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ABSTRACT
This study presents a series of cost-eective strategies for calibrating star trackers for microsatellite missions.
We examine three such strategies that focus on the calibration of the imaging detector, geometric lab
calibration, and optical calibration due to lens aberrations. Procedures are developed that emphasize speed
of implementation, and accuracy, while trying to minimize manual setup procedures.

Preliminary results

show that employing existing camera calibration techniques reduces the variation in pixel sensitivity by
approximately 10%, averaged across each pixel color given the use of a color imager. Although not substantial,
this reduction in pixel variation helps preserve the Gaussian illumination pattern of imaged stars, aiding in
correct centroid location. Results pertaining to the lab calibration show accurate star placement, in angular
terms, to

4.3×10−3 rads across most of the eld of view.

This provides an accurate, low-cost, variable solution

for characterizing sensor performance; specically pattern matching techniques.

Finally, we present some

initial results from lens aberration characterization. Using a Gaussian model of the star image shape gives
trends consistent with astigmatism and eld curvature aberrations. Together, these calibrations represent
tools that aim to improve both development and manufacture of modern microsatellite star trackers.

INTRODUCTION

croprocessor used to analyze the image and perform
subsequent computation. In rough correspondence to

Aordable, robust star trackers have the potential to

these components, we propose three types of calibra-

be an enabling technology for high-value microsatel-

tion useful at various stages of instrument develop-

lite missions. Since they provide 3-axis attitude solu-

ment:

tions from a single instrument, even a modest-accuracy
star tracker can potentially simplify sensor fusion and

•

integration problems. The main disadvantage of star

the star tracker's optical components will shift

trackers is that they remain expensive when com-

and distort the star images on the detector.

pared to other sensors. In this light, one can conclude

Identifying centroid locations and calculating

that a technical priority for star tracker development

corresponding direction vectors rely on eective

is the reduction of manufacturing costs rather than a

modelling and correction for these aberration.

pursuit of high precision. Elements of this cost mitigation can arise from star tracker calibration tech-

•

niques that ultimately allow for less stringent constraints on sensor design and construction.

Optical Calibration. Aberrations introduced by

Detector Calibration. In order to improve the
star detection likelihood and accuracy we must

In this

correct for dominant noise sources arising from

paper, we present a sampling of practical calibration

the detector array.

strategies applicable to the development and manu-

•

facture of modern microsatellite star trackers.

Laboratory Calibration.

Pattern matching al-

gorithms are a vital software component of any
Generally, star trackers consist of three main com-

star tracker and laboratory testing is an essen-

ponents; a lens system, an imaging array, and a mi-

tial part of software validation. We propose a
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self-calibrating projector system for laboratory
tests that corrects for nonidealities in the physical setup and enables exible hardware-in-theloop testing.

The utility of our calibration techniques stems from
their ability to assist the development, test, and manufacture of microsatellite star trackers.

As promis-

ing as these techniques may be, we must be pragmatic about assessing the costs involved in adopting these schemes.

The factors most likely increase

unit costs are a) labour or time-intensive practices,
b) online storage requirements (e.g., ash memory),
Figure 1: Lab Calibration Setup

and c) online computational requirements (e.g., processing power).

Oine processing and storage are

plentiful and cheap  these will have minimal impact on system cost.

LAB CALIBRATION

For each of the proposed cal-

ibrations, we supplement the testing results with a

An assessment of the pattern matching abilities of

semi-quantitative estimate of their cost impact.

the star tracker prototype is of key importance in
a characterization of the sensor performance. Com-

Prototype Star Tracker

monly, a laboratory setup to test these abilities includes a directional light source, i.e.

a projector, a

This paper represents a companion study to an on-

projection surface, and a prototype sensor.

going eort to develop a very small star tracker us-

that star catalogs are composed of angular star co-

ing high-quality commercial parts.

Given

Component se-

ordinates and that common projector surfaces are

lection for our star tracker design establishes base-

planar, accurately positioning stars on the projection

line parameters relevant to the calibration processes,

surface is challenging. In combination with these dif-

but our calibration techniques should be applicable to

culties, the projector and sensor oset introduces

other designs. Our chosen detector is a ve-megapixel

further geometric disturbance to desired star place-

(2592

× 1944

pixel),

7.13 mm(diag.)

CMOS sensor.

ment, not only on the projection surface, but on the

To minimize mass and volume, the optics are very
compact; the current design employs a

F/2.0 lens.

detector array of the sensor.

6 mm (diam.),

In this section we de-

scribe a self-calibrating projector system that com-

The resulting full-angle eld of view (FOV) pensates for nonidealities in the physical setup of the
26◦ × 20◦ . This lab.

from this design is approximately

FOV is comparable to many commercially available
wide-angle star trackers, but the native resolution is

Self-calibrating projector systems have been around

higher than the current norm. This sensor is designed

for some time. Some proposed setups use embedded

to track stars of magnitude 4.0 or brighter. In con-

light sensors to determine the respective projector il-

trast with many modern star tracker designs, this sen-

lumination pattern , while others employ separate

1

2

sor uses a colour (Bayer-pattern) detector.

camera systems, .

Moreover, most modern projec-

tors have built-in corrections for keystone distortion.

Outline

Most of these systems attempt to improve appearance of a planar image projected onto an imperfectly

The following sections present the three calibration

aligned surface. Our emphasis is on maximizing the

approaches identied above. For each, we examine,

precision of feature placement in spherical coordi-

the calibration goals, the theoretical background, and

nates around the star tracker.

results from laboratory tests. In the nal section we
outline the direction of future work, and discuss the

Given a projector-screen-camera system as shown

larger implications of microsatellite star tracker cali-

in Figure 1, the parameters associated with the po-

bration.

sition and orientation of these components are necessary in understanding the image perceived by the
camera, compared to that generated by the projector. The general approach of the calibration was to
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construct a model of the lab setup, described by a set

Projector Reference Frame

of lab parameters, and then use this model to propProjector
input image

agate the coordinates of a star from the projector to
the imager.

This prediction was then compared to

Compute intersection
with screen (P-frame)

FP

npl , dp

Apply focal ratio
(sensor)

Rotate intersection to
sensor frame

FS

RSP , sP

Projector

actual images taken with the lab setup and the RMS
error between them was minimized.

Apply focal ratio
(projector)

Once known,

these lab parameters can be used to distort a projected image to produce an ideal image response on
the camera detector.
The lab parameters required to dene the current conguration are the position and orientation of

Sensor output
image

the camera, the position (along the projector optical axis) and the orientation of the projection screen,

Sensor

and lastly, focal ratios for the camera and projector
(Figure 1) The rst part of this discussion provides a
description of the

forward

algorithm used to compute

the lab parameters and the corresponding

inverse

al-

gorithm required to generate given projections based
on desired outputs. The section ends with a discussion of the attained results in terms of angular accu-

Sensor Reference Frame

racy in star placement throughout a sensor FOV, and
ease of calibration implementation.

Figure 2: Forward Algorithm Road Map

Before beginning the forward algorithm description, it is worthwhile to dene a set of coordinate axes

imate value of this focal length,

that are used to relate image coordinates to the orientation and position of the other components. There

by

P.

resented by dening a ratio,

S , and a projector frame, denoted

angular coordinate of a star,

The sensor frame is dened to be centered on

the imager of the prototype sensor, with the

Fp ,
ρ1 ,

that will scale the
dened in angular

terms, with respect to the optical axis. This scaling

z -axis

pointing along the optical axis of the camera.

denoted perhaps

certainty must be assumed. This uncertainty is rep-

are two coordinate frames used: a sensor frame, denoted by subscripts

f,

by the specications settings on the projector, an un-

operation can dened as:

The

projector frame is dened in the same manner as the
sensor frame, only with its origin at the projector.

ρ2 = tan−1

Another important note is that within this algorithm,



tanρ1
FP


(1)

Cartesian and angular coordinates are used. Angular
coordinates of stars dene a star direction as opposed

where

to an exact position. They are dened using two angles, an angle from the projector; or camera boresight,

ρ,

Fp =

and a clock angle from the positive x-axis,

θ.

fP
fP0

(2)

Forward Algorithm

Using this direction and the distance to the projec-

To serve as a road map, the basic steps needed to

vector with the projection surface can then be found.

trace the position of a star from the input projected

The star vector,

image, through to the projection plane, and then back

sian components and then traced to the projection

to the sensor are outlined below. Please see Figure 2

surface.

for the illustration.

described as follows:

tion screen,

We begin by specifying a star direction,

(ρ1 , θ1 ).

Dzamba

f 0.

the intersection of the star direction

(ρ2 , θ1 ),

is rst converted to Carte-

The conversion to Cartesian coordinates is




r cos θ1

s1 =  fP
r sin θ1

This projector, like the camera, contains a set of optics with a specic focal length,

dP ,

Given an approx-

3

(3)
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where

where

r = fP tanρ2

RP S = R1 (Φ)R2 (Θ)R3 (Ψ)

(4)

Using the parametric equations for a plane, the in-

sint

tersection of the star vector can now be found.

projector coordinates, and



a

b

c

T

is the star position on the projection screen in

sP

is the position of the

npl =

sensor in projector coordinates. Given that the sen-

. The point and normal used are dened

sor also has a set of optics, another scaling of the

plane is dened by a point,

ppl ,

A

(11)

and a normal,

angular coordinate

as:

ρ

will occur before the star posi-

tion can be traced onto the imaging array. In order
to implement this scaling, the star position,




0
ppl =  dp 
0

be rst converted to a star direction vector,

(5)

r=


dP

(12)



sin Ψ
npl =  − cos Φ cos Ψ 
− sin Φ cos Ψ
where:

q
s22x + s22y

s2 , must
(ρ2 , θ2 ):

(6)

is the distance along the boresight to the

projection screen, and

Φ

and

Ψ

d,

(13)

ρ2 = tan−1 (r/s2y )

(14)

are the rotations of

the projection screen about the local x and z axis.
The plane constant,

θ2 = atan2(cos θ, sin θ)

cos θ = s2x /r

where

can then be found by:

,

sin θ = s2y /r.

The scaling

operation due to the sensor optics is then applied as:

ax + by + cz + d = 0

ρ3 = tan−1 (FS tan ρ2 )

(7)

and so

(15)

where

d = dp (cos Φ cos Ψ)

FS =

Using this constant, the intersection of vector

p1

f

with the projection screen can be found by

f
f0

(16)

represents the set focal length, and

f0

is the true

focal length. Given these scaled angular coordinates,
we transfer them back to Cartesian coordinates, us-

sint = ts1

ing the assumed focal length of the sensor optics, to

(8)

determine the position of the star on the imaging array:

where

t=

d
s1 npl

r = fS tan(ρ3 )

(9)

(17)




r cos θ3

fS
s3 = 
r sin θ3

Given this intersection, the star position is now known
on the projection screen, in the projector frame. The

(18)

next step is to convert these coordinates into the sensor reference frame.
rotation sequence,

s2 = RSP (sint − sp )

Dzamba

This is achieved using a 3-2-1

RP S ,

This algorithm is then used in error minimization per-

as follows:

taining to nding an optimal t of the lab parameters.
(10)
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Inverse Algorithm

Table 1: Lab Calibration Results
Mean Angular Error
0.074◦

With the forward algorithm, stars were analytically
mapped from the projector input image onto the sensor imaging array. Given a set of lab parameters, the

Max Angular Error

0.206◦

Calibration Runtime

15-20min

opposite relationship can now be dened: mapping
1.5

desired star positions from the sensor imager to the
input projector image.

Optimized solution
Imaged solution

This is termed the inverse

1

plied in the forward algorithm.
Beginning with a desired star position on the sensor array,

(x3 , y3 ), coordinates must rst be converted

to the corresponding angular representation.

Using

fs , the
(ρ3 , θ3 ) , can be found through

the set focal length of the prototype sensor,
angular direction vector,

the same relation as dened in

the uncertainty in the sensor focal length must again

FS .

0.5

0

-0.5

-1

-1.5

-2

(3). Following this,

be accounted for using the sensor focal ratio,

X coordinate on the camera detector (mm)

algorithm and utilizes many of the same relations ap-

-2.5

This
-3
-2

is dened as an operation on the boresight compo-

-1.5

-1

-0.5
0
0.5
1
1.5
Y coordinate on the camera detector (mm)

2

2.5

3

nent:

ρ2 = tan−1

Figure 3:

(tan ρ3 )
Fs

(19)

This direction vector is then rst converted back to
Cartesian coordinates,

s2 ,

ppl

npl

Optimized test

were modelled as bi-variate normal distributions, with

and is then traced to the

projection surface. To achieve this, we rotate

Imaged test pattern vs.

pattern

equal standard deviations, to simulate defocused stars.

and

Each image was projected, imaged, and nally cen-

into the sensor frame:

troided individually to avoid any discrepancy between
points. A cost function was then derived relating the

nS = RSP npl

RMS error between each imaged star and each ana-

(20)

lytically warped star, determined by the forward al-

pS = RSP ppl

gorithm, in the test pattern.

(21)

Given a coarse initial

guess, a nonlinear constrained minimization routine
was implemented in MATLAB to determine the op-

RSP = RTP S . The intersection in the sensor
frame, sint , is then computed using (7), (8), (9).

timal set of lab parameters.

These coordinates are then converted into the projec-

warp of the test pattern, the imaged coordinates and

where

tor frame using the sensor orientation,

RP S ,

Using the optimal t

to analytically determining the corresponding image

and the

warped coordinates were compared ( Figure 3). Re-

corresponding sensor position,

sults pertaining to the accuracy of angular star place-

into angular coordinates,

sP . Converting back
(ρ2 , θ2 ), the uncertainty in

ment and calibration runtime are shown in Table 1.

projector focal length is accounted for by:
The spatial distribution of the placement error is

ρ1 = tan−1



tan ρ2
FP

shown in Figure 3. The direction and relative mag-


(22)

nitude of the error is indicated by the arrows at each
test point.

The last step is to recompute the corresponding Cartesian pixel coordinates
from

pattern.

(x1 , y1 ) on the projector image

inherent trapezoidal eects in the projected image.

Results

The mounting geometry of our projector produces a
noticeably trapezoidal image.

The nite resolution

and dynamic range of the projector limits ne con-

A test pattern consisting of 330 star coordinates was

Dzamba

These errors are attributed to a limited

ability of the error minimization to compensate for

(3).

generated.

Although these errors are small, there

are some notable increases at the corners of the test

trol over star placement, especially where geometric

The star point spread functions (PSFs)
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•

corrections are signicant.

Readout Noise

describes the zero mean contri-

butions of both on-chip and o-chip ampliers.
Although some errors throughout the sensor FOV

•

remain, the accuracy of the calibration is sucient for

Quantization Noise

arises from the nite reso-

lution of the detector ADC.

the intended application of sensor performance characterization; specically in terms of pattern matching ability.

Given the speed of calibration, and the

Noise calibration is most eective for sources that

minimal amount of associated setup, this procedure

are constant or only slowly changing in time. From

provides a versatile tool for star tracker laboratory

this list, dark current and xed pattern noise are the

calibration.

two candidates for correction. Fortunately, although

Implementation Notes

there are some variations between detector technologies, these two sources are recognized as the dominant
contributors to image noise

Laboratory calibration is a oine technique with no
impact on the deployed system. The express aim in

5

.

Dark Current is a fundamental noise source in any

this approach is to reduce the need for precision setup

silicon-based photo-detector.

during development and algorithm validation. In our

erates free electrons that are indistinguishable from

tests, the calibration was rapid enough  data col-

photoelectrons, when they migrate into pixel wells.

lection and processing takes about 10-15 minutes 

These free electrons accumulate over time within each

that this calibration could be performed each time a

pixel. The detector response to this ow of thermal

sensor was mounted for testing.

electrons is often modelled as the sum of a quasi-

Thermal energy gen-

constant bias and Gaussian stochastic noise. The lat-

DETECTOR CALIBRATION

ter term varies with each image and is not correctable,
but the former lends itself well to calibration. When

The pixel detectors common to all star tracker de-

uncorrected, elevated DCN makes detection of dim

signs produce imperfect representations of the spa-

stars more dicult.

tial distribution of incoming starlight.

Ideally, the

signal from each pixel would vary in direct propor-

Fixed Pattern Noise is introduced due to a vari-

tion to the integrated photon ux incident on the

ety of imperfections in the fabrication of CCDs and

pixel's collection area, but a number of physical pro-

CMOS imagers.

cesses create temporal and spatial variations in these

doping density, coating thickness, and sundry other

signals. This noise impairs our measurement of star

eects cause pixels to respond slightly dierently to

centroids.

incident light

Without precise star centroid positions,

3,5,6

Small variations in detector size,

. This nonuniform response between

the accuracy of the star tracker's attitude solution

pixels can distort the shape of stars in the star tracker

suers. Fortunately, some of these distorting eects

image, reducing the accuracy of stellar measurement.

can be removed through careful radiometric calibraThe mathematical basis for our calibration is based

tion.

on the CCD characterization scheme developed by
Healey and Kondepudy

A simplied model of detector noise sources is
shown in Figure 4.

3,4

for CCDs.

We present an

abbreviated version of their calibration model and de-

For a full review of all noise

sources associated with CMOS imagers please see

5

scribe simple extensions for use with colour imagers.

.

Because our prototype camera uses a

The primary noise mechanisms are:

linear response

CMOS detector, the noise behaviour remains similar

•

Dark Current Noise (DCN)

and the same analysis can be applied.

caused by thermal

electrons.

•

Fixed Pattern Noise (FPN)

D (a, b), indexed by row,
b, is related to the `true' integrated
illumination, I (a, b), collected by the detector pixels.
The detector response

a

caused by pixel-to-

pixel variations in sensitivity.

•

Shot (or Photon) Noise

7

and column,

This relationship has the form:

a consequence of the

photon counting process.

•

Reset Noise

caused by incomplete discharging

D(a, b)

of the sampling capacitors after the previous
image is captured.

Dzamba
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(K(a, b)I(a, b) + NDC (a, b) + NS (a, b)
+NR (a, b))A + NQ (a, b)
(23)
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Photon (Shot) Noise
Dark Current Noise
Fixed Pattern Noise
Photo Response
Sense Node
Capacitor

+

Detector

Amplifier Noise

+

+

Amplifiers

+

ADC

Reset Noise

Quantization Noise

Figure 4: Noise injection model for pixel detectors.

where
FPN),

K

A

Due to the random nature of

is the per-pixel gain variation (i.e., the

b DC
D−D

is the amplier gain, and the remaining

NN ,

some pixels in

would end up having values less than zero.

terms are due to noise; DC (NDC ), Shot (NS ), Reset

Since image intensities are often handled as unsigned,

(NR ) and Quantization (NQ ), respectively. Averaged

xed point integers, some care must be taken to pre-

across the array,

K

vent underow. Negative value pixels can be pinned

should have unity mean. In order

to zero.

to minimize the eects of noise, we wish to apply a
correction of the form:

This model is useful but it does not quite tell the

Dc (a, b) =

whole story.

b DC (a, b)
D(a, b) − D
b b)
K(a,

The bias, while constant in the short

term, is actually a function of integration time,

(24)

and ambient temperature,

T.

factors would complicate the determination of
using estimates of the DCN component of the image,

b DC ,
D

and the FPN gain,

b.
K

tint ,

Including all of these

b DC .
D

Many detectors, including the one used in this study,

The calibration

have hardware features to help avoid this problem.

process must provide a means of estimating these

Our detector has a border of masked (blackened) pix-

quantities.

els around the edge of the detector to help correct the

T

Dark Current Calibration

and

tint

dependencies.

The response from these

dark pixels are used to estimate the bulk changes in

Nbias .

Averaging images using

(26) then gives us

Separating the dark current components from the de-

the per-pixel deviation from the overall array bias.

tector image requires an improved understanding of

From our testing, there is some evidence to suggest

the DCN terms. Mathematically, the bias-plus-noise

the

model can be expressed as:

tion time dependence, but these eects are quite weak

b DC
D

still retains some temperature and integra-

and have minimal impact on the star detection prob-

NDC (a, b) = Nbias (a, b) + NN (a, b)
The stochastic component of the noise model,

lem.

(25)

Fixed Pattern Noise Calibration

NN

is treated as a zero-mean, Gaussian random variable.

The challenge in estimating FPN is to separate the

If images are taken with zero incident illumination,

per-pixel gain variations,

then all the pixel response will be caused by DCN.

nation variation caused by nonuniform illumination

The bias term can be estimated by averaging a series

and surface reectance. The calibration method out-

of

Mdark

images,

Ddarki :

K(a, b), from spatial illumi-

lined by Healey and Kondepudy

5

begins by generat-

ing a quasi-uniform illumination across a calibration

PMdark
b DC (a, b) =
D
Dzamba

i=1

Ddarki (a, b)
Mdark

card, and imaging the illuminated eld. Uniformity is
(26)

necessary over small distances scales, but small vari-

7

rd
23
Annual AIAA/USU
Conference on Small Satellites

taken over the averaging window.

ations over larger distances are actually helpful.

We improve the

quality of the t by making a nal pass through the
With the illuminated eld lling the camera FOV,
we take a series of

n2

data to remove outliers. For each pixel we compute:

images and calculate the DCN-

corrected mean:

mi (a, b) =
Pn2 
e (a, b) =

j=1


b DC (a, b)
Dj (a, b) − D

ei (a, b)
e˜i (a, b)

(32)

(27)

n2

and

Since we assume that we are able to remove the

2
σm
(a, b) = var (mi )

bias component of the DCN and the averaging pro-

(33)

cess removes the zero mean components of the noise
Averaging the standard deviations over the image

sources we are eectively measuring the expectation

gives the mean standard deviation,

of the response due to the illumination, i.e.,:

σ̄ .

We then re-

move from consideration any pixel where

e(a, b) ≈ E {K(a, b)I(a, b)A}

(28)

|mi (a, b) − m̄ (a, b)| > p · σ̄

We then reorient the camera so the pixels see

leaving

slightly dierent areas of the calibration card and reof

n2

acceptable values.

After removing

outliers, the mean slope at each pixel was recalculated

n1 sets, each
i-th set are

peat the averaging process. If we collect

n01 (a, b)

(34)

giving a nal estimate of

images, then the results from the

K(a, b):

denoted:

b b) =
K(a,
ei (a, b) ≈ E {K(a, b)Ii (a, b)A}

(29)

spatially

ages. These are computed using an

(35)

colour imager. Each pixel is covered with a colour l-

averaged im-

W ×W

X
1
mi (a, b)
(a, b) i

The detector in our camera is a Bayer-pattern

Once these temporal averages have been calculated, we compute a series of

n01

ter that gives the detector its colour sensitivity. The

window

lters are arranged in a repeating

centred on each pixel:

2 × 2,

Green-Red-

Blue-Green pattern (GRBG) pattern. The lamp used
in our tests provides broadband illumination, but the

Pa+W/2
eei (a, b) =

q=a−W/2

Pb+W/2

r=b−W/2 ei
W2

response between pixels of dierent colours will not

(q, r)

be identical.

(30)

As a consequence,

(30) must be cal-

culated using only pixels of the same colour.

This

change is fairly easy to implement, but it does require more spatial uniformity in the illumination.

This spatial averaging is intended to remove the
eects of the FPN term

K (a, b).

The window size

Detector Calibration Results

must be large enough so that spatial gain variations
average out, but small enough that the illumination
over the integration window remains constant. Since

Applying the DCN and FPN calibrations to our de-

each camera orientation changes the detector illu-

tector gives us a means to improve the overall image

mination slightly we can estimate the slope of each

quality and enhance the accuracy of star detection. In

pixel's response to the changing illumination:

this section, we discuss the implementation of these
calibration strategies and provide a summary of the

n1
1 X
ei (a, b)
m̄(a, b) =
n1 i=1 e˜i (a, b)

results.
(31)

Dark Current calibration is fairly trivial. To obtain

b DC ,
D

we take a series of exposures with the

lens cap on, the lights o, and opaque box around
Thus, we evaluate the individual pixel gain by

the whole camera.

comparing changes in each pixel to the mean change

Dzamba

Each of these precautions helps
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Figure 5: Dark Current Noise Levels

the detector.

For our tests,

Mdark = 100.

10

5

0
10

Repeat-

Corrected

15

15

20
25
standard deviation of local windows

30

35

ing the calibration several times with the same integration time gave consistent results. Over a range

−4

of integration times (10

≤ tint < 1 seconds),

Figure 6: Window variation across detector array

the

b DC grew steadily, but slowly. The
D
net change over this tint range was about 6 detector
counts (0.15% of full scale). Figure 5 shows the disb DC . The tight clustertribution of the elements of D
b
ing in the DDC values together with the very small
spatial mean of

Pixels

Table 2: FPN Calibration Results
σm (preσm (postPercent
calibration)

calibration)

Improve-

changes over vastly dierent integration times sug-

Red

13.73

12.08

12.0

gests that the bulk hardware corrections are very ef-

Green

11.45

9.82

14.2

Blue

22.49

20.02

11.1

All

14.68

12.93

11.9

ment

fective.
The experimental setup for the FPN calibration
is a little more complicated. Broadband illumination
for these tests is provided by a Xenon arc lamp. Light

detector calibration on star detection and localization

from the lamp passes through a diusing opalescent

would be a good measure of eectiveness, but it is im-

glass screen and strikes a white calibration card cho-

practical to make such evaluations over each pixel in

sen for low specular reectivity. The camera is man-

the array. Instead, we consider the statistical prop-

ally positioned with a good view of the illuminated

erties of an new averaged image set

portion of the card. The whole apparatus is mounted

and after calibration. The images used to calculate

on an optical table for stability.

e?

e? (a, b),

were collected from a camera conguration dis-

tinct from those used during calibration.
To vary the illumination across the detector, the

before

the distributions in

σm (a, b)

(24)shows

values before and after

camera position was manually shifted to image dier-

the DCN and FPN corrections were applied.

n1 = 56 dierent camera orientations were used and n2 = 5 images

means of these distributions are shown in Table 2.

were taken in each conguration.

We removed the

sponse variations within a window are due to FPN

b DC
D

rather than dierences in illumination. Eective can-

obtained above, and calculated the FPN correction

cellation of FPN will lead to more uniform response

b
K

and consequently, smaller values of

ent areas of the card. For this study

dark current bias from each image using the
using

(35). The array window size was

The

Our assumption in the FPN calibration is that re-

W = 19.

σm .

The data

clearly show improvements in the local variability and
Evaluating the performance of this calibration is

suggest that the calibration is working as intended.

a challenging problem to frame, in large part due to
the number of pixels in the detector. The impact of

Dzamba
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correction are notable, but modest.

Since these ar-

true centroid of a PSF, or at least aect the angular

ray calibrations must be implemented on a per-pixel

and radial symmetry of the distribution. Changes in

basis, they require a substantial amount of local stor-

PSF shape impair our ability to properly measure the

age for online implementation.

If we are to justify

star centroid; changes in position can reduce the ac-

their inclusion in a ight system, we must have con-

curacy of the star vector measurements. Both eects

dence that these moderate improvements in image

will degrade the overall attitude solution of thestar

quality translate into better star tracker performance.

tracker. In combination, any change in the distribu-

In future work, we will evaluate how the DCN and

tion of the PSF can eect the relative magnitude, hin-

FPN corrections aect centroid measurement accu-

dering our ability to always locate dimmer stars. In

racy and detection thresholds.

Results from these

this section, we present the initial results of our aber-

investigations will complement our current aggregate

ration characterization calibration. Measurements of

assessment of detector performance.

the these aberrations over the sensor FOV can lead
to a parametrization of their eects and eventually to

Implementation Notes

their correction.

The online requirements of the DCN and FPN cor-

In the eld of Gaussian optics, rays incident on

rections are sizable, particularly in terms of required

a lens surface follow the paraaxial approximation to

storage. The correction for these noise sources is ap-

Snell's law. This approximation utilizes a rst-order

plied on a per-pixel basis. Thus, at least several bytes

representation of Snell's law, .

8

of calibration data must be stored onboard the sensor for each pixel in the array. Judging from the observed noise levels, one byte of DCN correction should
be sucient; with the use of look-up tables, one or

η sin θ
ηθ

= η 0 sin θ0
= η0 θ0

(36)

two additional byte would be enough to correct the
FPN eects. Thus, the 5 megapixel array in our pro-

This leads to conclusion that light incident on a lens

totype star tracker would then require 10-15 Mb of

surface will be converted to a spherical converging

non-volatile storage for the calibration data. While

wavefront at the exit pupil, known as the Gaussian

not absurdly large, this may have signicant impact

reference sphere. The point of convergence, is by def-

on the hardware design.

inition on the Gaussian image plane, and is known
as the Gaussian image point.

As additional terms

Computational costs will vary greatly depending

are added to the paraaxial approximation, then the

on whether the corrections must be applied to the en-

wavefront at the exit pupil will no longer be spher-

tire array, or whether windowing can be used. Fixed-

ical, and as a result will no longer converge to the

point subtraction is sucient for DCN correction, but

Gaussian image point.

FPN correction will require multiplication and possi-

3rd order deviations from the predictions of Guassian

bly xed point division. Conning these calculations

optics, and are described by ve fundamental types:

to `areas of interest, will save signicant processing,

spherical aberration, coma, astigmatism, eld curva-

but identifying these areas will itself take processing.

ture, and distortion. Each of these types of aberra-

The labour involved in collecting the calibration
data is fairly modest. Some care must be taken during setup, but image collection and processing is performed automatically. The re-orientations necessary
for the FPN calibration do not need to be precise.

Siedel aberrations represent

tions represent deformities of the exiting wavefront.
Table 3 describes the specic deformations to an ideal
point-source PSF from each aberration. The coecients listed in the table are used to denote the peak
values of that aberration present within an optical
system.

For a full review of aberrations and their

corresponding eects please see

OPTICAL MODEL CALIBRATION

8,9,10,11

.

Our approach to the problem of lens aberrations is
All light rays passing through an optical system ex-

described by a three step process. First, we must sur-

perience some amount of deformation due to optical

vey of the sensor FOV and map the PSF deformation

aberrations. Without any aberrations the focused im-

attributed to optical aberrations.

age of a point source would appear as a small circular

t the observed aberrations to an appropriate func-

spot. Due to optical geometric eects, the PSF of a

tional representation. Third, we can use our models

point source object can change in shape, size, and il-

of the aberration eects to compensate for their ef-

lumination prole. These deformations can shift the

fects on the star images taken by the sensor. To date,
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Table 3: Aberration eects on an ideal PSF
Aberration
Coecient Eect on ideal (circular)
PSF

As

Spherical

Airy pattern of
concentric fringes

Ac

Coma

Comet-like PSF, bright
head and a diminishing
tail

Astigmatism
Field

Aa
Ad

Elliptical PSF

At

Pincushion or barrel

Elliptical PSF

Curvature
Distortion

deformation to PSF

Figure 7:

only the rst of these three steps has been completed,

σx variation

across sampled FOV

while work still continues of the remaining two. The
formulation and results of the aberration survey are

the ellipse and its orientation with respect to the

presented in this section.

and

PSF Parametrization

from

y -axes.

??

x

During calibration, the shape parameters

37 are t to the star images using a nonlinear

least-squares optimization.

As mentioned above, a star can be modelled as a
point source at an innite distance. This point source

Survey Results

should appear as a circular PSF when focused by the

The aberration survey of the sensor FOV was a rel-

lens system of the sensor.

Due to the presence of

atively challenging task. A point source illumination

aberrations, the circular spot is usually deformed to

pattern was achieved by a Xenon arc lamp and a

an ellipse. The shape, magnitude, and orientation of

25µm pinhole. The sensor was mounted to a 3-axis

the elliptical PSF can be well represented by a

motion platform. The angular positioning accuracy

tivariate Normal (MVN)

Mul-

distribution. This distribu-

of this platform is

tion can be described by the following equation,

0.002◦ (1 − σ ).

Changing the plat-

form orientation provided a variety of incident light
vectors corresponding to a series of concentric rings
about boresight. A relatively large sample set of 756
images was taken to sample aberrations across about



1
= A exp −
2(1 − ρ2XY )

f (x, y)

2

(y − µy )
(x − µx )
+
σx2
σy2

50% of the sensor FOV.
The PSF shape parameters vary fairly smoothly

2

across the FOV. These parameter variations are shown
in Figure 7 (σx ), Figure 8(σy ), and Figure 9 (ρXY ).

2ρXY (x − µx ) (y − µy )
−
σx σy

The gaps in the centre of the plot result from imper-


(37)

fect alignment of the test stand with the optical axis.
Although the locations of the maxima and minima
vary by parameter, all three surfaces are basically
saddle-shaped.

where

These patterns are consistent with

the expected eects of astigmatism and eld curvature. Smaller scale features can also be see in these

A=

2πσx σy

σx

and

1
p

σy
ρ

are the standard deviations along the

(µx , µy )

denes the cen-

is the correlation coecient.

relation coecient,

Dzamba

ation eects or artifacts of data collection and processing.

principal axis of the ellipse,
troid, and

images, but it is unclear whether these are real abber-

(38)

1 − ρ2XY

ρXY ,

The cor-

aects the eccentricity of
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Joint
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Incident Light Vector
Computation

Incident Light Vector
Computation

Seidel
Coefficients

Lamp &
Pinhole

Ray Spot
Diagram

C
Comparison
i

Light Source
Offset

‐ RMS error

Lamp to incident light vector

Imager Mounting
Parameters

Image to incident light vector

Figure 10: Aberration determination roadmap

Aberration measurement
The nal aim of the lens calibration is to minimize
the eects of aberrations by providing PSF centroid
and shape correction.

With the aberration survey

now complete, the next task is to relate the computed
PSF parameters to a set of aberration coecients describing the lens system.
Figure 8:

σy variation

across sampled FOV

Although this section is

currently a work in progress, a rough approach has
been specied and is described as follows.
Corrections may be mapped to either the array
location or the incident light vector.

The latter is

a more elegant solution, particularly for eects that
shift the centroid, and will likely yield a simpler representation of the calibrated aberrations. In contrast,
the former is less reliant on the precise knowledge of
laboratory geometry. If we wish to associate platform
position with incident light vector we must model the
geometry of the lab setup.
Corresponding to each PSF are a set of joint angles used to rotate the sensor mounting platform.
These set of joint angles provide some information
pertaining to the vector of incoming incident light
on the of the other side of the lens system, the light
source side. This approach can then be broken into
two segments, the rst comprised of computing the
incident light vector onto the lens system from the
side of the light source, while the second segment will
attempt to compute the same vector from the side
of the image detector.

This approach is illustrated

inFigure 10.
On the side of the light source, this vector is fully
described by the set of joint angles and a translational
Figure 9:

ρXY variation

across sampled FOV

oset of the incoming light vector from the optical
axis.

This translational oset is orthogonal to the

optical axis and is comprised of two components,
and

Ly ,

Lx

corresponding to osets of the light source

along the

x

and

y

axes ( see Figure 11).

On the other (detector) side, the incident light

Dzamba
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of the lens system can be represented as:

X

A = {As , Ac , Aa , Ad , At }
I.e., a set

Y

(39)

Siedel coecients

capturing the eects

of spherical aberration, coma, astigmatism, eld curvature and distortion, respectively. Given these for-

IY

mulations of the incident light vector from both the

Ix

side of the light source, and the side of the detector,

Iz

an error minimization routine can be setup to compute values for each of the 13 described parameters.
This routine guides the variation in the model parameters by minimizing the RMS error between the
two computed incident light vectors until a minimum
is reached.

LX

Z

Implementation Notes

LY
Incident Light
Vector

The formulation and implementation of the abberation correction is still in development, but online
requirements are expected to be quite modest. Mod-

Figure 11: Lens calibration setup

elling the large-scale parameter variations with a loworder t will only require a handful of parameters.
Higher-order models would need more storage, but
until their granularity approaches the per-pixel re-

Φ x
y

quirements of the FPN and DCN corrections, the net

θ

eect will be minimal.

z

The computational impact

of this calibration is also very small. Assuming that

ψ

the star intensities are t to a Gaussian PSF (a common practice), this calibration does not change the
amount of calculation necessary to localize the stars;
imaging
plane

lens

it only changes the constants used during the calculations. Furthermore, abberations that aect centroid
location are corrected on a star-by-star basis and need

Figure 12: Imager rotation

not be considered separately for each pixel in the image.

vector is a function of the computed aberration coecients, the position of the imaged PSF, and a set

will still predominate.

imager mounting parameters. The mounting parameters can be described as a set of translational oset
parameters and a rotation sequence, that describes
the position and orientation of the image detector
with respect to the sensor.

The translational oset

is represented in the sensor frame as
and is also shown in Figure 11.

I = (Ix , Iy , Iz ),

The necessary set

of rotation angles are then described by

ΨI ,

ΦI , ΘI ,

and

expressed as a direction cosine matrix from the

detector frame to the sensor frame,

CSI .

The sign

convention utilized for these rotation is described in
Figure 12.

Unless a very large number of oating point

operations are required, the pixel level calculations

Depending on the granularity needed for the optical calibration, this process can be quite labour intensive. In contrast to the detector calibration, accurate
lab setup is much more critical during this stage of
manufacture.

CONCLUSIONS AND FUTURE WORK
In this paper we present three specialized calibration methods of use in microsatellite star trackers.
Each provides its own benets during development
and manufacture of these devices.

Lastly the coecients describing the aberrations

Geometric laboratory calibration provides a fast,
automatic way of compensating for imperfections in

Dzamba
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hardware setup. With an inexpensive, projector we
are able to negate most geometric distortions and still
control star centroid location to approximately half a
pixel. In future work we hope to cut the calibration

, 2001.

3.

SPIE Press, 2007.

ing the projection and capture routines.
4.

Yadid-Pecht,

Orly

Etienne-Cummings,

R.,

CMOS Imagers: From Phototransduction to Image Processing
editor,

measurable reductions in detector noise levels. Given

, KLUWER Aca-

that the corrections require substantial online stor-

demic Publishers, 2004.

age requirements, the benets in terms of improved
star performance need to be further analyzed before

Gerald C. Holst, T. S. L.,

, JCD Publishing &

time from 15 minutes, to about 5 minutes by improv-

Results from the FPN and DCN calibration show

Society Conference on Computer Vision and
Pattern Recognition
CMOS/CCD Sensors and Camera Systems

5.

their inclusion in a deployed system can be justied.

Glenn E. Healey, R. K., Radiometric CCD
Camera Calibration and Noise Elimination,

IEEE Transactions on Pattern Analysis and
Machine Intelligence

Specically, we need to evaluate whether the improvements in noise-oor and more uniform pixel response

, Vol. 16, No. 3, March

translate into better star detection, particularly for

1994, pp. 267276.

dim stars.
6.
Lastly, the preliminary optical calibration results

Kazuhiro

Hoshino,

Frank

Nielsen,

T.

N.,

Noise Reduction in CMOS Image Sensors

International
Congress for global Science and Technology
- Graphics, Vision, and Image Processing

are promising. Our survey of PSF shape shows clear

for

aberration-driven trends throughout the FOV. Identifying expressive, low order representations of these

High

Quality

Imaging,

,

eects is essential for proper implementation. Since
lens aberrations, particularly distortion and eld curvature, are dicult to avoid in small optical systems

Vol. 7, No. 3, 2007, pp. 1724.
7.

Carol Novak, Steven A. Shafer, R. G. W.,
Obtaining Accurate Color Images for Ma-

and compensation promises to be ecient in terms of

chine Vision Research,

ing, and Using Color

both online storage and computation, perfecting this
calibration is particularly important.

Perceiving, Measur-

, Vol. 1250, 1990, pp.

5468.

Individually, these techniques are not necessarily ground-breaking. Each represents a conventional

8.

or commonsense approach to calibration. Together,

,

V. N.,

SPIE

Aberration Theory Made

Optical

Engineering

Press,

1991.

however, they represent a set of tools that we feel are
particularly practical and cost-eective for improving

Mahajan,

Simple

9.

the engineering of microsatellite star trackers.

Max Born, E. W.,

Principles of Optics

, Cam-

bridge University Press, 7th ed., 1999.
10.
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