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ABSTRACT 
 

This paper investigates an LSTM-based method to impute missing GNSS data 
from the Bergsøysund Bridge in Norway. Simulating 10% randomly data loss, the 
approach demonstrated high quality in restoring time-series displacement 
measurements, supporting improved structural health monitoring. Future work will 
address longer time gaps for the data loss, and integration with additional sensors. 

 
 

INTRODUCTION 

A key gap in structural health monitoring (SHM) is that many existing structures 
requiring real-time monitoring were built without embedded sensors, while newly 
constructed structures that include such sensors typically do not yet require active 
maintenance or repair. When selecting sensors for these older structures, remote non- 
contact techniques such as optical and laser scanning, as well as contact but minimally 
invasive methods like GNSS, are often recommended. 

Global Navigation Satellite System (GNSS) provides unparalleled capability for 
long-term, real-time, remote, and absolute displacement monitoring of bridges [1]. 
However, a common issue with GNSS is data loss, which can result from various factors 
such as signal blockage, satellite availability, and receiver hardware faults. GNSS data 
outage rate can vary from about 14% to 47%, with the longest outage duration varying 
between about 8 seconds and 60 seconds, depending on the environmental conditions 
[2]. Incomplete data impacts movement path monitoring, time-series trend analysis, and 
real-time monitoring. The main solutions can be categorised into data imputation 
techniques, multi-constellation GNSS receivers, and improved antenna design and 
placement. The first category is algorithm-based, while the latter two are hardware- 
based. This paper investigates a data imputation technique, a deep learning method 
called Long Short-Term Memory (LSTM), using on-site data from a long-span floating 
bridge to mitigate the effects of incomplete GNSS data. 
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SITE INFORMATION 
 

This research focuses on the Bergsøysund Bridge in Norway as shown in Figure 1  
and Figure 2, one of the world’s ten longest long-span floating bridges. The water depth 
beneath the Bergsøysund Bridge from simplified model can reach approximately 320 
metres [3]. The site also experiences strong winds, waves, and ocean currents. The 
seabed consists of soft clay and sediments. These complex geological conditions make 
it impractical to construct traditional piers or foundations for the bridge. In such 
conditions, one possible solution is the use of floating bridges, which are typically 
supported by buoyant pontoons and provide engineering solutions for spanning deep or 
geologically unstable waters [4]. However, the complex underwater environment 
continues to exacerbate structural safety challenges. 
 
 

 
Figure 1. Location of the Bridge [5] 

 
 

 
Figure 2. All Installed Sensors on the Bridge [6] 

 



 
It is also worth noting that among the world’s ten longest floating bridges, the United 

States contributes four: the Evergreen Point Floating Bridge, the Hood Canal Bridge, 
the Lacey V. Murrow Memorial Bridge, and the Homer M. Hadley Memorial Bridge, 
all located in the Seattle area. Three of these were constructed in the 20th century, and 
all remain in active use. The main reasons for adopting the floating design in the Seattle 
region, similar to the conditions at the Bergsøysund Bridge, are the deep water depth, 
soft sediment, and additionally, the seismic risk. Long-term use often necessitates 
increased monitoring to ensure proper maintenance. The scenario presented in this 
research has strong potential for application to other floating bridges requiring real-time 
monitoring. 
 
 
DATA DESCRIPTION 
 

The GNSS data were collected using a Trimble RTK GNSS receiver at a sampling 
rate of 20 Hz [5]. The location of GNSS receiver with the simplified bridge model is 
shown in Figure 3. In the GNSS dataset, the origins of the X and Z axes are set at the 
left corner of the bridge. The specific GNSS receiver model is not indicated in the 
dataset, although Trimble RTK GNSS products are among the most precise positioning 
technologies available. The vertical and horizontal accuracy of these products is 
generally 2 centimetres and 1 centimetre, respectively, under proper operating 
conditions. Precision can reach sub-centimetre levels. For long-term continuous 
monitoring, accuracy affects the ability to detect the magnitude of measurements, while 
precision influences the detection of trends over time. The accurate and precise RTK 
GNSS hardware used in this dataset ensures that the data can reliably represent both the 
changes and trends at the point where the receiver is mounted. 
 
 

 
Figure 3. Sensor Positions with Simplified Bridge Model, where Displacment Refers to the GNSS 

Receiver [5] 



 
 
METHOD 
 

GNSS data are continuously collected on-site, forming a time-series dataset with 
temporal dependencies. In practice, missing data usually account for only a small 
proportion of the entire dataset. Considering these temporal dependencies and the low 
proportion of missing data, LSTM-based methods could be effective for data 
imputation. The main principle of LSTM method as depicted in Figure 4, is to learn and 
remember long-term dependencies in the sequential data by using gates to decide what 
to keep, forget and output at each time step [7]. In this study, a standard unidirectional 
LSTM is adopted to process data in one direction, forward in time. 

 
 

 
Figure 4 The Main Principle of LSTM Method [8]. 

 
 
The complete GNSS dataset (2Hz version) from the bridge is then processed by 

randomly removing 10% of the data to simulate a severe random missing-data scenario. 
The data spans the period from 2015 to 2018. After filtering, the remaining 90% of the 
data are trained using the LSTM method. The imputed data are then compared with the 
original dataset prior to filtering to assess the performance of the LSTM method in 
imputing the bridge’s GNSS data. 
 
 
RESULTS AND DISCUSSION 

 
The key indicators for assessing the performance of the imputation model are 

summarised in Table 1. The model demonstrates high accuracy across all coordinate 
axes, although performance on the Z-axis is comparatively lower. The Mean Absolute 
Error (MAE) for the X-axis is as low as 0.0003 metres. The MAE values for the Y- and 
Z-axes are within the millimetre range, with the Z-axis exhibiting a larger average error 
of 6.4 millimetres. The Root Mean Squared Error (RMSE) follows a similar pattern to 
the MAE, ranking the axes from most to least accurate in the same order. Notably, the 
RMSE for the Z-axis occasionally exceeds 1 centimetre, reaching up to several 
centimetres in some cases. The coefficient of determination (𝑅ଶ) for all axes exceeds 
0.97, approaching the ideal value of 1, which signifies a strong fit and high imputation 
quality. The percentage of errors within 1 centimetre (P1) shows a decreasing trend 



from the X-axis to the Z-axis, indicating that the Z-axis has a broader distribution of 
larger errors. Nevertheless, the P1 values for all three axes exceed 95%, confirming that 
the vast majority of imputed values are highly accurate and fall within 1 centimetre of 
the ground truth. Figure 5 illustrates the plot of imputed values compared against the 
actual values. The observations in  Figure 5 are consistent with the findings presented 
in Table 1. It is noteworthy that the trained model demonstrates significantly better 
imputation quality for data exhibiting periodic behaviour, while showing limited ability 
to impute data with large variance. Besides, a simple and fast baseline method, K-
Nearest Neighbours (KNN) imputation, was applied to the same dataset. The LSTM 
model demonstrated significantly better performance than KNN imputation across all 
performance metrics. 
 
 

Table 1 Performance Metrics for Each Axis 

 MAE RMSE 𝑹𝟐 Percentage of error within 1 cm (P1) 
X 0.0003 0.0014 0.9733 99.60% 
Y 0.0014 0.0118 0.9924 98.16% 
Z 0.0064 0.0618 0.9895 95.42% 

 
 

 
Figure 5 LSTM-Predicted versus Actual GNSS Coordinates 

 
One main limitation of this research is that the method for simulating missing GNSS 

data involved randomly omitting data from the complete GNSS dataset. The scenario 
of long-duration data loss (e.g., lasting hours or days) was not simulated. Further 
investigation is needed to address cases involving extended continuous periods of 
missing data. 

Another limitation is that the raw GNSS data, such as pseudorange, carrier phase, 
and elevation angle, are not available, which limits the potential for GNSS-specific 



enhancements to imputation accuracy using LSTM. If such data were available, these 
GNSS-related features could be utilised to help the model understand satellite geometry 
and signal quality, thereby filtering noise, downweighting unreliable signals, and 
improving imputation accuracy. 

The final limitation that needs to be emphasised is the necessity for further 
investigation to compare the overall SHM performance when using complete GNSS 
data versus imputed data. Although the imputation in this research has demonstrated 
satisfactory performance in terms of MAE, RMSE, 𝑅ଶ and P1, additional validation is 
required by incorporating data from other sensors on the bridge to assess the overall 
SHM performance. 
 
 
CONCLUSION 
 

This study assessed the LSTM method for GNSS data imputation using on-site data 
from a receiver mounted on the Bergsøysund Bridge in Norway. Missing data were 
simulated by randomly removing observations, with a missing rate set at 10%. The 
LSTM method demonstrated effective imputation performance on the dataset, with key 
performance indicators summarised in Table 1. Further work is recommended to 
investigate the longer data gaps and integrating additional sensor data to improve 
imputation quality. 
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