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Abstract: Extreme traffic loads significantly challenge the
safety and cost-effectiveness of highway bridges, especially
under site-specific traffic conditions. Conventional assess-
ments often rely on overly conservative load models, leading
to excessive structural design. In this study, a framework for
the prediction of maximum bending moments in simply sup-
ported bridges is developed by integrating weigh-in-motion
(WIM) data, traffic microsimulation, and generalized ex-
treme value (GEV) regression modeling to establish rela-
tionships between the GEV parameters (u, o, &) and traf-
fic factors—heavy vehicle proportion, bridge span length,
vehicle speed, headway, and traffic volume. Using
one-year WIM data from 7.4 million vehicles, the devel-
oped models for u and o exhibit high predictive accuracy
(R*>>0.95) and are validated

cross-validation. The prediction of ¢ is less accurate (R? ~

through leave-one-out
0.6), requiring further improvement. Applying these mod-
els to a 1 000-year return level yields a reliable, data-driven
extrapolation, supporting optimized bridge design and
safety assessment under varying traffic conditions.
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Accurate prediction of the effects of extreme traffic
loads on highway bridges is essential to ensuring
structural integrity, optimizing design efficiency, and re-
ducing construction costs. Conventional bridge design
standards often adopt conservative load models, result-
ing in overdesigned structures that unnecessarily increase
construction costs, particularly in regions characterized
by dense or highly variable traffic conditions''’. The
progress in weigh-in-motion (WIM) technology has fa-
cilitated the detailed characterization of site-specific traf-
fic conditions, providing a data-driven basis for improv-
ing the accuracy of load effect predictions'?
the development of reliable, general models that clearly

. However,

connect site-specific traffic conditions to extreme load ef-
fects remains a challenge. Such models can reduce un-
necessary design expenses and potential structural failure
caused by underestimated loads.
probabilistic load modeling has significantly improved

Recent progress in

the statistical representation of traffic-induced load ef-
fects. The extreme value theory (EVT) , particularly the
generalized extreme value (GEV) distribution, provides
a rigorous framework for estimating the tail behavior of
maximum load effects"’.
the effectiveness of GEV distribution in modeling ex-

treme load effects for short- and medium-span bridges,

Previous studies have proven

achieving high statistical fitting.

The recent progress in the prediction of bridge load ef-
fects has improved the modeling of extreme traffic condi-
tions by employing traffic microsimulation and probabi-
listic approaches.
traffic conditions'*’ , and WIM-based models reduce

Microsimulation estimates complex

structural overdesign by 10%-15% by incorporating
site-specific vehicle compositions (10%-40% trucks)"*".
Gao et al.'® combined generalized Pareto distribution
models with WIM and structural health monitoring
(SHM) data, demonstrating that traffic volume, traffic
flow rates, and vehicle weights shape the tail of load ef-
fect distributions. Lu et al. "”* employed multilane micro-
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simulation to demonstrate that traffic density and ve-
hicle composition ( 15%-50% trucks ) increase the GEV-
modeled extreme loading probability in short-span
bridges. Wang et al. "*' linked traffic flow rates and ve-
hicle gaps to extreme load effects on long-span bridges
using a Gaussian mixture model (GMM) and GEV fits.
These studies have verified that traffic flow parameters,
such as volume, headway, and vehicle mix, determine
the extreme value distributions.

However, most of the existing studies have focused on
either numerical simulations or statistical observations.
The development of generalized analytical relationships
between traffic flow parameters and extreme value distri-
bution parameters regarding bridge traffic load effects
has received less attention. This is particularly evident in
complex traffic conditions, where analytical methods re-
main underdeveloped. The current reliance on either con-
servative design standards or case-specific simulations in-
dicates the need for strong predictive tools that consider
site-specific traffic variations. In this study, we propose
a novel framework for the prediction of site-specific ex-
treme traffic load effects by integrating WIM-based traf-
fic microsimulation with EVT. Based on this frame-
work, we derive analytical expressions that link GEV pa-
rameters to key traffic parameters, including heavy ve-
hicle (HV) proportion, bridge span length, vehicle
speed, headway, and traffic volume. Using Monte Carlo
simulation and advanced regression modeling, our ap-
proach is validated against a one-year WIM dataset of
7.4 million vehicles obtained from Chinese highway
bridges. By providing a practical, data-driven tool for
bridge engineers, the proposed framework overcomes
conservative existing standards, improves structural reli-
ability, and supports cost-effective designs, particularly
for bridges with high traffic variability. The derived
equations lay the foundation for a generalized, predictive
bridge design, marking a significant advancement over
the existing methodologies. Apart from providing a prac-
tical tool for bridge engineers to optimize designs while
ensuring safety, the proposed framework overcomes ex-
isting conservative standards, has the potential to signifi-
cantly reduce costs, and improves structural reliability,
particularly for bridges with high traffic variability. Ad-
ditionally, the predictive equations derived in this study
provide a foundation for general, data-driven bridge de-
sign, marking a significant advancement over previous
methodologies.

1 Methodology

1.1 Data preprocessing

WIM data preprocessing is essential to ensuring the ac-
curacy and reliability of subsequent analyses by avoiding
common measurement errors inherent to WIM systems.

This step involves three key tasks: outlier detection, data
validation, and vehicle categorization. Outlier detection
is performed using z-score filtering and interquartile
range (IQR) analysis. For a given variable x; (e. g.,
gross vehicle weight or speed) , the z-score is calculated
as

A=" (1)

where X is the mean value and o, is the standard devia-
tion of the variables. Data points with |z;| are identified
as outliers (z, is the z-score for each individual data point
x;). Alternatively, the IQR method defines outliers as
values that satisfy

x;<Q,-1L5rorx;>Q;+1.5r (2)

where Q, and Q, are the first and third quartiles, respec-
tively, and r = O, — Q,. Data validation involves filter-
ing out implausible or erroneous records; these include
vehicles with invalid axle counts (<2 or >8), gross ve-
hicle weights (W) below a defined minimum threshold,
and speeds exceeding a reasonable upper limit. Addition-
ally, inconsistencies where the sum of individual axle
weights does not match the total W, i. e., ZPU =W,

are either corrected or excluded. Vehicle classification is
mostly based on the number of axles when detailed axle
configurations are not available. WIM data preprocess-
ing ensures a high-quality dataset suitable for traffic mi-
crosimulation and structural load effect analyses, effec-
tively addressing the data quality problem frequently en-
countered in WIM measurements'*.

1.2 Traffic microsimulation

To replicate the site-specific traffic variability, a
Monte Carlo simulation (MCS) framework is employed
to generate synthetic traffic data over a prolonged pe-
riod. This simulation incorporates annual traffic growth,
enabling a realistic projection of the future traffic behav-
ior. The traffic arrival rate in year y, adjusted for volume
growth, is expressed as

A =2,(1+g) (3)

where A, is the baseline arrival rate, veh/h; and g is the
annual growth rate.

Vehicle arrival is modeled using the Poisson distribu-
tion, where the probability of observing k arrivals within
time 7 is given as

/\t k-t
PN == AT (4)
where N () denotes the number of arrivals.
quently, the interarrival time (or headway) is exponen-

tially distributed as follows:
f(h)= e

where i denotes the headway, s.

Conse-

h=0 (5)
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A complex traffic composition, such as free-flow, pla-
tooning, and congestion headway, can be modeled using
the HyperLang distribution, which is a mixture of Erlang
distributions as follows:

M M
f = p.f(h), Yp,=1 (6)
m=1 m=1
where M is the number of mixture components; p,, is the
mixing probability; and f,(h) is the Erlang distribution
for component m.
Akm hkm, | e—);”,h
(k,, = D!

where A, is the rate parameter; and k, is the shape pa-

f(h) = h=0 (7)

rameter (number of phases). The expected headway and
variance are given as

Eln)= Y p 4" (s)

m=1 m

koo(k Ve k)
wel) S @

m=1

Var[h] = ipm

The estimation of model parameters { p,, A, k, " = 1
and observed headways #, is based on the maximum like-
lihood estimation (MLE), where the log-likelihood func-
tion

e(a):iln(iPMW) (10)

i=1 m=1 m
is maximized; here, N is the total number of vehicles and

0=(p,A,k,) =1 (11)

The individual vehicle characteristics can be simulated
by sampling parameters, such as gross vehicle weight
W, axle weights, axle spacings, and speeds, from em-
pirical distributions (gamma distribution, beta distribu-
tions, lognormal distribution, etc. ) and fitting their val-
ues to observed data. The selection of the best-fit distri-
butions is based on goodness-of-fit tests, such as the
Kolmogorov-Smirnov (K-S) test. This traffic micro-
simulation framework enables the generation of realistic,
heterogeneous traffic scenarios that model complex ve-
hicle interactions and time-varying behavior, thus over-
coming the limitations of simple arrival models.

1.3 Load effect calculation

The load effect calculation estimates the maximum
bending moments induced by vehicular traffic on a sim-
ply supported bridge; this calculation considers the ve-
hicle positions, axle loads, dynamic amplification, and
significant crossing events (SCEs) , where multiple ve-
hicles simultaneously cross a bridge and affect its struc-
tural response''*'"". We adopted a time-stepping ap-
proach based on the influence line theory to calculate the
structural response at each time step. The position of the
Jj-th axle of a vehicle at time 7 is given as

Jj-1

4
x, ()= (t-1,) 36 + kzllsik

(12)

where ¢, is the arrival time, s; v, is the speed, km/h; s,
is the k-th axle spacing, m.

The total time required for vehicle i to fully cross a
bridge of span length L is

t =(L+2w,.)¥ (13)

cross, i

where wi:zsﬂ( is the vehicle’ s wheelbase, m. Any ve-
hicle j (j>1) contributes to the SCE of the vehicle if
(14)

Thus, the number of vehicles involved in the SCE for
vehicle i is

<t +t

cross, i

N
n,=1+ z 1 <+ L (15)
j=i+l
The total bending moment at time ¢ is
N
M) =D > aPI(x,(1)) (16)

i=1j=1
where P is the axle load, kN; /(x; (7)) is the influence
line ordinate at position xl:,.(t); and « is the dynamic am-

plification factor (DAF). In this study, a DAF was em-
ployed to model vehicle-bridge interaction effects, such
as bridge vibrations'' , vehicle suspension dynamics,
and road surface irregularities, based on code provisions

and previous studies' >17,

1.4 GEYV parameter estimation

Traffic-induced load effects can be characterized by
modeling the daily maximum bending moments using the
GEV distribution''®!. This distribution is suitable for
modeling block maxima (e. g. , daily maxima) and pro-
vides a unified framework that includes the Gumbel,
Fréchet, and Weibull extreme value distribution types
via its shape parameter''*’.

The cumulative distribution function of the GEV distri-
bution is given as

1

exp —(1 +§(%) ‘

E#0
F(x:u,0,6)= (17)
exp( exp( p )) E=0
The probability density function is
F o, £) = i) e (18)

where

t(x)= (1 +§(x;lu)) | e

ol {57

The return level x,, which represents the level that is

(19)
=0
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expected to be exceeded once every T year (e.g., a
100-year return level ), is calculated as

[l 1)) 1] e o

The GEV distribution parameters can be estimated us-
ing the maximum likelihood estimation (MLE) method.
The log-likelihood function for a sample of daily maxima

7
Xp =0+ =
! &

XisXgs 0y

. 6y=-nn =1+ 1) S 52 -

i=1

Sfrefnze )

i=1

x, is given as

(21)

The variance-covariance matrix of the estimated pa-
rameters @ = (4, &, &) is approximated as

(22)

—9? !
Var(8) ~ ( J ZT)
00 060

1.5 Regression modeling

Here, we present the methodology for deriving analyti-
cal formulae for the GEV parameters, which are ex-
pressed as functions of five site-specific traffic character-
istics and these GEV distribution parameters. The pro-
posed approach combines linear and nonlinear regression
models, such as quadratic, exponential, and polynomial
Additionally, machine learning approaches,
such as the multilayer perceptron (MLP), were em-
ployed to model complex dependencies.

models.

1.6 Model fitting and selection

The selection of fitting models involves the optimiza-
tion of regression models and the evaluation of their suit-
ability. For u and o, the coefficients of quadratic, expo-
nential, and power-law models are estimated by minimiz-
ing the sum of squared errors between the predicted and
observed GEV parameters. For the shape parameter &,
the MLP and polynomial models are used for fitting us-
ing a similar optimization approach. Model selection em-
ploys fivefold cross-validation to assess generalizability
across the WIM dataset. The goodness-of-fit is evaluated
using the coefficient of determination R?,

i(y[ - .VA'[)Z

R2:1_i=1

Sy, - 57

i=1

(23)

where y,, v,, and y are the observed, predicted, and the
mean of observed values, respectively. Additionally,
the Akaike information criterion was used to balance
model fitting and complexity'®'. For &, polynomial,
exponential, and MLP models were compared, and al-
ternative approaches, such as random forest and gradient-
boosting regressors, were employed to ensure model ro-
bustness'?'’. The model with the best cross-validation

performance was selected. Its performance is presented
in detail in Section 2.

2 Application of the Proposed Framework to
Simply Supported Bridges

In this section, we present the results obtained by ap-
plying the proposed framework to a simulated 5-year traf-
fic load condition, which was generated using WIM
data. The results were obtained by employing all method-
ological stages: data preprocessing, traffic microsimula-
tion, load effect calculation, GEV parameter estimation,
regression modeling, and model selection.

2.1 Traffic microsimulation

2.1.1 Data preprocessing results

The WIM dataset was preprocessed according to proce-
dures described in Section 1 to ensure data quality. The
outlier detection using z-score filtering (|Z;|> 3) and
IQR analysis indicated 2.7% of records as outliers,
mainly in W and speed.

The total number of records removed from the dataset
was about 200 000. The vehicles were classified accord-
ing to their number of axles (Table 1).

Table 1 Statistical and traffic composition of the simulated
trucks
Truck type Number of axles Proportion/% Mean W/t
Type 1 2 88.1 222
Type Il 3 1.7 28.6
Type 1l 4 3.8 33.3
Type IV 5 0.3 47.4
Type V 6 6.1 56.1

2.1.2 Synthetic data generation

The MCS was used to simulate synthetic traffic over
a 2 000 d period. Eq.(3) was used to model the ve-
hicle arrival rate. Using a 2% annual growth rate in traf-
fic volume, the calculated increase over a 5-year simu-
lation period was from 1 000 to 1 486 veh/h; we as-
sumed that the W distributions remained stationary be-
cause they were obtained from empirical distribution
data fitted to the WIM dataset without incorporating the

2231 1p addition, the ve-

increase in vehicle weights'
hicle arrival rate was modeled as a Poisson process,
where headways followed the HyperLang distribution to
accurately model a congested traffic flow or a free
ﬂOW[24-25].
parameters (p, =0.65w, A, =0.5s", k, =2 and p, =
0.65, A, =0.5s", k, =3) with a mean headway
E[h]=4.1 s and a variance Var[h]=12.34 s>. The ve-
hicle characteristics were obtained from statistically vali-
dated distributions: GMMs for W, axle spacing, and
speeds and Gamma distribution models for axle weights.

This was achieved using varying distribution
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The selection of the distributions was based on K-S tests
(p>0.05). The model validation against the WIM data-
set exhibited high fidelity (Pearson’s correlation coeffi-
cient 7 = 0.95 and Spearman’ s rank correlation coeffi-
cientp =0.93),
subsequent load effect analyses.

verifying simulation robustness for the

2.2 Load effect calculation results

The maximum bending moments in simply supported
bridges with span lengths in the 10-100 m were calculated
using Eq. (20). Synthetic traffic data for more than 40 mil-
lion vehicles within a 5-year period were used. Addition-
ally, various traffic conditions, including vehicle speeds
(10-100 km/h) , HV proportions (10%-100%) , headways
(3-10 s), and traffic volumes (200-2 000 veh/h), were

considered. For each case, the relationship between the
maximum load effect and each traffic parameter was ana-
lyzed. An example is presented in Fig. 1, which effec-
tively demonstrates the direct relationship between the
maximum daily bending moment and HV proportion.
We clearly observe that when the HV proportion in-
creases, the loads on the bridge increase, leading to an
increase in the corresponding bending moments across
the bridge span. Fig.2 shows that the relationship be-
tween the maximum daily load effect and the HV propor-
tion is linear; when the HV proportion increases by 5%,
the bending moments increase by 12%-15% for bridge
spans in the 10-50 m range and 8%-10% for bridge spans
over 70 m.

E 1200
z — 10% heavy vehicles
) 1000 —— 20% heavy vehicles
3 —— 30% heavy vehicles
& 800 ] ) —— 40% heavy vehicles
o A, . | 1 ~——50% heavy vehicles
g 600 i‘ 1' MM 60% heavy vehicles
= } ‘ ; | ! X 70% heavy vehicles
E 00 IS I W ."“‘ Hil i I *' J ﬂ’ M"‘l r\& I ' P 80% heavy vehicles
E AP AR R LI TR 90% heavy vehicles
E 200 ) . ) . . ) .~ 100% heavy vehicles
= 0 100 200 300 400 500 600 700 800 900 1 000
Time/d
Fig. 1 Variation of the maximum load effect with HV proportion
4000 00 - 650
> -~ Span 10-50 m 00:00
3 -# Span over 70 m 02:00 + 600 —~
52 : 550
g g 3000 06:00 | z
e 08:00 - 005
E Z 5500 2 10:00 450 £
= F12:00} -
< = 400 s
= 2 000 14:00 - =
! ! L 1 1 L L L 1 16:00 350 g
10 20 30 40 50 60 70 80 90 100 : g
Heavy vehicle proportion/% 18:00 | 300 %
. . . . 20:00 -
Fig. 2 Relationship between maximum load effect and HV 2200 250 =
proportion and headway ' 200

Additionally, the results show that when the vehicle
speeds are in the 10-40 km/h range, the load effect in-
creases by 15% compared with higher speeds; this is
mainly attributed to the prolonged multivehicle loading
during SCEs. Additionally, the analysis of the WIM da-
taset showed that HVs (e. g., Types IV and V , with a
mean W of 47.4 and 56. 1 t) typically travel at slower
speeds (25-35 km/h) compared with those of light ve-
hicles (50-70 km/h).

This slow speed of HV's probably increases the load ef-
fect, because their W increases the bending moments dur-
Fig. 3 shows that the
span length significantly affects the load effect, causing

ing multivehicle loading scenarios.

a 35% increase in the bending moments per 10 m for
10-30 m spans, 28% for 30-60 m spans, and 22% for
spans over 60 m; this is attributed to the increased multi-
vehicle loading on long spans during congestion. Fig. 4

18 30 45 60 80 100
Span length/m

(a)

4500
4000
3500
3000
2500
2000
1500
0

Span length/m
(b)
Fig. 3 Variation of the maximum load effect vs. span length
and time. (a) Heatmap of the maximum load effect; (b) Varia-

2250

2000
1750
1500
1250
1250

Traffice volume ¥/(veh * h™)
Maximum load effect/(kN + m)

tion of the maximum load effect vs. span length
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Fig. 4 Relationship between maximum load effect and headway

shows that when the headway H is below 4 s, the load ef-
fect increases by 8%-10% per 0. 5 s decrease, peaking at
a 42% increase when the headway decreases from 10 to
2 s. When the traffic volume V increases from 200 to
1000 veh/h, the load effect increases by 30%; small ad-
ditional increases (5%-8%) are observed when V>
1 500 veh/h.

The daily maximum load effect is mainly observed dur-
ing peak hours (e.g., 07:00 and 17:00) ; this is ex-
pected and is consistent with the existing literature, as it
is commonly known that increased traffic volumes lead
to an increased load effect on the bridge. This is because
when a high number of vehicles simultaneously cross a
bridge, the load effect increases, thereby increasing the
bending moments.

2.3 GEYV parameter estimation and regression mod-
eling results

Regression models were developed to link the GEV pa-
rameters to traffic parameters. For example, quadratic,
power-law, exponential, rational, and logarithmic func-
tions were used to establish the relationship for each dis-
tribution parameter. Individual nonlinear regression fit-
ting models (quadratic, power-law, exponential, and
logarithmic) were used to establish the relationship be-
tween the GEV location parameter u and bridge span
length (Fig.5(b) ). We observe that the quadratic and
power-law models provide promising results compared
with the logarithmic model. The same approach was ad-
opted for each traffic parameter in the validation of the
derived equations for u and scale parameter o, where
R?>0.95. Regarding the multivariate model, which con-
siders all traffic parameters, the analysis showed strong
and accurate relationships for o and u (R*>0.95; the
root mean square error (RMSE) was small compared
with standard values). The developed multivariate mod-
els for o and u are given in the following equations:

2(HLP)"’
= 7(‘,5 . >1 (24)
uw= 1 02260,2V+0A2S + 1 344H (25)

VLP +1

0T Ob: d dat:

8001 __ Refs::e\llfce I?ni °
750 F

700 F
650 [
600 -
550
500 |
450 |

Sample quantiles/(kN + m)

450 500 550 600 650 700 750 800 850
Theorctical quantiles/(kN - m)
(a)

2500
2000
1500
1 000
500 [
0
-500
B 00010 2‘0 3I0 4IO SIO 6‘0 7‘0 8IO 9I0 160
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(b)

Fig. 5 Validation and modeling of the GEV distribution with the
span length. (a)Q-Q plot for the GEV goodness-of-fit test (60%
HV proportion); (b) Regression models used for data fitting

Location u

e Data
— Quadratic fit
— Logarithmic fit
— Power-law fit

Compared with o and u, the relationship of & against
all individual traffic parameters was weaker; the regres-
sion models exhibited low R* values. Advanced methods
such as machine learning and deep learning techniques
(including neural networks and random forests) regard-
ing £ also exhibited poor performance (R’<0. 6). Regard-
ing the multivariate model, the comparative performance
of an MLP is shown in Fig. 6. Compared with the poly-
nomial fit with a composite feature, the MLP exhibited
better performance (R*=0. 6). The derived equation is as

follows:
x=HLPIn(V+S+1) (26)
which yields
E(x)==0.4x>+0.6x> + 0. 4x + 0. 4 (27)
0.10 s
* MLP fit (R*~0.60) ° {.‘z!w
0.05L ° Polynomial fit (R°=0.35) o 0%
’ --- Ideal fit o
s or
B
5 —0.05F
B
= 010
-0.15
—0.202 : : : : ;
20.20 -0.15 —=0.10 —=0.05 0  0.05 0.10

Observed &

Fig. 6 Q-Q plot of MLP vs. a polynomial fit for shape param-
eter &
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The equations derived in this study enable the precise
estimation of the maximum bending moments on simply
supported bridges by capturing the impact of traffic pa-
rameters on extreme load effects.
which determines the tendency of the extreme value dis-
tribution, is strongly correlated with the traffic density
and the proportion of HVs (e.g., trucks constituting
15%-50% of traffic). This relationship indicates that
when the traffic volume and the proportion of HVs in-
crease, the expected maximum load significantly shift ef-
fects, allowing engineers to better predict critical design
scenarios for bridges under site-specific traffic condi-
tions. The high accuracy of the models used, as indi-
cated by the strong correlation coefficients, demonstrates
their reliability in practical applications, providing a
data-driven alternative to conservative design assump-
tions that often lead to overdesigned structures. How-
ever, the models for ¢ exhibited low predictive accu-
racy, indicating challenges in modeling the tail behavior
of extreme load distributions.

For example, pu,

3 Discussion

The results presented in Section 2, which are based on
WIM data, constitute a strong framework for predicting
extreme traffic load effects on simply supported highway
bridges by providing useful theoretical and practical
knowledge for bridge design optimization. The high ac-
curacy of the models for u and o (R*>0.999, RMSE=
6.98) indicates the advantages of integrating traffic mi-
crosimulation with GEV regression modeling. These
models can accurately capture the nonlinear interactions
among traffic volume, vehicle speed, headway, span
length, and HV proportion; additionally, they are con-
sistent with theoretical predictions indicating that varying
traffic conditions significantly affect the load effects.
The obtained results, such as a 15% reduction in the load
effect at speeds above 60 km/h and a 42% increase as the
headway decreases from 10 to 2 s, indicate the critical
role of vehicle clustering and temporal spacing in load ef-
fects. This is consistent with the vehicle-bridge interac-
tion theory, where a reduced headway increases the mul-
tivehicle load effect. The exponential increase of u with
traffic volume and speed, which is modeled in Eq. (25),
theoretically validates the hypothesis that increased traf-
fic volumes lead to extreme load magnitudes, where the
spatial parameters act as moderators. The scale model de-
scribed in Eq. (26) indicates that variability is stabilized
by increased traffic volumes, providing a theoretical ba-
sis for understanding the load dispersion under varying
traffic conditions.

However, the predictive model for ¢ exhibited notably
lower accuracy (R?~0. 53-0. 63) compared with those for
n and o, despite employing advanced techniques such as
MLP and polynomial regression. ¢ is a highly important

parameter in the EVT for determining the heaviness of
the distribution tail and directly controlling the decay rate
of the extreme value distribution. Therefore, its accurate
estimation is critical for a reliable extrapolation to long
return periods.

The inherent challenge in modeling ¢ stems from its
fundamental sensitivity to the most rare and extreme
events in the dataset. Although u and o are affected by
the central mass and overall dispersion of the daily
maxima, ¢ is exclusively determined by the behavior of
the uppermost tail. In the context of bridge traffic loads,
these often the
low-probability, high-impact combinations of traffic sce-
narios, such as the simultaneous occurrence of multiple
heavily loaded trucks traveling at critical speeds with a
minimal headway on the bridge. Even when using a
large WIM dataset of 7.4 million vehicles, the number
of such “perfect storm” events remains statistically
sparse, leading to high uncertainty and volatility in the
estimation of &. This uncertainty has profound implica-
tions in the extrapolation of long-term load effects. An
overestimation of & (positive value, Fréchet-type tail)
leads to an unbounded and rapidly increasing tail, poten-
tially resulting in overly conservative design loads. Con-
an underestimation of & (negative value,
Weibull-type tail) leads to a bounded upper limit, which
could nonconservatively underestimate the risk of ex-
treme events. The sensitivity analysis showed that a
variation of only 0. 05 in the value of ¢ can alter the
1 000-year return level estimate by 15% or more. There-
fore, the relative inaccuracy in predicting ¢ based on traf-
fic parameters introduces a significant source of uncer-
tainty in the very long-term predictions that are most cru-
cial in the design and safety assessment.

To address this issue, we propose several future re-
search directions: (1) Instead of relying solely on block
(daily) maxima, a peaks-over-threshold method using
the generalized Pareto distribution could be employed.
This approach uses all data points that exceed a high
threshold, making more efficient use of the available ex-
treme value data and potentially yielding more robust esti-
mates of the tail behavior. (2) Pooling WIM data from
multiple bridge sites with varying traffic conditions
would dramatically enlarge the dataset of extreme
events. This would provide a robust statistical basis for
analyzing the relationship between traffic parameters and
&, potentially revealing trends that are obscured in a
single-site analysis. (3) Enhancing ML models by incor-
porating physical constraints or prior knowledge about
the system (e. g. , the maximum plausible load based on
structural capacity or vehicle weight) could prevent the
model from generating unrealistic extrapolations, even if
the tail fit is imperfect.

Another limitation is that in this study, the predictive

extreme events are result of

versely,
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models were developed using a WIM dataset obtained
from a single Chinese highway bridge; this limits model
generalizability because of the spatial and temporal vari-
ability of traffic loads. To improve model applicability,
the proposed framework was designed to be adaptable,
allowing recalibration with site-specific WIM data ob-
tained from different locations. In future work, the
model will be validated using multisite WIM datasets to
ensure robustness across diverse traffic conditions and
bridge types.

4 Conclusions

A novel data-driven framework for predicting extreme
traffic load effects on simply supported highway bridges
was developed using a one-year WIM dataset comprising
7.4 million vehicles. By integrating detailed traffic mi-
crosimulation with GEV regression modeling, analytical
relationships between key site-specific traffic parameters
and the GEV distribution parameters was derived. The
models for u and o parameters exhibited high predictive
accuracy (R?>0.95 and low RMSE) , verifying their ro-
bustness and reliability in estimating the extreme bending
moments in highway bridges. These models were suc-
cessfully  validated by employing
cross-validation.

The main contribution of this work is the provision of
a site-specific predictive tool that overcomes conserva-
tive traditional bridge design methodologies. This ap-
proach provides cost-effective and structurally optimized
solutions, especially in high-traffic environments. The
practical implementation of the framework was demon-
strated on a 40 m span bridge example, yielding a recali-
brated 1 000-year return level of around 2 800 kN-m,
thus verifying the applicability of the model in real-world
applications.

In this study, we established and demonstrated the fun-
damental relationships between site-specific traffic pa-
rameters and extreme load effect distribution parameters,
rather than developing a fully generalized model. Conse-
quently, the scope of the work was intentionally fo-
cused, utilizing WIM data obtained from a single site
and examining the bending moments of a simply sup-
ported bridge. Furthermore, the low predictive accuracy
(R*~0. 6) for £ indicates a limitation in accurately model-
ing the tail behavior of the distribution, which is highly
sensitive to rare traffic events. Therefore, although the
proposed framework is highly reliable for estimating cen-

leave-one-out

tral load effects, extrapolation to very long return periods
(e. g., beyond 1 000 years) should be treated with cau-
tion. In future work, a more generalized and robust
model can be developed based on WIM data obtained
from multiple sites and improved techniques for estimat-
ing &, Overall, this study is an important step toward
data-driven bridge design (providing a pathway for im-

proving structural reliability ), accurate assessment of ex-
treme traffic loads, and cost reduction in infrastructure
planning and management.
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