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On the Detection and Quantification of Nonlinearity via Statistics 
of the Gradients of a Black-Box Model 

Georgios Tsialiamanis and Charles R. Farrar 

Abstract Detection and identification of nonlinearity is a task of high importance for structural dynamics. On the one hand, 
identifying nonlinearity in a structure would allow one to build more accurate models of the structure. On the other hand, 
detecting nonlinearity in a structure, which has been designed to operate in its linear region, might indicate the existence 
of damage within the structure. Common damage cases which cause nonlinear behaviour are breathing cracks and points 
where some material may have reached its plastic region. Therefore, it is important, even for safety reasons, to detect when 
a structure exhibits nonlinear behaviour. In the current work, a method to detect nonlinearity is proposed, based on the 
distribution of the gradients of a data-driven model, which is fitted on data acquired from the structure of interest. The 
data-driven model selected for the current application is a neural network. The selection of such a type of model was done 
in order to not allow the user to decide how linear or nonlinear the model shall be, but to let the training algorithm of the 
neural network shape the level of nonlinearity according to the training data. The neural network is trained to predict the 
accelerations of the structure for a time-instant using as input accelerations of previous time-instants, i.e. one-step-ahead 
predictions. Afterwards, the gradients of the output of the neural network with respect to its inputs are calculated. Given that 
the structure is linear, the distribution of the aforementioned gradients should be unimodal and quite peaked, while in the 
case of a structure with nonlinearities, the distribution of the gradients shall be more spread and, potentially, multimodal. 
To test the above assumption, data from an experimental structure are considered. The structure is tested under different 
scenarios, some of which are linear and some of which are nonlinear. More specifically, the nonlinearity is introduced as a 
column-bumper nonlinearity, aimed at simulating the effects of a breathing crack and at different levels, i.e. different values 
of the initial gap between the bumper and the column. Following the proposed method, the statistics of the distributions of 
the gradients for the different scenarios can indeed be used to identify cases where nonlinearity is present. Moreover, via the 
proposed method one is able to quantify the nonlinearity by observing higher values of standard deviation of the distribution 
of the gradients for lower values of the initial column-bumper gap, i.e. for “more nonlinear” scenarios. 

Keywords Structural health monitoring (SHM) · Structural dynamics · Nonlinear dynamics · Machine learning · Neural 
networks 

1.1 Introduction 

In the pursuit of making everyday life safer, humans have extensively tried to model the environment around them. Structures 
are an important part of the environment, in which humans live. They are man-made and should be safe throughout their 
lifetime. Structures are exposed to numerous environmental factors, which may cause them to fail. Moreover, during 
operation, structures are subjected to dynamic loads, which, in time, may cause failure. Such failures will most probably 
result in economic damage to society and may even result in loss of human lives. Therefore, for the purpose of maintaining 
structures safe, the field of structural health monitoring (SHM) [1] has emerged. 
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Structural Integrity Assessments of a Train Bridge Using
SHM Data

Bjørn T. Svendsen, Niels Dollerup, and Eimantas Poskus

Abstract This paper presents the structural integrity assessment of a train bridge using data obtained from a comprehensive
SHM system. The bridge, which consists of three similar bridge spans supported by two foundations, was repaired and re-
installed in 2024 for normal operation after a collapse during a severe flooding. Overviews of the bridge damage condition
and the SHM system are presented. Results from the structural integrity assessment are evaluated, with a particular focus on
static inclination and the structural dynamic behaviour over time and for different temperatures, based on data obtained from
one year of measurements. The effects of environmental conditions, i.e., the temperature, on the modal parameters of the
bridge are mapped and the actual structural behaviour is validated by comparing the performance of all three bridge spans
and assessing the performance over time to ensure increased bridge safety.

Keywords Structural health monitoring · Damage detection · Bridge · Operational and environmental variability · Temper-
ature · Collapse · Modal tracking · Gaussian mixture modelling.

Introduction

Although bridges are essential parts of the infrastructure, an increasing trend of bridge collapses worldwide has been ob-
served in recent years. Bridge collapses are, in many cases, caused by sudden changes in the operational and environmental
loads affecting the structural behaviour. A fundamental challenge in structural health monitoring (SHM) is the process of
separating changes caused by operational and environmental conditions from changes caused by damage. It is well known
that variability in operational and environmental conditions affects the structural response and can mask changes caused by
damage. An important part of the work towards solving this challenge is to understand the effects of environmental con-
ditions on modal properties, such as natural frequencies, mode shapes and damping. Therefore, deploying long-term SHM
systems on bridges are important to map such effects as well as performing structural integrity assessments. Automatic
operational modal analysis (OMA) and modal tracking are examples of important tools that are used for such mapping
[1], [2]. It is well known that SHM systems can result in enhanced decision support and structural diagnosis of the struc-
ture [3]–[6]. Consequently, the use of SHM systems for structural integrity evaluation of bridges has become increasingly
important.

For bridges, variability in operational conditions is mainly caused by traffic, while variability in environmental condi-
tions is mainly caused by humidity, wind and temperature effects. The most influential source of variability in the modal
properties is due to temperature effects. In general, significant variations of the natural frequencies can be expected on a
yearly (seasonal) basis for bridges [7]–[14], particularly for bridges located in cold climates such as Nordic and Scandina-
vian climates. A step-like variation in the natural frequencies of certain concrete and composite steel-concrete highway and
railway bridges can be obtained during a yearly season, particularly around or below the freezing point. In the context of
SHM, Gaussian mixture models (GMMs) have been used to characterize the effects of environmental variability, such as
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temperature effects, on features such as natural frequencies [15]–[17]. There are, however, few such studies reported in the
literature on full-scale bridges in operation. Understanding the temperature effects on the structural behaviour and bridge
performance is crucial for performing reliable structural integrity evaluations.

This paper presents the structural integrity assessment of an operational train bridge using data obtained from a com-
prehensive SHM system. Results from the structural integrity assessment are evaluated, with a particular focus on static
inclination and the structural dynamic behaviour over time and for different temperatures, based on data obtained from one
year of measurements. The effects of environmental conditions, i.e., the temperature, on the modal parameters of the bridge
are mapped and the actual structural behaviour is validated by comparing the bridge performance and assessing the perfor-
mance over time to ensure increased bridge safety. The outline of this paper is as follows. Sections 2 and 3 provide overviews
of the bridge damage condition and SHM system, respectively. Section 4 presents the static structural assessment. Section 5
presents the dynamic structural assessment, which includes modal tracking and the implementation of a GMM on the modal
tracking data. Finally, section 6 summarizes and concludes the work.

Damage overview

The bridge considered in this study is a steel riveted truss train bridge consisting of three similar spans. The bridge was
originally built in 1957 and is located in Norway. The structural system of each bridge span consists of two bridge walls,
a bridge deck, and upper and lower lateral bracings. The total length of the bridge is approximately 180 m, where each
bridge span is 57.5 m long and has a total width of 5 m and a height of 7.5 m. Figure 1 shows a schematic overview
of the structural system of one bridge span. Figure 2 provides a damage overview and the state of the condition of the
bridge spans after the collapse and prior to repair. During the collapse, bridge span 1 remained in its original position
and thus experienced negligible structural damage. Bridge spans 2 and 3, however, collapsed into the river and expe-
rienced major structural damage. The damage was mostly local damage at the bridge ends. The typical damage types
observed were tear (cracking), member separation, dents and overloading in terms of loss of rivets. The overall bridge
damage situation was taken into consideration in the proposed alternatives and final design of the SHM
system.

Fig. 1 Overview of the bridge span structural system

Structural health monitoring system

The SHM system of the bridge, shown in Figure 3, is a cabled system consisting of accelerometers, inclinometers, a weather
station and a cabinet. The cabinet contains all relevant data acquisition units, an industrial computer, power supplies and a
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Fig. 2 Damage overview and bridge condition after the bridge collapse. Damaged areas of beam members and joints are
highlighted in red

router for wireless data transfer. Altogether, the SHM system comprises 30 sensors in addition to the weather station and is
designed as one system to provide fully synchronized data. Table 1 summarizes the sensors that are included in the SHM
system and installed on each of the bridge spans. Apart from the weather station, the sensors consist of 1) accelerometers that
measure acceleration and 2) biaxial static inclinometers (tiltmeters) that measure pitch and roll angles. All sensors, apart from
the weather station, are micro-electro-mechanical system (MEMS) sensors. Data are collected and streamed continuously
with a sampling rate of 100 Hz for the accelerometers and 1 Hz for the inclinometers and weather station.

The SHM system is designed to capture the global response of the bridge using accelerometers and inclinometers and
the environmental load using the weather station. The SHM system was originally designed as a temporary system allowing
short-term measurements for a period of approximately one full year. However, the original design of the system allows both
an expansion of the system using additional sensors and an extension of the operating period, if needed. Data from the SHM
system are streamed continuously to a Grafana dashboard using a Historian database service over the MQTT protocol.

Based on data obtained from the SHM system, two types of structural integrity assessments are performed. The first
assessment considers the bridge static structural behaviour. The objective of this assessment is to compare and evaluate the
static behaviour of all three bridge spans by considering inclination. The second assessment considers the bridge dynamic
structural behaviour. The objective of this assessment is to compare and evaluate the behaviour of all three bridge spans by
considering modal tracking. Common for both structural integrity assessments are the evaluation of the structural integrity
over time and for different temperatures.

Table 1 Overview of the sensors included in the SHM system

Sensor type Bridge span 1 Bridge span 2 Bridge span 3 Total
Accelerometer 8 8 8 24
Accelerometer and inclinometer 2 2 2 6
Weather station - - 1 1
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Fig. 3 The bridge SHM system

Static structural assessment

The static behaviour of all three bridge spans is compared and evaluated by considering inclination. The assessment is
performed by comparing and evaluating the static inclination over time, including considerations of temperature variations.
Figure 4 shows an overview of the inclinometers and inclination angles, i.e., roll and pitch, that are evaluated. A clockwise
tilt provides positive inclination values.

Fig. 4 Inclinometers and the corresponding angles evaluated

One dataset per day is chosen as a basis for performing analyses. Each dataset provided from the SHM system between
12.00-13.00 local time is chosen. If the dataset at the chosen time of a specific day is incomplete, data from the nearest
complete hour has been chosen. Each dataset contains a time series of 60 min. The average value of the inclination for each
channel of each sensor is computed for the time series in addition to the average value of the temperature. The daily average
static inclination of the bridge spans throughout one year are summarized in Figure 5 and Figure 6 for roll and pitch motions,
respectively.

From the results presented in Figure 5 and Figure 6, two important observations are made. First, the variation in the
roll motion for all sensors is low in the period October 2024 to March 2025. The low variation appears to be related to the
low temperature in this period, which is around and below the freezing point. As such, these results indicate a more stable
static inclination behaviour during low temperatures than high temperatures. This variation is more distinct for the sensors
located on the upstream side of the bridge, i.e., sensors A11, A21 and A31, than the sensors located on the downstream side
of the bridge, i.e., sensors A19, A29 and A39. The variation is assumed to be related to different exposure of sun affecting
the structural behaviour. Second, the curves generally follow each other well and the inclination values for roll and pitch
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Fig. 5 The daily average static inclination about the bridge (sensor) x-axis (roll motion) of all three bridge spans, including
the temperature, throughout one year

Fig. 6 The daily average static inclination about the bridge (sensor) y-axis (pitch motion) of all three bridge spans, including
the temperature, throughout one year

motions are stable, low and with low variations. As such, the bridge spans compare well considering static inclinations over
time.

No changes in the structural integrity of the bridge occurred during the period. Consequently, the variations in the static
inclination of the bridge spans are mainly caused by environmental variability, such as the temperature. From the results
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presented, it is concluded that the effect of temperature on the static inclination is low. Some variation is observed; however,
this variation is the level of variation to be expected for such bridges in typical Nordic and Scandinavian climates.

Dynamic structural assessment

Modal tracking
The dynamic behaviour of all three bridge spans is compared and evaluated by considering modal tracking. The assessment is
performed by comparing and evaluating the modal properties over time, including considerations of temperature variations.
The modal tracking is implemented as an automatic procedure to detect modes from multiple datasets. The modal tracking
procedure, shown in Figure 7, consists of two parts. In the first part, a reference analysis is performed to establish the modes
to be tracked. The reference analysis is based on data representing the yearly average temperature at the bridge location
(4.0◦C). In the second part, modes are automatically extracted from each dataset in a defined time period and identified.

Fig. 7 The modal tracking procedure

Modes in a particular dataset are identified using a mode match index (MMI) based on the modes established in the
reference dataset. The MMI is defined as [18], [19]:

MMI = (1− γ)MACr,i − γ
|fr − fi|

fr
(1)

where γ is a value between 0 and 1 that provides the weighting to be considered between the modal assurance criterion
(MAC) numbers and natural frequencies, f . The subscripts r and i are denoted for the reference mode and dataset mode
being evaluated, respectively. The cov-SSI method is used as an automatic OMA method with a range of order between
20-120 and a minimum of 15 poles as a general requirement, with some deviations, to determine stable modes. Examples of
other applications of the considered OMA method is given in [20].

Modal tracking of the first 11 modes of each bridge span throughout one year is performed. The tracked modes are
considered the most relevant modes that excites the bridge globally. One dataset per day is chosen as a basis for the modal
tracking, where each dataset between 12.00-13.00 local time is used. If the chosen time of a specific day is incomplete,
data from the nearest complete hour has been chosen. A 20 min time series is chosen from each dataset with no restrictions
regarding traffic in terms of regular train passings. Consequently, time series with and without traffic are used as a basis for
analysis in the modal tracking.

The modal tracking results for bridge spans 1, 2 and 3 based on one year of monitoring are summarized in Figure 8. The
statistical distributions of the modal tracking results for each bridge span are shown in Figure 9. Table 2 summarizes the basic
statistics from the modal tracking, such as the mean frequency value and standard deviation, whereas Table 3 summarizes
statistics such as the detection rate and correlation with temperature. The statistics in Table 2 and Table 3 are provided for
all modes of each bridge span.

From the results presented in Figure 8, Figure 9, Table 2 and Table 3, four important observations valid for all the
bridge spans are made. First, when considering the modes separately, there is a low variation of the modes with varying
temperature, i.e., the tracked modes appear stable. Second, some outliers of natural frequencies in terms of low minimum
and high maximum values of each mode of each bridge span are observed. Third, there is a higher uncertainty, i.e., a large
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Fig. 8 One year of modal tracking results for bridge spans 1, 2 and 3
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Fig. 9 Statistical distributions of the modal tracking results.
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Table 2 Mean frequency values and standard deviation for all modes of bridge spans (BS) 1, 2 and 3

Mean (Hz) Standard deviation (Hz)
Mode BS1 BS2 BS3 BS1 BS2 BS3

1 2.273 2.199 2.224 0.058 0.076 0.044
2 4.621 4.542 4.576 0.053 0.080 0.040
3 4.842 4.729 4.672 0.074 0.137 0.228
4 5.334 5.302 5.163 0.129 0.125 0.077
5 7.899 7.848 7.827 0.074 0.063 0.116
6 8.442 8.351 8.380 0.127 0.142 0.157
7 10.497 10.361 10.206 0.192 0.244 0.255
8 10.964 11.239 11.507 0.399 0.285 0.449
9 12.643 12.656 12.660 0.240 0.287 0.367

10 13.021 12.502 13.093 0.391 0.598 0.394
11 15.992 16.107 16.180 0.800 0.292 0.676

Table 3 Detection rate and correlation with temperature for all modes of bridge spans (BS) 1, 2 and 3

Detection rate∗ (%) Correlation coefficient
Mode BS1 BS2 BS3 BS1 BS2 BS3

1 86.3 95.6 91.8 -0.55 -0.61 -0.48
2 75.3 90.1 91.8 -0.54 -0.24 -0.71
3 94.0 82.7 62.7 -0.21 -0.14 0.04
4 85.2 74.0 83.0 -0.09 -0.19 -0.71
5 72.3 93.4 90.7 -0.16 -0.46 -0.07
6 47.7 54.0 63.8 -0.55 -0.38 -0.29
7 79.2 71.8 76.7 -0.24 -0.37 -0.35
8 18.4 8.2 38.6 -0.49 -0.11 -0.32
9 45.2 43.3 75.6 -0.26 -0.25 -0.05

10 66.6 49.6 16.4 -0.10 -0.01 -0.18
11 21.6 8.2 17.5 -0.16 0.36 -0.23

∗ The detection rate is based on the total number of days throughout the defined period (365 days), including maintenance
and downtime of the SHM system (7 days).

scatter, in the tracking of higher modes (modes 7-11) compared to lower modes (modes 1-6). This uncertainty can also
be clearly seen from the standard deviations presented in Table 2. Furthermore, from Table 3, it is also observed that the
mode detection rate is lower for the higher modes compared to the lower modes. It should be noted, however, that the mode
detection rate depends, to a certain degree, on the quality of the identified modes in the reference analysis. Fourth, and lastly,
a similar behaviour of the bridge spans is observed, indicating that all three bridge spans generally compare well.

The correlation coefficients between the tracked modes and the temperature are presented in Table 3. From the results
presented in Table 3, it is observed that the correlation coefficients are consistently negative, with two exceptions. These
results indicate that the natural frequencies increase when the temperature decreases. Increasing natural frequencies imply a
stiffer structural behaviour. Consequently, the bridge spans become stiffer for lower temperatures.

The temperature effects and their subsequent influence on the bridge structural behaviour are important for structural
integrity evaluations. Table 4 summarizes the details of the frequency values, whereas Table 5 summarizes the variations of
the mean frequencies of all modes for each bridge span. By considering the total difference as presented in Table 5, i.e., the
difference between the maximum and minimum values over the mean of the natural frequencies, variations of approximately
8-25%, 8-40% and 7-23% for bridge spans 1, 2 and 3, respectively, of the natural frequencies can be expected on a yearly
(seasonal) basis.

It is important to highlight that these variations are not solely caused by temperature effects, since some of the outliers
of the natural frequencies in terms of low minimum and high maximum values of each mode of each bridge span are found
from datasets containing traffic, i.e., passing trains. An improved modal tracking can be obtained by filtering, i.e., replacing
time series that contain traffic with time series that contain no traffic. Such a filtering may significantly improve the results
in terms of lower variations of the natural frequencies considering only temperature effects. As such, the actual variability
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Table 4 Details of frequency values for all modes of bridge spans 1, 2 and 3

Bridge span 1 Bridge span 2 Bridge span 3
Mode Min

(Hz)
Max
(Hz)

Mean
(Hz)

Min
(Hz)

Max
(Hz)

Mean
(Hz)

Min
(Hz)

Max
(Hz)

Mean
(Hz)

1 2.056 2.429 2.273 1.863 2.368 2.199 1.877 2.377 2.224
2 4.349 4.732 4.621 4.082 4.680 4.542 4.387 4.689 4.576
3 4.405 5.573 4.842 3.388 4.975 4.729 4.149 5.052 4.672
4 4.925 5.666 5.334 4.852 5.763 5.302 4.802 5.377 5.163
5 7.625 8.288 7.899 7.491 8.126 7.848 7.161 8.167 7.827
6 8.060 8.887 8.442 7.991 9.245 8.351 7.967 9.218 8.380
7 9.422 11.049 10.497 9.769 11.043 10.361 9.412 10.893 10.206
8 9.662 11.875 10.964 10.422 11.960 11.239 10.395 12.304 11.507
9 12.032 13.375 12.643 11.917 13.390 12.656 11.636 13.637 12.660

10 12.053 13.942 13.021 9.696 14.629 12.502 12.357 14.198 13.093
11 14.650 18.688 15.992 14.800 16.433 16.107 14.770 18.154 16.180

Table 5 Variations of the mean frequencies for all modes of bridge spans 1, 2 and 3

Bridge span 1 Bridge span 2 Bridge span 3
Mode Min

(%)
Max
(%)

Total
(%)

Min
(%)

Max
(%)

Total
(%)

Min
(%)

Max
(%)

Total
(%)

1 -9.6 6.9 16.4 -15.3 7.7 23.0 -15.6 6.9 22.5
2 -5.9 2.4 8.3 -10.1 3.1 13.2 -4.1 2.5 6.6
3 -9.0 15.1 24.1 -28.4 5.2 33.6 -11.2 8.1 19.3
4 -7.7 6.2 13.9 -8.5 8.7 17.2 -7.0 4.1 11.1
5 -3.5 4.9 8.4 -4.5 3.6 8.1 -8.5 4.3 12.8
6 -4.5 5.3 9.8 -4.3 10.7 15.0 -4.9 10.0 14.9
7 -10.2 5.3 15.5 -5.7 6.6 12.3 -7.8 6.7 14.5
8 -11.9 8.3 20.2 -7.3 6.4 13.7 -9.7 6.9 16.6
9 -4.8 5.8 10.6 -5.8 5.8 11.6 -8.1 7.7 15.8

10 -7.4 7.1 14.5 -22.4 17.0 39.5 -5.6 8.4 14.1
11 -8.4 16.9 25.3 -8.1 2.0 10.1 -8.7 12.2 20.9

caused by only temperature effects are somewhat lower than reported here. Nevertheless, the results indicate the expected
yearly (seasonal) variability caused by operational and environmental variability for modal properties of such bridges.

Modal tracking allows, to a certain extent, to monitor the development, including potentially unwanted changes, in the
modal properties within a defined time period. Here, modal tracking has provided an overview of the modal properties of
each bridge span over time. From the results obtained, it is concluded that the bridge spans compare well to each other
over time when considering the dynamic structural behaviour and performance. No changes in the structural integrity of the
bridge occurred during the period. Consequently, the observations made are mainly caused by operational and environmental
variability.

Gaussian mixture modelling
Understanding the temperature effects on the structural behaviour and bridge performance is crucial for structural integrity
evaluations. A two-component GMM is implemented on the modal tracking data [21]. The GMM is implemented with the
constraints of using only two mixture components with all components sharing the same general covariance matrix. In gen-
eral, a GMM is a probabilistic model that works under the assumption that all data points in a data set are generated from
a mixture of a finite number of Gaussian (normal) distributions, where each Gaussian distribution has a set of unknown
parameters. As such, the assumption is based on the data points representing a finite number of subpopulations, or compo-
nents (clusters), which are Gaussian. The expectation-maximization (EM) algorithm is commonly used for estimating the
parameters of the mixture of Gaussian models. The statistical distributions obtained by the GMM of the modal tracking data
are shown in Figure 10. The dashed horizontal line indicates the freezing point (0◦C).
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Fig. 10 Statistical distributions by GMM of the modal tracking results



28 B. T. Svendsen et al.

From the results presented in Figure 10, it is clearly observed that the GMM separates the statistical distributions of the
modal tracking data based on temperatures above and below the freezing point. This separation is consistent across all modes
for all three bridge spans. The separation is less distinct for certain modes, such as modes 8 and 11, where the statistical
representation is low. It is noteworthy, however, that despite the low detection rate for certain modes, the GMM still separates
the data into two distributions based on the temperature, i.e., above and below the freezing point, under the predetermined
constraints.

In the context of damage detection and SHM, the results obtained are important because they clearly show that the bridge
has a distinct behaviour around the freezing point. The results clearly confirm a step-like variation in the natural frequencies
of the bridge for many of the modes. Such a behaviour is explained by a contribution to the global stiffness of the structure,
most likely from the timber sleepers in the bridge deck.

Summary and conclusion

This paper presented the structural integrity assessment of a train bridge using data obtained from a comprehensive SHM
system. The structural integrity assessment focused on static inclination and the structural dynamic behavior over time for
different temperatures, based on data obtained from one year of measurements. The effect of environmental conditions, i.e.,
the temperature, on the modal parameters of the bridge were investigated based on modal tracking and the implementation
of a GMM on the modal tracking data. Lastly, the actual structural behavior was validated by comparing the performance of
all three bridge spans and assessing the performance over time.

From the static structural assessment, it was shown that the effect of temperature is low. From the dynamic structural
assessment, several important findings were established from the modal tracking. First, the correlation between temperature
and natural frequencies showed that the bridge spans become consistently stiffer for lower temperatures. Second, significant
variations in the natural frequencies can be expected on a yearly (seasonal) basis, typically in the range of 7-40%, of modes
that excite the bridge globally. It should be noted, however, that this variation is caused by both operational and environmental
variability and not only environmental variability, such as temperature effects. Third, through the implementation of the
GMM on the modal tracking data, it was demonstrated that the bridge has a different behavior above the freezing point
compared to below the freezing point. A step-like variation in the natural frequencies of the bridge was confirmed, most
likely explained by a contribution to the global stiffness of the structure from the timber sleepers in the bridge deck for
temperatures below the freezing point. Since the bridge has such a distinct behavior with respect to temperature, any damage
detection and structural integrity evaluations, in the context of SHM, should be considered using separate data from above
and below the freezing point.

In conclusion, the effects of operational and environmental variability, particularly the temperature effects and their
subsequent influence on the structural behavior of the bridge, are important for structural integrity evaluations. Furthermore,
it is concluded that the results presented represent the level of variation to be expected for similar steel truss bridges in typical
Nordic and Scandinavian climates.

It is important to highlight that, since no known changes in the structural integrity of the bridge occurred during the
period, the results obtained are attributed to variability in the operational and environmental conditions. Furthermore, the
datasets used as a basis for the structural integrity assessments of static inclination and the structural dynamic behavior had
no restrictions regarding operational variability, such as traffic in terms of train passings. Consequently, although the main
source of variability in the results presented is mostly believed to be caused by the effect of environmental conditions, i.e.,
the temperature, some variability may also be attributed to operational conditions, i.e., train passings, particularly for the
modal tracking results. The potential variability caused by operational conditions is believed, however, to be low compared
to the variability caused by the environmental conditions, such as the temperature effects.

The main limitations of this study include (1) the low, or limited, statistical representation of the data, and (2) the
consideration of both operational and environmental variability in the assessment. For the latter, operational variability
should be excluded to establish only the environmental variability in terms of the temperature effect, since the temperature
effect is the most influential source of variability in modal properties. Further work includes addressing the limitations and
evaluating the basic statistics of the GMM for each component of each mode for all bridge spans.
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