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Abstract

Interactive atmospheric composition simulations are among the most computation-
ally expensive components in Earth System Models (ESMs) due to the need to
transport a large number of gaseous and aerosol tracers at every model timestep.
This poses a significant limitation for higher-resolution transient climate simula-
tions with current computational resources. In ESMs such as NASA GISS-E2.1
(hereafter referred to as ModelE), pre-computed monthly-averaged atmospheric
composition concentrations are often used to reduce computational expenses. This
approach is referred to as Non-Interactive Tracers (NINT). In this study, we extend
the NINT version of the ModelE using machine learning to emulate the effects
of interactive emissions on climate forcing. We use data from a fully interactive
composition climate model with surface-driven emissions to develop an ML-based
NINT climate model. This version accounts for instantaneous atmospheric con-
ditions, enabling the tracers to respond dynamically to meteorology without the
need for explicit calculation of tracer transport. This approach could be applied to
any aerosol species and integrated into ESMs to simulate aerosol concentrations
interactively. The proposed framework emulates the advection term at the surface
pressure level, with a focus on predicting surface-level concentrations of Black
Carbon (BC) from biomass burning, which is a contributor to elevated levels of
PM2.5 concentrations. Two consecutive years of ModelE simulated data were used
as training data. To capture both temporal and spatial dependencies, a Convolu-
tional Long Short-Term Memory (ConvLSTM) model was used. Results show the
ConvLSTM achieved an average R2 of 0.85 (σ = 0.08) on the test set. In contrast,
using monthly-averaged atmospheric composition concentrations resulted in an
average R2 of 0.42 (σ = 0.73) for the same period.
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1 Introduction

Earth System Models (ESMs) are foundational tools in climate science, simulating atmospheric
dynamics by numerically solving fluid flow equations on a 3D grid box. However, the complexity of
the atmosphere requires that sub-grid scale processes–such as turbulence, convection, and radiation–
be represented through semi-empirical parameterizations [1]. Among these, representing atmospheric
composition and chemistry remains one of the greatest challenges, as uncertainties in this area are
considerably higher compared to other climate system forcings. For instance, modeling aerosol
radiative forcing is particularly difficult due to the complex and transient nature of aerosols, their
interactions with radiation, and their influence on cloud processes. Further complicating this task
are the uncertainties in both natural and anthropogenic emissions, which affect the spatiotemporal
distribution of aerosols in the atmosphere [2].

A specific case of this challenge can be observed in the NASA GISS-E2.1 climate model used for
Coupled Model Intercomparison Project v.6 (CMIP6) simulations. This model does not include online
interactive composition; instead, it relies on prescribed monthly aerosol and ozone concentration fields.
These fields are calculated prognostically using the One-Moment Aerosol (OMA) version of the
model [2, 3]. While this approach significantly reduces computational demands, it introduces notable
drawbacks. By depending on pre-calculated fields, the model may fail to accurately capture real-time
feedback between aerosol (source, transport, and sink) and other climate variables, potentially leading
to inaccuracies in the simulation of climate dynamics. This approach critically constrains our capacity
to model the interactions between a changing climate and surface-level air quality, the contributions
of transient emission sources such as forest fires to direct radiative forcing, and the role of aerosols in
modulating cloud processes through indirect climate forcing.

Recently, machine learning (ML) has emerged as a promising tool to address these and other
challenges in climate modeling. For example, ML techniques such as super-resolution adversarial
deep learning have been used to downscale GCM data to resolutions sufficient for climate impact
studies [4]. Additionally, ML can emulate existing parameterizations to reduce computational
costs [5], or even replace traditional methods by capturing latent relationships between climate
subcomponents that are difficult to model through physical process parameterizations [6, 7, 8].
However, despite these advancements, significant challenges remain, particularly in achieving stable
prognostic inference within fully coupled simulations. The primary issue here is stability, which
is closely tied to generalization–the ability of ML models to perform well under conditions not
encountered during training [9]. To mitigate this challenge, selecting an appropriate architecture with
a suitable inductive bias is crucial, as it enhances the model’s ability to generalize beyond the training
data [10].

Predicting aerosol composition interactively presents several significant challenges for ML models.
Due to their short-lived nature in the atmosphere, BC concentrations can vary by several orders of
magnitude, from high levels near emission sources to much lower levels in remote regions, such as
over oceans where aerosols have largely dissipated. So far, most efforts in applying ML to atmospheric
composition have concentrated on either emulating local physical processes or replicating the entire
atmospheric portion of the model [11, 12]. However, these approaches have not fully captured the
complexity of both local and non-local influences on aerosol tracers. To address this limitation, we
propose a Convolutional Long Short-Term Memory (ConvLSTM) model designed to project the
effects of interactive emission information on climate forcing. The model dynamically calculates
concentrations from emission sources, precipitation, and velocity fields for different aerosol species.
By providing real-time, responsive aerosol concentration data, the model aims to enhance the accuracy
and stability of climate simulations under varying conditions, leading to a better understanding of both
direct and indirect aerosol climate effects. Our focus here is on carbonaceous aerosols—particularly
BC, which is recognized as the most impactful absorbing aerosol in terms of its climate effects.

2 Methodology

2.1 Training Dataset

To train the ML model, the NASA GISS ModelE3 was run with prescribed sea surface temperature
(SST) and sea ice fraction during the historical period for two consecutive years, 1950 and 1951.
The atmospheric component of ModelE3 operates at a horizontal resolution of 2◦ latitude by 2.5◦
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longitude, with 62 vertical layers. The model’s temporal resolution is set to half-hour intervals. Model
diagnostics, including velocity field components (u, v, and ω), tracer concentrations across all 62
vertical levels, precipitation, and surface-level emissions for various aerosol species (e.g., biomass
burning BC), are prognostically calculated using the model’s OMA scheme, resulting in 35,040
timesteps over the entire 2-year period. The first year, comprising 17,520 timesteps, is used as the
training set to ensure that the ML model learns from diurnal patterns as well as from a range of
scenarios driven by seasonality, meteorological variations, aerosol emission changes, and differing
atmospheric conditions. The second year is dedicated to validation and testing, with 10% of the data
allocated for validation and 90% for testing.

2.2 Model Architecture

To capture the inherent high spatial and temporal dependencies in the data, we used ConvLSTM,
which combines Convolutional and Long Short-Term Memory (LSTM) operations. By extending the
fully connected LSTM to include convolutional structures in both the input-to-state and state-to-state
transitions, ConvLSTM enables the construction of an end-to-end trainable model for problems involv-
ing spatiotemporal sequences, such as video data, where both spatial and temporal dependencies must
be captured [13]. The ConvLSTM model received inputs at each timestep from ModelE diagnostics,
including emission sources at the surface level, precipitation, and velocity field components. These
inputs are the primary drivers for the source, sink (wet deposition), and transportation of the tracers
at each timestep. Additionally, at each timestep, the tracer concentration at the surface pressure level
was considered the target variable. To model this temporal dependency, the ConvLSTM received as
input the concentration value at a given timestep, along with the ModelE diagnostics from the 48
preceding timesteps [14]. In total, we used five inputs at each half-hour timestep: emission source,
precipitation, and three velocity field components. More details are provided in Appendix A.

3 Results

The R2 values for the test set are used to compare each model output at every timestep with the
corresponding ground truth values, which represent the BC concentrations interactively calculated
by ModelE. Figure 1-a displays the range of R2 values for the test period using a boxplot. The first
quartile is 0.81, and the third quartile is 0.91, with a mean of 0.85 and a median of 0.87. These results
suggest that the model performs acceptably during the inference phase. Figure 1-b shows the R2

score for each timestep throughout the test period.

Figure 1: (a) Boxplot of R2 values for the test period, showing the range of performance. (b) R2

scores for each timestep throughout the test period.

The global averages of the model results for the test set were compared with the corresponding
ground truth values. Figure 2-a displays a scatter plot of these comparisons. It shows that the model
performs better for lower values but tends to underestimate higher values. This could be crucial for
predicting extreme events, such as air quality during severe pollution episodes. Figure 2-b compares
the global averages of model outputs and ground truth values over the test period. It highlights that
the model struggles to capture peak values (on a global average) accurately between July and the
end of September. This is likely due to the significant contributions of carbonaceous aerosols to the
atmosphere during wildfire season in the Northern Hemisphere, which are associated with the highest
BC concentrations during this time.
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Figure 2: (a) Scatter plot comparing the global averages of model results with ground truth values for
the test set. (b) Comparison of global average values of model outputs and ground truth over the test
period.

We compared 10,000 randomly selected grid value instances during the test period with their corre-
sponding model outputs. This analysis reveals that while the global average shows underestimation
for high values, the model performs better for individual instances with high concentrations com-
pared to low concentrations. This is because the model tends to treat very low values (e.g., BCB
concentrations in the South Pole or middle of the ocean) as zero, prioritizing high concentration
values. This bias is a common issue when using the mean-squared error (MSE) loss function, which
overemphasizes larger concentration values [14]. To mitigate this, we included the mean absolute
error (MAE) and used the average of MSE and MAE as the final loss function [15]. However, due to
the scale difference where high concentrations are several orders of magnitude larger than low values,
some biases persist.

Figure 3-a shows a scatter plot comparing the grid instances with their model outputs on a linear scale.
Since low concentrations dominate the random sampling, we also present the results on a log scale
(Figure 3-b), which better highlights the model’s performance across concentration ranges. As shown,
the model output deviates from the ground truth by orders of magnitude for low concentrations.
To further investigate extreme events, we performed an exceedance probability analysis on grid
values (Figure 3-c). Using the Weibull formula, a common method in Earth sciences for estimating
the return period of extreme events, we assessed high-concentration BCB instances. The results
indicate that the model begins underestimating events with BCB concentrations equal to or exceeding
630× 10−11 kg/kgair, with the probability of such events being less than 0.1 %.

Figure 3: (a) Scatter plot comparing the randomly selected grid value instances of model outputs with
ground truth values for the test set on a linear scale. (b) The same comparison on a logarithmic scale.
(c) Exceedance probability plot, illustrating the return period of extreme BCB concentration events.

To better understand the model’s performance across the spatial domain, the R2 values for each grid
during the test period were calculated and plotted in Figure 4-a. Regions with high R2 values are
shown in red, while regions with low and negative R2 values are represented in blue. Figures 4-b, -c,
and -d compare the model outputs and ground truth for three distinct grids where located in red and
blue regions. These colors represent regions where the model performs well, or worse than a baseline
model that predicts the mean of the observed values. The model performs well in areas with high
tracer concentration (Figure 4-b) but struggles to capture spikes in regions with lower concentration
values (blue regions, Figures 4-c and -d). In the blue regions, the tracer concentration is several orders
of magnitude lower compared to regions with higher concentrations.
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Figure 4: (a) Spatial distribution of R2 values during the test period. (b) The grid point is located at
lat: -3.0, lon: -71.25, with R2 of 0.87 (c) The grid point is located at lat: -81.0, lon: -21.25, with R2

equal to -1.08 (d) The grid box is located at lat: -15.0, lon: 68.75, with R2 of -0.07.

We analyze spatial results zonally across latitude bands: tropical (-21° to +21°), northern mid-latitudes
(+21° to +61°), northern polar (+61° to +90°), southern mid-latitudes (-21° to -61°), and southern
polar (-61° to -90°). Weighted zonal averages of R2 values, based on mean grid-level concentrations
over time, are 0.75, 0.56, 0.43, 0.51, and -1.52, respectively. The model performs best in the tropics
where the BCB emissions were high in the test period (1951) due to several factors such as extensive
deforestation, and prevalent slash-and-burn agricultural practices. These activities led to significant
biomass burning, releasing large amounts of black carbon into the atmosphere. This indicates that the
model is more accurate in regions with higher emission levels, likely because the signal-to-noise ratio
is higher, making it easier for the model to capture the underlying patterns and dynamics.

4 Conclusions

In this study, we have introduced an ML approach for interactively calculating atmospheric composi-
tion, with a particular focus on biomass-burning black carbon (BC), which are critical short-lived
climate forcers due to their strong solar radiation absorption. As forest fires become more severe
and frequent due to climate change, the air quality impacts of biomass burning events are becoming
increasingly significant [16]. Therefore, improving predictions of surface-level concentrations of
carbonaceous aerosols is essential for accurately forecasting air quality effects under future climate
scenarios. Our results indicate the feasibility of using ML-based approaches for interactive calcula-
tions of atmospheric composition across a range of atmospheric conditions, offering a significantly
lower computational cost compared to current fully interactive methods.

In future studies, we plan to add Self-Attention Memory (SAM) to memorize features with long-range
dependencies in both spatial and temporal domains [17]. Preliminary results show that adding
such a module improves the performance of the model. However, using attention modules on
spatial data significantly increases GPU memory usage. To address this, we are working on adding
encoder/decoder steps before and after the SAM module to control VRAM occupation. Another
important step is configuring the model to estimate BCB concentration at higher vertical levels,
starting from the surface level. For this purpose, we may combine Recurrent Neural Network (RNN)
architecture with Graph Convolutional Networks (GCNs) to better simulate the behavior of aerosols
in the atmosphere in our machine learning models.

We will integrate our ML model with NASA GISS-E2.1, which is primarily written in Fortran. To
achieve this, we are using FTorch, which is written and maintained by the Institute of Computing for
Climate Science (ICCS).
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A ConvLSTM Architecture

The ConvLSTM was configured with three cells: the first cell applied a convolutional operation to
map the five inputs into 64 cell states using a kernel size of 5; the second cell mapped the 64 cell
states into 32 using a kernel size of 3; and the final cell reduced the 32 cell states to 16 with a kernel
size of 3 before a single convolutional layer mapping 16 cell states to 1 output layer with a kernel
size of 1. The last convolution operation acted as a regression layer. Figure 5 illustrates the different
components of the model architecture. The hidden state of the last sequence of the third cell, H3

t48 ,
with dimensions Batch Size (BS) × 16 × 100 × 154, is fed into the last convolution layer with a
kernel size of one to project it to the target values.

Stacking additional convolutional layers generally helps to capture spatial dependencies more ef-
fectively, as deeper networks can exponentially increase their capacity to model both spatial and
temporal dependencies [17]. However, because this model is intended to perform emulation in a
computationally efficient manner, we aimed to keep it as lightweight as possible. While we have not
conducted a formal ablation study, we tested different numbers of cells and hidden-state sizes for
each cell to avoid inefficient architectures. In terms of temporal dependencies, we also experimented
with various time-step lengths, both longer and shorter than 48, based on the longevity of aerosol
species considered in the main model, but using 48 preceding timesteps showed the best performance.

Figure 5: ConvLSTM model architecture. To capture temporal dependency in each timestep, the
ConvLSTM received as input the concentration value at a given timestep, along with the ModelE
diagnostics from the 48 preceding timesteps.
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Figure 5 illustrates how the ConvLSTM architecture processes spatiotemporal data over a sequence of
48 timesteps, denoted by Xt1, Xt2, . . . , Xt48, each with dimensions 5× 100× 154. These five inputs
include the velocity field in 3 dimensions, precipitation, and emissions. The overall input shape,
BS × 48× 5× 100× 154, represents the batch size (BS), the sequence length (48), the number of
channels (5), and the spatial dimensions (lat = 100, lon = 154) considering 5 pixels of cyclic padding
along the longitude on each side and 5 pixels of reflective padding along the latitude on each side.
The model consists of three stacked ConvLSTM cells, labeled ‘Cell-1,’ ‘Cell-2,’ and ‘Cell-3,’ each
operating across the entire sequence of 48 timesteps. ‘Cell-1’ applies a 5× 5 convolutional filter with
64 channels, producing hidden states H1 and cell states C1 at each timestep. ‘Cell-2’ utilizes a 3× 3
convolutional filter with 32 channels, outputting states H2 and C2, while ‘Cell-3’ applies a 3 × 3
convolutional filter with 16 channels, outputting states H3 and C3. At each timestep t, the hidden and
cell states from each ConvLSTM cell are updated and passed to the next timestep. After processing
all timesteps, the final output H3

48 represents the hidden states at the last timestep t48. This is then
fed into a 1× 1 convolutional layer with a single output channel, producing the final output Ŷt48 with
dimensions 1× 100× 154. This output represents the model’s prediction for the given timestep.

As mentioned in Section 2.2, the 48 preceding timesteps were used to predict the BCB concentration
for the current timestep. According to Figure 5, the initial hidden state is set to zero at the first
timestep. The model then recurrently calculates the concentration over the past 47 timesteps to arrive
at the current timestep. A portion of these 48 timesteps serves as a “spin-up” period, allowing the
model to adjust the initial zero values and stabilize its solution. To understand the length of the
spin-up period, we collected the hidden state output after each timestep update during the inference
phase. To compare these outputs with their corresponding ground truth concentrations, we scaled
them based on the ground truth values. We then averaged the hidden states along the spatial domains
(latitude and longitude) to convert each hidden state into a vector of length 48. These vectors were
then plotted against their corresponding ground truth values. Results for four randomly selected
instances are shown in Figure 6. This figure shows that it takes approximately 10 timesteps for the
model to stabilize the initial hidden state.

Figure 6: The number of timesteps required for the model’s hidden state to stabilize.

This model was implemented using PyTorch [18]. During training, the base learning rate was set to
0.001 and was decayed by a factor of 0.5 every 10 epochs. The network was optimized using Adam
with beta values of 0.5 and 0.999. The network was trained for 30 epochs with a batch size of 8.
Because atmospheric data on a global scale is continuous at the edges (i.e., longitude 0◦ and 360◦ are
the same), cyclic padding was applied along the longitude axis. Moreover, reflection padding was
used along the latitude axis to reflect the data at the boundaries thus mirroring data near the poles
across the pole.

B Model Parameter Summary and Performance Analysis

This section provides a detailed summary of the model’s parameters, memory requirements, and
computational performance. Table 1 outlines key metrics, including the total number of parameters,
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estimated memory usage, and execution times on both GPU and CPU, offering insight into the
model’s efficiency during training and inference.

Table 1: Model Specifications and Performance

Description Value
Total Parameters 580,305
Trainable Parameters 580,305
Non-Trainable Parameters 0
Total Mult-Adds (G) 428.65
Input Size (MB) 14.10 1

Forward/Backward Pass Size (MB) 52.75
Params Size (MB) 2.21
Estimated Total Size (MB) 69.07
GPU Execution Time 2 38.7 ms ± 356 µs
CPU Execution Time 668 ms ± 19.2 ms
1 Input size estimated for a batch size of 1
2 GPU model: NVIDIA A100 80GB PCIe
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