Deep learning for predicting ozone variations with emissions and meteorology
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Abstract
Fast and accurate prediction of ambient ozone (O3) responses to changes inchanges with emissions and meteorology variation is crucial for understanding the mechanisms offor O3 formationpollution andto designing effective control strategiesy. However, existing chemical transport model (CTM)-based approaches are computationally expensive-based methods require massive time and efforts to conduct, and resource burdens limits their usage and effectiveness in air quality management.resulted in low efficiency which largely limits their usage. Here we proposed a novel method (noted as DeepCTM) thatby combinesing the deep learning totechnology with CTM predictions to improve the computational efficiency of photochemical modeling (noted as DeepCTM). The well-trained DeepCTM has successfully reproducesd the CTM-simulated O3 concentration usingwith the input features of the precursor emissions, meteorological factors, and initial conditions. The advantage of the DeepCTM is its high efficiency in identifying the dominant contributors to O3 dominant contribformationutors and quantifying the O3 response to the variations inof emissions and meteorology. The DeepCTM application in China suggests that the O3 concentrations are strongly suffers large influenceds byfrom the initialized O3 and NO2 concentrations,, as well as emission and meteorological factors  mostly during daytime when O3 is formed through photochemically reactions. The variation of meteorological factors such as short-wave radiation can also significantly modulate the O3 chemistry. The DeepCTM developed in this study exhibits great potential for efficiently representing sthe in dealing with complexicated atmospheric system,, and can providewell support the urgent need from policy makers with urgently needed information for to designing effective control strategies to mitigate the O3 pollution.
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OAs one important air pollutant and greenhouse gas, ozone (O3), an important air pollutant and greenhouse gas, has gained increased gains more and more attentions in China recently due to for its challenges in attaininging the target of “Beautiful China” in air quality targetsattainment 1. WThe worsening O3 pollution in most of Chinese cities in recent years has raiseds a lot of concerns and questions, particularly since PM2.5 pollution has been effectively controlled by the Air Pollution Prevention and Control Action Plan implementedtaken during 2013-2017 when PM2.5 pollution was effectively controlled 2. Many studies suggested that the unexpected O3 increases might be due to both unbalanced precursor (i.e., NOx and VOC) emission controls and unfavorable meteorologicaly conditions unfavorable for air quality 3, 4. Therefore, the design of effective control strategiesy requires  an accurate and quick estimation of the O3 response to behaviors under the variations inof emissions and meteorology.
However, predicting the O3 response to emissions and meteorology variations is challenging due to the high nonlinearity associated with atmospheric chemical and physical processes 5. Most previous studies 6,7 performconducted scenario analysis with chemical transport models (CTMs) with scenario analysis to investigate the influence of meteorology and emissions separately, either by reducing emissions underwith constant meteorological conditions or by modulating meteorology underbut with constant emissions. The nonlinear response of O3 to emission changess has also been explored with advanced CTM-based tools 8-14, but these tools are generally resource intensive and limit the while most of which has time-consuming issue that significantly limits their usage in explorationing of the nonlinear response of O3 responses to combined variations inof emissions and meteorology. For instanceMore specifically, some studies have revealed thate challenge of the future climate change may challengefor the efforts toin continually improveing air quality 15-16. Yet However, the question ofthat how the meteorologyy influences mpacts on the effectiveness of emission controls effectiveness still has not been well addressed. AIt is an urgent need for an efficient method to efficiently quantify the influence of meteorologicaly variations on the response of O3 response to emission changes is therefore urgently neededs.
DThe deep learning technology, such as convolutional neural networks (CNNs), has demonstrated skill in representing its advantage in linking the highly nonlinear and interactive relationshipscomplex relations in the atmospheric system17-19.  Our previous studies suggest that the air pollution response to emission changess can be inferred from the baseline concentrations of certain chemical indicators determined by the emissions and meteorology 20. It is expected that the pollutant concentrations areis also predictable from emissions and meteorology usingwith deep learning methods. More importantly, deep-learning representations of the inner relations of CTMs with the deep learning neural can substantially enhance the network to represent on the inner-relations of CTM, the efficiency ofcan be substantially enhanced in predicting the O3 response, and thus enable us to accomplish numerous scenarios to examination ofe the O3 response to emissions and meteorology in a much higher dimensional space than traditional CTM studies. Such methods would provideThat is an essential informationtask tofor policy makers toto well understand airthe pollution formation mechanisms and design proper control policies to continually improve the air quality.
The key remaining questions areremains unknown that how to design a suitable neural network and how well such a network it can replicate the CTM inin revealing the inner relationships between of O3 andto emissions and meteorology. To address these above questions, here we proposed a novel deep learning neural network structure (noted as DeepCTM) to reproduce the CTM-predicted O3. The properties of the new DeepCTM arewill be examined for its ability toin capturerevealing the nonlinearity of the O3 response to emissions and meteorology.
Methods
(1) Ddataset preparation
To establish the dataset for NN trainingIn this study, we used the Community Multiscale Air Quality Model (CMAQ) model, version 5.X, which is one of the most commonly used CTMs model 21 for simulating the air pollutant concentrations to establish the dataset for NN training. MThe meteorological fieldsy were developedas fromderived from the simulationsng with the Weather Research and Forecasting model (WRF) model, version 3.X. The CMAQ and WRF modelir configurations are the same as in our previous studies 2, 4. The Carbon Bond 6 and AERO6 mechanisms were used to representfor gas-phase and particulate matter chemistry, respectivelycal mechanisms. Anthropogenic emissions are based on theWe use the bottom-up emission inventory with a high spatial and temporal resolution (ABaCAS-EI) 22 inventory developed by Tsinghua University with a high spatial and temporal resolutiondeveloped by Tsinghua University. for anthropogenic emissions, Biogenic emissions were based onand the Model for Emissions of Gases and Aerosols from Nature (MEGAN) 23 to estimate the biogenic emissions. The performance of WRF and CMAQmodel forin simulating meteorological variables and air pollutant concentrations has been thoroughlywell evaluatedxamined by comparing against with the observations in our previous studies2, 4.
The studyied domain covers most of East Asia usingby total 182 (row) × 232 (column) horizontal grid cells with 27 km × 27 km spatial grid resolutions. In addition toBesides the nationalwide averages, our analysis also focuses on three key regions in China that in China where suffer the most serious O3 pollution, including North China Plain, the greater Yangtze -River -Delta, and Southeast China (Figure S1).
 (2) NN structure
Although deep learning models can represent any nonlinear systemare universal approximators 24, it is’s quite challenging for them to approximate the complicated atmospheric system. The challenges are due in part to unsatisfactory performance in One possible reason is that the performance of neural-based PDE solvers for partial differential equationsis unsatisfactory 25. To address thesetackle this intractable challenges, key inductive biases must beit’s necessary to introduced key inductive biases 26 when designing the features and the architecture of the deep learning model. First, we carefully construct 15 kinds of feature mapss that which are sufficient to represent the response relationship between emissions and O3 concentrations. The feature data consists of four emission variabless including total VOC emissions and NOx emissions at near-surface, within the or above planetary boundary layer (PBL), and above the PBL and total VOC emissions; five meteorological variablesfactors including PBL height, wind speed, short-wave radiation, convective velocity scale, and 2-meter temperature; three initial concentration fieldss including NO, NO2 and O3, and their corresponding transport fluxes, which which represent the movement between neighboring grid cells following the horizontal wind direction. 	Comment by Kelly, James: I wonder if a sentence should be added to state how the transport fluxes were calculated
Second, we carefullyelaborately design a novel deep neural network called DeepCTM that captures the. In particular, there is obvi spatial relationships amongous locality pattern between the localnear emissions, the local meteorology and the concentrations to be predicted. Specifically,Therefore, we useleverage stacked convolutional layers to maintain spatial information through the network and better extract the exclusive characteristics from the inputs. To stabstabilizele the procedure of optimization procedure, we employ two key components to smooth the energy landscape: (i), i.e., batch normalization ofnormalizing the activationss from a batch by BN layer 27, and (ii) skip connections to eliminateing the problematic annoying singularities in deep networksby skip connections 28. AlsoBesides, unlike traditional CNNconvolutional neural networks, the resolutions of all feature maps in DeepCTM are maintained throughout the networkremain unchanged to preserve the spatial information as much as possible in the DeepCTM. The detailed architecture is presented in Figure 1.
The total 15 feature mapsdata are concatenated and fed into the residual connection with eight residual blocks 29, which is similar to our previous study 20. The first 3×3 convolutional layer has a large number of channels (i.e., 128) to achieveget expressiveness of the connections among the original 15 features., The channel number reduces from 128 to 3 in and the last 3×3 convolutional layer reduced the channels from 128 to 3 to predict the surface concentrations of NO, NO2 and O3 for the next time step. The LeakyReLU (rectified linear unit) is usedchosen as the activation function.	Comment by Kelly, James: Are the input data normalized in some way (e.g., mean=0, unit variance) before feeding into the network?
(3) Ttraining and testing
We conducted the WRF-CMAQ simulations for the whole year of 2017. The hourly data of the first 20 days in each month (i.e., total 5760 records) are used for training, and the remainingst of 10 days (i.e., 2880 records) in each month are used for testing. We randomly cropped the indicator maps by the size of 60 for data augmentation to improve the performance of the CNN in dealing with the low-level task. The Mean Squared Error loss was used for training, with 5000 epochs. The learning rate starts from 0.001 and linearly decay to zero at the end of training.
We calculated the statistic of model performance statistics using the rRoot mMean sSquare eError (RMSE), R-squared (R2), and the nNormalized mMean bBiases (NMB). MThe model performance is also thoroughly examined through its ability toin characterizedealing with the nonlinear response of O3 response to emission and meteorological factors.
Results
(1) Evaluation of the performance in predicting the temporal and spatial O3 patterns 
After 5000 epochs, the trained DeepCTM can well reproduce the CTM-simulated hourly O3 variation across the whole year. The RMSEs and NMBs for the in training dataset are within 0.7 ppb and ±1% respectively, and R2s values are very close to 1 (see Figure S2). The RMSEs for thein testing dataset are slightly worse than for thethat in training dataset but are still within 0.8 ppb. Such good performance in both the training and testing dataset suggest that the DeepCTM has good generalization capabilities.	Comment by Kelly, James: This is in ppb right?
The DeepCTM can also well reproduce the spatial distribution of CTM-simulated O3, as demonstrated by the comparison of two representativeselected typical days from the testing dataset (i.e., the 21st day in January and July, which represent winter and summer, respectively). The predicted O3 by DeepCTM predictions for O3 at the next hour (one step accumulation, Figure 2b) agrees very well with the CTM -predictionssimulation, withas the RMSEs and NMBs are within 0.8 ppb and ±1%, respectively, and R2 valuess are also close to 1 (Figure 2a). 
It is also noted that the errors in As the DeepCTM integration proceeds over multiple time steps, the small errors for individual steps can quickly accumulate along with the prediction for following steps. The RMSEs will be increased to 2-3 ppb after 6 time6 steps (6h accumulation, Figure 2c), 4-6 ppb after 12-24 steps (12-24h accumulation, Figure 2d-e), and 6-7 ppb after 48 steps (Figure 2f). The NMBs also continually are increased continually along with the time integrationaccumulation and reach up to 15% after 3 days, with uncontrollable errors appearing at the edge of the simulationed domain (Figure 2g). Such error accumulation of errors is mostly related to the chaotic nature of the atmospheric system 30. TSince the singleone-step prediction ofed NO, NO2 and O3 concentration is used aswill be used as the initial  condition which is the feature data to be fed in for the next step of prediction. Thus a A small error in the initial condition can be amplifiedenlarged in the subsequent prediction steps following prediction, which createsis a big challenges for any time-series prediction for the atmosphere system. Re-initialization of concentration data is an effective way to ensure the biases remain with in modestcertain range. As presented in Figure 2a, with one-time initial once a week, the NMB can be controlled within ±8% using reinitialization once per week. Efforts toin reduceing the error in a single step can be very helpful for reducing the ratespeed of error accumulation;, however, error accumulationit is still the biggest challenge for long-time prediction with any time-accumulation based method like DeepCTM. To minimize the influence of accumulated errors, theour following discussion is only based on the predictions within one1 day (<less than 24 steps) of initialization.	Comment by Kelly, James: A recent study used a recurrent training approach and other methods to try to control error growth in a chemical mechanism solver: https://agupubs.onlinelibrary.wiley.com/doi/full/10.1029/2020JD032759 
Also, mass conservation has also been identified as a problem in integrating chemical systems with NNs: https://gmd.copernicus.org/articles/13/4435/2020/gmd-13-4435-2020.pdf  
We don’t need to cite these here, but I wonder if the reviewers will raise questions.
[bookmark: _Hlk67344497](2) Identification of the factors that dominate O3 diurnal variation
To examine the influence of individual factors on the diurnal variation of O3, we conducted a sensitivity analysis by modulating each factor one-by-one in predicting the O3 response with DeepCTM one by one. The factors of emission, initial conditions, and flux transport are set to zero0, while other meteorological factors (i.e., PBL height, wind speed, short-wave radiation, convective velocity scale, and 2-meter temperature) are set with a 10% reduction to make the values more realistic than zero (e.g., 0 K is unrealistic in ambient conditions).	Comment by Kelly, James: Setting the initial conditions to zero might not be very realistic either (although much more realistic than 0 K).  It seems hard to compare across cases since a 10% reduction in wind speed (<1 m/s) seems like a small perturbation compared with 10% reduction in T (~29 K) or zero out of ICs.  I guess this is an inherent challenge in comparing across such different variables.  Also, we might get questions about the performance of DeepCTM for such a large excursion from the baseline case where it was evaluated.
The 24-h DeepCTM prediction results suggest that the initial conditions, particularly the initialized O3 concentration, is the dominant factor contributing to the O3 across a day (Figure 3)., The influence of initial conditionswhile it decays slowly by 10-50% after a day due toimplying the O3 loss through  some sink processes like dry deposition. The initial NO2 concentration is also important in the three polluted regions (particularly in Yangtze -River -Delta and Southeast China). I and its contribution reaches the maximum at noon time, indicating the importance ofat NO2 as a one important precursor that facilitates the photochemical formation of O3 duringat daytime when radiation is the strongest and favorable for photolysis reactions.
The flux transport factor influencesdicates the O3 concentration changes throughdue to the regional transport. In the three polluted regions, the O3 flux transport acts as a sink during daytime. This behavior is due to implying the transport of the locally formed O3 to the downwind areas thatus reducesing the O3 in the source region. Such phenomena are mostly pronounced in summer and in the Yangtze -River -Delta. The NOx flux transport also acts as an O3  sink during summer in daytime in the Yangtze -River -Delta, indicating that NOx dilution in the polluted region also may mitigate the O3 formation. However, the NOx flux transport ischanges to be a weak O3 source in polluted regions at night, since moving NOx out of the polluted region will reduce the O3 loss at night (e.g., the NO titration) and enhance the nighttime O3 concentration. Such detailed chemical behaviors arehave been well captured by the DeepCTM.
The meteorology factors exert considerable influences on O3 mostly during daytime when O3 is formed through photochemical reactions. The 10% reduction in surface short-wave radiation will mitigates O3 formation duringat daytime. Similarly, the 10% reduction in 2-meter temperature will reduces O3 in most of regions due tofor its large influences on the chemical reaction rates. However, the opposite impact of 2-meter temperature on O3 occurs in the North China Plain in winter likelyis probably because the lower temperatures are associated withleads to snow andwith higher ground scattering albedo. Higher surface albedo reflectsing more radiation back to the atmosphere and thus enhancesing photolysis rates andthe O3 chemical productionformation. The 10% reduction in PBL height and wind speed  will slightly increase the daytime O3 concentrations, probably due to the enhancement of precursor concentrations thatus promoteing the O3 formation.
The precursor emissions can either be a source orand sink for O3 across a day. SThe precursor emissions, particularly surface NOx and VOC emissions contributes to the daytime O3 formationconcentration but . While the precursor emissions are tend to reducemostly a sink for nighttime O3 at night, whenprobably related to NOx or active VOC species consumethat consume O3 through direct reactionat night. NOne thing should be noted that here we conducted the sensitivity analysis within which the emissions of each species individually are zeroed- out individually. SimultaneousTheir synergic control of the precursorss will leads to a more complex O3 response to the emission changes, which isto be discussed nextin the following text.
(3) Prediction of the nonlinear O3 response to precursor emission changes
UsingWith the DeepCTM, the isopleth of O3 concentration for variations into precursor emission changes can easily be predicted as done withthe same as that derived from the response surface models (RSMs) 10, 13 (Figure 4). In general, the responses of O3 to total NOx emissions (i.e., combined of NOx emissions from theat surface, within PBL, and above PBL) and VOC emissions are quite similar as we found in previous RSM studies. The O3 chemistry is mostly located in a NOx-limited regime in summer and at noon, but in a VOC-limited regime is in winter and at night. The jumping in concentrations underat the low VOC conditions in summer might be associated with the rough extrapolation of the DeepCTM. This could occur infor such specific cases wherein which the VOC emissions are too low and beyond the range of the training dataset, since there are abundant biogenic VOC emissions in summer which is the primary most condition of the training data.	Comment by Kelly, James: Not clear what is referred to – can you point to a panel in Figure 4
In addition to reduced requirements forBeside no requirement of additional CTM simulations for model development, another advantage of the DeepCTM over the RSM is theits ability of the DeepCTM toin exploreing the influence of meteorology variations on O3 chemistry. We conducted such investigation by using the responsive indicator Peak Ratio, 31 which is an indicator of the chemical regime for the to represent the O3 response to precursor changeschemistry. The Peak Ratio is the NOx emission change ratio (range of 0 to 1 for zero-out to baseline emissionsrelated to baseline=1) corresponding to the maximuma O3 concentration under conditions ofwith the baseline VOC emissions. Apparently, O3 chemistry is located in the VOC-limited regime when Peak Ratio < 1 and, while in the NOx-limited regime when Peak Ratio > 1. The influence of meteorology variations on O3 chemistry is examinedconducted by comparing the Peak Ratio response to the variation of each meteorological factor.
Figure 5 presents the diurnal Peak Ratio across a day under seven levels of short-wave radiation, including the baseline (swr_base), 90% reduced (swr0.1), 70% reduced (swr0.3), 30% reduced (swr0.7), 30% increased (swr1.3), 70% increased (swr1.7), and 90% increased (swr1.9) radiation. ForIn baseline conditions, the Peak Ratio exhibits strong diurnal variation with the highest value at noon and lowest value at night.  This behavior indicates, implying that O3 chemistry is much more likely to be in thein NOx-limited regime at noon and in the VOC-limited at night. The summertime Peak Ratio is also always higher than that in winter implying the stronger NOx-limited regime in warmer seasons when oxidants are abundant.
The variation of short-wave radiation can significantly modulate the O3 chemistry across the day in both seasons. In general, reductions in short-wavethe reduced radiation will lower the Peak Ratio leading the O3 chemistry towards theto VOC-limited regime, and increases ind radiation will enlarge the Peak Ratio leadingand make the O3 chemistry towardmove to the NOx-limited regime. This behaviorhat is because stronger the stronger short-wave radiation is more favorsable for the photolysis of NO2 to form O3, whereas the. While,  NO2 can more like consumption ofe OH by NO2 (which terminates radical reactions and thus reduces O3 formation) is favored under conditions of weaker short-wave to terminate radical reactions under weaker short-wave radiation thus reducing O3 formation. The change inof O3 chemistry associated with short-wave radiation is more pronounced in the North China Plain / in winter, indicating thate north regions and /colder seasons (with less baseline radiation) are more sensitive to short-wave radiation than other regions / seasons.
Meteorological factors in addition to short-wave radiation also influenced tThe O3 chemistry response to other meteorological factors is also investigated. RThe results suggest that the reductions ined PBL height (Figure S3) will reduced the Peak Ratio in summer and increased the Peak Ratio in winter (except in southeast China). That relationship might be associated with the enhancement of the precursor (mostly NOx) concentrations due to the reduced mixing heightPBL, , resultinged in a more VOC-limited regime. TheWhile opposite behavior of Peak Rratio response to changes in PBL  height is found in winter in the Yangtze -River -Delta (more complicated in North China Plain) where the baseline conditions areis located in strongly VOC-limited regime. This behavior could beat might be associated with the reduced NOx concentrations infor the downwind area that increase theo make the regional averaged Peak Ratio increased. The variation of wind speed has little influences on O3 chemistry in summer, while the reduced wind speed  will increases the Peak Rratio in winter in the Yangtze -River -Delta and North China Plain (Figure S4). Similar to the PBL height relationship with O3as that for , decreases in wind speed move O3 chemistry toward the NOx-limited regime due to reductions inthe reason is that the NOx concentrations in downwind areas will be reduced with smaller wind speed, thus make O3 chemistry move towards to NOx-limited regime. Decreases in the convective velocity scale reduce the Peak Ratio by reducing atmospheric mixing and concentratinged NOx to produce a stronger VOC-limited regime (Figure S5). The 2-meter temperature (Figure S6) has a similar influences on O3 chemistry as short-wave radiation. IThe increasing the 2-meter temperature leads to a greater Peak Ratio (towards theo NOx-limited regime), while reducing the 2-meter temperature leads to a smaller Peak Ratio (towards theo VOC-limited regime). 	Comment by Kelly, James: Not sure what this refers to – could potentially drop
[bookmark: _Hlk67337077](4) Seasonality of meteorological influences on O3 and O3 response to emission reductions
The meteorological influences on O3 include the changes in O3 concentrations due to transport and mixing as well as the chemistry of the O3 response to emission reductions. Following ourIn additional to the previous analysis foron the diurnal time scale, here we investigate the seasonality of meteorological influences. We conducted this analysis by applying thewith DeepCTM prediction for each day of 2017 (with (re-initialization every 24 hours) in 12 months, and then  aggregatinggrouped daily predictions into the monthly- averaged level.	Comment by Kelly, James: Is this what is meant here?
We first estimated the O3 changes due to the variation of meteorological parameters by taking differences of DeepCTM-predicted O3 for under the conditons of ±from 20% changes inincrease to 20% decreases of PBL height, wind speed (WS), short-wave radiation (SWR), and convective velocity scale (WSTAR), as well as forrom ±+10 K changes into -10 K of 2-meter temperature (T2), as presented in Figure 6. 
In general, the increased PBL height leads to a decreased daily mean O3 by 1-2 ppb and daily maximum O3 by 2-5 ppb, with more pronounced influcence in summer and in polluted regions like North China Plain and Yangtze -River -Delta. The increased PBL height may increase the wintertime daily mean O3 by 0.5-1 ppb due to the reduced percurosor concentrations associated with the higherlower PBL height that increases O3 under VOC-limited regime. The O3 respsonse to the increased of wind speed is quite similar towith that ofto increased PBL height, which might be related to the modulation of percurosor concentrations. IThe increased short-wave radiation leads to an enhanced daily mean O3 by 2-5 ppb and daily maximum O3 by 2-7 ppb. The influcence of short-wave radiation on O3 is larger in winter in the North China Plain is larger in winter, but the,  while is opposite behavior occurs in the Yangtze -River -Ddelta,  where O3 is more sensitive to short-wave radiation in summer (the rainy season). ISimialrly, the increases ind 2-meter temperature will also enhance O3 in most of regions, except for Southwest China in certain months in Southest China. The increased convective velocity scale leads to increased O3 by 3-5 ppb due to the stronger vertical mixing that transports upper-level O3 downward to surface. The O3 in the North China Plain is more sensitive to the convective velocity scale in warmer seasons when O3 formation is highest. While O3 Iin the Yangtze -River -Ddelta and Southwest China, O3 is more sensitive to the convective velocity scale in cold seasons, probably due to the abundant rain in warmer seasons that reduceswhich photochemical activity reaction is low. 
To examine the meteorological influences on the O3 response to emission reductions, we compared the daily O3 response to emission reductions inat different months by consideringtaking the 50% NOx control, 50% VOC control, and 50% NOx and VOC controls (Figure 7). Results suggest strong seasonality in the O3 response to emission changess. In general, NOx control is beneficial for reducing O3 in summer, but dis beneficial or ineffective for reducing O3 in winter. However, the opposite behaviorros is found for VOC control, which is more effective for reducing O3 in winter than in summer. Noted that benefits for only controlling anthoropegenic VOC in summer wouldill be even smaller than for the total VOC reductions consideredsince here, because we considered all VOC emissions to be reduced while there are abundand biogenic VOC emissions are abundant in summer andare uncontrollable in practice. Such findings areis consistent with our previous study 32, demonstrating the strong seasonality of O3 respsonses to emission reductionss due to the meteorological variations. Even in a single month, there are a wide range of O3 responses to emission changes, with variations of by 5-10 ppb and bothchanging from negative andto positive responses.values, These results implying demonstrate that the meteorological variations can have a also largely influcence on the control effectiveness even at a small temporal scale (e.g., like day-to-day variations), which should be well considered in designing effective and meticulous control strategies.

Discussion
In this study, we proposedal a deep-learning based air quality simulator (i.e., DeepCTM) thatwhich can well reproduce the temporal and spatial patterns of O3 concentrations, as well as its inner correlations with precursor emissions and meteorological factors. The well-trained DeepCTM canexhibits its ability in accurately and efficiently predicting the O3 variations with emissions and meteorology within a certain period of time, which can informwell support the urgent need from policy makers into designing effective control strategies to mitigate the air pollution 33-34. The DeepCTM also successfully identified the dominate factors that contributes to the O3 diurnal variation, and captured the nonlinearity of O3 response to emissions under different meteorological conditions. These resultsThat implies suggest that the neural-network-based predictor can representdig out the basic physical and chemical processeslaws of the atmosphere from the raw CTM-simulated data.	Comment by Kelly, James: There are some underpredictions of peak ozone during the first 24-h period so we might get comments on this.	Comment by Kelly, James: We’ll probably need to be specific about the period of time recommended.
This study also reveals the biggest challenge facing in all time-seriesaccumulation based methods like DeepCTM for long-time prediction. The initial errors can growbe exponentially enlarged during the time integrationaccumulation which precludes its useforbidden its usage for more than 3 days of prediction. More accurate representation of the CTM structure wouldill be much help to further improve the accuracy of DeepCTM. For example, in this study we simplified the vertical structure of the atmosphere by only selecting the surface features to represent the atmospheric system. Apparently, such simplification might lead tobring in systemic errors in DeepCTM predictions, and inclusion of additional features in the neural network extra efforts could be necessaryan be done to address these issuesthrough the inclusion of additional features into the neural network. This is a challenging taskUnfortunately, it is difficult to solve considering the limited computational resources since the the training with inclusion of the vertical parameters wouldill requiretake up more than >10 times the computational resourceslarger requirement of capacities. AlsoMeanwhile, since training is done using we only use the baseline CTM simulation,s for training therefore it has large errors can occur in predicting the conditions that not included in the training set, like the extremely low VOC emissions in summer. Such biases can be simply reduced by incorporating CTM simulations for emissionbringing in controlled scenarios  of CTM into the training dataset. In the current DeepCTM design, we did not include the concentration of individual VOC species due to theit complex chemical mechanisms for VOCs that vary amongin different CTMs. Incorporating additional species would increase the One reason is due to the limited computational demand for training the DeepCTMresources and would.  Another reason is that bringing in more species will significantly enlarge the influences of initial conditions and thus the error, resulted in even larger accumulation errors. The above issues are recommended for future studies. Nevertheless, the DeepCTM proposed in this study demonstratesshows its large advantage and great potentials forin addressing thedealing with complicated atmospheric system, which can be continually improved with further efforts in both environmental scientific researches and computational technologies.
	Comment by Kelly, James: A related issue is mass conservation, although we probably don’t want to mention that here.	Comment by Kelly, James: This is true but probably wouldn’t eliminate the problems since even small errors could grow into bigger issues.  I wonder if different types of ML methods are needed for time series problems.  We probably don’t want to raise that here though.
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Figure 1. The CNN architecture of the DeepCTM for predicting O3 variations with emissions and meteorology. Conv3x3BN: 3x3 convolution followed by batch normalization; LeakyReLU: leaky rectified linear unit activation function
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Figure 2. DeepCTM performance in predicing O3 variations with emissions and meteorology
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	A typical summer day (July 21, 2017)
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Figure 3. The O3 sensitivities to the variation of individual factors (emission, initial condition, flux transport, and other meteorological factors are marked as red, green, blue, and cran respectivley; meteorological factors are quantified through a 10% variation, others are quantified through zero-out completely) 
	Comment by Kelly, James: Here and in other figures, the label is “Norch” but should be “North”
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Figure 4. The isopleths of O3 response to NOx/VOC emission change (baseline = 1) predicted by DeepRSM (the values are averages of all grid cells and days)

	A typical winter day (Jan 21, 2017)
	A typical summer day (July 21, 2017)
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Figure 5. The O3 chemistry (indicated by the Peak Ratio) response to the variation of short-wave radiation across a day


	(a) 24 hour averaged O3
	(b) 1 hour max O3
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Figure 6.The monthly O3 changes due to the variation of meteorological parameters by taking differences from 20% increase to 20% decreases of PBL height, wind speed (WS), short-wave radiation (SWR), and convective velocity scale (WSTAR), and differences from +10 K to -10 K of  2-meter temperature (T2) respectively

	(a) 24 hour averaged O3
	(b) 1 hour max O3
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Figure 7.The O3 changes due to NOx and VOC emission controls under different meteorolgical conditions across a year
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Figure S1.CTM simualtion domain and key selected regions including Norch China Plain (blue), Yangtze-River-delta (green), and Southeast (yellow)



[image: ]
Figure S2.The time-series of DeepCTM-predicted and CMAQ-simulated hourly O3 concentrations (unit: ppb) and corresponding statistices of DeepCTM-performance
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Figure S3. The O3 chemistry (indicated by the Peak Ratio) response to the variation of PBL height across a day


	A typical winter day (Jan 21, 2017)
	A typical summer day (July 21, 2017)
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Figure S4. The O3 chemistry (indicated by the Peak Ratio) response to the variation of wind speed across a day


	A typical winter day (Jan 21, 2017)
	A typical summer day (July 21, 2017)
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Figure S5. The O3 chemistry (indicated by the Peak Ratio) response to the variation of convective velocity scale across a day

	A typical winter day (Jan 21, 2017)
	A typical summer day (July 21, 2017)
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Figure S6. The O3 chemistry (indicated by the Peak Ratio) response to the variation of 2-meter temperature across a day
25
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