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ABSTRACT
Structural health monitoring of long-span bridges is critical to their safe operation and ensur
ing efficient daily traffic. Ground-based interferometric radar (GBIR) and inertial vision-based 
measurement (IVM) can capture linear and point deformation of long-span bridges, respec
tively. In this paper, we propose a framework to obtain a multi-dimensional dynamic deforma
tion time series by fusing these two datasets with procedures of spatial-temporal alignment, 
interpolating, established deformation spatial-temporal correlation models, and weighting. To 
our knowledge, it was experimented on the Xijiang Railway Bridge, located in Guangdong, 
China, which is the first combination of these two data. Deformations along the vertical and 
lateral directions were derived when trains crossed the bridge. To validate the effectiveness of 
the derived results, static leveling sensors and vibrometers were employed on the bridge to 
obtain instantaneous measurements. The results show that the derived deformation is con
sistent with these in-situ measurements and the accuracy has improved by 27.4% and 27.0% 
compared with GBIR and IVM, respectively. The framework combining GBIR and IVM performs 
well in multi-dimensional dynamic deformation monitoring of long-span bridges and can play 
an important role in structural health monitoring of similar structures.
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1. Introduction

Long-span railway bridges play a crucial role in mod
ern travel and enhance transportation efficiency. 
However, these vital structures are susceptible to var
ious hazards, such as structure aging, design flaws, 
load-bearing, and natural disasters like earthquakes 
and typhoons (Xu and Xia 2011), which can lead to 
structural defects and potential collapse, which even 
bring about numerous casualties and significant eco
nomic losses. Structure health monitoring (SHM) of 
long-span bridges is essential to avoid this kind of 
tragedy.

Deformation monitoring is an important part of 
SHM, providing insights into the operational and 
health status of the bridge. It also limits the maximum 
crossing speed of the bridge (Xia and Zhang 2005). 
However, comprehensive deformation monitoring is 
challenging as it requires high sampling frequency and 
spatial density monitoring. High spatial density can
not be achieved by point-wise monitoring techniques, 
including robotic total station (RTS) (Psimoulis and 
Stiros 2013), global navigation satellite system (GNSS) 
(Xin et al. 2018), vision-based measurement (VM) and 

contact sensors, such as accelerometer (Sekiya, 
Kimura, and Miki 2016), level sensing station 
(Vurpillot et al. 1998) and strain sensor (Castro et al. 
2018). Techniques that fulfill high spatial density 
usually fail to achieve high sampling frequency. 
These techniques include terrestrial laser scanning 
(TLS) (Rashidi et al. 2020), close-range terrestrial 
photogrammetry (Jiang, Jáuregui, and White 2008), 
spaceborne interferometric synthetic aperture radar 
(InSAR) (Wang et al. 2024; Zhao et al. 2017), and 
ground-based interferometric radar (GBIR). Neither 
of these two types can accomplish high spatial and 
temporal sampling at the same time.

GBIR is versatile in various applications, such as 
landslides (Lowry et al. 2013), glaciers (Luzi et al. 
2007), mining areas (Hu et al. 2019), buildings 
(Zhang et al. 2023), and dams (Qiu et al. 2020). 
Compared with spaceborne InSAR, GBIR is fixed dur
ing monitoring with a maximum monitoring fre
quency of 4000 Hz, and therefore has higher 
temporal and spatial resolution (Calò et al. 2024; 
Farneti et al. 2023; Werner et al. 2008). It also offers 
portability and high accuracy, making it particularly 
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suitable for bridge monitoring. In 2004, the prototype 
of a high-speed coherent radar for dynamic monitor
ing of civil engineering structures was conducted 
(Pieraccini et al. 2004). Since GBIR can only achieve 
the deformation along the line of sight (LOS) direc
tion, the direction and position of the instrument 
should be carefully considered in the observing geo
metry (Huang et al. 2020; Wu et al. 2023; Zhang et al. 
2018; Zhang et al. 2016). Many studies have remarked 
on the impressive high accuracy of up to 5–6 mm of 
bridge deformation monitoring using GBIR (Zhu et al. 
2021). Furthermore, GBIR has been shown to accu
rately measure deflection changes, natural vibration 
frequency, and spectrum characteristics of bridges in 
near-real-time (Long et al. 2022).

Bridge deformation can be caused by various fac
tors, which combinedly lead to multi-dimensional 
deformation. For instance, wind load can cause lateral 
deformation, and the self-weight of the bridge cause 
vertical deformation. Deformation caused by traffic 
load is complex as it is related to bridge structures, 
and it can manifest in longitudinal, lateral, and vertical 
directions. It is challenging to retrieve the multi- 
dimensional deformation through measurement in 
one single direction. Some studies have proposed 
a strategy for multi-dimensional deformation moni
toring using monostatic/bistatic interferometric radar 
techniques (Miccinesi and Pieraccini 2020). The main 
limitation of this method is the requirement for 
a sufficiently large spatial baseline between devices 
(Miccinesi, Beni, and Pieraccini 2021). Some studies 
have conducted bridge monitoring experiments based 
on different baselines and provided recommended 
baseline schemes (Michel and Keller 2021; Talich 
et al. 2023). But this approach is prohibitively expen
sive and hardly to be used in wider applications.

To this end, we propose a data fusion model that 
combines GBIR and inertial vision-based measure
ment (IVM) data to achieve the multi-dimensional 

dynamic deformation monitoring of a long-span 
bridge for the first time. The proposed data fusion 
framework encompasses spatial-temporal data align
ment, spatial interpolation, weighting strategy, and 
multi-source data fusion. The innovative approach is 
particularly beneficial for measuring multi- 
dimensional dynamic deformation based on GBIR 
and different types of sensors with ultra-high spatial 
or temporal resolution.

2. Methods and instruments

2.1. Ground-based interferometric radar

The GAMMA portable radar interferometer (GPRI) is 
a type of real aperture GBIR which is shown in 
Figure 1. It consists of a transmit antenna and two 
receiving antennas, an antenna bracket with a GPS 
antenna, RF electronics assembly, azimuth position, 
tripod, instrument computer, and a battery pack. The 
technical parameters of GPRI are listed in Table 1. 
GPRI is versatile in deformation monitoring, with 
two main monitoring modes, namely, the rotated azi
muth scanning (RAS) mode and fixed azimuth scan
ning (FAS) mode. In RAS mode, GBIR can monitor 
the panoramic viewing by rotating the antenna 
through an azimuth positioner. In this mode, the 
time to obtain an interferometric image is tens of 
seconds to minutes. RAS is suitable for short-term or 
long-term monitoring of the entire bridge and its 
surrounding environment. In FAS mode, high- 
frequency dynamic deformation of targets in the ima
ging direction will be monitored, with the antenna 
direction fixed. 1D interference time series images in 
linear areas are obtained within the monitoring per
iod. The sampling frequency of the FAS mode is up to 
4000 Hz. FAS is suitable for capturing the dynamic 
deformation of linear structures, such as long-span 
bridges.

Figure 1. The GAMMA GPRI II instrument.
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2.2. Inertial vision-based measurement

The inertial camera encompasses a high-frequency infra
red camera and a high-precision three-axis gyroscope 
inertial sensor, as shown in Figure 2. The inertial camera 
is designed as a rectangular box with two cameras 
mounted on two sides. This inertial camera has 
a monitoring frequency of 10–30 Hz and can monitor 
the dynamic deformation of target points. The high- 
precision three-axis gyroscope inertial sensor records 
changes in the camera’s position and pose, which can 
be further used to correct camera vibration errors (Shah 
et al. 2022).

Adding inertial sensors to the real-time vision- 
based deformation measurement overcomes error 
propagation by increasing monitoring distance and 
bridge vibrations. The inertial camera system was 
deployed in a multi-camera serial connection mode 
and installed along the axis of the long-span bridge. 
Multiple targets were arranged between two adjacent 
inertial cameras at the axis. Images with targets were 
collected by cameras, and the vertical and horizontal 
coordinates of target pixels in the images were 
extracted. Meanwhile, errors caused by camera vibra
tion were corrected using position and pose data 
acquired through inertial sensors. The vertical and 
horizontal deformations of each measuring point can 
be then calculated using different deformation models. 
Detailed data processing algorithms can be found in 
(Li et al. 2023).

3. GBIR and IVM data fusion

Due to the different installed positions and viewing geo
metry, the GBIR and IVM measure bridge deformation 
in different directions. The former captures the LOS 
deformation in the GBIR LOS plane, while the latter 
measures vertical and lateral deformation in the IVM 
observation plane. As shown in Figure 3, the three mea
sured deformation components are not in the same 
plane, thus, the three-dimensional dynamic deformation 
along the longitudinal, lateral, and vertical directions of 
the main span can be retrieved by fusing these different 
measurements. To this end, we proposed a data fusion 
algorithm composed of spatial-temporal data alignment, 
spatial model establishment, and multi-source data 
fusion with a new weight strategy. The flow chart of the 
algorithm is shown in Figure 4. The fusion model is 
expressed as Equation (1):

where Zt is the observation matrix at time t. dGBIRlos , 
dIVMver , dIVMlat represent the LOS deformation mea
sured by GBIR, the vertical and lateral deformations 
measured by IVM, respectively. θ represents the inci
dent angle between the LOS and the horizontal plane, 

Table 1. Technical characteristics of GBIR.
Parameter Value

Radar type FMCW
Central frequency 17.2 GHz（Ku-band）
Bandwidth 200 MHz
Polarization VV
Beam width 0.4�35 °
Measurement range 5–10000 m
Spatial resolution (range�azimuth) 0.75�6.8 m @ 1 km
Displacement accuracy less than 1 mm @ 1 km
Maximum sampling frequency 4000 Hz
Radar image product 1D or 2D
Time reference GPS time

Figure 2. The inertial camera instrument is set up inside the bridge.
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and γ denotes the angle between the GBIR and IVM 
planes. d̂ver, d̂lat , d̂lon represent three deformation com
ponents derived by using the fusion model.

3.1. Spatial-temporal data alignment

To fuse the bridge deformation measured in the inde
pendent GBIR and IVM planes, a common coordinate 
needs to be established for spatial alignment. The 
coordinate origin x0; y0; z0ð Þ is chosen to be the point 
on the near end of the main span. The x-axis is parallel 
to the traffic direction. The y-axis points away from 
the GBIR sensor whose location is xG; yG; zGð Þ, and the 
z-axis points vertically downward. Using Inte as the 
interval of the x-axis, the x-coordinate for each mon
itoring point along the main span of the bridge is 
obtained. 

where s ¼ 1; 2; � � �N represents the index of the target 
point. γs represents the azimuth angle of s-th monitor
ing point xs; ys; zsð Þ and γ0 ¼ 0.

Subsequently, measurements in the GBIR and IVM 
planes should be transformed into a common coordi
nate. Cameras and sensors were sparsely deployed along 

the axis of the bridge. Their coordinates are determined 
based on their relative distances. Their distances from 
GBIR were calculated with the image acquired in RAS 
mode with a range resolution of 0.75 m per pixel. 
Deformation monitoring was performed in FAS mode 
with the same location of GBIR as the RAS mode. GBIR 
data can be registered to the common coordinate system 
by matching the GBIR position to the origin of the 
coordinate.

GBIR operates using a GPS clock set to Coordinated 
Universal Time (UTC) at 100 MHz, while IVM uses 
a Network Time Protocol (NTP) clock set to Beijing 
Time at 100 Hz. The clock error is corrected, and the 
temporal alignment between the two systems is straight
forward with the removal of the 8-hour difference. Both 
GBIR and IVM have a sampling frequency exceeding 
10 Hz, which is the minimum standard for dynamic 
deformation monitoring, so we can obtain data with 
matching sampling frequency through simple time inter
polation without affecting the quality of dynamic defor
mation monitoring.

3.2. Spatial model establishing

IVM has a sparse spatial distribution and cannot 
achieve the same spatial density as GBIR. Therefore, 
it is necessary to interpolate the IVM to match the 
spatial density of GBIR. The Kriging interpolation has 
been widely used for spatial interpolation (Oliver and 

Figure 3. The observation geometry of the bridge with GBIR and IVM.
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Webster 2014). Its fundamental assumption is that 
closer sampled points tend to exhibit greater similarity 
(Aryafar, Khosravi, and Karami 2020), relying on var
iogram theory and structural analysis (Lu et al. 2020). 
The robust semi-variogram function (Cressie and 
Hawkins 1980; Lebrenz and Bárdossy 2017) is selected 
here to describe the spatial characteristics of GBIR and 
IVM because of the accuracy difference: 

where m t; dð Þ is the number of points with lag distance 
d and time t, ML is the number of monitoring time of 
resampling data, Dt xsð Þ is the deformation data of one 

of the sensors at time t and xs is the distance from 
monitoring point xs; ys; zsð Þ to reference 
point x0; y0; z0ð Þ.

A spatial covariance matrix based on a spherical 
model is employed here to quantify the spatial correla
tion among points on the bridge: 

where D denotes the spatial covariance matrix and 
D i; jð Þ denotes the i-th row and jth column 

Figure 4. Flow chart of multi-dimensional dynamic deformation fusion algorithm.
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element. σ xi; xj
� �

denotes the spatial covariance 
function. k xi � xj k represents the distance 
between the point i and point j. C0, C1; and a 
represent the nugget value, partial sill value, and 
the range of the spherical model, respectively. The 
fitting of the spatial covariance function can also 
reduce the impact of the outlier values.

The location of monitoring points is known and the 
distance between known points and unknown points 
can be calculated. Substituting the distance into spatial 
covariance Equation (6), the spatial interpolate weight 
vector V of one of the unknown points can be 
obtained: 

The interpolation values of unmonitored points are 
calculated based on the data that points are monitored 
and the weight vector: 

where d̂1, d̂2 represent interpolated values of vertical, 
lateral respectively, at point xs; ys; zsð Þ on the bridge at 
time t of the IVM data.

The spatial model matrix describes the spatial dis
tribution of monitoring data. After the spatial covar
iance function is determined, the generalized bending 
energy matrix is calculated as follows (Mardia et al. 
1998): 

where �ð ÞT is the transpose symbol; A represents the 
trend matrix, B represents the generalized bending 
energy matrix describing the degree of spatial varia
tion, and F is the spatial trend field matrix. Due to the 
large amount of GBIR and IVM monitoring data, 
spectrum decomposition is performed on B to reduce 
the dimension: 

where ui and di are the eigenvectors and eigenvalues of 
B, respectively. U ¼ u1; u2; � � � ; un½ �

and D ¼ d1; d2; � � � ; dn½ �.
The spatial model matrix H consists of three 

spatial model components from GBIR HGBIR, the 
vertical direction of IVM HIVMver , and the lateral 
direction of IVM HIVMlat and shown as in 
Equation (12). 

3.2. Spatial model establishing

Helmert variance component estimation (HVCE) 
has been used to estimate the variance components 
of InSAR and MAI for ascending and descending 
orbits (Liu et al. 2017). The disadvantage of HVCE 
is that it is prone to negative variance components 
and may be difficult to converge (Teunissen and 
Amiri-Simkooei 2008). The presence of negative 
variance components may lead to a nonpositive 
definite covariance matrix, rendering it physically 
uninterpretable. This limitation is addressed by the 
Iterative Almost Unbiased Estimation (IAUE) 
method.

IAUE (Hsu 1999) has been used to estimate the 
variance components of InSAR and GNSS (Ji et al. 
2020) and proved to be a superior method compared 
with least-squares (LS) and weight least-squares 
(WLS) (D. W. Qiu et al. 2023). Instead of estimating 
the variance component σ2

i directly, IAUE estimates 
the variance factor fi by multiple iterations. The almost 
unbiased estimated variance component is obtained 
by multiplying the initial estimate σ̂2

i and variance 
factor fi: 

where σ2
1, σ2

2, σ2
3 are the true variance of GBIR obser

vation, and the vertical and lateral observation of IVM, 
respectively. The covariance matrix R of the observa
tion vector Zt can be represented as 

where Bi ¼ σ̂2
i Ri and bi ¼ σ̂2

i Ii (i ¼ 1; 2; 3 and Ii is 
a unit matrix) is a diagonal matrix associated with 
data group i. The variance factor is calculated with 
(Lucas 1985): 

where tr �ð Þ represents the sum of the diagonal ele
ments of the matrix, and P ¼ R� 1. To facilitate the 
calculation of the variance factor, the approximated 
expression of Equation (19) is as follows: 
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where dei½ � represents the sum of all diagonal ele
ments in the ith group of matrixes DE. The itera
tion stops until posterior variance  converges to 1: 

where N is the number of GBIR because its monitor
ing point coincides with that of IVM; p is the number 
of monitoring sensors and p ¼ 3 for the three- 
dimensional deformation model. IAUE method 
avoids negative variance components and has a good 
performance in variance components estimation of 
GBIR and IVM.

3.4. Multi-source data fusion

Once these two types of measurements are aligned 
spatially and temporally, data fusion can then be 
achieved through the LS solution of Equation (1) 
with the determined weight strategy, as expressed in 
Equation (22). 

where d̂ represents the result vector including defor
mation in the vertical, lateral, and longitudinal direc
tions in the fusion model result; Pr is the projection 
relationship of each deformation vector. P is the 
weight matrix obtained in the weight strategy part 
and P1, P2, P3 represent the weight matrix correspond
ing to deformation vectors. 

4. Study area and data collection

The Xijiang Railway Bridge crosses the boundary 
between Jiangmen and Foshan cities after the diver
gence of the Haizhou channel from the Xijiang River. 
Xijiang Bridge consists of two bridges, a highway 
bridge and a railway one. The bridge is a twin-tower, 
double-cable plane steel box mixed-girder cable- 
stayed bridge with a total length of 1,117.5 m and 
a main span of 600 m. As a part of the Nansha Port 
Railway, which traverses Jiangmen, Zhongshan, 
Foshan, and Guangzhou, the Xijiang Bridge plays 
a crucial role in railway transportation within the 
Greater Bay Area.

Field work for monitoring the deformation of the 
Xijiang Bridge was conducted from October 24 to 
26 October 2022. GBIR and IVM were used to mea
sure its deformations. GBIR was deployed on the land 
opposite the bridge, nearly parallel to the bridge tower 
to avoid signal overlap. Extra sensors, such as static 
leveling and vibrometers are installed on the bridge for 
cross-validation. The installation locations of the sen
sors and monitoring area of GBIR are shown in 
Figure 5.

FAS mode was used with a scanning distance of 
50–1300 m including the whole main span. 68 images 
with each monitored for 1800 s were obtained with 
500 Hz sampling frequency. To improve the SNR of 
the images, an azimuth multi-look factor of 20 was 
used and it is still high enough for the frequency to 
express the dynamic deformation characteristics of the 
bridge.

The inertial cameras and measurement targets were 
welded into the bridge box girder through the steel 
frame (Talich et al. 2023). Among the 5 cameras, 2 
were fixed at the bridge towers and regarded to be 
stable points with no deformation, while the others 
were set at the one-fourth, middle, and three-fourth 
positions of the main span, respectively. Twelve tar
gets were evenly distributed at the remaining locations 
on the main span and adjacent IVMs had the same 
distance to each other.

5. Results

5.1. Deformation result of GBIR and IVM

During the monitoring period, 8 trains were passing 
through the Xijiang Bridge, and some of the corre
sponding interference images are shown in Figure 6.

The LOS deformation and its temporal change 
acquired by GBIR can form images as shown in 
Figure 6. Columns from left-to-right represent the 
monitoring points from the near range to the far 
range of the GBIR. Rows from top-to-bottom arrange 
the measured LOS deformation in chronological 
order. The dense fringes crossing the columns of 
images in Figure 6 are mainly caused by the deforma
tion of the bridge deck, accompanied by slight atmo
spheric effects. The sparse vertical lines on the right 
side of the images are caused by the piers which do not 
belong to the main span as the monitoring line cannot 
cover the deck with curvature in the vertical direction. 
In Figure 6a,b, deformation occurs from the up-left to 
down-right, indicating the passing of a train through 
the bridge from the near end to the far end. 
Conversely, in Figure 6c,d, the deformation pattern 
is from up-right to down-left, meaning that a train 
moving from the far end to the near end. Both above 
situations occurred sequentially in the Figure 6e,f.
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Figure 5. The distribution and monitoring area of GBIR, IVM, static leveling sensor, and tri-axial vibrator.

Figure 6. The results of GBIR on different acquisition times.
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The time that the train entered and completely left the 
main span part can be extracted from the interferogram. 
The train length can be estimated through photos, and 
the train speed can be calculated. As shown in Figure 6a, 
the train entered the main span of Xijiang Bridge at 
about 18:15:02.44 and left at about 18:15:56.40. The 
length of the main span is 600 m and the length of the 
train is about 400 m so the average speed of the train can 
be calculated to be approximately 66.4 km/h.

We choose the middle position and positions at one- 
fourth and one-eighth of the bridge starting from the 
near range to obtain the temporal profiles, as shown in 
Figure 7a. The time points at which the lines reach the 
maximum values from the side to the middle follow 
sequence, and the maximum deformation values gradu
ally increase, reaching 16.1 mm near the middle position. 
The temporal lines do not form completely parabolic 
shapes, possibly because the LOS deformation consists 
of vertical and horizontal components.

The time when the train got on the bridge and 
reached one-eighth, one-fourth, and middle positions 
was selected to obtain the spatial profiles, as shown in 
Figure 7b. The position of maximum deformation 
shifts toward the middle of the bridge as the train 
moves, and the maximum values gradually increase 
as the train approaches the middle of the bridge.

The results of IVM are time series deformations of 15 
monitoring points in the vertical direction. We select the 
same positions and time points as GBIR to obtain tem
poral and spatial profiles, as depicted in Figure 8. The 
profiles of IVM resemble those of GBIR. The maximum 
deformation occurred near the middle position of the 
bridge, reaching 245.7 mm. The differences between 
GBIR and IVM results can be explained by different 
observation directions. The monitoring incident angle 
of GBIR ranges between 88 and 89.5 degrees, resulting 
in a coefficient ranging from 1/28 to 1/115 when project
ing from the vertical direction to the LOS direction, 
implying that the differences are reasonable.

5.2. Multi-dimensional deformation results

GBIR provides deformation along LOS, which can be 
decomposed along the three axes of the common 
coordinate. However, IVM provides deformations in 
the vertical directions, lacking lateral components. In 
this case, the model in Equation (1) is degraded into 
a two-dimensional dynamic deformation model with 
ignorance of lateral parameters in Equations (1), (12), 
(16), (23), and (24), assuming no deformation in the 
direction of train travel. We obtain the deformation 
results in the vertical and lateral directions through the 
proposed fusion algorithm and the fusion results are 
shown in Figure 9. The deformation fringe of the 
fusion deformation time series images in two direc
tions are both similar to the LOS deformation result of 
GBIR. This occurs in the vertical direction due to the 
train load, while the lateral deformation may be attrib
uted to the load acting on only one side of the bridge. 
The maximum vertical deformation of the fusion 
model is 211.3 mm, and the maximum lateral defor
mation is 123.4 mm.

We also select the middle position and positions at 
one-fourth and one-eighth of the bridge starting from 
the near range to obtain spatial and temporal profiles, 
as shown in Figure 10. The profiles of the fusion 
results are consistent with the single sensor deforma
tion profiles and are closer to a parabola. This may be 
caused by the decomposition of the LOS deformation 
into vertical and lateral directions.

The Fourier spectra comparison results are 
shown in Figure 11 and the vertical and lateral 
results have similar frequency distributions. When 
there are no passing trains, the bridge exhibits 
vibration frequencies at 1/4 and 1/2 of its natural 
frequency, corresponding to 0.008 Hz and 0.975 Hz, 
respectively. The 0.975 Hz signal likely results from 
the bridge’s load-induced deformation, while the 
0.008 hz signal may be attributed to wind loads. 

Figure 7. The spatial and temporal profiles of LOS direction deformation from GBIR.

GEO-SPATIAL INFORMATION SCIENCE 3065



When the train passes over the bridge, additional 
vibration frequencies emerge, including 0.008, 
0.975, 1.998, and 3.918 Hz. Among these, 0.975 Hz 
still represents the bridge’s self-load signal, while 
1.998 and 3.918 Hz correspond to the train-induced 
load signals. The 0.008 Hz frequency may arise 
from low-frequency effects caused by the train 
passing over the bridge. The frequency domain 
results show that the framework proposed also 
can obtain high-frequency deformation signals of 
bridges.

6. Discussion

6.1. Validation

Various types of contact sensors were installed on 
the Xijiang Bridge, and static leveling sensors and 

vibrometers were used for data verification. 
Figure 5a demonstrates the 7 static leveling sensors 
deployed on the one-eighth to the seven-eighth 
position of the bridge, with 1 Hz monitoring fre
quency. The vertical deformations at these 7 points 
were used to validate vertical deformations. 
Additionally, 3 tri-axial vibrometers with 20 Hz 
monitoring frequency were deployed to obtain 3D 
point deformations at one-fourth and middle of the 
bridge, which were used to validate the fusion 
result.

The time series profiles of the fused results are 
plotted in Figure 12 with corresponding results 
from static leveling and vibrometers. The large 
difference between the fusion profiles and the 
vibrator profiles is reasonable as the vibrator is an 
accelerometer calculating deformation through 
integration which can cause data to drift. 
Generally, the results obtained from redundant 

Figure 8. The spatial and temporal profiles of vertical deformation from IVM.

Figure 9. Two-dimensional deformation results of xijiang bridge.
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observations are more reliable. In the lateral direc
tion, the difference may come from the fact that 
vibrometers did not capture the lifting of the 
bridge deck induced by the train’s initial entry 
onto the bridge.

The mutual exclusion (ME) ε is used as 
a difference index between the fusion model and 
sensor data because the results of static leveling and 
vibrator are not the true values of the bridge 
deformation. 

Figure 10. The spatial and temporal profiles of two-dimensional deformation results.

Figure 11. Comparison among the Fourier spectra obtained for the vertical and lateral direction on the bridge with and without 
train load.

GEO-SPATIAL INFORMATION SCIENCE 3067



where F represents the fusion results and S represents 
the leveling or vibrator results; T is the total number of 
profiles and r is the sequence number. Only the posi
tions monitored by both sensors are selected to calcu
late the difference index.

The mutual exclusion between GBIR, IVM, and 
fusion model with static leveling and tri-axial vibrator 
data are listed in Table 2. The mutual exclusion values 
of GBIR and IVM with vibrator and static leveling are 
within the range from 35.6 mm to 37.1 mm. The 
mutual exclusion values between the fusion result 

and the other two are between 26.7 mm and 
28.0 mm, with an average improvement of 27.4% and 
27.0% compared with GBIR and IVM measurements, 
respectively. In the vertical direction, the mutual 
exclusion values between the fusion result and static 
leveling and tri-axial vibrator results are reduced by 
27.0% and 21.3%, respectively. In the lateral direction, 
the mutual exclusion value of 26.7 mm implies that the 
fusion result is also consistent with the vibrator 
measurement.

The fusion model has a lower mutual exclusion 
value than GBIR or IVM. The reason is data errors 
are mitigated by different monitoring data with the 
weight matrix based on the variance components. The 

Figure 12. Comparisons of temporal profiles between fusion model with static leveling and tri-axial vibrator.

Table 2. Local mutual exclusion between the results and sensors.
Data Direction Mutual Exclusion (mm)

IVM – Static leveling Vertical 37.1
IVM – Tri-axial vibrator Vertical 35.6
GBIR – Tri-axial vibrator LOS 37.1
Fusion – Static leveling Vertical 27.1
Fusion – Tri-axial vibrator Vertical 28.0
Fusion – Tri-axial vibrator Lateral 26.7
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results of mutual exclusion demonstrate that this 
fusion algorithm exhibits good error robustness and 
can obtain high-quality linear multi-dimensional 
dynamic deformation results.

6.2. Model error analysis

The relationship between observation and true defor
mation is described in Equation (1). If GBIR and IVM 
are in an ideal monitoring environment, the three- 
dimensional fusion model’s accuracy is described in 
Equation (26), where Aver , Alat, and Alon represent the 
theoretical errors in vertical, lateral, and longitudinal, 
and AIVMver , AIVMlat , and AGBIRlos represent the moni
toring errors in the vertical and lateral direction in 
IVM and LOS direction in GBIR, respectively. In the 
vertical and the lateral direction, errors of the fusion 
model are equal to IVM sensors, measuring at 
0.38 mm (Li et al. 2023). While the error in the long
itudinal direction gradually decreases from the near 
end of the main span to the far end. The correspond
ing error diagram is shown as the orange profile in 
Figure 13. The two-dimensional fusion model’s accu
racy is described in Equation (27). The error in the 
vertical direction is also equal to IVM sensors and in 
the lateral direction increases from near to the far end. 
The corresponding error diagram is shown as the blue 
profile in Figure 13. The difference in error change 
between the lateral and longitudinal directions can be 
attributed to the observation geometry, which is 
inclined toward the lateral direction. Additionally, 
the calculated error is influenced by error propagation 
from other observation directions, resulting in a larger 
overall error in the longitudinal direction in the 3D 
model compared to the lateral error in the 2D model.

The proposed weight strategy considers the variance 
of monitoring sensors, assigning greater weights to 
smaller errors, thereby mitigating errors to a certain 
extent. The accuracy of the weight strategy relies on 
the weight coefficient, which typically tends toward 1. 
Consequently, the accuracy value is similar to that 
under ideal conditions.

In the Xijiang Bridge monitoring experiment, the 
weight of GBIR ranges from 0.962 to 0.994, while the 
weight of IVM remains approximately 0.999 during 
non-train periods. This discrepancy stems from 
GBIR’s susceptibility to external disturbances such as 
atmospheric conditions, whereas IVM, being situated 
inside the bridge, experiences greater stability. During 
train crossing periods, the weight of GBIR ranges from 
0.951 to 0.992, while that of IVM ranges from 0.986 to 
0.998. The weight change coefficient of GBIR is gen
erally about 3.56 times that of IVM, resulting in an 
observation error of GBIR of 1.35 mm. Additionally, 
the complex surface of the bridge and the influence of 
train passage on the monitoring signal contribute to 
monitoring errors. Based on the above analysis, the 
actual accuracy of the 2D model of the Xijiang Bridge 
is estimated to be 0.37 mm and 1.33 mm in the vertical 
and lateral directions, respectively.

Figure 13. The error diagram of three- and two- dimensional fusion model in an ideal monitoring environment.
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6.3. Limitations

In this study, we proposed a multi-source data fusion 
framework for obtaining the multi-dimensional 
dynamic deformation of long-span bridges. This fra
mework is applied to fuse GBIR and IVM in the 
Xijiang Bridge experiment, moreover, it is potentially 
to be used for fusing other kinds of sensors with 
multiple monitoring directions and high monitoring 
frequency, such as global navigation satellite system 
(GNSS). Numerous single-direction sensors can used 
to establish a 2D model combined with GBIR data. 
Typically, high-temporal frequency monitoring tech
niques suffer errors due to noise and some unavoid
able inherent factors. The monitoring of GBIR is also 
influenced by the uneven bridge structures and mon
itoring noise. The deformation model fused from 
redundant observation data demonstrates better 
robustness to errors from single sensors. Based on 
the spatial model and weight strategy, our fusion algo
rithm can alleviate the errors of single sensors to 
a certain extent, thus improving the accuracy.

As the monitoring experiment is conducted dur
ing the bridge trial operation period, the structural 
health monitoring system on the bridge is unstable. 
Only deformation data in the vertical direction 
from IVM is obtained, resulting in the lack of 
lateral data and the creation of only a 2D fusion 
model. Therefore, future efforts will concentrate on 
acquiring complete IVM data to establish a 3D 
dynamic deformation model. Additionally, instal
ling more precise tri-axis deformation sensors can 
help reduce errors in result validation.

7. Conclusions

This paper has proposed a data fusion algorithm 
between GBIR and IVM to establish multi- 
dimensional dynamic deformation of long-span 
bridges. The fusion results have been validated with 
the observations from static leveling and vibrometers 
on the bridge simultaneously, and they show 
a relatively consistent agreement with each other. The 
ME values between fusion data with the other two are 
between 26.7 mm and 28.0 mm with an average 
improvement of 27.4% and 27.0% compared with level
ing and vibrometer results, respectively. The actual 
monitoring accuracy of the 2D dynamic deformation 
model is estimated to be 0.37 mm and 1.33 mm in the 
vertical and lateral directions, respectively. The results 
of error analysis demonstrate that this fusion algorithm 
exhibits high robustness and can obtain high-quality 
multi-dimensional dynamic deformations. In this 
study, the lack of longitudinal data resulted in only 
2D deformations instead of 3D. Further studies should 
be carried out to retrieve the 3D dynamic deformation 
of bridges using the proposed fusion model.
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