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ABSTRACT

We propose a deep learning framework for estimating the CO2 emissions by in-
verting the CO2 concentration measurements from satellites. Our algorithm starts
with informed guess of emission distributions of CO2 and keeps on correcting it
till it is consistent with outcome of transport model and CO2 measurements by
satellite. We found that our inversion method is capable of identifying emission
sources of CO2 that are not considered in the prior.

1 INTRODUCTION

Global warming and climate change are the direct effects of air pollutants like CO2, CH4, particulate
matter and so on. International agreements such as the Kyoto Protocol (kyo (1997)) and the Paris
Agreement (par (2015)) have been established to set the emission reduction targets for countries,
in the context of global warming. Hence, to assess the effectiveness as well as the adherence by
countries to these policies, governments and industries alike are very interested in estimating the
distribution of emissions of these pollutants on the surface of the Earth.

For estimating emissions (or fluxes kg/m2/s) broadly there are two classes of methods (McMarrow
(2011)). The first, bottom-up methods involve gathering detailed inventory and activity data on
individual sources, and the associated emission factors. Bottom-up methods can provide detailed
information on the emissions. However, collecting and processing this detailed information can be a
complex and costly undertaking. The second, top-down methods involve measuring concentrations
(in ppm or similar measure) of the pollutant in the atmosphere and inferring the sources of those
concentrations with the help of numerical transport models. Two major frameworks that have been
widely used to achieve this are the Ensemble Kalman filter (EnKF) (Peters et al. (2005), van der
Laan-Luijkx et al. (2017), Feng et al. (2008)) and the 4-D Variational (4D Var) method (Chevallier
et al. (2005), Bergamaschi et al. (2013), Niwa et al. (2017a)).

It is very difficult to prepare and maintain the large amount of data required for inventory based
methods. The top-down methods are computationally complex as they often involve running large
ensembles of model simulations e.g. in ensemble Kalman filter. Implementing these algorithms
require a deep understanding of the underlying physics and computational methods as well. Thus,
there is a need for simplified procedure which reduces the complexity. Deep learning (DL) is finding
a growing use in the atmospheric and geoscience community (Lauret et al. (2016), Tao et al. (2019),
Wang and Qian (2018)) owing to their demonstrated capability in capturing non-linearities in a
system.

In the present work, we propose a DL framework for inverting concentrations of a given pollutant
and to estimate the distribution of its emissions. The method is generic and can be applied to any
pollutant. However, for this work, we predict CO2 in particular. The choice was determined by
the the availability of good quality remotely sensed CO2 concentrations and its significance to the
global warming. Our contributions are:
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Figure 1: (Left) Part 1 of the proposed framework, (Right) Part 2 of the proposed algorithm

• End-to-end DL framework for inverting concentrations of a given pollutant species using
satellite measurements.

• A digital twin of an existing numerical transport model.
• A system that can discover the additional emission sources of the species not included in

the prior.

2 PROPOSED METHODOLOGY

2.1 OVERVIEW

The two major steps of the method are explained below:

Part 1: Digital twin of a transport model

1. Create a training data set for training a deep learning twin to mimic the results of the
transport model. This is achieved by running a transport model with varying meteorological
conditions and emission distributions of CO2.

2. Train the model using the training data as prepared in the first step. Thus, we would have
a digital twin of the transport model. It takes as input (i) the emission distribution (ii)
meteorological conditions and (iii) initial concentrations and gives as output the future
concentrations of the gas (1).

Part 2: Inversion

1. Take an initial (prior) estimate of the emission distribution. This estimate can come from
bottom-up inventory-based methods or remote sensing observations and analyses (Desh-
pande et al. (2022); Banolia et al. (2023)).

2. Collect the satellite data of the CO2 concentrations for the relevant dates. These will be
total-column measurements.

3. Use the transport twin trained in part 1 to generate predictions of the concentrations using
the relevant meteorological data and initial concentrations. Convert the concentrations over
a 3D grid to total-column. The result will be a 2D grid of concentration predicted by the
transport twin.

4. Compare the predictions with the satellite data and compute the ‘loss’.
5. Hold all the parameters of the transport twin fixed and backpropagate the loss through the

whole network to the emission values and update them. The strong assumption is that the
measurements and the transport twin are correct.

6. With the updated emission values, repeat steps 3-6 while monitoring the magnitude of the
loss between the twin’s predictions and satellite measurements. Stop the iteration when the
loss stops decreasing (1).

At the end of this step, the result will be the updated emissions that are consistent with the satellite
measurements and transport process.

2.2 DIGITAL TWIN OF TRANSPORT MODEL

We evaluated 10 most well-known transport models (Bey et al. (2001), Lamarque et al. (2012), Grell
et al. (2005), Hourdin et al. (2006), Byun and Schere (2006), Pisso et al. (2019), Maksyutov et al.
(2008), McGregor and Dix (2008), Niwa et al. (2017b)) and chose the GEOS-Chem (Bey et al.
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Figure 2: The U-Net architecture used in this work

(2001)) model. GEOS-Chem (Bey et al. (2001)) is widely used popuar transport model (Eastham
et al. (2014)).

We used U-Net architecture (Ronneberger et al. (2015)) for deep learning (DL) twin that does the
double duty of learning the transport and inversion (2).

DL Twin Model Training: The training data for the DL Twin (which is a neural network) was
generated using the GEOS-Chem numerical transport model. The process involved providing the
transport model with a wide range of input conditions and recording its output. These input-output
pairs contain information about the physical processes that drive atmospheric transport and using
these pairs, the DL Twin model would learn the same.

Its common to rescale the input quantities to make NN training more efficient. Hence we normalized
the values of the inputs namely emissions, initial concentrations, winds, pressure and temperature
to the range of 0 to 1. The values were then re-centered to 0.5 to bring most of the values in the
range [0,1]. In order to account for the lack of boundary conditions, we excluded the cells at the
edges of the grid for the computation of the loss function and hence for the training. If the correct
concentration changes (over the 3D grid and inside the 10 × 10 horizontal region) are T and the
corresponding predicted concentration changes are P , then the loss function we used is:

Loss =
Σ(Ti − Pi)

2

ΣT 2
i

. (1)

.

Other important training parameters were batch size: 4, 3D convolution kernel size: 3 × 3 × 3,
model size: ∼ 7.6 million parameters, model weights initialisation using kaiming-normal (He et al.
(2015)), activation function: ReLU, optimiser: adam, learning rate: 0.001, number of training
epochs: 50.

We picked 61 days in the year at random and used all samples belonging to those days for the
validation of our model. Samples belonging to the rest of the days were used for training. To
prevent over-fitting the training was stopped when the validation loss stopped decreasing for some
epochs.

2.3 INVERSION

Prior Emissions For the prior emissions, we used the Open-source Data Inventory for Anthro-
pogenic CO2 (ODIAC) dataset (Oda and Maksyutov (2011)), which provides high-resolution global
maps of fossil fuel CO2 emissions. We obtained the satellite measurements of CO2 concentrations
from the OCO2 L2 Lite FP data product of NASA’s OCO-2 satellite. From this we mainly extracted
the total-column CO2 concentration measurements and the vertical averaging kernels corresponding
to the relevant dates.
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Inversion Procedure: With the trained DL twin model, we carried out the inversion step. We took
the monthly averaged ODIAC CO2 emissions for July 2018 over our Asia region, aggregated it to
working resolution 4◦ × 5◦ and took these emissions as the prior for 1st July 2018. The transport
twin predicts the 3D concentrations (in ppm) for 2nd July 2018. The 3D concentrations are converted
to total-column concentrations using the OCO-2 averaging kernels corresponding to 2nd July 2018.
The predicted total-column concentrations are compared with the OCO-2 measurements for 2nd July
2018 and the error is back-propagated to the emission values. Based on the corrected emissions, the
twin model again predicts the 3D concentrations for 2nd July and so on. 200 such iterations are
performed.

3 RESULTS AND DISCUSSION

Digital twin validation: The digital twin showed a low validation loss for concentrations. The
correlation between the target and predicted values was high (0.885); the model was able to explain
75.1% of the variance in the data. In addition, we prepared samples from the year 2020 and com-
puted the outputs and the loss. The loss averaged over all the 365 days is about 0.4921 which is
not too far from the original validation loss, 0.4794. This is a positive indication of the model’s
generalization ability.

Inversion validation: After running inversion for 200 iterations with no constraints (first experi-
ment) on the emission values from each individual ground cell, the value of the loss is 0.091495,
which implies that with the corrected emissions the RMS error with satellite data is about 9%. To
consider more realistic situation, we assumed ocean cell to be carbon neutral, and the land cells to
show under 10% variability in the prior and posterior emissions. and ran these iterations as a second
experiment. RMS error did not show any appreciable change in second experiment.

In addition to observing the loss, we also attempted to compare the results with other benchmark
reports such as EDGAR 2022 report (Crippa and Vignati (2022)). For this, we aggregated the re-
ported emissions for each country in Asia region for the year 2018. The first and second experiments
gave annual emissions as ∼185 Gt and ∼60 Gt. respectively. The total emissions according to the
EDGAR report were 17.811 Gt for 2018, thus the more realistic model compares well with the
EDGAR report.

3.1 LIMITATIONS

We faced many limitations in this initial stage of our work, the foremost being limited GPU re-
sources. A total GPU memory of 15 GB restricted the DL twin model size which in turn limited the
(i) prediction timescale to 1 day, (ii) transport process to only advection and (iii) transport region to
7200 km × 9000 km, instead of global. Due to limited CPU resources as well, we used the coarsest
resolution available for the transport grid. For inversion, the satellite (OCO-2) data for one day was
very sparse; less than 20% out of the 256 cells had data. This could be resolved with a longer pre-
diction timescale. We also faced difficulty in separating anthropogenic emissions from all emission
sources that are taken into account by satellite data.

4 CONCLUSION AND FUTURE WORK

In this work, we have proposed and implemented a novel algorithm for performing inversion of
atmospheric concentrations of a pollutant such as CO2 to estimate its emission distribution. We
got some interesting results that need to be further investigated, particularly the ability to identify
sources of the pollutant not included in the prior emissions.

In future, we intend to build a more robust DL transport twin model for more reliable inversion.
Particularly, the architecture of the network and the feature engineering in the input data will be
important directions to work on. For inversion, the prior emissions should ideally account for the
same sources as the satellite measurements. Moreover, it will be helpful to take into account the
uncertainties in the satellite measurements. Finally, our grid resolution of 4◦ × 5◦ is too coarse for
any practical application. Implementing our algorithm on a much higher resolution will provide us
more insights but at the same time will be computationally expensive.
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Dufresne, Laurent Fairhead, Marie-Angèle Filiberti, Pierre Friedlingstein, Jean-Yves Grandpeix,
Gerhard Krinner, Phu LeVan, Zhao-Xin Li, and Francois Lott. The lmdz4 general circulation
model: Climate performance and sensitivity to parametrized physics with emphasis on tropical
convection. Climate Dynamics, 27:787–813, 12 2006. doi: 10.1007/s00382-006-0158-0.

Daewon Byun and Kenneth Schere. Review of the governing equations, computational algorithms,
and other components of the models-3 community multiscale air quality (cmaq) modeling system.
Applied Mechanics Reviews, 59:51–77, 03 2006. doi: 10.1115/1.2128636.

I. Pisso, E. Sollum, H. Grythe, N. I. Kristiansen, M. Cassiani, S. Eckhardt, D. Arnold, D. Mor-
ton, R. L. Thompson, C. D. Groot Zwaaftink, N. Evangeliou, H. Sodemann, L. Haimberger,
S. Henne, D. Brunner, J. F. Burkhart, A. Fouilloux, J. Brioude, A. Philipp, P. Seibert, and
A. Stohl. The lagrangian particle dispersion model flexpart version 10.4. Geoscientific Model
Development, 12(12):4955–4997, 2019. doi: 10.5194/gmd-12-4955-2019. URL https:
//gmd.copernicus.org/articles/12/4955/2019/.

Shamil Maksyutov, P. Patra, Ryo Onishi, Tazu Saeki, and Takakiyo Nakazawa. Nies/frcgc global
atmospheric tracer transport model: Description, validation, and surface sources and sinks inver-
sion. Journal of the Earth Simulator, 9:3–18, 03 2008.

John L. McGregor and Martin R. Dix. An Updated Description of the Conformal-Cubic At-
mospheric Model, pages 51–75. Springer New York, New York, NY, 2008. ISBN 978-0-
387-49791-4. doi: 10.1007/978-0-387-49791-4 4. URL https://doi.org/10.1007/
978-0-387-49791-4_4.

Y. Niwa, H. Tomita, M. Satoh, R. Imasu, Y. Sawa, K. Tsuboi, H. Matsueda, T. Machida,
M. Sasakawa, B. Belan, and N. Saigusa. A 4d-var inversion system based on the icosahedral
grid model (nicam-tm 4d-var v1.0) – part 1: Offline forward and adjoint transport models. Geo-
scientific Model Development, 10(3):1157–1174, 2017b. doi: 10.5194/gmd-10-1157-2017. URL
https://gmd.copernicus.org/articles/10/1157/2017/.

Sebastian D. Eastham, Debra K. Weisenstein, and Steven R.H. Barrett. Development and evalua-
tion of the unified tropospheric-stratospheric chemistry extension (ucx) for the global chemistry-
transport model geos-chem. Atmospheric Environment, 89, 2014. ISSN 13522310. doi:
10.1016/j.atmosenv.2014.02.001.

Olaf Ronneberger, Philipp Fischer, and Thomas Brox. U-net: Convolutional networks for biomed-
ical image segmentation. In Nassir Navab, Joachim Hornegger, William M. Wells, and Alejan-
dro F. Frangi, editors, Medical Image Computing and Computer-Assisted Intervention – MICCAI
2015, pages 234–241, Cham, 2015. Springer International Publishing. ISBN 978-3-319-24574-4.

6

https://gmd.copernicus.org/articles/12/4955/2019/
https://gmd.copernicus.org/articles/12/4955/2019/
https://doi.org/10.1007/978-0-387-49791-4_4
https://doi.org/10.1007/978-0-387-49791-4_4
https://gmd.copernicus.org/articles/10/1157/2017/


Published as a workshop paper at ”Tackling Climate Change with Machine Learning”, ICLR 2025

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Delving deep into rectifiers: Surpassing
human-level performance on imagenet classification. In 2015 IEEE International Conference on
Computer Vision (ICCV), pages 1026–1034, 2015. doi: 10.1109/ICCV.2015.123.

T. Oda and S. Maksyutov. A very high-resolution (1 km×1 km) global fossil fuel co2 emission
inventory derived using a point source database and satellite observations of nighttime lights.
Atmospheric Chemistry and Physics, 11(2):543–556, 2011. doi: 10.5194/acp-11-543-2011. URL
https://acp.copernicus.org/articles/11/543/2011/.

Guizzardi D. Banja M. Solazzo E. Muntean M. Schaaf E. Pagani F. Monforti-Ferrario F. Olivier J.
Quadrelli R. Risquez Martin A. Taghavi-Moharamli P. Grassi G. Rossi S. Jacome Felix Oom D.
Branco A. San-Miguel-Ayanz J. Crippa, M. and E. Vignati. Co2 emissions of all world countries
- jrc/iea/pbl 2022 report, eur 31182 en. Publications Office of the European Union, Luxembourg,
2022. doi: 10.2760/730164.

7

https://acp.copernicus.org/articles/11/543/2011/

	Introduction
	Proposed Methodology
	Overview
	Digital twin of transport model
	Inversion

	Results and Discussion
	Limitations

	Conclusion and Future Work

