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Abstract

Subgrade settlement after construction plays an important role in operation and maintenance of
road. As powerful nonlinear mapping ability of BP neural network algorithm, time and settlement
are taken as input and output of neural network algorithm, respectively. Function relationship
between settlement and time is established after neural network training. The engineering case
analysis shows that the BP neural network algorithm has a certain accuracy to predict the post
construction settlement of the subgrade and can meet the engineering requirements.
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Figure 1. The BP neural network topology
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Figure 2. Measured data of subgrade settlement
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Figure 3. BP neural network training
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Figure 4. Fitting precision of neural network
B 4. WHEMEINEHEE
17
16 |-
15 |
14 |
13
12 |
1 F
E 10 |
= o
e L
o 8
o 5 ® measured
o 7F ;
= : predict
o 6
)] 5[
4
3}
2+
1
0 i | i 1 i 1 i 1 i 1 i | i 1 ]
0 200 300 400 500 600 700 800 900
Time(d)
Figure 5. Fitting curve with BP neural network
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Table 1. The predicted value compared with the measured value
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I [E)(dl) SEMHE (mm) T {E (mm) FEXF R 22 (%)
28 2.29 2.37 3.53
84 6.65 6.38 412
129 8.14 8.04 1.24
235 10.39 10.85 4.43
366 12.63 12.90 213
465 14.25 13.82 3.05
676 15.19 14.82 2.45
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