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ABSTRACT 
 

Bridge Weigh-In-Motion (B-WIM) systems are based on the measurement of the deformation of a bridge and the 

use of these measurements to estimate the attributes of passing traffic loads. Despite many advantages, B-WIM 

algorithms have often failed to predict axle weights accurately due to noise and vehicle and bridge dynamics. 

The algorithm in this paper uses Moving Force Identification theory and it applies first order Tikhonov 

regularization in conjunction with dynamic programming to predict the unknown traffic forces from simulated 

bridge strain measurements. An accurate finite element (FE) mathematical model that resembles the response of 

the bridge is needed to predict the applied forces. For this purpose, a calibration method based on the Cross-

Entropy Optimization algorithm is used to adjust the mass and stiffness matrices of the FE model. Once the 

model has been calibrated, the algorithm requires accurate velocity and axle spacing of the vehicle forces and the 

continuous strain record that they induce on the bridge. Sensitivity analyses are carried out to demonstrate the 

effect of errors in each of these required inputs on the predicted forces. It is shown that the approach proposed 

herein has the potential to estimate the time history of the forcing function of each axle and static weights more 

accurately than previous B-WIM algorithms. 
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INTRODUCTION 
 

Bridge Weigh-in-Motion (B-WIM) is first proposed by Moses in the late nineteen seventies (Moses 1979) and it 

is the process of using the measured response of an existing bridge to determine the weight of a vehicle crossing 

it. Moses’ algorithm estimates static axle weights through a simple minimization of the sum of the squares of the 
differences between the measured strains and the theoretical static response, calculated using influence lines and 

linear superposition. Many alternative approaches have been discussed in the literature (OBrien et al. 2009; 

González et al. 2012), but Moses' algorithm and alike remain the basis for commercial B-WIM systems. B-WIM 

systems generally tend to be more accurate for calculating gross weights than axle weights. This is due to the 

fact that while a long continuous strain record due the whole truck weight is available, it is difficult to 

distinguish the contribution of each axle. In a major trial held in Northern Sweden that involved the comparison 

of the weights of 343 trucks obtained by static portable scales and a B-WIM system, gross vehicle weights 

(GVWs) are predicted within 10% of the correct values with a confidence interval of 96.6% and static axle 

weights being within 15% of the correct values with a confidence interval of 89.3% using Moses’ algorithm 

(McNulty and OBrien 2003). In practice, noise, inaccurate assumed characteristics for influence lines, and bridge 

and vehicle dynamics have been shown to be sources of error for Moses’ algorithm (OBrien et al. 1999). 

 
B-WIM is an inverse structural dynamics problem, where applied traffic forces are an unknown forcing function 

and they must be obtained from strain measurements and a theoretical bridge model. The solution of this ill-

posed problem is ideally suited to dynamic programming and general inverse theory, and it falls in a particular 

area of inverse dynamics which is Moving Force Identification (MFI). MFI has received much attention in recent 
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years. For instance, O’Connor and Chan (1988) use an interpretive method in which they calculate the dynamic 

loads directly from bridge strains modeling the bridge deck as series of massless beams interconnected by 

lumped masses. In Law et al. (1997), the bridge deck is modeled as a simply supported beam where 

accelerations and/or bending moments are used as input. The equation of motion is expressed in terms of modal 

coordinates and the forces are then solved for in the time domain. Later, Law et al. (1999) and Yu and Chan 

(2003) use a frequency-time domain method, in which a Fourier transform is performed on the equation of 
motion, and the relationship between the forces and the responses is then expressed in the frequency-time 

domain. Zhu and Law (2001) utilize an orthogonal function for the derivatives of the bridge modal responses in 

the identification of moving loads. Law et al. (2004) use a FE method to identify the axle loads and a 

condensation technique to reduce the system to a smaller number of master Degrees of Freedom (DoF). The 

number of measurements is then set less than or equal to the number of master DoF and the system is solved 

using least squares with Tikhonov regularization.  

 

This paper uses dynamic programming in combination with first order regularization to calculate the history of 

vehicle forces from simulated multiple strain measurements on the traversed bridge. The application to B-WIM 

systems makes possible to extract not only static values, but also the time history of the applied force. The 

method is calibrated using the Cross-Entropy (CE) method that allows calculating the elemental mass and 

stiffness matrices for use in the FE model required by MFI. 
 

MOVING FORCE IDENTIFICATION APPLIED TO BRIDGE WEIGH-IN-MOTION 
 
 

Finite Element Model 

 
The application of inverse dynamic programming requires the use of a mathematical model that represents, as 
closely as possible, the reality of the problem. Here, the passage of a vehicle over a bridge is modeled as a series 

of moving axle forces over a one-dimensional discretized beam. A 20 m simply-supported FE beam model is 

used to demonstrate the application of MFI theory to B-WIM. This bridge model has a cross-sectional area of 8 

m
2 

second moment of area of 0.667 m
4
. Other material properties are Young’s modulus of 35×10

9
N/m

2 
and 

density of 2400 kg/m
3
. The beam is discretized into 20 equal elementary beams, each with two DoF (rotation and 

vertical displacement) at each end node. This gives a total of n = 42 DoF for the system The first four natural 

frequencies of the FE beam model are 4.33, 17.32, 38.96 and 69.27 Hz. The undamped equations of motion of 

the entire beam model subject to a number nf  of moving forces, f is given by Eq 1. 

 

1 1 1f fn n n n n n n n n      M y K y L f  (1)                                    

 

where L is a location matrix associating the nf external loads to the n DoF of the bridge model and y is an array 

of displacements and rotations at the FE nodes. M and K are the global mass and stiffness matrices respectively. 

Once the dynamic equation of motion has been solved for all DoF, the strain within an elementary beam can be 

obtained from the displacements and rotations at their end nodes.  

 

Dynamic Programming and Tikhonov regularization 
 

The application of MFI theory to B-WIM involves two main steps:  

(1) the formulation of the problem into a vector matrix differential form suitable for dynamic programming. In 
this process, the measured data is related to the state variables; 

(2) an optimization procedure using least squares with Tikhonov Regularization to obtain the unknown forces 

from the transient measured data. This involves the use of the Hansen’s L-curve (Hansen 1992; Hansen 

1994) method to calculate the optimal regularization parameter. 

 

In the process, the following assumptions are made:  

(1) changes in the stiffness and mass matrices with the passage of the force are negligible; 

(2) the system is at rest before the application of the load; 

(3) velocity and spacing between applied forces are known. 

 
The first assumption on the nature of the system is justifiable for cases where the mass of the truck is small 

compared to the total mass of the bridge; hence the mass of the truck has little effect on the frequency of 

vibration of the bridge. Also the implementation of the MFI algorithm is based on the idea that the response of 

the bridge is a function of the forces applied and not the interaction of the bridge and the truck or the nature of 

the road profile. Although the bridge may not be at rest before the passage of the force, the second assumption is 

a mathematical consideration that is necessary to initialize the optimization routine. Similar assumptions have 



been made by other authors to initialize the problem of identifying moving forces (Law et al. 1997; Law and 

Fang 2001). It is also assumed that the velocity and axle spacing of the vehicle is known. This can be achieved 

through the use of additional sensors, either axle detectors, such as pneumatic tubes, on the road surface, or 

strain transducers on the bridge underside where axles are identified from the strain record (Dunne et al. 2005). 

 

The method of dynamic programming requires the transformation of Eq 1 into a vector-matrix differential 

equation using a FE formulation. A state vector containing displacements, yi, and velocities,
iy , of all nodes is 

used to replace variables in Eq. 1, resulting in Eq. 2. 
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where: 
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and I is the identity matrix. Using the exponential matrix F = e

Kh
, where h is the time difference between j and 

j+1, Eq. 2 can be converted into a discrete time integration scheme of the form (Trujillo 1975; Trujillo 1978; 
Trujillo and Busby 1997): 
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where Gj is given by: 
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In this form G is a 2n×nf matrix relating the forces to the model. The B-WIM inverse problem is to find the 

unknown forces f that when placed into Eq. 4, best match the measurements. However, a B-WIM system does 

not take measurements of the state variables, displacements and velocities, but strains. Strains, ε, and state 

variables, X, are related through a Q matrix. The measured data is compared to the model data via a least squares 

formulation, and the measurements are related to the state variables by: 
 

1 2 2 1m m n n  ε Q X  (6) 
 
where m is the number of strain measurements, and Q is a selector matrix. The general solution to the differential 

Eq 2 (Trujillo and Busby 1997) is: 
 

  ( )

0
(0) ( )

t
t t st e e s ds  

K* K*
X X Lf  (7) 

 
By introducing a Padé approximation (Trujillo 1975) to the forcing function that assumes that f(s) is constant 

over the integral (t, t+h), it can be shown that the solution to Eq. 7 (Trujillo and Busby 1997; Trujillo 1975) is 

given by: 
 

 1 1 2 1 3 1j j j j jD D D     X X f f f  (8) 

where: 
*

1
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K K
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The least squares solution to the MFI problem is highly ill-conditioned. In order to overcome this problem a 

regularization parameter is added to the least squares optimization function and one then solves for a nearby, and 
better conditioned, solution. Once some strain measurements have been taken and the system matrices F and G 

have been formed, the problem is then formulated as a least squares with Tikhonov regularization. A 

regularization matrix, B (diagonal matrix containing the optimal regularization parameter b) is added to the least 

squares term to control the amount of ‘smoothness’ in the solution and also to provide a bound for the error.  

From this context the problem could be viewed as damped least squares. The problem is now to calculate the 

vector of forces f that causes the model to best match the measured data by minimizing the error function E(X, f) 



for an optimal b parameter. This minimization problem can be solved using Bellman’s principle of optimality. 

Previous studies on inverse structural dynamics (Busby and Trujillo 1997) have shown that the L-curve method 

is an efficient and accurate method of calculating the optimal regularization parameter b. The L-curve is a plot of 

the norm of the solution versus the residual least squares norm. This plot always produces an L-shaped curve 

where the optimal regularization parameter is located at the point of maximum curvature (Hansen 1992). In 

zeroth order regularization it is the force itself that is regularized, whereas in First order regularization, the forces 
are included in the state vector, and it is the derivative of the force that is regularized for. 

 

The MFI algorithm requires the formulation of a numerical bridge model, and this model is then dynamically 

calibrated with an on-site test vehicle. Using the FE method to model an existing structure is a complex problem 

that strongly depends on the structure itself and the available information. High levels of assessment of a 

structure are required for high quality FE modeling, and there is extensive work in the area of FE updating from 

field measurements (Friswell and Mottershead 1995). Even as the complexity of the FE model increases, the 

number of measurements required does not increase in proportion (Adams and Doyle 2002). In this paper, a 

novel and easy-to-implement method for calibrating the required input elemental stiffness (K) and mass (M) 

matrices using CE is proposed to calibrate the MFI algorithm.  

 

CALIBRATION OF THE FE MATRICES USING THE CROSS-ENTROPY METHOD 

 
Walsh and González (2009) propose using the CE method in conjunction with static measurements to obtain the 

distribution of flexural stiffness within a FE beam model. The CE method can be described as an iterative 

procedure composed of two steps (de Boer et al. 2005); firstly a random data sample is generated and secondly 

the method by which the random data is generated is altered so as to produce a better fitting sample in the next 

iteration. Like the Genetic Algorithm it is a population based approach to optimization, which takes advantage of 

modern computational capacity to generate many possible solutions, gradually converging to the most probable 

solution. It is proposed here to use the CE method to determine those properties necessary to construct the 

stiffness and mass matrices of a FE model. The material properties that are needed are each beam element’s 

flexural stiffness (EI) value (to form the elemental stiffness matrix) and each beam element’s mass per unit 

length (μ = ρA) value (to form the elemental mass matrix), lets define η, as an array of the entire systems EI and 

μ values. 
 

The first step in the CE algorithm is to assume an initial statistical distribution of values of all elements of η 

(these distributions are taken to be Normal here and defined by mean and standard deviation. The latter can be 

based on typical theoretical values or measurements on site). Let’s call this initial set of EI distributions an EI 

Population (EIP), and similarly the initial set of μ values will be called a μP. A number, K, of trial beam’s η 

values are randomly sampled from the EIPs and μPs. Strain measurements are then taken at a number of 

locations along the beam as targets for the algorithm. The smaller the number of measurement locations, the 

larger the number of possible combinations of model parameters satisfying the solution and the more difficult the 

optimization problem. An objective function is defined as the sum of the squares of the differences between the 

strains measured for each trial beam and the strains measured for the actual beam. An ‘elite set’ is defined as the 

top 5% trial beams giving the lowest objective function values. The mean and standard deviation EI and μ values 

of this elite set are used to create the EIP and μP for the next iteration of trial beams. A tolerance is then 
specified to establish when convergence has been reached, in this case, 0.05% difference in successive objective 

functions. Starting with the initial Normal distributions of EI and μ values for each of the N discretised beam 

elements, the algorithm updates the mean and standard deviation values, informed by the elite set from the 

previous iteration, until convergence has occurred. At this point the mean values are adopted as the predictions 

for the EI and μ. The inverse problem of estimating structural parameters given a structure’s response to a 

loading event does not have a unique solution. There are multiple sets of η values that may produce the desired 

structural response. Hence a common problem with the algorithm is that it may converge prematurely to a false 

solution. Botev and Kroese (2004) propose the method of ‘injecting’ extra variance into the samples to address 

this known problem. This technique simply involves adding noise to the updated standard deviation between 

iterations. This ‘widens’ distributions at the start of the iterations reducing premature convergence. The 

magnitude of the added variance reduces as the number of iterations progresses, until at some stage in the 

simulation the variance is no longer artificially inflated. During the initial iterations, a second technique has been 
employed which aids in the convergence of the simulation. Using a weighted average, the EI and μ values of a 

beam element are related to those of neighbouring elements. The weighting system chosen is to give 

immediately neighbouring element values a weight of 0.4 and those element values one element away a weight 

of 0.2. Only two elements on either side of the element in question are considered. 

 



Two known constant forces, separated by 5 m and traversing the beam at a constant velocity of 20 m/s are used 

to test the calibration procedure. Unlike the MFI problem, during the calibration procedure, the axle weights will 

be known. Three strain locations are employed: ¼ span, midspan and ¾ span. Figure 1 depicts the results of the 

CE method of calibrating the MFI model for a prismatic beam. The calculated, theoretical and initial estimates of 

each elemental beam EI and μ are shown. The predictions are excellent, and in all cases fall within 0.5% of the 

exact values. 
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Figure 1 Predicted distribution of section properties using Cross-Entropy  

(--- theoretical; ··· initial estimate;     CE calculated) 

 

When calibrating non-prismatic sections, the CE method predictions are found to be inaccurate in terms of 

percentage errors in EI and μ, but are still good when it comes to the predicted force from the MFI algorithm. For 

example, the predicted forces for the case of a 20 m bridge with uniformly varying depth profile from 0.5 m at 

the supports to 1.0 m at midspan, calibrated using the CE procedure, is presented in Figure 2. In this figure, two 

sinusoidal loads traverse the beam 3.0 m apart at a velocity of 20 m/s.  
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Figure 2 Predicted forces for a CE Calibrated MFI System (    actual forces; --- predicted forces). 

 

Except for some deviations as axles arrive and depart from the beam, the calibrated MFI approach gives a good 

match to actual applied force histories. To test the MFI predictions using the calculated FE matrices over a range 

of loading conditions, the spacing between forces was varied between 1 and 5 m, and the velocity was varied 

between 20 and 30 m/s. As MFI is ineffective when axles are near the ends of the bridge, 15% of the predicted 
force history from the start and end of the time frame when an axle is on the bridge was removed and the static 

axle weight was taken as the zero frequency component of the remaining predicted forcing function. This is 

similar to existing MFI algorithms, where up to 40% of the time history is used (Chan et al. 2000). In all cases, 

the MFI predictions have been able to closely reproduce the amplitude and frequency of the applied forces, 

predicting static axle weights within ±2% of the true values. Recently, Dowling et al. (2012) have successfully 

extended the cross entropy optimization presented here to the calibration of 2-D FE plate bridge models. 

 

 



TESTING WITH SIMULATED MEASUREMENTS 
 
First Order vs Zeroth Order Regularization 
 
To study the differences between zeroth and first order regularization, analysis is carried out for the passage of a 
constant force of 80 kN moving at 22 m/s. Mid-span strain contaminated with 3% Gaussian noise is used as the 
input for the inverse analysis. Using L-curve analysis, as described in the previous section, the optimal 
regularization parameters for zeroth and first order regularization are found to be approximately 1×10

-22
 and 

5×10
-18

 respectively. Using these parameters the optimal forcing functions are calculated for the zeroth and first 
order regularization methods using the dynamic programming routine outlined in a previous section. The 
predicted forcing functions for zeroth and first order regularization are illustrated in Figures 3(a) and (b) 
respectively.  
 

 
(a) Zeroth order regularization (b) First order regularization 

Figure 3 Predictions for a constant force (    actual force, --- predicted force) 

 

From this analysis of a single moving force, and on the basis of other authors’ work in the area (Nordström 
2006) and the successful testing using field data (Rowley et al. 2009), it is apparent that first order regularization 
gives a more stable solution than zeroth order regularization. The remainder of the work described here will 
focus solely on first order regularization.  
 
Influence of Errors in Input Parameters on Predicted Force 
 

Errors of 1%, 3%, 5%, 10% and 15% are imposed in axle spacing and velocity to test their influence on the 

performance of the algorithm when predicting the static component of the sinusoidal forces defined in Figure 2. 

Strains are calculated at ¼-span, mid-span & ¾-span, and contaminated with 3% Gaussian noise. Figure 4 

illustrates the results for the first force using the zero frequency component of the time history to estimate the 
static weight. The results for the second force are similar. For the case of introduced errors in velocity and axle 

spacing of less than 5%, it can be seen that the resulting errors in predicted force are, in all cases, less than 10%. 
 

 
 
 
 
 
 
 

Figure 4 Percentage error of MFI algorithm in predicted forces versus errors in axle spacing and velocity 
(··+·· errors in velocity; ˗˗o˗˗ errors in axle spacing) 

 
Prediction of Moving Sprung Masses 



 
The bridge response to a planar two-axle vehicle is implemented with the numerical methods proposed by Frýba 
(1999). The model has four DoF, allowing for hop of each axle and pitch and bounce of the truck body. A three 
dimensional model would be necessary to take roll motion into account, but the influence of roll on bridge 
dynamics has been proven to be small compared to that of pitch and vertical motions. The vehicle parameters 
include axle spacing of 5 m, body inertia of 1.2 x 10

3
 kgm

2
, Sprung mass is unique for each loading condition: 

first axle unsprung mass of 1000 kg, second axle unsprung mass of 2000 kg, tire stiffness of 3.6×10
6 

N/m, and 
damping and suspension stiffness at each axle of 4000 Ns/m and 1.8×10

6
 N/m  respectively. In order to test the 

accuracy for the predicted forces, a total of 18 different runs are analyzed: three levels of velocity (15 m/s, 20 
m/s and 25 m/s) and three levels of loading (empty (2000 kg), half-full (8000 kg) and fully laden (14000 kg)). 
The generated theoretical strain is again contaminated with Gaussian noise (3% of the maximum strain) to 
simulate more realistic B-WIM measurements. These simulated measurements are taken at five locations (4, 8, 
10, 12 and 16 m along the beam) and used as input for calculating the unknown applied axle forces f(t). In the 
inverse analysis the number of elements in the 20 m long beam model is increased from 20 to 40 giving 80 
DoFs. However it should be noted that for the above system, the system matrices are now of dimension 
[162×162]; for larger systems the above approach is not really feasible and some form of a reduction technique 
is required. The system of equations used in the dynamic programming routine can be reduced using an 
eigenvalue reduction technique (Busby and Trujillo 1987; Trujillo and Busby 1997). The method of MFI using 
an eigenvalue reduction technique has been previously applied to the MFI algorithm for a 2-D (plate) model 
(González et al. 2008). 
 
Firstly, the performance of the B-WIM algorithm using first-order regularization is compared to Moses’ 
approach using a smooth surface. For an empty vehicle (2000 kg) moving at 25 m/s, the optimal regularization 
parameter, b, is obtained from the L-curve as approximately 7×10

-19
. Figure 5(a) shows the predicted and actual 

applied forces for the measurements. The oscillations of the moving forces are small as a result of the smooth 
profile and low dynamic excitation. The applied force is nearly constant and its derivative is close to zero. This 
appears to reduce the effectiveness of first order regularization for a constant force problem, as an error results 
from the oscillation of the rate of the change of the force about zero (Figure 5(b)). 
 

  
(a) Force-time history (b) Rate of change of force in front axle 

Figure 5 Prediction of forces imparted by a 2-axle sprung vehicle travelling at 25 m/s on a bridge with a smooth 

surface (    actual force, --- predicted force) 

 
Secondly, results are analysed for a profile with road surface irregularities as this is an important factor that 
affects the dynamic responses of bridges and the accuracy of B-WIM systems. The profile is generated from 
power spectral density functions for ‘good’ road profiles as suggested by the ISO standard (ISO8608 1995). The 
same combinations of velocity and loading used in the case of the smooth profile are used for the rough profile. 
In this rough profile scenario, dynamics have a substantial impact on the solution. The simulated strain with 
noise corresponding to the empty vehicle traveling at 20 m/s is used as the input to the MFI algorithm. The 
optimal regularization parameter is calculated from the L-curve to be approximately 7×10

-19
 and the first order 

regularization prediction results for the front and rear axles are given in Figure 6. The results are good, 
suggesting that MFI is relatively insensitive to road roughness. 
 



 
(a) Front axle (b) Rear axle 

Figure 6 Prediction of forces imparted by a 2-axle sprung vehicle travelling at 25 m/s on a bridge with a rough 

surface (    actual force, --- predicted force) 

 
Comparative Study with Moses’ algorithm 
 
A comparative study is carried out to assess the accuracy of the MFI algorithm relative to the conventional B-
WIM approach as described by Moses (1979). As in a previous section, when calculating the static weight from 
the force histories, 15% of the predicted force from the start and end of the time frame when an axle is on the 
bridge is removed. The average of the remaining predicted forcing function is used to calculate the static axle 
weight. The MFI predictions of individual front and rear axle weights are shown in Figure 7, for the case of the 
half-car vehicle traveling at 15 m/s (b = 2.7×10

-19
). The maximum error in gross vehicle weight is 1.9% and 2% 

using the Moses and MFI algorithms respectively, confirming the effectiveness of a static approach for gross 
weight. The maximum error in individual axle weights is found to be 8.9% using the conventional approach 
compared to 5.5% by the MFI algorithm. The reason why Moses’ algorithm gives reasonably good results is the 
reasonably well conditioned equations for a two-axle system with axle spacing of 5 m on a 20 m bridge. 
However, if the axle spacing is reduced to 2 m and the vehicle is fully loaded, Moses algorithm gives errors of 
52% and 29% for the first and second axles respectively, whilst the MFI approach gives errors of only 3% and 
5%. The smaller the axle spacing and the higher the speed, the more significant the improvement in accuracy by 
MFI theory becomes. 
 

 
(a) Front axle (b) Rear axle 

Figure 7 Prediction of forces imparted by a 2-axle sprung vehicle travelling at 15 m/s on a bridge with a rough 

surface (    actual force, --- predicted force) 

 
Sensitivity of MFI algorithm to noise 
 
The accuracy of the MFI algorithm is analysed for various levels of noise. A fully laden vehicle traveling at 20 
m/s on a rough road profile is used to simulate the strain measurements at the five locations on the bridge. Five 
levels of noise were used to assess the accuracy of the algorithm: 1%, 3%, 5%, 10% and 50%. The percentage 
error in both static axle weights and gross vehicle weight are shown in Figure 8. The algorithm is quite 
insensitive to noise. Even with noise in the signal as high as 50%, the error in axle weight did not exceed 16% 
and the gross weight error is only 5%.  



 

Figure 8 Percentage error of MFI algorithm in predicted forces versus noise  
(··∆·· front axle; ˗˗o--   rear axle; --*-- GVW) 

 

CONCLUSIONS 
 

A MFI algorithm based on dynamic programming and Tikhonov regularization has been presented as an 

alternative approach to traditional B-WIM based on Moses’ equations. As Moses’ algorithm, the MFI algorithm 

requires a continuous strain record of the event and accurate measurements of both velocity and axle spacing. 
Both algorithms require the crossing/s of a vehicle of known configuration (weights/spacing/speed) over the 

bridge for calibration purposes. However, while Moses only needs to define a single parameter that relates 

measured strain to bending moment at the measurement locations, the MFI algorithm requires to populate the FE 

matrices that will govern the dynamic response of the bridge.  

 

Theoretical bridge strains, typically measured by B-WIM systems, have been simulated for a number of vehicle 

crossings.  The CE method has been proposed as a way of inferring the FE model matrices required by the MFI 

algorithm. For a prismatic beam model, the CE method has generated the FE matrices within 0.5% of true values. 

Despite less accurate estimations of the distributions of stiffness and mass for non-prismatic beams, the MFI 

system has still been able to predict a force history that closely resembles the applied forces regardless of their 

magnitude, frequency and phase. The effect of errors in the strain (Gaussian noise of 1, 3, 5, 10 and 50% has 

been added to the strain signal as a percentage of the maximum strain induced), axle spacing and velocity inputs 
to the MFI algorithm has been investigated. Predictions of static weights have been shown to more sensitive to 

errors in velocity than to errors in axle spacing..   

 

Finally, the algorithm has been tested using the strains induced in a simply supported beam by a half-car vehicle-

bridge interaction model (as opposed to pre-defined force-time histories where interaction is neglected). The 

two-axle vehicle has led to very well-conditioned Moses’ static equations and overall accuracy has been 

improved only slightly by the MFI algorithm. This improvement has been more significant for the case of a 

rough profile. The difference in accuracy between both algorithms has been made clear when using a vehicle of 

smaller axle spacing, i.e., a tandem. In this case, the traditional static algorithm has shown to be unable to 

distinguish forces between very closely spaced axles, while the new dynamic MFI algorithm has maintained a 

high level of accuracy. Therefore, compared to the traditional static algorithm that provides a single value per 

axle based on influence lines, the new approach has the potential to provide amplitudes and frequencies of the 
applied forces, an additional feature of relevance to the monitoring of traffic loads and bridges. 
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