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ABSTRACT

We have developed a new method that uses wavelet analystsntove interference fringe patterns from
images. This method is particularly useful for spectrogcdiat fields in the common case where fringes
vary between the calibration and object data. We analyzeffieacy of this method by creating fake flats
with fictitious fringes and removing them. The method renso®@% of the fringe pattern whose amplitude is
equal to the random noise level and 60% if the fringe ampditisdz 1/10 of the noise level. We also present
examples using real flat field frames. A routine written inltiteractive Data Language (IDL) that implements
this algorithm is available from the authors and as an atteett to this paper.

Subject headings: methods: data analysis — technique: image processing

1. INTRODUCTION We implemented our algorithm in the Interactive Data Lan-

Images in astronomical detector arrays sometimes contairfU29e (IDL, a product of Research System Inc., Boulder, Col-
unwanted fringe patterns that are produced by the interéere ~ 0rado). The code (named "defringeflat”) is not specific to any
of light reflecting between parallel surfaces in the instemn ~ InStrumentand includes tutorial documentation. Itis e
However, this pattern can change even in short timescaled!nder the GNU General Public License from our websites
(Fig. 1) mostly due to flexure and variations in the illumi- &S &n electronic attachment to this paper. .
nation geometry (e.g., from movable instrument parts).sThi Section 2 describes the aIgonthm. Section 3 dIS.CUSSGS per-
would imply that division by flat field would not necessarily formance in the presence of noise. Finally, Section 4 sum-
correct the fringes in images (Fig. 2). The latter is a widely Marizes the benefits and limitations, and presents our gencl
used approximation. slons.

Hence, observations requiring high sensitivity necetgsita 2. ALGORITHM
of methods with explicit removal of these patterns both in
the flat field frames and in the data frames. Fringe correc-
tion methods found in the literature are either specific ® th
instrument or assume a global fringe period (e.g., Malumuth
et al. 2003a,b; Mellau & Winnewisser 1995). However, in
most cases the pattern’s period varies over the image, gakin flat package
global techniques like Fourier filtering less than satifac Wp ge. that the ch in fri iod i th

Here we present an algorithm that uses the wavelet trans- ¢ assume mat fhe change In Mnge period IS Smoo

: across the columns. Prior to applying the algorithm, all bor
;E:)rmér? cke) ?Iggﬁ]c;galltggg; Iq‘lajrﬁs((etrgns?‘grn?if Ili\flgzrat? gnfr? ge ders whose values are not consistent with the image must be

we can isolate the fringe pattern in wavelet space, do an in_cropped, and the image should be oriented such that the nodes

verse transform, and then obtain a clean image by subteactin of the iringe pattern align mostly with the columns. The lat-

: : ! - ter condition only requires that, in a per row basis, theqekri
this reconstructed fringe pattern. The challenge is to @0 th o ’
correctly in the presence of noise. must be at least several pixels, but may not excedd4 of

: : . : the row width. Notice that this allows fringes to have selera
The algorithm here presented satisfactorily gets rid of . ; : . ;
fringes in flat field frames. In principle, it could be extedde different patterns which do not need to look like straighés.

to clean data frames by interpolating the fringe in presence sTEP|. ENHANCED ROW AND WAVELET TRANSFORM
of point sources (e.g., photometric data) or extended gsurc . : .
For each image row we combine several surrounding rows

in the array (e.g., spectral data). However, this extension d . q bad pixels. To d

beyond the scope of this paper as it requires the design of aﬁﬁ. suppressl ran omhno_|se; an H remove hah plxeg_. Of o

stable and general algorithm that interpolates the fringe p IS We replace each pixel in the row with the median of a
1 x n subimage centered on the pixel and traversingws

rameters. Thus, using our method improves the quality of eX-(bin width, hereafter). We then subtract a linear fit from the
tracted data when the fringe in flat field differs from the §én median-a\}eraged row to obtain enhanced row (Figure 4).

on the data, but will not solve the problem completely if the This sianifi vl h | litud 0
fringes in the data array are significant. Nis significantly lowers the wavelet amplitudes at smar pe
riods, allowing the next step to proceed more efficiently.

The main steps in our procedure are listed in Table 1. Fig-
ures 3 — 9 illustrate the steps of the algorithm using an ex-
ample flat field. Their captions contain details regardireg th
example array, while the main text only refers to the aldponit
in general. The example flat field is included in the defringe-

Electronic address: pato@astro.cornell.edu
Electronic address: jh@oobleck.astro.cornell.edu 1 http://www.das.uchile.ci-pato/sw/ or
http://oobleck.astro.cornell.edu/jh/ast/softwanelht
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We then compute the wavelet transform of each enhancedsteps | and Il for every row, a 2D array is obtained for each
row. There are several wavelet basis functions to choose, fro of the fit parameters. First, we “patch” each of the parame-
but this algorithm requires a complex basis (non-complexter arrays by finding outliers that are beyond a given number
wavelets will only show the edges of the complex wavelet am- of standard deviations from the neighborhood median and re-
plitude, and thus it will not be fitable in Step Il). For thisrpa  placing them by that median value. Then, we smooth the array
ticular example, we used the Morlet wavelet because its-func with a boxcar filter. Figure 7 shows the results.
tional form makes it well suited for smoothly varying persod
and because it is compact in the frequency domain. However, STEP IV. RECONSTRUCTION OF FRINGE PATTERN

notice that the accompanying code allows the user to choose We next evaluate the parameters to obtain the fringe’s
from several other popular wavelets, though, as they coeld b .6t amplitudes (Figure 5). Far from the reconstructed
better suited for particular data. The result for each row is fringe transform, the amplitude must be zero, because any
two-dimensional (2D), complex array, whose two dimensions non-zero value there will cause unwanted noise in the recon-
are column number and period. Steps Il and 1ll are computedg;y (e fringe. In particular, if a keep method is chosbe, t
over the complex array amplitudes (wavelet array, hef@?“te reconstructed amplitude is set to zero outside the local min
The phases of the complex array must be stored for use in steg Finally, we apply an inverse wavelet transform to the re

IV. We now have 3 dimensions: row, column, and period.  ¢,nstrycted wavelet amplitude and the corresponding ghase

STEP I1. PARAMETRIC FIT OF FRINGE TRANSFORM from Step I. ] )
. . . We repeat these steps for every row to obtain the image’s
At the period of the fringe pattern, the wavelet array will

X . . . isolated fringe pattern (Figure 8). Due to the optional stheo
contain a prominenfringe transform pattern traversing the 4 “+he method to obtain the enhanced rows, and the COI
columns. Its amplitude depends on the amplitude of thedring 1)5,nary, the recovered fringe pattern will have smaller bo
pattern (Figure 5). This algorithm’s success rests on oili ab  yerg than the original image. The fringe pattern can now be
ity to distinguish this featur(_e from the background n_ms&ele subtracted from the original image (Figure 9).
of the wavelet array. The fringe transform may vanish at par-
ticular positions, but it should be clearly distinguisteain 3. PERFORMANCE TESTS
most of the array. Improved sampling in period can be ob-
tained by interpolating or by decreasing the spacing beatwee
discrete scales in the wavelet transform. The latter agbriza
more accurate but demands more computer resources. Henc
a compromise should be chosen.

We next fit the fringe transform (Figure 6). Starting from
a reference column, the fringe profile is isolated by finding
the first local minima on both sides of the reference period.
Then, either the actual datmeshape) or a parametric fit can
be used to represent the profile within the minima. Only the
latter approach will allow execution of the optional Step I
though. The values of the profile must be zero outside the F(x,y) = Asin((x, y)x+ ¢(y)),
fringe transform. Inside, on the other hand, it is recomneend
that the fringe transform profile exclude a background level wherex,y are the position indices in the array,is the am-
(attributable to non-fringe image components). The highes plitude (which we keep constant), ag) andv/() are linear
point in the profile is used as the new reference period for thefunctions fitted to the phase and frequency, respectivély, o
neighbor column. The procedure is repeated for the wholeour example’s fringe. Note that there is no reasorXoo be
fringe transform, extending in both directions from theeref ~ constant in a real image. The background level is a double-
ence column to the cone of influence (COI) boundary, beyondlinear function in both x and y directions and has an edge
which the wavelet values are contaminated by edge effects. taper.

To fit the profile we have experimented with an extraction ~We definenoise strength as the standard deviation of the
of the true shape of the profile, plain Gaussian fits with vari- Gaussian noise divided by the standard deviation of thesnois
able center (GVC), and Gaussian functions in which the cen-less fringe pattern (2/2A, due to its sinusoidal nature). Fig-
ter is fixed at the maximum height (GFC). Both Gaussian al- ure 10 shows the fraction of remnant fringe after running the
ternatives were considered without a constant backgroand p algorithm on simulated data with different fitting function
rameter (oback), and with this parameter. In the latter case, and varying noise strength. The remnant fringe level is not
the background value can be kept or not when reconstructingstrongly dependent on noise strength and all methods show
(keep andnokeep, respectively). In total, we tried 6 parametric  very similar behavior with slight numerical differencesevh
fits (that can be smoothed or not in step 1ll) and 2 trueshapethe noise strength is below 11 for noback methods and be-
fits, for a total of 14 fits. The Gaussian shape is chosen notlow =~ 14 otherwise. However, GFC consistently gives the
only because it is a natural choice to fit a peak, but also be-best results in all cases, even improving at high noise lev-
cause it is the frequency-domain representation of theaflorl els when smoothing. Most of the methods remove over 95%
wavelet. The relative fringe-removal efficiency of thess fit of the fringe at noise strengtis 0.5 and over 55% at noise
and of trueshape is discussed in Section 3. strength~ 9 (equivalent to Figure 3’s noise strength). The

lower plot of Figure 10 confirms the intuitive result that the
STEP [11. OPTIONAL PARAMETER SMOOTHING method yields better absolute results for smaller initiggfe

If a functional parametric fit was used in the previous step, amplitudes.
one can reduce the effects of noise by forcing the recon- Figure 11 shows the effect of varying the bin width. If
structed fringe’s parameters to vary smoothly. After réjpga  the width is too small when computing the enhanced row, the

The ratio of fringe pattern amplitude to the pixel-to-pixel
variation (or noise) level varies among different instrumse
Yve tested the algorithm’s performance at different noise le
€ls by using a synthetic image consisting of a fringe pattern
a background intensity, and random noise with a Gaussian
distribution that mimics pixel-to-pixel flat-field variatis and
photon noise.

The fringe pattern was created using an analytic function
that mimics the pattern in our example image. Its functional
formis
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TABLE 1
STEPS OFDEFRINGINGALGORITHM

Step Description Figure

Original image with fringe 3
FOR EACH ROW

| =- Compute enhanced row 4
= Compute wavelet transform 5
= FOR EACH PIXEL IN ROW

I == Fit fringe transform’s profile 6
FOR THE WHOLE ARRAY

] =- Smooth fit parameters (optional) 7
FOR EACH ROW

IV = Reconstruct wavelet array 5
= Inverse transform 58
FOR THE WHOLE ARRAY
=- Subtract fringe pattern to obtain clean image 9

noise is insufficiently suppresed. For low noise, a bin width
that is too large will begin to average out the fringe.

The algorithm is mainly limited by the degree to which the
analytic profile fit function mimics the data. Figure 12 shows
an example of a difficult profile, which gives very different
fits when using the different fitting functions. Another soair
of error is the potential for the algorithm to miss the cotrec
trace in the presence of high noise in the wavelet array (Eigu
13).

Due to the factors listed in Step 1V, the reconstructed &ing
pattern is smaller than the input data. For the example of Fig
ure 3 this area isz 85% of the cropped input image, or over
90% if only considering the pixels lost for each survivingiro
on average.

4. CONCLUSIONS

We have developed an algorithm that removes fringe pat-
terns from 2D images while preserving other patterns. The al
gorithm is especially useful for cleaning flat fields if thmfre
pattern varies between the flat and the object data.

There are three main limitations of this procedure. First,
the shape of a fringe in wavelet space may be much more
complicated than any reasonable fitting function, resglim
a partially-corrected fringe. Second, to be able to follbwe t
trace, the change in the fringe’s period must be smooth. Fi-
nally, there is a region along the borders where the fringe pa
tern cannot be recovered.

A potential forimprovement exists if a method can be found
to fit the entire fringe transform pattern simultaneouslyhia
3D wavelet space of row, column and period. The 2D wavelet
transform may be more appropriate for this approach.

Our IDL implementation of this algorithm and its documen-
tation appear as an electronic supplement to this articte. U
dated versions are available on the authors’ websites or by
email request.

This material is based upon work supported by the Na-
tional Aeronautics and Space Administration under Grant No
NAG5-13154 issued through the Science Mission Directorate
The example flat field was obtained from public archives of
the European Southern Observatory.

Facilities: VLT:Antu (ISAAC), Keck:Il (NIRSPEC)
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Rows

0 100 200 300
Columns

FiG. 1.— Consecutive sky frames. Subsections of sky frames takin
NIRSPEC on the Keck Il telescope (45 seconds integratioripgE pattern
can be seen varying between these frames that were takeeccdinsly (in
order a, b, and c).

Row number

Row number

Column number

FiG. 2.— Flat field effect in correcting fringes. Section of gr@btained
with the NIRSPEC instrument on the Keck telescope. Horalopattern is
the spectrum’s trace. Top: Raw spectrum frame. Bottom: tBpacframe
after flat field correction. Notice that the fringe patterstidl visible.
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FiG. 3.— Top: Sample image with fringes. Flat field was obtaineth w
the ISAAC instrument at the VLT. Each of the numeric paramseiedicated
in the captions from Figures 3 to 9 were found to be the mostcgyipte
for this particular example, but will need to change for eliént images.
Columns 901 to 1024, and rows 0-149 and 951-1024, are veghettd thus
are cropped before analysis. Periodicity can be estimageeyb at~ 40
pixels in the center of the image. Bottom: Middle (512th) row
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FIG. 4.— Top: Enhanced rows. Each pixel is first replaced by thdiame
average of the 41 closest pixels in the vertical directiorlindar fit to each
row is then subtracted. The fringe pattern is enhanced ame $@d pixels
have been removed. Note that the usable data area is redy@gdrows on
the top and bottom because of the averaging. Bottom: Midsll@th) row.
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Fic. 5.— Wavelet transform of an enhanced row. In the centersplot

the dotted line marks the cone of influence (COIl); wavelateslbelow this
boundary should not be trusted. The dashed line shows tké fitice. Plot
a: Middle enhanced row of Figure 4. Plot b: Amplitude of therMbwavelet
transform of plot (a). The wavelet is interpolated in perimyda spline from
the period sampling of the transform, and the fringe tramsfca coherent
pattern corresponding to a fringe with a period of 35 pixisiglearly visible.
Plot c: Reconstructed fringe transform using a Gaussiam.fit Figure 6).
Plot d: Fringe pattern after applying an inverse waveletsfarm to plot (c),
plotted over the input data.

200 [ ]
é 150 - N
L . N
<
£ L ]
= L ,
g 100 1 + o ]
s r + . ]
% L F+ P 1
= 50 ff* + —
= ,+iﬁ* 4
Il Il ]
t t
z ]
g 1
> |
k] ]
2 |
i _
: . ]
3 + 1
§ s o+ F +
60 80 100

Period (pixels)

FiGc. 6.— Profile fitting that is repeated for each column. Crossesthe
amplitude of the wavelet points, solid lines are the fittefifgs, and dashed
line is the background. Top: Trueshape profile; dotted aneas the profile
that will be reconstructed after subtracting the indicdteckground. Bottom:
Gaussian fit with background.
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FIG. 7.— Gaussian height parameter smoothing. Top: Gaussikaifjht
parameter for central portion of example image. Middle: aReater after
replacing all values more that1.50 from the local median level (patched
array). Bottom: Patched array after smoothing with a 1®ipboxcar filter.
This procedure is repeated for each of the other Gaussiaaréitgeters.
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FiG. 8.— Top: Reconstructed fringe pattern (c.f. bottom pariétigure
5). Bottom: Middle (512th) row.
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FiG. 9.— Top: Cleaned image. Flat field of Figure 3 minus the fing
pattern of Figure 8. Note that some of the edges remain ueted (see
text). Bottom: Middle (512th) row.
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FIG. 10.— Remaining fringe for varying noise strengths. Onlyf he 14
methods are shown above, for clarity. Omitted methods amgssito plotted
methods and fall within the range of traces shown. The tweapknethods
give the best results. In general, all methods give simdauits for low noise
strength, but smoothed nokeep methods are better for higle strength.
Top: Fraction of fringe remaining. Bottom: Absolute fringemaining when
noise level is scaled to 1.
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FiG. 11.— Remaining fringe for different enhanced-row bin \ug&lt The
panels show same synthetic fringe pattern as in Figure 1re¢ tselected
noise levels. Same line styles as in Figure 10.
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FiG. 12.— Different fitting methods applied to a profile with a quicated
shape. Such shapes are due to noise and are the main linaititag for this
algorithm. This profile comes from the fringe transform fowr798, column
627 of our example array. Crosses show the data points, ttgleolid line
is the interpolated profile. Other lines are explained inkbg Note that
the profiles are only fit within the local minima at both sidéshe reference

period.
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FiG. 13.— Example of missed trace. Top: Wavelet array from ro® @0
Figure 4. Around column 650 the trace goes in the wrong dmectowards
short period, and disappears around column 720. Bottomelarray from
row 799 of Figure 4. Array is similar to top plot but now thedeais correct

through the last column.



