Responses to the reviewer comments

Reviewer #1:

General comments: Wildfire emissions are challenging to quantify but often impact air quality and
climate. The study by Gong et al. 2024 estimates China’s CO; emissions caused by wildfires from
2001-2022, finding high emission potential from cropland and forests. The authors use the bottom-
up method using MODIS-MCD64A 1 burned area product, Chinese LULC (CNLUCC) product, and
NDVI product in conjunction with ancillary datasets such as harvesting area map, meteorological
variables and a set of literature-based emission factors to assess changes in fire emissions across
China for nearly two decades. The study highlights a declining trend of forest emissions while
cropland fires have risen over the years. Further, statistical correlations of fire emissions with
sunshine hours, NDVI, and temperature are analysed to determine the dominant influencing factors
of the forest and shrub fires.

From a research perspective, however, the current version of the manuscript lacks certain major
aspects (outlined in detail below), which require careful evaluation of results, such as the
comparison with existing inventory and estimations of the emission uncertainty that may arise from
both data and methods. The result interpretation and discussion are found weak on a number of
occasions, limiting the scientific scope of the article - the study may need to provide more evidence
(direct or indirect) to back up the interpretations of the results. The overall structure of the paper
could be improved by adding the novelty of the present study and avoiding disjoints (detailed below).
Only after adequately addressing these major issues can I recommend this study for a potential
publication in ACP.

Response: We sincerely thank the reviewer for the comprehensive and constructive evaluation of
the manuscript. In response to your main concerns, the following revisions have been made. In the
Results and Discussion section (Section 3.6, “Comparison with other studies”), we compared our
findings with global fire emission inventories (e.g., GFED, FINN, QFED) and regional studies in
China. This contextual comparison provides a reference for our estimates and enhances the
interpretability of the emission inventory. The revised manuscript further includes a Monte Carlo
uncertainty analysis, detailed in Section 3.5 “Uncertainty analysis”. The results of this uncertainty
analysis are summarized in Table 4, which lists the mean wildfire CO, emissions and corresponding
5th-95th percentile ranges for each vegetation cover type. The discussion section was revised to
include spatial regression models (GWR, GTWR) for evaluating the drivers of emission patterns,
controlling for multicollinearity and spatial dependence (Section 3.4 “The impact of factors on
wildfires in China”). Notably, the GTWR model revealed strong spatiotemporal heterogeneity in
the relationships between climate/socioeconomic factors and wildfire CO, emissions, with an R?
value of up to 0.87 for shrub fires. These results provide stronger empirical support for interpreting
emission trends. We also expanded the discussion on the impacts of policies on wildfire emissions.
We believe the revised manuscript offers a more coherent and reliable reference for understanding
wildfire CO, dynamics in China and their implications for climate policy and fire emission
management. We greatly appreciate the reviewer’s insights, which have significantly improved the
quality of our manuscript.

Major Comments:

As the authors point out, there exists substantial uncertainty in wildfire emissions in existing
emission inventories. In the present study, there are no attempts to quantify or report the emission



uncertainties. For instance, MODIS products usually miss the small fires (typical for croplands) due
to spatial and temporal resolutions, and the classification algorithm can misclassify burnt
areas/vegetation types. Without the use of additional information (e.g. ground-truth data) to calibrate
and validate the burnt area product/classification algorithm, the estimated emissions raise concerns,
and the robustness of the results cannot be examined. I find this to be a serious limitation of the
study. As an example, how do those results vary if we use other satellite products (e.g. burnt area
from FIRECCI, other NDVI) or ancillary data? What are the associated errors when using
derived/literature-based combusting efficiency or emission factors? Combusting efficiency can be
influenced by a number of factors, such as the intensity and type of fires, moisture content and load
of combustibles, and meteorological conditions, as noted. In that case, how are those estimations
impacted when eq. 2 considers only the fraction of vegetation in the empirical relationships? These
issues have to be addressed before the manuscript is considered for publication.

Further, the novelty of this study and the value-addition to the existing emission estimate approaches
need to be clarified. There are different global fire emission inventories available (e.g. GFED,
GFAS). Also, the authors cite a set of national emission inventories in China or the sub-national
level. How do the present estimations compare to those? It is unclear how the present approach is
advantageous (or even different) from already existing inventory-based methods for estimating fire
emissions. Moreover, the current version of the manuscript lacks a comprehensive and comparative
assessment of available inventory data, especially when reporting annual/monthly emissions and
their trends, as well as relating them to environmental or socioeconomic factors.

Sect.3.4 raises some concerns about reported correlations (detailed below), which need to be
addressed/clarified.

Additionally, I have a concern over the title and the use of the term: ‘Global carbon emission
accounting’. I do believe that the study is more towards the bottom-up based wildfire emissions
from China rather than describing it in the context of global carbon emissions - although it can be
linked further as a value addition. Hence, I suggest the authors reconsider the title to represent the
present content of the manuscript appropriately.

Response: We sincerely thank the reviewer for the detailed and insightful comments, which have
greatly helped improve the scientific rigor and presentation clarity of this study. We fully recognize
the challenges of quantifying wildfire CO, emissions and agree that incorporating uncertainty
analysis, product comparisons, and validation is crucial for ensuring the robustness of bottom-up
emission inventories. To this end, we have made substantial revisions to the manuscript to address
each major issue raised.

Regarding the limitations of MODIS MCD64A1, we acknowledge that the MODIS MCD64A 1
product has limitations in detecting small-scale or low-intensity fires, particularly in agricultural
areas. To address this known limitation, we corrected the MODIS burned area using a correction
factor (ai). The details are as follows (Lines: 123-133):

2.2.1 Burned areas

BA for each vegetation cover type was primarily estimated using the MODIS-MCD64A 1
product (Giglio et al., 2018), which provides global monthly burned area estimates. However, it is
well established that MODIS-MCDG64A1 tended to underestimate small and fragmented fires. To
address this issue, we applied scaling factors («;) to correct the MODIS-derived BA estimates. The
scaling factors were derived from the comparison of MODIS-derived BA with two independent
global burned area datasets: the FireCCI51 product (Lizundia-Loiola et al., 2020) released by ESA



(http://cci.esa.int/data) and a global GFED500 product (Van Wees et al., 2022), with their specific
values provided in Table S1. The corrected burned area for each land cover type was obtained by
multiplying the MODIS-derived BA values by the corresponding scaling factor. This correction
accounts for the known systematic underestimation of small and fragmented fires by the MODIS
MCD64A1 product.

BAcorrected,i = BAMODIS,L' X a; (2)

where i denotes vegetation type.

In the revised manuscript, we also analyzed the uncertainty in BA. We compared the BA derived
from MODIS in 2015 with multiple independent datasets, including FireCCI51 (250 m resolution),
GFED (500 m resolution), GABAM (30 m resolution), and the FINN dataset. Detailed discussions
are presented in Section 3.5 “Uncertainty Analysis” of the revised manuscript. The details are as
follows (Lines: 463-513):

3.5 Uncertainty analysis

A Monte Carlo simulation (100,000 iterations) was conducted to assess the uncertainty in the
estimated wildfire CO, emissions. Monte Carlo simulation is a probabilistic method that generates
a large number of possible outcomes based on random sampling from the input parameter
distributions, thereby providing a comprehensive assessment of model uncertainty. The
uncertainties in emission estimates in this study mainly originated from satellite-derived BA
products, AGB, CE, and EF. All parameters, except CE, were assumed to follow normal
distributions, as suggested by Zhao et al. (2011). CE values were assigned triangular distributions
based on vegetation types, with parameter ranges derived from empirical data and literature sources
(Junpen et al., 2020; Mieville et al., 2010; Ping et al., 2021; Van Leeuwen et al., 2014; Zhou et al.,
2017). For forest and grassland fires, CE was parameterized the FVC-based empirical relationship
proposed by Hély et al. (2003), while fixed CE values were applied to shrub and cropland fires. The
coefficients of variation (CV) of EF were estimated based on the mean and variability summarized
from multiple published sources. Monte Carlo simulations showed that CE and EF contributed less
to total emission variability compared to BA and AGB.

Among all parameters, BA emerged as the dominant source of uncertainty. However ,the
uncertainty in retrieved from satellite products is difficult to quantify (Hoelzemann et al., 2004; Wu
et al., 2018). The MCD64A1 product performs reliably in detecting large fires(Giglio et al., 2018),
and its CV was adopted from Giglio et al. (2010). While we also recognize that the MODIS
MCD64A1 product tends to underestimate small, fragmented, or low-intensity fires. To evaluate
and adjust for this underestimation, we conducted a comprehensive comparison using FireCCI51
(250 m resolution), GFED (500 m resolution), the novel 30-m resolution Global annual Burned Area
Map (GABAM, 30 m resolution) (Long et al., 2019), and FINN datasets for the year 2015 (Table
S5). The comparison showed that MODIS systematically underestimated burned areas. Despite its
higher spatial resolution, GABAM reported smaller cropland fire areas, likely due to its limited
temporal resolution. The FINN dataset differed significantly from all other products, with its burned
areas generally higher than other data products. Based on these comparisons, we derived a scaling
factor (a;) using the FireCCI51 and GFED datasets and applied them to MODIS burned area
estimates. On average, this adjustment increased MODIS-based BA estimates by approximately 1.5
times. To further evaluate the representativeness of our correction method, we compared the
standard FINN dataset with a revised version, FINN _VIIR, which incorporates VIIRS active fire



detection data (375 m resolution). VIIRS is known to better capture small and short-duration fires
often missed by MODIS. Our analysis showed that the burned area in FINN_ VIIR was
approximately 40% higher than in the standard FINN dataset, which closely aligns with the scaling
factor applied in our MODIS-based correction. This consistency provides further support for the
effectiveness of our BA adjustment strategy.

AGB is another major contributor to emissions uncertainty. To reflect interannual changes in
biomass, we employed the AGB dataset from Su et al. (2016) for the period 2001-2012 and that
from Yin et al. (2023) for 2013-2022 for calculating forest fire CO, emissions. The mean difference
between the two datasets was approximately 7% (100 t/ha vs. 107 t/ha), well within the +50%
uncertainty range reported by Yin et al. (2023), confirming their compatibility for long-term analysis.
For shrub fire CO, emissions, we employed localized biomass density values from Hu et al. (2006),
enhancing the regional representativeness of AGB inputs. For grassland fire CO, emissions, we used
the index model based on the NDVI developed by Gao et al. (2006). We acknowledge that NDVI-
based models may underestimate AGB in dense vegetation due to saturation. To address this, we
compared the exponential model by Gao et al. (2012) with the saturation-corrected model by Hu et
al. (2024) for alpine meadows in China. The mean AGB estimates were 210 g/m? (Gao et al., 2012)
and 214 g/m? (Hu et al., 2024), with a small difference of 1.9%, well within the reported uncertainty
bounds of both models (£62.5 g/m? for Gao et al., 2012; 85 g/m? for Hu et al., 2024). Given the
broader applicability of Gao’s model across diverse grassland types (e.g., arid steppe, wetlands,
meadow grasslands), we adopted it for national-scale grassland AGB estimation. For forest, shrub
and grassland fire CO, emissions, the uncertainty in AGB was derived from values reported in the
literature. For cropland fire CO; emissions, AGB was derived from national statistical records, with
CV set at 20% (Zhou et al., 2017).

Table 4 presented the total wildfire CO» emissions and their associated uncertainty ranges
across different vegetation cover types. On average, the estimated uncertainties in CO> emissions
were (-39%, +76%) for forest fires, (-37%, +20%) for shrub fires, (-26%, +58%) for grassland fires,
and (-50%, +51%) for cropland fires. The large uncertainties in forest, shrub, and grassland fire CO»
emissions were mainly due to uncertainties in AGB and BA estimates. The uncertainty in cropland
fire CO; emissions uncertainty primarily reflected possible under-detection of BA. Despite these
uncertainties, this study incorporated multiple BA datasets, multi-temporal vegetation cover datasets,
regionally validated AGB estimates, and a comprehensive set of EF, resulting in a spatially

representative characterization of wildfire CO; emissions and their temporal evolution in China.

Table 4 The uncertainty estimation of wildfires CO2 emissions from 2001 to 2022.

Year Forest Shrub Grassland Cropland All types

2001 (-38%, 72%) (-35%, 18%) (-28%, 62%) (-49%, 39%) (-39%, 62%)
2002 (-35%, 68%) (-34%, 16%) (-24%, 47%) (-49%, 34%) (-39%, 54%)
2003 (-39%, 74%) (-34%, 15%) (-35%, 65%) (-51%, 47%) (-39%, 66%)
2004 (-36%, 69%) (-37%, 22%) (-15%, 58%) (-50%, 40%) (-39%, 57%)
2005 (-31%, 58%) (-33%, 14%) (-18%, 57%) (-54%, 45%) (-41%, 47%)
2006 (-30%, 56%) (-32%, 12%) (-18%, 62%) (-56%, 47%) (-46%, 48%)
2007 (-29%, 54%) (-32%, 13%) (-13%, 48%) (-53%, 34%) (-40%, 41%)
2008 (-50%,106%) (-42%, 29%) (-39%, 67%) (-52%, 43%) (-50%, 93%)
2009 (-38%, 74%) (-39%, 26%) (-20%, 56%) (-51%, 35%) (-42%, 54%)
2010 (-37%, 73%) (-45%, 34%) (-15%, 82%) (-59%, 50%) (-48%, 56%)




2011 (-36%, 68%)  (-36%, 19%)  (-23%, 53%)  (-51%,42%)  (-44%, 52%)
2012 (35%,66%)  (-36%, 18%)  (27%,57%)  (-58%,44%)  (-52%, 47%)
2013 (-35%,69%)  (-33%, 14%)  (-19%,44%)  (-48%, 34%)  (-43%, 42%)
2014 (-40%,79%)  (-36%, 19%)  (-26%, 68%)  (-43%,39%)  (-41%, 50%)
2015 (40%,76%)  (-39%,25%)  (-35%,53%)  (-44%,43%)  (-42%, 53%)
2016 (44%,91%)  (42%,29%)  (24%,54%)  (-46%, 56%)  (-44%, 70%)
2017 (-40%,76%)  (-37%21%)  (-37%,57%)  (-45%,59%)  (-43%, 62%)
2018 (-53%,114%)  (-41%,27%)  (-30%,59%)  (-45%, 62%)  (-49%, 90%)
2019 (43%, 83%)  (-34%, 16%)  (-36%,50%)  (-49%, 72%)  (-45%, T4%)
2020 (-48%,95%)  (-40%,24%)  (-39%, 62%)  (-53%,86%)  (-50%, 85%)
2021 (-45%,89%)  (-38%,21%)  (-28%,53%)  (-57%,98%)  (-33%, 92%)
2022 (35%,66%)  (-34%, 16%)  (24%,56%)  (-45%, 66%)  (-42%, 63%)

In addition, in the revised manuscript, we conducted a comprehensive evaluation of existing
inventory data, which is detailed in Section 3.6 “Comparison with other studies” (Lines: 514-538).

The details are as follows:

3.6 Comparison with other studies

We compared the wildfire CO, emissions estimates in this study with several global biomass
burning inventories, including the Fire Inventory from NCAR (FINN2.5, FINN VIIRS2.5)
(Wiedinmyer et al., 2023); GFEDS5 (van der Werf et al., 2017), the Global Fire Assimilation System
(GFAS version 1.2) (Kaiser et al., 2012), and the Quick Fire Emissions Dataset (QFED version 2.5)
(Koster and Darmenov, 2015), as shown in Figure 13. While all inventories exhibited consistent
interannual variability, the total emission magnitudes varied substantially. Our estimates were
systematically lower than those from most global datasets and were closest to GFASv1.2. FINN2.5
reported the highest values among all inventories, likely due to its use of larger burned area inputs.
By incorporating VIIRS active fire detections, FINN VIIRS2.5 showed approximately 25% higher
emissions than FINN2.5. We applied GFEDS5 burned area data to adjust MCD64A1 burned area
estimates; however, our emissions remain lower than those from GFED, which may be attributed to
differences in biomass assumptions. Biomass input remains a dominant source of uncertainty in fire
emissions estimates. QFED2.5 adopted a top-down approach based on fire radiative energy (FRE),
and typically yields higher emission estimates (Wiedinmyer et al., 2023; Yin et al., 2019).

We further compared our estimates with other studies in China (Table 5). For forest, shrub, and
grassland fires, our CO» estimates were comparable to those reported by Zhou et al. (2017) and Li
et al. (2024a), slightly higher than those of Jin et al. (2022), and lower than Yin et al. (2019). The
lower values in Jin et al. (2022) may result from exclusive reliance on MODIS burned area data,
whereas the higher values in Yin et al. (2019) stem from the use of the FRE-based method.
Regarding cropland fires, remote sensing often fails to detect small-scale agricultural burning.
Consequently, many studies have used statistical data to estimate emissions, based on assumed field
residue burning percentages ranging from 10% to 80% (Gao et al., 2002; Huang et al., 2012; Li et
al., 2024b; Wang and Zhao, 2008; Yan et al., 2006; Yang et al., 2008; Zhou et al., 2017). The
cropland fire CO, emissions estimated by the method based on burning proportion are generally
higher than those calculated by the satellite remote sensing monitoring method adopted in this study.
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Figure 13: Comparison of wildfires CO2 emissions in China from multiple global inventories (2001-2022).

Table 5 Comparison of wildfires CO2 emissions estimates in China from previous studies(Tg).

Reference year region Forest Shrubland Grassland  Cropland All
types
Wang and 2006 China - - - 154.5 -
Zhao.
(2008)
Huang et al. 2006 China - - - 68 -
(2012)
This study 2006 China - - - 26.3 -
Zhou et al. 2012 China 10.1 0.7 207.3 -
(2017)
This study 2012 China 8.0 2.4 359 -
Yin et 2003-2017 China 40.8 1.2 14.1 353 91.4
al.(2019) (mean)
This study 2003-2017 China 23.1 4.0 0.9 21.7 49.7
(mean)
Jin et 2001-2019 China 15.2 - -
al.(2022) (mean)
This study 2001-2019 China 222 - -
(mean)
Liet 2001-2020 Heilongjiang 3.9 - 0.07 13.2 -
al.(2024a) (mean)
This study 2001-2020 Heilongjiang 4.7 0.3 0.3 5.0 -

(mean)




We agree that the original version lacked sufficient discussion of the mechanisms in wildfire CO»
emissions in China. In the revised manuscript, we have strengthened this analysis. These additions
are now discussed in Section 3.4 of the revised manuscript. The details are as follows (Lines: 334-
462):

3.4 The impact of factors on wildfires in China

Wildfires in China exhibit distinct spatial clustering patterns. To investigate the climatic and
socio-economic drivers of wildfire CO; emissions and to characterize their spatiotemporal
heterogeneity, we applied three regression models—OLS, Geographically Weighted Regression
(GWR), and GTWR—to four types of fires (forest, shrub, grassland, and cropland). We compared
model performance using R? and the AICc. Explanatory variables were selected based on theoretical
relevance and data availability for the period 2001-2019. As shown in Table 2, these variables
include five climatic factors—punctual temperature (TMP, °C), accumulated precipitation (PRE,
mm), relative humidity (RH, %), wind speed at 2m (WIN, m/s), and daily cumulative sunshine hours
(SSD, h)—and two socio-economic indicators: gross domestic product (GDP, millions/km?) and
population density (POP_DEN, people/grid). These factors are widely recognized as influencing
wildfire emissions (Lan et al., 2021; Ma et al., 2020; Zeng et al., 2024). TMP and SSD affect fuel
flammability and combustion efficiency, PRE and RH regulate fuel moisture, and WIN promotes
fire spread. Socio-economic factors reflected anthropogenic influences on fire ignition, suppression,
and land-use. To ensure model parsimony and statistical robustness, variables that were not
statistically significant (p > 0.05) in the global OLS model were excluded from subsequent GWR
and GTWR analyses. All retained variables were normalized or Box-Cox transformed prior to
modeling to ensure comparability.

Across all fire types, both GWR and GTWR models outperformed the global OLS model. For
forest fires, GTWR achieved the best performance (R? = 0.58; AICc = 128,909), while OLS
explained only 6% of the variance, indicating strong spatiotemporal heterogeneity. For cropland
fires, GTWR also performed well (R?> = 0.52; AICc = 141,335), highlighting the influence of
cropping cycles and regional factors. In shrub fires, the performance of GWR and GTWR models
was nearly identical (both with R?=0.87), and GTWR showed a slightly higher AICc (worse model
fit), indicating that incorporating temporal weights did not lead to a substantial improvement. This
suggests that shrub fire emissions are primarily driven by spatial heterogeneity, with limited
temporal variability. For grassland fires, GTWR improved R? from 0.27 to 0.31 compared to GWR,
but overall model fit remained low, indicating that other drivers—such as land use change, grazing,
or local policies—play a critical role in grassland ecosystems.

To explore the temporal dynamics of individual variables, Figure 8 presented annual average
GTWR regression coefficients for 2001-2019, revealing significant differences in how climatic and
socioeconomic drivers influenced wildfire CO» emissions across vegetation cover types. Except for
SSD, all other factors exhibited negative effects on forest fire CO> emissions (Fig. 8a). Temporally,
regression coefficients for key variables such as POP_DEN, TMP, and GDP showed weakened
negative effects after 2012, suggesting reduced sensitivity of forest fire emissions to these drivers
in recent years. This change likely reflects strengthened forest fire prevention policies and
management measures implemented in China after 2012 (Fig. 12), which significantly reduced fire
occurrences. Spatially, regression coefficients showed significant north-south disparities (Fig. 9).
TMP and RH had a dual effect on forest fire emissions. In NE and NC regions, TMP, and RH
positively correlated with forest fire emissions, indicating that warming and drying conditions may



promote fire activity in temperate forests (Fang et al., 2021; Lian et al., 2024b) (Fig. 9a and 9b). In
contrast, in SW and SC regions, TMP and RH exhibited negative coefficients (Fig. 9a and 9b). This
may occur because, while high temperatures can increase plant evapotranspiration and reduce fuel
moisture content (Chuvieco et al., 2004), China’s monsoon climate typically links high temperatures
with high relative humidity, creating a threshold effect on forest fires (Ma et al., 2020). Additionally,
during high-temperature periods, forest fire prevention authorities implement strict fire control
measures, limiting fire occurrences (Abatzoglou et al., 2018; Hu and Zhou, 2014). GDP (Fig. 9¢)
showed positive effects in the NE region, but negative effects in SC and SW regions. Similarly,
POP_DEN (Fig. 9f) generally displayed negative effects, especially in SW and SC regions,
highlighting the role of human presence in fire suppression.

Shrub fires CO, emissions were well-captured by GWR and GTWR, dominated by spatial
heterogeneity with minimal temporal variation (Table 3). GTWR showed that TMP and RH were
consistent positive drivers throughout the study period, while GDP and WIN had negative effects,
with other variables exerting minor influences (Fig. 8b). Spatially, TMP showed a positive effect
across most regions (Fig. 10a). RH showed significant positive local effects in NC region, reflecting
that humid climates promoted shrub growth and fuel accumulation (Fig. 10c) (Lian et al., 2024b;
Liu et al., 2024). Once ignited by human activity or spring droughts, abundant fuel intensified fire
severity and CO, emissions. In contrast, WIN and GDP exerted strong negative effects in parts of
NC, likely due to effective fire control practices (Fig. 10d and 10f). Notably, a considerable number
of grid cells along the northeastern border failed significance tests for at least one explanatory
variable (marked as black dots in Fig. 10a-g). This may be due to limited shrub coverage or mixed
land types, leading to low fire frequency and weak emission signals (Lin et al., 2024; Yang and
Jiang, 2022). Additionally, many of these non-significant grids are located near international borders,
particularly adjacent to Russia. Since the GTWR model is limited to Chinese territory, therefore, it
lacks information on cross-border fire activity, land use, and policy context (Li et al., 2024b; Lin et
al., 2024; Quan et al., 2022). In northeastern China, transboundary fire spread is a known ignition
source and may contribute to CO, emissions that are not well explained within national data
coverage.

From a temporal perspective, the GTWR results for cropland fires CO; emissions showed that
RH had a negative effect, and this negative influence gradually strengthened (Fig. 8d). GDP
primarily exhibited a positive effect, but its positive influence gradually weakened. The impact of
TMP shifted from negative to positive, with its effect gradually increasing. WIN mainly exerted a
positive effect, while other factors had weak influences. Spatially, TMP showed strong positive
coefficients in eastern and central China (Fig. 11a). Straw burning activities in these regions peaked
in spring and autumn, a pattern closely linked to rising temperatures. In contrast, negative
temperature coefficients in southern and southwestern China suggest that higher temperatures in
these regions, often accompanied by high humidity or stricter fire regulations, may suppress fire
activity. RH exhibited a significant negative effect across most parts of China, likely due to increased
moisture content in agricultural residues, which hinders ignition and combustion (Fig. 11b). WIN
showed a positive influence in CW, NC and SC regions, where expansive cropland areas may enable
wind to accelerate fire spread during burning events (Fig. 11¢). GDP mainly showed positive effects,
but after 2010, this gradually weakened (Fig. 11e and Fig. 8d). This trend may be attributed to
increased straw production driven by agricultural expansion in economically developed regions,
where straw utilization infrastructure had not yet caught up, resulting in elevated emissions. Early



GDP growth likely brought more crop yields and straw generation, thereby enhancing CO»
emissions(Ren et al., 2019). However, after 2012, this trend reversed as nationwide straw burning
bans were introduced. Regions with higher economic development began to demonstrate stronger
emission control capacity, leading to a gradual weakening of GDP’s positive effect on emissions
(Zeng et al., 2024).

Although the GTWR model indicated that climatic and socioeconomic variables such as TMP,
RH, and GDP explained the spatial variation in wildfire CO, emissions, the overall model
performance remains moderate for forest and shrub fires, with particularly low explanatory ability
for grassland fires (R? = 0.31). This gap suggests that, beyond natural and socioeconomic factors,
other key drivers may have been omitted. Multiple studies (Gao et al., 2023; Kelly et al., 2013;
Phillips et al., 2022; Xie et al., 2020) highlight the substantial impact of fire management policies
on CO; emissions. For instance, Phillips et al. (2022) showed that the marginal abatement cost of
avoiding fire-related CO, emissions through fire management is comparable to or even lower than
that of many other climate mitigation strategies.

In China, the role of policy is particularly significant. Wu et al. (2018) reviewed 51 crop straw
management regulations issued between 1965 and 2015, with 34 implemented after 2008. The
timing of these intensive regulatory efforts closely aligns with key turning points in emission trends
(Fig. 12). For cropland fires, annual CO; emissions increased from 8.2 Tg/year during 2001-2005
to 26.2 Tg/year during 2010-2016, but began to decline following the revision of the Air Pollution
Prevention and Control Law in 2015 and the launch of the Air Pollution Action Plan in 2013.
Similarly, after the implementation of the National Forest Fire Prevention Plans in 2009 and 2016,
CO; emissions from forest, shrub and grassland fires dropped from 38.1 Tg/year (2006-2009) to
13.3 Tg/year (2017-2022). Jin et al. (2022) further estimated that over 80% of wildfire-related CO,
emissions could be avoided under effective fire management. These findings strongly indicate that
policy management plays a critical role in wildfire CO» emissions.

Notably, northeastern China is the only region where cropland burning has increased in recent
years, highlighting the need for adaptive rather than restrictive policies. As one of China’s major
grain-producing regions, Northeast China generates large volumes of straw. Harsh winters and short
windows for straw return or removal, combined with long-established farming practices, have made
complete bans on straw burning particularly challenging. Prior to strict open-burning prohibitions,
farmers often burned straw in a dispersed, low-intensity manner, making detection by satellite-based
fire products difficult, potentially resulting in systematic underestimation of early emissions. After
the implementation of strict bans, facing growing pressure from unprocessed straw accumulation,
therefore, some local governments adopted more adaptive fire management policies, such as
designating burning windows under favourable meteorological conditions. These “limited and
concentrated burning periods” led to spatiotemporally clustered fire events that were more easily
captured by remote sensing. In recent years, the Chinese government has also promoted the
scientific incorporation of straw into soils, off-field collection, and the industrial utilization of crop
residues in Northeast China. These efforts highlight the significant role of policy in shaping
emission trends from agricultural burning, particularly in regions where environmental constraints

and traditional farming practices pose unique challenges.



Table 2 Driving factors and sources

Driving factors Abbreviation Source

Punctual temperature T™P

Relative humidity RH Daily meteorological dataset of essential
Accumulated precipitation PRE meteorological elements of China National
Wind speed (2 m) WIN Surface Weather Station (V3.0)

Daily cumulative sunshine hours ~ SSD

Gross domestic product

Population density

GDP

POP_DEN

Chen et al. (2022)
LandScan Global (Bright et al., 2001-2022)

Table 3. Comparison of regression results for different fire types using OLS, GWR, and GTWR models.

Fire type  Model Intercept PRE TEP RH WIN SSD GDP POP_ R? AlCc
DEN
OLS 2698 49 727*%  -259*%  -864*  -100%  -2321*  -110¥ 0.06 135428
Forest GWR 3260 - -436  -145 -200 91 -1983 -186  0.49 130508
GTWR 3204 -524 =205 -161 126 -469 -888  0.58 128909
OLS 385 - 583*% 246%  -162*  -384* 1% 20% 0.27 104143
Shrub 303*
GWR 733 -31 111 100 5 -61 -10 -1 0.87 90837
GTWR 733 -31 110 101 3 -57 -11 0 0.87 91034
OLS 144 10 -69*%  23% -3* -20* -4% 1* 0.10 81654
Grassland  GWR 130 - -40 18 -6 -5 -6 -4 0.27 79908
GTWR 131 - -40 19 -5 -4 -20 -4 031 79702
OLS 239 25 -12%  -44% 14* 80* 2% 0* 0.10 149703
Cropland GWR 230 - 11 -31 16 2 50 3 0.42 143770
GTWR 228 - 16 -29 16 2 36 4 0.52 141335

Note: * An asterisk next to a number indicates a statistically significant p-value (p < 0.01).
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Figure 8: Temporal evolution of GTWR regression coefficients for wildfires CO2 emissions across four vegetation
cover types in China (2001-2019). Positive and negative values indicate the direction and magnitude of each

variable’s influence on CO2 emissions.
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Figure 9: Spatial distribution of GTWR regression coefficients for forest fire CO2 emissions and their driving factors
across China. The maps illustrate GTWR coefficients of six environmental and socioeconomic variables: (a)
temperature, (b) relative humidity, (c) wind speed, (d) daily cumulative sunshine hours, (e) gross domestic product
(GDP), and (f) population density. Grey regions represent areas where the intercept was zero (i.e., no valid model
fit), and black x symbols mark locations where the regression coefficients did not pass the significance test (p >



0.05). Figure (g) and (h) show the model residuals and predicted shrubland CO> emissions.
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Figure 10: Spatial distribution of GTWR regression coefficients for shrub fire CO2 emissions and their driving factors
across China. The maps illustrate GTWR coefficients of seven environmental and socioeconomic variables: (a)
temperature, (b) precipitation, (c) relative humidity, (d) wind speed, (e) daily cumulative sunshine hours, (f) gross
domestic product (GDP), and (g) population density. Grey regions represent areas where the intercept was zero (i.e.,
no valid model fit), and black x symbols mark locations where the regression coefficients did not pass the
significance test (p > 0.05). Figure (h) and (i) show the model residuals and predicted shrubland CO2 emissions.
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Figure 11: Spatial distribution of GTWR regression coefficients for cropland fire CO2 emissions and their driving
factors across China. The maps illustrate GTWR coefficients of six environmental and socioeconomic variables: (a)
temperature, (b) relative humidity, (c) wind speed, (d) daily cumulative sunshine hours, (e) gross domestic product
(GDP), and (f) population density. Grey regions represent areas where the intercept was zero (i.e., no valid model
fit), and black x symbols mark locations where the regression coefficients did not pass the significance test (p >
0.05). Figure (g) and (h) show the model residuals and predicted shrubland CO2 emissions.
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Figure 12: Temporal trends in annual CO> emissions from cropland burning and forest, shrub, and grassland fires in
China (2001-2022), and key national policy milestones related to fire and air pollution control.

Regarding title revision: Thank you to the reviewer for the concerns about the phrase “global
carbon accounting” in the title. To better reflect the manuscript’s scope, we revised the title to:
Spatiotemporal patterns and drivers of wildfire CO; emissions in China from 2001 to 2022
This more accurately reflects the study’s focus.

We hope these revisions comprehensively address the reviewer’s concerns and significantly enhance
the manuscript’s value in advancing understanding of wildfire CO, emissions in China.
Comments Specific to Introduction:

An overview of previous/available methods for estimating wildfire emissions and the comparison
(or shortcomings) of those methods can be included in the introduction section.

Response: Thank you for your valuable suggestion. In the revised manuscript, we have enriched
the Introduction section by incorporating a concise overview of existing wildfire emission

estimation methods and their associated uncertainties, we have clarified in Lines 74-93:

“Traditionally, wildfire emission inventories using population or cropland area weights to
allocate total emissions to grid cells have high uncertainties (Streets et al., 2003; Zhang et al., 2013).
With the advancement of remote sensing technology, recent studies have shifted to satellite-based
estimation methods, using active fire detection or burned area datasets to improve spatial accuracy.
Inventories such as GFED (Chen et al., 2023) and the NCAR Fire Inventory (FINN) (Wiedinmyer
etal., 2011) rely on satellite-derived fire count data (e.g., active fire product MCD14 ML) or burned
area products (e.g., MCD64A 1) to infer the timing and location of fire emissions (Giglio et al., 2016,



2018). Although satellite remote sensing has greatly improved the spatial and temporal resolution
of fire detection, several practical challenges remain. For example, cloud cover, satellite overpass
intervals, fire intensity thresholds, and pixel resolution can result in the underdetection of short-
duration or low-intensity fires. To mitigate these limitations, this study integrated multi-source
satellite products to enhance the completeness of the fire signal. Additionally, many existing global
inventories rely on globally aggregated vegetation data (such as global land cover, and biomass),
which further introduces errors, especially in transition zones between cropland and natural
vegetation (e.g., forest-agricultural mosaics), where misclassification may lead to overestimation or
underestimation of fire emissions.

To overcome these shortcomings, this study integrated China’s regionally validated vegetation
cover datasets (Xu et al., 2018) multi-source burned area satellite products, and regionally derived
biomass data (Hu et al., 2006; Su et al., 2016; Yin et al., 2023) to develop a 500-meter resolution
wildfire CO; emission inventory for China (2001-2022). Additionally, we used spatially weighted
regression models to explore the drivers of emission variability and analyzed the impacts of national
fire management policies on CO, emissions. The findings provide insights into the role of
governance in shaping fire emissions and offer useful references for future wildfire management
strategies. This multi-year emission inventory can also be used in atmospheric transport models to
support the development of effective global warming mitigation strategies.”

L.37: “The global annual CO; emissions from wildfires are approximately 6.5 to 11 billion tons” -
please check the range (max. value); it seems to be quite large as per current records.

Response: Thank you for pointing out this important issue. We have verified the current estimates
of global wildfire-related CO, emissions and agree that the previously cited upper limit (11 Gt CO»)
based on van der Werf et al. (2010) may no longer reflect the latest assessments. In the revised
manuscript (Lines: 33-35), we have replaced this statement with the latest data compiled by the
Global Wildfire Information System and reported by Our World in Data (2025). This correction
ensures that our discussion reflects the most up-to-date understanding of global wildfire emissions.
The details are as follows (Lines: 33-35):

“According to Global Wildfire Information System data compiled by Our World in Data (Our
World in Data, 2025), global wildfire CO, emissions have increased since 2020, fluctuating between
5 and 7 Gt CO; per year (1 Gt = 10"° g), with record-high levels observed in 2021 and 2023.”

L.62-64: However, CO; emissions from wildfires are not included in international assessments..”
Doesn’t seem to be true. Please rewrite or justify.

Response: Thank you for this insightful comment. We agree that the original phrasing may have
been overly broad and potentially misleading. In the revised manuscript, we have clarified this point
by specifying the context under which wildfire CO emissions may be excluded. The new sentence
now reads (Lines: 57-61):

“Despite the growing importance of wildfire CO; emissions in climate change, such emissions
are often excluded from international climate frameworks, including national inventories under the
United Nations Framework Convention on Climate Change (UNFCCC), due to their classification
as “natural disturbances” in the Intergovernmental Panel on Climate Change (IPCC) guidelines for
Land-Use Change and Forestry (LULUCF) (IPCC, 2019).”



Comments Specific to Data + Methods:

Currently, Sections 2.2 and 2.3 are disjoined, providing cluttered details of the approach utilized. I
suggest combining the Data and Methods sections, which helps the readers to follow the
methodology easily.

Response: Thank you for your suggestion. In the revised manuscript, we have restructured Section
2 by integrating the “Data” and “Methods” into a unified section, as recommended. This improves
the logical flow and helps readers better understand the research framework and methodology. The
details are as follows (Lines: 113-180):

2.2 CO; emission estimation
In this study, we employed a bottom-up approach to develop an inventory of China’s wildfire
CO; emissions. Wildfire CO, emissions were calculated using the following formula:
E;i =Yy i BAy; -X- AGB,; -X- CE; -X- EF; @)
where the subscripts x and i represent the grid cell and vegetation cover type (forest, shrub,
grassland and cropland), respectively. The vegetation cover data were sourced from the China Land
Use Land Cover Remote Sensing Monitoring Dataset (CNLUCC) (Xu et al., 2018). and a 1 km
harvesting area dataset for three staple crops (e.g., corn, wheat, and rice) in China from 2000 to
2019 was obtained from Luo et al. (2020). E; represents the CO2 emissions, BA,; is the burned
areas (ha), AGB,; is the aboveground biomass (t ha'), and EF; is the emission factor. CE; is the

combustion efficiency. All datasets were resampled to 500 m resolution to ensure spatial consistency.

2.2.1 Burned areas

BA for each vegetation cover type was primarily estimated using the MODIS-MCD64A1
product (Giglio et al., 2018), which provides global monthly burned area estimates. However, it is
well acknowledged that MODIS-MCD64A 1 tended to underestimate small and fragmented fires.
To address this issue, we applied scaling factors (;) to correct the MODIS-derived BA estimates.
The scaling factors were derived from the comparison of MODIS-derived BA with two independent
global burned area datasets: the FireCCI51 product (Lizundia-Loiola et al., 2020) released by ESA
(http://cci.esa.int/data) and a global GFED500 product (Van Wees et al., 2022), with their specific
values provided in Table S1. The corrected burned area for each land cover type was obtained by
multiplying the MODIS-derived BA values by the corresponding scaling factor. This correction
accounts for the known systematic underestimation of small and fragmented fires by the MODIS
MCD64A1 product.

BAcorrected,i = BAmonpis,i X @i ()

where i denotes vegetation type.
2.2.2 Emission factors

The emission factor refers to the gas released per unit mass of dry combustible material during
combustion, typically in grams per kilogram (g kg™"). This is a crucial parameter for calculating gas
emissions during biomass burning, such as CO,, methane (CH4), and carbon monoxide (CO).
Emission factors are influenced by various factors, including the combustibility of tree species,
differences in vegetation cover types, and the intensity of flame combustion (Andreae and Merlet,
2001; Lii et al., 2006). To ensure the accuracy of the wildfire emission inventory as much as possible,
it is essential to choose appropriate emission factors. This study comprehensively analyzed many
studies in the literature to summarized the emission factors of CO; generated by wildfires under
different vegetation cover types, as listed in Table S2. Finally, the average values from the literature



were selected as the emission factors of the different vegetation cover types.
2.2.3 Aboveground biomass

Previous studies have mainly used the aboveground biomass data from Fang et al. (1996) for
forests. Forest aboveground biomass data in recent years need to be updated. In this study, the
aboveground biomass data of forests from 2001 to 2012 were obtained from Su et al. (2016). The
data for 2013 to 2022 were obtained from Yan et al. (2023). For shrub, Chinese local biomass density
data were collected in Table S3 (Hu et al., 2006). Grassland aboveground biomass was calculated
using the exponential model by Gao et al. (2012):
AGByyqss = 20.1921 X 32154x(NDVD) 3)

where AGBgrqss is the aboveground biomass of grassland (g m?) based on the average
normalized difference vegetation index (NDVI) value of the growing season. NDVI data were
sourced from China’s regional 250 m normalized difference vegetation index dataset (Gao et al.,
2024b).

To determine the aboveground biomass of cropland, we gathered the crop-specific yield per
unit area of different crops from the China Statistical Yearbook (NBSC, 2001-2022). The
aboveground biomass burned in the field of cropland from major crops is calculated from the crop-
specific yield per unit area, the straw production rates and the dry matter content of each crop residue
as follows:

AGB; = P; X R; X D; 4
where i represented crop type (rice, corn, wheat and other crops), AGB; was the
aboveground biomass of cropland burned in the field (g m?); P; was the crop-specific yield per
unit area (g m?), R; was the straw yield ratio for each crop type; D; is the dry matter content of
each crop residue. The other crops were defined as the average of rice, corn, and wheat. For each
crop type, data for R and D were collected from published literature (Table S4).
2.2.4 Combustion efficiency

The combustion efficiency (CE) of biomass is a crucial factor determining the accuracy of
wildfire CO, emissions estimates. It is influenced by multiple factors, including fire intensity,
wildfire type, moisture content and load of combustibles, as well as meteorological conditions. Hély
et al. (2003) established an empirical relationship between combustion efficiency and vegetation
cover fraction (FVC), which was applied in this study to calculate the CE for forests and grasslands.
The FVC used in this study was sourced from China’s regional 250 m fractional vegetation cover
dataset (Gao et al., 2024a). For regions with an FVC exceeding 60%, the CE values for forest and
grassland were set at 0.3 and 0.9, respectively. When the FVC was below 40%, the CE values for
forest and grassland were 0 and 0.98, respectively. In areas where the vegetation cover ranged from
40% to 60%, the CE for forest cover was defined as 0.3. The CE for grassland was calculated using
the following formula:

CE = e—0-13XFVC (5)

The CE of shrub was set at 0.7, based on a China-specific literature and global biomass burning
studies (Junpen et al., 2020; Mieville et al., 2010; Ping et al., 2021; Van Leeuwen et al., 2014; Zhou
et al., 2017). The CE of corn, wheat, and rice was obtained from He et al. (2015), with values of
0.92, 0.92, and 0.93, respectively. The CE of other crops was taken as the average value for corn,
wheat, and rice (i.e., 0.923).

It is important to note that although the CE values for different vegetation types were carefully
selected based on comprehensive literature reviews, CE is inherently variable and can differ



significantly across various combustion phases. Since this study aimed to estimate emissions over
extended periods (ranging from months to years), the adopted CE values represent average
combustion conditions rather than instantaneous ones. This averaging approach may introduce
uncertainties in the emission estimates, especially in scenarios where rapid changes in combustion
efficiency occur.

Also, the resolution of the final product (Ei or Ej) is not clear. From eq. 3, it might be emissions per
vegetation cover or per crop type. In that case, how do you address differences in spatial resolutions,
given that the vegetation cover is at 250 m, the burnt area is at 500 m, and the harvesting area dataset
is at 1 km? Please clarify.

Response: Thank you for your question. The final product (Ei or Ej) is generated at a spatial
resolution of 500 m x 500 m. All input datasets were resampled to a common resolution of 500 m
x 500 m before calculation. We have clarified in Lines 121-122:

“All datasets were resampled to 500 m resolution to ensure spatial consistency.”

What is Tc in eq. 2?

Response: Thank you for pointing this out. The term Tc in Equation 2 refers to vegetation cover
fraction. It was a typographical error, and we have removed it in the revised methods section.
Comments Specific to Results and Discussion:

L.155: “The total CO» emissions from wildfires in China from 2001 to 2022 were 693.7 Tg, with
an average annual value of 31.5 Tg, accounting for 0.46% of the total global emission of All fire
types (GFED4)...” I assume that 693.7 Tg is the estimate for this study, and the percentage ( 0.46%)
is calculated by considering the total global emission from GFED. How do your estimates compare
with existing inventories? What is the contribution percentage of Chinese wildfire emissions
according to GFED only?

Response: Thank you for your valuable comments. In the revised manuscript, we have added a
detailed comparison between the estimates of this study and the GFEDS5 global fire emission
inventory, as well as other China-related studies. We have added a relevant section (3.6 Comparison
with other studies) to the manuscript to include this comparison and discussion (Lines: 514-538).
We have also provided the detailed content of Section 3.6 “Comparison with other studies” in the
comments [Major Comments].

L.157: Does 0.52% mean net forest fire emissions to fossil fuel emissions? Biomes have
sequestration potential, and vegetation regrowth in later years can help offset the impact of wildfires.
So, it is not straightforward to compare annual biomass emissions (only) with fossil fuel emissions
to assess the biomass contribution to CO; emissions. How does the number or extent of forest fires
compare with the forest regrowth patterns across China? Please clarify.

Response: Thank you for your comment. We would like to clarify that the originally mentioned
“0.52%” referred to the ratio of annual CO; emissions from wildfires to China’s fossil fuel CO;
emissions in the same year. This figure represented gross emissions, and did not account for carbon
sequestration from post-fire vegetation regrowth. Therefore, it should not be interpreted as net
emissions. In this study, we adopted a bottom-up approach to estimate the instantaneous release of
CO,. The goal was to quantify the direct contribution of wildfires to atmospheric CO; in a given
year. This estimation method is consistent with global fire emission inventories such as GFED and
FINN, which also report gross instantaneous emissions—that is, the total amount of carbon released
to the atmosphere at the time of burning, without considering subsequent carbon uptake by



ecosystems (e.g., forest regrowth or soil carbon sequestration). We also agree with the reviewer that
the long-term carbon impact of wildfires depends not only on the amount of carbon released but
also on the ecosystem’s recovery capacity, which varies with vegetation type, climate conditions,
and post-fire regeneration. Therefore, to avoid potential misinterpretation of wildfires as a net
carbon source, we have removed this comparison from the revised manuscript.

L.159: “accounting for 46% and 32%”. Please correct it to: accounting for 46% and 32% of the total
wildfire emissions in China.”

Response: Thank you for your suggestion. The wording in the revised manuscript has been
modified (Lines: 234-236):

“CO2 emissions from cropland and forest fires were relatively high, accounting for 45% and
46% of the total wildfire emissions in China, respectively; shrub fires emissions account for 8% of
the total wildfire emissions in China, while grassland fire emissions were the lowest, accounting for

only 2% of the total wildfire emissions in China (Fig. 2b).”

Fig. 2: Forest fires show a declining trend, but I am not sure how this can be attributed solely to
effective forestry management strategies. How about the delays in forest regrowth after the extreme
fires? For example, the extreme forest fires occurred in 2003 (around Heilongjiang and Inner
Mongolia Provinces) and 2008 (Inner Mongolia), as per Fig. 8. Did this study consider the effects
of forest regrowth time?

Response: Thank you for your thoughtful question. In this study, we focused on estimating gross
wildfire-related CO; emissions based on satellite-derived burned area and biomass data, and we did
not explicitly model post-fire vegetation recovery or regrowth processes. Therefore, the potential
delays in forest regeneration following extreme fire events in 2003 and 2008 (e.g., in Heilongjiang
and Inner Mongolia) were not considered in the emission estimates. Regarding the observed decline
in forest fire emissions, we agree that this trend likely reflects a combination of factors. While
improvements in forest fire prevention and control policies in China may have played an important
role, we also recognize that climatic and ecological factors are influential. To better understand these
dynamics, we conducted spatiotemporal geographically weighted regression (GTWR) analyses
incorporating climatic variables such as temperature, precipitation, humidity, wind speed, and
sunshine duration. The results indicated that climate variables had significant and regionally
heterogeneous impacts on wildfire CO, emissions, suggesting that the observed trends are indeed
driven by multiple interacting factors—including, but not limited to, forest policy interventions. In
the revised manuscript, the discussion on the influencing factors of wildfire CO; emissions in China
is presented in Section 3.4 “The impact of factors on wildfires in China” (Lines: 333-462). We have
also provided the detailed content of Section 3.4 “The impact of factors on wildfires in China” in
the comments [Major Comments].

L.183: “.. policy management.” What about the influence of other environmental conditions, such
as crop types, harvesting cycles, crop-specific-suitable temperature, precipitation, water availability,
etc?

Response: Thank you for your valuable comment. We agree that the occurrence of cropland fires is
not only related to policy management but is also influenced by crop types and harvest cycles (such
as temperature, precipitation, and water resources). Due to limitations in the availability of crop
classification data at the national scale and over long time series, this study did not explicitly
distinguish between them. However, we recognize that differences in straw yield, flammability, and



burning timing among different crops may indeed affect the spatial and temporal patterns of
emissions. In the initial stage of this study, we used Pearson correlation coefficient analysis to
explore the relationship between climatic factors and CO; emissions, but no significant correlation
was found at the national scale, leading us to initially emphasize the role of policy management in
our discussions. However, in subsequent work, we realized that this approach failed to account for
the spatial and temporal heterogeneity of climate-fire relationships. Therefore, in the revised
manuscript, we introduced a Geographically and Temporally Weighted Regression (GTWR) model
to more appropriately characterize the dynamic relationships between climatic factors and fire
emissions. In the revised manuscript, the discussion on the influencing factors of wildfire CO,
emissions in China is presented in Section 3.4 “The impact of factors on wildfires in China” (Lines:
333-462). We have also provided the detailed content of Section 3.4 “The impact of factors on
wildfires in China” in the comments [Major Comments].

Table 1: Not clear what additional information is conveyed through spatial autocorrelations. Please
clarify.

L211: The hotspot analysis method is not clear, though the results are nicely outlined. Please include
additional details on the method.

Response: Thank you for valuable comment. We performed global spatial autocorrelation analysis
(Moran’s I) to assess whether the distribution of wildfire-related CO, emissions exhibits significant
spatial clustering. This step serves as a preliminary diagnostic to justify the use of local cluster
detection methods such as hotspot analysis. If no significant spatial autocorrelation were observed,
subsequent hotspot analysis (e.g., Getis-Ord Gi*) might not be statistically meaningful. Our results
showed significant positive Moran’s I values (e.g., [ >0, p <0.01), indicating that wildfire emissions
are not randomly distributed in space but tend to form clusters. This finding provides the statistical
rationale for conducting the hotspot analysis presented later in the manuscript, which aims to locate
areas of persistently high or low fire-related CO, emissions. We have provided a detailed description
of the Moran’s I index, hotspot analysis method (Getis-Ord Gi*) and GTWR in Section 2.3
(Lines:181-229). The details are as follows:

2.3 Spatiotemporal analysis of wildfire CO, emissions
2.3.1 Global spatial autocorrelation analysis

Global spatial autocorrelation is a fundamental concept in spatial statistics, used to assess the
overall spatial dependence of a variable across a study region. Anselin’s Moran’s I index (Anselin,
1995; Moran, 1948) and the Getis-Ord Gi coefficient® (Getis and Ord, 1992) are commonly used to
measure the degree of spatial clustering and heterogeneity. Moran’s 1 is a global spatial
autocorrelation statistic that quantifies the degree to which similar attribute values are clustered or
dispersed in space. The Moran’s I is calculated as follows:

_on o SRS wi G (x-%)
= 5 ° Tt (i —%)? ©

where I is the Global Moran’s I index, n is the total number of spatial elements; x; and x;are
the observed values at spatial units i and j,respectively; X is the mean of all observed values; w;;
is the weight matrix for the adjacency relationships between geographical units; S, is the sum of
all spatial weights. The Moran’s I is between -1 and 1. A value of I > 0 indicates positive spatial
autocorrelation, i.e., similar values (high or low) tend to occur near each other, while I < 0 indicates
dissimilar values are adjacent. I = 0 suggests a random spatial pattern. Statistical significance is
assessed by comparing the observed Moran’s 1 to a null distribution generated via random



permutations. A z-score > 2.58 and p-value < 0.01 indicates a statistically significant spatial
clustering pattern at the 99% confidence level. In the context of this study, significantly positive
Moran’s I values indicate that wildfire CO, emissions are spatially clustered, meaning that regions
with high emissions tend to be adjacent to other high-emission areas, and low-emission regions are
likewise grouped. This justifies further localized analyses such as hotspot detection.
2.3.2 Hot spot analysis

While Moran’s I provides a global measure of spatial autocorrelation, it does not explicitly
identify localized clusters of high or low values. To address this limitation, the Getis-Ord Gi*
statistic(Getis and Ord, 1992) is commonly used to identify statistically significant hotspots and
coldspots within spatial datasets. Unlike Moran’s I, which captures both positive and negative
spatial autocorrelation, the Gi* statistic focuses on detecting concentration patterns of high or low
values within the study area. The Getis-Ord Gi* statistic is defined as:
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Where G/ is the Getis-Ord Gi* statistic for location i; x; is the observed value at location j
(e.g., CO2 emissions); X is the global mean of the observed variable; w;; is the spatial weight
matrix, representing the spatial relationship between locations i and j; n is the total number of
spatial units; S is the standard deviation of the observed values.

The Gi* statistic is essentially a ratio that compares the local sum of a variable within a
specified distance to the global sum, adjusted for the number of spatial units and their spatial
relationships. High positive Gi* values indicate clusters of high values (hotspots), while low
negative Gi* values indicate clusters of low values (coldspots). Locations with Gi* values near zero
indicate random spatial patterns without significant clustering. Statistical significance is assessed
using Z-scores and corresponding p-values. In this study, Gi* analysis was used to detect persistent
high- and low-emission clusters of wildfire CO, emissions across China from 2001 to 2022. The
results provided spatially explicit insights into emission patterns and their temporal dynamics.
2.3.3 Geographically and temporally weighted regression model

To capture the spatial and temporal variations of the drivers of wildfire CO, emissions, the
Geographically and Temporally Weighted Regression (GTWR) model was used (Huang et al., 2010).
Unlike traditional global regression models, GTWR allows the coefficients of explanatory variables
to vary across both space and time, providing a more precise estimation of the local influence of
different driving factors. The GTWR model is defined as:

Vi = Po(ui, vy, 6;) + Xk Bre(ui vi, t)xip + €; (®)

Where x; is the response variable (wildfire CO2 emissions); (u;, v;,t;) are the spatial
coordinates and timestamp for location i; f3, is the intercept term; [, is the local coefficient for
the kth explanatory variable; x;;, is the kth explanatory variable; €; is the error term. The
accuracy of the GTWR model depends significantly on the choice of bandwidth and kernel function,
which control the spatial and temporal influence of neighboring observations. In this study, an
adaptive bandwidth was used to ensure that each observation has a sufficient number of neighbors,
while a tricube kernel was selected for its smooth distance decay function. The optimal bandwidth
was determined using the corrected Akaike Information Criterion (AICc), a widely used criterion
for model selection that balances model complexity and goodness of fit (Hurvich et al., 1998;
Hurvich and Tsai, 1989). This approach enabled us to explore how the effects of climatic and



socioeconomic variables on wildfire emissions vary across regions and over time.

L245: Please rewrite clearly - there is no downward trend (in Fig. 8d and Fig.3) for Heilongjiang
and Inner Mongolia regions after 2012 (after the implementation of China’s strict ban on open-air
biomass burning) - is there any reason for this?

Response: Thank you for your insightful comment. We have further discussed this in the revised
manuscript (The impact of factors on wildfires in China Lines: 447-463). The details are as follows:

“Notably, northeastern China is the only region where cropland burning has increased in recent
years, highlighting the need for adaptive rather than restrictive policies. As one of China’s major
grain-producing regions, Northeast China generates large volumes of straw. Harsh winters and short
windows for straw return or removal, combined with long-established farming practices, have made
complete bans on straw burning particularly challenging. Prior to strict open-burning prohibitions,
farmers often burned straw in a dispersed, low-intensity manner, making detection by satellite-based
fire products difficult, potentially resulting in systematic underestimation of early emissions. After
the implementation of strict bans, facing growing pressure from unprocessed straw accumulation,
therefore, some local governments adopted more adaptive fire management policies, such as
designating burning windows under favorable meteorological conditions. These “limited and
concentrated burning periods” led to spatiotemporally clustered fire events that were more easily
captured by remote sensing. In recent years, the Chinese government has also promoted the
scientific incorporation of straw into soils, off-field collection, and the industrial utilization of crop
residues in Northeast China. These efforts highlight the significant role of policy in shaping
emission trends from agricultural burning, particularly in regions where environmental constraints

and traditional farming practices pose unique challenges.”

Sect. 3.4: The use of vegetarian primary productivity and the NDVI in factor analyses is
inappropriate. They are already part of the wildfire emission calculation; hence, they must be highly
correlated with emissions. Please clarify.

Response: Thank you for pointing this out. We agree with the reviewer’s concern that including
vegetation productivity (such as NDVI and NPP) in the impact factor analysis is inappropriate, as
these variables are directly or indirectly involved in the estimation of wildfire CO, emissions. In the
revised manuscript, we have removed the Normalized Difference Vegetation Index (NDVI) and Net
Primary Productivity (NPP) from the set of independent variables used in the regression and spatial
analyses to avoid redundancy and potential collinearity issues. This revision enhances the robustness
and interpretability of the impact factor analysis. In the revised manuscript, the discussion on the
influencing factors of wildfire CO» emissions in China is presented in Section 3.4 “The impact of
factors on wildfires in China” (Lines: 333-462). We have also provided the detailed content of
Section 3.4 “The impact of factors on wildfires in China” in the comments [Major Comments].
Sect. 3.4: “... daily cumulative sunshine hours (forest:-0.41, shrub:0.25; p < 0.001) ..., while the
main factor affecting CO, emissions from grassland fires was temperature (-0.45, p <0.001)”. How
have these correlation coefficients become negative?

Response: Thank you for your thoughtful question. These coefficients were initially obtained
through Spearman’s rank correlation, a method that assumes the independence of observations.
However, due to the presence of spatial autocorrelation in our data, this assumption is not valid,
potentially leading to inflated significance levels and misleading correlation signs. To address this
issue and better account for spatiotemporal heterogeneity, we have replaced the correlation analysis



with a Geographically and Temporally Weighted Regression (GTWR) model in the revised
manuscript. In the revised manuscript, the discussion on the influencing factors of wildfire CO»
emissions in China is presented in Section 3.4 “The impact of factors on wildfires in China” (Lines:
333-462). We have also provided the detailed content of Section 3.4 “The impact of factors on
wildfires in China” in the comments [Major Comments].

L275: “An increase in GDP and population density was often accompanied by better agricultural
technology and management practices, including more effective management alternatives to straw
burning.” Please backup.

Response: Thank you for your insightful comment. We agree that the original description of the
relationship between GDP/population density and improved agricultural practices required more
robust justification. We reviewed several studies on straw burning in China and found that more
economically developed regions in China do tend to adopt alternative straw management practices
such as straw returning to fields or off-site utilization. For example, a study in Hunan Province
found a negative correlation between GDP, population density, and the incidence of straw burning.
In the revised manuscript, we re-conducted the impact factor analysis of wildfire emissions using
geographically and temporally weighted regression (GTWR). In the revised manuscript, the
discussion on the influencing factors of wildfire CO, emissions in China is presented in Section 3.4
“The impact of factors on wildfires in China” (Lines: 333-462). We have also provided the detailed
content of Section 3.4 “The impact of factors on wildfires in China” in the comments [Major
Comments].

L280: “China’s policies have also significantly reduced CO, emissions from opening biomass
burning fires.” This is quite contradictory to Fig. 3

Response: Thank you for pointing out this important inconsistency. We agree that the original
statement “China’s policies have significantly reduced CO; emissions from open biomass burning”
was overly general and did not fully reflect the regional disparities. In the revised manuscript, we
have rephrased this statement to more accurately reflect the spatial heterogeneity in emission trends.
In the revised manuscript, the discussion on the influencing factors of wildfire CO, emissions in
China is presented in Section 3.4 “The impact of factors on wildfires in China” (Lines: 433-462).
We have also provided the detailed content of Section 3.4 “The impact of factors on wildfires in
China” in the comments [Major Comments].

L311: “However, the current international assessment and national emission reduction
responsibilities do not include wildfire carbon emissions or consider measures such as reducing
wildfire frequency and intensity through wildfire management.” I’'m not sure if this is entirely
correct.

Response: Thank you for this important observation. We agree that our original statement may have
been overly absolute. While it is true that wildfire emissions are not consistently included in formal
national greenhouse gas (GHG) inventories under the UNFCCC, some countries do report wildfire-
related CO» emissions in the Land Use, Land-Use Change and Forestry (LULUCF) sector. However,
these are often treated as natural disturbances and excluded from anthropogenic emission reduction
targets, unless directly influenced by human activity or managed interventions. In the revised
manuscript, we have modified this statement to reflect this nuance more accurately.

Comments Specific to Conclusion:

L329: “Human activities significantly influence CO2 emissions from cropland fires. Emissions
negatively correlated with GDP (-0.52) and population density (-0.51).” These two sentences seem



to be contradictory.

L330: “Various factors, such as accumulated sunshine hours (-0.41, p < 0.001) ...), mainly
influenced emissions from forest and shrub fires, while temperature (-0.45, p < 0.001) primarily
affected emissions from grassland fires.” Please see my comments above - why are they negatively
correlated?

Response: Thank you for your follow-up comment regarding the direction of the correlation. As
mentioned in our previous response, the original correlation values were obtained through
Spearman’s correlation analysis, which assumes the independence of observations. However, due
to the presence of spatial autocorrelation in the emission and climate data, this assumption may not
hold, potentially leading to biases in the direction of the correlation or an overestimation of
significance levels. In the revised manuscript, we have replaced this method with a Geographically
and Temporally Weighted Regression (GTWR) model, which accounts for spatial heterogeneity and

allows for a more accurate estimation of the impact of various factors.



Reviewer #2:

The study presents a well-structured and timely study on wildfire CO2 emissions in China, using
satellite data and a bottom-up approach to analyze spatiotemporal trends from 2001 to 2022. The
topic is highly relevant to climate change mitigation and environmental governance, and the
methodology appears robust. However, several aspects could be clarified or expanded to strengthen
the manuscript’s impact and scientific rigor.

(1) The authors should reconsider the title of the manuscript. While this study focuses exclusively
on wildfire CO: emissions in China, the current title, “Global carbon emission accounting: national-
level assessment of wildfire CO2 emission—a case study of China”, suggests a broader global scope.
This could be misleading to readers, as the study does not provide data or analysis on global carbon
emissions or wildfire CO2 emissions beyond China. If this is part of a series of publications on
global carbon emission accounting with a focus on individual countries, it would be helpful to
clarify this in the title. A more precise and region-specific title would better reflect the study’s
content and avoid confusion.

Response: We greatly appreciate your insightful suggestions regarding the manuscript title. We
fully agree with the reviewer’s perspective that the original title might mislead readers. To address
this issue and more accurately reflect the content and scope of the paper, we have revised the title

to:
“Spatiotemporal patterns and drivers of wildfire CO, emissions in China from 2001 to 2022”

We are extremely grateful for the reviewer’s recommendations, which have helped enhance the
clarity and accuracy of the manuscript’s presentation.

(2) This study only presents the average CO, emissions from wildfires but does not estimate the
uncertainties propagating from emission factors and activity data. Without such an uncertainty
assessment, readers cannot evaluate the reliability and accuracy of the wildfire CO, emission
estimates. Consequently, the claim on page 18, lines 306-307, that “wildfire CO» emissions provide
accurate input data for simulating the effects of wildfires on air quality, climate, and human health”
warrants reconsideration. The reviewer suggests to include an uncertainty assessment, which would
significantly strengthen the study’s conclusions and enhance its credibility for use in simulation
models. In addition, the uncertainty of CO, emissions can be included in figures, for example, Figure
2, Figure 3.

Response: Thank you for your valuable suggestion. In the revised manuscript, we have conducted
a Monte Carlo uncertainty analysis to quantify the uncertainty associated with emission factors and
activity data. The results have been incorporated into a new section 3.5 “Uncertainty analysis”
(Lines: 463-513). Additionally, to better communicate the uncertainties in our estimates, we have
revised the figures accordingly. Figure 2 and Figure 3 have been merged into Figure 2, and we now
include a visual representation of the uncertainty range: “The grey shaded area represents the 5th-
95th percentile confidence interval derived from the Monte Carlo uncertainty analysis” (Lines: 237-
244). The details are as follows:

3.5 Uncertainty analysis

A Monte Carlo simulation (100,000 iterations) was conducted to assess the uncertainty in the
estimated wildfire CO» emissions. Monte Carlo simulation is a probabilistic method that generates
a large number of possible outcomes based on random sampling from the input parameter
distributions, thereby providing a comprehensive assessment of model uncertainty. The



uncertainties in emission estimates in this study mainly originated from satellite-derived BA
products, AGB, CE, and EF. All parameters, except CE, were assumed to follow normal
distributions, as suggested by Zhao et al. (2011). CE values were assigned triangular distributions
based on vegetation types, with parameter ranges derived from empirical data and literature sources
(Junpen et al., 2020; Mieville et al., 2010; Ping et al., 2021; Van Leeuwen et al., 2014; Zhou et al.,
2017). For forest and grassland fires, CE was parameterized the FVC-based empirical relationship
proposed by Hély et al. (2003), while fixed CE values were applied to shrub and cropland fires. The
coefficients of variation (CV) of EF were estimated based on the mean and variability summarized
from multiple published sources. Monte Carlo simulations showed that CE and EF contributed less
to total emission variability compared to BA and AGB.

Among all parameters, BA emerged as the dominant source of uncertainty. However ,the
uncertainty in retrieved from satellite products is difficult to quantify (Hoelzemann et al., 2004; Wu
et al., 2018). The MCD64A 1 product performs reliably in detecting large fires(Giglio et al., 2018),
and its CV was adopted from Giglio et al. (2010). While we also recognize that the MODIS
MCD64A1 product tends to underestimate small, fragmented, or low-intensity fires. To evaluate
and adjust for this underestimation, we conducted a comprehensive comparison using FireCCI51
(250 m resolution), GFED (500 m resolution), the novel 30-m resolution Global annual Burned Area
Map (GABAM, 30 m resolution) (Long et al., 2019), and FINN datasets for the year 2015 (Table
S5). The comparison showed that MODIS systematically underestimated burned areas. Despite its
higher spatial resolution, GABAM reported smaller cropland fire areas, likely due to its limited
temporal resolution. The FINN dataset differed significantly from all other products, with its burned
areas generally higher than other data products. Based on these comparisons, we derived a scaling
factor (a;) using the FireCCI51 and GFED datasets and applied them to MODIS burned area
estimates. On average, this adjustment increased MODIS-based BA estimates by approximately 1.5
times. To further evaluate the representativeness of our correction method, we compared the
standard FINN dataset with a revised version, FINN_VIIR, which incorporates VIIRS active fire
detection data (375 m resolution). VIIRS is known to better capture small and short-duration fires
often missed by MODIS. Our analysis showed that the burned area in FINN VIIR was
approximately 40% higher than in the standard FINN dataset, which closely aligns with the scaling
factor applied in our MODIS-based correction. This consistency provides further support for the
effectiveness of our BA adjustment strategy.

AGB is another major contributor to emissions uncertainty. To reflect interannual changes in
biomass, we employed the AGB dataset from Su et al. (2016) for the period 2001-2012 and that
from Yin et al. (2023) for 2013-2022 for calculating forest fire CO; emissions. The mean difference
between the two datasets was approximately 7% (100 t/ha vs. 107 t/ha), well within the £50%
uncertainty range reported by Yin et al. (2023), confirming their compatibility for long-term analysis.
For shrub fire CO, emissions, we employed localized biomass density values from Hu et al. (2006),
enhancing the regional representativeness of AGB inputs. For grassland fire CO, emissions, we used
the index model based on the NDVI developed by Gao et al. (2006). We acknowledge that NDVI-
based models may underestimate AGB in dense vegetation due to saturation. To address this, we
compared the exponential model by Gao et al. (2012) with the saturation-corrected model by Hu et
al. (2024) for alpine meadows in China. The mean AGB estimates were 210 g/m? (Gao et al., 2012)
and 214 g/m? (Hu et al., 2024), with a small difference of 1.9%, well within the reported uncertainty
bounds of both models (£62.5 g/m? for Gao et al., 2012; 85 g/m? for Hu et al., 2024). Given the



broader applicability of Gao’s model across diverse grassland types (e.g., arid steppe, wetlands,
meadow grasslands), we adopted it for national-scale grassland AGB estimation. For forest, shrub
and grassland fire CO, emissions, the uncertainty in AGB was derived from values reported in the
literature. For cropland fire CO; emissions, AGB was derived from national statistical records, with
CV set at 20% (Zhou et al., 2017).

Table 4 presented the total wildfire CO, emissions and their associated uncertainty ranges
across different vegetation cover types. On average, the estimated uncertainties in CO, emissions
were (-39%, +76%) for forest fires, (-37%, +20%) for shrub fires, (-26%, +58%) for grassland fires,
and (-50%, +51%) for cropland fires. The large uncertainties in forest, shrub, and grassland fire CO,
emissions were mainly due to uncertainties in AGB and BA estimates. The uncertainty in cropland
fire CO, emissions uncertainty primarily reflected possible under-detection of BA. Despite these
uncertainties, this study incorporated multiple BA datasets, multi-temporal vegetation cover datasets,
regionally validated AGB estimates, and a comprehensive set of EF, resulting in a spatially
representative characterization of wildfire CO, emissions and their temporal evolution in China.

Table 4 The uncertainty estimation of wildfires CO2 emissions from 2001 to 2022.

Year Forest Shrub Grassland Cropland All types

2001 (-38%, 72%)  (-35%, 18%)  (-28%, 62%)  (-49%, 39%)  (-39%, 62%)
2002 (-35%, 68%)  (-34%, 16%)  (-24%,47%)  (-49%, 34%)  (-39%, 54%)
2003 (-39%, 74%)  (-34%, 15%)  (-35%, 65%)  (-51%,47%)  (-39%, 66%)
2004 (-36%, 69%)  (-37%, 22%)  (-15%, 58%)  (-50%, 40%)  (-39%, 57%)
2005  (-31%, 58%)  (-33%, 14%)  (-18%, 57%)  (-54%, 45%)  (-41%, 47%)
2006  (-30%, 56%)  (-32%, 12%)  (-18%, 62%)  (-56%, 47%)  (-46%, 48%)
2007  (-29%, 54%)  (-32%, 13%)  (-13%, 48%)  (-53%, 34%)  (-40%, 41%)
2008  (-50%,106%)  (-42%, 29%)  (-39%, 67%)  (-52%,43%)  (-50%, 93%)
2009  (-38%, 74%)  (-39%, 26%)  (-20%, 56%)  (-51%, 35%)  (-42%, 54%)
2010 (-37%, 73%)  (-45%, 34%)  (-15%, 82%)  (-59%, 50%)  (-48%, 56%)
2011 (-36%, 68%)  (-36%, 19%)  (-23%, 53%)  (-51%, 42%)  (-44%, 52%)
2012 (-35%, 66%)  (-36%, 18%)  (-27%, 57%)  (-58%, 44%)  (-52%, 47%)
2013 (-35%, 69%)  (-33%, 14%)  (-19%, 44%)  (-48%, 34%)  (-43%, 42%)
2014 (-40%, 79%)  (-36%, 19%)  (-26%, 68%)  (-43%, 39%)  (-41%, 50%)
2015 (-40%, 76%)  (-39%, 25%)  (-35%, 53%)  (-44%,43%)  (-42%, 53%)
2016  (-44%,91%)  (-42%, 29%)  (-24%, 54%)  (-46%, 56%)  (-44%, 70%)
2017  (-40%, 76%)  (-37%,21%)  (-37%, 57%)  (-45%, 59%)  (-43%, 62%)
2018  (-53%,114%)  (-41%, 27%)  (-30%, 59%)  (-45%, 62%)  (-49%, 90%)
2019 (-43%, 83%)  (-34%, 16%)  (-36%, 50%)  (-49%, 72%)  (-45%, 74%)
2020 (-48%, 95%)  (-40%, 24%)  (-39%, 62%)  (-53%, 86%)  (-50%, 85%)
2021 (-45%, 89%)  (-38%, 21%)  (-28%, 53%)  (-57%, 98%)  (-53%, 92%)
2022 (-35%, 66%)  (-34%, 16%)  (-24%, 56%)  (-45%, 66%)  (-42%, 63%)
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Figure 2: (a) Annual CO2 emissions within specific vegetation cover types from 2001 to 2022 in China; (b)
Contribution of different vegetation cover types to the total CO2 emissions from 2001 to 2022 in China. (c—f) Time
series of CO2 emissions for forest, shrub, grassland and cropland, respectively; the red dashed line is the linear trend
and the grey shaded envelope represents the 5th-95th percentile confidence interval from Monte Carlo uncertainty
analysis; the p-values are derived from the Mann-Kendall trend test, a non-parametric statistical method used to
assess the presence of a monotonic (increasing or decreasing) trend in a time series without assuming any specific
data distribution. A p-value < 0.05 indicates a statistically significant trend at the 95% confidence level.

(3) The reviewer suggests that the authors consider reorganizing method Section 2.3 to improve the
logical flow. Specifically, moving Section 2.3.4 (CO: emission estimation) to the beginning of
Section 2.3, before Section 2.3.1 (Emission Factors), would create a more coherent structure. This
reorganization would allow the authors to first present the overall approach for estimating CO:
emissions, followed by the details of the input parameters, such as emission factors (Section 2.3.1)
and activity data (Sections 2.3.2 and 2.3.3). This adjustment would enhance the clarity and
readability of the Methods section, making it easier for readers to follow.

Response: Thank you for your constructive suggestion. In the revised manuscript, we have
reorganized Section 2.2 as recommended. The description of the overall CO; emission estimation
method now appears at the beginning of the section (as the new Section 2.2.1), followed by the
details on emission factors and activity data. This adjustment improves the clarity and logical flow
of the methods, making it easier for readers to understand the structure of the emission estimation

framework. The details are as follows:

2.2 CO; emission estimation
2.2.1 Burned areas
2.2.2 Emission factors
2.2.3 Aboveground biomass
2.2.4 Combustion efficiency

(4) In the in-text citations and reference list, the surnames “van der Werf” and “van Wees” are
incorrectly formatted, with “van der”, “van”, capitalized. According to academic citation
conventions, prefixes like “van der”, “van”, and similar are not capitalized unless they appear at the
beginning of a sentence. These prefixes are considered part of the Dutch surname but are not treated
as independent proper nouns. Correcting this will ensure the citations follow established formatting

standards and provide proper attribution to the authors.



Response: Thank you for pointing out this citation formatting issue. We have carefully reviewed
and corrected all instances of Dutch surnames in both the in-text citations and reference list in
accordance with academic style guidelines. The prefixes such as “van” and “van der” are now
consistently formatted in lowercase, except when appearing at the beginning of a sentence.

(5) Page 3, Line 79: Replace “The study results can provide...” with “The results of this study can
provide”

Response: Thank you for the suggestion. The sentence on line 79 has been revised for clarity.

(6) Page 3, Line87: Add “geographical” before the “distribution” in the sentence “There are
differences in the distribution of cropland, grassland, shrubs, and forests in China.”

Response: Thank you for the correction. We have inserted “geographical” before “distribution” to
improve clarity (Line 99).

(7) Page 4, Line 101: Replace “spatial” with “spatiotemporal” in the sentence “Vegetation cover
data were combined with fire area data to extract spatial data, including the time and geographic
coordinates of fire occurrence, burned area,”

Response: Thank you for the suggestion. In the revised manuscript, this section has been
reorganized and merged into the methods section based on suggestions from other reviewers. The
original sentence has been restructured and the terminology has been updated accordingly. The
revised text now more accurately reflects the integration of both spatial and temporal fire data.

(8) Page 5, Line 126: The citation for the China Statistical Yearbook should be included both as an
in-text citation and in the reference list.

Response: Thank you for your comment. We have corrected this in the revised manuscript by
adding an in-text citation for the China Statistical Yearbook and including the full reference in the
reference list (Lines: 738-739).

“NBSC (National Bureau of Statistics of China): China Statistical Yearbook (2001-2022),
National Bureau of Statistics of China, Beijing, China.”

(9) Page 6, Line 137: “Combustion efficiency” should more appropriately be abbreviated as “CE”
rather than “CF”.

Response: Thank you for pointing this out. We have corrected the abbreviation throughout the
manuscript, replacing “CF” with “CE” where referring to combustion efficiency to ensure
consistency and accuracy.

(10) Page 9, Line 183—185: The manuscript states that “The high emissions of cropland fires in
March and April mainly originated from Heilongjiang and Jilin Provinces. The high emissions of
cropland fires in May and June mainly came from the Anhui, Henan, and Jiangsu Provinces.” Could
the authors explain why the cropland fire emissions peak at different months between the two
regions (“Heilongjiang and Jilin Provinces” vs. “Anhui, Henan, and Jiangsu Provinces”)?
Response: Thank you for this thoughtful question. We have added this explanation to the revised

manuscript to clarify the observed seasonal differences in cropland fire emissions (Lines: 263-269):

“In contrast, the spatial distribution of emissions from cropland fires varied significantly across
different months and was likely influenced by policy management (Fig.4). High emissions in March
and April were concentrated in NE region, while emissions in May and June were primarily
associated with the NC region. The regional difference in peak emission months can be attributed
to distinct cropping systems and climatic conditions. In the NE region (e.g., Heilongjiang and Jilin),
cold winters and delayed spring thaw often push straw burning activities into March-April,



following the autumn harvest. In contrast, the NC region (e.g., Anhui, Henan, Jiangsu) practices a
double-cropping system of winter wheat and summer maize, where wheat is harvested in May—June,

and burning of straw residues is typically observed during this transition period.”

(11) Throughout the manuscript, the “p” in p-values should be italicized to align with standard
formatting conventions in scientific writing.

Response: Thank you for pointing this out. We have corrected the formatting throughout the
manuscript by italicizing all instances of “p” in p-values to align with scientific style guidelines.
(12) Page 11, Line 202: do the authors intent to say “national wide” instead of “global”? Again, the
CO2 emission in China is clearly not global. In addition, the spatial autocorrelation analysis (now
in the supplement) and Table 1 should be moved to the method section in the main text. Further, the
authors state that “the p values were all less than 0.01, with a confidence level of 99%; the Moran's
I values were all positive, with a Z score greater than 2.58, indicating a significant positive spatial
autocorrelation of CO: emissions from wildfires, exhibiting an aggregation pattern in spatial
distribution.” However, the terms “positive spatial autocorrelation” and “aggregation pattern in
spatial distribution” are not clearly explained in the manuscript. Could the authors elaborate on what
these terms specifically mean in the context of wildfire CO, emissions?

Response: Thank you for your thoughtful comments. We would like to clarify that the term “global
spatial autocorrelation” refers to global (or overall) Moran’s I analysis in spatial statistics, and does
not imply global geographic coverage. In this context, “global” refers to the entire study region
(China), in contrast to “local” indicators such as Getis-Ord Gi*. To avoid confusion, we have revised
the manuscript to clarify this terminology. Regarding the interpretation of “positive spatial
autocorrelation” and “clustered spatial pattern”, we have added a brief explanation to the methods
(Lines: 181-229). In line with your recommendation, we have also moved the spatial autocorrelation
analysis from the Supplementary Materials into the main Methods section (Section 2.3) to improve
clarity and accessibility. The details are as follows:

2.3 Spatiotemporal analysis of wildfire CO, emissions
2.3.1 Global spatial autocorrelation analysis

Global spatial autocorrelation is a fundamental concept in spatial statistics, used to assess the
overall spatial dependence of a variable across a study region. Anselin’s Moran’s I index (Anselin,
1995; Moran, 1948) and the Getis-Ord Gi coefficient* (Getis and Ord, 1992) are commonly used to
measure the degree of spatial clustering and heterogeneity. Moran’s 1 is a global spatial
autocorrelation statistic that quantifies the degree to which similar attribute values are clustered or
dispersed in space. The Moran’s I is calculated as follows:

n i Xy wij (=) (x—%)
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(6)

where I is the Global Moran’s I index, n is the total number of spatial elements; x; and x;are
the observed values at spatial units i and j,respectively; X is the mean of all observed values; w;;
is the weight matrix for the adjacency relationships between geographical units; S, is the sum of
all spatial weights. The Moran’s I is between -1 and 1. A value of I > 0 indicates positive spatial
autocorrelation, i.e., similar values (high or low) tend to occur near each other, while I <0 indicates
dissimilar values are adjacent. I = 0 suggests a random spatial pattern. Statistical significance is
assessed by comparing the observed Moran’s 1 to a null distribution generated via random
permutations. A z-score > 2.58 and p-value < 0.01 indicates a statistically significant spatial



clustering pattern at the 99% confidence level. In the context of this study, significantly positive
Moran’s I values indicate that wildfire CO, emissions are spatially clustered, meaning that regions
with high emissions tend to be adjacent to other high-emission areas, and low-emission regions are
likewise grouped. This justifies further localized analyses such as hotspot detection.
2.3.2 Hot spot analysis

While Moran’s I provides a global measure of spatial autocorrelation, it does not explicitly
identify localized clusters of high or low values. To address this limitation, the Getis-Ord Gi*
statistic(Getis and Ord, 1992) is commonly used to identify statistically significant hotspots and
coldspots within spatial datasets. Unlike Moran’s I, which captures both positive and negative
spatial autocorrelation, the Gi* statistic focuses on detecting concentration patterns of high or low
values within the study area. The Getis-Ord Gi* statistic is defined as:
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Where G/ is the Getis-Ord Gi* statistic for location i; x; is the observed value at location j
(e.g., CO2 emissions); X is the global mean of the observed variable; w;; is the spatial weight
matrix, representing the spatial relationship between locations i and j; n is the total number of
spatial units; S is the standard deviation of the observed values.

The Gi* statistic is essentially a ratio that compares the local sum of a variable within a
specified distance to the global sum, adjusted for the number of spatial units and their spatial
relationships. High positive Gi* values indicate clusters of high values (hotspots), while low
negative Gi* values indicate clusters of low values (coldspots). Locations with Gi* values near zero
indicate random spatial patterns without significant clustering. Statistical significance is assessed
using Z-scores and corresponding p-values. In this study, Gi* analysis was used to detect persistent
high- and low-emission clusters of wildfire CO: emissions across China from 2001 to 2022. The
results provided spatially explicit insights into emission patterns and their temporal dynamics.
2.3.3 Geographically and temporally weighted regression model

To capture the spatial and temporal variations in wildfire CO- emissions, the Geographically
and Temporally Weighted Regression (GTWR) model was used(Huang et al., 2010). Unlike
traditional global regression models, GTWR allows the coefficients of explanatory variables to vary
across both space and time, providing a more precise estimation of the local influence of different
driving factors. The GTWR model is defined as:

Vi = Bo(uy vy, ;) + X Bre(wi, viy t)Xie + € (8)

Where x; is the response variable (wildfire CO2 emissions); (u;, v;,t;) are the spatial
coordinates and timestamp for location i; f3, is the intercept term; [, is the local coefficient for
the kth explanatory variable; x;, is the kth explanatory variable; €; is the error term. The
accuracy of the GTWR model depends significantly on the choice of bandwidth and kernel function,
which control the spatial and temporal influence of neighboring observations. In this study, an
adaptive bandwidth was used to ensure that each observation has a sufficient number of neighbors,
while a tricube kernel was selected for its smooth distance decay function. The optimal bandwidth
was determined using the corrected Akaike Information Criterion (AICc), a widely used criterion
for model selection that balances model complexity and goodness of fit(Hurvich et al., 1998;
Hurvich and Tsai, 1989). This approach enabled us to explore how the effects of climatic and

socioeconomic variables on wildfire emissions vary across regions and over time.



(13) Page 13, Line 244-245: The manuscript states that “After the implementation of China’s strict
ban on open-air biomass burning in 2012, emissions decreased, showing an overall downward trend.”
However, the Fig. 8d shows the opposite for Inner Mongolia that the cropland CO2 emissions in
Inner Mongolia increased strongly from 2012. Could the authors explain why is it?

Response: Thank you for your careful observation. We hereby clarify that the region showing an
increasing trend in cropland CO; emissions after 2012 is Heilongjiang Province, not Inner Mongolia.
This trend has been addressed in the revised manuscript. We have clarified this point in the revised
text and ensured that the differences in regional trends are clearly communicated to avoid similar
confusion (Lines: 447-462):

“Notably, northeastern China is the only region where cropland burning has increased in recent
years, highlighting the need for adaptive rather than restrictive policies. As one of China’s major
grain-producing regions, Northeast China generates large volumes of straw. Harsh winters and short
windows for straw return or removal, combined with long-established farming practices, have made
complete bans on straw burning particularly challenging. Prior to strict open-burning prohibitions,
farmers often burned straw in a dispersed, low-intensity manner, making detection by satellite-based
fire products difficult, potentially resulting in systematic underestimation of early emissions. After
the implementation of strict bans, facing growing pressure from unprocessed straw accumulation,
therefore, some local governments adopted more adaptive fire management policies, such as
designating burning windows under favorable meteorological conditions. These “limited and
concentrated burning periods” led to spatiotemporally clustered fire events that were more easily
captured by remote sensing. In recent years, the Chinese government has also promoted the
scientific incorporation of straw into soils, off-field collection, and the industrial utilization of crop
residues in Northeast China. These efforts highlight the significant role of policy in shaping
emission trends from agricultural burning, particularly in regions where environmental constraints

and traditional farming practices pose unique challenges.”

(14) Page 14, Line 253: The statement “High emissions still existed in Heilongjiang and Inner
Mongolia in the east” is somewhat unclear. It is not immediately apparent whether “in the east”
refers to the eastern parts of Heilongjiang and Inner Mongolia, or whether it refers to these regions
being in the eastern part of a larger geographical context (e.g., China).

Response: Thank you for pointing out this ambiguity. We agree that the phrase “in the east” was
vague and could be misinterpreted in the context of regional emission patterns. In the revised
manuscript, we have removed this sentence entirely to avoid confusion. Additionally, we have
restructured the discussion by integrating the temporal trend analysis of emissions (previously
discussed here) into the section on policy impacts. This change improves the clarity and coherence
of the narrative by linking emission changes more directly to relevant regulatory milestones. As
discussed in detail in our response to Comment (15). We believe this revision enhances both the
readability and scientific rigor of the manuscript.

(15) Page 16, Line 280: The statement “China’s policies have also significantly reduced CO;
emissions from opening biomass burning fires” requires clarification. Are these policies specifically
targeting cropland fires, or do they apply more broadly? If the focus is on cropland fires, the sentence
should be revised to clarify. Additionally, it should be noted that, in principle, all wildfires are open

biomass burning.



Response: Thank you for your insightful comments. We acknowledge that the original statement
was overly broad and lacked specificity regarding policy targets. In the revised manuscript, we have
incorporated this analysis into Section 3.4. The details are as follows (Lines: 438-462):

“In China, the role of policy is particularly significant. Wu et al. (2018) reviewed 51 crop straw
management regulations issued between 1965 and 2015, with 34 implemented after 2008. The
timing of these intensive regulatory efforts closely aligns with key turning points in emission trends
(Fig. 12). For cropland fires, annual CO; emissions increased from 8.2 Tg/year during 2001-2005
to 26.2 Tg/year during 2010-2016, but began to decline following the revision of the Air Pollution
Prevention and Control Law in 2015 and the launch of the Air Pollution Action Plan in 2013.
Similarly, after the implementation of the National Forest Fire Prevention Plans in 2009 and 2016,
CO; emissions from forest, shrub and grassland fires dropped from 38.1 Tg/year (2006-2009) to
13.3 Tg/year (2017-2022). Jin et al. (2022) further estimated that over 80% of wildfire-related CO,
emissions could be avoided under effective fire management. These findings strongly indicate that
policy management plays a critical role in wildfire CO» emissions.

Notably, northeastern China is the only region where cropland burning has increased in recent
years, highlighting the need for adaptive rather than restrictive policies. As one of China’s major
grain-producing regions, Northeast China generates large volumes of straw. Harsh winters and short
windows for straw return or removal, combined with long-established farming practices, have made
complete bans on straw burning particularly challenging. Prior to strict open-burning prohibitions,
farmers often burned straw in a dispersed, low-intensity manner, making detection by satellite-based
fire products difficult, potentially resulting in systematic underestimation of early emissions. After
the implementation of strict bans, facing growing pressure from unprocessed straw accumulation,
therefore, some local governments adopted more adaptive fire management policies, such as
designating burning windows under favorable meteorological conditions. These “limited and
concentrated burning periods” led to spatiotemporally clustered fire events that were more easily
captured by remote sensing. In recent years, the Chinese government has also promoted the
scientific incorporation of straw into soils, off-field collection, and the industrial utilization of crop
residues in Northeast China. These efforts highlight the significant role of policy in shaping
emission trends from agricultural burning, particularly in regions where environmental constraints

and traditional farming practices pose unique challenges.”
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Figure 12. Temporal trends in annual CO2 emissions from cropland burning and forest, shrub, and grassland fires
in China (2001-2022), and key national policy milestones related to fire and air pollution control.

(16) Inconsistency between text and figure. line 295-206 states “Since 2012, following the

implementation of policies for air pollution prevention and control, CO; emissions from cropland

fires have decreased (Fig. 7d)”, however, Figure 3d appears to show the opposite trend. Additionally,

Figure 7d does not show the temporal variations of CO; emissions.

Response: Thank you for highlighting this important inconsistency. We acknowledge that the

original statement was overly general and incorrectly referenced Figure 7d instead of Figure 3d. In

the revised manuscript, we have corrected the figure citation and clarified the interpretation to better

reflect the data presented.



Reviewer #3:

GENERAL:

This study analyzes the spatiotemporal variation of carbon dioxide emissions from wildfires in
China from 2001 to 2022 based on high-resolution satellite-derived data and emission factors of
various vegetation cover types, then further examine the correlation between wildfire emissions and
multiple meteorological and anthropogenic factors. Overall, this study makes a valuable
contribution by providing a comprehensive, long-term dataset with high temporal and spatial
resolution, which enhances our understanding of the evolution of wildfire emissions across different
ecosystems in China. Compared with previous studies, the differentiation of emission contributions
from forest, shrubland, grassland, and cropland can suggest finely the contribution of different
vegetation types. Furthermore, the use of spatial autocorrelation analysis (Moran’s I) is relatively
uncommon in existing wildfire emission studies. However, a few minor issues should be addressed
before the manuscript can be considered for publication in ACP.

First, the relationship between CO, emissions and air quality assessment is unclear. While the study
focuses exclusively on CO; emissions, it repeatedly mentions potential implications for air quality
assessment. However, this relationship is not clearly defined in the current version of the manuscript.
Since COx is not a traditional air pollutant in the context of air quality standards, the relevance of
this link should either be clarified or reconsidered to avoid conceptual ambiguity.

Response: Thank you for this important comment. We fully agree that CO; is not classified as a
conventional air pollutant in the context of air quality standards. In the original manuscript, our
references to air pollution policies were intended to highlight the regulatory background and
motivations behind biomass burning bans, which were primarily enacted to control PM; 5 and other
air pollutants. In the revised manuscript, we have clarified this distinction.

Second, there are some insufficient in interpretation of spatial correlation analysis. The current
discussion is limited to high-value clusters. It may also be important to consider spatial outliers,
such as high-emission areas surrounded by low-emission regions. These areas could represent
localized fire hotspots or regions vulnerable to extreme events, and further discussion would enrich
the interpretation of spatial dynamics.

Response: Thank you for this insightful suggestion. We agree that spatial outliers, particularly high-
emission anomalies in low-emission environments, are crucial for understanding localized fire
dynamics. In the revised manuscript, we have expanded the discussion to analyze wildfire events in

abnormal years within high-emission regions. The details are as follows (Lines: 296-332):

“Based on the Getis-Ord Gi* analysis (Fig. 6), we identified clear spatial clusters of persistent
high (hotspots) and low (coldspots) wildfire CO, emissions (Fig. 6). Among different vegetation
types, CO» emissions from forest fires are mainly distributed in NE, SW, and SC regions, with the
NE region accounting for 56% of China’s annual average emissions from 2001 to 2022 (Fig. 5b).
The NE region (e.g., the Greater and Lesser Khingan Mountains) is a typical coniferous forest belt
with abundant fuel accumulation, dry and windy spring conditions, and makes it highly prone to
intense wildfires (Lian et al., 2024a). However, despite the high forest fire emissions in NE, no
significant hotspots were detected by the Getis-Ord Gi* analysis (Fig. 6b), indicating that its high
emissions mainly stem from sporadic extreme events rather than persistent clustering (Fig. 7a). For
example, in 2003 and 2008, extreme wildfires in NE China contributed 73% and 56% of the national
forest fire CO, emissions in 2003 and 2008, respectively (Fig. 7a). In contrast, forest fire CO-



emissions in SW and SC exhibited spatial clustering. Forest fires in these regions are prone to
occurring in late winter and early spring each year, with relatively small fire scales but high
frequency (Qin et al., 2014; Zhang et al., 2023a).

Shrub fire emissions were concentrated in the SW and SC regions, accounting for 47% and 27%
of China’s annual average emissions from 2001 to 2022, respectively (Fig. 5b). Secondary
vegetation such as shrubs and bamboo forests are common in these areas, resulting from land use
changes (e.g., farmland abandonment, forest degradation), which facilitates the accumulation of
combustibles (Han et al., 2018). Meanwhile, complex terrain and high biomass also amplify the risk
of fire spread (He et al., 2024). Additionally, seasonal drought (low humidity) combined with human
activities such as fuelwood collection and traditional burning practices (Ying et al., 2021) exacerbate
fire occurrences, forming persistent spatial clustering that has been clearly identified as hotspot
areas (Fig. 6).

Grassland fire emissions were mainly concentrated in the NE region, accounting for 70% of
the national annual mean during 2001-2022 (Fig. 5d), with hotspot areas focusing on the temperate
grasslands of Inner Mongolia (e.g., Hulunbuir, Xilingol). In this region, dry herbaceous vegetation,
strong winds, and low humidity in spring make grassland fires extremely prone to ignition (Chang
et al., 2023). Additionally, there is a close relationship between land use and grassland fire
occurrence(Li et al., 2017). Li et al.(2017) explored the relationship between land use and the spatial
distribution of grassland fires, and the results showed that land use has a significant impact on
grassland fires. Grassland fires in the NE are frequent and spatially concentrated, forming significant
hotspots (Fig. 6d).

High CO; emissions from cropland fires were concentrated in NC and NE regions, accounting
for 51% and 42% of the national annual mean emissions, respectively, during 2001-2022 (Fig. 5e).
Spatiotemporally, from 2003 to 2012, the main emission sources were agricultural provinces in NC
(e.g., Hebei, Shandong, Henan, Anhui), while after 2012, agricultural regions in NE (e.g.,
Heilongjiang, Jilin, Liaoning) became the primary sources of emissions (Fig. 7d). These areas have
high crop straw yields and long-standing traditional burning practices, making them typical hotspots
of agricultural fires(Li et al., 2024a; Wu et al., 2018).”

Finally, the mechanism analysis in this study is insufficient. For example, this work attributes a
reduction in agricultural fire emissions to China’s 2012 policy banning open-air biomass burning.
While this explanation is reasonable for cropland-related fires, the simultaneous decline in
emissions from other land types (forest, shrub, and grassland) around the same period is not
addressed. Exploring additional factors, such as changes in land management, fire suppression
efforts, or climatic influences could strengthen the mechanism analysis.

Response: Thank you for this important observation. We agree that the original version lacked
sufficient discussion of the mechanisms behind the decline in wildfire CO, emissions from non-
cropland vegetation types. In the revised manuscript, we have strengthened this analysis in two ways.
These additions are now discussed in Section 3.4 of the revised manuscript. The details are as
follows (Lines: 333-462):

3.4 The impact of factors on wildfires in China
Wildfires in China exhibit distinct spatial clustering patterns. To investigate the climatic and
socio-economic drivers of wildfire CO, emissions and to characterize their spatiotemporal

heterogeneity, we applied three regression models—OLS, Geographically Weighted Regression



(GWR), and GTWR—to four types of fires (forest, shrub, grassland, and cropland). We compared
model performance using R? and the AICc. Explanatory variables were selected based on theoretical
relevance and data availability for the period 2001-2019. As shown in Table 2, these variables
include five climatic factors—punctual temperature (TMP, °C), accumulated precipitation (PRE,
mm), relative humidity (RH, %), wind speed at 2m (WIN, m/s), and daily cumulative sunshine hours
(SSD, h)—and two socio-economic indicators: gross domestic product (GDP, millions/km?) and
population density (POP_DEN, people/grid). These factors are widely recognized as influencing
wildfire emissions (Lan et al., 2021; Ma et al., 2020; Zeng et al., 2024). TMP and SSD affect fuel
flammability and combustion efficiency, PRE and RH regulate fuel moisture, and WIN promotes
fire spread. Socio-economic factors reflected anthropogenic influences on fire ignition, suppression,
and land-use. To ensure model parsimony and statistical robustness, variables that were not
statistically significant (p > 0.05) in the global OLS model were excluded from subsequent GWR
and GTWR analyses. All retained variables were normalized or Box-Cox transformed prior to
modeling to ensure comparability.

Across all fire types, both GWR and GTWR models outperformed the global OLS model. For
forest fires, GTWR achieved the best performance (R? = 0.58; AICc = 128,909), while OLS
explained only 6% of the variance, indicating strong spatiotemporal heterogeneity. For cropland
fires, GTWR also performed well (R?> = 0.52; AICc = 141,335), highlighting the influence of
cropping cycles and regional factors. In shrub fires, the performance of GWR and GTWR models
was nearly identical (both with R? = 0.87), and GTWR showed a slightly higher AICc (worse model
fit), indicating that incorporating temporal weights did not lead to a substantial improvement. This
suggests that shrub fire emissions are primarily driven by spatial heterogeneity, with limited
temporal variability. For grassland fires, GTWR improved R? from 0.27 to 0.31 compared to GWR,
but overall model fit remained low, indicating that other drivers—such as land use change, grazing,
or local policies—play a critical role in grassland ecosystems.

To explore the temporal dynamics of individual variables, Figure 8 presented annual average
GTWR regression coefficients for 2001-2019, revealing significant differences in how climatic and
socioeconomic drivers influenced wildfire CO, emissions across vegetation cover types. Except for
SSD, all other factors exhibited negative effects on forest fire CO» emissions (Fig. 8a). Temporally,
regression coefficients for key variables such as POP_DEN, TMP, and GDP showed weakened
negative effects after 2012, suggesting reduced sensitivity of forest fire emissions to these drivers
in recent years. This change likely reflects strengthened forest fire prevention policies and
management measures implemented in China after 2012 (Fig. 12), which significantly reduced fire
occurrences. Spatially, regression coefficients showed significant north-south disparities (Fig. 9).
TMP and RH had a dual effect on forest fire emissions. In NE and NC regions, TMP, and RH
positively correlated with forest fire emissions, indicating that warming and drying conditions may
promote fire activity in temperate forests (Fang et al., 2021; Lian et al., 2024b) (Fig. 9a and 9b). In
contrast, in SW and SC regions, TMP and RH exhibited negative coefficients (Fig. 9a and 9b). This
may occur because, while high temperatures can increase plant evapotranspiration and reduce fuel
moisture content (Chuvieco et al., 2004), China’s monsoon climate typically links high temperatures
with high relative humidity, creating a threshold effect on forest fires (Ma et al., 2020). Additionally,
during high-temperature periods, forest fire prevention authorities implement strict fire control
measures, limiting fire occurrences (Abatzoglou et al., 2018; Hu and Zhou, 2014). GDP (Fig. 9¢)
showed positive effects in the NE region, but negative effects in SC and SW regions. Similarly,



POP_DEN (Fig. 9f) generally displayed negative effects, especially in SW and SC regions,
highlighting the role of human presence in fire suppression.

Shrub fires CO, emissions were well-captured by GWR and GTWR, dominated by spatial
heterogeneity with minimal temporal variation (Table 3). GTWR showed that TMP and RH were
consistent positive drivers throughout the study period, while GDP and WIN had negative effects,
with other variables exerting minor influences (Fig. 8b). Spatially, TMP showed a positive effect
across most regions (Fig. 10a). RH showed significant positive local effects in NC region, reflecting
that humid climates promoted shrub growth and fuel accumulation (Fig. 10c) (Lian et al., 2024b;
Liu et al., 2024). Once ignited by human activity or spring droughts, abundant fuel intensified fire
severity and CO; emissions. In contrast, WIN and GDP exerted strong negative effects in parts of
NC, likely due to effective fire control practices (Fig. 10d and 10f). Notably, a considerable number
of grid cells along the northeastern border failed significance tests for at least one explanatory
variable (marked as black dots in Fig. 10a-g). This may be due to limited shrub coverage or mixed
land types, leading to low fire frequency and weak emission signals (Lin et al., 2024; Yang and
Jiang, 2022). Additionally, many of these non-significant grids are located near international borders,
particularly adjacent to Russia. Since the GTWR model is limited to Chinese territory, therefore, it
lacks information on cross-border fire activity, land use, and policy context (Li et al., 2024b; Lin et
al., 2024; Quan et al., 2022). In northeastern China, transboundary fire spread is a known ignition
source and may contribute to CO, emissions that are not well explained within national data
coverage.

From a temporal perspective, the GTWR results for cropland fires CO, emissions showed that
RH had a negative effect, and this negative influence gradually strengthened (Fig. 8d). GDP
primarily exhibited a positive effect, but its positive influence gradually weakened. The impact of
TMP shifted from negative to positive, with its effect gradually increasing. WIN mainly exerted a
positive effect, while other factors had weak influences. Spatially, TMP showed strong positive
coefficients in eastern and central China (Fig. 11a). Straw burning activities in these regions peaked
in spring and autumn, a pattern closely linked to rising temperatures. In contrast, negative
temperature coefficients in southern and southwestern China suggest that higher temperatures in
these regions, often accompanied by high humidity or stricter fire regulations, may suppress fire
activity. RH exhibited a significant negative effect across most parts of China, likely due to increased
moisture content in agricultural residues, which hinders ignition and combustion (Fig. 11b). WIN
showed a positive influence in CW, NC and SC regions, where expansive cropland areas may enable
wind to accelerate fire spread during burning events (Fig. 11¢). GDP mainly showed positive effects,
but after 2010, this gradually weakened (Fig. 11e and Fig. 8d). This trend may be attributed to
increased straw production driven by agricultural expansion in economically developed regions,
where straw utilization infrastructure had not yet caught up, resulting in elevated emissions. Early
GDP growth likely brought more crop yields and straw generation, thereby enhancing CO»
emissions(Ren et al., 2019). However, after 2012, this trend reversed as nationwide straw burning
bans were introduced. Regions with higher economic development began to demonstrate stronger
emission control capacity, leading to a gradual weakening of GDP’s positive effect on emissions
(Zeng et al., 2024).

Although the GTWR model indicated that climatic and socioeconomic variables such as TMP,
RH, and GDP explained the spatial variation in wildfire CO, emissions, the overall model

performance remains moderate for forest and shrub fires, with particularly low explanatory ability



for grassland fires (R? = 0.31). This gap suggests that, beyond natural and socioeconomic factors,
other key drivers may have been omitted. Multiple studies (Gao et al., 2023; Kelly et al., 2013;
Phillips et al., 2022; Xie et al., 2020) highlight the substantial impact of fire management policies
on CO; emissions. For instance, Phillips et al. (2022) showed that the marginal abatement cost of
avoiding fire-related CO, emissions through fire management is comparable to or even lower than
that of many other climate mitigation strategies.

In China, the role of policy is particularly significant. Wu et al. (2018) reviewed 51 crop straw
management regulations issued between 1965 and 2015, with 34 implemented after 2008. The
timing of these intensive regulatory efforts closely aligns with key turning points in emission trends
(Fig. 12). For cropland fires, annual CO, emissions increased from 8.2 Tg/year during 2001-2005
to 26.2 Tg/year during 2010-2016, but began to decline following the revision of the Air Pollution
Prevention and Control Law in 2015 and the launch of the Air Pollution Action Plan in 2013.
Similarly, after the implementation of the National Forest Fire Prevention Plans in 2009 and 2016,
CO; emissions from forest, shrub and grassland fires dropped from 38.1 Tg/year (2006-2009) to
13.3 Tg/year (2017-2022). Jin et al. (2022) further estimated that over 80% of wildfire-related CO»
emissions could be avoided under effective fire management. These findings strongly indicate that
policy management plays a critical role in wildfire CO, emissions.

Notably, northeastern China is the only region where cropland burning has increased in recent
years, highlighting the need for adaptive rather than restrictive policies. As one of China’s major
grain-producing regions, Northeast China generates large volumes of straw. Harsh winters and short
windows for straw return or removal, combined with long-established farming practices, have made
complete bans on straw burning particularly challenging. Prior to strict open-burning prohibitions,
farmers often burned straw in a dispersed, low-intensity manner, making detection by satellite-based
fire products difficult, potentially resulting in systematic underestimation of early emissions. After
the implementation of strict bans, facing growing pressure from unprocessed straw accumulation,
therefore, some local governments adopted more adaptive fire management policies, such as
designating burning windows under favourable meteorological conditions. These “limited and
concentrated burning periods” led to spatiotemporally clustered fire events that were more easily
captured by remote sensing. In recent years, the Chinese government has also promoted the
scientific incorporation of straw into soils, off-field collection, and the industrial utilization of crop
residues in Northeast China. These efforts highlight the significant role of policy in shaping
emission trends from agricultural burning, particularly in regions where environmental constraints
and traditional farming practices pose unique challenges.

Table 2 Driving factors and sources

Driving factors Abbreviation Source

Punctual temperature TMP

Relative humidity RH Daily meteorological dataset of essential
Accumulated precipitation PRE meteorological elements of China National
Wind speed (2 m) WIN Surface Weather Station (V3.0)

Daily cumulative sunshine hours ~ SSD
Gross domestic product GDP Chen et al. (2022)
Population density POP_DEN LandScan Global (Bright et al., 2001-2022)




Table 3. Comparison of regression results for different fire types using OLS, GWR, and GTWR models.

Firetype =~ Model Intercept PRE TEP RH WIN SSD GDP POP_ R? AlCc
DEN
OLS 2698 49 727*%  -259*%  -864*  -100*  -2321*  -110* 0.06 135428
Forest GWR 3260 - -436  -145 -200 91 -1983 -186  0.49 130508
GTWR 3204 -524 =205 -161 126 -469 -888  0.58 128909
OLS 385 - 583*% 246*  -162*  -384* 1% 20% 0.27 104143
Shrub 303*
GWR 733 -31 111 100 5 -61 -10 -1 0.87 90837
GTWR 733 -31 110 101 3 -57 -11 0 0.87 91034
OLS 144 10 -69*%  23% -3* -20% -4% 1* 0.10 81654
Grassland GWR 130 - -40 18 -6 -5 -6 -4 0.27 79908
GTWR 131 - -40 19 -5 -4 -20 -4 0.31 79702
OLS 239 25 -12%  -44% 14* 80* 2% 0* 0.10 149703
Cropland GWR 230 - 11 -31 16 2 50 3 0.42 143770
GTWR 228 - 16 -29 16 2 36 4 0.52 141335

Note: * An asterisk next to a number indicates a statistically significant p-value (p < 0.01).
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Figure 8: Temporal evolution of GTWR regression coefficients for wildfires CO2 emissions across four vegetation
cover types in China (2001-2019). Positive and negative values indicate the direction and magnitude of each
variable’s influence on CO> emissions.



(a) TMP (c) WIN

1500 o0 1000
5 5 H
1000 .2 2 2
2 Lo 500 £
£ 500 & &=
S 8 g
[é] o (&)
[ o e ¢ =
2l 9 o2
-500 3 2 2
g -500 @ -500 &
-1000 @ 2 2
[4 © 14
~1500 ~1000 ~1000
1500
600 2000
a0 8 1000 & ]
o o 1000 ©
L200 § s00 % 5
3 S 3
0. & 0 = 0 <
2 k= °
-200 3 500 9 2
g %, 1000 £
-400
2 -1000 @ £
-1500 ~2000
2000 _ 4000
5 s
2 2
1000 & 3000 S
o o
(=3 o
ez =
g 2000 £
9 8 9
0 73
2 2
5 1000 5
-1000 ' I
o s}

o

Figure 9: Spatial distribution of GTWR regression coefficients for forest fire CO2 emissions and their driving factors
across China. The maps illustrate GTWR coefficients of six environmental and socioeconomic variables: (a)
temperature, (b) relative humidity, (¢) wind speed, (d) daily cumulative sunshine hours, (¢) gross domestic product
(GDP), and (f) population density. Grey regions represent areas where the intercept was zero (i.e., no valid model
fit), and black x symbols mark locations where the regression coefficients did not pass the significance test (p >

0.05). Figure (g) and (h) show the model residuals and predicted shrubland CO> emissions.
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Figure 10: Spatial distribution of GTWR regression coefficients for shrub fire CO2 emissions and their driving factors
across China. The maps illustrate GTWR coefficients of seven environmental and socioeconomic variables: (a)
temperature, (b) precipitation, (c) relative humidity, (d) wind speed, (e) daily cumulative sunshine hours, (f) gross
domestic product (GDP), and (g) population density. Grey regions represent areas where the intercept was zero (i.e.,
no valid model fit), and black x symbols mark locations where the regression coefficients did not pass the
significance test (p > 0.05). Figure (h) and (i) show the model residuals and predicted shrubland CO2 emissions.
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Figure 11: Spatial distribution of GTWR regression coefficients for cropland fire CO2 emissions and their driving
factors across China. The maps illustrate GTWR coefficients of six environmental and socioeconomic variables: (a)
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0.05). Figure (g) and (h) show the model residuals and predicted shrubland CO> emissions.
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Figure 12: Temporal trends in annual CO2 emissions from cropland burning and forest, shrub, and grassland fires in
China (2001-2022), and key national policy milestones related to fire and air pollution control.



SPECIFIC

Line 81: Consider revising “air pollution control strategies” to “global warming control strategies”.
Response: Thank you for your helpful suggestion. We agree that “global warming control strategies”
more accurately reflects the focus of our study on CO, emissions and their climate relevance. We
have revised the wording accordingly in the updated manuscript.

Line 275: Lower emissions in high-GDP regions may be due to a smaller proportion of cropland in
these areas. To assess the impact of farmland management practices, it is suggested to analyze
emissions per unit area in different area.

Response: Thank you for your insightful suggestion. We agree that spatial variations in cropland
area may affect total CO, emissions and could potentially confuse interpretations based solely on
GDP or population density. In the revised manuscript, we addressed this issue by introducing a
Geographically and Temporally Weighted Regression (GTWR) model to analyze the impacts of
various factors (including GDP and population density) on wildfire CO, emissions across different
land cover types (forest, shrubland, grassland, and cropland). As discussed in detail in our response
to Comment [Finally, the mechanism analysis in this study is insufficient. For example, this work...].
Table 2: The bottom border line of this table is missing and should be corrected.

Response: Thank you for your careful observation. We have revised the formatting of Table 2 in
the revised manuscript to include the missing bottom border line, ensuring consistency with journal

formatting standards.



Reviewer #4:

General Comments

This manuscript presents a national-scale inventory of wildfire CO, emissions in China using a
bottom-up approach based on multiple observed datasets. In specific, they used MODIS burned area
data, vegetation and NDVI data, land cover data, data on farms and harvesting, meteorological data
and empirical emission factors. In no cases were direct observations of fires or species emitted from
the fires observed, even though there is extensive literature looking at the problem from this
perspective. Overall, the topic is both of interest and relevant to the larger community. The authors
also did a great job gathering and applying datasets that spanned over two decades.

However, the manuscript suffers from multiple critical limitations that currently preclude
publication. In specific, the study lacks methodological novelty and primarily replicates well-
established techniques without introducing new approaches or refinements. Key variables—such as
emission factors, biomass, and combustion efficiency—are treated as fixed, without uncertainty
quantification or regional calibration. The analysis remains largely descriptive, and the use of
bivariate correlations (e.g., Spearman) to explore emission drivers is insufficient, especially given
the presence of spatial autocorrelation. Moreover, important limitations of the MODIS burned area
product are not addressed, particularly its tendency to underestimate small fires in cropland regions,
obscured fires, fires occurring under cloudy conditions or wet surfaces both of which are commonly
found throughout areas in eastern and southern China. The policy implications presented are not
supported by causal analysis or empirical evaluation. In addition, the integration of multi-resolution
datasets lacks clarity, raising concerns about data consistency. I have seen photographs published
which demonstrate fires in an area of Southern China which does not show up on your map.
Uncertainties of this nature need to at least be written about and limitations discussed.

Overall, the manuscript requires substantial revisions in terms of methods, statistical analysis, and
interpretation to reach the level of scientific rigor expected for publication in ACP. I am happy to
look at a future revision if all of these points are addressed.

Response: We sincerely appreciate the reviewer’s comprehensive and in-depth evaluation. Your
feedback has been invaluable in helping us identify key areas for improvement in methodology,
analytical depth, and interpretation. In response, we have made substantial revisions throughout the
manuscript to address the main issues raised. These modifications include conducting a
comprehensive Monte Carlo uncertainty analysis for critical input variables, replacing simple
correlation analysis with spatial regression models (OLS, GWR, GTWR), and incorporating multi-
source comparisons and corrections to address underestimation issues with MODIS burned area
products. Additionally, we provide more detailed region-specific explanations for the spatial
clustering of emissions, link observed trends to relevant policy interventions, and carefully evaluate
the consistency and applicability of input datasets. While the core estimation framework remains
based on established bottom-up approaches used in global inventories, we have introduced China-
specific adaptations and refined uncertainty handling. We believe these improvements significantly
enhance the scientific rigor and policy relevance of the study. Once again, we thank you for your
constructive criticisms, which have been instrumental in improving the manuscript.

Major Comments:

Lines 15-80 (Introduction): The manuscript adopts a conventional bottom-up emissions estimation
framework without methodological innovation. The research question is descriptive in nature and
lacks originality. Similar approaches using MODIS and empirical EF models have been extensively



applied in both national and global contexts.

Response: Thank you for your important observation regarding the methodological innovation and
scope of our study. We acknowledge that this research employs a classical bottom-up emission
estimation framework, which has been widely used in global emission inventories such as GFED
and FINN. This choice was made deliberately, as our primary objective is not to propose a new
emission modeling algorithm, but rather to construct a long-term (2001-2022), spatially explicit
wildfire CO; emission inventory for China using harmonized and validated local datasets. Our aim
is to gain a deeper understanding of wildfire CO, emissions in China. To clarify these points, we
have revised the Introduction (Lines: 74-93 in the revised manuscript) to emphasize the specific
ways in which our study adds value to the literature. The details are as follows:

“Traditionally, wildfire emission inventories using population or cropland area weights to
allocate total emissions to grid cells have high uncertainties (Streets et al., 2003; Zhang et al., 2013).
With the advancement of remote sensing technology, recent studies have shifted to satellite-based
estimation methods, using active fire detection or burned area datasets to improve spatial accuracy.
Inventories such as GFED (Chen et al., 2023) and the NCAR Fire Inventory (FINN) (Wiedinmyer
etal., 2011) rely on satellite-derived fire count data (e.g., active fire product MCD14 ML) or burned
area products (e.g., MCD64A 1) to infer the timing and location of fire emissions (Giglio et al., 2016,
2018). Although satellite remote sensing has greatly improved the spatial and temporal resolution
of fire detection, several practical challenges remain. For example, cloud cover, satellite overpass
intervals, fire intensity thresholds, and pixel resolution can result in the underdetection of short-
duration or low-intensity fires. To mitigate these limitations, this study integrated multi-source
satellite products to enhance the completeness of the fire signal. Additionally, many existing global
inventories rely on globally aggregated vegetation data (such as global land cover, and biomass),
which further introduces errors, especially in transition zones between cropland and natural
vegetation (e.g., forest-agricultural mosaics), where misclassification may lead to overestimation or
underestimation of fire emissions.

To overcome these shortcomings, this study integrated China’s regionally validated vegetation
cover datasets (Xu et al., 2018) multi-source burned area satellite products, and regionally derived
biomass data (Hu et al., 2006; Su et al., 2016; Yin et al., 2023) to develop a 500-meter resolution
wildfire CO; emission inventory for China (2001-2022). Additionally, we used spatially weighted
regression models to explore the drivers of emission variability and analyzed the impacts of national
fire management policies on CO> emissions. The findings provide insights into the role of
governance in shaping fire emissions and offer useful references for future wildfire management
strategies. This multi-year emission inventory can also be used in atmospheric transport models to

support the development of effective global warming mitigation strategies.”

Lines 110-150 (Methods): The emission estimation follows a static multiplicative model (BA x
AGB x EF x CF), which does not account for critical factors such as fire behavior, combustion
completeness, fuel moisture, or fire weather variability. The combustion efficiency model, based
solely on fractional vegetation cover (FVC), is overly simplistic.

Response: Thank you for this profound and important comment. We agree that fire behavior is a
dynamic and multifaceted process influenced by fuel conditions, combustion stages, and
meteorological factors. However, due to the lack of consistent, high-resolution fire dynamics data
at the national scale over long time periods, we employed a static bottom-up emission model



(Burned Area x Aboveground Biomass x Emission Factor x Combustion Efficiency), which is
consistent with methodologies used in established global inventories such as GFED and FINN. To
enhance regional representativeness for China within this framework, we introduced several
improvements. As discussed in detail in our response to Comment [Lines 15-80 (Introduction)].
Additionally, in Section 3.5, we conducted a Monte Carlo uncertainty analysis to evaluate the impact
of input parameter uncertainties. The results showed that combustion efficiency contributed
relatively less to total emission uncertainty compared to burned area and aboveground biomass. We
acknowledge that future research could incorporate dynamic fire behavior parameters, such as fuel
moisture, fire radiative power (FRP), or weather-driven combustion phases, particularly in regions
with dense fire monitoring networks.

Lines 110-330: The manuscript fails to provide uncertainty ranges or confidence intervals for any
of the key input variables (BA, AGB, EF, CF). No Monte Carlo simulation, error propagation, or
even basic upper/lower bounds are included.

Response: Thank you for the reviewer’s meticulous attention to the handling of uncertainty. We
agree that quantifying and transparently communicating uncertainty is central to emission
inventories. A comprehensive Monte Carlo uncertainty analysis has been conducted in the study,
and the details are presented in Section 3.5 of the revised manuscript. The details are as follows
(Lines: 463-513):

3.5 Uncertainty analysis

A Monte Carlo simulation (100,000 iterations) was conducted to assess the uncertainty in the
estimated wildfire CO emissions. Monte Carlo simulation is a probabilistic method that generates
a large number of possible outcomes based on random sampling from the input parameter
distributions, thereby providing a comprehensive assessment of model uncertainty. The
uncertainties in emission estimates in this study mainly originated from satellite-derived BA
products, AGB, CE, and EF. All parameters, except CE, were assumed to follow normal
distributions, as suggested by Zhao et al. (2011). CE values were assigned triangular distributions
based on vegetation types, with parameter ranges derived from empirical data and literature sources
(Junpen et al., 2020; Mieville et al., 2010; Ping et al., 2021; Van Leeuwen et al., 2014; Zhou et al.,
2017). For forest and grassland fires, CE was parameterized the FVC-based empirical relationship
proposed by Hély et al. (2003), while fixed CE values were applied to shrub and cropland fires. The
coefficients of variation (CV) of EF were estimated based on the mean and variability summarized
from multiple published sources. Monte Carlo simulations showed that CE and EF contributed less
to total emission variability compared to BA and AGB.

Among all parameters, BA emerged as the dominant source of uncertainty. However ,the
uncertainty in retrieved from satellite products is difficult to quantify (Hoelzemann et al., 2004; Wu
et al., 2018). The MCD64A 1 product performs reliably in detecting large fires(Giglio et al., 2018),
and its CV was adopted from Giglio et al. (2010). While we also recognize that the MODIS
MCD64AT1 product tends to underestimate small, fragmented, or low-intensity fires. To evaluate
and adjust for this underestimation, we conducted a comprehensive comparison using FireCCI51
(250 m resolution), GFED (500 m resolution), the novel 30-m resolution Global annual Burned Area
Map (GABAM, 30 m resolution) (Long et al., 2019), and FINN datasets for the year 2015 (Table
S5). The comparison showed that MODIS systematically underestimated burned areas. Despite its
higher spatial resolution, GABAM reported smaller cropland fire areas, likely due to its limited
temporal resolution. The FINN dataset differed significantly from all other products, with its burned



areas generally higher than other data products. Based on these comparisons, we derived a scaling
factor (a;) using the FireCCI51 and GFED datasets and applied them to MODIS burned area
estimates. On average, this adjustment increased MODIS-based BA estimates by approximately 1.5
times. To further evaluate the representativeness of our correction method, we compared the
standard FINN dataset with a revised version, FINN_ VIIR, which incorporates VIIRS active fire
detection data (375 m resolution). VIIRS is known to better capture small and short-duration fires
often missed by MODIS. Our analysis showed that the burned area in FINN VIIR was
approximately 40% higher than in the standard FINN dataset, which closely aligns with the scaling
factor applied in our MODIS-based correction. This consistency provides further support for the
effectiveness of our BA adjustment strategy.

AGB is another major contributor to emissions uncertainty. To reflect interannual changes in
biomass, we employed the AGB dataset from Su et al. (2016) for the period 2001-2012 and that
from Yin et al. (2023) for 2013-2022 for calculating forest fire CO, emissions. The mean difference
between the two datasets was approximately 7% (100 t/ha vs. 107 t/ha), well within the +50%
uncertainty range reported by Yin et al. (2023), confirming their compatibility for long-term analysis.
For shrub fire CO, emissions, we employed localized biomass density values from Hu et al. (2006),
enhancing the regional representativeness of AGB inputs. For grassland fire CO, emissions, we used
the index model based on the NDVI developed by Gao et al. (2006). We acknowledge that NDVI-
based models may underestimate AGB in dense vegetation due to saturation. To address this, we
compared the exponential model by Gao et al. (2012) with the saturation-corrected model by Hu et
al. (2024) for alpine meadows in China. The mean AGB estimates were 210 g/m? (Gao et al., 2012)
and 214 g/m? (Hu et al., 2024), with a small difference of 1.9%, well within the reported uncertainty
bounds of both models (£62.5 g/m? for Gao et al., 2012; 85 g/m? for Hu et al., 2024). Given the
broader applicability of Gao’s model across diverse grassland types (e.g., arid steppe, wetlands,
meadow grasslands), we adopted it for national-scale grassland AGB estimation. For forest, shrub
and grassland fire CO» emissions, the uncertainty in AGB was derived from values reported in the
literature. For cropland fire CO; emissions, AGB was derived from national statistical records, with
CV set at 20% (Zhou et al., 2017).

Table 4 presented the total wildfire CO» emissions and their associated uncertainty ranges
across different vegetation cover types. On average, the estimated uncertainties in CO> emissions
were (-39%, +76%) for forest fires, (-37%, +20%) for shrub fires, (-26%, +58%) for grassland fires,
and (-50%, +51%) for cropland fires. The large uncertainties in forest, shrub, and grassland fire CO»
emissions were mainly due to uncertainties in AGB and BA estimates. The uncertainty in cropland
fire CO; emissions uncertainty primarily reflected possible under-detection of BA. Despite these
uncertainties, this study incorporated multiple BA datasets, multi-temporal vegetation cover datasets,
regionally validated AGB estimates, and a comprehensive set of EF, resulting in a spatially

representative characterization of wildfire CO; emissions and their temporal evolution in China.

Table 4 The uncertainty estimation of wildfires CO2 emissions from 2001 to 2022.

Year Forest Shrub Grassland Cropland All types

2001 (-38%, 72%) (-35%, 18%) (-28%, 62%) (-49%, 39%) (-39%, 62%)
2002 (-35%, 68%) (-34%, 16%) (-24%, 47%) (-49%, 34%) (-39%, 54%)
2003 (-39%, 74%) (-34%, 15%) (-35%, 65%) (-51%, 47%) (-39%, 66%)
2004 (-36%, 69%) (-37%, 22%) (-15%, 58%) (-50%, 40%) (-39%, 57%)
2005 (-31%, 58%) (-33%, 14%) (-18%, 57%) (-54%, 45%) (-41%, 47%)




2006 (-30%,56%)  (-32%, 12%)  (-18%, 62%)  (-56%,47%)  (-46%, 48%)
2007 (-29%,54%)  (-32%, 13%)  (-13%,48%)  (-53%,34%)  (-40%, 41%)
2008 (-50%,106%)  (-42%,29%)  (-39%, 67%)  (-52%,43%)  (-50%, 93%)
2009 (-38%,74%)  (-39%,26%)  (-20%,56%)  (-51%,35%)  (-42%, 54%)
2010 (-37%,73%)  (-45%,34%)  (-15%,82%)  (-59%,50%)  (-48%, 56%)
2011 (-36%, 68%)  (-36%, 19%)  (-23%, 53%)  (-51%,42%)  (-44%, 52%)
2012 (35%,66%)  (-36%, 18%)  (27%,57%)  (-58%,44%)  (-52%, 47%)
2013 (-35%,69%)  (-33%, 14%)  (-19%,44%)  (-48%, 34%)  (-43%, 42%)
2014 (-40%,79%)  (-36%, 19%)  (-26%, 68%)  (-43%,39%)  (-41%, 50%)
2015 (-40%,76%)  (-39%,25%)  (-35%,53%)  (-44%,43%)  (-42%, 53%)
2016 (-44%,91%)  (-42%,29%)  (-24%, 54%)  (-46%,56%)  (-44%, 70%)
2017 (-40%,76%)  (-37%,21%)  (-37%,57%)  (-45%,59%)  (-43%, 62%)
2018 (-53%,114%)  (-41%,27%)  (-30%, 59%)  (-45%, 62%)  (-49%, 90%)
2019 (-43%,83%)  (-34%, 16%)  (-36%, 50%)  (-49%,72%)  (-45%, TA%)
2020 (-48%,95%)  (-40%,24%)  (-39%,62%)  (-53%,86%)  (-50%, 85%)
2021 (-45%,89%)  (-38%,21%)  (-28%,53%)  (-57%,98%)  (-33%,92%)
2022 (-35%, 66%)  (-34%, 16%)  (-24%, 56%)  (-45%, 66%)  (-42%, 63%)

Lines 270-290 (Figure 10): The authors only apply Spearman correlation to assess drivers of
emissions, without controlling for multicollinearity or confounding factors. No multivariate
regression, GAM, or causal modeling is attempted, leading to misleading interpretations.
Response: Thank you for this valuable comment. We fully agree that using only Spearman
correlation in the initial version limited the robustness of the analysis. In the revised manuscript, we
replaced the correlation-based method with analytical approaches including Ordinary Least Squares
(OLS), Geographically Weighted Regression (GWR), and Geographically and Temporally
Weighted Regression (GTWR). The details are as follows (Lines: 333-430):

3.4 The impact of factors on wildfires in China

Wildfires in China exhibit distinct spatial clustering patterns. To investigate the climatic and
socio-economic drivers of wildfire CO, emissions and to characterize their spatiotemporal
heterogeneity, we applied three regression models—OLS, Geographically Weighted Regression
(GWR), and GTWR—to four types of fires (forest, shrub, grassland, and cropland). We compared
model performance using R? and the AICc. Explanatory variables were selected based on theoretical
relevance and data availability for the period 2001-2019. As shown in Table 2, these variables
include five climatic factors—punctual temperature (TMP, °C), accumulated precipitation (PRE,
mm), relative humidity (RH, %), wind speed at 2m (WIN, m/s), and daily cumulative sunshine hours
(SSD, h)—and two socio-economic indicators: gross domestic product (GDP, millions/km?) and
population density (POP_DEN, people/grid). These factors are widely recognized as influencing
wildfire emissions (Lan et al., 2021; Ma et al., 2020; Zeng et al., 2024). TMP and SSD affect fuel
flammability and combustion efficiency, PRE and RH regulate fuel moisture, and WIN promotes
fire spread. Socio-economic factors reflected anthropogenic influences on fire ignition, suppression,
and land-use. To ensure model parsimony and statistical robustness, variables that were not
statistically significant (p > 0.05) in the global OLS model were excluded from subsequent GWR
and GTWR analyses. All retained variables were normalized or Box-Cox transformed prior to

modeling to ensure comparability.



Across all fire types, both GWR and GTWR models outperformed the global OLS model. For
forest fires, GTWR achieved the best performance (R? = 0.58; AICc = 128,909), while OLS
explained only 6% of the variance, indicating strong spatiotemporal heterogeneity. For cropland
fires, GTWR also performed well (R? = 0.52; AICc = 141,335), highlighting the influence of
cropping cycles and regional factors. In shrub fires, the performance of GWR and GTWR models
was nearly identical (both with R> = 0.87), and GTWR showed a slightly higher AICc (worse model
fit), indicating that incorporating temporal weights did not lead to a substantial improvement. This
suggests that shrub fire emissions are primarily driven by spatial heterogeneity, with limited
temporal variability. For grassland fires, GTWR improved R? from 0.27 to 0.31 compared to GWR,
but overall model fit remained low, indicating that other drivers—such as land use change, grazing,
or local policies—play a critical role in grassland ecosystems.

To explore the temporal dynamics of individual variables, Figure 8 presented annual average
GTWR regression coefficients for 2001-2019, revealing significant differences in how climatic and
socioeconomic drivers influenced wildfire CO» emissions across vegetation cover types. Except for
SSD, all other factors exhibited negative effects on forest fire CO, emissions (Fig. 8a). Temporally,
regression coefficients for key variables such as POP_DEN, TMP, and GDP showed weakened
negative effects after 2012, suggesting reduced sensitivity of forest fire emissions to these drivers
in recent years. This change likely reflects strengthened forest fire prevention policies and
management measures implemented in China after 2012 (Fig. 12), which significantly reduced fire
occurrences. Spatially, regression coefficients showed significant north-south disparities (Fig. 9).
TMP and RH had a dual effect on forest fire emissions. In NE and NC regions, TMP, and RH
positively correlated with forest fire emissions, indicating that warming and drying conditions may
promote fire activity in temperate forests (Fang et al., 2021; Lian et al., 2024b) (Fig. 9a and 9b). In
contrast, in SW and SC regions, TMP and RH exhibited negative coefficients (Fig. 9a and 9b). This
may occur because, while high temperatures can increase plant evapotranspiration and reduce fuel
moisture content (Chuvieco et al., 2004), China’s monsoon climate typically links high temperatures
with high relative humidity, creating a threshold effect on forest fires (Ma et al., 2020). Additionally,
during high-temperature periods, forest fire prevention authorities implement strict fire control
measures, limiting fire occurrences (Abatzoglou et al., 2018; Hu and Zhou, 2014). GDP (Fig. 9e)
showed positive effects in the NE region, but negative effects in SC and SW regions. Similarly,
POP DEN (Fig. 9f) generally displayed negative effects, especially in SW and SC regions,
highlighting the role of human presence in fire suppression.

Shrub fires CO, emissions were well-captured by GWR and GTWR, dominated by spatial
heterogeneity with minimal temporal variation (Table 3). GTWR showed that TMP and RH were
consistent positive drivers throughout the study period, while GDP and WIN had negative effects,
with other variables exerting minor influences (Fig. 8b). Spatially, TMP showed a positive effect
across most regions (Fig. 10a). RH showed significant positive local effects in NC region, reflecting
that humid climates promoted shrub growth and fuel accumulation (Fig. 10c) (Lian et al., 2024b;
Liu et al., 2024). Once ignited by human activity or spring droughts, abundant fuel intensified fire
severity and CO» emissions. In contrast, WIN and GDP exerted strong negative effects in parts of
NC, likely due to effective fire control practices (Fig. 10d and 10f). Notably, a considerable number
of grid cells along the northeastern border failed significance tests for at least one explanatory
variable (marked as black dots in Fig. 10a-g). This may be due to limited shrub coverage or mixed
land types, leading to low fire frequency and weak emission signals (Lin et al., 2024; Yang and



Jiang, 2022). Additionally, many of these non-significant grids are located near international borders,
particularly adjacent to Russia. Since the GTWR model is limited to Chinese territory, therefore, it
lacks information on cross-border fire activity, land use, and policy context (Li et al., 2024b; Lin et
al., 2024; Quan et al., 2022). In northeastern China, transboundary fire spread is a known ignition
source and may contribute to CO, emissions that are not well explained within national data
coverage.

From a temporal perspective, the GTWR results for cropland fires CO, emissions showed that
RH had a negative effect, and this negative influence gradually strengthened (Fig. 8d). GDP
primarily exhibited a positive effect, but its positive influence gradually weakened. The impact of
TMP shifted from negative to positive, with its effect gradually increasing. WIN mainly exerted a
positive effect, while other factors had weak influences. Spatially, TMP showed strong positive
coefficients in eastern and central China (Fig. 11a). Straw burning activities in these regions peaked
in spring and autumn, a pattern closely linked to rising temperatures. In contrast, negative
temperature coefficients in southern and southwestern China suggest that higher temperatures in
these regions, often accompanied by high humidity or stricter fire regulations, may suppress fire
activity. RH exhibited a significant negative effect across most parts of China, likely due to increased
moisture content in agricultural residues, which hinders ignition and combustion (Fig. 11b). WIN
showed a positive influence in CW, NC and SC regions, where expansive cropland areas may enable
wind to accelerate fire spread during burning events (Fig. 11c). GDP mainly showed positive effects,
but after 2010, this gradually weakened (Fig. 11e and Fig. 8d). This trend may be attributed to
increased straw production driven by agricultural expansion in economically developed regions,
where straw utilization infrastructure had not yet caught up, resulting in elevated emissions. Early
GDP growth likely brought more crop yields and straw generation, thereby enhancing CO,
emissions(Ren et al., 2019). However, after 2012, this trend reversed as nationwide straw burning
bans were introduced. Regions with higher economic development began to demonstrate stronger
emission control capacity, leading to a gradual weakening of GDP’s positive effect on emissions
(Zeng et al., 2024).

Table 2 Driving factors and sources

Driving factors Abbreviation Source

Punctual temperature TMP

Relative humidity RH Daily meteorological dataset of essential
Accumulated precipitation PRE meteorological elements of China National
Wind speed (2 m) WIN Surface Weather Station (V3.0)

Daily cumulative sunshine hours ~ SSD
Gross domestic product GDP Chen et al. (2022)
Population density POP_DEN LandScan Global (Bright et al., 2001-2022)




Table 3. Comparison of regression results for different fire types using OLS, GWR, and GTWR models.

Firetype =~ Model Intercept PRE TEP RH WIN SSD GDP POP_ R? AlCc
DEN
OLS 2698 49 727*%  -259*%  -864*  -100*  -2321*  -110* 0.06 135428
Forest GWR 3260 - -436  -145 -200 91 -1983 -186  0.49 130508
GTWR 3204 -524 =205 -161 126 -469 -888  0.58 128909
OLS 385 - 583*% 246*  -162*  -384* 1% 20% 0.27 104143
Shrub 303*
GWR 733 -31 111 100 5 -61 -10 -1 0.87 90837
GTWR 733 -31 110 101 3 -57 -11 0 0.87 91034
OLS 144 10 -69*%  23% -3* -20% -4% 1* 0.10 81654
Grassland GWR 130 - -40 18 -6 -5 -6 -4 0.27 79908
GTWR 131 - -40 19 -5 -4 -20 -4 0.31 79702
OLS 239 25 -12%  -44% 14* 80* 2% 0* 0.10 149703
Cropland GWR 230 - 11 -31 16 2 50 3 0.42 143770
GTWR 228 - 16 -29 16 2 36 4 0.52 141335
Note: * An asterisk next to a number indicates a statistically significant p-value (p < 0.01).
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Figure 8: Temporal evolution of GTWR regression coefficients for wildfires CO2 emissions across four vegetation

cover types in China (2001-2019). Positive and negative values indicate the direction and magnitude of each

variable’s influence on CO2 emissions.



(a) TMP (c) WIN

1500 o0 1000
5 5 H
1000 .2 2 2
2 Lo 500 £
£ 500 & &=
S 8 g
[é] o (&)
[ o e ¢ =
2l 9 o2
-500 3 2 2
g -500 @ -500 &
-1000 @ 2 2
[4 © 14
~1500 ~1000 ~1000
1500
600 2000
a0 8 1000 & ]
o o 1000 ©
L200 § s00 % 5
3 S 3
0. & 0 = 0 <
2 k= °
-200 3 500 9 2
g %, 1000 £
-400
2 -1000 @ £
-1500 ~2000
2000 _ 4000
5 s
2 2
1000 & 3000 S
o o
(=3 o
ez =
g 2000 £
9 8 9
0 73
2 2
5 1000 5
-1000 ' I
o s}

o

Figure 9: Spatial distribution of GTWR regression coefficients for forest fire CO2 emissions and their driving factors
across China. The maps illustrate GTWR coefficients of six environmental and socioeconomic variables: (a)
temperature, (b) relative humidity, (¢) wind speed, (d) daily cumulative sunshine hours, (¢) gross domestic product
(GDP), and (f) population density. Grey regions represent areas where the intercept was zero (i.e., no valid model
fit), and black x symbols mark locations where the regression coefficients did not pass the significance test (p >

0.05). Figure (g) and (h) show the model residuals and predicted shrubland CO> emissions.
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Figure 10: Spatial distribution of GTWR regression coefficients for shrub fire CO2 emissions and their driving factors
across China. The maps illustrate GTWR coefficients of seven environmental and socioeconomic variables: (a)
temperature, (b) precipitation, (c) relative humidity, (d) wind speed, (e) daily cumulative sunshine hours, (f) gross
domestic product (GDP), and (g) population density. Grey regions represent areas where the intercept was zero (i.e.,
no valid model fit), and black x symbols mark locations where the regression coefficients did not pass the
significance test (p > 0.05). Figure (h) and (i) show the model residuals and predicted shrubland CO2 emissions.
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Figure 11: Spatial distribution of GTWR regression coefficients for cropland fire CO2 emissions and their driving
factors across China. The maps illustrate GTWR coefficients of six environmental and socioeconomic variables: (a)
temperature, (b) relative humidity, (c) wind speed, (d) daily cumulative sunshine hours, (e) gross domestic product
(GDP), and (f) population density. Grey regions represent areas where the intercept was zero (i.e., no valid model
fit), and black x symbols mark locations where the regression coefficients did not pass the significance test (p >
0.05). Figure (g) and (h) show the model residuals and predicted shrubland CO> emissions.

Lines 95-100 (Data section): MODIS MCD64A1 is known to underestimate small fires, fires
occurring under cloudy conditions, and fires occurring on wet ground, all of which are commonly
found in different places in eastern and southern China. The authors do not validate this data or
compare it to higher-resolution alternatives (e.g., VIIRS, Sentinel-2).

Response: Thank you for this important and constructive comment. We fully recognize that the
MODIS MCD64A1 burned area product tends to underestimate small, fragmented, or low-intensity
fires. To address this known limitation, we corrected the MODIS burned area using a correction
factor (ai). The details are as follows (Lines: 123-133):

2.2.1 Burned areas

BA for each vegetation cover type was primarily estimated using the MODIS-MCD64A1
product(Giglio et al., 2018), which provides global monthly burned area estimates. However, it is
well established that MODIS-MCDG64A1 tended to underestimate small and fragmented fires. To
address this issue, we applied scaling factors («;) to correct the MODIS-derived BA estimates. The
scaling factors were derived from the comparison of MODIS-derived BA with two independent
global burned area datasets: the FireCCI51 product (Lizundia-Loiola et al., 2020) released by ESA
(http://cci.esa.int/data) and a global GFED500 product (Van Wees et al., 2022), with their specific
values provided in Table S1. The corrected burned area for each land cover type was obtained by
multiplying the MODIS-derived BA values by the corresponding scaling factor. This correction
accounts for the known systematic underestimation of small and fragmented fires by the MODIS
MCD64A1 product.

BAcorrected,i = BAMODIS,i X a; 2)
where subscript i denotes vegetation type.



In the revised manuscript, we also analyzed the uncertainty in BA. We compared the BA derived
from MODIS in 2015 with multiple independent datasets, including FireCCI51 (250 m resolution),
GFED (500 m resolution), GABAM (30 m resolution), and the FINN dataset. Detailed discussions
are presented in Section 3.5 “Uncertainty Analysis” of the revised manuscript, and We have also
provided the detailed content of Section 3.5 “Uncertainty Analysis” (Lines: 463-513) in the
comments [Lines 110-330].

Lines 155265 (Figures 2-9): Results are largely descriptive summaries of emission patterns over
time and space. Figures are repetitive and lack analytical depth. There is little attempt to explain
spatial heterogeneity beyond surface-level summaries.

Response: Thank you for your valuable suggestion. In response, we have revised the Results and
Discussion sections to provide a more in-depth interpretation of the spatiotemporal emission
patterns. We further explain the regional differences in the peak months of cropland fire emissions.
The details are as follows (Lines: 263-269):

“In contrast, the spatial distribution of emissions from cropland fires varied significantly across
different months and was likely influenced by policy management (Fig.4). High emissions in March
and April were concentrated in NE region, while emissions in May and June were primarily
associated with the NC region. The regional difference in peak emission months can be attributed
to distinct cropping systems and climatic conditions. In the NE region (e.g., Heilongjiang and Jilin),
cold winters and delayed spring thaw often push straw burning activities into March-April,
following the autumn harvest. In contrast, the NC region (e.g., Anhui, Henan, Jiangsu) practices a
double-cropping system of winter wheat and summer maize, where wheat is harvested in May—June,
and burning of straw residues is typically observed during this transition period.”

To address spatial heterogeneity, we applied OLS, GWR, and GTWR regression models (Section
3.4) to quantify the spatially varying impacts of climatic variables (temperature, precipitation,
humidity, sunshine duration) and socioeconomic factors (GDP, population density) on emissions.
We have also provided the detailed content of Section 3.4 “The impact of factors on wildfires in
China” (Lines: 333-430) in the comments [Lines 270-290 (Figure 10)].

We have also reduced potential redundancy by reorganizing and optimizing the figures and tables.
We hope these additions and improvements address the reviewer’s concerns regarding analytical
depth and help clarify the mechanisms driving the spatiotemporal patterns of wildfire CO, emissions.
Lines 295-310 (Implications): The manuscript claims that policies reduced emissions (e.g., crop
burning bans) but offers no empirical evaluation, no event-based analysis, and no causal testing (e.g.,
Difference-in-Differences or time series break analysis).

Response: Thank you for your valuable suggestion. We acknowledge that the manuscript currently
does not employ formal causal inference methods such as difference-in-differences (DID) or
interrupted time series analysis. While these methods are valuable, their application in this study is
constrained by several factors. Policy interventions such as open-burning bans or forest fire
prevention plans are not implemented instantaneously or uniformly; they typically undergo a
gradual process of adoption, enforcement, and local adaptation that varies by region and
administrative level. This lagged and heterogeneous implementation pattern makes it difficult to
apply event-based causal attribution designs with clear cutoff points. In the revised manuscript, we
have linked the observed emission trends to major regulatory milestones (e.g., the 2015 revision of
the Air Pollution Prevention and Control Law, and the 2009 and 2016 National Forest Fire



Prevention Plans) (Figure 12). Although these associations do not constitute strict statistical
causality, they provide plausible policy-related explanations. In the newly revised manuscript, we
have removed the original Section 3.5 “Implications” and incorporated the revised content into
Section 3.4 (Lines: 431-462). The details are as follows:

“Although the GTWR model indicated that climatic and socioeconomic variables such as TMP,
RH, and GDP explained the spatial variation in wildfire CO, emissions, the overall model
performance remains moderate for forest and shrub fires, with particularly low explanatory ability
for grassland fires (R? = 0.31). This gap suggests that, beyond natural and socioeconomic factors,
other key drivers may have been omitted. Multiple studies (Gao et al., 2023; Kelly et al., 2013;
Phillips et al., 2022; Xie et al., 2020) highlight the substantial impact of fire management policies
on CO» emissions. For instance, Phillips et al. (2022) showed that the marginal abatement cost of
avoiding fire-related CO, emissions through fire management is comparable to or even lower than
that of many other climate mitigation strategies.

In China, the role of policy is particularly significant. Wu et al. (2018) reviewed 51 crop straw
management regulations issued between 1965 and 2015, with 34 implemented after 2008. The
timing of these intensive regulatory efforts closely aligns with key turning points in emission trends
(Fig. 12). For cropland fires, annual CO emissions increased from 8.2 Tg/year during 2001-2005
to 26.2 Tg/year during 2010-2016, but began to decline following the revision of the Air Pollution
Prevention and Control Law in 2015 and the launch of the Air Pollution Action Plan in 2013.
Similarly, after the implementation of the National Forest Fire Prevention Plans in 2009 and 2016,
CO; emissions from forest, shrub and grassland fires dropped from 38.1 Tg/year (2006-2009) to
13.3 Tg/year (2017-2022). Jin et al. (2022) further estimated that over 80% of wildfire-related CO»
emissions could be avoided under effective fire management. These findings strongly indicate that
policy management plays a critical role in wildfire CO2 emissions.

Notably, northeastern China is the only region where cropland burning has increased in recent
years, highlighting the need for adaptive rather than restrictive policies. As one of China’s major
grain-producing regions, Northeast China generates large volumes of straw. Harsh winters and short
windows for straw return or removal, combined with long-established farming practices, have made
complete bans on straw burning particularly challenging. Prior to strict open-burning prohibitions,
farmers often burned straw in a dispersed, low-intensity manner, making detection by satellite-based
fire products difficult, potentially resulting in systematic underestimation of early emissions. After
the implementation of strict bans, facing growing pressure from unprocessed straw accumulation,
therefore, some local governments adopted more adaptive fire management policies, such as
designating burning windows under favourable meteorological conditions. These “limited and
concentrated burning periods” led to spatiotemporally clustered fire events that were more easily
captured by remote sensing. In recent years, the Chinese government has also promoted the
scientific incorporation of straw into soils, off-field collection, and the industrial utilization of crop
residues in Northeast China. These efforts highlight the significant role of policy in shaping
emission trends from agricultural burning, particularly in regions where environmental constraints

and traditional farming practices pose unique challenges.”
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Figure 12: Temporal trends in annual CO2 emissions from cropland burning and forest, shrub, and grassland fires
in China (2001-2022), and key national policy milestones related to fire and air pollution control.

Minor Comments:

L120-L125 (Methods): The AGB data for forests/shrubs are sourced from Su et al. (2016) and Yan
et al. (2023), which likely differ in methodology and spatial resolution. No effort is made to
harmonize these datasets, risking inconsistencies in long-term trends.

Response: Thank you for this important comment. We agree that the consistency of input datasets
is crucial for long-term trend analysis. In this study, we used the forest aboveground biomass (AGB)
dataset from Su et al. (2016) for the period 2001-2012 and the dataset from Yin et al. (2023) for
2013-2022. These datasets were selected to reflect annual changes in aboveground biomass rather
than assuming constant AGB throughout the study period. To assess the compatibility of these two
datasets, we compared their annual average values and found that the AGB from Su et al. (2016)
averaged approximately 100 t/ha, while that from Yin et al. (2023) averaged 107 t/ha—a difference
of about 7%, which falls within the uncertainty range (+=50%) for forest biomass estimates noted by
Yin et al. (2023). Therefore, we consider the transition between these two datasets acceptable and
unlikely to distort long-term emission trends.

Regarding shrub, further analysis revealed that directly using the forest AGB dataset in the previous
manuscript might not accurately reflect the biomass characteristics of Chinese shrubs. To improve
the regional applicability of our estimates, we replaced the previous data with locally derived shrub
biomass density values based on Hu et al. (20006), as detailed in Table S2 of the revised manuscript.

This substitution ensures more accurate and representative AGB inputs for shrub fire emission



estimation in China. The uncertainty analysis regarding AGB is provided in Section 3.5
“Uncertainty Analysis”. We have also provided the detailed content of Section 3.5 “Uncertainty
Analysis” (Lines: 463-513) in the comments [Lines 110-330].

L120-L125 (Methods): The NDVI-based exponential model (Gao et al., 2012) may saturate in high-
biomass regions, leading to underestimation. The authors do not address this limitation or compare
their AGB estimates with field measurements or independent datasets (e.g., LIDAR), casting doubt
on the reliability of the method.

Response: We appreciate the reviewer’s thoughtful comment. We acknowledge that NDVI-based
exponential models can exhibit saturation effects in high-biomass regions, potentially
underestimating aboveground biomass (AGB), especially in dense grassland ecosystems. To assess
this concern, we conducted additional analysis using the corrected model proposed by Hu et al.
(2024), which specifically addresses NDVI saturation in alpine meadow grasslands in China. This
model introduces a revised NDVI-AGB function to mitigate underestimation under high vegetation
density conditions.

NDVI, (0 < NDVI < 0.728831)

NDVladj = 1+ NDVI
0.0428 X T + 0.4552, (0.728831 < NDVI < 1)

kg
y = 5908.5x — 2198.9 (W)

We recalculated AGB using Hu’s modified model and compared it to the original Gao et al. (2012)
model. The results showed a minimal difference in average AGB estimates: 210 g/m? from Gao’s
model vs. 214 g/m? from Hu’s model. The difference falls well within the reported uncertainty
bounds of both models (£62.5 g/m? in Gao et al., £85 g/m? in Hu et al.). Moreover, Gao et al.’s
model was based on field sampling across a wider range of vegetation types, including arid
grasslands, meadow steppes, wetlands, and sandy vegetation, which better matches the diverse
ecosystems included in our national-scale analysis. Given the small difference in results and the
broader applicability of Gao’s model across multiple vegetation types, we have retained Gao et al.
(2012) as our baseline model. Additionally, uncertainties associated with AGB estimation have been
explicitly assessed through Monte Carlo simulation in Section 3.5. We have also provided the
detailed content of Section 3.5 “Uncertainty Analysis” (Lines: 463-513) in the comments [Lines
110-330].

L135-L40 (Methods): The combustion efficiency (CF) equations rely on FVC thresholds derived
from Hély et al. (2003), which were developed for African savannas. The authors do not validate
whether these thresholds are appropriate for Chinese ecosystems (e.g., boreal forests in Heilongjiang
vs. arid grasslands in Inner Mongolia and tropical forests in Hainan and Yunnan). This raises
concerns about model transferability and regional accuracy.

Response: Thank you for the reviewer’s insightful observation. We fully recognize that the
empirical relationship between combustion efficiency (CE) and fractional vegetation cover (FVC)
proposed by Hély et al. (2003) was originally derived from African savanna ecosystems. In this
study, we applied this approach to forests and grasslands primarily to enable spatially estimation of
CE based on vegetation structure, which is particularly useful for long-term national-scale emission
inventories. Although we acknowledge the limitations of directly applying the Hély model to all
Chinese ecosystems. For shrubs and croplands, we did not use the Hély equation but instead adopted
fixed CE values based on China-specific and global literature (e.g., Junpen et al., 2020; Zhou et al.,



2017; He et al., 2015).Additionally, we conducted a Monte Carlo uncertainty analysis (Section 3.5)
to quantify the impact of CE variability on total emission estimates. The results show that while CE
introduces some uncertainty, its relative contribution to total emission uncertainty is lower compared
to factors such as aboveground biomass (AGB) and burned area (BA). uncertainties associated with
CE estimation have been explicitly assessed through Monte Carlo simulation in Section 3.5. We
have also provided the detailed content of Section 3.5 “Uncertainty Analysis” (Lines: 463-513) in
the comments [Lines 110-330].

L220-225 The term “high-confidence hotspot” is used without defining confidence thresholds (e.g.,
95% confidence). Clarify how hotspots were statistically determined to be of high-confidence.
Response: Thank you for pointing this out. In the revised manuscript, we have clarified the
statistical criteria used to define “high-confidence hotspots”. We have updated the relevant text in
Section 2.3.2 “Hot spot analysis” (Lines: 199-214). The details are as follows:

2.3.2 Hot spot analysis

While Moran’s I provides a global measure of spatial autocorrelation, it does not explicitly
identify localized clusters of high or low values. To address this limitation, the Getis-Ord Gi*
statistic (Getis and Ord, 1992) is commonly used to identify statistically significant hotspots and
coldspots within spatial datasets. Unlike Moran’s I, which captures both positive and negative
spatial autocorrelation, the Gi* statistic focuses on detecting concentration patterns of high or low
values within the study area. The Getis-Ord Gi* statistic is defined as:

Y WX i—EY Wy
i* — J U] J Uz (7)
nywi—(5jwij)
S n-1

Where G/ is the Getis-Ord Gi* statistic for location i; x; is the observed value at location j
(e.g., COz emissions); X is the global mean of the observed variable; w;; is the spatial weight
matrix, representing the spatial relationship between locations i and j; n is the total number of
spatial units; S is the standard deviation of the observed values.

The Gi* statistic is essentially a ratio that compares the local sum of a variable within a
specified distance to the global sum, adjusted for the number of spatial units and their spatial
relationships. High positive Gi* values indicate clusters of high values (hotspots), while low
negative Gi* values indicate clusters of low values (coldspots). Locations with Gi* values near zero
indicate random spatial patterns without significant clustering. Statistical significance is assessed
using Z-scores and corresponding p-values. In this study, Gi* analysis was used to detect persistent
high- and low-emission clusters of wildfire CO; emissions across China from 2001 to 2022. The

results provided spatially explicit insights into emission patterns and their temporal dynamics.

L235-240 “Human activities and fire management may affect cropland fire emissions more
significantly, resulting in more significant variability...” Replace the second "significant" with
“pronounced” for clarity.

Response: Thank you for your suggestion. We appreciate the comment regarding word choice;
however, the sentence in question (Lines: 235-240 in the original manuscript) has been removed
during the revision process as part of a broader restructuring of the analysis.

L205 (Table 1): While Moran’s I confirms clustering, the authors do not explore why spatial clusters
exist (e.g., links to regional policies, economic activities, climate zones, fire spread, etc.). This limits
the utility of spatial analysis for informing targeted mitigation strategies.



Response: Thank you for your valuable suggestions. In the revised manuscript, we have expanded
the analysis and interpretation of the spatial clustering patterns of wildfire CO;, emissions. The
revised content can be found in Section 3.3 “Spatiotemporal Variations in CO, Emissions” (Lines:
277-332). The details are as follows:

“Due to differences in geographical location, climate conditions, and population density, the
spatiotemporal distribution of CO, emissions in each region exhibits heterogeneity (Fig. 5).
emissions in NW, CW, and TP regions were relatively low, accounting for only 3% of China’s annual
average emissions from 2001 to 2022. In contrast, regions with high emissions were mainly
concentrated in NE, NC, SC, and SW regions (Fig. 5a).

To assess whether wildfire CO, emissions exhibit statistically significant spatial clustering
patterns at the national scale, we first applied Moran’s . This step was crucial because it determined
the necessity of subsequent local cluster analyses (such as hotspot analysis). The results (Table 1)
showed significantly positive Moran’s | values for fire emissions across all vegetation types (/> 0,
p < 0.01; Z > 2.58), indicating non-random spatial distributions and strong global spatial
autocorrelation. These findings supported the use of the Getis-Ord Gi* statistic to identify
statistically significant hotspots and coldspots of wildfire emissions. Additionally, the presence of
spatial autocorrelation implies the need for spatially explicit regression models (e.g., Geographically
and Temporally Weighted Regression), as global models such as Ordinary Least Squares (OLS) may
not adequately capture the spatial heterogeneity in emission-driver relationships.

Based on the Getis-Ord Gi* analysis (Fig. 6), we identified clear spatial clusters of persistent
high (hotspots) and low (coldspots) wildfire CO, emissions (Fig. 6). Among different vegetation
types, CO; emissions from forest fires are mainly distributed in NE, SW, and SC regions, with the
NE region accounting for 56% of China’s annual average emissions from 2001 to 2022 (Fig. 5b).
The NE region (e.g., the Greater and Lesser Khingan Mountains) is a typical coniferous forest belt
with abundant fuel accumulation, dry and windy spring conditions, and makes it highly prone to
intense but infrequent wildfires (Lian et al., 2024a). However, despite the high forest fire emissions
in NE, no significant hotspots were detected by the Getis-Ord Gi* analysis (Fig. 6b), indicating that
its high emissions mainly stem from sporadic extreme events rather than persistent clustering (Fig.
7a). For example, in 2003 and 2008, extreme wildfires in NE China contributed 73% and 56% of
the national forest fire CO» emissions in 2003 and 2008, respectively (Fig. 7a). In contrast to NE,
SW and SC exhibited significant spatial clustering in forest fire CO, emissions. Forest fires in these
regions are prone to occurring in late winter and early spring each year, with relatively small fire
scales but high frequency (Qin et al., 2014; Zhang et al., 2023a).

Shrub fire CO; emissions were concentrated in the SW and SC regions, accounting for 47%
and 27% of China’s annual average emissions from 2001 to 2022, respectively (Fig. 5¢). Secondary
vegetation such as shrubs and bamboo forests are common in these areas, resulting from land use
changes (e.g., farmland abandonment, forest degradation), which facilitates the accumulation of
combustibles (Han et al., 2018). Meanwhile, complex terrain and high biomass also amplify the risk
of fire spread (He et al., 2024). Additionally, seasonal drought (low humidity) combined with human
activities such as fuelwood collection and traditional burning practices (Ying et al., 2021) exacerbate
fire occurrences, forming persistent spatial clustering that has been clearly identified as hotspot
areas (Fig. 6¢).

Grassland fire emissions were mainly concentrated in the NE region, accounting for 70% of
the China’s annual mean during 2001- 2022 (Fig. 5d), with hotspot areas focusing on the grasslands



of Inner Mongolia (e.g., Hulunbuir, Xilingol) (Fig. 6d). In this region, dry herbaceous vegetation,
strong winds, and low humidity in spring make grassland fires extremely prone to ignition (Chang
et al.,, 2023). Additionally, there is a close relationship between land use and grassland fire
occurrence (Li et al., 2017). Li et al. (2017) explored the relationship between land use and the
spatial distribution of grassland fires, and the results showed that land use has a significant impact
on grassland fires.

High CO; emissions from cropland fires were concentrated in NC and NE regions, accounting
for 51% and 42% of the China’s annual mean emissions, respectively, during 2001-2022 (Fig. Se).
Spatiotemporally, from 2003 to 2012, the main emission sources were agricultural provinces in NC
(e.g., Hebei, Shandong, Henan, Anhui), while after 2012, agricultural regions in NE (e.g.,
Heilongjiang, Jilin, Liaoning) became the primary sources of emissions (Fig. 6e and Fig. 7d). These
areas have high crop straw yields and long-standing traditional burning practices, making them
typical hotspots of agricultural fires (Li et al., 2024a; Wu et al., 2018).”

L285-290 (Table 2): Citations for “Chen et al. (2022)” (GDP data) and “LandScan” (population
density) are missing from the reference list. Ensure all data sources are fully cited.

Response: Thank you for pointing this out. We have now added complete citations for both the
GDP dataset (“Chen et al., 2022”) (Line: 603) and the LandScan Global Population Dataset in the
revised reference list (Line:597).

L290 (Figure 10): Spearman’s correlations assume independence of observations, but spatial
autocorrelation violates this assumption. The reported significance levels (p-values) may be inflated,
leading to spurious correlations. Spatial regression or geographically weighted regression (GWR)
should be used instead.

Response: Thank you for this important and technically valid observation. To address this, we have
revised the analytical framework, replacing the bivariate correlation approach with spatial
regression models, and conducted a comparative analysis of three models including Ordinary Least
Squares (OLS), Geographically Weighted Regression (GWR), and Geographically and Temporally
Weighted Regression (GTWR). We have removed the original Spearman correlation results and
replaced Figures 8-11 with updated spatial regression outputs and interpretation. This improvement
has significantly enhanced the robustness and interpretability of our findings. These additions are
now discussed in Section 3.4 of the revised manuscript. We have also provided the detailed content
of Section 3.4 “The impact of factors on wildfires in China” in the comments [Lines 110-330].
Lines 315-330 (Conclusion): The conclusion restates earlier findings without elevating the
discussion. Consider framing in terms of implications for global carbon inventories, LULUCF
reporting, or wildfire mitigation strategies.

Response: Thank you for your insightful suggestions. In the revised manuscript, we have carefully
revised and expanded the conclusion section to enhance its interpretive depth and policy relevance.
The details are as follows (Lines: 539-565):

4 Conclusion

This study developed a comprehensive inventory of wildfire CO; emissions across China from
2001 to 2022, capturing significant spatiotemporal variations among different vegetation types.
Results showed that cropland and forest fires were the primary contributors to national wildfire
emissions. Forest and shrub fire CO, emissions exhibited a declining trend, grassland fire CO»
emissions remained relatively stable, and cropland fire CO, emissions showed an increasing trend.
GTWR analysis revealed that shrub fire CO, emissions exhibited the highest predictive performance



(R?=0.87), with climatic factors (particularly temperature and humidity) being the main influencing
factors, and limited temporal variation. In contrast, forest and cropland fire CO, emissions were
significantly influenced by the spatiotemporal heterogeneity of both climatic and socioeconomic
factors. Grassland fire CO, emissions exhibited the lowest model explanatory power (R> = 0.31),
suggesting that their emissions may largely depend on drivers not included in the current model.

Our findings underscore the critical role of policy interventions in shaping wildfire emissions
in China. The observed declines in most regions aligned with the implementation of national fire
control and air pollution reduction programs. However, northeastern China remained an exception,
with cropland fire CO, emissions continuing to increase in recent years. This trend highlighted the
limitations of blanket burning bans and the necessity of adaptive fire management. Although forest
fire CO; emissions had been reduced through strengthened fire prevention measures, northeastern
China remained vulnerable to extreme fire events triggered by drought or lightning. Shrub fire CO»
emissions, primarily driven by climatic factors, underscore the importance of strengthening early-
warning systems.

Although wildfire emissions are classified as “natural disturbances” under IPCC guidelines for
LULUCEF and are often excluded from national emission inventories, the results demonstrated that
these emissions were substantial and closely tied to policy and land management practices. The
pronounced interannual variability and spatial heterogeneity suggested that future climate extremes,
land-use changes, or fire policy adjustments could significantly alter regional carbon dynamics.

Compared with global emission inventories (GFED, FINN, QFED, GFAS), the estimates in
this study were generally lower. Although remote sensing data might underestimate some cropland
fires, this study characterized wildfire CO, emission patterns in China by integrating multi-source
burned area products, localized biomass data, and high-resolution land cover classifications. Future
research should further refine burned area identification, optimize parameters such as emission
factors and combustion efficiency, bridge observational gaps, and incorporate transboundary fire

dynamics to ensure more comprehensive and accurate regional emission accounting.

Lines 360 (References): Several references (e.g., Cao et al., 2004) lack English translations or full
journal details. Ensure uniform citation style. Furthermore, while some people may be able to read
the article, I am not sure if all of the reviewers can understand it fully.

Response: Thank you for this helpful suggestion. In the revised manuscript, we have carefully
reviewed and updated all Chinese-language references to include English translations of titles,
complete journal and publication details, and a clear indication that the source is “in Chinese”. We
have followed the citation style commonly recommended by the journal for non-English references.



