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ABSTRACT 

The Phoenix Autonomous Underwater Vehicle must be able to accurately determine 

its position at all times. Thls requires: 1) GPS and differential GPS for surface navigation, 

2) short baseline sonar ranging system for submerged navigation, and 3) mathematical 

modeling of position. 

This thesis describes a method of Kalman filtering to merge the GPS, differential GPS, 

short baseline sonar ranging, and the mathematical model to produce a single state vector of 

vehicle position and ocean currents. The filter operates in the extended mode for processing 

the non-linear sonar ranges, and in normal mode for the linear GPSDGPS data. This 

required installation of a GPS system and the determination of the different variances and 

errors between these systems. 

Phoenix now has a real time method of position determination using either position 

measuring system separately or combined. The results of this work have been validated by 

real world testing of the vehicle at sea, where position estimates accurate to within several 

meters were obtained. 
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I. INTRODUCTION 

For any vehicle to be truly autonomous requires that it have knowledge of its local 

world coordinate position. This thesis describes a method of discrete Kalman Filtering of 

short baseline sonar range data (DiveTracker) and satellite navigation data (GPS) to achieve 

accurate positioning of the NPS Phoenix AUV [MARC96]. 

A. BACKGROUND 

An inherent difficulty in any precision navigation system is the accuracy of the 

measurements. No measurement system is perfect, just the amount of error in the system 

varies. Kalman Filtering is a method of filtering measurement data based on the known or 

approximated variance of the measurements and vehicle movements. [GELB88] 

Previous and continuing related work in this area includes the Shallow-Water AUV 

Navigation System ( S A N S )  [MCGH95],[BACH96]. S A N S  utilizes a twelve state 

continuous Kalman (complementary) filter of inertial measurement unit (IMU) data with 

differential GPS updating. S A N S  provides highly accurate dead reckoning utilizing IMU 

data. The S A N S  position is updated using raw DGPS data as the "Truth". SANS has no 

method of position updating other than dead reckoning when submerged, and only takes GPS 

measurements when surfaced. This system was used as a background for the work of this 

thesis. 

Phoenix presently does not have an IMU, so all dead reckoning is performed using 

speeds developed via mass motion formulas, a vertical and heading gyro, and a water wheel 

speed measuring unit [MARC96]. Phoenix also has the DiveTracker system [FLAG941 

whch allows position measurements while submerged, and GPS for measurements while 

1 



surfaced. The work of this thesis utilizes filtered GPS and DiveTracker ranges for updating 

dead reckoned positions, versus using raw data as S A N S  does. 

B. THE PHOENIX AUV 

The Phoenix autonomous underwater vehicle is a shallow-water mine warfare test 

bed prototype (Figure 1). The vehicle is designed to act autonomously in searching for mine- 

like objects and accurately reporting their positions. This requires a complex software suite 

with a highly accurate method of navigation. The Phoenix runs on a unique three level 

software architecture, consisting of strategic, tactical and execution levels called the 

“Rational behavior Model” [BYRN96]. These levels are based on proven methods of actual 

U. S. Submarine control [HOLD95]. 

1. Strategic Level 

The strategic level acts‘ as the vehicle’s Commanding Officer. This level holds the 

mission logic and controls the mission by giving orders to the tactical level. The strategic 

level only gives commands and awaits reports that the commands are accepted or completed. 

The tactical level responds with either a command accepted, command complete, or 

command aborted message. The strategic level then takes actions depending upon the 

command report. This level was written in Prolog, and treats the tactical level as a function 

call [MARC96],[LEON96]. 

2. Tactical Level 

The tactical level acts as the vehicle’s Officer of the Deck (OOD). It receives orders 

from the strategic level and takes the actions required to compete these actions, if possible. 

The tactical level OOD runs in parallel with the Sonar [CAMP961 and Navigation sub-levels, 

2 
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and gives vehicle control commands to the execution level. Sonar and Navigation report 

directly to the tactical level OOD. The tactical level uses the sonar inputs to determine if an 

object has been encountered, and the navigation inputs to update the execution level’s 

estimate of the vehicle’s position. [LEON961 

3. Execution Level 

The execution level acts as the ships crew; ie., it drives the vehicle from point to 

point, controls all control surfaces, and takes emergency actions [BYRN96]. The execution 

level can hover at a given point, maintain ordered depth, and take all actions required to conn 

the vehicle from point to point. The execution level communicates with the tactical level, 

updating vehicle parameters and receiving new orders and vehicle positions [BURN96]. 

C. NAVIGATION MODULE 

The navigation module utilizes both discrete normal and extended Kalman Filtering 

of measured GPSDGPS, or short baseline sonar ranges (DiveTracker System), to produce 

the best estimate of the vehicle’s position. This level consists of four main functions: 

Navigator1 .C, Kalman-Filter.C, ReadGps.C, and Matrix.C. 

1. Navigator1.C 

Navigator1.C is the driver of the navigation module. This section of code 

communicates with the tactical level via piped communications. It receives basic 

initialization information, and subsequent updated vehicle parameters, and returns the best 

estimate of the vehcles current position and N/S, E N  (X,Y) current estimations. It calls the 

Kalman filter routine to return the updated position estimate. This process also records to 

data for later analysis. 
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2. Kalman-fi1ter.C 

This code performs “dead-reckoning” (movement step) and filters the input 

navigation data (measurement step) to create an updated vehicle position estimate. It filters 

either linear data (GPSDGPS) as a normal filter, or non-linear data (DiveTracker) as an 

extended filter. It also develops a combined estimate of “Ocean CurrentsErrors” and 

determines if the filter has possibly lost track or has a bad measurement. 

3. Readgps.C 

This code reads the data from the Motorola GPSDGPS receiver. It opens the Solaris 

serial port for comunications with the GPS unit and then decodes the GPS binary data. It 

also has the routine that determines the best type of fix information to use based on input 

data. 

4. Matrix.C 

This code performs the basic matrix operations required by the Kalman filter to 

include addition, subtraction, and multiplication. It also computes a matrix inverse using 

Gausian elimination and constructs the rotation matrices required for body speed 

transformation to earth coordinates. 

D. THESIS CHAPTER SUMMARY 

Chapter 11 overviews the Phoenix, GPS and Dive-Tracker hardware. Chapter JII 

provides an in-depth description of Kalman filtering, describing this implementation and 

variance determination. Chapter IV describes the navigation problem and its solutions. 

Chapter V covers pertinent factors of the developed software. Chapter VI summarizes the 

conclusions and results of this work and discusses possible future work to be performed. 
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11. PHOENIX HARDWARE CHARACTERISTICS AND SHORTFALLS 

A. INTRODUCTION 

The Phoenix AUV possesses the precise position control and sensing systems 

hardware required for mine hunting and localization. To achieve this capability requires 

complex multiple computer capability, a sonar system, navigation equipment, and the 

necessary position and control surface motors and controllers. The three major pieces of 

hardware used in the implementation of the navigation module are the on-board Solaris 

Voyager laptop workstation, the DiveTracker system, and a Motorola GPSDGPS unit. 

B. PHOENIX AUV HARDWARE OVERVIEW 

The Phoenix AUV hardware layout is shown in Figure 2. The vehicle mission logic 

operates on an installed Solaris (SUN) Voyager laptop work station. The vehicle control 

systems operate on a GESPAC M68030 processor operating under an 0s-9 system 

[MARC96]. These computers operate together over a LAN. Phoenix has two screws for 

forward propulsion, two vertical thrusters for depth control, two horizontal thrusters for 

station keeping, and eight control fins for vehicle attitude control during forward motion. 

To provide environmental data, the Phoenix has ST725 and STlOOO TRITECH sonars 

[TRITEC]. Phoenix uses a depth cell and turbine flow meter for water depth and speed 

determinations respectively. The Voyager has its own independent battery supply with a life 

of 1 ?h hours. All other vehicle power is supplied by four lead acid batteries, which provide 

a vehicle life of approximately four hours. 
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Figure 2: Phoenix Hardware Layout 
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C. VOYAGER LAPTOP WORKSTATION 

The voyager Solaris laptop workstation is the software host for the strategic and 

tactical levels. This is a new generation Solaris (SUN) workstation [SUN]. It has a 100 

MHZ processor with 48 meg RAM and a 1.2 Gigabyte hard drive. It operates under the 

UNIX operating system. 

The major shortfalls of this system was the poor battery capability. Trials of only 

short periods (a max of 1.5 hour ) could be performed, with a two hour recharge rate. The 

Voyager had no real ordoff switch. Ordoff switching was keyboard controlled and the 

keyboard could not be installed due to space considerations in the vehicle. In addition, the 

battery was designed to be inserted into the unit, and it could not be removed once the 

VOYAGER was in the craft. The overall result was that upon a system lockup, there was 

no alternative to waiting until the battery died to shut down the system (overnight). To 

correct these problems the installed battery was removed and another battery was added in 

parallel to extend Voyager useful life. The new battery system is now wired directly into the 

Voyager with an ordoff switch added. The SOLARIS system has the capability of serial port 

communication with other non-terminal devices. However, the operating system 

documentation did not include the required commands. After much trial and error, these 

commands were found in a non-SOLARIS source [SCSI]. 

D. MOTOROLA GPS/DGPS UNIT 

The Motorola Eight Channel PVT8 GPS receiver is capable of both GPS and 

Differential GPS (DGPS) modes with a maximum speed of one fix per second [MOTORO]. 

This system is capable of simultaneously tracking up to eight satellites. The receiver output 
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data can be used in one of three formats: the MOTOROLA Binary Format, the National 

Marine Electronics Association (NMEA)-0 183 Format, or the LORAN Emulation Format 

[MOTORO]. The GPS antenna is mounted on an four inch pedestal on the forward starboard 

side of the vehicle. The Differential antenna was eight inches long and mounted opposite 

on the port side. This system communicated to the VOYAGER serial port via a SCSI 

interface. 

The main shortfall of this system was in its use of the Differential correction signal. 

In the absence of a new DGPS time correction, the receiver held the last DGPS time 

correction signal received for ninety seconds before changing fix status to standard 

(uncorrected) GPS. The Kalman filter requires that the variances of the system be known. 

The DGPS variance was approximately 45 ft2 with uncorrected GPS variance being 

approximately 27900 ft’. However, after 30 seconds of no DGPS signal, the DGPS variance 

increased to 207 ft2 and after 60 seconds it grew to 17424 ft2, while still reporting a DGPS 

fix [MOTORO]. The commands to modify this hold time to five seconds did not appear to 

work. 

E. DIVETRACKER SYSTEM 

The DiveTracker system is produced for divers’ use by providing navigation and 

communications support [FLAG94]. On the Phoenix AUV, the DiveTracker hardware 

utilizes two base station sonar transducers combined with an onboard processor and 

transducer to provide independent ranges from each base station to the Phoenix. These 

ranges are processed by the Execution level and sent to the Navigation Module via the 

Tactical level. DiveTracker range standard deviation was determined to be approximately 
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six to eight inches by the manufacturer. Experimental data backed up this claim, but showed 

an occasional error of one to two feet. The baseline separation was a primary factor in 

determining the minimum and maximum useable navigation ranges. Ranges were reported 

at an approximate interval of 1 to 3 seconds. 

This system worked only when the vehicle transducer was submerged. Unfortunately 

the Phoenix transducer was mounted on top of the vehicle. This caused a loss of 

DiveTracker data while surfaced or gaining a GPSDGPS fix. After a subsequent 

submergence the system did not always restart. The system also had the problem of shadow 

zones where the transducer did not receive any data at all. To correct these problems the 

vehicle transducer has been mounted under the vehicle. Testing is in progress to determine 

the effectiveness of this solution. 

F. SUMMARY 

The Phoenix hardware configuration is highly complex and uses nearly all of the 

available space in the vehicle. There are still some hardware problems to work out and it 

seems that whenever the boat is opened a new problem develops. However, the overall 

hardware suite has proven to be very successful in meeting the requirements of supporting 

student thesis research and developing basic knowledge about the use of AUVs in mine 

hunting applications [BRUT96]. 

t 

11 



12 



111. KALMAN FILTERING 

A. INTRODUCTION 

Kalman filtering is a method of recursively updating an estimate of a system state by 

processing a succession of measurements. The Kalman filter is model-based; each cycle of 

measured input data is compared with prior (model-based) estimates and are weighted by 

Kalrnan gains to obtain updated (output) state estimates. Kalman gains are computed during 

each cycle and are function's of the filter's covariances and models of the measurement 

process [GELBSS]. In this chapter Kalman filtering will be discussed as implemented in the 

Phoenix AUV for navigation calculations. 

B. PHOENIX IMPLEMENTATION 

A discrete asynchronous Kalman Filter was used by the Ph--nix n vigation module. 

The use of DiveTracker range data required the addition of an Extended Kalman Filter mode 

of operation due to the non-linearity of range measurements. The Kalman filter used a non- 

zero mean ,movement model, where the input vehicle speed is assumed truth, and results in 

the filter solving for both an updated position data and estimates of ocean current. This filter 

also computes a Dimensionless shock quantity based on the received measurements to 

determine if the filter has possibly lost track or received bad measurements. The state vector 

,U, was defined to be [Xpos Ypos Xdrift Ydrift]. The state was processed through the 

movement and measurement steps based on the previous position, measurements, Kalman 

gains, and system covariance. 
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1. Statistical Background 

The Kalman computations are manipulations of (multi-variate) normal probability 

distributions [WASH94]. The computations are conducted in two separate stages consisting 

of motion and measurement step calculations. The symbol X represents a system state 

component and is a multi-variate normal with a mean of p and a covariance of E, abbreviated 

as X-N(p,X). V is the measurement noise, and is also a multi-variate normal with a mean 

of Uv and a variance of R abbreviated V-N(Uv,R). W is the movement noise. It too is a 

multi-variate normal with a mean of Uw and a variance of Q, abbreviated W-N(Uw,Q). 

2. Movement Model 

The movement model’s X and Y position is based on standard dead-reckoning; i.e., 

Distance = Rate * Time (3.1) 

That is, Distance becomes the new X or Y position. Rates are computed using a rotational 

transform [CRAB61 of Phoenix u (longitudinal), v (sway) and w (heave) speeds to arrive 

with X (nortldsouth), Y (easvwest) and Z (up/down) speeds. The earth coordinates were set 

according to a right hand rule with north, east and down directions being positive. The 

movement model dead reckons in X and Y positions over a time A based on the following 

equations. 

X i  + , = Xi  + Xdrif* A + Wx - N(Xspeed* A,Q) 
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Yj + = Yj + Ydr@* A + W, - N(Yspeed* A,Q) 

Xdrift, + = Xdrifi+ Wxdr8 - N(0,Q) 

Ydrift, + = Ydrifi+ W,,,, - N(0,Q) 

(3.3) 

(3.4) 

(3.5) 

That is, The new X and Y positions are the sum of the old position, the distance covered by 

drift speeds, and an approximately normal non-zero mean random variable W, where W has 

a mean of Speed*A and a variance Q. The use of a non-zero mean random variable for the 

calculations of the X and Y positions is the primary driver for the solution of X and Y drift 

speeds. The X and Y drift calculations use a zero mean random variable W, with variance 

Q. 

C. KALMAN FILTER FORMULAS I 

The Kalman filter uses Equations (3.6) and (3.7) for the motion modeling described 

by Equations (3.2-3.5). Equations (3.8-3.1 1) are used in the calculation of the measurement 

step. All operations are matrix operations. With the addition of CP and H as movement and 

measurement matrices, Equations 3.2 and 3.5 are transformed to the Kalman filter formulas. 

For example if Xi+l= @Xi + W, (simplification of Eq. 3.2) and X-N(p,E), then, 

pi+, = CPpi+Uw as demonstrated in Equation (3.6). 

1. Motion and Measurement Models 

The motion formulas are: 

u(-)j + 1 = @j*u(+)j+uwj (3.6) 
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Z( -)i + = ai*Z( +),*V ,+Qi (3.7) 

The measurement and update formulas are: 

K , + l  = ~ ( - ) i + l * ~ i + l / ( H i + l * Z ( - > i + l * H i + l T + R )  

U( +), + = U( -), + +Ki + *Shockj + 

Shock, + = Zi + -Uv-Hi + *U( -), + 

Z(+), + = (I-K. 1 + 1  *Hi + >*w>i* (1-q + 1 *Hi + 1 IT  

(3.10) 

(3.11) 

where: 

U,Z = The mean and covariance of the System State. 

Q, = The movement Matrix, which describes how the state changes. 

Uw,Q = The mean and covariance of the movement noise. 

H = The measurement matrix (how the measurement depends on the state). 

Uv,R = The mean and covariance of the measurement noise. 

2 = The measurements (GPSDGPS or DiveTracker). 

K = Kalman Gains (a ratio of the filter Covariances) 

I = Identity Matrix 

and I+' indicates a measurement step while I-' indicates a movement step calculation. 
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2. Movement Step 

The new movement step position given by Equation (3.6) is the sum of the product 

of the movement matrix CP and state vector U(+), as shown in Equation (3.12). 

1 O A O  

0 1 0 A  

0 0 1 0 

0 0 0 1 

NewPosition = 

X 

Y 

Xdfi 

Ydfi 

(3.12) 

The addition of Uw results in Equation (3.6). The new value of E given by Equation (3.7) 

also depends on the movement matrix CP and the addition of the covariance of the movement 

noise, and results in a new covariance matrix for the system state U. 

3. Measurement Step 

The measurement step computes a new state vector U based upon measurements and 

Kalman gains. Kalman gains given by Equation (3.8) are computed as a ratio of the state 

covariance, as it depends upon the measurement vector and the sum of the state covariance 

and the measurement Equation (3.1 1). The gains indicate how much the state vector U 

values depend upon the measurements Z1 and 22. Specifically, 

K =  

[X Zlgain X Z2gain 

Y Zlgain Y Z2gain 

Xdft Zlgain Xdft Z2gain 

Ydft Zlgain Ydft Z2gain 

(3.13) 

The computed gains are used as weights on the amount of change in the system based on the 

measurements. The difference between the estimated position based on the movement model 
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and the measured position Z is denoted as “Shock” [WASH94], or as equivalently to as 

“innovation” and is given by Equation (3.9). Where a measured position is from 

GPSDGPS or is a position derived from DiveTracker ranges. The new system state U is a 

sum of the previous state and a gain weighted shock given by Equation (3.10). The new 

covariance, Equation (3.1 l), is the product of the “complement” of the state dependent gain 

(a measure of truth) and the old covariance. The complement is derived by subtracting the 

state dependent gain from an Identity matrix. 

D. DIMENSIONLESS SHOCK 

In a perfect system, the value of the shock would be zero. As the shock increases 

and becomes large, then the probability that the system has lost track also increases. A 

problem develops in determining what value of shock should be considered “large”. 

Dimensionless shock (Eq. 3.14) is used to determine what value of shock relates to “large”. 

DimensionlessShock = Shock T*(H*Z(-)+R)- ‘“Shock (3.14) 

A large value of DimensionlessShock indicates a possible measurement problem or that the 

filter has lost track. DimensionlessShock can be gauged against the degrees of freedom of 

the shock [WASH94]. However, it has been found in the research of this thesis that an order 

of magnitude increase over the degrees of freedom provides better results. 

An order of magnitude increase was determined to be required due to the shift in 

measurement methods. When using a consistent measurement method, a large shift in the 

DimensionlessShock value as gauged against the degrees of freedom of the shock does 
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indicated a possible loss of track. However, when shifting measurement methods it is 

possible to get a change in position that results in a higher value than expected of 

DimensionlessShock. To ensure that the new measurement is not ignored, an order of 

magnitude increase in the DimensionlessShock threshold level is used. This enables the 

filter to use the new measurement and maintain track. 

E. EXTENDED KALMAN FILTERING 

In the previous discussion of the Kalman Filter, the measurement was always a linear 

function of the system state. In the non-linear case, the relationship between the system state 

and the measurements must be linearized. In the Phoenix Kalman filter, the DiveTracker 

ranges are a non-linear function of the state. The DiveTracker ranges are two independent 

ranges from base station transducers to the Phoenix. In this case a non-linear filter (Extended 

Kalman Filter) must be used [WASH94]. This linearization is performed by taking the 

derivative of a calculated range, f(U), given by Equation (3.15). Where f(U) is a function of 

the X and Y components of the system state vector U. If Dx and Dy are distances between 

the Phoenix state position U and the DiveTracker base transponder positions, then 

f(U) = CaZcRange= fi(D~)*+(Dy)~) (3.15) 

Since the values of the measurements are non-linear with respect to the state, the 

development of a new H (how the measurement depends upon the state) matrix is required. 

This new H (Equation 3.16) is now composed of the first partial derivatives of calculated 

measurements f(U), based upon the current values of the state, to form a Jacobian. 
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(3.16) 

This H matrix represents a linearized relationship between the state and the measured 

ranges. The new H is used by Equations (3.8) and (3.9) to calculate Kalman gains and 

covariances as they relate to the measurements. The shock calculations must also change to 

reflect the amount of state change required. The new shock (Equation 3.17) is the difference 

between the actual measurements Z and the calculated measurements f(U) as based on the 

system state. Where Z holds the received ranges from the DiveTracker system. 

Shock = Z - FU - UV (3.17) 

F. SPEEDKURRENT ERROR MODEL 

If a measured Phoenix position does not agree with the motion model’s position, then 

as the filter updates the system state the X and Y ocean current speed components will be 

increased to explain the difference. The ocean current speed components of the system state 

are actually a combination of ocean current and navigation errors caused by inaccurate 

vehicle speed and heading inputs. In the absence of measurements, the speed variances will 

slowly increase. In the long run, according to the movement model, vehicle speeds in excess 

of 1000 knots are not only possible but likely [WASH94]. Modeling these speeds as a 

discrete Ornstein-Uhlenbeck process (0-U) will correct this problem by exponentially 

decreasing the value of the ocean current speeds over time. This is useful for long term 

modeling of ocean or tidal currents. With this approach a value of C ,  where (0 I C I l), is 
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used to decrease the value of the drift speed exponentially (Eq 3.18). That is, 

C = exp(-An) (3.18) 

In this equation, A is the time step between cycles and T is the drift relaxation time. As an 

example for the case of Xdrift, the state component update equation changes to; 

Xi + = C*Xi+ Wx - N(0,Q) (3.19) 

Consequently, the Xdrift variance changes to; 

Vur(Xdrif) = C2 * Vur(Xdr@) + Q (3.20) 

The limit of Var(Xdrift) as time approaches infinity is the average of Xdrift2, so Q reduces 

to, 

Q=Xdrift2 * (1-C2) (3.21) 

The final modification in the 0-U process involves the A used in the @ matrix. Now, 

the drift speeds not only fluctuate about zero, but they also decay toward zero at the rate 

specified by C. This results in a new term 6 = T*( 1-C), where 6 is always smaller than A, 

although there is very little difference when A is small compared to T. The final result is 

a modified 0 matrix given by, 
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1 0 6 0  
0 1 0 6  

o o c o  
o o o c  

@ =  

11 0 6 01 

0 1 0 6  

o o c o  
o o o c  

@ =  (3.22) 

G. SUMMARY 

Discrete Kalman filtering is a statistical method of calculating a new system state 

based on a series of measurements. The Phoenix navigation module uses a system state of 

[Xpos Ypos Xdrift YdriftIT, and measurements of GPS position and DiveTracker ranges. 

The use of DiveTracker ranges requires an Extended Kalman filter due to non-lineararity of 

the measured ranges. Drift speeds are modeled as a Omstein-Uhlenbeck process to keep the 

calculated speeds in bounds. 
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IV. NAVIGATION 

A. INTRODUCTION 

For the Phoenix AUV to be effective in mine warfare requires precision navigation 

with desired position estimates within several meters of actual positions. To solve this 

problem, a discrete Kalman filter was used to filter the GPSDGPS and DiveTracker 

measurements and produce the most probable vehicle position. However, this filtering was 

only a means of utilizing measurement and dead reckoning to provide new positions. The 

Kalman-Filter by itself did not “solve” the navigation problem. Questions about 

initialization, accuracy of position fixing methods, which fix type to use under which 

conditions, and dead reckoning problems all must be solved before a fully functional filter 

can be implemented. 

B. NAVIGATION OVERVIEW 

The Phoenix navigation module works in a continuous loop as a forked process of 

the tactical level [LEON96]. The module receives the vehicle state string from the tactical 

level. From the state string, the values of speeds, vehicle attitude, heading and DiveTracker 

ranges are obtained. If the Phoenix depth is less than one foot, then an attempt is made to 

read GPS from the Motorola unit. If the Kalman filter has lost track for 15 seconds, the 

tactical level is informed, and the vehicle will surface to gain a GPS fix and reset the filter 

parameters. The Kalman filter is reset by re-initializing the gain and variance matrixes. Fix 

types are compared, and the appropriate fix position data type is selected for use. If there 

is no fix position data, the state vector drift values are manually updated using the computed 
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total drift resolved to Xdrift and Ydrift speed components using the vehicle’s heading. 

The Kalman filter routine is next called and passed the parameters for the selected 

fix type. The Kalman filter first performs the dead reckoning movement step. If no fix data 

was available, the filter returns the new dead reckoned state position estimate. If fix data was 

available the measured data is filtered and new Kalman gains are computed. Dimensionless 

Shock is calculated to determine if the measured data was reasonable. If the Dimensionless 

shock value is low, the state vector is updated using the computed Kalman gains and 

measurements. If the Dimensionless shock was too high, the measurements are ignored, the 

state vector is not updated and a loss track flag is set. The value of the root mean squared 

total drift is next calculated. The filter then returns the updated state, total drift and loss track 

flag data. Finally, the navigation module sends the new fix data back to the tactical level and 

records the fix data for later analysis, and the loop continues again. Loop timing is controlled 

by the time stamp in the state string received from the tactical level OOD. If there was no 

state string received, the loop performs a busy wait until a state string is received, if a state 

string is received then data processed by the loop uses the time passed in the state string. 

C. NAVIGATION CO-ORDINATES 

A right hand rule system of X, Y and Z measured in feet was used for Phoenix 

Navigation. In this system X is aligned along the North earth axis, with Y along the East axis 

and Z being down. This required the conversion of GPSDGPS position data from latitude 

and longitude to X and Y in feet. The GPSDGPS system raw data stream reported position 

data in milli-seconds of arc latitude and longitude. Before the GPSDGPS data could be used 

by the Kalman filter, the data had to be converted both to feet and to the local coordinate 
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system. This was performed by first determining an origin (starting location) during the filter 

initialization phase. All subsequent fixes are referenced against this origin position to get 

a calculated difference in latitude and longitude milli-seconds of arc from the fix position to 

the origin position. The differences in milliseconds arc latitude are converted to feet by the 

relationship of 10 milli-seconds of arc per foot latitude. To convert longitude data a 

spherical world approximation was used (Eq. 4.1). 

distancelongitude = longitude" cos(1atitude) 

Distance longitude was then converted to feet using the same 10 milli-seconds of arc 

per foot factor. These new X and Y distances in feet were then applied to the vehicles X, Y 

starting position to arrive at a new fix position in X,Y coordinates. 

D. GPS/DGPS 

GPS is a world wide satellite based system that provides highly accurate position data 

[MOTORO]. There are 26 satellites available, with a minimum of three satellites required 

to compute a fix position. The U.S. Department of Defense runs this system and 

intentionally perturbs the GPS signals so that accuracy of only approximately 180 feet RMS 

error in position can be achieved without special equipment. GPS operates on the measured 

time delays between the received satellite signals. To increase accuracy, a differential GPS 

(DGPS) system has been developed and is now widely commercially available [MOTORO]. 

DGPS receives the GPS signal at a surveyed land based site, and then broadcasts a 

correction time signal for GPS users to obtain accuracies of within 2 meters and more 

recently using carrier phase inversion methods to within 2 centimeters [LACH96]. 
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1. Phoenix GPSDGPS Variances 

The Phoenix AUV received GPS/DGPS at an average rate of one fix per second when 

surfaced. Ths  resulted in asynchronous data dependent upon the Phoenix depth and 

satellites availability. To determine the noise variances of the GPS/DGPS system, static 

(non-moving) testing of the unit was performed in the laboratory. Figures 3-6 detail the 

results of a 17 hour GPS and 7 hour DGPS test. Positions are recorded at five second 

intervals. Figure 3 shows the GPS latitude and longitude data (converted to feet) 

fluctuations. The standard deviation of this data was 100 feet latitude and 66 feet longitude. 

Figure 4 indicates the range of positions recorded over the 17 hour period. The pronounced 

gap in the data received around time 14 indicates when the minimum of three satellites 

apparently was not available. 

Figure 5 and 6 show the same data for DGPS over a 7 hour period. The standard 

deviations of DGPS in latitude and longitude was 19 and 11 feet latitude and longitude for 

a tighter distribution. In this case the gap in data most probably resulted in a loss of DGPS 

correction signals. There is a notable increase in error before the gap which is consistent 

with the loss a correction signal. 

Figures 5 and 6 also illustrate a loss of DGPS correction signal problem with our 

receiver. The Motorola receiver holds a received differential correction signal for 90 seconds 

before defaulting to uncorrected GPS mode. This results in increasing inaccuracies of up to 

40.5 meters at ninety seconds [MOTORO]. These errors can be seen in Figure 6 as the 

occasional loop out from the bulk of the positions and the long spikes in Figure 5. In real 

world use, it is better to hold a correction signal as long as possible, because even the 40.5 
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meter inaccuracy after 90 seconds is better than the 60 meter inaccuracy of uncorrected GPS. 

However, the Kalman filter demands the knowledge of the measured variances, and after 30 

seconds without correction, the estimated position error can exceed the calculated DGPS 

standard deviations and result in solutions exceeding the expected accuracy of position 

estimates. 

2. Kalman Filtering of GPSDGPS Data 

The raw GPSDGPS data shown in Figures 3-6 was input to the Kalman filter with 

the following results. Using the square of standard deviations of the raw GPSDGPS data 

as variances for the Kalman filter proves the capability of this method. Figures 7 and 8 show 

the results of the filtering of the GPS data. The standard deviation of the filtered GPS data 

was reduced from 100 feet to 9 feet latitude and from 66 feet to 6 feet longitude. Increasing 

the variance by 100 in Figures 9 and 10 show a reduction in standard deviation to 5 and 4 

feet latitude and longitude. Increasing the variance by loo0 in Figures 11 and 12 show a 

reduction in standard deviation to 3.8 feet and 2.5 feet latitude and longitude. The same type 

of result can be seen for the DGPS data in Figures 13-18, where the DGPS variance by itself 

produced standard deviations of 1.75 feet latitude and 1.1 feet longitude. Increasing these 

variances by 100 produced standard deviations of 1.1 feet latitude and .88 feet longitude and 

.78 feet latitude and .75 feet longitude for a lo00 fold increase. Of course these results apply 

only to a stationary receiver. The long time constants associated with large variances would 

! not be suitable for use on a maneuvering vehicle such as Phoenix. 
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Filtered GPS LaVLon vs Time (Variance * 100) 
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Figure 12: Plot of Increased Variance GPS Positions Over 17 Hours 
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Figure 15: Increased Variance DGPS Lat/Lon vs Time (Variance * 100) 
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Figure 16: Plot of Increased Variance DGPS Positions Over 7 Hours 
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Figure 17: Increased Variance Filtered DGPS Lat/Lon vs Time (Variance * 1000) 
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Figure 18: Plot of Increased Variance DGPS Positions Over 7 Hours 

35 


























































































































































































