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Extended Abstract
Background and Objective

The bridge foundation erosion is one of the main causes of bridge destruction worldwide and one
of the most important issues in bridge safety. The complex nature of the bridge base scour and the
effects of various parameters on its estimation further highlight the necessity of using a comprehen-
sive and nonlinear model. In this study, an attempt has been made to examine decision tree models for
measuring bridge foundations' scour depth and compare these methods.
Methodology

The present study uses four decision tree-based models and data (and information) from multiple
bridges. The information used in this study to model the decision trees include the upstream flow ve-
locity, average bed particle diameter, upstream flow depth and base width, angle of water intrusion
into the base, base length, and diameter of particles of which 84% are smaller than its diameter, base
shape factor, as input variables and local scour depth as output in the model. In this study, new deci-
sion tree methods are used to calculate and compare the bridge base scour depth. In this study, data
from the US Federal Highway Administration was used to build models and validate decision trees. It
was extracted from statistics on several bridges in the US. All information was collected in the field
and included information related to the depth of scour around bridge piers in different locations.
Findings

The results show that the Extreme Gradient Boosting (XGB) and Random Forest (RF) models
with coefficients of determination of 0.76 and 0.73 had higher accuracy than the four models exam-
ined, and the Gradient Boosting (GB) model was in the second place after these two models with co-
efficients of determination of 0.67, and the Decision Tree (DT) model was in the last place. Also, with
the sensitivity analysis performed on the models, it was observed that the base width and the base
length have the greatest effect on the scour depth. After these two parameters, the upstream flow
depth has the greatest effect on the scour depth.
Conclusion

Bridge foundation scour is one of the most important issues in bridge safety. Considering the
importance of this issue, in the present study, an attempt has been made to use new decision tree-
based models to evaluate this issue. Decision tree methods are one of the best evaluation methods due
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to their simple understanding and ability to work with large and complex data. In future study, it is
possible to combine new decision tree-based methods with other data mining or machine learning
methods. The results show that the Extreme Gradient Boosting (XGB) and the Random Forest (RF)
models had higher accuracy than the four models examined, and the Gradient Boosting (GB) model
and the Decision Tree (DT) model were in the last place. Also, with the sensitivity analysis performed
on the models, it was observed that the base width and the base length have the greatest effect on the
scour depth. After these two parameters, the upstream flow depth has the greatest effect on the scour
depth.
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Table 1. Specifications of the data used

¥f

Data Specifications Maximum value | Minimum value Standard deviation | Average
Base shape factor (k) 3.00 1.00 0.82 1.79
Base width (b) (ft) 18.01 0.95 16.60 5.00
Bridge base length (L) 90.00 8.00 149.03 32.42
()
Water inrush angle to
base (a) (deg) 85.00 0.00 96.04 5.48
Flow depth upstream of
65. 0.4 140. 14.92
base (Y) (ft) 70 0 0.99 9
Flow velocity upstream
V) (fs) 13.40 0.29 6.89 4.47
Average diameter of bed
particles (Dso) (ft) 108.00 0.15 356.86 8.11
The diameter of particles
that 84% of them are 0.354 0.001 0.004 0.002
smaller than (Dsy) (ft)
Local scour depth (ds) 25.10 030 19.11 180
(ft)
10
Site number -SENILIVE 0264 0052 0025 0101 01%3 0110 0037 0154 0211
k- 0.264 0057 0173 0148 0039 0227 0040 0168 D201 08
b{ft) - OS5 0057 0167
e = 06
Lft) - 0025 0173 | 0167 m 0169 0160 | 0212 0116 0193 0209
=(deg) - £0.101 & 0148 0314 0169 0.1980 0124 0204 0126 D098 04
Yift} - 0193 | 0.039 0160 0.190
-02
V(ft/s) - 8310 0227 EECEEE D213 0124 EECLHE
ds{ft) - 0037 0.040 01l 0.204 G490 -0
log_ D50 -0CES4S 0168 -0.027 BOIS3S 0126 0.107 £.128
--0.2
log D84 - 02110 0.201 0.069 FOZ08 -0.098 0158 0.164
| i | | | | | ] |
Site number k Bt} Lift) =ideg) ¥(ft) Mfi's) dsi{ft) log D50 log D84

Figure 1. Heat map and correlation between parameters between data
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Table 2. Values of coefficient of determination and mean
square error in Models

Coefficient of
Mean square error .

Model (MSE) determination
(R)
DT 0.27 0.60
RF 0.18 0.73
GB 0.22 0.67
XGB 0.16 0.76
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Figure 5. Comparison of calculated scour height values by different models with actual scour values
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Table 3. Percentage sensitivity () of variables affecting scour depth in different tree models

Specifications of data DT (%) RF (%) GB (%) XGB (%)
Base shape factor (k) -3.5 3.2 -5.3 -4
Base width (b) (ft) 72 81.2 78 86
Bridge base length (L) 455 438 46 163
()
Water inrush angle to
66 -64 -73 =77
base (o) (deg)
Flow depth upstream of
base (Y) (ft) 45.9 40.3 28.5 41.5
Flow velocity upstream
(V) (8s) 33.7 345 38 37.1
Average diameter of bed
0.4 17 -0.1 9.1
particles (Dso) (ft)
The diameter of particles
that 84% of them are -1.0 -58 -0.4 -0.3
smaller than (Dgy) (ft)
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