FEN BILIMLERI ENST

~ ISSN : 2147-835X
Publisher : Sakarya University

Sakarya University Journal of Science

Vol. 28, No. 5, 1103-1114, 2024
DOI: https://doi.org/10.16984/saufenbilder.1281213

Research Article

Shear Capacity Prediction of Extremely-Loaded Box Culvert on Elastic Soil Using Artificial

Neural Network

Yesim Tuskan”

, Dilay Yildirim Uncu

Manisa Celal Bayar University, Faculty of Engineering and Natural sciences, Department of Civil Engineering, Manisa,
Tiirkiye, yesim.tuskan@cbu.edu.tr, dilay.yildirim@cbu.edu.tr

“Corresponding Author

ARTICLE INFO ABSTRACT

Keywords: A box culvert, buried at shallow depths beneath roadways, may experience
Box culvert deflections caused by the dynamic impact of traffic loading and the vertical pressure
Beam on elastic foundation exerted by the soil fill. A computational model commonly employed used to various
Traffic load engineering issues, including those in geotechnical applications, is the beam-on-

Artificial neural network
Winkler method

Acrticle History:

Received: 11.04.2023
Accepted: 12.10.2024
Online Available: 23.10.2024

elastic-foundation model. In this context, the Moment Distribution Method (MDM)
must be applied to account for the elastic foundation. To achieve this, the internal
forces acting on the ends of both exterior and interior walls are transferred to the
beam-like bottom slab of the culvert, which rests on an elastic soil bed. Subsequently,
the secondary internal forces are determined by refining the structural parameters,
taking into account the characteristics of the elastic soil bed. This study presents the
development and application of an Artificial Neural Network (ANN) model to
predict the shear capacity of box culverts on elastic soil under traffic loading
conditions. The proposed model is trained and validated using a comprehensive
database of beam on elastic foundation solutions. The input parameters include the
geometrical and mechanical properties of the culvert and the soil, as well as the
loading conditions. The results of the ANN model show R? values of 0.9633 and
0.9581 for the training and testing sets, respectively, indicating the model's excellent
accuracy. These findings suggest that the ANN model can reliably predict the shear
capacity of culverts.

1. Introduction

Box culvert installation is a commonly used
methods on roadways to provide drainage across
roads. According to the literature, there are
various procedures for installing reinforced
concrete box culverts. Embankment culverts are
often the focus of initial finite element analyses
and are typically characterized by their
installation process. These culverts are usually
positioned on pre-existing or constructed soil and
then covered with backfill material [1]. A box
culvert buried at shallow depths beneath
roadways can experience deflections due to the
dynamic impact of traffic loading and the vertical
pressure exerted by the soil fill. The model,
configuration, and magnitude of the traffic load

affect the culvert’s response. Vertical soil stress
increment, horizontal soil pressure, the culvert’s
self-weight, and wheel load are the major forces
encountered in a culvert.

Yankelevsky [2] examined the behavior of arigid
box culvert when buried in a non-linear medium,
exploring various factors. The research focuses
on design aspects such as compressibility,
stiffness, settlement, displacement due to trench
wall slope, and depth-related stress variations.
Kim and Yoo [3] indicated that sloping soils
excavated for trench installation maintain higher
resulting pressure than those with vertical walls.
Beaver et al. [4] utilized a quantitative method to
evaluate the structural and hydraulic
performance of over 47,000 culverts installed
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and managed by the Utah Department of
Transportation.  Their  culvert inspections
primarily included metal, concrete, and plastic
culverts up to five feet in diameter, with numeric
performance ratings determined. Pimentel et al.
[5] investigated the pressure distribution on the
top slab of culverts and observed a significant
reduction due to soil-structure interaction.
Bennett et al. [6] concluded that the geometry of
the structure affected the pressure on the culvert
under a high embankment. Abolmaali and Garg
[7] conducted an assessment on the shear
capacity of precast reinforced concrete box
culverts.

The study involved subjecting six full-scale 2.4
m (8 ft) span box culverts to failure under the
AASHTO HS-20 wheel load. Each culvert
underwent incremental loading until failure, with
crack initiation and propagation meticulously
identified and recorded at each load stage. In
some specimens, the absence of top slab
compression distribution steel during fabrication
was noted; however, experimental evidence
suggested that this factor had a insignificant
impact on the culvert's performance.

3D numerical analyses of culverts conducted by
Petersen [8] showed that the pavement spread the
load and shielded the culvert. Wood et al. [9]
compared measured demands with predicted
values using analytical tools during load testing
of box culverts and found that pavement stiffness
plays an important role in reducing live loads on
the culvert’s roof. The effect of the wheel loads
from traffic is a significant factor in the
performance of culverts installed at shallow
depths. Additionally, the live load carrying rating
must be determined to assess the culvert’s load
capacity. Three major factors influence load
capacity: culvert load capacity, dead load
demand, and live load demand for moment and
shear [10]. Wood et al. [11] studied both a 2D
direct-stiffness structural-frame model and a 2D
linear-elastic  finite element  soil-structure
interaction model.

The culvert structure is designed as a rigid frame
using the Moment Distribution Method (MDM),
a well-known method to determine the final
distributed moments based on the relative
stiffness of the slab and vertical walls [12]. MDM

calculations, which involve successive cycles of
computation, can be stopped after several
iterations, providing a very accurate approximate
analysis. In this method, each element of rigid
box-type culvert, such as the top and bottom
slabs, and the interior and exterior walls is treated
as a beam-like element, with the corners of the
box clamped.

The MDM requires the fixed-end moments at the
top slab of the culvert from the uniform
surcharge load, referred to as critical vertical
pressure, the fixed-end moments at the bottom
slab from uniform vertical earth pressure, and the
fixed-end moments on the exterior walls from
lateral earth pressure due to cohesionless soil.
These moments are then distributed and carried
over accordingly [13].
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Figure 1. Internal forces at the corners and mid-
spans of each elements of culvert

The primary internal forces related to the wall top
interior corner (WTIC), top exterior corner
(TEC), top interior corner (TIC), top exterior
mid-span (TEM), and wall top exterior corner
(WTEC) are calculated by considering the fixed-
end moments and external loads (Figure 1).
Finally, the diagrams for normal forces (kN),
shear forces (kN) and moments (kN.m) are
determined at the corners and mid-spans of each
elements of the culvert.

2. Shear Capacity Prediction of a Box Culvert
Under Critical Live Load as per Beams on
Elastic Foundaiton Approach Using Artificial
Neural Network

The computational model of a beam on an elastic
foundation is frequently used to solve various
engineering problems, particularly in
geotechnical applications. In this case, the MDM
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results need to be adapted to the elastic
foundation. For this aim, the internal forces at the
ends of the exterior and interior walls are applied
to the beam-like bottom slab of the culvert
resting on an elastic soil bed. The secondary
internal forces are calculated by refining the
structural factors, taking into account the elastic
soil bed.

2.1.  Vertical pressure calculation by
Boussinesq Method on top slab of box culvert
subjected to traffic load

Boussinesq [14] solved the problem of tension
arising from a single load on the surface in a
linear, elastic, homogeneous, isotropic, and
semi-infinite  medium. According to this
solution, the vertical stress at any depth below the
earth’s surface due to a single surface load is
expressed follows:

3 1 P

%= on 1+ (t/2)252 22

(1)

where P is the point wheel load (Truck geometry:
H30-S24, Wiruek=300 kN, wheel loads; Pfront=3
tons, Prear=Pmidale=12 tons, s=75 cm, t=34 cm), r
is radial distance from point wheel load and z:
soil depth above the box culvert.

For practical purposes, it can be assumed that the
stress approaches zero at a finite depth. A grid
system was established on the platform, and the
stress at the considered depth for each grid point
was determined by applying the superposition of
wheel loads from trucks travelling in the two
different directional lanes on the same platform
roadway. This was done by integrating the
equation for a line load over a uniformly loaded
rectangular area. The following equation
provides the desired stress superposition [15].

oz
2mn,/(m? + n2 + 1) (m?+n? +2)

1
= o (E) (m? +n? + 14+ m?n?) (m? + n?2 + 1)

2mn,/(m? + n? + 1)

(m? +n? + 1 — m?n?)

()

+ arctan

Where o,; superposition of vertical pressure
subjected to each wheel load at the considered
depth z, q,; the contact stress at the surface
{P/(s.t)}, m=x/z, n=y/z, x-y; length and width of

the uniformly loaded area and z; depth from
surface to point where stress increase is desired
[16].

2.2.  Lateral earth pressure acting on side
walls of box culvert

According to Coulomb’s theory, the active
coefficient factor of active lateral earth pressure
in cohesionless soil were calculated by using Eq
3a and 3b:

sin?(B+0)
14 [sn(@+8) sin(0-0) |, (3a)
+ sin(B-6) sin(a+B)

(3b)

KA=
sin?p sin(B-6)

Oh :KAYS (Z+heq)

Then the increase in horizontal pressure due to
live load was obtained from Eq 4:

AP:KAh 'Ysh {AP:(jz} (4)

€q
where K,; active lateral earth pressure
coefficient, § is angle of internal friction of soil,
@; batter angle of wall; g is angle of friction
between the wall and the cushion, «; slope of the
cushion top surface, ys; unit weight of soil, z;
depth below the surface of earth at pressure
surface (heq should be added to the original soil
depth z in case of surcharge loads). a; vertical
pressure due to surcharge load, AP; constant
horizontal earth pressure due to live load
surcharge and h,,; equivalent height of soil for
traffic load.

2.3 Elastic soil under box culvert

The Winkler method [17] assumes that the
reaction forces at each point of the foundation
under external loads are proportional to the
deflection of the beam at that point, following
Hooke’s law (Figure 2).
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Figure 2. Beam on elastic foundation

The elasticity of the foundation, characterized by
Winkler’s constant, K which includes the effect
of the width of the beam, the force called the
modulus of the foundation Ko. 4 are described by
the following equations 5 and 6 [18]:

K=K,-B 5)
ol K

N 6

A= | o= (6)

In this study, internal forces such as moments and
shear forces at the lower ends of the baffle and
side walls are calculated by using the Moment
Distribution  Method (MDM) and are
subsequently applied to the unit width of the
lower slab over elastic soil bed, in accordance
with the following equations.

Moments and shear forces equations of unit
width beam-like slab on elastic foundation for
concentrated load can be expressed as:

1 . . .
M = o BI(J[?, e {2sinhAx - sinAx(sinhAl -
cosAa - coshAb — sinAl - coshAa - cosAb) + (coshAx -
sinAx — sinhAx * cosAx) - [sinhAl(sinAa - coshAb —
cosAa * sinhAb) + sinAl(sinhAa - cosAb — coshAa -

sinAb)]}
(7)
B(X) 1

Q(x) QP m{(COSh)\X - sinAx + sinhAx -
cosAx) (sinhAl - cosAa - coshAb — sinAl - coshAa -
cosAb) + sinhAx - sinAx[sinhAl(sinAa - coshAb —
cosAa - sinhAb) + sinAl(sinhAa - cosAb — coshAa -

sinAb)]} @
8

Moments and shear forces equations of unit
width beam-like slab on elastic foundation for
concentrated moment can be expressed as:

_ _ms® 1 ; .
Meom = —M8yy = (sinh2Al—sin2Al) {sinh2x

sinAx[sinhAl(coshAb - sinAa + sinhAb - cosAa) +
sinhAl(sinhAa - cosAb + coshAa - sinAb)] — [(coshAx -
sinAx — sinhAx - cosAx) (sinAl - cosAb - coshAa +
sinAl - coshAb - cosAa)]}

©)
Quom = —AMBGy = —7\1 — 1 {(coshXx -
M — (sinh2Al-sin2Al)

sinAx + sinhAx - coslx) [sinhAl(coshAb - sinAa +
sinhAb - cosAa) + sinAl(sinhAa - cosAb + coshia -
sinAb)] — 2sinhAx - sinAx(sinAl - cosAb - coshAa +
sinhAl - cosAb - cosAa)}

(10)

Concentrated load and concentrated moment in
accordance with integral of a beam on an elastic
foundation are described by the following
equations:

M(x), ;=M\, (11)
0 Mo om0 s
Q) =Mou= 7 MBou=Mbdou (12)
® _ pia®
Mg = PLo B = Plyp (13)
Qx = PB(X) (X) (14)

3. Case Study

The observed rigid two-cell box-shaped culvert
is aligned perpendicularly to the two-lane
highway. The cushion material lies under a 250
mm asphalt concrete pavement.

A parametric study is conducted to assess the
effect of the soil parameters, burial depth, box
culvert dimensions (mm), and traffic load (kN)
(Figure 3).
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Figure 3. The cross-section of the box culvert
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The culvert extends under the sloping
embankment area on each side of the road. The
embankment has a dry unit weight of about 18
KN/m?3, a saturated unit weight of 21 kN/m?® and
shear strength parameter of ¢=40°, c=5 kN/m?,
with K,=50000, E=3x10" kN/m?, and 1=6.6x10*
m*. The wheel spacing of design vehicle (Figure
4) was 1.8 m. (6 ft.) according to Hzo-S24 truck
axle loads. Since truck types with long rear axle
distances are generally more common, the
distance between the rear axles was chosen to be
long.

p
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0.4W tons 04w[ 12 _Jtons 0.1w[_3 Jtons

0.4w[_12_Jtons
k

04W[ 12 Jtons 0.aw[_3 Jtons
N|

4.25-9.00 meters - 4.25 meters

Figure 4. Hzo-Sz4 truck axle loads

3.1. Critical vertical pressure subjected to
wheel load and uniform surcharge load

Although the front axial load is much lower than
those of rear axles, its contribution is included in
calculating the superposition of all wheel loads
of two design trucks by Boussinesq’s [14]
equation.

In this study, a 300 kN-load per wheel is
considered for two design trucks with three axles
each, traveling in opposing directions. It was
determined that the second case has the highest
vertical pressure. Therefore, the maximum
pressure over the culvert is calculated as 2.27
kN/m? and is taken as uniform surcharge load in
design (Figure 5).

N
al
o

" —«+— Case |

g 200 | —=— Casell
~ 1,50 Case Il
g
—': M M *»
§ 1,00 N\ ——Case IV
2 \
g Case V
@ 050 ™ \w/ \

000 F—¥ — Y ¥

12,75 8,50 4,25 0,00 -4,25 -8,50-12,75
Distance (m)

Figure 5. Stress distributions on the axis according
to the loading conditions

To determine the extreme loading conditions for
tridem-trucks traveling simultaneously in two
lanes, five possible passing scenarios are
considered as Case I: The front axles overlapped
at one line, Case Il: The middle axles overlapped
at one line, Case Ill: The mid-spans of trailer
lengths overlapped at one line, Case 1V: The rear
axles overlapped at one line and Case V: The
cross axles overlapping (Figure 6).

The critical vertical pressure can be calculated
using Eq 2. The vertical pressure combinations
from the wheel loads were evaluated for the five
possible passing conditions of trucks (Figure 6).
The different distributions of wheel load
recommended by proposed scenarios caused the
vertical pressure concentration affecting the top
slab shear resistance of the culvert. For the
highest wheel load concentration, the stress was
greatest between the edge and the center, as
shown in Figure 6.

An analytical solution to the beam problem on an
elastic foundation is investigated to obtain the
improved final bending moments and shear
forces from the secondary structural analysis, as
presented in Figure 7.
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Figure 6 The situations of the truck passing positions and relevant stress distribution: a) Case I:
The front axles overlapped at one line, b) Case Il: The middle axles overlapped at one line, c)
Case I1I: The mid-spans of trailer lengths overlapped at one line, d) Case IV: The rear axles
overlapped at one line and e) Case V: The cross axles overlapping
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Figure 7. Shear diagram of box culvert as beam on
elastic foundation

1

15 2
Bottom Slab (m)

26,76

B

E

47,33
468 G

05.06F

102,53

102,

102,53

102,53

25

The diagrams for normal forces (kN), shear
forces (kN) and moments (kN.m) are presented
in Figure 8 (a, b, c) respectively.

The overall results for the beam on elastic
foundation analysis, including the input
parameters such as the geometrical and
mechanical properties of the culvert and soil, as
well as the loading conditions, along with the
output parameter of the shear capacity of the top
slab, are summarized in Table 1.
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Figure 8. (a) The normal forces (kN), (b) shear forces (kN) and (c) moments (KN.m)

Table 1. Results of shear capacity on box culvert used for training and testing set

Data Depthof  Heightof  Width of Tr(‘)'f‘t(gsss Soil  Soil unit V}’:aecf'
Number (E:J)S?r:‘lonr']]) (;L)JI(V;:;) (I;;Jl(vrgg) slab (ts) al;n(;tlon weight (WL) FSshear
(mm) gle (9) ™ (kN)

1 700 1100 1100 110 30 18 30 1.08

2 750 1100 1100 110 30 18 30 1.17

3 800 1100 1100 110 30 18 30 1.259

4 850 1100 1100 110 30 18 30 1.345

5 900 1100 1100 110 30 18 30 1.428

Training 6 950 1100 1100 110 30 18 30 1.507

Set 7 1000 1100 1100 110 30 18 30 1.582

8 700 1200 1200 120 30 18 30 1.115

9 750 1200 1200 120 30 18 30 1.208

10 800 1200 1200 120 30 18 30 1.299

112 950 1100 1100 110 40 19 40 1.447

113 800 2000 2000 200 40 19 40 1.315

114 850 2000 2000 200 40 19 40 1.404

115 900 2000 2000 200 40 19 40 1.489

116 950 2000 2000 200 40 19 40 1.57

117 1000 2000 2000 200 40 19 40 1.645

_ 118 700 3000 3000 300 40 19 40 1.125

Testing Set

119 750 3000 3000 300 30 19 40 1.218

120 800 2000 2000 200 30 19 40 1.315

121 850 2000 2000 200 30 19 40 1.404

122 900 2000 2000 200 30 19 40 1.489

140 1000 3000 3000 300 40 19 40 1.655
4. Artificial Neural Networks engineering [21,22]. These complex
relationships are estimated by artificial neural
Artificial Neural Networks (ANNs) are networks with high accuracy [23-26]. In this

sophisticated computational models inspired by
the behavior of the human brain and nervous
system.  Emerging artificial  intelligence
techniques have shown great sensitivity in
predicting actual values without lengthy
observational processes [19,20].

At this point, artificial neural networks (ANNS)
have clear advantages in addressing complex
non-linear problems in the field of civil
the optimum weight combination of these
neorons of feed-forward neural networks with
various combinations of network and training
parameters, including number of hidden layers is
the back-propagation (BP) algorithm [27] Feed-

regard, ANNs offer several advantages over
more conventional computing techniques.

A typical ANN architecture is constitutes by
layers including an input layer, one or more
hidden layer(s) and an output layer. Each layer
basically contains a number of neurons working
as an independent processing element and
densely interconnected with each other. The
method most commonly used for finding

forward neural network is trained by a fastest BP
algorithm called Levenberg-Marquardt [27]
Levenberg-Marquardt was used to improve the
speed and general performance of BP [27]. An
activation function governs a summing process
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by multiply inputs by its weights. Training
process terminates its cycles with a minimal sum
squared error.

ANNs have a natural property for storing
experiential knowledge of data and making it
available for use of the problem solving as an
interconnected group of artificial neurons [27].
According to above mentioned definitions, an
ANN is considered one of the most powerful
techniques inspired by the human-brain
information process in soft computation method
[28].

The assignment of the ANN architecture is
difficult task to obtain. Currently, there is no
analytical way of defining the network structure
as a function of the complexity of the problem to
achieve the desired accuracy.

An optimal ANN architecture is considered as
the one yielding the best performance in terms of
error minimization, while retaining a simple and
compact structure [27]. Specifying the network
architecture and detecting the optimal values for
the connection weights of a training algorithm
constitutes two main issues concerning the
implementation of the ANN. The architecture
arranged in a sequence of layers, one for the
input, one for hidden layer and one for the output
was used for ANN model (Figure 9).

Figure 9. The ANN's architecture

Data from several scenarios were determined by
utilizing an ANN architecture consisting of one
input layer, one hidden layer, and one output
layer. The data derived from the several shear
capacity calculations have identified that, even
by using one hidden layer, any complex function
in a network can be solved [29]. Thus, one hidden

layer was selected in the ANN model using 10
hidden neurons provides the most accurate and
minimum error.

Developing an optimum ANN architecture is a
time-consuming operation because of the
insufficient nonlinear relationship between input
and output layers of the small structures [30].
However, a large structure provides a complex
problem and requires a significant amount of
time to train without well generalization. The
literature shows that the number of neurons in the
hidden layer (Nnn) has a significant effect on the
system's nonlinearity [31]. Thus, Nhn is the key
factor for a proper mapping in which data flows
between the input and output layers, resulting in
good predicting using ANN.

=
o

MAPE
PN WS U N W

1 3 5 7 9
Nh

11 13 15 17 19
n

Figure 10. MAPE-N, relation of the ANN
architecture.

The prediction performance and the influence of
the Nnn has been evaluated using mean absolute
percentage error (MAPE). The minimum MAPE
has been reached in the combination with Npm =
10, showing the optimum architecture (Figure
10).

Table 2. Details of the parameters used for the ANN

model
Data Model Minimum  Maximum Mean
Type Parameters Value Value Value
Depth of
cushion (hy) 700 1000 850
(mm)
Height of
Input culvert (H) 1100 3000 1754.29
(mm)
Width of
culvert (B) 1100 3000 1754.29
(mm)
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Thickness of

top slab (tw) 110 300 175.43
(mm)
Soil friction 30 0 35
angle (o)
Soil unit
weight (1) 18 19 18.50
Wheel load
(WL) (kN) 30 40 35
Output FSshear 1.03 1.72 1.38

Subsequently, the data classification of the ANN
model is based on the use of 80% of the data for
training and 20% for testing, as suggested by
Shahin et al. [32]. The network capacity is
characterized by testing phase results
emphasizing data generalization. In the model,
LM algorithm is utilized to assemble the ANN
model, while applying log sigmoid as the transfer
function. The details of the parameters examined
throughout the ANN analysis are dedicated in
Table 2 for proposed scenarios.

5. Results and Discussion

Based on different scenarios of extreme loading
of reinforced concrete culvert with different
geometries and soil conditions, the ANN values
modeled by multi-layer perception were shown
in Figs. 11 and 12. An overall good agreement
between ANN model and conventional results of
beam on elastic foundation has been found.

2

19 |
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Pedicted FS

11112131415161,71,81,9 2
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Figure 11. The comparison of the computed FSshear
of top slab values with the predicted FSshear OF top
slab values from the ANN model for training
samples
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Figure 12. The comparison of the computed FSshear
of top slab values with the predicted FSghear O top
slab values from the ANN model for testing samples

Subsequently, the performance of the ANN was
evaluated in Table 3 with four factors: coefficient
of determination (R?), mean absolute error
(MAE), variance accounted for (VAF) and mean
square error (RMSE) to predict the accuracy of
the proposed ANN model. The suitability of the
model was verified with the ranges of
performance indices.

Table 3. Performance indices (R?, RMSE, MAE and

VVAF) of the ANN and model

Mod 2 RMS MA VA

el Daa R E E F
Trainin  96.3 95.2

ANN g se_t 3 0.82 0.43 8
Testin 95.8 94.7

g set 1 1.23 0.76 5

It is noted from the results of the ANN model has
the R? value of 0.9633 and 0.9581 for training
and testing set, respectively indicating a perfect
accuracy of the proposed model in this study.

6. Conclusion

In this study, the efficiency of the ANN model to
predict the shear capacity of top slab (FSshear) has
been investigated and compared. To achieve this,
the FSshear Values were computed by changing the
applied wheel load, soil friction angle, box
culvert geometry and fill conditions from road
level and utilized in the simulation of the ANN
model. The input parameters used in the ANN
model are five geotechnical parameters
containing geometry component of box culvert
(H, B, and tis), soil condition (¢ and 7yseil) and
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traffic condition (wheel load, WL) with depth of
cushion (hf). The output parameter of the model
is the computed shear capacity of top slab
(FSshear) by using beam on elastic foundation
approach.

It can be concluded that the ANN model
developed in this study can be used for the
estimation of the FSsnear Value and so for the
determination of the top slab shear capacity of
extremely loaded reinforced concrete culvert on
elastic soil.

In conclusion, the suitability of the model has
been rigorously evaluated through
comprehensive performance index evaluations,
and the findings confirm the model's outstanding
accuracy, demonstrating its potential as a reliable
method for the chosen rear axle distance.
However, for future research efforts, it would be
appropriate to investigate comparative analyses
with different axle distances using various soft-
computing methodologies.
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