Reply to Reviewer#2 and the editor:

We thank the reviewers for taking the time to assess the manuscript (egusphere-
2024-359) and providing helpful comments and suggestions to improve the manuscript.
Below we address the reviewers’ comments, with the reviewer comments in italic and
black, and our responses in blue. We have revised the manuscript accordingly and
mentioned the line number in the tracked version of the manuscript.

The authors estimate both soil NOx and HONO emissions in North China and
investigate their impacts on air quality and temperature using an updated soil Nr
emissions scheme within a chemical transport model. The inclusion of this scheme
appears to significantly impact the model's outputs. I recommend the paper for
publication, subject to the following revisions:

Thanks for the positive comments. Our item-by-item responses can be found in
below.

General comment:
1. Simulation Settings Summary:

Please consider adding a table summarizing the settings for each simulation scenario
to enhance clarity and ease of comparison.

Thanks for the suggestion. The table summarizing the settings for each simulation
scenario has been moved from the Supplement to the revised manuscript. Additionally,
the descriptions of emission reduction scenarios for co-emitted air pollutants, as you
suggested, have also been included in Table 1 of the revised version, and the
corresponding description has also been added in the revised manuscript as follows:

Page 11-12, Lines 224-236: “To investigate the relative importance and interaction
between anthropogenic and natural emissions of nitrogen-containing pollutants, we
conduct the Base redANOx and NoSoil redANOy simulations to evaluate the role of
soil Nr emissions on O3 mitigation strategies, in which anthropogenic NOx emissions
reduced by 20%, 40%, 60%, 80%, and 100%, respectively. Furthermore, considering
the co-control of multiple air pollutants and greenhouse gas reductions in future
emission reduction scenarios, the Base redAnt and NoSoil redAnt simulations are
conducted to evaluate the role of soil Nr emissions on air temperature change, and the
anthropogenic reduction scenarios simultaneously consider SOz, NOy, primary PM2s,
VOCs, and CO emissions reductions (reduced by 20%, 40%, 60%, 80%, and 100%).”

2. Study Duration and Selection of Year:

The investigation is limited to July 2018. This limited scope raises concerns about the
generalizability of the conclusions regarding the impact of soil Nr emissions. Could the



authors clarify the reasons behind choosing only 2018? Additionally, how do the 2018
temperature, precipitation, and other relevant meteorological factors compare with
other years? Given the close relationship between soil emissions and meteorological
conditions, it would be beneficial to include additional years to demonstrate the
sensitivity to varying weather conditions. The impact of soil Nr emissions during other
months should also be discussed, as the atmospheric nitrogen budget from soil
emissions is expected to be significantly different at other times of the year.

The July 2018 chosen as the study period is based on several factors. Firstly, it is
reasonable to choose summer because Oz pollution is serious during this time and soil
nitrogen emissions are generally the highest. Shen et al. (2023) used multi-source
remote sensing observations to optimize the input data and estimated soil NOx
emissions based on the modified YL95 scheme (Yienger and Levy, 1995). Their study
also confirmed that the peak in SNOy from 2017 to 2019 occurred in July, despite the
emission estimated methods being different from ours. This conclusion further supports
the reason for choosing July as the representative month for soil Nr emission research.
The exclusion of the years 2020-2022 from the study period is due to the COVID-19
pandemic, which could affect anthropogenic emissions, atmospheric oxidizing capacity,
and meteorological conditions (Liu, 2020; Le et al., 2020; Wang et al., 2022a). Given
the potential impact of the COVID-19 pandemic on the representativeness of the results,
three pandemic years (2020-2022) are not considered as the study period. Furthermore,
previous studies showed that the MDAS8 Oz concentrations in China continued to
increase during the warm seasons from 2014 to 2017, and then at a slower increase rate
from 2018 to 2020, nevertheless the MDA8 Oz was still high in the year 2018-2020
(Liu et al., 2023; Wang et al., 2022b; Yin et al., 2021). We also analyzed the MDAS8 O3
concentrations from CNEMC data during the warm seasons in the BTH and FWP
regions, and found a fluctuating upward trend from 2017 to 2019 with relatively small
variation (Fig. R1). From the perspective of Oz pollution, thus selecting the year 2018
as the study period is representative. Additionally, we also analyzed the air
temperatures at 2m (T2) and total precipitations from the MERRA-2 dataset from June
to August in 2018. It was shown that higher temperatures and more frequent
precipitation occurred in July over the study region (Fig. R2 and R3). Based on the
above analysis, we chose July 2018 as the study period.

The reason for selecting July 2018 as the study period has been added in the
revised version as follows:

Page 6-7, Lines115-119: “July 2018 was chosen as the study period because of
severe O3z pollution during this month, as well as higher air temperatures and more
frequent precipitation compared to June and August (Figure S1 and S2), which could
contribute to enhanced the soil Nr emissions (Figure S3).”

Soil Nr emissions are significantly influenced by meteorological factors,
especially the temperature, humidity, and precipitation. We thus compared the monthly
average T2 and total precipitation from the MERRA-2 dataset during summer seasons



in 2017-2019 (Fig. R2 and R3). The results showed that there were no significant
variations in the meteorological conditions during these three years in the study region.
The monthly average T2 in summer seasons in 2017-2019 showed only slight changes,
with ranges of 0.7<C for June, 1.2<C for July, and 1.1<C for August, respectively; the
total precipitation in each month was also slightly different, with ranges of 19.9 mm in
June, 39.0 mm in July, and 19.3 mm in August, respectively.

Despite considering additional years would provide insights into the sensitivity of
soil emissions to varying meteorological conditions, it is noted that our study focused
on studying the contribution of soil emissions to the atmospheric nitrogen budget and
their impacts on air quality and temperature rise in North China, thus the representative
year and month were selected to investigate. Additionally, Tan et al. (2023) also
highlighted that the increased impact of soil Nr emissions on Oz contribution was not
primarily driven by weather-induced increases in soil Nr emissions, but by the
concurrent decreases in fuel combustion NOx emissions, which enhanced Oz production
efficiency from soil by pushing Oz production toward a more NOx-sensitive regime.

To accept your suggestion, we have conducted simulations in January, April, and
October 2018, representing winter, spring, and autumn, respectively. As shown in
Figure R4, the soil Nr emissions in July are much higher than the other seasons due to
higher air temperatures and frequent precipitation, accounting for 39.5% of
anthropogenic NOx emissions over the study region, and 50.2% in the BTH, 47.4% in
FWP. Given the substantial contribution of soil emissions to the atmospheric nitrogen
budget in July, it is reasonable to expect that soil Nr emissions have a more significant
impact on air quality during this season. Moreover, previous studies on soil nitrogen
emissions have also focused on summer (Huang et al., 2023; Shen et al., 2023; Wang
et al., 2023c), thus we choose the most representative month to assess the impact of soil
Nr emissions on air quality and climate change.

The relevant discussions have been added to the revised manuscript as follows:

Page 13 Lines 252-262: “The soil Nr emissions in July are much higher than the
other seasons due to higher air temperatures and frequent precipitation, accounting for
39.5% of anthropogenic NOx emissions over the study region, and 50.2% in the BTH,
47.4% in FWP, which is consistent with the previous studies (Huang et al., 2023; Shen
et al., 2023; Wang et al., 2023c). And the proportions can increase to 58.9%, 57.0%,
and 65.0%, respectively, when only statistics over the cropland in these regions (Figure
S3). Given the substantial contribution of soil emissions to the atmospheric nitrogen
budget in July, we thus choose this month to assess the impact of soil Nr emissions on
air quality and climate change.”
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Figure R1. Variation trends of the monthly average MDAS8 O3 concentrations during
warm seasons (April-September) in 2014-2023 from the China National Environmental
Monitoring Center (CNEMC) over the BTH and FWP regions. The statistics over the
x-axis and upper left corner are the warm-season averaged values and the absolute
annual linear trend of MDAS8 Oz concentrations (2standard deviation).
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Figure R2. Distribution of (a) the monthly average air temperatures at 2m (T2) and (b)
total precipitation from the MERRA-2 dataset during June-August in 2017-2019. The
statistics in the lower left corner are the monthly average T2 and total precipitation in
China and the study region.
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Figure R3. Frequency of (a) the monthly average air temperatures at 2m (T2) and (b)
total precipitation over the study region during June-August in 2017-2019. The
statistics on each panel are the values of T2 and total precipitation amount
corresponding to the highest frequency.
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Figure R4. Monthly proportion of soil Nr emissions to anthropogenic NOx emissions
during January, April, July, and October in the study region, BTH, and FWP regions.
The darker columns with borders are statistics for the whole region, while the lighter
columns are statistics for croplands. The gray horizontal dotted line in the figure

represents a 50% proportion.



3. Figure 3 Analysis:

The base scenario improves correlation but introduces larger biases, particularly when
compared with TROPOMI NO2 data. A detailed discussion regarding the causes of
these biases would be valuable. I notice that the performance of the base scenario is
better than the default one in Figure 4. If it is the most important justification for the
better performance of “base”, I suggest additional clarification to justify why HCHO
validation weights are more important than NO2 and O3 for this stud)y.

For the simulation evaluation of NO2 VCD in Figure 2, it is noted that the retrieval
of TROPOMI NO: also has certain uncertainty. The instantaneous uncertainty of
TROPOMI tropospheric NO2 columns at the pixel level is 25-50% or can be up to
0.5~0.6>10% molecules cm™ (Van Geffen et al., 2020; Van Geffen et al., 2021). The
results of Base simulation are in better agreement with TROPOM I than the Default with
a reduced NMB and an increased spatial correlation coefficient (R). Additionally, the
uncertainty can be random, and our focus here is to reduce the bias between the
simulations and observations. We have added the statistical values in Figure 2, and also
added corresponding discussions in the revised version as follows:

Page 14-15, Line 283-295: “Overall, Base shows the improved performance in
simulating NO2 VCD in comparison to Default with a decreasing bias from -30% (-
21%) to +4% (+17%) and an increasing spatial correlation coefficient (R) from 0.62
(0.50) t0 0.65 (0.54) in the study region (cropland). However, there is still a discrepancy
between the Base simulation and TROPOMI NOz VCD. This discrepancy could be
driven by the combined effects from uncertainties in simulations and observations,
associated with the time lag in anthropogenic emissions inventory used in the model
(Chen et al., 2021), instantaneous uncertainties in TROPOMI tropospheric NO, VCD
at the pixel level (up to 25-50% or 0.5~0.6x10'> molecules cm?), as well as
uncertainties of stratospheric portion of NO2 VCD and AK caused the retrieval errors
(Van Geffen et al., 2020; Van Geffen et al., 2021).”

Page 15, Line 311-314: “Nevertheless, the improved simulation performance of
NO, VCD with a reduced bias and increased spatial correlation coefficient in Base is
credible, and soil Nr emission scheme has the fidelity needed to study the implication
of soil Nr emissions to air quality in North China.”

For the simulation evaluation of MDAS Oz in Figure 3, we admit there are inherent
discrepancies between MDAS8 O3 simulation and observation in the Default. Sources of
O3 biases in chemical transportation models (CTMs) are complex and multifaceted,
which may arise from simplifications of complex chemical mechanisms and physical
processes such as dry deposition and vertical mixing (Akimoto et al., 2019; Travis and
Jacob, 2019). Input data, including emission inventories, meteorological fields, and
other parameters, also tend to be biased (Sun et al., 2019; Ye et al., 2022). Previous
studies showed that the mean normalized biases (NMB) of simulated O3 concentrations
were within #£30% for nearly 80% of the cases collected from air quality model studies.



The atmospheric chemical transport models like GEOS-Chem and CAMx commonly
overestimated the ambient Oz concentration, while the biases for CMAQ, WRF-Chem,
and NAQPMS were less conclusive (Yang and Zhao, 2023). These suggest a potential
systematic Os bias in the CTMs. In Base simulation, the inclusion of soil Nr emissions
can promote the Oz formation, resulting in higher Oz concentrations and larger
deviations. Nevertheless, the increased spatial correlation and reasonable bias found in
the Base indicate that the application of the soil Nr emission schemes can effectively
improve the simulation performance of MDAS O:s.

Detailed discussions regarding the causes of Oz biases have been added in the
revised version as follows:

Page 16-17 Lines 327-337: “Previous studies showed that the NMB of simulated
O3 concentrations were within £30% for nearly 80% of the cases collected from air
quality model studies (Yang and Zhao, 2023). These discrepancies may arise from
simplifications of complex chemical mechanisms and physical processes, such as dry
deposition and vertical mixing (Akimoto et al., 2019; Travis and Jacob, 2019). The
uncertainties of input data, including emission inventories, meteorological fields, and
other parameters, may also contribute to these discrepancies (Sun et al., 2019; Ye et al.,
2022), suggesting a potential systematic O3 bias in air quality models. Therefore, the
increased spatial correlation and reasonable bias found in the Base indicate that the
application of the soil Nr emission schemes can effectively improve the simulation
performance of MDAS O3.”

In this study, we compare the simulated concentrations of NO2, HONO, Os, and
nitrate in the atmosphere with and without the implementation of the soil Nr emission
scheme against the observations. The evaluations of these air pollutions were used to
validate the accuracy of the soil Nr emissions scheme incorporated into the UI-WRF-
Chem. Specifically, by comparing the HONO concentrations simulated by the Default
and Base, we aim to identify the accuracy of the SHONO scheme adopted in the model
along with other four potential sources of HONO (i.e., traffic emissions, NO>
heterogeneous reactions on ground and aerosol surfaces, and inorganic nitrate
photolysis in the atmosphere). From Figure 2 to 4, the results show that the simulations
with the implementation of BDISNP scheme are in better agreement with TROPOMI
NO. VCD, observed surface HONO, Ogz, and nitrate than the Default. Therefore, the
soil Nr emission scheme has the fidelity needed to study the implication of soil Nr
emissions on air quality in North China.

We modified the discussion in the revised version as follows:

Page 17-18 Lines 357-359: “Nevertheless, the improved simulation performance
of NO; VCD, surface HONO, MDAS O3, and nitrate concentrations compared to the
Default illustrates the credibility of the results obtained from the Base simulation.”



4. Emission Reduction Scenarios:

The manuscript discusses temperature responses to anthropogenic NOx emission
changes. However, the scenarios focusing solely on NOx reduction may not reflect real-
world conditions, as NOx is often co-emitted with other pollutants like SO2 during
activities such as coal combustion. Therefore, the conclusions drawn from the current
scenario setups might be skewed. I recommend including scenarios that consider
reductions in emissions from co-emitted species to more accurately assess their
collective impact on temperature.

We admit that real conditions involve complex emission reduction scenarios that
NOx is often co-emitted with other air pollutants, such as SO and primary PMzs,
particularly in coal combustion activities. Thus, the emission reduction scenarios
conducted in our manuscript, which only focus on anthropogenic NOx emission
reduction, may not adequately describe the multiple co-emission characteristics of air
pollutants and their overall impact on temperatures. Notably, we focus on reducing
anthropogenic NOx emissions mainly because the main objective of this study is to
investigate the interaction and relative importance between anthropogenic and natural
emissions of nitrogen-containing pollutants. We also believe that as anthropogenic
emissions decrease to a certain extent, the impacts of natural emissions on air pollution
and climate change mitigation become more important.

Future emission reduction scenarios are more complex, especially in terms of
mitigating Oz pollution, a certain emission reduction proportions of anthropogenic
VVOC and NOy should be maintained. The optimal reduction proportions can vary across
different regions due to different Os formation sensitivity regimes, ranging from 1:1 to
4:1 (Guo et al., 2022; Ren et al., 2022; Wang et al., 2019). Therefore, to accept your
point, and consider that future emission reduction scenarios should focus on the co-
control of multiple air pollutants and greenhouse gas reductions (Cheng et al., 2021).
we conducted additional anthropogenic emission reduction scenario experiments to
reduce SOz, NOy, primary PM.s, VOCs, and CO emissions by 20%, 40%, 60%, 80%,
and 100%, respectively, and evaluated the impact of soil Nr emissions on air
temperature change under different anthropogenic emission reduction scenarios. The
relevant discussions have been added in the revised version as follows:

Page 24, Lines 501-506: “Under the background of climate change, future
emission reduction scenarios should focus on the co-control of multiple air pollutants
and greenhouse gas reductions. Therefore, we conduct multi-pollutant co-control
reduction scenarios, taking into account the SOz, NOx, primary PM2 s, VOCs, and CO
emissions reduced by 20%, 40%, 60%, 80%, and 100%, respectively, to investigate the
impact of soil Nr emissions on air temperature change under different anthropogenic
reduction scenarios (Table 1).”

Page 24-25, Lines 508-529: “Figure 8 shows that incorporating soil Nr emissions
results in a slower rate of T2 increase compared to scenarios without soil Nr emissions,
especially when multi-pollutant emissions are reduced to more than a half, and this
phenomenon is consistent across all study regions. In the FWP region, when



anthropogenic emissions are eliminated, T2 increases by 0.073 °C in the presence of
soil Nr emissions, compared to 0.095 °C in the absence of soil Nr emissions. In the
BTH region, which has relatively high anthropogenic emissions, reducing multi-
pollutant emissions by the same proportion could result in relatively greater warming,
and T2 increases by 0.098 °C in the presence of soil Nr emissions, compared to 0.14 °C
in the absence of soil Nr emissions when anthropogenic emissions are excluded. This
is attributed to the effective radiative forcing (ERF) associated with the cooling effects
of primary pollutants (e.g. SO2, NOx) and secondary inorganic aerosols (SIA), and
positive ERF associated with the warming effects of CO and VOCs (high confidence)
(Bellouin et al., 2020; Liao and Xie, 2021). Decreases in primary pollutants emissions
and SIA concentrations could weaken the cooling effect and potentially accelerate
warming to some extent, and the decrease in CO and VOCs emissions may still lead to
temperature rise in a short-term. However, the soil Nr emissions could contribute to a
certain background concentration of aerosol, partially offsetting the temperature rise
caused by declining anthropogenic emissions of primary pollutants and greenhouse gas
(Figure S8).”

Specific comment
Line 237: monthly total? I suggest clarifying which month here.

Thanks for the suggestion. We have revised it to “the monthly total SNOy are 18.7
Gg N mon™! in July”. (Page 13, Line 268)

Line 284-286: The authors attributed the positive biases to the same reasons
documented by literature without mentioning more details. I assume literature uses
similar settings in the default scenario. Do they have a similar magnitude of biases with
the default or base scenario?

Thanks for the suggestion. We have added more discussion in the revised version
as follows:

Page 16-17 Lines 327-337: “Previous studies showed that the NMB of simulated
O3 concentrations were within £30% for nearly 80% of the cases collected from air
quality model studies (Yang and Zhao, 2023). These discrepancies may arise from
simplifications of complex chemical mechanisms and physical processes, such as dry
deposition and vertical mixing (Akimoto et al., 2019; Travis and Jacob, 2019). The
uncertainties of input data, including emission inventories, meteorological fields, and
other parameters, may also contribute to these discrepancies (Sun et al., 2019; Ye et al.,
2022), suggesting a potential systematic O3 bias in air quality models. Therefore, the
increased spatial correlation and reasonable bias found in the Base indicate that the
application of the soil Nr emission schemes can effectively improve the simulation
performance of MDAS O3.”



Line 341: Any reasons given for the different conclusions with existing studies?

Thanks for the suggestion. We have added the discussions in the revised version
as follows:

Page 19-20 Lines 395-403: “The discrepancy between our findings and those of
other studies regarding the impact of SNOx on -OH levels could be attributed to the
abundance of ambient NH3 in China during summer, where soil emissions may lead to
a significant increase in nitrate, and the increased aerosols can affect the concentrations
of ‘OH through photochemical reactions (Wang et al., 2011; Xu et al., 2022).
Additionally, after taking into account the SNOx in the model, the environment may
shift to a relatively NOx-saturated regime, thus the termination reaction for O3
production could be NO> and -OH to generate HNOj3 (Chen et al., 2022; Wang et al.,
2023b).”

Conclusion: please clarify the contributions from soil Nr are not annual mean but for
a specific month here.

Thanks for the reminder. We have clarified the specific month in the Conclusion
in the revised version as follows:

Page 26 Lines 541-543: “The contribution of soil Nr emissions in July to monthly
average NO> and HONO are 38.4% and 40.3% in the BTH, and 33.9% and 40.1% in
the FWP region, respectively”

Figure 5: the statistical results are not easy to see. Suggest using an alternative color
for the digits. Please also clarify the period used for the plotting in the caption.

We have moved the statistics to the right corner of each panel and revised the
caption in Figure 5. And also clarified the period in the caption of other figures in the
revised manuscript and supplement.

Figure 7: the legends of bars/lines are missing.
We have added the legends of bars/lines in Figure 7.
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