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ABSTRACT

Using Gaussian process regression to analyze the Martian surface methane Tunable Laser Spectrometer (TLS) data reported by Webster et al. (2018), we find that the
TLS data, taken as a whole, do not indicate seasonal variability. Enrichment protocol CH4 data are consistent with either stochastic variation or a spread of periods

without seasonal preference.

1. Introduction

For the past ~15years, purported measurements of methane on
Mars have elicited excitement (Formisano et al., 2004; Krasnopolsky
et al.,, 2004; Mumma et al., 2009), puzzlement (Leféevre and Forget,
2009; Lefevre, 2019) and skepticism (Zahnle et al., 2011). Using me-
thane's 3.3 um absorption band, reports during the years 2004-2019
using remote spectroscopy ranged from non-detections, to purported
detections at mean levels ~10-15 ppbv, to claimed enhancements of up
to 50 ppbv locally on Mars. The remote techniques have included
spectroscopy from ground-based telescopes (Krasnopolsky et al., 2004;
Krasnopolsky and Krasnopolsky, 2012; Mumma et al., 2009; Villanueva
et al., 2013) and orbital spectroscopy by the Planetary Fourier Spec-
trometer (PFS) on the Mars Express orbiter (Formisano et al., 2004;
Geminale et al., 2011; Giuranna et al., 2019). In addition, a weak signal
from the 7.7 ym band in data from the Thermal Emission Spectrometer
(TES) on the Mars Global Surveyor orbiter purportedly showed sea-
sonally variable methane at levels of 0-30 ppbv (Fonti and Marzo,
2010). However, the data were revisited and the result was shown to be
consistent with a non-detection (Fonti et al., 2015).

Aforementioned reports of remote methane detection and its pur-
ported variability have caused controversy (Zahnle et al., 2011). Claims
of variability are confronted by the lifetime of methane on Mars of
~300 years, which is based on firmly established chemical kinetic data
(Summers et al., 2002). The gas phase photochemistry of methane is
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well characterized both in the laboratory and in nature because of
methane's importance to the chemistry and climate of the terrestrial
atmosphere (e.g., Burkholder et al., 2015; Prather et al., 2012). Thus,
claims of “methane plumes” that rapidly vanish and methane varia-
bility are extraordinary and require extraordinary evidence to be ac-
cepted (Lefevre, 2019; Lefevre and Forget, 2009; Zahnle et al., 2011).

Questions have been raised about the purported detections from
TES and PFS because of limited instrumental sensitivity and/or mea-
surement protocols, and the high-resolution remote detection of
Mumma et al. (2009) has been attributed to over-nulled *3CH, terres-
trial emission when purported martian methane lines would have been
Doppler blue-shifted onto ~20 times bigger '*CH, terrestrial lines
(Zahnle et al., 2011). Zahnle et al. claim that when the opposite Doppler
shift occurred, putting putative Mars methane lines in a relatively un-
contaminated part of the terrestrial spectrum, non-overlapping terres-
trial '*CH, was modeled correctly (by construction) and nulled out. But
see Villanueva et al. (2013) for an alternative view.

More recently, high-resolution and high signal-to-noise spectral data
from the Trace Gas Orbiter (TGO) do not show any methane to a de-
tection limit of 0.05ppbv (Korablev et al., 2019). With over 100
soundings around the globe, these data are much more numerous than
Curiosity Rover data (discussed below). Instruments on TGO - the
NOMAD (Nadir and Occultation for MArs Discovery) and ACS (Atmo-
spheric Chemistry Suite) — were specifically designed to look for trace
levels of methane on Mars.
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Before TGO, it was hoped that in situ measurements by the Curiosity
Rover TLS (part of the Sample Analysis at Mars (SAM) instrument
package), would help resolve debates about martian methane (Webster
and Mabhaffy, 2011). Instead TLS measurements continue to generate
debate, especially when juxtaposed with the recent TGO non-detection.
The TLS instrument has terrestrial methane in its foreoptics chamber,
which must be exactly subtracted out in data reduction to derive ac-
curate methane estimates (Webster et al., 2013). Specifically, following
pump-outs of the foreoptics chamber on sols 400 and 1000, the me-
thane content in the foreoptics chamber increases, which (Webster
et al., 2018, hereafter W18) explain by “small amounts of methane
released from epoxy and cabling within the chamber” (W18, Supple-
mental Material). Background terrestrial methane affects signal-to-
noise (Zahnle and Catling, 2019). Importantly, unlike TLS or ground-
based telescopic measurements, the sunlight spectra of TGO instru-
ments during solar occultations by the martian atmosphere are not
looking through any terrestrial methane, and so provide sensitive, un-
contaminated data (Korablev et al., 2018, 2019).

TLS methane estimates are derived from two measurement proto-
cols: (1) “direct-ingest” where intake of martian air is directly mea-
sured, and (2) “enrichment” where CO, is removed from the sample of
martian air to concentrate the methane and other unreactive gases to
provide more sensitive methane measurements (Webster et al., 2015,
2018). The enrichment protocol produces an estimated mean back-
ground methane level of 0.4 + 0.16 ppbv (W18). However, over time,
individual methane estimates from the enrichment protocol are scat-
tered in their magnitude. In viewing this scatter, it is claimed by W18
that there is a “strong seasonal cycle” in these methane data. Unlike the
enrichment protocol results, the direct protocol results provide derived
methane estimates that have occasional spikes of ~5-10 ppbv methane
(W18).

Establishing whether there is really a seasonal cycle is important
because of the conflict between TGO global non-detection to 0.05 ppbv
(Korablev et al., 2019), a recent report of a 15.5 + 2.5 ppbv pulse of
methane in 2013 from the Mars Express PFS (Giuranna et al., 2019),
and results from Curiosity Rover. The purported seasonal cycle of me-
thane on Mars has led to speculation that chemical sinks of methane are
occurring, which are unique to Mars and generally near-surface (re-
viewed by Leféevre, 2019), and that this rationalizes the conflict be-
tween Curiosity and TGO data. However, it is difficult to see how pu-
tative strong, near-surface destruction can be reconciled with the Mars
Express or earlier telescopic detections. An attempt to model a seasonal
methane cycle uses a destruction timescale for methane that is a free
parameter, resulting in methane destruction ~1000 times faster than
known chemistry, along with thermodynamic methane absorption sig-
nificantly different from lab-based measurements (Moores et al., 2019).

Surface chemistry on dust or in soil (Atreya et al., 2007) or physical
adsorption in soil have generally been invoked to explain methane
variations. The former are hypothetical and unique to Mars, while la-
boratory measurements of the latter (Gough et al., 2010), are in-
sufficient for the required sink (Meslin et al., 2011; Hu et al., 2016).
Other hypotheses to explain the Curiosity detection of methane include
aquifers that release sporadic methane spikes with no seasonality, or
seasonal variation due to the presence of life (Hu et al., 2016). Thus,
determining whether methane varies seasonally or not matters for as-
certaining the validity of some hypotheses.

The motivation for this study is that the seasonal cycle that has been
claimed for the Curiosity methane estimates derived from the enrich-
ment protocol has not been shown to be statistically valid. Here, we
examine the time series of the TLS data with statistical methods to see if
the data are best explained by stochastic behavior or periodic varia-
bility, and, if the latter, whether seasonal cyclicity is favored.

W18 stacked all the TLS enriched methane data from different Mars
years into one Mars year (their Fig. 1B). However, attempting to de-
monstrate periodicity by choosing a preferred period a priori and
stacking the data into that period is not statistically robust. The reason
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is that the data might be better explained by non-periodic stochastic
variation or may vary with some other period.

Fortunately, robust statistical techniques to test for periodic signals
in sparse data exist and are widely used. For example, such statistical
methods are routinely adopted to search for periodic signals in scat-
tered astrophysical data from stars, either to determine the periods of
stellar rotation or to infer the presence of orbiting planets. Here, we use
Gaussian process (GP) regression, which is a statistical method that has
been used in many data-driven fields, e.g., biology, chemistry, physics,
finance and data science, amongst others (e.g., Rasmussen and
Williams, 2006).

We apply GP regression to the time series of Curiosity Rover Mars
methane estimates to assess whether they show a statistically robust
seasonal cycle. For our analysis, we use the values and error bars re-
ported by W18: specifically, globally-inferred values from the enriched
protocol that they used to claim seasonality (in their Table 1) and
globally-inferred values from the direct protocol (in their Table S2).

2. Methods: statistical package

We wish to evaluate whether the variations in the surface methane
level from Curiosity are statistically consistent with periodic or sto-
chastic behavior. The basic dataset consists of a time series of methane
abundance estimates, which are limited in number, e.g., 10 and 20 data
points for the enriched and direct datasets, respectively. An objective,
conservative approach begins with no a priori reason to assume that the
methane estimates vary periodically or non-periodically, or stochasti-
cally or non-stochastically, i.e., we make no assumptions about which
periods or timescales the data are allowed to vary on (beyond our
priors; see below). This approach allows us to interrogate the data in an
unbiased, statistically correct way where the analysis and results are
driven by the dataset itself, as oppposed to weighting a specific period,
e.g. annual or diurnal.

Gaussian processes (GPs) offer a flexible framework for performing
Bayesian inference on functions. A GP is a non-parametric form of
model that defines a distribution over functions. GPs can be thought of
as a way to model a dataset by parameterising the covariance between
pairs of data points, as opposed to explicitly defining a functional form
of model to fit the data. As GPs define a distribution over functions,
when we vary the parameters of a GP (called hyperparameters), we
move through function space rather than the traditional parameter
space of parameteric models. GPs have been applied to similar pro-
blems before, e.g., modeling the atmospheric CO, concentration mea-
surements made at Mauna Loa, Hawaii (e.g. Rasmussen and Williams,
2006). Tests show that an uninformed model approach, where no
specific periods (e.g. annual) are weighted a priori, can find evidence of
annual (i.e., seasonal) variation in the CO, level (as well as a long term
trend of increasing CO, level with time). This suggests that uninformed
GP models, which we use here, can infer genuine periodicity in a da-
taset. A detailed description of GP regression is beyond the scope of this
Note, so we refer the interested reader to Roberts et al. (2012) and
Rasmussen and Williams (2006) for a general and thorough introduc-
tion, respectively.

For this work, we use the Celerite GP package (Foreman-Mackey
et al., 2017; Foreman-Mackey, 2018) through the exoplanet toolkit
(Foreman-Mackey and Barentsen, 2019)°. Given the sparsely sampled
TLS data and possibility of periodic variation in the methane level on
Mars, we opted to use a GP kernel that is akin to a stochastically-driven
damped simple harmonic oscillator (SHO). Depending on the level of
damping, this kernel can vary smoothly and periodically, or stochasti-
cally (with rougher aperiodic variations). It is therefore a useful tool to
assess both the presence and significance of variability within a dataset.
Essentially, the SHO GP will explore functions that are consistent with
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the data: if the data show periodic variability, and are sufficiently
constraining, then the GP will favor periodic models. However, if the
data show variability, but lack the required level of constraint to assert
that it is periodic, then the GP will explore both periodic and aperiodic
variability models. Based on the GP posterior distribution, it is possible
to assess the level of evidence for or against periodic variability within a
dataset, as well as providing an estimate and uncertainty for any such
period(s).

The hyperparameters of this model are: wo, the frequency of the
undamped oscillator, Q, the quality factor of the oscillator, and S,
which is proportional to the power at wo (see Foreman-Mackey et al.,
2017). We used the natural logarithm of these parameters with the
following priors: In(wy) ~ U(n(27c/5000), In(272/30)), In(Q) ~ U
(=5, 5) and In(Sy) ~ N(0, dr?), where the standard deviation dr is the
range of methane concentrations spanned by the data. Our choice of
prior for In(Sy) seeks to avoid overfitting for short periods and large
amplitudes. We also fit for the mean of the data with prior
u ~ N(dm, dr?), where dm is the mean methane concentration, and a
jitter term with In(o?) ~ U (—30, 10). We note that, with so few data-
points, the analysis presented here will be sensitive to these priors,
which will also apply to any model (see Section 4 for discussion of
alternative priors). To perform posterior inference, we implemented
gradient-based Markov-chain Monte Carlo (MCMC) with PyMC3
(Salvatier et al., 2016) using No U-Turn Sampling (NUTS; Hoffman and
Gelman, 2014). We ran 5 independent chains of 100,000 steps, which
typically yielded around ten thousand effective samples for model
evaluation.

3. Results

We assess the claim of strong seasonal variation in Mars' back-
ground methane by applying the GP regression described above to
methane estimates from Curiosity TLS data (W18). We perform three
sets of models on the TLS data: 1. considering all data (i.e. direct and
enriched); 2. considering the direct data alone; and 3. selecting only the
enriched data, which W18 focused on to claim strong seasonal varia-
tion. It is important to note that we model the data in time to search for
the presence of periodicity in the data, rather than folding the data on
an already-determined period and then searching for trends in this
phase space. The former allows for unbiased inference while the latter
does not.

Fits to both the full and enriched datasets are shown in Fig. 1.
Fig. 1a shows 200 realizations of the GP model fit to all data (direct and
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enriched), which show the kinds of models that are consistent with the
data. Taken as a whole, the distribution of models shows no clear
periodicity in the background methane, seasonal or otherwise. Fig. 1b
shows 200 realizations of the GP model fit to only the enriched data,
which W18 focused on. We find that many of the individual models do
favor relatively smooth variations, but the period of variability is not
well constrained due to: 1. the sparseness of the data (10 data points
spread over 1136 sols); and 2. the fact that the data do not cover even
two full Martian years (1337 sols). This can be seen in the individual
draws from the GP posterior distribution, most notably around 800 sol
where the data are unable to constrain the GP distribution to a singular
form of variation. It is worth noting that we incorporated a white noise
jitter term into our GP model. This allows the GP to inflate the ob-
servational uncertainties, under penalty, by adding an additional error
term in quadrature to the formal error estimates. As stated, any such
inflation is penalized by the fit, so the GP will only do this if it is
deemed necessary to explain the data, i.e. if the GP finds the formal
errors to be underestimated.

As introduced in Section 2, we explore the posterior parameter
space of the TLS data using a gradient-based MCMC algorithm. This
allows us to efficiently sample a wide range of models, and hence
periods, and from this, assess which periods are consistent with the
data. The posterior distributions of these consistent periods can then be
constructed to help us understand which period(s) are most favored by
the data. Fig. 2 shows the probability density of models as a function of
variability period and/or timescale. We make this distinction because
some of the GP models are not strictly periodic and hence we consider
their variations to follow a characteristic ‘timescale’ rather than a
formal period. Fig. 2a shows the posterior period distribution for all
models: this includes both periodic and stochastic models, and hence
we explicitly label the horizontal axis as ‘variability period/timescale’.
The distributions show that there are a range of variability periods and
timescales consistent with all datasets (enriched, direct and both to-
gether), and that variability on the Martian year (668.6 sols) is not
preferred over a wide range of other periods or timescales of variation.
The top half of Table 1 reports the median periods and 10 uncertainties
for these distributions, which highlight the wide range of allowed
periods. We caution the reader not to interpret these values as reliable
approximations for the full distributions, which are more complex (e.g.,
the period distribution for the direct data is multimodal) and them-
selves indicative estimates only.

In Fig. 2b we select only the models that display periodic behavior,
which amounts to around half of the full distributions (see Table 1,
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Fig. 1. Methane surface concentration [ppbv] vs. time [sol], using all data (a) and only the enrichment data (b), from Webster et al. (2018), where error bars are 1
standard error. Green triangles represent direct data and blue circles the enriched data. The methane estimates are fit using GP regression, where the orange lines
represent 200 individual models drawn from the GP posterior distribution. These give some indication of the range of variability models that are consistent with the
sparse TLS data. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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(a) All models: periodic and stochastic
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(b) Only periodic models
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Fig. 2. Posterior period distributions from the GP model. Higher probability density corresponds to a more strongly favored period for methane variability. Three
posteriors are shown: using all the data (red), only the direct data (green), and only the enriched data (blue). Panel a shows the results when including all GP models
and panel b shows the posterior period distribution when selecting only those models which we classify as periodic. The vertical dashed grey line indicates the
variability period expected if there were seasonal variation of methane on the Martian surface. (For interpretation of the references to color in this figure legend, the

reader is referred to the web version of this article.)

Table 1

Posterior GP variability periods/timescales from fitting different combinations
of the data: enriched, direct, and both together. Results for the full posterior
distribution are shown (top) along with the results from selecting only models
that show periodic behavior (bottom). The % of the full posterior distribution is
indicated for all models highlighting the fraction that show periodic behavior.
For comparison, note that a Martian year is 668.6 sols (equivalent to 686.98
Earth solar days). We highlight that the posterior period distributions (see
Fig. 2) are typically complex/multimodal, and hence the median period and 1o
uncertainty cannot accurately capture the distribution shape. We primarily
quote values here to highlight the magnitude of the allowed period ranges.

Dataset Posterior GP period (sol) % of posterior
(median * 1o uncertainty) distribution

Full posterior distributions

Enriched & direct 363 TV 100

Direct 386 *333 100

Enriched 321 tgﬁ‘g 100

Selecting only periodic models

Enriched & direct 341 1388 44

Direct 491 +il4 55

Enriched 498 +302 47

bottom half). Given the possibility of stochastic variation on top of
periodic modulation, as well as the sensitivity to our priors, we use a
loose criterion for periodicity, which corresponds to models with
Q > 1/V2. Even so, we note that selecting only the periodic models is a
strong assumption, which is akin to making a 50:50 guess as to whether
the observed variations are periodic in nature or not. Nonetheless, if we
assume that periodic variability is in fact present, we again see that
variability on the Martian year (i.e. seasonal variation) is not strongly
supported by the data. Considering all data together, short periods
(100 sols) are most strongly favored, but periods up to ~600 sols are
plausible. Seasonal variation is not preferred. This is consistent with
what W18 suggest for all data: the combined direct and enriched da-
taset are best explained by stochastic processes. The same can be said of
the direct data, which seem to favor periods ~250 or 500 sols, although
we note that this is at least in part driven by the sparseness of the data.

When selecting only the enriched data, the posterior distribution in
Fig. 2b shows that a broad range of variability periods are consistent
with the data. While there are a subset of models possessing variability

periods that are consistent with the Martian orbital period, this is by no
means preferred by the data. Although a seasonal variation cannot be
ruled out, if we consider only periodic models that lie within 5%
(33 sols) of the Martian orbital period, only 9% of the periodic models
are consistent with seasonal variation. Given that only about half of all
models are periodic, only 5% of all models are seasonal with 5% tol-
erance on the period; or alternatively, 95% of models represent either
stochastic variation or variation that is on a period other than seasonal.
Finally, if periodic variability is present in the enriched data, we find
that it is more likely to have a period somewhere between ~300 sols
and the Martian orbital period (668.6 sols), than it is to vary on the
Martian orbital period itself. We note that a Lomb-Scargle periodogram
suggests a similar period and range to our periodic GP models, and also
does not favour seasonal variation.

W18 observe that the sol 965 enriched methane datapoint is higher
than their assumed single modal seasonal variation, and speculate that
this may be due to a methane spike. In other words, W18 invoke a
stochastic process to explain the 965 datapoint, and our model already
accounts for stochastic processes. It is inappropriate to run our analysis
with the 965 datapoint removed because this point is not a statistical
outlier of the enriched dataset: it is less than 0.855 ppbv, which is the
third quartile plus 1.5 times the upper interquartile range of the data -
the standard statistical rule for a high outlier (Moore et al., 2009, p. 38).
Nonetheless, if the sol 965 datapoint is removed, the result is that half
of the models remain stochastic and the fraction of all models that have
periods within 5% (~33sols) of a Martian year increases from 5% to
7%.

4. Discussion

Many models can adequately explain the Curiosity methane data
and their parameters cover a large range that must be better con-
strained by the addition of more surface data before anything definitive
about the variability of background methane can be claimed. Given the
small amount of data, the values and uncertainties of individual data
points become important. In this regard, it is worth noting that reports
of TLS CH4 and their uncertainties have seen changes from paper to
paper for certain martian sols (e.g., the enrichment factor has changed
by a factor of 1.09 between Webster et al. (2015) and W18, while the
sol 306 direct in situ value has changed from —2.21 = 0.94 ppbv
(Table 1, Webster et al., 2013) to 5.78 = 2.27 ppbv due to removal of
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systematic error (Table 1, Webster et al., 2015; Table S2, W18). This
suggests that alternative treatments of systematic and random errors in
the TLS data could cause further revision of derived CH,4 values. This
motivated our choice to allow the GP to inflate the observational un-
certainties, under penalty, if it deemed necessary for individual models.

As noted, this analysis is sensitive to the priors because this small
amount of data is not constraining. We explored the effect of our priors
by relaxing the prior on In(Sy), as well as testing modified Jeffreys
priors on Sy (with ‘knee’ values between 0.01 and 1) and on our jitter
term o (with ‘knee’ values between 10-3 and the mean methane con-
centration uncertainty, above which the posterior distributions smear
out). Within these ranges, we obtain qualitatively similar posterior re-
sults, with the main differences being at short <150 sol periods; these
also do not favour seasonal variation over other periodic or stochastic
variation.

We must wait and see whether future data will reveal seasonal
variation in background surface methane, or whether future data, such
as future TGO observations in the nadir mode, will better constrain the
concentration of surface methane on Mars (Korablev et al., 2019). Here,
we simply assess whether the TLS data reported in W18 are evidence
favoring the claim of strong seasonal variability over stochastic pro-
cesses or variability with a different period. We find that they are not.

The sparse Curiosity enrichment data appear by eye to exhibit
seasonal variability when the data are phase-folded within a one year
period, which effectively weights the data in favor of an annual period,
but in-depth statistical analysis is necessary for determining with any
confidence whether the data themselves actually favor annual peri-
odicity. Results of statistical analyses show no evidence favoring strong
seasonal variation of methane over stochastic variability or variation
over a wide range of other periods. The enriched data are roughly
equally consistent with either stochastic processes or periodic varia-
bility where the latter includes an annual cycle but that cycle is not
favored by the data over the many other periods. Indeed, a simple
Bayesian model comparison between a flat line and a sine model does
not favour either, and the sine model's period range does not favour
seasonal variation.

More time series data would be desirable because the current en-
riched dataset comprises 10 measurements spread over 1136 sol, i.e. 1.7
Martian years. To assess whether a periodic signal is present in a dataset
with a given period, a dataset covering a timespan of three or more
times that specific period is often considered minimal. Furthermore, to
reject other potential shorter periods or stochastic variation, a suffi-
ciently high temporal density of measurements is desirable. The exact
timespan required and its density of data depend on the complexity of
the underlying processes, e.g., whether there is a single well-defined
process (e.g., seasonal variation) or whether there are other stochastic
factors, and the relative strengths of the various factors.

In conclusion, the statistical analysis in this paper finds that the
hypothesis of “strong seasonal variability” in Mars' surface methane is
unsupported by the Curiosity TLS data. This is because the data are too
sparse over too limited a timespan to favor a seasonally cyclic ex-
planation of the data over alternative hypotheses of stochastic variation
or variation with other periods.
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