SCIENCE & ENGINEERING RESEAR CH COUNCIL PHOT FSAN/13.0

R UTHERF ORD APPLETON LABORA TOR Y

ISOPHOT Pro ject

ISOPHOT First Science Analysis Note 13.0

S.Guest

13th July 1993

Deglitc hing of ISOPHOT Data

1 In tro duction

ISOPHOT data con tains a n um b er of ramps whic h can b e considered ‘bad’, whether due to

particle hits or other anomalies. In this do cumen t I refer to all these ramps as glitches ; note in

particular that I mak e no distinction b et w een glitches and spikes . The purp ose of deglitc hing

is to flag these ramps so they are not used in subsequen t pro cessing of the data. No attempt is

made to deglitc h individual readouts from ramps; only affected ramps from c hopp er plateaux.

The algorithm used b y DERIVE SPD prior to release 1.3 w as simply to exclude ramps with error

more than nσ from the mean error for the plateau, p ossibly adequate for c hopp ed observ ations,

but clearly not so for a staring observ ation, when the signal can drift significan tly with time.

F urthermore, n w as set to b e 4.0, far to o high since if the errors are Normally distributed with

( μ, σ ) then

P ( | e − μ | > 4 σ ) = 6 . 34 × 10

− 5

P ( | e − μ | > 3 σ ) = 0 . 0027

P ( | e − μ | > 2 σ ) = 0 . 0455

and of course in the case of a glitc h the threshold is distorted since

Σ e

N

> σ . Neither is it

satisfactory to rely on the rms error to detect a disturb ed ramp, as there are cases, p erhaps

if a hit o ccurs b efore the first readout, or at the b eginning of a ramp with a large n um b er of

readouts, where the error is not significan tly greater than the a v erage.

A satisfactory algorithm should satisfy the follo wing conditions:

• Remo v es ‘bad’ ramps.

• Do esn’t remo v e ‘go o d’ ramps.

• Do esn’t refine the data to the exten t that b y remo ving random error effects, the error of the

distribution is underestimated (furthermore, remo ving ramps increases the signal-to-noise

ratio).

• W orks on a wide range of ‘differen tly-shap ed’ datasets.

• Is sufficien tly robust to b e used with confidence in automated pip eline pro cessing.

• Be tunable if necessary .

• Executes in a ‘reasonable’ amoun t of time.

The graphs in this do cumen t con tain the follo wing sym b ols:

+ Accepted ramp

∘ Deglitc hed ramp

□ Saturated ramp

Where a curv e has b een fitted it is sup erimp osed on the plot. In all cases the X-axis represen ts

time (seconds) and the Y-axis ramp slop e (V/s).

2 Three Algorithms

The dev elopmen t of these algorithms w as motiv ated b y the problems presen ted b y drifts in star-

ing mo de observ ations; the situation in c hopp ed mo des is m uc h simpler and is considered later.

A n um b er of differen t algorithms w ere exp erimen ted with, using four particularly troublesome

staring observ ations with the P1 detector as test datasets. In all cases the first ramp is discarded

to start with as it is almost alw a ys disturb ed. Three algorithms pro v ed reasonably successful

on these datasets:

• P olynomial fitting

• Cubic spline fitting

• ‘Rolling filter’ or ‘Lo cal distribution’ tec hnique

2.1 P olynomial fitting

This tec hnique in v olv es the follo wing stages:

• Fit a p olynomial f of degree d to the (w eigh ted) data. This is done with the NA G routines

E02ADF and E02AEF (see [ 3 ]).

• Calculate an (un w eigh ted) rms error from the fitted curv e, ie

σ =

√

∑

N

i =1

( y

i

− f ( x

i

))

2

N − 1

• Flag p oin ts y

i suc h that | y

i

− f ( x

i

) | > nσ .

The plots using this tec hnique (figures 1, 2, 3, 4) also sho w a p olynomial of the same degree

fitted to the de glitche d data. In theory the pro cess could b e iterated using this new fitted curv e.

F or an automatic pro cessing system it is necessary to iden tify v alues for d and n that w ork

reasonably w ell for most if not all datasets. By insp ection it is clear that d m ust b e o dd. If

d is to o small the fit is to o crude; if d is to o large the fit dev elops significan t oscillations as t

increases. Neither are d and n indep enden t. Exp erimen t has sho wn the most effectiv e v alues to

b e d = 13, n = 2. The plots w ere pro duced using these v alues.

Figure 1: P olynomial fitting, dataset 1

Figure 2: P olynomial fitting, dataset 2

Figure 3: P olynomial fitting, dataset 3

Figure 4: P olynomial fitting, dataset 4

2.2 Cubic Spline fitting

This metho d is iden tical to p olynomial fitting, except that it uses cubic spline curv es calculated

using the NA G routines E02BEF and E02BBF (again, see [ 3 ]). Instead of degree d , the con-

trolling parameter is a ‘smo othness factor’ s . Exp erimen t sho ws s = 1000 to b e effectiv e. If the

pro cess w as iterated it w ould b e necessary to decrease s to allo w a closer fit. Ho w ev er, fitting

to o close will result in nothing b eing rejected; s = 0 ev en results in an in terp olating spline!

The plots in figures 5, 6, 7 and 8 sho w a curv e fitted to the de glitche d data with s = 500 (the

rejection criteria w ere s = 1000 , n = 2).

Figure 5: Spline fitting, dataset 1

2.3 Rolling filter

This is a ‘lo cal distribution’ tec hnique used to filter ‘bad’ ramps from the data. T o understand

the main principle, imagine a b o x sliding along the X (time) axis, calculating lo cal distributions

as it go es. The underlying assumption is that distributions are roughly Normal on a sufficien tly

lo cal scale. The algorithm is as follo ws:

Figure 6: Spline fitting, dataset 2

Figure 7: Spline fitting, dataset 3

Figure 8: Spline fitting, dataset 4

iterate i times (giv e up if nothing rejected)

use only p oin ts still regarded as ‘go o d’

lo op un til end-data reac hed

calculate lo cal median & rms error of nl oc p oin ts

iden tify p oin ts > nσ from median ( † )

select next lo cal dataset, mo ving nstep p oin ts

end lo op

flag p oin ts with > nusebad failures at test ( † )

(where nusebad = 1 N ≤ nl oc

nusebad = nbad N > nl oc

end iterate

The median is used instead of the mean b ecause of its m uc h lo w er sensitivit y to extremely bad

p oin ts. It can b e seen that this algorithm has the follo wing con trol parameters:

nl oc The n um b er of p oin ts used to calculate a lo cal distribution.

nstep The n um b er of p oin ts to mo v e the ‘b o x’ for the lo cal distribution eac h time.

n Rejection factor: n um b er of standard deviations from lo cal median.

nbad Num b er of times p oin t has to b e flagged as ‘bad’ b efore it is rejected.

i Num b er of iterations of the algorithm.

Exp erimen t has sho wn the v alues nl oc = 20 , nstep = 1 , n = 3 , nbad = 2 , i = 2 to b e effectiv e;

these w ere used the generate the plots in figures 9, 10, 11, 12.

Figure 9: Rolling filter, dataset 1

Figure 10: Rolling filter, dataset 2

Figure 11: Rolling filter, dataset 3

Figure 12: Rolling filter, dataset 4

3 Ev aluation

So, ha ving three reasonably effectiv e algorithms, whic h one should b e implemen ted in DE-

RIVE SPD? The decision is based on the follo wing factors:

• Ho w effectiv e is the algorithm as a deglitc her? In other w ords, ho w w ell do es it p erform

its primary purp ose? Clearly , this is the most imp ortan t factor.

• Ho w fast do es it execute? I really don’t w an t to o v erstress the imp ortance of this, but an

unacceptable o v erhead ma y , sa y , add 50% to the execution sp eed of DERIVE SPD.

• Ho w w ell do es it handle c hopp ed mo des? If a differen t algorithm is required it will add to

the complexit y of the co de.

I will consider eac h of these p oin ts in turn, and then calculate some b enc hmark figure for eac h

algorithm.

3.1 Deglitc hing

T o consider eac h metho d in turn . . .

3.1.1 P olynomial fit

This generally pro duces a go o d fit to the ‘ho ok’ effect that can b e seen in figures 2, 3 and 4,

but has more difficult y in figure 1, where the necessit y of mo delling the v ery flat section causes

problems at either end. Ob viously there is a limit to ho w man y maxima and minima a 13 th

degree p olynomial can ha v e, making it insensitiv e to the kind of p eaks seen in figures 3 and 4.

3.1.2 Spline fit

The closeness of a spline fit seems to dep end on ho w go o d a simple appro ximation it can manage

(compare figures 5 and 8 with 6 and 7). In the case of a go o d simple fit it can b e insensitiv e to

p eaks (figure 7), and in a tigh ter fit o v er-sensitiv e to outlying p oin ts (figure 5). An adv an tage

of a spline fit is that it can in theory mo del an y shap e of curv e whatso ev er.

3.1.3 Rolling filter

This metho d deals b etter with p eaks (figure 11), but still not p erfectly (figure 12). It is the only

metho d to remo v e p oin ts from under the curv e in dataset 1 (figure 9), but it seems to b e a little

o v er-zealous in some of the p oin ts remo v ed, though this ma y b e an illusion — what it do es sho w

is that this algorithm is more sensitiv e to lo cal anomalies than the others. Con v ersely , it will b e

less lik ely to reject p oin ts from a badly b eha v ed lo cal area (see figure 12).

3.2 Execution sp eed

The follo wing statistics w ere acquired using the VMS system routines LIB$INIT TIMER and

LIB$SHO W TIMER:

P olynomial fit

Spline fit Rolling filter

CPU BIO PFs CPU BIO PFs CPU BIO PFs

Dataset 1

0.61 20 104 19.51 7 144 0.70 0 37

Dataset 2

0.59 20 106 0.46 7 101 0.71 0 37

Dataset 3

0.25 20 76 0.88 7 79 0.31 0 27

Dataset 4

0.58 20 104 5.83 7 119 0.68 0 36

‘CPU’ is used CPU time (seconds), ‘BIO’ is buffered I/O coun t and ‘PFs’ is page faults. It can b e

seen that spline fitting can ha v e a relativ ely large CPU o v erhead in the more extreme datasets,

presumably b ecause more knots are required (see [ 3 ] for more details). Sp eeds otherwise are

p erfectly acceptable.

3.3 Chopp ed mo de considerations

A ttempting to fit p olynomial or spline curv es to plateaux in c hopp ed mo de is surely w asted

effort. While it is a simple matter to reject p oin ts more than nσ from a median v alue, it adds

complexit y , and should n b e the same v alue as in staring mo de? — not necessarily . Here the

rolling filter metho d has the adv an tage as it w orks p erfectly w ell on individual c hopp er plateaux

(in most cases N ≤ nl oc and the calculation is simple). Figure 13 sho ws a plot of rectangular

c hopp ed mo de (note that the X-axis here is in clo c k tic ks).

Figure 13: Rolling filter, rectangular c hopp ed mo de

3.4 Benc hmark

Belo w I giv e a score out of 10 for eac h algorithm for execution sp eed, c hopp ed mo de pro cessing,

and deglitc hing on eac h dataset (p ossibly b eing rather o v ercritical on the latter scores). These

v alues are then com bined with equal w eigh ts to giv e an a v erage score.

P olynomial fit Spline fit Rolling filter

Dataset 1

6 5 7

Dataset 2

8 8 8

Dataset 3

5 6 7

Dataset 4

6 5 5

Execution

7 2 7

Chopp ed

4 4 10

Av erage

6.00 5.00 7.33

4 Conclusions

Essen tially these conclusions are the result of a large amoun t of trial and error, w orking with

existing datasets.

• A n um b er of algorithms are p ossible that can pro vide reasonably satisfactory deglitc hing.

• I think it is safe to sa y that no algorithm can b e exp ected to p erform p erfectly on all

p ossible data without h uman insp ection and tuning.

• The most suitable algorithm for use in DERIVE SPD is the rolling filter, whic h has a

further adv an tage of not requiring NA G. This has no w b een implemen ted (see [ 2 ]).

1

1

The con trol parameters ma y b e c hanged via the CAL-G file PCONTR OL, and ha v e FITS k eyw ords NLOCAL,

NSTEP , NSIGMA, NBAD and NITERA TE.

References

[1] Baseline Requiremen ts Do cumen t for Off-line Scien tific Data Pro cessing, ISO-SSD-9010,

issue 1.0.

[2] PHT DERIVE SPD Detailed Design Do cumen t V ersion 1.3, P . J. Ric hards, S. Guest, and

S. R. Williams, RAL, 2 nd

July 1993.

[3] NA G F OR TRAN Library Man ual, Mark 14, Numerical Algorithms Group 1990.

[4] Errors of Observ ation and their T reatmen t, J. T opping, Un win 1955.