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Abstract. The treatment of the fit residual is a central problem in DOAS retrievals from hyperspectral satellite instruments. At

the precision of instruments such as TROPOMI, the residual of a classical fit is no longer an approximately white background,

but splits into systematic structures of physical and instrumental origin and a correlated random noise. Classical DOAS treats

both in the same way, which limits its performance for weak absorbers retrieved under difficult conditions. This study presents

XDOAS, a complete retrieval that unifies two recent approaches to this problem, covariance weighting and principal compo-5

nent analysis (PCA), within a single linear formulation. The PCA components fit the systematic structures out of the residual

explicitly, while a regularised covariance down-weights the remaining correlated noise. Classical DOAS, covariance-weighted

DOAS, and PCA-DOAS emerge as limiting cases of XDOAS. The algorithm is applied to the retrieval of OClO slant col-

umn densities from TROPOMI/S5P, a weak absorber measured at large solar zenith angles where the residual structures are

most pronounced. Evaluated against the three reference retrievals on TROPOMI measurements using identical fit parameters,10

XDOAS reaches the precision of the best advanced retrievals while being the only one that also gives an uncertainty consistent

with the spectral fit quality of each pixel. A consistency test between the RMS residual and the retrieval uncertainty sepa-

rates the four retrievals, covariance-weighted DOAS gives uncertainties that are decoupled from the residual (R2 = 0.002),

PCA-DOAS gives uncertainties that are fixed to the residual because the PCA components fit out part of the random noise

(R2 = 0.991), and XDOAS is the only retrieval whose uncertainty follows the spectral fit quality of each pixel with a moderate15

pixel-to-pixel spread (R2 = 0.977). The comparison against the S5P-PAL OClO product based on empirical post-processed

DOAS retrieval, shows close agreement (R2 = 0.922). Where the OClO signal is strong, over the polar vortex, the two prod-

ucts agree almost exactly (slope 1.02, R2 = 0.946), while XDOAS gives a lower RMS residual and a smoother uncertainty

field specially, most of all under the low-illumination conditions in which OClO is measured. XDOAS is the baseline algorithm

for the operational OClO product of the Copernicus Sentinel-5 mission from the EUMETSAT AC-SAF. XDOAS is a general20

framework that can be applied to any trace gas with narrow absorption bands, and in particular to measurements under extrema

viewing conditions typically in geostationary missions like Sentinel-4, GEMS, and TEMPO.

1

https://doi.org/10.5194/egusphere-2026-4360
Preprint. Discussion started: 31 August 2026
c© Author(s) 2026. CC BY 4.0 License.



1 Introduction

Understanding the variability, depletion, and recovery of stratospheric ozone remains a central topic in atmospheric chemistry.

Ozone absorbs harmful ultraviolet radiation and is also involved in a wide range of chemical and radiative processes that25

affect atmospheric composition and climate. Since the discovery of the Antarctic ozone hole (Farman et al., 1985), long-term

observations have been essential for assessing the effectiveness of the Montreal Protocol and for quantifying the influence of

changing climate conditions on ozone recovery (Solomon, 1999; World Meteorological Organization, 2022).

Polar ozone loss is mainly driven by catalytic cycles involving reactive halogen species, especially chlorine and bromine

radicals, with additional modulation by nitrogen and hydrogen oxide chemistry (Solomon et al., 1986; McElroy et al., 1986).30

During winter and early spring, the polar vortex isolates cold stratospheric air and favours the formation of polar stratospheric

clouds (PSCs) when temperatures fall below approximately 195 K. Heterogeneous reactions on PSC particles convert chlorine

reservoir species, mainly HCl and ClONO2, into photolabile compounds. After sunrise, these species release reactive chlorine

radicals that initiate efficient catalytic ozone destruction (Solomon et al., 1986; Peter and Grooß, 2012; Höpfner et al., 2018).

The magnitude and timing of ozone depletion therefore depend not only on the abundance of inorganic chlorine and bromine,35

but also on PSC occurrence, denitrification, vortex stability, and interannual dynamical variability. These processes explain

much of the difference between the persistent Antarctic ozone hole and the more variable Arctic ozone depletion (Solomon,

1999).

Chlorine dioxide (OClO) is commonly used as an indicator of chlorine activation in polar regions. It is mainly formed

through the reaction of ClO with BrO and is rapidly photolysed at low solar zenith angles. Although OClO does not directly40

cause net ozone destruction, its abundance is closely related to active halogen chemistry under twilight conditions and therefore

provides valuable information on chlorine activation inside the polar vortex (Solomon et al., 1987; Schiller and Wahner, 1996;

Puk, ı̄te et al., 2022). Large OClO columns are generally observed during cold, PSC-active winters and springs, especially

in the Southern Hemisphere, while much smaller amounts are usually found outside the polar vortex or during dynamically

disturbed Arctic winters. However, comparisons between observations and models have shown that OClO remains difficult to45

reproduce under conditions of strong chlorine activation and at large solar zenith angles (Oetjen et al., 2011). These limitations

highlight the need for robust retrieval methods capable of detecting weak and structured absorption signals under challenging

observational conditions.

Differential Optical Absorption Spectroscopy (DOAS) has become one of the most widely used techniques for detecting

atmospheric trace gases with narrow absorption structures in the ultraviolet, and visible wavelength ranges. The method sep-50

arates narrow absorption bands from broad band contributions caused by scattering, aerosols, clouds, and surface reflection

as well as slow variation of trace gases. This allows the differential slant column densities (DSCD) of different absorbers to

be retrieved from the same measured spectrum (Platt and Stutz, 2008). Early ground-based scattered-light measurements of

atmospheric NO2 were reported by Noxon (1975), while the formal DOAS approach was introduced by Platt et al. (1979) for

the simultaneous detection of CH2O, O3, and NO2. Since then, DOAS has evolved from long-path and zenith-sky ground-55

based observations to multi-axis, airborne, balloon-borne, and satellite-borne applications. The development of MAX-DOAS
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extended the method by using multiple viewing elevations, increasing sensitivity to lower-tropospheric absorbers and enabling

profile retrievals when combined with radiative transfer modelling (Hönninger et al., 2004; Bösch et al., 2018).

Early observations of trace gases from space using the DOAS method were reported by Burrows et al. (1999), based on mea-

surements from the Global Ozone Monitoring Experiment (GOME), which demonstrated that accurate global measurements60

of ozone (Bramstedt et al., 2003) and several trace gases could be detected from UV–visible backscattered radiation. Later

missions, such as the Scanning Imaging Absorption Spectrometer for Atmospheric Chartography (SCIAMACHY), the Global

Ozone Monitoring Experiment-2 (GOME-2), the Ozone Monitoring Instrument (OMI), and the TROPOspheric Monitoring

Instrument (TROPOMI), opened the way for a variety of observations, leading to improvements in spatial resolution, spectral

quality, temporal coverage (Coldewey-Egbers et al., 2022), and the number of retrievable species. In addition, DOAS retrievals65

have been refined through improvements on wavelength calibration, treatment of the Ring effect, correction of interfering ab-

sorbers, wavelength-dependent air-mass-factor formulations, weighting-function approaches, and statistical methods designed

to reduce systematic residual structures for several species (Platt and Stutz, 2008; Coldewey-Egbers et al., 2005; Puk, ı̄te et al.,

2021; Alvarado et al., 2014). More recently, principal component analysis (PCA) has been introduced in satellite retrievals to

represent instrumental or scene-dependent spectral variability and to improve sensitivity to weak trace-gas signals (Li et al.,70

2013; Joiner et al., 2023) as well as a covariance-based spectral retrieval strategies have recently been explored as an alternative

or complement to classical DOAS fitting (Theys et al., 2025).

This study presents the eXtended DOAS retrieval for trace gases (XDOAS), a synergistic framework, and demonstrates its

performance for the retrieval of OClO, used as the primary case study because it is a weak absorber, is strongly linked to

polar chlorine activation, and is often retrieved under challenging conditions, including large solar zenith angles, low signal-75

to-noise ratios, and strong spectral interference from other absorbers. These characteristics make OClO an ideal target for

testing retrieval strategies designed to improve the detection of weak trace-gas signals. The proposed XDOAS framework can

be applied to other trace gases with narrow absorption bands, such as CHOCHO, NO2, HCHO, etc.

Four retrieval approaches are considered: standard DOAS, covariance-DOAS, PCA-DOAS including an adaptive PCA-

DOAS configuration, and the proposed covariance–PCA Synergy DOAS method. The manuscript is organized as follows.80

First, the methodology is described, including the XDOAS framework and its derivation from classical DOAS. Second, the

different approaches are compared with conventional DOAS and existing DOAS extensions. Third, the performance of the

methods is evaluated using OClO as the reference trace gas. Finally, the retrieval results are compared with the pre-operational

TROPOMI OClO product.

2 DOAS retrieval: from classical fit to unified residual correction85

The Differential Optical Absorption Spectroscopy (DOAS) method has been widely used in spaceborne observations to retrieve

atmospheric trace gases with narrow absorption features in the ultraviolet and visible spectral ranges (e.g., Burrows et al., 1999;

Palmer et al., 2001; Oetjen et al., 2011; Richter et al., 2011; Alvarado et al., 2014; González Abad et al., 2015; De Smedt et al.,

2018; Alvarado et al., 2020; Puk, ı̄te et al., 2021; van Geffen et al., 2022; Puk, ı̄te et al., 2022). The method is based on the Beer–
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Lambert law and exploits the fact that many atmospheric absorbers have narrow absorption bands within a selected spectral90

window (Platt and Stutz, 2008).

The central idea of DOAS is to separate the absorption cross section of each absorber into a slowly varying broadband

component and a rapidly varying narrow-band component,

σi(λ) = σ0
i (λ)+σ′

i(λ), (1)

where σ0
i (λ) represents the broadband contribution and σ′

i(λ) contains the narrow-band absorption structures used for the95

retrieval. The slowly varying terms (broadband absorption, Rayleigh and Mie scattering, surface reflection, clouds, aerosols,

and other smooth instrumental or radiative-transfer effects) are represented by a low-order polynomial. With this separation,

the measured intensity ratio can be written as

I(λ)

I0(λ)
= exp


−

Ng∑

i=1

σ′
i(λ)Si −

P∑

p=0

apλ
p


 , (2)

where I0(λ) is the reference spectrum, I(λ) the measured radiance, Si the slant column density (SCD) of absorber i, ap the100

polynomial coefficients, and P the polynomial order. Taking the natural logarithm defines the optical depth, and leads to the

linear equation

τ δ(λ) = ln

[
I0(λ)

I(λ)

]
=

Ng∑

i=1

σ′
i(λ)Si +

P∑

p=0

apλ
p + δ(λ), (3)

where τ δ(λ) is the measured optical depth and δ(λ) is the data error, collecting all contributions to the measured optical

depth that are not represented by the trace-gas cross sections or the polynomial: random detector noise, unmodelled instrumen-105

tal structures, calibration uncertainties, and higher-order radiative-transfer effects not captured by the linear forward model.

Only absorbers with structured features within the fitting window can be retrieved directly by DOAS, while smooth spectral

variations are absorbed by the polynomial.

Equation (3) is, by construction, linear in the SCDs, Si, and the polynomial coefficients ap. In practice this linearity is

broken by small wavelength misalignments between the measured and the reference spectra, arising from instrumental thermal110

drift, Doppler shifts, or imperfect spectral calibration. These are described by a wavelength shift s and a squeeze coefficient q

applied to the reference axis, because both appear inside the argument of the differential cross sections, σ′
i(λ−s− q(λ−λ0)),

they enter the model non-linearly. Following Beirle et al. (2013), for the residual deformations considered here (|s|≲ 5pm,

|q|≲ 10−3) the shift and squeeze contributions are approximated to first order by a Taylor expansion of the reference spectrum

and represented by additional pseudo-absorbers (Sect. 2.1), which enter the fit linearly. The resulting linearised fit is solved in115

a single matrix inversion, avoiding the iterative refinement and convergence issues of non-linear optimisers, this is particularly

relevant for operational retrievals from instruments such as TROPOMI, where the same fit must be performed for millions of

pixels per orbit.
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For compact notation, the optical depth and all spectral basis functions are sampled on the detector wavelength grid λ=

(λ1, . . . ,λM )⊤, yielding the data vector τ δ ∈ RM . The linearised fit can then be written in matrix form as120

τ δ =Bβ+ δ, B ∈ RM×N , (4)

where B contains, as columns, the discretised differential cross sections, the polynomial terms, and any auxiliary pseudo-

absorbers included in the fit, and N is the total number of fit parameters. The vector β ∈ RN collects all unknown fit coefficients

and can be partitioned as

β =




S

a

caux


 , (5)125

where S= (S1, . . . ,SNg
)⊤ contains the SCDs, a= (a0, . . . ,aP )

⊤ the polynomial coefficients, and caux the coefficients of the

auxiliary pseudo-absorbers (shift, squeeze, intensity offset, mean residual, and the PCA components introduced in Sects. 2.4–

2.5). The SCDs, S, are the physical quantities of interest, the remaining components of β describe broadband, instrumental, and

statistical effects that are co-fitted to retrieve S accurately. The ordinary least-squares (OLS) estimate β̂, where a hat denotes a

fitted (estimated) quantity as opposed to the true state β† introduced below, is the minimiser 1
2∥Bβ− τ δ∥2, giving130

β̂ =
(
B⊤B

)−1
B⊤τ δ, (6)

from which the retrieved SCDs, Ŝ, are extracted as the first Ng components of β̂. The fit residual is the computable quantity

r= τ δ −Bβ̂. (7)

It is important to distinguish the residual r from the data error δ. Writing the true state vector β†, such that τ δ =Bβ†+δ, the

residual can be expressed as135

r= δ+B
(
β† − β̂

)
. (8)

The data error is an unknown perturbation affecting the measurements, whereas the residual is obtained after the fit and

measures the discrepancy between the measured data and the fitted model. If the preliminary fit is sufficiently accurate, β̂ ≈ β†,

then r≈ δ and the statistics of r reproduce those of δ. This approximation is what justifies using the empirical covariance of a

residual ensemble as a proxy for the unknown data-error covariance in the advanced retrievals introduced below.140

2.1 Spectral corrections and wavelength calibration

In practice the DOAS fit applied to satellite measurements includes a set of standard corrections, implemented as additional

pseudo-absorbers within B so as to preserve the linearity of the fit. Before the fit, all reference cross sections are prepared on

a common basis: the high-resolution laboratory cross sections are convolved with the instrument spectral response function

(ISRF) of TROPOMI, with strict conservation of the slit-function area, and interpolated onto the detector wavelength grid, so145
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that they are directly comparable with the measured spectrum. Following Beirle et al. (2013), the wavelength misalignment is

described by a shift s and a stretch/squeeze coefficient q around a reference wavelength λ0,

λ→ λ− s− q(λ−λ0). (9)

With this convention q = 0 corresponds to a non-deformed axis, q < 0 to a local stretch and q > 0 to a local squeeze, equivalent

to that of Beirle et al. (2013) up to the additive constant q = 1− qB. Because the misalignment acts on the reference spectrum,150

it is convenient to write τref ≡ lnI0. A first-order Taylor expansion then gives

lnI0(λ− s− q(λ−λ0))≈ lnI0(λ)− s
∂ lnI0
∂λ

− q(λ−λ0)
∂ lnI0
∂λ

, (10)

so that the shift and squeeze are represented by the two pseudo-absorbers

us =
∂ lnI0
∂λ

, uq = (λ−λ0)
∂ lnI0
∂λ

, (11)

appended as extra columns of B and fitted simultaneously with the atmospheric absorbers, the fit then returns s and q directly,155

without any external non-linear optimisation loop.

Additive radiance offsets (stray light, dark current, residual level-1 effects) are described by a term Ioff(λ) in the measured

radiance, Imeas = I + Ioff . In the optically thin limit (I ≈ I0) the induced perturbation of the optical depth is, to first order,

∆τ ≈−Ioff/I0, thus, following standard DOAS practice (Theys et al., 2017) the offset is represented by a 1/I0(λ) pseudo-

absorber appended as an extra column of B.160

Imeas(λ) = I(λ)+ Ioff(λ), ∆τ(λ)≈−Ioff(λ)

I0(λ)
. (12)

Isolated detector spikes and unflagged bad pixels are removed by iterative spike detection on the fit residual (Richter et al.,

2011). After an initial fit, the residual is normalised by its root-mean-square value,

rnormn (λk) =
rn(λk)√

1

Ndof

∑
k r

2
n(λk)

, (13)

where Ndof =M −N is the number of degrees of freedom. Points with |rnormn (λk)|> κ (typically κ= 5) are flagged as165

outliers, replaced by the model value, and the fit is repeated until no further spikes are detected.

2.2 Limitations of the classical residual treatment

The corrections of Sect. 2.1 improve the spectral alignment and mitigate isolated artefacts, but they do not change how the

remaining residuals are processed, in the classical DOAS fit all wavelength points are implicitly treated as if the data error had

independent components of comparable variance. If the data-error covariance matrix Cδ = E
[
(δ−E[δ])(δ−E[δ])⊤

]
were170

known (here E[·] denotes the expectation, i.e. the ensemble average), the best linear unbiased estimator would follow from

generalized least squares (GLS),

β̂ =
(
B⊤C−1

δ B
)−1

B⊤C−1
δ τ δ. (14)
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For modern hyperspectral satellite measurements the white-noise assumption is inadequate. Physical effects (temperature-

dependent cross sections, wavelength dependence of the air mass factor, the I0 effect, higher-order radiative-transfer effects,175

Puk, ı̄te et al., 2010; Rozanov and Rozanov, 2010) and instrumental effects (spectral undersampling, detector ageing, resid-

ual wavelength misregistration, ISRF variability, across-track smile, stray light, intensity offsets) generate residual structures

correlated over several wavelength pixels. The data error therefore splits into

δ = δsys + δrnd, E[δrnd] = 0, E[δ] = δsys, (15)

i.e. a small number of reproducible systematic structures of physical or instrumental origin, and a zero-mean correlated random180

noise. The classical DOAS fit treats both contributions identically, which is its fundamental limitation. The retrieval approaches

introduced below address this in complementary ways: covariance-weighted DOAS treats the random part through reweighting

(Sect. 2.3), the PCA-based correction handles the systematic structures explicitly (Sect. 2.4), and the unified XDOAS retrieval

combines both, treating each contribution accordingly (Sect. 2.5).

Since Cδ is not known, it is estimated empirically. A pre-fit is performed over a clean equatorial sector, with the target gas185

excluded from the fitted absorbers, so that the resulting residual spectra rn (n= 1, . . . ,Nref ) are free of the target absorption.

This construction assumes a region where the target column is expected to be zero or close to zero, as for OClO at low latitudes;

for a gas without such a background-free region, the adaptive configuration of Sect. 2.4.1 is used, in which the target absorption

is co-fitted and its large-scale structure removed before the covariance and PCA components are derived. The ensemble is built

in a first pass over the orbit, and the resulting statistics are applied in a second pass. This follows the CODOAS approach of190

Theys et al. (2025) rather than the externally referenced covariance of COBRA (Theys et al., 2021). The mean residual and

empirical covariance are

r=
1

Nref

Nref∑

n=1

rn, C=
1

Nref − 1

Nref∑

n=1

(rn − r)(rn − r)
⊤
. (16)

Because the mean is subtracted, C estimates the covariance of the fluctuating residual part. Under the approximation r≈ δ and

a representative ensemble, rsys ≈ r and Cov(δrnd)≈C.195

2.3 Covariance-weighted DOAS

The use of the residual covariance matrix to reweight the spectral fit was pioneered, in the context of DOAS satellite retrievals,

by Theys et al. (2021) in the COBRA algorithm and developed further in the CODOAS approach of Theys et al. (2025).

The covariance-weighted DOAS considered here follows that line of work. Covariance-weighted DOAS modifies the spectral

weighting of the fit using the residual covariance of the reference ensemble. Because the amplitude of the systematic structure200

in an individual retrieval spectrum may differ from that of the ensemble mean, r is included as an additional pseudo-absorber

with an adjustable coefficient cR, rather than subtracted as a fixed term. The fit matrix becomes

Bcov = [B | r] , (17)
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and, taking the weighting matrix to be the covariance of the remaining random error, Cov(δrnd)≈C, the fitted parameters

follow from the covariance-weighted (GLS) regression205

β̂cov =
(
B⊤

covC
−1Bcov

)−1
B⊤

covC
−1τ δ. (18)

The coefficient cR is obtained together with the other fit parameters as the component of β̂cov associated with the r column,

and does not require a separate estimation step. Spectral directions that are highly variable in the reference residuals receive

less weight, while more stable directions retain a stronger influence on the fit.

2.4 PCA-based residual correction210

A complementary strategy is to describe the coherent residual structures explicitly. As a covariance matrix, C is symmetric

with non-negative eigenvalues, and admits the eigendecomposition

C=

M∑

k=1

λkvkv
⊤
k , λ1 ≥ ·· · ≥ λM ≥ 0, v⊤

i vj = δij , (19)

with orthonormal eigenvectors. The eigenvalue λk equals the variance of the residual ensemble along the direction vk, so the

leading K eigenvectors represent the dominant residual patterns. Used as columns of the fit matrix, we refer to them as the215

PCA components. They are added to the DOAS fit as additional pseudo-absorbers,

BPCA = [B | v1 · · · vK ] , (20)

and the fit is solved by ordinary least squares (uniform weighting), so that PCA-DOAS isolates the effect of fitting the coherent

structures out of the residual, independently of any covariance weighting. Coherent structures not represented by the physical

cross sections, the polynomial, or the standard pseudo-absorbers are thereby absorbed by the PCA components, which typically220

improves the sensitivity to weak absorbers (Li et al., 2013; Joiner et al., 2023). Increasing K removes more residual structure

but raises the risk of absorbing physical signal; K is therefore chosen as a compromise between residual suppression and

retrieval fidelity. For the OClO retrieval we use K = 4: this captures the dominant systematic structures carried by the leading

eigenvalues of C, while increasing K beyond this value produced no appreciable further reduction of the residual and left

the retrieved SCDs essentially unchanged. A known limitation is that the reference ensemble may contain part of the target-225

gas absorption structure. When this occurs, the PCA components also describe part of the true signal and remove it from the

retrieved SCD. We refer to this as target-signal absorption by the PCA components.

2.4.1 Adaptive PCA correction for strong-background absorbers

For trace gases with a strong, spatially extended background such as NO2, the target-signal absorption by the PCA components

can be non-negligible, and the standard correction benefits from an additional adaptive step. A first standard DOAS fit yields an230

initial target-gas SCD field Ŝtgt(x,y), which is spatially smoothed to retain its large-scale, geophysically coherent component,

S̃tgt(x,y) = Gσ ∗ Ŝtgt(x,y), (21)
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where Gσ is a separable Gaussian filter with along- and across-track widths σ = (σ∥,σ⊥). The smoothed contribution is

subtracted from the optical depth,235

τ †(x,y) = τ δ(x,y)− S̃tgt(x,y)σ
′
tgt, (22)

and the PCA components are computed from the residuals after this subtraction, so that the dominant target-gas structure

is removed before the covariance matrix is constructed (Richter, 2026). For the OClO retrieval considered here the target-

gas background is weak (e.g. over the equatorial ocean) and the standard PCA correction is used, the adaptive step remains

available for strong-background absorbers.240

2.5 Covariance–PCA synergy (XDOAS)

XDOAS combines covariance weighting and PCA-based residual correction in a single retrieval. The construction starts from

the decomposition of the data error, Eq. (15), into (i) systematic structures of physical or instrumental origin (stray light, resid-

ual ISRF distortions, across-track artefacts, undersampling), which appear as deterministic, reproducible patterns across the

reference ensemble, and (ii) correlated random noise, which is stochastic but not spectrally white. The two contributions re-245

quire different treatments: the systematic structures are modelled explicitly as additional pseudo-absorbers, while the correlated

random noise is best treated through a covariance-based weighting of the residual.

The systematic part is represented at two complementary levels. The PCA components vk are computed from centred

residuals and therefore describe the dominant fluctuations about the mean residual, the mean residual itself is represented

separately by r. A consistent model of the systematic part is therefore rsys ≈ cRr+
∑K

k=1 ckvk, giving the XDOAS fit matrix250

BX = [B | r | v1 · · · vK ] , (23)

where r captures the persistent, scene-independent structure that survives the ensemble average (e.g. residual stray-light or

ISRF mismatches), while {vk} capture the scene-dependent patterns that vary in amplitude from pixel to pixel (e.g. across-

track ISRF variations or view-angle-dependent stray light).

Once the first K principal directions are included explicitly in the fit matrix, they are no longer part of the remaining random255

error. The covariance of that remaining error,
∑M

k=K+1λkvkv
⊤
k , has rank M −K and is therefore singular whenever K > 0,

so its inverse does not exist and a regularised model is required. The variance along the first K directions is replaced by a

common background-noise level,

σ2
noise =

1

M −K

M∑

k=K+1

λk, (24)

which represents the correlated random noise that remains after the systematic structures have been removed. The regularised260

covariance and its inverse are

Creg =
M∑

k=1

λ̃kvkv
⊤
k , C−1

reg =
M∑

k=1

1

λ̃k

vkv
⊤
k , λ̃k =




σ2
noise, k ≤K,

λk, k > K.
(25)
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Table 1. Summary of the DOAS retrieval approaches considered in this study. Here, B is the standard DOAS fit matrix (containing the

differential cross sections, the polynomial terms, and the standard pseudo-absorbers of Sect. 2.1), C is the residual covariance matrix, r is

the mean residual of the reference ensemble, v1, . . . ,vK are the leading PCA components, and Creg is the regularised covariance matrix

used in XDOAS.

Aspect Classical DOAS Covariance-weighted DOAS PCA-DOAS† XDOAS

Fit matrix B [B |r] [B |v1, . . . ,vK ] [B |r |v1, . . . ,vK ]

Residual weighting Uniform Covariance-based Uniform Regularised covariance-based

Residual treatment Residuals minimised directly Correlated residual variability is

down-weighted

Coherent residual structures are

fitted explicitly

Coherent structures are fitted ex-

plicitly remaining variability is

covariance-weighted

Main strength Simple and well established Reduces the impact of correlated

residuals

Represents coherent residual

structures

Combines PCA-based correction

and covariance weighting on sep-

arate parts of the residual

Main limitation Correlated residuals are not ex-

plicitly treated

Residual structures are not ex-

plicitly modelled

PCA components may absorb

target-gas signal

Requires a representative refer-

ence ensemble

Reference Platt and Stutz (2008) Theys et al. (2021) Li et al. (2013) This study

† PCA-DOAS can be optionally augmented with an adaptive target-signal correction step (Sect. 2.4.1) for retrievals of strong-background absorbers such as

NO2.

The replacement λk → σ2
noise for k ≤K is a modelling assumption rather than a consequence of estimation theory, its purpose

is to avoid assigning large variances to directions that are already represented explicitly in BX, while keeping Creg positive-

definite and invertible. The retrieved parameters follow from the covariance-weighted (GLS) regression265

β̂X =
(
B⊤

XC
−1
regBX

)−1
B⊤

XC
−1
regτ

δ, (26)

from which Ŝ is read as the first Ng components of β̂X. The two mechanisms target distinct parts of the residual and are

strictly complementary: the pseudo-absorbers in BX remove the systematic structures, while C−1
reg down-weights the remaining

correlated noise.

The connection to the other retrievals follows directly. With K = 0 and uniform weighting (Creg = IM ), Eq. (26) reduces270

to the classical DOAS fit of Eq. (6), with K = 0 and Creg =C, to covariance-weighted DOAS, and with K > 0 and uni-

form weighting, to PCA-DOAS. XDOAS thus encompasses all three as limiting cases, addressing both residual components

simultaneously. The degenerate case K =M is avoided in practice, the operating regime is K ≪M , where the PCA pseudo-

absorbers capture the leading systematic structures while the remaining residual retains sufficient correlated-noise structure for

the weighting step to enhance retrieval sensitivity. A full statistical derivation of the four estimators, including the underlying275

error model and the assumptions (A1)–(A7) on which the empirical covariance rests, is given in Appendix A.

Table 1 summarises the four retrieval approaches and their relationship to XDOAS.

3 OClO retrieval from TROPOMI measurements

The four retrieval approaches summarised in Table 1 are applied to the retrieval of OClO SCDs from TROPOMI/S5P mea-

surements. TROPOMI is a nadir-viewing hyperspectral imaging spectrometer covering the ultraviolet, visible, near-infrared,280

10

https://doi.org/10.5194/egusphere-2026-4360
Preprint. Discussion started: 31 August 2026
c© Author(s) 2026. CC BY 4.0 License.



Table 2. DOAS fit parameters used for the OClO retrieval from TROPOMI. The first block lists the absorption cross sections and the Ring

spectrum included as pseudo-absorbers in the fit, together with the laboratory temperature of each cross section. The second block lists the

global retrieval settings. All cross sections were convolved with the TROPOMI slit function before being used in the fit. The comparison

against the S5P-PAL OClO product (Sect. 3.2) uses the same configuration except for the spectral fitting window, which is set to 345.0–

389.0nm.

Absorber Reference Temperature

OClO (target) Bogumil et al. (2003) 293K

BrO Wilmouth et al. (1999) 228K

NO2 Vandaele et al. (1998) 220K

O4 Thalman and Volkamer (2013) 233K

O3 Serdyuchenko et al. (2014) 293K, 243K

Ring spectrum Chance and Kurucz (2010) —

Global retrieval settings

Spectral fitting window 344.0–383.0nm (method evaluation, Sect. 3.1); 345.0–389.0nm (S5P-PAL comparison, Sect. 3.2)

Baseline polynomial Order 5 (6 coefficients)

Intensity offset 1/I0(λ) pseudo-absorber

Spike removal threshold κ= 5.0 (iterative, against the normalised fit residual)

Wavelength alignment Linear shift s and stretch/squeeze q pseudo-absorbers (Eqs. 9–11)

and shortwave-infrared spectral ranges, with daily global coverage and a nominal ground pixel size of 5.5× 3.5km2 at nadir

(Veefkind et al., 2012). The high signal-to-noise ratio and dense spatial sampling of TROPOMI make it well suited for the

retrieval of trace gases across a wide range of atmospheric abundances Theys et al. (2017); Loyola et al. (2018); De Smedt

et al. (2018); Garane et al. (2019); Lerot et al. (2021); Liu et al. (2021), and particularly for weak absorbers such as OClO.

Because OClO observations are located at high solar zenith angles, where the radiance is low and the residual structures of the285

DOAS fit are most pronounced, the systematic residual structures discussed in Sect. 2.2 become a leading source of retrieval

uncertainty. This makes the OClO retrieval a representative test case for the four residual-treatment approaches compared in

this study.

The DOAS fit parameters used in the present study are shown in Table 2. All four retrievals share an identical fit configura-

tion, the same spectral fitting window, baseline polynomial, intensity offset correction, spike-removal threshold, and absorption290

cross sections, thus any differences in the retrieved SCDs can be directly attributed to the treatment of the fit residual rather

than to the underlying fit configuration. The cross sections were convolved with the TROPOMI slit function before being used

in the fit, as described in Sect. 2.1.

The retrievals are evaluated on a single representative TROPOMI orbit (orbit 03308, 3 June 2018), and the analysis is

divided into two parts. Sect. 3.1 compares the four retrievals with each other using a spectral fitting window of 344.0–383.0nm,295
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characterising the performance of XDOAS relative to classical DOAS, covariance-weighted DOAS, and PCA-DOAS. Sect. 3.2

then compares the XDOAS retrieval against the S5P-PAL OClO product, using a spectral fitting window of 345.0–389.0nm to

match the fitting window used in S5P-PAL product.

3.1 Evaluation of the XDOAS algorithm

Since the four retrievals share identical fit parameters and differ only in how the fit residual is treated, the comparisons in this300

section isolate the effect of the residual treatment. The four retrievals are evaluated through a set of complementary diagnostics:

the retrieval precision in a clean reference sector (Sect. 3.1.1), the distribution of the retrieval uncertainty (Sect. 3.1.2), the

across-track behaviour of the retrieved SCDs (Sect. 3.1.3), the global spatial fields (Sect. 3.1.4), and the consistency between

the RMS residual and the retrieval uncertainty (Sect. 3.1.5). Each test targets a different aspect of the retrieval, and together

they establish the behaviour of XDOAS relative to the three reference retrievals.305

3.1.1 Retrieval precision in the equatorial clean sector

The equatorial clean sector (latitudes between ±30◦) is a region where the OClO signal can be assumed to be zero, providing a

natural reference in which the retrieval quality can be evaluated without interference from the OClO signal. Within this sector,

the standard deviation of the retrieved SCDs quantifies the 1σ scatter that the spectral fit cannot absorb, which is directly

representative of the random component of the retrieval uncertainty. Figure 1 shows the running 1σ standard deviation of the310

retrieved OClO SCD as a function of latitude for the four retrievals.

Classical DOAS shows a background scatter of approximately 2.85× 1013moleccm−2, resulting from the combined effect

of photon shot noise, residual instrumental structures, and spectral features not captured by the fit, all acting on a uniformly

weighted residual. The three advanced retrievals reduce this to a consistent level between 2.0 and 2.5×1013moleccm−2, with

a clear minimum near the equator where solar radiation and the signal-to-noise ratio of the measured spectra are highest. The315

overall reduction relative to classical DOAS is about 20%, depending on latitude. Within the advanced retrievals, covariance-

weighted DOAS, PCA-DOAS, and XDOAS show comparable scatter across most of the latitude range, with XDOAS consis-

tently at the lower end.

This behaviour is confirmed by the distribution of the retrieved SCDs over the full clean sector, shown in Fig. 2. Classical

DOAS produces a broad distribution with a standard deviation of 2.91× 1013moleccm−2 over the full sector, slightly higher320

than the near-equatorial value of Fig. 1 because the distribution aggregates all latitudes within ±30◦, including those away

from the equator where the scatter is slightly larger. The three advanced retrievals yield distributions that are narrower and

more sharply peaked, all centred on zero as expected in the absence of OClO absorption. Covariance-weighted DOAS and

XDOAS share the same scatter (2.31× 1013moleccm−2) and their distributions are essentially indistinguishable, while PCA-

DOAS is slightly broader (2.37× 1013moleccm−2). The absence of any shift of the peak away from zero confirms that none325

of the advanced retrievals introduces a systematic offset in the retrieved SCDs over the clean sector.

In a region free of OClO absorption, the retrieval scatter is dominated by the random noise of the fit residual. Once the main

systematic structures have been removed, either by fitting them as pseudo-absorbers (PCA-DOAS, XDOAS) or by covariance
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Figure 1. Retrieval precision in the equatorial clean sector (±30◦). Running 1σ scatter of the retrieved OClO SCD as a function of latitude

for the four retrievals.

down-weighting (covariance-weighted DOAS), the remaining scatter is limited by the measurement noise alone, which is the

same for all three advanced retrievals. Their agreement on this test is therefore expected and does not imply that the methods330

are equivalent. The differences between them appear in the tests that probe the quality of the spectral fit more closely, as shown

in the following sections.

3.1.2 Retrieval uncertainty

Figure 3 shows the probability density function of the per-pixel retrieval uncertainty σSCD, derived from the diagonal of the

retrieval covariance matrix, evaluated over the equatorial clean sector. The Full Width at Half Maximum (FWHM) of each335

distribution is used to characterise the typical retrieval uncertainty, as it measures the width around the peak of the distribution

without being affected by the asymmetry towards higher uncertainty values.

Classical DOAS shows a broad, asymmetric distribution that peaks around ∼ 3.5×1013moleccm−2 with a FWHM of 9.6×
1012moleccm−2. The three advanced retrievals shift this distribution towards lower uncertainty values, with FWHM values

of 7.4× 1012moleccm−2 (covariance-weighted DOAS), 7.8× 1012moleccm−2 (PCA-DOAS), and 7.7× 1012moleccm−2340

(XDOAS), a reduction of about 20% relative to classical DOAS. The three advanced distributions are nearly overlapping,

peaking around 2.2× 1013moleccm−2. This reduction is consistent with the improvement in retrieval precision reported in
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Figure 2. Distribution of the retrieved OClO SCD over the equatorial clean sector (±30◦) for the four retrievals. The standard deviation of

each distribution is given in the legend. The dashed vertical line marks zero SCD, the expected value in the absence of OClO absorption.

Sect. 3.1.1, confirming that the lower retrieval uncertainty corresponds to a real improvement in fit quality rather than an

underestimation of the uncertainty.

At first glance, the FWHM values would seem to slightly favour covariance-weighted DOAS, but this result is mislead-345

ing. The lower FWHM of covariance-weighted DOAS arises from how its retrieval uncertainty is computed. The reported

uncertainty of each pixel is the product of two factors: a parameter-dependent term, diag[(B⊤C−1B)−1], which depends on

the design matrix and the common covariance but not on the individual residual, and a pixel-dependent variance built from

the covariance-weighted residual r⊤C−1r rather than from the unweighted RMS. Because the first factor is nearly identical

across the clean-sector pixels, and the second weights the residual by C−1 instead of measuring its unweighted magnitude, the350

reported uncertainty varies much less from pixel to pixel than the unweighted RMS residual does. The retrieval uncertainty

is thus lowered across the whole swath, even for pixels whose unweighted spectral fit quality does not justify it, a point ex-

amined in detail in Sect. 3.1.5. The slightly larger FWHM of XDOAS follows directly from the additional pseudo-absorbers
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Figure 3. Probability density function of the per-pixel retrieval uncertainty σSCD for the four retrievals, evaluated over the equatorial clean

sector.

introduced by the PCA components, which add degrees of freedom to the fit and broaden the uncertainty distribution by a few

percent, while preserving its dependence on the RMS residual of each pixel. PCA-DOAS and XDOAS report nearly identical355

FWHM because both retrievals remove the same systematic structures through the PCA pseudo-absorbers, and their retrieval

uncertainties therefore scale similarly with the RMS residual. The relevant question is therefore not which retrieval produces

the lowest FWHM, but which one produces retrieval uncertainties that are consistent with the spectral fit quality of each pixel,

a question addressed in Sect. 3.1.5.
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Figure 4. Across-track striping over the full orbit (all along-track scanlines, day side, SZA≤ 92◦). Upper panel: median retrieved OClO

SCD as a function of the across-track row. Lower panel: median RMS residual.

3.1.3 Across-track striping360

A well-known challenge in satellite DOAS retrievals from imaging spectrometers is the systematic across-track bias known as

striping. It arises because each across-track row of the two-dimensional detector samples the incoming light through a slightly

different part of the instrument optics and different detector pixels, and therefore has its own instrument spectral response

function, radiometric response, and stray-light contribution. Figure 4 shows the median retrieved OClO SCD (upper panel) and

the median RMS residual (lower panel) as a function of the across-track row for the four retrievals.365
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Classical DOAS shows a pronounced striping pattern in the retrieved SCDs, with median values reaching ∼ 5×1013moleccm−2

at the swath edges and a systematic across-track gradient that drifts towards negative values over the second half of the swath.

This is the characteristic signature of uncorrected detector-row and ISRF variations, which bias the fit differently for each

across-track position. The three advanced retrievals flatten this pattern to a nearly constant level of ∼ 0.5× 1013moleccm−2,

within ±1× 1013moleccm−2, across the whole swath, removing the striping almost entirely. In the SCD field, covariance-370

weighted DOAS, PCA-DOAS, and XDOAS behave almost identically, with no residual striping visible above the pixel-to-pixel

scatter.

The differences among the advanced retrievals emerge in the RMS residual (lower panel), which separates them clearly

into three levels. Classical DOAS lies highest, at about 1.1–1.4× 10−3. Covariance-weighted DOAS occupies an intermedi-

ate level around 7–9× 10−4. PCA-DOAS and XDOAS reach the lowest RMS residual, around 5–6× 10−4, and are almost375

indistinguishable across the swath. These differences are explained by the residual-treatment mechanisms described in Sect. 2.

Covariance-weighted DOAS reduces the influence of the spectral directions that dominate the residual covariance, but does

not remove them from the residual, whereas PCA-DOAS and XDOAS include the dominant cross-track patterns as pseudo-

absorbers and fit them out of the residual entirely. The lower RMS residual of the PCA-based retrievals is the direct consequence

of fitting these structures explicitly rather than leaving them in the residual. The steps in the RMS residual at the extreme swath380

edges, common to all retrievals, correspond to the outermost detector rows, where the spectral smile effect is largest and the

ISRF characterisation is least accurate.

3.1.4 Spatial behaviour

Figure 5 shows the global distribution of the retrieved OClO SCD (top row), the RMS residual (middle row), and the retrieval

uncertainty (bottom row) for the four retrievals.385

Classical DOAS (leftmost column) shows two distinct artefacts in the SCD field. The first is across-track striping at high

northern latitudes, caused by the row-to-row differences in the detector response discussed in Sect. 3.1.3. The second is a

large-scale gradient in the background SCD along the orbit, which changes sign between the two halves of the orbit: the

retrieved background is systematically positive over one half and negative over the other. This pattern follows the change in

viewing geometry and solar illumination along the orbit and is therefore instrumental in origin, unrelated to any real OClO390

signal. Covariance-weighted DOAS (second column) reduces both artefacts and gives a visibly cleaner SCD field, but its RMS-

residual map is still irregular: the reweighting lowers the variability without removing the systematic structures, which stay

in the residual. PCA-DOAS (third column) reduces them further by fitting the main systematic structures out of the residual,

giving cleaner and smoother RMS-residual and retrieval-uncertainty maps. XDOAS (rightmost column) gives an SCD field

that is essentially identical to PCA-DOAS by eye, while its RMS-residual and retrieval-uncertainty maps are the smoothest of395

the four. In the SCD field alone, PCA-DOAS and XDOAS cannot be distinguished, the difference between them appears only

in the RMS–uncertainty consistency examined in Sect. 3.1.5.

The point of this comparison is that the geophysical signal is preserved while the instrumental artefacts are removed. The

main features of the OClO field, the strong activated-chlorine signal over the southern polar vortex and the weak background at

17

https://doi.org/10.5194/egusphere-2026-4360
Preprint. Discussion started: 31 August 2026
c© Author(s) 2026. CC BY 4.0 License.



Figure 5. Global spatial behaviour of the four retrievals. Rows from top to bottom: retrieved OClO SCD, RMS residual, and per-pixel

retrieval uncertainty. Columns from left to right: classical DOAS, covariance-weighted DOAS, PCA-DOAS, and XDOAS.

mid-latitudes, are kept by all four retrievals. Only the PCA-based retrievals, however, combine clean suppression of the striping400

and the along-orbit gradient with smooth RMS-residual and uncertainty maps.

3.1.5 Consistency between RMS residual and retrieval uncertainty

The tests so far have shown that the three advanced retrievals lower the measurement noise (Sect. 3.1.1), narrow the retrieval-

uncertainty distribution (Sect. 3.1.2), remove the across-track striping (Sect. 3.1.3), and give similarly clean spatial fields

(Sect. 3.1.4). On all of these tests, PCA-DOAS and XDOAS are almost identical. The test presented here is the one that405

separates them, and it is therefore the most important comparison of the internal evaluation. It verifies whether the retrieval

uncertainty reported by each method remains consistent with the spectral fit residual that is actually observed. As in the

precision and uncertainty tests, it is evaluated over the equatorial clean sector, where the absence of OClO signal means that

both the RMS residual and the retrieval uncertainty are determined by the noise of the fit alone.

Unlike the spectral-fit R2 of a standard DOAS fit, where a value closer to unity indicates a better fit, the R2 of this consistency410

test must be interpreted differently. Here the two axes are not the model and the data, but the observed residual and the

uncertainty that each method reports for it. A value driven towards unity does not indicate a better retrieval; it indicates that the

reported uncertainty has lost its independence from the residual and has become a deterministic rescaling of it. The quantity

of interest is therefore the balance between the two, not the magnitude of R2. This R2 is specific to the consistency test and

does not qualify the RMS-residual comparisons of Sects. 3.1.3–3.1.4, where a lower residual does indicate a genuinely better415

spectral fit: the RMS residual measures how well the model reproduces the spectrum, whereas the R2 here measures only how

strongly the reported uncertainty is tied to that residual.
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Figure 6. Density of pixels in RMS residual (unweighted) versus retrieval uncertainty over the equatorial clean sector, for the four retrievals.

The red dashed line shows the linear regression, with the slope and R2 in the legend.

Two quantities are compared. The RMS residual on the x–axis is the unweighted root-mean-square of the spectral fit residual,

RMS =
√∑

i r
2
i /N , computed in the same way for all four retrievals. It measures directly how much of the measured optical

depth the fit failed to explain. The retrieval uncertainty on the y–axis is the square root of the diagonal of the fit covariance420

matrix. For classical DOAS and PCA-DOAS this uncertainty is computed from the same unweighted residual, whereas for

covariance-weighted DOAS and XDOAS it is computed from the residual weighted by the inverse noise covariance C−1.

For the covariance-based retrievals, the two axes therefore measure the residual in different ways. The dispersion around the

regression line then measures how closely the retrieval uncertainty of each pixel follows its unweighted RMS residual: a small

but non-degenerate spread indicates an uncertainty that stays consistent with the residual actually observed. This spread arises425

because the reported per-pixel uncertainty depends not only on the residual magnitude but also on the geometric sensitivity term

diag[(B⊤C−1B)−1], which varies from pixel to pixel; two pixels with the same RMS residual can therefore carry different,

correctly sized uncertainties. There is accordingly no target value of R2, and a lower R2 is not by itself better; the criterion for

a correctly sized uncertainty is χ2
red ≈ 1 (Sect. 3.2.5), not the magnitude of R2. Figure 6 shows the density of pixels for the

four retrievals, together with the slope and the R2 of the regression.430

The most important quantity in this test is not the slope of the regression, which is essentially the average geometric sensi-

tivity of the fit, nor the presence of a linear correlation, but the dispersion of the pixels around the regression line, summarised

by R2.

Classical DOAS (Fig. 6, leftmost panel) shows an exact linear correlation, with a slope of 3.82×1016 and R2 = 1.0000. This

perfect correlation is not a sign of quality but a trivial consequence of the calculation. In the absence of covariance weighting,435

the retrieval uncertainty is computed from the same unweighted residual that defines the RMS, and the two axes therefore carry
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the same information. Classical DOAS is the baseline case, in which the reported uncertainty follows the RMS residual by

definition.

Covariance-weighted DOAS (second panel) loses this consistency completely. The points scatter away from the regression

line and collapse into a nearly flat band, with R2 dropping to 0.002. The regression slope falls to 4.75× 1014, almost two440

orders of magnitude below that of the other retrievals, because the reported uncertainty has become nearly constant across

pixels and no longer depends on the RMS residual at all. In the clean sector, where there is no OClO signal, the covariance

weighting lowers the uncertainty of every pixel to a similar value regardless of its actual residual, and a pixel with a large

RMS residual can be assigned the same uncertainty as a pixel with a small one. This is the origin of the smaller FWHM found

for covariance-weighted DOAS in Sect. 3.1.2: the lower FWHM is not a sign of better precision, but the result of a retrieval445

uncertainty compressed to a nearly constant value that no longer tracks the spectral fit quality of each pixel. This is the main

reason not to use covariance-weighted DOAS on its own.

PCA-DOAS (third panel) recovers a linear correlation, with a slope of 3.89× 1016 and R2 = 0.991. In this consistency

test, however, a near-perfect correlation is not the desired outcome. The retrieval uncertainty should not be a deterministic

rescaling of the RMS residual; it should also reflect how well each fit constrains the slant column, and therefore retain some450

pixel-to-pixel variability that is independent of the residual magnitude alone. Because PCA-DOAS adds the leading residual

components as pseudo-absorbers in an unweighted fit, the same components that lower the residual also lower the reported

uncertainty together with it. The correlation tightens towards unity precisely because the uncertainty has lost its independence

from the residual, which is the signature of the PCA pseudo-absorbers having absorbed part of the random noise, not only the

systematic structures. On average the fit is correct, but the retrieval uncertainty is no longer an independent measure of the fit455

quality.

XDOAS (rightmost panel) shows the behaviour expected of a consistent fit, a clean linear correlation with a comparable

slope (3.84× 1016, close to PCA-DOAS because both retrievals use the PCA pseudo-absorbers to fit the systematic structures

out of the residual), but with R2 = 0.977, slightly below that of PCA-DOAS. This lower value is not a worse one: it reflects that

the random noise is no longer absorbed into the fitted components, leaving a moderate pixel-to-pixel spread. This test alone,460

however, cannot establish whether that spread corresponds to a correctly sized uncertainty or is merely additional scatter; that

question is settled by the independent reduced-χ2 calibration of Sect. 3.2.5 (Fig. 12), which compares the reported uncertainty

against the observed clean-sector scatter and yields χ2
red ≈ 1 for XDOAS. The regularisation of the covariance along the direc-

tions of the PCA pseudo-absorbers (Eq. 25) keeps the weighted uncertainty close to the unweighted RMS residual, preventing

the decoupling seen in covariance-weighted DOAS, while the explicit fitting of the systematic structures prevents the rigid,465

over-tight correlation of PCA-DOAS. The retrieval uncertainty of XDOAS is neither compressed to a constant value nor fixed

to the RMS residual, but follows the spectral fit quality of each pixel with the dispersion that a real fit should have.

This balanced behaviour is the main characteristic of XDOAS and the reason to prefer it over either of the individual ap-

proaches. The key point is that XDOAS achieves this consistency without sacrificing performance on any other test: it matches

the best individual retrieval everywhere else, and is the only method that also keeps the retrieval uncertainty consistent with470

the observed scatter, as verified quantitatively by the reduced-χ2 calibration of Sect. 3.2.5. Its precision is comparable to
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that of covariance-weighted DOAS and PCA-DOAS (Sect. 3.1.1), its retrieval-uncertainty narrowing is comparable to that

of PCA-DOAS (Sect. 3.1.2), and it removes the striping as effectively as PCA-DOAS does (Sect. 3.1.3). On this test, which

measures whether the retrieval uncertainty stays consistent with the observed residual, the three advanced retrievals sepa-

rate clearly. Covariance-weighted DOAS gives uncertainties that are independent of the residual (R2 = 0.002), PCA-DOAS475

gives uncertainties that are tied too rigidly to the residual because the PCA pseudo-absorbers fit out part of the random noise

(R2 = 0.991), and XDOAS gives uncertainties that follow the spectral fit quality of each pixel with a moderate pixel-to-pixel

spread (R2 = 0.977). Read against what a consistent uncertainty estimate requires, rather than as a goodness-of-fit ranking,

these values show that XDOAS provides the most balanced relationship between residual magnitude and retrieval uncertainty.

Already at this stage, before any comparison with the S5P-PAL product, this balance points to the quality of XDOAS.480

3.2 Comparison against the S5P-PAL product

The evaluation of Sect. 3.1 has shown that XDOAS is the best behaved of the four retrievals on its own terms: it combines

the ability of PCA-DOAS to fit the systematic structures out of the residual with the lower measurement noise common

to all advanced retrievals, while avoiding the two problems seen in the RMS–uncertainty relationship: the underestimated

uncertainties of covariance-weighted DOAS and the overfitting of PCA-DOAS. These advantages are now tested against an485

independently developed reference, by comparing the XDOAS retrieval with the S5P-PAL OClO product (Meier et al., 2024).

For the comparison to be consistent, both products use the same DOAS fit parameters. The XDOAS retrieval is run on

the same TROPOMI input data as the S5P-PAL product, with the same spectral fitting window (345.0–389.0nm), the same

baseline polynomial (order 5), and the same cross sections. Both products are filtered in the same way, by solar zenith angle

(SZA≤ 92◦) and valid values only, with no quality-flag screening applied to either, so that the two algorithms are compared490

on equal terms.

The two retrievals differ in how the systematic residual structures are treated. The S5P-PAL product treats them after the fit:

it includes empirical pseudo-absorbers derived from the mean residual to correct the negative biases at high latitudes, together

with an explicit destriping and offset correction over the equatorial Pacific (Meier et al., 2024). XDOAS does not apply any of

these post-processing steps. The same systematic structures that these corrections address, including the across-track striping,495

are fitted out of the residual within the DOAS fit itself, through the PCA pseudo-absorbers and the regularised covariance.

The comparison therefore contrasts two ways of treating the systematic residual structures: an empirical post-correction in

S5P-PAL, and an in-fit treatment in XDOAS. Any systematic difference between the two products can then be attributed to this

difference in the residual treatment and not to the fit parameters.

3.2.1 Global agreement500

Figure 7 shows the pixel-to-pixel correlation between the XDOAS and S5P-PAL OClO SCDs, for the full orbit and separated

into two regions: the equatorial clean sector, where there is no OClO signal, and the southern polar vortex, where the signal is

strong.
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Figure 7. Pixel-to-pixel correlation between the XDOAS and S5P-PAL OClO slant column densities. Left: full orbit. Centre: equatorial clean

sector (|lat| ≤ 30◦). Right: southern polar vortex (lat≤−55◦). The dashed line is the 1:1 reference, the red line is the linear regression.

Over the full orbit, the two retrievals agree with an R2 of 0.922, a regression slope of 1.065, and an intercept of 2.07×
1012moleccm−2. This global slope above the 1:1 line does not, however, describe the agreement in the same way across the505

orbit, as the two regional correlations show. In the southern polar vortex, where the OClO signal is strong, the agreement is

almost exact, the slope is 1.024 and the R2 is 0.946, so XDOAS and S5P-PAL recover the same SCDs where the signal is

largest, which is the most relevant condition for OClO. In the equatorial clean sector, where there is no OClO signal, the slope

flattens to 0.61 and the R2 drops to 0.434. This is expected in the absence of signal, the correlation is between the scatter of

one product and the scatter of the other around zero, not between a real signal common to both, so the slope and the R2 lose510

their usual meaning. The empirical offset and destriping that S5P-PAL applies to the background, which XDOAS does not,

add to this difference in the clean sector. The global slope of 1.065 is therefore not a uniform 6.5% difference in the retrieved

SCDs, but the result of combining the signal-free background, where the correlation decreases, with the vortex, where the two

products agree almost exactly.

The distribution of the per-pixel difference ∆SCD=XDOAS−S5P-PAL, shown in Fig. 8, confirms that the absolute515

difference between the two products is small. The distribution peaks close to zero, with a median difference of 1.05×
1012moleccm−2, a mean of 2.15×1012moleccm−2, and a standard deviation of 7.38×1012moleccm−2. The median differ-

ence is therefore about one order of magnitude below the typical retrieval uncertainty of each product (∼ 2×1013moleccm−2,

Sect. 3.1.2) and about two orders of magnitude below the range of the polar OClO signal (∼ 1014moleccm−2). For reference,

a Gaussian of equal mean and standard deviation is also shown, the measured distribution does not need to agree with it, and520

indeed it is slightly asymmetric towards positive values, with the mean larger than the median, which is the signature of the

small excess of positive values. This small offset comes from the slightly larger fraction of systematic residual structure that

XDOAS fits out, and it is well below the noise of each retrieval.
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Figure 8. Distribution of the per-pixel difference between the XDOAS and S5P-PAL OClO slant column densities. The dashed line is a

Gaussian of equal mean and standard deviation, shown for reference.

3.2.2 Latitudinal consistency

The global agreement does not show where, along the latitude structure of the OClO field, the small differences arise. Figure 9525

shows the zonal-mean OClO SCD as a function of latitude for both retrievals, with shaded bands for the 1σ scatter of the pixels

in each latitude bin.

The two zonal-mean curves overlap across the whole latitude range. In the mid-latitude background (about −50◦ to +50◦),

both retrievals scatter around zero with a 1σ band of a few 1012moleccm−2 that is the same for the two products, which

confirms that the small positive offset seen in the global agreement (Sect. 3.2.1) is not located in any particular latitude band,530

but is the uniform result of the difference in the residual treatment. Over the Antarctic polar vortex (south of about −55◦), the

two curves increase together to values above 2× 1014moleccm−2, with XDOAS and S5P-PAL following each other within

their 1σ bands across the full SCD range. This shows that the geophysical content of the S5P-PAL product is preserved by

XDOAS where the OClO signal is largest.
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Figure 9. Zonal-mean OClO slant column density as a function of latitude for XDOAS (blue) and S5P-PAL (orange). The shaded bands

show the 1σ scatter of the pixels in each latitude bin.

A further point can be made in the northern high latitudes (about +50◦ to +85◦), where the orbit crosses the day-night535

boundary and the radiance drops sharply. Here the XDOAS 1σ uncertainty is visibly larger than that of the S5P-PAL product,

which at first sight might suggest that XDOAS performs worse. The opposite is true. The larger XDOAS 1σ uncertainty

correctly propagates the larger residual scatter near the day-night boundary, in line with the RMS–uncertainty consistency

of Sect. 3.1.5. The smaller S5P-PAL 1σ uncertainty is consistent with the pattern seen in the uncertainty maps of Fig. 11,

where the S5P-PAL uncertainty appears smaller than the observed scatter of these pixels. The two retrievals agree within their540

uncertainties, but the two are not equivalent: the XDOAS 1σ uncertainty tracks the observed scatter of the slant columns in this

challenging illumination regime, whereas the S5P-PAL uncertainty appears smaller than the observed scatter would suggest.

3.2.3 Stability under extreme optical paths

The solar zenith angle is a direct measure of the geometric difficulty of the retrieval: at high SZA the light path through the

atmosphere is long, the signal-to-noise ratio of the measured radiance drops, and any systematic structure not described by the545
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Figure 10. Median RMS residual as a function of solar zenith angle for XDOAS (blue) and S5P-PAL (orange).

fit model contributes more strongly to the residual. Figure 10 shows the median RMS residual as a function of SZA for both

XDOAS and S5P-PAL.

The two curves are close up to about SZA = 75◦, where the RMS residual is dominated by photon shot noise and both

retrievals are stable. Beyond about 80◦, where the radiance drops by more than one order of magnitude and the residual

is increasingly dominated by stray-light and ISRF structures, the XDOAS curve stays below the S5P-PAL curve, with the550

difference growing as the SZA approaches the day-night boundary. By fitting the systematic residual structures out through the

PCA pseudo-absorbers and down-weighting the random part through the regularised covariance, XDOAS maintains the RMS

residual lower exactly where the S5P-PAL product is most affected by systematic structures. Since polar chlorine activation is

observed mostly under low-illumination conditions, the lower RMS residual of XDOAS in this range is directly relevant for

OClO measurements.555

3.2.4 Spatial distribution and differences

Figure 11 shows the spatial maps of the OClO SCD (top row), the RMS residual (middle row), and the retrieval uncertainty

(bottom row) for XDOAS (left column) and S5P-PAL (middle column), together with their difference (right column).
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Figure 11. Spatial distribution and differences between XDOAS and S5P-PAL. Columns from left to right: XDOAS, S5P-PAL, and the

difference (XDOAS−S5P-PAL). Rows from top to bottom: OClO SCD, RMS residual, and retrieval uncertainty.

The SCD fields of XDOAS and S5P-PAL show no visible difference, both products reproduce the strong OClO signal of

the activated Antarctic vortex and the low background at lower latitudes. The difference map (top-right) shows a small positive560

signal over the polar vortex, consistent with the slope above the 1:1 line in Fig. 7, and a near-zero background elsewhere, with

no systematic latitudinal or longitudinal structure outside the polar regions. This is the expected behaviour for two retrievals

that share the same fit parameters and differ only in the residual treatment: the geophysical content is recovered in the same

way, and the residual treatment changes the result only where the systematic structures contribute significantly.

The RMS residual maps (middle row) show a systematic improvement of XDOAS over S5P-PAL. The XDOAS RMS field565

is lower than the S5P-PAL field across the whole orbit, and the difference is most visible at high northern latitudes where the

orbit crosses the day-night boundary. The difference map (middle-right) is mostly negative (XDOAS below S5P-PAL), which

confirms that XDOAS fits out a larger fraction of the systematic residual structure. This is consistent with the contrast described

above: XDOAS fits the across-track structures out of the residual within the fit, while the S5P-PAL RMS field still contains the

structures that its destriping corrects only afterwards, in the retrieved SCD. The retrieval uncertainty maps (bottom row) show570

the same pattern. The XDOAS uncertainty field is smooth and even, while the S5P-PAL field is noisy at high latitudes, and
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this noise carries through to uncertainty over the whole orbit. The difference map (bottom-right) is small but follows a spatial

pattern, which shows that the regularised covariance of XDOAS removes the pixel-to-pixel uncertainty fluctuations that the

S5P-PAL product passes on to its uncertainty estimate.

Together, the maps confirm what the previous comparisons have shown XDOAS agrees with the S5P-PAL product across575

the whole orbit and over the polar vortex, while giving a smoother RMS residual and retrieval uncertainty field, most of all

where the illumination is low and the OClO signal is measured.

3.2.5 Consistency of the reported uncertainty

The comparisons above establish that XDOAS and S5P-PAL recover the same geophysical signal. A separate and complemen-

tary question is whether the uncertainty that each product reports is consistent with the actual scatter of its slant columns. This580

is the calibration of the retrieval uncertainty, and it is independent of the agreement between the two products: two retrievals

can recover the same columns while characterising their uncertainty differently.

To assess this without relying on the internal definition of the residual of either product, we use the observed pixel-to-pixel

scatter of the slant columns over the equatorial clean sector (−30◦ to +30◦) as a neutral reference. In this sector the OClO

column is close to zero, and the scatter of the retrieved SCDs is governed by noise alone and provides a direct, product-585

independent measure of the true retrieval scatter. For each product we compute the reduced chi-square

χ2
red =

〈(
S− S̃

)2

σ2

〉
, (27)

where S is the retrieved SCD, S̃ its median over the sector, and σ the reported retrieval uncertainty. A value χ2
red ≈ 1 indicates

that the reported uncertainty matches the observed scatter, χ2
red > 1 indicates that the uncertainty is underestimated, i.e. the

columns scatter more than their reported error bars allow. The same clean-sector mask is applied to each product over its own590

pixels, and the metric compares each reported uncertainty against the scatter of the same geophysical region.

Figure 12 shows the consistency of the retrieval uncertainty over the equatorial clean sector. For XDOAS the reduced chi-

square stays close to unity across all latitude bins (between about 0.97 and 1.02). The obtained uncertainty therefore follows the

observed scatter throughout the sector. The left panel shows the same behaviour directly: the observed scatter and the obtained

uncertainty of XDOAS overlap at all latitudes. The S5P-PAL product, in contrast, has a reduced chi-square systematically595

above unity (between about 1.1 and 1.45), and its reported uncertainty lies below the observed scatter throughout the sector.

This corresponds to an underestimation of the retrieval uncertainty by roughly 10 to 20%, increasing towards the higher

latitudes of the sector, where the solar zenith angle grows and the spectral fit quality begins to degrade. In absolute terms the

observed scatter of S5P-PAL is in fact somewhat lower than that of XDOAS across most of the sector (left panel, solid curves),

making S5P-PAL marginally more precise there; this does not affect the calibration result, since the reduced chi-square tests600

whether the reported uncertainty of each retrieval matches its own observed scatter, not which retrieval scatters less.

This confirms the consistency test of Sect. 3.1.5: the XDOAS uncertainty tracks the residual scatter of each pixel, while the

S5P-PAL uncertainty does not increase enough where the scatter grows. This result supports the interpretation of the high-
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Figure 12. Consistency of the retrieval uncertainty over the equatorial clean sector. Left: running 1σ observed scatter of the slant columns

(solid) and median reported uncertainty (dashed) as a function of latitude, for XDOAS (blue) and S5P-PAL (orange). Right: reduced chi-

square in 5◦ latitude bins, the dotted line marks χ2
red = 1 (reported uncertainty equal to observed scatter).

latitude behaviour discussed in Sect. 3.2.4, where the wider XDOAS uncertainty was shown to reflect the larger residual scatter

rather than a loss of precision. This metric characterises the consistency of the reported uncertainty rather than the accuracy of605

the retrieved columns. The latter was shown to agree between the two products in the previous comparisons. A full evaluation

of its temporal stability is beyond the scope of the present study and will be addressed in future work.

4 Conclusions

The treatment of the fit residual is the central problem of classical DOAS retrievals. At the precision of modern satellite

instruments such as TROPOMI, the residual of a classical fit is no longer an approximately white background: it splits into610

systematic structures of physical and instrumental origin and a correlated random noise. The classical fit treats both in the

same way, which is its main limitation. Two approaches have been proposed in the recent DOAS literature, each addressing the

problem from a different angle: covariance-weighted DOAS reweights the spectral fit using the residual covariance matrix of a

reference ensemble, while PCA-DOAS adds the leading PCA components of that same ensemble to the fit matrix, which fit the

systematic residual structures out of the residual explicitly. Each approach corrects part of the limitation of classical DOAS,615

but each shows a weakness when used alone, as this study shows.

XDOAS combines covariance weighting and PCA-based residual correction within a single consistent linear formulation.

The central idea is the regularised covariance of Eq. (25), which replaces the variance along the PCA directions by a common

background-noise level and reweights only the remaining correlated noise. The systematic and random parts of the residual are

addressed by separate mechanisms acting on separate parts of the residual: the PCA components fit the systematic structures out620

of the residual, while the regularised covariance down-weights the remaining correlated noise. Classical DOAS, covariance-
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weighted DOAS, and PCA-DOAS are singular cases of this more general formulation (Table 1, Sect. 2.5), which makes

XDOAS a unifying framework rather than a fourth alternative.

The evaluation of the OClO retrievals against the three reference retrievals of the DOAS family (Sect. 3.1), performed

on TROPOMI/S5P data with identical fit parameters for the four algorithms, gives a consistent picture of the advantages of625

the unified retrieval. The precision of XDOAS is comparable to that of covariance-weighted DOAS and PCA-DOAS in the

equatorial clean sector and improves by about 20% over classical DOAS (Sect. 3.1.1). The retrieval-uncertainty distribution is

narrowed by about 20% in FWHM relative to classical DOAS, with a FWHM essentially identical to PCA-DOAS and slightly

higher than that of covariance-weighted DOAS, whose lower FWHM does not correspond to a real improvement (Sect. 3.1.5).

The across-track striping of classical DOAS is removed to within ±1× 1013moleccm−2 by the three advanced retrievals, and630

within this group XDOAS and PCA-DOAS reach the lowest RMS residual across the swath (Sect. 3.1.3). The spatial fields of

SCD, RMS residual, and retrieval uncertainty are the smoothest of the family for XDOAS (Sect. 3.1.4).

The test that separates the four retrievals is the consistency between the RMS residual and the retrieval uncertainty (Sect. 3.1.5),

evaluated over the equatorial clean sector. Classical DOAS shows an exact linear correlation (R2 = 1.000), which is not a sign

of quality but a trivial consequence of computing the uncertainty from the same unweighted residual that defines the RMS.635

Covariance-weighted DOAS loses this consistency completely: the points collapse into a nearly flat band (R2 = 0.002, slope

falling to 4.75× 1014), because the covariance weighting lowers the uncertainty of every pixel to a similar value regardless of

its actual residual, which exposes the lower FWHM of Sect. 3.1.2 as an artefact rather than a real improvement. PCA-DOAS

recovers an almost perfect correlation (R2 = 0.991), with hardly any pixel-to-pixel dispersion, because the PCA components

fit out part of the random noise together with the systematic structures and the uncertainty becomes fixed to the RMS residual.640

XDOAS provides the most balanced relationship between residual magnitude and retrieval uncertainty: a clean linear corre-

lation with a moderate pixel-to-pixel spread (R2 = 0.977, below that of PCA-DOAS). The retrieval uncertainty of XDOAS is

neither compressed to a constant value nor fixed to the RMS residual, but follows the spectral fit quality of each pixel. Each

of the reference methods improves one aspect of classical DOAS but has a weakness when used alone: covariance weighting

lowers the measurement noise but decouples the uncertainty from the residual, and the PCA components fit out the systematic645

structures but also fit out part of the random noise, fixing the uncertainty to the residual. XDOAS is the only retrieval that

combines the strengths of both, the lower noise of covariance weighting and the explicit correction of systematic structures of

PCA, without taking on the weakness of either, because it applies a different method to each part of the residual. This is the

advantage of XDOAS over the other three retrievals.

The comparison against the S5P-PAL OClO product (Sect. 3.2) confirms that these advantages carry over to a product that650

agrees with an independently developed reference. XDOAS is run with the same TROPOMI input data, the same spectral fitting

window, the same baseline polynomial, and the same cross sections as the S5P-PAL product, and both products are filtered in

the same way, so that they differ only in how the systematic residual structures are treated: within the fit in XDOAS, through the

PCA pseudo-absorbers and the regularised covariance, and through empirical pseudo-absorbers and an explicit destriping after

the fit in S5P-PAL. The two products agree closely (R2 = 0.922, slope 1.065, median difference 1.05×1012moleccm−2, about655

one order of magnitude below the typical retrieval uncertainty of either product), and the latitudinal comparison (Sect. 3.2.2)

29

https://doi.org/10.5194/egusphere-2026-4360
Preprint. Discussion started: 31 August 2026
c© Author(s) 2026. CC BY 4.0 License.



shows that this small difference is uniform across the background and that the strong polar-vortex signal is reproduced by the

two products within their respective uncertainty bands. The two products are therefore comparable in the columns themselves;

over the clean sector S5P-PAL even shows slightly lower scatter, and XDOAS does not claim an improvement in SCD accuracy.

Its advantages appear in the other diagnostics. The reported uncertainty of XDOAS is consistent with the observed clean-sector660

scatter (reduced chi-square close to unity), whereas the S5P-PAL uncertainty underestimates it by roughly 10 to 20% (reduced

chi-square between about 1.1 and 1.45, Sect. 3.2.5). The RMS residual of XDOAS is lower across the swath and its uncertainty

field is smoother, and under extreme optical paths (Sect. 3.2.3) this RMS gain grows with SZA, with the largest improvement

near the day-night boundary where polar chlorine activation is observed. All of this follows from how the residual is treated:

XDOAS handles the systematic structures and the random noise within the fit, through a basis derived from the measured665

residuals of each orbit, rather than through the fixed empirical corrections and destriping that S5P-PAL applies afterwards.

Because this basis adapts to the conditions of each acquisition, independently of the target absorption, the retrieved SCD, the

RMS residual, and the uncertainty remain consistent with one another. The present comparison is based on a single TROPOMI

orbit, chosen to illustrate the behaviour of the four retrievals and of XDOAS against S5P-PAL under representative conditions;

a multi-orbit and multi-season evaluation of the temporal stability of the product is the subject of ongoing work.670

OClO is the most reliable optical tracer of activated chlorine in the polar stratosphere, and its retrieval from satellite is

limited to the low-illumination conditions of polar winter and early spring, where the residual of a DOAS fit is most affected by

systematic instrumental structures. By fitting these structures out of the residual through the PCA components and recovering

an uncertainty that follows the spectral fit quality through the regularised covariance, XDOAS lowers the RMS residual exactly

in this range and gives an uncertainty that can be trusted pixel by pixel. This is useful for OClO, where the signal is weak675

and the conditions are difficult, and where a reliable uncertainty helps to separate a real chlorine activation signal from the

residual scatter. The comparison with the S5P-PAL product shows that these gains are obtained without applying empirical post-

processing corrections. XDOAS agrees with the S5P-PAL product across the orbit and over the polar vortex, while showing a

lower RMS residual and a reported uncertainty that remains consistent with the observed scatter of the slant columns, where

the S5P-PAL uncertainty is underestimated.680

XDOAS is the baseline algorithm for the operational OClO product of the Copernicus Sentinel-5 mission, within the At-

mospheric Composition Satellite Application Facility (AC-SAF) of EUMETSAT. Because XDOAS fits the systematic residual

structures out of the residual explicitly and recovers an uncertainty that follows the spectral fit quality of each pixel, it is well

suited to deliver a stable and well characterised OClO record over the lifetime of the mission. Another practical advantage of

XDOAS is that, with an appropriately chosen reference region for the covariance and PCA components, the dominant across-685

track structures are fitted out within the retrieval itself, removing the need for a separate destriping step. This simplifies the

implementation in operational ground segments.

Although XDOAS has been applied here for OClO, the method is general and can be applied to any trace gas with narrow

absorption bands in the ultraviolet or visible. XDOAS works on the fit residual and not on the specific absorber: the systematic

structures are fitted out of the residual through the PCA components, and the remaining correlated noise is down-weighted690

by the regularised covariance, independently of which gas is being retrieved. This makes XDOAS especially well suited to
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extreme viewing geometries typical in geostationary sounders, such as Sentinel-4, GEMS, and TEMPO, whose dense temporal

sampling over the mid-latitudes is particularly valuable for species with a strong tropospheric signal such as NO2 and volatile

organic compounds (e.g. CHOCHO and HCHO). These applications are the subject of ongoing work.

Appendix A: Statistical derivation of the XDOAS estimators695

This appendix develops the statistical reasoning behind the four retrievals introduced in Sect. 2. The main text presents the

estimators in the form actually used by the algorithm; here we make explicit the error model, the assumptions, and the steps

that connect classical least squares to the regularised covariance-weighted fit of XDOAS. None of this is required to apply the

method, but it clarifies why each estimator takes the form it does and under which conditions it is valid.

A1 Data model and the two error contributions700

The starting point is the linearised data model of Eq. (4),

τ δ =Bβ† + δ, (A1)

where β† is the (unknown) true state vector and δ ∈ RM is the data error, i.e. everything in the measured optical depth that the

forward model Bβ does not represent. Following Eq. (15), the data error is split into a systematic and a random part,

δ = δsys + δrnd, E[δrnd] = 0, E[δ] = δsys. (A2)705

The systematic part δsys collects reproducible structures of physical or instrumental origin (residual stray light, ISRF mismatch,

across-track artefacts, undersampling), which recur with a stable spectral shape across many observations. The random part

δrnd is zero-mean but, for a hyperspectral instrument, is not spectrally white: it is correlated over several detector pixels,

and is characterised by its covariance Cov(δrnd) = E[δrndδ⊤rnd]. The four retrievals differ only in how they treat these two

contributions.710

A2 From ordinary to generalized least squares

The ordinary least-squares (OLS) estimator of Eq. (6) minimises the unweighted sum of squared residuals, 1
2∥Bβ−τ δ∥22. This

is the maximum-likelihood estimator when the data error is white, i.e. when Cov(δ) = σ2IM . When instead the data error has

a known covariance Cδ , the Gauss–Markov theorem states that the best linear unbiased estimator (BLUE) is the generalized

least-squares (GLS) solution, obtained by minimising the Mahalanobis distance715

FGLS(β) =
1
2

(
Bβ− τ δ

)⊤
C−1

δ

(
Bβ− τ δ

)
, (A3)

whose stationarity condition ∂FGLS/∂β = 0 gives the normal equations B⊤C−1
δ B β̂ =B⊤C−1

δ τ δ and hence Eq. (14). The

OLS estimator is the special case Cδ = IM : uniform weighting assumes, implicitly, that all spectral directions carry indepen-

dent errors of equal variance. For a modern hyperspectral instrument this assumption is not met, which is the formal reason

classical DOAS leaves correlated residual structure unexploited.720
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A3 The residual as a proxy for the data error

In practice Cδ is unknown and must be estimated. The only quantity available after a fit is the residual of Eq. (7), r= τ δ−Bβ̂.

Substituting the data model (A1) gives the exact relation of Eq. (8),

r= δ+B
(
β† − β̂

)
. (A4)

The residual therefore equals the data error plus a contribution from the fit error β† − β̂ projected through B. The central725

approximation enabling the empirical approach is

(A1) Accurate pre-fit. If the preliminary fit removes the modelled absorber and broadband signals well, the fit error is small,

β̂ ≈ β†, so that r≈ δ and the statistics of the residual ensemble reproduce those of the data error.

Under (A1), an ensemble of Nref residuals rn collected over a clean reference scene yields the empirical estimates of

Eq. (16): the mean residual r and the covariance C. Two further assumptions are needed for these estimates to be meaningful730

for an arbitrary retrieval pixel:

(A2) Representativeness / stationarity. The error statistics of the reference ensemble are sufficiently similar to those of the

spectra to which the correction is applied; i.e. r and C are approximately stationary between the ensemble and the

retrieval.

(A3) Target-gas exclusion. The target absorption is not significantly present in the reference ensemble, so that neither r nor C735

contains the signal of interest. Otherwise the correction would remove part of the true column (target-signal absorption);

this motivates the clean-sector pre-fit and, for strong-background absorbers, the adaptive step of Sect. 2.4.1.

Because the mean is subtracted in Eq. (16), C estimates the covariance of the fluctuating part of the residual. Combining

this with the decomposition (A2) gives the identifications used throughout the main text,

rsys ≈ r, Cov(δrnd)≈C. (A5)740

A4 Covariance-weighted DOAS as GLS with the estimated covariance

Covariance-weighted DOAS applies the GLS estimator (A3) with the unknown Cδ replaced by its empirical estimate C. The

systematic structure is not down-weighted but modelled: the mean residual r is appended to the fit matrix as a pseudo-absorber

(Eq. 17). Its amplitude is left free through a coefficient cR because, while the shape of the systematic structure is reproducible

(assumption A2), its amplitude varies from observation to observation; fixing it to the ensemble value would over- or under-745

correct individual spectra. The resulting estimator is Eq. (18).

A5 PCA-based correction and the variance interpretation

The PCA-based correction instead represents the systematic structure explicitly through the leading eigenvectors of C. Since

C is symmetric and positive semi-definite, it admits the orthonormal eigendecomposition of Eq. (19), with v⊤
i vj = δij . Ex-
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panding a centred residual in this basis, rn − r=
∑

kαnkvk with αnk = v⊤
k (rn − r), and using orthonormality, the ensemble750

variance of the k-th coefficient is

Var(α·k) = v⊤
k Cvk = λk. (A6)

Each eigenvalue is therefore the variance of the residual ensemble along its eigenvector, and the leading K directions are those

along which the residual varies most. These K eigenvectors are added to the fit as pseudo-absorbers (Eq. 20) and fitted by

OLS. Two assumptions govern this step:755

(A4) Low-rank systematic structure. The systematic part of the residual is well approximated by the span of the first K

eigenvectors, rsys ≈
∑K

k=1 ckvk, with K ≪M .

(A5) Choice of K. K is chosen large enough to capture the dominant structures but small enough to avoid absorbing physical

signal (overfitting). In practice K is a fixed configuration parameter of the retrieval, with the eigenvalue spectrum λ1 ≥
·· · ≥ λM providing guidance on how many components carry significant residual variance. For the OClO retrieval,760

K = 4 is used (Sect. 2.4); increasing K beyond this value produced no appreciable further reduction of the residual or

change in the retrieved SCDs.

PCA-DOAS is fitted by OLS rather than GLS by design: it isolates the effect of modelling the systematic structures, leaving

the weighting of the random part to the covariance-based retrievals. Weighting the PCA fit with the full C would suppress

the explicitly fitted directions a second time (see Sect. A6), which is precisely the redundancy that the regularised XDOAS765

covariance is constructed to avoid.

A6 Why the XDOAS covariance must be regularised

XDOAS combines both treatments: the systematic structure is modelled by the mean residual and the leading K eigenvectors

(Eq. 23), while the remaining random error is down-weighted by a covariance. The natural weighting matrix would be the

covariance of the part of the residual not already in the fit matrix,770

Cov(δrnd)
∣∣∣
k>K

=

M∑

k=K+1

λkvkv
⊤
k . (A7)

This matrix has rank M −K: it is identically zero along v1, . . . ,vK and therefore singular whenever K > 0. Its inverse does

not exist, so it cannot be used directly as a GLS weighting matrix. The retrieval resolves this by replacing the variance along

the first K directions with a common background level rather than zero,

σ2
noise =

1

M −K

M∑

k=K+1

λk, (A8)775

yielding the regularised covariance Creg and its inverse C−1
reg of Eq. (25). Two remarks make the nature of this step precise:
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Table A1. The reference retrievals as limiting cases of the XDOAS estimator of Eq. (26). K is the number of PCA pseudo-absorbers and W

the weighting matrix (Creg with the stated choice).

Retrieval K W Treatment

Classical DOAS 0 IM none

Covariance-weighted 0 C random part only

PCA-DOAS > 0 IM systematic part only

XDOAS > 0 Creg both, no double counting

(A6) Modelling assumption, not estimation. The replacement λk → σ2
noise for k ≤K is a modelling choice. It is not implied by

estimation theory; its role is to keep Creg positive-definite and invertible while assigning to the explicitly fitted directions

only the residual background-noise variance, rather than the large variances λk that those directions carry in C.

(A7) Avoidance of double suppression. Leaving the original large λk (k ≤K) in the weighting matrix would penalise the very780

directions already represented in BX, suppressing them once through the fit and once through the weighting. Flattening

these eigenvalues to σ2
noise removes that redundancy.

With C−1
reg defined, the XDOAS estimate is the GLS solution of Eq. (26). The construction guarantees that the two mech-

anisms act on disjoint parts of the residual: the pseudo-absorbers in BX remove the systematic structures (directions k ≤K

plus the mean), while C−1
reg shapes the weighting of the correlated random noise that remains (directions k >K).785

A7 The reference methods as limiting cases

The estimator (26) reproduces the three reference retrievals for particular choices of K and of the weighting matrix, summarised

in Table A1. This is the formal statement of the unifying property discussed in Sect. 2.5: classical, covariance-weighted, and

PCA-DOAS are not separate algorithms but special cases of a single regularised GLS fit.
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