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Abstract: Identification and semi-quantification of magnetic mineral assemblages in natural samples are essential for understanding
geological processes and paleoenvironmental evolution. Among various rock magnetic approaches, the unmixing of isothermal
remanent magnetization (IRM) curves has been widely used to semi-quantify magnetic components and characterize their coercivity
distributions. Although various mathematical models and unmixing tools have been developed, existing approaches usually rely on
manual parameter setting. This procedure introduces a degree of subjectivity, limits processing efficiency for high-resolution, continuous
environmental magnetic datasets, and compromises the consistency of unmixing criteria among samples. To address these limitations,
we developed pyIRM-unmix, a Python-based package for IRM unmixing. Compared with conventional workflows, pyIRM-unmix reduces
the reliance on manual parameter tuning by enabling robust automatic parameter initialization and full-parameter fitting within a
Bayesian modeling framework. Comparative tests demonstrate that the program has high statistical reliability. Furthermore, it
substantially reduces processing time while maintaining a fitting accuracy comparable to, or even better than, that of established tools.
With its computational efficiency, explicit statistical criteria, and applicability to large datasets, pyIRM-unmix effectively mitigates the
subjectivity caused by manual intervention. It provides a practical new tool for high-throughput data analysis in environmental and rock
magnetism.
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 1.  Introduction
The  magnetic  properties  of  natural  materials  constitute  a  funda-

mental  proxy  for  reconstructing  paleoenvironmental  records

(Evans  and  Heller,  2003; Liu  QS  et  al.,  2012).  However,  natural

samples are typically composed of complex mixtures of magnetic

minerals, and their bulk magnetic properties represent the super-

position  of  multiple  components.  This  mixing  effect  can  obscure

the  primary  environmental  information  carried  by  individual

mineral  fractions.  For  instance,  marine  and  lake  sediments

commonly contain both detrital and biogenic magnetite (Roberts

et al., 2011; Zhang Q et al., 2021; Liu Y et al., 2023; He K et al., 2024;

Zhang  TW  et  al.,  2025).  Although  these  components  share  the

same  mineralogy,  they  encode  fundamentally  different  environ-

mental  signals:  detrital  magnetite  primarily  reflects  terrigenous

input  and  regional  climatic  variability,  whereas  biogenic

magnetite sensitively records bottom-water redox conditions and

paleo-productivity.  Failure  to  distinguish  between  these  compo-

nents may therefore lead to ambiguous or even misleading pale-

oenvironmental interpretations. Consequently, the accurate iden-

tification  and  separation  of  magnetic  mineral  components  is  a

prerequisite for extracting robust environmental information.

Over  the  past  several  decades,  a  variety  of  magnetic  unmixing

approaches have been developed and applied to hysteresis loops

(Heslop  and  Roberts,  2012),  isothermal  remanent  magnetization

(IRM)  curves  (Kruiver  et  al.,  2001; Heslop  et  al.,  2002; Egli,  2003;

Maxbauer et al., 2016; Zhao XY et al., 2018; Bai F et al., 2022), and

first-order reversal curves (FORC) (Lascu et al., 2015; Harrison et al.,

2018).  Among these approaches, the quantitative decomposition

of IRM curves has become widely adopted. This widespread adop-

tion  is  fundamentally  rooted  in  the  robust  theoretical  premise

established by Robertson and France (1994), namely that the bulk

IRM of a mixed sample can be regarded as a linear superposition
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of the IRM curves of its independent components when magneto-
static  interactions  are  negligible.  Furthermore,  the  acquisition
behavior  of  individual  magnetic  minerals  can  be  effectively
modeled  using  cumulative  log-Gaussian  (CLG)  functions,  which
provide a convenient parameterization of their coercivity distribu-
tions  (Robertson  and  France,  1994; Eyre,  1996).  Building  on  this
linear  additivity  framework,  IRM  unmixing  methodologies  have
evolved  significantly.  Early  attempts  relied  heavily  on  subjective
visual  assessments  to  determine  the  number  and  parameters  of
components.  To  enhance  objectivity, Kruiver  et  al.  (2001) intro-
duced statistical criteria (e.g., F-test and t-test on the sums of the
squared residuals) and developed the IRM-CLG tool in a Microsoft
Excel  application.  However,  this  approach still  required extensive
manual  parameter  tuning  and  was  time-consuming  for  complex
samples. Heslop  et  al.  (2002) implemented  an  expectation-maxi-
mization algorithm that enabled objective and efficient parameter
estimation  without  manual  curve  matching.  Recognizing  that
natural  coercivity  distributions  are  frequently  asymmetric  and
deviate  from  ideal  Gaussian  behavior, Egli  (2003) further
advanced  the  theoretical  framework  by  introducing  the  skewed
generalized  Gaussian  (SGG)  model.  By  incorporating  additional
parameters  to  describe  skewness  (q)  and  kurtosis  (p),  the  SGG
model substantially improved the ability to characterize complex
natural coercivity spectra.

Following advances in both theoretical frameworks and computa-
tional algorithms, new generation of IRM unmixing tools has been
developed  to  facilitate  data  analysis.  These  include  MAX  UnMix,
an  R-based  platform  for  implementing  the  SGG  distribution
model (Maxbauer et al., 2016); BatchUnMix in the Matlab platform
(Bai F et al., 2022); and Python-based packages such as pyIRM (Liu
J,  2026).  In  addition, Zhao  XY  et  al.  (2018) proposed  a  fitting
approach based on the Burr Type XII distribution, which provides
an alternative framework for decomposing IRM curves. As empha-
sized  by Heslop  (2015),  the  choice  of  an  appropriate  unmixing
strategy  depends  strongly  on  the  extent  of  available a  priori
knowledge about  the  magnetic  mineral  assemblage.  When suffi-
cient  prior  information  is  available,  supervised  protocols  are
advantageous  because  independent  contraints  can  be  incorpo-
rated  into  a  more  meaningful  and  geologically  interpretable
unmixing model. Therefore, manual intervention in existing tools
should  not  be  regarded  simply  as  a  limitation,  but  rather  as  a
useful  way  to  guide  model  construction  when  the  magnetic
components  are  reasonably  constrained.  Nevertheless,  practical
challenges  remain  when  strong  prior  constraints  are  unavailable
or large numbers of IRM acquisition curves need to be processed.
First,  some  commonly  used  tools  adopt  simplified  distribution
models or fixed shape parameters (typically skewness of q = 1 and
kurtosis of p = 2), which effectively reduce the SGG distribution to
the  standard  Gaussian  case.  Although  such  simplification  can
improve computational efficiency, it may limit the model’s ability
to capture complex distribution shapes, particularly those charac-
terized  by  pronounced  kurtosis  variations,  such  as  heavy  tails  or
sharp peaks. As noted by Egli (2003), skewness generally exerts a
stronger  influence  than  kurtosis  in  fitting  natural  samples.  MAX
UnMix addresses this issue by allowing skewness to be fitted as a
free parameter (Maxbauer et al., 2016). However, in practical appli-
cations,  many  users  still  adopt  the  default  setting  (e.g., q =  1).

Second,  for  datasets  with  weak  prior  constraints,  the  manual

selection  of  initial  guesses  and  sample-by-sample  parameter

adjustment  can  introduce  user-dependent  subjectivity  and

reduce the reproducibility of fitting results (Zhao XY et al.,  2018).

This issue becomes more pronounced for high-resolution sediment

cores  or  long  stratigraphic  sequences,  where  repeated  manual

tuning  is  time-consuming  and  may  lead  to  inconsistencies  in

component  definition  across  a  dataset.  Although  tools  such  as

BatchUnMix  provide  batch-processing  capabilities,  they  typically

require  users  to  pre-analyze  representative  samples  and  define

reasonable parameter ranges to guide subsequent fitting (Bai F et

al., 2022). Such supervised or semi-supervised workflows are valu-

able  when  appropriate  prior  knowledge  exists,  but  they  may  be

less efficient for exploratory, high-throughput applications. There-

fore,  an  unsupervised  and  reproducible  workflow  is  needed  as  a

complementary  approach,  particularly  for  large  IRM  datasets  or

cases where prior contraints are limited.

To  address  these  practical  challenges,  we  propose  pyIRM-unmix

as  an  unsupervised  tool  for  IRM  unmixing.  The  tool  offers  the

following  advantages.  First,  it  uses  a  full  parameterized  SGG

model  by  explicitly  incorporating  both  skewness  and  kurtosis,

thereby allowing a more flexible approximation of complex coer-

civity  distributions.  Second,  it  integrates  a  Bayesian  Gaussian

mixture  model  with  a  least-squares  optimization  algorithm  to

achieve  automatic  parameter  estimation,  reducing  dependence

on manually specified initial parameter settings. Third, it supports

both  single-sample  analysis  and  batch  processing  of  large

datasets,  enabling  consistent  and  reproducible  unmixing  across

entire sedimentary sequences.

 2.  Mathematical Framework

 2.1  SGG Model
The SGG model was introduced by Egli (2003) to describe coercivity

distributions  derived  from  remanent  magnetization  acquisition

and  demagnetization  curves.  In  environmental  magnetism  stud-

ies, this model has particularly been used for analyzing anhysteretic

remanent magnetizations (ARM) and IRM acquisition and demag-

netization curves,  including detailed alternating field demagneti-

zation  spectra,  to  characterize  magnetic  components  in  natural

samples  (Egli,  2003, 2004a; Roberts  et  al.,  2019).  Compared  with

the conventional log-Gaussian model, which assumes a symmetric

distribution in log-field space, the SGG model introduces additional

flexibility  through skewness  and kurtosis  parameters.  The proba-

bility density function (PDF) of the SGG model is defined as

SGG (x, μ, σ, q, p) = w ⋅
1
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with , , , and . Here,  is the loga-

rithmic  field  of  data,  whereas  and  denote  the  position  and

scale  parameters  of  the  distribution,  corresponding  to  the  mean
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coercivity  (Bh)  and  dispersion  parameter  (DP)  of  an  individual

component,  respectively.  In  addition  to  the  scale  parameters ,

the SGG distribution includes two additional shape parameters 

and ,  which  control  skewness  and  kurtosis,  respectively.  The

standard  Gaussian  distribution  represents  a  special  case  of  the

SGG distribution where  and  (Figure 1). Specifically, the

parameter  controls  the  asymmetry  of  the  distribution.  When

,  the  distribution  is  symmetric,  whereas  lower  absolute

values of q allow the distribution to exhibit pronounced skewness

(Egli, 2004b; Figure 1). The parameter  controls the peak and tail

behavior  of  the  distribution.  For ,  the  distribution  becomes

more  sharply  peaked  with  heavier  tails,  approaching  a  Laplace

distribution  at .  Conversely,  for ,  the  distribution

becomes flatter near the center and has thinner tails (Egli, 2004b;

Figure 1). Therefore, the additional parameters  and  make the

SGG  distribution  more  flexible  than  the  conventional  Gaussian

distribution,  providing  a  flexible  statistical  approximation  for

asymmetric and non-Gaussian coercivity distributions observed in

remanence data from natural samples, rather than being an exact

physical  representation  of  individual  magnetic  mineral  compo-

nents (Egli, 2004b; Zhao XY et al., 2018; Bai F et al., 2022).

Despite  this  flexibility,  the  SGG  model  should  be  regarded  as  a

statistical  approximation  of  coercivity  distributions  derived  from

remanence  acquisition  or  demagnetization  curves,  rather  than

being  an  exact  physical  model  of  individual  magnetic  mineral

components  (Egli,  2003).  Because  unmixing  results  can  be

nonunique,  especially  when  components  overlap  or  prior

constraints  are  limited,  the  interpretation  of  fitted  components

should be supported by independent rock magnetic,  mineralogi-

cal, or geological evidence (Heslop, 2015; Roberts et al., 2019).

 2.2  Statistical Criteria for Component Selection
To ensure the reliability of the unmixing results, robust parameter

initialization is essential. In this study, a Bayesian Gaussian mixture

model  (BGMM; Blei  and  Jordan,  2006)  is  first  applied  to  the  IRM

gradient curve to generate initial Gaussian components, effectively

reducing  the  need  for  subjective  manual  parameter  setting.  The

number of components tested is from 1 to 6, with values greater

than 5 treated as an upper limit because severe component overlap

commonly leads to ambiguous physical interpretation. To reduce

the  risk  of  convergence  to  local  optima,  the  BGMM  procedure  is

repeated  10  times  by  default,  yielding  10  candidate  parameter

sets for each component number.

j

To identify the optimal parameters and determine the appropriate

number  of  components,  we  designed  a  modified  Bayesian  infor-

mation criterion (BIC*)  based on the conventional  BIC framework

(Schwarz,  1978).  The BIC* evaluates the goodness of  fit  using the

residual  sum  of  squares  (RSS),  while  penalizing  both  model

complexity and geologically unreasonable solutions. For a model

with  components, BIC* is defined as

BIC
∗ = n ln (RSS

n ) + k ln (n) + λPμ + Pσ, (2)

n k

μ, σ, w k = 3j
Pμ

μa μb

where  is the number of data points and  is the total number of

free  parameters.  For  the  standard  Gaussian  distribution,  each

component has 3 parameters ( ), resulting in . The term

 represents  the  position  penalty,  which  penalizes  solutions  in

which the mean coercivities of different components are too close

to each other. This penalty increases exponentially as the distance

between any two component centers (  and )  decreases,  and

is defined as

Pμ =
j−1

∑
a=1

j

∑
b=a+1

pu, (3)

pu = exp (− (μa − μb)2
2c2

) , (4)

c
c

λ

λ nln(10)
Pμ

10−Pμ

where  is  a  scaling  constant  that  controls  the  sensitivity  of  the

overlap  penalty.  In  the  present  algorithm,  is  set  to  0.1  as  the

default value in the log-field, representing an empirical resolution

threshold  for  distinguishing  adjacent  component  centers  (Figure

2).  The  parameter  in  Equation (2)  is  a  weighting factor  used to

balance the magnitude of the penalty term against the RSS-based

likelihood term, and  is set to  by default. With this setting,

a  position  penalty  of  can  be  offset  only  when  the  RSS  is

reduced by a factor of .  For example, when a BGMM update
 

(a) (b)q = 0.3
q = 0.5
q = 0.6
q = 1.0

q = 1.0
q = 2.0
q = 4.0
q = 6.0

0 1 2 3
log10 (Field) (mT)

0 1 2 3
log10 (Field) (mT)

 

μ σ

Figure 1.   Examples of the SGG model defined by Equation (1). (a) Particular cases of varying skewness (q = 0.3, 0.5, 0.6, and 1.0) with kurtosis

fixed at p = 2.0. (b) Particular cases of varying kurtosis (p = 1.0, 2.0, 4.0, and 6.0) with skewness fixed at q = 1.0. In all cases,  and  are set to 1.35

and 0.25, respectively.
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Δμ = 1c

Pσ

reduces  the  separation  between  two  component  centers  to

,  with  all  other  component  centers  remaining  well  sepa-

rated, the RSS must decrease to approximately 24.7% of its previous

value  to  offset  the  position  penalty  alone  (Figure  2).  Otherwise,

the  closely  spaced  solution  will  not  be  favored.  In  addition,  the

term  is  introduced  as  a  hard  dispersion  constraint  to  reject

unrealistically narrow or broad components. It is defined as

Pσ = {0, 0.1 < σ < 0.6,
+∞, σ ≤ 0.1 or σ ≥ 0.6,

(5)

Pσ = 0

0.1 < σ < 0.6 Pσ = +∞

Pσ = +∞

0.1 < σ < 0.6

where  if  all  component  dispersion  parameters  satisfy

, and  otherwise. In practical implementation,

assigning  means that the corresponding candidate solu-

tion  is  rejected  and  is  not  selected  as  the  optimal  model.  The

range of  follows the commonly used range of disper-

sion parameters for coercivity distributions in IRM unmixing studies

(Egli, 2003, 2004a).

The  selection  procedure  consists  of  two  steps.  First,  for  a  fixed

number of components, the BIC* is calculated for all 10 candidate

solutions,  and  the  set  with  the  minimum  BIC* is  selected  as  the

optimal  initialization  for  that  component  number.  Second,  the

minimum BIC* values  across  models  with  1  to  6  components  are

compared,  and  the  global  minimum  is  taken  as  the  statistically

optimal solution. Following Zhao XY et al  (2018),  the component

number  suggested by BIC* should be regarded as  an upper  limit

rather  than  a  definitive  estimate  of  the  true  number  of  compo-

nents. When prior knowledge of magnetic minerals is available, it

should  be  used  to  further  evaluate  the  selected  component

number and the interpretation of  fitted components.  When such

constraints  are  limited  or  unavailable,  the  BIC*-based  result  can

serve  as  an  unsupervised  first-order  solution,  but  its  geological

interpretation  should  be  treated  with  caution.  Researchers  may

therefore  select  a  component  number  not  exceeding  this  upper

bound for subsequent fitting using the more flexible SGG model.

 2.3  Optimization Algorithm
After  determining  the  optimal  number  of  components  and  their

q = 1 p = 2

μ, σ, q, p

initial parameters, the final fitting is performed using the full SGG
model  through  nonlinear  least-squares  (NLS)  optimization  with
the  objective  of  minimizing  the  RSS  between  the  modeled  and
observed  IRM  gradient  curves.  At  the  initial  stage,  the  shape
parameters  of  each  component  are  reset  to  standard  Gaussian
values  (  and ).  Given  that  high-dimensional  nonlinear
optimization is prone to becoming trapped in local minima under
multi-parameter  coupling  conditions,  a  Gaussian  perturbation
strategy  is  introduced  to  enhance  the  global  search  capability
(Maxbauer  et  al.,  2016).  Specifically,  small  random  perturbations
with  a  standard  deviation  (std)  of  0.02  are  applied  to  the  initial
parameters  of ,  thereby  expanding  the  search  space  and
improving the likelihood of convergence to the global optimum.

μ

σ
0.15 ≤ σ ≤ 0.35

q
p

The  final  optimization  is  carried  out  using  the  Sequential  Least
Squares  Programming  (SLSQP)  algorithm  (Kraft,  1988),  which
effectively handles bounded and constrained nonlinear problems.
To  ensure  numerical  stability  and  avoid  geologically  unrealistic
solutions,  parameter  bounds  are  imposed  during  the  final  SGG
fitting. These bounds are used as default optimization constraints
rather than universal physical limits, and they can be adjusted by
users when independent constraints are available. The component
position  is restricted to vary within ±0.25 log-field units around
the  initial  values  estimated  by  the  BGMM,  which  allows  local
refinement while preventing large shifts during optimization. The
dispersion  parameter  is  constrained  within  the  range

,  consistent  with  commonly  observed  dispersion
ranges  of  natural  samples.  The  skewness  is  constrained  to
0.15–0.35 and kurtosis  is constrained to 1.5–4.0, to allow moder-
ate  asymmetric  and  non-Gaussian  shapes  while  avoiding  exces-
sively skewed or sharply peaked distributions that are difficult  to
interpret  geologically.  These  default  bounds,  together  with
perturbed initialization, are intended to improve numerical stabil-
ity  and  reduce  dependence  on  manual  parameter  adjustment
during  SGG  fitting  and  to  provide  reproducible  candidate  solu-
tions.

 2.4  Error Estimate
A single optimization typically yields only deterministic parameter
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Figure 2.   Schematic illustration of the position penalty term and its effect on penalized BIC model selection. (a) Relationship between  and the

separation between two component positions  ( ). The penalty reaches its maximum value of 1.0 when the two component centers

coincide ( ), and it decreases progressively as their separation increases. (b) Relationship between  and the reduction of RSS required to

offset the penalty when .
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estimates.  To  quantitatively  assess  the  robustness  and  reliability

of  the  model,  a  Monte  Carlo-based  bootstrapping  framework  is

utilized  to  estimate  uncertainties  in  the  component  parameters,

following a approach similar to Maxbauer et al. (2016). The proce-

dure  is  driven  by  a  user-defined  number  of  iterations  (default  is

100).  In  each  iteration,  randomness  is  introduced  into  both  the

input  data  and  the  initial  parameters.  Specifically,  a  random

subset  of  the  original  IRM  data  is  selected  (95%  retained  by

default) to simulate measurement variability, and Gaussian pertur-

bations  (std  =  0.02)  are  applied  to  the  initial  parameters,  serving

as new initial seeds for the optimizer.

w, μ, σ, q, p

The SGG model  is  then re-optimized for  each resampled dataset,

generating an ensemble of parameter solutions. From this ensem-

ble,  the  mean  and  standard  deviation  of  each  parameter

( )  are  calculated,  and  the  2.5  and  97.5  percentiles  are

used  to  define  the  95%  confidence  intervals.  This  approach

provides a quantitative assessment of uncertainty and significantly

enhances  the  statistical  reliability  of  the  interpreted  magnetic

components.

 2.5  pyIRM-unmix Workflow
In this study, we developed pyIRM-unmix, an open-source Python

package.  The  core  computational  modules  are  encapsulated

within the main script (pyIRM_unmix_functions.py). To accommo-

date  different  user  preferences,  the  software  is  provided  in  both

standard  Python  scripts  (.py)  and  Jupyter  Notebook  (.ipynb)

formats. The workflow is organized into two modes: single-sample

analysis and high-throughput batch processing (Figure 3).

The single-sample workflow consists  of  the following steps.  First,

the IRM data are imported and the gradient curve is calculated for

visualization  (Figure  3).  Second,  preliminary  fitting  is  performed

across a range of component numbers, and the optimal number is

determined  using  the  modified  BIC*.  Third,  NLS  optimization  is

applied  to  obtain  the  final  SGG  model.  Fourth,  parameter  uncer-

tainties  are  estimated  using  an  error  estimate  approach.  Finally,

the optimized parameters' component contributions are exported

as  Text  files,  along  with  graphical  outputs  in  both  PDF  and  PNG

formats.  To  support  large-scale  datasets  (e.g.,  long  sedimentary

profiles),  pyIRM-unmix  provides  an  automated  batch-processing

workflow designed to ensure consistency in component partition-

ing  across  samples  (Figure  3).  First,  preliminary  fitting  is

performed for all samples under a predefined number of compo-

nents (determined from pre-analysis of representative samples) to

obtain  initial  parameters.  Second,  the  median  values  of  these

parameters  are  used  as  unified  initial  parameters  for  all  samples,

followed by NLS optimization.  Finally,  the  complete  set  of  fitting

results is exported for subsequent paleoenvironmental analysis.

 3.  Synthetic Data Tests

 3.1  Synthetic Data Generation
To  evaluate  the  stability  of  component  number  selection  and

parameter  recovery  in  pyIRM-unmix,  a  simplified  test  was

performed  using  a  four-component  synthetic  IRM  acquisition

curve.  The  predefined  parameters  for  the  four  components  are

listed  in Table  1.  These  values  were  selected  to  represent  a

synthetic IRM curve with moderately separated coercivity compo-
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Figure 3.   Workflow of pyIRM-unmix, including both single-sample analysis and batch processing procedures.
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μnents.  The  values  were  set  to  1.30,  1.60,  2.10,  and  2.50,  corre-
sponding to  mean coercivity  (Bh)  values  of  approximately  20,  40,
126, and 316 mT, respectively.

These four components were designed to mimic typical coercivity
populations that may occur in natural magnetic assemblages. The
Comp1 (Bh ≈ 20 mT) may represent a mixture of pedogenic, extra-
cellular,  and detrital  magnetite (Egli,  2004a).  Comp2 (Bh ≈ 40 mT)
is  broadly  consistent  with  a  biogenic  magnetite  (Egli,  2004a;
Yamazaki et al., 2019). Comp3 (Bh ≈ 126 mT) may reflect pedogenic
hematite or partially oxidized magnetite (Hu et al., 2013; Zhang Q
et  al.,  2018).  The  highest  coercivity  component  (Bh ≈ 316  mT)
represents  a  high-coercivity  antiferromagnetic  mineral  such  as
hematite or goethite (Heslop et al., 2002; Jiang et al., 2022). These
interpretations  are  used  only  as  mineralogical  analogues  for  the
synthetic  test,  rather  than  as  unique  assignments  of  individual
components to specific mineral phases.

 3.2  Component Number Selection and Noise Robustness

Test
A noise-free cumulative IRM acquisition curve was first generated
based  on  the  predefined  parameters.  To  test  the  effect  of  noise,
four  additional  synthetic  curves  were  produced  by  adding  Gaus-
sian noise to the cumulative IRM curve, with noise levels of 0.1%,
0.2%,  0.5%,  and  1%,  respectively.  Therefore,  five  datasets  were

used  in  total:  one  noise-free  synthetic  curve  and  four  noisy

synthetic curves. The corresponding gradient curves are shown in

Figure  4a–4e.  The  curves  with  0.1%  and  0.2%  noise  are  close  to

the  typical  quality  of  measured  IRM  data  in  daily  measurement,

whereas the curves with 0.5% and 1% noise show stronger fluctu-

ations and may represent lower signal-to-noise conditions.

For each synthetic curve, the BGMM-based BIC* component selec-

tion  procedure  was  repeated  10  times.  This  design  was  used  to

examine  whether  the  automatic  initialization  and  optimization

procedure would produce similar results when repeatedly applied

to the same dataset. After automatic component selection, a four-

component  NLS  optimization  was  also  performed  because  the

true  number  of  components  in  the  synthetic  data  was  known.

Table 1 summarizes the mean parameters recovered from the 10

repeated runs for each synthetic curve.

The  BIC* results  show  that  the  preferred  component  number  is

mostly  four  for  both  the  noise-free  and  noisy  synthetic  curves,

although  the  five-component  solution  is  selected  in  a  few  runs

(Figure  4f–4j).  This  result  is  reasonable  because  adding  an  extra

component  can  further  reduce  the  fitting  residual,  especially

when  small  perturbations  are  present  in  the  data.  It  reflects  a

common  trade-off  in  IRM  unmixing  that  achieves  improving

model  agreement  while  avoiding  overparameterization.  There-

 

Table 1.   Predefined and recovered parameters for the synthetic IRM datasets.a

Parameters Predefined values Synthetic
Synthetic

(+ 0.1% noise)
Synthetic

(+ 0.2% noise)
Synthetic

(+ 0.5% noise)
Synthetic

(+ 1.0% noise)

μ_Comp1 (mT) 19.953 20.815 ± 1.380 21.088 ± 1.475 20.321 ± 2.081 20.039 ± 2.394 17.119 ± 2.475

μ_Comp2 (mT) 39.811 39.254 ± 0.250 39.095 ± 0.535 38.995 ± 0.395 39.081 ± 0.899 40.448 ± 1.315

μ_Comp3 (mT) 125.893 140.033 ± 7.178 130.600 ± 6.772 131.639 ± 9.050 131.893 ± 9.396 157.297 ± 8.720

μ_Comp4 (mT) 316.228 378.108 ± 26.579 355.234 ± 19.641 363.882 ± 25.956 372.934 ± 26.086 464.173 ± 26.094

σ_Comp1 0.3 0.307 ± 0.009 0.313 ± 0.010 0.313 ± 0.011 0.314 ± 0.018 0.257 ± 0.038

σ_Comp2 0.2 0.199 ±0.004 0.206 ±0.003 0.213 ± 0.005 0.217 ± 0.012 0.225 ± 0.026

σ_Comp3 0.3 0.295 ± 0.016 0.292 ± 0.013 0.289 ± 0.011 0.278 ± 0.018 0.307 ± 0.029

σ_Comp4 0.3 0.261 ± 0.008 0.266 ± 0.008 0.253 ± 0.009 0.224 ± 0.010 0.159 ± 0.010

w_Comp1 0.2 0.217 ± 0.022 0.225 ± 0.024 0.214 ± 0.035 0.217 ± 0.044 0.192 ± 0.050

w_Comp2 0.3 0.298 ± 0.027 0.285 ± 0.020 0.301 ± 0.032 0.307 ± 0.049 0.365 ± 0.073

w_Comp3 0.3 0.348 ± 0.032 0.326 ± 0.024 0.329 ± 0.028 0.329 ± 0.035 0.363 ± 0.037

w_Comp4 0.2 0.137 ± 0.030 0.164 ± 0.023 0.157 ± 0.030 0.146 ± 0.026 0.080 ± 0.008

q_Comp1 1 0.993 ± 0.016 0.974 ± 0.029 0.999 ± 0.002 0.982 ± 0.025 0.943 ± 0.054

q_Comp2 1 0.989 ± 0.015 0.995 ± 0.009 0.990 ± 0.017 0.999 ± 0.003 0.964 ± 0.066

q_Comp3 1 0.984 ± 0.021 0.982 ± 0.025 0.985 ± 0.013 0.978 ± 0.022 0.958 ± 0.067

q_Comp4 1 0.984 ± 0.019 0.987 ± 0.016 0.997 ± 0.006 0.970 ± 0.046 0.959 ± 0.117

p_Comp1 2 2.015 ± 0.008 2.000 ± 0.023 2.014 ± 0.021 1.990 ± 0.032 1.731 ± 0.188

p_Comp2 2 1.977 ± 0.011 1.992 ± 0.010 2.002 ± 0.016 2.051 ± 0.076 2.278 ± 0.190

p_Comp3 2 2.031 ± 0.010 2.034 ± 0.014 2.039 ± 0.016 2.087 ± 0.050 3.081 ± 0.580

p_Comp4 2 2.001 ± 0.003 2.002 ± 0.006 2.016 ± 0.009 2.113 ± 0.106 2.935 ± 0.502

aμ, σ, w, q, and p are the center coercivity (field in mT), dispersion parameter, relative contribution, skewness, and kurtosis, respectively.
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fore,  the  statistically  preferred  component  number  should  be

regarded as a guide for model selection rather than as direct proof

of the true number of magnetic components.

The  NLS  results  provide  a  direct  test  of  parameter  recovery.  For
both  the  noise-free  and  noisy  curves,  the  four  components  are
generally well separated, and the recovered parameters are close
to  the  predefined values  (Figure  4 and Table  1).  The  Comp1 and
Comp2  show  particularly  stable  results.  Their  centers,  dispersion
parameters, and relative contributions remain close to the prede-
fined  values,  even  when  relatively  strong  noise  is  added.  In
contrast,  the  highest-coercivity  component  shows  larger  devia-
tions, and the difference becomes more pronounced as the noise
level  increases.  This  may  be  related  to  several  factors.  First,  the
high-coercivity  component  has  a  broader  distribution,  which
makes  its  position  and  contribution  less  tightly  constrained.
Second,  the  high-field  part  of  the  gradient  curve  may  remain
partly open, so the tail  of the high-coercivity component is more
difficult to define. These effects are expected in IRM unmixing and
indicate  that  high  coercivity  components  should  be  interpreted
with more caution, especially when the data are noisy or when the
applied field range does not fully capture the high-coercivity tail.

Overall,  the  synthetic  test  shows  that  pyIRM-unmix  can  recover

the main components and their  relative contributions with good

stability  when  the  coercivity  components  are  moderately  sepa-

rated. The repeated fitting results also suggest that the automatic

initialization  and  optimization  procedure  is  not  strongly

controlled  by  a  single  set  of  starting  parameters.  However,  the

occurrence of both four- and five-component preferred solutions

confirms that statistical model selection should be used as a guide

rather  than  as  a  definitive  determination  of  the  true  number  of

magnetic  components.  In  practical  applications,  the  statistically

preferred  solution  should  therefore  be  evaluated  together  with

rock magnetic evidence.

 4.  Application and Discussion

 4.1  Single-Sample Analysis
To  evaluate  the  practical  applicability  of  pyIRM-unmix,  three

representative  data  from  Figure  2i–2k  of Zhang  TW  et  al  (2025)

were  reanalyzed  using  pyIRM-unmix.  These  three  samples  repre-

sent  different  types  of  magnetic  mineral  mixtures  in  the  studied

lake sediments,  as discussed by Yang XQ et al.  (2022) and Zhang

TW et al. (2025).

The component number was first evaluated using the BIC* values

(Figure 5), which indicate that a five-components model provides

a  reasonable  balance  between  fitting  performance  and  model

complexity  for  the  three  samples.  This  selection  is  further

supported  by  independent  mineralogical  and  rock  magnetic

evidence.  In  the  studied  lake  sediments,  detrital  magnetite  and

biogenic  magnetite  were  identified  by  SEM  and  TEM  observa-

tions,  whereas  goethite  and  hematite  were  confirmed  by  diffuse

reflectance spectroscopy (DRS). In addition, principal components

analysis of FORC (FORC-PCA) results suggested the presence of at

least  two detrital  magnetite  populations with different  grain-size

characteristics, which may correspond to coarse-grained and fine-

grained detrital magnetite with different coercivity ranges. Taken

together,  these observations  indicate  that  five  coercivity  compo-

nents are geologically reasonable for these samples.

The  five-component  solution  obtained  by  pyIRM-unmix  shows

well-resolved  coercivity  distributions  that  are  broadly  consistent

with the mineralogical and rock magnetic evidence (Figure 5). The

Bh values  of  the  five  components  are  mainly  distributed  within

7–14,  22–30,  40–60,  100–200,  and  400–550  mT,  respectively.

These  coercivity  ranges  can  be  reasonably  linked  to  coarse-

grained  detrital  magnetite,  fine-grained  detrital  magnetite,

biogenic magnetite, and high-coercivity antiferromagnetic miner-

als.  The  component  parameters  obtained  by  pyIRM-unmix  are

also  broadly  consistent  with  those  derived  from  MAX  UnMix

(Table 2),  although some differences occur for individual  compo-

nents mainly in the high-coercivity components. For example, the

most  notable  difference  in  DP  is  observed  for  Comp4,  for  which

MAX UnMix gives a relatively broad distribution,  whereas pyIRM-

unmix  contraints  the  parameter  within  the  predefined  bounds.

These  differences  likely  reflect  the  sensitivity  of  high-coercivity

components  to  parameter  bounds  and  broad  high-field  tails,
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Figure 4.   Synthetic curve test results. (a–e) IRM gradient curves generated from the predefined four-component model and noise levels. The

four-components NLS optimization results are also shown. (f–j) Component selection results of five datasets.
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rather than a fundamental inconsistency between the two meth-
ods.  In  addition,  pyIRM-unmix  provides  a  more  reproducible
workflow  by  reducing  the  need  for  repeated  manual  parameter
adjustment.

 4.2  Large-Scale Dataset Batch Processing
The  batch-processing  workflow  of  pyIRM-unmix  was  applied  to
the  complete  IRM  dataset  published  by Zhang  TW  et  al.  (2025).

Before  batch  unmixing,  all  IRM  acquisition  curves  were  normal-

ized, smoothed, and converted into gradient curves. The standard

deviation of the gradient values at each field step was calculated

across  all  samples,  producing  a  standard  deviation  curve  as  a

function of the applied field (Figure 6a). This curve is conceptually

similar to the standard deviation approach used in grain-size anal-

ysis  (Boulay et  al.,  2003),  and it  highlights  the coercivity  intervals

that show the strongest variation among samples.
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Figure 5.   Component number selection and unmixing results. (a–c) Component selection results of three samples. (d–f) Unmixing results

obtained using pyIRM-unmix. Data are from Zhang TW et al. (2025). Q02-014, Q05-068, and Q11-060 are sample names.

 

Table 2.   Comparison of fitting parameters for single samples obtained using two unmixing tools.

Parameters
MAX UnMix pyIRM-unmix

Q02-014 Q05-068 Q11-060 Q02-014 Q05-068 Q11-060

Bh_Comp1 (mT) 8.249 8.575 10.601 13.320 7.194 13.699

Bh_Comp2 (mT) 24.274 29.007 25.297 30.149 22.431 27.645

Bh_Comp3 (mT) 38.468 42.687 40.401 58.597 47.727 41.877

Bh_Comp4 (mT) 137.034 185.832 138.006 140.661 194.486 101.056

Bh_Comp5 (mT) 828.673 985.746 752.206 490.269 547.604 387.126

DP_Comp1 0.248 0.230 0.374 0.341 0.350 0.350

DP_Comp2 0.279 0.297 0.287 0.314 0.310 0.266

DP_Comp3 0.236 0.224 0.186 0.350 0.272 0.169

DP_Comp4 0.365 0.382 0.440 0.289 0.232 0.316

DP_Comp5 0.363 0.351 0.432 0.241 0.196 0.281

weight_Comp1 (%) 11.559 6.793 4.402 18.730 2.836 6.767

weight_Comp2 (%) 26.970 25.683 19.620 36.281 30.913 30.332

weight_Comp3 (%) 12.374 33.141 51.817 4.306 40.349 40.854

weight_Comp4 (%) 42.794 31.219 22.709 28.755 19.544 15.209

weight_Comp5 (%) 6.304 3.165 1.454 11.929 6.358 6.839
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The standard deviation curve was further normalized and treated

as a representative gradient curve for component-number evalua-

tion.  The  BIC* values  indicate  that  at  least  five  components  are

required to describe the main coercivity variability in the dataset

(Figure  6b).  A  five-component  NLS  optimization  was  then

performed  on  this  normalized  standard  deviation  curve  (Figure

6c).  The  optimized  parameters  were  subsequently  used  as  initial

parameters for batch NLS optimization of all individual samples.

Among  the  five  components,  Comp3  is  interpreted  to  represent

the biogenic magnetite contribution in the lake sediments (Zhang

TW  et  al.,  2025).  The  down-core  variation  of  Comp3  obtained  by

pyIRM-unmix shows a strong similarity to the biogenic magnetite

record obtained from the FORC-PCA method (Figure 6d). It is also

broadly consistent with the results obtained using MAX UnMix. All

records show increased biogenic magnetite contributions during

the  M1  and  M2  intervals,  which  correspond  to  periods  of  higher

effective  moisture  and lake  levels.  This  pattern  suggests  that  the

activity of  magnetotactic  bacteria was closely linked to lake level

changes and water column conditions in the studied lake system

(Zhang TW et al., 2025).

These results demonstrate that pyIRM-unmix can be used for effi-

cient  and  reproducible  batch  processing  of  large  IRM  datasets.

The use of a standard deviation curve provides a practical way to

identify  the  main  coercivity  intervals  responsible  for  down-core

variability  and  to  guide  component  number  selection.  However,

this preprocessing approach has not yet been fully validated and

should be used with caution. It is most appropriate for datasets in

which  the  samples  share  broadly  similar  sources  and  magnetic

mineral assemblages. If the sediment source or magnetic mineral-

ogy changes substantially within a sequence, the standard devia-

tion curve may combine signals from different processes and may

not  provide  a  reliable  basis  for  defining  common  components

across all samples.

 5.  Conclusions
pyIRM-unmix provides a practical and reproducible framework for
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Figure 6.   Results of batch processing of multiple samples. (a) Standard deviation values versus a field diagram of all samples. (b) Component

selection results of the normalized standard deviation curve in (a). (c) Five-component NLS optimization results of the normalized standard

deviation curve in (a). (d) Comparison of the biogenic magnetite component with related records. Data are from Zhang TW et al. (2025).
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the statistical  unmixing of  magnetic  coercivity  distributions  from
IRM acquisition curves. Developed within the open-source Python
environment,  the  package  offers  flexible  and  cross-platform
compatibility  through  both  standard  scripts  and  interactive
Jupyter  Notebooks.  The  application  results  show  that  pyIRM-
unmix  can  efficiently  process  both  individual  samples  and  large
sets  of  IRM  acquisition  curves,  providing  reproducible  unmixing
outputs for geological interpretation.

In  contrast  to  traditional  approaches  that  rely  on  extensive
manual parameter tuning, pyIRM-unmix enables semi-automated
parameter  initialization  and  multi-threaded  batch  processing,
thereby  reducing  user-dependent  subjectivity  and  improving
analytical  efficiency.  The workflow can be applied in an unsuper-
vised or semi-supervised mode. Because environmental magnetic
studies  increasingly  involve  large,  high-resolution  datasets,  such
semi-automated  and  flexible  workflows  can  facilitate  consistent
analysis  across  entire  sedimentary  or  stratigraphic  sequences.
Owing  to  its  computational  efficiency,  statistical  rigor,  and  scala-
bility,  pyIRM-unmix  represents  a  practical  and  accessible  tool  for
future applications in environmental and rock magnetism.

Future  developments  could  further  improve  the  workflow  by
incorporating user-defined geological  priors,  adaptive  parameter
constraints, and machine-learning algorithms trained on large IRM
datasets.  Such  extensions  would  allow  automated  unmixing  to
better  integrate  prior  knowledge  with  data-driven  optimization,
thereby improving the geological interpretability of IRM coercivity
spectra.
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