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Abstract. Ensemble-based methods for data assimilation and
emissions inversions are a popular way to encode flow-
dependency within the model error covariance. While most
ensemble methods do not require the use of an adjoint model,
the need to repeatedly run a geophysical model to gener-
ate the ensemble can be a significant computational burden.
In this paper, we introduce EnsAI, a new AI-based ensem-
ble generation system for surface ammonia concentrations.
When trained on an ensemble for ammonia generated by the
GEM-MACH air quality model, it was shown that the en-
sembles produced by EnsAI can accurately reproduce the
meteorology-dependent features of the original ensemble,
while generating the ensemble 3300 times faster than the
original GEM-MACH ensemble. While EnsAI requires an
upfront cost for generating the ensemble used for training,
as well as the training itself, the long term computational
savings can greatly exceed these initial computational costs.
When used in an emissions inversion system, EnsAI pro-
duced similar inversion results to those in which the original
GEM-MACH ensemble was used while using significantly
less computational resources.

1 Introduction

Ensemble forecasting of atmospheric models has become an
invaluable tool in atmospheric modeling over the past few
decades. An ensemble of atmospheric states has the ability
to represent the uncertainty associated with an atmospheric
model and can encode information about both the level of
uncertainty of particular state variables as well as the corre-
lation between the uncertainties of different variables. Quan-
tifying the uncertainty of atmospheric forecasts is not only
useful when interpreting the results of the forecast, but is also

essential for data assimilation and other inversion methods
that blend the forecast with observational information.

The goal of an assimilation process is to produce what
is known as an analysis, which is a combination of fore-
cast (or background) and observational information in a way
that is optimal (or close to optimal) according to some met-
ric. The uncertainties ascribed to both the model and obser-
vations help determine this optimal combination. The error
covariances associated with the model and observations set
both the level of impact that the observations have on the
analysis as well as the spread of the observational informa-
tion via the error correlations. The error correlations not only
spread observational information spatially, but can also im-
pose balance between different variables in multivariate ap-
plications (Bannister, 2008). Furthermore, as the analysis in-
crement lies in the subspace spanned by the background error
covariance matrix, using a background error covariance with
sufficient rank is essential.

While having an accurate estimate of a model’s error co-
variance is of high importance in many applications, actu-
ally obtaining such an estimate is often difficult. Earlier nu-
merical weather prediction (NWP) assimilation systems of-
ten used static forecast error covariances as this was more
computationally feasible at the time. But as more compu-
tational resources became available, more weather centers
were able to incorporate flow-dependent error covariances
within their systems. One popular method for doing this
was by using four-dimensional variational (4DVar) assimi-
lation (Thepaut and Courtier, 1991; Zupanski, 1993; Rabier
et al., 2000). However, 4DVar’s need for a model adjoint,
which can be taxing to develop and maintain, has increased
the popularity of adjoint-free methods, in particular algo-
rithms that use ensembles to encode flow-dependent infor-
mation. The most common ensemble-based algorithms cur-
rently employed at weather centers are the ensemble Kalman
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filter (EnKF) (Evensen, 1994; Lorenc, 2003; Houtekamer
and Zhang, 2016) and ensemble-variational assimilation (En-
Var) (Buehner et al., 2010; Desroziers et al., 2014; Fairbairn
et al., 2014).

While ensemble-based assimilation methods offer many
benefits over other methods, a significant downside of using
these methods is the computational cost of creating these en-
sembles, which often requires running an atmospheric model
tens to hundreds of times for each time step. The compu-
tational cost often limits the number of ensemble members,
which can result in spurious correlations in the covariance.

The assimilation of atmospheric chemical observations
has been an important component of air quality modeling
(Miyazaki et al., 2012b; Robichaud, 2017; Huijnen et al.,
2020; Park et al., 2022; Garrigues et al., 2022), stratospheric
ozone and UV forecasting (Lahoz et al., 2007; Inness et al.,
2013; Rochon et al., 2019), climate modeling (Peters et al.,
2010; Miyazaki et al., 2011; Bruhwiler et al., 2014; Agustí-
Panareda et al., 2023), and emissions inversions (Miyazaki
et al., 2012b, a; Zhu et al., 2013; Cao et al., 2020). The
computational challenges associated with ensemble gener-
ation are compounded when applied to atmospheric chem-
istry models, which typically require more computational re-
sources than NWP models. While many operational NWP
ensemble systems are run at weather centers with ensem-
ble sizes on the order of tens to hundreds, the higher com-
putational requirements of running atmospheric chemistry
models make running a similarly designed chemical data as-
similation system difficult, especially in an operational set-
ting. When chemical ensembles are feasible to run, it typi-
cally has a much smaller ensemble size than in NWP sys-
tems, often with less than a hundred members (Pendergrass
et al., 2023). In contrast to most modern NWP systems, it
is not uncommon for chemical data assimilation systems
to use static background error covariances. For example,
at Environment and Climate Change Canada (ECCC), the
two operational systems that produce analyses for chemical
fields, the air quality surface analysis (Ménard and Deshaies-
Jacques, 2018a, b, c) and the stratospheric ozone forecast-
ing system (Rochon et al., 2019; Buehner et al., 2024), both
use static background error covariances. ECCC’s air qual-
ity forecasting system uses the Global Environmental Multi-
scale – Modelling Air quality and Chemistry (GEM-MACH)
chemical weather model, which takes approximately four to
five times more computing time and up to nine times more
disk space than the Global Environmental Multiscale (GEM)
NWP model that GEM-MACH is built upon, illustrating the
challenges with using ensemble methods with atmospheric
chemical models.

The recent explosion in machine learning-based weather
prediction (MLWP) (Pathak et al., 2022; Bi et al., 2023; Chen
et al., 2023b; Lam et al., 2023; Chen et al., 2025) offers
the potential of atmospheric forecasting that requires a frac-
tion of the run time as compared to traditional physically-
based models. The drastic reduction in computational run

time is due to both the artificial intelligence (AI) algorithms
used as well as running on specialized hardware such as
graphics processing units (GPUs). Soon after the initial re-
lease of MLWP models, new MLWP systems were devel-
oped to produce ensembles of forecasts (Price et al., 2023;
Li et al., 2024a), combine data assimilation methods into
MLWP models (Xiao et al., 2023; Li et al., 2024b), and end-
to-end forecasting/assimilation systems (Chen et al., 2023a;
Vaughan et al., 2024). The ability of these MLWP models
to meet or exceed the performance (at least with respect to
some metrics) of traditional physically-based models that run
on central processing unit (CPU) computing clusters, while
requiring far less computation time, is opening up a new fron-
tier in the atmospheric sciences.

Currently, most MLWP systems are primarily trained us-
ing the ERA5 data set (Hersbach et al., 2020). For at-
mospheric chemistry applications, additional data sets are
needed to provide information on chemical constituents dur-
ing the training of the AI model. The closest analogue at
present to the ERA5 reanalysis for atmospheric chemistry
is the Copernicus Atmosphere Monitoring Service (CAMS)
(Inness et al., 2019) reanalysis, which only dates back to
2003. Recently, Bodnar et al. (2025) developed an AI geo-
physical system that is pretrained on NWP data and fine-
tuned for atmospheric chemistry using the CAMS reanalysis
as well as the CAMS analysis for more recent years. How-
ever, at present, the atmospheric chemistry data that could
potentially be used for training is much more limited as
compared to NWP, particularly for ensemble information for
chemicals in the troposphere important for air quality fore-
casting.

Sitwell et al. (2022, 2026) detail the development of an
ensemble-based ammonia emissions inversion system that
was used to update the ammonia emissions provided to the
GEM-MACH air quality model. While these studies have
shown that this ensemble-based inversion system can signifi-
cantly improve the parameters used for generating ammonia
emissions, comprehensive assessments of the ammonia emis-
sions can only be done occasionally when using the GEM-
MACH generated ensemble due to the high computational
cost of ensemble generation.

The aim of this work is to develop an AI-based model for
efficient ensemble generation of atmospheric ammonia sur-
face concentrations for the purpose of air quality forecasting,
which we will refer to as EnsAI. An existing ensemble of at-
mospheric ammonia concentrations that was used for ammo-
nia emissions inversions will be leveraged for training. For
our application, the ensemble of emissions perturbations is
computationally inexpensive to create, but translating the en-
semble of emissions perturbations into an ensemble of am-
monia concentration perturbations using a physically-based
atmospheric model is usually very computationally demand-
ing. EnsAI uses a U-Net convolutional neural network to map
ammonia emissions perturbations to ammonia surface con-
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centration perturbations, using surface wind and temperature
fields as auxiliary inputs to the neural network.

As EnsAI can generate ensembles of concentrations with-
out needing to run computationally expensive physically-
based atmospheric models, it can potentially serve as an in-
tegral component of an ammonia emissions inversion sys-
tem that can be run frequently without an excessive compu-
tational burden. Although EnsAI has the upfront cost from
training (as well as generating the ensemble training data if
not already available), these initial costs will be much smaller
than the long-term computational savings over the intended
use period.

2 Emissions Inversions

This study develops an AI-based ensemble generation sys-
tem to be used in an ammonia emissions inversion system.
As in Sitwell et al. (2022, 2026), ammonia retrievals from the
satellite-borne CrIS instrument are used to refine the ammo-
nia emissions parameters, which are then used in the GEM-
MACH air quality model. While the inversion methods are
described in full in Sitwell et al. (2022, 2026), we summarize
the main features in this section, as well as a few modifica-
tions made for this study.

2.1 The GEM-MACH Air Quality Model

GEM-MACH (Moran et al., 2010; Gong et al., 2015;
Pavlovic et al., 2016) is a chemical transport model used in
ECCC’s operational air quality forecasting system that is em-
bedded within ECCC’s operational GEM weather forecast-
ing model (Côté et al., 1998a, b; Girard et al., 2014). GEM-
MACH is a physically-based model of atmospheric gas-
phase, aqueous-phase, and heterogeneous chemistry. Version
3.1.0 of GEM-MACH was used for this study, which has 85
vertical levels that extend from the surface to 0.1 hPa. GEM-
MACH can be run with both global and limited area horizon-
tal grids. For this work, a limited area horizontal grid with
spacing of 0.09° (∼ 10 km) was used. The meteorology is re-
freshed at the beginning of each forecast using analyses from
ECCC’s Global Deterministic Prediction System (Buehner
et al., 2015).

This version of GEM-MACH also includes a bidirectional
flux model for ammonia (Sitwell et al., 2026). The bidirec-
tional flux model combines monthly-mean ammonia emis-
sion potentials with meteorological information to produce
hourly meteorologically-dependent ammonia emissions. The
emissions for all other species are computed by translating
monthly or annual emissions inventories into hourly emis-
sions through the use of sector-dependent time profiles. The
unperturbed set of emissions was version 3.1.2 of the opera-
tional GEM-MACH emissions data set. The annual mean of
this emissions inventory for ammonia is shown in Fig. 1.

Figure 1. Annual mean ammonia emissions from the (unperturbed)
inventory. Emissions are only displayed within the domain of the
EnsAI model. Particular locations examined in this work are also
displayed, which are located (in order of descending emissions) in
(a) North Carolina, (b) Iowa, (c) Ohio, (d) Pennsylvania, and (e)
Georgia.

2.2 CrIS Ammonia Retrievals

The CrIS instrument, which is aboard the Suomi National
Polar-orbiting Partnership (SNPP), NOAA-20 and NOAA-
21 satellites, is a Fourier transform spectrometer that mea-
sures the infrared spectrum in three different spectral bands.
The CrIS Fast Physical Retrieval (CFPR) algorithm (Shep-
hard and Cady-Pereira, 2015; Shephard et al., 2020), based
on the TES ammonia retrieval algorithm (Shephard et al.,
2011), used for the ammonia retrievals makes use of the long-
wave band between 960 and 967 cm−1. As we will focus
on the years 2014 to 2016, we use retrievals from the CrIS
instrument aboard the SNPP satellite. The SNPP satellite,
which is in a sun-synchronous orbit, has local overpass times
at approximately 01:30 and 13:30, though only the day-time
retrieval is used in the inversions. CrIS has a resolution at
nadir of around 14 km. The retrievals are made on 14 pres-
sure levels, with the averaging kernel typically peaking at or
near the surface.

Retrievals are from version 1.6.4 of the CFPR algorithm
that includes non-detects when the signal is below the detec-
tion limit (White et al., 2023). Only retrievals over land with
a signal-to-noise ratio of at least one and have at least 0.1
degrees of freedom are used in the inversions.

The goal of this work is to develop an efficient ensemble
generation model that runs on GPUs, which typically have
access to less memory than traditional CPU clusters. As such,
to reduce memory requirements, only the retrieval at the sur-
face will be used in the inversions, instead of all 14 levels that
were used in the inversions in Sitwell et al. (2022, 2026). This
should be a reasonable simplification since the retrievals are
mainly sensitive to the surface and lower atmospheric levels.

2.3 Inversion Methods

Inversion algorithms are used to create a statistical blend
of observational and a priori (background) information by
solving an inverse problem, the result of which is known as
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the analysis. Both the background model state and observa-
tions are weighted by their error covariances. The error vari-
ances determines the level of impact the observations have on
the analysis, while the correlations can (among other things)
spread the observational information to other variables in the
model state. Most algorithms solve this problem by finding
an additive state vector, known as the increment, to add to the
a priori state vector.

For our current application, a set of emissions e is used as
input into GEM-MACH to generate atmospheric concentra-
tions c, where only c is observed. As mentioned in Sect. 2.1,
because we will only be utilizing the lowest level of the
model output, c will denote only the surface concentrations.
If our model state vector x is represented in block form as

x =

[
c

e

]
, (1)

then the background error covariance B can be expressed as

B=
[

Bcc BT
ec

Bec Bee

]
, (2)

where Bcc and Bee represent the univariate covariances for
the surface concentrations and emissions, respectively, while
Bec represents their cross-covariance. Although the uncer-
tainties in the atmospheric concentration of ammonia are
likely due to a number of different factors including un-
certainties in emissions, meteorology, initial conditions, and
chemistry, for these inversions only the uncertainty due to the
emissions is considered.

Ensemble methods model the background error covari-
ance, in full or in part, by use of an ensemble of model states,
where each member of the ensemble has a different perturbed
state. An ensemble {x1, . . .,xN } of N model states can be
used to form a background error covariance Bens as

Bens
=

1
N − 1

L ◦
(

N∑
i=1

δxiδxT
i

)
, (3)

where δxi is the model state perturbation of ensemble mem-
ber i. Physically-based atmospheric models are usually com-
putationally costly to run, so ensembles typically consist of
tens to hundreds of members. These small ensemble sizes
produce error covariances with low rank and spurious long-
distance correlations. A localization scheme is usually in-
cluded to mitigate these effects, which we implement through
an element-wise multiplication (denoted by ◦) of the ensem-
ble error covariance with a localization matrix L.

A diagrammatic representation of the emissions inversion
process is shown in Fig. 2. As individual CrIS ammonia
retrievals have relatively large uncertainties (Shephard and
Cady-Pereira, 2015), each inversion uses a month of re-
trievals so that a sufficient amount of observational infor-
mation is used in each inversion. The hourly fields from an
unperturbed GEM-MACH run are used as the a priori (back-
ground) model state. The ensemble used in the inversions is

comprised of a set of hourly fields produced by perturbed
GEM-MACH runs. The emissions inversions use a calendar
month’s worth of retrievals with the hourly background and
ensemble model fields to produce updated emissions model
parameters for a particular month. While the product of each
inversion is a single field of the emissions parameters for
a particular month, the posterior ammonia emissions vary
within the inversion time window as the ammonia emissions
are dependent on meteorological conditions, most notably
the surface temperature. Further details of the inversion al-
gorithm can be found in Appendix A.

2.4 GEM-MACH Ensemble Generation

Ensemble generation is often the most computationally de-
manding part of an ensemble forecasting system. EnsAI was
trained on a previously existing ammonia ensemble, which
removed the need to generate new training data. This section
briefly summarizes the processes that were used to generate
this ensemble.

The ensemble generation process consists of two steps:
First, for each ensemble member i, a Gaussian random field
is drawn that is used to construct the time-mean emissions
ei . These emissions are then combined with the unperturbed
model input, collectively denoted by θ , which includes the
emissions from all chemical species other than ammonia as
well as initial conditions for both meteorological and chemi-
cal concentration fields. The GEM-MACH model, here rep-
resented by the operator MGM, is then run to produce the
atmospheric concentrations ci for that ensemble member,
which is represented symbolically as

ci =MGM(ei,θ). (4)

The initial step of generating the emissions ensemble is
relatively computationally inexpensive. A random field is re-
peatedly drawn from an isotropic normal distribution and are
used to perturb the ammonia emissions. The standard devi-
ations of the emissions perturbation field was set to 50 % of
their monthly mean values, with a minimum standard devi-
ation value of 10 mg s−1 km−2 imposed so that all locations
have a non-negligible ensemble variance. The horizontal spa-
tial correlations of this distribution were chosen to have a
half-width at half-maximum of 40 km. The second step of re-
peatedly running GEM-MACH with the perturbed emissions
fields accounts for most of the computational cost of this in-
version method and is the motivation for exploring AI-based
ensemble generation methods that can potentially produce an
ensemble at much lower computational costs.

3 AI Ensemble Generation

As repeatedly running GEM-MACH is very computationally
demanding for ensembles of any reasonable size, we wish to
find an AI-based model MEnsAI that can be used in Eq. (4)
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Figure 2. Diagram of the ammonia emissions inversion process. The hourly background concentrations (cb) and ensemble concentration per-
turbations (δc) are used with observations (y) within a month to produce monthly increments to the emissions parameters1e. GEM-MACH’s
bidirectional flux model (represented by the green arrows in the diagram) combines the monthly emissions parameters with meteorological
fields to yield hourly updated emissions (ea).

in place of MGM that emulates the GEM-MACH model but
is able to run much faster than GEM-MACH.

In the original ensemble generation procedure described
in Sect. 2.4, we note from Eq. (4) that the full GEM-MACH
model MGM is used to produce the perturbed concentration
fields ci , which in our case are the ammonia surface concen-
trations. A full GEM-MACH emulator would aim to repro-
duce the full forecasts for multiple chemical species. How-
ever, as our goal is only to reproduce ensemble perturbations,
MEnsAI will only predict the ensemble perturbations of the
ammonia surface concentrations δci given the perturbations
to the ammonia emissions δei . Since MEnsAI only needs to
simulate the ensemble perturbations of certain model fields
(only surface ammonia in our case), MEnsAI can potentially
be much simpler than an emulator that aims to reproduce the
full GEM-MACH output.

For application to ammonia emissions inversions, the same
perturbation to the time-mean ammonia emissions can re-
sult in different perturbations to the atmospheric ammonia
concentration at different times due to the dependence on
the meteorological conditions. The strength of the ammo-
nia emissions are strongly dependent on temperature, while
the local spatial distribution of its atmospheric concentra-
tion is dependent on advection patterns. This is illustrated
in Fig. 3, which displays the ammonia emission and sur-
face concentration perturbations for one particular member
of the ensemble. The monthly-mean ammonia emission per-
turbations for May is shown in the top row, while the bottom
row shows the surface concentration perturbations resulting
from this emissions perturbation at three different times (all
at the same time, 18:00 UTC, but for different days). While
all three surface concentration perturbations originate from
the same emissions perturbation, the different meteorologi-

Figure 3. Monthly-mean ammonia emissions perturbations for May
(top row) and the resulting ammonia surface concentration pertur-
bations at three different times in May (bottom row) for one member
of the GEM-MACH ensemble.

cal conditions at each time have a clear effect on both the
magnitude and spatial pattern of surface concentration per-
turbations.

For the ensemble generation described in Eq. (4), the in-
put to GEM-MACH consists of a randomly perturbed am-
monia emissions field ei , as well as a large number of unper-
turbed fields θ . In addition to meteorological fields, GEM-
MACH requires hundreds of chemical constituent fields as
well as other auxiliary fields such as those describing land-
use and soil hydrology. As GEM-MACH is typically run on
large CPU clusters that have access to much larger amounts
of memory than is currently available to GPUs, EnsAI was
designed to use drastically fewer unperturbed input fields.
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As ammonia emissions have a strong temperature depen-
dence and the local spatial patterns of ammonia concentra-
tions depend on its advection, the meteorological input fields
to EnsAI were limited to the surface temperature T and hor-
izontal wind fields u and v. Ammonia has a relatively short
atmospheric lifetime and individual perturbations to the am-
monia concentrations are short-lived. We exploit these prop-
erties by neglecting concentration or meteorological fields
from previous time steps to further reduce the size of the in-
put. Hence, EnsAI models a diagnostic, rather than a prog-
nostic, relationship. The EnsAI model can now be summa-
rized as

δci =MEnsAI(δei,u,v,T ). (5)

As EnsAI describes a diagnostic relationship between vari-
ables, u, v, T , and δc in the equation above are all valid
at the same time (while δe is a monthly mean parameter).
We emphasize that the simplification to a diagnostic rela-
tionship will only be a reasonable approximation for short-
lived species. Additionally, the original 772×642 horizontal
grid of the GEM-MACH regional model, which covers all
of Canada, the United States, and northern Mexico, was re-
duced to a 256×256 grid that cover only the central and east-
ern United States and Canada (displayed in Fig. 1) to further
reduce memory requirements.

It is worth noting that generating the ensemble of emis-
sions is simple, as they are constructed from a Gaussian ran-
dom field as described in Sect. 2.4. In Eq. (4), the GEM-
MACH model MGM translates the emissions ensemble into
an atmospheric concentration ensemble, and the desire is for
MEnsAI to emulate this process. This is in contrast to other
AI-based geophysical systems, such as those using diffusion-
based generative models (Price et al., 2023; Li et al., 2024a),
that construct a latent space that is easy to sample in. In
diffusion-based generative models, a diffusion process is
used to add noise to an image (which in our application
would correspond to an atmospheric field) until the image is
dominated by noise. The goal of the noising process is for the
distribution of noised images to be well described by a prob-
ability distribution that is easy to sample from. In these sys-
tems, random samples are drawn in the latent space and are
then denoised using the reverse diffusion process (Song et al.,
2020; Song and Ermon, 2020; Ho et al., 2020) to transform
the random samples into the space of the atmospheric model.
In our application, sampling from the emissions distribution
is already relatively easy, so constructing and transforming
into a latent space is not necessary. In both cases, samples
are randomly drawn in a space where the probability distri-
bution is relatively simple and the AI model transforms that
sample to the state space of the atmospheric model. How-
ever, EnsAI can potentially be simpler than diffusion-based
(or other similar) generative models since a diffusion process
to denoise an image does not need to be modeled.

4 Neural Network Architecture

EnsAI is based on the popular U-Net convolutional neu-
ral network architecture (Ronneberger et al., 2015) that was
originally developed for image segmentation, but has since
been widely used for other applications such as diffusion-
based image generation (Ho et al., 2020). The U-Net used
for this study is displayed in Fig. 4, where each box repre-
sents either the model state at the input or output, which in
the language of image processing can be referred to simply
as an image, or the image transformed into an intermediate
state often referred to as a feature map. The U-Net broadly
consists of a series of convolutions and max pooling that en-
codes images into various feature maps, followed by a series
of convolutions and upsampling to decode the feature maps
back to an image. The dimensions of the horizontal grid at
each stage within the U-Net is given on the left of the dia-
gram, while the number of fields, usually referred to as chan-
nels in the current context, is displayed above each box.

The input fields to EnsAI are displayed in the upper-left
corner of Fig. 4, which consists of the four input fields
[δe,u,v,T ] on the 256×256 horizontal grid. In the encoding
branch of the network, the input image is sequentially trans-
formed into feature maps with more channels and a reduc-
tion in spatial resolution to encode different image features.
The decoding branch decreases the number of channels and
increases the spatial resolution, with the final output having
the original spatial resolution and a single channel for the at-
mospheric surface concentration perturbation δc (shown in
the upper-right corner of Fig. 4). Details on each component
of the U-Net can be found in Appendix B1.

The U-Net used for EnsAI has two downsampling layers,
in contrast to many other U-Net designs that have three. Am-
monia has a relatively short atmospheric lifetime which lim-
its the scale of its advection. Consequently, its background
error covariance matrix is sparse and concentrated within
∼ 100 km of each location. After EnsAI’s two downsampling
layers, at the bottleneck of the network, the network’s re-
ceptive field is about 320 km (or 160 km in either direction),
which should be adequately large to properly capture the
spatial correlations of the error covariance matrix. Adding
additional downsampling layers would increase the number
of tunable model parameters beyond what is required for
this particular application, although we note that longer lived
species would likely require additional downsampling lay-
ers. As mentioned in Sect. 2.3, localization is applied to the
ensemble covariance to remove spurious long-distance cor-
relations due to the limited ensemble size. As the horizon-
tal localization length scale for the ammonia emission inver-
sions had half-width at half-maximum of 120 km (see Ap-
pendix A), any additional longer-scale features created by
adding more downsampling layers would be removed after
localization in any case.
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Figure 4. U-Net architecture used for EnsAI. Each box represents an image or feature map, where the x,y dimensions are displayed on the
left and the number of channels are displayed above each box. White boxes denote feature maps that have been copied during the encoding
sequence and concatenated with feature maps produced in the decoding sequence. The blue, orange, green, and purple arrows represent
residual blocks, max pooling, upscaling blocks, and two-dimensional convolution, respectively. This figure is adapted from the depiction of
the original U-Net architecture shown in Fig. 1 of Ronneberger et al. (2015).

5 Training the Network

An existing GEM-MACH ammonia ensemble for Jan-
uary to December 2016 was used for training the neu-
ral network. As mentioned in Sect. 2.3, the ensemble con-
sisted of hourly GEM-MACH model fields. The ensem-
ble consisted of 60 members, so the training set contained
366 d× 24 h d−1

× 60 members= 527 040 samples.
The mean squared error (MSE) was used as the loss func-

tion for training. While the MSE loss function can lead to
smoothing at smaller scales, no significant smoothing was
observed in our experiments. More details of the training can
be found in Appendix B1.

Ensembles for January to December 2015 and July 2014
were generated to use as test and validation data sets. We note
that some GEM-MACH files during January and December
2015 were either unavailable or contained erroneous values
and were excluded from the test data set. As such, the test set
covers slightly less than a full year’s worth of data, with 1–4
January, 9–31 January, and 5–11 December excluded from
the test set. As the change in total atmospheric ammonia in
North America is small between these years (Van Damme
et al., 2021), evaluating on the year prior to the year used for
training is unlikely to be an issue.

6 Run Time Comparison

One of the main motivations of this work is to develop a
method for ensemble generation that can run significantly
faster than traditional physically-based systems. The origi-
nal GEM-MACH ensemble took roughly 6.5 h of wall time
to generate a week’s worth of simulated data per ensemble
member when run on a CPU cluster using 720 computing
nodes. In contrast, EnsAI when run on a single GPU took

only 7 s of wall time to generate a week’s worth of simulated
data per ensemble member, or about 3300 times faster than
GEM-MACH (see Appendix B3 for more details).

The run time comparisons above for EnsAI do not include
the upfront cost of generating the GEM-MACH ensemble
used for training as well as the time for training. The intent
is to run EnsAI for time periods much longer than the train-
ing period, so that the long-term computational savings of
running EnsAI instead of GEM-MACH for ensemble gener-
ation becomes much larger than these initial costs. For op-
erational implementation, the desire is to only retrain EnsAI
occasionally when there are significant changes in the oper-
ational version of GEM-MACH.

It is important to note that while EnsAI runs significantly
faster than GEM-MACH, GEM-MACH produces forecasts
for hundreds of chemical fields on 85 vertical levels, while
EnsAI only produces a single surface concentration field.
However, while the wealth of information produced by
GEM-MACH can have many uses, the full volume of this
information is not always needed for every application. Gen-
erating an ensemble of ammonia concentrations at or near
the surface to be used for emissions inversions is one exam-
ple where not having as much information generated is not
necessarily a drawback, but where the long run times of the
physically-based model may limit how often these inversions
can be performed.

7 Static Error Covariances

To provide a point of reference for the differences between
the GEM-MACH and EnsAI ensemble covariances, we also
examine the differences between the GEM-MACH ensemble
error covariances and the model error covariances derived in
a similar manner to those used operationally at ECCC for sur-
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face pollutants (Ménard and Deshaies-Jacques, 2018c; Mé-
nard et al., 2020). ECCC’s operational air quality system pro-
duces hourly surface analyses of O3, NO, NO2, SO2, PM2.5,
PM10 using error statistics that have a diurnal variation, but
are otherwise constant within a two-month period. We refer
to these flow-independent error statistics as the “static” er-
ror covariances, although this is a bit of a misnomer as they
do contain diurnal patterns. Including these comparisons will
help quantify the effect of using flow-dependent error covari-
ances over flow-independent error covariances that mirror
what is currently used in operational air quality systems at
ECCC.

While the ECCC operational error statistics for surface
pollutants are formed using the time-average departures of
a single forecast from its time-mean and adjusting the er-
ror variances using innovation statistics, to isolate the effects
of including flow-dependent error covariances, the static er-
ror covariances used for this study were formed simply by
computing the two-month mean of the GEM-MACH ensem-
ble covariance for the training set (done separately for every
hour of the day to retain the mean diurnal variation).

8 Surface Observations

In addition to direct comparisons of the covariances, EnsAI’s
performance will also be evaluated by comparing the poste-
rior ammonia surface fields to ammonia surface observations
from the US’s Ammonia Monitoring Network (AMoN;
http://nadp.slh.wisc.edu/amon, last access: 26 October 2026)
and Canada’s National Air Pollution Surveillance (NAPS;
https://www.canada.ca/en/environment-climate-change/
services/air-pollution/monitoring-networks-data/
national-air-pollution-program.html, last access: 26 October
2026) network. Ammonia observations from the AMoN
network are made using Radiello® passive diffusion sam-
plers and measure ammonia concentrations over two-week
periods. The NAPS stations that monitor ammonia use citric
acid-coated denuders to measure ammonia concentration
over a 24 h period every three or six days. A total of 55
AMoN stations and 6 NAPS stations were within the model
domain and had valid observations during the test period, the
locations of which are shown in Fig. S2 of the Supplement.

9 Direct Comparisons of the Covariances

In this section, the different covariances will be directly com-
pared (in contrast to Sect. 10 that compares products of in-
versions that use these covariances). Although EnsAI was
trained on a 60 member ensemble, it is possible for EnsAI
to generate ensembles with more than 60 members. While
the speed at which EnsAI can run may allow for much larger
ensemble sizes, new strategies for memory management may
be required for very large ensembles. In any case, to simplify
the comparison between covariances, for this study the re-

sults presented for EnsAI will be for an ensemble of the same
size as the original GEM-MACH ensemble.

In this section, uncertainties on quantities derived from the
GEM-MACH ensemble due to the limited size of the ensem-
ble will be estimated via bootstrapping, in which the GEM-
MACH ensemble members were resampled (with replace-
ment) 50 times. 1σ confidence intervals are illustrated on line
plots by lightly-shaded region around the curve and by error
bars for scatter plots. We note that for some curves the uncer-
tainties are small enough that the confidence regions are not
easily distinguished from the main curve.

9.1 Covariance Parametrization

For the direct comparison between covariances, each covari-
ance is decomposed into variance and correlation compo-
nents. The error variances can be constructed from the emis-
sions standard deviations σe and the surface concentrations
standard deviations σc, while the correlations are comprised
of the univariate emissions correlations ρee, the univariate
surface concentration correlations ρcc, and the emissions/sur-
face concentration cross-correlations ρec. As EnsAI uses the
same emissions ensemble {δei} as the GEM-MACH ensem-
ble, no comparisons of σe or ρee are necessary.

While the ensemble standard deviations σc can be repre-
sented by a vector and is straightforward to display its val-
ues (for example on top of a 2D map), it is more difficult
to display the correlations ρcc and ρec in full, as these rep-
resent matrices, although a single row/column can easily be
shown. To aid in summarizing the information in the corre-
lation matrices, we introduce the isotropic correlation length
Liso, which we define at location x as

Liso(x)=

√
2
π

∫
%(x,x′)|x′|dx′, (6)

where % is the normalized spatial correlation function defined
by

%(x,x′)≡
ρ(x,x′)∫
ρ(x,x′)dx′

. (7)

Defined in this manner, the isotropic correlation length is the
expectation value of distance weighted by %. The factor of
√

2/π in this definition is included so that for a 2D isotropic
Gaussian correlation model, Liso coincides with the Daley
length-scale (Daley, 1993) (as well as the standard devia-
tion of the Gaussian model). We can extend this definition
to anisotropic modesm of the correlation length by introduc-
ing a multipole expansion of the correlation length as

L[m](x)≡

√
2
π

∫
eimφ

′

%(x,x′)|x′|dx′, (8)

where φ′ is the angle between x′ and the x-axis. With this
definition, we have L[0] = Liso, L[1] is proportional to the
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Figure 5. Examples of correlations and their corresponding L[1]
and L[2] values, which are displayed in the upper left corner of
each panel. The correlation length modes are taken with respect to
the origin. The values for L[0] are the same for all panels and units
are selected so that L[0] = 1.

dipole moments of the function %, and L[2] is related to its
quadrupole moments. More details of this expansion can be
found in Appendix C.

To better understand this parameterization of the correla-
tion length, example correlations are given in Fig. 5, with the
values for L[1] and L[2] displayed in the upper left corner
of each panel. In these plots, the correlation length modes
are taken with respect to the origin. The isotropic correla-
tion length L[0] is the same in each panel and the units of
L[m] are set such that L[0] is equal to one. In the top row, all
correlations have L[1] = 0 but have varying values for L[2],
which results in anisotropic correlations centered on the ori-
gin and its major axis pointing in different directions. The
correlations in the bottom row of Fig. 5 have L[2] values
with the same magnitude as those in the top row, but also
have nonzero values for L[1], which skews the correlations
in a particular direction.

The set of covariance parameters to compare is then
{σc,Lec[m],Lcc[m]}, where Lec[m] and Lcc[m] are the cor-
relation length modes for the emissions/surface concentra-
tion cross-correlation and surface concentration univariate
correlations, respectively. For each of these covariance pa-
rameters, we will examine the anomaly correlation coeffi-
cient (ACC) and the root mean square error (RMSE), which
are defined in Appendix D. Lastly, since the comparisons of
Lec[m] and Lcc[m] yielded fairly similar conclusions, our
analysis will focus onLec[m] for brevity and only some com-
parisons for Lcc[m] will be discussed.

9.2 Comparison Results for Error Variances

We begin with a comparison of the standard deviations of the
ammonia surface concentrations σc. The top panels of Figs. 6
to 10 show time series of σc for the month of June 2015 at the
five locations shown in Fig. 1. These locations correspond to
the places with the highest values in the ammonia emissions
inventory and are ordered with decreasing emissions. As seen
in these panels, σc for the original GEM-MACH ensemble

(shown with the blue curve) displays sporadic spikes associ-
ated with changing weather conditions, many of which can
also be seen in σc from the EnsAI ensemble (shown with the
orange curve) but not for the static error covariance (shown
with the green curve). In these time series, we can see that
EnsAI captures a considerable amount of the temporal varia-
tion of the GEM-MACH ensemble variances. There are some
notable differences, such as EnsAI’s over-prediction of vari-
ance at the location in Ohio on 4–5 June (Fig. 7) and in Penn-
sylvania on 6 June (Fig. 9) and under-prediction in Georgia
on 23 June, but for the most part EnsAI produces values for
σc that are closer to the GEM-MACH ensemble value than
that derived from the static error covariances.

The top panel of Fig. 11, which shows ACC(σc) through-
out the test period, shows dramatic differences between En-
sAI and the static covariances, with EnsAI having larger
ACC values for all months. EnsAI has ACC(σc) values
around 0.8 for February to November, and values around 0.4
and 0.5 for January and December, respectively. In contrast,
the static covariances have values between 0.2 and 0.4 for
February to November and values not far from zero for De-
cember and January, indicating that the EnsAI ensemble was
much better at capturing the time variation of σc in the GEM-
MACH ensemble.

The RMSE values for σc over the model domain for each
month in 2015 are shown in the top panel of Fig. 12. The
RMSE(σc) values for EnsAI are lower than for the static
covariance values for all months, although the difference is
negligible for January. While the differences in RMSE val-
ues between EnsAI and the static covariances taken over
the whole model domain are less than a ppbv (see Fig. S3
for a comparison to the mean values of σc), the RMSE(σc)

values near locations with high emissions can vary signifi-
cantly. For instance, in the summer, the RMSE(σc) for the
static covariances are close to 4 ppbv higher at the location
in North Carolina than for EnsAI (see Fig. S4). In addition,
the RMSE(σc) values for the static covariances are higher
than that for EnsAI at nearly every point in the domain.

9.3 Comparison Results for Spatial Correlations

As an illustration of the time-dependency of the spatial cor-
relations, Fig. 13 shows the emissions/surface concentra-
tion spatial correlation ρec at the location in North Carolina
at three different times, separated by two days and all at
18:00 UTC. Looking at the correlations of the GEM-MACH
ensemble in the left column of Fig. 13, we can see that the
correlations are often significantly anisotropic and spread out
in different directions for different days, reflecting the differ-
ent meteorological conditions at each time. Comparing this
to the correlation in the EnsAI ensemble in the middle col-
umn of this figure, it is evident that EnsAI can reasonably re-
produce this time-dependence, as the shape of the spatial cor-
relations between the two ensembles looks similar. In con-
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Figure 6. Time series of components of the error covariances for the location in North Carolina (exact location shown in Fig. 1) for the
GEM-MACH ensemble (blue), the EnsAI ensemble (orange), and the static covariance (green) for June 2015. The top plot shows the time
series of the standard deviation of surface ammonia σc. Lower plots show time series for the horizontal correlation length modes Lec[m≤ 2]
for the emissions/surface concentration cross-correlation.

trast, the static correlations displayed in the right column of
the figure are much closer to being isotropic (at all times).

As mentioned in Sect. 9.1, to make the examination of
the correlation matrix more tractable, we examine the dif-
ferent modes m of the correlation length Lec[m] instead of
dealing with the full correlation matrix directly. To illus-
trate the expansion into modes, Fig. 14 shows the correlation
length modes Lec[m] as a function of wavenumbers m for
the correlations in the top row of Fig. 13. In this example,
the isotropic correlation lengths Lec[0] for the different co-
variances are between 65 and 90 km, while the anisotropic
correlation length modes decrease rapidly with increasing
wavenumber. Looking at the absolute value of the correla-
tion length modes (top panel of Fig. 14), we can see that
the non-isotropic modes for the static covariance are much

smaller than that for the GEM-MACH and EnsAI ensembles,
indicating less anisotropy in the static correlation. The EnsAI
values forLec[m] are within the 1σ confidence interval of the
GEM-MACH value for many modes, and is generally much
closer to the GEM-MACH values than the static covariance
is. As Lec[m] decreases rapidly with increasing wavenum-
ber, for the remainder of this paper we concentrate mainly on
results for modes with m≤ 2 for brevity.

Time series ofLec[m] form≤ 2 for the five locations iden-
tified in Fig. 1 are shown in the bottom four panels of Figs.
6 to 10. In all of these plots, Lec[m] for the EnsAI ensemble
are much closer to the GEM-MACH ensemble value than the
static covariance is and captures most of its time variation.
While a diurnal pattern is evident in the GEM-MACH en-
semble, there are significant non-diurnal time variations that
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Figure 7. Same as Fig. 6, but for the location in Iowa.

are dependent on meteorological conditions. In Fig. 6, we can
see that the EnsAI correlation length modes generally follow
the pattern of the GEM-MACH ensemble, but the results are
even more striking for the other four locations (Figs. 7 to 10),
where the differences between the EnsAI and GEM-MACH
ensembles are often smaller (or not much larger) than the
sample variance in the GEM-MACH ensemble, or in other
words, the differences between these values are statistically
insignificant throughout much of the evaluation time period.

The three lower panels of Fig. 11 show the ACC val-
ues for Lec[m≤ 2]. For all months, EnsAI has much higher
ACC values than the static covariances. The ACC(Lec[m])

values with m≤ 2 for the static covariances are close to
zero for all cases, while the EnsAI values are above 0.5 for
all cases with the exception of the m= 0 mode in January
and February and the m= 1 mode in January, and are at or
above 0.8 for m= 1,2 for March to December. From this

we can conclude that the EnsAI ensemble can accurately
reproduce the time variations in the horizontal correlations
(for modes with m≤ 2) that are not captured by the diur-
nal pattern of the static covariances. Similar results are seen
for the ACC values for Lcc[m≤ 2] (see Fig. S5), although
the ACC(Lcc[1]/Lcc[0]) values are closer to 0.6 for most
months, in contrast to ACC(Lec[1]/Lec[0]) which is closer
to 0.8.

EnsAI had lower RMSE values than the static covariances
for all months, as seen in the three lower panels of Fig. 12.
For July to December, RMSE(Lec[0]) for EnsAI is about
7 km less than the RMSE value for the static covariances,
which corresponds to about a 10 % larger RMSE value for
the static covariances (see Fig. S2 for the mean values of
Lec[0]). In some areas of the model domain during the sum-
mer and fall, RMSE(Lec[0]) for the static covariances are
over 25 km larger than the values for EnsAI (see Fig. S6),
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Figure 8. Same as Fig. 6, but for the location in Ohio.

which correspond to static covariance RMSE values which
are between 50 % to 490 % larger than for EnsAI. The RMSE
values for Lec[1]/Lec[0] taken over the whole domain are
0.02 to 0.14 less for EnsAI than for the static covariance, and
between 0.02 and 0.09 lower for EnsAI for Lec[2]/Lec[0],
as displayed in the two lowest panels of Fig. 12. Addi-
tionally, there are many locations within the model domain
where RMSE(Lec[1]/Lec[0]) and RMSE(Lec[2]/Lec[0]) for
the static covariances are over 0.3 and 0.2 higher, respec-
tively, as compared to the RMSE value for EnsAI (see Figs.
S7 and S8). Lastly, we note that the EnsAI RMSE values for
the surface concentration univariate correlation length modes
Lcc[m] are uniformly less than those for the static covari-
ances for m≤ 2 (see Fig. S9).

To get an intuitive understanding of what these differences
in correlation length modes correspond to in terms of spatial
patterns, Fig. 15 shows another set of example correlations

that illustrate the deviations in correlation length mode val-
ues mentioned in the previous paragraph. The leftmost panel
of Fig. 15 shows an isotropic correlation with L[0] = 65 km.
For illustrative purposes, we will think of this isotropic cor-
relation as a target correlation (i.e. from the GEM-MACH
ensemble) and compare it to correlations with different L[m]
values to see the difference in the spatial patterns. The corre-
lation shown in the panel second from the left has L[m≤ 2]
values that deviate from the isotropic correlation in the left-
most panel by amounts representative of the RMSE values
found in Fig. 12 for EnsAI. This correlation is only slightly
anisotropic and slightly smaller than the correlation in the
leftmost panel. The correlation in the panel second from the
right has values that deviate from the isotropic correlation
close to the RMSE values for the static covariance in Fig. 12
and is noticeably more anisotropic than the two correlations
to the left. The correlation in the rightmost panel has values
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Figure 9. Same as Fig. 6, but for the location in Pennsylvania.

that deviate from the isotropic correlation by amounts equal
to differences between the GEM-MACH and static covari-
ance values that are commonly found in the model domain
(see Figs. S7 and S8), which produces a correlation with a
drastically different spatial pattern than the correlation in the
leftmost panel.

To examine the higher correlation length modes with
m> 2, Fig. 16 shows the ACC and RMSE values of
Lec[m]/Lec[0] for 1≤m≤ 11 for June 2015. As seen in left
panel of Fig. 16, the ACC value for the EnsAI ensemble is
above 0.85 for m= 1 and decreases with m to a value 0.56
by m= 10. In contrast, the ACC values for the static covari-
ance show little change with wavenumber and is below 0.06
for all wavenumbers. From the right plot, we can see that
the RMSE values for both the EnsAI ensemble and static co-
variance decrease with wavenumber, as all three covariance
models typically have less features on smaller scales (the de-

creasing values of Lec[m] with increasing m that was shown
in the example in Fig. 14 is a typical feature of the horizontal
correlations). The RMSE values for EnsAI are smaller than
those for the static covariance for all wavenumbers, but the
difference between the two decrease with increasing values
ofm. ACC and RMSE values for the other months of the year
look similar to those from June and can be found in Figs. S10
and S11.

Lastly, we mention that the performance of EnsAI is
largely translationally invariant, in that only small changes
are observed when the input fields are translated to a different
location on EnsAI’s grid (see Appendix E for more details).

10 Inversions

Sections 9.2 and 9.3 showed the results of direct comparisons
between the covariances to determine how well EnsAI repli-
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Figure 10. Same as Fig. 6, but for the location in Georgia.

cated the GEM-MACH ensemble covariances. For some ap-
plications, such as model uncertainty quantification, the de-
termination of the model’s error covariance is the end goal.
However, for inversions/assimilation, the objective is to pro-
duce an analysis (as well as forecasts initialized by the anal-
ysis in the case of assimilation). In this section, we compare
emissions inversion results made using the different model
error covariances, as well as a comparison of the posterior
ammonia concentration fields to surface observations.

As the inversions are only sensitive to the model error co-
variances at times and locations near the available observa-
tions, not all differences between the error covariances will
show in comparisons of the inversion results and will be de-
pendent on the particular observations used. As such, pairing
the comparison of inversion results with the direct compari-
son between the covariances in the previous section provides
a robust examination between the different error covariances.

10.1 Emissions Inversions

The ammonia emissions increments produced using the in-
version scheme described in Sect. 2 using the GEM-MACH
ensemble, EnsAI ensemble, and static error covariances (de-
noted by 1eGM, 1eEnsAI, and 1estatic, respectively) can be
found in Figs. S12, S13, and S14. Statistics of these incre-
ments taken over the year are shown in Fig. 17. The mid-
dle and right columns of the figure shows the bias and the
standard deviation of errors (STDE) of the emissions incre-
ments from the EnsAI and static covariances inversions, re-
spectively, which are defined in Appendix D. The left column
shows the mean and standard deviation of the emissions anal-
yses from the GEM-MACH ensemble inversions for compar-
ison (for notational simplicity, we will not write the “a” su-
perscript for the emission analysis is this section). From this
figure, we can see that the inversions using both EnsAI and
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Figure 11. ACC values for σc, Lec[0], Lec[1]/Lec[0], and Lec[2]/Lec[0] over the model domain for each month in 2015.

Figure 12. RMSE values for σc, Lec[0], Lec[1]/Lec[0], and Lec[2]/Lec[0] over the model domain for each month in 2015.
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Figure 13. Emissions/surface concentration spatial correlations ρec
for the GEM-MACH ensemble (left column), the EnsAI ensemble
(middle column), and the static covariance (right column) at the lo-
cation in North Carolina at 5 June 2015 18:00 (top row), 7 June
2015 18:00 (middle row), and 9 June 2015 18:00 (bottom row).

Figure 14. Horizontal correlation length modes Lec[m] as a func-
tion of wavenumber m for the emissions/surface concentration
cross-correlation at the location in North Carolina at 5 June 2015
18:00. The top, middle, and bottom panels show the absolute, real,
and imaginary parts, respectively.

Figure 15. Example correlations with their corresponding L[0],
L[1], and L[2] values displayed at the top of each panel.

Figure 16. ACC (left panel) and RMSE (right panel) values for the
horizontal correlation length modes for the emissions/surface con-
centration correlation Lec[m] as a function of wavenumber m for
EnsAI (orange) and the static covariance (green) for June 2015. The
wavelength of the mode is displayed on the top axis.

the static covariance tend to underestimate the increments
in many regions, although the extent and magnitude of this
underestimation is larger for the static covariances (also see
Figs. S15 and S16 for plots of individual months). The STDE
values for the emissions increment using the static covari-
ances is also noticeably larger than that for inversions using
EnsAI in many regions.

The differences in the total ammonia emissions within the
model domain for each month are shown in the top panel
of Fig. 18. These curves are expressed as percentages by di-
viding by the total monthly emissions (averaged over 2015)
within the domain as determined by the GEM-MACH en-
semble inversions. The monthly total emissions from the En-
sAI inversions were within 10 % of those from the GEM-
MACH ensemble inversions for all months. The monthly to-
tal emissions differences for the static covariance inversions
exceeded a magnitude of 10 % for March to May and August
to November and had larger differences than the EnsAI in-
versions for all months except December. The total monthly
emissions from both the EnsAI and static covariance inver-
sions were lower than those from the GEM-MACH ensemble
inversions for February to November. The total annual emis-
sions from the EnsAI inversions were 2.6 % lower than from
the GEM-MACH ensemble inversions, but were 6.9 % lower
for the static covariance inversions.

The root mean square error of the ammonia emissions in-
crement RMSE(1e) over the domain for each month are
shown in the bottom panel of Fig. 18 (expressed as per-
centages relative to the mean annual emissions given by
the GEM-MACH ensemble inversions). The RMSE(1e) val-
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Figure 17. Statistics for the ammonia emissions inversions taken
over 2015. The left column shows the mean (top panel) and stan-
dard deviation (bottom panel) of the emissions analyses from the
inversions that used the GEM-MACH ensemble. The middle col-
umn shows the bias (top panel) and STDE (bottom panel) for the
emissions increments from the EnsAI inversions. The right column
displays the bias and STDE for the increments from the static co-
variances inversions.

Figure 18. Monthly comparison statistics for the ammonia emis-
sions inversions between the GEM-MACH and EnsAI ensembles
inversions (orange curves) and between the GEM-MACH ensem-
ble and static covariance inversions (green curve). The top panel
shows the differences between the total emissions within the do-
main. The bottom panel shows the root mean square error of the
ammonia emissions increment RMSE(1e).

ues for EnsAI range from 14 % to 35 %, and between 29 %
and 60 % for the static covariances. The RMSE for the in-
crements produced using EnsAI have lower values for all
months as compared to the static covariances, although only
slightly lower for December.

Figure 19. Differences between ammonia emissions increments
1e from inversions using different background error covariances.
Plots show the deviation between the GEM-MACH ensemble and
static covariance increments |1eGM

−1estatic
| minus the devia-

tion between the GEM-MACH and EnsAI ensemble increments
|1eGM

−1eEnsAI
|.

To further examine the spatial dependency of the in-
version results, Fig. 19 shows the deviations between the
GEM-MACH ensemble and static covariance increments
|1eGM

−1estatic
| minus the deviation between the GEM-

MACH and EnsAI ensemble increments |1eGM
−1eEnsAI

|

for each month. In this figure, locations where the EnsAI in-
crement is closer to the GEM-MACH ensemble increment
are shown in red and locations where the static covariance
increment is closer to the GEM-MACH ensemble increment
are shown in blue. For most months, there are many locations
where the EnsAI increment is closer to the GEM-MACH en-
semble increment by between 25 and 50 mg s−1 km−2 (see
Fig. 1 for comparison to the annual mean emissions). With
the exception of December, more locations have the GEM-
MACH ensemble increment closer to the EnsAI increment
than to the static covariance increment. In December, there
are larger regions where the static covariance increment is
closer to the GEM-MACH ensemble increment, most no-
tably in Ontario and Quebec, although RMSE(1e) for EnsAI
is still slightly lower than for the static covariance in Decem-
ber.

https://doi.org/10.5194/gmd-19-10283-2026 Geosci. Model Dev., 19, 10283–10308, 2026



10300 M. Sitwell: EnsAI

10.2 Posterior Surface Concentrations

GEM-MACH run with the inversion-derived emissions pa-
rameters produce the posterior ammonia surface concentra-
tions. The posterior surface concentrations for the GEM-
MACH ensemble inversions cGM has monthly means that
generally ranges from 0 to 12 ppbv, with concentrations high-
est between April to September (see Fig. S17). The posterior
surface concentrations for the EnsAI and static covariance in-
versions (cEnsAI and cstatic, respectively) have biases that are
generally within 2 ppbv and vary between over- and under-
prediction depending on the location (see Figs. S18 and S19).
Additionally, a number of areas switch between over- and
under-prediction depending on the month for both the EnsAI
and static covariance inversions.

Figure 20 shows the differences in the magnitudes of the
bias of the posterior surface concentration between the EnsAI
inversions and the static covariance inversions, where regions
in red indicate that the bias for EnsAI was lower than for the
static covariances, and vice versa for regions in blue. From
this figure, we can see that there are significantly more re-
gions where the bias for EnsAI is lower than for the static
covariances, and a number of regions have the EnsAI bias 1–
2 ppbv lower than the static covariances bias. Similar figures
for the STDE (Figs. S20, S21, and S22) show that the En-
sAI inversions also produce surface concentrations that have
lower STDE values in most areas of the domain.

10.3 Comparison to Surface Observations

We now compare the posterior ammonia surface concentra-
tions to observations from the AMoN and NAPS networks.
The monthly biases for individual stations from inversions
using the GEM-MACH ensemble range from−6 to+8 ppbv,
with over-predictions often found near eastern coastal re-
gions and under-predictions more likely to be found closer
to the center of the continent (see Fig. S23). The biases for
individual stations from the EnsAI inversions range from be-
ing 0.5 ppbv lower to 1.3 ppbv higher than the biases from the
GEM-MACH ensemble inversions (see Fig. S24). The biases
from the static covariance inversions are between 0.9 ppbv
lower to 2 ppbv higher than that from the GEM-MACH en-
semble inversions (see Fig. S25). For both EnsAI and the
static covariances, the biggest differences in bias values oc-
cur in December.

Figure 21 shows differences in the RMSE taken over 2015
for each station, where differences between the GEM-MACH
and EnsAI ensembles are shown in the left panel and dif-
ferences between the GEM-MACH ensemble and the static
covariances are shown in the right panel. In this figure, red
markers indicate the stations where EnsAI/the static covari-
ances have lower RMSE values than for the GEM-MACH
ensemble, and vice versa for the blue markers. While 38
stations had a higher RMSE for EnsAI as compared to the
GEM-MACH ensemble, the increases in RMSE values were

Figure 20. Differences in the magnitude of the bias of the posterior
ammonia surface concentrations between the EnsAI inversions and
the static covariance inversions.

small, with 0.16 ppbv being the largest increase. EnsAI had
lower RMSE values for four stations, where the reductions in
RMSE were similarly small, with the largest reduction being
0.07 ppbv (the remaining 19 stations did not have a statisti-
cally significant change in the RMSE). For the static covari-
ances, 41 stations had an increase in their RMSE, but in this
case increases were as high as 0.81 ppbv. One station had a
lower RMSE for the static covariances, with a decrease of
only 0.01 ppbv. For stations that showed statistically signifi-
cant differences, 25 stations had lower RMSE values for En-
sAI than for the static covariances and four stations had lower
RMSE values for the static covariances than for EnsAI.

Differences in the surface observations comparison statis-
tics taken over the whole domain are shown in Fig. 22. Each
plot shows the change in the magnitude of the bias, STDE,
or correlation coefficient (r , defined in Appendix D) for each
month. For each comparison statistic, each difference is com-
posed such that a positive value indicates that EnsAI or the
static covariances have improved the statistic relative to the
GEM-MACH ensemble inversion, while a negative value in-
dicates a degradation. In these plots, the bias and STDE are
expressed as percentages relative to the annual mean obser-
vation value taken over all stations.
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Figure 21. Differences in RMSE values for AMoN and NAPS ob-
servations for 2015. The left panel shows the differences between
RMSE values for the GEM-MACH ensemble (RMSEGM) and En-
sAI (RMSEEnsAI), while the right panel shows the differences be-
tween the GEM-MACH ensemble and the static covariance inver-
sions RMSEstatic. Statistically significant/insignificant differences
at the 1σ confidence level are shown with a circular/square mark-
ers.

The monthly biases taken over all stations for the GEM-
MACH ensemble are between −6 % and 43 % (see Table S1
of the Supplement for all comparison statistic values). For
EnsAI, the change in magnitude of the bias as compared to
the GEM-MACH ensemble range from −5 % to +4 % for
January to November (top panel of Fig. 22). During these
months, the static covariances changed the bias magnitude
by between −6 % and +8 %. For December, the bias is de-
graded significantly for both EnsAI and the static covari-
ances, although the degradation is much more severe for
the static covariances (−53 % as compared to −19 %). For
February, May, September, and November, the bias from En-
sAI is lower than from the static covariances by 2 % to 5 %.
Both EnsAI and the static covariances improve the bias in
October, with a decrease of 4 % for EnsAI and a decrease of
8 % for the static covariances, and is the only month where
the static covariances significantly improve the bias as com-
pared to EnsAI.

The monthly STDE values for the GEM-MACH ensem-
ble are between 43 % and 182 %. EnsAI noticeably improves
the STDE in January, July, and October as compared to the
GEM-MACH ensemble, but degrades the STDE April, Au-
gust, November, and December (middle panel of Fig. 22).
The static covariances improve the STDE in October, but
degrade it in January, April, August, September, November,
and December. The STDE values from EnsAI are lower than
for the static covariances in January, April, July, September,
and December, and the converse is true for August and Oc-
tober.

Lastly, only small changes are seen in the correlation coef-
ficient r (bottom panel of Fig. 22). Nevertheless, EnsAI does
have slightly higher correlation coefficients values than the
static covariances for all months except February (although
the statistical significance of this difference is low for a num-
ber of these months).

11 Conclusions

Obtaining flow-dependent model error covariances is an
important part of modern data assimilation and inversion
systems. Ensemble-based methods have become a popular
choice for adding flow-dependence to the error covariances
as it does not require the use of a model adjoint that can be
time consuming to create and maintain. The downside how-
ever is the need to repeatedly run the model to generate the
ensemble, which for atmospheric models can be a significant
burden on computational resources.

In this work we introduced EnsAI, an AI-based ensemble
generation model for atmospheric surface ammonia that can
run many orders of magnitude faster than traditional physics-
based models. When trained on an ensemble generated using
the GEM-MACH air quality forecasting model, EnsAI can
accurately reproduce many features of the original ensemble.
By comparing the original GEM-MACH and EnsAI ensem-
bles to a static error covariance, it was shown that includ-
ing flow-dependence in the error covariances has a consid-
erable effect on the covariances and that EnsAI can encode
much of the meteorology-dependent features of the original
ensemble. Furthermore, it was demonstrated that including
only surface information in EnsAI was sufficient to repro-
duce most of the time-dependent features of the ensemble,
thereby allowing EnsAI to produce accurate ensemble in-
formation for ammonia with much smaller memory require-
ments as compared to systems that require multiple vertical
levels.

In emissions inversion systems, accurate emissions/con-
centration spatial correlations are necessary for proper spa-
tial source attribution of observations. As such, capturing
the time-dependency of these correlations is important for
successful inversions. It was demonstrated that EnsAI-based
emissions inversions produced very similar results to inver-
sions performed using the GEM-MACH ensemble. Being
able to generate ensembles in a fraction of the time required
for physics-based models significantly eases the computa-
tional cost of running such inversion systems, thereby mak-
ing it much more feasible to run frequent inversions.

EnsAI was trained on a year’s worth of data from the
GEM-MACH regional model, which contained data only
from North America. Although this exposed EnsAI to re-
gions with a variety of different land-use categories, agricul-
tural types, and meteorological conditions during training,
the training data may have not included drastically differ-
ent meteorological conditions or chemical regimes than those
seen in North America during the year used for training. As
such, until further tests can be conducted demonstrating its
performance in different regions, EnsAI in its present form
should be considered to be restricted to its current spatial
domain. Additionally, if future meteorological or chemical
conditions change significantly from those in the training pe-
riod, continued training (or fine-tuning) on data from future
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Figure 22. Changes in surface observation comparison statistics for the combined set of AMoN and NAPS observations for 2015.

years might be necessary as this data becomes available to
maintain EnsAI’s accuracy.

While EnsAI was successfully implemented in an emis-
sions inversion system for ammonia, a species with a short
atmospheric lifetime, expanding EnsAI to work with longer
lived species will require expanding the input capacity to the
network. Most significantly, longer lived species will require
EnsAI to model a prognostic relationship, which would add
fields from previous time steps to the input. Input and output
fields for the vertical level above the surface would also be
required for long lived species.

Appendix A: Ensemble-Variational Emissions Inversion

Emissions inversions were performed using a variational al-
gorithm, in which a cost function is minimized to find the
optimal combination between a priori (background) and ob-
servational information. The cost function is minimized with
respect to the increment 1x, which when added to the back-
ground state xb yields the analysis xa

= xb
+1x. In our case,

the cost function J is given by

J =
1
2
1xTB−11x+

1
2
(d −H1x)TR−1(d −H1x), (A1)

where d = y−H(xb) is the difference between the observa-
tions y and the background in observation space. H is the
(nonlinear) observation operator that maps the model state
into observation space, while H denotes its linearization. The
first term in the right hand side of Eq. (A1) quantifies the
deviation from the background state and is weighted by the
inverse of the background error covariance B. Similarly, the
second term in the right hand side of Eq. (A1) quantifies the

deviation from the observations and is weighted by the in-
verse of the observation error covariance R.

In the case of an emissions inversion where the unobserved
emissions e are constrained using observations of the atmo-
spheric concentration c, using Eq. (2), the cost function be-
comes

J =
1
2
1eTB−1

ee 1e+
1
2
(d −H1c)TR−1(d −H1c), (A2)

where1e and1c are the emissions and atmospheric concen-
tration increments, respectively. Since we assume that uncer-
tainties in the atmospheric concentrations are due solely to
the uncertainties in emissions, the emissions and concentra-
tion increments are related to each other by

1e = BecB−1
cc 1c. (A3)

It is useful to rewrite the cost function in terms of a control
vector χ , which defines the control vector transforms

1c = B1/2
cc χ , (A4a)

1e = B1/2
ee χ , (A4b)

where B1/2
cc and B1/2

ee are the square roots of Bcc and Bee,
respectively. The cost function can then be expressed in terms
of the control vector as

J (χ)=
1
2
χTχ +

1
2
(d−HB1/2

cc χ)
TR−1(d−HB1/2

cc χ). (A5)

The emissions inversion then consists of minimizing this cost
function with respect to the control vector χ , followed by the
transformation of the optimal control vector to the emissions
(or concentration) increment given by Eqs. (A4a) and (A4b).
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Ensemble-variational methods are a class of variational al-
gorithms that model the background error covariance using
an ensemble and is the inversion method used in this study.
As mentioned in Sect. 2.3, covariances that are formed solely
from ensemble perturbations will in general have spurious
correlations and low rank due to the limited size of the en-
semble. As such, localization of the ensemble covariances is
included, as shown in Eq. (3). With this, B1/2

cc and B1/2
ee can

then be expressed as

B1/2
cc =

1
√
N − 1

[
diag(δc1)L1/2 . . . diag(δcN )L1/2

]
, (A6a)

B1/2
ee =

1
√
N − 1

[
diag(δe1)L1/2 . . . diag(δeN )L1/2

]
, (A6b)

where {δei} and {δci} are the emissions and concentration
perturbation ensembles, respectively, diag(·) is the diagonal-
ization operator, and L1/2 is the square root of the localiza-
tion matrix. Here, we have chosen the same localization ma-
trix for both the emissions and concentrations, which was
chosen to be isotropic with a half-width at half-maximum of
120 km with the shape prescribed by the fifth-order function
of Gaspari and Cohn (1999).

Appendix B: Network Architecture, Training, and
Inference

B1 Components of the U-Net

Here we describe the different components that comprise the
U-Net used in EnsAI. All references to graphical representa-
tions of the U-Net components refer to Fig. 4.

Residual blocks (He et al., 2016) (represented by the blue
right arrows) are used throughout the network and consist of
two sequential convolutional layers with a residual connec-
tion. Each convolutional layer is comprised by (in sequen-
tial order) a 3×3 two-dimensional convolution, a group nor-
malization (Wu and He, 2018), and a Sigmoid Linear Unit
(SiLU) (Hendrycks and Gimpel, 2016) activation function.

In the encoding branch, the residual blocks are used to
increase the number of channels, while a 2× 2 max pool-
ing (represented by the orange downward arrows) is used to
half each spatial dimension. In the decoding branch, upscal-
ing blocks (denoted by the green upward arrows), consist-
ing of a nearest neighbor upscaling followed by a 3× 3 two-
dimensional convolution, are used to double each spatial di-
mension and half the number of channels. Skip connections
(represented by the grey dashed arrows), comprised of a copy
and concatenation, are made across the encoding and decod-
ing branches. A final two-dimensional convolution is made at
the end of the decoding branch (denoted by the purple right
arrow) to reduce the array to a single channel that represents
the surface ammonia concentration perturbation.

B2 Network Training

Training was done on a single NVIDIA A100 GPU. The net-
work was trained using the Adam optimizer with a batch
size of 32 and learning rate of 10−4. The learning curve for
the training is plotted in Fig. S1. The weights that produced
the minimum validation loss were selected for the evalua-
tion, which occurred at the 9th epoch. Selecting the weights
that yielded the minimum validation loss reduces the risk of
overfitting that might have occurred in the later epochs of the
training.

B3 Inference

As EnsAI describes a diagnostic relationship, inference can
be done in parallel and any number of different time steps
could in principle be processed simultaneously. For the 7 s
run time to produce a week’s worth of simulated data per
ensemble member that was quoted in Sect. 6, inferences were
performed in batches of 16.

Appendix C: Details of Correlation Length
Decomposition

With the decomposition of the correlation length defined in
Eq. (8), the first three modes are given by

L[0] =

√
2
π

∫
l2%(l,φ)dldφ, (C1)

L[1] =

√
2
π

∫
(cos(φ)+ i sin(φ))l2%(l,φ)dldφ

=

√
2
π

∫
(x+ iy)%(x,y)dxdy, (C2)

L[2] =

√
2
π

∫
(cos(2φ)+ i sin(2φ))l2%(l,φ)dldφ

=

√
2
π

∫
(cos2(φ)− sin2(φ)

+ i sin(φ)cos(φ))l2%(l,φ)dldφ

=

√
2
π

∫
(x2
− y2
+ ixy)

%(x,y)√
x2+ y2

dxdy, (C3)

where in these equations the correlations are computed be-
tween the origin and the point (x,y), which when expressed
in polar coordinates is a distance l from the origin at an angle
φ from the x-axis.

Examining the integral in Eq. (C1), at each angle φ, the
integral over l is equal to the (one-sided) variance of % in
that particular direction. The integral over φ then takes the
angle-averaged value of this one-sided spatial variance. As
an illustration of this quantity, consider the spatial correlation
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function of a 2D isotropic Gaussian ρG, given by

ρG(x,y)= exp

(
−
x2
+ y2

2L2
G

)
, (C4)

where LG is the scale parameter of the Gaussian function, so
that its normalized spatial correlation %G is

%G(x,y)=
1

2πL2
G

exp

(
−
x2
+ y2

2L2
G

)
. (C5)

In this case, L[0] is given by

L[0] =
1

√
2π3/2L2

G

∞∫
0

l2 exp

(
−

l2

2L2
G

)
dl

2π∫
0

dφ

=

√
2

√
πL2

G

∞∫
0

l2 exp

(
−

l2

2L2
G

)
dl

= LG, (C6)

which shows that L[0] is equal to the Gaussian scale param-
eter LG in this example.

From the second line of Eq. (C2), it is apparent that the
real and imaginary parts of the L[1] are proportional to the
dipole moments of % in the x and y directions, respectively.
Functions that are symmetric about the x-axis (y-axis) will
have vanishing real (imaginary) parts of L[1].

The third line of Eq. (C3) shows that L[2] is related to
the quadrupole moments of the function %(x,y)/

√
x2+ y2,

where the real part is proportional to the difference between
the x,x and y,y quadrupole components and the imaginary
part is proportional to the x,y component.

Appendix D: Comparison Statistics

For a parameter θ , which could represent a covariance
parametrization variable or a field produced by the inver-
sions, the bias, the standard deviation of errors STDE, the
root mean square error RMSE, the anomaly correlation co-
efficient ACC, and Pearson correlation coefficient r , are de-
fined by

bias= θmod
− θ

ref
, (D1)

STDE=

√√√√ 1
N − 1

N∑
i

(
θmod
i − θ

mod
− θ ref

i + θ
ref
)2
, (D2)

RMSE=

√√√√ 1
N

N∑
i

|θmod
i − θ ref

i |
2, (D3)

ACC=

∑N
i

(
θ ref
i − θ

c
i − θ

ref
+ θ

c
)

·

(
θmod
i − θc

i − θ
mod
+ θ

c
) 


√∑N

i

(
θ ref
i − θ

c
i − θ

ref
+ θ

c
)2

·

√∑N
i

(
θmod
i − θc

i − θ
mod
+ θ

c
)2


, (D4)

r =

∑N
i

(
θmod
i − θ

mod
)(
θ ref
i − θ

ref
)

√∑N
i

(
θmod
i − θ

mod
)2
√∑N

i

(
θ ref
i − θ

ref
)2
, (D5)

where i indexes each quantity (in space and/or time) with
a total of N elements, and overbars denote the mean of
that quantity. In the equations above, the superscripts “mod”
and “ref” stand for “model” and “reference”, respectively.
For comparisons between covariance parameters or inversion
fields, “mod” will refer to either EnsAI or the static covari-
ances, while “ref” refers to the GEM-MACH ensemble. For
comparisons to surface observations, “mod” will stand for
any one of the covariance models (EnsAI ensemble, GEM-
MACH ensemble, or static covariances) and “ref” refers to
the surface observations. In Eq. (D4), the superscript “c”
refers to a climatological (or other reference) value, which
for this work we take as the two-month mean value derived
from the GEM-MACH ensemble for 2016.

Appendix E: Translational Invariance of the Network

While convolutional neural networks are in principle trans-
lationally invariant, it has been shown that in some situa-
tions, particular choices of network architecture can allow
the network to deduce positional information (Kayhan and
van Gemert, 2020). As a test of EnsAI’s translational invari-
ance, the input fields from the leftmost 90 grid points were
translated to the 90 rightmost grid points and input into En-
sAI. In this translation, a point in Nebraska is translated to the
point “(d)” in Fig. 1 in Pennsylvania. Only small differences
were observed in the covariance parameters after this trans-
lation (see Fig. S26), suggesting that the network is largely
translationally invariant.

Code and data availability. The source code for En-
sAI (Sitwell, 2025), as well as the code used for
generating the evaluation statistics, is available from
https://doi.org/10.5281/zenodo.15342768 under the Creative
Commons Attribution-NonCommercial-NoDerivatives 4.0 Inter-
national license. GEM-MACH version 3.1.0 (ECCC, 2023) is
available from https://doi.org/10.5281/zenodo.8346780, under
the GNU Lesser General Public License. The GEM-MACH
training data (Sitwell and GEM-MACH Development Team,
2026c, d) is available at https://doi.org/10.5281/zenodo.18843197
and https://doi.org/10.5281/zenodo.18843210, the validation
data (Sitwell and GEM-MACH Development Team, 2026e) is
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available at https://doi.org/10.5281/zenodo.18820049, and the test
data (Sitwell and GEM-MACH Development Team, 2026a, b)
is available at https://doi.org/10.5281/zenodo.18825231 and
https://doi.org/10.5281/zenodo.18839600, all under the Creative
Commons Attribution 4.0 International license. The CrIS ammonia
retrieval data (Sitwell and CrIS NH3 Retrieval Team, 2026) used for
evaluation is available at https://doi.org/10.5281/zenodo.18865370,
under the Creative Commons Attribution 4.0 International
license. AMoN and NAPS observations are available at
https://nadp.slh.wisc.edu/networks/ammonia-monitoring-network
(last access: 26 October 2026) and https://data-donnees.az.ec.gc.ca/
data/air/monitor/national-air-pollution-surveillance-naps-program
(last access: 26 October 2026), respectively.

Supplement. The supplement related to this article is available on-
line at https://doi.org/10.5194/gmd-19-10283-2026-supplement.
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