Response to Reviewer #1

We thank Reviewer #1 for their commitment to providing detailed comments and specific
suggestions to improve this manuscript, with a focus on enhancing its readability. We have
reproduced their comments below in black text and numbered Reviewer #1’s comments for
clarification when addressing comments relevant to both referees. Our responses are in blue
text, and any additions to the manuscript are in red text. Our reference to line numbers is based
on the initially submitted manuscript.

General comment
1) Raw total column CO is not among the appropriate benchmarks for fire emissions. [...].

We appreciate the concerns of Reviewer #1 and Reviewer #2 regarding the use of total column
CO (TCCO) in our analysis. It is important to clarify that we include the TCCO not as a
benchmark for evaluating emissions. The emissions and TCCO are linked as CO is emitted and
then undergoes meteorological and chemical processing. So, while not directly comparable,
the TCCO can provide useful information on emissions from space, increasing the robustness
of the results. For instance, the TCCO trends for South America, where fire emissions dominate
the CO balance (Lichtig et al, 2024), show general agreement with inventories and support a
weak decrease trend in CO emissions. However, we recognise that our original wording of the
introduction on line 68, where we stated, “we compare the carbon monoxide (CO) emissions
from fires simulated by JULES-INFERNO with various biomass burning inventories and satellite-
retrieved total column CO (TCCO),” was misleading. Therefore, while we believe the TCCO does
have merit in this study, as both reviewers have questioned its application here, we have
removed it from our analysis to avoid any confusion.

2) There are multiple issues related to statistics

a. Shapley additive explanation (SHAP) values are described as “the expected marginal
contribution of a feature... It is calculated by taking the weighted average of all possible
subsets of the selected features in which the specific feature can contribute.” (1. 293-295)
A SHAP value is not the expected marginal contribution of a feature. That is fortunate,
because comparisons of marginal contributions among strongly correlated features easily
becomes misleading. [:-]. A package citation would be welcome.

Thanks for the comment; we recognised that we should use more precise language when
describing this method to avoid incorrect explanations. We have reworded the sentence as:

These values are calculated as a weighted average of the differences in model predictions when
the feature is included and excluded for all combinations of the remaining features.

“We employed the Shapley additive explanations (SHAP) method using the Python package
from Lundberg et al. (2020). [...]. SHAP is based on cooperative game theory and measures each
feature’s contribution to each prediction by calculating SHAP values. These values are
calculated using a weighted average of the differences in predictions when the feature is added
to all possible subsets of the remaining features (Lundberg et al. ,2020). We have used SHAP
values to explain the dominant drivers in fire emissions in a consistent way with other recent
studies, which also exploit machine learning methods for wildfire result applications (Wang et
al., 2023, 2022; Liu et al., 2024).”

SHAP values can be calculated for a model whether or not the commendable complication of
cross-validation is provided. The following asserted connection therefore does not hold. “We



calculate the SHAP values using a five-fold cross-validation approach... This allows us to
calculate a complete set of SHAP values for the whole dataset “ (L. 296 — 299)

We have also corrected the sentence that implied that cross-validation was required to
calculate SHAP values. Below the new sentence added to .296:

“SHAP values are computed for every prediction in the test set for every iteration of the five-fold
cross-validation process.”

b. Target Average Relative Ranges: Predictions that have perfectly accurate responsiveness to
predictors reproduce only the portion of variability (r2 ) that the predicting model can explain
(Farmer & Vogel, 2016). [...]. If one wants realistic reactivity to predictors, it is a failure, not a
success, if INFERNO’s average relative range is as large of those of the emission inventories.

We agree with the well-explained comment; however, since we did not use the Average Relative
Range (ARR) to compare the amplitude of the inventory variations with the model, this does not
imply any change. Instead, the ARR was used to describe the average spread of the calculated
annual emissions across the inventories in a specific area, as noted in line 238: “We use the
Average Relative Range (ARR) of estimated fire CO emissions across different inventories to
quantify the level of variation among them”.

We think the confusion might be related to the explanation itself and the structure in which this
is presented in the methodology. So, we tried to improve it by applying the suggestion to L. 238
presented in the section of the revision “line-specific comments” and changing part of the
explanation, in addition to adding the following paragraph (where ARR abbreviation is replaced
with Range% following Reviewer #1 4.c comment):

“Range% is designed to inform about the spread of estimated CO emissions magnitudes,
considering the wide range of results from satellite-based estimations. The INFERNO
simulations do not contribute to this metric.”

c. Feature exclusion: Your use of machine learning to analyse prediction residuals
(Lundberg et al., 2020) lets you differentiate between the importance of omitted features
and that of improvements that in theory may be possible via different handling of
existing inputs. While extending your analysis may not be feasible, | wonder what might
be learned by further exploration of the features with the highest SHAP scores.

Thank you for your suggestion. While the XGBoost approach combined with SHAP values is
effective in highlighting the top features contributing to biases, this analysis is not isolated from
the rest of the study. For example, sensitivity analysis also plays a key role in understanding how
variables influence INFERNO. Rather than extending the SHAP-based exploration further, we
have focused on synthesising these findings and providing a more comprehensive interpretation
in the new discussion section.

An example illustrates that dropping an important but highly cross-correlated feature can lead
to conclusions of dubious usefulness. The feature selection in this paper assumes that soil
moisture represents the importance of leaf carbon as a diagnhostic predictor in INFERNO. Within
an ESM, soil moisture and carbon stock values have very different derivations. [...]. | suggest
trying runs of XGBoost with all features, and/or analyzing results of the current runs with
considerable attention to the implications of initial paring



We would like to thank reviewers #1 and #2 for their suggestions to run the XGBoost model using
all variables without removing any correlated features. After further review of the literature, we
found that gradient boosting models are well-suited for handling correlated features(Power et
al., 2024). Based on the reviewers' comments, we have now used all INFERNO input variables
within an XGBoost model, increasing the number of selected features used from 14 in the
original analysis to 20. The results were compatible between the two XGBoost models using
different numbers of inputs. The variables that ranked highest in the original feature importance
analysis (based on SHAP values) retain their relative positions when using the full 20-input
variables approach, as Fig. R1 illustrates. This approach also highlights the importance of other
variables, such as Tropical Broadleaf Evergreen Trees. In the original manuscript, the
contribution of this tree PFT was difficult to distinguish from its highly correlated soil moisture.
Variables that also correlate with soil moisture, such as wood carbon, did not rank as high,
which is another piece of new information that the new approach brings. Additionally, the model
performs better, increasing the proportion of variability explained from around 64% to 67%
based on the coefficient of determination R
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Figure R1. feature contribution to the XGBoost predicted biases using absolute SHAP values
from the (a) original manuscript and (b) updated manuscript. (b) was updated in Fig. 9 of the
original manuscript, Fig. 8 in the updated manuscript.

We add the following to the methodology section on 1279:

“We selected 20 inputs for the machine learning model, comprising prescribed data and JULES
outputs used by INFERNO to calculate emissions. [...]. We enable correlated features in the
machine learning model, as in a gradient boosting model, any redundant information is
automatically disregarded. This happens because the decision trees are built by splitting
features in a series of dependent trees, so they can not make identical splits using correlated
features (Power et al., 2024).”

Less critical concern: The choice of a VIF cutoff is a matter of professional opinion rather than a
consequence of an objective discontinuity. A citation therefore is needed on L. 284. Your
description is slightly muddled (l. 281-2). [...]

Since we are now using all features in the XGBoost model, this part has been removed from the
manuscript.



d. Trend confidence intervals (might need only clarification): This paper compares trends found
in the emissions inventories to trends in INFERNO'’s predictions (section 3.1.2). Fig. 4 shows
that you have appropriately calculated trends one cell at a time (e.g., Andela et al. (2017)),
which avoids pseudoreplication. There are two ways to calculate trend confidence intervals for
large areas. | do not see the needed documentation of which you used. The conservative and
prudent approach is to sum each year’s emissions for the large region, then calculate a trend
and its confidence interval by treating each year as one observation. [...]. Please address my
uncertainty whether sound confidence intervals support, for example, the precision - and
implication of comfortable fidelity - in l. 409-410’s assertion that “most inventories and
INFERNO suggested a negative trend of approximately -1.0%yr—1".

As inferred by Reviewer #1, we used an alternative method to calculate the trend in the
emissions presented in Table 3. We used the “conservative and prudent approach” that
Reviewer #1 mentioned: we summed the CO emissions for each year and region, then
calculated the trend. We agreed that this information could have been clearer in the
manuscript. This has been updated for the paragraph starting on | 246 to the following:

“To calculate the trends, we use the ordinary least squares linear regression (Perktold et al.,
2024). This returns absolute trend values (Gg yr?), which we express as a percentage relative to
the intercept (i.e., representing CO emissions at the start of the assessment period). We
quantified the statistical significance of the CO emissions trend derived from both the
inventories and INFERNO using the Mann-Kendall test at the 95% confidence level (Hussain and
Mahmud, 2019). The trend and its significance were separately calculated for the individual grid
point data and the regional cumulative emissions based on annual CO emissions.”

Additionally, we have added the following note to Table 3 describing the information and the test
used to calculate the statistical significance of the trends :

“Note: The magnitudes of trends are highlighted in bold when the Mann-Kendall test indicates a
significant trend at the 95% confidence level (p-value < 0.05). Regionally aggregated annual CO
emission time-series are used for the temporal trend analysis.”

You calculate trends for two time periods, one only 8 years long. High interannual variability in
fire incidence is globally generic, especially in forests. A result is that for trends annual fire
incidence has a low signal to noise ratios. It is improbable that any real and persistent trend
would become evident with statistical confidence in only 8 years.

We agree with Reviewers #1 and #2 that the 8-year period presents significant uncertainty due
to the short time period and the high interannual variability in wildfire emissions. Consequently,
we have decided to exclude the short-term trend from our study.

e. Cross-inventory averaging (less critical concern): In places you average across four
inventories and used the averages as the benchmark (e.g. L. 484). Where this is done, and why,
needs to be indicated more clearly. [...]. | question including GFEDA4s in averages. Averaging
implies that you have equal confidence in the accuracy of each included inventory. The
description of GFED5 (Chen et al., 2023) dwells on the reasons for each change in the newer
version. If you nevertheless feel GFED4s is worthy of inclusion in averages, that deserves
justification. [...] Does including FINN enhance this study? Many papers already agree with you
that FINN is out of line with other emission inventories (L. 483).]...]



In response to Reviewer #1's suggestion, which is in line with Reviewer #2's comments, we have
removed the analysis on the FINN inventory from the main manuscript. Regarding the averaging
across multiple fire emission inventories, we acknowledge that this is not an optimal
benchmarking method, especially considering the methodological and regional differences
among these inventories. However, in this study, we wanted to encapsulate the variability in
estimates of CO emissions from fires across a range of the most up-to-date emission inventories.
Both GFED4s and GFAS are well-established inventories in the literature, and while they have
outperformed other inventories in emission evaluations in South America (Hua et al., 2023;
Reddington et al, 2019). Their biases have also been highlighted (Naus et al., 2022, Liu et al.,
2020). In contrast, 3BEM-FRP and GFEDvn5 represent newer-generation inventories adjusted
with finer-resolution satellite data and updated land cover inputs. Because they include smaller
fires, they tend to estimate higher emissions and are expected to be more accurate than
GFEDvn4s and GFEDvn5; however, they lack the extensive and long-term validation that GFED4s
and GFAS have. In fact, GFEDvn5 emissions are still under development and were downloaded
as Beta products.

Therefore, we have preserved the individual characteristics of each inventory throughout the
study, equally weighting GFEDvn4s, GFASvn1.2, 3BEM-FRP, and GFEDvn5 Beta in our averaged
dataset used in the machine learning section, to represent a best estimate of fire CO emissions.
This decision reflects a cautious and inclusive approach, acknowledging both the reliability of
well-established inventories and the potential improvements offered by newer ones. Ideally, we
would implement a performance-based weighting or subsampling strategy using an
atmospheric model and compare the results with Total Columns CO (TCCOQO). However, this level
of analysis is beyond the scope of our study and is therefore acknowledged in the limitations at
the end of the manuscript.

Here is the new addition to 1133 in the original manuscript:

“For the machine learning analysis of INFERNO biases (Section 2.6) and for visualising
differences in selected figures, we calculated an ensemble average (mean) dataset based on
the four inventories: GFED4s, GFED5, GFAS, and SBEM-FRP. Each inventory was equally
weighted in the average. GFED4s and GFAS are well-established inventories in the literature.
While they have outperformed other inventories in their emissions estimate in South America
(Hua et al., 2024; Reddington et al., 2019), their biases have also been noted (Naus et al., 2022;
Liu et al., 2020). In contrast, 3BBEM-FRP and GFED5 (the beta version) are considered next-
generation inventories. They have been adjusted to better represent small fires and include
updated and more accurate land cover data (Mataveli et al., 2023). However, these newer
inventories lack the extensive long-term validation that GFED4s and GFAS have undergone.
Overall, using an average of these inventories represents a balance between incorporating
innovative methodologies and relying on well-established datasets for this study.”

f. Geographic cutpoints (less critical concern, L. 88): Why geographic blocks rather than (groups
of) PFTs, or the ecotypes shown in Figure S1? Why 3 instead of 2 or 5 regions? Replicating the
division used in Li et al. (2024) (L. 90) might be useful if comparison to that work’s findings were
central to the analysis of this study’s findings, but instead the reference is not subsequently
mentioned. [...]

The geographic regions defined in our study are the same as those used in the studies of Li et al.
(2024) and van Marle et al. (2017). While the scientific objectives of these studies might differ
from ours, we feel that this is still a useful way to separate South America into distinct regions



for the scientific investigation of environmental parameters/variables. As Reviewer #1 points
out, the separation for North-South America and Mid-South America allows for an important
assessment of differences in the CO emission seasonal cycles. Additionally, the key benefit of
using the definitions as in Li et al., (2024) and van Marle et al., (2017), is isolating the Arc of
Deforestation zone in Mid-SA. Figure S1 (in the supplement of the original manuscript) shows
the different fire-prone regions, and Reviewer #2 correctly points out that the Cerrado is split
into two. However, the Mid-South America used here encompasses the most fire-prone zones of
the Cerrado (Kim et al., 2025).

Still, we acknowledge that we need to better justify our choice of regions in the manuscript,
which is why we have changed Section 2.1 187 to the following:

“This study assesses the spatial distribution, seasonality and temporal evolution of CO fire
emissions in continental South America (a key global region for fire activity and emissions). We
focus on three regions: Northern South America (North-SA), Central South America (Mid-SA),
and Southern South America (South-SA), as shown in Fig. 1. These regions are designed to
capture emissions from the main fire-active regions of South America, while also accounting for
unique fire patterns. These regions are consistent with previous work that evaluated the ability
of CMIP models’ to simulate fire emissions, including assessing trends and biases, across
South America (Li et al., 2024; van Marle et al., 2017). The North-SA region experiences a unique
fire season because its cycle is opposite to that of the southern region, due to the migration of
the Intertropical Convergence Zone. The Mid-SA region encompasses fire emissions from the
important Arc of Deforestation front (Pereira et al., 2022), an area threatened by continued land-
use conversion and recognised as the world’s largest savanna-forest transition (Marques et al.,
2020). Importantly, defining Mid-SA as a broad but bounded region provides a practical scale for
evaluating fire models like INFERNO, which are not designed for fine-scale simulations in highly
variable zones such as the Arc of Deforestation. South-SA includes an important source of fire
emissions from the Chaco biome. Although the division between Mid-SA and South-SA
intersects the Cerrado fire-prone ecoregion, Mid-SA includes the deforestation front in the
northern part of the Cerrado, where fires occur more frequently (Kim et al., 2025).

3) The paper provides too little assessment of the study’s results in the context of other
research. [...]. Does this work recommend any adjustment to the response shape for fuel
load or soil moisture (Teckentrup et al., 2019, Fig. 5)? How do your findings support or differ
from other ESM fire model sensitivity analyses? Overall, the analysis feels partly digested.
Comparisons to previous work will help clarify and simplify what we have learned, and
perhaps need to change, about INFERNO as a result of your efforts.

We thank Reviewer #1 for this valuable comment. We agree that better situating our findings
within the context of previous research will strengthen the manuscript. In the revised version,
we have added a dedicated section for discussion (updated Section 4) following Reviewer #2.1's
suggestion. In this new section in 1625, we compare our results to prior studies, including
Teckentrup et al. (2019) and Forkel et al. (2019). Here is a section paragraph where comparisons
with the literature can be observed:

“the XGBoost model identified soil moisture as the primary variable explaining the biases
observed in INFERNO, while relative humidity also emerged as a significant factor related to
meteorological conditions. In fact, Teckentrup et al. (2019) shows that increasing probability of
fires driven by soil moisture begins to manifest in wetter conditions for INFERNO than for other
models. The lack of global, long-term soil moisture datasets has prevented the assessment of



the direct effect of soil moisture on the performance of FireMIP models (Hantson et al., 2020).
Nonetheless, other variables that describe drought conditions have been assessed. According
to Forkel et al. (2019)’s evaluation, for INFERNO, maximum temperature contributes the most to
the simulated burnt area, even more than for other models. However, wet conditions,
represented by the number of days with significant precipitation, had little influence on burnt
area (Forkel et al., 2019). Although reported with different variables, the role of dry conditions in
INFERNO, identified by Forkel et al. (2019), supports the observed sensitivity to soil moisture, as
this was also particularly evident in INFERNO simulations under dry conditions. Still, both
studies differ in evaluation targets, the independent variables selected, and the variations in
temporal and spatial resolution. Furthermore, burnt areas may be less sensitive to soil moisture
than CO emissions, as evidenced by experiments that varied meteorological conditions. This
observation is consistent with the results reported by Mathison et al. (2023), where INFERNO
produced stable results for the burned area across various meteorological datasets.”

4) More editing could make this paper a smoother reading experience
We have now gone through the manuscript and improved the readability of the text.

a) Everyfigure would be improved by simplifying. If all the current detail really is needed as
reference, move the details to the supplemental.

We have gone through the figures and simplified them where possible and reasonable.

i) Itis not apparentto me what you clear, simple intended take-away message is for
any of the figures. For Figure 1, for example, what do you want a reader to notice
about the contrast between the two maps —or is the message related to the
distribution of PFTs and similarly apparent in each map?

Following the comment from Reviewer #1.4.a.iii, we have swapped Fig S1 with Fig 1.

ii) To my thinking, Fig. S1 belongs in the main paper. Fig. 1 could move to the
supplemental.

We agree and have swap Fig S1 with Fig 1.

iii) For each figure that currently has more than one map, | suggest including only
one.[...]

We respectfully disagree here. The current layout of figures with multiple maps have a clear
focus of e.g. evaluation of the model, assessing variability between inventories or
understanding the impacts of the sensitivity experiments. We have attempted to make the
figures throughout the manuscript cleaner and simpler, but we feel that the multi-map panels
provide use information and context in this work.

iv) The black polygons in Fig. 5 are unreadable (and here and in Fig. 4 there are two sets
of black polygons, one for nations). [...]

We use a cleaner hatching method in the figures (e.g. Figure 4) to indicate whether the results
are statistically significant.

b) Many paragraphs, especially in the results section, are simply difficult to follow. Others
ramble and want tighter phrasing.



Following suggestions from both reviewers, we have updated the Results section according.
Please see the “track changes” version of the updated manuscript to see our changes.

c) The use of abbreviations is immoderate. The simplest illustration is to suggest that you
compare the portion of sentences that contain at least one abbreviation from any page
in this paper to a page of another paper you admire.

We have reduced the number of abbreviations in the document by incorporating the full labels
for the following: aerosol optical depth (AOD), South America (SA), Machine Learning (ML),
MATOPIBA and all the PFTs. Regarding the experiment names, although we did consider their
meaning when creating them, we try to be more consistent this time, calling, for instance, IT-
CST, BA-CST, and EF-CST the experiments that used a constant Ignition burnt area and emission
factor. As we improve the experiment explanation in response to Reviewer #1's comment, the
connection between the name and the experiment will be easier for the reader to identify.

d) lregretthatl continue to find it nearly impossible to follow what you are doing and why
with each experiment. Below is one possible approach to reorganizing the portions of
the methods section that describe INFERNO and the experiments.

We have made the objectives of each sensitivity experiment clearer in the updated manuscript.
We have modified section "2.4 Sensitivity experiments on JULES-INFERNQO" (1215). The
experiments in this study are part of a sensitivity analysis for INFERNO using a one-at-a-time
approach. The experiments are not intended to simulate a real-world scenario but to evaluate
the model sensitivity by isolating the model response to the change of individual variables.
Additionally, Table 2 (in the original manuscript) was modified for better clarity in summarising
the experiments. We started the sections in 1215 with the following two paragraphs:

“We conducted multiple experiments to assess the sensitivity of various processes and
parameters controlling simulated fire emissions, and their roles in the INFERNO response. We
did this using a one-at-a-time technique, varying individual parameters and variable inputs from
the control simulation described in Section 2.3.1. The experiments are briefly summarised in
Table 1. We evaluated the role of anthropogenic and natural ignition in different scenarios. First,
we simulated total ignition with a constant global anthropogenic ignition rate of 1.5
ignitions/km?/month, based on GFED estimates (Mangeon et al., 2016). For this, only IN varies
in Equation 2, which we label IT-NAT. The role of both |, and Iywas further evaluated by using a
scenario with constant magnitudes for both ignitions. 1.5 ignitions/km2/month for [ and 2.7
flashes/km2/yr for Iy . This experiment is called IT-CST. We also analyse socioeconomic scaling
in ignition using the HDI as suggested by Teixeira et al. (2021). This experiment directly
influences anthropogenic ignitions and fire suppression. The HDI was incorporated into the
model using the dataset provided by Kummu et al. (2018). The experiment is labelled IT-HDI.

To analyse the role of the meteorological conditions and the uncertainty it can introduce into
the simulations, we use different meteorological datasets from the ISIMIP3a climate-forcing
dataset. In this, we compared the ERA5-based control with the simulations using W5E5 and
20CRv3. These experiments are named as F-W5E5 and F-20CR, respectively. Notice that, in
addition to flammability in Equation 5, the meteorological conditions also affect ECP F T in
Equation 6 through the carbon soil moisture and the available carbon.”

e) Many additional and salutary simplifications are readily available.
i) Table 1:1sthe NDT PFT applicable to this study? Any that are not can be omitted, with
acknowledgement that the table is partial.



This table has been removed from the main manuscript. Both Needleleaf Tree PFTs are
dominant in parts of the Andean region, as modelled by TRIFFID. Since we used all the PFT
fractions in the XGBoost model, we found it beneficial to introduce them. However, for the new
version of the manuscript, we have done it directly in the text in [168 as follows:

“For this setup, JULES-ES includes 13 plant functional types (PFTs), which include nine natural
and four managed PFTs (Mathison et al., 2023). The natural PFTs are Broadleaf Deciduous Trees,
Tropical Broadleaf Evergreen Trees, Temperate Broadleaf Evergreen Trees, Needleleaf Evergreen
Trees, Needleleaf Deciduous Trees, Evergreen shrubs, Deciduous shrubs and C3 and C4
Grasses. The managed PFTs are C3 and C4 Crops and Pastures. C3 and C4 refer to
photosynthetic pathways.”

L. 153: “The JULES-ES configuration for ISIMIP3a was utilised in this study. This configuration is
described in Mathison et al. (2023)...” to “We used the JULES-ES configuration for ISIMIP3a
(Mathison et al., 2023)” (then maybe explain why).

We have changed this accordingly in line with the reviewer’s comment, see below:

“We used the JULES-ES configuration from the historical run of the third simulation round of the
Inter-Sectoral Impact Model Intercomparison Project (ISIMIP3a) (Mathison et al., 2023), as it
features a recent setup comparable to JULES in UKESM.”

i) To make the inventory names easier to read, you might omit ‘vn’: GFEDS5 for
GFEDvn5, and probably entirely drop the version references for GFAS and FINN after
the first mention.

As suggested by Reviewer #1, we now use GFED4s, GFED5, and GFAS for the inventories
instead of the longer labels of GFEDvn4s, GFEDvn5, and GFASvn1.2.

iii) The numbers for RH_low and RH_high could replace the variable names, simplifying
the Eq. 5.

These terms have been used in this form are based upon the studies that we have cited.
Therefore, we believe that it is better to be consistent with previous work.

f) Approaching the realm of picky details:

We thank Reviewer #1 for their attention to detail and have approved the manuscript
accordingly. Please see the “track changes” version the updated manuscript.

g) Athorough sweep would pick up many typos. There are also many opportunities to
resolve awkward wording, especially choices of prepositions. [...].

We thank the reviewer for providing a thorough proofreading of the manuscript. Below, we have
checked (V) the comment that has been corrected, and further descriptions of the change have
been added to the comment where needed. Some other comments (X) have not been
addressed, as the highlighted sentence has been deleted from the manuscript due to current
changes.

We have addressed the typos and rewording suggested by Reviewer #1 where possible and
reasonable to do so. We include suggestions to avoid the reader having to reread a sentence by
removing parenthetical alternatives and joining numbers with their respective elements. We



have provided additional information on the location of the ecoregion mentioned and added Fig.
S1 to the main manuscript. following the comment Reviewer #1 4.a.

v 1.5: “... South America (SA);, a region ...”

v 1.9: “most of the fire-active zones in...” ol.111: “While” appearsto be an extra
word.

v" 1.124: “The EFs are consistently derived or partially derived from...” - wording is hard
to follow

We have reworded this to:
“The EFs are commonly taken from Akagi et al. (2011) and Andreae and Merlet (2001).”
X 1.139: Due to its wide swath, the global coverage is achieved in 12 hours

X L. 144: Rather than decode all the abbreviations, which otherwise is needed, you might
drop the description of all three products and simply say you chose the product that uses
both thermal and near infrared bands.

2«

X 1. 146: “...and an optimal estimation-based algorithm to retrieve...
retrieve”

and optimization to

v" 1.173: “which models the PFTs competition”

v' 1. 240: missing ‘d’

v 1. 241: mismatch of singular pronoun with plural antecedent
v' . 244:‘Man-Kendall’ has a typo

X L. 314. “This” could refer to either of the two numbers in the previous sentence, the
average relative range or the portion of total CO. The simplest way to prevent problems
related to antecedents is to eschew generic pronouns.

X L. 327: typo in the version number for FINN, and L. 498, typo in an experiment
abbreviation - though | hope both have become moot.

v 1. 439-440: “[lInfractions against flora” looks like perhaps a literal translation. | do not
know what it means and would prefer that the paper tell me the concept instead.

We reworded this sentence as:

“However, deforestation in Brazil escalated by approximately 80% in 2019, following the
relaxation of forest protection regulations (Gatti et al., 2023)”

v' . 456: “Derived” needs rewording, because deforestation did not emit the air.
We reworded this sentence as:

“This was likely exacerbated by the reduction of warm and humid air transported from the
Amazon, a situation significantly influenced by deforestation (Marengo et al., 2021) and the
agricultural expansion in the region (Baumann et al., 2017)”.

v' 1. 570: Hyperparameter tuning does not select model parameters. Do you mean “best
hyperparameters”?

This sentence has been removed.

5) Line-specific comments:



a) L. 66: “This study decisively addresses this gap by rigorously assessing the performance of
the model...” Isn’t the qualitative judgment of ‘decisively’ for your readers to judge rather than
you? The assertion sounds overstated, which almost cheapens your paper.

We can see the point the reviewer is trying to make but in this work we have undertaken a
detailed assessment of the performance of INFERNO. However, we agree that “decisively” and
“rigorously” are too strong a pair of terms. Therefore, these words have been removed from the
sentence.

b) L 150: “Fair” is generically a judgment call in the eyes of the beholder, and therefore best
used very sparingly in academic papers. Here instead be more tangible about what is
gained by your choice.

This text has been removed with the TCCO analysis.

c) nearl. 183, Table 1: Why do some PFTs have emission factors of 0? Do those PFTs really
need to be in the table at all? Before presenting Table 1, please tell the reader why we
are seeing the information. For example, will you be changing each default value in an
experiment? This suggestion is subordinate to restructuring the experiments
introduction as recommended above.

Some of the sensitivity experiments performed using INFERNO resulted in changes to the
factors listed in Table 1; however, we opted to include this table in the supplementary
information to avoid complicating the main text. Instead, we incorporated the PFT names that
were used within the paragraph (see Reviewer #1.4.e.i). Regarding the EFco value of 0, we ran the
control model and experiments using a configuration set of factors. For this, EFco from Crops
was set to 0 to facilitate comparisons with previous versions of JULES that did not include
crops. We conducted an additional sensitivity experiment to assess the impact of the omitted
fire CO emissions from crops. Results from this experiment indicated that the impact of
including fire emissions of CO from crops was insignificant, as the main sources of CO
emissions are the most forested areas. Details of this additional experiment were added to the
supplementary information.

We acknowledge that we did not emphasise this point clearly, particularly since crop emissions
were excluded from the results. Below is a new paragraph highlighting the exclusion of fire CO
emissions from crops in this study.

“Table S1 presents the BAP F T and EF for each PFT modelled. The EFCO from C3-Crop and C4-
Crop were not included in this model setup of JULES, which did not account for the crop PFTs.
However, we conducted an experiment to assess the impact of fire CO emissions from crops.
The experiment showed that excluding crops from simulations produced a negligible change in
CO emissions across South America, increasing simulated CO emissions by only 1.4% for
South-SA when included (see Fig. S1). However, it is important to note that INFERNO does not
model crops differently from other PFTs; meaning that harvesting periods and crop seasonality
are not included or represented. In this study, we are, however, evaluating the contributions of
the crops’ PFT fractions to the model biases (see Section 2.6).”

d) L 234: Soilunderlies virtually all land, so specify throughout that the PFT is ‘bare’ soil

We agree and have L. 234 label from soil to bare soil.



e) L. 238:Introduce each descriptive statistic first in terms of what you are trying to
describe in the real world. In this instance, average relative range describes something
like how well the model predicts the variability of a cell’s emissions.

We thank Reviewer #1 for the suggestion. We think this way to introduce metrics makes it easier
to understand the metrics themselves and their results. Below, we quote how we introduce the
mean relative range. The abbreviation for this metric was changed to a simpler, more
meaningful one (see Comment Reviewer #1.4.c).

“We use the mean relative range (Range%) to quantify the average variation in estimated annual
CO emissions across inventories for a specified region or zone.”

f) (L. 238 con’t.) The description of average relative range’s calculation seems to imply that
the metric is a unified summary across the entire study area. You subsequently report
relative ranges for particular ecotypes (e.g. L. 353). The calculations for areal subsets
should be mentioned in the methods section.

We have made sure that it is clear that this metric is going to be used for multiple regions by
describing the metric as quoted in Comment Reviewer #1.5.e.

g) L. 244,246, 251: Please see first comment re |. 238. What aspect of fidelity to the real
world (and not simply the model) do you want each metric to describe?

Following the suggestion of Reviewer #1.5.e we have introduced the remaining metrics as
follows:

“We use CO emissions trends to assess the temporal evolution of CO emissions from
inventories and INFERNO.”

“We utilised the percentage mean bias (Bias%) to assess the model’s representation of
spatiotemporal variations, seasonal cycles, and trends of CO emissions ”

“Similar to other studies (Hess et al., 2023; Liu et al., 2022), we utilised machine learning to
identify the key factors causing annual biases in CO.”

h) L. 285: Rather than a list of variables whose names are ambiguous out of context,
describe the outcome of the step — for example, which variables you changed, or say you
optimized all in the procedure’s default list, or give some comparable description of why
your choices matter.

In a similar way as suggested in Reviewer #1.5.e, we opted for not only listing but explaining
what information every metric will provide to the model performance assessment. Below is how
we now introduce the metrics:

“The model's performance was evaluated using the coefficient of determination (R?), which
indicates how much of the variability in the target CO emission biases is captured by the
XGBoost model. Additionally, the Root Mean Square Error and Mean Absolute Error measure the
average difference between the predicted and actual values, with the Root Mean Square Error
being more sensitive to outliers.”

i) L. 325: Fire frequency is a general term for a concept, but when associated with a specific
number is spatially undefined. | think you mean fire return interval. The study you cite uses the



two terms appropriately. Also, Junior et al. calculate frequencies for only a portion of Brazil’s
cerrado, and a portion whose fire management is not necessarily typical of the whole. It
therefore seems inappropriate to describe the cited frequencies as describing to the whole
ecoregion.

This has been removed.

j) L. 369: Most of INFERNOQO’s emissions from South America are generated in the central
region. [...]. You recount differences among the benchmark inventories in detail in this
paragraph, but say nothing about why INFERNO is higher than all but (unreliable) FINN
or column CO. Previously (L. 359) you propose that the source of inaccuracy may be “the
model resolution and simplified process representation” — a degree of vague generality
that is distressing. How can you use the seasonal cycle analysis to assess and/or refine
this possibility? [...]. To which seasonable inputs is INFERNO excessively sensitive?

Following Reviewer #2.1, we have considerably reduced the comparisons between inventories
to focus more on our aim target INFERNO, and as a response to Reviewer #1.2.e we have
removed FINN from the study. We have changed. 359 to better express the implication of the
model resolution, we wanted to emphasise:

“INFERNO generally captures the broad-scale features of emissions from this source, including
its latitude-longitude range. This level of performance in relation to inventories is typicalin
global fire models like INFERNO. This is due to the inherent challenges in simulating a
stochastic process, such as ignition, at a detailed scale using only vegetation data,
meteorological information, and population density (Rovithakis et al., 2025). Therefore,
simulating fine-scale features in a variable region, such as the Arc of Deforestation, are outside
the scope of INFERNO.”

Regarding the centre-South America seasonal cycle, the study still finds INFERNO results within
the range of the inventory's variability. We understand the Reviewer’s point that the model
should not exceed observed response, but the inventories produce estimates that, although
based on observations, are also calculated using supposition, parameterisation and models, so
they are also full of uncertainty, and that is visible with the differences between the inventories
themselves. Below is the new paragraph in L1383, presenting the seasonal cycle variability in the
centre-South America:

“Figure 3 (d) highlights how INFERNO simulates a seasonal cycle peaking in September, similar
to the inventories for Mid-SA. Within the inventory range, the GFED5 average seasonal cycle sits
within the INFERNO interquartile range. In fact, between August and October, INFERNO and
GFEDS5 show similar distributions (i.e., not significantly different). However, outside this period,
INFERNO total monthly emissions are larger than all of the inventories. Spatially, Fig. 3 shows
that INFERNO manages to simulate the timing of the CO emission peaks for the fire-active areas
in Mid-SA. In fact, the absolute Bias% in the seasonal cycle amplitude is less than 10%
compared to most of the inventories (see Table 2), except for comparison with GFED5. The
GFEDb5 dataset exhibits a large seasonal cycle, particularly across the Arc of Deforestation,
which contributes to higher average amplitudes.”

However, based on the results we discussed (in the new discussion section 1624) about the high
sensitivity that INFENRO show to dry conditions, particularly represented by soil moisture:



“Our evaluation consistently shows that INFERNO-simulated CO emissions were too sensitive
to drier conditions, particularly in Tree PFTs. In general, most overestimations relative to the
inventories were in areas where modelled Broadleaf Deciduous Trees and Tropical Broadleaf
Evergreen Trees dominate. The control of the Tree PFTs is particularly clear around the Arc of
Deforestation in Mid-SA, where the relative fraction of these two tree PFTs appears to shape this
main source of CO emissions in South America. In North-SA, with lower absolute emissions, the
sensitivity of Tree-PFT to drought conditions underpinned the under-representation of the
seasonal cycle. There, fire emissions from the Tree PFTs were incorrectly simulated with similar
magnitudes to the fire-prone Llanos ecoregion emissions, where pasture is the dominant
modelled PFT. Furthermore, the role of drought conditions in Tree PFTs was evident in the
increasing biases over time, consistent with the growing influence of drought events. Finally, the
large differences in simulated CO emissions resulting from different meteorological datasets
used as inputs to JULES indicate that the response to drought conditions in Tree PFTs-
dominated areas outweighs the influence of carbon availability, particularly in shaping the
seasonal cycle of emissions. Compared with other models, the INFERNO fuel load index
reaches its maximum much more rapidly in response to fuel density (Teckentrup et al., 2019),
which is why, with high carbon availability, changes in fuel density may lead to muted
differences.”

k) L. 385: You seem to speculate that high gross primary productivity in September and
October in the grasslands of northern South America drives the unrealistic late-season
peak in INFERNO emissions. Those months are late in the rainy season. INFERNO lacks
a mechanism to account for curing to recognize that grasses barely burn when green. Is
that, together with the accumulation of grass growth over the course of the wet season,
what you think causes the prediction error pattern?

We found two main error sources that affect the seasonal cycle simulated by INFERNO:
(1) high sensitivity to dry conditions, represented by soil moisture in Tree PFTs.

“For North-SA, the peak period of fire activity is represented, but with magnitudes higher
than any of the inventories for January to April. Additionally, INFERNO simulates an
erroneous second peak of emissions in October with similar magnitudes to the first peak.
Although emissions in the Tree PFT domain to the east of the region tend to peak in October
(Cummings et al., 2025) (see Fig. S3), these are negligible compared to the regional
emissions around March.[...]” [for October,] “however, JULES simulates particularly dry
conditions in eastern North-SA, resulting in relatively low Gross Primary Production (GPP).
This means that dry conditions, rather than carbon availability, might be leading to the
overestimations in this period.”

The sensitivity experiments also support our finding, as the dryer reanalysis 20Crv3
(experiment F-20Cr), particularly enhanced the wrong peak of emissions (1525):

“Remarkably, in North-SA, the distinct meteorological conditions in F-20Cr resulted in
higher magnitudes of CO emissions at the wrong annual peak of emissions, as Tree PFTs are
particularly influenced by drier conditions.”

We also use the literature to discuss this finding further in our new discussion section (1624):

“Our evaluation consistently supports that INFERNO-simulated CO emissions were too
sensitive to drier conditions, particularly in Tree PFTs. In fact, Teckentrup et al. (2019) shows



that increasing probability of fires driven by soil moisture begins to manifest in wetter
conditions for INFERNO than for other models.”

(2) Sensitivity to carbon availability when the Tree PFTs fraction is low.
We discussed it on our new discussion section (1624):

“Our findings indicate that the simulated seasonal cycle of CO emissions by INFERNO
closely follows the rise in GPP and flammability during December-January, a period marked
by high temperatures and rainfall. As shown by Teckentrup et al. (2019), the INFERNO fuel
load index, which is used in the flammability calculation, is highly sensitive to minor
changes in fuel density when the overall fuel amount is small. Therefore, even during the
rainy season, there may be hot days without rain, during which the relative humidity is
sufficiently low to enable flammability to peak according to the fuel load index.”

) nearl. 400, Figure 3: Please see note above about complexity of figures. Also, the
horizontal lines for the means (?medians) are too hard to see. Please include the
percentile cutpoints for the coloredportion of the boxes in the caption. Please make the
panel letters bigger. | would find panel (a) easier to digest with a linear y-axis, with
different y-axis ranges for each region.

We have changed this figure by removing the box plot panel and adding a map of the months
with the highest CO emissions, based on the average of the inventories and INFERNO. The map
provides the needed information to explain the incorrect seasonal cycle shapes in North-SA and
South-SA.

m) near L. 435, caption for Table 3: Please note that the time period for mean emissions and
seasonal amplitude is the full study period. Be explicit what the parentheses mean,
which | assume to be standard errors of the mean, and bold, which | assume means
statistical confidence that a value differs from zero. Why are standard errors for trends
notincluded?

Thanks for identifying the missing information. Additionally, to add the confidence intervals in
the table, we have rewritten the footnote as:

“Note: The magnitudes of trends are highlighted in bold when the Mann-Kendall test indicates a
significant trend at the 95% confidence level (p-value < 0.05). Regionally aggregated annual CO
emission time series are used for the temporal trend analysis. In the table, ’SD’ and ’confidence’
refer to the standard deviation values and the 95% confidence intervals.”

n) (Table 3, con’t) Here or somewhere else, | would like to see simple correlations of cell-
month values between INFERNO and each inventory.

We followed Reviewer #1's suggestion to add useful evaluation information to this Table;
however, instead of correlation, we used normalised mean error to compare the results with
other studies, and we also reported the mean bias percentage. Please look at Table 2 in the new
manuscript to see the additions.

0) (Table 3, con’t) The time scales differ between Figure 3 and Table 3 — monthly in one,
annual in the other. Unless there is a strong reason, make them consistent. After
adjusting for time scales, is the data in the rows for emissions and seasonal amplitude
in Table 3 the same as displayed in Figure 3? If not, I’'m confused. If so, duplication in the



table is a distraction. If you feel strongly that the numbers need to be documented in
tabular as well as graphical form, move them to the supplemental. After that and after
removing data related to column CO, the remaining data in Table 3 might more
effectively be presented graphically.

Both Figure 3 and Table 3 have changed; Table 3 still presents the amplitude of the seasonal
cycle of CO emissions but additionally has some statistics that evaluate INFERNO results.
Figure 3 presents the average monthly CO emission from where the amplitude can be
calculated. However, we decided to keep the information in Table 3 to provide more complete
information, including magnitudes and biases.

p) L. 448, Fig 5: Might these maps be more informative as differences from INFERNO?
Maybe as a single map, INFERNO minus the mean of 4 inventories?

We have added a more informative difference map for this and Figure 2. However, we are
retaining the results from each inventory and INFERNO as justified in the response to Reviewer
#1 4.a comment.

q) L 448: Where do we get a mean of 61% per year (or 85% on L. 451) when the map color
scale tops out at 15 and much of the southern region has light colors? L. 452: Please give
the baseline for the 208% change. Is it the 4-inventory mean?

This paragraph has been removed, following the advice of the reviewers Reviewer #1.2.d,
because the trend was calculated from a shorter time period (8 years). As described in the
response to the same comment, the regional trends were calculated based on the total annual
CO emissions for the desired regions, while the figure presents pixel-by-pixel trends. We have
emphasised more the different methods in the new versions of the manuscript | 246 as quoted
in Reviewer #1.2.d response.

r) nearl. 487, Fig. 6: | find the version in S6 plus a map of the baseline case to be more
meaningful.

We have swapped Fig. 6 and Fig. S6 as recommended.

»

s) nearl. 507, caption for figure 7: The word “type”, like “class”, “group”, etc., conveys no
inherent meaning. Please choose a more informative label. While this figure needs
further simplification, currently it is the clearest of the figures. | suggest you muse about
how to draw greater focus on the central region throughout the paper, to highlight its
disproportionate contribution to continental totals and tendencies.

We have removed the “type” categorisation from the label. This is now described as:

“Figure 6. CO emissions seasonal cycle modelled by the different INFERNO experiments and
controlrunin (a-d) North-SA, (e-h) Mid-SA and (i-l) South-SA.”

t) L. 539: “This can cause a spatiotemporal overestimation of around 50%.” I’'m not sure
what you mean in referring to a spatiotemporal overestimation. Is 50% the maximum for
any cell-year, for instance?

This 50% overestimation was determined by comparing the biases from the inventory's
estimations for both the control and NO-FDBK experiments. 50% was the maximum difference
between them, particularly compared with GFAS, however the average difference was around
30%. We can see that it is not clear what we meant by that 50% overestimation so we reworded



this and also we decided better to present the average magnitude of the bias for Mid-SA to
highlight the region with the largest emissions. Below is the new paragraph:

“Although all experiments lack feedback from the atmosphere, as this is a land-only model, the
results from the NO-FDBK experiment illustrate the proportional error that the omission of
feedback to land can introduce into the fire model [...] The No-FDBK experiment results in
spatiotemporal CO emissions that are approximately 94% higher than the inventory estimates
for Mid-SA, which is 22% higher than the Bias% observed in the control run (~72%) compared
to the inventories (see Table 2).”

u) L.570: Hyperparameter tuning does not select model parameters. Do you mean “best
hyperparameters”?

We meant hyperparameter, thanks for the correction. The model parameters are learntin the
training process. We have rewritten this as:

“We ran hyperparameter tuning to select the hyperparameters that lead to the best model
performance.”

v) near L. 590, Fig 9: | strongly suggest no abbreviations in the legend(s). By rearranging, you
may not need to show the legend labels twice.

Thanks for the suggestion. We included the full name of the feature in the figure, excluding only
those that contribute less to explaining the biases. This uses the full-variable machine learning
version suggested in Reviewer #1.2.c. We also rearranged to present the feature label once.

w) L. 630-631: “INFERNO was able to reproduce emissions in key active fire zones, such as
deforestation fronts (e.g. Arc of Deforestation)...” To your satisfaction, really?? More
generally, this section summarizes your discoveries about which subsets of predictions
tend most or least to be accurate. It says almost nothing about what the accuracy
patterns mean. Why predictions are worse or better when and where they are, and
ideally therefore how to improve the model, are more useful insights. | think you have a
basis to make reasonable speculations.

Following Reviewer #2.1, we have split the Results from the Discussion section to bring out
a deeper discussion of the findings across the study. In this section, we have presented our
findings and discussed them in a more objective way. Additionally, the new section provides
clear suggestions for addressing biases. Below, we quote the opening paragraph of the
Discussion section, where we discuss the INFERNO simulated CO emissions
spatiotemporal and seasonal performance around the Arc of Deforestation.

“The results of this study were consistent in showing that dry conditions, particularly soil
moisture, and Tree PFTs in South America are the top drivers of biases in INFERNO. The few
factors used by INFERNO that represent anthropogenic influence on fire ranked after those;
however, including more socioeconomic factors could help explain the remaining 33% of the
bias in the XGBoost model.[...]

Our evaluation consistently shows that INFERNO-simulated CO emissions were too sensitive to
drier conditions, particularly in Tree PFTs. In general, most overestimations relative to the
inventories were in areas where modelled Broadleaf Deciduous Trees and Tropical Broadleaf
Evergreen Trees dominate. The control of the Tree PFTs is particularly clear around the Arc of
Deforestation in Mid-SA, where the relative fraction of these two tree PFTs appears to shape this



main source of CO emissions in South America. In North-SA, with lower absolute emissions, the
sensitivity of Tree-PFT to drought conditions enhanced the under-representation of the seasonal
cycle. There, fire emissions from the Tree PFTs were incorrectly simulated with similar
magnitudes to the fire-prone Llanos ecoregion emissions, where pasture is the dominant
modelled PFT. Furthermore, the role of drought conditions in Tree PFTs was evident in the
increasing biases over time, consistent with the growing influence of drought events. Finally, the
large differences in simulated CO emissions resulting from different meteorological datasets
used as inputs to JULES indicate that the response to drought conditions in Tree PFTs-
dominated areas outweighs the influence of carbon availability, particularly in shaping the
seasonal cycle of emissions. Compared with other models, the INFERNO fuel load index
reaches its maximum much more rapidly in response to fuel density (Teckentrup et al., 2019),
which is why, with high carbon availability, changes in fuel density may lead to muted
differences”
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