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1. INTRODUCTION
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3. NEURAL NETWORK

Retrieval method
L1

2. DATA

4. STUDY OF AN URBAN EMISSION PLUME

Objective : This study aims to develop a fast and precise L1 to L2 algorithm based on 
neural networks. The level 1 data are spectra in SWIR domain, and the level 2 are the 
total CO2 columns XCO2. This study will start by focusing on MicroCarb [1] (by CNES), 
whose exploratory city mode will allow to take spectral images of the ground. The 
precision goal for the retrievals is under 1 ppm.

Context : In the short-wave infrared domain (SWIR), future space missions seeking to 
measure greenhouse gases concentrations will inovate by taking continuous 
measurements. This technique based on the use of spectro-imagers (in which each 
pixel is a full spectrum of the reflected solar radiation) will contrast with the discrete 
measurements which used to be the state-of-the-art. The expected significant increase 
in data require a faster method, while keeping the same levels of precision.

In the SWIR domain, the 
reflected solar spectra is 
mostly sensitive to 5 main 
variables:

● CO2;
● H2O;
● Surface pressure;
● Solar zenith angle;
● Albedo.

To improve the calculation 
speed of the learning 
database, a 5D 
interpolation scheme on 
the 5 previous critical 
parameters of interest was 
developed.

The characteristics of the MicroCarb instrument 
(table 1), the TIGR atmospheric database [2] and 
the 4A/OP radiative transfer model [3] based 
on the GEISA dataset [4] were used to 
generated the learning database.
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Figure 6 : Architecture of the MLP
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Figure 4 : MicroCarb city mode

Table 1 : Definition of MicroCarb 
typical bands and noise levels (SNRM)
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Figure 5 : Typical simulated MicroCarb spectra 

Figure 3 : Typical spectrum

L2

The optimised MLP is applied to a scene representing an emission plume above the 
sugar factore Crystal union at Bazancourt (courtesy of T. Lauvaux, GSMA). The 
factory is among the top 10 biggest emitters in France.

Figure 1 : GOSAT-2 (9.7 km FoV) Figure 2 : GOSAT-GW (1-3 km pixels)
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Based on the IASI [5] retrieval scheme, 
a multi-layered perceptron (MLP) is 
used to performs the radiative 
transfer inversion. The range of 
validity of the network is between 395 
and 474 ppm in XCO2. 

To evaluate the results, we compute 
the rms, the bias and the std of the 
outputs. Examining three different 
noise levels, table 2 shows that the 
best results are obtained using the 
spectra from bands 1 and 3 jointly as 
inputs. 

B1 and B2 

[ppm]
B1 and B3 

[ppm]
B1, B2 and B3 

[ppm]

Without noise 0.39 ± 0.66 0.33 ± 0.50 -0.94 ± 2.04 

With typical noise (SNRM) -0.19 ± 1.00 -0.13 ± 0.80 0.32 ± 2.93

With reduced noise (SNRM*2) -0.19 ± 0.72 0.012 ± 0.59 -0.22 ± 2.47

Table 2 :  Statistics (bias ± std) of of the XCO2 retrieval using the evaluation 
dataset ARSA [6] over three different noise levels
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5. FUTURE DEVELOPMENTS
The next step would consist in the simulation of the XCO2 retrievals in an Observing 
System Simulation Experiment (OSSE). It would also be interesting to study in more 
depth the MLP with B1, B2 and B3 used jointly as inputs. The methodology will 
eventually be applied to two other instruments, GOSAT-GW (JAXA) and CO2M (ESA). 

RMS [ppm] BIAS [ppm] STD [ppm]

Without noise 1.46 -1.45 0.19

With typical noise (SNRM) 1.30 -1.20 0.50

With reduced noise (SNRM*2) 1.24 -1.20 0.30

Characteristics of the plume (figure 7):
● Emission of about 40 tCO2 per hour;
● On the 9th of September 2023;
● Made with the WRF mesoscale model;
● Spatial resolution of  about 300 x 500 m, reduced 

to 2 x 2 km (city mode resolution)
● Corresponds to 6 juxtaposed city mode images in 

width

4.1 Retrieval of plume for three different noise levels

Figure 7 :  Initial plume

XCO2 anomaly [ppm]

Figure 9 :  Retrieval 
with typical noise (SNRM)

Figure 8 :  Retrieval 
without noise

Figure 10 :  Retrieval with 
reduced noise (SNRM*2)
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4.3 Analysis of results
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Figure 13 : Humidity profiles
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Table 3 : Statistics of the plume for different noise levels

Figure 12 :  Pixel distribution of retrieved plumes
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4.2 Retrieval of the plume with a higher intensity
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Figure 11 :  CO2 profile and retrieval 
with an increased plume anomaly
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The intensity of the plume 
of the sugar factory is 
artificially increased (figure 
11), which yields an 
augmentation of 1.5 ppm in 
the plume without modifying 
the background XCO2. The 
retrieval yields a much 
clearer plume pattern.

The histogram (figure 12) 
shows that only the plume 
pixels of the increased plume 
(in purple) are clearly 
distinguishable from the 
background.

The bias might come from the humidity profile 
discrepancy between the learning database and 
the plume (figure 13). The better visibility of the 
plume when increased indicates a potential ability 
of MicroCarb to correctly detect emission 
patterns from larger sources. 
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