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ABSTRACT

Hyperspectral algorithms often train and test on simulated data, es-
pecially in cases where ground truth cannot be measured, such as
for space objects. The noise in the data must behave like real sen-
sor noise, growing with signal and represent fixed patterns, such as
striping, rather than only one signal-to-noise ratio for each band. We
present a sensor-agnostic noise model that derives noise from instru-
ment parameters, considering each simulated pixel, split into fixed
pattern and random parts. We test the model by adding noise to real
HyperScout-2 and EnMAP images, then compare it with measured
noise from EnMAP’s less-processed Level-1B product. With only
12 parameters, the simulated noise matches measured to around 6%
on test data and 8% on unseen data, against 11-32% for a single fixed
noise level per band. Our testing also shows that smile and quantisa-
tion change between random and fixed pattern, and dual-gain readout
must be modeled.

Index Terms— Hyperspectral simulation, measurement un-
certainty, sensor-agnostic modelling, noise estimation, EnMAP,
HyperScout-2

1. INTRODUCTION

Simulated hyperspectral observations are used as measurements
when large data volume is required or wherever ground truth cannot
be established. Characterising resident space objects is an extreme
case: the materials and attitude state of debris are unknown, so
methods that identify characteristics from reflected light, spectral
matching, colour indices or machine learning [1, 2, 3], have very lit-
tle labelled flight data and commonly rely on laboratory spectra and
simulated observations [1, 2]. For such work the simulated noise
must behave like real sensor noise, realistic uncertainty-labelled
errors make the training data, and therefore results obtained from
them, more robust. Through this we are able to narrow the gulf
between simulation and the real world that methods developed on
simulated data must eventually cross.

Earth observation simulators often model sensor chains in de-
tail, most of them for only one mission, such as end-to-end simu-
lators like EeteS for ENMAP [4] and the CHIME observation per-
formance simualtor, which covers its instrument and Level-0/1 pro-
cessing [5]; generic instrument simulators also exist [6]. Earth ob-
servation metrology on the other hand, attaches uncertainty to each
measurement, tracking how the errors correlate. This is seen in in-
dependent, structured and common effects in FIDUCEO [7], error-
correlation information in CoMet toolkit [8], and also per-pixel un-
certainty built from identified contributors in Sentinel-2’s radiomet-
ric uncertainty tool [9]. The per-term model presented here com-
bines both methods and is designed as sensor-agnostic. From a brief
list of sensor parameters we compute, for each pixel and each obser-
vation band, the standard deviations for each noise source, we label

them as random (changing from frame to frame, i.e. shot noise) or
fixed-pattern (repeating in every frame, such as pixel-to-pixel gain
differences).

A budget (cumulative noise) like this is only useful if it is real-
istic. To our knowledge, no simulator’s uncertainty budget has been
tested term by term against flight data, this is the primary goal of this
paper. Its contributions are (i) a closure test which works by injecting
(adding noise) every term physically into Level-1C (L1C) real prod-
ucts of two imagers of differing designs, before verifying the analytic
budget, class by class, against the realised errors; (ii) a test against
measured noise requiring no existing raw data: for EnMAP, the re-
sult is compared with the less-processed data of the Level-1B (L1B)
product for the same looks. This allows for noise kept by resam-
pling, on data not utilised in fitting the model, which is then checked
against a signal-independent baseline; and (iii) the corrections these
tests highlight for sensor-agnostic budgets: two terms whose classi-
fication depends on scan architecture or signal level, and additionally
a readout-mode descriptor which the model initially lacked.

2. SENSOR-AGNOSTIC UNCERTAINTY MODEL

Nothing in the uncertainty model is specific to a single instrument,
a sensor generates error data only through descriptors of its optics,
detector, readout and scan, taken from specifications or fitted to
data. For each pixel and band, we convert the radiance into photo-
electrons, calculate the standard deviation of each noise source from
the instrument parameters, and add the random terms in quadrature
into o7 and the fixed-pattern terms into os. The total uncertainty
is o0 = (02 + 0%)'/2, expressed in radiance units. A radiance
L in band b produces N. = R, L electrons, with the responsivity
Ry = 7757 Apix t QE(As) ANy % set by the optics transmission
7, f-number F, pixel area Apix, integration time ¢, quantum effi-
ciency and band width A),. The detector terms follow the work of
Konnik and Welsh [10]:

0% = Ne + Naark + Oreaa + 0ierc + g7 /12, (1
0% = (pNe)? + (dNaark)? + 025, )

in electrons, with Nqark the dark-signal electrons: photon and dark
shot noise, read noise, reset noise (taken as zero under correlated
double sampling, which causes it to be removed in CCDs but not al-
ways in CMOS sensors [10]; any residual is a component of the re-
maining effective read noise) and quantisation with gain g (¢~ /DN)
are temporal terms; photo-response non-uniformity (PRNU) p, dark-
signal non-uniformity (DSNU) d and offset fixed-pattern noise are
systematic. Aberration and atmospheric terms are tagged in the same
way (Table 1). Spectral smile as ¢ = |OL/OA|sdA, with s the
smile in units of channel spacing d A, here it is tagged temporal, and
for a target that moves across the field between frames; keystone as



Table 1. Terms of the uncertainty budget: the class given (T tem-
poral, S systematic), how the verification method injects it, and the
class of the realised error (Section 4). Bold: the tag is wrong, “when
other temporal noise is below one ADC step, ®in both push-broom
and push-frame imagers.

Term Injected as Tagged Realised
Photon, dark shot Poisson draw T T
Read noise Gaussian draw T T
Quantisation ADC rounding T T or §¢
PRNU, DSNU, offset pattern per column S S
Smile X shift oc u? T K
Keystone spatial shift oc u S S
Scintillation log-normal draw T T
Extinction error one draw per scene S S
[ L1C cube ry [ inject every term as a ]

— radiance — electrons (Rp) physical draw (Table 1)

and mean dark: realisations ry, r»

(a) Closure, P\I/ygerSCoth (b) Against ERMAP L1B
—r)/\/2 vs
(r1=r2) vsor inject only \/ 1 —f2 of the noise

mati rt of . .
systematic part o same noise statistics on r; and L1B

(r1 +r2)/2=ro vs os fit: half 1; test: half 2, blind look
one term or all terms

ADC, calibrate back with nominal gain ]

Fig. 1. Verification method. The analytic budget is tested against the
realised errors (a), for ENMAP the synthetic noise against the noise
measured on Level-1B (b).

o = Lk fg4, with k being the keystone in pixels and fg as the frac-
tional scene gradient, and is tagged as systematic. For through at-
mosphere observations, scintillation is temporal and the knowledge
errors contributed by Rayleigh, aerosol and ozone extinction are sys-
tematic terms. For the Earth views tested here they are evaluated as
being the two-way airmass of the solar and viewing zenith angles.
Where a given instrument’s values are unknown, the budget uses the
following defaults: s = k = 0.15, fy = 0.1 and, when used for a
ground observer, a scintillation of 0.01 mag. Every simulated sam-
ple (a spectral response wavelength, or a pixel and band of a cube)
is delivered with o7, 05 and o¢c = (62 + 0%)"/2.

The verification work created two additions for the model. For
imagers with a fixed detector (push-broom or push-frame), smile and
keystone are applied deterministically as a wavelength shift oc u>
and a band-dependent cross-track shift oc u(\, — A) in the field
coordinate v (£1 at field edges), scaled to the same full-field RMS
as the variance terms. Additionally, prompted by the sensor gain
characteristics of the EnAMAP sensor, a readout-mode descriptor is
added, detectors that switch between high- or low-gain readout have
a Oread and g that depend on whether the value of N, is below a
switch level.

3. VERIFICATION METHOD

3.1. Physical injection into Level-1C data

Fig. 1 outlines our method. Each L1C cube is converted into ra-
diance and then into electrons with ;. Each term is then drawn
as a physical realisation (Table 1): Poisson shot noise, Gaussian
read noise, a log-normal scintillation factor, rounding and clipping
in the analogue-to-digital converter (ADC), fixed patterns per de-
tector column (along-track stripes on the ground), the determinis-
tic aberrations, and one extinction error per scene. The result is
calibrated back along with the nominal gain and mean dark only.
Two realisations share fixed patterns but not the temporal draws, so
(r1 — re)//2 is a purely temporal product and (ry + 72)/2 — 70 is
systematic plus half the temporal variance, which is subtracted. Both
are compared with o and os evaluated via the clean signal ro, as
z-scores and coverage.

3.2. Comparison with a less-processed product

The EnMAP data we have used distributes each look as L1B (cal-
ibrated radiance in sensor geometry) and L1C (L1B orthorectified;
and ours includes bilinear resampling). Both levels already contain
EnMAP’s real smile and keystone, so these are not injected. Resam-
pling keeps some of the noise: L1C retains 72-73% of the L1B noise
in the scenes we used, which is close to the 2/3 expected for white
noise, so only y/1 — (2/3)? of our modelled noise is injected. The
generated synthetic cube and L1B data are then measured with iden-
tical statistics. Noise is estimated by spectral-spatial decorrelation
[11, 12], regressing each band against its two neighbouring bands
and on the pixel to its left (first and last bands are not estimated).
We use 16x 16-pixel blocks and then take the 25th percentile of the
block residual scatter as signal bins, which gives signal-dependent
noise curves [13, 14, 15]. Additionally we measure the adjacent-
band correlation of the residuals as well as the along-track stripe
amplitude.

L1B is not raw. Its processor already applies non-linearity, dark
and gain-matching corrections, flat-field, straylight correction (this
mixes neighbouring pixels and bands), defective-pixel interpolation
and image-based destriping [16]. However it appears that its op-
tional smile correction was not applied to our products. The com-
parison hereafter therefore tests the temporal noise model. PRNU
and stripes are residuals left after the processing. The correlation
between adjacent bands, which the straylight correction most likely
introduces, is added phenomenologically by use of a three-tap spec-
tral kernel.

The parameters of the model (read-noise configuration, residual
PRNU per look, adjacent-band correlation and responsivity) are fit
against the noise curves of the first along-track half of each look and
then validated on the second half. A blind test fits against two looks
and validates on the completely held half of the third.

3.3. Data

The two imagers differ in spectral separation, scan architecture and
optics. HyperScout-2 on ®-Sat-1 [17], is a push-frame imager us-
ing a linear variable filter: 15 L1C scenes (50 bands, 450-940 nm,
75m) of varied land cover; its detector and optics parameters come
from available public specifications, and its raw data are not pub-
lic. EnMAP [18], is a prism push-broom spectrometer whose vis-
ible and near-infrared (VNIR) detector has a dual-gain readout: 91
bands (418-993 nm) across our three looks with L1B and L1C, Tyrol



(Alps, 2022-06-12, datatake 1049, tile 28), Nevada (desert, 2023-
07-07, datatake 25905, tile 1) and Groningen (farmland with 46%
water, 2022-08-10, datatake 2446, tile 2), all from processor version
01.05.06; we do not test the short-wave infrared detector.

4. RESULTS

4.1. Closure and tagging

Injected one by one into HyperScout-2 scene 02D1, the six terms
used reproduce their analytic ¢ to within 1.5% (photon shot, read
noise, PRNU and scintillation 1.000, offset pattern 1.015, quantisa-
tion 0.987). Quantisation matches in magnitude but not in class, with
no other noise, both realisations round identically, so the error has
no temporal part at all (Section 4.3). Stripe amplitudes match their
prediction to 1.01-1.13 and the atmospheric terms draw to within
0.97-1.03 in all of the 15 scenes. With every term on, the budget
slightly over-predicts, the combined z-scores have a standard devia-
tion of 0.75-0.86 and 76-82% of errors fall within 1o, against 68%
for a Gaussian.

The aberration terms are responsible for this(Fig. 2). With smile
and keystone switched off, the other terms together close in scene
02D1 (z-score standard deviation 1.00, 68.2% within 1o). This is
due to smile being tagged temporal, when in a push-frame or push-
broom imager it is instead fixed per detector column, causing it to
repeat in every frame. With the existing budgets tags the temporal
closure drops to 0.87-0.94 (and to 0.54 at 450 nm in 02D 1) wherever
the spectrum is very steep. Moving smile across to the systematic
budget brings it to 1.000 in every scene. The over-prediction itself
appears due to the variance forms. With the field dependence as-
sumed (smile < u? and zero at field centre, keystone o< ) and the
120-km tiles focused on the detector, covering the central 40%. The
deterministic errors are 15-19% (smile) and 9-48% (keystone) of
the budget’s o; the measured fractional scene gradient, 0.014-0.091,
is also underneath the default of 0.1. These ratios are however, con-
ditional, at the field edge the smile ratio would reach 1.1 and ratio of
keystone would grow by 2.7-fold. For a smile defined relative to the
field-mean wavelength, like the measured smile in EnNMAP’s data, a
centred tile sees 0.4—0.95 of the budget’s o. The default smile itself
(0.15 channel spacings) is instead a specification-level value (En-
MAP specifies < 0.2 pixel [19]), 7-11 times EnMAP’s measured
VNIR smile. A single o per term cannot describe an error that de-
pends on field position, shape and instrument; it has to instead be
computed at each field position.

4.2, Validation against EnMAP L1B

Table 2 and Fig. 3 compare three noise models on data not used in
fitting. All inject noise into L1C in the same way and differ only in
the noise model:

* Per-term model, 96 parameters: the budget of Section 2 with
dual-gain readout, a free responsivity scale per band (the per-
band freedom of a given empirical noise fit), residual PRNU
per look and one adjacent-band correlation;

* Per-term model, 12 parameters: the same as the 96 parame-
ter model, with the logarithm of the responsivity scale con-
strained to a degree-4 polynomial in wavelength;

* SNR knob, 89 parameters: one signal-independent o per
band, as a signal-to-noise ratio (SNR) specified at only one
reference signal would give, fitted the same way.
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Fig. 2. HyperScout-2 scene 02D1. (a) Standard deviation of tem-
poral z-score per band: with the budget’s tags (smile temporal) and
with smile tagged as systematic. (b) RMS of the deterministic smile
and keystone errors relative to the variance terms of the budgets,
against across-track field position.

With just 12 parameters, our per-term model reproduces the
noise in L1B on the held-out data to around 6% RMS, across all
bands/ signal levels, and to 8% on a look it wasn’t fitted against.
Replacing 89 free responsivity scales by a smooth curve causes little
change, so the result is not due to per-band freedom. The SNR knob
is fitted to each band’s noise level, but cannot follow the dependence
on signal (slope —0.19 to —0.38). It over-predicts dark pixels by
up to 49% and under-predicts bright ones by about 18%, its error
reaches as high as 32% on the blind look. This is also true for the
part of the noise that L1C processing removed and the model must
supply, the injected excess variance is 1.03-1.08 of the removed
variance for our 12-parameter uncertainty model and 0.60-1.50 for
the SNR knob. Adjacent-band correlation does not separate the
results, due to the synthetic cubes largely inheriting it from the L1C
input, and neither does along-track stripes, their synthetic amplitude
is 0.91-1.15 of L1B’s for all three models. Inputting the measured
LIC retention of 0.72 instead of 2/3 changes the error by at most
0.3 on the held-out halves and 0.7 when applied to the blind look.

With publicly available EnMAP parameters and the budget’s de-
faults the synthetic noise was 1.9 times that of L1B (Tyrol. A single
read noise struggled to fit bright scenes, as the noise barely changes
with signal, together with the shot-limited Alps scene. However,
adding dual-gain readout reduced the residual by 14%. Refitting on
a finer grid (steps of 10e™ in high gain and 25e™ in low gain), with
a block bootstrap over bands, the three-look fit with free respon-
sivities puts the switch point at 10° e~, the high-gain read noise at
50e™ (68% interval 40-70 e ) and the low-gain read noise at 325e™
(300-350¢7). The specified system read noise, including correlated
double sampling, is 70 and 200e™ [20]; ours are effective values
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Fig. 3. EnMAP, held-out halves. Top: noise against signal in the band nearest 647 nm, measured on L1B, on the L1C input, and on the
synthetic cubes of the three noise models (parameter counts in brackets). Bottom: synthetic/L1B noise against signal relative to each band’s

median signal, as the median over all bands.

Table 2. EnMAP validation. Fit: mean squared log residual on the
first halves. Error: 100X RMS of In(0synthetic/oL18) over all bands
and signal bins on the held halves (Tyrol / Nevada / Groningen) and
on Groningen’s second half when Groningen is left out of the fit
(blind). Slope: median over bands of d In(osynthetic/or1B)/dIn L
on the held halves. Errors and slopes are means over three temporal
random seeds; the seed-to-seed standard deviation of the error is at
most 0.12.

Model (param.) Fit  Error, held out Blind Slope
Per-term (96) 0.023 6.9/6.4/5.8 7.1 +0.02to +0.05
Per-term (12) 0.029 6.4/55/6.5 7.7 +40.01 to 4-0.04

SNR knob (89) 0.155 14.7/10.7/23.6 32.1 —0.38to —0.19

after gain matching and the straylight correction. Without Gronin-
gen’s dark water the high-gain value barely gets constrained, being
over 0-140e™ the two-look cost varies by less than 4%. The same
terms thus serve both imagers, aside from the dual-gain readout and
the adjacent-band correlation that EnMAP’s processing most likely
adds, only specific values differ.

4.3. Tagging depends on the regime

Quantisation is tagged temporal (g/ v/12), which assumes our other
temporal noise dithers the signal across the ADC steps. This is not
always true. Fitted to Groningen alone, the model settles on zero
read noise and a single-gain readout with a step of 122-e~. Over
water at bands 900-1000 nm the shot noise becomes 0.09-0.29 of

a step, and the rounding error repeats itself. The systematic error
then exceeds its predicted value by over 4-fold at 0.29 of a step and
by 20-fold at 0.09 (the predictions there are only about 4 and 1e™;
where the ratios do not change on different random seeds), while the
ratio stays between 0.9 and 1.2 in every band until 890 nm. This is
because of the model rather than EnMAP, whose read noise dithers
its quantisation, but it applies to any low-noise detector with coarse
quantisation viewing dark targets. Like with smile, quantisation has
to be tagged by regime and not just term.

4.4. Scope and limitations

Two imagers with silicon detectors do not establish complete sensor
independence: whisk-broom and snapshot architectures, as well as
infrared detectors remain untested. The EnMAP comparison tests
the temporal noise of the VNIR detector. Where L1B has already
been flat-fielded and destriped, so the systematic terms are checked
only by the closure test, the fitted read noise, PRNU and adjacent-
band correlation are effective values of the processed product. Of
the three looks, only Groningen’s dark water constrained the high-
gain read noise. The HyperScout-2 closure depends upon publicly
available detector and optics parameters, and the size of its aberra-
tion ratios on the unknown tile position. Space-object observation
adds regimes not tested here, unresolved targets viewed through tur-
bulent atmosphere and above all, it shares the low-signal regime of
Section 4.3.



5. CONCLUSION

We tested a sensor-agnostic, hyperspectral uncertainty model against
flight data from two hyperspectral imagers of differing designs. Each
noise source tested alone reproduces its predicted analytic size. On
EnMAP the model reproduces the signal-dependent Level-1B noise
to around 6% RMS on test data, and 8% on unseen scenes with 12
parameters, where a model with one fixed noise level per-band errs
by as much as 32%. The per-term errors thus narrow the gap between
simulated and real noise by two- to four-fold in this case. Which
should make algorithms trained on simualted data more robust. The
tests also located three corrections: smile is fixed-pattern when used
on a push-frame or push-broom imager, ADC quantisation becomes
systematic when all other temporal noise is under a single step, and
dual-gain readout must be modelled. For our sensor-agnostic bud-
get, the tags must therefore be derived directly from the instrument’s
details and the regime of the signal rather than fixed per term; faint
space objects seen by a low-noise detector exist in the regime where
quantisation changes class. The test against Level-1B needs no raw
data and can be applied to any available mission data that distributes
both a sensor-geometry and an orthorectified product. Next we will
test the model on raw data, such as on HYPSO-1’s or Level-1A, and
recover injected smile and keystone by using a scene-based estima-
tor, where the image-based counterpart of laboratory characterisa-
tion [21] is scored with co-registration metrics [22, 23].
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