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Abstract

This paper describes the results of statistical analysis of data collected from many vessels to discuss
the problems which may occur during the data collection onboard, and the role of the nowcast data for
technical performance evaluation. The research is focused on the quality of measurements of wind and
speed through the water. The main goal of the research is to reveal the benefits of using nowcast data
and its effect on the quality of statistical models which can be used for performance evaluation
purposes. The results of the statistical analysis show that the nowcast data can be successfully used for
validation of the on-board measurements and, in some cases, can substitute the onboard data without
lack of analysis quality.

1 Introduction

An understanding of the factors that influence the ship resistance and their behavior is very important
as they can be used for the technical performance evaluation. By technical performance, we understand
here the relationship between the speed through the water and the corresponding energy consumption
of the ship. This relationship may be described by using physical laws or can be estimated statistically
by using machine learning and data mining techniques using sensor data collected onboard, (Haranen
2016). The most important goal of the technical performance evaluation is to quantify possible
deterioration of the hull condition due to hull or propeller fouling, paint problems, aging, etc. The
performance evaluation can be done by data correction (ISO 79030), or with the aid of statistical
modeling.

Regardless of the methodological approach for the technical performance analysis and evaluation, it is
important to assess and separate the effect of operational conditions and environmental factors.
Therefore, it is extremely important to have accurate data for all variables which we use for the technical
performance evaluation. Usually we use variables like propulsion power consumption, engine rpm,
speed through the water, draft, trim, wind speed and direction, wave and swell height, water
temperature, water depth, etc.

This paper mostly concerns about the quality of the wind data and measurements of the speed through
the water. It is known that data collected onboard ship may be inaccurate and biased. Many publications
describe problems with onboard measurements of the speed through the water or wind. Unfortunately,
the problems described in the publications are usually case specific and thus cannot be generalized. In
our research, we analyzed the data collected from many ships and tried to assess the scope of the
problems with the onboard data for the wind and the speed through the water.

In the paper, we elaborate on the role of nowcast data from the technical performance analysis point of
view. The term nowcasting is widely used in meteorology and is defined as the prediction for the
present, near future and recent past weather conditions. Our research is focused on questions like:

- How can we use the nowcast data for validation of the data collected onboard?

- Can we prove that using the nowcast data will increase the accuracy and reliability of the
analysis in general?

- Is it better to use wind measurements onboard or should we rely on nowcast data?

- Is it better to use speed log signals or should we calculate the ship speed through water from
the speed over ground and nowcast ocean currents?



2 Data collection challenges

The main goal of this section is to discuss challenges related to data collection onboard ship and the
role of the nowcast data, which is available from many independent weather providers. Nowadays,
systems onboard the ship are capable to collect the environmental data for many sources. For example,
it is common that every ship has an anemometer, thus collection of the wind speed and direction data
seems to be a simple task. Echo sounders are standard devices on all ships, making it easy to collect
information about water depth. With newest technology, it is also possible to measure and record the
sea surface conditions, like wave and swell height and period. However, collection of the environmental
data onboard the ship can be a challenging task and subject to errors.

While studying several scholars’ research, we could identify plenty of issues that can appear for onboard
weather and sea state related measurements. Referring to biased wind data, Taylor et al. (1995)
emphasized that there are several possible sources of error for anemometer wind measurements. It is
not known how well the deployed anemometers have been calibrated or what, if any, measures are taken
to ensure that the instruments remain within calibration. In use, the anemometer is exposed to a turbulent
flow, which fluctuates as the ship rolls and pitches and the anemometer may not be “vertical” with
respect to the mean flow. The reported wind is an estimate of the average reading of a fluctuating analog
dial made by the ship’s officer and, thus, subject to errors. Errors are made also in converting to true
wind velocity. According to Moat et al. (2005), wind speed measurements obtained from ship-mounted
anemometers are biased by the distortion of the airflow around the ship's hull and superstructure.

Depending on the ship type, location of the wind transducer, trim and wind direction, there can be big
inaccuracies in certain wind directions in varying load conditions. For example, on a container ship
with the deckhouse at the aft ship, the situation is very different depending on how high container stacks
are in front of the deckhouse and when the relative wind is coming from the bow region. On the other
hand, it is quite common for ferries and car carriers, that the wind is measured at the bow, but there is
huge ship behind it. At the following wind, it is very difficult to measure wind in such a condition and
then the wind driven wave data prediction fails as well.

As for the sea state measurements, in Stredulinsky and Thornhill (2009) the authors state that wave or
swell height measurements can be performed through different methods, like using x-band radars,
Doppler radars or wave buoys. Still, all these technologies present issues and challenges. With x-band
Radar, there is no direct measurement of the wave elevation. The sensor captures backscattered
intensities of the reflected Radar magnetic waves on the ocean surface. These intensity images must be
converted into wave images by relying on 3D Fourier analysis. According to Nielsen (2008), wave
buoys do have several drawbacks. The first is that they require a suitable crane onboard the ship for
deployment and recovery, which can be a difficult operation in high sea states. Trial operations must
remain in relatively close proximity to the wave buoys for data to be useful. This limits the length of
straight track runs before the vessel must return to the buoy. If several buoys are deployed, they can
drift away from each other. This requires the ship to do manual adjustments. Buoy data may contain
errors and its quality must be checked. In Simos et al. (2010), another method, used for wave
measurements, is presented: an over-the-bow downward-looking Doppler radar. The radar gives the
distance to the wave surface and, when combined with an accelerometer, can give the actual wave
height. Many sea trials using this system have shown that it works reasonably well, but that there tends
to be sensitivity in the wave height measurements to relative heading. It tends to work best in beam
seas. Other drawbacks are that it does not give wave spectra (only wave height and characteristic
encounter frequency are given), and it can be damaged in severe sea conditions.

On depth measurement issues, Godin (1995) states that sonars are complex and hard to calibrate. They
include many sub-systems that possess their own configuration and calibration routines. There are
several sources of error associated with depth measurements, and they must be detected and quantified
by systematic testing procedures before being corrected or eliminated. For example, deep-water surveys
(> 1000 m) involve much larger sonar footprints and thus, corresponding lower accuracy both in the
positioning and in the depth measurements are usually acceptable. In addition, the accuracy



requirements are much harder to meet in shallow waters (< 100m) where the calibration of the sounding
systems becomes a critical issue, see Hare and Tessier (1995).

As we can see from the numerous examples, onboard data collection is a challenging task. At the same
time the importance of accurate environmental data, which we use for the ship technical performance
evaluation, is pointed out in many research papers. Here are some notable examples: a) determining
how ship navigation is affected by extreme weather conditions, Xia (2006); b) identifying algorithms
and models for the prediction of ship speed and power for different weather states, Chen (2013), Soda
et al. (2012); ¢) determining fuel savings algorithms, Hellstrom (2003); d) researching new architectural
ship designs, for example Flettner rotors design, Traut et al. (2014); e) determining different ship routes
based on weather and sea currents forecasts, Padhy et al. (2008), Tsujimoto et al. (2006), Panigrahi et
al. (2012), Zhang, J., & Huang, L. (2017), Cai, Y. (2014); f) analyzing characteristics of propulsion
performance under various weather and sea conditions, Sasaki (2009), Yokoi (2010), Tsujimoto (2000),
Kayano (2013).

In this research, the accuracy of the wind data is under investigation. In the case of the ship’s technical
performance evaluation, the goal is to estimate the effect of wind speed/direction on ship performance.
Usually, in slow winds, the ship will lose speed in headwinds and will gain speed in the case of
following winds. If the wind speed is high, the speed will be reduced in both cases due to the increased
wave actions and steering corrections. Having correct wind measures will highly increase the quality
of the model and correspondingly will increase the quality of the research.

When we speak about technical performance evaluation there are two major sources of environmental
data. We can collect data onboard, manually or by using sensors. On the other hand, there are numerous
weather providers which make independent weather nowcast data available. We can identify two
general benefits from the nowcast data. First, this data can be used for validation of the data that is
collected onboard. Second, if for some reason we are not able to use the onboard sensor data or the data
is erroneous, we can use the nowcast data instead.

2.1 Weather Interpolation Service

In Napa practice, nowcast data from several independent weather providers is used. They send data
covering all important aspects related to sea conditions, like sea currents speed and direction, tidal
currents speed and direction, air pressure, wave heights, wave direction, swell heights, water
temperature, water salinity, wind speed, wind direction, ice concentration, salinity, etc.

The data files, containing environmental parameters, are built based on a grid with predefined
resolution. In Figure 1 the example for of grid data for the oceanic currents is shown. To obtain exact
environmental conditions for a certain ship, available weather nowcast data is interpolated according to
the ship location and time. The important characteristic of the Napa platform is the ability to correctly
approximate weather and sea conditions for specific coordinates in time (according to ship position and
time of the measurement). Coordinate resolution can vary between providers or between parameters.
As an example, sea current parameters are defined using a 0.25° resolution grid, while wind-related
parameters are using a 0.5° resolution. For different providers/parameters the grid resolution can vary
even more: 0.001°, 0.1°, 0.08°, 0.02°, 1.25°, etc. In this context, our interpolation functionality was
developed to provide accurate weather data values for any reported ship position during the voyage of
a ship.
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Figure 1. Current data for the Indian Ocean.
For interpolation, we use the bilinear and trilinear interpolation procedure, which is an extension of the
linear interpolation. The main idea of the trilinear interpolation is shown in Figure 2. In order to fulfill
the interpolation procedure, the weather files should contain data for the necessary dates and time,
determined from the timestamps when the ship sailed over certain coordinates. In addition, it is
mandatory for the ships to send both latitude and longitude for their position and the reference time of
the measurement, see Figure 2.
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Figure 2: Ship position from the trilinear interpolation perspective.
3 On-board wind versus nowcast wind

This section is devoted to a comparison of the nowcast wind and wind measured onboard. First, we
investigate how often the problems related to the wind measurement onboard the ship may be faced in
general. Then, we present the results of the modeling test. The goal of the modeling test is to elaborate
on the quality and goodness of the wind data from different sources.

Before data analysis and modeling, the onboard wind measurements need to be adjusted so that they
correspond to the same height as the nowcast wind. Nowcast data usually contains the wind
measurements reported at the height of 10 meters. Thus, the onboard measurements are adjusted to the
same height by using the power law of the wind profile as follows:

V=V, (%)1/7,

where 1}, is the measured wind speed at the height h,,, (depends on the anemometer location on-board),
and h = 10 m.



In Napa practice, for the sake of simplicity, the wind speed and direction are transformed into headwind
and crosswind components. In Figure 3, the example in which the time-series of the onboard and
nowcast headwind are depicted demonstrating a good match between different sources for the wind
data. Our onboard data represent 5-minute averages for the headwind. The nowcast wind is usually
reported every 3 hours and it is interpolated to correspond the same time resolution. As one can notice
from Figure 3, the values are close to each other. In this example case, the linear correlation between
nowcast and onboard headwind is about 95.5%, which suggests that there is no major problem with the
onboard measured wind.
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Figure 3. Nowcast vs. onboard headwind.

In Figure 4 and Table 1 the result of the wind comparison based on the data of 150 randomly selected
ships. For each vessel, the linear correlation between wind components from two different sources,
nowcast vs. onboard wind, were calculated. Figure 4 a) denotes the distribution of the correlation for
the headwind, and b) stands for the crosswind component. Table 1 helps to understand the situation in
general. As one can see, in about 20%-25% of all tested cases the linear correlation between wind
components from two different sources is less than 80%. The results of this random test show that we
may face some kind of problem with the wind measurements onboard for every fifth ship. This means
that the wind data, which is measured onboard, should be always checked and validated against the
nowcast data, which can be obtained from independent weather providers.
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Figure 4. Distribution of the linear correlation between wind components from two different sources.



Table 1. Correlation vs. ship percentage.

Nowecast vs. on-board headwind correlation

Nowecast vs. on-board crosswind correlation

Pearson’s correlation

Percentage of vessels

Pearson’s correlation

Percentage of vessels

< 80%

21%

< 80%

23%

80%-90% 17% 80%-90% 42%
90%-95% 56% 90%-95% 34%
>95% 6% >95% 1%

3.1 Model-based comparison

Let us now examine the cases without any problems with the wind measurements onboard.
The most interesting questions are:

- What is the difference between the onboard and nowcast wind from the modeling point of view?

- Can we achieve better results by using onboard or nowcast data?

- Can we substitute erroneous onboard wind data with nowcast data without lack of accuracy of
the analysis?

To find the answers to these questions we have implemented a modeling test. The main idea of the test
is to compare predicting errors of the ship specific statistical models in which we use the wind from
different sources. During the experiment, the model responses and all other model inputs except the
wind remain unchanged. We assume that the smaller the model prediction errors are the better the wind
components reflect the variation of the model response and the better the quality of the wind data is.
For example, if the ship specific model uses the nowcast wind data and its prediction error is smaller
than the error of the model, which uses the measurements onboard, then the nowcast data is adequate
and has a better quality from the modeling point of view.

In Napa practice, we use a statistical modeling approach while analyzing the ship technical
performance. During the analysis, we model the ship propulsion power and the speed through water
using separate statistical models. Those models use many input variables, which reflect the variation of
the operation and environmental conditions of the ship. The wind is one of the most important inputs
for the statistical model and quality of the wind speed readings significantly affect the model quality.

The modeling test procedure is simple. For each ship dataset, we create models which explain the
variation of the propulsion power consumption and the speed through the water. Two rounds of
modeling procedure are completed. During the first round, we use the onboard wind data while
modeling and, during the second round, the nowcast wind data is used. All other model inputs and
response values remain the same during the experiment.

For the test the model structure is selected to be a generalized additive model, Hastie (1986), whose
structure is:

? =a+ fl(Xl) + et fn(Xn) + f‘l’l+1(t)9

where Y is the model response, X;, i =1, ..., n, is the set of the model inputs, like the engine rpm, draft,
trim, wind speed and direction, swell, water temperature, etc., ¢ is the time variable, which stands for
the time related deterioration of the hull condition. The f;are smooth functions, which are specified for
each ship separately.

To compare the modeling results we use the statistical descriptors, like mean absolute percent error
(MAPE) which is define as follows:
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MAPE = ——=100%,
where ¥}, is the value estimated by the model, ¥; is the observed value of the response, i=1, ... , m, is

the number of all observations.

The experiment is done for 50 randomly selected ships with no observed problems in the wind
measurements onboard. For each ship, we built the predictive models for the propulsion power and for
the speed through the water. The main assumption is that the smaller the MAPE metric is the better the
model is, the better the quality of the wind parameter source.

Additionally, we calculate the difference between the MAPE descriptors for each ship models. The
MAPE difference for each ship is defined as:

MAPEdifference = MAPEnowcast - MAPEonboarda

where MAPE 5w cast 18 the mean absolute percent error of the model which uses the nowcast wind, and
MAPE ,,p0ara 18 the error of the model which uses the onboard wind data.

The results of the statistical experiment are shown in Figures 5 and 6. In Figure 5, a) the distribution of
the MAPE is shown for the power model which uses the onboard and nowcast wind data. The
distributions are almost similar so it is hard to assess which source of the wind data is better. The median
of all observed MAPE metrics is about 2.1%, which describes the general level of the quality of the
model for the propulsion power. In Figure 5, b) the distribution of the pairwise differences between
MAPE descriptors for each ship is shown. The median of the distribution is +0.08%, which suggests
that in general, statistical models that use the nowcast data have slightly higher errors compared to the
models that use the onboard wind data.

In Figure 6, a) and b) the same kind of results are shown for the speed model. Accordingly, the median
of MAPE for all ship model is around 1.56% - see Figure 6, a). The distribution of the MAPE differences
is shown in Figure 6, b). As in the case of the power model, the difference is positive, about +0.075%,
suggesting that the models that use the nowcast wind measurements have slightly higher errors.

Although the models that use nowcast wind data have slightly higher prediction errors, we can claim
that the decrease in the model accuracy is not dramatic at all. According to results of the modeling test,
if we use the nowcast wind measurements instead of onboard wind data, the model mean absolute
percent errors will increase just about 0.1% in average.
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Figure 5. Comparison of errors for the power model; a) distribution of MAPE for models which use the
nowcast and onboard wind, b) distribution of MAPE difference.
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Figure 6. Comparison of errors for the speed model; a) distribution of MAPE for models which use the
nowcast and onboard wind, b) distribution of MAPE difference.

Based on the results of the experiment, we may conclude that in the cases without any problems with
the onboard wind data it is preferable to use the onboard wind for the modeling and technical
performance evaluation. If there are problems with the wind data collection or there is no data at all, we
can substitute the wind data by the nowcast wind data without major decrease of the accuracy of the
analysis.

4  Speed through water

The speed of the ship can be considered as one of the most important variables when we evaluate the
technical performance of the ship. The most natural situation onboard is when the speed is measured in
two different ways. The first way is to measure the speed through the water (STW) by using a speed
log. The second way considers using the Global Positioning System (GPS) and obtains the speed over
the ground (SOG). The speed over the ground measured by GPS is always considered to be the most
accurate way for speed measuring. However, for ship technical performance evaluation, the speed
through the water is what we need. Therefore, in a situation when the speed through the water is not
available for some reason, it can be approximated by using the speed over the ground and the ocean
currents. The ocean currents can be estimated by numerical modeling and the information about currents
is usually a part of the nowcast data available from independent weather providers.

4.1 Quality of the speed measurements

It is a widely known fact that measurement of the speed through the water can be inaccurate. There are
different types of devices for the ship speed measurement. Probably most widely used devices are based
on the Doppler effect and electromagnetic property of water, Babicz (2015). Nowadays the speed log
devices are claimed to be accurate or at least manufacturers advertise them to be accurate. However,
there are many different publications which describe the problems related to the measurements of the
speed through water; see for example Bos (2016). In the last paper, the author describes the systematic
and non-systematic errors related to the speed log.

Here are a couple of examples from Napa practice demonstrating problems which can be faced with the
speed through water measurements. The time-series in Figure 7 describes the ratio between the speed
over ground and the speed through the water for a RO-RO ship that operates in the Baltic Sea area. It
is assumed that when the speed through the water is measured correctly, the ratio SOG/STW should
follow the normal distribution with mean value equal to one. In Figure 7, we can clearly see the drift of
the ratio, which appears a few months after the ship maintenance. At maximum, the ratio between SOG



and STW achieves values about 1.3-1.4, which corresponds to a 30-40% average error in STW.
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Figure 7. Ratio SOG/STW for RO-RO vessel indicating hard problems with STW measurements.

The ratio between the speed over ground and the speed through water for the second ship is depicted in
Figure 8. In this example case, we can see not only the systematic bias, which is about 5%, but also a
seasonal variation of the ratio, about +/- 2.5%, which seems to be related to the variation of the water
temperature.
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Figure 8. SOG/STW ratio for the RO-RO vessel indicating bias and seasonal variation in STW
measurements.

Taking in account different publications and our own experience in Napa, we need to admit that the
speed through the water must be always checked before doing any analysis concerning the ship technical
performance. In our research, we tried to estimate statistically how often the problems with the speed
log readings occur in general.

We have tested the speed log measurements from over 150 randomly selected ships. To describe the
quality of the speed log measurements we are using statistical descriptor like the median of the absolute
difference (MAD) between SOG and STW values, which is defined as follows:

MAD = median|ViSOG - Vl-STwl, =1,...,n,
where 7 is the number of all observation in the available data. This descriptor can be interpreted as the
systematic bias of the speed log readings. We choose median instead of mean in order to avoid the

outliers in the data, which may affect the mean value significantly.

We also estimate the possible linear drift in the speed log readings. This is done by fitting a linear model
into the difference between SOG and STW, and estimating how much it is changed during the period
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of one year. Additionally, we calculate the standard deviation of the fitted linear model residuals, which
describes the spread of the differences between SOG and STW.

In Figure 9, the main idea of the drift evaluation is described. In the example case we can see a small
drift about 0.5 knots during the period of nine months. The standard deviation about 0.7 of the linear fit
residuals indicates that there is no substantial problem with the speed log because the drift and deviation
of the speed differences can be explained by the ocean currents.
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Figure 9. The linear model revealing the speed log drift about 0.5 knots during the period of 1 year,
and the distribution of the model residuals with standard deviation about 0.7 knots.

In Figure 10 and Table 2, statistics calculated from 150 randomly selected ships are shown. They reflect
the general situation with the speed log quality. According to the statistical distribution, the bias over 2
knots in the measurement of the speed through the water was found in 3% of all tested ships, and 89%
of the ships have STW bias of less than 1 knot. Annual drift of less than 1 knot was found in 82% of
the cases, and in 84% of the cases, the standard deviation of the difference between SOG and STW was
less than 2 knots.
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Figure 10. Distributions of statistics, which describe the quality of the speed, log reading.

Table 2. Percentage of statistics.

MAD [knots] Annual drift [knots] Deviation [knots]
less than 0.5 57% less than 1 82% less than 1 53%
0.5-1 32% 1-2 5% 1-2 31%
1-2 8% 2-4 6% 2-4 12%
over 2 3% over 4 7% over 4 4%

The statistics presented in Figure 10 and Table 2 suggest that, in general, we may expect that in 10-15%
of all cases we will have some problems with the measurements of the speed through the water.

In the cases with erroneous data, different strategies can be applied during the data analysis. The first
strategy concerns possible correction of the STW readings. The systematic bias can be a result of faulty
device calibration and can be corrected in some cases. In certain cases, we can also correct the drift in
the STW readings afterward. The second strategy concerns using the nowcast data for the ocean
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currents. The main idea of this strategy is to calculate the speed through the water from the speed over
ground and the sea currents. In the next section, we will discuss the difference between using the speed
from different sources.

4.2 Model comparison test

The modeling test for the comparison of the speed through the water from different sources is similar
to the test conducted for the comparison of the wind data. The modeling test is conducted for the ships’
datasets, which have no problems with the speed log data. In this case we inspect the error statistics for
the model which predicts the speed through the water. For each ship dataset, the set of the model inputs
and the model structure is fixed, and only the source of the model response are changed.

In the test the model responses are:

- the speed measured by a speed log (STW),

- the speed which is combined from the speed over the ground and the nowcast ocean currents
(SOG+currents),

- the speed over the ground (SOG).

We assumed that the model that uses as the response the speed over the ground should have a higher
prediction error comparing to the model that uses the speed log readings as the response. This happens
because the model loses some information because it does not take into account the effect of ocean
currents. However, we built the model for SOG just to have a baseline for the comparison.

The goal of the modeling test is to investigate what happens to the predictive accuracy of the statistical
model if we change the data source of the speed. How much do we lose or gain in the model accuracy
if we, for example, substitute the speed log readings with the speed, which is combined from the speed
over the ground and the ocean currents from nowcast data.

Figure 11 represents the results of the modeling test. In the figure, the normalized histograms of the
mean absolute percent error (see definition of the MAPE in section 4.1) are shown for the models whose
responses are taken from the different speed sources. The MAPE distribution of the SOG models has a
median value about 3.25%. This is more than two times higher compared to the MAPE distribution of
the STW models, which has a median of about 1.4%. This is the price of not taking in account the effect
of the ocean currents. The MAPE distribution for the models, which use the speed through the water
combined from SOG and the ocean currents nowcast, has the median about 2.9%. However, the
improvement is not very dramatic comparing to the SOG models.
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Figure 11. Distribution of MAPE for models with different responses.
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The results of the modeling test suggest that in the cases with no observed problems with the speed log
readings we should always utilize the STW measured onboard in order to have the best model accuracy.
However, in cases with erroneous speed log data we can substitute it by the speed through the water
values, which are combined from the speed over the ground and the nowcast ocean currents.

In Figure 12, we present the example of the analysis case for technical performance evaluation. In the
figure, the speed drop due to the decreased hull condition is visualized for the period of more than three
years. A negative speed drop indicates a decrease of the speed, a positive, in contrary, increase of the
speed, for example after the ship maintenance. In the analysis we have used two different sources for
the ship speed, the speed through the water that was measured by a speed log, and the speed that is
combined from the speed over the ground and the nowcast ocean currents. The estimated speed drop is
denoted in knots. As we can see from the figure, the difference between the speed drop that is estimated
with different speed is small.

S
»

© STW
© SOG + currents

Maintenance -

Speed drop (knots)
v o

-0.4 ‘ :
2013 2014 2015 2016 2017

Figure 12. Speed drop estimated from the STW (blue curve) and speed that is combined from SOG
and nowcast ocean currents (red curve).

In Figure 13, we visualize the result of comparison of the speed drop that was evaluated by the statistical
models from different speed sources. For each ship data set the speed drop was estimated from the three
different responses: STW, SOG and SOG combined with the nowcast ocean currents. For each ship we
calculated the mean absolute error between the speed drop estimations done with different responses as

follows:
1_y2
MAE = Y=Yl
where V! is the speed drop estimated by the model 1, V is the speed drop estimated by the model 2,
and n is the number of observations. The MAE is calculated for two pairs of models: STW vs. SOG,
and STW vs. SOG+currents.

=1, ...,n,

The box-plots in Figure 13 describe the distribution of the mean absolute errors over all ships’ datasets.
As we can see, that difference between the speed drop that is estimated by the statistical models, which
are built from difference sources, is small. The median difference between the speed drop for the pair
STW versus SOG+currents is about 0.06 knots, and for the pair STW versus SOG is 0.08 knots.
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Figure 13. Distributions describing difference between the speed drop: STW vs SOG, and STW wvs.
SOG+currents.

5 Conclusions

The accuracy and quality of the ship data, which we use for the technical performance evaluation, is
essential. At the same time, data collection onboard the ship may be difficult and subject to errors.
Therefore, the role of the independent nowcast data cannot be underestimated. We can use the nowcast
data for validation of the onboard sensor data. We can also substitute the onboard data with the nowcast
data in the case when we have some problems with the data collection onboard.

The current research was focused on the quality of the wind data and the data of the speed through the
water. According to the statistical analysis and modeling tests, we may claim that:

- In20% - 25% of all cases, we may face problems with the wind measurements onboard ship.

- We should always validate the quality of the onboard wind data by using the nowcast data from
independent weather providers.

- Inthe case of the erroneous onboard wind data, it can be substituted by the nowcast wind data
without major decrease of the accuracy of the analysis.

- In10% - 15% of all cases, we may face problems with the measurements of the speed through
water onboard the ship.

- The onboard data for the speed through the water should be always checked and validated be-
fore the technical analysis.

- Inthe case of the erroneous data for the speed through the water, we can replace it by the speed,
which is combined from the speed over the ground and the nowcast ocean currents data.
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