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This thesis proposes a sensor approach for quantifying the hydrodynamic 

performance of Ocean Current Turbines (OCT), and investigates the influence of sensor-

specific noise and sampling rates on calculated turbine performance. Numerical models 

of the selected sensors are developed, and then utilized to add stochastic measurement 

error to numerically-generated, non-stochastic OCT data. Numerically-generated current 

velocity and turbine performance measurements are used to quantify the relative 

influence of sensor-specific error and sampling limitations on sensor measurements and 

calculated OCT performance results. The study shows that the addition of sensor error 

alters the variance and mean of OCT performance metric data by roughly 7.1% and 

0.24%, respectively, for four evaluated operating conditions. It is shown that sensor error 

results in a mean, maximum and minimum performance metric Signal to Noise Ratio 
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(SNR) of 48.6%, 174.8% and 6.2%, respectively. 
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1 INTRODUCTION 

1.1 Ocean Current Energy Resource  

Encouraged by the recent successes of wind and tidal energy technologies, 

entrepreneurs are looking with increased interest at the potential electricity that can be 

generated from the approximately 20 GW kinetic energy flux offered by the Gulf Stream 

current off Florida’s east coast (Duerr, et al., 2012). With surface water velocities ranging 

from 1 to 2 m/s at least 85% of the time, and a mean near-surface kinetic energy flux 

(near its core) of 2.32 kW/m2 (Raye, 2002), this portion of Gulf Stream stands as a 

promising location for Ocean Current Turbine (OCT) development. According to Duerr 

(2012) the Florida Current (portion of the Gulf Stream running between Florida and the 

Bahamas) is suggested to have the highest average kinetic energy flux (at 27.87° N, 

79.68° W for a depth of 50 meters) of any global open-ocean location suitable for OCT 

deployment. However, the relatively deep ocean depth (300-700 m), concentration of this 

resource near the sea surface (80% within the top 200 m), distance from shore (~25 km) 

and threat of corrosion, hurricanes, ship collisions  and interaction with marine life makes 

the Florida Straits a challenging location to develop commercial ocean current energy 

projects (Duerr, et al., 2010).   

1.2 Gulf Stream Hydrokinetic Turbines 

Despite the logistical challenges, the growing demand for clean, domestic energy 
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has resulted in a rapid development of offshore, in-stream, hydrokinetic devices that were 

previously considered unfeasible due to factors such as the cost and the availability of 

precision electronics. In fact, the only OCT ever successfully tested in the Gulf Stream 

was tested for less than a day more than two decades ago (Davis, et al., 1986). Significant 

public and private investment during the past decade has helped move this industry 

forward so that experimental and prototype OCT’s will likely be ready for offshore 

testing within the next few years. Currently, at least five private companies are 

developing turbine-like devices to operate in deep-ocean currents. The companies 

include: The Ocean Renewable Power Company (2011), Aquantis LLC (2011), the Thor 

Energy Group (2011), Gulf Stream Turbines LLC (Gulf Stream Turbines LLC, 2012) and 

the Aircraft Design & Aeroflight Dynamics Group (Coiro, et al., 2012). As these 

companies work through the design and permitting processes, a parallel need has 

developed for the instrumentation and certification criteria that will be needed to evaluate 

the readiness of each design.  

The Southeast National Marine Renewable Energy Center (SNMREC) has been 

established at Florida Atlantic University to provide development guidance and testing 

capabilities to the developers of deep-water, in-stream, hydrokinetic devices. They have 

designed, and are currently constructing, a 20 kW experimental OCT for testing in the 

Gulf Stream (Borghi, et al., 2012). This experimental device will undergo towed and 

moored testing to develop first-hand experience to be passed onto industry developers. In 

towed testing, the OCT will be deployed from a ship of opportunity, and towed at 

anticipated Gulf Stream water velocities to evaluate the hydrodynamic and 
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electromechanical performance of the design.  Figure 1.1, is an illustration of the turbine 

in its moored configuration. In this configuration, the turbine is transported offshore by a 

ship, moored to the seafloor via the ship and data collection and telemetry buoy and then 

deployed to evaluate its performance.  

 

Figure 1.1: Artist rendering of the SNMREC experimental OCT in the moored deployment 
configuration 

These tests will help develop the technology and processes needed by developers to 

quantify system performance metrics, such as system efficiency, tip speed ratio (ratio of 

tangential rotor tip speed to free stream water speed), electrical power output, shaft 

power, shaft torque and rotor efficiency, as a function of flow velocity. To facilitate these 

objectives, this thesis (completed under the auspices of the SNMREC) focuses on 

possible sensor approaches to quantifying OCT hydrodynamic performance and the 
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potential impact sensor error and sampling limitations can have on calculated turbine 

performance metrics. 

1.3 Thesis Contributions  

Data  collected from focused and well planned at-sea testing of experimental and 

prototype OCTs will be needed for verifying the predicted relationships between the flow 

environment, tip speed ratio, system efficiency, electrical power output, shaft power, 

shaft torque and rotor efficiency. However, it is important to develop an appropriate 

sensing methodology, to quantitatively evaluate the accuracy and limitations of the 

methodology before offshore testing commences. This will help ensure that the specified 

sensors and sensor settings are appropriate for both the turbine under evaluation and the 

anticipated environmental conditions. Therefore, this thesis utilizes the following 

approach (Figure 1.2) to quantify the impacts of sensor error and update rate through the 

use of numerical turbine and sensor models. The primary contributions of this thesis are 

as follows:  

1. Identification and breakdown of key OCT performance metrics into supporting 

measurements and calculations; 

2. development and evaluation of numerical sensor performance models; 

3. calculation of numerically synthesized water velocity, turbine angular velocity, 

Euler angle and electric power output data for several representative operating 

scenarios and 
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4. quantification of the impact of the selected sensors on the calculated turbine 

performance metrics (tip speed ratio, system efficiency, electrical power output, 

shaft power shaft torque and rotor efficiency). 

 

Figure 1.2: Approach utilized to validate sensor system parameters and data processing algorithms 
for OCT performance evaluations 

1.4 Thesis Outline 

This thesis is organized into the following 6 chapters: 

 Chapter 2 provides a literary review of the capabilities and limitations of in-

stream, hydrokinetic turbine performance characterization methods and sensor 
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options; 

 Chapter 3 provides a breakdown of the performance metrics suggested in this 

thesis for quantifying the hydrodynamic performance of a turbine, including the 

supporting measurements and calculations; 

 Chapter 4 describes numerical sensor performance models used to calculate the 

error associated with acoustic profiler and IMU measurements; 

 Chapter 5 provides a comparison of simulation generated data sets with and 

without sensor limitations; 

 Chapter 6 quantifies the impact of sensor error and sampling limitations on 

performance metric mean, variance and signal to noise ratio and finally 

 Chapter 7 provides conclusions. 
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2 LITERATURE REVIEW 

Currently, OCT developers rely on design and analysis algorithms developed by 

the wind and tidal turbine industries to predict the performance of their prototype 

systems. Numerical simulation results from the SNMREC (VanZwieten, et al., 2010) and 

system performance characterization studies carried out for horizontal axis tidal turbines, 

such as the SeaGen (Boake, 2010) and Verdant RITE (Colby, 2009) projects have 

identified water velocity,  tip speed ratio, electrical power output, overall system 

efficiency, shaft power, shaft torque and rotor efficiency as key metrics for characterizing 

the hydrodynamic and electromechanical performance of in-stream hydrokinetic turbines. 

These performance parameters rely heavily on current velocity, turbine motion and 

rotor/generator performance data. This chapter presents background information for the 

OCT characterization approach utilized throughout this study. Section 2.1 presents 

information from the wind and tidal turbine industries for conducting free stream water 

velocity measurements. Section 2.2 discusses possible motion measurement methods and 

their appropriateness for OCT applications. And finally, Section 2.3 presents work done 

within the OCT industry on characterizing rotor/generator performance.  

2.1 Measuring Relative Water Velocity 

For most in-stream hydrokinetic electricity production projects, the methods used 

for measuring the free stream water velocity (relative free stream water velocity since 
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devices are typically stationary) upstream from test devices are well accepted. For these 

bottom or barge-mounted tidal turbines, free stream water velocity data is collected over 

the swept area of the rotor using bottom-mounted acoustic Doppler current profilers 

(Colby, 2009) deployed at a known location upstream of the device. The placement of the 

profiler upstream of the rotor is very important to the overall accuracy of the study, as it 

is important that the device’s performance is characterized in relation to the power 

available from the undisturbed flow. Comparing turbine performance to free stream 

hydrokinetic power will incorporate losses caused by the device’s disruption of the flow 

just upstream of the rotor, and make turbine performance predictions based on resource 

assessment studies possible. However, the ocean depth at many of the potential OCT sites 

makes the conventional bottom-mounted flow measurement techniques inadequate. The 

proposed SNMREC deployment depth is over 300 meters (VanZwieten, et al., 2010) 

while the water depths of the SeaGen and RITE tidal turbine projects (where bottom-

mounted profilers are utilized) are only 28 (Boake, 2010) and 9 (Colby, 2009) meters, 

respectively. At deep-ocean depths, a bottom-mounted profiler will not have the 

temporal/spatial resolution or mobility needed to record high resolution water velocity 

over the rotor diameters of experimental systems during either towed testing or moored 

operations. Therefore, the sensor and data processing approaches used by the tidal 

industry to measure the flow velocity must be modified to accommodate suspended OCT 

testing by moving the profiler to the turbine platform. However, this senor arrangement 

introduces turbine motion and sensor placement issues that are not experienced by the 

wind and tidal turbine industries. To address turbine motion and sensor placement issues, 
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the remainder of this section presents rotor wake data taken from the wind and tidal 

turbine industry to specify an appropriate initial distance upstream of the rotor for free 

stream current measurements. It is anticipated that this distance will be refined for OCT 

testing once the device is in the water.    

In a study conducted by the Royal Institute of Technology in Stockholm, Sweden, 

it was found that a wind turbine operating at a tip speed ratio of 2.8 alters the flow field 

as far as 3 rotor diameters upstream of the hub (Medici, 2009). In the study, a velocity 

profile was measured using a combination of hot wire and PIV measurements at several 

diameters upstream of the rotor. The study was carried out for a rotor oriented 90 degrees 

to the flow and a rotor yawed 20 degrees to the flow direction (Figures 2.1 and 2.2). The 

contour lines in these figures show the velocity component normal to a rotor oriented 90 

degrees and 20 degrees to the flow. The color contours range from zero velocity (dark 

blue) to the undisturbed free stream velocity (dark red). Both axes are non-

dimensionalized with respect to the rotor diameter. Each data set in the study indicates 

that the rotor alters the flow velocity beyond 2 hydraulic diameters (equal to two rotor 

diameters for an in-stream hydrokinetic turbine) upstream. The study concludes that at 2 

diameters upstream of the rotor, the altered velocity field (when the turbine thrust 

coefficient is between 0.7 and 0.8) is 2% to 4% of the undisturbed free stream velocity.  
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Figure 2.1: PIV measurements upstream of a three-bladed turbine oriented 90	 degrees to the 
primary flow direction (Medici, 2009), where x is the rotational axis of the turbine and D is the 
hydraulic diameter. Figure does not show entire altered flow region (region exceeds ⁄ ) 

 

Figure 2.2: PIV measurements upstream of a three-bladed turbine oriented 20 degrees off the 
primary flow direction (Medici, 2009) 

Similar numerical studies carried out at the University of Manchester found that a 

near-field high pressure region occurs just upstream of a tidal turbine rotor (Grant, 2008). 

In the study, a turbine rotor was modeled as an actuator disk (porous plate) with an 

anticipated pressure profile to quantify the flow velocity around a horizontal tidal turbine 

rotor. The study found results for both unsteady and steady. Figure 2.3 illustrates the 

steady (thick red line) and unsteady (multi-colored thin lines) flow velocities surrounding 
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a simulated horizontal axis tidal turbine. In all flow conditions, there appears to a sharp 

decrease in flow velocity just upstream of the rotor. The figure shows that the flow 

decreases from the free stream value (4	 ⁄ , specified using the 1/7 power law) by 

approximately 25% over two hydraulic diameters (rotor diameter 20 meters) upstream of 

the rotor. From these studies, it has been concluded that a Doppler current profiler 

mounted to the exterior of the turbine must be oriented in such a way that it can record 

velocity measurements at least 3 hydraulic diameters upstream from the rotor.  

 

Figure 2.3: Streamwise velocity through a tidal turbine rotor. Dashed line represents rotor plane 
with the flow traveling from left to right. Streamwise distance (x-axis) is not normalized with respect 
to hydraulic diameter. (Grant, 2008) 

2.2 Measuring Turbine Motion 

During both moored and tow testing, OCTs will move in all six degrees of 

freedom with motions influenced by both the environment and mooring/tow 

configuration. To characterize the motions of an OCT, and to subtract these motions from 
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the relative motions recorded by current profiler sensors, it is important to incorporate 

sensors that can estimate the motions of the system into the instrumentation suite onboard 

the test turbine.  To remove the effect of the turbine’s motion on the relative free stream 

flow measurements, the angular velocities of the turbine must be utilized. The measured 

velocities induced by the rotational velocity of the turbine should be removed from the 

current measurements so that only the actual axial and off-axis components of the relative 

velocity are used when assessing the performance of the rotor. The motion data is also 

needed to characterize the influence of the environmental conditions on the stability and 

overall hydrodynamic performance of the turbine design.  

2.2.1 Background for Conducting Attitude and Motion Measurements 

This sub-section discusses the techniques commonly used to measure the motion 

of an underwater object. These methods are evaluated based on the numerically 

calculated motions of the experimental SNMREC turbine design in its nearly neutrally 

buoyant configuration (Vanrietvelde, 2009). The background on measurement techniques 

and numerical results provide the justification for the motion measurement methodology 

and sensor selection discussed in Chapters 3 and 4.  

Initial estimates of suspended OCT motion have been calculated using numerical 

models (VanZwieten, et al., 2010). These results indicate that misalignments between the 

instantaneous flow direction and the rotational axis of the rotor may impact the 

performance of OCT rotors by up to 23% (in the case of a 30˚ off-axis flow), and result in 

coupled turbine yaw and pitching motions. OCT alignment with the flow will 
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significantly differ from wind and tidal turbine alignment due to the differences in turbine 

anchoring. Wind and tidal turbines are fixed to the ground and therefore only need flow 

direction to determine alignment. OCT alignment measurements require flow direction, 

turbine orientation and turbine angular velocity data. The process of fusing flow direction 

and turbine housing angular velocity data is incorporated to characterize the relative flow 

field and identify misalignments between the rotor and flow. 

Options for underwater motion tracking typically fall in one of two categories. 

The first category uses a process known as dead reckoning. Dead reckoning systems use 

an object’s measured acceleration, speed, and/or rate of turn to form a continuously 

updated position estimate. The Inertial Measurement Unit (IMU) and Doppler Velocity 

Log (DVL) represent the current state of the art in dead reckoning motion tracking 

systems (Bon, 2007). The IMU uses a three-dimensional accelerometer, three rate gyros 

and a three-dimensional magnetometer to measure the translational and rotational 

accelerations of an object at rates well over 100 Hz (XSENS, 2009). Acceleration data 

from an IMU can be integrated twice to calculate position if the initial velocity and 

positions are known. Alternatively, velocity data from the DVL can be integrated to 

determine position if the initial position is known. DVL systems use Doppler technology 

to measure the 2-dimensional velocity of the sea floor beneath the object. DVL sensors 

also have integrated pressure, tilt and magnetometer sensors to provide the object’s depth, 

attitude and heading. Both systems are characterized by relatively fast update rates, small 

size and low power requirements (Bon, 2007). However, since they do not directly 

measure position, they are susceptible to the “slow, but unlimited, increasing (drift) 
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errors” from the integration of sensor bias (XSENS, 2009). The size and update rates of 

both sensors make them good candidates for a turbine motion monitoring package. 

However, DVL systems are significantly more expensive and must remain close enough 

to the bottom to maintain a good return signal. The additional cost and near-bottom 

operating constraints of DVL systems make the IMU the more attractive dead reckoning 

option for this study.   

The second category involves the direct measurement of an object’s location. This 

is typically done underwater using an acoustic array system. These systems rely on 

triangulation and phase delay estimates to determine the distance from an acoustic source 

to an array of three or more transceivers in a known geometry (Bon, 2007). In this 

configuration, an acoustic signal transmitted by the object of interest will be received by 

each element of the listening array. The difference in time between the transmission and 

reception of this signal can be used to calculate the position of the transmitter in relation 

to the geometry of the array. These systems can calculate drift free location 

measurements over very long deployment times. However, the sampling rate of these 

systems is relatively slow due to the dependence on sound travel and the significant 

amount of onboard processing needed to process each transmission. Variations of these 

sensor arrays include Long Baseline (LBL), Short Baseline (SBL) and Ultra Short 

Baseline (USBL) and are classified according to distance between receivers. LBL 

systems are typically installed on the sea floor and could potentially provide drift free 

measurements of an OCT suspended at a location where it can acoustically communicate 

with at least three of the bottom mounted transducers. Unfortunately, this would require 
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the careful placement and maintenance of an array in water depths up to 800 meters. 

Depending on the target deployment depth, a SBL or USBL system could be mounted on 

a surface support buoy or vessel. At this time, however, it cannot be assumed that every 

OCT design will incorporate a surface buoy, or that the candidate deployment site will 

have a LBL system. Although an acoustic array would provide a bias-free, direct 

measurement system, the logistics and limitations associated with technology do not line 

up with the objectives of the measurement system desired for this study. Although the 

price and logistical challenges associated with these units currently keep them outside the 

scope of this study, they are possible areas of development in the future. These systems 

could be used in coordination with the chosen IMU sensor to eliminate the drift 

associated with the dead reckoning approach.  

Based on this information, it can be concluded that an IMU dead reckoning 

system is the best solution for this turbine performance study, and that a baseline array 

system could potentially be added to provide drift free position measurements to the 

recorded data. The IMU has the smallest physical dimensions, fastest update rates and 

measures accelerations in all three degrees-of-freedom, rotation rates about three axes 

and attitude. The IMU’s accelerometers and rate gyros will provide the data needed to 

measure the turbine’s motion and remove rotational velocities from measured relative 

flow speeds.  

2.3 Quantifying rotor performance 

Similar to the wind and tidal turbine industry, the performance of the rotor is 
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evaluated based on shaft torque, shaft power, rotor efficiency and the incoming flow field 

(Boake, 2010). However, during initial testing, the SNMREC’s prototype turbine will not 

have sensors that directly measure the torque being applied to the shaft by the rotor. 

Because this important parameter will not be measured, dynamometer results for the 

electric generator are used to establish relationships between shaft RPM, electrical power 

output, and electromechanical efficiency as presented in (VanZwieten, et al., 2011) 

except with additional data used to calculate the data presented in Figure 2.4. These 

relationships allow the electromechanical efficiency to be interpolated from a lookup 

table as a function of shaft RPM and electrical power output. The plot was generated 

using the SNMREC’s dynamometer facility and the electric generator that is scheduled to 

be installed on the SNMREC’s experimental turbine. Shaft power can then be calculated 

by dividing the electrical power output by the characterized efficiency. Once this 

relationship is known, the shaft torque at any RPM can be calculated using the 

relationship of shaft torque multiplied by rotor rotational velocity (in ⁄ ) equals 

shaft power.  
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Figure 2.4: Turbine electromechanical efficiency based on RPM and generator power output  
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3 METRICS OF OCT PERFORMANCE 

This chapter presents several metrics important for quantifying the hydrodynamic 

performance of OCTs. It begins with an overview of coordinate systems and kinematics, 

and then presents the background, required measurements and kinematic relationships for 

each metric. The performance metrics quantified in this study include the: relative free 

stream water velocity, tip speed ratio, overall system efficiency, electric power output, 

shaft power, shaft torque and rotor efficiency. The measurement techniques and 

calculations discussed in this chapter will be used in Chapters 5 and 6 to develop post-

processing algorithms for experimentally-collected OCT performance data. The chapter 

concludes with a description of the custom sensor system designed as part of this thesis 

for OCT performance characterizations.   

A consistent notation convention is utilized throughout this document to help the 

reader identify a variable’s type and frame of reference. Bold variables are used to 

represent vector and matrix parameters while unbolded variables represent scalar values. 

Variables are capitalized if they represent a parameter in the inertial frame of reference.  

3.1 Coordinate Systems and Kinematics 

Four coordinate systems have been utilized in the development of turbine 

performance metrics, sensor models and performance algorithms. They include: an earth-
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fixed coordinate system that is assumed to be inertial for this study (North, East Down), a 

turbine body fixed coordinate system and two sensor fixed coordinate systems. Figure 3.1 

shows the position and orientation of the inertial and body fixed frames of reference. The 

inertial coordinate system, , lays on the free surface and is fixed with respect to the 

earth. The  direction points north, the  points east and the  points down with rotations 

about its axes defined as ,  and  respectively. The origin of the turbine body fixed 

frame of reference, , is located at the center of the rotor hub and is fixed to the turbine 

housing. The ,  and  axes point along the longitudinal axis of the turbine from the 

rotor hub forward, starboard and down respectively. The sensor fixed coordinate systems 

are aligned with the body fixed coordinate system, but have different origins. The origin 

of the IMU fixed coordinate frame is shown on the sensor base plate (XSENS, 2009), 

while the origin of the Aquadopp profiler coordinate system is at the geometric center of 

the transducer heads (NORTEK AS, 2008). 

The linear velocity at any point on the turbine is calculated using rigid body 

kinematic relationships and the known location of the point of interest in . The point’s 

velocity in 	is calculated using the following relationship (Bedford, et al., 1995):  

,       (3.1) 

where  is the velocity of the location of interest,  is the linear velocity of the turbine 

housing at the center of rotor hub in the body fixed frame,  is the angular velocity of 

the turbine and  is the displacement vector from the rotor hub to point .  
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Figure 3.1: SNMREC’s experimental ocean current turbine, along with the body fixed and inertial 
coordinate systems  

3.2 Relative Free stream Velocity 

The relative free stream velocity is defined in this thesis as the instantaneous 

relative flow velocity measured upstream from the center of the Aquadopp profiler, and 

just outside of the flow impacted by the turbine, with respect to the center of the rotor 

hub. Typically the undisturbed flow location is considered to begin 3-5 rotor diameters 

upstream of the rotor (Medici, 2009).  The exact distance used for processing 

experimental data will be determined from future at-sea measurements. An acoustic 

Doppler profiler, mounted to the turbine housing and aligned with the -axis will provide 
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the spatial and temporal distribution of the relative flow velocity between the water and 

the sensor head. Since the turbine is free to move in all six degrees of freedom, turbine 

angular velocity data is needed to transform body-fixed current velocity measurements 

made relative to the sensor head to the center of the hub. Taking this into account, the 

instantaneous relative flow velocity is calculated from:  

,       (3.2) 

where  is the instantaneous relative flow velocity in  measured just outside of the 

experimentally validated upstream altered flow region,  is the relative velocity vector 

measured by the Aquadopp profiler,  is the distance vector from the center of the rotor 

hub to the profiler’s transducer head and  is the angular velocity of the turbine 

measured using the installed IMU. Equation (3.2) was derived from equation (3.1). In this 

case, the velocities induced by the turbine’s rotational velocity have been subtracted from 

the profiled velocities to isolate the actual, relative flow velocity.  

	

3.3 Tip Speed Ratio 

The tip speed ratio, λ, defines the relationship between the relative free stream 

current speed and the rotational rate of the rotor (Ragheb, 2011). The relationship 

requires a known rotor radius, the rotor rotational velocity as measured from a shaft 

encoder, the rotational rate of the turbine as measured by an IMU and the relative 

velocity of the free stream as measured by a Doppler current profiler data. The L2 Norm 

of the relative current velocity calculated using equation (3.2) is used to calculate the 
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relative free stream speed (Weisstein, 2012): 

U ‖ ‖ u u u ,       (3.3) 

where ,  and  are the ,  and  components of the relative free stream velocity 

vector, . The absolute rotational rate of the rotor, including the rotational velocity of 

the turbine itself, will be used to calculate λ. Therefore, the instantaneous roll, , of the 

turbine housing is added to the measured relative rotational rate of the rotor, , to 

calculate the rotational velocity of the rotor:  

.      (3.4) 

Using the absolute rotational rate of the rotor and current speed, λ is calculated as 

follows:  

,         (3.5) 

where λ is the instantaneous tip speed ratio,   is the relative rotor rotational rate and  is 

the radius of the rotor. A low tip speed ratio implies that the rotational velocity of the 

rotor is relatively slow, and that much of the flow is undisturbed as it passes through the 

rotor swept area. A high tip speed ratio will suggest that the rotor is spinning relatively 

fast for the current conditions, and will lead to over-disruption of the flow (Ragheb, 

2011). For turbines designed to operate at a constant tip speed ratio, large variations in λ 

could be an indication that the rotor or electric generator assembly is not responding 

properly to changes in current velocity.  
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3.4 Turbine Electric Power Output 

The system’s electrical power output is defined as the electrical power output 

from the electric generator measured at the point of grid or battery connection (Chen, et 

al., 2009). The term generator is defined here as the motor and gearing needed for 

electrical energy generation. In the case of the SNMREC experimental turbine, the RPM, 

shaft torque and output power of the generator are controlled by a closed-loop Variable 

Frequency Drive (VFD) system. The VFD will be used in field testing to collect 

instantaneous power output measurements. The power output of the generator is 

calculated and output by the turbine’s VFD using the following relationship (Phoenix, 

2012): 

√3
1000 ,      (3.6) 

where  is the instantaneous electrical power output of the turbine,  is the root mean 

square output voltage,  is the maximum overload current of the drive. 

3.5 Overall System Efficiency 

The overall energy conversion efficiency is defined as the ratio of the turbine’s 

electrical power output (equation 3.6) to the calculated kinetic energy flux of the flow 

through an area equivalent to the swept area of the rotor blades. This metric quantifies the 

overall combined efficiency of the rotor, gearing and electric generation process. The 

relative flow speed calculated just upstream of the area influenced by the turbine 

(equation 3.3) and the swept area of the rotor are needed to quantify the available kinetic 
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energy. The overall system efficiency is calculated as follows:  

,       (3.7) 

where  is the instantaneous system efficiency, ρ is the density of seawater 

1024	 ⁄  and  is the swept area of the rotor.  

Dynamometer testing has found that the SNMREC’s 20 kW generator will operate 

at 60-80% efficiency for rotor RPM values of 20 to 60 at water velocities up to 1.5	 ⁄  

(VanZwieten, et al., 2011). Calculations based on manufacturer specified nameplate 

efficiencies suggest a maximum generator efficiency of 83% (VanZwieten, et al., 2011). 

When combined with a maximum rotor hydrodynamic efficiency of 59.3%, specified by 

the Betz constant, the overall maximum efficiency of the system is 49.2% (Ragheb, 

2011). Therefore, the measured  should not exceed 0.492. Any values exceeding 

0.492 would indicate that there is likely an error in the data collection process or that the 

turbine is being operated in an extremely dynamic environment. 

3.6 Rotor Performance 

Rotor shaft torque and power are commonly used to evaluate the hydrodynamic 

efficiency of a turbine rotor. Rotor shaft torque is defined as the moment on the rotor 

shaft about the -axis. Shaft power is defined as the product of the shaft torque and 

rotational velocity. The shaft power can be estimated from electric power output and 

rotor RPM measurements once the efficiency of the generator has been characterized for 

varying system states (VanZwieten, et al., 2011).  
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The mechanical efficiency of the generator will be interpolated from a 

dynamometer-generated efficiency matrix using the electric power output and relative 

rotor RPM. The shaft power will then be calculated using the following relationship:  

,       (3.8) 

where  is the calculated shaft power,  is the measured electrical power and  

is the efficiency of the generator calculated using the RPM and  measurements. For 

example, at a shaft RPM of 50 and power output of 4 kW, the generator will have an 

efficiency of approximately 70% (Figure 2.4) and a calculated shaft power of 5.7 kW. 

The applied rotor torque can then be found from the calculated shaft power 

measurements. Rotor shaft torque is calculated from the measured relative rotor rotational 

velocity and calculated shaft power data as follows:     

,      (3.9) 

where  is the applied rotor torque.  

Rotor efficiency is defined as the effectiveness in which the rotor converts the 

current’s kinetic energy into mechanical shaft power. A rotor efficiency approaching the 

Betz limit of 0.593 would indicate that the rotor is extracting the theoretical maximum 

amount of power possible from the flow (Ragheb, 2011). The predicted maximum 

efficiency of the SNMREC’s rotor has been found using both Computational Fluid 

Dynamics CFD and Reynolds Averaged Navier Stokes (RANS) equations to be between 

0.483 and 0.488 at a current speed of 1.5	 ⁄  and 50 RPM’s (Borghi, et al., 2011). The 
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efficiency of the rotor will be calculated from experimental data as follows: 

,    (3.10) 

where  is defined as the instantaneous rotor efficiency. 

3.7 Custom Sensor System 

To measure and record the data required for the performance assessment of 

experimental ocean current turbines (Sections 3.2-3.6), a custom sensor package and data 

acquisition system has been designed as part of this thesis. The ocean current turbine 

performance assessment approach discussed in this thesis utilizes this turbine 

performance sensor and data acquisition package. The design of the sensor package is 

modular and adaptable to accommodate various turbine systems. It is relatively small and 

has the ability to operate as a fully-integrated or stand-alone system to accommodate 

variations in turbine data management systems.  

The sensing package includes two acoustic Doppler profilers, as seen in the 

Figure 3.2, which generates three-dimensional profiles of the relative current velocity. An 

integrated IMU measures the angular velocities and linear accelerations of a turbine, as 

well as tilt and heading. Angular velocity data are used to remove the turbine’s motions 

from profiler data to determine the relative flow velocities. This data sensing package is 

designed so that it can accommodate and record external inputs including rotor RPM and 

electrical generator output data from monitoring systems onboard a turbine. Using these 

data, along with generator efficiencies derived from dynamometer-generated generator 
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efficiency calculations, an OCT’s hydrodynamic and total efficiencies are quantified as a 

function of flow speed and rotor rotational velocity.  

 

Figure 3.2: Rendering of the SNMREC experimental research turbine sensor system 
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4 NUMERICAL SENSOR MODELING 

This chapter presents the characteristics of IMU and current profiler data error, 

and the numerical models utilized to include these errors into the synthesized 

measurements created from numeric simulation results. Although a shaft encoder and 

variable frequency drive system are required to collect rotor RPM and electrical power 

output data, they were left out of this study because they are not specific to the proposed 

sensor system. The sensor models developed in this work are utilized to quantify the 

magnitudes and the time scales of the major error sources as a function of sensor settings.  

The chapter is divided according to data type. The first subsection is dedicated to 

the development of inertial data modeling. This subsection discusses some of the main 

error sources that dominate an IMU output, and characterizes the raw data of the XSENS 

MTi’s rate gyros and accelerometers. A numerical model is also presented that predicts 

the sensor’s output by adding the characterized sensor error to the actual rotational 

velocity and acceleration data. The second subsection discusses the calculated Euler 

output data characteristics and the model used to simulate the error. The chapter’s third 

subsection presents the numerical model for the Aquadopp. Output data and error source 

characteristics are presented for varying flow conditions and sensor settings. This 

subsection concludes with a technical description and validation of the Aquadopp 
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numerical model. 

4.1 Inertial Data Modeling 

A numerical model of an XSENS MTi IMU is presented in this section, which is 

utilized to predict sensor-specific error and noise in the acceleration and angular velocity 

outputs of the sensor. Section 4.1.1 presents a methodology for quantifying and modeling 

the error mechanisms that dominate rate gyro and accelerometer outputs. Section 4.1.2 

presents the sensor measurements utilized to determine error model coefficients. These 

error mechanisms are identified and modeled in Section 4.1.3, so that they can be utilized 

to create synthesized measurements when added to numerical simulation results 

presented in Chapter 5. In Section 4.1.4, the effectiveness of the model is tested by 

running the same statistical analysis on both the modeled and the measured data and 

comparing the results.  

4.1.1 Methodology for Modeling Inertial Data 

This section develops a numerical model of rate gyro and accelerometer error 

under the assumption that the sensor output can be modeled as the combination of a true 

turbine rotation rate  or acceleration , a constant bias , a moving bias   

and wide band sensor noise  (Flenniken IV, et al., 2005). The subscript, , indicates 

that the variable pertains to the inertial (rate gyro and accelerometer) data collected by the 

IMU. It is later broken into components,  and , to distinguish between rate gyro 

and accelerometer inertial sensors. It is assumed that the constant bias is the result of the 

ambient temperature and local magnetic field and does not change over time as long as 
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the sensor remains in the same general environment. The moving bias term is assumed to 

be a consequence of integrating random error. The wide band noise component of the 

signal is assumed to be normally distributed and uncorrelated to the rotation rate or 

acceleration of the sensor. The model is broken into  and  components in equations 

(4.1) and (4.2).  The synthesized measurement (errors + measurements) values are used in 

equations (4.1) and (4.2) to evaluate the impact of sensor error on the accuracy of the 

performance assessment results. The synthesized sensor outputs for the rate gyro and 

accelerometer are calculated from: 

,      (4.1) 

.        (4.2) 

Flenniken et al (2005) proposed a method of characterizing the constant offset, moving 

bias and wide band noise present in an IMU signal by calculating the mean and the Allan 

variance of collected data. He proposed that the constant offset for the measured inertial 

(rate gyro and accelerometer) data, , could be calculated for a data set containing q data 

points by taking the mean of each stationary sensor variable using: 

1 ∑ ,       (4.3) 

where  is the measured inertial data and s is the sample number. Flenniken et al (2005) 

suggested a method of modeling  and  by studying the change in the Allan variance 

with respect to averaging time. The Allan variance calculates the power of the signal as a 

function of averaging time using an M-sample variance method. The resulting plots show 
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the dependence of stability on averaging time, and can therefore be linked to particular 

types of walking bias and noise. Once the type of walking bias and noise are known for 

the time scale of interest, the proper differential equation or modeling technique can be 

developed to calculate the coefficients  and  for equations (4.1) and (4.2). The 

signal’s Allan variance is calculated using the following relationship: 

    , , 	 ∑ ∑ 	      (4.4) 

where  , ,  is the Allan variance of the signal for a given number of frequency 

samples , time between frequency samples  and time-length of each frequency 

estimate . Once the Allan variance has been calculated, its slope is determined from:  

,      (4.5) 

where  and  are points on the Allan variance plot relative to the sampling frequency 

of interest (Flenniken IV, et al., 2005). The calculated slope can be matched with the 

closest slope shown in Table 4.1 to identify the dominant error mechanism.  
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Table 4.1: Common IMU error mechanisms and their Allan variance slopes  

Error Mechanism Allan variance Slope 

Wide Band Noise -0.5 

Exponentially Correlated Noise 
(1st order Gauss-Markov Process) 0.5 

Rate Random Walk 0.5 

Linear Rate Ramp 1 

Quantization Noise -1 

Sinusoidal Input 1 

Flicker Noise 0 

 

 Once the dominant error signals within the data set have been classified, the 

sensor’s output signal can be replicated through the superposition of the compliment 

signals, as specified in equations (4.1) and (4.2). If the Allan variance results conclude 

that the dominating error mechanism changes throughout the time scale of interest, 

equations (4.1) and (4.2) would become parametric equations.  For example, if the sensor 

error is dominated by wide band noise at short time scales, followed by an exponentially 

correlated noise dominated signal at larger time scales, the b parameter of equation (4.1) 

and (4.2) can be set to 0 for time scales up to the transition point where the dominant 

signal changes and then changed to the defined walking bias matrix for longer time 

scales.  

4.1.2 Raw Inertial Data Characteristics 

Calibrated rate gyro and accelerometer data from three, 75-minute (45,000 

sample) static bench tests (henceforth, sequentially called Tests 1-3)were collected to 
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characterize the sensor’s inherent bias, drift and noise using the process outlined in 

Section 4.1.1. The MTi sensor has an internal calibration sequence based on a physical 

model of the response of the sensors to various physical quantities, such as temperature 

and internal misalignment (XSENS, 2009). The duration of the tests was chosen to 

accommodate the recommended 15 minute, sensor warm-up time followed by a one-hour 

(36,000 sample) data set. The output rate of the sensor was decreased from the default 

100 Hz to 10 Hz to reduce processing time. This did not impact any of the internal 

processing utilized by the sensor, but only impacted the number of data points that were 

stored. The influence of the local acceleration due to gravity on the three-axis 

accelerometer data is proportional to the tilt of the sensor. Since the tilt output of the 

sensor was also under investigation and the tilt of the test surface and local gravitational 

field was not precisely known, the measured local gravitational acceleration was removed 

from the accelerometer data by subtracting the mean of the data set from the 

instantaneous output using:  

,      (4.6) 

where  is the accelerometer data matrix after the mean has been removed,  is the 

measured acceleration matrix and  is the mean acceleration vector measured by the 

sensor. The time histories of the accelerometer data from Test 3 with the mean removed 

are presented in Figure 4.1. The time histories of the raw rate gyro data output from Test 

3 are presented in Figure 4.2.  
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Figure 4.1: XSENS MTi static accelerometer output for Test 3 

 

Figure 4.2: XSENS MTi static rate gyro output for Test 3  
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All three tests provided data sets that contain very similar trends to those 

presented in Figures 4.1 and 4.2. Table 4.2 shows the mean, standard deviation and peak 

to peak values from the three tests. These data show that the accelerometers and rate 

gyros displayed similar bias, drift and noise characteristics along all three axes. The 

average of the measurements’ mean provide the constant bias for the rate gyro, 

0.0027 0.0041 0.0054 , used in the developed model. Since the mean was 

removed from the acceleration data (because the tilt of the sensor was not precisely 

known during these experiments) it was assumed that the measured acceleration did not 

contain a bias, 0 0 0 	 ⁄ . The averages, standard deviations and peak to 

peak values of the measured data sets are used to help verify the accuracy of the modeled 

signal in Section 4.1.3.   

Table 4.2: Statistics from the static MTi accelerometer and rate gyro data. The three separate test 
results separated by semicolons with their mean provided in the cell below. 

Data Set Mean  
⁄  

Standard Deviation 
⁄

Peak to Peak
 ⁄  

 NA 0.0093; 0.0105; 0.0089 0.1097; 0.0771; 0.0730

Average NA 0.0096 0.0866 
 NA 0.0095; 0.0086; 0.0089 0.0753; 0.0727; 0.0680

Average NA 0.0090 0.0720 
 NA 0.0093; 0.0088; 0.0088 0.1379; 0.0676; 0.0694

Average NA 0.0090 0.0916 

Data Set Mean 	
⁄  

Standard Deviation 
⁄

Peak to Peak 
⁄  

 0.0031; 0.0024; 0.0026 0.0059; 0.0057; 0.0057 0.0490; 0.0466; 0.0487

Average 0.0027 0.0058 0.0481 
 0.0053; 0.0035; 0.0035 0.0064; 0.0063; 0.0064 0.0553; 0.0566; 0.0522

Average 0.0041 0.0064 0.0547 
 0.0053; 0.0055; 0.0054 0.0055; 0.0054; 0.0054 0.0473; 0.0425; 0.0460

Average 0.0054 0.0054 0.0453 
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4.1.3 XSENS MTi Inertial Sensor Allan Variance Results 

This section presents the sensor specific Allan variance results that are utilized to 

model the chosen sensor following the approach suggested in equations (4.1) and (4.2). 

These results include the  and slope from the Allan variance analysis, which are 

both utilized in the calculation of the error model. Equation (4.4) is used to calculate the 

Allan variance of the rate gyro and accelerometer data presented in Section 4.1.2. The 

results of the measured Allan variance are used to identify the standard deviation of the 

Gaussian noise and determine if error in the signal is impacted by a walking bias. Figure 

4.3 shows the Allan variance of the rate gyro data about the , ,  axes respectively for 

each of the three runs.  

 

Figure 4.3: Allan variance analysis of raw rate gyro data ⁄  
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The results presented in Figure 4.3 show similar trends, both between the three 

axes and three consecutive runs. The variance of the wide band noise, found at 

, only varies from 1.609	 	10 	 ⁄  to 1.903	 	10 	 ⁄  between the 

three runs and about all three axes (second column of Table 4.3). The slope of the Allan 

variance curves approached -0.5 in all runs (third column of Table 4.3). According to 

Flenniken (2005), this indicates that the signal is dominated by wide band noise with 

negligible walking bias, 0 0 0 . The average variance of ,  and  axes 

respectively are 0.001736, 0.001893 and 0.001621. These are the values utilized in the 

developed specific sensor model. Since the rate gyro Allan variance did not reach a 

minimum value within the evaluated 1800 seconds, it was assumed that the bias stability 

( or time it takes for the dominant source of error to chance) is greater than 1800 seconds.  

Table 4.3: Allan variance results of raw rate gyro data. The results from each of the three tests are 
separated by semicolons, with the mean values that will be used for the error model given in the 
following row. 

Data Set  
⁄  

Slope 
 

 0.001735; 0.00173; 0.001744 -0.35; -0.4; -0.43 > 1800 

Average 0.001736 -0.39 NA 

 0.001903; 0.001874; 0.001902 -0.42; -0.39; -0.43 > 1800 

Average 0.001893 -0.41 NA 

 0.001609; 0.001628; 0.001626 -0.44; -0.47; -0.4 > 1800 

Average 0.001621 -0.44 NA 
 

Figure 4.4 shows the three-axis accelerometer Allan variance results from the 

three collected data sets for time averages ranging from 1 to 1800 seconds. These plots 

correspond to the ,  and  axes respectively. The results show that the accelerometer 
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bias along the ,  and  axes fluctuates in roughly the same manner for all three 

accelerometer data sets. Variations in the results at large time scales (right side of the 

figures) indicate that the dominate source of error in the output may be in a state of 

transition from wide band noise to exponentially correlated noise drift. This is shown by 

slightly positive slope at large time scales.  

 

Figure 4.4: Allan variance analysis of raw accelerometer data ⁄  

Table 4.4 illustrates that, like the rate gyro output, the output of the accelerometer 

is dominated by wide band noise (due to a slope of approximately -0.5), and that other 

error sources are negligible for small averaging 

times,	 0.002629 0.002740 0.002756 	 ⁄ , 

0 0 0 	 ⁄ . The results also showed that the bias changes at time scales greater 



 
39 
 
 

than 1252 seconds for all axes. For this simulation, it is assumed that accelerometer data 

from offshore turbine testing will be averaged on time scales much smaller than 1253 

seconds, meaning that  would be a zero matrix.  

Table 4.4: Allan variance results of raw accelerometer data 

Data Set  
⁄  

Slope .

⁄

 0.002763; 0.002563; 0.002563 -0.47; -0.38; -0.45 1327; 527; 1094

Average 0.002629 -0.43 1252 
 0.002957; 0.002699 ; 0.002563 -0.44; -0.37; -0.41 962; 1451; 1705

Average 0.002740 -0.41 1373 
 0.002896; 0.002686; 0.002686 -0.45; -0.32; -0.34 1800; 705; 1516

Average 0.002756 -0.37 1303 
 

4.1.4 XSENS MTi Inertial Sensor Modeling Results 

Inputs for the rate gyro and accelerometer numerical models, equations (4.1) and 

(4.2), are derived from the Allan variance results calculated in Section 4.1.2 and 4.1.3. 

The Allan variance analysis shows that the error signal could be modeled as white 

Gaussian noise with a constant offset and negligible drift. The constant offset vector, 

, for the accelerometer signal is modeled as zero since the actual offset is removed 

when the acceleration induced by the local gravitational field is removed. The walking 

bias term of both models is also removed because the Allan variance results showed that 

the error is dominated by white sensor noise. For white sensor noise, the signal is 

modeled by multiplying the standard deviation of the measured data with a normally 

distributed pseudorandom number vector that has a zero mean and standard deviation of 

one, with a different random number utilized each for each discrete synthesized sensor 



 
40 
 
 

measurement. This noise signal is added to the modeled constant offset, , parameter to 

develop a modeled sensor error output. The values of ,  and 	 utilized in 

equations (4.7) and (4.8) to model the selected sensor are:   

0
0
0

0
0
0

0.0081
0.0085
0.0085

.        (4.7)   

0.0027
0.0041
0.0054

0
0
0

0.0055
0.0060
0.0051

       (4.8)   

 

where  is a 3x1 random number matrix with Gaussian distributed values 

regenerated at each synthesized sensor measurement.  

A sample output of the model is shown in Figure 4.5, where time histories of the 

recorded rotation rate about the -axis (test 3) are compared with the model generated 

time history. The two data sets have nearly the same mean and peak to peak value, 0.043 

for the synthesized measurements and 0.046 for the actual measurements. The Allan 

variance of this numerically generated signal is compared to the Allan variance of the 

measured signal to validate the noise generator coefficients. Figure 4.6 shows an Allan 

variance comparison of the 3-axis actual (test 3) and modeled accelerometer data. The 

Allan variance analysis revealed that the modeled and actual signals have very similar 

noise characteristics for time averages up to approximately 5-10 minutes (300-600 

seconds). Figure 4.7 shows the same comparison for the actual (test 3) and modeled rate 

gyro data. The Allan variance analysis of the rate gyro signals show noise agreement over 
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the entire evaluated range of averaging times up to 30 minutes. These signals are not 

expected to be a perfect match since the data used to generate the modeled signal was 

taken from the average of three runs, the error source was approximated as being made 

up of only a bias and white noise while ignoring second order components and a random 

number generator was utilized. However, they do show that the developed model creates 

data sets that are qualitatively similar to those produced by the actual sensor.       

 

Figure 4.5: Time domain comparison of test 3 data and modeled rate gyro data 
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Figure 4.6: Allan variance comparison of modeled and test 3 accelerometer data 

 

Figure 4.7: Allan variance comparison of modeled and test 3 rate gyro data 
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The Allan variance analysis of the modeled and actual accelerometer and rate 

gyro outputs shows that the two signals display similar characteristics (Table 4.5). The 

average difference between the modeled and actual wide band noise variance for the rate 

gyro and accelerometer are 0.00043 ⁄  and 0.00013 ⁄ , respectively, 

14.5% and 7% of the mean recorded variances, respectively. Similarly, the differences in 

the Allan variance slope of the modeled and actual signals were 0.01 	 ⁄ ⁄  

and ⁄ ⁄ . Due to the assumption that the error signal was dominated by white 

Gaussian noise and that sensor bias could be neglected, it was important for the modeled 

and actual signals displayed similar bias stability estimates. A discrepancy in bias 

stability may have been an indication that sensor bias was present in the original signal. 

The largest difference in the estimated time scale of the bias stability, 406 seconds, 

occurred in the -axis rotational rate data. Overall, the Allan variance analysis of the 

modeled and actual sensor outputs has shown that the coefficients derived from the Allan 

variance of the raw sensor data provide an adequate representation of the signal.   

Table  4.5: Allan variance results of modeled and test 3 data. Allan variances of rate gyro and 
accelerometer data are given in ⁄  and ⁄ , respectively. 

Data Set 
 Slope .

Modeled Actual Modeled Actual Modeled Actual 

 0.003012 0.002563 -0.37 -0.45 1755 1094
 0.002962 0.002563 -0.39 -0.41 1779 1705
 0.003016 0.002686 -0.32 -0.34 1492 1516

 0.001627 0.001744 -0.39 -0.43 > 1800 1759 
 0.002136 0.001902 -0.38 -0.43 1394 > 1800 
 0.001679 0.001626 -0.39 -0.40 > 1800 > 1800 
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4.2 Euler Angle Data Modeling 

This section presents a method for numerically modeling the Euler angle output 

error of the XSENS MTi IMU. The developed numerical model integrates and filters rate 

gyro error model outputs, , to approximate the output error of the internal Kalman 

filter. Section 4.2.1 presents empirical Euler angle data, and describes the XKF-3 Kalman 

Filter. Section 4.2.2 presents a method for calculating the Euler angle errors from the 

previously presented rate gyro error model. Section 4.2.3 discusses the high pass filter 

that was used to remove the low frequency drift from the simulated Euler angle outputs. 

Section 4.2.4 uses the random variables generated in Equation 4.8 and a transformation 

matrix to create synthesized Euler estimates with the same characteristics as the Euler 

output from the MTi Kalman filter.    

4.2.1 Sensor Calculated Euler Angles 

The XSENS MTi IMU chosen for this study is a non-GPS aided device with 

integrated 3D magnetometers and an embedded processor capable of calculating roll, 

pitch and yaw, as well as outputting calibrated 3D linear acceleration, rate of turn and 

magnetic field data (XSENS, 2009). The MTi’s internal Kalman filter and magnetic field 

mapping algorithms merge 3D gyroscope, accelerometer and magnetometer data to 

correct for drift errors in calculated outputs. The MTi has been programmed to output 

calculated Euler orientation (roll, pitch and yaw), calibrated rotational velocity and 

accelerometer data to satisfy the measurement needs specified in Chapter 3.  

The 3 degree-of-freedom (DOF) orientation of the IMU is calculated by the 
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embedded processor’s attitude and heading referenced XKF-3 Kalman filter. The XKF-3 

algorithm uses the measured gravitation field and Earth magnetic north to compensate for 

the “slowly, but unlimited, increasing drift errors from the integration of rate of turn data 

(angular velocity from the rate gyros)” (XSENS, 2009).  The calculated roll and pitch of 

the sensor are stabilized using the measured accelerations. The algorithm utilized by the 

XKF-3 Kalman filter assumes that the average acceleration with respect to the measured 

gravitational acceleration over some period of time will be zero. The time frame over 

which this assumption is made is based on the quality of the rate gyro. According to 

XSENS, this time period is about 10-20 seconds for the MTi’s MEMS rate gyroscopes. 

The XKF-3 algorithm stabilizes the yaw estimate with magnetometer data. The algorithm 

converges on a local magnetic north estimate by tracking variations in the local magnetic 

field (greater than 10-20 seconds). The magnetic north estimate is then used to correct for 

drift in the yaw estimate.   

Raw data outputs from the XKF-3 filter are shown in Figure 4.8. The data was 

collected for 4500 seconds at 100 Hz (450,000 samples) in a stationary lab environment. 

The mean of the data set was removed in post processing to remove the unknown static 

angular displacement and isolate the noise. Once the mean was removed, the standard 

deviation and peak to peak variation of the signal was calculated to provide a basis of 

comparison for the modeled signals. The standard deviation and peak to peak height of 

the calculated roll, pitch and yaw are: 0.1943 0.278 0.3844  and 

1.2496 1.6558 1.7884   degrees respectively.   
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Figure 4.8: Euler data output with mean removed 

4.2.2 Modeling the Output of the XKF-3 Kalman Filter 

The XKF-3 Kalman Filter removes the low frequency error present in the 

integrated rate gyro data using accelerometer and magnetometer measurements to 

produce a nearly drift free Euler angle estimate (XSENS, 2009). Since the Kalman Filter 

is in itself an adaptive model that utilizes proprietary algorithms and coefficients, typical 

modeling approaches, such as the Allan variance approach, could not be used. Instead, it 

was assumed that the output of the Kalman filter would contain the high frequency 

components of the integrated rate gyro data. Under this assumption, the rate gyro model 

output, , can be integrated and then high pass filtered (using experimentally-derived 

cutoff frequencies) to calculate the Euler angles and remove the drift caused by the 
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integration of low frequency error.  

As seen in Figure 4.9, the integration of the rate gyro data, after removing the 

mean, produced a significant walking bias in the time domain.  

 

Figure 4.9: Comparison of integrated rate gyro and measured Euler angle data  

The measured Euler data and the integrated rate gyro data appear to agree higher 

frequencies. A fast Fourier Transform of both data sets is presented in Figure 4.10, 

showing that the two signals have nearly the same power spectral density at high 

frequencies, and poor agreement at frequencies below approximately 0.00167, 0.00167 

and 0.0125 Hz (600, 600, and 798 second periods). Therefore, it was concluded that a 

high pass filter with these coefficients should be used to remove the low frequency drift 

and isolate the desired high frequency variability observed in the raw Euler data output 
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(Figure 4.8).  

 

Figure 4.10: Fast Fourier Transform of the integrated rate gyro and measured Euler angle data 
 

4.2.3 Highpass Filtering 

To more accurately represent the Euler angle error, a highpass filter is utilized to 

remove the drift caused by the integration of high frequency noise. As seen in Figures 4.9 

and 4.10, the integrated rate gyro and measured Euler data did not agree at low 

frequencies due to the integration of sensor bias. A zero-phase forward and reverse 

second order Butterworth highpass filter was designed and implemented to remove the 

low frequency drift. The chosen roll, pitch and yaw cutoff frequenies correspond to 10 

min, 10 min and 13.3 min respectively based on the results in (Figure 4.10). Figure 4.11 

shows the agreement between modeled and measured Euler angle estimates for the entire 
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test duration. Table 4.6 provides a comparison of the standard deviation and peak to peak 

height for the integrated and filtered gyro data and sensor calculated Euler angle data. 

The tabulated results show that the modeled (with the high pass filter) and actual signals 

have an average standard deviation and peak to peak discrepansy of 0.037 and 0.3068 

degrees respectively.  

Table 4.6: Standard deviation and peak to peak height comparison of integrated and filtered gyro 
data and sensor calculated Euler angle data 

Data Set 
Standard Deviation (deg.) Peak to Peak (deg.) 

Gyro Sensor Gyro Sensor 
 0.2091 0.1943 1.7050 1.2496 
 0.2813 0.2780 1.7281 1.8056 
 0.2919 0.3844 1.8101 2.1975 

 

A fast Fourier transform of the two signals was calculated to validate that the 

modeled and actual signals are similar in the frequency domain. As seen in Figure 4.12, 

the highpass Butterworth filter decreased the power of the signal at low frequencies, 

while still preserving the signal at the desired higher frequencies. 
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Figure 4.11: Comparison of integrated and filtered rate gyro data to sensor calculated Euler angles  

 

Figure 4.12: Fast Fourier Transform Comparison of the integrated and filtered gyro data and the 
sensor calculated Euler angle output  
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Sensor calculated Euler angle data was measured at three different inclines to 

evaluate  the relationship between  the standard deviation and peak to peak height of the 

error signal for varying sensor attitudes. Table 4.7 shows the roll, pitch and yaw angles 

that correspond to the evaluated Euler angles. The roll and pitch angles were chosen to 

cover the maximim expected roll and pitch of the SNMREC OCT. The yaw angle was 

chosen randomly since the turbine’s heading will vary depending on the characteristics of 

the towed or moored test.  

Table  4.7: Evaluated tilt angles for Euler angle output error characterization  

Condition 
Roll 

(deg.) 
Pitch 
(deg.) 

Yaw 
(deg.) 

1 0 0 164 

2 15 15 91 

3 45 45 107 

 

Table 4.8 shows the standard deviation and peak to peak height of the error signal 

for each condition. The data were collected for 1 hour at an output rate of 100 Hz 

(360,000 samples). These results show similar error statistics over the expected tilt range, 

with a small increase in error with respect to tilt angle. The standard deviation of the 

sensor-calculated roll, pitch and yaw output increased almost linearly over the three 

evaluated tilt angles by 0.1223, 0.0066 and 0.1355 degrees respectively. The maximum 

standard deviation of the sensor-calculated Euler angle data (0.3166, 0.2846 and 0.5199) 

was 0.1075, 0.0037 and 0.2280 degrees greater than the standard deviation of the signal 

generated using the Euler angle model (Table 4.6). This maximum possible standard 

deviation offset is small when compared to the corresponding 45 degree inclination of the 
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turbine. Therefore, the constant error coefficients and corresponding modeling approach 

derived for zero pitch and roll were deemed sufficient for modeling the sensor over the 

expected operating conditions of an ocean current turbine. 

Table 4.8: Error statistics in roll, pitch and yaw outputs of the Kalman filter with respect to tilt angle 

Data 
Set 

Standard Deviation (deg.) Peak to Peak (deg.) 

1 2 3 1 2 3 

 0.1943 0.2710 0.3166 1.2496 1.5784 2.0604

 0.278 0.3402 0.2846 1.8056 1.9044 1.5546

 0.3844 0.4065 0.5199 2.1975 2.3158 2.9269

 

4.2.4 Method for Modeling Euler Angles from Modeled Rate Gyro Data 

This section presents Euler Angle estimates that were derived by combining the 

modeling techniques outlined in Sections 4.1 and 4.2. Each rate gyro data set is generated 

at 100 Hz (Figure 4.13) to match the internal measurement speed of the rate gyros 

according to Equation 4.8 (Section 4.1.3).  
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Figure 4.13: Time domain of rate gyro error model outputs in the body-fixed frame 

The rate gyro measurements are converted to the derivative of the Euler angles 

according to:  

,      (4.9) 

where   is the calculated derivative of the Euler angle vector, ϕ θ Ψ ,  

is the model generated angular velocity vector p q r  and  is the 

transformation matrix: 

1
0
0 / /

 .    (4.10)   

The Euler rotational rate vector 	is then integrated and then highpass filtered 

(according to Sections 4.2.2 to 4.2.4) to produce the model generated Euler angle error 
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vector, which is compared to the measured Euler angles in Figure (4.14). The time-

domain comparison shows that there is good statistical agreement between the modeled 

and sensor calculated Euler angle errors. These results are statistically similar to the 

results shown in Figure 4.11 for the Euler angles calculated from the measured rate gyro 

data. In fact, the difference in the standard deviation of the modeled and sensor calculated 

roll, pitch and yaw estimates were only 0.0600, 0.1038 and 0.2090 degrees respectively, 

with the model generated standard deviation being 69%, 62% and 45% of the measured 

data. Similarly, the peak to peak heights of the modeled and sensor calculated estimates 

varied by 0.2286, 0.6349 and 1.0638 degrees, with the model generated peak to peak 

values being 81%, 65% and 51% of the measured data. This indicates that the method of 

modeling Euler Angles from rate gyro model results is a good approximation of the error 

in the IMU Euler angle estimates. The agreement between the modeled and actual Euler 

Angles in the frequency domain is presented in Figure 4.15. The spectral analysis of the 

two signals shows that the model accurately reproduces the output the MTI’s Kalman 

filter for components of the signal having frequencies larger than approximately 0.001 

Hz.  
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Figure 4.14: Time-domain comparison of model generated and sensor calculated Euler angles errors 

 

Figure 4.15: Frequency-domain comparison of model generated and sensor calculated Euler angles 
errors  
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4.3 Numerical Modeling of Acoustic Doppler Current Profiler Error 

Since its adoption in the mid 1970’s, advances in acoustic Doppler current 

profiler technology have provided scientists and engineers a means of measuring three-

dimensional flow properties over user-specified control volumes and time spans with 

customizable spatial and temporal resolution (Nystron, et al., 2002). These devices emit 

multiple pulse coherent, broadband, or narrowband sound waves through a control 

volume and then measure the phase shift (or Doppler shift) of the return signal to 

calculate the velocity of the fluid’s suspended particulate along the axes of the acoustic 

beams. Three-dimensional flow velocity measurements are made possible by replicating 

this process with several transducers in a known geometry. However, this technique is 

susceptible to error caused by the “limitations of the signal generation and processing 

algorithms and the physical configuration of the instrument transducers” (Nystron, et al., 

2002). This error is kept in check by averaging many measurements per output ensemble 

(NORTEK AS, 2008). The error in the individual measurements, or ping, is primarily 

caused by the Doppler noise specific to each measurement bin and acoustic beam 

(Nystron, et al., 2002). The Doppler noise in bins close to the transducer head is primarily 

caused by transducer ringing while error in bins close to the maximum profiling range is 

affected by side lobe interference (Nystron, et al., 2002). However, the uncertainty of the 

velocity measurement can only be reduced so far by averaging, especially when high 

water velocity estimates are desired. Based on this characterization, it is assumed that the 

error present in the output of the profiler can be modeled by characterizing this 

uncertainty for varying sensor settings. This technique is applied in Section 4.3.1, where 
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the ensemble bias (noise in the output water velocity estimate) of the Aquadopp is 

characterized and then used to add sensor-specific noise to the velocity profiles used in 

the numerical simulation of the turbine. The impact of the characterized Aquadopp error 

on the overall accuracy of calculated turbine performance metrics is evaluated in 

Chapters 5 and 6.  

4.3.1 Characterizing Error in Aquadopp Data 

The Nortek software associated with the Aquadopp sensor provides an error 

prediction based on the error of a single ping and the number of pings that are averaged 

per output. They calculate the error per ping based on testing of the devices internal 

signal processing, filters and beam geometry. Factors, such as size of the transmit pulse, 

the measurement volume and the beam geometry, are also incorporated into Nortek’s 

error model. The final result is an expected standard deviation of the ensemble output 

from the sensor, shown as: 

√
,
      (4.11) 

where the subscript, , is used to indicate the mean of the pings per ensemble, 

iindicates the velocity measured at one ping and  is the number of pings averaged 

per ensemble. Nortek provides this data for velocity measurements both axial and 

transverse to the primary beam direction. Figure 4.16 shows these predictions based on 

the size of the measurement bin when the instrument is set to ping as quickly as possible 

for measurement range of 8 meters (the longer the range the slower the maximum ping 

rate). The predicted axial standard deviation is significantly lower than the transverse 
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estimate because Doppler profilers can only measure velocities along the axis of the 

acoustic beams, while the transverse measurements are made by slightly skewing the 

beams at known angles.       

 

Figure 4.16: Effect of spatial resolution on Aquadopp velocity measurement precision 

    A numerical model of the Aquadopp’s noise was generated based on the data 

gathered from the Aquadopp software at varying bin sizes (Figure 4.16). Figure 4.17 

shows the numerically modeled noise for axial velocity components using a bin size of 1 

meter with data output at 1 Hz (the maximum output rate for the sensor). In Chapter 5, 

the axial measurement noise will be added to the flow measurements along the turbine’s 

body-fixed  direction, and the modeled transverse measurement noise will be added to 

the velocity components relative to the turbine’s  and  axes to fully simulate the three-

dimensional output of the Aquadopp at its maximum output rate of 1 Hz.     
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Figure 4.17: Numerically modeled Aquadopp noise for axial velocity components with a 1 meter bin 
size and 1 second data output rate.  
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5 SIMULATED TURBINE MEASUREMENTS 

This chapter presents the simulated measurements that are utilized for calculating 

the performance metrics presented in Chapter 3. These measurements are obtained using 

numerical simulation based results for the SNMREC experimental OCT operating in the 

open ocean with the sensor error models developed in Chapter 4. Utilizing these results, a 

comparison is made between the simulated measurements with and without measurement 

error to quantify the impact that the selected sensors have on the calculating the 

performance predictions (Chapter 6). Section 5.1 provides background information on the 

numerical model that was used to predict the performance of SNMREC’s 20 kW 

experimental OCT, the algorithms used to predict electric power output from this system, 

and the numerical simulations that were run to quantify the system’s performance in the 

open ocean. Section 5.2 presents simulation-predicted IMU outputs (rate gyro and Euler 

angle outputs) that are utilized when quantifying turbine performance. Section 5.3 

presents the simulated measurements of the relative three-dimensional current velocity as 

calculated by the Aquadopp profiler model. Finally, Section 5.4 presents the simulated 

measurements of electric power. The simulated measurements presented in this Chapter 

are used in Chapter 6 to quantify the impact that the selected sensors and measurement 

techniques have on the calculated turbine performance.  
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5.1 OCT Numeric Simulations 

This section includes a brief overview of the hydrodynamic turbine model and 

numeric simulation utilized to predict turbine performance (Subsection 5.1.1). This 

subsection is followed by an overview of the generator simulation model and data 

acquisition models utilized to predict the electric power output of the OCT from the 

simulation results (Subsection 5.1.2). Finally, Subsection 5.1.3 presents the numerical 

simulations that are run to predict the performance of the OCT. 

5.1.1 OCT Numeric Model  

The turbine performance data presented in this Chapter was calculated using a 7-

DOF dynamics simulation of the SNMREC’s 20 kW turbine that was developed prior to 

this study by (Vanrietvelde, 2009) with the modifications presented by (VanZwieten, et 

al., 2010). This simulation includes a model of the cable that attaches the turbine to the 

main mooring line, an unsteady blade element momentum rotor model and a model that 

accounts for the hydrodynamic forces on the main turbine body and appendages. The 

simulation predicts the performance of the nearly neutrally buoyant turbine design 

presented in (VanZwieten, et al., 2010), which has a 3-bladed rotor (3 m diameter), is 1.5 

m long and a mass of 1680 kg.  

5.1.2 Electric Power Output Model 

The simulation used to predict OCT performance presented in (VanZwieten, et 

al., 2010) did not calculate the turbine electric power output, . Therefore, this 

Subsection contains the methodology utilized to calculate the turbine’s simulated electric 
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power output from the numerically calculated shaft power produced by the turbine 

simulation. To estimate the electric power generated by the ocean current turbine, the 

dynamometer-measured generator efficiencies (determined as a function of generator 

torque and RPM) from (VanZwieten, et al., 2011) are utilized, but with additional data 

points (Figure 5.1). The data contains information for rotational velocities from 10 RPM 

to 60 RPM to cover the rotational velocities expected in the presented numeric 

simulations and the RPM range of the system during at sea testing. Unfortunately, the 

entire estimated torque range that the system will likely be operated within is not covered 

in these preliminary dynamometer tests, and therefore when the simulation calculated 

shaft torque is not in the range evaluated using the dynamometer, the efficiency for the 

nearest evaluated shaft torque at the utilized RPM is used in the calculation (this is often 

the case for the 2.0 (m/s)/50 (RPM) simulations). The electric power output, without 

measurement noise and limitations, is calculated according to: 

,         (5.1) 

where  is the electric power estimate without measurement noise,  is the simulation 

based calculated torque,  is the simulated rotational velocity difference between the 

rotor rotational velocity and body rotational velocity and  is the efficiency calculated 

using the dynamometer data (Figure 5.1). 
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Figure 5.1: Generator efficiency as a function of shaft torque and rotor RPM (data from the 1.1 m/s 
and 1.6 m/s used in simulation) 

       To create a representative electric power time history, measurement noise, 

round off error and discrete sample rates are added to this data based on the measurement 

characteristics of the preliminary SNMREC dynamometer data acquisition system 

utilized at the time that the data were collected for (VanZwieten, et al., 2011) (while 

upgrades to this system are planned, this is approximately the same system that is being 

used by the SNMREC as of June 2012). This model first takes a snapshot of the 

calculated electric power, , at 1 Hz, to be consistent with the preliminary SNMREC 
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data acquisition system. Measurement noise is then added to this estimate based on the 

standard deviation of the measured dynamometer-generated time histories at different 

operating RPMs and averaged over the evaluated torques, 60 W for 25 RPM and 145 W 

for 50 RPM. The utilized data acquisition system also has a resolution of 100 W. 

Therefore, the resulting synthesized measured output data is rounded to the nearest 100 

W. The synthesized measured electric power is calculated from the 1 Hz calculated 

electric power according to: 

100 65        (5.2) 

for the 25 RPM simulations and 

100 145        (5.3) 

for the 50 RPM simulations, where  is the synthesized electric power measurements, 

100 rounds to the nearest multiple of 100 and  is a Gaussian distributed 

random number vector with a mean of 0 and a standard deviation of 1 ( ≫

65, 145	 ).  

5.1.3 Evaluated Simulation Parameters 

Four 10-minute (simulation interval) data sets were extracted from the numerical 

results to characterize the performance of the OCT in the open ocean, and to quantify the 

sensitivity of the performance predictions to sensor errors and operating conditions. Table 

5.1 shows the simulation settings that were varied between the four numerical 
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simulations.  

Table  5.1: Inputs for turbine performance simulation 

Simulation Input Data Set

1 2 3 4 
Current Velocity (m/s) 1 2 1 2 
Cable Attachment Depth (m) 10 10 20 20 
Rotor RPM 25 50 25 50 

    

For all evaluated numeric simulations, the current is modeled as having a fixed 

propagation direction of 0°, a current speed steady in both time and space and orbital 

velocities induced by free surface waves. The orbital water velocities induced by the 

fully-developed wave field were calculated once per simulated time step, and were based 

on a user-specified significant wave height (2.0 m), a mean wave propagation direction 

0° , wave frequency spectrum (Pierson-Moskowitz) and a directional spreading 

parameter cos "2 " : 25	 . The effect of the wave field on the moored turbine was 

analyzed using a 91 m cable that was fixed in time and space at the leading edge (only 

varied between simulation runs) and attached on the other end to the OCT. The cable is 

modeled as a ½ in diameter wire rope with 5 discrete sections and a modulus of elasticity 

of 6.9 10 	 ⁄ . The rotor is operated at fixed rotational velocities of 25 and 50 RPM 

to coincide with the desired RPM of the SNMREC’s turbine in a 1 and 2 m/s flow 

velocity.     

Each data set generated from the simulation contains time histories of rotor shaft 

moments and forces, the three-dimensional current velocity 3, 4 and 5 hydraulic 
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diameters upstream of the rotor, the position of the turbine relative to the free surface, 

cable forces, accelerations, translational velocities and rotational velocities of the turbine 

in the body-fixed frame of reference at a rate of 10 Hz. These outputs form the base data 

sets for Sections 5.2, 5.3 and 5.4.  

5.2 Simulated IMU Measurements  

This section investigates the impact of characterized IMU error on turbine 

performance data. It provides a time history and statistical analysis of the simulated 

turbine performance data with and without sensor error. Subsection 5.2.1 quantifies the 

impact rate gyro error will have on the accuracy of empirical angular velocity data for 

each of the four simulated operating conditions.  Subsection 5.2.2 provides a similar 

analysis of the Euler angle error impacts.  

5.2.1 Angular Velocity  

This subsection discusses the effect rate gyro sensor error has on rotation rate data 

collected using the MTi IMU. This sensor noise is calculated using equation (4.8) at 100 

Hz, sampled at 10 Hz to match the sample time of the numeric simulation and then added 

to the simulation generated turbine angular velocity data to generate a model sensor-

sampled data set. Figure 5.2 shows turbine angular velocities, ,  and , for a 1 m/s 

current velocity, 10 m cable attachement depth, 2 m significant wave height and 25 RPM. 

Similar calculations were performed for the other three simulations with summary 

statistics presented in Table 5.1. The first column of this plot shows 10 minutes of data, 

the averaging time suggested for calculating performance data for tidal devices. To more 
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clearly present the noise in the measurements, the second column zooms into the first 10 

seconds of the 10 minute time history. The plots show that, for this operating condition, 

the error added during sampling is relatively small when compared to the angular 

velocities of the turbine. This is due to the fact that the turbine is high in the water 

column and experiencing orbital velocity fluctuations caused by the free surface wave 

field.   

 

Figure 5.2: Time domain comparison of the simulated turbine angular velocity with and without 
sensor error. 

The impact of the sensor error on the each run’s data is quantified for 10 minute 

samples using the variance of the error-free angular velocity data and the SNR of the 

signal with sensor error (Table 5.2). The variance of the raw angular velocity data 
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indicates that the fluctuations in the turbine’s angular velocity at a depth of 10 m are 

roughly an order of magnitude greater than at a depth of 20 m. Since the error in the rate 

gyro data is modeled as not changing with angular velocity, a smaller variance in the base 

gyro data would lead to an overall greater impact of the noise on the accuracy of the 

result. This was evident in the SNR, calculated as (Lfeachor, et al., 2002): 

.	      (5.4) 

where the variable  represents the data set without sensor error and  represents a data 

set with sensor error. As seen in Table 5.2, the turbine angular velocity measurement 

estimates have a much lower SNR at a deployment depth of 20 meters. This is due to the 

variance of the of the raw turbine angular velocity data being significantly less at 20 

meters than 10 meters. These results show that the decrease in turbine angular velocity, 

caused by an increase in distance from the free surface, can have a significant impact on 

the SNR of empirical rate gyro data.    
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Table 5.2: Variance and signal to noise ratio of the simulated turbine angular velocity with added 
sensor error for 10 and 20 m cable attachment depths 

Variance of Simulated 
Turbine Angular Velocity 

(deg/sec)2 

Cable Attachment Depth      
(10 m) 

Cable Attachment Depth      
(20 m) 

1 m/s 
Current      
25 RPM

2 m/s 
Current       
50 RPM

1 m/s 
Current       
25 RPM 

2 m/s 
Current      
50 RPM

  3.2231 5.6504 0.4128 1.2672

 0.4236 0.2326 0.0588 0.0489

	 5.1395 1.0045 0.5191 0.1178

SNR of Simulated 
Turbine Angular Velocity 

with Error Model 

Cable Attachment Depth      
(10 m) 

Cable Attachment Depth      
(20 m) 

1 m/s 
Current       
25 RPM

2 m/s 
Current       
50 RPM

1 m/s 
Current       
25 RPM 

2 m/s 
Current      
50 RPM

  33.1977 57.3029 5.1161 13.6881

  4.6354 3.0367 1.5055 1.3971

	 61.3356 12.8612 7.175 2.3931

5.2.2 Euler Angles 

This subsection quantifies the impact of simulated Euler angle error on the 

accuracy of Euler angle data collected using the MTi IMU. An Euler angle output error 

vector is calculated using the method outlined in Section 4.2.4, sampled at 10 Hz and 

then added to the simulator-generated Euler angles to generate time histories of the signal 

with and without sensor error. Figure 5.3 shows Euler angle estimates, ɸ,  and , for a 

1 m/s current velocity, 10 m cable attachement depth, 2 m significant wave height and 25 

RPM rotor. The first column of this plot shows 10 minutes of data. To more clearly 

present the noise in the measurements, the second column zooms into the first 10 seconds 

of the 10 minute time history. The plots show that, for this operating condition, the error 

added during sampling will have a relatively small impact on the accuracy of the result.  
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Figure 5.3: Time domain comparison of the simulated Kalman filter Euler angle output with and 
without sensor error. 

The impact of the sensor error on the each run’s data is quantified for 10 minute 

samples using the variance of the error-free angular velocity data and the SNR of the 

signal with sensor error (Table 5.3). The variance of the raw Euler angle data indicates 

that, like the turbine’s angular velocity, the fluctuations in the data at a depth of 10 m are 

roughly an order of magnitude greater than at a depth of 20 m. Since the error in the rate 

gyro data is not modeled as changing with angular velocity or tilt, the smaller variance in 

the Euler angles leads to an overall greater impact of the noise on the calculated 

variability of the results.  

This is evident in the calculated SNR (equation 5.4). As seen in Table 5.3, the 
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turbine Euler angle estimates with additive error experienced a much lower SNR at a 

deployment depth of 20 meters. This was due to the variance of the of the raw turbine 

angular velocity data being significantly less at 20 meters than 10 meters. These results 

show that the decrease in variability of the Euler angles, caused by an increase in distance 

from the free surface, can have a significant impact on the SNR of empirical Euler angle 

data.  

Table  5.3: Variance and signal to noise ratio of the simulated Kalman filter Euler angle outputs with 
added sensor error for 10 and 20 m cable attachment depths 

Variance of Simulated 
Euler Angles (deg)2 

Cable Attachment Depth      
(10 m) 

Cable Attachment Depth      
(20 m) 

1 m/s 
Current       
25 RPM

2 m/s 
Current       
50 RPM

1 m/s 
Current       
25 RPM 

2 m/s 
Current      
50 RPM

ɸ 2.4417 6.7437 0.2314 1.3864 
θ 0.2150 0.0861 0.0369 0.0202 
ψ 5.7995 1.0904 0.6835 0.1655 

SNR of Simulated Euler 
Angles with Error Model 

Cable Attachment Depth      
(10 m) 

Cable Attachment Depth      
(20 m) 

1 m/s 
Current       
25 RPM

2 m/s 
Current       
50 RPM

1 m/s 
Current       
25 RPM 

2 m/s 
Current      
50 RPM

ɸ 199.3667 549.6693 19.3290 116.8700 
θ 11.4481 5.4691 2.6700 1.9958 
ψ 279.7157 55.3391 36.6429 8.8815 

5.3 Simulated Current Measurements  

This subsection discusses the effect that Aquadopp sensor error will have on the 

current profiler data collected during offshore testing. The noise model presented in 

Section 4.3.1 is utilized once the simulation output is converted to the relative velocity 

that would be measured by an error free profiler. The numerical simulation used to 
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produce these results records the current velocity, including those induced by wave 

orbital velocities, at 10 Hz in the inertial coordinate system three hydralic diameters in 

front of the rotor blade and directly inline with the likely placement of the Aquadopp 

profiler. Therefore these calculated values must be converted into the relative water 

velocity that the profiler would measure before including sensor noise into the simulation 

results. This is done according to: 

, where     (5.5) 

;      (5.6) 

,  and  are the modeled current velocities relative to the turbine in the body-

fixed frame without sensor error;  is a linear velocity transformation matrix 

(Fosson, 1999); ,  and  are simulated water velocity components in the 

inertial frame three hydraulic diameters in front of the rotor and   is the displacement 

vector from the rotor hub to the Aquadopp transducer 1.1 0 0.35  meters.  

Aquadopp noise is then added to these relative water velocities utilizing the noise model 

presented in Section 4.3.1 with the coefficients specific to axial and transverse velocity 

measurements calculated for a 1 meter bin size and 1 Hz averaging period. 

 Figure 5.4 shows relative current velocities, ,  and , with and without 

sensor error for a 1 m/s current velocity, 10 m cable attachement depth, 2 m significant 

wave height and 25 RPM. Similar calculations were also performed for the other three 
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simulations and statistics from all four simulations are presented in Table 5.1. The first 

column of Figure 5.4 shows 10 minutes of data. To more clearly present the noise in the 

measurements, the second column zooms into the first 10 seconds of the 10 minute time 

history. These plots show that, for this operating condition, the 1 Hz sampling frequency 

is sufficient for the signal. They also show that the measurement error added during 

sampling is relatively small in the beam’s axial, , direction and slightly greater in the 

transverse,  and , flow directions due to the nature of the measurement method. 
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Figure 5.4: Time domain comparison of the simulated relative current velocity with and without 
sensor error. 

The impact of the sensor error on the each run’s data is quantified for 10 minute 

samples using the variance of the error-free relative current velocity data and the SNR of 

the signal with sensor error (Table 5.4). The variance of the raw relative current velocity 

data indicates that the wave-induced current fluctuations at a depth of 10 m are roughly 

an order of magnitude greater than at a depth of 20 m since the error in the Aquadopp 

data model does not change with water velocity, and the motions of the turbine are 

similar for the two evaluated current speeds. The SNR (equation 5.4) for each of the two 

water velocities, calculated at the same depth, are on the same order of magnitude.  

  As seen in Table 5.4, the synthesized relative current velocity measurements have 

a much lower SNR at a deployment depth of 20 meters. This is due to the variance of the 

of the raw relative current velocity data being significantly less at 20 meters than 10 
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meters. These results show that the decrease the variability of the relative current 

velocity, caused by an increase in distance from the free surface, can have a significant 

impact on the SNR of empirical profiler data. 

Table 5.4: Variance and signal to noise ratio of the simulated relative current velocity with added 
sensor error for 10 and 20 m cable attachment depths 

Variance of Simulated 
Current Velocity (m/sec)2 

Cable Attachment Depth      
(10 m) 

Cable Attachment Depth      
(20 m) 

1 m/s 
Current       
25 RPM

2 m/s 
Current       
50 RPM

1 m/s 
Current       
25 RPM 

2 m/s 
Current      
50 RPM

u 0.0557 0.0509 0.0057 0.0075 
v 0.0122 0.0082 0.0013 0.0012 
w 0.0081 0.0054 0.000822 0.000799 

SNR of Simulated 
Current Velocity with 

Error Model 

Cable Attachment Depth      
(10 m) 

Cable Attachment Depth      
(20 m) 

1 m/s 
Current       
25 RPM

2 m/s 
Current       
50 RPM

1 m/s 
Current       
25 RPM 

2 m/s 
Current      
50 RPM

u 194.5664 179.938 21.0121 27.0122 
v 5.6170 3.7711 1.4414 1.4807
w 3.8131 3.0990 1.1758 1.1813

 

5.4 Simulated Electric Power Estimates 

This subsection quantifies the impact of measurement noise, round off error and 

discrete sample rates on the accuracy of electric power output data. The turbine’s electric 

power output error is calculated using the method outlined in Section 5.1.2. Figure 5.5 

shows a simulator-generated electric power output with and without measurement 

constraits for the turbine operating in a 1 m/s current velocity, 10 m cable attachement 

depth, 2 m significant wave height and a rotor rotational velocity of 25 RPM. The first 
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column of this plot shows 10 minutes of data. To more clearly present the noise in the 

measurements the second column zooms into the first 10 seconds of the 10 minute time 

history. The plots show that, for this operating condition, the error added by the 

measurement system will have a relatively small impact on the accuracy of the result. 

They also show that the interpolation and roundoff methods used to add data acquisition 

noise and the 1 Hz data acquisition sampling rate were appropriate and had little impact 

on the accuracy of the sampled data.  

 

Figure 5.5: Time domain comparison of the simulated electric power output with and without sensor 
error. 

The impact of the data acquisition system’s error on the each run’s data is 

quantified for 10 minute samples using the standard deviation of the error-free power 
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output data and the SNR of the signal with sensor error (Table 5.5). The standard 

deviation of the electric power output data without sensor error indicates that turbine 

output was more consistent when it was deployed deeper in the water column and further 

away from the surface wave action (even when the current speed did not vary with 

depth).  

The effect of the free surface is also evident in the calculated SNR (Equation 5.4) 

of the signal with noise. As seen in Table 5.5, the power output estimates with additive 

error experienced a much lower SNR at a deployment depth of 20 meters. This is due to 

the standard deviation of the of the base power output data being significantly less at 20 

meters than 10 meters. These results are expanded in Table 5.6 to show that at shallower 

depths, the expected electric power output fluctuates significantly, and even becomes 

negative, when the turbine is deployed within 10 meters of a wave field with a significant 

wave height greater than 2 meters.  

Table  5.5: Standard deviation and signal to noise ratio of the simulated electric power output with 
added sensor error for 10 and 20 m cable attachment depths 

Standard Deviation of 
Simulated Electric Power 

Output (W) 

Cable Attachment Depth      
(10 m) 

Cable Attachment Depth      
(20 m) 

1 m/s 
Current       
25 RPM

2 m/s 
Current       
50 RPM

1 m/s 
Current       
25 RPM 

2 m/s 
Current     
50 RPM

Po 779.2817 884.7934 272.7069 379.7112 

SNR of Simulated Electric 
Power Output with Error 

Model 

Cable Attachment Depth      
(10 m) 

Cable Attachment Depth      
(20 m) 

1 m/s 
Current       
25 RPM

2 m/s 
Current      
50 RPM

1 m/s 
Current       
25 RPM 

2 m/s 
Current     
50 RPM

Po  134.3467 177.4139 19.1212 32.2020 
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Table 5.6: Minimum, maximum, and mean power output from the four evaluated simulations 

Operating 
Conditions 

Calculated Without Sensor 
Models (W) 

 Calculated With Sensor 
Model (W) 

Min Max Mean   Min Max Mean 

Sim. 1 -262.7447 3956.8 878.5533 -400 4000 882.8788
Sim. 2 6526.5 13713 10044 6500 13700 10051
Sim. 3 134.2540 2890.5 776.2351 0 2900 780.4545

Sim. 4 8300.1 11776 9998.5 8100 12000 10005
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6 PERFORMANCE METRIC CALCULATIONS 

This Chapter quantifies the overall performance metric accuracy that can be 

achieved using the sensors modeled in Chapter 4. This is done by calculating the metrics 

presented in Chapter 3 with and without modeled sensor error (Chapter 5). The metric 

data calculated without sensor error is processed at its simulation-generated sample rate 

of 10 Hz. The data with sensor error is sampled at the sensors’ maximum data output rate 

for electric power and water velocity measurements (both 1 Hz). Conversely, while the 

IMU is capable of recording/outputting data at 100 Hz, this data is re-sampled at the 10 

Hz rate to match the numerical simulation data. Using the data at these sample rates the 

performance metrics are calculated for the four numerical simulations presented in Table 

5.1 to characterize the impact of combined sensor error and sampling limitations on the 

overall accuracy of the calculated metric. Sections 6.1 and 6.2 quantify the accuracy of 

the calculated tip speed ratio and overall system efficiency. Section 6.3 quantifies the 

accuracy of calculated rotor performance metrics: shaft power, shaft torque and rotor 

efficiency.    

6.1 Tip Speed Ratio  

The effects of sensor noise and sampling rates, from the presented sensor and data 

acquisition system, on the accuracy of TSR data is examined using simulation generated 

data with and without the developed sensor models. The TSR is calculated according to 
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equation (3.5) using data presented in Chapter 5. Results are calculated for each 

simulated condition (Table 5.1) and displayed in Figure 6.1 for 10 minute and 10 second 

time scales. The time-domain results show good agreement between the data calculated 

with and without sensor error. The two signals had a maximum difference 0.5841, 

0.1293, 0.2302 and 0.0957 for simulations 1 through 4. When calculating the TSR from 

sensor model data, the output frequency is limited to the frequency of the slowest sensor, 

the Aquadopp which records data at 1 Hz. The results indicate that this method of 

correlating time-domain data sets has yielded a sampling frequency fast enough (greater 

than the Nyquist frequency) to properly represent the simulator-generated TSR signal.  

 

Figure 6.1: Time domain comparison of TSR results found using simulator-generated and sensor 
modeled data. The simulation numbers corresponds to the data set numbers presented in Table 5.1 
and correspond to a varying deployment depth and current velocity.    
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 A statistical comparison of the TSR calculated with and without sensor limitations 

signals is presented in Table 6.1. The results showed that the combined sensor error and 

sampling rates had little impact on the calculated TSR variance and mean at all evaluated 

depths and current velocities. The difference between the variance and mean of 

calculated TSR for all four 10 minute data sets was less than or equal to 0.0143 and 

0.0197 respectively. As expected, the exponential decay of wave-induced orbital water 

velocities with depth resulted in a significant decrease in TSR variance (92% variance 

reduction for 1m/s flows and an 86% reduction for 2 m/s flows). The mean showed only 

a 4.22% (1 /  flow velocity) and 1.04% (2 /  flow velocity) reduction when the 

depth was increased from 10 to 20 m. The largest SNR value, 162.98, occurs when the 

turbine is at its shallowest depth (10m) and maximum current velocity (2	 / ), and is 3.4 

times greater than the SNR of the TSR for a 1 /  current. A similar trend is observed 

for runs at a depth of 20 m, where an increase in current velocity from 1 to 2 m/s resulted 

in a TSR increase by 31%.  

Table 6.1: Statistical comparison of TSR results found using simulator-generated and sensor 
modeled data 

Operating 
Conditions 

TSR Variance TSR Mean
Signal to 

Noise 
Ratio 

With Sensor 
Models  

Without 
Sensor Models

With Sensor 
models  

Without 
Sensor Models 

Sim. 1 1.0739 1.0882 4.1040 4.1237 47.6227 
Sim. 2 0.2168 0.2150 3.9741 3.9773 162.98 
Sim. 3 0.0930 0.0858 3.9372 3.9436 18.9257 
Sim. 4 0.0303 0.0295 3.9326 3.9343 27.4850 

 

The 10 minutes of simulation data without sensor noise presented earlier in this 
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section (for each of the four evaluated operating conditions) is utilized to investigate the 

impact of sensor noise on the calculated TSR. Measurement noise is added to this data set 

using different random number vectors to create 20 unique synthesized measurement data 

sets for each of the 4 sets of simulation results – for TSR water velocity is the only 

measurement model utilized in the calculation. The TSR calculated from each of these 

data sets is then averaged over 10 minutes to quantify the impact the presented sensor 

error has on the mean of this performance metric. Table 6.2 displays the minimum, 

maximum, mean and standard deviation (normalized with the mean) of the 20 calculated 

TSR’s. The results indicate that the standard deviation of the 10 minute averaged TSR 

measurement is less than 1% of the mean for each simulation, and therefore had little 

impact on the final performance metric result.     

Table  6.2: TSR statistics from 20 runs with varying noise components  

 Simulation Min Max Mean Std/Mean 

Sim. 1 4.097 4.112 4.104 0.106 
Sim. 2 3.971 3.975 3.973 0.033 
Sim. 3 3.929 3.940 3.935 0.069 
Sim. 4 3.930 3.935 3.932 0.034 

6.2 Overall System Efficiency 

In this Subsection, the overall system efficiency is calculated for simulated data 

with and without sensor noise, according to equation (3.7) from Subsection 3.5, to study 

the effects of noise and sampling rates on the accuracy of the result. System efficiencies 

are calculated for each of the four simulated conditions (Table 5.1) and displayed in 

Figure 6.2 for 10 minute and 10 second time scales. The time-domain results are 
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computed to determine the agreement between the data calculated with and without 

sensor error. The two signals have a maximum difference 0.5112, 0.0573, 0.0805 and 

0.0298 for simulations 1 through 4. The 0.5112 difference between signals occurred for a 

cable attachment point at 10 m in a 1 m/s current velocity when the generated electric 

power (used to calculate ) was between 500 and 1000W, as seen in Table 6.3. 

Although the electric power was relatively low in this scenario, the high variance and 

difference between signals was most likely caused by the time shift between the electric 

power and current speed measurements. The current speed is measured 9 meters 

upstream of the turbine, which causes a mismatch in power output and current speed data 

used to calculate , particularly when a free surface wave field is nearby. When 

calculating the  from sensor model data, the output frequency is limited to the 

frequency of the slowest sensor. In this case, both sensors, the power monitoring system 

and Aquadopp profiler, sampled data at a maximum frequency of 1 Hz missing some of 

the instantaneous spikes in the data without sensor limitations.   

Table 6.3:  error variance and maximum model error as a function of indexed  

 Index 
Percent of data 
Points within 

index 

 Error 
Variance 

Max Signal 
Difference 

< 200 16.9697 0.0023 0.1565 
0-200 7.1212 0.0019 0.1694 
200-500 10.9091 0.0031 0.1127 
500-1000 28.7879 0.0038 0.5112 
1000-2000 26.2121 0.0019 0.2131 
> 2000 10 0.00059 0.0871 
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Figure 6.2: Time domain comparison of   results found using simulator-generated and sensor 

modeled data. The simulation numbers corresponds to the data set numbers presented in Table 5.1 
and correspond to a varying deployment depth and current velocity.    

The variance and mean of the four 10 minute data sets (with and without error) 

are calculated and presented in Table 6.4 to show the impact of sensor error on 

performance metric conclusions. The mean was calculated according to: 

∑

∑
      (6.1) 

to reflect the use of 10 minute averaged data sets for calculating performance metrics. 

The difference between the time-averaged variance and mean of the data sets with and 

without sensor error is less than or equal to 0.003 and 0.0006 respectively for each of the 
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four evaluated numeric simulations. As expected, the exponential decay of wave-induced 

orbital water velocities with depth resulted in a significant decrease in  variance 

(roughly a 94.3% variance reduction for 1m/s flows and an 89% reduction for 2 m/s 

flows) when moving from an operating depth of 10 meters to an operating depth of 20 

meters. The temporally averaged mean efficiency (for data with sensor error) showed a 

3.91% and a 2.95% increase when the depth was increased from 10 to 20 m for the 1 and 

2 /  flow velocity data sets. The largest SNR value, 72.1191, occurred when the 

turbine was at its shallowest depth (10m) and maximum current velocity (2	 / ), and 

was 2.3 times greater than the SNR of  for a 1 /  current at the same depth. A 

similar trend was observed for runs at a depth of 20 m, where an increase in current 

velocity from 1 to 2 m/s resulted in SNR of  increasing by 126%. 

Table 6.4: Statistical comparison of   results found using simulator-generated and sensor 

modeled data 

Operating 
Conditions 

 Variance  Mean 
Signal to 

Noise 
Ratio 

With Sensor 
Models  

Without 
Sensor Models

With Sensor 
models  

Without 
Sensor Models 

Sim. 1 0.0828 0.0798 0.2041 0.2047 31.4197 
Sim. 2 0.0109 0.0109 0.3325 0.3331 72.1191 
Sim. 3 0.0047 0.0039 0.2096 0.2096 8.0191 
Sim. 4 0.0012 0.0010 0.3426 0.3430 10.1331 

 

The 10 minutes of simulation data without sensor noise (for each of the four 

evaluated operating conditions) are utilized to investigate the impact of sensor noise on 

the mean . Measurement noise is added to this data set using different random 
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number vectors to create 20 unique synthesized measurement data sets for each of the 

four simulations. For , water velocity and electrical power output are the only 

measurement models utilized in the calculation. To quantify the impact the presented 

sensor error has on the mean of this performance metric,  is calculated at each 

measurement time step (1 Hz) and for each of the 20 data sets (for all four simulations) 

and averaged over 10 minutes. Table 6.5 displays the minimum, maximum, mean and 

standard deviation (normalized with the mean) of the 20 calculated ’s. The results 

indicate that the standard deviation of the 10 minute averaged measurement is less 

than 1% of the mean for each simulation, and therefore had little impact on the final 

performance metric result.     

Table 6.5:  statistics from 20 runs with varying noise components  

Simulation Min Max Mean Std/Mean 
Sim. 1 0.2430 0.2510 0.2047 0.008597 
Sim. 2 0.3580 0.3599 0.3318 0.001572 
Sim. 3 0.2084 0.2124 0.2078 0.005010 
Sim. 4 0.3449 0.3469 0.3419 0.001619 

6.3 Rotor Performance 

This section investigates the effect of sensor error on calculated rotor performance 

metrics. Subsection 6.3.1 provides a time-domain comparison and statistical analysis of 

shaft power data calculated with and without simulated sensor error.  Sections 6.3.2 and 

6.3.3 provide a similar analysis for calculated shaft torque and rotor efficiency estimates.  

6.3.1 Shaft Power 

As explained in Section 3.6, the shaft power is calculated by dividing the 
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measured electric power output by the dynamometer-calculated electromechanical 

efficiency of the power take off systems.  The effects of sensor noise and sampling rates 

on the accuracy of shaft power data, , is examined using simulation generated data 

with and without the developed sensor error. Results are calculated for each simulated 

condition (Table 5.1) and displayed in Figure 6.3 for 10 minute and 10 second time 

scales. The two signals had a maximum difference of 1858.2, 586.6250, 217.8220 and 

665.8460 W for runs 1 through 4. In this case, both the electric power output and 

generator efficiency were collected at the same frequency, setting the maximum sampling 

frequency of  at 1 Hz. From the plotted data (Figure 6.3), it seems as though the 1 

Hz sampling frequency missed some high frequency shaft power fluctuations. From the 

data, there appeared to be many of these fluctuations for the 10 m, 1 m/s operating 

condition where both the electric and shaft power became negative and the generator and 

efficiency models were less accurate.    
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Figure 6.3: Time domain comparison of   results found using simulator-generated and sensor 
modeled data. The simulation numbers corresponds to the data set numbers presented in Table 5.1 
and correspond to a varying deployment depth and current velocity.    

A statistical comparison of the two shaft power signals is presented in Table 6.6. 

The  variance and mean were calculated from 10 minutes of measurement data at 

all evaluated depths and current velocities. The difference between the variance and mean 

of the two signals is less than or equal to 0.5  and 0.1  respectively for all of 

the runs. As expected, the exponential decay of wave-induced orbital water velocities 

with depth resulted in a significant decrease in the variance of the   data calculated 

with sensor error (roughly a 94.1% variance reduction for 1m/s flows and a 79% 

reduction for 2 m/s flows). The mean showed only a 5.9% (1 /  flow velocity) increase 

and a 0.7% (2 /  flow velocity) reduction when the depth was increased from 10 to 20 
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m. The largest SNR value, 168.5, occurred when the turbine was at its shallowest depth 

(10m) and maximum current velocity (2	 / ), and was 5.1 times greater than the  

for a 1 /  current at the same depth. A similar trend was observed for runs at a depth of 

20 m, where an increase in current velocity from 1 to 2 m/s resulted in an increase of the  

 SNR by 54.7%. 

Table  6.6: Statistical comparison of   results found using simulator-generated and sensor 
modeled data 

Operating 
Conditions 

 Variance    Mean  
Signal to 

Noise 
Ratio 

With Sensor 
Models  

Without 
Sensor Models

With Sensor 
models  

Without 
Sensor Models 

Sim. 1 1.7 1.8 1.6 1.6 33.1 
Sim. 2 6.2 6.7 13.6 13.5 168.5 
Sim. 3 0.1 0.1 1.7 1.7 13.4 
Sim. 4 1.3 1.2 13.5 13.5 29.6 

 

The 10 minutes of simulation data without sensor noise (for each of the four 

evaluated operating conditions) is utilized to investigate the impact of sensor noise on the 

mean calculated . Measurement noise is added to this data set using different 

random number vectors to create 20 unique synthesized measurement data sets for each 

of the four sets of simulation results. For , the electrical power output model is the 

only measurement model utilized in the calculation. To quantify the impact the presented 

sensor error has on the mean of this performance metric,  is calculated from each of 

these data sets and is then averaged over 10 minutes. Table 6.7 displays the minimum, 

maximum, mean and standard deviation (normalized with the mean) of the 20 calculated 
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 data sets from each of the four simulations. The results indicate that the standard 

deviation of the 10 minute averaged  measurement is less than 1% of the mean for 

each simulation, and therefore had little impact on the final performance metric result.     

Table  6.7:  statistics from 20 runs with varying noise components  

Simulation Min Max Mean Std/Mean 
Sim. 1 1553.6084 1573.7441 1560.5083 0.002943 
Sim. 2 13528.5365 13558.3701 13543.9744 0.000549 
Sim. 3 1701.1455 1712.2116 1707.1992 0.001656 
Sim. 4 13470.7082 13495.8421 13483.1117 0.000535 

 

6.3.2 Shaft Torque 

The effects of sensor noise and sampling rates, from the presented sensor and data 

acquisition system, on the accuracy of shaft torque, , data is examined using simulation 

generated data with and without the developed sensor models.  is calculated according 

to equation (3.9) from Section 3.6 using data presented in Chapter 5. Results are 

calculated for each of the four simulated conditions (Table 5.1), and displayed in Figure 

6.4 for 10 minute and 10 second time scales. The two signals had a maximum difference 

of 728.9271, 112.0385, 83.0456 and 127.4693 N·m for simulations 1 through 4 

respectively. In this case, the shaft power was collected at 1 Hz and the RPM collected at 

10 Hz, setting the utilized sampling frequency of  at 1 Hz. Although this sampling 

frequency resulted in a relatively good agreement between data sets at deeper depths and 

higher water speeds, the 1 Hz sampling frequency missed the shaft torque fluctuations 

with a frequency faster than 2 Hz, such as those seen at 40 and 142 seconds in the 
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simulation1 plot.  

 

Figure 6.4: Time domain comparison of   results found using simulator-generated and sensor 
modeled data. The simulation numbers corresponds to the data set numbers presented in Table 5.1 
and correspond to a varying deployment depth and current velocity.    

A statistical comparison of the two shaft torque estimates (with and without 

sensor error) is presented in Table 6.8. The results showed that the combined sensor error 

and sampling rates have an impact on the calculated  variance and mean at all evaluated 

depths and current velocities. The difference between the variance and mean of the two 

signals is less than or equal to 14670  and 7.9  respectively for each of the 

evaluated 10 minute time histories. As expected, the exponential decay of wave-induced 

orbital water velocities with depth resulted in a significant decrease in the variance of  

(roughly a 94.2% reduction for 1m/s flows and an 81.2% reduction for 2 m/s flows). The 
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mean showed a 7.9% (1 /  flow velocity) increase and a 0.5% (2 /  flow velocity) 

reduction when the depth was increased from 10 to 20 m. The largest SNR value, 174.8, 

occurred when the turbine was at its shallowest depth (10m) and maximum current 

velocity (2	 / ), and was 5.4 times greater than the SNR of  for a 1 /  current at the 

same depth. A similar trend was observed for runs at a depth of 20 m, where an increase 

in current velocity from 1 to 2 m/s resulted in an increase in the SNR of  by 61%. 

Table 6.8: Statistical comparison of torque, ,  results found using simulator-generated and sensor 
modeled data 

Operating 
Conditions 

 Variance   Mean  
Signal to 

Noise 
Ratio 

With Sensor 
Models  

Without 
Sensor 
Models 

With Sensor 
models  

Without 
Sensor 
Models 

Sim. 1 249800 264470 600 592.1 32.3 

Sim. 2 264770 262620 2591.9 2589.1 174.8 

Sim. 3 14507 13238 651.7 650.5 11.9 

Sim. 4 49800 47517 2577.4 2577.4 30.5 
 

The 10 minutes of simulation data without sensor noise (for each of the four 

evaluated operating conditions) is utilized to investigate the impact of sensor noise on the 

calculated . Measurement noise is added to this data set using different random number 

vectors to create 20 unique synthesized measurement data sets. When calculating , it is 

assumed that the relative RPM measurements are error free, and that the electrical power 

output model is the only measurement model utilized in the calculation.  calculated 

from each of these data sets is averaged over 10 minutes to quantify the impact the 

presented sensor error has on the mean of this performance metric. Table 6.9 displays the 
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minimum, maximum, mean and standard deviation (normalized with the mean) of the 20 

calculated  data sets from each of the four simulations. The results indicate that the 

standard deviation of the 10 minute averaged  measurement is less than 0.3% of the 

mean for each simulation, and therefore had little impact on the final performance metric 

result. 

Table 6.9:  statistics from 20 runs with varying noise components  

Simulation Min Max Mean Std/Mean 
Sim. 1 594.4063 602.0444 597.0564 0.002922 
Sim. 2 2587.4430 2593.1300 2590.3818 0.000548 
Sim. 3 649.9571 654.1794 652.2671 0.001653 
Sim. 4 2573.6793 2578.4873 2576.0486 0.000535 

 

6.3.3 Rotor Efficiency 

In this Subsection, the rotor efficiency is calculated for simulated data with and 

without sensor noise, according to equation (3.10) from Subsection 3.6, to study the 

effects of noise and sampling rates on the accuracy of the result. Rotor efficiencies are 

calculated for each simulated condition (Table 5.1) and displayed in Figure 6.5 for 10 

minute and 10 second time scales. The two signals had a maximum difference 2.6490, 

0.0773, 0.1200 and 0.0402 for simulations 1 through 4 respectively. The 2.6490 

difference between signals occurred when the cable attachment point was held at 10 m in 

a 1 m/s current velocity. This large discrepancy was possibly due to the way in which the 

current velocity is measured. The impact of wave induced orbital velocities on the 

measured free stream water velocity three hydraulic diameters (9 m) upstream from the 

rotor will often be out of phase with the relative water velocity impacting the rotor. When 
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calculating the  from sensor model data, the output frequency is limited to the 

frequency of the slowest sensor. In this case, both sensors (the electric power monitoring 

system and Aquadopp profiler) sampled data at a maximum frequency of 1 Hz.  

 

Figure 6.5: Time domain comparison of   results found using simulator-generated and sensor 
modeled data. The simulation numbers corresponds to the data set numbers presented in Table 5.1 
and correspond to a varying deployment depth and current velocity.    

A statistical comparison of the two rotor efficiency estimates is presented in Table 

6.10. The difference between the variance and mean (calculated in the same manner as 

equation 6.1) of the 10 minute averages of the two signals is less than 0.033 and 0.002 

respectively for the four simulations. As expected, the exponential decay of wave-

induced orbital water velocities with depth resulted in a significant decrease in  
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variance (roughly a 97.4% variance reduction for 1m/s flows and an 88.9% reduction for 

2 m/s flows). The mean of the data calculated with sensor error showed an increase of 

20.75% (1 /  flow velocity) and 2.96% (2 /  flow velocity) when the depth was 

increased from 10 to 20 m. In both cases, the deeper operating depth moved the rotor 

away from the free surface wave field and therefore increased efficiency. The largest 

SNR value, 72.1193, occurred when the turbine is at its shallowest depth (10m) and 

maximum current velocity (2	 / ), and was 6.5 times greater than the SNR of  for 

a 1 /  current at the same depth. These calculated mean rotor efficiencies are all within 

0.04 of the modeled efficiency of this rotor for a TSR of 4.0 presented in (VanZwieten, et 

al., 2010) which is 0.467.  

Table 6.10: Statistical comparison of   results found using simulator-generated and sensor 
modeled data 

Operating 
Conditions 

 Variance  Mean
Signal to 

Noise 
Ratio 

With Sensor 
Models  

Without 
Sensor 
Models 

With Sensor 
models  

Without 
Sensor 
Models 

Sim. 1 0.4128 0.4461 0.3644 0.3628 11.1441 

Sim. 2 0.0198 0.0198 0.4485 0.4494 72.1193 

Sim. 3 0.0106 0.0083 0.4598 0.4616 6.0545 

Sim. 4 0.0022 0.0019 0.4622 0.4627 10.1331 
 

The 10 minutes of simulation data without sensor noise presented earlier in this 

section (for each of the four evaluated operating conditions) is utilized to investigate the 

impact of sensor noise on the calculated data. Measurement noise is added to this 

data set using different random number vectors to create 20 unique synthesized 
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measurement data sets for each of the four simulation results. For , the shaft power 

output and current velocity error models are the only measurement models utilized in the 

calculation.  calculated from shaft power and hydrokinetic power data averaged 

over 10 minutes to quantify the impact the presented sensor error has on the mean of this 

performance metric. Table 6.11 displays the minimum, maximum, mean and standard 

deviation (normalized with the mean) of the 20 calculated  data sets for each of the 

four numerical simulations. The results indicate that the standard deviation of the 10 

minute averaged  measurement is less than 0.3% of the mean for each simulation, 

and therefore had little impact on the final performance metric result.  

Table  6.11:  statistics from 20 runs with varying noise components  

Simulation Min Max Mean Std/Mean 
Sim. 1 0.4457 0.4586 0.4504 0.0096 
Sim. 2 0.4828 0.4854 0.4843 0.0016 
Sim. 3 0.4694 0.4758 0.4725 0.0036 
Sim. 4 0.4652 0.4679 0.4665 0.0016 
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CONCLUSIONS 

This thesis provides a validated approach for quantifying OCT hydrodynamic 

performance and the impact of sensor-specific noise and sampling limitations on 

calculated performance metric data. A general measurement method and instrumentation 

approach for conducting an offshore OCT hydrodynamic performance evaluations is 

proposed. It is shown that an IMU and current profiler can be added to the electric power 

output and encoder already onboard a turbine to collect the data needed to calculate free 

stream relative water velocity, tip speed ratio, overall system efficiency, shaft power, 

shaft torque, and rotor efficiency. This sensing system is shown to make sufficient 

measurements for calculating the established set of recommended performance metrics 

that are similar to the performance metrics currently used by the wind the tidal turbine 

industries. 

Numerical models of the proposed sensors are developed to characterize the 

measurement error and sampling limitations for various operating conditions. The sensor 

models are based on static lab testing and published sensor error data. Once an error 

signal is generated, it is added to a base signal and compared to actual data for validation. 

The comparisons show that the numerically generated sensor error is very similar to both 

measured errors and error models found in the literature. Measurements with and without 

the characterized sensor error were then used to quantify the relationship between the 
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error in the measurements and the variability simulation created state values to which 

they were added. It is shown that the difference between the modeled and actual rate gyro 

and accelerometer wide band noise variance was 14.5% and 7% of the actual mean 

variance respectively. Similarly, it is shown that the standard deviation of the Euler angle 

model-generated data varies from the actual data’s standard deviation by only 0.037 

degrees. The impact of this sensor error is then evaluated for its impact on the 

performance metrics averaged from 10 minute time histories, which is the averaging time 

commonly used by the tidal industry for quantifying device performance. It is shown that 

the error and sampling limitations imposed by the sensing system had the greatest impact 

on metric accuracy when the turbine was deployed at relatively shallow depths and in the 

presence of a surface wave field. It is also shown that, when allowed to change between 

simulation runs, the random noise component of the sensor models has a minimal impact 

on the minimum, maximum, mean and normalized (with standard deviation) mean of the 

performance metric.  
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NOMENCLATURE 

SYMBOL DEFINITION 

Section 2.1 

 Turbine rotor diameter  

  Distance along rotor 

 

Section 3.1 

 Inertial frame of reference  

  Body-fixed frame of reference  

 Linear velocity of point A on turbine housing 

 Linear velocity of the turbine housing at the rotor hub 

 True angular velocity of the turbine 

 Displacement vector from  origin to point A 

 

Section 3.2 

 Instantaneous relative flow velocity 

 Relative flow velocity as measured by current profiler 

 Displacement vector from  origin to profiler transducer 

  



 
100 

 
 

Section 3.3 

 Tip speed ratio 

 Free stream water speed 

 Rotation rate of the rotor relative to the turbine housing 

 True rotation rate of the rotor in  

 Rotor radius 

 

Section 3.4 

 Electrical power output 

 Root mean square output voltage 

 Maximum overload current of generator 

 

Section 3.5 

 Overall system efficiency 

 Area of circle with radius equal to rotor radius 

 

Section 3.7 

 Shaft power 

 Efficiency of electric generator and gearing 

 Rotor torque 

 Rotor efficiency 
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Section 4.1.1 

 True turbine acceleration  

 Subscript indicating inertial sensor 

 Constant bias of inertial sensor data 

 Moving bias of inertial sensor data 

 Wide band sensor noise of inertial sensor data 

 Modeled turbine housing rotation rate 

 Modeled turbine housing acceleration 

 Constant bias of rate gyro data 

 Moving bias of rate gyro data 

 Wide band sensor noise of rate gyro data 

 Constant bias of accelerometer data 

 Moving bias of accelerometer data 

 Wide band sensor noise of accelerometer data 

 Number of data points within data set 

 Sample number within data set 

 Allan Variance 

 Number of frequency samples 

 Time between frequency samples 

 Time-length of each frequency estimate 

 

  



 
102 

 
 

Section 4.1.2 

 Acceleration output of IMU 

 True acceleration in -direction (  

 True acceleration in -direction (  

 True acceleration in -direction (  

 True rotation about in -axis (  

 True rotation about in -axis (  

 True rotation about in -axis (  

 

Section 4.1.4 

 Gaussian-distributer random number matrix 

Section 4.2.1 

 Standard deviation of raw Euler angle data 

 Peak to peak height of raw Euler angle data 

 

Section 4.2.4 

 Euler angle vector 

 Transformation matrix from  to  

 

Section 4.3 

 Standard deviation of the mean 

 Standard deviation of single ping profiler data 

 Number of pings averaged per ensamble 
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Section 5.1.2 

 Electrical power output estimate without sensor noise 

 Simulation-calculated torque 

 Simulation-calculated rotor rotational velocity 

 Dynamometer-calculated electric generator efficiency 

 Modeled electric power output 

 

Section 5.2.1 

 Date set without sensor error 

 Date set with sensor error 

 

Section 5.3 

 Modeled current velocity relative to  without sensor error ( -axis) 

 Modeled current velocity relative to  without sensor error ( -axis) 

 Modeled current velocity relative to  without sensor error ( -axis) 

 Linear velocity transformation matrix from  to  

 Modeled current velocity relative to  ( -axis) 

 Modeled current velocity relative to  ( -axis) 

 Modeled current velocity relative to  ( -axis) 
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