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Figure 37.Comparison of input and Þttedb-band energy ßuxes for sources with
simulated power-law spectra.

convert input simulated photon ßuxes to energy ßuxes using the
known spectral parameters described in Section4.2. We used
conversion factors of 2.81× 10Š9 and 6.64× 10Š9 erg photonŠ1

for power-law and blackbody spectra, respectively. Our results
are shown in Figures37 and38 and are in general similar to
the results shown in Figures25 and26, albeit with many fewer
sources. In particular, the systematic ßux overestimate for faint
sources (< � (1Ð2)× 10Š14 erg cmŠ2 sŠ1) at a large off-axis
angle is evident in the spectral model Þts as well.

We compare Þtted spectral parameters� , kT, andNH to input
spectral parameters for the corresponding model simulations,
using normalized differences like those deÞned in Section7; we
deÞnef = � Þt andp = 1.7 for � = 1.7 power-law spectra,
f = kTÞt andp = 3.0 for kT = 3.0 blackbody spectra, and
f = NH,Þt andp = 3.0 × 1020 cmŠ2 for NH for both models.
Our results are shown in Figures39 and 40. For power-law
Þts, we Þnd a median� of 1.724 for the 3455 sources in our
sample, with� 96% with normalized difference|g| < 2. If we
restrict the sample to sources with more than 500 net counts,
we Þnd a median� of 1.718 for the 802 sources in the sample,
with � 93% with|g| < 2. For blackbody Þts, we Þnd a median
kT = 2.90 keV for 2897 sources with more than 150 net counts
and a mediankT = 2.96 keV for 669 sources with more than
500 net counts. In both cases,� 92% had|g| < 2. We note that
for both power-law and blackbody models, the Þtted spectra are
slightly softer than the input spectra. This result is expected,
since no energy-dependent aperture corrections are performed
in spectral model Þts. For the power-law Þts, the median values
of � are consistent with the softening of 0.03Ð0.05 in spectral
index estimated in Section 3.9 of Evans et al. (2010).

For sources with simulated power-law spectra, Þts converged
to valid values of bothNH and its lower conÞdence bound
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Figure 38.Comparison of input and Þttedb-band energy ßuxes for sources with
simulated blackbody spectra.

for only 1002 sources in the full sample and for only 380
sources in the higher net count sample. For the remainder
of the sources, the Þtting procedure encountered the lower
bound of the search region forNH (1.0 × 1015 cmŠ2) before
encountering either the best-Þt value or the lower conÞdence
bound. In many cases, neither were included in the parameter
search region. We excluded these sources from the analysis of
the NH distributions. The resulting distributions were skewed
for both net count samples, as shown in panel (b) of Figure39.
For the full sample, the medianNH = 1.2 × 1021 cmŠ2 with
� 92% having|g| < 2. For the higher net count sample, the
medianNH = 6.7× 1020 cmŠ2 with � 90% having|g| < 2. We
note that most (� 95%) sources in the full sample had fewer than
1000 net counts and conclude thatNH is poorly determined in
the CSC Þts in this count range. We do not cite a result forNH for
sources with simulated blackbody spectra since most Þts were
unable to converge to valid best-Þt values or conÞdence bounds
in the range of parameter space used in the Þtting routines. We
attribute the additional insensitivity of the Þtting statistic toNH
to the relatively high temperature of 3 keV used to simulate the
blackbody spectra.

10. SOURCE EXTENT

The raw extent of CSC sources is parameterized by elliptical
Gaussian sigma values (mjr_axis_raw_b , mnr_axis_raw_b).
For each CSC source, a corresponding raw PSF elliptical
Gaussian (psf_mjr_axis_raw_b , psf_mnr_axis_raw_b ) is
derived by processing an SAOSAC simulation using the same
software. For robust comparisons of raw source size (RSS), it is
convenient to deÞne the RSS asa � (� 2

1 + � 2
2 )1/ 2/

	
2, where� i
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Figure 39.Distribution of normalized differences between fitted and simulated
spectral parameters for sources with more than 150 (black) and 500 (red, dashed)
net b-band counts: (a) power-law slope for 3455 sources (black) and 802 sources
(red, dashed); (b) NH for 1002 sources (black) and 380 sources (red, dashed).
(A color version of this figure is available in the online journal.)

Normalized Difference g
•10 •5 0 5 10

P
er

ce
nt

ag
e 

pe
r 

B
in

0

2

4

6

8

10

Figure 40. Distribution of normalized differences between fitted values and
simulated values for blackbody temperature kT . Black histograms refer to the
entire sample of 2897 sources. Red dashed histograms refer to the restricted
sample of 669 sources with more than 500 net b source counts.
(A color version of this figure is available in the online journal.)

are the elliptical Gaussian semi-axes. extent_code bits are set
when the RSS exceeds the PSF size by a statistically significant
amount within the corresponding spectral band.

The method used to derive the elliptical Gaussian size pa-
rameters works well for isolated sources embedded in relatively
smooth background emission, but it performs less reliably when
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Figure 41.Fraction of simulated (a) power-law and (b) blackbody point sources
erroneously marked as extended in the b band as a function of off-axis angle, � .
The black (top) histogram includes sources with (extent_code&0x10) ! =
0. The red (middle) histogram includes sources with (extent_code&0x10)
! = 0, pileup_warning < 0.01, and (conf_code&0x3) = 0. The blue
(bottom) histogram includes sources with (extent_code&0x10) ! = 0,
pileup_warning < 0.01, and (conf_code&0xf) = 0.
(A color version of this figure is available in the online journal.)

the density of sources is high enough that source regions over-
lap. The ellipse derived for a confused point source may not
give an accurate measure of the source size. For each cata-
log source, conf_code indicates the nature of the overlap with
nearby sources. For example, (conf_code&0x3) = 0 indi-
cates that the source detection region overlaps no other source
detection region. (conf_code&0xf) = 0 indicates that the
source detection region overlaps no other region and the back-
ground region overlaps no other source detection region.

Complicated image morphologies that arise from photon
pileup in bright sources may also confuse automated source
extent measurements. The associated pileup_warning value
may be used to gauge the importance of photon pileup for a
given source.

We define the false extent fraction, ffx, as the fraction
of detected point sources that are erroneously identified as
extended because of source confusion, or photon pileup, or
any other reason such as a flaw in the method used. We used
the MARX point-source simulations described in Section 4.2 to
estimate ffx as a function of off-axis angle. Because the MARX-
simulated sources are known to be point sources, any non-zero
extent_code bit is, by definition, erroneous. Figure 41 shows
the b-band false extent fraction as a function of off-axis angle
for power-law and blackbody sources. The black curve shows
the false extent fraction based solely on the extent_code
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Figure 44.Cumulative fraction of simulated white noise light curves (durations
of 160 ks and mean rates of 0.032 counts s−1) detected with O ≡ log10(P −1)
greater than the x-axis value. P is the probability that the light curve is consistent
with a constant light curve. Black line (top) is for the Kolmogorov–Smirnov test,
blue line (middle) is for the Kuiper test, and red line is for the Gregory–Loredo
test (bottom). The straight orange line is 10−x . Vertical gray lines correspond
to the minimum O-values for which the CSC variability index (based upon the
results of the Gregory–Loredo test) would be set to 5, 6, 7, or 8 (left to right).
(A color version of this figure is available in the online journal.)

mean rate should yield probabilities P � fP , or equivalently,
O � log10(f −1

P ).
We first assess this expected property of the variability tests by

applying them to white noise simulations. For pure white noise
simulations, at least for the K-S and Kuiper tests, we expect
that the cumulative fraction of light curves with O greater than
a given value, x, will follow 10−x . Some deviations from this
relationship are expected for two reasons: first, we include a
simple model of pileup and assume that the pileup parameter
� = 0.5 (i.e., there is a 0.5(n−1) probability that n piled events
will be detected as a single good event). This will tend to
suppress statistical fluctuations for the brighter light curves
(Davis 2001). Second, we apply the lower count cutoff used
within the catalog by not including any light curves with fewer
then 10 counts, and thus we are suppressing some range of
inherent Poisson variability (fluctuations to low counts from
light curves with mean counts just above the threshold and
fluctuations to high counts from light curves with mean counts
just below the threshold).

We simulate 40,000 light curves at each of seven different
lengths ranging from 1 ks to 160 ks and eight different mean
rates ranging from 5.6e-4 counts s−1 to 3.2e-2 counts s−1, for a
total of 2,240,000 simulations. Histograms of the test results for
the longest, brightest light curves are presented in Figure 44,
although results for light curves of different lengths and mean
rates are comparable. We find that for the most part, the K-S
and Kuiper tests yield the expected results for the white noise
light curve. That is, the cumulative fraction of simulated light
curves with test results indicating variability decreases with the
significance level of the results. Given that Figure 44 represents
40,000 light curves, we find as expected ≈400 simulations
that (falsely) indicate variability at �99.9% confidence. Note,
however, that the K-S test and especially the Kuiper test
each show a small deficit of light curves with high variability
significance levels. We attribute this primarily to the effect of
pileup on the generated light curves. These deficits are small,
however, and we find that the usual notion of significance levels

applies well to these simulated light curves when using the K-S
and Kuiper tests.

The Gregory–Loredo test assigns even fewer white noise light
curves to formally significant statistic levels. It is important to
remember, however, that the Gregory–Loredo test is answering a
more restrictive question. Rather than asking the simple question
“Is this light curve consistent with a constant rate?” it is instead
asking, “Is a uniformly binned light curve with multiple time
bins a better description than a single bin, constant rate light
curve?” The Gregory–Loredo test, for example, is not well suited
for discovering a single, short flare interspersed in an otherwise
steady light curve. We find that the Gregory–Loredo test (which,
again, is the basis for the CSC tabulated variability indices)
yields fewer false positives; however, as we show below, it is
also less sensitive to real variability. The Gregory–Loredo test is
therefore a somewhat more conservative measure of variability
than either the K-S or Kuiper tests.

We next turn to the question of sensitivity to real light curve
variability. We simulated red noise light curves with the same
lengths and mean rates as for the white noise simulations;
however, we further considered a range of 12 fractional rms
levels, ranging from 1% to 30%. We performed 6000 simulations
for each combination of light curve length, mean rate, and
fractional rms, yielding a total of 4,032,000 simulations. The
cumulative fractions of simulated light curves above a given
significance threshold, for a subset of simulated light curve
lengths, rates, and fractional rms values, are shown in Figure 45.
The variability tests performed on these simulations—for light
curves that are sufficiently bright, long, and/or variable—clearly
indicate variability above and beyond the expectations of pure
white noise.

To further quantify the meaning of “sufficiently bright, long,
and/or variable,” in Figure 46 we present what essentially
amount to “variability detection probability” contours as a
function of rms variability (x-axis) and mean light curve rate
(y-axis) for a variety of light curve lengths (individual panels).
For example, here we choose as a “significant” detection thresh-
old a variability test value of O � 2. The calculated fraction of
simulated light curves that yield a variability significance above
this value is a measure of the sensitivity of the tests for these
particular types of light curves.10

In general, we see that the Kuiper test is more sensitive than
the Gregory–Loredo test. (The K-S test yields contours similar
to the Kuiper test.) Not unexpectedly, the brighter, more highly
variable, and longer the light curve, the more sensitive the tests.
Ideally, for a set of truly variable, well-observed light curves and
a chosen threshold for the value of O = log10(P −1), we hope to
find that the fraction, flc, of light curves exceeding this threshold
to be flc � P = 10−O . For many realistic parameter regimes,
however, <10% of the simulated variable light curves are in
fact detected as being variable with O > 2 (or equivalently,
P < 10−2). This is to be borne in mind when considering the
catalog results which we discuss below.

Results from applying the variability tests to CSC sources
are shown in Figure 47. Specifically, we show histograms of
the variability indices (derived from the Gregory–Loredo test;
Evans et al. 2010) in each of the ACIS energy bands used in the

10 The simulations create light curves with a mean power spectral density
profile that is ∝ f −1. Any single realization of this mean power spectrum
profile can yield light curves with properties significantly different from the
average profile and yield low variabilities for that specific instance. These
inherent light curve variations are convolved with the sensitivities of the tests
themselves to yield the final detection probabilities.
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Figure 47.Histograms of variability results from the CSC, for different energy
bands, in terms of the variability index, excluding sources that dither across a
chip edge. Orange, red, green, blue, and purple lines represent theu, s, m, h,
andb bands, respectively. The thick black line is the maximum variability index
from the Þve bands.

of detector properties (ACIS-I has very little sensitivity in the
u band and has reduced sensitivity in thes band compared to
ACIS-S), observational properties (e.g., the soft energy bands
are easily obscured by interstellar absorption), and intrinsic
source properties.

We next turn to the signiÞcances as determined by the
variability tests. Examining the three different test results in the
s, m, h, andb energy bands individually, we Þnd that between
4% and 16% of the light curves haveO � 2, and 1%Ð7% of the
light curves haveO � 3 (again, roughly corresponding to the
> 90% and> 99% conÞdence levels for signiÞcant variability,
respectively). Within each energy band, the lower end of the
percentage range is for the GregoryÐLoredo test (which again,
is asking a more stringent question than merely is the light curve
variable), while for all tests the soft band shows the smallest
percentage of signiÞcantly variable light curves, consistent with
the results of the catalog variability indices discussed above.

At the above respective signiÞcance levels, we expect that
< 10% and< 1% of an ensemble of white noise light curves
would show comparably signiÞcant results. Thus, we see that
up to approximately 5%Ð6% of the CSC sources (i.e., the excess
above the< 1% of sources we expect to haveO > 3) are
detected as being truly variable. This is to be compared to, for
example, the< 1% of detections (2307/ 246,897) classiÞed as
variable in the 2XMM catalog (Watson et al.2009). In practice,
for the CSC as a whole a signiÞcant population of variable
sources begins to appear at variability indices� 5 and variability
test valuesO > 1. This is illustrated in Figure48, which
shows the CSC variability test results for theb band. Here, we
show the cumulative fraction of sources withO = log10(P

Š1)
greater than a given value for each of the three tests. This is
to be compared to the white noise expectation that the curves
follow 10Šx. Excesses above this line represent populations of
signiÞcantly variable sources.

In practice, one would identify variability in a subset of
catalog sources by choosing a threshold value ofO. Sources
with O exceeding this threshold would be identiÞed as variable.
A low threshold would yield a larger number of variable sources,
but also a larger fraction of Òfalse positives.Ó On the other
hand, choosing very high test signiÞcances for the threshold
will reduce the number of ßagged sources. For the catalog as

Figure 48.Cumulative fraction of sources from the CSC (excluding sources that
dither across a chip edge) that exceed a given variability signiÞcance (expressed
asO = log10(P

Š1) = Š log10(1 Š p)) for the three variability tests performed
in the (b) band. Black histogram (top) is for the KolmogorovÐSmirnov test, blue
histogram (middle) is for the Kuiper test, and red histogram (bottom) is for the
GregoryÐLoredo test. The orange straight line is the expectation for constant
rate light curves, subject only to Poisson noise. The gray vertical lines are the
boundaries for the catalog variability indices (based upon the GregoryÐLoredo
test) 5, 6, and 7.

a whole, choosingO � 2 in either the K-S or Kuiper test,
or nearly equivalently12 a variability index� 7, maximizes the
difference between the cumulative histograms for the detected
and white noise signiÞcances. Approximately 6% of the sources
will be ßagged as variable, of which� 17% are likely false
positives (i.e., 1/ 6, as we expect 1% of non-variable sources
to achieve such high test signiÞcance values). Given that the
K-S and Kuiper tests have very well-characterized properties
for white noise light curves, those test results can be used as
a guide for assessing variability in any sub-populations taken
from the catalog. Those tests speciÞcally should allow users to
choose their own optimization of number of variable sources
versus fraction of false positives. The GregoryÐLoredo test,
having less well-characterized white noise properties, is less
well suited for that task; however, its chief advantage lies in the
fact that it also provides an estimate of the light curve which
can be used in more sophisticated analyses.

We separately have analyzed the variability from cat-
alog sources that dither over a chip edge (by select-
ing the approximately 38,000 sources withedge_code or
multi_chip_code > 0). To minimize issues arising from the
programming error related to sources dithering onto an off or
excluded chip, we did not include any sources from ObsIDs
with an excluded chip. (A list of such ObsIDs is maintained on
the CSC Web site.) The results are very similar to the above.
Seventeen percent of those sources have a maximum variabil-
ity index � 6, and 7% have a maximum variability index� 7.
Examining the three different test results in four energy bands
separately, we Þnd that between 5% and 17% of the light curves
haveO � 2 and 2% and 7% of the light curves haveO � 3.
These percentages are slightly higher than those quoted above,
but not dramatically so. There is likely some additional false
variability associated with dithering over the edge, but this does
not dominate the results from these sources if one choose a test
threshold ofO = 2.

12 For theb band, sources with a variability index of 7 have a mean value of
O = 2.4 for the Kuiper test andO = 2.3 for the KolmogorovÐSmirnov test.
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Figure 49. Cumulative fraction of CSC v.1.0.1 master sources (comprised of
two or more individual observations) detected with inter-observation variability
above a given value of O ≡ log10(P −1), greater than the x-axis value. Bottom
line (orange) is for the u band, followed by the s (red), m (green), h (blue), and
b (purple) bands. The straight line (brown) is 10−x , and again is the expectation
for random noise fluctuations.
(A color version of this figure is available in the online journal.)

Although we have not performed simulations to assess the
sensitivity of our procedures for detecting inter-observation
variability, as for the intra-observation variability tests discussed
above we have conducted a preliminary assessment of the
actual CSC v.1.0.1 results. The CSC includes master source
variability probabilities, var_inter_prob_*, that represent the
probability that the multiple observations that comprise a given
master source are not consistent with a constant flux in a given
energy band. To be consistent with our prior discussion of intra-
observation variability, we again convert these probabilities,
p, into a quantity similar to a logarithmic odds’ ratio, O ≡
log10(1 − p). We again consider the cumulative fraction of
sources above a given value, O. Again, even for non-varying
sources, we expect by random noise for 10% to have O � 1,
1% to have O � 2, etc. Results for master sources comprised of
two or more individual observations are presented in Figure 49.

The selection of master sources comprised of two or more
individual observations (necessary for the definition of inter-
observation variability) limits the selection to 17,538 unique
master source IDs. It should be noted, however, that although
there are multiple observations for each of these master sources,
each energy band is not necessarily significantly detected in each
individual observation. This is reflected in Figure 49, where
the u band is seen to be skewed toward extremely low inter-
observation variability significance. This is unsurprising as the
u-band flux might have been significantly detected in an ACIS-S
observation, yet remain undetected in an ACIS-I observation. In
general, we see that the harder bands, and especially the b band,
follow more closely the expected 10−x behavior for low values
of O.

We see, however, that all energy bands show a tail of
larger O values that represent the significant detection of inter-
observation variability. This tail is most pronounced for the
b band, where ≈20% of sources have O � 1 and 10% of
sources have O � 2. Thus, approximately 10% of all master
sources comprised of multiple observations show significant
inter-observation variability. Furthermore, choosing a selection

criterion of var_inter_prob � 0.99 identifies these sources,
with only �10% of them being “false positives.”

12. CONCLUSIONS

The CSC is intended to be a general resource for astronomers
at all wavelengths. It differs from the many excellent Chandra
catalogs derived as part of specific scientific programs in that
its data selection and analysis procedures are not optimized
for any particular scientific goal. With few exceptions, data
from all detectors active in each observation are included, and
data from all observations are processed in a uniform manner
with a uniformly defined set of source properties. The statistical
characterization studies we present here are based on extensive
simulations and comparisons to other catalogs and illuminate
the differences between the CSC and other Chandra catalogs.

The first release of the CSC includes a large fraction of
all Chandra ACIS non-grating observations made in the first
eight years of the Chandra mission. Significant characterization
results include the following.

1. The catalog contains ∼94,700 distinct X-ray sources from
∼3900 separate ACIS observations.

2. The total sky coverage is ∼320 deg2 for sources with a
0.5–7.0 keV photon flux greater than ∼4 × 10−5 photons
cm−2 s−1.

3. Detection efficiencies are
(a) typically near ∼100% for sources within ∼5� of

the aimpoint and brighter than ∼(1–3) × 10−6 pho-
tons cm−2 s−1, depending on exposure, and

(b) ∼50% or better for sources between ∼5� and 10� off-
axis.

4. False source detections appear to cluster near chip edges and
the boundaries between back- and front-illuminated chips,
but the false source rate is appreciable only for observations
with exposures longer than ∼50 ks.

5. Fewer than ∼1% of the sources in the CSC are spurious.
6. Average positional errors of CSC sources range from ∼0.��2

on-axis to ∼4�� at ∼14� off-axis.
7. Systematic errors in photon fluxes include an overestimate

of a factor of �2 for sources fainter than ∼3×10−6 photons
cm−2 s−1 and at off-axis angles � � 10�, due at least
in part to an uncorrected Eddington bias when detection
efficiency is low. Additional systematic errors at higher
fluxes include both underestimates and overestimates of
∼10%–30%, depending on energy band and source spec-
trum, and are attributed to the use of a monochromatic
effective area in computing fluxes. Systematic errors in
u-band fluxes can be �30%, for some source spectra.

8. Extended sources with sizes of a few arcseconds can be de-
tected within ∼2.�5 of observation aimpoints; further work
is required to fully characterize CSC extent capabilities
farther off-axis.

9. Choosing a 99% confidence level for source variability
(using either the Kuiper or K-S tests), 6% of all CSC sources
are found to be significantly variable. Less than 1/6 of these
detections are expected to be false positives.

10. Approximately 10% of all master sources comprised of
multiple observations show significant inter-observation
variability. Less than 10% of these detections are expected
to be false positives.

Results presented here apply to the release 1.0.1 of the
CSC. However, they should also apply to ACIS CSC sources
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(a) 0.5 keV (b) 1 keV

(c) 3 keV (d) 6 keV

Figure 51.ACIS-S encircled energy radius at the 10%, 50%, 90%, and 95% levels as a function of off-axis angle for various energies.

The detector PSF consists of an astigmatic component caused by
deviations of the detector geometry from that of the ideal focal
surface, a component due to the use of finite size detector pixels,
and an intrinsic component that arises from the interaction of
the photon with the detector. With the exception of the latter, the
former two components are purely geometrical and are handled
in a straightforward manner by the MARX ray-trace. Positional
uncertainties from the physical interaction of the photon with
the detector are handled statistically by assuming an additional
Gaussian blur when MARX constructs event coordinates.

The HRMA PSF may be broken into two parts. The first
is a component that dominates the core of the PSF and is
a consequence of misalignments and low spatial frequency
deviations from the perfect type-I Wolter geometry. The second
part gives rise to the scattering wings of the PSF and is caused by
high-frequency surface errors or microroughness. In principle,
given a detailed geometric model of the mirror, the core of the
PSF could be simulated via ray-tracing. However, MARX lacks
the detailed geometric details of the HRMA but instead assumes
perfect type-I Wolter geometry for each of the mirror shells and
takes into account misalignments between them. MARX models
the low spatial frequency deviations from the ideal Wolter-I
geometry by rotating the surface normal at the intersection
point of a ray about a random direction perpendicular to the
normal by a small angle chosen from a Gaussian distribution.

The scattering wings of the HRMA PSF are treated statistically
by MARX using a parameterization developed by van Speybroeck
et al. (1989) of the Beckmann & Spizzichino (1963) scattering
model.

The encircled energies of the MARX and SAOTrace
ACIS-I PSFs as a function of off-axis angle at various energies
are shown in Figure 50; the corresponding PSFs for ACIS-S
are depicted in Figure 51. From these plots one can see that
beyond about 5� off-axis, the MARX and SAOTrace PSFs agree
quite well. This agreement can also be seen in Figure 52, which
shows two-dimensional encircled energy contours for a 20� off-
axis source. Figure 53 shows that on-axis, the encircled energies
of the MARX and SAOTrace PSFs agree out to about 90% of the
integrated flux, but differ in the scattering wings.

The fact that the MARX and SAOTrace PSFs agree far off-axis,
but disagree near on-axis in the wings should not be surprising.
The various statistical parameters that MARX uses to characterize
the PSF were tuned to match the High Efficiency Transmission
Grating Spectrometer’s (HETGS) on-axis line-spread function
(LSF) as determined through HETGS observations of Capella
(Canizares et al. 2005). Due to the lack of adequate counts in
the wings of the LSF, only the parameters influencing the PSF
core could be determined with sufficient resolution. The use of
the HETGS for this purpose is a reflection of the fact that MARX
started out as a simulator for the HETGS. In contrast, the on-axis
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Figure 52. 10%, 50%, 90%, and 95% MARX(blue) and SAOTrace(red, or
half-tone) encircled energy contours for a 3 keV source 20� off-axis on ACIS-S.
(A color version of this figure is available in the online journal.)

SAOTrace PSF was compared to HRC-I observations of Ar-Lac
(Jerius et al. 2004), where the residuals in the core of PSF were
estimated to be less than 10%. The wings of the SAOTrace PSF
were accessed using the zeroth-order HETGS data from a 50 ks
observation of Her X-1. From this observation, the uncertainties
in the flux of the SAOTrace wings were estimated to be at least
30%–50% (see the discussion of Xiang et al. 2009).

For near on-axis sources, the relative positional accuracy in
the sky tangent plane system between the MARX and SAOTrace
PSFs was determined by comparing the tangent plane locations
of the centroids of their PSFs. For such cases, we found MARX
to be consistent with SAOTrace to subpixel accuracy.

Centroiding was less useful for far off-axis sources where
the distortions in the core of the PSF become quite noticeable.
In this situation, the intersection of the shadows caused by
the HRMA support struts as seen in the sky tangent plane
coordinate system was used to determine the source position.
The astigmatic effects associated with the different path lengths
of rays from the HRMA to the detector surface mean that the
strut shadows may not have a common intersection point in
the sky and detector coordinate systems. This is particularly
noticeable for the ACIS-S detector planes, which were designed
to approximate the Rowland surface of the HETGS causing
them to be offset from the imaging focal surface. The accuracy
of this method was estimated to be less than 2 arcsec for sources
25 arcmin off-axis.

The previous technique was used to compare the MARX PSF
to that of the Chandra observation (ObsID 1068) of LMC X-1,
observed 24.8 arcmin off-axis. A level 2 event file was created
using CIAO 4.2 and loaded into SAOImage ds9 (Joye & Mandel
2003) to view the (binned) source events in the sky tangent plane
system. Using the intersection of the strut shadows as described
above, the source was estimated to have a right ascension of
84.9115 ± 0.0002 deg and a declination of −69.74335 ±
0.00028 deg. These values were used to specify the source
position for a MARX point-source simulation of ObsID 1068. The

(a) ACIS-I

(b) ACIS-S

Figure 53.Encircled energy as a function of radius for an on-axis source on the
ACIS-I and ACIS-S arrays. The source spectrum was assumed to be an absorbed
power law with an absorbing column of 1021 cm−2 and index of 1.7.

resulting MARX event file and the Chandra observation level 2
event file were loaded into SAOImage ds9 to visually compare
the observed and simulated PSFs by “blinking” one against
the other. As expected, qualitative differences were seen in the
core of the PSF but the positions of the support strut shadows
were nearly coincident with a registration uncertainty estimated
to be less than two sky tangent plane pixels, which is consistent
with the uncertainties in the source position estimated using the
support struts.
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