Authors’ Response for Revision_02
Preprint: https://egusphere.copernicus.org/preprints/2025/egusphere-2025-1977/)

We thank the editor and the anonymous referee for giving us further opportunity to strengthen
our manuscript through valuable feedback. We have carefully addressed all comments,
suggestions, and concerns and made thorough revisions. The revisions include additional
analyses, rewriting, and clearer explanations. We believe those revisions have significantly
improved the accuracy of our findings, presentations and the overall readability of the
manuscript. Thank you for your support during the revision process.

RC: Referee Comment (in blue font)
AAR: All Authors' Responses (in black regular font)

The modified texts in the revised manuscript are in black italics.

Detailed Response to Referee #1

RC: 1. Use of observations and construction of the Jacobian. The manuscript still does not
clearly explain how the observations are used in the inversion. The authors’ response suggests
that observations are grouped by political state when constructing the Jacobian. This raises the
concern that each state may be constrained only by observations within that same state. This
would be some form of extreme localization, which is not needed in analytical inversions. This
point must be clarified unambiguously. If the inversion is indeed structured in this way, the
methodology must be revised.

AAR: Thank you for your comment. We apologize for the ambiguous statements in the revised
version. To effectively address the above concern, we have taken the following steps: 1) a
comprehensive rewrite of the concerned methodological part, and 2) a better explanation of the
inversion approach employed within the context of our study. We have revised the manuscript to
enhance clarity in both our statements and equations.

Our clarifications are as follows: The inversion focuses on capturing near-field influence on
observations, minimising the overinterpretation of far-field influences by assigning minimal
weight to far-field signals. The Jacobian matrix must thus be designed with elements that
represent the response in mixing ratios to the state vectors, controlled by each scaling factor.
Here, the state vectors correspond to the total emission in each political state. The derivation of
the Jacobian matrix elements in the present study follows nearly the method adopted by Pillai et
al. (2016) (see Section 3.2 in their study), Ye et al. (2020) (see Section 2.6 in their study), and



Kuhlmann et al. (2020) (see Section 3.1 in their study). Importantly, mixing ratio simulations are
not artificially truncated at state boundaries, so the Jacobian naturally captures cross-state
sensitivities when transport is applied freely across the model domain, as in our study. Similar
targeted approaches are widely applied in other studies, such as Bisht et al., 2023; Pendergrass et
al., 2025; Kumar et al., 2022; Bruch et al., 2025; and Pillai et al., 2016, and demonstrated the
benefits in inferring targeted fluxes. The concept is also illustrated in Broquet et al. (2018) (see
Section 2.5 of their study). For instance, Bisht et al. (2023) implemented a localised methane
inversion in which observations influence only nearby state-vector elements within a defined
localised radius, explicitly demonstrating improved stability and realism of inferred fluxes.
Pendergrass et al. (2025) apply explicit spatial localisation when assimilating TROPOMI
methane observations, showing that restricting long-range influence is essential for robust
inverse-based estimations. At finer scales, Kumar et al. (2022) demonstrate that methane
inversions targeting localised emission sources must rely on near-field observational sensitivity
to avoid ill-posed solutions. Bruch et al. (2025) employ regional scaling factors in an
ensemble-based inversion framework, where observations predominantly constrain
geographically proximate emission regions through transport sensitivities.

Acknowledging the reported ambiguity in statements, we revised the methodology section.

Revised Lines: 210-228 as follows:

“Here, K is the m x n Jacobian matrix, representing the sensitivity of the mixing ratio simulated
oF (1)
ox

by the forward model to the state vector. The elements of K are thus: kmn =

Since we have not implemented the adjoint model for our forward transport model, the Jacobian
matrix is constructed using a finite-difference approach: the transport model (WRF-GHG) is
applied to perturbed emissions, and sensitivities of the resulting mixing ratio simulations are
derived. This perturbation-based Jacobian construction is mathematically equivalent to
computing the response functions to state vectors. The Jacobian matrix in the present study
ensures capturing near-field influence on observations and minimizes the over-interpretation of
far-field influences. For robust flux estimations at regional and sub-regional scales, the
importance of relying more on near-field sensitivity is widely accepted, and such inverse
applications have demonstrated their potential to minimize ill-posed solutions in finer scales
(e.g. Pendergrass et al., 2025; Bruch et al., 2025, Bisht et al., 2023; Kumar et al., 2022; and
Broquet et al., 2018).

The elements in the Jacobian matrix are derived as follows:
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The above derivation closely follows methods implemented in Pillai et al. (2016), Ye et al.
(2020), and Kuhlmann et al. (2020). Here, Y and Ypert are the 1-D representations of the

column mixing ratio and the perturbed column mixing ratio, respectively, both derived by our

forward model, corresponding to each m elements in the measurement vector'y. ¢ and d)pert

represent emissions and perturbed emissions, respectively, corresponding to each n elements in
the state vector x. Note that perturbed mixing ratios are simulated by applying the transport
operator (WRF-GHG) to perturbed emissions, as explained before. By our design, the elements
in the y correspond to the available column mixing ratio observations over a month at 0.1°x 0.1°
spatial resolution, and the elements in the x refer to total monthly emissions of each political

’

state.’

RC: 2. Insufficient presentation of inversion results. Only national annual total emissions are
shown in the manuscript. Even though the appendix now includes prior and posterior values for
five larger regions, a spatially resolved plot of posterior adjustments at the political-state level
(i.e., for each element of the state vector) is essential. Without such a figure, it is impossible to
assess whether the inversion leads to reasonable spatial adjustments. In addition, no statistics are
presented that quantify model—observation agreement in the prior and posterior. Such diagnostics
are fundamental to evaluating the credibility of the inversion. Without these results, it is not
possible to evaluate or trust the posterior emission estimates.

AAR: In response to the above comment regarding statistics, we have included quantitative
prior—posterior model-observation agreement statistics in the revised manuscript (new Fig. 10,
providing diagnostic metrics is added to the main manuscript). These diagnostics indicate
improved consistency between simulations and observations after inversion. For example, the
distributions of mean biases and RMSEs become narrower after inversion, and the residual
probability density functions are more centred around zero. R? values are higher after inversion
than before. (see Fig. 10).

Also, we have provided state-wise and regional-wise flux adjustment details and included Fig.
S13 in the revised version.
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Figure 10: Model-Observation mismatches before and after optimization: (a) Probability density
for difference between observed (Obs.) and simulated (Sim.) concentrations, (b) monthly Mean
Bias, (c) monthly RMSE and (d) R’ between observations and simulations before (blue) and after
(green) optimization. In the legend, the terms Prior Sim. and Post Sim refer to simulations before
and after optimization, respectively.

Revised Lines: 438-442 as follows:

“The model-observation mismatches before and after optimization are shown in Fig. 10. The
optimization significantly reduces mismatches in XCH, as expected for a robust inversion,
resulting in a narrower distribution around zero. For example, in January 2018, the mean XCH,
bias improves from -12.4 ppb (before optimization) to 5.2 ppb (after optimization).
Simultaneously, the improved explanation of variance in statistics is found, indicating a better fit
to the observed data after optimization (see Fig. 10).

Revised Lines: 472-475 as follows:

“Although our primary emphasis is on national-scale inversion estimates, the inversion
[framework explicitly resolves emissions at the state level, with each political state constituting an
element of the state vector. The spatial distribution of flux adjustments is shown in Fig. S13,
which illustrates how the inversion adjusts emissions across the states. Quantitative assessments
of prior and posterior estimates are also presented region-wise in Fig. S13.”
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Figure S13: State-wise anthropogenic (a) prior and (b) flux adjustment (posterior minus
prior) and (c) region-wise annual prior and posterior emission fluxes averaged for 2019.

RC: 3. Explanations of Equation (4). The motivation, derivation, and interpretation of Eq.
(4) remain unclear. It is not explained why perturbations are used instead of defining a
tracer per state, nor why a summation over states appears in this formulation. This equation
must be clearly and transparently explained.

AAR: Please see our comment above regarding the rewrite of the methodological part and
Eq. 4.

Revised Eq. 4 is now as follows:

(ypert) _ym
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Also, please refer to Lines 210-228 in the revised manuscript.



RC: 4. Model initialization and treatment of the CH, fields. The simulations are
reinitialized daily with ERAS5 and a 6-hour spin-up. It remains unclear whether the CH,
fields are also reinitialized each day. If so, only emissions from the current day could be
used to constrain emissions, which would strongly reduce the inversion's capability.
Furthermore, the manuscript states that CAMS fields are corrected by a monthly factor of
1-3%, but the method for applying these corrections is not described. Both the CH,
initialization procedure and the implementation of the CAMS corrections must be explicitly
explained.

AAR: The CH, tracer fields are not reinitialized daily. Only meteorological fields are
reinitialized daily using ERAS, followed by a 6-hour spin-up. The CH, mixing ratios are
initialized with CAMS only on the first day of the simulation, and carried forward
continuously to the following days.

For the background (CAMS) correction, the scaling factor is applied uniformly across the
domain to the CH, background, specific for each month (i.e., one scaling factor per
month). These monthly background scaling factors range from 1% to 3%.

We have revised the manuscript to better explain both the CH, re-initialization strategy and
the background correction.

Revised Lines: 125-129 are as follows:

“Meteorological fields are reinitialized daily using ERAS5 reanalysis, followed by a 6-hour
spin-up period. In contrast, note that CH, tracer fields are initialized only at the beginning
of the simulation and the simulated background fields are continuously transported across
successive simulation days (i.e. not reintialized daily). This approach ensures that methane
concentrations reflect the cumulative influence of emissions, preserving the temporal

)

memory for inverse optimization of local surface fluxes.’

Revised Lines: 133-137 are as follows:

“We have also considered the reported level of uncertainties in CAMS-simulated mixing
ratios (e.g. Agusti-Panareda et al. (2023); Wang et al. (2023)) and applied a monthly
scaling factor correction to our methane background (initialized by CAMS) to minimize
the unrealistic representation of background contribution to methane mixing ratios. The
scaling factor is applied uniformly across the domain to the CH, background, specific for
each month (i.e., one scaling factor per month). These monthly background scaling factors
range from 1% to 3%.”



RC: 5. Abandonment of the stratospheric extension. The absence of a stratospheric extension
introduces a systematic offset of 2-3% in the CH4 columns, this cannot simply be ignored. This
issue must be addressed.

AAR: We appreciate the above comment and included explicit statements in the revised version
to avoid confusion. We agree that our model does not fully represent the whole atmosphere.
However, the model profile is extended above the model top (~50 hPa) using satellite a-priori
profiles, ensuring the same sampled air column corresponding to the observation datasets, also
following a priori profile weights when computing the column-averaged mole fraction (see Sect.
2.4). Here, the assumption when extending the model top is that the model biases for the
remaining stratospheric layer are small compared to that of the tropospheric counterpart (e.g.
Wang et al., 2017). We have revised the manuscript by including a discussion of these aspects
and point out that a complete treatment of the full atmosphere in the forward model may further
reduce model uncertainties, while this limitation exists in the current study.

The manuscript is revised accordingly.

Revised Lines: 161-177 are as follows:

“The model top is set near ~50 hPa. When computing the column-averaged mole fractions from
simulations, the model profile is extended above the model top utilizing satellite a priori profiles,
ensuring the same sampled air column corresponding to the observation datasets, also following
a priori profile weights when computing the column-averaged mole fraction (more details
below). Here, we assume negligible model biases for the remaining atmospheric contribution
above the model top compared to that of the tropospheric and lower stratospheric counterparts.
Previous studies of stratospheric and tropospheric contributions to total column CH,
demonstrated that the model biases in the stratospheric partial column tend to be smaller than
those in the tropospheric partial column owing to the substantially higher tropospheric CH,
contribution to the total column than stratospheric CH, (Wang et al., 2017). However, the
assumption underlying the extension above the actual model top is a simplification of real-case
conditions and may be considered when analyzing the results.

In the present study, the model simulations have not accounted for any impacts of stratospheric
CH, chemistry reactions on mixing ratios. Ignoring chemical reactions is typically a valid
assumption when considering the regional model domain and the considerably longer
atmospheric lifetimes of target species, approximately 10 years for CH, than the simulation
period. Excluding the OH reactions has shown a negligible impact on annual CH, at the regional
scale, resulting in smaller biases than the measurement uncertainties (I ppb for in situ
measurements and 6 ppb for TCCON) and the typical magnitudes of the observational bias in the
inversion (Callewaert et al., 2025). However, atmospheric CH, is susceptible to chemical
reactions in the stratosphere, which warrants consideration in modelling and analyzing long
time series such as decadal contributions.”



RC: 6. Very coarse spatial resolution of the state vector. The state vector consists of only 36
political regions, which is extremely coarse for a country the size of India. Even with an
analytical inversion, higher state-vector dimensionality are easily possible. Higher-resolution
inversions using TROPOMI data have been demonstrated in the literature (e.g.
https://egusphere.copernicus.org/preprints/2025/egusphere-2025-2622/). There 1s more spatial
information in TROPOMI data than the authors suggest. The resolution should be increased or at
least the choice of such a coarse resolution needs a very strong justification and discussion.

AAR: We address the above concern by taking the following steps: 1) providing a clearer
explanation behind the choice of state vector resolution, and 2) including explicit statements in
the revised manuscript that reflect our reasoning and providing discussion.

Our choice to use a state-level state vector encompassing 36 regions is motivated by the need to
maintain a well-posed analytical inversion, especially considering the fidelity of the transport
operator and the optimization strategy. In this study, we aim to minimize overfitting and
instability while addressing (1) model errors (e.g. those resulting transport, prior, and
representations) that are not well understood in this region, unlike in more data-rich areas, and
(2) the heterogeneous observational coverage across the domain. Currently, the errors have not
been sufficiently characterized due to a lack of sufficient in situ or TCCON-like observations in
this region. While observations are utilized at ~10 km, the inversion control vector is set
intentionally to a lower dimension. This “fine observation operator + coarse control vector”
design is widely recommended in atmospheric methane inversions, where the design relies on
several factors, such as transport model, prior flux representations, error characterization and the
use of independent observations for evaluation.

Sicsik-Paré et al. (2025), the study suggested by the reviewer, performs European (region
involving data-rich settings) inversions with a fixed state-vector dimension of 0.5°x 0.5°
resolution, whereas the present study adopts a variable dimension corresponding to the political
state, with the highest resolution not greater than ~0.6°. We acknowledge that the resolution of
the retrieved state vectors is a limitation of this study, but this choice arises from the region being
undersampled and understudied, as well as the need to address the likelihood of overly confident
flux retrievals. To retrieve the maximum information content from TROPOMI without
compromising the accuracy of the retrieved fluxes, further improvements in the demonstrated
inversion strategy are required. This includes adequate characterization of both forward model
and observational errors against independent observations, as well as conducting sensitivity tests
to examine the representativeness of observations to retrieved fluxes. The above tasks thus
warrant increased observational coverage and advanced inverse modeling techniques that
properly account for such errors and sensitivities, which are currently limited over the region.
With the advancement in observational coverage, future research can explore and evaluate
different inverse techniques, such as the ensemble Kalman filter (EnKF) and 4D variational



inversion (4D-Var), that can handle highly resolved state vectors, leading to improved emissions
at much finer scales.

The manuscript text is revised accordingly:

Revised Lines: 501-512 are as follows:

“We also acknowledge that the resolution of the retrieved emissions (as defined by state vectors)
is a limitation when considering the information content that can be deduced from TROPOMI
observations. For instance, Sicsik-Paré et al. (2025) demonstrated inversions over Europe using
TROPOMI observations to retrieve fluxes at 0.5° % 0.5° resolution. The above-mentioned
limitation of the present study stems from the region being undersampled and understudied
against independent observations, as well as the need to address the risk of inferring overly
confident flux retrievals. To retrieve the maximum information content from TROPOMI
observations without compromising the accuracy of the retrieved fluxes, further improvements in
the demonstrated inversion strategy are required. This includes adequate characterization of
both forward model and observational errors against independent observations, as well as
conducting sensitivity tests to examine the representativeness of observations to retrieve
high-resolution fluxes. The above tasks thus warrant increased observational coverage and
advanced inverse modeling techniques that properly account for such errors and sensitivities,
which are currently limited over the region, not addressed in the study; thus, demand a future
investigation in this direction.”

Revised Lines: 563-568 are as follows:

“We emphasize the critical need for robust reporting of CH, emissions from the Indian region in
global emission inventories. Achieving this requires an enhanced network of ground-based
atmospheric trace gas measurements and advancements in satellite capabilities, alongside
advanced modeling techniques with adequate model error characterisations. With the above
expansion, future research can decisively explore and evaluate various inverse techniques. By
implementing methods such as the Ensemble Kalman Filter (EnKF) and 4D Variational
Inversion (4D-Var), we can effectively manage highly resolved state vectors, leading to

)

significantly improved emissions data at much finer scales over India.’

RC: 7. Non-inclusion of alternative TROPOMI/CAMS products and wetland optimization. The
authors reject sensitivity tests with additional TROPOMI products, CAMS products, and wetland
emissions on the grounds that differences between datasets are “within 16 ppb”, the assumed
observation uncertainty. This is not a convincing argument. Systematic differences between
products, particularly in spatial patterns and bias structures, can influence posterior emissions
even if pointwise differences are smaller than the nominal uncertainty. Recent studies (e.g.
https://egusphere.copernicus.org/preprints/2025/egusphere2025-2622/) show large discrepancies



among the TROPOMI products. At minimum, the product differences and their potential impact
must be discussed more rigorously.

AAR: The revised submission includes a discussion of systematic differences among satellite
products and their potential impact on posterior uncertainties.

Regarding TROPOMI products: We examined three TROPOMI XCH, products (scientific,
operational, and GOSAT-blended), and the results are included (new figures: Fig(s). 11, S14-16).
Based on the systematic observational discrepancies found, we discuss the potential impacts on
the inverse estimates (see the manuscript revision below).

We acknowledge that the credibility of satellite-based inversions also relies on the accuracy and
sampling of XCH, products, and differences among them in terms of systematic biases and
sampling may affect estimates considerably, especially at finer scales (e.g., Sicsik-Paré et al.,
2025). To verify this in our case, a detailed performance assessment of different observational
products is required, covering systematic retrieval errors, spatial and temporal coverage, and
sampling inconsistencies. This demands extensive additional analyses involving multiple
sensitivity tests using high-resolution inverse optimization altering the products, which warrant
an independent future study but are beyond the scope of this study. Nevertheless, we emphasize
the necessity to investigate the robustness of satellite-based inversions considering these
differences. This focused approach will thus pave the way for more consistent emission
estimates.

However, within the limit of the current inversion strategy, we performed an additional
sensitivity experiment designed to test the impact of product differences in the midst of other
unresolved modeling errors on posterior emission uncertainties. Specifically, we performed a
separate inversion in which the measurement uncertainty was inflated (more than 50% relative to
the baseline configuration) to consider differences among the TROPOMI XCH, products across
the study region. The results suggest that the national-scale posterior uncertainty increases from
35 Tg yr! to 44 Tg yr!, indicating the possible influence of differences in multiple
observational products on national-scale estimates. However, the above analysis does not take
into account the spatial coverage differences between products as seen Fig. (s) S14 and S15 that
may potentially affect the inverse estimates, and an assessment of such impacts requires further
study as mentioned above.

10
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Figure 11: Spatial distribution of the difference between TROPOMI retrievals of XCH, (WFMD
- Operational) for different months of 2019. Some months are omitted due to poor data coverage
caused by filtering based on cloud pixels.

11

AXCHa (ppb)



(a) Jan (b) Feb
e )
Riog R
33N 33N 33°N
1990
D e [T [} [T
gZEN -gZEN -g -gZGN 1080
= = = =
© © © ® 1970
—19°n —19°n = — 19N
1960
1950
12°N 12°N 12°N
0 1940
5N L 7% ) LS 5N 5N 1930
65°E 72°E 79°E 86°E 93°E 65°E 65°E 72°E 79°E 86°E 93°E 1920
Longitude Longitude Longitude
1910 3
2
g
1900
3
1890 X
(e) May (f) Oct 1880
& 1870
33N 33N S & 33N
i 1860
TN
° ° A ° 1850
26°N 26°N I, 26°N
S 3 . ;% ] 1840
= = 8¢ =
= 2 . i S 1830
— 19N b —19°n " g ,,'A,{ —19°N
) “ 3 TR 1820
12N 4. B j r d 12°N B i) ) ::g “% P é 12°% 1810
v v A ¥ B 1800
\ \ . \ \ )
5°N b} = 5°N b3 = 5°N ad - : =
65°E 72°E 79°E 86°E 93°E 65°E 72°E 79°E 86°E 93°E 65°E 72°E 79°E 86°E 93°E
Longitude Longitude Longitude

Figure S14: Spatial distribution of the TROPOMI (WFMD) retrievals of XCH, for
different months of 2019. Some months are omitted due to poor data coverage caused by
filtering based on cloud pixels.



Figure S15: Spatial distribution of the TROPOMI (Operational) retrievals of XCH, for
different months of 2019. Some months are omitted due to poor data coverage caused by
filtering based on cloud pixels.
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Operational).
The manuscript is revised accordingly:

Revised Lines: 242-247 are as follows:

“Since multiple observational products are available and we may expect differences among
those products, we assess product differences across our region using scientific,
operational, and GOSAT-blended products. The additional data products are: the
operational Sentinel-5P/TROPOMI Level-2 methane product provided by ESA/Copernicus
(Copernicus Sentinel-5P, 2021), and the blended TROPOMI+GOSAT methane product
available from April 2018 (Balasus et al., 2023). Further, we conduct an additional
inversion by inflating the measurement uncertainty by more than 50 % (=25 ppb) to
examine the influence of product differences on posterior flux uncertainties.”

Revised Lines: 476-495 are as follows:

14



“We analyzed three TROPOMI XCH, products: scientific/WFMD (Schneising et al., 2023),
operational (Copernicus Sentinel-5P, 2021), and GOSAT-blended (Balasus et al., 2023).
The results are presented in Figs. 11 and S14-16. The above product comparison indicates
that mean differences among these datasets over the region lie mostly in the range of 3 to 6
ppb at the monthly scale. Fig. 11 also indicates smaller spatial differences among these
products across the Indian region. While these differences do not exceed the unresolved
modeling errors, they can still influence inverse estimates, especially when fluxes are
retrieved at finer scales. In our inverse setup as well, differences in the products can
introduce additional uncertainty into estimates. For instance, using the increased
measurement uncertainty as explained in Sect. 2.4.1, we find that the national-scale
posterior uncertainty for 2018 increases from 3.5 Tg yr’ in the baseline inversion to 4.4
Tg yr'. While the mean posterior emission estimates remained unchanged in our case, an
increase in posterior uncertainty underscores the importance of addressing differences in
satellite retrievals and their error characterization in inverse modeling.

While these mean differences are small across the region, the comparisons indicate
considerable variation in spatial coverage between WEFMD and Operational data
products. For instance, Fig. S15 shows the spatial patterns of XCH, using the Operational
product, but with comparatively sparse spatial coverage compared to those using the
WFMD product (Fig. S14). Our analysis does not account for differences in spatial
coverage between products, as illustrated in Figures S14 and S15. These differences may
potentially affect the inverse estimates, and assessing their impact requires further study.
A recent study also reveals considerable impacts of differences in retrievals on the
inverse-based European CH, emission estimates when utilizing those TROPOMI XCH,
products (Sicsik-Paré et al. 2025). While a detailed performance assessment of different
observational products -regarding their coverage, retrieval errors, and spatial
inconsistencies- is beyond the scope of this study, we emphasize the necessity to investigate
the robustness of satellite-based inversions considering these differences, particularly at a
finer scale. This focused approach will thus pave the way for more consistent emission
estimates.”

Revised Lines in Conclusion (Lines 568-572):

“Additionally, we recommend inter-comparisons of TROPOMI-based inversions using
various inversion frameworks and transport models over India, with the aim of identifying
biases in the forward models and the inversion frameworks. Further, we encourage
rigorous sensitivity testing with TROPOMI inversions to assess the robustness of derived
emissions, particularly with respect to differences in satellite products, coverage and

>

sampling, as these factors can significantly influence inverse-based estimates.’
pling g 2%

Regarding the choice of the CAMS product for background representation:



We examined the CAMS Global Greenhouse Gas Reanalysis (EGG4), which has now been
updated in Table 1, and compared it with the inverse-optimised CAMS product. Our analysis
shows that the differences between these two datasets over India are within approximately 13
ppb (Fig. S8). After the spinup period, the variability in the simulated mole fractions is expected
to be dominated by the local fluxes transported by the transport model, and any error is more
likely due to errors in the transport model and local flux representations. It is anticipated that the
differences in the tracer initial fields will converge during the spinup period, with the model
simulations influenced by only a small fraction (less than 10 to 15 %) of their initial differences
(e.g. Monteil et al., 2011). Further, conducting sensitivity tests using a different product for
model initialisation and lateral boundary conditions would require repeating the entire transport
model runs. Such analyses informing the potential impact of various tracer initializations on
model simulations over this region thus demand a detailed future study dedicated to those
aspects.

The manuscript is revised accordingly.
Revised Lines: 363-370 are as follows:

“Although we found that local fluxes had a more dominant contribution to the observed
variability than the background contributions (see Fig. S7), there can be non-negligible
differences arising from the choice of global model products used for initialization. For instance,
we conducted additional analysis comparing the CAMS EGG4 product, which was used for
initialization in this study, with the inverse-optimized CAMS product (Bergamaschi et al., 2013).
This comparison indicated a difference of approximately 13 ppb over India (see Fig. S8). While
it is expected that only a small fraction (less than 10 to 15 %) of these initial tracer differences
will effectively converge to influence model simulations after the spinup period (e.g. Monteil et
al., 2011), the potential impact of various tracer initializations on model simulations over this
region is not addressed in the current study. The above aspect is worth a future investigation
through a dedicated model sensitivity study.”
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Figure S8: Difference in CAMS EEG4 (reanalysis) and the latest version (data not available for
2018) of inversion optimised dataset (using satellite+ surface-air sampled data) for 2019.

Regarding wetland emissions:

The present analysis excluded wetland emissions from the optimization because the modeled
XCH, enhancements over India associated with wetlands are significantly smaller (0.5 to 0.9
ppb) than the anthropogenic enhancements, and the ratio of mixing ratio enhancements shows a
negligible impact from wetlands (see Fig(s). S9 and S10). As a result, wetland emissions are
excluded from our inverse analysis.

The manuscript is revised accordingly:
Revised Lines: 513-515 are as follows:

“The present analysis excluded wetland emissions from the optimization due to their
negligible contribution to column enhancements. This is demonstrated in Figs. S9 and S10,
which show that the simulated wetland emission enhancements in the column are
significantly smaller than anthropogenic enhancements.”

Jan Feb Mar Apr May oct Noy
Mean=22.67 Mean=27.07 Mean=23.67 Mean=17.08 Mean=16.02 Mean=25.56 Mean=27.95
(b)—

(d)~ (e) — ) = (9)—

Feb Mar
Mean=0.18 Mean=0.21

Apr May Oct
Mean=0.20 Mean=0.20 Mean=0.21
(m) .

65°E 75°€ 85°E 95°E 65°E 5°E 85°E 95°E

Figure S9: Spatial distribution for WRF-GHG simulated XCH, from (a)-(g) anthropogenic +
biomass burning and (h)-(n) wetland sources for different months of 2018. The months omitted in

Fig. 7 are excluded here as well.
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Figure S10: The ratio of simulated XCH, contributed from wetland to that from anthropogenic

and biomass burning sources (i.e. XCH  tetanay/ XCH janiro+biomass) JOT different months of 2018. The
months that are omitted in Fig. 7 are excluded here as well.

RC: 8. Inconsistent description of emission sources in the Introduction. Line 43 states that
enteric fermentation accounts for 8% of India’s total GHG emissions, while Figure 2 shows a
contribution of 42%. This is confusing. It would be clearer to express contributions relative to
total CH, emissions, not total GHG emissions. This discrepancy should be corrected for clarity

AAR: Done
Revised Lines: 42 are as follows

“CH, emissions from enteric fermentation account for about 44 % of the total CH, emissions of
India’s National GHG inventory 2020 (MoEFCC, 2024).”

RC: 9. Unclear whether one or two inversions were performed. It is not clear whether the
authors conducted one inversion (including both anthropogenic and biomass-burning fluxes) or
two separate inversions for EDGAR and EDGAR+GFAS. This needs to be stated explicitly.
Please clarify how many inversions were performed and how the components were treated.

AAR: Done. The manuscript is revised accordingly:

Revised Lines: 433-437 are as follows:
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“In this section, we present estimates of India’s anthropogenic CH, budget for the period
2018-2019 derived through inverse optimization as described in Sect. 3.2. Two separate
inversions were performed using identical model configurations and observational constraints:
one including biomass-burning emissions from GFAS in addition to anthropogenic sources, and
another excluding biomass-burning emissions. Posterior emission estimates from both inversions
are reported separately to quantify the impact of biomass burning on inferred anthropogenic
CH, emissions.”
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