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A B S T R A C T 

We present a quadratic estimator that detects and reconstructs spatially varying multiplicative ( m -) bias in weak lensing 

shear measurements, by exploiting the EB mode coupling that it generates. The method combines E and B modes with 

inv erse-variance w eights, t o yield an unbiased reconstruction of m ( θ) to first order . W e study the ability of future Stage IV 

surv eys t o obtain an unbiased reconstruction of the m -bias in differing scenarios, considering differing bias morphologies, 
and characteristic scales, as well as differing metrics to quantify the signal-to-noise ratio of the reconstructed map. We 
consider an m pattern repeating on ∼ 1 

◦ × 1 

◦ sky patches, as might be the case for an m field caused by focal-plane 
systematics. With a E uclid -like r edshift distribution, we find that ∼ 5 per cent root mean square (rms) variations in m - 
bias may be det ect ed at the 20 σ lev el, aft er stacking betw een ∼ 400 and ∼ 1000 patches (rising to between ∼ 2800 and 

∼ 7600 for 1 per cent rms variations, data volumes that are becoming available with upcoming surveys), depending on 

the morphology of the m pattern. We show that these results are robust against the cosmological model assumed in the 
reconstruction, as well as the presence of intrinsic alignments or baryonic effects, and that the method shows no spurious 
response t o additiv e ( c -) bias. These results demonstrat e that percent-lev el, spatially varying m -bias can be det ect ed at high 

significance, enabling diagnosis and mitigation in the Stage IV weak lensing era. 

Key words: gravitational lensing: weak – large-scale structure of Universe – cosmology: observations. 
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 INTRODUCTION  

tage IV weak lensing surveys have the potential to make sig-
ificant improvements in our understanding of the cosmological 
odel (A. Albrecht et al. 2006 ), a prospect which is now being

 ealized with large-ar ea, high-accuracy surveys such as E uclid 

Euclid Collaboration 2025 ) and the Vera Rubin Observatory’s 
egacy Survey of Space and Time (LSST; The LSST Dark Energy
cience Collaboration 2018 ). How ev er, it is widely recognized 

hat the achievement of accurate cosmological inference from 

eak lensing surveys r equir es understanding and mitigation of 
 wide range of systematic effects (R. Mandelbaum 2018 ). 

In the weak lensing r egime, wher e the shear due to gravita-
ional lensing is small ( � 0.01), it is common to e xpr ess the effects
f syst ematic biases t o leading order as linear multiplicative ( m -)
nd additive ( c -) biases (C. Heymans et al. 2006 ; D. Huterer et al.
006 ), 

biased � (1 + m ) γ cosm + c , (1) 
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or biased and true cosmic shear, γ biased and γ cosm , respectively. 1 
here may be multiple effects contributing to these biases, includ- 

ng both astrophysical and measurement systematics. Among the 
et of measurement systematics, the errors in the modelling and 

orrection for the imaging point spread function (PSF) may cause 
oth m - and c -biases (S. Paulin-Henriksson et al. 2008 ; R. Massey
t al. 2013 ), and these biases may be further decomposed into
orrelations with parameters of the measurement, such as ‘PSF 

eakage’ (M. Jarvis et al. 2016 ). 
Among the additive biases, methods have been developed to 

etect these in data. One set of methods is based around cross-
orr elation with e xpected sour ces of err or, such as the ‘Rho’
tatistics of B. Rowe ( 2010 ) and M. Jarvis et al. ( 2016 ), and ‘Tau’
tatistics of M. Gatti et al. ( 2021 ), with cr oss-corr elation between
easur ed g alaxy shapes and both PSF ellipticity and size and

SF modelling error. Alt ernativ ely, additiv e bias that has some
epeating pattern, for example due to time-invariant errors on the 
cale of the field of view (FOV) due to PSF modelling error, may
e revealed in the data by stacking of galaxy ellipticity measures
 We should note that here we neglect the distinction between reduced 
hear g and shear γ , as it does not make a difference for the formalism 

 e dev elop in this w ork. Ther efor e, fr om now on, we tr eat γ biased as the 
bserved shear field. 
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2 For analysis on large angular scales, a curved-sky methodology could be 
adopted (e.g. C. Dvorkin & K. M. Smith 2009 ). 
3 Although this is a good appr o ximation in linear or der, ther e ar e also 
non-linear lensing effects producing small contributions to B -modes (P. 
Schneider & M. Kilbinger 2006 ; S. Saga, D. Yamauchi & K. Ichiki 2015 ). 
It is also important to note that intrinsic alignments can also produce B - 
modes (J. A. Blazek et al. 2019 ). 
rom a wide sky area in FOV coor dinates (e.g . E. Uitert & P.
chneider 2016 ; H. Hildebrandt et al. 2020 ). Finally, t emplat e
eprojection techniques may be employed to mitigate the impact
f additive bias from sources with a known spatial pattern (D.
lonso, J. Sanchez & A. Slosar 2019 ; T. Cornish et al. 2026 ). 
PSF modelling errors may also generat e multiplicativ e bias:

pecifically, it is expected that errors in the knowledge of PSF size
ead to joint m - and c -bias (S. Paulin-Henriksson et al. 2008 ; R.

assey et al. 2013 ). The statistical measur ement of g alaxy shear
enerally also introduces m -bias (P. Melchior & M. Viola 2012 ; A.
efregier et al. 2012 ), which must be corrected either by realistic

imulations (e.g. S.-S. Li et al. 2023 ) or by self-calibration (e.g.
metacalibration’; E. Huff & R. Mandelbaum 2017 ; E. S. Shel-
on & E. M. Huff 2017 ). Further sources of measurement m -
ias include the effects of galaxy neighbours, blends and redshift
iases (S. Samuroff et al. 2018 ; N. MacCrann et al. 2022 ). How ev er,
he direct detection of m -bias in weak lensing data is problematic:
he shear-ratio test of B. Jain & A. Taylor ( 2003 ) and A. N. Taylor
t al. ( 2007 ) may be used to detect redshift-dependent m -bias (P.
chneider 2016 ), but only with limited sensitivity. For this reason,
btaining accurate knowledge of the total m -bias in Stage IV weak
ensing surveys is considered to be one of the most challenging
spects of the analysis (R. Mandelbaum 2018 ). 

When calibrating m -bias in Stage III surveys, from simulations,
t has generally been assumed that the bias may be dependent
n galaxy properties, such as galaxy size, and hence may also
e redshift- dependent (S.- S. Li et al. 2023 ). How ev er, it has been
ssumed that the bias is otherwise invariant with sky position.
t had been thought that the effects of spatially varying m -bias
ould be negligible, with accurate knowledge only r equir ed of 

he mean m -bias (T. D. Kitching et al. 2019 ). Mor e r ecently, how-
ver, it has been recognized that spatially dependent m -bias may
ave a significant convolutional effect on measured shear power
pectra: for Stage IV surv eys, percent-lev el root mean square
rms) variations in m -bias on angular scales of degrees or larger

ay introduce a significant error in Stage IV cosmology analyses
C. Cragg et al. 2023 ). 

A spatially varying m -bias effectively leads to a spatial modu-
ation of the true shear field, inducing additional statistical cou-
lings between different independent Fourier modes and shear
omponents. This is reminiscent of the impact of gravitational
ensing on the cosmic microwave background (CMB) tempera-
ure and polarization anisotropies, in the form of a spatial mod-
lation proportional to the gradient of these anisotropies. The
tatistical coupling induced by this modulation can then be used
o reconstruct the field causing it (the lensing potential or the
eionization in the case of CMB lensing, or the m -bias in the
ase of cosmic shear), by considering correlations between un-
qual Fourier modes, through the so - called ‘quadratic estimator’
pproach (A. Lewis & A. Challinor 2006 ; C. Dvorkin & K. M.
mith 2009 ). Other applications of the quadratic estimator in-
lude the removal of CMB systematics (J. Williams et al. 2021 ).
er e we pr esent a quadratic estimator for the reconstruction

nd detection of a spatially dependent m -bias in cosmic shear
ata. 
This paper is structured as follows. Section 2 introduces the
ethod. We discuss how the method may be applied either to

r oss-corr elation with t emplat es of pot ential syst ematic effects,
r in a direct-detection method where we stack on the scale of 
he FOV – in either case somewhat analogously to what may
lready be achieved for additive bias detection and measurement.
ection 3 describes how the method is demonstrated in this paper,
NRAS 547, 1–12 (2026) 
sing some simplified models, with results and conclusions in
ections 4 and 5 . 

 METHOD  

.1 Introduction to the method 

he m -bias detection method acts on the harmonic space two-
oint functions, E and B , which we start by defining here. For
he demonstration in this paper, we assume the flat-sky appr o x-
mation, so that angular coordinates θ can be treated as two-
imensional v ect ors on a plane. 2 The spin-2 cosmic shear field

s described by two components γ1 ( θ) and γ2 ( θ) , which can be
ombined into a complex field γ ( θ) = γ1 ( θ) + iγ2 ( θ) . This field
an be decomposed into E-mode and B -mode components via the
ourier transform of γ : 

( θ) = 

∫ d 

2 � 

(2 π ) 2 
γ ( � ) e i � ·θ , (2) 

here γ ( � ) is the shear in Fourier-space. In terms of the Fourier-
pace γ1 and γ2 , one can obtain the E and B modes by a rotation
n Fourier space (e.g. W. Hu 2000 ; P. Schneider 2006 ): 

( � ) = γ1 ( � ) cos (2 ϕ � ) + γ2 ( � ) sin (2 ϕ � ) , (3) 
 ( � ) = −γ1 ( � ) sin (2 ϕ � ) + γ2 ( � ) cos (2 ϕ � ) , (4) 

ith ϕ � the polar angle of the wav ev ect or � . By construction,
( � ) and B ( � ) are real-valued fields describing the parity-even and
arity-odd components of the shear field, respectively. At linear
rder, and in the absence of systematics, the cosmological shear
ignal γ cosm , due to gravitational lensing by large-scale structure,
s expect ed t o pr oduce entir ely E-mode power . W e ther efor e con-
ider the cosmological B -mode to be zero, B 

cosm ( � ) = 0 , and that
ll cosmological shear information resides in E 

cosm ( � ) . 3 Assum-
ng statistical isotropy, the E-mode angular power spectrum C 

EE 
� 

s defined by 

 E 

cosm ( � ) E 

cosm ∗( � ′ ) 〉 = ( 2 π ) 2 δD ( � − � ′ ) C 

EE 
� , (5) 

here δD is the two - dimensional Dirac delta function. Thus, any
easured B -modes in the observed shear field γ biased could there-

ore be an indicator of systematic effects or noise. In the current
 ork, w e focus on building an estimator which detects the mode

oupling between E and B , as well as between Fourier modes
ith different wave vectors, as induced by a spatially varying
ultiplicative bias field contaminating the cosmic shear signal. 

.2 Spatially varying shear bias and mode coupling 

e model a real (not imaginary) spatially varying multiplicative
hear bias m ( θ) as a dimensionless scalar field that modulates the
rue cosmological shear. Equation ( 1 ) becomes 

biased ( θ) � 

[
1 + m ( θ) 

]
γ cosm ( θ) + c ( θ) , (6) 

here c ( θ) is also a spatially varying c -bias contamination. In
ractice, m 	 1 and c 	 1 for w eak syst ematics. In Fourier space,
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he product in equation ( 6 ) becomes a convolution. Let γ biased ( � )
nd γ cosm ( � ) be the Fourier transforms of γ biased ( θ) and γ cosm ( θ) ,
espectively, and m ( L ) (with ˆ m 

∗( L ) = ˆ m ( −L ) since m is assumed
o be real in real space) and c ( � ) the Fourier transforms of the
 -bias and the c -bias fields. Then, w e hav e (for a pedagogical

erivation see also A. N. Taylor & T. D. Kitching 2018 ): 

biased ( � ) � γ cosm ( � ) + 

∫ d 

2 L 

(2 π ) 2 
m ( L ) γ cosm ( � − L ) + c ( � ) . (7) 

he first term is the cosmic shear at wav ev ect or � , the second
erm is the contribution from the coupling between the m -bias
nd the cosmological shear field and the third term is the c -
ias. The coupling term encodes how m ( θ) redistribut es pow er in
he shear field: it mixes Fourier modes separated by wav ev ect or
 . In particular, the m -bias field pr oduces off-diagonal corr ela-

ions in Fourier space. Decomposing equation ( 7 ) into E and B
omponents using equations ( 3 ) and ( 4 ), one finds that a non-
ero m -bias field mixes E and B modes. Intuitively, a spatially
arying multiplicative factor introduces spurious ‘curl’ into the 
hear pattern, sourcing B -modes from an originally pure E-mode 
eld. 
Mor e concr et ely, inserting equation ( 7 ) int o the definitions of 

 

biased and B 

biased , and assuming here B 

cosm 
 = 0 for generality, we
an derive the first-order effect of m -bias on the observed E and B
elds. The observed E-mode receives a direct contribution from 

he cosmological E plus a convolution with m -bias and also a c -
ias term: 

 

biased ( � ) = E 

cosm ( � ) 

+ 

∫ d 

2 L 

(2 π ) 2 
m ( L ) { E 

cosm ( � − L ) cos [2(ϕ � −L − ϕ � )] 

−B 

cosm ( � − L ) sin [2(ϕ � −L − ϕ � )] } + E c ( � ) , (8) 

nd the observed B -mode is similarly given by 

 

biased ( � ) = B 

cosm ( � ) 

+ 

∫ d 

2 L 

(2 π ) 2 
m ( L ) { E 

cosm ( � − L ) sin [2(ϕ � −L − ϕ � )] 

+ B 

cosm ( � − L ) cos [2(ϕ � −L − ϕ � )] } + B c ( � ) . (9) 

Here, the cos ( 2	ϕ) and sin ( 2	ϕ) factors arise from the
pin-2 nature of the shear field. An important consequence of 
quations ( 8 ) and ( 9 ) is that E and B modes become statisti-
ally correlated in the presence of m -bias, even if the c -bias
s zero. In the absence of m -bias and c -bias, one would have
 E 

biased ( � ) B 

biased ∗( � ′ ) 〉 = 0 (since B 

biased would be pure noise or
ery small non-linear weak lensing cosmological signals, uncor- 
elated with E 

biased ). With m 
 = 0 , the coupling induces a charac-
eristic off-diagonal correlation between E and B . To first order in
 , using equation ( 7 ) or dir ectly fr om equations ( 8 ) and ( 9 ), one
nds for � − � ′ = L that 

〈 E 

biased ( � ) B 

biased ∗( � − L ) 〉 = [ (
C 

EE,s 
� + C 

BB,s 
| � −L | 

)
sin 2(ϕ � − ϕ � −L ) 

] 
m ( L ) + E c ( � ) B 

∗
c ( � − L ) . (10) 

To linear order, we treat m and c as fixed external fields and
v erage ov er the cosmic shear as a statistically isotropic field,
hile we neglect additional cross and higher-order terms. Equa- 

ion ( 10 ) is the key statistical signature of a spatially varying m -
ias: The first term shows that an E-mode at wav ev ect or � couples
o a B -mode at wav ev ect or � − L such that their correlation is
roportional to the bias field mode m ( L ) . The second term acts as
 mean field c -bias contamination to the m -bias response, if this is
resent. At this point, we should note that the spectra in equation
 10 ) contain only the signal. A fully consistent treatment would
eplace these by total spectra that include the shape noise as m -
ias scales the measured shape. We verified that this choice does
ot change the results as we discuss in Section 2.3 . 
The methodology w e dev elop here is directly analogous to the

ase of CMB lensing, where lensing by a potential φ induces 
orrelations between E and B polarization modes of the CMB. In
act, equation ( 10 ) is the weak lensing shear counterpart of the
MB lensing relation given in A. Lewis & A. Challinor ( 2006 ) for
B mode coupling by the lensing potential (see their section 7.2).

.3 Quadratic estimator for the m -bias field 

ow, we construct a quadratic estimator for m in Fourier space,
enoted ˆ m ( L ) , formed from the quadratic combination of ob-
erved E and B fields. Following the formalism of A. Lewis & A.
hallinor ( 2006 ), we can write the Fourier-space estimator for the
 -bias field as 

ˆ  ( L ) = N ( L ) 
∫ d 

2 � 

(2 π ) 2 
E 

biased ( � ) B 

biased ∗( � − L ) W ( � , � − L ) , (11) 

here W ( � , � − L ) is a weighting function to be specified,
nd N ( L ) is an overall normalization factor. Equation ( 10 )
hows, if c -bias is zero, that the quadratic product X � , L =
 

biased ( � ) B 

biased ∗( � − L ) has mean 

 X � , L 〉 = f ( � , � − L ) m (L ) , (12) 

here 

f ( � , � − L ) = ( C 

EE,s 
� + C 

BB,s 
| � −L | ) sin 2( ϕ � − ϕ � −L ) . (13) 

her efor e, w e estimat e m (L ) by filtering X � , L against the response
f with inv erse-variance w eights for W , and use N to recover an
nbiased, minimum-variance estimator . W e note again here that, 

f there is a mean field EB c -bias contamination in equation ( 10 ),
his also enters the m -bias reconstruction in equation ( 11 ). The
ntegration runs over all Fourier modes � , pairing an E-mode at �
ith a B -mode at � − L so that the pair corresponds to the m -bias
ode L . Because the estimator is quadratic in the observed shear

eld (proportional to E × B ), it constitutes a quadratic estimator
or m . 

The role of W ( � , � − L ) is to optimally weight each (E, B ) mode
air in the sum. Intuitively, modes with a higher signal-to-noise, 
ither due to larger cosmological signal or lower noise, should 

eceive higher weight. We derive the form of W by demanding
hat ˆ m is the minimum-variance unbiased estimator of m . First, 
he unbiasedness condition means that the expectation value of 
ˆ  should equal the true m . How ev er, until now, w e hav e assumed
hat there is a bias term from the c mean field. Thus, using equa-
ion ( 10 ), we r equir e 

 ̂  m ( L ) 〉 = m ( L ) + N ( L ) 
∫ d 

2 � 

(2 π ) 2 
E c ( � ) B 

∗
c ( � − L ) W ( � , � − L ) . 

(14) 

At this point, we should note that the c -bias, as we have already
iscussed in Section 1 , can be det ect ed and, in principle, correct ed
sing null tests from the data itself (e.g. E. Uitert & P. Schneider
016 ). Assuming that the data we treat here from now on are
 -bias corrected unless otherwise stated, equation ( 14 ) becomes
 ̂  m ( L ) 〉 = m ( L ) . Then, w e can substitut e the definition ( 11 ) and
se 〈 E 

biased ( � ) B 

biased ∗( � − L ) 〉 from equation ( 10 ), so that the
MNRAS 547, 1–12 (2026) 
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 ( L ) 
∫ d 2 � 

(2 π ) 2 
(

C 

EE,s 
� + C 

BB,s 
| � −L | 

)
sin 

[
2(ϕ � − ϕ � −L ) 

]
W ( � , � − L ) = 1 , (15) 

o linear order in m . Equation ( 15 ) fixes the normalization factor
 ( L ) in terms of the chosen weight function W . In practice,
e choose W (up to an overall normalization) to minimize the

ariance of ˆ m ( L ) . The variance Var [ ̂  m ( L )] can be derived by
onsidering 〈 ̂  m ( L ) ̂  m 

∗( L 

′ ) 〉 and assuming Gaussian statistics for
he cosmic shear field E 

cosm ( � ) . In this limit, we can use G. C.
ick ( 1950 )’s theorem to express the resulting four-point cor-

elat ors of E 

cosm int o sums of products of tw o-point functions.
he dominant contributions to the estimator variance come from

erms where the E and B fields in equation ( 11 ) contract with
hemselv es, leading t o noise bias. One finds that the variance
s minimized if W is chosen proportional to the signal coupling
ernel from equation ( 10 ), divided by the total power in each of 
he E and B modes (signal + noise) (c.f. A. Lewis & A. Challinor
006 ). In other words, the optimal weight is 

 ( � , � − L ) = 

sin 

[
2(ϕ � − ϕ � −L ) 

]
C 

EE, tot 
� C 

BB, tot 
| � −L | 

(
C 

EE,s 
� + C 

BB,s 
| � −L | 

)
, (16) 

here C 

EE, tot 
� = C 

EE,s 
� + N 

EE 
� and C 

BB, tot 
� = C 

BB,s 
� + N 

BB 
� denote the

otal E- and B -mode angular power spectra including noise. 4 Here
 

EE 
� and N 

BB 
� are the noise power spectra of the E and B fields

rom intrinsic shape noise in the shear catalogs (note that shape
oise typically contributes equally to E and B modes, on a ver -
ge). The factor (C 

EE,s 
� + C 

BB,s 
| � −L | ) in the numerator of equation ( 16 )

rises from the fact that either leg of the estimator pair could carry
he signal coupling. The sin [2(ϕ � − ϕ � −L )] factor encodes the ge-
metric dependence of the mode coupling (as in equation 10 ),
nsuring that only the appr opriate cr oss-orientation of E and
 modes contributes to the signal. With this choice, modes are
 eight ed by the inverse of their variance (the product of their

 otal pow er spectra), which is the standard optimal weighting for
 quadratic estimator. 

Giv en the w eight function (equation 16 ), w e can now specify
he normalization N ( L ) using equation ( 15 ): 

 ( L ) −1 = 

∫ d 

2 � 

(2 π ) 2 

(
C 

EE,s 
� + C 

BB,s 
| � −L | 

)2 

C 

EE, tot 
� C 

BB, tot 
| � −L | 

sin 

2 [2(ϕ � − ϕ � −L ) 
]
. (17) 

t this point, we should mention that in the case of cosmic shear,
nd contrary to the CMB lensing case, the m -bias affects the
easured shear which already includes the shape noise. Thus,

t is worth checking the inclusion of the shape noise also in
he numerators of equations ( 16 ) and ( 17 ), despite using theory
redictions for the spectra. We confirmed that the performance of 
he quadratic estimator is not impacted, and decided to retain the
riginal formalism, with the shape noise only in the denominator.

In practice, one can compute N ( L ) given a fiducial E-mode
ngular power spectrum, assuming a cosmological model and
nown noise levels. 
In principle, a more general estimator may be derived, using

lso the EE and BB correlations of the observed shear field, sim-
lar to the global minimum v ariance quadr atic estimator used in
MB lensing reconstruction (A. S. Maniyar et al. 2021 ). Neverthe-

ess, here, we restrict ourselves to the EB pair, which likely dom-
nates the total signal-to-noise ratio (SNR) of the reconstruction,
NRAS 547, 1–12 (2026) 

 We note here that if c -bias is present, it contribut es t o the variance as 
 

XY, tot 
� 

= C 

XY,s 
� 

+ N 

XY 
� + C 

XY, c 
� 

. 

c  

p  

d  

t

ince EB correlations should be zero in the absence of systemat-
cs. Its detection is thus a clearer indication of the m -bias field. 

Finally, after computing ˆ m ( L ) in Fourier space, one can trans-
orm it back to real space, to obtain a two - dimensional map ˆ m ( θ)
f the m -bias across the survey region. The resulting ˆ m map can
e used to diagnose m -bias in cosmic shear survey data. We note
ere that the method cannot constrain a constant m -bias (the L =
 mode). In the next sections, we test this estimator on simulated
tage-IV-like shear maps, with injected artificial m -bias patterns,
 o validat e its performance. 

 SURVEY  S I M U L AT I O N S  AND  m - B I A S  

E A L I Z AT I O N S  

.1 The testing methodology 

e aim to first test the method on simplified realizations of weak
ensing surveys, quantifying the ability of the method to recover
ome injected patterns of m -bias variation, noting the point that
he method relies on detection of mode coupling, and hence is
ensitive only to spatially dependent bias. 

In weak lensing surveys, the cosmic shear signal is buried
ithin the ‘shape noise’ caused by the broad distribution of in-

rinsic galaxy ellipticity (see e.g. S.-S. Li et al. 2023 ). We show
elow that, for realistic galaxy number density, it is not possible
 o recov er percent-lev el m -biases at arbitrary positions within a
urv ey. Any m -bias w e measure has much larger statistical noise
han the signatures that we aim to detect in Stage IV surveys. 

We can overcome this limitation by analogous methods to
hose adopted for c -bias detection. First, if we have position-
ependent t emplat es or maps of syst ematic effects that are possi-
le sources of bias, we may compare those maps with the m -bias
ap and assess the significance of any detection. Such systemat-

cs t emplat es might be maps of PSF error, or perhaps other astro-
omical effects such as Galactic reddening, that might impact the
hear measurement. 

The second method is just to stack the m -bias estimator out-
uts themselves on some length-scale, analogously to the c -bias
tacking methods. This approach is particularly appropriate for
he case where m -bias arises from instrumental effects within
he FOV – for example, some spatially varying PSF error which
s invariant in telescope coordinates, leading to a periodic bias
ariation across the survey, dependent on the set of instrument
ointings that make up the survey. 
We shall inv estigat e both approaches in the following sections.

n order to reproduce the effect of a replicating patt ern, w e gener-
te multiple realizations of patches of survey data, with randomly
istributed galaxy shear values across the entire survey, but with
n m -bias pattern that is invariant between the realizations. 

.2 Galaxy survey sample 

he cosmic shear signal power spectrum C 

EE,s 
� is related to the

att er pow er spectrum via 

 

EE,s 
� = 

∫ χh 

0 

dχ

χ2 

[
W 

E (χ ) 
]2 P mm 

(
k = 

� + 1 / 2 
χ

, χ

)
, (18) 

here χ ( z ) is the comoving distance for flat cosmologies, χh the
omoving distance at the horizon and P mm 

(k, χ ) is the matter
ower spectrum as a function of wavenumber k and comoving
istance (which we use here as a proxy for redshift, or cosmic
ime, in the lightcone). The weak lensing kernel is 
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Figure 1. Left: Galaxy redshift distribution p( z ) for a Euclid -like photometric sample (see equation 20 ). Middle: a blob-like m -bias given by equation 
( 22 ). Right : a strip-like m -bias model given by equation ( 23 ). Both m -bias patterns have an rms of 5 per cent and are 20 × 20 pixel grids. 
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E (χ ) = 

3�m, 0 H 

2 
0 

2 c 2 
χ[1 + z(χ )] 

∫ ∞ 

z ( χ ) 
dz p(z) 

χ (z) − χ

χ (z) 
, (19) 

ith �m, 0 the fraction of the matter density of the Universe at 
resent, H 0 the Hubble constant, c the speed of light and p( z )
he galaxy sample’s redshift distribution. The expressions above 

ake use of the Limber appr o ximation (D. N. Limber 1953 ; N.
aiser 1992 ), appropriate for the broad weak lensing kernel. 
To calculat e C 

EE 
� w e use the Core Cosmology Library ( CCL , N.

. Chisari et al. 2019b ), with the matter power spectrum given
y the HALOFIT parametrization of R. E. Smith et al. ( 2003 )
nd R. Takahashi et al. ( 2012 ). We consider a Euclid -like (Euclid
ollaboration 2025 ) redshift distribution describing the photo- 
etric/cosmic shear sample with the form 

p( z ) ∝ z α exp 

[ 

−
(

z 
z 0 

)β
] 

, (20) 

ith α = 2 , β = 1 . 5 and z 0 = 0 . 637 in 0 < z ≤ 3 (R. Laureijs et al.
011 ). We assume a total number density of p̄ gal = 30 arcmin 

−2 

see left panel of Fig. 1 for p( z ) normalized to unit integral). Most
osmological analyses will make use of tomography, dividing the 
ample into different redshift bins to enhance the resulting cos- 
ological constraints. Instead here we simply assume a single 

edshift bin containing the whole sample. On the one hand, this
s the simplest approach to showcase the potential of the method
s a proof of concept. On the other, combining the full sample
educes the level of shape noise in the data, which likely improves
he sensitivity to a redshift-independent (but spatially varying) m - 
ias. 

The contribution to the total observed power spectrum receives 
 contribution from shape noise of the form 

 

EE 
� = N 

BB 
� = σ 2 

e / ̄p gal , (21) 

ith σe = 0 . 28 the per-component intrinsic ellipticity dispersion 

or a Euclid -like galaxy sample (Euclid Collaboration 2025 ). 
Besides the contribution from gravitational lensing, the corre- 

ated galaxy shapes also receive a contribution from the intrinsic 
lignments (IAs) of galaxies due to the tidal interactions and 

ther long-range astrophysical effects taking place during galaxy 
ormation (B . J oachimi et al. 2015 ). In the simplest parametriza-
ion, the so - called non-linear alignment model (S. Bridle & L.
ing 2007 ), the IA contribution is a pure E mode, and its pres-

nce ther efor e does not affect the performance of the quadratic
stimat or t o r econstruct the m -bias map. Furthermor e, omitting
he IA contribution to C 

EE in the quadratic estimator does not
� 
ignificantly affect our results. We verified this by including this 
ontribution, choosing an IA amplitude A IA = 2 , both in C 

EE 
� and

n the simulated maps from the Gaussian realizations (for more 
etails, see Section 3.4 ) used in the tests described below, or in-
luding it only in one of the two. In both cases, the reconstructed
 -bias maps were indistinguishable from the maps reconstructed 

n the absence of IAs. 
In addition to IAs, weak lensing measurements are also af- 

ect ed by bary onic feedback, which syst ematically suppresses the
att er pow er spectrum at small scales (N. E. Chisari et al. 2019a ).

or this, we performed the same series of tests using the HMCode
A. J. Mead et al. 2021 ), with the baryonic feedback efficiency
arameter log 10 (T AGN 

/ K) set to 7.8, which is the fit to the ν�CDM
AHAMAS simulations, and also found that it did not affect the
esults. Thus, we decided not to include IA or baryonic effects in
he main analysis in Section 4 . 

.3 m -bias patterns 

e introduce two ‘toy models’ describing flat-sky spatially vary- 
ng m -bias patterns m ( θ) , inspired by the models applied in T.
. Kitching et al. ( 2019 ), which could be induced by residual
ffects in the PSF (see their Sec. 3). We define a square patch of 
ize L x = L y (in radians) sampled on an N x × N y pixel grid. Let
= (θx , θy ) denote angular coordinates in radians, with grid ar-

ays X, Y covering [ −L x / 2 , L x / 2] × [ −L y / 2 , L y / 2] . We introduce
 ‘blob’-like pattern by parametrizing m ( θ) as 

 blob ( θ) = A sin 

(
k b | θx | 

)
sin 

(
k b | θy | 

)
, (22) 

ith A an arbitrary constant, and k b is the angular frequency
haracterizing the size of the blobs set to 50. An example can be
een in the middle panel of Fig. 1 . As an alt ernativ e example, w e
ntroduce a ‘strip’-like pattern, given by 

 strip ( θ) = −A sin 

(
π − k s θx 

)
, (23) 

here k s characterizes the size of the strips along the x axis set to
00 (see right panel of Fig. 1 ). 

In both cases we fix the amplitude parameter A to ensure a
esired rms variation m rms 

 rms = 

√ 〈 
m 

2 
pattern 

〉 
pix 

, (24) 

here 〈·〉 pix denotes the pixel av erage ov er the N x × N y grid. We
onsider two rms values, m rms = 0 . 05 (5 per cent) and 0.01 (1
er cent), motivated by the values identified by C. Cragg et al.
MNRAS 547, 1–12 (2026) 
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Figure 2. The angular power spectra from an N-body (green) and a 
Gaussian (red) simulation at an area of 1 deg 2 with their 1 σ uncertainties 
and the input theory prediction (dashed black). The high- � suppression 
visible in the figure is due to finite-resolution effects. 
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 2023 ) as being potentially of significance for Stage IV weak lens-
ng surveys. 

.4 Gaussian realizations 

he m -bias modulates the cosmic shear signal as well as the
ntrinsic shape noise, both of which we also simulate. As a first
imple model, we generate Gaussian realizations of both compo-
ents. 
We generate flat-sky signal realizations following the E-mode

ower spectrum in equation ( 18 ), using the NaMaster package
D. Alonso et al. 2019 ), including angular scales in the range
 � min , � max ] , with � min = 2 π/L side and � max = 

√ 

2 πN side /L side . The
nput power spectrum w as gener ated for a fiducial �CDM cos-

ology with parameters 

(�c , �b , h, σ8 , n s ) = (0 . 2432 , 0 . 0473 , 0 . 6898 , 0 . 8364 , 0 . 969) , (25) 

here �c is the present cold dark matter density fraction, �b is
he present baryon density fraction, h = H 0 / 100 km s −1 Mpc −1 is
he dimensionless Hubble constant, σ8 is the rms of the linear

atter density fluctuations in spheres of 8 h 

−1 Mpc, and n s is the
calar spectral index. 

We assign shape noise in each pixel as follows. For simplicity
e assume the same number of galaxies in each pixel, given by
 p = p̄ gal L x L y . We then gener ate v alues for the shape noise in
ach pixel and shear component as uncorrelated Gaussian num-
ers with zero mean and a standard deviation σp = σe / 

√ 

N p . 
Finally, the observed shear field is generated by adding the

ignal and noise components, and multiplying them by the m -
ias patterns described in the previous section. These are then
sed in equation ( 11 ) to reconstruct the input bias pattern. 

.5 N-body simulations 

part from using Gaussian realizations, we also test our quadratic
stimator with N-body simulations from the c osmo -SLICS suit e
J. Harnois-Déraps, B. Giblin & B. Joachimi 2019 ). The output
f these N-body runs is convergence κ and shear γ1 , γ2 maps
erived with 26 w CDM cosmology models and two random seeds
ach. In addition, for each model, there is a light cone spanning
rom z min = 0 to z max = 3 with fixed redshift snapshots, spanning
rom 15 to 28 depending on the cosmology model. There are
0 light cones per cosmology model, in total. We choose their
ducial �CDM cosmology model maps (see Section 3.4 for the
xact values). The shear maps γ1 , γ2 are grids of 7745 × 7745
ixels spanning an area of 100 deg 2 ( 10 deg per grid side). Based
n these, we construct a ra y -tracing of each light cone given
he Euclid -like p( z ) redshift distribution (see equation 20 ) by es-
imating the w eight ed sum of the shear maps 

∑ 

i w i γ
i 
1 , 

∑ 

i w i γ
i 
2 ,

here w i = p(z i )	z i , with i the redshift snapshot and 	z i their
alf int ervals. Then, w e assign the shape noise and the m -bias
attern in the pixel grids that enter the quadratic estimator,
s we similarly described for the Gaussian realizations in Sec-
ion 3.4 . Although the N-body simulations have a limit to their
vailable volume, the Gaussian realizations contain only two-
oint information, so they cannot capture the non-linear, non-

Gaussian structure of the shear field that arises from late-time
tructure formation. The cosmo -SLICS N-body light cones de-
iver the non-Gaussian lensing maps with realistic small-scale
ower and super-sample coupling . Ther efor e, these simulations
r e mor e accurat e descriptions of the observ ed cosmic shear field.
n addition, non-linearity can lead to coupling between � modes,
NRAS 547, 1–12 (2026) 
hich would act as an additional source of noise for the recon-
tructed m -bias. 

Despite the lack of non-linear structures in the Gaussian re-
lizations compared to the N-body simulations at small scales
elow 1 deg 2 , the difference between their angular power spectra

s expect ed t o be small (see fig. 4 of J. Harnois-Déraps et al. 2019 ).
n Fig. 2 , we make a quick sanity check by comparing one N-
ody simulation with one Gaussian realization. We compute the
at-sky angular power spectra along with their 1 σ uncertainty
ounds using the pymaster package for one random pair of 
1 and γ2 pixel maps ( 31 × 31 downsampled pix els) fr om one
-body simulation and a Gaussian r ealization (gr een and red

ines). We downsample (more details on the downsampling are
escribed in Sections 4.3 and 4.4 ) the Gaussian realization here
he same way we do for the N-body simulations, in order to have
he same resolution and pixel window size effects. We also plot
he theory prediction from HALOFIT . Indeed, we found that the
wo spectra are in agreement within their 1 σ uncertainties. How-
v er, w e see that the simulated spectra start to deviate from the
heory prediction at � � 2000 , due to resolution and pixel window
ffects (see J. Harnois-Déraps et al. 2019 ). We hav e validat ed that,
ssuming a theory power spectrum in the estimator of equation
 11 ), described by a simple HALOFIT at up to � max � 1000 , in
rder t o av oid such deviations, w e are able t o reconstruct ac-
urately the non-Gaussian m -bias patterns without any loss of 
nformation. 

 R E S U LT S  

.1 Evaluation of results 

s discussed in Section 3.1 , an av erage ov er a number of realiza-
ions of the integral of equation ( 11 ), equivalent to averaging over

ultiple sky patches in a weak lensing survey, is needed in order
o suppress the shape noise. 

Although, in reality, the m -bias pattern and its rms amplitude
re generally unknown, in cases where there are available tem-
lates describing certain types of systematic effects such as the
SF model, these could be compared to the data in a χ2 analysis.
n this e x er cise, w e hav e creat ed m -bias t oy models that w e as-
ume as t emplat es (see ag ain equations 22 and 23 ). Ther efor e, we
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Figure 3. The ’t emplat e’ , ’data’ , and ’peak’ SNR definitions as a function 
of the number of pat ches. We consider pat ches of 10 × 10 deg 2 and a 5 
per cent rms blob-like m -bias. 
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r  
an quantify the confidence with which the quadratic estimator 
n equation ( 11 ) is able to reconstruct the input m -bias pattern
n terms of its spatial variation and rms, by defining an SNR.
his way, we can come up with an estimate of the number of 
ealizations or sk y -patch stacks one would need in order to detect
n m -bias pattern of a certain rms. An estimate of the SNR even
n the absence of a t emplat e is also possible by simply measuring
he detection significance of the signal itself compared to noise. 

.2 Signal-t o-noise estimat es 

o assess the performance of the quadratic estimat or, w e must
uantify the significance of the reconstructed m -bias map. Let ̂ 

 i ( θ) be the reconstruct ed multiplicativ e bias map in the i -th
imulated r ealization, wher e each r ealization corr esponds to a
ky patch of a large-area survey. We estimate the local variance 
f a given realization as 

 

2 ( θ) = 

1 
N − 1 

N ∑ 

i =1 

[ ̂  m i ( θ) − m̄ N ( θ) ] 2 , (26) 

here N is the total number of realizations, and m̄ N is the mean
econstructed map 

¯  N ( θ) = 

1 
N 

N ∑ 

i =1 

̂ m i ( θ) . (27) 

dditionally, since all realizations are independent, the standard 

eviation of m̄ N is σm̄ 

( θ) ≡ s ( θ) / 
√ 

N . 
We use three different SNR metrics to quantify the significance 

f the reconstructed m -bias map: 

(i) Template fitting SNR: Let us assume a linear model for 
he reconstructed m -bias map of the form d = αt + n , where d
s a v ect or containing the reconstructed map in each pixel, and
 is a known t emplat e map (e.g. the focal-plane map of a given
yst ematic known t o be a pot ential source of multiplicativ e bias),
ith α an unknown constant, and n is the reconstruction noise 

omponent. The significance of the detection in this case may be 
stimated as 

NR temp = ᾱ/σα, (28) 

her e ᾱ and σα ar e the best-fit ting v alue of α and its statistical
ncertainty, given by 

¯ = 

t T C 

−1 d 

t T C 

−1 t 
, σα = 

1 √ 

t T C 

−1 t 
. (29) 

ere C is the per-pixel covariance matrix, which we approximate 
s C = diag (σ 2 

m̄ 

) . We acknowledge that this appr o ximation is opti-
istic, since it underestimates the SNR, as we discuss in Section 

.3 . Despite that, the scaling with patch number or the relative
onclusions of the paper do not change. 

(ii) Data-driven SNR: One can also derive an SNR estimate 
rom the data itself. The null χ2 is defined as 

2 
null = d 

T C 

−1 d , (30) 

nd by considering the degrees of freedom, which in our case is
he number of pixels N pix , we can derive a σ -detection definition
hich is 

NR data = 

√ 

χ2 
null − N pix . (31) 

n case of no m -bias in the data, χ2 
null → N pix , so that SNR data → 0
(iii) Peak SNR: Finally, for an alt ernativ e SNR definition, one
an define a ‘peak mask’ S , selecting the brightest parts of the
nject ed patt ern, specifically those pix els wher e the absolute value
f the true m -bias map is above half of its maximum value 

 ≡
{
θ : | m ( θ) | > 

1 
2 max 

θ′ | m ( θ′ ) | 
}

. (32) 

e then average the signal amplitude of the true map and the
oise from the realizations over this mask and form a local SNR
ubbed as ‘peak’: 

NR peak = 

〈 | m ( θ) | 〉 θ∈S 
〈 σ̂ m 

( θ) 〉 θ∈S 
. (33) 

his SNR definition gives a sense of the significance with which
he largest deviations in the m -bias pattern may be identified in a
ingle pixel. 

We established the number of sky patches r equir ed to r each
 target SNR 

req 
def , by increasing the number of patches until 

NR def ≥ SNR 

req 
def . 

.3 m -bias reconstruction on large scales 

e aim t o t est the m -bias quadratic estimator at large scales.
e start by constructing Gaussian realizations of 10 × 10 deg 2 

atches. We choose a N x × N y = 20 × 20 pixel grid for our maps
nd the number of galaxies in each patch is ∼ 10 7 . In principle,
ne could choose a finer pixel grid, but the reason not to opt for
his is two-fold. First, the spatially varying m -bias toy models we
 xplor e her e ar e characterized by large enough scale variations
orresponding to 5 deg (blob-like) and 2 deg (strip-like) in a 100
eg 2 ar ea, which ar e captur ed with such a pixel grid size (anal-
gously, the same is true for the 1 deg 2 pat ches w e inv estigat e in
ection 4.4 ). Secondly, it is a considerable speed-up for the code
s well, since the computational cost scales with the FFT done
n the number of pixels in the grid, allowing us to explore large
umbers of realizations. 
Within this setup, and using a blob-like m -bias t emplat e with

 per cent rms fluctuations, Fig. 3 shows the number of stacked
ealizations needed to achieve a given SNR values with the ‘tem-
late’ , ‘data’ , and ‘peak’ definitions. The ‘peak’ definition is natu-
ally stricter, since it quantifies the SNR in a single bright pixel.
MNRAS 547, 1–12 (2026) 
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M

Figure 4. Top left: one input γ1 component of the cosmic shear from Gaussian realizations. Top middle : reconstruction of the 5 per cent rms blob-like 
m -bias field at SNR temp = 10 with 600 r ealizations. Top right : r econstruction of the same m -bias field at SNR temp = 20 with 2800 realizations. The grid area 
is 100 deg 2 with 20 × 20 pixels. Similarly, the bottom panels show the 5 per cent rms strip-like m -bias model reconstructed with 2000 (bottom middle) 
and 6700 realizations (bottom right). 
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t reaches a value of SNR peak = 4 for 2800 realizations, at which
oint the t emplat e and data-based definitions reach SNR temp ∼
0 and SNR data ∼ 24 . Fig. 4 shows one of the Gaussian real-
zations used for this e x er cise, as well as the reconstructed m -
ias map after stacking enough realizations to achieve a total
NR temp = 10 (corresponding to SNR peak = 2 ), where the bias
attern starts becoming visually evident. We can also appreciate
hat the reconstruction looks less noisy when we reach SNR temp =
0 . At this point we verify that ᾱ and its uncertainty σα in equation
 29 ) is 1 . 003 ± 0 . 056 at SNR temp = 20 , indicating no bias in the
stimator. A dditionally, as alr eady hinted in Section 4.2 , neglect-
ng off-diagonal terms in the pix el-by-pix el covariance matrix,

akes SNR optimistic. We quantified this by estimating the tem-
late amplitude ᾱ (see again equation 29 ) on a realization-by-
ealization basis and computing its scatter directly from simula-
ions. The Monte Carlo estimate of σα fully includes all the pixel-
y-pix el corr elations in the r econstructed maps. For a 5 per cent
lob-like m -bias pattern at SNR temp ∼20, we find that the diag-
nal covariance appr o ximation understimates σα by a factor of 

1 . 7 (factor scaling unchanged with amplitude and pattern of 
 -bias), corresponding to a Monte Carlo calibrated SNR temp ∼12.

ikewise, the diagonal covariance appr o ximation understimates
NR data by a factor of 1.2. Given the numerical instability of in-
erting the full covariance for our setup, we retain the diagonal
ppr o ximation in this work and treat SNR as optimistic detection
etrics, while basing our conclusions on the relative scaling with

atch number and m -bias amplitude, which are unaffected by this
hoice. For a statistical detection of the m -bias through t emplat e
tting, corresponding to SNR temp = 5 (i.e. a ‘ 5 σ ’ detection), we
 equir e 50 r ealizations, corr esponding to a total sky area of 5000
eg 2 (even though the m -bias pattern is not visually evident at
NRAS 547, 1–12 (2026) 
hat point). The quadratic estimator approach proposed here may
her efor e be used to identify a spatially varying multiplicative bias
s long as an informed t emplat e for its spatial pattern can be
onstructed. This may be constructed, for example, as sky maps
f scalar survey conditions known to be highly correlated with
hape measurement errors (e.g. co-added PSF size, or Galactic
eddening, which may impact shear measurement through its
ystematic effect on galaxy observed spectral energy distribu-
ions). This pr ocedur e is r eminiscent of the t echniques used t o
dentify additive systematics in cosmic shear and galaxy cluster-
ng (F. Berlfein et al. 2024 ), but now applicable to multiplicative
ias effects. 

The bottom panels in Fig. 4 show the same results for a strip-
ike m -bias, where the same conclusions drawn for the blob-
ike case hold qualitatively (6700 realizations are now needed).
n what follows, we report the number of realizations/patches
eeded t o achiev e an SNR temp = 20 unless otherwise stat ed,
here the m -bias pattern can be visually identified (correspond-

ng to SNR peak ∼ 5 and SNR data ∼ 24 or much higher, depending
n the case). 

For independent realizations the reconstruction noise is the
ame and scales with the number of realizations N as ∝
 / 
√ 

N .Ther efor e, a desir ed SNR is r eached at ∝ rms 
√ 

N and go-
ng from 5 per cent to 1 per cent rms values r equir es ∼ 25 times
he number of realizations t o achiev e the same SNR. Indeed,
 e recov er the input 1 per cent rms m -bias at SNR temp = 20 , but
ow with an increased number of realizations by that factor,
orresponding to 80 750 and 160 875 for the blob and the strip
att erns, respectiv ely. We acknowledge that these numbers of 
ealizations or equivalently multiple sky patches needed imply
arge sky areas which are not available in a real data analysis.
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Figure 5. Top left: one input γ1 component of the cosmic shear from N-body realizations. Top right : reconstruction of the 20 per cent rms m -bias field at 
SNR temp = 81 with 50 simulations. The grid area is 100 deg 2 , with 100 × 100 pixels. Bottom panels are for a 20 per cent rms strip-like m -bias, reconstructed 
with SNR temp = 81, using also 50 simulations. 
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e only choose these numbers here as a r efer ence in or der to
btain the good visual reconstruction at SNR temp = 20 . In fact, 
e could still detect the m -bias of both patterns at SNR temp = 3
ith roughly 100 realizations, numbers certainly available in the 
pcoming data since they correspond to a total sky area of 10 000
eg 2 . The results for SNR temp = 20 visually look very similar to
he r ecover ed patterns of Fig . 4 , and ther efor e we do not show
hem. It is worth noting here that the increased number of real-
zations needed is expect ed, giv en that we need to suppress the
hear noise further in order to detect an m -bias with lower rms
alues. 

We now turn our attention to the shear maps from the N-
ody simulations. As discussed in Section 3.5 , the N-body simu-

ations include realistic non-Gaussianities that can affect the per- 
ormance of the quadratic estimator, by introducing additional 
oise or biases in the m -bias reconstruction. The output maps
r e pix el grids of size 7745 × 7745 . We assign the shape noise and
hen downsample these maps with a Gaussian filtering, with a 
idth corresponding to the new pixel Nyquist frequency and also 
ith a cubic int erpolation scheme, int o grids of size 100 × 100 .
ft erwards, w e multiply with the m -bias toy models as we did

or the Gaussian realizations. The total number of realizations 
e consider here is 50 (25 light cones generated with two ran-
om seeds). Given that small number of simulations, we examine 
n exaggerated m -bias scenario in order to have a good visual
mergence of the m -bias field. Thus, by setting the rms to 20
er cent just for this case, we evaluate the performance of the
uadratic estimator using all the 50 N-body simulation shear 
aps covering 100 deg 2 patches. In Fig. 5 , we see that with all

he simulations available we manage to capture v ery w ell visually
he spatial-variation of the input m -bias patterns at SNR temp ∼ 81
or both the blob and strip models as seen in the top and the
ottom panels of Fig. 5 , respectively ( SNR temp ∼ 20 is reached
ith only 5). At this point, we cannot safely conclude yet that

ur quadratic estimator is not affected by the non-linearities in 

he N-body simulations since we use an exaggerated 20 per cent
ms m -bias, but this is a first test verifying that the quadratic esti-

at or w orks using the N-body simulations. We will see in detail
n Section 4.4 that indeed our estimator is also not impacted by
hese non-Gaussianities at small scales using realistic rms m -bias 
alues. 

.4 m -bias reconstruction on small scales 

her e ar e good r easons t o t est the quadratic estimat or at a
maller area of the order of ∼ 1 × 1 deg 2 : forthcoming weak lens-
ng galaxy surveys, such as Euclid (Euclid Collaboration 2025 ) 
nd LSS T (LSS T Dark Energy Science Collaboration 2012 ), have
degree-sized fields of view (diameter D FOV ∼ 0 . 7 ◦ and ∼ 3 . 5 ◦,

 espectively). Many shape measur ement systematic effects such 

s PSF modelling errors will be appr o ximately constant in tele-
cope coordinates, and therefore will leave a repeated (or at 
east highly correlated) imprint across different exposures on 
MNRAS 547, 1–12 (2026) 
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M

Figure 6. Top left: one γ1 component patch of the cosmic shear from N-body realizations. Top right : reconstruction of the m -bias field with 5 per cent 
amplitude at SNR temp = 20 with 400 pat ches. Bott om panels same as top but for a strip-like m -bias model with 1000 patches. The reconstructed grid area 
is 0 . 68 × 0 . 68 deg 2 with 21 × 21 pixels. 
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cales smaller than D FOV . The presence of these systematics could
hus be det ect ed by stacking maps centred at those e xposur es
n telescope coordinates using the quadratic estimator described
ere. The total sky area covered by these surveys, of order ∼
 . 5 × 10 4 deg 2 , would allow for ∼ 1 . 5 × 10 4 degree-sized patches.
ere we will show that these would be more than enough to

etect a 5 per cent rms spatially varying m -bias patterns at a
igh significance (e.g. SNR temp = 20 ) with a realistic small-scale
osmic shear signal from N-body simulations. Moreover, with a
 uclid -like r edshift distribution, it w ould be possible t o det ect 1
er cent rms m -bias at the same significance with a few thousand
atches. 
For this test we consider the cosmic shear realizations from

he N-body simulations, and assume the same Euclid -like galaxy
ensity number used above (see Section 3.2 ). The corresponding
umber of g alaxies r esiding in a typical 1 deg 2 patch is r oughly

10 5 sources. In each of the 50 simulations, we split the 7745 ×
745 pixel grid spanning an area of 100 deg 2 into 100 sub - grids
f size 774 × 774 , cropping 5 pixels at the outer edges to form
 10 × 10 tiling, each spanning an area now of ∼ 1 deg 2 . Simi-
arly to the pr ocedur e in Section 4.3 , we include Gaussian shape
oise and downsample these grid maps with a Gaussian filter
nd a cubic interpolation scheme into 31 × 31 pixel grids. We im-
rint the multiplicative bias pattern in the central 21 × 21 pixels
f each patch, leaving a buffer with a width of 5 pixels where
 ( θ) = 0 . We do this t o av oid edge effects caused by the implicit

ssumption of periodic boundary conditions in the FFTs. This
ssumption w as v alid in the previous sections, where we analysed
NRAS 547, 1–12 (2026) 
he full simulation bo x es, but it br eaks down when we work
ith smaller shear patches: the shear field is discontinuous at

he patch boundaries, so large-scale modes are poorly represented
nd generate artefacts. We ther efor e intr oduce a buffer r egion
round each patch before convolving with the usual m -bias pat-
ern and applying the quadratic estimator in equation ( 11 ). We
av e v erified that, without this buffer, spurious features appear

n the reconstructed m -bias field near the patch edges, whereas
hey disappear when the buffer is included. 

In Fig. 6 , we present the 5 per cent rms for blob-like and strip-
ike m -bias patterns reconstructed at SNR temp = 20 by averaging
ver 400 and 1000 patches. Since the appropriate templates at
ub-FOV scales may be difficult to construct, we also report the
ata-driven SNR data values which are 30 and 39 using the 400
nd 1000 pat ches, respectiv ely. For an 1 per cent rms m -bias the
NR temp = 20 is achieved now with 2800 and 7600 patches for
 blob-like and strip-like m -bias, respectively, corresponding to
NR data of 54 and 86. These constitute the largest detection sig-
ificance r eported her e, and show that spatially varying m -biases
n sub-FOV scales with ∼ 1 per cent amplitudes can be det ect ed
t high significance using the quadratic estimator approach. 

.5 Cosmology independence 

he quadratic estimator presented her e r equir es an estimate of 
he cosmic shear power spectrum C 

EE 
� (see equation 16 ). Since

his is a priori unknown, it is int eresting t o quantify whether
sing an incorrect C 

EE would lead to a significant error in the
� 
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econstructed m -bias map. To do this, we repeat our analysis of 
he N-body simulation maps, which use the fiducial cosmology 

CDM, but assuming a significantly differ ent w CDM cosmolog -
cal model to calculate the input C 

EE 
� , with parameters 

(w, �c , �b , h, σ8 , n s ) = (34) 
−1 . 9127 , 0 . 5009 , 0 . 0473 , 0 . 7645 , 0 . 4716 , 0 . 969) . 

his cosmological model was shown in J. Harnois-Déraps et al. 
 2019 ), to exhibit strong differences in the shape of C 

EE 
� , due to

he strong changes in the growth history and distance-redshift 
elation caused by a high �c and an e xtr eme phantom-like value
f w . We use 1 deg 2 patches, as in Section 4.4 . 

Despit e the inconsist ent cosmology models betw een the sim-
lations in the shear maps and the theory spectra, we manage 
 o recov er the m -bias field successfully. The reconstruction for a
 per cent rms blob-like and strip-like m -bias with N-body sim-
lations with SNR temp = 20 is achieved with ∼2800 and ∼7800 
at ches, respectiv ely. The reconstructions for the 5 per cent m -
ias patterns are similar to the findings in Section 4.4 as well. This
eans that the quadratic estimator formalism in equation ( 11 ) we

mploy here can be largely insensitiv e t o the cosmology model
e assume in the theory angular power spectrum entering the 
uadratic estimator. This is not entirely surprising: the estimator 
ecovers the m -bias map by correlating EB Fourier modes with
ifferent wavenumbers. Using an incorrect C 

EE 
� only leads to a 

ub - optimal weighting of the different mode pairs, which may 
ffect the noise in the reconstructed m -bias map, but not the
bility of the method to recover it. 

.6 Additive bias contamination 

e also test whether the presence of an additive c -bias affects our
bility to reconstruct the m -bias. The c -bias is expected to be one
rder of magnitude smaller than the m -bias in Stage IV galaxy
urveys (T. D. Kitching et al. 2019 ). Following equation ( 1 ), we
onsider the case of an rms strip-like c -bias pattern amplitude of 
.1 per cent and a 1 per cent rms blob-like m -bias pattern (simi-
ar results are found when swapping the strip-like and blob-like 
atterns). We find that the presence of a c -bias contaminant has
o discernible impact in the reconstructed m -bias map, and does
ot change any of our conclusions r eg ar ding its detectability. 
We further confirm that our quadratic estimator definition in 

quation ( 11 ) is only sensitive to the m -bias, and not to the c -bias,
y setting the m -bias patt ern t o zero and keeping only the c -bias
att erns. For this, w e t est c -bias maps with an rms amplitude of 
.1 per cent, as well as two unrealistic cases with much larger
mplitudes of 1 per cent and 5 per cent. In all cases, we fail to re-
onstruct the input c -bias patterns, and the reconstructed m -bias
s compatible with zero. This finding confirms that the quadratic 
stimator is insensitive to contaminating c -bias. 

 CONCLUSIONS  

e have presented and validated a quadratic estimator that di- 
 ectly r econstructs spatially varying m -shear bias, by e xploiting
he EB off-diagonal mode couplings that such a field induces 
n cosmic shear maps. Building on this, our estimator combines 
uadratic combinations of E and B with optimal normalized 

 eights t o reconstruct a map of m -bias variations t o first order, in
lose analogy with standard CMB lensing reconstruction meth- 
ds (A. Lewis & A. Challinor 2006 ). This statistic is by construc-
ion insensitive to a constant m -bias, and it does not respond to
 -bias. 

To quantify the method’s ability t o det ect a giv en m -bias pat-
 ern, w e used three SNR definitions: ‘t emplat e’ , ‘data’ , and ‘peak’
where the pattern appears visually), with the ‘template’ defi- 
ition being the most relevant when an external template for 

he spatial pattern is available. We have e xplor ed two different
cenarios in which such an estimator could be deployed. 

First, multiple systematic effects are naturally described in 

 elescope coordinat es (e.g. PSF variations across the focal plane),
nd will imprint a repeating pattern across different exposures 
n scales smaller than the instrument’s FOV. A spatially vary- 
ng m -bias may then be reconstructed by applying our quadratic
stimat or t o FOV-sized pat ches and then stacking the result ov er
ultiple telescope pointings. In this case, we have shown that 

ssuming a Euclid -like survey and using non-Gaussian N-body 
hear field maps from the c osmo -SLICS suit e, w e w ould be able
 o det ect a blob -like (strip -like) m -bias pattern with a 5 per cent
mplitude with an SNR temp = 20 after stacking over only 400 
1000) patches. In turn, 1 per cent variations could be detected
t the same significance with 2800 (7600) patches, still within 

he ‘few-thousand-patch’ regime, feasible for a wide-area Stage 
V experiment. Similar conclusions hold if using the ‘data’ SNR 

efinition instead. 
Secondly, we e xplor ed the possibility of r econstructing vari-

tions on larger scales, as could be caused by varying observ-
ng conditions throughout the experiment’s observing campaign. 
n such a scenario, a t emplat e search for spatially varying m -
ias may still be feasible, by building t emplat e maps of the
ost likely sources of shape measurement systematics from per- 

 xposur e metadata. On 10 × 10 deg 2 patches, Gaussian shear re-
lizations show that a 5 per cent rms m -bias pattern is recov-
red at SNR temp = 20 with 2800 and 6700 co-added sky patches,
or ‘blob-like’ and ‘strip-like’ patt erns, respectiv ely. Although vi- 
ual morphology r equir es a high SNR, t emplat e-amplitude fitting
chiev es 5 σ det ections with as few as ∼ 50 pat ches. For 1 per cent
ms, reaching the same SNR temp = 20 significance demands of 
he order of 100 000 patches, for both patt erns, consist ent with
he need to suppress noise much further at the percent level but
nfeasible given the galaxy survey areas. Despite that, a 3 σ detec-

ion is still feasible with ∼100 patches. Using again the N-body
imulations in the same 100 deg 2 geometry, we were able to test
he estimator for a large input bias of 20 per cent and found that
his could be det ect ed at high SNR temp � 81 . We were not able to
est the method on larger areas, owing to the limited simulation
olume available, but a naive scaling by the square root of the
bserved area predicts that SNR temp � 5 could be achieved for 1
er cent bias with a sky area of order 8000 deg 2 , broadly consistent
ith the results from the Gaussian simulations. 
A set of robustness tests supports the method’s applicability to 

eal analyses. First, changing the theory spectrum used in the esti-
at or w eights from the fiducial �CDM t o a deliberat ely e xtr eme
CDM model leaves the reconstruction performance essentially 
nchanged, indicating that the estimator’s response is largely 

nsensitiv e t o moderat e cosmology mis-specification in the fil-
ering. Secondly, injecting c -bias at realistic levels does not bias
he m -bias reconstruction nor increase the number of stacks re-
uired, and, in the absence of m , the quadratic estimator does not
ield any false detection arising from contaminating additive bias.
hirdly, including intrinsic alignments or baryonic feedback ei- 

her in the Gaussian realization maps, the theory spectra, or both
r oduced indistinguishable r esults fr om the IA-fr ee and baryon
MNRAS 547, 1–12 (2026) 
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eedback-free case at the scales and noise levels investigated. Fi-
ally, the flat-sky implementation used here is adequate for the
atch sizes analysed, while a curved-sky generalization with spin
armonics and Wigner −3 j couplings should be str aightforw ard

n a future development. 
The results in this paper demonstrate that spatially varying m -

ias at the few-percent to percent level is detectable at high signif-
cance with realistic survey characteristics, provided one stacks a
ufficient number of FOV-scale patches or, when available, lever-
ges physically motivated templates (e.g . PSF size/err or pr o xies,
et ect or coordinat es). For the E uclid /LSS T surveys, the available
umber of independent FOVs comfortably supports the stack
izes implied by our 1 deg 2 for ecasts. Ther e is also another nat-
ral extension apart from the curved-sky formalism. The method
an include masks, and also allow for a forward-modelling of 
he reconstructed m -bias maps at the power spectrum level, via
 weight map coupling, in order to correct the data from the
patially varying m -bias pattern. 

In summary, the estimator introduced here provides a practical
nd r obust r out e t o det ecting spatially varying m shear bias at
he angular scales and amplitudes most relevant for Stage IV
eak lensing cosmology. Its demonstrated performance on both
aussian and fully non-Gaussian shear fields from N-body simu-

ations, its weak dependence on cosmology assumptions, and its
imited susceptibility to c -bias contamination, make it immedi-
tely useful for Euclid - and LSST-era systematics control, both as
 survey-scale diagnostic and as a quantitative ingredient in end-
o - end mitigation pipelines. 
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