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Abstract
The automation of system identification is important for processing large amounts of data without expert
user interaction. Automation is also important to maintain consistency in estimates, especially when in-
vestigating trends in data which could be masked by variations of mathematical parameters. This research
presents a novel idea to obtain automatic modal parameter estimates based on a data driven statistical model
and a Kalman filter. A key objective was to make observed data maximally informative. This lead to the
development of a sliding predictive model using an optimized linear regression method to use system inputs
which are not included in standard system identification. The method was first demonstrated on a numerical
data set where it was found to improve system predictions. The method was then tested on full scale data
from the German research vessel Polarstern during a voyage to the Arctic. The automatic Kalman estimates
showed improved estimates using the combination of statistical model and modal parameters.

1 Introduction

System Identification provides a powerful tool for building mathematical models of dynamic systems. A
system is an object on which different variables interact to produce observable signals. The models are aimed
at linking these observations together into a pattern from which useful information can be extracted [1]. In
mechanical engineering this framework has been successfully applied to structures, using vibration signals
to extract modal parameters. These parameters can be used to build modal models which have applications
in structural health monitoring, inverse force estimation and online flutter monitoring.

In order to achieve these outcomes the modal parameters must be accurately and automatically identified and
tracked. This is not a trivial task when dealing with real structures with complex inputs, low excitation forces
and noise. The first challenge involves dealing with unmeasurable input forces such as wind or wave loads,
on large structures in actual operating conditions. Output only system identification or Operational Modal
Analysis (OMA) was developed to identify modal parameters without knowledge of the input forces. This is
achieved by making assumptions about the unmeasured forces which are modelled as stochastic white noise
quantities. The drawback is that long records are often needed to fulfil these assumptions. This can result in
a smearing of modal estimates across changing input parameters. The second challenge involves precessing
the large amounts of data associated with the actual operation of a structure. Automation is important to

2967



remove user interaction as well as to maintain consistency in the estimates when investigating trends in data,
which could be masked by variations of mathematical parameters.

A key observation regarding the sensitivity of modal estimates to changing system inputs is that changes in
physical parameters will cause detectable changes in the vibration properties [2]. These physical changes are
propagated through the system properties (mass, damping and stiffness) as follows:

1. Environmental conditions - such as temperature, change Youngs modulus and consequently stiffness.

2. System configuration - through discrete mass changes due to cargo for example.

3. Boundary conditions - such as ice compared to open water effects damping and added mass differently.

A number of automation techniques have been investigated in literature. Most of the current techniques
use information from the stabilisation diagram. These include clustering methods such as the Rule-based
Intelligence [3], Consistent Mode Indicator [4], Fully Automatic Modal Parameter Selection (FAMPS) [5],
Hierarchical Clustering [6] and Fuzzy Clustering [7]. These methods deal with the automatic modal param-
eter selection from one set of data. A different approach involves using current knowledge of the system to
improve future identifications. Techniques include fuzzy C means clustering [8] and Least Squares Support
Vector Machines (LSSVM) [9]. These techniques can be beneficial when large data sets are available.

This research presents an idea to both automate and improve the sensitivity of system identification and
tracking by using a statistical model and a Kalman filter. A key objective was to make observed data max-
imally informative. This lead to the development of a sliding predictive model using an optimized linear
regression method to use system inputs which are not included in the standard system identification. Since
both the model prediction and the system identification estimates contain different uncertainties the Kalman
filter is proposed as a method to combine both estimates in an optimal way.

2 Kalman Filter

The Kalman filter [10], is a predictor-corrector estimator that tries to obtain an optimal estimate of desired
quantities from uncertain and noisy observations. It is based on a state space model of a system and real
noisy measurements. The filter progresses iteratively with (1) a forward prediction of the system state in time
(time update) followed by (2) a correction based on the predicted and measured system output (measurement
update). The filter is optimal in the sense that if the noise is Gaussian, it minimizes the mean square error
(error covariance) of the estimated parameters. The process is illustrated in Figure 1.

Figure 1: Kalman filter.

The Kalman filter is initiated with user defined parameters Q, R, Pk−1 and x̂k−1. Q and R are the time
invariant process and measurement noise covariances. The noise covariances are used to tune the model to

2968 PROCEEDINGS OF ISMA2018 AND USD2018



rely more on (trust) either the model or the measurements. The error covariance Pk−1 = E[e−k−1e
−T
k−1] is

used as a minimization function by the Kalman gain K and can be initiated as any non zero value. The initial
state estimate x̂k−1 can also be chosen arbitrarily and updated if faster convergence is required.

The iterative filter begins with a forward prediction of the state from x̂k−1 to x̂−k based on the model as
shown in Equation 1. This is known as the priori or ‘reason’ estimate. The error covariance is also projected
forward through the model to P−

k in Equation 2. The measurement update then estimates the Kalman gain
matrix K in Equation 3. The Kalman gain is used to blend the priori estimate with the residual (yk −Hx̂−k )
to determine the posteriori or ‘experience’ state estimate x̂k in Equation 4. The error covariance is then
also updated based on the new Kalman gain in Equation 5. The filter then proceeds iteratively with forward
predictions followed by measurement updates with optimal error covariance updates.

(1) Time update equations
x̂−k = Ax̂k−1 (1)

P−
k = APk−1A

T +Q (2)

(2) Measurement update equations
Kk = P−

k HT (HP−
k HT +R)−1 (3)

x̂k = x̂−k +K(yk −Hx̂−k ) (4)

Pk = (I −KkH)P−
k (5)

3 Idea

The idea is to automate modal parameter selection and reduce the uncertainty in the estimates using a statisti-
cal model and a Kalman filter. The model will be trained using environmental inputs and system identification
outputs. In the current work on the polar research vessel Polarstern, the environmental inputs include water
and air temperature - which effect the Youngs modulus and thus the stiffness, ship speed - which effects the
draft and bow wave, which add mass, and wind velocity and wind direction. These will be used to build the
state matrix A in Equation 1. The predictive model will be used by the Kalman filter to make forward predic-
tions based on new environmental inputs and then combined in an optimal way with the system identification
estimate at the future time step. The method is illustrated in Figure 2.

Figure 2: Model prediction and Kalman filter estimate. (SID - System Identification)

The statistical model prediction is made from time instance b1 to time instance b2 as shown by the red arrow.
The prediction is then Kalman blended with the nearest stable pole in the stabilisation diagram, indicated by
the blue plus symbol, to produce the Kalman estimate, indicated by the green diamond.
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4 Numerical Simulation

The method is demonstrated numerically using a five Degree Of Freedom (DOF) system. A data set of 20 ob-
servations of each frequency is created and a normally distributed random error is added to each observation.
A sinusoidal temperature variation is simulated through an approximate relationship between temperature,
Youngs modulus and natural frequency. The measurement noise covariance R is calculated from the simu-
lated data and the model noise covariance Q is tuned to trust the model slightly more than the measurements.
The error covariance matrix P is updated in a loop in order to begin filtering with an optimal error covari-
ance. The results of the simulation are presented for mode 3 and mode 4 in Figure 3a and 3b. The Kalman
filter estimates are seen to be closer to the true values in general, and also show the sinusoidal trend in the
temperature variation. The cumulative error is improved by 85 % for mode 3 and 89 % for mode 4.

(a) Mode 3. (b) Mode 4.

Figure 3: Numerical simulation. ∗ True value 99K True value + noise + temperature variation→ Kalman
filter estimate.

5 Polar Research Vessel and Arctic Expedition

Full scale measurements were performed on the German research icebreaker Polarstern, shown in Figure 4
and 5, during an expedition to the Arctic. The vessel is 118 m in length with a 25 m beam, 11 m draft and
a displacement of 17 300 tonnes. Four diesel engines provide 14 000 kW of power through two shaft lines
with variable pitch propellers. The vessel has a design speed of 15.5 knots, and can break through 1.5 m of
ice at 5 knots and up to 3 m of ice by ramming.

Figure 4: Polarstern during a storm in open water. (AWI/F Mehrtens)
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Figure 5: Polarstern in an Arctic ice field.

5.1 Measurement Setup

The Polarstern was instrumented with 23 accelerometers as shown in Figure 6. Measurements were con-
ducted in the hull on deck F and the bridge on deck A. Accelerometers were orientated in the vertical
direction along the ship length to measure normal bending and were placed on both port and starboard to
measure torsion. Horizontal measurements were conducted to measure lateral bending and triaxial sensors
were placed in the stern and bridge respectively.

Figure 6: Measurement setup on the Polarstern: • Accelerometer locations, • Vertical (+Z) measurements,
• Transverse (+Y) measurements, • Triaxial (+X, +Y, +Z) measurements
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5.2 Field Measurements in the Arctic

Measurements were conducted during the PS100 research expedition to the Arctic in 2016. The cruise track
of PS100 is shown in figure 7. The expedition started in Tromsø, Norway, on the 18th July heading north
west into the Greenland sea and Fram strait, returning to Tromsø on 6th September after 51 days at sea. A
wide variety of operational and environmental conditions were encountered during the voyage. Operational
conditions included different cruising speeds, draft, trim and engine configurations. Different environmental
conditions included swell heights, swell directions, swell periods, ice types, ice thickness’s, air and water
temperature variations and wind speeds and directions.

Figure 7: Cruise track of the PS100 expedition. (AWI/J Schaffer)

5.3 Open Data

The full scale data set from the PS100 expedition on the Polarstern to the Arctic is openly available at PAN-
GAEA Data Archiving at https://doi.pangaea.de/10.1594/PANGAEA.882382. The data set contains raw
acceleration time data in .mat file format from 23 accelerometers. Environmental data from the data inven-
tory system called Dship are also available. A metadata file contains information regarding measurement
parameters and sensor locations. There are three main goals of making the data open source:

1. The results from this research can be tested, recreated and validated.

2. Opening the data to other researchers has the potential to be a force multiplier, bringing a diversity of
ideas and solutions and providing additional human capital to drive innovation.

3. A variety of open source data sets will allow open and transparent benchmarking of state of the art
algorithms.

6 Results

Stochastic Subspace Identification (SSI) was used to estimate the system parameters. SSI was performed on
20 minute data blocks with 75 % overlap. The 20 minute block was chosen to be long enough to include
sufficient spectral information and over 3000 cycles of the lowest frequency, without over smearing the
slower variations in environmental parameters.
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6.1 Model Training

The first predictive model investigations where aimed at identifying case specific models. This was based
on research by [11] who found that data driven bridge models showed clearer trends when split between
increasing and decreasing temperature. Constant vessel speeds between 5 - 8 knots for over 100 minutes
was defined as a test case. An algorithm was written which allowed a user to navigate through the data and
interactively train the predictive model. The results of the modal parameter tacking from the constant speed
training data using the pole weighted Modal Assurance Criteria (MACXP) are shown in Figure 8.

Figure 8: Constant speed modal parameter tracking.

It was observed that modes were not tracked in the same clusters or modal families throughout the data set,
despite updating the eigenvectors at each identification. This can be seen by the colour variations in the
dominant lines in Figure 8, which were identified as the global modes shown in Figure 9. These observations
led to the development of a predictive sliding model, that would only use the most recent predictors which
are appropriate for the current system parameters.

Figure 9: Polarstern mode shapes.
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6.2 Predictive Sliding Model

The predictive sliding model was investigated on an alternating speed case containing 65 data blocks shown
in Figure 10. A summary of the results is presented below. The interested reader is referred to [12] for further
details.

Figure 10: Acceleration time history and ship speed.

Figure 11 presents the predictive model work flow. The normalized predictor variables in Figure 11a show
the alternating vessel speed, decreasing water temperature, increasing air temperature and varying wind
conditions. The results of the modal tracking algorithm on the SSI estimates is shown in Figure 11b. Three
modes are identified and flagged for prediction.

(a) Predictor variables. (b) Modal tracking.

(c) Correlation. (d) Residuals.

Figure 11: Predictive model work flow.
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The correlation plot in Figure 11c show a number of dominant inter variable relationships. It is noted that R2

values around 0.5 - 0.6 with p-value < 0.05 are considered significant due to the nature of complex real data.
The residual plots in Figure 11d show only a slight improvement in the step optimization. A weak trend is
visible in the lagged residuals which is expected to have a negative influence on the results.

The results of the prediction model and Kalman filter are shown in Figure 12. The first 20 blocks are used to
train the predictive model. The blue circles show the SSI estimates, the red crosses show the model prediction
of the training data and the dotted line shows the 95 % confidence bound. The model is seen to recreate the
training data very accurately with a tight confidence bound.

Figure 12: 4 block forward prediction. © SSI training set × Training set prediction � � � � Statistical
model prediction© SSI estimates ♦ Kalman estimates

The 20 block predictive model is then used to make a 4 block forward prediction. The 4 blocks are then
Kalman filtered and the 20 block training model window is slid forward by 4 blocks to now include the latest
Kalman estimates. Each cluster of 4 block forward predictions is indicated by a different colour grouping of
squares. These forward predictions show variability and at times lack continuity. Discontinuities are visible,
most notably where there are no SSI estimates such as blocks 28 - 29 in mode 1. It can be seen that the
Kalman estimates are however not highly effected by large model discontinuities. This is expected to be as
a result of the Kalman filter optimization of the error covariance P for each 4 block cluster in a loop.

7 Conclusion

The use of a statistical model and a Kalman filter were investigated in order to automate system identification
estimates as well as improve their sensitivity. The method was demonstrated numerically, where it was found
to reduce the cumulative error by over 80 %. Model training on full scale data from the Polarstern led to
the development of a sliding predictive model using an optimized linear regression method. The model
was found to accurately re-create the training data set and was used to make predictions based on future
system inputs. The Kalman filter estimates showed promising results as an optimal combination of the
model prediction and the system identification estimates which both contain different uncertainties.
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