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Visual Positioning System for an Underwater
Space Simulation Environment
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Neutral buoyancy simulation of the three-dimensional space environment enables long-term training and evalua-
tion for astronaut and robotic operations prior to attempting these activities in space. The underwater environment,
however, does not allow use of global positioning system or pseudolite equivalents, and sonar has significant limi-
tations when used in a small, reflective tank. This paper describes an eight-camera visual positioning system (VPS)
to provide real-time three-dimensional position and velocity estimates for free-flying neutral buoyancy robots per-
forming tasks such as spacecraft inspection and servicing. A long-baseline calibration procedure is developed to
estimate accurate intrinsic and extrinsic calibration parameters. An extended Kalman filter merges camera mea-
surements with robot telemetry to create an optimal three-degrees-of-freedom estimate of translational position
and velocity. Static tests indicate VPS is capable of locating a robot with subcentimeter accuracy under ideal condi-
tions, and more typically, three-to four-centimeter accuracy when background clutter or glare influence processed
image measurements. A series of dynamic tests show centimeter-level accuracy so long as the vehicle is viewable
with multiple cameras, indicating VPS is a viable navigation system for neutral buoyancy operations.

Nomenclature
CX , CY = digital image principal point
f = camera focal length
Kt , Kr,K , K A, K B = radial distortion parameters
L , Lk = observer/estimator gain matrix
P, Pk, Pk − 1 = estimate error covariance matrix
GP,C P = global (G), camera (C) object position
C PG,org = translation from camera to global frame

in camera coordinates [TX TY TZ ]T

Q, Qk, Qk − 1 = process noise covariance matrix
C
GR = [r11, . . ., r33] = rotation matrix (global to camera)
Rk = measurement noise covariance matrix
(RX, RY, RZ ) = rotation about fixed camera X axis (XC ),

Y axis (YC ), and Z axis (ZC )
sX = ratio of pixel spacing in X and Y
u = control input vector
vi = velocity along i = X, Y, Z
[XC YC ZC ]T = camera frame coordinates
[X D YD] = real distorted image coords, mm
[XFD YFD] = distorted image coords, pixels
[XFU YFU] = undistorted images coords, pixels
[XG YG ZG]T = global (inertial) coordinates
[XU YU ] = real undistorted image coordinates, mm
[ẊG ẎG ŻG]T = global (inertial) velocities
x = estimate error vector
x, ẋ = translational state and derivatives

(ˆ indicates estimated state)
z = measurement vector
�k − 1 = discrete input propagation matrix
�k − 1 = discrete state transition matrix
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Introduction

S PACE operations introduce many challenges for human and
robotic explorers. To minimize risk and maximize chance of

success, systems must be thoroughly tested prior to launch, but
such testing is difficult because of environmental differences, most
notably the ability to move freely in three dimensions. Earth-based
techniques to simulate the space environment exist, such as air-
bearing tables,1 aircraft following parabolic trajectories (NASA’s
KC-135),2 drop towers,3 overhead weight-bearing cables,4 and
six-degrees-of-freedom (DOF) gantry robot manipulators.5 Neutral
buoyancy simulation (Figs. 1c and 1d) has been demonstrated as
a valuable training environment for astronauts and is utilized for a
variety of human and robotic system tests, including ongoing efforts
to plan and validate a robotic servicing mission for Hubble Space
Telescope. Although no Earth-based simulator is ideal, neutral buoy-
ancy is uniquely capable of long-duration, three-dimensional space
simulation for free-flying vehicle systems and is the simulation en-
vironment studied in this work.

Spacecraft require six-DOF navigation and control systems, three
DOF for attitude, and three DOF for translation. Attitude can be
determined with inertial measurement units on virtually all space
simulation platforms. Estimation of translational position and mo-
tion, however, has proven challenging for environments such as
neutral buoyancy where neither GPS nor pseudolite6 signals can be
propagated.

Underwater sonar-based systems have been developed for un-
dersea navigation, but success with these systems has been lim-
ited because of the highly reflective nature of an enclosed tank and
the requirement to place hydrophone or emitter hardware onboard
each free-flying robot (or even astronaut) that requires navigation
support.7,8

This paper describes a machine vision system for translational
navigation in a neutral buoyancy environment. This visual posi-
tioning system (VPS) must provide three-dimensional position in-
formation with accuracy comparable to global positioning system
(GPS). This vision system has been implemented in the University of
Maryland’s Neutral Buoyancy Research Facility (NBRF), shown in
Fig. 1c, and has been evaluated during navigation of the free-flying
Supplemental Camera Platform (SCAMP) space simulation vehicle
(Fig. 1a), an underwater analog to NASA Johnson Space Center’s
(JSC) autonomous extravehicular activity (EVA) robotic Camera
(AERCam) platform developed for space inspection tasks.9

Vision systems designed for aerospace applications typically per-
form relative navigation, using onboard camera(s) to keep a certain
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Fig. 1 Visual positioning system (VPS) for a neutral buoyancy
environment.

distance and bearing from other vehicle(s)/terrain or to rendezvous
and dock with another vehicle.10−12 Although analysis is often re-
stricted to simulation because of cost and platform availability, ex-
perimental results with integrated camera hardware are beginning
to emerge.13 For SCAMP, a color tracking system was previously
implemented to follow a uniquely colored target in the NBRF,14 but
this approach required a leader to be constantly kept in view. Navi-
gation is also possible with only onboard camera systems, provided
unique markings (fiducials) exist or distinct features (landmarks)
can be identified at all times. Vision-based methods have proven
useful for automatic learning of landmark appearance in nonengi-
neered environments,15 velocity estimation from optical flow,12,16

environment feature matching,17 and pose estimation from known
maps.18 In our cylindrical NBRF environment, however, few land-
marks exist, and those that are present are typically not unique (e.g.,
portholes). Because engineering the NBRF with fiducials/landmarks
would itself be a substantial engineering effort, VPS was designed
to use inertially fixed cameras to characterize the positions and ve-
locities of visual targets (e.g., a free-flying robot).

The VPS implemented in this work is comprised of eight charge-
coupled-device (CCD) cameras rigidly mounted to the walls of the
NBRF (as shown in Fig. 1b) to track underwater robot motion. Be-
cause all VPS cameras and support hardware are external to the ve-
hicle, this system can be used without vehicle modification and can
track a robot or even astronauts (divers) that have no special equip-
ment to support visual navigation. This paper describes the design
of VPS, a robust method to compute intrinsic and extrinsic cam-
era calibration parameters, and application of an Extended Kalman
Filter (EKF) to merge camera measurements and vehicle dynamics
into real-time state estimates. Accuracies of the calibration and of
EKF state estimates are assessed during static and dynamic SCAMP
flight tests. There are two fundamental contributions of this work:
a two-step calibration procedure for accurate intrinsic parameter
estimation and large-scale extrinsic calibration without a planar ob-
servation target, and an EKF derived to combine two-dimensional
(x-y) camera measurements into a full three-dimensional estimate
of position and velocity.

Relevant hardware and software components are outlined next,
followed by a description of the camera model and its calibration
parameters. The calibration procedure is described, and the EKF
equations are derived. The system has been implemented and tested
with the SCAMP neutral buoyancy vehicle. Both calibration and
EKF output are evaluated over static and dynamic tests.

Hardware and Software Systems
The University of Maryland’s NBRF is a cylindrical, fiberglass

tank of water 7.62 m (25 in.) deep and 15.24 m (50 in.) in diam-
eter. The water is filtered for exceptional visual clarity, providing
an environment well suited for machine vision. A group of 12 rigid
mounting locations (hard points) is arranged in rings of four hard

points spaced at 90-deg intervals at three tank depths. The eight VPS
cameras are attached to the top and middle rings, with middle ring
hard points offset 45 deg from the top ring stations. This choice was
made because test hardware would generally block views from bot-
tom ring mounting stations. VPS is composed of relatively low-cost
cameras with 768 × 494 resolution. Each camera (see Fig. 1b) is
sealed in a waterproof box, mounted to a hard point, and connected
to power and a frame grabber on the surface. Middle ring camera
boxes point radially inward, whereas top ring cameras are fitted
with a single pivot axis that allow the cameras to be tilted down for
maximal coverage. Camera coverage in the NBRF varies with posi-
tion. Cameras were tilted and focused manually and characterized
through calibration, given that mounting point imprecisions them-
selves preclude symmetric camera positions. Figure 2 illustrates
camera coverage at the depths 7 ft (2.1 m), 12.5 ft (3.8 m), and 18 ft
(5.5 m), and includes a legend indicating number of cameras that
can view each tank location.

With appropriate object recognition software, VPS could track
any object in the tank. However, this work was focused on navigation
for the free-flying SCAMP vehicle. SCAMP has six bidirectional
thrusters aligned in pairs along vehicle body axes to provide full
six-DOF control authority. To simulate space, SCAMP is balanced
to be neutrally buoyant in both translation and rotation, distinct from
typical undersea vehicles that maintain a stable keel. Powered from
onboard batteries, SCAMP contains a 100-MHz computer running
VxWorks connected by Ethernet fiber optic link to a Linux-based
surface control station. An onboard inertial measurement unit (IMU)
has enabled attitude estimation and control,19 and an onboard video
from a single or stereo camera pair is transmitted over fiber-optic
link to provide a view of the environment.

Although the long-term goal with VPS is fully autonomous flight
operations, at present, an operator transmits flight commands with
a pair of space shuttle hand controllers, one for translation and one
for rotation. A graphical user interface (GUI) displays real-time
telemetry from the robot, and EKF software on the control station
integrates vehicle telemetry and camera measurements to compute
vehicle position and velocity. Four computers (Vision1-Vision4)
each house two FlashBusTM single-channel frame grabber boards.
Figure 3 shows the system diagram of SCAMP, VPS computers,
control station, and UDP Ethernet communication links. After ini-
tialization, the VPS computers run a program (VPS client) to ac-
quire images, process the image to find the area and centroid of
SCAMP, and send this data to the control station that then computes
state estimate [XG ẊG YG ẎG ZG ŻG]T . Each VPS client pro-
cess receives an updated position estimate from the control station
to determine if the vehicle is in each camera’s field of view (FOV).
If the vehicle is not visible to a camera, no images will be acquired
from that camera until the vehicle is visible. A frame is grabbed and
processed from each camera at approximate 8 Hz (∼16 Hz loop rate,
two cameras per computer). The main control station program in-
cludes a GUI, reads hand controllers, and manages/saves telemetry
and VPS data. The VPS EKF also runs on the control station com-
puter at regular intervals (10 Hz) controlled by a timer. SCAMP
flight software has three threads: communication (50 Hz), attitude
estimation (25 Hz), and controller (25 Hz). The communication
thread receives pilot commands and uplinks telemetry, the attitude
estimation thread reads the IMU and computes attitude/angular ve-
locities with an onboard EKF, and the controller computes thruster
forces open-loop or closed-loop (attitude).

Camera Model
The VPS camera model was derived from Tsai.20 Calibration pa-

rameters are divided into two sets: intrinsic and extrinsic. Intrinsic
parameters model the interaction of light with optical and elec-
tronic components inside the camera and include: focal length f
(mm), principal point coordinates on the image plane Cx , Cy (pix-
els), first-order radial lens distortion parameter K , and scaling factor
sx to account for the translation from CCD sels to pixels scanned
in the horizontal x direction. The extrinsic parameters define the
translation and rotation of a camera with respect to an inertial co-
ordinate frame. With an XY Z Euler angle representation, extrinsic
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a) Camera coverage, depth = 7 ft

b) Camera coverage, depth = 12.5 ft

c) Camera coverage, depth = 18 ft

Fig. 2 VPS camera coverage maps; + = 0 cams; � = 1 cams; = 2 cams;
� = 3–4 cams; ×× = 5–6 cams; ∗ = 7–8 cams.

parameters include rotation angles (Rx , Ry, Rz) and translation vec-
tor C PG,org = (Tx , Ty, Tz).

Consider a three-dimensional station [XG YG ZG]T in inertial
(global) coordinates. Extrinsic parameters (Rx , Ry, Rz, Tx , Ty, Tz)
describe the conversion of [XG YG ZG]T to or from local camera
frame coordinates [XC YC ZC ]T . Perspective projection describes
the conversion from the local camera frame to image plane coor-
dinates. Camera coordinate ZC specifies range to an object, and

Fig. 3 VPS architecture and fixed camera locations.

assuming a pinhole camera model, the undistorted image plane co-
ordinates are approximated by[

XU = ( f · XC )/ZC , YU = ( f · YC )/ZC , A = π · r 2
]

(1)

where (XC , YC ) are the undistorted image coordinates, A is object
area, and r = ( f · R)/ZC is object radius. Focal length f is the only
calibration parameter required for this conversion.

Camera systems composed of optical elements with spherical sur-
faces suffer from unavoidable geometric distortions. Image coordi-
nates will actually be displaced farther from (pincushion distortion)
or closer to (barrel distortion) the optical axis compared to the coor-
dinates predicted by the pinhole projection model. Distortion occurs
both radially and tangentially from the optical axis. Displacement
caused by radial distortion is modeled by

∂ Xr = X D · (Kr1 · r 2 + Kr2 · r 4 + · · ·) (2)

∂Yr = YD · (Kr1 · r 2 + Kr2 · r 4 + · · ·) (3)

where r 2 = X 2
D + Y 2

D . Similarly, displacement caused by tangential
distortion is modeled by

∂ Xt = −YD · (Kt1 · r 2 + Kt2 · r 4 + · · ·) (4)

∂Yt = X D · (Kt1 · r 2 + Kt2 · r 4 + · · ·) (5)

Because of the physics of optical elements, radial and tangential
distortion is proportional to only the even powers of r . The values
Kri and K ti are distortion coefficients that must be estimated to cal-
ibrate for distortion. As is standard practice to facilitate calibration,
tangential distortion is minor thus ignored, and only the first power
series component of radial distortion is retained. This results in the
following relations between undistorted U and distorted D image
coordinates:

XU = X D · (1 + K · r 2) (6)

YU = YD · (1 + K · r 2) (7)

The conversion between undistorted coordinates and the real, dis-
torted image coordinates to first-order requires only radial distortion
coefficient K . Note that the object area A is not significantly affected
by distortion. Distorted image coordinates [X D YD A] are in units
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of length (e.g., mm). The next step is to transform [X D YD A] into
digital image or frame coordinates with pixel units. Once passed
through the frame grabber, the origin of an image is set to the upper-
left corner, with +x horizontal and +y down the image plane. The
conversion from distorted image coordinates to frame coordinates
involves several parameters. The piercing point [CX , CY ] describes
the alignment between optical axis and image plane. Ideally, this
point would be at the center of the image plane, but in general, the
piercing point varies and must be determined experimentally. Next,
units conversion from physical length (e.g., mm) to pixels must oc-
cur. For the y direction, this term DY depends on the number of
CCD sels and their physical spacing:

DY = HCCD/NFY (8)

where HCCD = CCD height (mm) and NFY = number of CCD sels
in the y direction. The distorted computer image y coordinate in
pixels is then:

YFD = YD/DY + CY (9)

The x conversion differs because the frame grabber samples the
video in the x direction. The x-coordinate conversion factor DX ′ is
defined by

D′
X = WCCD/NFX · NFX/NCX (10)

where WCCD = CCD width (mm), NFX = number of CCD sels along
x , and NCX = number of pixels sampled by the frame grabber along
x . The x coordinate of the distorted image is then

XFD = X D/D′
X + CX (11)

One final scaling parameter sX , is introduced to account for dif-
ferences between frame grabber sampling and CCD sel spacing in
the x direction. This parameter scales Eq. (11) to become

XFD = sX · X D/D′
X + CX (12)

VPS Calibration
A variety of camera calibration techniques has been developed

by both machine vision and photogrammetry communities.21 Each
differs in details, but nearly all of the calibration techniques follow
the same general procedure to find numerical parameter values. The
first calibration input is a series of locations in three-dimensional
space. These locations are typically targets on a calibration fix-
ture. Some algorithms use noncoplanar three-dimensional points
dispersed throughout a volume. Other more simple algorithms use
coplanar calibrations points, at the price of reduced accuracy and
capability when compared to noncoplanar techniques.20−23

Three-dimensional calibration targets must have two key charac-
teristics. First, two-dimensional image coordinates corresponding
to each three-dimensional location must be easily and accurately
identifiable. Targets are typically defined as the centers of spheres
in noncoplanar calibration fixtures. The classic coplanar calibra-
tion pattern is a checkerboard, which has clear, distinct edges and
vertices. Second, global target coordinates [XG YG ZG]T must be
known relative to one another. It is convenient to use one target to
define the global coordinate frame origin. The second calibration in-
put is the set of two-dimensional image coordinates corresponding
to the three-dimensional calibration targets. These two-dimensional
coordinates are captured for each camera to be calibrated and for
each target not occluded or otherwise indistinguishable.

VPS calibration presented several challenges seldom encoun-
tered in other vision systems. Large volumes such as the NBRF
require both long measurement distances and large calibration fix-
tures difficult to manufacture and characterize accurately. Because
the cameras are all pointing radially inward, instead of in one general
direction, simple, coplanar calibration patterns are not applicable for
extrinsic calibration. For VPS, a two-step calibration process was
implemented to compute intrinsic and extrinsic parameters sepa-
rately. To ensure consistent, accurate data, both steps were per-
formed with the cameras mounted in their operational underwater

Fig. 4 Sample images from VPS intrinsic calibration.

a) Calibration frame objects and axes

b) Extrinsic calibration frame in the NBRF

Fig. 5 VPS extrinsic calibration frame.

positions. As a first step, multiple images were acquired of a large-
scale underwater checkerboard pattern (see Fig. 4) held at 1–2 m
from each camera. This local calibration procedure was able to com-
pute camera intrinsic calibration parameters f, CX , CY , and sX with
the accuracy possible in a small calibration volume. Because ex-
trinsic calibration required that all cameras simultaneously view
common targets, a large calibration fixture with 20 fixed spher-
ical targets was built (see Fig. 5), each with a known relative
position. The two-dimensional image plane and three-dimensional
measured target coordinates are inputs to an algorithm that com-
putes extrinsic calibration parameters for all cameras relative to a
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Table 1 VPS intrinsic calibration parameters with error estimates

Camera f , mm CX , pixel CY , pixel sX K

1 6.3301 ± 0.0061 279.19 ± 1.30 225.98 ± 1.30 1.0251 ± 1.54E−05 0.007183
2 7.1428 ± 0.0065 324.20 ± 1.52 217.64 ± 1.42 1.0268 ± 1.40E−05 0.005184
3 7.9902 ± 0.0092 303.38 ± 1.95 303.14 ± 1.85 1.0274 ± 1.83E−05 0.002120
4 6.7967 ± 0.0051 314.00 ± 1.18 325.01 ± 1.20 1.0265 ± 1.18E−05 0.008442
5 5.7769 ± 0.0066 320.03 ± 1.43 230.10 ± 1.53 1.0266 ± 1.83E−05 0.009502
6 6.5814 ± 0.0058 300.19 ± 1.60 216.75 ± 1.51 1.0257 ± 1.39E−05 0.005405
7 7.3099 ± 0.0072 298.95 ± 1.71 253.82 ± 1.72 1.0255 ± 1.59E−05 0.005726
8 6.8419 ± 0.0045 330.62 ± 1.22 242.48 ± 1.12 1.0264 ± 1.04E−05 0.005833

global reference frame origin. Although the algorithm used in the
extrinsic calibration can calculate intrinsic and extrinsic parame-
ters, greater accuracy is possible with the separate intrinsic cali-
bration that has more data viewed at closer range. For VPS cali-
bration, intrinsic calibration was performed first, then the extrin-
sic calibration algorithm was executed to initially compute all 11
intrinsic and extrinsic parameters based on the three-dimensional
calibration frame. Intrinsic parameters are replaced with more ac-
curate values from the original intrinsic calibration, then the extrin-
sic algorithm was reexecuted to yield the most accurate calibration
possible.

Intrinsic Calibration
VPS cameras were intrinsically calibrated using a MATLABTM

calibration toolbox implementation§ of a checkerboard-based algo-
rithm described by Zhang.23 Table 1 summarizes results for the eight
VPS cameras, including upper-bound error estimates. As expected,
manually adjusted wide-angle focal lengths are between 5–10 mm.
CX and CY are not far from their ideal values of 320 and 240 pixels,
given the 640 × 480 image plane. The sX and K values are also
close to their ideal values of one and zero, respectively. The camera
model used in the intrinsic parameter estimation software uses rep-
resentations of focal length and distortion that differ from those used
by VPS and the extrinsic calibration software¶ that implements the
Tsai algorithm.20 A simple calculation was able to convert between
focal length representations. However, radial distortion could not be
equated, requiring the recomputation of K during extrinsic calibra-
tion. Thus, intrinsic calibration provided values for f, CX , CY ,and
sX ,while the target-based Tsai algorithm estimated all extrinsic pa-
rameters plus K .

The errors reported in Table 1 were more significant after the first
calibration pass. The first corrective action was to decrease uncer-
tainty by increasing the number of images over which parameters
were statistically computed to approximately 40 images per camera.
Next, using built-in error analysis tools, specific images that pro-
duced large error were eliminated. Finally, checkerboard vertices
that had been imprecisely marked were identified and eliminated.
After these steps, accuracy goals of 0.01 mm for focal length and
two pixels for CX and CY were achieved. This appears to near the
limit for VPS equipment and configuration and is sufficient to meet
our centimeter-level positioning accuracy goal.

Extrinsic Calibration
A C implementation∗∗ of the Tsai method20 was used to estimate

VPS camera intrinsic and extrinsic calibration parameters simulta-
neously, with modification to incorporate the four intrinsic param-
eters f, CX , CY , sX computed with the checkerboard-based algo-
rithm. The extrinsic parameter calibration target fixture had several
requirements:

1) A minimum of 14 highly visible three-dimensional targets must
be visible for each camera.

§Data available online at http://www.vision.caltech.edu/bouguetj/calib
doc/ [2004].

¶Data available online at http://www-2.cs.cmu.edu/∼rgw/TsaiCode.html
[2004].

∗∗Data available online at http://www-2.cs.cmu.edu/∼rgw/TsaiCode.
html [2004].

2) Target (x, y) positions must be accurately computed in all
images, requiring a fixture that minimized target occlusion.

3) Physical target locations [XG YG ZG]T must be accurately
characterized.

4) Targets must be rigidly mounted to guarantee measurements
are always consistent.

Positions must be an order of magnitude more precise than the
accuracy required for the vision task, thus millimeter-level measure-
ment precision was required. Additionally, calibration accuracy im-
proves as the calibration volume increases to occupy a large fraction
of the image plane. To enable correlation of the calibration frame
axes with the vehicle IMU, the calibration frame was affixed such
that North is aligned with one axis (e.g., x) and down is aligned with
another (e.g., z). Figure 5 shows the calibration fixture. The frame
is a 127-cm aluminum cube to which twenty 36-cm aluminum posts
are affixed. Hollow black plastic spheres are attached to the end of
each post and act as calibration targets. The use of 20 targets guar-
antees that each camera will have an unoccluded view of more than
the minimum of 14 targets. In the NBRF, the calibration frame sits
on top of long stilts to be in view of all cameras. Ball 19 is defined as
the global reference frame origin, and the vector from ball 19 to ball
18 defines the global x axis. A compass is affixed between these
balls to align the frame with magnetic North. Figure 5 illustrates
ball locations and axis definitions.

To use the calibration fixture, relative target positions must be
precisely characterized. As a feasible alternative to measuring target
positions in all three axes, ball-to-ball distances were measured and
served as the numerical inputs to the calibration parameter optimizer.
Special large-scale calipers were constructed that measured interball
distances accurately to ±2 mm. With n targets, the potential number
of target-to-target measurements m is defined by

m = (n2 − n)/2 (13)

Thus, for 20 targets there are 190 potential measurements. Because
the caliper was occasionally obstructed by the structure of the frame,
only 180 measurements could actually be taken. With 20 targets,
there were 60 unknowns to be solved, the x , y, and z coordinates
for each target. The 180 measurements each created one term in
a scalar objective function. If L j,k is the measurement from ball
j to ball k and [X j Y j Z j ]

T and [Xk Yk Zk]T were the global
coordinates of balls j and k, then the objective function equation
for that measurement is

e jk = {[
(X j − Xk)

2 + (Y j − Yk)
2 + (Z j − Zk)

2
]2 − L2

j,k

}2

(14)
The scalar objective function is then the sum of all errors:

E =
20∑

j = 1

20∑
k = 1

e jk (15)

Because the distance from any ball to itself is zero, e jk = 0 if
j = k. A minimization with a 180-term scalar objective function
in 60 unknowns will have a multitude of local minima, making
the solution quite sensitive to initial conditions. Accurate initial
guesses of the target locations were computed deterministically.
The plane defined by the top three targets, balls 18 thru 20, was
defined as the x–y plane with z = 0. Ball 19 is the origin, and ball
18 is defined to be on the x axis. Ball 20 is assigned coordinates
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Table 2 VPS extrinsic calibration parameters with error estimates

RX , RY , RZ , TX , TY , TZ , Normalized pixel Avg. object Max. object No. targets
Camera deg deg deg mm mm mm error, pixels space error, mm space error, mm visible

1 94.72 −80.21 175.40 −614.66 −1208.47 6921.82 0.60 2.12 4.78 17
2 91.12 7.65 179.89 283.17 −1245.12 6792.34 0.64 1.91 5.97 18
3 −83.61 83.70 5.86 565.41 −1500.57 7413.26 1.18 3.03 8.59 18
4 −90.82 −9.15 0.08 −489.02 −1229.02 7555.31 0.76 2.32 4.49 18
5 −54.55 −61.39 −34.30 −258.17 −223.93 7391.42 0.73 3.10 6.61 19
6 66.50 −22.27 −169.92 341.59 −831.95 6914.25 1.07 3.92 11.21 20
7 41.41 56.24 132.38 588.11 −1468.69 7206.47 0.76 2.31 7.43 20
8 −68.66 20.05 6.65 −222.95 −949.48 7689.74 0.70 2.29 6.40 20

[x20 y20 0]T . The three-dimensional positions of targets 18 thru 20
can then be solved deterministically with three intertarget distances
L18,19, L18,20,and L19,20. Ball 19 has coordinates [0, 0, 0]T , and
ball 18 is at [L18,19 0 0]T = [x18 0 0]T . Ball 20 coordinates are
then given by

L2
19,20 = x2

20 + y2
20 (16)

L2
18,20 = y2

20 + (x18 − x20)
2 (17)

with x20 and y20 the only unknowns. The remaining 17 targets have
positive z coordinates. The position of any ball k can be computed
with three measurements between it and targets 18–20:

L2
k,18 = (xk − x18)

2 + y2
k + z2

k (18)

L2
k,19 = x2

k + y2
k + z2

k (19)

L2
k,20 = (xk − x20)

2 + (yK − y20)
2 + z2

k (20)

This system was solved algebraically for each of the 17 target po-
sitions [xk yk zk]T . Using the resulting three-dimensional positions
as initial conditions, a Nelder–Mead simplex optimization algorithm
is then executed to adjust position estimates and find the best match
for physical measurements. With the optimized three-dimensional
measurements, “synthetic” distances L j,k were calculated:

L j,k =
√

(x j − xk)2 + (y j − yk)2 + (z j − zk)2 (21)

Synthetic and physical distances were then compared. Those few
that exhibit large differences are discarded, and the optimization
process is repeated until all measurement differences were less than
1.0 mm. Even though discarded measurements were not unreason-
able (1–3 mm average difference; 5 mm maximum difference), 30 of
the 180 measurements spread over most of the 20 targets were dis-
carded. Then, presuming two-dimensional image coordinate data
are of similar quality, extrinsic calibration can be computed to
millimeter-level accuracy, providing sufficient calibration quality
for centimeter-level VPS system accuracy.

A MATLAB® image processing program was created to facilitate
target localization in each camera’s two-dimensional image plane.
A user identifies each target ID and graphically defines a circle to
circumscribe each image plane target. This target localization strat-
egy is somewhat time consuming but has proven quite repeatable
and is estimated to have an accuracy of ∼0.3 pixels. The Tsai algo-
rithm first computes a full set of calibration parameters based on the
three-dimensional and two-dimensional calibration target locations.
Because of the relatively few targets (20) and the long distances in-
volved, this initial calibration is not highly accurate. Next, values of
CX , CY , f , and sX computed from the checkerboard algorithm are
specified as fixed calibration parameters for the Tsai code, which
is rerun with first-iteration values for extrinsic parameters (and K )
used as initial guesses.

The Tsai algorithm is based on the set of homogeneous trans-
formation equations that relate the three-dimensional target posi-
tions with their two-dimensional image plane coordinates, including

translational and rotational extrinsic and intrinsic parameters. The
error (cost) function to minimize is defined as

J =
n∑

i = 1

(xi − x ′
i )

2 +
n∑

i = 1

(yi − y′
i )

2 (22)

where n = number of calibration targets used, (xi , yi ) = observed
image coordinates of target i , and (xi , yi )

′ = predicted image coor-
dinates for target i based on current calibration parameter estimates.
The Levenberg–Marquardt optimization method is used, requiring
a nonredundant representation for rotation, in this case, XY Z fixed
Euler angles (RX , RY , RZ ). Table 2 lists the extrinsic calibration re-
sults, with rotations and translations to the global frame reported in
local camera coordinates. Table 2 also contains the extrinsic calibra-
tion errors and the number of usable calibration targets per camera.
The Tsai algorithm computes overall process errors rather than the
error for each parameter estimate. The normalized pixel error is a
measure of pixel-space errors that accumulate over the optimization
process, providing a measure of relative accuracy for different cam-
eras. The average object space error (in mm) is the average differ-
ence between actual three-dimensional calibration target locations
and their predicted three-dimensional global locations given the fi-
nal calibration parameters. The maximum object space error is the
largest discrepancy between actual and predicted target locations.
These error metrics include inaccuracies of extrinsic and intrinsic
calibration parameters because all are used in the camera to global
coordinate transformation. In practice, the error introduced by cal-
ibration inaccuracies alone should not exceed the maximum object
space error (4–11 mm). As a conservative interpretation, calibration
error is also unlikely to be smaller than the average object space
error (2–4 mm).

State Estimation with an Extended Kalman Filter
The goal of VPS is to provide accurate position and veloc-

ity estimates for free-flying targets such as SCAMP from the se-
quence of images captured by the cameras. The full state vector is
x ≡ [XG ẊG YG ẎG ZG ŻG]T , where XG, YG, and ZG are the po-
sition coordinates of the target with respect to the fixed VPS frame
and the overdots denote the corresponding velocities.

In principle, each captured image is capable of providing a full,
three-dimensional global position estimate [XG YG ZG] of the tar-
get; the velocity estimates could then be obtained by finite differ-
encing the resulting sequence. However, three-dimensional position
estimates from a single image require computing the distance to the
camera based upon the image area, a process that is highly sensitive
to measurement noise. Preliminary computations using the calibra-
tion coefficients computed in the preceding section showed that area
errors of only a few percent could create position errors on the order
of tens of centimeters, which would be unacceptable.

Thus, instead VPS was designed to use only the undistorted digital
image plane coordinates of the target centroid (XFU YFU) measured
in pixels. These are related to the global position (XG YG ZG),
measured in meters, using the camera calibration constants deter-
mined in the previous section with ri j representing elements of the
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rotation matrix from camera to global G coordinates:

XFU =
[

f TX sX

D′
X

+ CX TZ +
(

CXr31 + f r11sX

D′
X

)
XG

+
(

CXr32 + f r12sX

D′
X

)
YG +

(
CXr33 + f r13sX

D′
X

)
ZG

]/
(TZ + r31 XG + r32YG + r33 ZG) (23)

YFU =
[

f TY

DY
+ CY TZ +

(
CY r31 + f r21

DY

)
XG

+
(

CY r32 + f r22

DY

)
YG +

(
CY r33 + f r23

DY

)
ZG

]/
(TZ + r31 XG + r32YG + r33 ZG) (24)

Because there are three position coordinates and only two pieces
of information from each image, two or more image plane centroid
measurements must be combined in order to deduce the position of
the vehicle. Combining measurements is complicated by the fact that
individual measurements can be taken at slightly different times, and
that there can be slight discrepancies between cameras because of
noise in image acquisition and centroid calculation. To circumvent
these difficulties, VPS uses an extended Kalman filter to form the
global position estimate. By using a model of the target dynamics,
the same filter can also provide significantly more accurate velocity
estimates than a naı̈ve finite differencing of positions would yield.

The state dynamics of a translating flight vehicle are given by the
differential equation

m ẌG =
∑

i

Fext,x,i (25)

where m is the vehicle mass (approx 50 kg for SCAMP), and Fext,x,i
are the external forces applied to the vehicle acting in X direction of
the VPS frame. Analogous expressions can be obtained for YG and
ZG axis dynamics. For the underwater vehicle SCAMP, the prin-
cipal forces are Fthrust, the force applied by the vehicle thrusters,
and Fdrag, the force caused by viscous water drag along this same
axis. SCAMP is balanced to be neutrally buoyant, so that its natu-
ral buoyancy approximately balances the effect of gravity; hence,
these two external forces cancel and are neglected in the preceding
model. The drag terms are typically quadratic in velocity, making
differential equation (25) nonlinear. For the limited range of ve-
locities SCAMP can achieve, however, a linear drag model of the
form Fdrag,x = −CDT ẊG , where CDT is a constant drag coefficient,
is sufficiently accurate and allows Eq. (25) to be analyzed as a lin-
ear differential equation. The drag constant CDT was experimentally
computed as 90 N/m/s for SCAMP.

The complete state vector dynamics can then be written

ẋ(t) = Ax(t) + Bu(t) (26)

where u = [Fthurst,x Fthrust,y Fthrust,z]
T and

A ≡

⎡⎢⎢⎢⎢⎢⎢⎣

0 1 0 0 0 0

0 −CDT/m 0 0 0 0

0 0 0 1 0 0

0 0 0 −CDT/m 0 0

0 0 0 0 0 1

0 0 0 0 0 −CDT/m

⎤⎥⎥⎥⎥⎥⎥⎦

B ≡

⎡⎢⎢⎢⎢⎢⎢⎣

0 0 0

1/m 0 0

0 0 0

0 1/m 0

0 0 0

0 0 1/m

⎤⎥⎥⎥⎥⎥⎥⎦ (27)

The corresponding sample/hold equivalent is xk = �k − 1xk − 1 +
�k − 1uk − 1, where xk denotes the value of the state vector at time
t = t0 + kTs , with Ts the sample interval, and the governing transition
matrices are given by Franklin and Powell.24

�k − 1 ≡

⎡⎢⎢⎢⎢⎢⎢⎣

1 a 0 0 0 0

0 b 0 0 0 0

0 0 1 a 0 0

0 0 0 b 0 0

0 0 0 0 1 a
0 0 0 0 0 b

⎤⎥⎥⎥⎥⎥⎥⎦ �k − 1 =

⎡⎢⎢⎢⎢⎢⎢⎣

c 0 0

d 0 0

0 c 0

0 d 0

0 0 c
0 0 d

⎤⎥⎥⎥⎥⎥⎥⎦ (28)

where

a = (m/CDT)
(
1 − e−CDTTS/m

)
, b = e−CDTTS/m

c = [
m

(
e−CDTTS/m − 1

) + CDTTs

]/
C2

DT

and d = (1/CDT)
(
1 − e−CDTTS/m

)
Finally the measurement model, which relates the values of the

state variables at the kth sample time to the expected centroid coor-
dinates at that time, is zk = h(xk) where

h(x) ≡
[

XFU

YFU

]
(29)

and the dependence of (XFU YFU) on position components
(XG YG ZG) of x are given in Eqs. (23) and (24). Note that
the calibration coefficients used in this calculation at each sam-
ple time will depend upon the specific camera that takes the
measurement.

To generate optimal estimates x̂k − 1 from available measurements
zk , the Kalman filter predictor/corrector structure is25

Predict:

x̂−
k = �k − 1x̂k − 1 + �k − 1uk − 1

P−
k = �k − 1 Pk − 1�

T
k − 1 + Qk − 1 (30)

Correct:

x̂k = x̂−
k + Kk[zk − h(x̂−

k )], Pk = (I − Kk Hk)P−
k (31)

where the Kalman gain matrix K is computed from

Kk = P−
k H T

k

(
Hk P−

k H T
k + Rk

)−1
(32)

The algorithm is initialized with x̂0 representing the estimated ini-
tial position of the vehicle when the VPS system is started, and
P0 = E[x̂0 x̂T

0 ] is the covariance matrix representing the confidence
in the initial estimate. The matrix Hk , which appears in the Kalman-
filter equations, is the linearization of the measurement model h(x)
about the current estimate x̂. That is,

Hk = ∂h(x)

∂x

∣∣∣∣
x = x̂k

(33)

Taking the indicated partial derivatives

∂h(x)

∂x
=

[
H11 0 H13 0 H15 0

H21 0 H23 0 H25 0

]
(34)
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where

H11 = ∂ XFU

∂ XG
= f · sX · [−r31 · (TX + r12 · YG + r13 · ZG) + r11 · (TZ + r32 · YG + r33 · ZG)]

D′
X · (TZ + r31 · XG + r32 · YG + r33 · ZG)2

H13 = ∂ XFU

∂YG
= f · sX · [−r32 · (TX + r11 · XG + r13 · ZG) + r12 · (TZ + r31 · XG + r33 · ZG)]

D′
X · (TZ + r31 · XG + r32 · YG + r33 · ZG)2

H15 = ∂ XFU

∂ ZG
= f · sX · [−r33 · (TX + r11 · XG + r12 · YG) + r13 · (TZ + r31 · XG + r32 · YG)]

D′
X · (TZ + r31 · XG + r32 · YG + r33 · ZG)2

H21 = ∂YFU

∂ XG
= f · [−r31 · (TY + r22 · YG + r23 · ZG) + r21 · (TZ + r32 · YG + r33 · ZG)]

DY · (TZ + r31 · XG + r32 · YG + r33 · ZG)2

H23 = ∂YFU

∂YG
= f · [−r32 · (TY + r21 · XG + r23 · ZG) + r22 · (TZ + r31 · XG + r33 · ZG)]

DY · (TZ + r31 · XG + r32 · YG + r33 · ZG)2

H25 = ∂YFU

∂ ZG
= f · [−r33 · (TY + r21 · XG + r22 · YG) + r23 · (TZ + r31 · XG + r32 · YG)]

DY · (TZ + r31 · XG + r32 · YG + r33 · ZG)2

and, again, the specific calibration parameters ( f , sX , TX , etc.) used
in computing the full matrix Hk from these equations depend upon
the camera that takes the measurement at the kth sample time.

The matrices Rk and Qk in Eqs. (30) and (32) are covariance
matrices quantifying the level of noise in the measurement process
and state dynamics, respectively. The measurement noise can be
determined empirically from sequences of single camera images of
a static target. Using a sequence of 250 such images, a value of

Rk =
[

4 0.01

0.01 4

]
(35)

was determined for the VPS cameras, corresponding roughly to
worst-case variation of ±5–6 pixels in measurement of XFU YFU,
with a slight cross correlation.

The dominant source of stochastic influence on the dynamics
comes from unmodeled forces that act on the vehicle. Accordingly,
Qk − 1 can be taken as

Qk − 1 = (
�k − 1 · �T

k − 1

) · σ 2
F (36)

where σF is the anticipated standard deviation of the forces that act
on the vehicle, in Newtons. Based upon previous experience with
SCAMP, this parameter was chosen as σF = 2N for the experiments
reported next.

Software Implementation
As shown in Fig. 3, VPS software is distributed among a control

station and four computers with frame grabbers (Vision1-Vision4).
Each dedicated vision computer grabs images from two cameras
and computes target centroid and area, provided the target is within
the camera’s FOV. The control station computer then compiles mea-
surements and telemetry data from SCAMP into an EKF-based state
estimate.

Upon startup, the vision computers acquire reference background
images from all cameras and read the camera calibration parameters.
Background images are acquired without SCAMP or other moving
objects in the neutral buoyancy tank. Before each frame capture,
the global EKF state estimate received from the control station is
evaluated. If the estimated vehicle position is within the camera
FOV, the frame grabber captures an image and attaches a time stamp.
The image is then processed, and new measurement data are sent
to the control station computer. If the tracked object is out of a
camera’s FOV, that camera is skipped because its data will be of
no use to the EKF. Because we do not use area information in our
state estimates, each VPS camera provides information for only
two translational DOF. So long as a minimum of two cameras have
SCAMP in their FOV, the EKF receives sufficient data to update
its full translational state estimate. If the tracked object is outside
the FOV of all (or all but one) VPS cameras, which can happen

as shown in Fig. 2, it is possible for the global state estimate to
diverge. In practice, however, given the small SCAMP size and
large neutral buoyancy tank volume, there has been little challenge
with commanding trajectories that keep SCAMP well within view
of two or more cameras.

Figure 6 shows an example image over the three basic processing
steps required to compute vehicle centroid and area. Because of
the cluttered background in the NBRF, the first image processing
step is to subtract the background image from the current frame
(e.g., Fig. 6a), resulting in a new image composed of pixel values
significantly greater than zero (e.g., light grey/white) only where the
two images differ (e.g., Fig. 6b). Currently, this process is performed
over grayscale pixel values (0–255), but the same static subtraction
algorithm would also function with red-green-blue (RGB) frames to
distinguish objects from background by color. Next, the difference
image (Fig. 6b) is thresholded to create a binary image. The pixels
set to black (0) are labeled part of the tracked object, and all other
white pixels (255) are designated as background.

Ideally, the binary image created after thresholding would only
contain one contiguous region of black pixels corresponding to the
target (SCAMP). Experience shows that in addition to this region,
there will be scattered black pixels known as “salt-and-pepper”
noise. A linear filter is applied to remove this noise, with filter pa-
rameters ρ, threshold, and λ, region size. Values appropriate for
VPS were determined experimentally. Figure 6c shows the example
thresholded image after noise has been removed.

Tracked object centroid and area are computed next. Area is
computed as the total number of black pixels, whereas X and Y
centroid coordinates are the average black pixel distances from the
image plane X and Y axes. These “raw” centroid coordinates are
[XFD YFD], the distorted image coordinates. [XFD YFD] is converted
into distorted real image coordinates, [X D YD] from Eqs. (12) and
(9), respectively, then undistorted to form [XU YU ] as described by
Eqs. (6) and (7). Real undistorted coordinates [XU YU ] are then con-
verted back into undistorted digital image coordinates [XFU YFU],
again using Eqs. (12) and (9) now applied to the undistorted (U )
coordinates rather than distorted (D) coordinates. The undistorted
digital centroid [XFU YFU] and image area are transmitted to the
control station computer in local camera coordinates so the EKF
can distinguish the relatively accurate centroid measurements from
the less accurate area data.

To ensure timing accuracy, the clocks on all four vision comput-
ers, the control station computer, and the SCAMP flight computer
are synchronized prior to each test. Although the image processing
software can be applied to any “tracked object,” the EKF requires
vehicle telemetry and a dynamic model, so that the control station
VPS software is customized for SCAMP. The control station soft-
ware is connected to SCAMP and vision computers by an Ethernet
(UDP) link. Each time the control station receives new measurement
data from a vision computer, it returns the current inertial position
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a) Initial VPS image

b) Image after background subtraction

c) Image after thresholding and noise removal

Fig. 6 VPS image processing stages.

and velocity state vector x̂VPS. In the standard closed-loop attitude
control mode, the control station downlinks pilot hand controller
inputs BFDES (desired body forces) and BωDES (desired body angu-
lar velocities) to SCAMP, as well as VPS state estimate x̂VPS. The
control station logs all SCAMP and VPS data to disk and manages
all user commands.

Run as a control station thread, the EKF is executed at a con-
stant 10-Hz rate, enabling �k − 1 and �k − 1 to be constant matrices.
SCAMP uplinks the attitude quaternion, as well as the commanded
body forces, to the control station as telemetry. At each iteration, the
EKF converts the current SCAMP quaternion into a rotation matrix
G
B R from body frame to inertial (global) frame. The EKF uses it to
rotate the body forces from body to inertial frame (FG = G

B R · FB).
The EKF propagates its state estimate X̂ and error covariance ma-
trix P one time step given inertial forces FG from the previous
time step and the SCAMP dynamic model. Next, it reads camera
measurement data that have arrived since the last EKF estimation
cycle. Starting at its value after the propagation step, X̂ is repeat-
edly corrected, once for each valid measurement. For each new
measurement processed, values of intermediate variables (Kk , P ,
etc.) are also updated. If there are no new camera measurements
for this EKF iteration, the new state estimate will be based only on

dynamic model propagation given the applied control force vector.
The resulting translational state estimate X̂VPS = X̂ is shared with
the main control station process, and the EKF thread transitions to
an idle state until the next timer event signals a new state estimate
is required.

System Evaluation
A series of static and dynamic tests was conducted in the neutral

buoyancy tank to determine VPS state estimate accuracies. For static
tests, both a water-filled ball and the SCAMP vehicle were placed at
fixed locations on in the tank, and VPS position estimates were com-
pared to truth measurements (when available) and independent VPS
measurements otherwise. For dynamic tests, VPS cameras were par-
titioned into groups; and the EKF was run independently on distinct
camera measurement sets. Dynamic EKF estimates based on the full
camera set were also computed. Note that only cameras 1–6 were
available for testing because of hardware (camera and frame grabber
availability) issues; use of the two additional cameras would only
improve EKF results.

Static EKF Position Estimates
To initially determine static positioning accuracy, a water-filled

ball covered in black fabric was suspended in the tank, providing
a quick test setup that did not require vehicle support personnel.
Because force inputs to the EKF were zero, the EKF computed
ball position with only camera measurements, effectively using the
EKF as an iterative least-squares algorithm. The six operational
VPS cameras were separated into two sets: E K F1 = {C1, C2, C5}
and E K F2 = {C3, C4, C6}. This grouping was chosen to ensure
each EKF could compute all three translational DOF given camera
mounting locations sketched in Fig. 2. For each EKF, Table 3 lists
average and standard deviation for three static positions (1b, 2b, 3b)
computed over 10 s of data (100+ images per camera). |E| represents
error vector magnitude between estimates from EKF1 vs EKF2. For
this task, the two EKF estimates agree to within ∼3 cm, providing
an initial indication of system accuracy when the EKF receives
data from only a few (2–3) cameras. Note that comparison of the
two EKF outputs does not guarantee absolute accuracy because a
systematic error could cause both EKFs to be incorrect. However,
this comparison does show position estimation is repeatable and that
calibrated camera measurements are consistent.

For the next static test set, SCAMP was affixed to a rigid fixture
with known geometry, providing truth measurements independent
of VPS. Table 4 shows estimated SCAMP (X, Y, Z) coordinates

Table 3 EKF static estimates for a suspended ball

Data set Position 1b 2b 3b

3-cam EKF1 x, m −0.1531 −0.7217 0.4963
σX 0.019 028 0.007

y, m 0.9387 0.8007 1.0611
σY 0.008 0.009 0.016

z, m −0.4689 −0.0634 0.475
σZ 0.016 0.014 0.033

3-cam EKF2 x, m −0.1725 −0.7027 0.4734
σX 0.004 0.011 0.005

y, m 0.9412 0.8196 1.072
σY 0.012 0.021 0.087

z, m −0.4621 −0.0446 0.474
σZ 0.012 0.026 0.065

Relative error |E|, m 0.0207 0.0327 0.0254

Table 4 Static SCAMP data: position estimates

Position 1s 2s 3s

x, m −0.2644 0.9155 1.111
σX 0.022 0.004 0.053
y, m 0.6944 0.8805 0.0682
σY 0.060 0.003 0.008
z, m 1.2113 1.2119 1.2127
σZ 0.104 0.006 0.058
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Table 5 Static SCAMP data measured vs estimated ranges

Distance Actual distance, m VPS distance, m Difference, m

1s to 2s 1.054 1.194 0.140
2s to 3s 0.819 0.836 0.017
1s to 3s 1.335 1.33 −0.005

a) Image with background interference

b) Image with glare on top vehicle panels

Fig. 7 VPS measurement error sources.

and their standard deviations for each of three static mounting posi-
tions (1s, 2s, 3s), as calculated by a single EKF with all six camera
inputs. Although exact inertial coordinates for the static positions
are not known, distances between fixture mounting locations are
measurable. Table 5 compares measured (truth) and EKF-based dis-
tances between static positions (1s, 2s, 3s). The distances (2s-3s)
and (1s-3s) agree to within 2 cm, providing confidence that the EKF
is functioning properly. However, EKF distance (1s-2s) differs by
14 cm, illustrating one of the primary sources of error. Current image
processing algorithms presume background color/intensity differs
from that of the vehicle. Figure 7 shows two sources of error: a
background truss with similar pixel value to SCAMP (Fig. 7a) and
bright sunlight glare on the top SCAMP panels that make the vehicle
appear too similar to its lighter background. In both cases, SCAMP
pixels cannot be distinguished from the background resulting in
their misclassification by VPS. These errors cause image centroid
estimates to shift laterally or vertically away from misclassified re-
gions. For example, Fig. 7a is an image acquired by camera 1 for
static position 2s. The centroid of SCAMP is offset to the right,
biasing the camera 1 XFU coordinate for the 2s EKF estimate such
that distance (1s-2s) sees 14-cm error, whereas distance (2s-3s) is
mostly unaffected because it has is no significant XFU component.
Although the EKF mitigates single-camera errors to some extent
(e.g., 14-cm error is reduced by other camera measurements), work
is in progress to better characterize image plane centroid with a real-
time geometry-based frequency-domain method, which is expected
to correct at least for the error sources illustrated in Fig. 7.

Dynamic EKF State Estimation
For dynamic tests, SCAMP was piloted in a smooth, continuous

trajectory within the neutral buoyancy tank region where most of
the six operational cameras had near-continuous coverage (as shown
in Fig. 3). Such coverage enabled the splitting of camera data into
subsets over the same trajectory to compare independent dynamic
EKF state estimates. Figure 8 shows an example trajectory, specifi-
cally the inertial x position and velocity coordinates as a function of
time. And 3σ error bounds computed from EKF covariance matrix
P are shown, depicting the region in which the actual state exists
with 99% probability. The position varies smoothly over time, and
velocities are consistent with position estimates. As is typically the

Fig. 8 x-axis EKF position and velocity estimates with 3σ error in
global (i.e., neutral buoyancy tank) coordinates.

a) Camera 2 (worst-case centroid agreement)

b) Camera 5 (typical centroid agreement)

Fig. 9 Measured vs estimated centroid and area data in local camera
frames.

case, 3σ error is consistently low because a sufficient set of the six
cameras kept SCAMP in their FOV at all times.

Next, the six-camera EKF result was compared with the local
measurements provided by the six individual cameras. The goal of
these tests was to assess the agreement of each camera measure-
ments with the averaged EKF state estimate. Figure 9 illustrates
area and centroid comparisons for cameras 2 and 5. Three plots
were generated for each camera, with the six-camera EKF estimates



868 SMITHANIK, ATKINS, AND SANNER

transformed into each camera’s local frame and converted to pixel
units to enable correlation with individual camera measurements.
The first compares SCAMP area (pixels2) measured by the camera
with the predicted image area computed from the VPS estimate Â.
The second and third plots compare the measured XFU and YFU cen-
troid coordinates (pixels) with the predicted centroid coordinates
X̂FU and ŶFU. Generally, centroid measurements agree closely with
the EKF estimates, with notable exceptions. These plots also illus-
trate significant area discrepancies, validating our decision to use
camera centroid but not area data in EKF estimates.

The most significant centroid error observed is shown in Fig. 9a
(camera 2). In this case, measured and predicted Y-centroid values

Fig. 10 GPS found with four EKF camera combinations.

Table 6 Comparison of six-camera EKF and two-camera
EKF estimates

Global x , m Global y, m Global z, m

Average Average Average
EKF diff σ diff σ diff σ

CAM12 0.054 0.061 0.0028 0.0025 0.036 0.034
CAM34 0.038 0.040 0.0030 0.0028 0.055 0.132
CAM56 0.039 0.034 0.0037 0.0030 0.031 0.024

vary between times 290–400 s. Based on the data and locations of
other objects in the tank, this phenomenon appears when SCAMP
flies partially in front of a similarly colored object, as was illus-
trated in Fig. 7a. Part of the vehicle is indistinguishable from the
background, making it appear offset from its true position. Despite
such error sources, on average, each camera experienced between
2–4 pixels of noise, with camera 2 noise somewhat higher because
of the background interference. As a reference, one pixel is equal
to ∼8 mm for all cameras when SCAMP is near the center of the
neutral buoyancy tank.

To examine the differences between the six-camera EKF esti-
mate and EKF estimates with fewer cameras, a simulator was con-
structed that developed EKF estimates from camera and vehicle
thruster/attitude data acquired during the test shown in Figs. 8 and
9. For each simulation, measurements were provided for a single
camera pair, resulting in three different EKF estimates: a) cameras
1-2, b) cameras 3-4, and c) cameras 5-6. Note that two cameras is
the minimum set required for three-dimensional estimates given the
use only of two-dimensional centroid image data; camera pairs were
selected to provide data for all three dimensions.

The global X , Y , Z positions of SCAMP vs time are shown in
Fig. 10 for all three two-camera EKFs as well as the original six-
camera EKF. Generally, the minimal two-camera data set estimates
agree with all other EKF estimates. The most notable difference is
caused by the noisy camera 2 measurements just described, which
causes discrepancies primarily to the camera 1-2 EKF. Because of
the use of identical dynamic models, the X , Y , Z velocity plots for
all four EKFs matched quite well and are not illustrated in this paper.

Table 6 summarizes differences between the six-camera EKF es-
timates and the corresponding two-camera estimates. As a conserva-
tive measure of error, these results include all data points, including
estimates where camera 2 provided poor quality data. The results
overall are promising. First, it can be seen that with good data the
use of just two cameras is sufficient to yield a state estimate accu-
rate to the centimeter level, indicating that SCAMP can be tracked
almost anywhere in the tank (see Fig. 2 coverage maps). Second, it
can be seen that with highly redundant measurements (from six total
cameras in this case), even relatively inaccurate data (e.g., camera 2
between t = 290–400 s) do not significantly degrade the six-camera
overall state estimate.

Conclusions
This paper describes the design and implementation of a vision-

based navigation system, the vision positioning system (VPS), for a
neutral buoyancy space simulation environment. A robust two-stage
camera calibration technique was developed for the large-volume
neutral buoyancy tank, and an extended Kalman filter combined pro-
cessed image data and dynamic force/torque data to compute three-
dimensional position and velocity estimates updated at 10 Hz. VPS
has been fully implemented in the University of Maryland’s Neutral
Buoyancy Research Facility and has been shown to provide state es-
timates for the SCAMP free-flying robot with centimeter-level accu-
racy. Given the accurate (millimeter-level) calibration and statistical
(EKF) compilation of measurement data, even the simple centroid
computation algorithms currently implemented provide centimeter-
level accuracy comparable to GPS without differential correction.
VPS technology will enable motion characterization for a variety of
objects ranging from free-flying robots (e.g., SCAMP) to astronauts
training for EVA tasks, requiring (as in space) more accurate local
navigation systems only for precision operations such as grappling
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or docking. VPS also enables full six-DOF control of free-flying
neutral buoyancy robots such as SCAMP, a critical capability for
space inspection, assembly, or repair tasks under consideration for
NASA exploration missions.

Perhaps the most significant contribution of this research is the
development of procedures and equipment that allow an accurate,
repeatable, and robust calibration of VPS. The two-step calibra-
tion procedure overcomes several challenges, including a large cal-
ibration volume and maintenance of centimeter-scale accuracy over
long distances with inward-pointing cameras. The discrete extended
Kalman filter applied to the VPS state estimation task was shown
to provide estimates with centimeter-level precision in static and
dynamic testing with the SCAMP vehicle.

Although the presence of background clutter and significant
lighting changes degrade accuracy, the EKF’s statistical averag-
ing properties reduce this noise such that slightly larger but still
centimeter-level errors were present. Currently, multiple measure-
ments are required to reject noise for centimeter-level accuracy.
With further refinement of the dynamic model and more precise
definition of R and Q EKF matrices, EKF estimates are expected to
improve further, moving toward a model where the vehicle enjoys
centimeter-level positioning accuracy almost anywhere in the neu-
tral buoyancy tank. More advanced image processing algorithms
will also improve vehicle centroid estimates, and work is underway
to window images around the expected target position to ignore far-
field clutter. Ultimately, we plan to investigate object recognition
algorithms that match SCAMP geometry with its two-dimensional
projection in each camera’s image plane based on vehicle attitude
from SCAMP telemetry. This will correct for geometric asymmetry
and will better reject background objects of dissimilar geometry.
Once six-DOF vehicle control is robust to tank clutter, we also
plan to study formation flight navigation and control technologies
as well as space inspection and cooperative astronaut-robot opera-
tions, with VPS providing position estimates for closed-loop con-
trol or as truth measurements for local navigation or object motion
characterization.
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