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Application to Real Measurements

The Calibration and Linearity Problem

TES microcalorimeters are not strictly linear detectors: pulse sizes are not propor-
tional to photon energy. Any well-calibrated estimator of energy must be nonlinear
in the data. Can we somehow create a nonlinear estimator that nevertheless has
the statistical advantages found in the linear procedure of optimal filtering?

Pulse-Height Optimal Nonlinear Estimates

We assume that pulses would lie along a 1-dimensional manifold (a curve) in higher-
dimensional space, if not for noise. The curve can be parameterized by any quantity
that signifies pulse size. (ldeally, it will be pulse energy, or something close.)

These steps are relevant to any nonlinear analysis, not only an E-Joule estimation.

We apply this method to data taken with a 3 x 8 array of TESs. The x-ray source
was a fluorescence target illuminated by a broad-band commercial tube source. The
target contains the 3d transition metals Ti, Cr, Mn, Fe, Co, Ni, Cu, and Zn. Their
Ka and K3 emission lines span the range 4.5 keV to 9.6 keV.
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How far off is this energy estimator from the “true answer,” as determined through
the usual painstaking multi-point calibration curve? And for comparison, how ac-
curate would the usual optimal-filtering result be if we permitted it to be calibrated
with only two free parameters?

only to 1%—3% uncertainty, at best. It is better to use data to estimate the weights
a and (3. This requires a one-time use of external energy information, such as the
identification of certain fluorescence lines.
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2. Find 4 approximating splines for CO(rms), C1(rms), C2(rms), and C3(rms).
analysis would require such a curve to do much less work.

3. This gives a model for pulse shape at any possible rms value, from which we
can estimate the Joule-energy integral.

The Joule-energy integral is very nearly proportional to energy.

Above are data calibrated with 2 free parameters per channel. For the optimal-
filtered data (red, orange, yellow), we have anchored the calibration at the Ko
energies of Cr and Zn (5.4 and 8.6 keV). The different colors reflect different choices
of what is assumed to be linear in the measured pulse height: the energy, the gain,
the inverse of the gain, etc. At best (gain linear in pulse height), the 2-point
calibration error is off by 50V for the optimal filtered data over large parts of the
| range of interest. By contrast, the Joule energy estimator is within 5eV over the
0 entire range of 4 to 9keV, an order of magnitude improvement.

Future improvements and plans

We have developed an approach to the optimal nonlinear analysis of TES mi-
crocalorimeter pulses and applied it to the problem of making low-noise estimates

| | , | | | | | of the Joule-energy deficit in a pulse. The steps include:
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Pulse RMS value, a sensible, low-noise indicator of pulse size

The Joule energy accounts for approximately 75% to 90% of the total deposited
photon energy, depending on the exact TES design and bias voltage (the balance

being dissipated by thermal conduction down the TES “legs”). Model Component 1

Model Component O

Naive Integrals of Noisy Signal are Noisy

We should not estimate this time-integral Ejyje directly on noisy pulse records; this
would abandon all the advantages that optimal filtering techniques achieve by use
of an appropriate noise-weighting of the data.

Model Component 2 Model Component 3

Imagine a simplified problem, to see why. Suppose we have measured the quantities
A and B with noise levels n and N, respectively:

Contribution of each component

= A is like the optimal filtering result: very low noise, but not linear in energy E.

= B is a linearizing correction, but a noisy one. It is chosen such that...

= (A+ B) is an unbiased estimator of E, but also noisy because of the noise in B. . Choose an appropriate low-dimensional basis in which to approximate pulse

records.
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Further Information

In http://arxiv.org/abs/1611.07856, we begin to address nonlinear pulse analysis.

We expect that with further refinements, this nonlinear but statistically optimal
approach can be very valuable in nearly any x-ray spectrometer measurement, par-
ticularly one in which calibration anchor points are few in number or low in intensity.
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