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Extended Abstract
Background and Objective

Water distribution networks represent a critical component of urban infrastructure,
ensuring the delivery of safe water at adequate pressure. Rapid urbanization and aging pipelines
have increasingly led to failures, pressure deficits, leakage, and reduced network reliability,
highlighting the need for efficient design and rehabilitation strategies. The design problem is
inherently multi-objective, requiring a balance between minimizing construction costs and
maintaining sufficient hydraulic performance. Traditional design approaches are largely
heuristic and unable to guarantee near-optimal solutions, whereas evolutionary algorithms have
shown superior performance in complex optimization tasks. However, many of these
algorithms suffer from drawbacks such as premature convergence, instability, or sensitivity to
parameter tuning. The Multi-Objective Grey Wolf Optimizer (MOGWO), inspired by
cooperative hunting behavior, has emerged as a robust alternative due to its effective balance
between global exploration and local exploitation. This study proposes a novel MOGWO-
based framework that minimizes network cost while maximizing resilience, and evaluates its
effectiveness on the real-world D-zone distribution network in Mashhad.

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 velocity, 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 decision 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 examined, and the Gradient Boosting (GB) model was in the second place after these
two models with coefficients of determination of 0.67, and the Decision Tree (DT) model was
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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 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 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.

Keywords: Scour, Decision Tree, Gradient Boosting, Random Forest, Extreme Gradient
Boosting
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Table 1. Specifications of the data used

Data Maximum Minimum Standard

. . L. Average
Specifications value value deviation g

Base shape

3.00 1.00 0.82 1.79
factor (k)

Base width (b)

18.01 0.95 16.60 5.00
(ft)

Bridge base

length (L) (ft) 90.00 8.00 149.03 3242

Water inrush
angle to base 85.00 0.00 96.04 5.48
(@) (deg)
Flow depth
upstream of 65.70 0.40 140.99 14.92
base (Y) (ft)
Flow velocity
upstream (V) 13.40 0.29 6.89 4.47
(ft/s)

Average
diameter of
bed particles
(Dso) (ft)
The diameter
of particles
that 84% of
them are

108.00 0.15 356.86 8.11

0354 0.001 0.004 0.002

smaller than
(Dsa) (ft)

Local scour

depth (o) (f) 25.10 0.30 19.11 3.80

site number 0025 0101 0193 0110 0037 0154 0211

k- 0.264 0148 0039 0227 0.040 0168 0201 08

0.314 0470 0027 0.069
- 06

0169 0160 0212 0116 0193 0209

bift)- 0052 0.057
Ly - 0025 0173

aldeg) - -0.101 | 0148 0314 0169 0190 0124 0204 0126 0.098 04

(it} {0193 0039 0160 000 0107 0158
Vift/s) - 0110 0227 0212 0124 mmm o2
ds(ft) - 0.037 0.040 0116 0.204 1
log D50-{ 0154 0168 0.027 |0193 0126 0.107 0128 m

log_D84 {0211 0201 0069 [0208 0098 0158 W 0.164

Sitenumber k WA L) ={deg) IR} VIfs)  Gs(ft) log_DSO 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 determination
(MSE)
(R

DT 0.27 0.60
RF 0.18 0.73
GB 0.22 0.67
XGB 0.16 0.76
0.25
0.20

Z 015

2

E

Z 0.10

%

= 0.05
0.00

DS RF GB XGB

Figure 3. Histogram of the Mean Square Error (MSE) of
the models
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Figure 2. Example of a boosting tree
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Figure 4. Histogram of the coefficient of determination
(R?) of the models
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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 (f) of variables affecting
scour depth in different tree models

Specifications of DT RF GB XGB
data (%) (%) (%) (%)
Base shape factor a5 30 53 4
&
Base width (b) (ft) 72 81.2 78 86
Bridge base length
455 43.8 46 36.3
@) (@)
Water inrush angle 66 64 7 77
to base () (deg)
Flow depth
upstream of base 459 40.3 28.5 41.5
(Y) (ft)
Flow velocity
33.7 345 38 37.1
upstream (V) (ft/s)
Average diameter
of bed particles 0.4 17 -0.1 -9.1
(Dso) (ft)
The diameter of
3 0,
particles that 84% 1o 58 04 03

of them are smaller
than (Ds4) (ft)

S A -¥

ol 3 Jiles it 3 (Sl (S

GR35 5o E9o9e (nl Lol 4y az g b allioe b )
Pe a2 gladse jl Cd oad (pl (a2l
ol 50 00,3 solaiw! pie ol b)) Sl el <5 p0
sl XGB 5 GB (RF DT Jus Lz jl Livsh
ol 2l 5yl polie gls a5 Cawl oad solaiul (g5lw Jaw
6oL Hhaws 990> U ghalin polie 4 o Jos Lwy
Al oo Jow cpl e o Slas 5l lis a5 anils cline
Sl oo 4 Cond e 0 Shee polie nl Gizen
Ol 3l k3 slagiagsy ) &5 prasd S350 yigead
Sy g ol 30 Hezee Sl Al onds oolaul
sl 5l sasadl)l sl Jae oI e awlio
@ axg5 b aS Cowl oo ooliiwl MSE ¢ R? 0iile (s, Lal

J.).A 0 w2 LQLﬁJM O d93 6L‘°)*‘°‘)L’ «on



fv Qgls 5 wloS | v (gl Koyl 18 pranal ES 0 i (slo o Sl ]

&Il b o>
5 &l slayls &l bla e e o)l Sl yo (oold anje S5 LS Aagh
05.\.:‘54 Lg)ljiwLM» ‘SQ.J.C w‘ OQ)SJ

References

[1] Azad M, Mashkov M. Multi-stage optimization of decision and inhibitory trees for decision tables with many-
valued decisions. European Journal of Operational Research. 2017 Dec 16; 263(3): 910-921. doi:
10.1016/j.ejor.2017.06.026.

[2] Lim S, Cheng N. Prediction of live-bed scour at bridge abutments. Journal of Hydraulic Engineering. 1998
Jun 1; 124(6): 635-638. doi: 10.1061/(ASCE)0733-9429(1998)124:6(635).

[3] Melville B, Sutherland AJ. Design method for local scour at bridge piers. Journal of Hydraulic Division. 1988
Oct 1; 114(10). doi: 10.1061/(ASCE)0733-9429(1988)114:10(1210).

[4] Mia MF, Nago H. Design method of time-dependent local scour at circular bridge pier. Journal of Hydraulic
Engineering. 2003 May 15; 129(6): 420-427. doi: 10.1061/(ASCE)0733-9429(2003)129:6(420).

[5] Ameson L, Zevenbergen L, Lagasse F, Clopper F. Evaluating Scour at Bridges. Federal Highway
Administration Hydraulic Engineering Circular No. 18: Federal Highway Administration Publication No. FHWA-
HIF-12-003 HEC-18.2012. 340 p.

[6] Shariati H, Khodashenas SR, Esmaili K. Effect of collar shape on the local scouring around the bridge piers,
Journal of Hydraulics. 2010 Feb; 4(4): 1-11. doi: 10.30482/jhyd.2010.85424 [In Persian].

[7] Karimi N, Heidarnejad M, Masjedi A. Scour depth at inclined bridge piers along a straight path: A laboratory
study. Engineering Science and Technology, an International Journal. 2017 Aug; 20(4): 1302-1307. dei:
10.1016/j.jestch.2017.07.004.

[8] Yao S, Kronenburg A, Shamooni A, Stein OT, Zhang W. Gradient boosted decision trees for combustion
chemistry integration. Applications in Energy and Combustion Science. 2022 Sep; 11, 100077. doi:
10.1016/j.jaecs.2022.100077.

[9] Sulaimanpour S, Mesbah S, Hedayati B. Application of K-Means and CART data mining algorithms in
determining the most effective factors of drinking water quality in Noorabad Plain, Fars Province. 11th National
Seminar on Watershed Management. Yasouj. University of Yasouj. 2016 Apr 19 [In Persian].

[10] Gromping U. Variable importance assessment in regression: Linear regression versus random forest. The
American Statistician. 2009 Jan 01; 63(4): 308-319. doi: 10.1198/tast.2009.08199.

[11] Carmona P, Climent F, Momparler A. Predicting failure in the US banking sector: An extreme gradient
boosting approach. International Review of Economics & Finance. 2019 May; 61: 304-323. doi:
10.1016/j.iref.2018.03.008.

[12] Chen T, Guestrin C. Xgboost: A scalable tree boosting system. KDD '16: Proceedings of the 22nd ACM
SIGKDD International Conference on Knowledge Discovery and Data Mining. 2016 Jan 01; pp. 785-794. doi:
10.1145/2939672.2939785.

[13] Adnane M, El M, El Fkihi S, Haj Thami RO. Prediction demand for classified ads using machine learning:
An experiment study. In: Proceedings of the 2nd International Conference on Networking, Information systems
& security. 2019 Mar 27; 39: 1-6. doi: 10.1145/3320326.332037.

[14] An'Y, Zhou H. Short-term effect evaluation model of rural energy construction revitalization based on ID3
decision tree algorithm. Energy Reports. 2020 Jul; 8(4): 1004-1012. doi: 10.1016/j.egyr.2022.01.239.

[15] Mueller DS, Wanger CR. Field Observations and Evaluations of Streambed Scour at Bridges. US Department
of Transportation, Federal Highway Admin. Turner-Fairbank Highway Research Center, McLean, Va 22101-
2296. 2005 May.

[17] Tsai, Ch-F, Chiou Y-J. Earnings management prediction: A pilot study of combining neural networks and
decision trees. Expert Systems with Applications. 2009 Apr; 36(3): 7183-7191. doi: 10.1016/j.eswa.2008.09.025.



VF-F O G)LA.A.:JL\ o)sé‘M@/ﬂ.ﬁ';g‘_:/’égL‘.a fA

[18] Dilmi S. A combined water quality classification model based on kernel principal component analysis and
machine learning techniques. Desalination and Water Treatment. 2022 Dec; 279: 61-67. doi:
10.5004/dwt.2022.29069.

[19] Zahiri J. Riprap Design for Bridge Piers Using Nonparametric Models. Water and Soil Science. 2016 Mar;
5(4): 187-199 [In Persian].

[20] Hastie T. The elements of statistical learning, Data Mining, Inference, and Prediction. Second Edition. New
York: Springer; 2009 Aug. doi: 10.1007/978-0-387-84858-7.

[21] Yao S, Kronenburg A, Shamooni A, Stein OT, Zhang W. Gradient boosted decision trees for combustion
chemistry integration. Applications in Energy and Combustion Science. 2022 Sep; 11, 100077. doi:
10.1016/j.jaecs.2022.100077.

[22] Mia MF, Nago H. Design method of time-dependent local scour at circular bridge pier. Journal of Hydraulic
Engineering. 2003 May 15; 129(6): 420-427. doi: 10.1061/(ASCE)0733-9429(2003)129:6(420).



