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Abstract 

Analysis of the variability in the responses of large structural systems and quantification of 

their linearity or nonlinearity as a potential non-invasive means of structural system 

assessment from output-only condition remains a challenging problem. In this study, the 

Delay Vector Variance (DVV) method is used for full scale testing of both pseudo-dynamic 

and dynamic responses of two bridges, in order to study the degree of nonlinearity of their 

measured response signals. The DVV detects the presence of determinism and nonlinearity in 

a time series and is based upon the examination of local predictability of a signal. The 

pseudo-dynamic data is obtained from a concrete bridge during repair while the dynamic data 

is obtained from a steel railway bridge traversed by a train. We show that DVV is promising 

as a marker in establishing the degree to which a change in the signal nonlinearity reflects the 

change in the real behaviour of a structure. It is also useful in establishing the sensitivity of 

instruments or sensors deployed to monitor such changes. 

  

1. Introduction 

Monitoring of structural responses for the purpose of structural damage detection is 

widespread [1-4] and such approaches generally depend on the expectation that system 

responses are related to modal parameters,, which are functions of physical properties of the 

structure  [3]. Damages or alterations to a structure can change the dynamic response 

characteristics and a shift of such characteristics with respect to a benchmark condition can 

be indicative of structural health [5]. The need for quantitative, global damage detection 

methods that can be applied to complex structures has led to continued research and 

development of methods that examine changes in the vibration characteristics of the structure 

[6, 7]. Quantification of linearity or nonlinearity of the response signals from structural 

systems and their link to the nature of the structure and changes within is an important 



problem which has not yet received significant attention. In other fields, this has been 

investigated through time series methods employing the outputs of system responses and then 

attempting to relate a marker of the response to the nonlinearity in the system [8-10]. 

The importance of addressing structural characteristics under limited, vague, imprecise 

measurements, or lack of information regarding the structure, or the input has been felt for 

some time and researchers have approached this problem at different levels employing a 

range of methods. A structural system has been considered to be a linear filter and chaotic 

interrogation has been employed to assess nonlinearities [11]. Response dependent white 

noise has also been used in this regard [12]. In fact, statistical approaches towards 

characterising or monitoring dynamic responses,, or the utilisation of output-only data [6, 13-

17] have now become popular in the context of system identification, damage detection or 

structural health monitoring. Still, there remains significant information requirement on the 

structural side that is key to such detection unless a well-established benchmark is created 

through extensive modelling or experimentation. Works not requiring benchmarking may still 

be dependent on significant instrumentation and the number of experimentation required may 

be relatively high [18]. Otherwise, assessment of nonlinearity employing changes in the 

frequency domain responses is also popular [19-22]. Additionally, addressing identification 

of properties of structures using wavelet based analysis or other time frequency techniques 

[23-25] are also present. However, most of these studies have focused on the development of 

the theoretical methodology and the related experiments are based on scaled models tested 

under controlled laboratory conditions [26-29]. In this regard, a relatively traditional 

approach [30-32] towards assessing and interpreting system parameters and estimates of 

linearity or nonlinearity, requires significant information regarding the system and the input 

along with controlled experiment is still the main guiding force behind the development and 

the applications of these methodologies. For larger structures, some work is available in 



terms of identification of events or anomalies [33], but output-only assessments of dynamic 

responses have not yet received significant attention. This can be explained by the fact that 

full scale testing is relatively difficult to carry out and it is only recently that groups equipped 

with novel signal processing methodologies are investigating large structural systems. In this 

regard, the assessment of structural responses of output only condition can be of significant 

interest, especially in terms of assessing the extent of nonlinearities. The investigation into 

how the estimates of variability in the response signal of large structural systems relate to the 

behaviour of the structure can provide insights directly, without assuming the input or the 

systems model. This model-free approach can be extremely attractive since such approaches 

can work even better when relevant information regarding the input or the system model is 

available. Additionally, these methods can be adapted for a wide variety of structures and 

testing conditions without having to customise it for the particular application. 

In this study, the Delay Vector Variance (DVV) method is employed to quantify extent of 

nonlinearity of the structural system response in order to examine to what extent the 

nonlinearity of the response signal is linked to changes that the structural system is exposed 

to. The advantage lies in employing output-only signals from the system without completely 

knowing the system or the input. The paper demonstrates the ability of DVV to recognise 

events during rehabilitation or vehicular passage using in-situ structural measurement 

sensors. Two full-scale experiments on large structures are considered. The first example is 

an impact damaged prestressed concrete bridge where DVV is applied to analyse the bridge 

responses, monitored during the rehabilitation works incorporating a network of strain gauges 

located in and around the damaged region. The works were part of an emergency 

rehabilitation following the impact of a vehicle passing underneath the bridge [34]. The 

second example is a single-span composite railway bridge carrying one ballasted truck. The 

bridge is light and flexible and vibrates easily when a train passes [35]. The first example is 



dependent on pseudo-dynamically measured data while the second utilises dynamic time 

series data. Nonlinearities of the structural responses are estimated and compared for 

variability of loading in the two structures and the extent to which such nonlinearity estimates 

can be interpreted and utilised. The work is also a first interdisciplinary investigation of using 

a method of this nature for assessing such large structures where the model is almost always 

not available, vague, uncertain or imprecise. 

 

2. Delay Vector Variance (DVV) Methodology 

2.1 Background to DVV Method 

A popular technique for detecting the nature or nonlinearity of time series is the surrogate 

data method [36] which was originally motivated by statistical hypothesis testing. Thee 

method presents  an indirect way of estimating nonlinearity [11]. The DVV method was 

initially introduced by Mandic and Chambers [37] and was further elaborated and tested in 

Gautama et al. [38, 39] and Mandic et al. [40].The method characterises a time series based 

upon its predictability and compares the results to those obtained for linearised versions of 

the signal, i.e. surrogate data. This characterisation, although not requiring any prior 

knowledge about the signal, is robust to the presence of noise, straightforward to interpret and 

visualise nonlinearity, and typically exhibits improved performance over other available 

methods [39, 41]. The method has been successfully applied in the past to analyse the nature 

of biomedical signals [38, 42-44], financial fluctuations [45], mechanical systems [46], and 

offshore floating structures [47]. Gautama et al. [38] have found that a difference in signal 

nonlinearity can also be attributed to a difference in system nonlinearity. Application of DVV 

method in diagnostic medicine showed that the linear or nonlinear nature of the signal may 

convey information concerning the health condition of the subject [42, 48, 49, 50]. The Root 

Mean Square (RMS) deviation of the DVV scatter diagram from the bisector line is 



considered to be a reasonable quantitative estimate of signal nonlinearity. Jaksic at al. [47] 

recently investigated the dynamic response signatures of a scaled model tension leg platform 

for floating wind turbines in an ocean wave basin and found that a change in signal 

nonlinearity can reflect real time behaviour of the structure along with the sensitivity of the 

measuring devices. 

 

2.1 DVV Methodology 

The method is based on time delay embedding representation of a time series 𝑥(𝑛), 𝑛 =

1, 2, … , 𝑁. The DVV method is extensively explained in Mandic et al. [40] and for a given 

embedding parameter m, it can be summarised [39, 42, 43], in following steps: 

1) Reconstruct the phase-space and obtain the set of delay vectors (DVs) in phase space 

𝐱(𝑘) = [𝑥𝑘−𝜏𝑚, … , 𝑥𝑘−𝜏]𝑇 ,    𝑘 = 1, … , 𝑁 − 𝑚 + 1                                                         (1) 

where N denotes the length of time series and τ denotes time lag (delay). 

2) Compute the mean 𝜇𝑑 and standard deviation 𝜎𝑑 over all pairwise Euclidian distances 

between DVs [38] 

𝑑(𝑖, 𝑗) = ‖𝑥(𝑖) − 𝑥(𝑗)‖,    (𝑖 ≠ 𝑗)                                                                                       (2) 

3) The sets Ωk(𝑟𝑑) are generated by grouping those DVs that are within a certain 

Euclidean distance to 𝐱(𝑘) so that 

𝛺𝑘(𝑟𝑑) = {𝑥(𝑖)| ‖𝑥(𝑘) − 𝑥(𝑖)‖ ≤ 𝑟𝑑}                                                                              (3) 

i.e. sets that consist of all DVs that lie closer to 𝐱(𝑘) than the certain distance 𝑟𝑑 

calculated: 

𝑟𝑑(𝑛) = 𝜇𝑑 − 𝑛𝑑𝜎𝑑 + (𝑛 − 1)
2𝑛𝑑𝜎𝑑

𝑁𝑡𝑣 − 1
;      𝑛 = 1, . . . 𝑁𝑡𝑣                                             (4) 

in other words, taken from the interval [𝑚𝑎𝑥{0, 𝜇𝑑 − 𝑛𝑑𝜎𝑑}; 𝜇𝑑 + 𝑛𝑑𝜎𝑑], uniformly 

spaced, where 𝑛𝑑 is a parameter controlling the span over which to perform the DVV 



analysis, usually set to be 3 and 𝑁𝑡𝑣, number of target variance, indicates how fine the 

standardized distance is uniformly spaced. 

4) For every set Ωk(𝑟𝑑), the variance of the corresponding targets 𝜎𝑘
2(𝑟𝑑) is computed. 

The average over all sets Ωk(𝑟𝑑) normalised by the variance of the time series, 𝜎𝑥
2, 

yields the measure of unpredictability, ‘target variance’, 𝜎∗2(𝑟𝑑): 

𝜎∗2(𝑟𝑑) =
(1/𝑁) ∑ 𝜎𝑘

2(𝑟𝑑)𝑁
𝑘=1

𝜎𝑥
2

                                                                                            (5) 

Considering a variance measurement valid, too few points for computing a sample 

variance yields unreliable estimates of the true variance. Jianjun et al. [49] suggest 

that the set of 𝛺𝑘(𝑟𝑑) should contain at least N0 = 30 DVs. A sample of 30 data points 

for estimating mean or variance is the general rule-of-thumb [38, 42, 43]. 

If two DVs of a predictable signal are close to one another in terms of their Euclidean 

distance, they should have similar targets. Hence, the presence of strong deterministic 

component within a signal will result in the smaller target variances for small spans 𝑟𝑑 [42, 

49]. The minimal target variance 𝜎𝑚𝑖𝑛
∗2 = 𝑚𝑖𝑛𝑟𝑑

[𝜎∗2(𝑟𝑑)] represents the amount of 

uncertainty present within the time series  and has upper bound which is unity. The reason for 

this is that all DVs belong to the same set of 𝛺𝑘(𝑟𝑑) when 𝑟𝑑 is sufficiently large. Therefore 

the variance of the corresponding target of those DVs will be almost equal to that of the 

original time series. As a result of the standardisation of the distance axes the resulting DVV 

plots are relatively straightforward to interpret. The resulting DVV curves are plotted with the 

standardised distance 𝑟𝑑 on horizontal axis and normalised variance 𝜎∗2 on vertical axis. At 

the extreme right, DVV plots smoothly converge to unity, because for maximum spans, all 

DVs belong to the same set, and the variance of the targets is equal to the variance of the time 

series. If this is not the case, the span parameter 𝑛𝑑 should be increased [39, 43]. If the 



surrogate time series yield DVV plots similar to that of original time series, it indicates that 

time series is likely to be linear and vice versa [40]. 

Performing DVV analysis on the original and a number of surrogate time series, a DVV 

scatter diagram can characterise the linear or nonlinear nature of time series, i.e.  if the DVV 

scatter diagram coincides with the bisector line, then the original time series is adjudged to be 

linear [39]. Thus, the deviation from the bisector line is an indicator of nonlinearity of the 

original time series [39, 42]. As the degree of nonlinearity increases, the deviation from 

bisector line grows too. 

The deviation from bisector line can be quantified by the root mean squared error (RMSE) 

between the 𝜎∗2’s of the original time series and the 𝜎∗2’s averaged over the DVV plots of 

the surrogate time series. Thus, a single test statistic 𝑡𝐷𝑉𝑉 is calculated [43]: 

tDVV = √〈(σ∗2(rd) −
∑ σs,i

∗2(rd)Ns

i=1

Ns
)

2

〉validrd
                                                                (6) 

where 𝜎𝑠,𝑖
∗2(𝑟𝑑) is the target variance at the span 𝑟𝑑 for the ith surrogate, and the average is 

taken over all spans 𝑟𝑑 that are valid in all surrogate and original DVV plots. 

 

2.3 Parameters for DVV Analysis 

The time lag is set to unity for convenience, τ = 1, embedding dimension m = 3, maximal 

span parameter nd = 3, the number of standardised distances for which target variances are 

computed Ntv = 50, number of surrogates considered 𝑁𝑠 = 25, and number of reference DVs 

considered Nsub = 200 (or 100 where small data sets are available) [38, 39]. The deviation 

from bisector line of scatter plot quantified by the root mean squared error, will be referred to 

as RMSE. The authors have carried out prior tests over a number of theoretical and small 

scale experimental studies to ensure that the parameters values chosen for m and   elicit 



consistent results that converge to the estimated nonlinearity based on a jointly optimised set 

of values for these parameters corresponding to the true embedding dimension.  

 

3. Analysis on an Impact Damaged Prestressed Bridge 

The pseudo-dynamic measurements of a damaged bridge structure during rehabilitation 

through continuous monitoring is analysed first. By pseudo-dynamic response, it is meant 

that the sampling of strains is carried out once per minute, but over the period of a few days. 

The case is interesting as this is an output-only estimate analysing time series which are 

product of varied natural and human activities imposed on a large structure over a significant 

period of time. The product of DVV analysis of recorded data and its surrogates, i.e. RMSE, 

are compared with respect to specific events during the rehabilitation, as well as with the data 

collection locations. For details regarding this full scale experiment, we refer to [34, 51]. The 

following sections provide information on the full scale testing based on such literature for 

completeness. 

 

3.1 Details of Damage 

A two-span continuous slab-girder bridge consisting of six precast prestressed U8 type 

simply supported concrete beams, connected by a continuity diaphragm was damaged by 

impact force to its soffit (Figure 1). An internal beam was significantly damaged in which the 

tendons of the beam remained intact but the concrete was crushed from the impact. An 

unknown redistribution of stresses took place following the impact. . There was no structural 

cracking in the prestressed concrete beams following the damage in an unloaded state or due 

to the passage of vehicles. This qualitatively supports the fact that the concrete was within a 

linear compressive zone. Although it was difficult to estimate the existing stresses within the 

beam, calculations on extreme hypothetical situations revealed that the beams had significant 



windows of operation on the compressive and the tensile side from its unloaded state while 

remaining within the linear elastic zone for global load displacement characteristics. 

However, this cannot assess to what extent of nonlinearities are manifest in the bridge when 

different activities are carried out during the rehabilitation process. 

 

3.2 Instrumentation 

Nineteen strain gauges (SG) were installed at five preselected monitoring points (MP) (Figure 

2). MPs are strategically chosen so that the interaction of the damaged and undamaged 

beams, including the behaviour of gauges at, near, and away from the damage can be probed. 

Gauges were installed at the top and at the bottom of the soffit so that the deformations at 

these two levels could be observed simultaneously. Three gauges at MP2, the centre of 

damaged location, were embedded to the tendons. The sampling rate was kept at once per 

minute min and the data was logged in microstrain units. The low sampling frequency is 

related to the practical implementation of measurements at large scale [51]. The embedded 

SG were Geokon vibrating wire embedment gauge model 4200 while the rest of the gauges 

were Geokon vibrating wire SG model 4000. 

 

3.3 Rehabilitation Process 

The rehabilitation was carried out by preloading the bridge to either side of the damaged 

region in order to release some of the high prestressing compressive force in the soffit of the 

beam. Preloading consisted of placing 20t bales of concrete blocks either side of the damaged 

region in three stages (total weight 120t). Hydrodemolition and removal of damaged concrete 

was carried out next, after which rapid-hardening and high-strength repair material was 

applied to the damaged region. The repair material was a fibre reinforced spray mortar 

designed to have a 28 day compressive strength of 70 MPa. The preloads were removed from 



the top of the bridge after the repair material hardened and had gained adequate strength. The 

removal of preload was expected to reintroduce some amount of lost prestress in the repaired 

zone. Prior to the rehabilitation stage, the structure was exposed mainly to diurnal 

temperature variation. A similar thermal period was also present after the rehabilitation. 

Some of the gauges were damaged during the rehabilitation process at different times. 

Embedded SG (SG11, SG12, and SG13) were directly attached to the tendons before the 

hydrodemolition process and were zeroed at a later time than the other gauges. The 

monitoring of repair can be divided into seven periods, as shown in Figure 3. 

 

3.4 DVV Analysis: Results and Discussion 

The readings of SGs during rehabilitation period at each observed MP as well as the results of 

DVV analysis, i.e. DVV plots and DVV scatter plots, of the recorded data during each stage 

of rehabilitation are presented in Appendix 1, which is provided as a supplementary material 

with this paper. 

 

3.4.1 Thermal Period 

This is the time between the installation of the gauges and the application of load during 

which fluctuations due to the diurnal cycle can be observed. Tensile forces are induced due to 

temperature increase in the day leading to a positive increase in strain, while cooler 

temperatures at night cause compressive action leading to a negative strain change. The 

results of DVV analysis on strain measured during thermal period are shown in Figure 4. The 

highest RMSE values are obtained for top strain gauges SG18, SG5, and SG6. The higher 

nonlinearity of SG18 signal is the result of a series of unusual events, i.e. unexpected peaks 

within the signal (see Appendix 1). The minimum value of RMSE is 0.159 for the top strain 

gauges SG9 and SG14. The exception in SG10 and the estimated maximum degree of 

file:///F:/2013.10.14%20PhD%20backup/PhD%20work/VJ%20THESIS/2014.01.02.%20V.Jaksic%20PhD%20Thesis%20(doubleside).docx%23_List_of_Figures_1


nonlinearity with an RMSE value of 0.281 is suspected to be related to a partial damage of 

the gauge during installation. The dominant trend of the undamaged beams is that the top 

gauges show the higher nonlinearity of the signal than the corresponding bottom gauges 

(MP4 and MP5). This is because of the fact that the top gauges were exposed to higher 

variation in diurnal temperatures, which caused higher variation of strain, than the bottom 

gauges that were in shadow. The DVV results for the sections of affected beam do not hold 

this pattern. With exclusion of SG6 and SG7, the degree of the signal nonlinearity is about 

the same or higher for the bottom strain. This indicates that the redistribution of the strain in 

damaged region is affected by the existence of the damage. 

 

3.4.2 Preloading Period 

The preloading consisted of placing concrete bales staged in three main applications in order 

to reduce an increase of compressive stress at the soffit. The preloading creates tension in the 

bottom of the beams, thereby releasing prestressing force, while causing compression at the 

top of the beam. The preload also introduces a prestrain in and around the damaged zone. At 

the centre of damage, the embedded gauges are expected to undergo tension and the top 

gauges compression. SG10 is identified as damaged at this point, although it does react 

somehow insensitively to events during the bridge rehabilitation. Figure 5 shows the results 

of DVV analysis of recorded strain for preloading period. The preloading period is very short 

which resulted in reduced number of reference DVs considered when analysed. Therefore the 

comparison of results between the repairing stages would not be appropriate unless the 

lengths of time series are significantly longer. The highest degree of nonlinearity of the signal 

is recorded by SG16. The reason for this is the sudden jumps in strain data (which are 

predominantly negative) to positive values of high amplitude created by the tension in the 

bottom of the beam A similar phenomena is recorded by SG12 which shows second highest 



degree of nonlinearity of data. Around the same period, with little delay, a similar, but 

smaller jump appears in records of SG1, SG2, and SG3 and does not result in comparably 

high RMSE. These are probably the periods of load application when the strain redistribution 

with in the concrete was taking the place. There is still the same relationship between degrees 

of nonlinearities in section E-E, that is greater nonlinearity in top SG than in the bottom, 

although with negligibly reduced RMSE in comparison with the previous stage. All other 

sections are affected, and the degrees of nonlinearities of top and bottom SGs are reversed or 

noticeably changed in value. In general, this period exhibits lower degree of nonlinearity than 

for the thermal period. Pakrashi et al. [51, 52] point out the appearance of bumps in strain 

data due to the redistribution of stress affecting already fractured concrete. Here, even with 

the limited number of data for DVV analysis, it seems that the method was capable to detect 

this change. 

 

3.4.3 Hydrodemolition Period 

The recorded strain data are expected to reflect disturbance due to the hydrodemolition 

activity. Also, it would be anticipated that the gauges along the beam soffit would experience 

more disturbance as they are located closer to the region of removal. The soffit gauges show 

a greater disturbance than those at the top of the beams. The sharp jumps or noise in readings 

can be explained by the nature of the disturbance and for most gauges the disturbance is 

momentary. However, at the centre of damage it is noted that the embedded gauges (SG11, 

SG12 and SG13) show little reaction since these gauges are attached to the tendons rather 

than the concrete, which is suffering the bulk of the disturbance from hydrodemolition. This 

also highlights the efficiency of the hydrodemolition process as it takes concrete away while 

affecting the tendons minimally. The degree of nonlinearity of the strain recorded by the 

embedded gauges  is noticeably reduced during this period (Figure 6) which proves the fact 



that the gauges are not recording the strain of the concrete but that of the tendons. The highest 

degree of nonlinearity show strain data of two top gauges (SG5 and SG10) of the damaged 

section, which supports the fact that the strain readings changed noticeably due to 

hydrodemolition. The gauge SG18 was damaged in this period and went off the typical scale 

of the strain gauges which resulted in the high nonlinearity of the recorded signal. In general, 

RMSE is greater for the soffit than for the top gauges, which is in agreement with 

observations that the soffit gauges do show greater disturbance than those at the top. 

However, SG1 and SG2 do not follow this pattern most probably due to the redistribution of 

the strain between damaged and undamaged beam. 

 

3.4.4 Full Loading Application 

This is the period just before the application of the repair material, after completion of 

hydrodemolition and the application of total loading (120t). During this period there is no 

significant disturbance in the data. However, the damaged gauge SG18 reading remains off 

the typical scale of the strain gauges. Also, the readings of SG11, SG13, and SG15 show 

disturbance in the signal for short periods of time which is due to the load application similar 

to what is exhibited by SG12 and SG16 during the preloading period. This is yet another 

example of the high variability of the nonlinearity degree of the strain measured in the 

damaged region during load application in comparison with other measuring points (Figure 

7). The degree of nonlinearity of the strain recorded by the embedded gauges is higher than 

during hydrodemolition period. This is due to the fact that the embedded gauges undergo 

significant strain changes over a short period of time during this phase. In general, the soffit 

strain data show greater nonlinearity than the top data, which is in agreement with the fact 

that the main role of the preloading is to release prestressing force by creating tension in the 

bottom of the beams while producing compression at the top of the beam. 



 

3.4.5 Shrinkage Period 

The period of application of repair material, shrinkage, and initial hardening with embedment 

of gauges SG11, SG12, and SG13 is called the shrinkage period. At the centre of damage it is 

expected that the embedded gauges will be significantly affected by the force due to the 

shrinkage of the repair material. The embedded gauges show the highest increase in strain 

due to the tensile force from shrinkage of repair material. The top gauges at MP2 show little 

change in strain as there is no action occurring at this location other than the secondary action 

from the repair material shrinkage. In general, the top gauges show little change in strain. The 

gauges located on the soffit of the beams show an increase in tension due to the shrinkage of 

the repair material (SG15 recorded an unexpected increase in tension). The results of DVV 

analysis for shrinkage period are shown in Figure 8. The overall observation is that the strain 

at the top shows greater nonlinearity degree than the strain measured at the soffit of the beam, 

with exception of SG14. Also, the strain measured in the damaged section B-B (MP2) shows 

greater nonlinearity than the strain measured at the other sections at the corresponding 

locations which is consequence of the increase in tensile force due to shrinkage of concrete. 

The damaged SG18 and SG19 show the extreme values of RMSE. 

 

3.4.6 Unloading Period 

The removal of the 120t loading is done in three stages which are reflected as step changes in 

strain. The top gauges show a minor decrease in compression over this period. The strain 

records of gauges along the soffit show decrease of the strain representing a significant 

reduction in tensile force along the soffit of the beams. This is due to the beams adjusting to 

an intended compression state typical of a prestressed bridge. The unloading stages are 

clearly identified in the soffit gauges, e.g the approximate level of change of strain in the 



soffit at the location of the centre of damage for each set of removal has been observed to be 

approximately 20 microstrains. The results of DVV analysis of recorded strain for unloading 

period are shown in Figure 9. The unloading period is very short which resulted in reduced 

number of reference DV’s considered (Nsub = 100) when DVV analysed. Therefore the 

comparison of DVV numerical results between the repairing stages would not be appropriate. 

Overall RMSE for the top gauges readings decrease for this period and are smaller in 

comparison with bottom gauges. The similar trend of nonlinearities estimated from DVV is 

the consequence of the minor changes in compression. However, the degree nonlinearity of 

soffit strain is noticeably greater than of top strain measured, as the soffit strain decrease due 

to the introduced compression in this zone. 

 

3.4.7 Further Strength Gain 

The further strength gain period covers more than four days of strain gauge readings 

following the removal of load. Very little evidence is present of shrinkage effects except in 

the first few hours. From this time on diurnal temperature effects dominate the strain changes, 

as no other action is occurring on the bridge. There is a strong response to the thermal 

changes with few exceptions. Two of these poorly responsive gauges (SG5 and SG10) are 

located as external gauges on the top of the damaged region. The soffit gauges show a strong 

response to the thermal changes. However, the embedded gauges are within the hardened 

repair material and are therefore shielded from the temperature effects; consequently, the 

diurnal variations are not observed. The results of DVV analysis on recorded strain for 

further strength gain period are shown in Figure 10. The observed period is the longest during 

which the strain measured obtained stable readings. Overall RMSE for the top and bottom 

gauges readings are very close, with few exceptions. The exceptions of embedded SG12, 

which have measurements that show more linear behaviour than measurements of the other 



gauges since it is sheltered, thus not affected by diurnal temperature variation. The RMSE for 

the measurements recorded by SG18 and SG19 reflects the malfunctioning of the strain 

gauges. 

 

3.4.8 Correlation of Top Gauges 

Figure 11a shows the variation of RMSE for top gauges. The malfunctioning of the SG10 and 

SG18 is reflected in DVV results of the recorded signal which are noticeably different in 

value of the mainstream results obtained for the other gauges. Further, the results of DVV 

analysis can be used to detect the extreme disturbance in the material. For example, the 

largest deviation in the DVV results (ΔRMSE = 0.168) is recorded during the 

hydrodemolition period with the maximum nonlinearity in strain experienced by the strain 

gauge at centre of damage (SG5). Moreover, DVV results reflected the disturbances of the 

small scale experienced by material, such as during the secondary action of shrinkage period 

when the deviation in the results between top gauges is ΔRMSE = 0.130.  Finally, DVV 

results on top strain measured during the last stage are approximately the same, gravitating to 

RMSEavg = 0.168, which proves that there is no more shrinkage of the concrete, but just 

diurnal temperature effects resulting in negligible deviation between results (ΔRMSE = 

0.015). In this stage the redistribution of the strain between the beams is established and 

strain gauges readings is stabilized.  

 

3.4.9 Correlation of Soffit Gauges 

Figure 11b shows the variation of RMSE for soffit gauges. Similar to the observation of 

damaged top gauges, the DVV results reflect the damage of SG19 ever since full load 

application period. Complimentary to the top SG findings, DVV results of bottom SG reflect 

the disturbances in the strain recorded by the soffit gauges during the hydrodemolition period 



However, the embedded SG record show that the difference in the degree of nonlinearity of 

recorded signal is ΔRMSE = 0.092. The results confirm the success of the hydrodemolition 

process since the embedded gauges attached to the tendons were not affected by the 

hydrodemolition process, thus resulting in low RMSE in comparison to the rest of the soffit 

gauges attached to concrete.  Further, DVV results of soffit gauges show the change of strain 

due to the high tension and section adjustment to the loading during the preload and full 

loading application. For all other stages, i.e. thermal, shrinkage, unloading, and full strength 

gain period, the difference in the soffit strain nonlinearity is small. This is the evidence that 

the readings of the SG are stable. 

 

3.4.10 Comparisons of the Beams 

In order to test performance of DVV analysis on pseudo-dynamic data the relationships 

between the damaged beam and the undamaged beams on either side is analysed. Figure 12 

shows a plot comparing the RMSE of three beams for each repairing stage. ‘Beam 3’ is the 

damaged beam while ‘Beam 2’ and ‘Beam 4’ are undamaged beams (see Figure 2), 

represented by SG5, SG1, and SG18, respectively. The bridge is expected to be within the 

linear zone of response with good relationships between the beams. From Figure 12a, it is 

evident that ‘Beam 2’ and ‘Beam 3’ strains are of the same nonlinearity pattern. During the 

preloading period the compression is increased at the top in order to reduce the tension at the 

soffit and as the consequence, the degree of the nonlinearity computed from strain response 

of damaged beam is proportionally higher during the some stages (hydrodemolition, full 

loading and shrinkage period), while it is almost the same for other stages of repair 

(unloading and further strength gain period). This is in agreement with the expected 

behaviour during the bridge repair, as the curing of concrete is finished and strain distribution 



between the beams is established more stable reading is obtained resulting in almost the same 

degree of nonlinearity.   

The DVV results for ‘Beam 4’, represented by SG18, reflect the malfunctioning of this strain 

gauge detected during the hydrodemolition period (Figure 12 b and 12c). However, it appears 

that DVV results of the SG18 are in good agreement with SG5 during the first three stages of 

repair (Figure 12b). There are two possible reasons for this. The first reason could be the fact 

that the SG18 readings went off the scale, but still appeared ‘regular’ from the point of view 

that such large readings were still magnified and scaled based on the changes in different 

stages of work, so that DVV was not affected by the charge of the amplitude of the signal but 

was governed by the shape of the signal. The second reason, could be related to the short 

observation period, i.e. limited number of data for DVV analysis available during this period. 

Otherwise, the disagreement in RMSE pattern of SG18 with SG5 and SG1 is an indicator of 

malfunctioning. 

 

 

4 Scaling property 

 

4.1. Background on scaling property 

A time series is expected to exhibit scaling/multi A scaling behaviour if the underlying 

system governing the time series has distinguishable features/information at different 

temporal scale. As the complexity and hence the nonlinearity of a system increases, the 

system is expected to exhibit multi-scaling behaviour. With increase in multi-scaling, the 

degree of nonlinearity is expected to be higher. 

In the previous section, the change in degree of nonlinearity was described using RMSE 

calculated by taking difference between the DVV obtained from the original time series and 



that obtained from the surrogates generated based on the original time series. By 

construction, the surrogates are linearised version of the original time series. Hence, if the 

original time series is linear in nature, the RMSE value is expected to be low, whereas higher 

value of RMSE might indicate high degree of nonlinearity present in the original time series. 

However, higher RMSE might not always indicate high degree of nonlinearity, as in 

situations where the statistical properties of DVVs of original and surrogate time series are 

significantly different, RMSE can become high. In situations where original time series is 

linear, the difference between the DVVs of original and surrogate time series can be 

reasonably expected not to show high multi-scaling behaviour, even though is some 

situations the RMSE can be high. Hence, an alternative multi-scaling based analysis has been 

performed on the difference series obtained from the DVV of the original time series and the 

DVV obtained from the averages of all the surrogate time series. The basic methodology to 

estimate multi-scaling properties of a time series is given below. 

Consider a time series 𝑥(𝑡), 𝑡 = 𝜐, 2𝜐, … , 𝑘𝜐, … , 𝑇 where 𝜐 is the time resolution and T is the 

time for which data is available. To characterize the statistical evolution of the time series 

𝑥(𝑡), the Hurst exponent corresponding to q-th order moment can be estimates as follows: 

1)  Estimate q-th order moment of increments of 𝑥(t) as, 

𝐾𝑞(𝜏) = 𝐸[|𝑥(𝑡 + 𝜏) − 𝑥(𝑡)|𝑞]/𝐸[|𝑥(𝑡)|𝑞]                                                                             (7) 

where time interval 𝜏 can vary between 𝜐 and 𝜏𝑚𝑎𝑥. In the present study, 𝜏𝑚𝑎𝑥 has been 

considered to be 19, as suggested in literature [53, 54]. 

2) Estimate the generalized Hurst exponent 𝐻(𝑞) from the scaling relation: 

𝐾𝑞(𝜏)~ (
𝜏

𝜐
)

𝑞𝐻(𝑞)

                                                                                                                             (8) 

If the value of generalized Hurst exponent does not vary with q, then the series 𝑥(𝑡) is 

considered to exhibit chiefly mono-fractal behavior and the generalized Hurst exponent 

coincides with the Hurst exponent, whereas if generalized Hurst exponent varies considerably 



then the series is said to be multi-fractal and different exponent characterize the scaling of 

different moments of the time series. 

 

4.2. Scaling property results 

To investigate effectiveness of multi-scaling in quantifying degree of nonlinearity, strain data 

from damaged prestressed bridge had been analysed. Strain data obtained from each of the 

strain-gauge for seven stages of repair were first analysed to estimate DVV. Following this, 

25 linearised surrogate series for each SG for each repair stage were generated and the 

average of all those surrogates was estimated. DVV obtained from the original and DVV 

estimated from the average of generated surrogates series were then obtained as a time series. 

Following this, generalized Hurst exponent corresponding to each of the differenced DVV 

time series were calculated using the procedure explained above. The generalized Hurst 

exponent H(q) for several moments q along with the RMSE were then noted for each of the 

time series. A few typical plots of qH(q) versus moment q for some of the strain gauges were 

plotted in Figure 13, for brevity.  

During unloading period (stage 6) SG1 shows multi-scaling which corroborates with high 

RMSE value corresponding to that stage. On the other hand, when the RMSE is low, the 

Hurst exponent shows simple-scaling for SG1. For SG8 the Hurst exponent indicates simple-

scaling for every stage and the RMSE were found to be low for all the stages. For embedded 

SG13, the RMSE was found to be high for unloading and strength gain periods (stages 6 and 

7), and multi-scaling has been observed. Those observations indicated that for undamaged 

locations, we observe multi-scaling when the RMSE value is high and simple-scaling when 

RMSE is low, meaning that Hurst exponent and RMSE results are consistent. For SG10, the 

RMSE is found to be high for unloading period (stage 6) and low for the remaining stages. 

However, it can be observed that unloading period exhibits simple-scaling and only 



preloading and hydrodemolition periods (stage 2 and 3) shows multi-scaling behaviour, even 

though the RMSE is low corresponding to those two stages. For SG18, RMSE is high for 

shrinkage and unloading periods (stages 5 and 6), but multi-scaling is observed for thermal 

and hydrodemolition periods (stages 1 and 3), and there is a slight deviation from simple-

scaling corresponding to stages 5 and 6. On the other hand, for SG19, the RMSE is high for 

hydrodemolition and strength gain periods (stages 3 and 7) and low for the remaining stages, 

but the figure shows multi-scaling behaviour for every stage except thermal and full loading 

periods (stage 1 and 4). Overall, the results indicated that for damaged locations RMSE and 

Hurst exponent does not show always similar behaviour. In some cases we obtained low 

(high) RMSE and simple-(multi-)scaling, but there are situations where we obtain simple-

scaling even though RMSE is high and vice-versa. This indicated that, for undamaged 

locations RMSE is sufficient to model degrees of nonlinearity, but for damaged locations, 

RMSE along with scaling/multi-scaling properties is necessary to examine nonlinearity of the 

system. 

Further, damaged beams exhibit multi-scaling behavior mainly during the preloading and 

hydrodemolition period, and slightly multi-scaling behaviour has been observed during 

thermal and unloading periods, whereas for full loading, shrinkage and strength gain periods 

we obtained a simple scaling behaviour. Results using the thermal period in the beginning is 

indicative of a situation where only thermal affect is observed and hence there will be some 

degree of complexity associated to this stage. During preloading and hydro demolition 

complex stress redistribution takes place and it was expected to obtain high multi-scaling 

behaviour during those two stages. During repair and hardening of repair material, the 

processes are expected to be stable and not much complexity in terms of stress redistribution 

was supposed to be present. Preload removal introduced some degree of complexity in the 

stress pattern and that was reflected in the generalized Hurst exponent. In the last stage, the 



concrete gained further strength and the only complexity is due to thermal affect, which is 

expected to be nominal. The conclusions drawn from generalized Hurst exponent obtained 

from the difference between surrogates and the real signal corresponds to the physical 

understanding of the phenomena corresponding to the seven stages of bridge repair and is 

observed to be a potential tool to augment and complement the capability of DVV. 

 

5 Analysis on a Single Span Steel-Concrete Composite Bridge 

The DVV method was implemented next on a large bridge with responses measured at a 

significantly higher time resolution where the dynamics of the structure form the governing 

signature of the structural responses. The dynamic response of a composite bridge structure 

traversed by trains with continuous monitoring employing different sensors is considered in 

the second example. The time series corresponding to responses to train loadings on a large 

bridge structure over a period of time are used in the study. The outcome of DVV analysis of 

recorded data and its surrogates, i.e. RMSE, are compared with respect to the type of the train 

crossing and location of dynamic measurements. 

The experimental site and in situ measurements are part of research conducted by Division of 

Structural Design and Bridges, Department of Civil and Architectural Engineering, KTH, 

Stockholm. The following sections describing the bridge, monitoring instrumentation, and the 

details of the trains used in the experiment are based on relevant literature [35, 55-57] are 

included here for completeness. 

 

5.1 Description of the Bridge 

Skidträsk Bridge, located in the North of Sweden, is a simply supported single span steel-

concrete composite bridge caring a single ballasted track and spanning 36m. The rails are 

supported by concrete sleepers on a layer of ballast underneath which is a layer of sub-ballast. 



The ballast layers are on a reinforced concrete slab, which transfers the load from the tracks 

to two steel beams. The width of the concrete slab is 6.7m and it varies in height between 30 

and 40 cm. The steel beams also have a variable cross section. The cross section of the bridge 

is shown in Figure 15. 

 

5.1.1 Material and Structural Properties of the Bridge 

The material properties for the observed bridge are summarised in Table1 and include 

information on the steel, concrete, ballast, and the concrete and ballast combined (concrete 

deck with the ballast). In the case of the combined section of concrete and ballast, the 

stiffness is not altered but the mass is increased. The damping of such structure is small 

(0.5% - 1.5%) and consequently, the effects of this low damping do not become significant 

for the structure vibrating under the passage of train in terms of dynamic responses. 

 

5.1.2 Traffic Loading on the Bridge 

The bridge is used by freight and passenger trains, details of which are given in the Table 2. 

The Swedish Steel Arrow train, a common iron ore freight train in Sweden, is a particularly 

frequent loading on the bridge. The Steel Arrow (SA) usually comprises 2 power cars or 

locomotives and 26 wagons (388m total length).  

The trains listed in Table2 can be generally divided in two groups according to their 

characteristics; group A (Train 1, 2, 4, and 9) and group B (Train 3, 5, 6, 7, and 8). There are 

two different characteristics among the train model of group A; maximum acceleration and 

maximal speed. On the other hand group B trains have more differences among themselves 

(i.e. the number of locomotives and wagons, the maximal acceleration and speed, the number 

of bogies, and loading). A special case is Train 7 with just few common characteristics with 

group B trains. 



 

5.1.3 Instrumentation 

Permanent and temporary monitoring systems are installed consisting of 6 and 10 sensors, 

respectively (Figure 15). The permanent system consisted of 4 strain gauges situated on the 

east beam, at midpoint and quarter-point, on the top and the bottom flanges (CH1 to CH4), 3 

Si-flex SF1500S accelerometers for vertical deck accelerations were installed: two of them 

are on the east beam at midpoint and quarter-point (CH5 and CH7); and the third, on the west 

beam at midpoint (CH6), 2 strain transducers (B-WIM sensors) on the concrete slab at 

midpoint and quarter-point (CH9 & CH11), to measure transversal strain, and A temperature 

gauge (CH8). The temporary system consisted of four accelerometers installed around the 

mid-span of the bridge (midpoint of the central sleeper (T-1), end point of the central sleeper 

(T-2), in the rail placed at the level of the central sleeper (T-3), and in the ballast between two 

sleepers (T-4)). The signals from the two optical laser sensors allowed the determination of 

the number of wagons of the train and the distance between two axles, and this then allowed 

the calculation of train speed and the determination of train type by the distance between 

axles, bogies and wagons. The distance between the two optical sensors was 26.05 meters. 

During the first day, the sampling rate was 150 Hz and a Bessel (anti-aliasing) filter was 

applied with a filter cut-off frequency of 20 Hz. During the rest of the year in which the 

system was in use, the sampling rate was increased to 600 Hz and the filter cut-off frequency 

of the anti-aliasing filter to 75 Hz [35, 57]. 

 

5.1.4 Measurements and Data Filtering 

The list of the instruments locations is given in Table 3. The examples of strain and 

acceleration responses to train passage are shown in Figure16 and 17 for beams and slab, 

respectively. The recorded bridge responses to all train types crossing are shown in Appendix 
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2 along with related DVV analyses results. There are two stages in filtering data. In the first 

stage only the responses of the bridge due to passage of the train are included, i.e. the 

acceleration of the bridge recorded prior to the train passage and after the bridge reaches its 

equilibrium position (saturation of vibration) is excluded (Figure 18). In the second stage the 

data that went off the scale for no apparent reason are excluded. These data are categorised as 

bad data. The duration of the periods of bad data are very small (sporadic single points), but 

their contribution in the signal nonlinearity analysis can be significant. 

 

5.2 Results of DVV Analysis 

The DVV analysis results of the acceleration and strain recorded in bridge due to train traffic 

loading are shown in Appendix 2, while the parameters chosen for DVV analysis are given in 

Section 2.3. 

 

5.2.1 Strain Measured in the Beams 

The results of DVV analysis of the strain measured in the east beam at top (TF) and bottom 

(BF) flange at the mid and quarter span for all trains are shown in Figure 19. The nonlinearity 

of TF strain is prominently greater than that of BF in all cases observed. Hence the DVV 

method can distinguish the location of the measurement in respect to the type of the loading, 

i.e. TF that is in compression has higher and BF that is in tension has lower RMSE. 

Moreover, Figure 19 shows the difference in RMSE between measurements obtained at the 

midspan and quarter span regardless of the strain gauge location in relation to the cross-

ection, i.e. top or bottom. Hence, it is possible to relate the magnitude of the response and the 

location of the measurement. The RMSE calculated at midspan is generally greater than for 

the quarter span, which is expected as the magnitude of deformation is greater at midspan. 

This is more prominent for the bottom flange measurement than that of the top flange 
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measurement since the deformation of the top flange are constrained with the concrete slab. 

This reflects the fact that the difference in degree of nonlinearity of TF measurements 

between mid- and quarter-span is small for each train model observed. For all cases observed, 

the RMSE for TF ranges from 0.340 to 0.407 and 0.333 to 0.402, for mid and quarter span, 

respectively. This shows that there is no obvious correlation between the train characteristics 

and degree of nonlinearity of TF. However, there is the decreasing trend in strain nonlinearity 

observed for group A trains and unloaded train of group B (Train 3) with the maximum 

RMSE at the TF midspan and minimum at BF quarter span.   

 Regard the BF, for the trains of group A the nonlinearity of the strain at the midspan is 

greater than at quarter span, which is in agreement with findings for top flange. However, the 

trend between RMSE of strain measured at the mid- and quarter-span of the BF of the loaded 

group B trains (Trains 5, 6, 7, and 8) show that the linearity is greater for the signal measured 

at the quarter span than at the midspan. This could be due to the fact that as the vehicle leaves 

the bridge its speed increases and the redistribution of the strain take place. The reason for 

this could be the characteristics of the train. The obvious possibility is that this phenomenon 

is driven by the loadings, where trains of group A and unloaded train of group B hold the 

same trend of DVV results. The other possibility is that the choice of DVV parameters is 

such that DVV scatter plot is crossing the bisector line (see Appendix 2) giving lower RMSE 

values for quarter span BF of group B trains. Even with this adjustment of DVV parameters, 

the relationship between degree of nonlinearity of strain at bottom flange and train 

characteristics is hard to establish. A part of the presence of this nonlinearity can be explained 

from the friction at the bearing locations, which is usually difficult to assume or estimate 

beforehand even in theoretical modelling of the structure before detailed inspection and 

testing are carried out suspecting such behaviour.  

 



5.2.2 Acceleration of the Beams 

The results of DVV analysis of beam acceleration are shown in Figure20. The RMSE values 

suggest larger nonlinearity at mid span and smaller nonlinearity at quarter-span, for the 

responses of the bridge to the crossing of Group A train with the exception of the Train 4. 

This train passage also produces accelerations with the visibly highest nonlinearity. This is 

likely to be linked to the fact that that it has lower speed, 61.2km/hr, than the other trains 

from this group. The same pattern, as majority of group A train, hold Train 3 of group B, 

which is unloaded train. Hence, these results support the theory that the existence of the 

loading could be detected by the DVV analysis of the strain and acceleration measurements. 

The nonlinearity degree is about the same (approximately 0.2) for the Trains 5, 6, and 7 

(group B trains) for three measurement locations. The visibly highest nonlinearity of the 

acceleration measured is recorded for Train 8, between 0.371 and 0.39. This train belongs to 

the group B train category, but moves with the lowest speed. The conclusion that could be 

driven from here is that the train passes over the bridge with the lower speed the acceleration 

nonlinearity will increase. In that case, the increase in the signal nonlinearity will also depend 

on the type of train in such that the train with the wagons (wagon loading) will produce the 

beam acceleration response signal of the greatest nonlinearity.  

 

5.2.3 Strain of Concrete Slab 

Figure 21 shows the results of DVV analysis for the strain measured in the slab at mid- and 

quarter-span. The degree of nonlinearity of strain at these two locations is about the same for 

the train crossing. For the crossing of the group A trains the degree of nonlinearity is high 

ranging from 0.350 to 0.450 with exception of Train 4 that has visibly lower linearity, which 

appears to be linked to the train low crossing speed in comparison to the rest in the group. In 

general, the results of DVV analysis of the concrete slab strain for the train group A crossing, 



the nonlinearity increases with the increase of train speed. The RMSE obtained for the group 

B train crossing the bridge has the same relationship to the speed of train. However, the level 

of nonlinearity is visibly lower, with range from 0.201 to 0.253. This is the proof that the 

train speed is not the only contributor to the nonlinearity. The observation and comparison of 

the train characteristics leads to conclusion that the loading of the train or/and number of the 

wagons are the factors that can reduce the nonlinearity of slab transversal strain. Also, the 

RMSE for the bridge response to the unloaded Train 7 with no wagons is higher than for 

Train 3 or 5, yet these three trains have the same speed. Further the degrees of nonlinearity in 

transverse slab strain negligibly decrease with the load when two trains of same characteristic 

compared (Train 3 and 5). These observations also highlight the challenges in relation to 

monitoring large dynamic systems from output-only conditions. 

 

6 Conclusions 

The Delay Vector Variance (DVV) method has been employed to characterise the behaviour 

of two bridges through analysis of their response and the estimation of nonlinearities in their 

pseudo-dynamic and dynamic responses. For a pseudo-dynamic analysis of the rehabilitation 

of the prestressed concrete bridge, analysing each stage of repair and comparing the results 

obtained from different measurement suggests that the variability in estimated nonlinearity is 

observed to be representative of the various anthropogenic activities carried out on the 

structure and the relationship of various components are also found. The malfunctioning 

instruments (e.g. strain gauges) can also be detected to a certain extent using this method. 

Upon analysis of the damaged and undamaged beams, the processing of the original strain 

data has been observed to be beneficial for indicating both sudden and gradual changes. The 

analysis of the DVV results obtained from the single span composite bridge dynamic data has 

showed that the degree of nonlinearity of the bridge response does not depend only on bridge 



structural characteristics but on the vehicle crossing, i.e. on the interaction between the two, 

especially when the system nonlinearity is related to the friction at the bearings, which has a 

direct effect on the nonlinearity related to live loading. The link between the speed of the 

vehicle and degree of nonlinearity of slab transversal strain is established, where if speed 

increases the nonlinearity increases for the bridge considered. The other influential factor for 

the degree of nonlinearity of the slab strain response is the weight of the moving vehicle.  

It is difficult to compare the two observed systems from the structural point of view presented 

in this paper. It is even harder to compare the responses of these two systems. However the 

pseudo-dynamic data analysed after the repairs reveal that the degree of nonlinearity of the 

strain measured becomes stable (approx. 0.166), while DVV plots indicate linear behaviour 

of the bridge response. For dynamic loading of the composite bridge the degree of 

nonlinearity varies between locations and responses measured. It is generally higher for the 

same types of measurements and this high nonlinearity is reflected in DVV plots. 

The DVV method in combination with online structural monitoring can be used for fast and 

inexpensive structure assessment. The initial values of RMSE should be calculated for 

ambient vibration of unloaded structure and vibration due to expected loading on the 

structure. These values should be used as benchmark. Additionally the evolution of the 

estimated nonlinearities of different components over time may serve as an output-only 

marker for the assessment of the structural health. Overall, the method is observed to be 

practical for fast assessment of the heath of complex structures through analysis of their real-

time responses and this aspect is attractive for the diagnostics of structural health. 
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Table 1 

Material 
Young’s Modulus 

(GPa) 

Poisson’s Ratio 

𝝂 

Density 

𝝆 (kg/m3) 

Concrete 32 0.2 2500 

Steel 210 0.3 7850 

Ballast - - 2000 

Concrete with additional mass of 

Ballast 
32 0.2 5700 

 

  



 

Table 2 

Train 1 2 3 4 5 6 7 8 9 

No. Locomotives 2 2 2 2 3 2 2 2 2 

No. Wagons 0 0 36 0 36 28 0 27 0 

Loaded   No  Yes Yes  Yes  

Max. acc. (m/s2) -0.65 1.22 2.3 -0.42 2.4 -3.4 5 -1.3 1.6 

Max. speed 
(m/s) 23 50 33 17 33 27 33 18 42 

(km/hr) 82.8 180 118.8 61.2 118.8 97.2 118.8 64.8 151.2 

No.Bogies 4 4 76 4 78 60 4 58 4 

Distance 

bogie-

locomotive 

(m) 20 20 7.7 20 7.7 7.7 7.7 7.7 20 

Distance 

bogie-

wagon 

(m) 0 0 8.6 0 8.6 8.6 0 8.6 0 

Distance 

loco-bogie 
(m) 6.5 6.5 6.28 6.5 6.28 6.28 6.28 6.28 6.5 

Distance 

wagon-

bogie 

(m) 0 0 5.38 0 5.38 5.38 0 5.38 0 

Distance 

loc & wag 

bogie 

(m) 0 0 5.83 0 5.83 5.83 0 5.83 0 

Distance 

axles 

(loco) 

(m)   2.7  2.7 2.7 2.7 2.7  

Distance 

axles 

(wag) 

(m)   1.8  1.8 1.8 1.8 1.8  

Locomotiv

e length 
(m)   10.4  10.4 10.4  10.4  

Wagon 

length 
(m) 0  10.4  10.4 10.4  10.4  

Load on 

bogie 

(loco) 

(N/axle)     1.95E

+05 

1.95E

+05 
 1.95E

+05 
 

(N/bogie) 
9.00E

+05 

9.00E

+05 

1.00E

+06 

9.00E

+05 

3.90E

+05 

3.90E

+05 

3.90E

+05 

3.90E

+05 

9.00E

+05 

Load on 

bogie 

(wagon) 

(N/axle)     2.25E

+05 

2.25E

+05 
 2.25E

+05 
 

(N/bogie)     4.50E

+05 

4.50E

+05 
 4.50E

+05 
 

 

  



 

Table 3 

 STRAIN ACCELERATION 
TRANSVERSAL 

STRAIN 

Measurement 

Point 
CH1 CH2 CH3 CH4 CH5 CH6 CH7 CH9 CH11 

Location 

East beam L/2  East beam L/4 

East 

beam 

L/2 

West 

beam 

L/2 

East 

beam 

L/4 
Slab L/2 

Slab 

L/4 

Top 

flange  

Bottom 

flange  

Top 

flange  

Bottom 

flange  
Top flange 
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Figure 1. Damaged region of outer beam (left) and inner beam (right) [34]. 

 

Figure 2. Arrangement of multichannel strain gauge network [34]. 

 

Figure 3. Strain data from continuous monitoring for two representative strain gauges on the 

soffit of the bridge (SG3 on undamaged and SG7 on damaged beam), with activities and time 

zones related to such activities identified. 

 

Figure 4. DVV analysis results of strain gauges measurements obtained during thermal 

period. 

 

Figure 5. DVV analysis results of strain gauges measurements obtained during preloading 

period. 

 

Figure 6. DVV analysis results of strain gauges measurements obtained during 

hydrodemolition period. 

 

Figure 7. DVV analysis results of strain gauges measurements obtained during full load 

application period. 



 

Figure 8. DVV analysis results of strain gauges measurements obtained during shrinkage 

period. 

 

Figure 9. DVV analysis results of strain gauges measurements obtained during unloading 

period. 

 

Figure 10. DVV analysis results of strain gauges measurements obtained during further 

strength period. 

 

Figure 11. Variation of DVV analysis results on strain measured by a) top and b) bottom 

strain gauges. 

 

Figure 12. Comparisons of DVV analysis of damaged and undamaged beams. 

 

Figure 13. q vs qH(q) plots for strain gauges 1, 8, 10, 13, 18 and 19. SG stands for strain 

gauge. 

Figure 14. Photograph of Skidträsk Bridge [35]. 

 

Figure 15. a) Section of the bridge, b) part of the track at midspan, and c) schematic 

representation of the bridge span with location of the sensors (accelerometers in red and 

strain gauges in green). 



 

Figure 16. Strain of the east beam measured at top and bottom flange at the mid- and quarter-

span for the Train 2. 

 

Figure 17. Acceleration measured at the top flange of the east and west beam for the Train 2 

(dotted line rectangle indicates the region of valid data for DVV analysis). 

 

Figure 18. Transversal strain measured at mid- and quarter-span of the slab for the Train 2. 

 

Figure 19. DVV analysis results of strain gauges measurements for East beam. 

 

Figure 20. DVV analysis results of accelerometer measurements for East and West beam. 

 

Figure 21. DVV analysis results of strain transducers measurements for concrete slab. 
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Figure21 

 

 

 

 

 

 

1 2 3 4 5 6 7 8 9

CH9 (L/2) 0.350 0.429 0.253 0.292 0.237 0.234 0.403 0.218 0.439

CH11 (L/4) 0.356 0.450 0.237 0.300 0.220 0.215 0.390 0.201 0.434
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