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An Advanced Model Autopilot Control System
J. Millan, G. Janes, E. Kennedy, D. Cumming
Institute for Ocean Technology
National Research Council
St.John’s, Newfoundland, Canada
Abstract
Advancements in instrumentation and control systems for model testing are often driven by new and sometimes very demanding test program requirements. Ever-improving wireless communications, miniaturized power electronics and computer systems and software have made it
possible to achieve control and instrumentation objectives that were not
practical in model test programs of a decade ago. This paper describes a
model autopilot system that was developed last year at the Institute for
Ocean Technology, having significant advantages over earlier systems. The
autopilot and the heading sensor are not on the model, allowing very small
model vessels with low power consumption to be controlled. The system
also incorporates a Kalman filter to provide smooth position updates and
a reduction of first-order wave disturbance in the rudder command signal.
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Introduction

In 2000, the Institute for Ocean Technology (IOT) identified a requirement for
a new model autopilot that could function with free-running vessels in the oﬀshore engineering basin (OEB). Utilizing software and techniques that had been
recently developed for IOT’s dynamic positioning (DP) system in combination
with existing remote control (RC) hardware and software, an autopilot system
was developed. This first autopilot was based on two full-sized industrial PCs
which seriously handicapped the utility of the design due to the high power consumption. Heading feedback was from an on-board spinning-mass gyroscope.
It was clear from the operational experience with this system that a smaller autopilot with lower power consumption was needed. Additionally, it was desired
that the new autopilot should utilize an alternative sensor to the gyros, which
are diﬃcult to maintain and troublesome to operate. An eﬀort was undertaken
during 2002-2003 to implement an advanced autopilot that would rectify many
of the shortcomings of the first system. This new system was able to draw on
hardware and software that had recently been developed for other model test
programs. This resulting autopilot met most of the design expectations and
performed extremely well during a set of free-running seakeeping experiments
on a 1:12 scale free-running model during the spring of 2003 (see figure 1).
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Figure 1: A model equipped with the newly developed autopilot in the IOT
oﬀshore engineering basin in April 2003.
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System Architecture

In order to improve on the older autopilot, the following key features had to be
considered:
• Light Weight: reduce equipment mass for smaller scale vessel testing
• Low Power Consumption: reduced power consumption extends battery
life (and hence operational time) and allows for lower battery weight
• Reliable Feedback: heading feedback must come from a reliable source
These requirements could be addressed by removing much of the autopilot
function from the model boat. In the early autopilots, the feedback sensor (the
gyro) and the autopilot computer were both located in the model (figure 2).
The general concept for the new design was to take this function out of the
boat and place it on the shore to reduce the weight and power requirements,
pictured in figure 3. The gyro has been replaced by the Qualisys shore-based
optical tracking system. The advantages of this approach are the requirement
only for a one-way radio link and a reduction of equipment (and thus power
consumption and mass) to be placed in the boat. Due to these obvious advantages it was decided to take this approach for the autopilot design. The main
risk to this approach is that the full-basin optical tracking system used in the
tank has some limitations that could present a significant challenge to real-time
control.
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Figure 2: Block Diagram for early autopilot

RC Operator
Interface
Computer

Feedback
Sensor
(Qualisys)

Heading
Setpoint

Autopilot
Computer

R
a
d
i
o

Rudder
Command
Signal

Rudder Servo

L
i
n
k

Heading
Feedback
Signal

Shore

Boat

Figure 3: Alternate autopilot arrangement using Qualisys feedback.
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Optical Tracking and Control

For reliable closed-loop control (as in an autopilot), the control system must be
supplied with reliable, error-free heading information supplied in real time (at a
constant update rate). This is due to the fact that the response of the rudder,
and hence the vessel, is directly related to the feedback signal in a closed-loop
control system.
The optical tracking system (a Qualisys system) in the OEB consists of a
pair of digital video cameras and processing systems with a wide field of view.
They view most of the tank, so they are able to track a set of active infrared
targets on the model vessel. From each frame grab (25Hz frame rate), the system
determines the attitude and position of the vessel in a tank global coordinate
frame, based on the position of the visible targets A typical tracking signal for a
vessel in the tank will have some drop-outs (due to missing targets) and errors
(due to false targets). We can refer to these generically as "glitches". The
system identifies both types of errors by flagging them with an unfavourable
error rating in the RMS channel. The autopilot clearly needs some way of
identifying the glitches in real time and for filling in the lost data so that a
reasonable rudder command can be calculated. A number of alternatives were
considered, including the following:
• Low pass digital filter: since most of the Qualisys signal issues are glitches,
they could be filtered using a low pass filter with the appropriate settings.
• Track and Hold: when the signal is "good", it is passed through (tracked)
and when it is "bad" (unreliable, or containing errors), it is held at the
last known good value.
• Kalman filter: given a dynamic model of the vessel, a Kalman filter can
be used to remove sensor noise and provide a prediction of the heading
signal at each time step of the autopilot update cycle.
In order to assess the eﬀectiveness of these methods, each was coded in
Matlab and tested oﬄine using: 1) actual Qualisys tracking data from previous
tests and 2) simulated data. Based on the results of these simulations, it was
decided that the Kalman filter was the best option.
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Kalman Filter

The Kalman filter is useful for removing stochastic sensor noise with a constant
covariance characteristic. Unfortunately, the noise content of the optical tracking 6DOF data is not easily modeled, since the covariance is dependent upon
the location of the vessel with respect to the cameras, the lighting level, and
even the sea state in the model basin. In addition, the drop-outs and glitches
are not predictable by a linear stochastic model such as that embodied in the
filter. The primary utility of the Kalman filter in our application is as a predictor, (or gap-filler) since it can be used to generate a model-based prediction
4

of the heading, even in the absence of a measurement, and for unevenly spaced
data points.
In order to implement the Kalman filter, a simple linear (and preferably time
invariant) model is required. The first-order Nomoto steering model relates the
rudder angle to the heading angle, characterizing the steering of a vessel with
two parameters, K and T, that vary as a function of forward speed. For a
fixed forward speed, the Nomoto steering dynamics are given by the following
equation:
T ψ̈ + ψ̇ = Kδ

(1)

where δ is the rudder angle and ψ̇ and ψ̈ are the heading angular rate and
acceleration respectively. This model provides a reasonable approximation of the
dynamics of the vessel steering and is useful for the design and the testing of the
Kalman filter and the autopilot. The Nomoto parameters can be identified for
a given forward speed from ship steering information collected during standard
manoeuvring tests, such as a zigzag test.
The state space model can be derived by defining the state vector x =
£
¤T
and rearranging equation 1:
ψ ψ̇
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−
T
T

then rewriting the above in state-space form, we get the following:
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Implementation Details

To implement the filter, the state equation must be discretized for the appropriate sampling time1 , and the nomoto parameters must be selected for the
appropriate forward speed and scaled for the applicable model scale. Remaining to be defined are Qk , the state model (process) error covariance matrix, and
Rk the measurement error covariance matrix. Generally, the measurement noise
is known a priori, and is relatively small, providing that false data points have
been removed before the measurement is fed into the Kalman filter. The process
covariance, Qk is usually "tuned" to be larger than Rk which de-emphasizes the
model prediction Finally, an initial value must be selected for the process error
covariance matrix, Pk , but this is not a critical parameter.
1 For

discrete-time implementation of the Kalman filter, the reader is referred to [1] and

[2]
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Figure 4: Block diagram showing Kalman filter, controller, vessel and Qualisys
system.
The block diagram in figure 4, shows the Kalman filter and its relationship
to the autopilot, the vessel, and the feedback sensor. In the figure, x̂k is the
prediction of the vessel state (i.e. its yaw and yaw rate), uk is the rudder
command signal, and zk is the measurement (the yaw). Not shown in this
figure is the RMS filtering logic that exists between the feedback sensor and the
Kalman filter. Essentially, when the measurement is deemed to be unreliable,
the last prediction is fed back into the measurement input of the filter, thus
causing it to "dead-reckon" until good data is available again. This is the
primary utility of the filter, since it is able to fill gaps in missing data in real
time.

4.2

First order Wave Response Filtering

In vessel control applications, it is desirable to only attempt to control the vessel’s second-order response (i.e. the wave-drift response), since it is wasteful of
energy and destructive to mechanical systems to attempt to control the vessel’s
first order response. The rudder is also an ineﬀective actuator for yaw at these
high frequencies. Indeed, the rudder actually becomes more eﬀective at actuating the roll response at higher frequencies. There are various approaches to
prevent first-order rudder actuation:
• controller deadband2 : first order response is usually smaller in magnitude
than second order, so deadband can help to reduce it,
• low pass filter: energy in the signal due to first order waves is higher in
frequency than the second order eﬀects,
2 For

controller commands (less than a preset amount), the rudder is not moved.
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• Kalman filtering: separate the first and second order responses and control
only on second order response.
Deadband is the most widely used method since it is easily implemented
and is reasonably eﬀective. Too much deadband reduces the eﬀectiveness of the
autopilot and may lead to instability. Low pass filtering introduces a phase shift
to the control loop, reducing the phase margin, and thus reducing the overall
control quality of the closed loop autopilot controller. Kalman filtering is an
eﬀective way of removing first order controller response, since it can perform the
low pass filtering of the signal without introducing any phase shift. The Kalman
filter is somewhat more problematic than the other approaches due to the higher
complexity of design (requiring a model) and of implementation (calculation
complexity). Our autopilot incorporates both deadband and Kalman filtering
options, allowing the operator to decide which method will be used.
A reasonable model of the first-order wave spectrum can be approximated
by a simple second-order damped harmonic resonator. The transfer function
model is:
Kw s
H(s) = 2
(3)
s + 2ζω 0 s + ω 20
where ω 0 is the dominant wave frequency in the wave spectrum, ζ is the
damping coeﬃcient, and Kw is the wave gain constant. If the vessel yaw signal contains energy that corresponds to the spectral content of the first-order
wave (high-frequency), then this model will provide an estimation model for the
Kalman filter. A state space model for the full steering model that includes the
Nomoto and first-order models is as follows:
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The desired output from the system is the vector y, containing the state
variables ψ lf and ψ̇ lf . The subscripts hf and lf refer to the first and second
order components of the vessel’s yaw response.
Implementation details require that appropriate parameters be selected (i.e.
damping, dominant wave frequency, etc.) to match the wave’s spectrum, which
is also a function of the vessel’s forward speed and heading.

7

Qualisys Optical
Tracking System
Camera Arrays

Lauzier Model
Remote Control Client / Server System

RS-422,
Yaw
Joystick or
Steering Wheel

Winsock, Command

Intranet,
Ethernet

Winsock, Feedback

Client (User
Interface)

Spread
Spectrum
Modem

RS-232,
Packet

Server (c/w Kalman Filter,
Autopilot)

RF

Lauzier Model
Rudder

Motor A
Spread
Spectrum
Modem

PIC
Microcontroller

Motor B

Figure 5: An overview of the final autopilot hardware.
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Autopilot Hardware and Software

The major hardware and software components that make up the autopilot system are illustrated in figure 5.The Client and Server programs were developed
using Microsoft Visual Studio, and run under the Microsoft Windows 2000 operating system. Industrial PC computers connected by an Ethernet local area
network host the software. The Client computer is equipped with a Microsoft
Sidewinder steering wheel and pedals for the operator. The Server computer
receives model position and attitude data from the Qualisys Optical Tracking
system over a dedicated RS422 connection. Operator commands from the Client
system are sent over the network to the Server system where they are combined
with commands from the autopilot control software and transmitted by spread
spectrum modem to a PIC microcontroller on the model. The PIC microcontroller actuates the commands to eﬀect the desired model motion. Data from
the autopilot PID calculator is logged to a disk file which can be used later to
verify the autopilot algorithms and overall performance.
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Figure 6: A comparison of predicted yaw and measured yaw.
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Autopilot Performance

Some eﬀorts were made to assess the eﬀectiveness of the new autopilot. Due to
the fact that the entire control algorithm was prototyped prior to implementation, there were few surprises when the actual system was connected and used
with the model in the oﬀshore basin (OEB), with the controller performing as
expected.
IOT had performed full-scale manoeuvring tests on the full-scale version of
the model vessel recently, thus it was possible to derive the Nomoto steering
parameters from this data. First-order wave filtering was not used during these
tests. Since wave filtering requires that the wave estimator be tuned to the first
order encounter frequency, there would have been considerable need for operator
tuning because of the large number of possible combinations of vessel heading
angles, wave directions and forward speeds. Instead, controller deadband was
used to eﬀect first order wave filtering.

6.1

Kalman Filter Performance

Figure 6 is a portion of a time-series plot from a model test. The Kalman filter’s
predicted yaw (blue trace) fits the Qualisys signal (red trace), without including
the errors and drop-outs.
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Speed (kts.)

6.5

9.5

Heading Angle (deg.)
15
35
100
125
165
15
35
105
115
155

Yaw
Min.
-7.063
-15.59
-5.65
-5.19
-9.11
-8.02
-9.69
-3.64
-4.48
-5.98

Angle
Max.
9.941
4.38
4.96
10.31
6.809
5.26
4.63
8.50
4.48
3.16

(deg.)
Std. Dev.
2.288
2.978
1.51
2.16
2.309
1.84
2.03
1.89
1.47
1.45

Table 1: Statistics for the actual heading angle versus set heading angle

6.2

Course-Keeping Performance

Generally, carrying out a seakeeping test within the confines of the OEB involves
executing a number of runs which must be appended together to cover the
specified wave spectrum - the number of segments is dependent on the direction
with respect to the incident waves, the forward speed etc. This is one of the
reasons that an autopilot is so important, since it ensures that each run is
consistent with other runs of a particular heading.
A complex multi-directional sea state was generated, corresponding to data
measured with a directional wave buoy during the full-scale seakeeping trials.
The heading angles were derived after careful examination of the directional
wave data as well as after reviewing the results of numerical simulations. The
nominal target full scale wave parameters were 3.08 m significant wave height
with a peak period of 11.8 s. A detailed description of these physical model
experiments is described in the corresponding test report [3].
The autopilot provided satisfactory quality heading angle control regardless
of model heading angle with respect to the incident waves - as indicated by
reviewing the yaw angle statistics provided in table 1. The autopilot was able
to maintain the set heading angle to within a maximum 2.98 degrees RMS. For
the majority of runs, performance was much better- less than 2 degrees RMS.
Although there was no direct comparison performed between this new system
and previous model autopilots, it is felt that it provided control quality at least
as good as previous systems. In addition, it would be diﬃcult to compare this
data to that of other models, since autopilot performance is also a function of
the physical vessel, the test conditions and the controller tuning parameters (i.e.
the controller gains).
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Conclusions

The autopilot described in this report represents a great improvement over previous autopilot systems. Its primary features are light weight and low power
draw due to the absence of a large computer or gyroscope in the model. The
incorporation of a Kalman filter allows a high-quality control solution to be
computed in real-time from a noisy and unreliable feedback signal. The model
for the Kalman filter is relatively simple to obtain and can be derived from
either model scale or full scale steering data.
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