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Abstract

Comprehensive and accurate representation of atmospheric chemistry in Earth SystemModels is

a major priority in geoscientific modeling. GEOS-Chem is a state-of-the-science atmospheric chem-

istry model used by hundreds of research groups worldwide. It has been restructured to operate as

a chemical module in weather and climate models while sharing the same scientific codebase as the

standalone chemical transport model. The Community Earth SystemModel version 2 (CESM2)

is a state-of-science Earth SystemModel that has participated in multiple model intercomparison

activities. CESM2 includes a comprehensive chemistry option, CAM-chem, with a different devel-

opment heritage from GEOS-Chem. The two models show large differences in model skill in com-

parison to observations in different regions, implying differences in sensitivity to perturbations. Pre-

vious model intercomparisons generally compared entire modeling systems, introducing first-order

differences complicating the attribution of particular strengths in reproducing observations to spe-

cific representations of processes in each model. Implementation of GEOS-Chem within CESM2

as an alternative chemistry option to CAM-chem allows for detailed process-based intercompari-

son between two models, informing more accurate representation of atmospheric chemistry, and

contributing to the vision of a modular chemistry-climate model.

In this work, we develop a multi-model emissions and data tool through an updated version of

the Harmonized Emissions Component (HEMCO) and couple it to the CESM2model. This

serves as the foundation for implementation of GEOS-Chem within CESM2 and intercompari-
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son with CAM-chem (Chapter 1). Because of the increasing chemical complexity in atmospheric

chemistry models resulting in increased computational burden, which is particularly relevant in cou-

pled model environments, we develop an adaptive, auto-reduction solver for chemical kinetics that

can reduce the complexity of the chemical mechanism depending on local conditions. It can pro-

vide a∼30% speed-up in the chemical solver while introducing∼1% error in the troposphere. We

evaluate the adaptive solver in the offline GEOS-Chem chemical transport model at a 2◦ × 2.5◦ res-

olution, but it has been implemented in the Kinetic Pre-Processor (KPP) software package making

it easily extensible beyond GEOS-Chem (Chapter 2). We then apply the coupled chemistry-climate

model GEOS-Chem within CESM2 to compare its representation of tropospheric oxidant chem-

istry against the default CAM-chem chemistry driven by the same dynamics, physics, and emissions.

We use ozonesondes and aircraft observations from the ATom-1 and KORUS-AQ campaigns to

identify and attribute major differences between the two models. (Chapter 3).
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1
Harmonized Emissions Component

(HEMCO) 3.0 as a versatile emissions

component for atmospheric models:

application in the GEOS-Chem, NASA

GEOS, WRF-GC, CESM2, NOAA

GEFS-Aerosol, and NOAAUFS models

Emissions are a central component of atmospheric chemistry models. The Har-

monized Emissions Component (HEMCO) is a software component for computing emissions
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from a user-selected ensemble of emission inventories and algorithms. It allows users to re-grid,

combine, overwrite, subset, and scale emissions from different inventories through a configuration

file and with no change to the model source code. The configuration file also maps emissions to

model species with appropriate units. HEMCO can operate in offline stand-alone mode, but more

importantly it provides an online facility for models to compute emissions at runtime. HEMCO

complies with the Earth SystemModeling Framework (ESMF) for portability across models. We

present a new version here, HEMCO 3.0, that features an improved three-layer architecture to facil-

itate implementation into any atmospheric model and improved capability for calculating emissions

at any model resolution including multiscale and unstructured grids. The three-layer architecture

of HEMCO 3.0 includes (1) the Data Input Layer that reads the configuration file and accesses the

HEMCO library of emission inventories and other environmental data, (2) the HEMCOCore

that computes emissions on the user-selected HEMCO grid, and (3) the Model Interface Layer

that re-grids (if needed) and serves the data to the atmospheric model and also serves model data

to the HEMCOCore for computing emissions dependent on model state (such as from dust or

vegetation). The HEMCOCore is common to the implementation in all models, while the Data

Input Layer and the Model Interface Layer are adaptable to the model environment. Default ver-

sions of the Data Input Layer andModel Interface Layer enable straightforward implementation of

HEMCO in any simple model architecture, and options are available to disable features such as re-

gridding that may be done by independent couplers in more complex architectures. The HEMCO

library of emission inventories and algorithms is continuously enriched through user contribu-

tions so that new inventories can be immediately shared across models. HEMCO can also serve as a

general data broker for models to process input data not only for emissions but for any gridded envi-

ronmental datasets. We describe existing implementations of HEMCO 3.0 in (1) the GEOS-Chem

“Classic” chemical transport model with shared-memory infrastructure, (2) the high-performance

GEOS-Chem (GCHP) model with distributed-memory architecture, (3) the NASAGEOS Earth
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SystemModel (GEOS ESM), (4) the Weather Research and Forecasting model with GEOS-Chem

(WRF-GC), (5) the Community Earth SystemModel Version 2 (CESM2), and (6) the NOAA

Global Ensemble Forecast System – Aerosols (GEFS-Aerosols), as well as the planned implementa-

tion in the NOAAUnified Forecast System (UFS). Implementation of HEMCO in CESM2 con-

tributes to the Multi-Scale Infrastructure for Chemistry and Aerosols (MUSICA) by providing a

common emissions infrastructure to support different simulations of atmospheric chemistry across

scales.

1.1 Introduction

Emissions are a crucial component in modeling atmospheric chemistry. Models apply emission

fluxes calculated from inputs including gridded inventory data, point source data, and environmen-

tal data. These data originate from an ensemble of sources with different spatiotemporal resolution

and extent, covering different chemical species. They may need to be re-gridded, combined, over-

laid, scaled, or extended through computational algorithms to produce the model emissions. Here

we present the Harmonized Emission Component (HEMCO) 3.0 as a versatile tool to ingest and

process emission data in atmospheric models and share these data across models.

Emissions can be computed in atmospheric models either offline or online. An offline emis-

sions module precomputes emissions on the target model grid and archives them as time-varying

files for input to the model. An online emissions module computes emissions at runtime within

the model from a set of input files containing emission information and with rules for how this

information is to be used. Offline processing of emissions is used by many models, such as the

PREP-CHEM-SRC preprocessor system (Freitas et al., 2011) in the WRF-Chemmodel (Grell

et al., 2005; Fast et al., 2006) and the Sparse Matrix Operator Kernel Emissions system (SMOKE,

https://www.cmascenter.org/smoke/, last access: 2 September 2021) in the CMAQ (Byun and
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Schere, 2006) and CAMx (Ramboll Environment and Health, 2020) models. The advantage of

computing emissions at the preprocessing stage is the versatility in preprocessing tools and low com-

putational requirements at runtime. However, the preprocessing of emissions is a cumbersome step

and the resulting emission files may be prohibitively large (Jähn et al., 2020). Any change to the

emissions requires re-running the preprocessor code. Emissions dependent on environmental vari-

ables computed in the atmospheric model cannot be treated offline, complicating the infrastructure.

The Harmonized Emissions Component (HEMCO), originally developed by Keller et al. (2014)

and formerly called the Harvard–NASA Emissions Component, computes emissions customized to

user needs through a configuration file and a database library. Atmospheric chemistry modelers can

use HEMCO either offline in a stand-alone mode to compute and archive emissions or online to

compute emissions at runtime and serve them to the model at each time step. HEMCO can select,

modify, re-grid, combine, and supersede emission inventories and algorithms without changing the

model source code. Built-in algorithms called “extensions” compute emissions dependent on envi-

ronmental data and model state variables such as for vegetation, dust, lightning, and oceans. Subgrid

processing of emissions to account for fast chemistry, as in ship plumes (Vinken et al., 2011), is also

done in extensions. Selection of HEMCO extensions is done in the configuration file and the com-

putations are done independently of the atmospheric model, allowing for immediate portability to

other models.

HEMCOwas originally developed for the GEOS-Chem atmospheric chemistry model (Bey et

al., 2001; Eastham et al., 2018), wherein the current version HEMCO 2.0 has two different imple-

mentations. The “Classic” version of GEOS-Chem with single-node shared-memory parallelization

(OpenMP) and rectilinear latitude–longitude grids (Bey et al., 2001) uses HEMCO to its full extent

including reading, re-gridding, and temporal interpolation of input files. In GEOS-Chem Classic,

HEMCO is used not only for emissions but as a general data broker to read and process all model

input data, including meteorological fields and initial conditions. This has enabled in particular the
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FlexGrid algorithm to run GEOS-Chem on any custom nest selected at runtime (Li et al., 2021).

This implementation of HEMCO is also used in the recently developed coupling of GEOS-Chem

with theWeather Research and Forecasting (WRF) model (WRF-GC; Lin et al., 2020; Feng et al.,

2021).

The “High-Performance” version of GEOS-Chem (GCHP; Eastham et al., 2018) uses a different

implementation of HEMCO 2.0. GCHP is designed for multi-node massively parallel computation

using a distributed-memory parallelization (MPI) enabled by the NASAModel Analysis and Predic-

tion Layer (MAPL; Suarez et al., 2007), which acts as the model’s infrastructure and handles inter-

node communication. MAPL is built upon the Earth SystemModeling Framework (ESMF, Hill et

al., 2004) and handles data read, re-gridding, and interpolation, so the corresponding HEMCO rou-

tines are disabled. This implementation of HEMCO is also presently used by the GOCART aerosol

model operating within the MAPL-based NASAGoddard Earth Observing System (GEOS) Earth

science model (Rienecker et al., 2008; Randles et al., 2017).

HEMCO 2.0 has several limitations that limit its portability to other models. First, the re-gridding

capability is limited to latitude–longitude grids. Second, its implementation in distributed-memory

environments uses MAPL-specific features. Third, it has a multiplicity of model access points that

introduce unnecessary dependency on model code. Fourth, it requires that emissions be computed

on the model grid, which may introduce inaccuracies in masking of regional inventories and in non-

linear computations, and further necessitates duplicate copies of HEMCO to handle different reso-

lutions in multiscale model applications such as WRF-GC.

HEMCO 3.0 overcomes all these limitations of HEMCO 2.0. Construction of HEMCO 3.0

was motivated by interest from the Community Earth SystemModel Version 2 (CESM2; Pfister et

al., 2020) and the NOAAUnified Forecast System (UFS; Campbell et al., 2020) in using HEMCO

as an emissions component. This led us to develop a more modularized and powerful structure to

increase accuracy and portability to different atmospheric models including with multiscale and
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unstructured grids. HEMCO 3.0 preserves a shared common core for calculating emissions by se-

lecting, adding, superseding (masking), and scaling emission inventories as specified by the user.

Other parts of HEMCO are modularized to facilitate the incorporation of HEMCO into the spe-

cific software environment of the target model. A three-layer architecture is created to separate (1)

input and re-gridding of data, (2) emission calculations using the HEMCOCore, and (3) coupling

to the target model, including export of the computed emissions and import of model state variables

for state-dependent emissions (extensions). With this new modularity and flexibility, HEMCO can

be readily implemented in a wide range of model environments. Use of a commonHEMCOCore

facilitates the sharing of emission data and algorithms between models and the intercomparisons of

model results.

1.2 HEMCO 3.0 description

1.2.1 General architecture

HEMCO 3.0 is modularized into a three-layer architecture as shown in Figure 1.1, consisting of

the Data Input Layer, the HEMCOCore, and the Model Interface Layer. The Data Input Layer

reads the configuration file and the database library of emission inventories and other environmental

information, and it re-grids the data to a user-defined HEMCO grid (finer than or identical to the

model grid). The HEMCOCore assembles the emissions on the basis of instructions in the config-

uration file including adding, scaling, and masking of individual inventories, as well as computing

emissions dependent on model state variables and environmental data (through algorithms referred

to as HEMCO extensions). TheModel Interface Layer communicates HEMCO output (including

emission fluxes, diagnostics, and other computed data) to the target atmospheric model (hereafter

referred to as “the model”), with re-gridding to the model grid if needed, and takes in and re-grids

model variables to the HEMCO grid for use in HEMCO extensions. The Data Input Layer and the

6



Figure 1.1: Three‐layer architecture of HEMCO 3.0 including the Data Input Layer, the HEMCO Core, and the Model
Interface Layer.

Model Interface Layer have different implementations depending on the architecture of the model.

The HEMCOCore, where emissions are computed, is the same in all cases. HEMCO operates on

a horizontal “HEMCO grid” that may be any user-desired grid configuration (e.g., finer than the

model grid or the finest element of a multiscale model grid), with the other layers handling the re-

gridding to and from the HEMCO grid as necessary. 2-D (horizontal) emissions can be released at

the surface or allocated vertically on the model grid as specified by the user through the HEMCO

configuration file. 3-D emission databases (such as for aircraft emissions) are re-gridded vertically to

the model grid through the Data Input Layer.

The HEMCO configuration file (example in Figure 1.2) controls the operation of all HEMCO

layers, fully describing the relationship between the input data read by the Data Input Layer, the

processing by the HEMCOCore, and the data passed to the model by the Model Interface Layer.

It is organized as individual entries for data, scaling factors, and masks. Each entry is numbered or

named and includes information about the source of data (usually a NetCDF file name but may be

7



a number or mathematical expression in simple cases). For NetCDF data files, each entry specifies

the NetCDF variable name to be read (allowing the mapping fromNetCDF input species to model

species), the temporal range, refresh frequency, cycling option (whether to continuously cycle the

data or require an exact date match), and spatial dimension (2-D or 3-D data, with the option to

specify a custom vertical distribution for 2-D data). Also included is the model species name, the

scaling factors to be applied, and the hierarchy (priority order used for masking). If a data entry does

not include a species name, the entry is treated as generic data and is read into HEMCO, scaled,

masked, and made available to the model upon request. Entries may be organized in the form of

“collections” enabled or disabled in bulk using switches. HEMCO comes with a default database

library of emission inventories and environmental datasets that is updated with every new GEOS-

Chem version release, but users can readily add their own by processing the data into COARDS-

compliant NetCDF format and providing the corresponding configuration file entries. A detailed

HEMCO user guide is available on the GEOS-ChemWiki (http://wiki.seas.harvard.edu/geos

-chem/index.php/The_HEMCO_User%27s_Guide, last access: 7 January 2021).

The HEMCO configuration file makes it possible for different models with different chemi-

cal species to share a single set of emissions input data (the “HEMCO database library”) without

manually preprocessing the files for each mechanism. The variable name option in each entry al-

lows for the mapping of the species name in the NetCDF file to the model species name. One can

also partition a class of species from the inventory into individual model species. For example, to-

tal alcohols in the CEDS inventory (Hoesly et al., 2018) are to be emitted as 15% methanol and

85% ethanol in the CAM-chemmodel (Emmons et al., 2020). In that example, as illustrated in Fig-

ure 1.2, HEMCO scaling factors are used to scale the same input variable by 15% and 85% into the

CH3OH and C2H5OHmodel species. The scaling factor functionality in HEMCO can be used

for temporal scaling (diurnal, day-of-week, seasonal, interannual) or to convert units from the emis-

sion inventory in the HEMCO database library to the target model. For example, emissions may be
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Figure 1.2: Sample HEMCO configuration file. The HEMCO configuration file is organized in three sections: (1) switches
for “collections” of data containers, (2) data containers to be used in the model simulation optionally organized into
“collections”, and (3) scaling and masking rules to be used. Entries are organized in a similar format, including a number
and/or name, the data source (NetCDF file and variable name, numbers, or mathematical expressions), the temporal
range and spatial dimensions, and their category and hierarchy (in the same category, data entries with higher hierarchy
take precedence). For data containers, scaling factors and masks are applied by referencing the numbered scaling factor
and mask entries (colored text).
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provided as kilograms of NOx on an NO2mass basis in the inventory file but emitted as NO and

NO2 in the model. Scaling factors can be specified for each individual entry in the HEMCO con-

figuration file, allowing different scaling factors to be applied for different inventories, sectors, and

species. HEMCO accepts scaling factors as constant numbers, temporally explicit (diurnal, day-of-

week, seasonal, interannual) numbers, or as a gridded NetCDF data file.

The Data Input Layer processes each enabled entry in the HEMCO configuration file, reads the

corresponding files from disk, and re-grids them to the HEMCO grid. The Data Input Layer then

passes the data to the HEMCOCore in the form of data containers corresponding to each entry in

the configuration file.

1.2.2 HEMCOCore

The HEMCOCore calculates emissions with summations, masks, and scaling factors specified

in the HEMCO configuration file. It includes Fortran modules that define the HEMCO state,

HEMCO data types (e.g., configuration options, date and time, chemical species and their phys-

ical properties, file containers storing input data, and data containers storing data processed by

HEMCO), and the driver routine that computes emissions and stores them in data containers. All

data types are contained in a variable called the HEMCO state (HcoState) and passed as an argu-

ment to all HEMCO subroutines in the code. This allows multiple instances of HEMCO to oper-

ate simultaneously, as multiple copies of HEMCO state can co-exist independently. The HEMCO

Core also includes an error handling and logging component.

Table 1.1 lists the emission inventories currently in the HEMCO 3.0 default database library.

Users can select from that list and easily add new inventories. The hierarchy of emission inventories

is specified in the configuration file. Masking is done by superseding lower-hierarchy inventories

with higher-hierarchy inventories so that default inventories may be overwritten by different inven-

tories available only for a particular region, period, or category. For example, an inventory specific
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Table 1.1: Emission inventories currently in the default HEMCO 3.0 library.

a VOCs: volatile organic compounds; OC: organic carbon aerosol; BC: black carbon aerosol; b implemented
as an extension to distribute dry matter input data into model species.
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Table 1.2: Emission extensions available in HEMCO 3.0 as built‐in algorithms.

* DMS: dimethyl sulfide.

for China in 2018 such as MEICmay overwrite a global default inventory. A simulation for later

years may retain the Chinese inventory for 2018, scale it up or down, or default to the global in-

ventory, as specified in the configuration file. Additional emission inventories can be added to the

HEMCO library in COARDS-compliant NetCDF format. The HEMCO configuration file allows

HEMCO to remap variable names in the inventory source file to the species name in the model and

specify the region that the inventory is used for and its precedence over the existing entries in the

HEMCO library without necessitating preprocessing of the inventory source files.

Emissions dependent on model state such as dust or lightning can be computed online by using

algorithms called HEMCO extensions supplied with the HEMCOCore. For example, the current

HEMCOCore includes as default the DEAD dust emission extension implementing the algorithm

from Zender et al. (2003), but users may select other available extension options (such as the Gi-

noux et al., 2001, algorithm) or they can add a new algorithm as an extension. Alternatively, users

may precompute these emissions based on offline input data and disable the HEMCO extension.

Both approaches are routinely used in GEOS-Chem (Weng et al., 2020). Table 1.2 lists available
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HEMCO extensions in HEMCO 3.0. Users may add a new algorithm as an extension by creating

a new extension file within the “Extensions” directory in HEMCO. HEMCO extensions include

subroutines for initialization, run, and finalization. At every time step, the “Run” subroutine re-

ceives HEMCO state and model state information and returns the computed emissions array to the

HEMCOCore, which can then be added to the other emissions data. New state-dependent emis-

sion algorithms can be modified to fit this structure by encapsulating the bulk of the code into the

Run routine and adjusting the variable names so that model state can be read through HEMCO.

Most HEMCO extensions were developed in this way.

At the beginning of the run, the Model Interface Layer provides the model species list to the

HEMCOCore along with any physical properties needed for computation of state-dependent

emissions (for example, Henry’s law constants for ocean fluxes). It also provides information to

the HEMCOCore on the model environment, such as the model clock and time step size. This

information is stored in the HEMCO state by the HEMCOCore.

At every HEMCO time step, when HEMCO is called by the model, the HEMCOCore per-

forms the requested calculations, loading the latest available input data into the HEMCO state’s

file containers using the Data Input Layer as necessary. Emission fluxes are summed by species, and

non-emissions data are stored individually by their data container name (UV albedo example in

Figure 1.2). TheModel Interface Layer then exports the computed fields to the model, interpolat-

ing the data to the model grid if it is different than the HEMCO grid. TheModel Interface Layer

also passes updated model state information to the HEMCOCore for use in extensions (for ex-

ample, wind speeds to calculate dust emissions). That model state information is re-gridded to the

HEMCO grid for the purpose of extension computations.

HEMCO 3.0 computes vertically distributed (3-D) emissions in the same way as 2-D. HEMCO

2.0 assumed the 72-level or 47-level GEOS grid when reading vertically distributed emissions. This

required preprocessing of the emission inventory files from their original vertical grids to the sup-
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ported GEOS grid. Such preprocessing is no longer required in HEMCO 3.0, which reads vertical

emission data on any sigma-pressure grid described in the input NetCDF inventory file. The input

data are then vertically re-gridded online to the model vertical grid by the Data Input Layer using

the MESSy NCREGRID package (Jöckel, 2006). This functionality is used in theWRF-GC and

CESM2models, which have user-configurable vertical grids. HEMCO 3.0 is also capable of dis-

tributing 2-D input data on a 3-D grid by modifying the spatial dimension field in the HEMCO

configuration file. An example is shown in Figure 1.2 where the 2-DNO emission field from the

CEDS inventory in the industrial sector is copied vertically to all levels using the flag “xyL*”. Emis-

sions may then be distributed using 3-D scaling factors read from a NetCDF file, such as the scaling

factor 316 in Figure 1.2. It is additionally possible to emit all 2-D data to a particular level (e.g., to

emit to level 5 using “xyL5”) or distributed among an altitude range (e.g., “xyL=1:500m” or “xyL=1:PBL”).

Emission heights can additionally be read from a NetCDF file. The spatial dimension parameter can

be applied individually to each entry in the HEMCO configuration file and can thus be applied to

an individual inventory, sector, or species. Detailed documentation of this capability is available in

the HEMCO user guide (http://wiki.seas.harvard.edu/geos-chem/index.php/HEMCO_example

s#Applying_2D_emissions_vertically, last access: 8 August 2021).

HEMCO also includes as a diagnostic capability a NetCDF output component to archive se-

lected emissions at specified time steps to disk. This may also include custom diagnostic quantities,

such as lightning flash rate from the lightning NOx extension. The output component is used when

HEMCO operates offline in stand-alone mode and also in GEOS-Chem Classic wherein HEMCO

handles emission diagnostics. Other target models may have their own diagnostic packages on the

model grid, in which case HEMCO diagnostics can be disabled.
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1.2.3 Default Data Input Layer andModel Interface Layer

HEMCO 3.0 includes default out-of-the-box implementations for the Data Input Layer and the

Model Interface Layer to enable simple implementation in newmodels without the need for spe-

cific information on model architecture. These default implementations are the ones used in the

interface with GEOS-Chem Classic and minimize dependencies on external libraries, facilitating ap-

plication in a newmodel environment but with limited features. More advanced implementations

are often desirable and will be presented in Sect. 3.

The HEMCO default Data Input Layer is a NetCDF input component with rectilinear latitude–

longitude grid re-gridding capabilities. It can be used out of the box in HEMCOwith no additional

software dependencies. However, it does not support parallel input and as such may be inefficient

in a massively parallel model environment. In models that use a non-rectilinear grid for computa-

tion or data, it would be necessary to modify the default Data Input Layer if re-gridding is to be

performed.

The HEMCO default Model Interface Layer is a module with common utilities for the model to

interface with HEMCO. It allows the model to retrieve emission fluxes fromHEMCO and control

HEMCO subroutines. As the Model Interface Layer is the point of access for the model to interact

with HEMCO, implementation of HEMCO in a newmodel requires a new model interface layer

to provide HEMCOwith information on the model environment and update model state informa-

tion for HEMCO extensions.

Implementation of HEMCO in a newmodel can be prototyped by modifying the default Model

Interface Layer to use the model’s data structures. TheModel Interface Layer includes at least three

subroutines: initialization, run, and finalization. These subroutines need to be called by the model

and provided with information about the model environment. For initialization, the model species

list and their physical properties, the HEMCO grid information, and the location of the config-
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uration file need to be provided. For run, information about the current model time and model

state variables for HEMCO extensions needs to be provided, and the computed emissions and data

need to be retrieved from the HEMCOCore to be passed back to the model. If the HEMCO grid

is different than the model grid (Sect. 2.4), then the Model Interface Layer also needs to implement

re-gridding capabilities. An example is HEMCO 3.0’s implementation within CESM, as described

in Sect. 3.5.

1.2.4 HEMCOgrid

HEMCO 3.0 provides the ability to compute emissions online on a horizontal grid finer than the

model grid. Previous versions of HEMCO assumed its operation to be on the same grid as the

model. If the model operated multiple grids simultaneously at runtime, as is the case inWRF-GC,

multiple instances of HEMCOwere used, thus increasing computational and memory cost.

In HEMCO 3.0, a single instance of HEMCO reads and processes data on a user-specified

HEMCO grid. When data are requested by the model, the Model Interface Layer re-grids emissions

and other data from the HEMCO grid to the model grid. This allows HEMCO to (1) provide data

to model components on different grids, (2) operate at a higher resolution for masking and scaling

purposes, thus achieving greater accuracy at boundaries between different inventory domains, and

(3) use high-resolution environmental datasets when computing emissions through extensions.

Figure 1.3 illustrates the benefit of using a finer HEMCO grid at the boundaries between inven-

tories. When the HEMCO grid is disabled, HEMCO runs at model resolution, and all input data,

including masks, are re-gridded by the Data Input Layer to the model resolution before emissions

are computed by the HEMCOCore. In the example of Figure 1.3, where a national inventory for

the US is to overwrite a global default inventory, this overwriting can be done only for grid cells

that are fully in the US. Grid cells straddling the border must retain the global default in order to

avoid under- or over-accounting, but this then loses information from the US inventory. This is
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Figure 1.3: Benefit of using a HEMCO grid finer than the model grid for masking of emissions by a regional inventory.
The example in the figure illustrates a case in which a US inventory (orange) is used to replace a global default inventory
(blue) in a model simulation on a coarse 4◦×5◦ grid. The mask is by necessity binary so that US inventory emissions are
applied only to grid cells that are 100 % in the US. Using the finer (2◦ × 2.5◦) HEMCO grid allows for better resolution
of the US–Mexico border and hence for more of the US inventory to be used near the border.

not a problem if the national inventory straddles the border and includes information on the frac-

tional contributions from the neighboring country, but such is not the case here. Using a finer,

intermediate-resolution grid – the HEMCO grid – allows emissions at the model grid scale to more

accurately blend the contributions from the two sides of the border in a single model grid cell. This

also ensures greater consistency when using the same model simulations at different resolutions. As

long as the HEMCO grid is kept at a single resolution, the calculated emissions will be consistent

between simulations – no matter what model grid resolution is selected.

Another advantage of using a finer HEMCO grid is for emissions computed with extensions and

dependent on both the model variables (provided on the model grid) and environmental data (pro-

vided on the HEMCO grid). If there is nonlinear dependence of emissions on the environmental

data variables, then a finer HEMCO grid will produce more accurate emissions. This is the case, for

example, in dust emission algorithms that use land type as a categorical variable.

There is a limit to the resolution of the HEMCO grid because of the need for HEMCO to store

the different inventories in memory, re-grid the data to the HEMCO grid, and process the data at
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higher resolution, which may be computationally expensive. In global simulations using GEOS-

Chem Classic on a single machine at resolutions of 4◦ × 5◦ or 2◦ × 2.5◦ we have found that a

HEMCO grid of 1◦ × 1.25◦ is a practical limit. However, masking on the native inventory grid

at much higher resolution may be desirable for regional modeling applications. One can circum-

vent the problem by preprocessing the emissions on their native grids using HEMCO in offline

mode. Another option is to use a regional rather than global model. For example, in nested GEOS-

ChemClassic simulations at 0.25◦ × 0.3125◦ resolution we find that HEMCO can easily handle a

HEMCO grid of 0.1◦ × 0.1◦, which is typical of the native resolution of inventories.

While any unstructured grid may be used as the HEMCO grid, it may be desirable to use a recti-

linear latitude–longitude grid for prototyping HEMCO in newmodels. This is because the default

Data Input Layer provided with HEMCO only supports rectilinear latitude–longitude grids, and

most input data available in the HEMCO database library are also on rectilinear latitude–longitude

grids. By choosing such a grid, the default Data Input Layer can be readily used for quick prototyp-

ing of a newHEMCO implementation, which may then be improved upon if another HEMCO

grid is more desirable. In cases in which other grids are used as the HEMCO grid or the model grid,

conservative re-gridding needs to be implemented by the Data Input Layer or the Model Interface

Layer. Examples of these scenarios are described in Sect. 3.2, where the HEMCO grid is a cubed-

sphere grid and ExtData fromMAPL with re-gridding capability is implemented as a data input

layer, and Sect. 3.5, where the model grid is an arbitrary grid described by an ESMFmesh file pro-

vided by the model to HEMCO and ESMF online re-gridding is implemented in the Model Inter-

face Layer.

1.2.5 Data broker functionality

HEMCO 3.0 has the capability to process any model input data other than emissions such as me-

teorological fields, land use maps, and boundary conditions. These data can be selected, subsetted
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(masked), added, and scaled in the same way as emissions. GEOS-Chem has long used this general

data broker functionality in HEMCO, but this was previously done by interfacing directly with

HEMCO’s internal data containers. As this approach bypassed the HEMCOCore, processing of

data by the HEMCOCore was also not supported. HEMCO 3.0 standardizes the code for models

to retrieve arbitrary data fromHEMCO through the Model Interface Layer, thus processing all data

from the Data Input Layer through the HEMCOCore. In this manner, HEMCO 3.0 can serve as a

general data broker for models if desired.

1.3 Implementations of HEMCO 3.0 in different models

HEMCO 3.0 has been implemented so far in a number of models: GEOS-Chem Classic, GCHP,

NASAGEOS, WRF-GC, CESM2, and NOAAGEFS-Aerosol. It is planned for implementation in

the NOAAUFS. These models have different architectures and software engineering environments,

requiring different formulations of the Data Input Layer andModel Interface Layer with the same

HEMCOCore. We describe below the particularities of implementation for each model as a guide

for implementation in other models.

1.3.1 GEOS-Chem ”Classic”

GEOS-Chem Classic (Bey et al., 2001) is an offline chemical transport model (CTM) driven by

NASAGEOSmeteorological data. It operates on global or regional (nested) rectilinear latitude–

longitude grids. It uses OpenMP shared-memory parallelization on a single node without a ded-

icated coupler. Figure 1.4 shows the implementation of HEMCO 3.0 in GEOS-Chem Classic as

both an emissions component and a general input data broker. The default Data Input Layer is

used to read and re-grid all input data, which are then processed through the HEMCOCore. When

the HEMCO grid is different than the model grid (Sect. 2.4), the Model Interface Layer performs
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Figure 1.4: HEMCO 3.0 implementation in the GEOS‐Chem Classic model. HEMCO in GEOS‐Chem Classic is a general
input data broker. The main model driver routine main.F90 successively calls each GEOS‐Chem module and HEMCO
in a time step loop. HEMCO 3.0 reads all input data through the default Data Input Layer, processes the data through
the HEMCO Core, and exports the data to each GEOS‐Chem module through the HEMCO default Model Interface
Layer. The Model Interface Layer also receives data from GEOS‐Chem modules that are used by HEMCO to compute
state‐dependent emissions through extensions.

horizontal re-gridding between the two grids for the data flowing through it.

HEMCO 3.0 in GEOS-Chem Classic is used for all gridded input data including not only emis-

sions but also meteorological fields, chemical boundary conditions (for regional runs), initial condi-

tions, and other environmental datasets such as land type, leaf area index, and sea surface salinity. It

serves as a re-gridding and subsetting tool for these data. This has in particular enabled the FlexGrid

capability in GEOS-Chem wherein regional nested domains are selected at runtime and all input

data are processed for these domains (Li et al., 2021; Shen et al., 2021).

1.3.2 GEOS-ChemHigh Performance (GCHP)

GCHP (Eastham et al., 2018; Zhuang et al., 2020) is a high-performance version of GEOS-Chem

that takes advantage of the grid-independent structure of the model (Long et al., 2015) to apply
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Figure 1.5: HEMCO 3.0 implementation in the GEOS‐Chem High‐Performance model (GCHP). GCHP operates under
the MAPL coupling framework in an MPI parallel environment. The ExtData component reads all data into MAPL, re‐
gridding them to the model grid, and the input data are retrieved by the HEMCO MAPL implementation of the Data
Input Layer. After emissions are processed by the HEMCO Core, they are exported to GEOS‐Chem through the HEMCO
default Model Interface Layer.

a distributed-memoryMPI parallelization enabling efficient simulations with thousands of cores.

Implementation of MPI is through the GEOSMAPL environment on cubed-sphere grids. MAPL

is a modeling toolkit built upon ESMF that provides additional tools for interfacing between ESMF

and the model code (Suarez et al., 2007). It serves as a coupler for individual model components,

referred to as “gridded components”, and provides input and cubed-sphere re-gridding capabilities

for all external data through the ExtData component. GCHP advection is computed by the FV3

dynamical core gridded component (Putman and Lin, 2007).

Figure 1.5 shows the implementation of HEMCO 3.0 in GCHP. In the MAPL environment,

all data are read and re-gridded to the model grid by the ExtData component. Thus, HEMCO

inMAPL uses the MAPL data input layer, which simply retrieves data from ExtData. Unlike in

GEOS-Chem Classic, meteorological data are not processed by HEMCO in GCHP, as these data

are provided to GEOS-Chem through ExtData. There is also no option for HEMCO to operate on
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Figure 1.6: HEMCO 3.0 implementation in the NASA GEOS Earth System Model. GEOS is driven by the MAPL frame‐
work in an MPI parallel environment and is composed of a number of gridded components for the different ESM op‐
erators. GOCART provides a fast aerosol simulation and GEOS‐Chem provides detailed chemistry. HEMCO serves
both GOCART and GEOS‐Chem. The ExtData component reads all data into MAPL, re‐gridding them to the model grid,
and the input data are retrieved by the HEMCO MAPL implementation of the Data Input Layer. GEOS‐Chem and GO‐
CART each have their own HEMCO instances. After emissions are processed by the HEMCO Core, they are exported
to GEOS‐Chem through the HEMCO default Model Interface Layer and to the GOCART gridded component through a
HEMCO gridded component model interface layer.

a HEMCO grid different from the model grid because ExtData re-grids all data to the model grid.

After emissions data are processed by the HEMCOCore, GEOS-Chem receives the emissions

fromHEMCO through the HEMCO default Model Interface Layer in the same manner as GEOS-

Chem Classic. In this manner, the interface between the GEOS-Chem emissions module and

HEMCO is the same for GEOS-Chem Classic and GCHP, facilitating the maintenance of a sin-

gle GEOS-Chem code.

1.3.3 NASAGEOS ESM

The GEOS ESM (Rienecker et al., 2008) provides the platform for Earth system data analysis at

NASA through the GEOS Data Assimilation System (GEOS-DAS). It has several options for online

representation of atmospheric chemistry including GEOS-Chem (Hu et al., 2018) and GOCART
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aerosols (Chin et al., 2002; Randles et al., 2017). GOCART is used in the operational GEOS-DAS

as a fast module for aerosol data assimilation. The GEOS-Chemmodule is used in the GEOS chem-

ical forecast product (GEOS-CF; Keller et al., 2020) and in research applications. It has exactly the

same code as the offline GEOS-Chem but with all transport routines disabled, since chemical trans-

port is done as part of the GEOS ESM atmospheric dynamics.

Figure 1.6 shows the implementation of HEMCO 3.0 in the GEOS ESM to serve both the

GEOS-Chem and GOCARTmodules. HEMCO 3.0 receives data from theMAPL data input

layer using ExtData to read in data and re-gridding to the cubed-sphere grid in the GEOS ESM. The

data passed to HEMCO through ExtData are limited to emissions, as all other data are generated

through the GEOSmodel or introduced elsewhere.

The GEOS ESM uses separate instances of HEMCO for interfacing with GEOS-Chem and GO-

CART. These separate instances use different HEMCO configuration files and run independently

of each other in parallel. For interfacing with GEOS-Chem, HEMCO uses the default Model Inter-

face Layer in the same manner as GCHP (Sect. 3.2). This enables usage of GEOS-Chem chemistry

within GEOS with minimal changes to the GEOS-Chem code. For interfacing with GOCART,

HEMCO exports data using MAPL through a separate HEMCO gridded component model inter-

face layer, and those data are then imported by GOCART.

1.3.4 WRF-GC

TheWRF-GC online model (Weather Research and Forecasting Model with GEOS-Chem chem-

istry; Lin et al., 2020; Feng et al., 2021) couples the Weather Research and Forecasting (WRF)

weather model (Skamarock et al., 2008) with GEOS-Chem in the same manner as the coupling

of WRF withWRF-Chem (Grell et al., 2005; Fast et al., 2006). It uses a WRF-GC coupler sepa-

rate from theWRF and GEOS-Chem parent models to interface between the two models, con-

verting the state betweenWRF and GEOS-Chem as necessary to drive both models. This coupling
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Figure 1.7: HEMCO 3.0 implementation in the WRF‐GC model. The model is driven by WRF, which calls GEOS‐Chem
chemistry through the WRF‐GC coupler. HEMCO 3.0 is implemented entirely as part of GEOS‐Chem in WRF‐GC, with
each successive domain in the WRF model containing a separate instance of GEOS‐Chem and HEMCO (dashed blue
box). HEMCO interfaces with GEOS‐Chem using the HEMCO default Model Interface Layer and reads data through
the HEMCO default Data Input Layer using the same approach as GEOS‐Chem Classic. Convection and PBL mixing
are done by GEOS‐Chem modules, but the driving meteorological data are provided by the WRF‐GC coupler instead of
through HEMCO, unlike in GEOS‐Chem Classic.
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structure enables independent updates of each model in WRF-GC. Chemical advection is done by

WRF, but convection and planetary boundary layer (PBL) mixing are done by GEOS-Chem using

input data fromWRF, following the practice inWRF-Chem. Aerosol effects onWRF radiation

and cloud physics are treated by passing GEOS-Chem aerosol information toWRF through the

WRF-GC coupler. Multiscale WRF grids communicating by two-way nesting are also supported by

WRF-GC.

Figure 1.7 shows the implementation structure of HEMCOwithin the WRF-GCmodel. In

WRF-GC, HEMCO is implemented as a component within GEOS-Chem using the same default

Data Input Layer and default Model Interface Layer as GEOS-Chem Classic. The Data Input Layer

reads emissions and environmental data to serve GEOS-Chem emissions, chemistry, and dry de-

position routines. Meteorological data simulated byWRF (including convective air mass fluxes,

PBL mixing parameters, and any meteorological data needed for HEMCO extensions) are passed to

GEOS-Chem by theWRF-GC coupler independently of HEMCO. Chemical initial and bound-

ary conditions are also read by theWRFmodel and passed to GEOS-Chem through theWRF-GC

coupler. If there are successive instances of WRF for nested domain functionality, corresponding

instances of GEOS-Chem and HEMCO for each domain are used. Each instance of HEMCO oper-

ates on the grid of the correspondingWRF domain, and no separate HEMCO grid is used.

1.3.5 Community Earth SystemModel Version 2 (CESM2)

The Community Earth SystemModel Version 2 (CESM2) is an open-source model enabling a wide

range of Earth science simulations including atmospheric chemistry. The atmospheric component

of CESM2 is the Community Atmosphere Model (CAM), including the CAM-chemmodule to

simulate chemistry (Emmons et al., 2020). The newMUSICA initiative at NCAR (Pfister et al.,

2020) seeks to expand the capabilities and versatility of the chemical simulation within CAM, in-

cluding use of GEOS-Chem as an alternative module.
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Figure 1.8: HEMCO 3.0 implementation in CESM2. HEMCO 3.0 lives as a component within the CESM2 atmosphere
(CAM), reading data through the HEMCO default Data Input Layer and communicating with other CESM components
through the HEMCO–CESM implementation of the Model Interface Layer, which reads necessary meteorological quan‐
tities for computation of state‐dependent emissions within HEMCO and exports emissions and other input data to the
CAM physics buffer. HEMCO operates on its own high‐resolution grid, with re‐gridding routines to pass data to and
from CAM. Environmental data for computing emissions and dry deposition (e.g., land type) may either be read from
HEMCO data libraries or provided to HEMCO by the CAM state.

Figure 1.8 shows the implementation of HEMCO 3.0 in CESM2. HEMCO serves emissions

to CAM-chem, GEOS-Chem, and potentially to any representation of atmospheric chemistry

in CAM. TheModel Interface Layer includes routines to export data processed by HEMCO to

CAM’s physics buffer, a temporary storage space for model components to share data at runtime.

As CAM supports a variety of grids, during initialization, the HEMCO–CESMModel Interface

Layer reads the ESMFmesh file that describes the grid used by CAM and uses ESMF online re-

gridding (https://earthsystemmodeling.org/regrid/, last access: 2 September 2021) to re-grid

data between HEMCO and CAM. By using ESMF re-gridding capabilities, HEMCO is capable

of operating independently of the grid used by the model, as long as the model grid description is

provided to HEMCO using an ESMFmesh file.

HEMCOwithin CESM2 can use the existing HEMCO emissions database library out of the

box, and it can also import new emission inventories and extensions. The CAM-chem implemen-
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tation uses a configuration file with the appropriate CAM-chem species mapping as described by

Emmons et al. (2020). An example for alcohols was described in Sect. 2.1. For CESMwith GEOS-

Chem chemistry (CESM2-GC), HEMCOworks out of the box with configuration files from

GEOS-Chem since CESM2-GC uses the same species.

Environmental data needed for computing emissions and dry deposition, such as land type and

leaf area index, are normally provided by the CESM state to HEMCO through the Model Interface

Layer. This is required for coupled chemistry–biosphere–climate simulations, wherein atmospheric

chemistry affects ecosystem state (both directly and indirectly through the climate), which in turns

affects atmospheric chemistry. Alternatively, one may want to use independent environmental data

specified through the HEMCO configuration file in order to compare the CESM simulation to an

independent simulation of atmospheric chemistry such as with GEOS-Chem Classic. Both capabili-

ties are supported by HEMCOwithin CESM2.

1.3.6 NOAAGEFS-Aerosol andNOAAUFS

As described in NOAA’s 2018 Strategic Implementation Plan for next-generation modeling sys-

tems (https://www.weather.gov/sti/stimodeling_nggps_implementation, last access: 2

September 2021), “a unified emission system with the capability of providing model-ready, global

anthropogenic and natural source emissions inputs for aerosol and gas-phase atmospheric compo-

sition across scales is needed.” The next-generation modeling systems of NOAA are being realized

as the Unified Forecast System (UFS; https://ufscommunity.org, last access: 2 September 2021),

which will replace the current suite of forecast models in the National Weather Service (NWS) over

the next few years. The UFS does not refer to a single modeling system, but rather describes a uni-

fied software infrastructure that permits the exchange of model components between different ap-

plication models. To respond to the requirement for a unified emissions system, HEMCO 3.0 is

being tested to serve as the core of the NOAA Emissions and eXchange Unified System (NEXUS)
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Figure 1.9: Planned HEMCO 3.0 implementation in the NOAA UFS. UFS is a unified software infrastructure for NOAA
forecast models to enable exchange of model components between different application models. HEMCO is planned
as the core of the NOAA Emissions and eXchange Unified System (NEXUS) component to serve both emissions and
surface exchange (state‐dependent emissions, dry deposition, and two‐way exchange) as part of UFS. HEMCO oper‐
ates under the MAPL coupling framework in the same way as in the NASA GEOS ESM (Figure 1.6) but reads indepen‐
dent environmental data for use in surface exchange calculations. Supplemental process routines provide the surface
exchange calculations. NEXUS operates under the NUOPC coupling framework to provide emissions and surface ex‐
change information to other UFS components.
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component (Campbell et al., 2020). NEXUS will provide emissions and broader surface exchange

information for NOAA’s UFS global and regional aerosol and atmospheric composition (AAC)

models.

Figure 1.9 shows the planned implementation of HEMCO as the core of NEXUS within the

NOAAUFS. Currently, HEMCO is used as an offline emissions preprocessor for an experimental

version of the Global Ensemble Forecast System-Aerosol (GEFS-Aerosol). GEFS-Aerosol is a global

aerosol model based on the Global Forecast System (GFS), which is based on the finite-volume

cubed-sphere (FV3) dynamical core (Lin et al., 1994; Lin and Rood, 1996; Lin, 2004; Putman and

Lin, 2007; Chen et al., 2013; Harris and Lin, 2013; Harris et al., 2016; Zhou et al., 2019). The oper-

ational version of GEFS-Aerosol is run by the NWS as a special unperturbed forecast of the Global

Ensemble Forecast System version 12, which provides an ensemble forecast product four times per

day.

Ongoing development of NEXUS includes adaptation to provide emissions for three future

UFS applications: (i) a global aerosol model, adapted from GEFS-Aerosol, that will be part of a

sub-seasonal to seasonal forecast capability and that uses the NASAGOCART aerosol model; (ii)

an online, regional-scale air quality model with fully coupled gas-aerosol chemistry derived from

the Community Multiscale Air Quality (CMAQ) model (United States Environmental Protec-

tion Agency, 2018); and (iii) an online, regional-scale rapid refresh forecast system (RRFS) that

includes fully coupled smoke and dust emissions as well as transport and aerosol–weather interac-

tions. Further planned development of NEXUS for UFS AACmodels includes the integration of

HEMCO 3.0 as a dynamic online emissions processor for both anthropogenic inventories and nat-

ural, process-based sources (e.g., windblown dust, wildfire smoke, sea salt). A longer-term goal for

NEXUS includes the harmonization of emissions-related processes with the surface–atmosphere

exchange and boundary layer processes in the land surface modeling system. The current vision for

the NEXUS architecture is evolving as the UFS AACmodels are being developed but will rely on es-

29



tablished coupling and integration infrastructures, such as the National Unified Operational Predic-

tion Capability (NUOPC) layer (Theurich et al., 2016; http://earthsystemmodeling.org/nuopc/,

last access: 2 September 2021).

1.4 Conclusions

We presented an updated version 3.0 of the Harmonized Emissions Component (HEMCO 3.0) for

atmospheric models. HEMCO is a versatile online emissions processor originally developed for the

GEOS-Chem chemical transport model but is now portable to any atmospheric model. HEMCO

allows users to select an ensemble of emission inventories and state-dependent emission algorithms

(extensions) with capabilities for re-gridding, adding, masking, and scaling emission data and map-

ping them to model species. HEMCO 3.0 addresses limitations of the previous version, HEMCO

2.0, which used features specific to the GEOS-Chem “Classic” or MAPL environments and was

limited to operating on the model grid. HEMCO 3.0 has a modular structure to facilitate its im-

plementation in models with different software engineering protocols. It features an optional high-

resolution grid that may be finer than the model grid for more accurate masking, more accurate

computation of emissions with nonlinear algorithms, and the serving of emission data to multi-grid

models with greater computational and memory efficiency. HEMCO 3.0 can also serve as a general

data broker to process all input data in the atmospheric model, not just emissions.

HEMCO 3.0 modularizes the original HEMCO (Keller et al., 2014) into three layers: the Data

Input Layer, the HEMCOCore, and the Model Interface Layer. The Data Input Layer reads a con-

figuration file that defines the emission environment desired by the user, extracts the necessary in-

ventory and other data files in NetCDF format from the HEMCO database library, and re-grids the

data to the model grid or to the higher-resolution HEMCO grid. The HEMCOCore subsets, adds,

masks, and scales the different datasets as specified by the configuration file. TheModel Interface
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Layer collects the emissions data from the HEMCOCore to pass on to the atmospheric model and

also passes model state variables to the HEMCOCore for computing emissions through extensions.

The HEMCOCore and database library are common to HEMCO implementations across all mod-

els. The Data Input Layer andModel Interface Layer may be used out of the box or modified to fit a

model’s specific architecture.

HEMCO 3.0 has been implemented in several models: the GEOS-Chem CTM in both Classic

and High-Performance (GCHP) configurations, the NASAGEOS ESM,WRF with GEOS-Chem

chemistry (WRF-GC), CESM2 with either CAM-chem or GEOS-Chem chemistry, and the NOAA

GEFS-Aerosol model as an offline emissions preprocessor. GEOS-Chem Classic relies on the de-

fault implementations of the Data Input Layer andModel Interface Layer, and these defaults may

be used for quick implementation of HEMCO 3.0 in any model. GCHP and the GEOS ESM use

the MAPL coupler built on ESMF to read and re-grid data; in that case the corresponding function-

alities are removed from the HEMCOData Input Layer with no editing of code in the HEMCO

Core. HEMCO 3.0 is planned for inclusion in the NOAAUFS as the core of the NEXUS compo-

nent that will serve emission and surface exchange information to the suite of NOAA aerosol and

atmospheric composition forecast models. This will add a new dimension to HEMCO capabilities

to include surface deposition and two-way exchange of chemical species.

Implementation of HEMCO 3.0 in CESM2 is an important step in the development of MU-

SICA, a flexible modeling framework for the next-generation CESM allowing for versatile use of

different atmospheric chemistry simulation components on any grid and scale (Pfister et al., 2020).

HEMCOwithin CESM can operate on multiscale or unstructured grids, can serve data to any

CESM atmospheric component, and can interface with any chemical mechanism by mapping emit-

ted species to the mechanism species. Through HEMCO, CESM users can readily use and combine

any ensemble of emission inventory data and algorithms that they choose independently of their

chemical mechanism or other aspects of the chemical simulation. HEMCO thus provides a general
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vessel for the treatment of emissions in MUSICA and could also provide a general input data broker

facility for CESM in the future.

1.5 Code and data availability

The code used in this paper is permanently archived at https://github.com/jimmielin/HEMCO3-Pa

per-Code (last access: 2 September 2021) (https://doi.org/10.5281/zenodo.4706173, Lin, 2021).

Input data for use with HEMCO 3.0 listed in Table 1.1 can be obtained from the GEOS-Chem

data repository at http://ftp.as.harvard.edu/gcgrid/data/ExtData/HEMCO/ (last access: 2

September 2021).
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2
An Adaptive Auto-Reduction Solver for

Speeding Up Integration of Chemical

Kinetics in Atmospheric Chemistry

Models: Implementation and Evaluation in

the Kinetic Pre-Processor (KPP) Version

3.0.0

Kinetic integration of large and stiff chemical mechanisms is a computational

bottleneck in models of atmospheric chemistry. It requires implicit solution of the cou-
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pled system of kinetic differential equations with time-consuming construction and inversion of

the Jacobian matrix. We present here a new version of the Kinetic Pre-Processor (KPP 3.0.0) for

fast integration of chemical kinetics featuring a range of improvements over previous versions in

performance, diagnostics, versatility, and community openness. KPP 3.0.0 includes a new adaptive

auto-reduction solver to decrease the size of any mechanism locally and on the fly under conditions

where full complexity is not needed, by partitioning species as “fast” or “slow” based on their local

production and loss rates. Previous implementations of this adaptive solver suffered from excessive

overhead in the repeated construction of the local Jacobian matrix or were hard-wired to specific

mechanisms. Here we retain the general applicability of the method to any mechanism and avoid

overhead by using pre-computed Jacobian matrix terms for the full mechanism and cropping the

matrix locally to remove the slow species with no change in memory allocation. We apply this adap-

tive solver within KPP 3.0.0 to the GEOS-Chem global 3-D model of atmospheric chemistry and

demonstrate a 32% reduction in solver time while maintaining a mean error lower than 1% for key

species in the troposphere.

2.1 Introduction

Modeling atmospheric chemistry is a grand computational challenge. Current global 3-D models of

oxidant-aerosol chemistry use chemical mechanisms that may involve hundreds of coupled chemical

species with lifetimes ranging from less than a second to many years. Chemical evolution in such

a mechanism is computed by solving a large, stiff system of coupled non-linear ordinary differen-

tial equations (ODEs) expressing the chemical kinetics of individual species. Implicit solvers are

required to accommodate the coexistence of short and long time constants but are computation-

ally expensive because of the need for repeated construction and inversion of the Jacobian matrix

(Brasseur & Jacob, 2017). Chemical integration often dominates the overall computational cost of
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global 3-D atmospheric chemistry model simulations, even in massively parallel environments or us-

ing graphics processing units (GPUs) (Alvanos & Christoudias, 2017; Dawson et al., 2022; Eastham

et al., 2018; Zhuang et al., 2020).

Considerable research has gone into devising algorithms to speed up chemistry solvers. A com-

mon strategy is to split the mechanism species by time scales in order to decrease the stiffness of the

system (Djouad & Sportisse, 2002; Gong & Cho, 1993; Young & Boris, 1977), but this tends to be

mechanism-specific and is difficult to apply in global models because of the wide range of condi-

tions that may be experienced. Wholesale reduction of the mechanism, such as in the Super-Fast

mechanism used in some climate models (Brown-Steiner et al., 2018), may lead to large errors (Kelp

et al., 2022) and incorrect chemical responses to perturbations. Machine learning methods can in

principle speed up chemical integration by orders of magnitude but have met with little success be-

cause of the large dimensionality of the problem resulting in error growth, in addition to requiring

re-training and re-evaluation after even minor updates to the chemical mechanism (Keller & Evans,

2019; Kelp et al., 2020, 2022).

A promising approach for global models is to recognize that the full complexity of the mech-

anism is not needed everywhere. For example, reactions involving volatile organic compounds

(VOCs) and their short-lived products typically account for much of the complexity but may be

unimportant outside of continental boundary layers where the VOCs are emitted. Jacobson (1995)

thus applied separate mechanisms in a global model for the urban boundary layer, the global tro-

posphere, and the stratosphere. However, fixed geographical separation between domains can re-

sult in errors and inefficiencies by not accounting for the interactions at chemical boundaries be-

tween domains (Rastigejev et al., 2007) and not allowing for a continuum of chemical regimes from

source regions to the remote atmosphere. Santillana et al. (2010) developed an adaptive mechanism

reduction method in which the size of the mechanism is adjusted at each grid cell and time step,

classifying species as fast (coupled) or slow (uncoupled) on the basis of their total production and
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loss rates. However, the overhead involved in local definition of the reduced mechanism offset the

computational gains. Sander et al. (2019) and Shen et al. (2020, 2022) improved the method by

pre-compiling a limited ensemble of chemical sub-mechanisms and selecting the most appropriate

sub-mechanism for use based on local conditions at each timestep, thus avoiding the overhead. Shen

et al. achieved a 30%–50% reduction in computational cost compared to the full parent mechanism

in a global simulation of the troposphere and stratosphere, but the selection of sub-mechanisms had

to be customized to the parent mechanism.

Here we develop a mechanism-agnostic, ready-to-use method for adaptive auto-reduction of

any chemical mechanism and implement it as an option in a new version 3.0.0 of the Kinetic Pre-

Processor (KPP). Originally developed by Damian et al. (2002) and Sandu and Sander (2006), KPP

is a software tool that automatically generates code to efficiently integrate chemical mechanisms.

KPP takes in a set of human-readable input files describing the mechanism and generates Fortran

90, C, or MATLAB code to solve the corresponding system of ODEs using any of a suite of inte-

gration methods. KPP is used in many atmospheric chemistry models includingMECCAwithin

MESSy (Jöckel et al., 2010; Sander et al., 2019), WRF-Chem (Fast et al., 2006; Grell et al., 2005),

the forward and adjoint GEOS-Chemmodels (Henze et al., 2007), and the adjoint for the CMAQ

model (Hakami et al., 2007; Zhao et al., 2020). Our new version KPP 3.0.0 incorporates several

performance and diagnostic updates over the previous version KPP 2.1 (Sandu & Sander, 2006) in

addition to the adaptive solver option.

2.2 Adaptive Solver for Chemical Kinetics

Atmospheric chemistry models alternate chemical integration and transport calculations through

operator splitting (Brasseur & Jacob, 2017), The chemistry solver is called for a time interval of

length Δt referred to as the external time step, and returns a vector of updated concentrationsC
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at the end of that time step to be operated on by transport. The kinetic integration of the mecha-

nism by the chemistry solver is done over internal time steps h ≤ Δt to reach the desired accuracy.

The chemistry solver integrates a system ofN coupled nonlinear first-order ODEs of the form

dCi

dt
= Pi(C)− Li(C)(i = 1, 2, ...,N) (1)

where N is the number of coupled species in the mechanism,C is the vector of species concen-

trations of dimensionN, and Pi(C) and Li(C) are the production and loss rates of species i that

depend on the concentrations of other species in the mechanism through the reaction rate expres-

sions.

The external time step in a global model is typically ∼103 s, but many species in the mechanism

have lifetimes ∼1 s or shorter. An explicit solver would require internal time steps shorter than the

lifetime of the shortest-lived species in order to achieve stability, but this is not computationally

practical. An implicit solver is required. The simplest such solver is the first-order backward Euler

method, which approximates the solution to Equation 1 over the internal time step hwith

C(t+ h) = C(t) + s(C(t+ h))h (2)

where we define the net source term s = P− L as a vector of functions (PiLi). Solving Equation

2 for the unknown quantityC(t + h) using the Newton-Raphson method requires the repeated

construction and inversion of theN×N Jacobian matrix J:

J =
∂s
∂C

(3)

The construction and inversion of this Jacobian matrix is computationally expensive. Higher-

order solvers generally used in atmospheric chemistry models, such as Rosenbrock (Hairer &Wan-
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ner, 1991; Rosenbrock, 1963; Sandu et al., 1997) or Gear (Jacobson & Turco, 1994), similarly re-

quire the repeated construction and inversion of the Jacobian over internal time steps. The Jacobian

is typically ∼90% sparse allowing for efficient sparse-matrix inversion methods (Sandu et al., 1997),

so that the overall cost of construction and inverting the Jacobian scales as ∼N rather than a higher

power.

A way to reduce the dimensionality N of the problem is to split the mechanism into “fast” species

for which the coupled implicit solution is necessary and “slow” species that may be solved indepen-

dently over the external time step using a fast explicit method. Young and Boris (1977) and Gong

and Cho (1993) separate species into fast and slow based on their lifetimes compared with the inte-

gration time step. However, the separation results in non-conservation of mass because the reaction

rates are not computed consistently. This may not be of consequence in a regional model (as used in

those applications) where the domain is ventilated by the boundary conditions, so that errors do not

accumulate, but it is more problematic in a global model. Santillana et al. (2010) separated instead

“fast” and “slow” species on the basis of their production and loss rates, with the slow species having

sufficiently low rates that their non-conservation of mass would be inconsequential. This is more

relevant for global models where concentrations and rates of short-lived VOCs become very small

and they have negligible influence on other species outside of their source regions. Shen et al. (2020,

2022) used the same approach to partition species between fast and slow.

Here we also follow the partitioning method of Santillana et al. (2010). At the beginning of each

external time step we calculate P and L and classify species i as fast if max(Pi,Li) > δ and as slow

otherwise, where δ is a user-selected partitioning threshold. Fast species are assigned to the cou-

pled implicit solver as a subset (sub-mechanism) of the full mechanism, while the evolution of slow

species over the external time step beginning at t0 is calculated using an explicit first-order approxi-

mation with first-order loss rate constant ki(t0) = Li(t0)/Ci(t0):
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Ci(t0 + Δt) =
Pi(t0)
ki(t0)

+ (Ci(t0)−
Pi(t0)
ki(t0)

)e−ki(t0)Δt (4)

In the Santillana et al. (2010) implementation, the Jacobian had to be reconstructed locally at

every external time step for the identified subset of fast species and that incurred large overhead,

canceling the benefit of the method. Here we avoid the overhead by taking advantage of the pre-

computed Jacobian matrix terms for the full mechanism in the KPP solver to simply remove rows

and columns corresponding to the slow species. This is explained in Section 3.2 and is the key new

development to make the method computationally practical.

The partitioning threshold δ is set prior to integration and is tuned to balance performance and

accuracy. Previous work (Santillana et al., 2010; Shen et al., 2020, 2022) considered that in a typical

tropospheric chemistry mechanism, much of the coupling is associated directly or indirectly with

cycling of the hydroxyl radical (OH). OH has a daytime concentration of∼ 106 molecules cm−3

and a lifetime ∼1 s, so its production and loss rates are∼ 106 molecules cm−3s−1. A species with

production and loss rates that are several orders of magnitude smaller would not be expected to

contribute significantly to the coupling. They found δ ∼ 102 − 103 molecules cm−3s−1 to be

adequate after testing for performance and accuracy.

Here we include the option to dynamically define δ instead of specifying a uniform value over

the domain, to account for rates varying with local conditions. This is done by identifying a target

species which is considered central to the mechanism and scaling its production and loss rates to

define a local partitioning threshold:

δ = αtargetmax(Ptarget,Ltarget) (5)

where Ptarget and Ltarget are the local production and loss rates of the target species, and αtarget ≪

1 is a user-selected coefficient that depends on the target species but is otherwise fixed for the model
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domain. For example, a model may use OH as target species for daytime, andNO2 or the nitrate

radical (NO3) for nighttime. When using OH as a target species and with max(POH,LOH) ∼ 106

molecules cm−3 s−1, a value αOH ∼ 10−4 − 10−3 would correspond to the criteria for δ used by

Santillana et al. (2010). But max(POH,LOH) can in fact vary over orders of magnitude depending

on pressure, UV flux, and other factors, and our local specification of δ accounts for this variability.

We find that this specification of dynamic threshold improves accuracy with no significant overhead

since Ptarget and Ltarget are computed at the beginning of each external time step in any case.

We also include two new options in the algorithm. First is to force individual species to remain in

the coupled implicit solver even if max(Pi,Li) ≪ δ. As we will see, this may be helpful for inorganic

halogen species that cycle between radical and non-radical forms across sunrise/sunset. Second is to

include an “append” functionality in the algorithm so that a species initially diagnosed as slow at the

beginning of the external time step can be transferred into the coupled implicit solver if it becomes

fast over the course of the integration. This increases accuracy with minimum overhead.

2.3 Kinetic Pre-Processor (KPP) Version 3.0.0

2.3.1 KPP 3.0.0 Overview

KPP (Damian et al., 2002; Sandu & Sander, 2006) generates code for solving the chemical kinetics

for a given chemical mechanism defined by a list of species, reactions, and rate constants. It is de-

signed for speed by exploiting sparse matrix algebra and pre-computation of terms. We have made

several improvements to KPP relative to the previous version 2.1 (Sandu & Sander, 2006), including

the adaptive solver option. We present these improvements as KPP version 3.0.0, available for down-

load from https://github.com/KineticPreProcessor/KPP/ (https://doi.org/10.5281/zenodo

.7308373) with detailed documentation at https://kpp.readthedocs.io. Existing features in the

previous versions of KPP are maintained in KPP version 3.0.0. Our new version has zero numerical
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Figure 2.1: Example KPP input file. The KPP input file includes options for code generation, adaptive auto‐reduction,
diagnostics for production and loss rates of chemical families, and a list of species and reactions. Reaction rate con‐
stants can be specified as expressions in the target language (in this case Fortran 90), here showing calls to functions
calculating photolysis and Arrhenius rate expressions.

differences compared to KPP version 2.1 when using the same configuration as verified using the

“saprc2006.kpp” example.

KPP takes in as input one or more text files, with an example shown in Figure 2.1. The input is

not necessarily in one single file; it may be split into several files for readability. The files describe

the chemical mechanism, the choice of numerical solver (e.g., Rosenbrock), target language (i.e.,

Fortran 90, C, or MATLAB), floating point type (single- or double-precision), production and loss

diagnostics for selected chemical families (optional), and whether to use the adaptive solver option

(optional). Some inputs are not part of the KPP code generation and are instead left for users to

adjust at runtime, including convergence criteria (absolute and relative tolerance), numerical order

of the solver, and adaptive solver options, in order to enable the user to experiment with different

thresholds for performance and accuracy.

Based on the specifications in the KPP input file(s), KPP creates files in the target language con-
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taining a description of the system of ODEs (number of species, reactions, and a numbered list of

species), code to calculate the time derivatives, Jacobian matrix, and solution by back-substitution,

along with a copy of the numerical solver (such as Rosenbrock) and supporting routines for sparse

linear algebra. This set of files can be either run standalone as a box model or can be included in a

3-Dmodel to update concentrations locally over external time steps.

Auto-reduction of the mechanism with the adaptive solver described in Section 2 is an option in

KPP 3.0.0 using the Fortran 90 language, enabled in the configuration file by #AUTOREDUCE on and

specifying the corresponding integrator (e.g., #INTEGRATOR rosenbrock_autoreduce). This sets up

the capability for the user to reduce the mechanism locally through specification of the partitioning

threshold δ between fast and slow species, listing any species for which this partitioning should not

be applied. These specifications are done at runtime for flexibility. Even when the auto-reduction

solver is used, mechanism auto-reduction can be disabled at runtime, defaulting to the behavior of

the original integrator, to check for accuracy. A test case box model for auto-reduction is included as

part of KPP 3.0.0 documentation.

In addition to the option for adaptive mechanism auto-reduction, several additional features and

improvements were added to KPP 3.0.0 relative to the previous version 2.1 (Sandu & Sander, 2006).

These include:

1. Redeployment of KPP source code, continuous integration, and documentation for community

development. KPP 3.0.0 source code has been redeployed on GitHub for community de-

velopment. The GitHub repository incorporates continuous integration (CI) tests which

automatically compile the KPP source code to build and run combinations of sample chem-

istry mechanisms and integrators into box models at every code revision. This helps to ensure

that new features and updates added to KPP do not break existing functionality and that nu-

merical results for existing configurations are not affected. The documentation has also been
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relocated to https://kpp.readthedocs.iowhere it is automatically built with each code

revision on GitHub.

2. New diagnostics. The following diagnostic features have been added to KPP 3.0.0:

• Production and loss rates for chemical families. KPP 3.0.0 allows for the definition of

families of chemical species for computing production and loss for that family, ignor-

ing interconversion reactions within the family. This is useful in models for example,

to keep track of odd oxygen (Bates & Jacob, 2020) or nitrogen oxides. Families are

defined in the #FAMILIES section of the KPP input file.

• Stoichiometric numbers. The stoichiometric numbers of all reactions in the mechanism

are now available in the CalcStoichNum subroutine in the KPP-generated code. This

feature is used to calculate the importance of chemical species in a mechanism for the

skeletal mechanism reduction in Sander et al. (2019).

• Individual reaction rates and time derivatives. The reaction rates and their time

derivatives are now available as optional outputs from the KPP-generated code.

3. Addition of new solvers. Several solvers have been added as options for integrating chemical

kinetics including VODE (Brown et al., 1989), SDIRK (Hairer &Wanner, 1991), 3-stage

Runge-Kutta, and forward and backward Euler methods.

4. Addition of new rate law functions. Rate law functions for three-body reactions using the

formulas proposed by JPL (https://jpldataeval.jpl.nasa.gov) and IUPAC (https:

//iupac.aeris-data.fr/) have been added to the built-in rate laws in KPP 3.0.0. Rate law

functions are not limited to those built in KPP and can be added by including extra source

code files in the KPP input.
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5. Miscellaneous performance improvements in Fortran 90. KPP 3.0.0 optimizes for Fortran 90

performance by applying several guidelines in coding, particularly in reaction rate calcula-

tions that are computed repeatedly in loops:

• Unifying number precision. Previous inputs to KPP used both single- and double-

precision numbers. KPP input files and code now do not mix number precision to

avoid conversion, which loses precision and costs computational time.

• Switch to control update of reaction rate constants. Previously, KPP called subroutines

to update reaction rate constants at every internal time step, but this is computation-

ally expensive and may not be needed in most model applications where the variables

affecting rate constants are not updated between internal time steps. An optional

switch has been added so that rate constants are updated only at the beginning of the

external time step.

• Optimized rate law functions. Rate law functions have been split to avoid compu-

tation of unnecessary terms. For example, previously a single function with Arrhe-

nius temperature dependence was used for all reactions: ARRabc(A,B,C) = A ∗

exp(B/T) ∗ exp(300/T)C Many reactions may have B = 0 or C = 0 but the ex-

pressions 300/T or exp(0) are still needlessly computed. Separate rate functions such

as ARRab(A,B) = A ∗ exp(B/T) have been added, leading to a 44% performance

improvement of reaction rate computations in a full-chemistry GEOS-Chemmodel

run.

• Avoiding conditionals and optional arguments. Conditional clauses such as IF, ELSE,

and SELECTCASE, and testing for optional arguments add significant computa-

tional cost if called thousands of times. If a conditional clause or optional argument

is present in a frequently called subroutine, the subroutine is split into different func-
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tions for each case.

• Thread safety for generated code. The code generated is now thread safe, so that calls

for updating rate constants and running the integrator can be placed in an OpenMP

parallel loop for parallelization.

• Improved expressions for vector and array functions. Several functions for basic vector

and array operations originally used reference BLAS (Basic Linear Algebra Subpro-

grams) implementations. These have been replaced with Fortran 90 expressions to

allow for compilers to better optimize the code.

6. Miscellaneous code improvements in KPP.The C source code of KPP has been improved

so that no compiler warnings are generated. A more consistent memory allocation helps to

avoid buffer overflow problems. The KPP language is now parsed by bison instead of yacc.

2.3.2 Adaptive Solver Implementation in KPP 3.0.0

We implemented the adaptive solver as an option within KPP’s Fortran 90 version of the Rosen-

brock solver using sparse matrix algebra. KPP is computationally efficient because the functions to

compute the time derivatives for each species and the Jacobian matrix (expressed in terms of reaction

rates and species concentrations), along with all sparse matrix algebra routines, are pre-generated

and use fixed indices to access species vectors and matrices. This means that the problem size and

memory space is fixed at compile time, avoiding expensive memory allocation operations. How-

ever, this also yields a fixed problem structure that is difficult to manipulate. One major source of

overhead in locally defined sub-mechanisms as in Santillana et al. (2010) is associated with repeat-

edly re-allocating and de-allocating memory to accommodate changing problem sizes for each sub-

mechanism (Shen et al., 2020). Our adaptive solver implementation in KPP 3.0.0 uses a mapping

operation to project the full mechanism into sub-mechanisms, thus reusing the same memory space
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Figure 2.2: Mechanism auto‐reduction in KPP. Panel (a) shows the data structure of the sparse Jacobian data within KPP
for a sample 3‐species mechanism. If species B is diagnosed as slow, then the corresponding rows and columns of the
Jacobian are no longer calculated (panel (b)), and the indices pointing to the sparse Jacobian data (LU_IROW, LU_ICOL)
are adjusted to remove the slow species (cLU_IROW, cLU_ICOL) through a mapping array (JVS_MAP) while preserving
the sparse matrix in row‐compressed form. The result is a reduced mechanism with the same data structure as the
original one, but with smaller dimensions.

to avoid expensive resizing operations.

Figure 2.2a shows the sparse Jacobian data as stored within KPP. In this example mechanism,

there are three species (NVAR) and eight non-zero entries in the Jacobian (LU_NONZERO) of the full

mechanism. The row and column indices of these eight non-zero entries in Jacobian matrix are

correspondingly specified in LU_IROW, LU_ICOL in row-compressed form. At the beginning of ev-

ery external time step, the production and loss rates of each species are calculated and compared

to the partitioning threshold to separate species into fast and slow. Figure 2.2b shows an example

where species B is slow. The entries in the Jacobian corresponding to B no longer need to be com-

puted, and a mapping operation is performed: JVS_MAP corresponds to the non-zero Jacobian ma-

trix entries still present in the sub-mechanism consisting of fast species. The smaller sub-mechanism
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can now be described by two species (rNVAR) and four non-zero entries in the reduced Jacobian

(cNONZERO) with indices described by cLU_IROW and cLU_ICOL. The data structure of the smaller sub-

mechanism is identical to the full mechanism, and the same routines are used to solve it, without the

need to generate extra code, or resizing memory.

The mechanism auto-reduction is performed once at the beginning of every external time step.

The set of fast and slow species are established according to the runtime options for the partitioning

threshold δ and the list of species to be excluded from partitioning and kept in the fast subset under

all conditions (keepSpcActive). Based on the list of species in the fast set, the mapping (JVS_MAP)

from the full mechanism to the fast sub-mechanism is created. Because KPP generates hard-coded

source code to compute each term of the Jacobian matrix and back-substitution for computational

efficiency, two logical control vectors, DO_JVS and DO_SLV, are created to skip computation of terms

corresponding to slow species as these are no longer necessary.

The separation between fast and slow species is controlled by the initial conditions at the be-

ginning of the external time step, but an optional “append” function is added to account for an

initially slow species becoming fast over the course of the internal time steps. This function appends

new species to the fast sub-mechanism and adjusts the logical control vectors if these species are ini-

tially partitioned as slow but their production or loss rate exceed the partitioning threshold over the

course of the internal time stepping. Diagnosing this has little overhead, because the production and

loss rates of all species are already computed at every internal time step.

We used a box model integration of the GEOS-Chem chemical mechanism (described below)

to analyze the overhead of the adaptive solver implemented within KPP. By forcing the adaptive

solver routines to run with a threshold of 0, we determined that the KPP overhead added by the

auto-reduction is 10%–16%. The main source of overhead is the copying of data between the full

and reduced sub-mechanism (Figure 2.2), where the worst-case scenario is when all species are par-

titioned as fast and all species’ data need to be copied between the full to the “reduced” data struc-
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tures. Profiling tests show that other steps such as the partitioning of species between fast and slow,

or the first-order approximation for slow species, contribute negligible overhead.

We also used the box model to verify that our adaptive solver introduces minimal mass non-

conservation compared to the full solver. Integrating the box model over four sets of initial con-

ditions from the GEOS-Chemmodel over 10,000 time steps shows that the total masses of odd

oxygen, reactive nitrogen, chlorine, and bromine (defined in Table S1 in Supporting Information

S1) are conserved within 0.30% in the standard configuration of the adaptive solver as compared

with the full mechanism solver. Figure S2 in Supporting Information S1 shows the geographical dis-

tribution of mass non-conservation for these four families at a snapshot in time in a global GEOS-

Chemmodel simulation, again comparing the adaptive solver in its standard configuration to the

full solver. Mass conservation is within 0.01% for odd oxygen and reactive nitrogen and at worst

within 0.2% for bromine.

2.4 AdaptiveMechanism Auto-Reduction in the GEOS-ChemModel Using KPP

Version 3.0.0

We demonstrate the adaptive solver capability in KPP version 3.0.0 with the GEOS-Chem global

3-D atmospheric chemistry model version 13.4.0 (Bey et al., 2001; https://doi.org/10.5281/

zenodo.6511970). The chemical mechanism includes comprehensive oxidant-aerosol chemistry in

the troposphere and the stratosphere with 291 chemical species and 913 reactions. Recent updates

to the mechanism include Cl-Br-I tropospheric halogen chemistry (Wang et al., 2021), isoprene

chemistry (Bates & Jacob, 2019), aromatic chemistry (Bates et al., 2021), hydroxymethanesulfonate

cloud chemistry (Moch et al., 2020), and NOy cloud and aerosol chemistry (Holmes et al., 2019).

Heterogeneous sulfur chemistry that was previously simulated with a separate module was brought

into KPP in GEOS-Chem version 13.4.0 with the addition of new rate functions.
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GEOS-Chem has been structured to interact with the KPP-generated solver code through the

FlexChem interface which prepares data for the solver code, executes the code, and retrieves con-

centrations at the end of the time step. FlexChem allows GEOS-Chem to use modules outside of

KPP for computing reaction rates, for example, interfacing with Fast-JX for photolysis rates (Bian

& Prather, 2002; Mao et al., 2010). FlexChem also includes a derived type object, State_Het, which

passes state variables from GEOS-Chemmodel for calculating heterogeneous chemistry reaction

rates including cloud liquid water content, aerosol size distribution, pH, and alkalinity. This de-

rived type object holds common intermediate quantities necessary for heterogeneous reaction rate

computations, such as aerosol area, avoiding repeated computation and memory use. FlexChem also

allows GEOS-Chem users to modify the chemical mechanism input into KPP without modifying

the GEOS-Chem source code.

We evaluate the accuracy and computational performance of the adaptive solver in KPP ver-

sion 3.0.0 using global GEOS-Chem simulations at 2◦ × 2.5◦ resolution with 72 vertical levels ex-

tending up to 0.1 hPa. The model is driven by the Modern-Era Retrospective analysis for Research

and Applications, Version 2 (MERRA-2) meteorological fields from the NASAGlobal Modeling

and Assimilation Office (GMAO). The external time step for the chemistry solver is 20 min. All

simulations are conducted on the same single-node hardware with 24 Intel Cascade Lake physical

cores (Intel(R) Xeon (TM) Platinum 8268 CPUs with a base clock speed of 2.90 GHz, no hyper-

threading logical cores), 100 GB of RAM, and a high-performance Luster parallel file system. The

model was compiled using Intel(R) Fortran Compiler (ifort) version 2021.2.0.

We select as the standard configuration of the adaptive solver within the GEOS-Chemmodel a

dynamically defined threshold with OH as target species during daytime, and NO2 during night-

time, with coefficients αOH = 5 × 10−5 and αNO2 = 1 × 10−4. We find that using NO3 as an

alternative nighttime target species results in higher accuracy but lower speed-up (Table S3 in Sup-

porting Information S1). We do not force any species to remain in the implicit KPP solver as fast
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Figure 2.3: Percentage of GEOS‐Chem species retained in the fast sub‐mechanism when using the adaptive solver. The
full GEOS‐Chem mechanism has 291 species to describe tropospheric and stratospheric oxidant‐aerosol chemistry.
Only a fraction of species is retained as fast in the KPP solver, while the other species are solved individually using
Equation 4. Results are shown for a snapshot in time on 1 July 2014, 12:00 UTC at different altitudes. The adaptive
solver uses a dynamically defined threshold (Equation 5) with target species OH in daytime (αOH = 5 × 10−5) and
NO2 at night (αNO2 = 1× 10−4).

and we do not use the append functionality. We find that we achieve a net 32% reduction in integra-

tion time in this standard configuration.

Figure 2.3 shows the percentage of species partitioned as fast (and hence retained in the KPP

integration) using the adaptive solver’s standard configuration. Starting from the ensemble of 291

species in the GEOS-Chem full mechanism, we find that over 60% are partitioned as fast in surface

air over land, reflecting VOC sources, whereas only 10%–50% are partitioned as fast over the ocean.

The fraction of retained species decreases with altitude, and fewer than 40% are partitioned as fast in

the stratosphere where VOC chemistry is mainly limited to methane. Fewer species are partitioned

as fast at night than in daytime. These results are consistent with Shen et al. (2020).

We evaluate the accuracy of the adaptive solver (AS) relative to the full mechanism solver over the

global GEOS-Chem domain using the relative root mean squared (RRMS) error metric. For each

species i, the RRMS error is:
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RRMSi =

√√√√ 1
Ni

j=1∑
Ni

(Ci,j,full − Ci,j,AS

Ci,j,full

)2
(6)

where Ci,j,full, Ci,j,AS are the concentrations of species i in grid box j for simulations without and

with the adaptive solver. The RRMS is computed over the ensembleNi of ordered grid boxes that

account for 99% of the total mass of species i in the boundary layer (surface to PBL height from

MERRA2), free troposphere (boundary layer height to tropopause), and stratosphere, respectively,

and where Ci,j,full is greater than 10 molecules cm−3.

Figure 2.4a shows the mean errors at the end of a 1-year simulation for species in different chemi-

cal categories (Table S4 in Supporting Information S1) and Figures 4b–4d shows the time evolution

of errors over the 1-year simulation for all species in the standard configuration of the adaptive solver

within the GEOS-Chemmodel, respectively. The mean error for most categories is below 1% within

the boundary layer and the free troposphere. There is no error growth in the troposphere but there

is some in the stratosphere. Figure 2.5 shows the geographical distribution of relative errors (ab-

solute errors shown in Figure S6 in Supporting Information S1) for ozone, OH, andNO2 at the

surface and 500 hPa for the end of the 1-year simulation. Errors are generally lower than 1% except

for OH at high latitudes andNO2 over the Southern Ocean, where errors are up to 3% for OH and

6∼ 10% forNO2. Errors over land for these species are minimal.

The largest errors in Figure 2.4 are found for inorganic halogen radicals and their reservoirs.

Halogen radicals cycle rapidly during the day but become locked in reservoirs at sunset, to be re-

leased again at sunrise (Wang et al., 2021). Partitioning between fast and slow species at sunrise/sunset

leads to large errors and mass balance issues associated with the use of the first-order approxima-

tion (Equation 4). These problems were previously identified by Shen et al. (2020, 2022). Long

residence times in the stratosphere compound the problem and drive slow error growth for other

species. The impact is much less in the troposphere where the inorganic halogens are removed by
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Figure 2.4: Accuracy of the adaptive solver in a 1‐year GEOS‐Chem simulation. Panel (a) shows the mean RRMS errors
for species in different categories at the end of the 1‐year simulation starting on 1 July 2014. The categories are as
defined in the standard GEOS‐Chem benchmarking output diagnostics (Table S4 in Supporting Information S1). Panels
(b–d) show the time evolution of RRMS errors for all species in the boundary layer, free troposphere, and stratosphere,
respectively, with colored lines for species of particular interest.
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Figure 2.5: Accuracy of the adaptive solver for ozone, OH, and NO2 global distributions. The figure shows the percent
errors relative to the full solver for the daily mean concentrations on 1 July 2015, the last day of the 1‐year simulation,
in surface air and at 500 hPa. The absolute error values corresponding to this figure are shown in Figure S6 in Support‐
ing Information S1.

wet deposition.

Our results in Figure 2.4 indicate that halogen species should be kept in the implicit solver as

fast species if the primary interest of the simulation is the stratosphere. Figure S5 in Supporting In-

formation S1 shows the mean errors and time evolution of errors over the 1-year simulation when

halogen species are kept as fast in the adaptive solver. In this configuration, the performance im-

provement of the adaptive mechanism is 23%, as compared to 32% in the standard configuration.

Keeping the halogen radicals and their reservoir species as fast prevents large errors from develop-

ing in the stratosphere, in addition to avoiding error growth and spikes in errors as shown in Figure

2.4d. A similar problem though not of the same magnitude is found for hydrogen oxide radicals

controlling the concentration of OH in the stratosphere, and this causes high errors in stratospheric

sulfate exceeding 10% above 85 hPa. The list of species to be kept in the implicit solver in the GEOS-

Chemmodel can be configured in the FlexChem interface and passed to KPP 3.0.0 as a runtime
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option. An alternative to customizing the list of species to be kept in the implicit solver is to disable

the adaptive solver in the stratosphere while retaining it in the troposphere. In this case, the perfor-

mance improvement from using the adaptive mechanism decreases from 32% to 20%. Such ad hoc

adjustments to the fast/slow species partitioning would be mechanism-specific and can be experi-

mented with by users. We find in GEOS-Chem that they are not needed for standard applications

focusing on tropospheric chemistry.

We find in this application that the append functionality (allowing species to switch from slow

to fast over internal time steps) does not provide significant error reduction, in particular for the

halogen species, and degrades the performance improvement of the adaptive mechanism to 24%

instead of 32%. We retain it as an option in the adaptive solver code as it may be helpful for longer

external time steps (here 20 min) or other chemical mechanisms.

The adaptive solver uses a dynamically defined threshold (Equation 5) with target species OH in

daytime (αOH = 5 × 10−5) and NO2 at night (αNO2 = 1 × 10−4), and does not force any species

below that threshold to remain as fast.

Our analysis of the performance and accuracy of the adaptive solver is based on 20-min external

time steps for the chemistry solver in the GEOS-Chem standard 2◦ × 2.5◦ configuration, but re-

gional models with finer grid resolution would use finer external time steps for operator splitting

with transport (Philip et al., 2016). We tested the sensitivity of our results to the size of the external

time step within the GEOS-Chem 2◦ × 2.5◦ environment as shown in Table S3 in Supporting In-

formation S1. We find that finer external time steps result in higher accuracy but lower speed-up,

which makes sense in terms of the overhead required at the beginning of each external time step to

define the sub-mechanism and cull the Jacobian, but also the opportunity to update the separation

between fast and slow species more frequently for better accuracy. Ultimately, this sensitivity to ex-

ternal time-stepping will need to be tested by users in their own model environment (and their own

mechanism).
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2.5 Conclusions

We presented an updated version of the (KPP 3.0.0) to integrate stiff chemical mechanism kinetics

typical of atmospheric chemistry models. KPP was originally designed for flexibility and speed.

KPP 3.0.0 features several improvements for performance, diagnostics, choice of solvers, and code

openness. It includes an adaptive solver capability for mechanism auto-reduction where and when

the full mechanism is not needed.

The adaptive solver performs auto-reduction of the chemical mechanism locally and on-the-fly at

runtime, by comparing the local production and loss rates of each species with a partitioning thresh-

old (δ). Species with production and loss rates higher than the threshold are considered fast and are

solved as a coupled sub-mechanism within KPP, while other species are considered slow and solved

individually by an explicit method. Previous application of this adaptive solver method suffered

from large overhead due to the need for local reconstruction of the reduced Jacobian matrix and the

associated memory allocation and deallocation. We solved this problem here by using pre-computed

Jacobian terms for the full mechanism with a mapping operation to crop rows and columns corre-

sponding to the slow species without changing the memory allocation.

KPP 3.0.0 features additional improvements for performance, diagnostics, versatility, and open-

ness. Improved performance includes more efficient calculation of reaction rates from the KPP

rate functions and thread safety for parallelization. New diagnostics include individual reaction

rates, production and loss rates for chemical families, and stoichiometric numbers. Improved ver-

satility includes expanded choice of chemical solvers. KPP 3.0 is now hosted on GitHub (https:

//github.com/KineticPreProcessor/KPP) to enable community access, development, and testing.

We evaluated the adaptive solver implemented in KPP 3.0.0 by conducting a 1-year simulation

with the global 3-D GEOS-Chem atmospheric chemistry model including 291 species in the full

mechanism for oxidant-aerosol chemistry in the troposphere and stratosphere. Results show that a
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32% performance improvement in the solver can be achieved with a target error of 1% for key species

in the troposphere. Errors in the stratosphere can be larger, driven by halogen chemistry. Lower

errors especially in halogen species can be achieved by keeping these species within the fast sub-

mechanism but this reduces the performance improvement to 23% and is mainly beneficial in the

stratosphere.

The release of KPP 3.0.0 introduces improvements in development infrastructure, diagnostics,

and performance, particularly in Fortran 90 applications. However, one of the strengths of the KPP

software is the capability to generate code for different programming languages. Development di-

rections for future versions include (a) adding support for modern languages such as Python and

Julia; (b) refactoring of the generated code to avoid global data structures for easier parallelization;

(c) streamlining inputs and outputs of all integrators for consistency; (d) supporting the adaptive

solver option in other integrators and programming languages; and (e) improving interaction and

compatibility with the Master Chemical Mechanism (http://mcm.york.ac.uk). These improve-

ments will allow KPP to better serve the community as a versatile tool for solving chemical kinetics

within atmospheric chemistry models and other applications.

2.6 Code and data availability

Source code for KPP 3.0.0 is available at https://github.com/KineticPreProcessor/KPP (Sandu

et al., 2022; https://doi.org/10.5281/zenodo.7308373). The adaptive solver box model is

available at https://github.com/KineticPreProcessor/KPP-AR-boxmodel/ (Long & Lin,

2022; https://doi.org/10.5281/zenodo.6791657). The adaptive solver implementation within

the GEOS-Chem atmospheric chemistry model used in this work is available at https://github

.com/jimmielin/geos-chem/tree/staging/autoreducekpp (The International GEOS-Chem

Community, 2022; https://doi.org/10.5281/zenodo.6791655).
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3
Intercomparison of GEOS-Chem and

CAM-chem tropospheric oxidant

chemistry within the Community Earth

SystemModel version 2

Tropospheric ozone is a major air pollutant and greenhouse gas. It is also the pri-

mary precursor of OH, the main tropospheric oxidant. Global atmospheric chemistry models show

large differences in their simulations of tropospheric ozone budgets. Here we implement the widely

used GEOS-Chem atmospheric chemistry module as an alternative to CAM-chem within the Com-

munity Earth SystemModel version 2 (CESM2). We compare the resulting simulations of tropo-

spheric ozone and related species to observations from ozonesondes, the ATom-1 aircraft campaign
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over the Pacific and Atlantic, and the KORUS-AQ aircraft campaign over the Seoul Metropoli-

tan Area. We find that GEOS-Chem and CAM-chem within CESM2 have similar tropospheric

ozone budgets and concentrations usually within 5 ppb but important differences in the underly-

ing processes including (1) photolysis scheme (no aerosol effects in CAM-chem), (2) aerosol nitrate

photolysis, (3) N2O5 cloud uptake, (4) tropospheric halogen chemistry, and (5) ozone deposition

to the oceans. Global tropospheric OH concentrations are the same in both models but there are

large regional differences reflecting the above processes. Carbon monoxide is lower in CAM-chem

(and lower than observations) because of higher OH concentrations in the northern hemisphere

and insufficient production from isoprene oxidation in the southern hemisphere. CESM2 does

not scavenge water-soluble gases in convective updrafts leading to some upper tropospheric biases.

Comparison to KORUS-AQ observations shows successful simulation of oxidants under polluted

conditions in both models but suggests insufficient boundary layer mixing in CESM2. The im-

plementation and evaluation of GEOS-Chem in CESM2 contributes to the MUSICA vision of

modularizing tropospheric chemistry in Earth systemmodels.

3.1 Introduction

Ozone is a central species in atmospheric chemistry. It is a major air pollutant and greenhouse

gas, and the primary source of the hydroxyl radical (OH) which is the main tropospheric oxidant

(Monks et al., 2015). It is produced within the troposphere by nonlinear photooxidation pro-

cesses involving hydrogen oxide radicals (HOx≡OH+ peroxy), nitrogen oxide radicals (NOx ≡

NO + NO2), volatile organic compounds (VOCs), and ozone itself. It is extensively observed from

surface sites, aircraft, sondes, and satellites, and is thus an important indicator of skill for chemi-

cal transport models (Hu et al., 2017). At the same time, comparisons with observations can be

successful for the wrong reasons. Extensive intercomparisons of global models often show similar
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tropospheric ozone burdens but large differences in chemical source and sink magnitudes (Wu et

al., 2007; Young et al., 2018), implying large differences in sensitivity to perturbations. This is a par-

ticular problem for chemistry-climate models that aim to quantify chemical feedbacks on climate

change.

Here we compare two state-of-science atmospheric chemistry modules, GEOS-Chem and CAM-

chem, within the Community Earth SystemModel (CESM2) (Danabasoglu et al., 2020). CAM-

chem is the resident atmospheric chemistry module in CESM2 (Lamarque et al., 2012; Tilmes et

al., 2015, 2016; Emmons et al., 2020). GEOS-Chem is widely used as an offline chemical trans-

port model (CTM) driven by external meteorological data (Bey et al., 2001). GEOS-Chem is grid-

independent and modularized, so that the chemical module describing local operations in 1-D

model columns (including emissions, chemistry, and deposition) is separated from the transport

module (Long et al., 2015). This allows independent implementation of the GEOS-Chem chemical

module in other models, including online applications where chemistry is coupled to transport (Hu

et al., 2018; Lin et al., 2020; Lu et al., 2020; Keller et al., 2021). The GEOS-Chem chemical module

has been previously coupled to theWRF and GEOSmeteorological models to investigate aerosol-

chemistry-climate feedbacks (Feng et al., 2021; Moch et al., 2022). The same scientific code base is

used in the offline CTM such that version updates developed for the CTM can be seamlessly passed

on to the online applications.

Fritz et al. (2022) implemented the GEOS-Chem chemical module in CESM2 as the first appli-

cation of that module to an open-source Earth systemmodel (ESM) for community use. GEOS-

Chem offers an alternative representation of atmospheric chemistry to CAM-chem within CESM2,

contributing to the MUSICA (MUlti-Scale Infrastructure for Chemistry and Aerosols; Pfister et

al., 2020) vision for CESM of allowing users to choose among a range of options for atmospheric

chemistry. The GEOS-Chem emission component (HEMCO; Keller et al., 2014) has been previ-

ously implemented inMUSICA (Lin et al., 2021). Fritz et al. (2022) presented general comparisons
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between GEOS-Chem and CAM-chem in the CESM2 environment. They found good agreement

between the two modules for stratospheric ozone, but 10–30% lower tropospheric ozone in GEOS-

Chem due to bromine chemistry not considered in CAM-chem. They found several challenges in

the implementation of the GEOS-Chem chemical module within CESM2. For example, CESM2

uses the MAM4 (Modal Aerosol Model version 4; Liu et al. 2016) modal aerosol microphysics to

simulate aerosol-cloud interactions and aerosol-radiation interactions, while GEOS-Chem uses ei-

ther bulk or sectional representations of aerosol microphysics. CESM2 does not explicitly include

scavenging of water-soluble species in convective updrafts other than throughMAM4, but this is

a major process in wet deposition in the GEOS-Chem CTM to prevent unphysical buildup of sol-

uble species in the upper troposphere (Balkanski et al., 1993; Liu et al., 2001). Indeed, Fritz et al.

(2022) found large overestimates of upper tropospheric aerosol in GEOS-Chem within CESM2 as

compared to the offline GEOS-Chem.

Our work builds on the Fritz et al. (2022) initial implementation of GEOS-Chem in CESM2

to address the previous challenges and to give a more thorough evaluation with observations and

intercomparison with CAM-chem. We focus on tropospheric ozone and related oxidant chemistry

from both a global perspective (ozonesonde and ATom-1 aircraft observations) and polluted con-

ditions over East Asia (KORUS-AQ aircraft observations). KORUS-AQ, conducted inMay-June

2016, is of particular interest because of the previously identified large differences between offline

GEOS-Chem and CAM-chem in simulating the aircraft observations including 20-30 ppb differ-

ences in ozone (Park et al., 2021). We analyze the individual processes driving differences between

GEOS-Chem and CAM-chem, and use observations to arbitrate when possible. As part of resolving

differences in photolysis rates we implement into CAM-chem the Fast-JX photolysis scheme used in

GEOS-Chem (Bian and Prather, 2002), further contributing to the MUSICA vision of process-level

modularization of atmospheric chemistry models.
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3.2 Model description and methods

3.2.1 CESM2, CAM-chem, andHEMCO

We use a beta version of CESM 2.3 including the CAM6 Community Atmosphere Model (CAM

tag version cam6_3_095), which has provided the basis for the integration of the GEOS-Chem

module into the mainline CESM code. All simulations are for the year 2016 with an 18-month

initialization period. The year was chosen for evaluation with the ATom (Wofsy et al., 2018) and

KORUS-AQ (Crawford et al., 2021) aircraft campaigns. We use a global grid with 32 vertical layers

up to 2 hPa. The model is nudged to reanalysis meteorology (using the ”FCnudged” configuration

in CAM6) from 3-hourly MERRA2 data available from the NASAGlobal Modeling and Assimila-

tion Office.

CAM-chem is the standard chemistry representation in CESM2 with tropospheric-stratospheric

chemistry, currently using the MOZART-TS1 (Model for OZone And Related chemical Tracers;

Emmons et al., 2020) mechanism and the Modal Aerosol Model with 4 modes (MAM4; Liu et al.,

2016) as default. MOZART-TS1 includes 229 chemical species and 541 reactions. Photolysis is

calculated using a lookup table based on the Tropospheric Ultraviolet and Visible (TUV) radiation

model, which takes into account the impact of clouds but not aerosols (Kinnison et al., 2007). A

sensitivity simulation developed for this project uses Fast-JX instead of the TUV look-up table for

photolysis.

The CAM-chem version in our work uses HEMCO for emissions but is otherwise unmodified.

HEMCO is the standard emission component of GEOS-Chem (Keller et al., 2014), now imple-

mented in CESM as part of MUSICA (Lin et al., 2021). It allows the use of any emission inven-

tories on any grid to be supplied to the model in netCDF format at runtime with options to add,

supersede, and scale emissions. Here we use the same emissions in GEOS-Chem and CAM-chem

processed through HEMCO. This includes global anthropogenic emissions from the CEDSv2 in-
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ventory (Community Emissions Data System; McDuffie et al., 2021) superseded by the KORUSv5

inventory (Woo et al., 2020) over East Asia. Fire emissions are from the GFED4.1s inventory (van

der Werf et al., 2017; Randerson et al., 2018). HEMCO has extensions to use emission modules de-

pendent on environmental variables and this is applied to soil NOx emissions fromHudman et al.

(2012) and ocean iodine emissions from Sherwen et al. (2016a, 2016b). We otherwise use emissions

computed from other modules in CESM to enforce consistency of the atmospheric chemistry sim-

ulation with other CESM components. This includes biogenic VOC emissions fromMEGANv2.1

(Guenther et al., 2012) computed with the Community LandModel (CLM) and lightning NOx,

dust, and sea salt emissions from CAM (Price et al., 1997; Mahowald et al., 2006a, 2006b; Lamar-

que et al., 2012).

3.2.2 GEOS-Chemwithin CESM2

Unless explicitly written otherwise, GEOS-Chem in this work refers to the online implementation

of the GEOS-Chem chemical module within the CESM2model and not the offline CTM.We use

GEOS-Chem version 14.1.1 (doi:10.5281/zenodo.7696632) with the addition of particulate nitrate

(pNO3-) photolysis following Shah et al. (2023), which was subsequently implemented in version

14.2.0 (doi:10.5281/zenodo.8411433). The same GEOS-Chem chemical module andMERRA-2

meteorological fields are used in CESM2 and in the offline CTM simulations presented here. The

GEOS-Chem chemical mechanism has 286 species and 914 reactions with a development history

independent of MOZART-TS1. It features recent major updates to NOx heterogeneous and cloud

chemistry (Holmes et al., 2019), isoprene chemistry (Bates and Jacob, 2019), aromatic chemistry

(Bates et al., 2021), and Cl-Br-I tropospheric halogen chemistry (Wang et al., 2021). Photolysis is

calculated using the Fast-JX model (Bian and Prather, 2002) with consistent aerosol and overhead

column ozone information from the GEOS-Chem simulation (Eastham et al., 2014). No aerosol

microphysics is included here so that aerosol concentrations are represented by the bulk masses of
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their chemical components (Park et al., 2004; Pai et al., 2020) but with four size bins for dust and

two for sea salt aerosol (Alexander et al., 2005; Fairlie et al., 2010).

Fritz et al. (2022) describe the original implementation of GEOS-Chem within CESM2. They

developed an interface to pass input data to GEOS-Chem, run the GEOS-Chem chemical module,

and export the updated chemical species concentrations. The interface converts between the bulk

aerosols in GEOS-Chem and the modal aerosols in MAM4 for aerosol-radiation and aerosol-cloud

interactions. Coupling of the GEOS-Chem chemical module to CESM2 required the adaptation of

several components for compatibility with CESM2 or consistency with CAM-chem. We summarize

in Table 3.1 the important differences between the atmospheric chemistry representations in CAM-

chem, GEOS-Chem within CESM2, and the offline GEOS-Chem CTM.

Here we make several improvements and corrections to the original implementation of GEOS-

Chem within CESM2 by Fritz et al. (2022). We simulate nucleation inMAM4 by passing the gas-

phase H2SO4 production rate computed in GEOS-Chem from the SO2 + OH reaction. We add an

aerosol sink in the upper troposphere and lower stratosphere following Hodzic et al. (2015, 2016)

to compensate for CESM2’s omission of coupling convective transport and scavenging. We correct

the sea surface temperatures passed to HEMCO, which results in inorganic iodine emissions being

1% of the previous incorrectly calculated value. We also add numerous GEOS-Chem diagnostics for

analyzing model output, including individual reaction rates and total production and loss rates for

individual species.
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Table 3.1: Major differences between CAM‐chem and GEOS‐Chem simulations.

a. with 50-h relaxation time.
b. GEOS-Chem bulk aerosols masses are mapped toMAM4modes for aerosol-radiation and aerosol-cloud
interaction effects within CESM2. See Fritz et al. (2022) for the species mapping between GEOS-Chem
species to MAM4 aerosols.
c. Sectional aerosol microphysics are available in GEOS-Chem (Yu and Luo, 2009; Kodros and Pierce, 2017)
but are not used here.
d. SOA≡ secondary organic aerosol, VBS≡ volatility basis set. GEOS-Chem here uses the Complex SOA
option from Pye et al. (2010).
e. Neu and Prather (2012).
f. Liu et al. (2001) for water-soluble aerosols and Amos et al. (2012) for gases.
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Figure 3.1: Mean photolysis frequencies for NO2 (JNO2) and O3 to O(1D) (JO1D) in surface air in July 2016. The left
panels show the values computed by Fast‐JX within GEOS‐Chem. The right panels show the differences (Δ) with the
values computed by TUV within CAM‐chem.

3.3 Comparison of photolysis schemes: Fast-JX and TUV

Figure 3.1 shows the mean photolysis frequencies (J values) for NO2 (JNO2) and O3 to O(1D) (JO1D)

simulated by the GEOS-Chemmodel (with Fast-JX) and the difference with CAM-chem (with

TUV lookup table) in surface air in July. Photolysis rates in GEOS-Chem with Fast-JX are generally

lower than in CAM-chem with TUV. Differences for JNO2 are typically 0–10% over oceans and 10–

20% over land, while differences for JO1D are typically 10–20% over oceans and 20–40% over land.

There are some larger differences in polluted and open fire regions and at high latitudes.

Fast-JX and TUV use the same spectroscopic data from the NASA JPL recommendations (Burkholder
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et al., 2020). Fast-JX includes aerosol extinction but TUV does not, which explains the larger differ-

ences over polluted and open fire regions. Differences over the oceans are mainly due to clouds.

While Fast-JX and TUV both represent effects of cloud extinction, treatment of cloud scatter-

ing between the two schemes can be different. The effects of aerosol-cloud interactions on cloud

properties throughMAM4 cause GEOS-Chem and CAM-chem to have different cloud optical

depths that can lead to further differences. Cloud effects are particularly large at high latitudes be-

cause of low Sun angles. Sensitivity simulations for clear sky (no cloud or aerosol extinction input

to the photolysis schemes) show smaller differences between Fast-JX and TUV, generally less than

10% for JNO2 and less than 20% for JO1D, while sensitivity simulations with Fast-JX implemented

in CAM-chem show less than 5% differences for JNO2 and JO1D everywhere compared to Fast-JX

implemented in GEOS-Chem.

Figure 3.2 shows photolysis frequencies from the KORUS-AQ and ATom-1 campaigns derived

from actinic flux measurements (Hall et al., 2018; Crawford et al., 2021), compared to the photoly-

sis frequencies computed by Fast-JX and TUV sampled along the aircraft flight tracks. JNO2 values

agree within 10% and there is no systematic bias relative to observations. Fast-JX values tend to be

higher than TUV at high altitudes and this can be attributed to cloud effects as discussed above.

JO1D values also show good agreement for ATom-1 but observed values for KORUS-AQ are much

lower than for ATom-1 in the same season, which is captured by Fast-JX but not by TUV (which

is 30% too high). We find that the overestimate of JO1D by TUV during KORUS-AQ is due in part

to not accounting for aerosol extinction. Comparison of clear-sky J values shows that there is some

additional unidentified factor causing TUV to be too high during KORUS-AQ and this disappears

when Fast-JX is implemented in CAM-chem. In what follows the CAM-chem simulation uses the

TUV lookup table but we will comment as appropriate on the effect of switching to Fast-JX.
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Figure 3.2: Median vertical profiles of JNO2 and JO1D from the KORUS‐AQ aircraft campaign over the Seoul Metropoli‐
tan Area (SMA; 37–37.6◦N, 126.6–127.7◦E) in May‐June 2016 and the ATom‐1 aircraft campaign over the Pacific and
Atlantic Oceans in July‐August 2016. Observations from in situ measurements of actinic fluxes (Hall et al., 2018) are
compared to CESM2 values using the Fast‐JX scheme within GEOS‐Chem and the TUV scheme within CAM‐chem. The
model values are sampled along the aircraft flight tracks.
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3.4 Global budgets and distributions of tropospheric oxidants

Table 3.2 shows global tropospheric ozone and OH budgets from GEOS-Chem and CAM-chem

compared to the literature. Ozone budgets from the two models and the multi-model mean in

Young et al. (2018) are within 10% of each other. The larger chemical production and shorter chem-

ical lifetime in GEOS-Chem are mainly due to photolysis of particulate nitrate (Shah et al., 2023),

without which chemical production in GEOS-Chem decreases by 10% to 4902 Tg a−1 and the tro-

pospheric ozone burden decreases by 5% to 332 Tg. The lower dry deposition in GEOS-Chem re-

flects lower ozone deposition to the ocean (Pound et al., 2020). GEOS-Chem and CAM-chem have

the same global OH concentrations, on the high end of the range of values from the ACCMIP and

CCMImodel ensembles (Naik et al., 2013; Zhao et al., 2019). The lifetime of methylchloroform

against loss to tropospheric OH is 5.4 and 5.3 years respectively in GEOS-Chem and CAM-chem,

15% lower than 6.3± 0.4 years inferred from observations (Prather et al., 2012).

Figure 3.3 shows the spatial distribution of annual mean OH concentrations simulated by GEOS-

Chem and the difference with CAM-chem. Despite having the same global mean OH concentra-

tions, the two models have large regional differences. GEOS-Chem is up to 30% lower than CAM-

chem over the continents, particularly over polluted regions, due to lower JO1D and possibly higher

OH reactivity. Over the Amazon and Congo basins where NOx is low, isoprene does not titrate

OH in GEOS-Chem due to recent updates in isoprene oxidation chemistry (Bates and Jacob, 2019).

Figure 3.4 shows annual mean surface and 500 hPa ozone and NOx concentrations simulated by

GEOS-Chem and differences with CAM-chem. Ozone differences are generally smaller than 5 ppb,

indicating a remarkable degree of agreement. The largest surface differences are at southern mid-

latitudes due to slower ozone deposition to the ocean in GEOS-Chem. At 500 hPa, GEOS-Chem

has lower ozone at high latitudes due to tropospheric halogen chemistry not represented in CAM-

chem, while ozone and NOx are higher over the tropics mainly due to particulate nitrate photolysis.
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Figure 3.3: Annual mean OH concentrations in surface air and at 500 hPa in GEOS‐Chem within CESM2, and differ‐
ences with CAM‐chem. Percentage differences are relative to CAM‐chem. Global mean differences are in legend. Val‐
ues are for 2016.
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NOx is lower in GEOS-Chem at high latitudes due to loss to halogen nitrates (Wang et al., 2021)

and N2O5 uptake in clouds (Holmes et al., 2019), not included in CAM-chem.

Table 3.3 shows global budget terms in the troposphere from sensitivity simulations varying the

most important differences between GEOS-Chem and CAM-chem. The largest controlling factors

for tropospheric ozone differences between GEOS-Chem and CAM-chem are nitrate photolysis

and tropospheric halogen chemistry, which increase and decrease the tropospheric ozone budget by

5% and 4% respectively. Particulate nitrate photolysis is necessary in GEOS-Chem to correct a low

NOx bias over the oceans in comparison to ATom data (Shah et al., 2023), but CAM-chemNOx is

4% higher than GEOS-Chem despite not having particulate nitrate photolysis. Inspection of Table

3.3 indicates that this reflects both the lack of tropospheric halogen chemistry in CAM-chem and

the use of TUV for photolysis. Using Fast-JX for photolysis in CAM-chem results in a 7% decrease

in tropospheric NOx, which we attribute tentatively to lower JNO2 in surface air over continents

(Figure 3.1).

Fritz et al. (2022) previously found tropospheric ozone in GEOS-Chem to be 30% lower than

CAM-chem in the extratropics because of halogen chemistry, but iodine emissions in that simu-

lation were 100-fold too high (Section 3.2.2). With corrected iodine emissions we find only a 4%

decrease of tropospheric ozone in GEOS-Chem due to tropospheric halogen chemistry, which is

lower than the 11–19% effect previously reported in offline GEOS-Chem simulations (Sherwen et

al., 2016b; Wang et al., 2021). We find that this is due to weaker wind speeds and lower sea surface

temperatures in CESM2, resulting in weaker sea salt and gaseous iodine emissions.
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Figure 3.4: Annual mean ozone and NOx concentrations in surface air and at 500 hPa in GEOS‐Chem within CESM2,
and differences with CAM‐chem. Percentage differences are relative to CAM‐chem. Global mean differences are in
legend. Values are for 2016.
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Table 3.2: Global budgets of tropospheric ozone and OH.

a. Annual mean values for 2016 from GEOS-Chem and CAM-chem in CESM2. The troposphere is defined
by O3 < 150 ppb (Young et al., 2013). The budget is for the odd oxygen (Ox) family to account for rapid
cycling between Ox species: Ox ≡O3 +O +O(1D) +NO2 + 2NO3 +HNO3 + particulate nitrate + HNO4
+ 3N2O5 + organic nitrates + Criegee intermediates + XO+HOX + XNO2 + 2XNO3 + 2OIO + 2I2O2 +
3I2O3 + 4I2O4 + 2Cl2O2 + 2OClO, where X is Cl, Br, or I. CAM-chem does not include particulate nitrate
or tropospheric halogen species.
b. Means and ranges from Young et al. (2018) (33 models) for ozone and Naik et al. (2013) (16 ACCMIP
models) for OH, for the year 2000. MMM:Multi-model mean. Obs.: Observation-derived estimates.
c. Stratosphere-Troposphere Exchange (STE) is estimated from the residual of mass balance between tropo-
spheric chemical production and loss, Ox deposition, and accumulation.
d. Global annual mean air-mass-weighted OH concentration in the troposphere.

Table 3.3: Global tropospheric budget terms from different configurations of GEOS‐Chem and CAM‐chem in CESM2.

a. Refer to footnotes in Table 2. The Standard entries replicate those of Table 2.
b. Zeroing out reaction rates for halogen reactions in the troposphere.
c. Global annual mean air-mass-weighted OH concentration in the troposphere.
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3.5 Comparisons to ozonesondes and to ATom-1 aircraft campaign

Figure 3.5 compares annual mean ozone vertical profiles simulated by GEOS-Chem and CAM-

chem to ozonesonde observations for 2016 from theWorld Ozone and Ultraviolet Radiation Data

Centre (WOUDC), averaged across 9 regions following Tilmes et al. (2012). Both models match

the observations well and are within 5–10 ppb of each other. GEOS-Chem has lower ozone at high

northern latitudes because of halogen chemistry.

Figure 3.6 shows tropospheric profiles of OH, NO, and CO simulated by GEOS-Chem and

CAM-chem over the oceans in comparison to observations from the ATom-1 campaign. Both mod-

els generally agree with OH observations within uncertainty. Both models fit NO observations

within a factor of 2 in the northern hemisphere but have large underestimates in the southern hemi-

sphere. This underestimate is a knownmodel issue in previous offline GEOS-Chem simulations

(Travis et al., 2020) and is not correctable by nitrate photolysis because particulate nitrate concen-

trations in the southern hemisphere are low (Shah et al., 2023). Observations show a NO increase in

the upper troposphere of the southern hemisphere that is captured by CAM-chem but not GEOS-

Chem. Previous work has shown that offline GEOS-Chem simulations capture this increase of NO

in the upper troposphere (Shah et al., 2023). A sensitivity GEOS-Chem simulation without tropo-

spheric halogen chemistry, as shown in Figure 6, also captures this increase. One possible reason is

CESM2 not explicitly representing scavenging in convective updrafts for soluble gases such as HBr

and HOBr. This would increase the formation of stable halogen nitrates in the upper troposphere

where thermolysis and hydrolysis are slow (Wang et al., 2021).

Both models underestimate CO in the northern hemisphere which is a known issue attributed

to excessive OH (Gaubert et al., 2020) or missing emissions of CO and its precursors (Park et al.,

2021; Tang et al., 2023). CAM-chem has 10-20 ppb lower CO globally compared to GEOS-Chem

that is likely driven by differences in OH. In the southern hemisphere the difference is driven by
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Figure 3.5: Comparison of GEOS‐Chem and CAM‐chem simulated annual mean ozone vertical profiles to 2016
ozonesonde observations. The regions average a number N of observing sites as given by Tilmes et al. (2012). Hori‐
zontal bars are standard deviations of the means across the N sites.
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Figure 3.6: Median vertical profiles of OH, NO, and CO concentrations from the ATom‐1 field campaign (July‐August
2016) and from the GEOS‐Chem and CAM‐chem models within CESM2. Observations are separated between northern
and southern hemispheres (NH and SH), filtered to remove influences from biomass burning (CH3CN > 200 ppt; Travis
et al., 2020) and binned in 1km intervals. Shaded areas correspond to the measurement accuracy.
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improvements in isoprene oxidation in GEOS-Chem by Bates and Jacob (2019), which recycles OH

through H-shift isomerization of isoprene-hydroxy-peroxy radicals under low-NO conditions, seen

in observations byWells et al. (2020). This leads to faster in situ isoprene oxidation and a higher CO

yield. This is not included in CAM-chem’s default MOZART-TS1 mechanism used in this work

but is included in the updatedMOZART-TS2 mechanism (Schwantes et al., 2020, 2021).
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3.6 Comparison to KORUS-AQ aircraft campaign

We use comparison to observations from the KORUS-AQ campaign (May 1 to June 10, 2016)

over the Seoul Metropolitan Area (SMA, 37–37.6◦N, 126.6–127.7◦E) as illustrative of a polluted

atmosphere. Figure 3.7 shows median concentration profiles of oxidants and related species. Ob-

servations are compared to GEOS-Chem and CAM-chem sampled along the flight tracks, and to

GEOS-Chem sensitivity simulations without particulate nitrate photolysis and without the nitrate

correction applied in CESM2 for lack of scavenging in convective updrafts. Also shown in the Fig-

ure are vertical profiles from an offline regional GEOS-Chem simulation reported by Yang et al.

(2023). Ozone vertical profiles in GEOS-Chem and CAM-chem are comparable and consistent

with observations (Fig. 3.7a). Successful simulation of ozone in GEOS-Chem is contingent on par-

ticulate nitrate photolysis, offsetting the loss from halogen chemistry (Colombi et al., 2023; Yang

et al., 2023). A previous ozone multi-model intercomparison with KORUS-AQ observations by

Park et al. (2021) found GEOS-Chem without particulate nitrate photolysis to be too low, con-

sistent with the results shown here. CAM-chem was the only model to successfully reproduce ob-

served ozone in that intercomparison and this was attributed to its stratospheric ozone influx, but

here GEOS-Chem uses the same dynamics and hence the same stratospheric influx. The success of

CAM-chem in KORUS-AQ reflects instead its non-accounting of tropospheric halogen chemistry

as a sink of ozone, which in GEOS-Chem needs to be compensated by particulate nitrate photolysis.

Particulate nitrate photolysis increases free tropospheric NOx and ozone production but this de-

pends on the nitrate concentration. CAM-chem does not simulate nitrate. Because GEOS-Chem

nitrate is not removed in convective updrafts in the CESM2 environment, our standard implemen-

tation within CESM2 corrects nitrate using the same photolytic sink that CAM-chem applies for

SOA with a rate of 0.0004 × JNO2 and no products (Hodzic et al., 2015, 2016) to avoid buildup in

the upper troposphere. Nitrate in GEOS-Chem within CESM2 without this correction (dotted line

79



Figure 3.7: Median tropospheric vertical profiles of species concentrations over the Seoul Metropolitan Area (SMA;
37–37.6◦N, 126.6–127.7◦E) during the KORUS‐AQ aircraft campaign in May‐June 2016. Observations are compared
to GEOS‐Chem and CAM‐chem simulations within CESM2, and to the offline GEOS‐Chem simulation reported by Yang
et al. (2023). Results from a GEOS‐Chem sensitivity simulation with no particulate nitrate photolysis and no correction
for scavenging of nitrate in wet convective updrafts are also shown. The vertical profiles are constructed by binning
data into 0.25 km intervals below 2 km altitude and 0.5 km intervals above 2 km altitude. Horizontal bars represent the
interquartile range of the observations in the given vertical bin.
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in Fig. 3.7c) is overestimated above 3km which leads to excessive effects of particulate nitrate pho-

tolysis including overestimation of ozone (Fig. 3.7a) and NO (Fig. 7b). The offline GEOS-Chem

simulation by Yang et al. (2023) explicitly scavenges nitrate in convective updrafts and does not

overestimate particulate nitrate or NO. A solution would be to replace CESM convective transport

with the GEOS-Chem offline convective transport and scavenging module using archived CESM

convective mass fluxes, and this has been done before when coupling GEOS-Chem to the GEOS

and BCC ESMs which had the same problem of not scavenging water-soluble species in convective

updrafts (Yu et al., 2018; Lu et al., 2020). A more comprehensive solution would be to include scav-

enging of water-soluble species in the CESM2 convection scheme. This is implemented for MAM

aerosols (Wang et al., 2013) but not for gas-phase species or aerosols only represented in GEOS-

Chem, including nitrate.

The simulations of particulate nitrate and peroxyacetylnitrate (PAN) within CESM show a sharp

drop of concentrations with altitude above the surface, whereas the observations and the offline

GEOS-Chem simulation of Yang et al. (2023) show a mixed layer structure extending to 1–2 km

altitude. This likely reflects a bias in the CESM2 boundary layer mixing scheme that would need to

be investigated further. Boundary layer mixing in the offline GEOS-Chemmodel is a standard non-

local scheme from J. Lin andMcElroy (2014). The PAN simulations in GEOS-Chem and CAM-

chem otherwise agree closely, indicating similar production from VOC chemistry, and are lower

than the offline GEOS-Chem simulation which includes additional emissions of volatile chemical

products (VCPs) as a source of acetaldehyde leading to PAN production (Yang et al., 2023).

3.7 Conclusions

GEOS-Chem has been implemented as an atmospheric chemistry module in the NCARCommu-

nity Earth SystemModel (CESM2) to serve as alternative to CAM-chem and contribute to the MU-
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SICA vision of plug-and-play modularization of atmospheric chemistry within CESM (Pfister et

al., 2020). Here we presented an intercomparison and evaluation with observations of tropospheric

oxidant simulations with these two modules. The intercomparison covered the full year of 2016, al-

lowing evaluation with the ATom-1 aircraft campaign over the remote Pacific and Atlantic, and the

KORUS-AQ aircraft campaign over the Seoul Metropolitan Area (SMA). Both GEOS-Chem and

CAM-chem used the same emissions processed through HEMCO (Lin et al., 2021) and the same

coupling to other CESM2modules.

GEOS-Chem uses the Fast-JX scheme for photolysis while CAM-chem uses a lookup table based

on TUV. Both schemes agree to within 10% when compared to JNO2 and JO1D photolysis frequen-

cies observations in ATom-1, but observations in KORUS-AQ show that CAM-chem overestimates

JO1D while GEOS-Chem dos not. One major difference is that TUV does not account for extinc-

tion by aerosols while Fast-JX does. We implemented Fast-JX in CAM-chem and find that it resolves

most of the photolysis differences with GEOS-Chem.

Global tropospheric ozone budget terms in GEOS-Chem and CAM-chem agree within 10%,

compared to a much wider spread in the literature and due in part to canceling effects. Differences

between the two models are mostly driven by aerosol nitrate photolysis, N2O5 uptake in clouds,

and tropospheric halogen chemistry, all of which are included in GEOS-Chem but not in CAM-

chem. Aerosol nitrate photolysis in GEOS-Chem produces NOx and enhances ozone production,

compensating for losses fromN2O5 uptake in clouds and tropospheric halogen chemistry. Annual

mean ozone concentrations agree within 5 ppb between GEOS-Chem and CAM-chem almost ev-

erywhere. Lower ozone deposition to the oceans in GEOS-Chem results in higher surface ozone at

southern mid-latitudes. Tropospheric halogen chemistry results in lower ozone at high northern

latitudes. Tropospheric NOx in GEOS-Chem is higher than CAM-chem in the tropics due to ni-

trate photolysis, and lower at high latitudes due to N2O5 uptake by cloud and formation of halogen

nitrates. The global mean tropospheric OH concentration is identical between the two models but
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there are large differences over the continents driven by photolysis and by isoprene chemistry.

Both GEOS-Chem and CAM-chem show good agreement with annual mean ozonesonde ob-

servations over the range of latitudes. Comparison to ATom-1 observations in July-August 2016

shows good agreement for OH concentrations in both the northern and southern hemispheres

(NH and SH) within the measurement accuracy, and for NOx in the NH, but NOx in the SH is

underestimated. GEOS-Chem shows a depletion of NOx in the SH upper troposphere that is due

to formation of halogen nitrates and is not seen in the observations. However, the offline GEOS-

Chem simulation does not show this problem. One issue in CESM2 is the lack of scavenging of

water-soluble species including halogen radical reservoirs in convective updrafts. Both GEOS-Chem

and CAM-chem underestimate CO in the NH but CAM-chem is consistently lower than GEOS-

Chem due to higher OH in the NH and suppression of CO production from isoprene oxidation in

the SH.

Comparison with KORUS-AQ aircraft observations allowed model evaluation for polluted

conditions. Vertical ozone profiles in GEOS-Chem and CAM-chem agree well with observations,

which in GEOS-Chem is contingent on the NOx source from particulate nitrate photolysis. Lack

of scavenging of GEOS-Chem aerosols such as nitrate and its gas phase precursors in convective

updrafts is a major shortcoming in CESM2 that hinders proper representation of nitrate and other

aerosols in the upper troposphere. Comparison of peroxyacetylnitrate (PAN) shows good agree-

ment between GEOS-Chem and CAM-chem and with observations, indicating consistency in the

VOC chemistry producing PAN. However, the decrease of PAN and particulate nitrate mixing ra-

tios with altitude are much sharper than observed and simulated by the offline GEOS-Chemmodel,

implying insufficient boundary layer mixing in CESM2.

Overall, we have shown that GEOS-Chem provides a high-quality simulation of tropospheric

oxidant chemistry in CESM2 and can contribute modules for alternative representations of atmo-

spheric chemistry to serve the MUSICA vision.
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3.8 Code availability

A fork of an alpha version (cam6_3_095) of the Community Atmosphere Model (CAM) including

GEOS-Chem is available at https://github.com/CESM-GC/CAM and is used in this work. CAM-

chem using HEMCO for emissions is implemented in the mainline CAM code as of cam6_3_118

(https://github.com/ESCOMP/CAM/tree/cam6_3_118). GEOS-Chem within CESM2 is imple-

mented in the mainline CAM code as of cam6_3_147 (https://github.com/escomp/cam/tree/cam

6_3_147).
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Table A.1: List of species within each category for mass balance calculations.
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Figure A.1: Mass imbalance in percent (%) of total odd oxygen (Ox), reactive nitrogen, chlorine, and bromine atoms (as
defined in Table A.1) for the adaptive solver in its standard configuration compared with the full mechanism solver, at a
snapshot in time on July 1, 2014, 00:40 UTC, at surface.
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Table A.2: Computational performance and accuracy of the adaptive solver for different configurations. The solver wall
clock times and all species median relative root mean squared (RRMS) error percentages are obtained from a 14‐day
simulation of the GEOS‐Chem model with KPP 3.0.0.
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Table A.3: List of species within each category for accuracy calculations based on the GEOS‐Chem benchmarking pro‐
cess (http://wiki.seas.harvard.edu/geos-chem/index.php/GEOS-Chem_benchmarking).
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Figure A.2: Accuracy of the adaptive solver in a 1‐year GEOS‐Chem simulation, keeping halogen species active. Panel
(a) shows the mean RRMS errors for species in different categories at the end of the 1‐year simulation starting on July 1,
2014. The categories are as defined in the standard GEOS‐Chem benchmarking output diagnostics (Table A.2). Panels
(b)‐(d) show the time evolution of RRMS errors for all species in the boundary layer, free troposphere, and stratosphere,
respectively, with colored lines for species of particular interest.
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Figure A.3: Accuracy of the adaptive solver for ozone, OH, andNO2 global distributions (Absolute error). This figure
shows the equivalent of Figure 2.5, but plotting absolute errors of the adaptive solver relative to the full solver for the
daily mean concentrations on July 1, 2015, the last day of the 1‐year simulation.
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