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_ Permutation-based feature importances, XGBoost
Introduction -y RPRO, R2=0.842 WFMD, R2=0.691
Methane is one of the most
significant greenhouse gases, and . v o0
this work aims to advance the 70%&3
detection of methane in the Arctic. /- o 0.25 1 0.25 -

Satellite-based observations are [~ S
the only viable option for global, jo0% s 020 020
consistent measurements. We . DcT_J

decrease in R?

present here on-going work on the \

impacts of environmental factors gl o o
on the accuracy of TROPOMI —
total-column methane (XCH,) 10% "] "
observations. While the TROPOMI AP
XCHy, are fairly accurate (Lindqvist = 0.05 - | 0.05 -
et al., 2024), e.g. seasonality in A TCCONFTS A COCCON EM27/SUN @ Aircore I -
the bias limits interpretations. We A TCCON and COCCON spectrometer 000 | 1 500
apply multiple models to predict measurement stations in the permafrost SN NEEEDERESEEEN: $EE53828 82822 ¢
the TROPOMI XCHj, bias to first region. The Total Carbon Column Observing S F ¢ 2E8878Fz EE s4E*88 T F SE37
examine the overall predictability Network (TCCON) and the Collaborative o ’ g8 . i ) 8
of the bias, and then analyse how  Carbon Column Observing Network A Permutation feature importances from XGBoost. The input features are
important each environmental (COCCON) XCH4 measurements are used ranked based on their importance to the model. For both RPRO and WFMD
variable is in predicting the bias. as reference against the TROPOMI specific humidity at 1000 hPa is the most important feature.
We consider two separate measurements. TROPOMI was co-located :
TROPOMI retrieval algorithms: the  within £1° lat/lon of each ground station. Feature iImportances
operational reprocessed Feature correlation coefficients We use XGBoost to obtain the importance of each input feature in predicting the
TROPOMI product (RPRO), and = g +RPRO_T. B 1.0 TROPOMI XCH, bias. We use a permutation-based feature importance measure to
the scientific WFMD version 2.0 o . .. .. . .. . find those variables that are significant in predicting the bias, as they may be
product (WFMD) (Schneising swirabedo{- -« - - -+ . . . _ I - sources of bias.
et al., 2019; 2023). g::n?::;. O .. > For both RPRO and WFMD the surface specific humidity is the most important
_ scantine JJJ - : feature. This could indicate that the humidity is a source of bias in the TROPOMI
> Features used to pr-edlct jatituce SR « (= + - |8 SN DR 06 XCH, measurements, but further analysis is necessary, as this may result from
the TRO_POMI XCH4 b|a§ longitude W8~ N ~ I8 TR e _ similar seasonal cycles between the humidity and the bias.
and their cross-correlations. T (2m) -l . . = XGBoost predicted TROPOMI XCH4 bias
The feature set consists of T(250hPa) S+ SSCRE - B - ¢ y RPRO g
TROPOMI retrieval-based qq”(g:g::; - N s + g
variables and additional surrace 0 - - - 2 3 2
environmental variables, voundary layer S - JENIEN - I - - 2 H B T 2 3
including ERAS5 data. The douds{= = -« < - o - - - B a 1
analysed RPRO data set hasTCCON/CO:(;‘;:! . ' : 03
a total of 128 122 samples, — — 0.0 " -100- 17
and the WFMD data set a total PL 2024 2
of 156 900 samples. o N o &
Modelling the TROPOMI XCH, bias : o 3 E
4 2 &
We compare the models using three measures: coefficient of determination (R?), 5 ‘22 , 8
mean absolute error (MAE) and mean squared error (MSE). We train each model 2 .| e tuevae 0o 3
using 75 % of the samples and measure their performance with the remaining 25 %. 00 LT PN . . . . 1
2019 2020 2021 2022 2023 2024 c
Model performance scores predicting TROPOMI| XCH4 bias . .
Coefficient of determination R? < Comparison V¥ The features ranked based on forward selection. We A Timeseries of
0p| ™= FPRO e X B BB of model use forward selection as a secondary measure of the feature ~ the TROPOMI
07+ . performance. importance. The order of the features does not perfectly XCH, bias
06 1 | R? (top), MAE match the permutation-based importances, but some of the prediction. The red
L0 (middle), and differences can be explained by correlated features. dots show the true
0-4 1 o MSE (bottom) Forward selection of features, XGBoost bias values, the
03{ w22 scores for each RPRO WFMD coloured smaller
0.2 1 model |n 1.0 A L LR o dOtS the XGBOOSt
ch) predicting the os{ T predicted bias, for
Mean absolute error TROPOMI RPRO (top) and
149 s e 133 B 133 B 1 XCH, bias. On WFMD (bottom).
12- 115 allthree | | °y + meae | 1 vanne saa | COlOUT ShOWS the
10 measures the 5] — test data 5 — test data normalised specific
y o RPRO product B E ST ST, PR S P D ) 8@ B P DT Foee e humidity at 1000
® gets better 8 @ B ° gég%féﬁ \ i (‘f;**;@{‘ hPa, the most
‘.- scores for all the < < important feature.
N models than cumulative feature set —» cumulative feature set »
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