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Abstract. A new open source and freely available stochastic
weather generator, the ERA5-land Global Gridded Stochastic
Weather Generator (EGGS-WG), is publicly available. This
model offers several advancements over existing alternative
stochastic weather generators, including the ability to simu-
late any terrestrial region of the planet, moving from simulat-
ing a single site to an entire gridded domain and increasing
the temporal resolution of temperature simulation from daily
to hourly. EGGS-WG is designed to be as low resource and
portable as possible, ensuring ease of use for any potential
end user. This paper describes in detail all of the principles
that are used in the model design and code implementation.
Preliminary tests are performed over five climatically distinct
regions to confirm the ability of the model to reproduce the
behavior of the ERAS5-Land dataset. Precipitation occurrence
rates and daily rainfall amounts are shown to be reproduced
accurately by the model with a range of attributes investi-
gated, including seasonality, spatial correlations and rainfall
spells. However, some clear issues remain in the simulation
of the most extreme precipitation values. Similar analysis is
also performed for the air temperature and dew point tem-
perature, showing stronger agreement than the precipitation
data. EGGS-WG is designed with a focus on potential fu-
ture developments, including support for CMIP6 driven fu-
ture warming and expansion into simulating other variables
provided by the ERA5-Land dataset.

1 Introduction

Stochastic Weather Generators (SWGs) are a commonly
used type of model, particularly for the simulation of realistic
long term sequences of weather and to generate large ensem-
ble probabilistic forecasts (Wilks and Wilby, 1999; Ailliot
et al., 2015; Peleg et al., 2017; Sohrabi and Brissette, 2021).
The fundamental principle behind SWGs is that by repre-
senting weather with a series of statistical relations, we can
develop relatively simple and low computational cost mod-
els which are able to accurately simulate weather. As these
models neglect the physics and chemistry of the earth sys-
tem, they are fundamentally limited in their capabilities. For
example, they struggle to extrapolate beyond historically ob-
served data. However, they have been found to have a wide
range of applications due to their unique advantages. This
includes, but is not limited to, simulating precipitation for
driving complex ecological models (Friend et al., 1997), as
a source of multiple variables for crop models (Richardson,
1985), driving hydrological models including stream flow
forecasts (Sohrabi and Brissette, 2021) and acting as an in-
termediary model to downscale results from global climate
models (Wilks, 2012).

The majority, but not all, of SWGs follow the design prin-
ciples that guided the initial development of the Weather
Generator (WGEN) model (Richardson, 1981; Richardson
and Wright, 1984; Wilks and Wilby, 1999). SWGs of this
kind, often known as Richardson style models, are used
to simulate precipitation, temperature, winds and radiation.
This simulation process can be summarised as follows. First,
a Markov chain is used to determine if an individual day is
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going to be wet or dry. Second, if the day is determined to
be wet, then the precipitation amount is simulated by us-
ing a random number generator in conjunction with an as-
sumed precipitation distribution (although sometimes an em-
pirical distribution is used). Finally, the other required vari-
ables are calculated using a first-order auto-regressive model
with lag-1 auto-correlation and cross-correlation between all
variables (Parlange and Katz, 2000). The values used in this
last step are conditioned by the precipitation state to en-
sure that any relationships between precipitation and other
variables are appropriately represented in the model. Promi-
nent models based on this general approach include WGEN
(Richardson and Wright, 1984), CLIMGEN (Stockle et al.,
2001), CLIGEN (Nicks et al., 1995), WeaGETS (Chen et al.,
2012a) and LARSWG (Semenov et al., 1998). There are
also more modern models which have a similar design basis
but include more sophisticated statistical approaches, such
as weatherGEN (Steinschneider and Brown, 2013), RMAW-
GEN (Cordano and Eccel, 2016) and GWGEN (Sommer and
Kaplan, 2017). An interesting chain of models were also de-
veloped over California combining weather states, resam-
pling and Gaussian noise (Steinschneider et al., 2019; Rahat
et al., 2022; Najibi et al., 2024a, b). There are other kinds
of weather generators that fill a similar role but use com-
pletely different simulation processes, such as physical mod-
eling (Peleg et al., 2017), alternative statistical approaches
(Dawkins et al., 2022; Whitehead and Bebbington, 2024) or
machine learning (Ji et al., 2024; Rampal et al., 2025), how-
ever, these alternative approaches remain either more com-
putationally expensive, complex or otherwise limited in in-
terpretability, consistency or have to be built specifically for
the region simulated.

One of the major limitations of many of these SWGs is
that they are restricted to the simulation of a single location
at a given time. This is because these initial designs were
based around extending limited time series corresponding
to weather stations. There has been a long research history
working on the development of Multi-site generators (Wilks,
1998; Khalili et al., 2009; Wilks, 2009; Baigorria and Jones,
2010; Chen et al., 2014; Abbasnezhadi et al., 2019). Chang-
ing from a single-site to a multi-site generator is a complex
problem, as simulations additionally need to account for spa-
tial correlations. For instance, if an anomalously hot tem-
perature is simulated at one location, it would be expected
that a second location within a few kilometers would also be
hot. The most popular approach for handling this problem
is the usage of spatially correlated random numbers. In par-
ticular, the technique described in Wilks (1998) and refined
in Brissette et al. (2007) has proven extremely effective at
generating the matrices needed to enforce appropriate corre-
lations between any random numbers. There are alternative
approaches for the generation of coherent random numbers
such as those used in Khalili et al. (2009) and Baigorria and
Jones (2010), however, the performance advantages in com-
putational cost or accuracy are relatively minor and in the
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case of our model would require a much more complex im-
plementation that may not be as consistent over the entire
planet.

The motivation for this project was to further these devel-
opments with the release of an open source and easy to use
gridded SWG capable of simulating any region of the planet,
the ERAS5-land Global Gridded Stochastic Weather Genera-
tor (EGGS-WG). Primarily, this is because there is no exist-
ing open-source model of this kind that can be used globally.
The aim is to produce the two most important fields for end-
users, precipitation and temperature. A particular focus has
been placed on ensuring that the resource requirements are
minimized, with the aim of reasonably sized simulations tak-
ing less than a day on personal computers. The approaches
used in Abbasnezhadi et al. (2019) were shown to be highly
effective at generating a gridded SWG over Canada using
high resolution data from the Canadian Precipitation Anal-
ysis system. The primary aim of our model was to refine
this approach and then use the ERA-5 Land dataset (Muifioz-
Sabater et al., 2021; Copernicus Climate Change Service,
2022) as the basis for our model parameters. This results in
a model that can create versatile gridded output by automati-
cally calculating the parameters needed to run the simulation.
This lets our model change from the regionally constrained
approach in Abbasnezhadi et al. (2019) to a global approach
substantially increases the usability of the model. The addi-
tion of dew point temperature and relative humidity simula-
tions will also be useful for many end users.

It is important to note that while many of the developments
of this model were inspired by Abbasnezhadi et al. (2019),
the other freely available global models are generally lim-
ited. Compared to currently available global models, moving
to a gridded approach from a site based approach is a notable
improvement. This could be particularly useful for hydrolog-
ical analysis in which an entire catchment will need to be
considered. Additionally, ERAS5-Land provides global land
coverage, meaning that it should always be possible to esti-
mate our precipitation distribution parameters without com-
plex estimation strategies such as those used to increase the
coverage of CLIGEN (Fullhart et al., 2021, 2023) and will
not be constrained to a single region (Abbasnezhadi et al.,
2019; Steinschneider et al., 2019; Najibi et al., 2024b). There
are some limitations for ERA-5 data, particularly in the rep-
resentation of extremes, however there are no viable alterna-
tives to reanalysis data in terms of coverage and resolution.
As we show later our model also fails to accurately handle
extremes, meaning that we have two indepentent sources of
errors in our simulation of extreme precipitation. Addition-
ally, the hourly temporal resolution and high spatial reso-
lution provided by ERAS5-Land dataset can produce a level
of detail missing from other publicly available SWG with
lower resolutions. Despite the clear benefits to doing so, there
are very few SWGs that simulate temperature hourly, as is
done in Abbasnezhadi et al. (2019), with many of the older
models simulating daily minimum and maximum tempera-
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tures instead. There are other approaches like that used in
the Steinschneider et al. (2019) and Najibi et al. (2024a, b)
that might be more powerful but their dependence on local
weather states makes it infeasible to apply these approaches
globally.

The remainder of this paper describes the underly-
ing mathematical details of EGGS-WG, discusses some
of the particulars of the implementation, and performs
some simple validation tests on output generated. The
full code base for EGGS-WG is available on a GPL-
3.0 license. This is accessible through a public GitHub,
with a version of record tied to this paper released on
Zenodo (https://doi.org/10.5281/zenodo.19228384, Schud-
deboom, 2025). Also included on this repository are in-
structions for operating the SWG and downloading the data
needed to run the model. The only files required to run
the model, in addition to the code base, are ERAS5-Land
data. Initially the EGGS-WG is released with the ability
to simulate precipitation, temperature and relative humidity,
however other variables, including winds and radiation, are
planned to be introduced with further development. As the
later results show, performance from EGGS-WG is generally
strong across most metrics although clear issues were iden-
tified for particular problems that warrant some caution for
users. Most prominently amongst these are problems simu-
lating the most extreme precipitation values, slightly limited
dew point temperature variability and an underestimation of
air and dew point temperature correlation. Paricular issues
are also identified in our New Guinea test region.

2 Model Design

As stated in Sect. 1, the design of EGGS-WG is heavily based
on the work of Abbasnezhadi et al. (2019). This general
model flow is a slight modification of the Richardson style
stochastic weather generators. It has the following three-step
structure, with each step explored in detail in a following sub-
section:

1. A first order two state Markov chain is used to deter-
mine the precipitation state for each of the grid cells
in the simulation domain. To ensure grid cohesion, the
random numbers driving these Markov chains are all re-
quired to be spatially correlated.

2. For every cell that is determined to be precipitating, a
rainfall amount is calculated using a precipitation equa-
tion determined specifically for each location. As with
the occurrence, the random numbers used are required
to be spatially correlated.

3. Hourly air temperature and dew point temperature are
simulated using a modified residual approach. This is
different from traditional Richardson generators, as the
residuals are generated through the usage of conditioned
Fourier series.
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2.1 Precipitation Occurrence

The simulation of precipitation occurrence using a Markov
chain is one of the longest standing and most consistent
component of SWGs (Richardson, 1981; Wilks and Wilby,
1999). There has been significant experimentation with dif-
ferent kinds of Markov chains, including using second and
higher order chains (Stockle et al., 2001; Chen et al.,
2012a), using more than two precipitation states (Stoner and
Economou, 2020; Dawkins et al., 2022) and using more so-
phisticated Markov models to account for spatial correlations
(Baigorria and Jones, 2010). A simple two state first order
Markov chain is used in this work, as they generally provide
adequate performance (Wilks and Wilby, 1999) and more im-
portantly should be more robust for simulating low precipi-
tation regions. However, in certain climates a single order
chain has been shown to fail to produce sufficient dry spells
(Wilks and Wilby, 1999; Chen et al., 2012a, b), as such an ex-
ploration of possible improved performance through a more
complex Markov chain is intended for the future.

The exact simulation process for the vector of precipitation
states, Q, is as follows. Every grid cell, 7, is considered either
to be wet or dry. A dry day is defined as a day in which less
than 1 mm of precipitation is recorded, with all other days
considered wet. The vector is filled so that Q; ; = 1 indicates
that a grid cell, i, at time ¢ is wet, and a value of 0 is used if i
is dry at time 7. The simulation is driven using two different
probabilities, the probability that a dry day transitions to a
wet day, P [g;,_,=0,0;, = 1] and the probability of a wet day
remaining wet for the next day, P [g;,_, =1,0;, =1]- For each
day a uniformly distributed random number, labelled w!, is
generated and if it is greater than the probability of a wet day
corresponding to the current state, P ;, the day is considered
dry. If w! is less than, P ; the day is considered wet. In its
entirety, this process works by initializing Q to a random pre-
cipitation state (more details in Sect. 3) and then simulating
the next state day by day based on the transition probability
of the grid cell. To ensure that the resulting field is spatially
coherent, the random numbers, wl’ , used with the transition
probabilities must be spatially correlated, as described in fur-
ther detail in Sect. 3.4. To enforce seasonality in the model,
P ; is calculated independently for each month using all the
historic data corresponding to that month.

2.2 Precipitation Amount

Due to the statistical complexities of the precipitation distri-
bution, many different models for precipitation amount sim-
ulation have been used in past stochastic weather generator
research. Most prominent approaches amongst existing mod-
els assume precipitation follows an exponential (Richardson,
1981), mixed exponential (Wilks, 1998, 1999a) or gamma
(Wilks, 1992) distribution. Of these approaches the gamma
distribution has the most success at replicating the nature of
precipitation, being able to do so from very simple physically
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driven stochastic models (Martinez-Villalobos and Neelin,
2019) and has the strongest case for modelling evolution un-
der climate change (Martinez-Villalobos and Neelin, 2023).
There are also approaches that use an empirical or semi-
empirical distribution (Semenov et al., 1998); however, we
avoided an empirical approach due to concerns it would limit
future development of EGGS-WG, particularly if future cli-
mate changes are considered. For EGGS-WG, we choose
to use a three parameter mixed exponential distribution fol-
lowing the work of Abbasnezhadi et al. (2019). This choice
was due to the relative simplicity of simulating the distri-
bution, the percieved ease of fitting the parameters over a
range of climates and the assumption it would be the easi-
est distrubution to modify for future climates. However, dur-
ing the review process we were made aware of appropriate
techniques for using gamma distributions and we aim to up-
date the model representation of precipitation to one based on
gamma distributions in a future release. The three parameter
mixed exponential distribution can be described as:

flapr o) = w4 %), ()
Bi B2

where r is the observed precipitation amount, « effectively
represents the probability that the exponential associated
with B1 represents the precipitation distribution. Therefore,
1 — o represents the probability of the B, distribution. This
also requires the enforcement of the bounds 0 <o <1 and
B1 > B2 > 0. The parameters, «, 81 and B, are calculated
independently for every grid cell in the simulation region.
Once we have fit these parameters, an inverse CDF (cumu-
lative distribution function) procedure can be used to simu-
late the precipitation amounts. Following Abbasnezhadi et al.
(2019), this can be done with the equation:

rl = DLT — B! x In[1 — ®(z})], @

where r! is the rainfall that occurs at grid cell i and time ¢.
DLT is the minimum viable precipitation required for a day
to be considered wet (1 mmd—! for EGGS-WG), and is re-
quired because imposing this cutoff on our simulation means
that values below 1 mm should not exist in simulation output.
z! is the random number (generated from a standard normal
distribution) used to drive the simulation. ®(-) is the func-
tion transforming a Gaussian random number to a uniformly
distributed equivalent. ﬂi’ is a combination of 81 and B;:

Bl = Boi +2(B1,i — B[l — @ (w)) /e P ;] 3)

This is following the approach introduced in Wilks (1998),
which uses the occurrence model data as part of determin-
ing ,Bl.t . This includes both the transition probability, P, ;, and
driving random number, wlf from the occurrence simulation.
A combined model approach like this is essential for avoid-
ing unrealistic precipitation fields in the synchronized fields.
Both w! and z! must be generated in a spatially correlated
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way to ensure that the model produces spatially coherent out-
put. As with the precipitation occurrence, all model param-
eters are fit seperately for each gridcell and month to ensure
good representation of the seasonal cycle.

2.3 Air Temperature and Dew Point Temperature

By opting to simulate temperature data at an hourly tempo-
ral resolution, EGGS-WG follows a different approach than
the majority of publicly available stochastic weather genera-
tors. Specifically, the approach used here is to generate both
a daily and an hourly Fourier series. The hourly series is in-
dependent of precipitation but is conditioned by the daily se-
ries, enabling the model to account for precipitation state.
These Fourier series are used to reduce the underlying data to
normally distributed residuals, which in turn are used to de-
termine the parameters necessary for simulation. Fourier se-
ries are particularly useful for representing temperature due
to the large periodic signals due to seasonal and diurnal vari-
ations. As far as the authors are aware, this exact approach
has only been used by Abbasnezhadi et al. (2019) to date;
however, they recognize that their approach is partially based
on other existing work (Hansen and Driscoll, 1977; Wilks,
2008). First, the hourly Fourier series is calculated using the
entirety of the input data. This is done for every grid point i
using the equation:

Puli,n)=T() +;{QH<IF”>°°S [?;Zg(;]

. [ 27t 4
+ﬂH(l,n)Sln[876O”, 4

where Py (i, 1) is our function that represents the Fourier se-
ries fit for either the mean or standard deviation of the hourly
temperature data at location i and time ¢. The series is cal-
culated for both mean and standard deviation independently,
as both are required to calculate residuals. 7 (i) is the mean
temperature or mean standard deviation over the entire record
(the variable matches whichever ISH(i, t) variable is being
calculated) and oy and By are Fourier coefficients corre-
sponding to a particular harmonic, n. For EGGS-WG, we use
the values n € [1, 365, 730, 1095, 1460, 2190] corresponding
to yearly, daily, 12-hourly, 8-hourly, 6-hourly and 4-hourly
cycles. This is a possible point of improvement for EGGS-
WG, as different selections of n may lead to a more realistic
temperature cycle, although initial work has only identified
minor impacts of changing these values. oy and By are cal-
culated with the following formulations:

8760_ Yt
G2 R
an(n,i) 8760; H<r,z>cos<8760) (5)
8760
_ 2w nt
) = —— My(t,1)si , 6
Bu(n, i) 8760; 1 ’“‘“(gmo) (6)
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where My(¢,i) is either the mean or standard deviation
(chosen to match I3H(i ,1)) over the entire observational
record at time of year ¢ and location i. With both the hourly
mean, g(t,i), and standard deviation, 6y (7,1), calculated
using Eq. (4), a full set of residuals can be calculated by sub-
tracting gy (¢, i) and dividing by oy(¢,i) from the original
temperature data. To avoid confusion, T (i) is the mean value
over the entire time at location i, MH (t,1) is specific to time
of year ¢ and location i and fiy(f,7) is the mean generated
by our Fourier series for time of year ¢ and location i. Once
the data is processed into hourly residuals, they can be used
to determine two matrices, X and Y, needed to run an autore-
gressive model (Wilks and Wilby, 1999). In particular, this
model takes the form:

Ru(t) = XRu(t — 1) + YE(1), 7

where Ry(¢) is the series of the residuals that can be con-
verted back to temperatures using the Fourier series. As is
clear from Eq. (7), there are two components to the model:
one part dependent on the last hour residuals, IéH (t—1),and
one part dependent on E(¢), which is a vector of randomly
generated normal variates with a mean of 0 and standard de-
viation of 1. Calculation of X and Y is a well established
process (Wilks, 1998, 1999b; Wilks and Wilby, 1999), using
the unlagged, Cyp and lag-1, C, correlation matrices between
residuals. This lets us calculate X and Y, with:

X =C(C,! ®)
G = Co—XcT, )

where G is the Gramian of Y, so Y can be calculated with the
Cholesky decomposition of G. With X and Y calculated, we
have everything needed to run our hourly temperature model
in Eq. (7). However, as mentioned above, this process leaves
the generated temperature data independent of the precipita-
tion state. To condition these fields, we generate two differ-
ent daily Fourier series, one using data from only wet days
and one with only dry days. Again, we follow the approach
detailed in, Abbasnezhadi et al. (2019) which uses the fol-
lowing modified versions of Egs. (4), (5) and (6):

ByGi.t) =T (i) + Z{a]g(i,n)cos [2’"”}

365
27nt
+ B (i) sin | (10)
365
, 2 B 2rnt
ad(n,i) = %;M]S)(t,z)cos( 6 ) (11)
, 2 ¥ [(2nnt
B (n,i) = %;Mg(t,z)mn( 265 ) , (12)
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where s is the precipitation state, and is used to indicate
the variable is only using data specific to that precipitation
state. An alternative set of n values are used for this calcu-
lation as well, n € [1,2, 3,4, 6], to account for the shift from
hourly to daily. The difference between the daily averages
from the unconditioned series from Eq. (4) and the condi-
tioned series from Eq. (10) is calculated and used to adjust
the hourly series, resulting in two conditioned hourly series
that can be used to transform simulated residuals to condi-
tioned temperature values. This is simply done by adding the
calculated difference to the hourly series, bringing it in line
with the daily series but retaining the hourly structure. This
entire simulation process can be summarized as follows:

1. An hourly Fourier series for both mean values and stan-
dard deviation is fit to the underlying air temperature
and dew point temperature data. This process is done
independently for every grid cell in the domain.

2. Distinct dry and wet daily Fourier series are calculated
using only data from dry or wet days for the mean and
standard deviation of both variables.

3. Each hourly Fourier series is split into a specific wet
and dry series by calculating the difference between the
daily mean of the hourly series and the corresponding
daily series and then adding that difference to the hourly
series.

4. The conditioned series mean and standard deviation val-
ues are used to transform the existing data into residuals,
which in turn are used to calculate the X and Y matrices
required to drive the model.

3 Implementation

While Sect. 2 describes the design principles behind EGGS-
WG, there are several implementation level issues that need
to be further explained to understand how the model func-
tions. Several of these decisions were made primarily from
practical concerns with a view towards limiting the resources
required to run EGGS-WG, and building EGGS-WG in a
way that does not restrict future development. The most sub-
stantial of these issues are discussed in the following subsec-
tions.

3.1 ERA-5Land Data

All the parameters required to run the model are derived from
ERA 5 Land output (Mufioz-Sabater et al., 2021). This is a
0.1° x 0.1° spatial resolution dataset with hourly values and a
global coverage over land surface. Specifically, the variables
used for this model include the 2 m air temperature, 2 m dew
point temperature, precipitation and geopotential (used to de-
termine altitude which is output but not used for simulation).

Geosci. Model Dev., 19, 10863—-10886, 2026
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The ERAS download process allows for the data to be sub-
set before being downloaded to disk. As such, disk space and
memory costs can be reduced by using a subset covering the
simulation domain. Code to download this data is included
with the model. Expansion to other ERAS5-Land variables in-
cluding winds and radiation is planned but not included in
this version of EGGS-WG. Other potential additions include
surface heat fluxes, evapotranspiration and soil moisture con-
tent, but questions remain about feasibility. For model vali-
dation purposes, the ERAS5-Land data is referred to as obser-
vational data in this paper, although as ERAS is a reanalysis
product this is not strictly true. In general, ERAS5 has been
shown to represent precipitation well in comparison to gauge
data with a slight wet bias, however the most extreme pre-
cipitation values appear to be underestimated (Lavers et al.,
2022) which will impact our simulation of the these extreme
values.

3.2 Stationarity

Most stochastic weather generators are inherently stationary
(Wilks and Wilby, 1999), meaning that the climate simulated
is fixed to one point in time and effects such as past climatic
changes due to greenhouse gases are unaccounted for. There
is, however, an established approach adding climate change
support to SWGs and using them for down scaling larger
resolution climate models (Wilks, 1992; Kilsby et al., 2007;
Wilks, 2012; Keller et al., 2017; Vesely et al., 2019). While
we are interested in introducing this capability to EGGS-WG
at a later date, currently EGGS-WG is designed to be station-
ary. To account for the historical changes that have occurred
over the observational period, we adjust all the ERA5-Land
data so that it is equivalent to data from the year 2022. This
means that our SWG is only effectively simulating conditions
equivalent to 2022. To adjust our data, we fit a Fourier series
to the underlying data. The linear terms of this Fourier series
are then used to generate a trend line for the entire observa-
tional record. This trend line can then be inverted and added
to the observational data, adjusting the data so that it matches
2022 climate. For example if June showed 1° warming be-
tween 1950 and 2022, then 1° would be added to the 1950
values. Only the linear term is used so that seasonal varia-
tions remain in the data, this may seem an unusual choice
but as our model effectively works with month specific data
we don’t need a seasonal correction. This is why a simple
Fourier series approach is suitable for this problem. Adjust-
ments made using this approach are limited and will not ac-
count for some potentially significant changes in variability
or precipitation occurrence.

Additionally, the model has been released with a non-
stationary mode that is not examined in this paper. Effec-
tively, this non-stationary mode adds the trends observed
in the Fourier series back into the model output after the
simulation process. This results in the model recreating
the observed trends in ERAS5-land without any fundamental
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changes in the simulation calculations. Periods from before
the ERAS5-land record are all simulated at 1950 conditions, as
there is no consistent approach for estimating earlier changes
with the ERAS-Land data. Periods from beyond ERAS-land
coverage are simulated with the most recently available data,
assuming no change into the future. As stated in the above
paragraph, climate change forcings will be considered in the
future, but this will go beyond the data provided by ERAS-
land and utilize the CMIP model output. An example figure
showing the effects of these adjustments on temperature is in-
cluded in the Supplement as Fig. S1. Given the same adjust-
ment is made to observations and simulations, it should have
no impact on our model validation, provided we are compar-
ing data of the same kind.

3.3 Precipitation Parameter Calculation

There are several distinct approaches that could be used to
solve for «, B1 and B3 in Eq. (1). In EGGS-WG these vari-
ables are estimated by using the SciPy optimization pack-
age (Virtanen et al., 2020) to minimize the difference be-
tween the theoretical distribution in Eq. (1) and the ERAS-
Land data. Specifically, this is done by using the SciPy op-
timize.minimize to minimize the negative log-likelihood of
this function. This calculation is done independently for ev-
ery grid point and every month. These values need to be cal-
culable for every grid point in the ERA5-Land dataset, as
any grid point could be a potential part of a simulation. This
strongly limits the ability to make any simplifying assump-
tions about the fit of the precipitation function. Experimen-
tation with different algorithms has shown the most consis-
tent results from the Powell (Powell, 1964) and Nelder-Mead
(Nelder and Mead, 1965) algorithms. The Nelder-Mead algo-
rithm is tried first, and when that fails to reach an appropriate
solution, the Powell algorithm used. Failure is determined by
the optimize.minimize function returns and if neither mini-
mization works the code is stopped and user notified. Re-
stricting « to a value between 0.1 and 0.9 has also shown
to improve consistency and computational efficiency in our
internal testing. This is because it prevented the solver from
collapsing to a single exponential case. This was paired with
a restriction on 81 and B, to between 0.1 and 1000 which
helped remove some unusual edgecases and improve perfor-
mance. Although the testing has been limited to the regions
discussed in this paper and the universal impacts of this re-
striction are unclear.

3.4 Spatial Coherence of Random Numbers

The random numbers used for the generation of precipitation
occurrence and amounts simulations are calculated with the
exact same process. In particular, the approach used by Bris-
sette et al. (2007) (in turn based on Wilks, 1998; Rebonato
and Jaeckel, 2000) is the one that is implemented in EGGS-
WG. One of the difficulties of this process is that it requires
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swapping between the underlying uniformly distributed val-
ues to normally distributed values to make the simulation
process efficient (Brissette et al., 2007; Abbasnezhadi et al.,
2019). This component of our model does differ significantly
from Abbasnezhadi et al. (2019), opting instead for the sim-
pler approach of Brissette et al. (2007) because we believe it
will be more consistent over a wide range of environmental
conditions.

First, we focus on the precipitation occurrence simulation.
This process starts by the calculation of the Pearson correla-
tion coefficients between all station pairs of observed precip-
itation sequences, p; j = corr(Q; ., Q;.), where Q; . is the
precipitation occurrence vector (as defined in Sect. 2) at loca-
tion i over the entire observational record. This lets us define
the matrix C which is populated by p; ; for every pair of i and
Jj. Provided that C is positive definite, applying a Cholesky
factorization will result in the upper triangular matrix R such
that C = R'R (Brissette et al., 2007). Multiplying the lower
triangular matrix R’ by a matrix of random normally dis-
tributed numbers results in a matrix with the same covariance
as C, therefore recreating the expected spatial correlations.

There are, however, some issues that make the generation
of R” more complex (discussed in detail in Brissette et al.,
2007). Most importantly, the generated correlations will be
smaller than those observed. Brissette et al. (2007) explains
that this difference is due to needing a higher correlation be-
tween random numbers for them to reproduce the expected
correlations with this simulation technique. To account for
this, larger correlation values than observed will need to be
used to generate R’. Calculating the optimal correlation val-
ues to use is done iteratively, with the equation:

CR1+| = CR,- + 17(Cyx,0bs — Cx,syn) s 13)

where Cy obs is the observed correlations defined as C above,
Cy syn 1s the correlations resulting from when a model is run
with the correlations Cg,. Cg,_, is calculated, and the pro-
cess is repeated until Cy ops — Cy syn Teaches a minimum.
The correlations for each month of data are handled inde-
pendently. In EGGS-WG, several different convergence fac-
tors 1 (in particular [0.4,0.2,0.3,0.05] for occurrence and
[0.4,0.25,0.1] for amount) are used based on internal test-
ing and Cy ops is used as Cg,. The model runs are set to
different lengths given the domain size, ranging from 3000
to 12000 days for each month, with C, sy, taken as the av-
erage of between 5 and 15 simulations of this length. This
approach can result in Cg,,, matrices which are not positive
definite. To ensure we have a positive definite matrix, we ad-
just this matrix by finding its eigenvalues, replacing any neg-
ative eigenvalue with a small positive value (1 x 107!?) and
then recreating the matrix by using the new eigenvalues and
old eigenvectors (Rebonato and Jaeckel, 2000). The precipi-
tation accumulation simulation can be handled the same way
with one key difference, the correlations between points, p,
can only be calculated when both points are considered to be
wet.
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3.5 Temperature Cross Correlation

One of the differences between EGGS-WG and the SWG
in Abbasnezhadi et al. (2019) is that EGGS-WG simulates
dew point temperature in addition to air temperature. These
two variables are obviously highly correlated, so a mecha-
nism for enforcing this correlation in the model is required.
This can be done with the well established approach defined
in Richardson and Wright (1984) and Wilks (1999b). Effec-
tively, this is a modification of the matrices X and Y in Eq. (7)
to include both air temperature and dew point temperature,
and changing Ry from a vector of air temperature residu-
als to a vector that includes residuals for both air and dew
point temperatures. This requires calculating both the lag 0
and lag 1 cross correlations between air temperature and dew
point temperature, with the redefinition of Co and C; from
Sect. 2.3 as:

co _ [Co(T.T)  Co(T. D)
0= |Co(D,T) Co(D, D)
_[cur, 1)y C\(T.D)
e =6 G ] (o

where Co(T, D) indicates the lag O correlation matrix be-
tween air temperature, 7, and dew point temperature, D.
This approach can be scaled to as many variables as required,
with past work commonly including radiation and winds. It
is our intention to use this same approach when investigating
the addition of new variables in later model releases.

3.6 Vector Initialisations

There are several different approaches for initializing the
vectors for simulation. EGGS-WG uses a simplistic approach
where a slightly simplified version of the model is run for a
spin up period of 1000 d. The first day of this spin up period
is considered entirely dry, with the temperatures starting with
aresidual value of 0. Internal testing showed that this spin up
period was sufficient to start the simulation in a random state.
For example, Fig. S2 shows the range of residuals present af-
ter 10 000 different 1000 d spin up simulations. These resid-
uals clearly follow the theoretical Gaussian distribution very
closely showing the expected range of possible starting con-
ditions.

3.7 Post simulation adjustments

A relatively unique innovation of this model is the ability
to provide post simulation adjustments to the simulation out-
put. There are many reasons why a user would not want these
adjustments on simulation output (mostly due to impacts on
future climate simulation), so this is designed to be an easily
togglable model feature. Specifically, two series of adjust-
ments are available, a distribution wide precipitation adjust-
ment and a diurnal variation adjustment to temperatures. For
the precipitation adjustment, a cubic spline is fit to the dif-
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ferences between the observed and simulated precipitation
distributions at specific percentiles. The generated spline is
used to calculate an adjustment factor for every simulated
precipitation value, functioning as a light quantile mapping
correction to the data. This is done using all the precipita-
tion data, so that there is no additional adjustment to account
for seasonality or spatial differences. This is also done at a
coarse scale, around 10 distinct bins, to avoid overfitting to
the underlying data. The impact of this fit can be seen in Fig.
S3, where the general Q-Q plot is mostly unchanged and the
data is most significantly altered between 2 and 10 mm. The
temperature adjustment works by examining the difference
between the month specific daily mean and the diurnal cycle
relative to the mean. These differences are added to the sim-
ulated temperature data, adjusting it so that the diurnal cycle
in EGGS-WG better matches ERA5-Land. The main reason
these are included is that the global nature of the model may
lead to cases where some model parameters are poorly fit and
adjustment is necessary. All figures and analysis in this pa-
per are performed with these adjustments unless otherwise
identified.

3.8 Relative Humidity

EGGS-WG does not directly produce the relative humidity
through the simulation process. Instead, relative humidity is
calculated by taking the ratio of the saturation vapor pressure,
ps, to observed vapor pressure, p. In particular, we use the
Tetens equation for estimating vapor pressure with the air
temperature 7 and dew point temperature D. Note that for
this equation to be accurate, temperatures must be given in
Celsius.

RH= 2

Ps
p = 0.61078¢ D573

e = 0.61078 7373 (15)

4 Results and Discussion
4.1 Simulation Testing Regions

To evaluate the performance of the EGGS-WG, we exam-
ine simulations covering three distinct domains over New
Zealand, one over Australia and one over New Guinea, as
shown in Fig. 1. While almost all of New Zealand is the
same Koppen type, Cfb, there is substantial variation in the
frequency and magnitude of precipitation, particularly when
it comes to extreme events (Vishwanathan et al., 2023a, b).
The three New Zealand based regions are chosen to explore
arange of precipitation conditions. The West Coast region of
the South Island is a rainforest known for its relatively fre-
quent and high intensity precipitation due to the orographic
effects of the nearby Southern alps. On the other side of the
Southern alps is the Canterbury region, dominated by flat and
dry plains. Finally, we include a region on the North Island

Geosci. Model Dev., 19, 10863-10886, 2026

A. Schuddeboom et al.: EGGS-WG

aupo
0 =148%
A =1470 m
Area = 14830 km?
P = 154/15

West Coast
Area = 5780 km?
O0=57%

A
P

N
g 60 li
ust ra |a
é O = 9 Ay
Area = 15700 km?
= 100/100

Canterbury
0= 3 /

A=
Area = 6450 km?
P'= 5881

Figure 1. A map showing the five simulation regions in our domain:
the West Coast, Canterbury, Taupd, New Guinea and Australia. In-
cluded is the ERAS-Land average precipitation occurrence rate over
the region, O, the annual average precipitation over the region, A,
the area covered by the region and the total number of grid points
in the region, P. These values are calculated as averages between
1950 and 2022.

around New Zealand’s largest freshwater lake, Lake Taupo.
This is in-between the other two regions in precipitation fre-
quency and annual rainfall. In addition, we include an Aus-
tralian region which is amongst the driest environments on
the planet and a New Guinea region amongst the wettest.
The New Guinea region is also much larger than the other
regions, allowing us to test model performance over a large
domain. For the observational data, we use trend adjusted
ERAS-Land data from the years 1950 through 2022, whereas
for the model data simulations of 110 year duration are used.

4.2 Precipitation Testing

The first check for model accuracy is to ensure that the over-
all precipitation occurrence rates and accumulation values
match those generated from observations. Figure 2 shows the
observational and simulation values for monthly average oc-
currence rate and precipitation amount for each of the five
regions. Clear differences are seen between the regions with
occurrence rates ranging from lows around 10 % over Aus-
tralia and highs around 100 % in New Guinea and monthly
amounts ranging from around 10 to 300 mm. Generally, the
simulation appears to be able to capture the mean regional
properties with some minor differences. All the regions show
some level of seasonality, with the monsoon seen in the New
Guinea resulting in much larger seasonality than the other
regions and the relatively dry Australia and Canterbury re-
gions showing only minor seasonal variation. In general the
precipitation occurrence and amount are well captured over
all five regions, with the occurrence simulation slightly better
matching the observations than the amount simulation.
While Fig. 2 shows that the domain wide simulation is ac-
curate, it does not give any insight into the spatial structure
within these regions. Following an approach established in
past research (Wilks, 1999b; Brissette et al., 2007; Abbas-
nezhadi et al., 2019), the ability of the simulation to capture
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Figure 2. Seasonal average values for the precipitation occurrence and amounts over the five simulation domains. Precipitation occurrence
is defined as the percentage of days with more than 1 mm of precipitation. Precipitation amounts are calculated as a monthly total values and

then averaged over all the years in the observations and simulations.

spatial dynamics was tested using Pearson correlation coef-
ficients. This testing is done by calculating the correlation
coefficient between every possible pairing of grid points in
the observations and then compared to simulations. All of
these calculations are done for each month of the year inde-
pendently, ensuring that seasonal variation isn’t inflating the
correlation values. The observed correlation coefficient can
then be directly plotted against the simulations to determine
if the same spatial patterns of correlation are present.

The resultant correlation coefficient plot is included in
Fig. 3. Through the simulated correlation coefficients, the

https://doi.org/10.5194/gmd-19-10863-2026

simulation is shown to be very successful at replicating spa-
tial precipitation occurrence dynamics over all five of our test
regions. Interestingly, the observed correlations are substan-
tially different over the different New Zealand domains with
strong correlations with tight clustering over the West Coast
region, much weaker correlations present over the Taupo re-
gion and an intermediary state in the Canterbury region. The
simulation is able to capture these dynamics well with a very
high level of accuracy in the West Coast and Australia re-
gions, a few outlier grid point pairs that underestimate the
observed correlation rate over Canterbury and a wider range
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Figure 3. The Pearson correlation coefficient between every set of station pairs for both the simulation and observational data. Values are
calculated for both the precipitation occurrence and amount data. The color of the figure indicates the density of station pairs at a given
correlation, ranging from purple for a low number of points to green for a high number of points. The included dashed line indicates the 1 : 1

correlation line that would be the theoretical ideal for a simulation.

but generally accurate values over Taupd. The New Guinea
region shows a much different set of correlations than are
seen in the other regions, with the main values offset from
the 1 to 1 line and points ranging from a correlation of 0
to 1. The spatial dynamics are very similar for the amount
values, with the biggest differences seen in the Canterbury
region where a relatively small, but clearly visible subset of
grid point pairs show much lower simulated correlations than
observed. It is worth noting that this a relatively small portion
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of the simulation pairs over the Canterbury region, and that
the overwhelming majority of grid pairs over this region are
well captured. The Australia, West Coast and Taupo regions
show stronger agreement than the data over Canterbury. The
New Guinea amount data shows a better correlation than it
does for occurrence, with the majority of the points landing
near the 1 to 1 line despite still covering a large range of cor-
relations.
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Another common validation approach in past research has
been ensuring that precipitation occurrence spells are well
represented (Wilks and Wilby, 1999), where precipitation
spells are defined as consecutive days that are either wet or
dry days. These results are included in Fig. 4 with an alter-
native version included in the Supplement which uses a log-
arithmic y-axis to emphasize differences in extremes values.
Over all the regions, the agreement between model and ob-
servations is strong, although there is minor disagreement,
particularly over the New Guinea region. The biggest dif-
ferences are seen in the short-lived spells of less than 5d,
although typically the biases cancel each other out over the
first 5 d. Interestingly, while there are clear distinct behaviors
associated with the different simulation regions, such as the
relatively short maximum dry day spells on the West Coast or
wet day spells in Canterbury, the model is capable of mim-
icking these distinct regional behaviors. There are some is-
sues with the New Guinea simulation for long streaks, which
are visible in the percentiles, sum of absolute errors, and in
the Supplement. In fact, the sum of absolute errors shows the
biases over the New Guinea region are over twice the size
as those over any other region. This warrants further inves-
tigation, but given the relative rarity of these events, should
not have a significant impact on the simulation. These results
lack some of the biases that are expected of using a first order
Markov chain, in particular the inability of these models to
accurately capture long dry spells (Wilks and Wilby, 1999).
This appears to be related to the climates of the regions anal-
ysed as some biases in long dry spells are seen specifically in
the New Guinea region (further analysis shows this is inde-
pendent of domain size). Preliminary analysis of additional
depth models not included here shows only very minor ben-
efits of changing to a different chain depth, and suggests the
issues over New Guinea may require a fundamentally differ-
ent approach to resolve.

For a closer examination of the precipitation amount distri-
bution, a quantile-quantile plot of the precipitation produced
by the simulation and seen in the observations is shown as
Fig. 5. All the dry day data is removed from this compari-
son, as this would effectively be testing the occurrence rate
of the simulation, not the precipitation amount distribution.
Generally, there is very good agreement between the simu-
lated and observed percentiles over all five of the domains
with very little difference visible below the 99th percentile.
However, the highest percentile values show notable devia-
tion from the rest of the data, with simulation values con-
sistently larger than observed values. This deviation is much
more pronounced in the Canterbury region than in the Taupd
and West Coast regions and much weaker in the Australia
region. The only exception to this is the New Guinea re-
gion where the extreme precipitation is underestimated by
the simulation. This discrepancy could have major implica-
tions, depending on the region, if the model is used to directly
study extreme events. For general purpose simulations, the
impact on the simulations is relatively minor due to the rel-
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ative infrequency of these events however this could have a
substantive impact if studying flood risk or long return period
events. A more aggressive precipitation adjustment than the
one described in Sect. 3.7 could be used to improve the simu-
lation of these extreme values. This would likely be a strong
quantile mapping correction, but could conceivably also take
the form of fitting a different function for when precipitation
amounts when values above a certain threshold are reached.
However, to retain the simplicity and to avoid overfitting the
underlying data, we choose to keep the post simulation ad-
justments to precipitation relatively small. Additionally, it is
important to keep in mind this is a comparison to ERAS data,
which is in turn biased, particularly for extremes, relative to
true observational data.

To more comprehensively explore the biases in precipita-
tion distribution, an additional set of figures is included in
Figs. S5-S10. These include the general distribution, time
aggregated overdispersion plots to align with Figs. 9 and 10
from Abbasnezhadi et al. (2019) and time period aggregated
and full region wide distributions. The results shown in the
full precipitation distribution show very strong agreement
with Fig. 5, consistent quality simulation with some minor
issues appearing in the representation of the most extreme
values. The monthly and yearly standard deviations show re-
sults that are comparable to Abbasnezhadi et al. (2019) for
the majority of the regions. There is however a clear distinct
behavior over the New Guinea region where simulated vari-
ance is lower than is observed, particularly in the annual cu-
mulative values. The monthly and yearly distributions of the
mean values show good agreement but some evidence of un-
derestimated variability is seen in the West Coast and New
Guinea regions. Moving to the regionwide mean distribution,
there is the emergence of significant New Guinea bias which
suggests that the region is not varying as coherently in the
model as in the observations, however all of the other re-
gions show good agreement between model and observation.
Additionally, the distribution of maximum observed values
shows reasonable agreement across the distribution. The re-
gionwide maximum values do however show evidence of an
underestimate of the most extreme components of the distri-
bution over the New Guinea region.

4.3 Temperature Testing

Next, we evaluate the quality of the 2 m air temperature and
2m dew point temperature simulation over all five of the
simulation domains. Like precipitation, our analysis begins
with the examining the seasonal variation in the mean tem-
peratures, as shown in Fig. 6. These values are calculated by
finding every day in the corresponding dataset that belongs
to the given month, finding the mean, maximum and mini-
mum of the corresponding day and then taking the mean of
all the days in the dataset. All five of these domains show
very strong agreement between the simulations and the ob-
servations, with a nearly indistinguishable average in mean,
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Figure 4. The wet and dry day precipitation spells for the both the simulations and observations over all five of the analysed domains. A
dry spell is defined as number of days in a row below 1 mm precipitation where wet is above 1 mm. Each bar represents the fraction of total
spells that are of a given length. Also included in each subplot is the 50th, 75th, 90th, and 99th percentile (in red for observations and blue

for simulations) as well as the sum of the absolute errors (SAE).

minimum and maximum for the air temperature. The results
for the dew point temperature values are weaker than air tem-
perature simulations, with clear evidence of reduced simu-
lated variability compared to observations. Still the average
values are consistently well represented. Unsurprisingly, the
spread between minimum and maximum values is consider-
ably smaller for the dew point temperature than it is for the
air temperature. The dew point values are also consistently
smaller than the air temperature values, which is expected
given the definition of dew point temperature, but impor-
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tant to validate as it is not a requirement directly imposed
by EGGS-WG. Interestingly, the dew point values seen over
the New Guinea is very tightly grouped showing only a small
difference between minimum and maximum values.
Following the approach used to compare the spatial cor-
relations for precipitation values in Fig. 3, the set of corre-
lation coefficients for every station pair of temperatures is
shown in Fig. 7. Both the 2 m air temperature and the 2m
dew point temperature are analysed, as well as the cross cor-
relation between these two variables. The cross correlation
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Figure 5. Quantile-Quantile plot of the distributions of observed and simulated precipitation data for every individual grid point in each of
the domains. The precipitation data is filtered so that only the wet days are considered. Each dot represents an individual grid point at a
corresponding percentile. The percentiles included in this plot are the Sth, 10th, 25th, 50th, 75th, 90th, 95th, 99th and 99.9th percentiles as
indicated by the color of the dots. The dashed line indicates the 1: 1 correlation line.

between air temperature and dew point temperature is impor-
tant to examine, as this capability should be indirectly built
into EGGS-WG. As the temporal resolution of the simulated
data is hourly, instead of daily, a slightly different approach is
needed than for precipitation. The most simplistic approach
to account for these cycles is to separate the data by both the
month of the year and the time of day. This does result in 24
times as many grid point correlations as in Fig. 3, but should
not have any other significant impacts on our analysis.

The temperature correlation results in Fig. 7 show a rel-
atively large spread of values compared to the precipitation
equivalent in Fig. 3. Focusing on the air temperature, we see
the highest point density is tightly clustered around the 1: 1
line, with minor variance either side of the line. This indi-
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cates that the spatial dynamics of air temperature are being
well captured by the model in general. While there are some
outlying values, the difference in magnitude of the correla-
tion coefficients is relatively small. These are all relatively
tightly clustered with only the New Guinea region showing
some outliers, although this may be at least partially due to
having a much larger range of observed correlation values
than the other regions. Similar, but weaker, correlations are
seen in the dew point temperature difference. One key differ-
ence with the dew point temperature data is that the regions
of highest density are no longer along the 1:1 line, instead
they show a slight deviation indicating a weaker correlation
in the simulation than the observations. These differences are
minor enough that they should not have a large impact on

Geosci. Model Dev., 19, 10863—-10886, 2026
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Specifically, the maximum and minimum values here are calculated by finding the daily regionwide minimum and maximum values and then
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model accuracy. Interestingly the New Guinea region shows
much weaker simulation than all the other cases with the ma-
jority of the observed correlations very close to 1 while the
simulated correlations are closer to 0.8. We suspect that this
is due to statistical issues associated with the minimal range
of dew point temperature values over this region as evidenced
in Fig. 6.

The cross correlation between air temperature and dew
point temperature shows more substantial differences be-

Geosci. Model Dev., 19, 10863-10886, 2026

tween simulations and observations. This is somewhat to be
expected as it is combining the variance associated with both
of the temperatures. The cross correlations are well repre-
sented over the Canterbury region but show clear issues over
the other regions. West Coast and Taupo show the bulk of
simulations underestimate the correlations, but the effect is
relatively minor. The Australia region shows a very wide
range of correlations both observed and simulated that gener-
ally follows the expected 1 to 1 line. The New Guinea region
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Figure 7. The Pearson correlation coefficient between every set of station pairs for both the simulation and observational data. Values are
calculated for both the 2 m air temperature and 2 m dew point temperature data, as well as the correlation between these two variables. The
color of the points indicates the density of station pairs at a given correlation, ranging from purple for a low number of points to green for a
high number of points. The included dashed line indicates the 1: 1 correlation line that would be the theoretical ideal for a simulation.

is very complex with two clear peaks, one well represented
and one not. Issues over this region could be related to the
earlier identified dew point temperature issues, although fur-
ther investigation would be needed for certainty. The cause of
this regional difference is hard to determine, but may be re-
lated to the lower rainfall occurrence over the relatively well
represented Canterbury and Australia regions. The highest
density of grid point correlations fall relatively close to the

https://doi.org/10.5194/gmd-19-10863-2026

1:1 line, however, with a larger separation than seen in either
the air temperature or dew point temperature data. This will
have implications for the evaluating some simulation outputs,
but the correlations still appear close enough to the observed
correlations for the majority of purposes.

As the temperature simulations are hourly, it also needs to
be confirmed that the simulation is accurately capturing di-
urnal variability. The representation of the diurnal cycles of

Geosci. Model Dev., 19, 10863—-10886, 2026
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both air temperature and dew point temperature is examined
in Fig. 8. Over all five of the regions, the air temperature val-
ues show very strong agreement between observations and
simulations. The seasonality is very well captured, which is
expected given the earlier results in Fig. 6. The dew point
temperature is also well represented, but does show some
minor differences between the observations and simulations.
Generally, the representation is relatively consistent over all

Geosci. Model Dev., 19, 10863-10886, 2026

five of the domains. While the New Guinea region shows a
different annual variability pattern than the other regions, this
is unsurprising due to its location in the tropics.

While Figs. 6 and 8 establish that the average temperature
values are well simulated by the model, they do not focus
on the representation of the wider distribution. To examine
the behavior over the entire distribution, a quantile-quantile
plot is included in Fig. 9. Note, this value is calculated sep-

https://doi.org/10.5194/gmd-19-10863-2026
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arately for each grid-point, month of data and time of day.
This means that for example, a single dot will show the 50th
percentile of all values at 01:00 p.m. for a single month, ef-
fective removing biases associated with seasonal cycles from
the analysis. Figure 9 only shows values for April specifi-
cally as seasonal cycles make the plot very difficult to in-
terpret. The patterns seen here are highly representative of
all months, with two extra months (January and August) in-
cluded separately as examples in the Supplement. For both

https://doi.org/10.5194/gmd-19-10863-2026

the air temperature and dew point temperature, the simula-
tion very accurately recreates the observational temperature
values over all five of the investigated domains. There is a
slightly better clustering to the 1:1 line in the air tempera-
ture than the dew point temperature, however the differences
are relatively minor. Unlike the precipitation results shown
in Fig. 5, the extreme values of the distribution do not ap-
pear to show any significant deviation from the 1:1 line.
This suggests EGGS-WG would be more suitable for study-

Geosci. Model Dev., 19, 10863—-10886, 2026
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ing temperature extremes than it is for studying precipitation
extremes. The relatively small range of dew point values over
the New Guinea region also suggest the issues identified for
this region in Fig. 7, are more statistical artifact than signifi-
cant bias.

To further explore any potential temperature biases,
we include figures showing the distribution over different
timescales, spatial sizes and separately for temperature ex-
tremes in the Supplement (Figs. S13-S42). The mean T2M
and D2M values appear very well represented by the model
over all time scales for all five of the different regions, both
over all individual gridcells and in the regionwide mean val-
ues. Interestingly, the maximum values T2M are generally
well represented, but there appear to be some issues with
replicating the coldest temperatures produced by ERAS and
with the yearly D2M maximums, particularly over the Aus-
tralian region. Given the climates of the specific regions we
have examined, the ERAS values appear to be unrealistically
low and may warrant further investigation. However, since
the EGGS-WG is purely based on the ERAS statistical pro-
file, it does highlight a minor failure in the simulation pro-
cess. The majority of these results do reinforce that the model
is in good alignment with the ERAS5 output for all but the
coldest temperatures.

4.4 Model Ensemble Variability

The earlier analysis, while comprehensive, is focused on
a single model realization. One of the major benefits of
stochastic weather generators is their ability to produce a
range of simulations with near identical long-term statistical
properties but generated from a wide range of realistic time
series. This has significant benefits for understanding vari-
ability and presenting information to end users that can be
interpreted with a storyline approach. To create this ensem-
ble, each of the different simulations are separately initiated
with the process described in Sect. 3.6, which results in a
completely different starting point for each simulation.

Figure 10 shows is the ranked anomalies of our 20 run en-
semble for 2m air temperature, 2m dewpoint temperature,
rainfall occurrence rate and accumulated rainfall. Effectively
each month of our 20 model simulation is considered sepa-
rately, and the models are split and ranked based on the size
of their monthly anomaly. The normalized 20 model ensem-
ble distribution is then compared directly to the equivalent
values calculated from the ERA 5 Land dataset. This figure
is included to test a few different features of the simulation;
the quality of the data when aggregated at a monthly level,
the range of outcomes produced across an ensemble for a
given month and how any biases identified in these distribu-
tions differs over the different regions.

Examining the 2m air temperature in Fig. 10, we see a
consistent Gaussian of similar width produced over all of
the regions, strongly inline with the observed distribution,
with the exception of the New Guinea region which shows
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a much more narrow Gaussian. A good spread between en-
semble members is seen in the other four regions with ev-
idence of notable variation even in the 1st and 20th ranked
ensemble members. The results for New Guinea are substan-
tially different from the other regions with a significantly
narrower distribution shown in the simulations relative to
the observations. Amongst the ensemble over New Guinea
there is also evidence of the most extreme ensemble mem-
bers showing anomalies close to zero. Very similar biases
are seen for the dew point temperature, but with a slightly
improved quality of simulation of New Guinea. For the pre-
cipitation occurrence and accumulation, we see strong agree-
ment between simulations and observations in the first four
regions including for some distributions that are clearly non-
Gaussian in shape. For the New Guinea region we see some
distinct behavior that disagrees with the observations, simi-
lar to the temperatures this is mostly in the form of a reduced
variability. Interestingly, in the precipitation occurrence there
are cases with the most extreme ensemble members showing
the monthly mean value. These are most likely due to the
large variations due to the monsoon signals, especially dur-
ing times of close to 100 % precipitation occurrence. Over-
all, the results presented show that the model does a good
job replicating the observations and the ensemble is showing
a reasonable degree of variability. The only exception is the
New Guinea region which still shows a reasonable simula-
tion but clear biases.

In addition to Fig. 10, we include two figures in the Sup-
plement one which shows the monthly anomalies in the en-
semble as time series (Fig. S43) and one that shows the dis-
tribution of Pearson correlation coefficients between each
of these different ensemble members (Fig. S44). Specifi-
cally, this is the correlation coefficient between time series
of monthly mean 2 m air temperature, 2 m dew point temper-
ature, precipitation occurrence and cumulative precipitation
between all ensemble members. From these correlation coef-
ficients we can see that the different ensemble members are
effectively uncorrelated from one another (with the excep-
tion of a minor correlation in the New Guinea data). Combin-
ing this information with the results shown in Figs. 5 and 9,
which demonstrate that the individual model runs are suc-
cessfully reproducing the variability within the observations,
we can conclude that the individual ensemble runs are able
to provide sufficiently variable simulations that are unrelated
to each other. As discussed earlier there are some issues at
the most extreme portions of the distribution but in general
the variability seen between the ensemble members is good.

4.5 Extra Simulation Regions

Given the problems established with the simulation of the
New Guinea region, we expanded the analysis over this area
to include several subregions. Included in the Supplement
is Fig. S45 that shows four subregions that we label PNG
1, 2, 3, and 4. Also included are versions of several of the
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Figure 10. Monthly anomalies of rainfall occurrence, rainfall amount, 2 m air temperature and 2 m dew point temperature for 20 different
simulation realizations. The coloring of the histogram indicates the ranking of ensemble members while the black line indicates the equivalent
distribution from the ERAS Land data. Each run is ranked independently for each month.

main figures from this paper restrained to these new simula-
tion domains, Figs. S46-S49, so that we can determine if any
simulation issues are related to the size of the domain or the
region. Immediately clear is that the occurrence correlation
issue is not present in any of the subdomains. This is most
likely due to the range of conditions that can occur over the
domain, with evidence from later analysis of large regions
suggesting a direct relationship to the climate over the re-
gion. Interestingly, the issues identified with streak length are
prevalent in all sub-regions, so they must be due to an under-
lying limitation from using such a simple model of precipi-
tation occurrence. The poor representation of streaks exactly
one day long would be directly resolved by using a depth-2
markov chain however the impact on longer streaks is unclear
and we aim to investigate this further. Finally, the temper-
ature correlation plots show some improvement, but issues
clearly remain in the T2M D2M cross correlation. One pos-
sibility is that the relatively small local variations in D2M
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that are reasonably well captured over the smaller domains
lead to spurious relationships in the correlation coefficeints.

To further explore these issues, we also include the results
from 5 simulations over North America and 5 simulations
from the Indian Subcontinent (figures included in the Sup-
plement, Figs. S50-S59). Both of these regions have four
225 gridcell simulations and one 625-grid-cell simulation (to
match the New Guinea region). The precipitation correla-
tion results over the North American regions are exceptional,
while for the subcontinent regions, performance is good but
similar to the New Guinea region, showing a wide spread.
Similar results are seen in the streak values (exceptional NA,
average IND), supporting the claim that the New Guinea bi-
ases are directly related to the monsoon climate. Both re-
gions show better representation of precipitation extremes
than the other regions of our paper, which is a positive sign
that our identified extreme precipitation issues are not univer-
sal. Finally, the temperature correlations are also examined.

Geosci. Model Dev., 19, 10863—-10886, 2026
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The values over the North American domains show excellent
agreement with observations, including both the cross corre-
lation and for the larger region. For the subcontinent region,
we see great temperature correlations over two of the regions,
and then the remaining three regions show similar behavior
to the New Guinea regions. Interestingly, all three of these
regions show only minor variation in D2M and are impacted
by the monsoon, with two of them strongly impacted. Over-
all, the two bigger domains show better agreement with ob-
servations than the New Guinea region, reinforcing that the
particular climate of New Guinea is what causes the model
issues. This argument is supported by the monsoon impacted
Indian Subcontinent regions showing biases similar to the
New Guinea region.

5 Conclusions

This paper covers the development of a new open source
freely available stochastic weather generator, EGGS-WG.
The structure and design of this model is based on a well es-
tablished research framework covering Richardson style gen-
erators (Richardson, 1981; Wilks and Wilby, 1999) which
has guided the design of many of the most prominent existing
stochastic weather generators (Nicks et al., 1995; Semenov
et al., 1998; Stockle et al., 2001; Chen et al., 2012a). How-
ever, many of these weather generators are lacking features
that have been established in research following these ini-
tial models (Wilks, 2009; Abbasnezhadi et al., 2019). Mod-
ern features of EGGS-WG that are missing from older mod-
els include a gridded multisite approach, hourly temperature
simulation, simulation of dew point temperature and relative
humidity and a global terrestrial simulation domain. In par-
ticular, the movement to the ability to simulate any region of
the planet is a major development compared to existing mod-
els. By designing this model for portability, low resource re-
quirements and ease of use, it is our aim to provide software
that can useful for as wide a group of end-users as possible.
Comprehensive validation of the EGGS-WG output is per-
formed throughout this paper, focusing on three distinct re-
gions over New Zealand, one in Australia and one in New
Guinea. There are four key variables produced by EGGS-
WG that are examined to evaluate performance; precipita-
tion occurrence, precipitation amount, 2m air temperature
and 2m dew point temperature. The mean values for all of
these variables are investigated and show a strong agree-
ment between the reanalysis and simulations. Further tests
show that the seasonal cycle, diurnal cycles (for temperature
only) and spread of the distribution of these variables is also
well captured by the simulations. There is an identified re-
duction in quality in the simulation of high-end precipitation
extremes (99th percentile and above), although the rarity of
these points limits the impact on the mean state of the simu-
lation. This does however mean that caution should be used
if the model is being used expressly for the purpose of ex-
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treme simulation. The ability of EGGS-WG to recreate ob-
served spatial relationships is also tested and shows gener-
ally strong results, except for the cross correlation between
air temperature and dew point temperature. The simulation
of this relationship is still reasonable but does show consis-
tent underestimation of the observed relationship. Addition-
ally, the model is shown to produce variable time series that
can produce a wide range of synthetic story lines that accu-
rately capture the aggregate statistical properties of the ob-
servations.

Currently, there are a few major limitations to this model.
First and most important is that the model is based entirely
on the ERAS-Land data and as such will share any biases
present in the ERAS data. Given all of our comparisons are
made to ERAS data as observations, this also a limiting fac-
tor of our model evaluation. The most commonly discussed
issue with ERAS is a limited capability to represent the most
extreme weather events, particularly underestimating precip-
itation extremes. These issues may be improved with the up-
coming release of ERA6 which we hope to integrate into our
model quickly. The model simulation has also been shown to
have a flawed representation of both precipitation extremes
and minimum temperatures. Although the model tends to
bias towards producing too much extreme precipitation and
the ERAS produces too little, so the exact impact is difficult
to determine. There are other potential limitations including
accurate representation of domain wide weather events, the
impact of a low depth Markov chain on accurately captur-
ing streaks (particularly in ver low or high precipitation oc-
curence regions) and lack of relationship to global telecon-
nections such as ENSO, which are not evaluated here but
may be a focus of future work. These limitations lead us to
make the following recommendations for using the model:

— General best practice with this model is to work
on regions below 1000 grid cells (it will work, but
it gets increasingly computationally inefficient), gen-
erate ensembles where possible, and use the sta-
tionary mode unless you have a reason not to.
The model output should be suitable for the major-
ity of tasks that SWG output is used for. If you
have questions or concerns about a given applica-
tion, the corresponding author can be emailed di-
rectly (alex.schuddeboom @canterbury.ac.nz) or a post
can be made on the github issues page (https://github.
com/alexschuddeboom/EGGS-WG/issues, last access:
12 November 2026).

— Due to identified issues with precipitation extremes
(particularly those greater than the 99th percentile), ex-
tra caution should be used if this is the primary focus
of your analysis. The first thing to do is acknowledge
with any of your results that the precipitation tends to
bias towards larger precipitation values in your results.
We also recommend simulating multiple different en-
semble members and examining the range in extremes
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between these values. There is a lot of extreme research
focused on values that are not quite as far along the dis-
tribution (i.e. 95th percentile) and these issues do not
impact those values. At the 99th and 99.9th percentile,
the bias is highly variable between different regions and
larger as a percent of rainall for lower rainfall regions,
meaning the researchers who should be particularly cau-
tious are those looking at absolute maximum rainfalls
for work such as flood analysis. For some regions exam-
ined we do not see this bias, if you would like a region
validated, the authors are open to collaboration.

— If examining temperatures, the simulation performs
very well in the majority of cases. The two clear places
with potential issues identified are dew point tempera-
ture variability and the extreme minimum observed tem-
peratures. If either of these is the primary focus of your
work, this weather generator may not be suitable. We do
have plans to address these going forward.

— There is clear evidence of weaker model performance
over regions that are strongly impacted by the Mon-
soon. Usage of the model within these regions should be
done cautiously, with acknowledgement of the limita-
tions. Additionally, if the model us used on a region with
no existing comparisons, short validation tests against
both ERAS5-Land and independent datasets are recom-
mended. This include regions with no Monsoon activity
as there is the possibility of other regional biases.

— Table S1 in the Supplement shows some times required
to run existing models on a laptop and server. For a lap-
top simulation of a smaller domain (less than 200 grid-
cells) should range from 3-8 h. The code has been im-
proved since these benchmarks were recorded, so they
can be considered an upper bound. On the current code
a server simulation of a 1.5° domain takes less than an
hour and 2.5° less than two hours. As the domain size
increases, the computational costs increase (in our ex-
perience, somewhere between order N and N 2 but ex-
act characterization is complex); the main concern is
RAM, although our benchmarks do show that a laptop
with only 16 GB of ram can run a smaller domain. It
is our recommendation that if you are simulating larger
domains, ensure your system has enough ram.

There are also many different future updates being con-
sidered for the EGGS-WG model. Most prominent amongst
these is adding a climate change forcing component to the
model that would allow for direct integration of CMIP6
model data to impact future climate. The second priority is an
expansion of the model to include support for other climate
variables, most importantly wind vectors, incoming radiation
and surface pressure. We have developed an internal version
of the model that supports both of these feature, but substan-
tial work on data quality, portability, data accessibility and
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ease of use is required for them to be added to a public re-
lease. There are more speculative features being considered,
including integration with existing crop growth models (Nan-
dan et al., 2024; Dumont et al., 2025) or streamflow models
(Chen et al., 2012b; Sohrabi and Brissette, 2021), compari-
son with up and coming GAN based stochastic weather gen-
erators (Rampal et al., 2025) and exploration of alternative
precipitation schemes to drive an hourly precipitation model.
There is also the possibility of future research based on the
direct output from the EGGS-WG model. Future work may
also move beyond ERA5-Land and rework the model to also
work with other modern datasets.

Code and data availability. The model produced is open source
and publicly accessible on GitHub under a GPL-3.0 li-
cense (https://github.com/alexschuddeboom/EGGS-WG, last ac-
cess: 12 November 2026). There is a specific version of record
for this paper, V 1.2.1, that is also accessible on Zenodo
at https://doi.org/10.5281/zenodo.19228384 (Schuddeboom, 2025).
To simplify the ERAS5-Land data access process, included with our
model is a python script which can be used to download ERAS-
Land data directly through their API. Also included on GitHub is
a technical manual that briefly describes the operational procedure
for the model.

Supplement. The supplement related to this article is available on-
line at https://doi.org/10.5194/gmd-19-10863-2026-supplement.
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