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Load estimation for bridges is important as weigh-in motion allows a faster process of 
measuring tonnage of trains. Most of the past studies have been on estimation of 
moving loads from bridge response to these loads. This is a regime where low 
frequency dominant response is used to estimate low frequency dominant loads. In this 
paper impact loads, which are typically high frequency dominant, are estimated from 
low frequency dominant bridge response. A time domain algorithm is presented which 
identifies the impact loads applied on a structure using a two step approach. The 
algorithm uses a discrete-time system model and the measured response to estimate the 
input forces acting on a structure.  

The experiment is carried out on a laboratory model of an aluminium truss bridge. The 
response data measured are strains at several locations in the structure. In the first step 
an estimate of the impulse response is estimated for a known load for each of the 
response quantities through a de-convolution process of the measured response with the 
applied load using optimization techniques to counter the problem of the de-convolution 
process being a known ill-conditioned one. 

In the second step, the estimated impulse response is used along with the measured 
responses to estimate the loads in another optimization step. The load is estimated from 
the responses measured at several locations and the final load is estimated statistically 
using all of the individual estimates. It is shown that in this condition, robust load 
estimation is possible without having any finite-element model of the structure in a pure 
output-only approach. The data is sampled at a relatively low sampling rate of 2400 
readings per second, which is much lower than the expected frequencies of the impact 
load. It is hence shown that even data sampled at relatively low frequencies can provide 
robust estimates of high frequency impact loads. 
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ABSTRACT: A time domain algorithm is presented which identifies the impact loads 
applied on a structure using a two step approach. In the first step an estimate of the 
impulse response is estimated for a known load for each of the response quantities 
through a de-convolution process of the measured response with the applied load and in 
the second step, the estimated impulse response is used along with the measured 
responses to estimate the loads in another optimization step. The load is estimated from 
the responses measured at several locations and the final load is estimated statistically 
using all of the individual estimates.  

 

 

1 INTRODUCTION 

The estimation of structural loads is an important problem and there have been 
significant research initiatives in this domain. The class of problem of load 
identification of impact loads typically falls in the inverse problem category. This is 
because the objective is to determine the values on the basis of the results or responses. 
When a static or quasi-static load is to be determined, the problem is usually easier, but 
the level of difficulty increases significantly when the load identification is for dynamic 
impact loads. These problems arise due to the short duration of the impact and the 
appearance of relatively higher load values. 

Uslu et al, (2007) showed that force could be identified by processing the data in the 
frequency domain. This method has also been advocated by Hillary (1983) and Stevens 
(1987) who identified forces for linear vibration systems. Frequency response functions 
(FRF) Based Direct Force Estimation Method have been used by these researchers. In 
this method, numerically calculated or experimentally measured FRFs are used with the 
system’s responses to predict the characteristics of the unknown excitation forces. Both 
numerical and experimental case studies are carried out to assess the applicability of the 
method to real world problems. 

In the numerical studies, a structure is modelled using some finite element program. 
Certain locations of the structure are considered and the FRF matrix is generated 
corresponding to these locations. The test procedure applies a dynamic load and 
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measures responses at the identified locations. Using Fourier transforms, the results in 
time-domain are transformed into the corresponding frequency domain values. The 
computed FRF matrix is used along with the response frequency spectrum to identify 
the force in the frequency domain. Using an inverse fourier transform, the force values 
are then estimated in the time domain. These are then compared with the measured 
forces to estimate the robustness of the method. 

In the experimental method, instead of estimating the FRF from a numerical model, the 
FRF matrix is measured from experimentally applying forces and measuring responses 
on the structure directly. The rest of the procedure remains similar. In both these 
methods, the central feature is computing the pseudo-inverse of the FRF matrix, which 
in reality is a non-trivial task. This matrix is known to be ill conditioned and is very 
sensitive to measurement noise. The method hence loses accuracy on these grounds. 

Steltzner and Kammer (1999) formulated an inverse structural filter for force 
estimation. This method uses a non-causal inverse structural filter, which may be 
thought of as a compressed generalized impulse response for the structure. This method 
does not rely on a finite element or any numerical model of the structure, but the filter is 
identified during standard vibration tests. Both forces and responses are measured and 
the standard Markov parameters are identified based upon the results. These parameters 
are then inverted to generate the standard inverse structure filter. Based upon this, the 
final response measurements are parsed through this filter to generate an estimate of the 
input force history. Since the major time considerations are in generating the inverse 
filter, once established, this system can hence run in almost real time. 

 

1.1 Formulation 

For a linear dynamic time invariant system the response quantity y[.] is related to the 
impulse response h[.] for that location by: 
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where u[k] is the loading function. For this experiment an instrumented impact hammer 
is used and the output from the hammer is routed to the same data acquisition system 
which is recording the responses. This is done so that there is no time lag in the readings 
between the responses and the input. This is essential so that synchronicity of data is 
maintained. 

For the bridge under consideration where this test is done, a numerical model is not 
created so the estimate is done purely from a data driven approach by first estimating 
the impulse response and then using this impulse response to estimate the loading 
function. The forcing function is known to be non zero for very short intervals (about 30 
samples when sampled at 2400 Hz) which is about 10 – 12 ms. The response is also 
seen to be rapidly decaying to zero. So a filtered response is used and the response is 
terminated at a point where the peaks are less than 1% of the maximum amplitude 
value. This sufficiently signifies that the response has decayed completely. The length 
of the impulse response is then estimated. This is easily done because the length of two 
convoluted vectors of length m and n is given by m+n-1. Since the length of the output 
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is known and the length of the forcing function is kept to 30 samples, the length of the 
impulse response is thus defined as: 

30 1imp outN N= − +               

(2) 

The impulse response for known outputs and the outputs for estimated impulse 
responses are then determined by minimizing the errors between the estimated 
responses and the measured responses. This is done as per equations (3).  
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Data consistency was done by validating the data for a shape norm and a peak norm. 
The values of the shape norm can vary from -1 to 1, where a value of 1 means perfect 
correlation and a value of 0 means no correlation. Negative values imply that the sense 
of the data is different.  The value of the peak norms can take any conceivable values 
depending upon the data. Values close to 1 imply a good correlation of the peaks. The 
shape norm is the shape correlation between signals yi and yj and the peak norms is the 
peak correlation between signals yj with reference signal yi. The time series y[ ]k  is 
termed as a row vector of dimension equal to the number of samples. The data is tested 
using a shape norm as shown in equation (4) and a peak norm as given in equation (5); 
values close to 1 of each signify well correlated data and it is seen that the correlation of 
shape norm denoted by ijψ for correlation between vectors yi and yj, of a majority of 

sensors seems to meet the high standard of acceptability assigned by Ziaei-Rad and 
Imregun (1996). Similarly a peak norm denoted by ijΩ is defined for vectors iy and jy . 
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where the function max( [ ] )jy k is used to define the maximum value of the individual 

components of vector jy  considering the absolute values of each component, and the 

function sgn(max( ))y j k
denotes the sign that the component takes at its maximum 

absolute value. The subscripts k and L define the entire range of the particular events. 
For example if the event k corresponds to one particular test run and the event L to the 
other test run, the peak norm signifies the ratio between the peak values estimated in 
event K and the peak values estimated in event L. If both these peak values are 
identically signed, the peak norm will have a positive sign else the peak norm will 
exhibit negative values. 
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2 DESCRIPTION OF EXPERIMENT 

2.1 Description of bridge 

The laboratory model was an under-slung truss bridge made of aluminium. The 
description of the model is as given in Table 1 and the isometric view in Fig. 1. All the 
diagonals were connected to the chords by single bolts. The chords were continuous 
members. All the cross connections and track connections were also done using single 
bolts. 

The laboratory model was strain gauged by applying gauges on members on only one of 
the two trusses. The other truss was not strain gauged at all. The locations at which the 
model was strain gauged were on the top chord at centre of span, the end raker on both 
ends, the first diagonal members towards the left, the first vertical post towards the left 
and the bottom chord at centre of span. 

Table 1. Description of the bridge. 

Parameter Size (mm) 

Top length  1180 mm 
Bottom length  900 mm 

Number of divisions – Top  top 8 (6 x 150 mm + 2 x 140 mm) 

Number of divisions – Bottom bottom 6 x 150 mm 

Height of girder  285 mm 

Spacing between main girders  285 mm 

Spacing between double rail sections  16.5 mm 

Spacing between rail sets (c/c)  111.4 mm 

 

Figure 1. Isometric View of Bridge 

2.2 Loading and excitation 

The laboratory model had a steel plate placed upon the centre of it. An instrumented 
hammer was used to impact this plate. The results from these experiments were used to 
do a load estimation of an impact load. Since the hammer was instrumented, the 
measurement of the impact load was directly done from the recorded data of the impact. 
The measurement of the loads from the instrumented hammer and the response from the 
strain gauge locations were synchronous and collected together in the data acquisition 
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system. There were 10 data sets which were recorded. Out of these 5 were taken to 
generate the impulse response sets. The averaged impulse response was then considered 
for load estimations at each of the sensors which gave well correlated data. The final 
load estimate was considered as the statistical mean of the estimates from individual 
sensors 

3 RESULTS 

3.1 Impulse response estimates 

First a data correlation is done to estimate the shape norms and peak norms of 
individual sensors to estimate which sensors give a high signal to noise ratio and hence 
should be used for doing the assessment of loads. The results of the consistency analysis 
are presented in table 2. 

Table 2. Shape and peak norms for some sensors – impulse responses 

Sensor Minimum 
shape norm 
correlation 

factor 

Mean 
shape 
norm 

correlation 
factor 

Mean peak 
norm value 

Minimum 
peak norm 

value 

Top Chord Centre of Span 
towards right 0.88 0.95 1.01 0.95 

Bottom Chord Centre span 
towards left 0.90 0.96 1.00 0.97 

Left End Raker  0.95 0.98 1.00 0.99 

First Diagonal towards right 
– Front side 0.94 0.98 1.00 0.98 

Right End Raker  0.87 0.93 1.00 0.96 

Top Chord Centre of Span 
towards left 0.92 0.95 1.01 0.96 

First Diagonal towards right 
– Back side 0.94 0.98 1.00 1.00 

Bottom Chord Centre span 
towards right 0.88 0.95 0.99 0.97 

Bottom Chord extreme left -0.35 0.43 0.80 0.68 

Left Vertical  0.29 0.70 0.82 0.75 

As can be inferred from table 2, the first eight sensors shown give high values of the 
shape correlation norms for both the minimum and mean correlation factors.  A high 
value of the shape correlation factor is typically a value close to 0.9. These sensors 
simultaneously give values of the peak norm as close to 1. A value of 1 in the peak 
norm signifies exact peak correlation. The sensors which don’t give good correlation 
norms are sensors which are not expected to give significant responses for the load test 
undertaken. The vertical post is ideally a zero stress member and hence shows low 
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signal values for the test and the extreme right and extreme left bottom chords are 
spatially fairly distant from the point of application of the load. The comparisons of 
individual impulse response estimates for some of the well correlated sensors are 
presented in fig. 2 and fig. 3. From these figures it can be seen that the impulse response 
estimates at the locations where there is a high signal to noise ratio are excellently 
correlated with each other. In these figures, the impulse response estimate is first shown 
for the entire time duration till the signal decays and then for clarity the impulse 
response is shown for a shorter time span. 

3.2 Load estimates 

These impulse responses are then used to estimate the load by minimizing the squared 
error norm between the measured response and the convoluted sum of the impulse 
response with the arbitrary load vector. The ordinates of the load vector are obtained in 
a least square sense which minimizes the norm of the error. The results of the 
optimization exercise are shown in figures 4 and 5 for some of the load cases considered 
and the summary is given in Table 3. Table 4 shows an analysis of the errors of 
prediction between the algorithm and the measured loads. Since the forces are only 
measured using a relative value of the data acquisition system, the physical calibration 
of the force has not been done. The force is estimated as one which causes a reading of 
some value in mili-volts because it has been measured identically as such. The load 
estimation being a mathematical procedure is not constrained by the physical values of 
the quantities measured. 

         

Figure 2. Impulse Response Estimates for Top Chord Centre of Span – towards right 
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Figure 3. Impulse Response Estimates for First Diagonal – towards right 

 

     

Figure 4. Load Estimation for second test case  

 

Figure 5. Load Estimation for sixth test case 

Table 3. Comparisons of Load estimations between measured and estimated values 

Load test 
number 

Peak of 
measured     
Mili volts 

Peak of 
estimated  
Mili volts 

Error in 
estimation 

%age 
value 

1 -5.24 -5.88 12.3 

2 -3.24 -3.10 -4.5 

3 -5.82 -5.15 -11.4 

4 -3.63 -3.48 -7.7 

5 -1.75 -1.26 -4.1 

6 -6.01 -6.40 6.6 

7 -6.64 -5.69 -14.4 

8 -5.88 -6.83 16.2 

9 -4.03 -4.82 19.7 
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10 -5.62 -5.67 0.9 

 

Table 4. Error analysis of the algorithm 

Parameter Error – 

%age value 

Absolute 
Error 

%age value 

Mean 1.3 9.8 

Standard 
Deviation 

11.8 6.0 

4 DISCUSSION AND CONCLUSION 

4.1 Discussion 

It is seen that the mean value of the absolute error is less than 10% making this a robust 
method of load estimation of impact loads. If the values are considered with the 
algebraic sign, the mean value of the error reduces to less than 2%. These values 
establish the estimation of impulse responses and using these to estimate loads as a 
robust load estimation paradigm for impulse loads. 

This is extremely interesting because impact is known to be a very high frequency event 
and even a sampling of 2400 Hz is usually insufficient to capture the impact 
characteristics completely. The algorithm essentially establishes that even using a 
relatively low frequency sampling can capture essential information of some high 
frequency loading events. 

4.2 Conclusion 

In conclusion it is remarked that for robust and accurate estimation of time series data 
depending upon a form of de-convolution procedure, it is essential that the time 
synchronicity of the loading function has to be maintained with the outputs measured. 
This is because shifting of these estimates by even small values can reduce the 
accuracies significantly as the procedure of de-convolution is known to have numerical 
instabilities in presence of even small noise values. However, if the time synchronicity 
of the inputs and outputs are maintained, it can be shown that the impulse response 
estimates and consequently the load estimates are very robust over several recordings of 
input-output data sets.  

This conclusion has also been used for estimating axle loads on real bridges by 
incorporating an instrumentation scheme which identifies the loading vector in the same 
synchronicity of the outputs recorded. It has been shown that this significantly improves 
on the existing state-of-art measurements of axle loads. 
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