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ABSTRACT 
 

     Accurate prediction of bridge vehicle load spectra is crucial for fatigue evaluation 
and digital twin development, especially under time-varying traffic. This paper proposes 
a multi-model joint prediction framework that forecasts hourly traffic statistical 
parameters from weigh-in-motion data and subsequently constructs a 24‑hour dynamic 
vehicle load spectrum digital twin. The framework comprises four modules: an LSTM 
network for hourly traffic volume prediction (R2> 0.93); log‑ratio transformed Dirichlet 

regression for vehicle type proportions under unit‑sum constraints (R2 = 0.966); a 
parameter inheritance strategy for temporally stable speed distributions; and a periodic 
weighted moving average model for gamma‑distributed time headways (R2 = 0.981). 
Microscopic traffic sequences are generated via Monte Carlo simulation using the 
predicted parameters, yielding a high‑fidelity digital twin that provides time‑resolved 
load inputs for structural analysis. The framework balances statistical interpretability 
and prediction accuracy, offering robust support for bridge fatigue assessment, 
structural health monitoring, and intelligent maintenance within digital twin systems. 
Keywords: Bridge vehicle load spectrum prediction; WIM measurement; LSTM neural 
network; log-ratio transformed Dirichlet regression; Monte Carlo simulation; Digital twin 
 
1. INTRODUCTION 
 

Bridges, as critical infrastructure, require accurate evaluation of fatigue damage 
under stochastic vehicle loads to ensure long-term safety. Unlike isolated overloads, 
fatigue accrues from millions of repeated cycles, necessitating precise characterization 
of load spectra for both assessment and remaining-life prediction. Load spectra exhibit 
significant diurnal and weekly variations influenced by regional economic activity, road 
geometry, and freight demand (Wang 2023, Guo 2014, Wang 2025, Rahman 2022). 
This variability underscores the need for site-specific measurements rather than 
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reliance on generic standard models. 
Weigh-in-motion (WIM) technology provides continuous, non-intrusive, real-time 

data on vehicle weight, speed, and time headway, offering substantially more accurate 
traffic inputs than code-based assumptions (Zhang 2022). This data foundation has 
facilitated a shift in load modeling from deterministic codes to data-driven paradigms. 
Early work, such as Nowak's truck model, was constrained by limited sampling and 
could not capture real-time randomness (Nowak 1993). The availability of abundant 
WIM records has led research to diverge into two primary streams, yet neither fully 
addresses the joint prediction of future traffic statistics needed for dynamic bridge load 
spectra. One stream focuses on calibrating design specifications: O'Brien and Enright 
(2011, 2013a, 2013b) developed Monte Carlo frameworks to distinguish between free 
and congested traffic; Leahy et al. identified inconsistencies in HL-93 using millions of 
U.S. truck records (Caprani 2016); and probabilistic tail-fitting methods have been 
proposed for site-specific extreme load estimation (Leahy 2015, Li 2020). The second 
stream emphasizes the statistical modeling of core traffic parameters: Gaussian 
Mixture Models capture multimodal weight distributions (Feng 2025, Kim 2019); 
copulas address axle-load correlations (Iervolino 2023); log-normal distributions fit 
right-skewed speeds (Peng 2023); and gamma distributions model headway and its 
nonlinear dependence on volume (Feng 2025). 

Recent efforts have advanced toward scenario-adaptive dynamic prediction. 
Congestion predominantly influences loads on long-span bridges, while free-flow 
conditions govern medium- and short-span structures, with peak-over-threshold 
methods correcting for underestimation in long spans (Hou 2021). Creeping traffic and 
bottlenecks significantly impact load effects (Caprani 2016), and the dominant fatigue 
truck types exhibit regional variation (Peng 2023, Wu 2025), confirming the 
impracticality of universal load models. 
Traffic forecasting has evolved from traditional methods such as ARIMA, SARIMA, and 
Kalman filters (Guo 2014, Wu 2025, Williams 2003, Ju 2024, Wang 2022) to more 
advanced LSTM networks for capturing long-term dependencies (Wang 2025, Rahman 
2022, Ma 2015). However, vehicle-type proportions are compositional data subject to 
unit-sum constraints, and existing forecasting methods do not adequately capture this 
structure. Dirichlet regression, while suitable for such data, has seen limited application 
in transportation (Filzmoser 2018). Furthermore, the dynamic prediction of gamma-
distributed headway parameters remains underexplored, leaving an unresolved gap 
between macroscopic traffic forecasts and microscopic traffic generation in digital twin 
(DT) applications (Feng 2025, Kušić 2023). 

Bridge DTs enable real-time monitoring and life prediction (Kušić 2023, Dang 
2022, Ye 2019, Lin 2021, Jiang 2021); however, their fidelity is contingent upon 
dynamic measured load boundaries, which constitutes a major research bottleneck. 
While Monte Carlo simulation has been widely used to convert macroscopic traffic 
statistics into vehicle sequences (O'Brien 2021, Enright 2023a), Generative adversarial 
networks have been explored for traffic data reconstruction, yet they typically replicate 
historical patterns rather than generating future traffic that integrates predicted 
macroscopic parameters.  

This paper addresses these limitations by proposing a multi-model joint prediction 
framework that integrates LSTM, Dirichlet regression, parameter inheritance, and 
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periodic weighted averaging to forecast hourly traffic statistics. Subsequently, a Monte 
Carlo simulation is employed to construct a 24-hour dynamic load spectrum DT, 
thereby providing accurate and interpretable inputs for bridge fatigue assessment and 
intelligent maintenance. 
 
 
2. JOINT PREDICTION OF 24‑HOUR BRIDGE LOAD SPECTRA FROM WIM DATA 

 
This section outlines the complete workflow, from raw WIM data to 24-hour-ahead 

predictions of all traffic parameters necessary for load spectrum DT construction. The 
process begins by extracting hourly statistical features from one month of field 
measurements. Subsequently, a multi-model joint prediction framework is established, 
designed to account for the distinct nature of each traffic parameter. These predicted 
hourly parameters then serve as direct input for the Monte Carlo simulation detailed in 
Section 3. 

 
2.1 Data Processing 
The raw WIM data were collected from the outermost lane of a two‑way, six‑lane 

suspension bridge over one month (March 1-31, 2025). The system records the 
timestamp, lane ID, axle configuration, gross vehicle weight (GVW), and speed for each 
vehicle. To ensure data quality, invalid records are removed based on three criteria: (i) 
GVW < 10 kN (pedestrians/non-motorized vehicles), (ii) GVW > 600 kN (sensor faults), 
and (iii) speed outside the range of [5, 150] km/h. The preprocessing yielded 58,825 
vehicles, which were classified into eight types based on axle number and spacing 
configuration (Table 1). Type 1 (two-axle cars) predominated at 78.22%, followed by 
Type 8 (six-axle trucks, 9.33%) and Type 2 (8.06%). 

 
Table 1 Vehicle Classification and Proportion 

Vehicle type Axle configuration Traffic volume (veh.)  Proportion (%) 

Type 1 
2-axle car  46010 78.22 

Type 2 
2-axle bus or truck  4740 8.06 

Type 3 
3-axle truck  

1023 1.74 

Type 4 
4-axle truck  

1028 1.75 

Type 5 
4-axle semi-trailer  

118 0.20 

Type 6 
5-axle truck  

188 0.32 

Type 7 
5-axle truck  

228 0.39 

Type 8 
6-axle truck  

5490 9.33 
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2.2. Multi-Model Joint Prediction Framework 
This section presents four complementary prediction modules, each designed 

according to the distinct statistical behavior of its corresponding traffic parameter. The 
statistical characterizations that inform each module are briefly introduced within its 
respective subsection. 

2.2.1. Traffic Volume Prediction Using LSTM 
Hourly traffic volume exhibits a typical diurnal pattern with morning and evening 

peaks and strong temporal dependence, making it suitable for sequence-based 
forecasting. An LSTM network is employed to capture these features. The LSTM unit 
consists of a cell state and three gates (forget, input, output) that regulate information 
flow. At each time step t , given input tx , the hidden state th is updated as follows: 

 ( )1,t f t t ff W h x b−= + ,                             (1) 

 ( )1,t i t t ii W h x b−= + ,                             (2) 

 ( )1tanh ,t C t t CC W h x b−= + ,                            (3) 

1t t t t tC f C i C−=  +  ,                               (4) 

 ( )1,t o t t oo W h x b−= + ,                             (5) 

( )tanht t th o C=  ,                                (6) 

Where tf , ti , to denote the forget, input, and output gates, respectively; tC is the cell 

state;  is the sigmoid activation function.  
The prediction model consists of an input layer, two LSTM layers (each with 64 

neurons), dropout layers (rate = 0.2), a fully connected layer with 24 output neurons, 
and an output layer. The input is the historical traffic volume sequence of the past 72 
hours, normalized to [0, 1]. The first LSTM layer returns the full sequence, while the 
second returns only the last time step. The tanh function is used as the activation 
function. Hourly traffic volume data spanning March 1-31, 2025 (698 samples) are split 
into training (539), validation (67), and test sets (68) in strict chronological order. 

The trained model attained an R2 value exceeding 0.936 on the test set, with a 
Root Mean Square Error (RMSE) of 14.23 veh/h and a Mean Absolute Error (MAE) of 
9.95 veh/h. It accurately reproduced the morning and evening peaks and the early-
morning trough (Fig. 1 and 2). 
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Fig. 1 Comparison of predicted and validation values 

 

Fig. 2 Hourly traffic volume prediction results 
 

2.2.2. Vehicle Type Proportion Prediction Using Dirichlet Regression 
Vehicle type proportions constitute compositional data, satisfying the conditions

, 0t ky   and 
8

,1
1t kk

y
=

= for the 8 distinct vehicle types. Standard linear regression is 

unsuitable for such data due to the inherent unit-sum constraint. To circumvent this, a 
log-ratio transformation is applied, using the last category (Type 8, six-axle trucks) as 
the reference. This transformation maps the 8-dimensional simplex space to a 7-
dimensional unconstrained space: 

,

,

,8

ln , 1, ,7
t K

t K

t

y
z K

y

 
= =  

 
,                             (7) 

This transformation effectively eliminates the constraints intrinsic to compositional 
data, thereby enabling the application of standard regression methodologies. 

To account for the spatiotemporal correlations in traffic flow, a feature vector 
ptx R  is constructed. This vector comprises: (i) normalized hourly value =norm th H 23 , 
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where  0,1, ,23=tH ; normalized weekday value 7=norm td D , where  0,1, ,7tD  ; 

weekend indicator variable  0,7D=    t tw I ; and (ii) time-series features: one-period 

lagged proportion ( )1 1,1 1,2 1,, ,
T

t t t Ky y y− − − −=ty . Including a constant term, the complete 

feature vector is expressed as:  

11, , , ,
T

T p

−
 =  t norm norm t tx h d w y R ,                          (8) 

A multiple linear regression model is then established for the transformed 

response variable 7tz R as: 

, 1,2, ,T

t t T= + =t tz B x ε ,                              (9) 

Here, ( )1p K −
B R represents the coefficient matrix, and tε denotes the error term 

at hour t . To address potential multicollinearity among features, ridge regression is 

employed for parameter estimation (Hoerl 1970). 
For a new sample newx , the logarithmic transformed value is predicted first, and 

then the proportional prediction is recovered through inverse transformation. The hourly 
vehicle type distribution for the next 24 hours is predicted from the 31‑day WIM data 
and presented in Fig. 3. 

 

Fig. 3 Vehicle type distribution prediction results 
 

The prediction results, presented in Fig. 3, demonstrate strong overall 

performance with an MAE of 0.0221, RMSE of 0.0422, and R² of 0.9657. For the two 

most critical vehicle types, Type 1 (almost 80% of total volume) and Type 8 
(approximately 9.5%, yet the primary contributor to fatigue damage), the model 
achieves MAPE values of 6.1% and 8.3%, respectively, confirming its accuracy in 

capturing daily patterns for both the most frequent and the most fatigue‑critical 

categories. The predicted diurnal rhythm accurately reflects the temporal dependence: 
Type 1 reaches its minimum at 4:00, while Type 8 peaks at the same hour, indicating 
the typical nighttime dominance of heavy trucks and the reduced presence of 
passenger vehicles. Overall, the Dirichlet regression model provides reliable, 
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interpretable predictions of vehicle type composition, particularly for the classes that 
most significantly influence bridge load assessment. 

2.2.3. Speed Distribution Prediction 
Vehicle speed data are modeled using the log-normal distribution, as it 

consistently yields the lowest Akaike Information Criterion (AIC) values among 
candidate distributions, including normal, Weibull, and gamma, across all time periods. 

The mean fitted parameters are μ= 4.3 and σ = 0.137. Period-to-period variations are 

minimal: μ  ranges from 4.29 to 4.32, and σ ranges from 0.134 to 0.142 across 
weekdays, weekends, peak, and off-peak hours, demonstrating strong temporal 
stability of the speed distribution under the free-flow conditions observed on this bridge 
(Fig. 4). This stability justifies a parameter inheritance strategy: the speed distribution 
for all future hours directly adopts the overall fitted parameters without dynamic 
updating, which simplifies the prediction framework while introducing negligible bias. 

 

Fig.4 The log-normal distribution fitting results of speed 
 

2.2.4. Time Headway Distribution Prediction 
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Time headway distributions are effectively represented by gamma distributions, 
which demonstrate an excellent fit to observed data. However, the distribution 
parameters, the shape parameter k  and the scale parameter  , vary with traffic 

volume and time of day, rendering a simple historical average insufficient for predictive 
purposes. To overcome this limitation, a periodic exponentially weighted moving 
average (EWMA) model is proposed for predicting α and θ for each target hour (0-23). 
For any given hour, all historical observations from that specific hour are collected, and 
the predicted value is calculated as follows: 

( ) ,

1

ˆ
hN

k h k

k

P h P
=

= ,                                 (10) 

With exponential decay weights: 
( )

( )

1

h

h h

N k

k N N j

j

e

e

− −

− −

=

=






 ,                              (11) 

where hN  is the number of historical samples from the same hour as hour t , 

,h kP  represents the observed parameter value of the -thh  historical sample (arranged 

chronologically), and   is the decay factor controlling the weight decay rate, larger

assigns more weight to recent data. The weights satisfy
1

1
hN

kk=
=  . An adaptive moving 

average with window size 3m =  is applied to smooth abrupt fluctuations:  

( ) ( )

1

2

smooth
1

2

1 ˆ

m
h

m
i h

P h P i
m

−
+

−
= −

=  ,                          (12) 

For boundary hours (e.g., 0h =  or 23h = ), only data within the effective 

neighborhood are used.  

After obtaining the predicted mean ( )h  and standard deviation ( )h for the 

subsequent 24-hour period, the method of moments yields the native gamma 
parameters: 

( )
( )

( )

2

2

h
k h

h

  
=
  




, ( )

( )

( )

2

h
h

h

  
=





,                       (13) 

Based on the proposed method, the prediction results are shown in Fig. 5.  
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Fig.5 Prediction results of time headway statistical parameters 
 

The predicted hourly mean headways, as depicted in Fig. 5(a), demonstrate a 
strong linear correlation with the actual values, evidenced by an R2of 0.981. The Mean 
Absolute Error (MAE) averages 2.5 seconds, with larger discrepancies observed during 
off-peak hours (22:00-3:00) attributable to increased headway variability under low-flow 
conditions (Fig. 5(b)). The predicted diurnal patterns (Figs. 5(c) and (d)) exhibit physical 
consistency: mean headways reach their minima during morning and evening peak 
periods, while the median remains slightly below the mean, indicating a mild right-

skewness. The shape parameter k  ranges from 1.2 to 1.9, close to unity, indicating a 
nearly random vehicle arrival process, a hallmark of free-flow conditions. This is further 

supported by the large scale parameter   (15-35 s), which corresponds to mean 
headways of 20-60 s, well beyond the congested-flow threshold. The consistency 

between the product k   and the predicted mean validates the parameter conversion. 
In summary, the proposed periodic Exponentially Weighted Moving Average (EWMA) 
model effectively captures the daily variation of headway parameters with acceptable 
accuracy, thereby providing reliable inputs for Monte Carlo simulation as detailed in 
Section 3. 

2.2.5. Gross Vehicle Weight Model 
Although GVW is not a time-varying parameter requiring hourly prediction, its 

distribution must be accurately characterized because it serves as a critical input for the 
Monte Carlo simulation in Section 3. For each vehicle type, the GVW distribution 
exhibits distinct multimodal patterns due to variations in loading conditions: empty, 
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partially loaded, and overloaded. To capture this feature, Gaussian Mixture Models 
(GMMs) are adopted, with the optimal number of components determined by the 
Bayesian Information Criterion (BIC) to balance goodness-of-fit and model parsimony.  

The fitted GMM results for all eight vehicle types are presented in Fig. 6, which 
displays the fitted distributions across eight subplots. The Expectation-Maximization 
algorithm consistently achieves successful convergence across all types, with RMSE 
and MAE values ranging from 10-5 to 10-6, collectively indicating excellent fitting 
accuracy. Representative examples illustrate the multi‑modal nature: Type 1 (two‑axle 

cars) is best represented by a three‑component mixture, reflecting distinct weight 
categories of passenger vehicles; Type 8 (six‑axle trucks) exhibits two prominent 

modes near 180 kN and 460 kN, corresponding to no‑load and full‑load conditions, 
respectively. The close agreement between the fitted curves and the observed data in 
Fig. 6 demonstrates the excellent fitting performance of the GMM approach. The fitted 
component parameters are stored and will be used for vehicle weight sampling in the 
digital twin generation process described in Section 3, ensuring that the synthesized 
traffic load spectra preserve the statistical characteristics of actual WIM measurements. 

 

Fig. 6 The GMMs distribution fitting results of gross weight for 8 vehicle types 
 

 

3. DIGITAL TWIN GENERATION OF TRAFFIC LOAD VIA MONTE CARLO 
SIMULATION 

This section describes the generation of a 24-hour DT of the bridge load spectrum. 
This is achieved through Monte Carlo simulation, utilizing predicted hourly parameters 
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(traffic volume, vehicle type proportions, speed, gross vehicle weight, and headway) 
obtained from Section 2.2. The complete workflow is presented in Fig. 7. 

 

 

Fig.7 Flowchart for 24-hour microscale traffic load digital twin generation 
 

3.1 Monte Carlo Simulation Procedure 

For each hour 0,1, 23h = , the simulation follows a hierarchical sampling 

procedure: 
(1) Traffic volume hN is determined from the LSTM prediction. 

(2) Vehicle types are assigned to each of the hN  vehicles by sampling from the 

predicted Dirichlet distribution of vehicle type proportions. 
(3) Gross vehicle weight for each vehicle is sampled from its corresponding 

GMMs fitted to the vehicle type–specific weight distribution (see Section 2.2.5). 
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(4) Speed for each vehicle is sampled from the log‑normal distribution with fixed 
parameters   = 4.30 and   = 0.137, following the parameter inheritance strategy 

(Section 2.2.3). 
(5) Time headway between consecutive vehicles is sampled from the gamma 

distribution whose shape and scale parameters are predicted by the periodic weighted 
model (Section 2.2.4). 

The vehicle arrival time is then recursively computed as the sum of the previous 
vehicle’s arrival time and the sampled headway. This process yields a complete 
microscopic traffic flow sequence for each hour, preserving both marginal distributions 
and temporal ordering. 

 
3.2 Visualization of Simulated Traffic Flow 
A 24-hour microscopic traffic flow sequence was generated using the hierarchical 

sampling procedure detailed in Section 3.1. Figure 8 visually represents the simulated 
traffic sequence, using the peak hour (08:00-9:00) as an illustrative example, displaying 
vehicle attributes, speed, type, and GVW, in temporal order.  

This visualization (as shown in Figure 8) confirms that the simulated traffic 
accurately captures three key physical patterns: (i) temporal load evolution, where high-
intensity periods (morning/evening peaks) and heavy-truck-dominated periods (late 
night to early morning) are clearly distinguishable; (ii) vehicle-type-specific behavior, 
specifically the concentration of Type 8 trucks during low-volume but high-load 
nighttime hours; and (iii) speed and headway patterns, characterized by stable speeds 
under free-flow conditions and shortened headways during peak hours. Collectively, 
this visual inspection validates that the Monte Carlo simulation faithfully preserves the 
statistical characteristics of the predicted 24-hour load spectrum.  

Compared with conventional static load models or aggregated statistical 
summaries, the proposed digital twin offers a high‑fidelity, time‑resolved, and stochastic 
representation of future traffic loads. It directly serves as a dynamic boundary condition 
for bridge structural response simulations, enabling more accurate fatigue assessment 
and predictive maintenance within a digital twin environment. The framework also 
provides a visual and interactive basis for traffic operation decisions, such as lane 
control or speed regulation during predicted overload periods. 
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Fig. 8 Digital visualization of predicted microscopic traffic flow within a 24-hour horizon 
 

4. CONCLUSION 
This study presents a multi-model joint prediction framework for constructing a 

24-hour digital twin of bridge vehicle load spectra from one month of WIM data. The 
main contributions are: 

(1) Joint prediction system: LSTM forecasts hourly traffic volumes (R²>0.93); log-
ratio Dirichlet regression predicts vehicle type proportions (R²=0.966); speed 
distribution is inherited due to temporal stability; and a periodic EWMA model predicts 
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gamma headway parameters (R²=0.981). This modular design ensures statistical 
interpretability. 

(2) DT generation: Monte Carlo simulation is employed to synthesize microscopic 
traffic sequences, utilizing predicted hourly statistics. Visual comparisons demonstrate 
that the simulated traffic flow accurately reproduces key physical patterns, including 
diurnal load evolution, vehicle-type-specific behavior, and speed–headway 
characteristics under free-flow conditions. 

(3) Practical value: The framework bridges macroscopic forecasting and 
microscopic load input, providing interpretable, high-fidelity dynamic boundary 
conditions for bridge fatigue assessment, structural health monitoring, and intelligent 
maintenance within digital twin systems, overcoming black-box model limitations. 

Future work will extend to multi-lane interactions, congested and extreme load 
scenarios, and real-time data assimilation for adaptive model updating. 
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