzjule]
Parameter
Weight Initialization

Early Stopping

Values
He Normal Initialization
Epoch = 1000, Patience = 50

Optimizer Adamax(Learning rate=0.005)
True values  Predicted values (inside Building) '@ Predicted values (outside Building)
x10° %108
®
2.36904 2.36904
2.36902 2.36902
S 2380 L 2369
E 2.36808 E 2.36808
2.36896 @ ! 2.36896
& oo
2.36894 ‘{ﬁ;@ 2.36894
4.24898 4.249 4.2490Z 4.24904 4.24906 4.24908 4.24898 4.249 4.24902 4.24904 4.24906 4.24908|
Longitude %108 Longitude %108
% 2. 7]& SAE-CNN[2](#h¢} Aleksl SAE-CCNN($H9] %7} dlo]g] o= A3} v)a
# of execution =30 Max & Min @ Average
13
—g 12.627
- 11.383
o
2u 10.998 10.975 10.664
Q
3w #10.183~~_9.959 (9-887
c 9.466
© * e
% 9 €9.106 9.337
a L 4
8.73
8
PCA-CNN SAE-CNNJ[1] SAE-CNN SAE-CCNN
No Constraint No Constraint No Constraint Constraint
(He normal) A=0.3
(He normal)
1% 3. PCA-CNN, SAE-CNN[1], SAE-CCNN®] $]#] 4 <} v]a
E 2. A we A Hla
Distance error (m) A
0.1 0.3 0.5 0.7 0.9
Maximum 11.223 10.664 | 10.366 10.615 11.376
Minimum 8.786 8.730 8.904 8.777 8.622
Average 9.743 9.466 9.572 9.638 9.855
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