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ABSTRACT 21 

Accurate estimates of anthropogenic emissions are fundamental to air quality and climate 22 

assessment. Satellite-based top-down inversion offers an independent constraint on bottom-up 23 

emission inventories, but two key limitations remain. First, dynamically constrained 4D-Var 24 

optimization often relies on fixed regularization parameters, which can destabilize convergence 25 

during iteration. Second, most inversions treat chemical species separately, even though 26 

atmospheric species are chemically coupled. Here, we develop CoMIAR v1.0 (Coupled Multi-27 

species Inversion with Adaptive Regularization), a hybrid system implemented with CMAQ-28 

Adjoint to address these limitations. CoMIAR combines mass-balance initialization with 4D-29 

Var optimization, extends the adjoint formulation to a fully coupled multi-species control 30 

system, and incorporates an online Iterative-Adaptive Regularization (IAR) strategy that 31 

updates the species-specific regularization factor at each iteration using the L-curve criterion, 32 

thereby avoiding fixed empirical tuning. In observing system simulation experiments over 33 

China, IAR suppressed the convergence oscillations observed under fixed-parameter schemes. 34 

In the single-species SO2 regularization experiment, IAR reduced emission NRMSE by 50.5% 35 

from the 4D-Var starting point and achieved the lowest final error among the tested schemes. 36 

Joint multi-species inversion further exploited sulfate-nitrate-ammonium thermodynamic 37 

coupling to separate emission biases that single-species inversions could not resolve. CoMIAR 38 

remained robust under spatially heterogeneous prior errors. Together, CoMIAR provides a 39 

stable and chemically consistent approach for emission inversion in complex atmospheric 40 

systems. 41 

 42 

Keywords: CoMIAR; top-down emission estimation; CMAQ-Adjoint; four-dimensional 43 

variational inversion; satellite constraints; sulfate-nitrate-ammonium thermodynamics; aerosol 44 

optical depth; observing system simulation experiments; emission inventory uncertainty 45 

1 INTRODUCTION 46 

Emission inventories are key to source attribution, air-quality forecasting, and the design of 47 

emission-control policies. Bottom-up inventories depend on lagged activity statistics and 48 
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generalized emission factors, which introduce persistent biases and often lag behind actual 49 

emission changes by several years (Li et al., 2017). Satellite observations therefore provide a 50 

critical top-down complement for diagnosing inventory biases and updating emissions on 51 

regional to continental scales (Martin et al., 2003; Arellano et al., 2004; Vijayaraghavan et al., 52 

2008; Lamsal et al., 2011; Koukouli et al., 2018; Zhang et al., 2025). 53 

Over the past two decades, several families of inversion methods have been developed. 54 

Mass-balance (MB) and scaling-factor approaches relate observed column enhancements to 55 

emissions under simplified transport assumptions. They are computationally efficient but 56 

limited by steady-state and linearity assumptions that reduce transport and chemical fidelity 57 

(Martin et al., 2003; Zhang et al., 2025). Ensemble Kalman filter methods propagate flow-58 

dependent error covariances without an adjoint model, yet require careful localization and 59 

inflation tuning and can struggle with strong nonlinearities in reactive chemistry (Miyazaki et 60 

al., 2012; Miyazaki et al., 2015; Miyazaki et al., 2017; Miyazaki et al., 2020). Adjoint-based 61 

four-dimensional variational (4D-Var) inversion minimizes a cost function using gradients 62 

from the adjoint of the chemical transport model, enabling optimization over high-dimensional 63 

emission fields and nonlinear chemical processes simultaneously (Müller and Stavrakou, 2005; 64 

Brasseur and Jacob, 2017; Qu et al., 2017; Chen et al., 2021). Of the three, the adjoint-based 65 

inversion best resolves nonlinear chemical feedbacks, though at higher computational cost. 66 

Building on this capability, adjoint-based 4D-Var has been used to constrain emissions of 67 

single species and, increasingly, of jointly optimized species. Single-species studies cover both 68 

reactive gases and aerosol precursors, including NOx over China from OMI NO2 (Qu et al., 69 

2017), U.S. NH3 from IASI (Chen et al., 2021) and from TES with the GEOS-Chem adjoint 70 

(Zhu et al., 2013), and European NH3 from CrIS (Cao et al., 2022). Where gas–aerosol 71 

thermodynamic partitioning is relevant, current adjoint models propagate the partitioning 72 

through ISORROPIA or equivalent modules in both the forward and backward calculation 73 

(Hakami et al., 2007; Zhu et al., 2013; Zhao et al., 2020a), so that ammonium-nitrate formation, 74 

for instance, contributes to the NH3 adjoint sensitivity even when only NH3 emissions are 75 

optimized. Joint multi-species 4D-Var inversions, by contrast, have so far been attempted only 76 
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for small sets of chemically interacting species (Müller and Stavrakou, 2005; Fortems-Cheiney 77 

et al., 2012; Xu et al., 2013; Qu et al., 2019; Opacka et al., 2025; Sfendla et al., 2026). For 78 

example, Qu et al. (2019) extended the hybrid framework to jointly invert NOx and SO2 over 79 

East Asia, showing that two-species inversion reduces cross-species error compensation. 80 

Müller and Stavrakou (2005) jointly optimized CO and NOx emissions using the IMAGES 81 

adjoint, and Zheng et al. (2019) simultaneously assimilated CO, HCHO, and CH4 satellite 82 

observations within a variational framework to close the global CO budget. Together, these 83 

studies demonstrate that multi-species constraints improve emission estimates. 84 

In the sulfate–nitrate–ammonium (SNA) system, atmospheric NH3 is governed not only by 85 

NH3 emissions but also by the sulfur and nitric acid environment that controls gas–particle 86 

partitioning (Lachatre et al., 2019; Liu et al., 2022). Reductions in SO2 over China, for example, 87 

have altered aerosol acidity and shifted the thermodynamic equilibrium, increasing ambient 88 

NH3 and modifying the partitioning among sulfate, nitrate, and ammonium (Luo et al., 2022). 89 

A single-species NH3 inversion operating under biased SO2 or sulfate fields may compensate 90 

for errors in sulfur-related chemistry rather than isolate true NH3 source biases, resulting in 91 

chemical aliasing and incorrect source attribution (Fu et al., 2017; Luo et al., 2022; Wen et al., 92 

2023). Multi-species inversion is therefore needed not merely to add observational information 93 

but to ensure that posterior emissions are chemically self-consistent. 94 

Extending adjoint-based inversion beyond a limited number of species to a fully coupled 95 

multi-species system is not a routine expansion of the control vector. A recognized challenge 96 

arises in the regularization of the inverse problem itself. The regularization parameter (γ) 97 

controls the weight of prior information relative to observational constraints in the cost function 98 

and directly affects whether the posterior emissions remain physically interpretable (Brasseur 99 

and Jacob, 2017; Chen et al., 2021). For single-species inversions, a fixed γ chosen from 100 

empirical experience or offline diagnostics is often adequate. When multiple chemically 101 

coupled species are optimized simultaneously, however, the cross-species error structures 102 

evolve during iteration, and a static γ can cause convergence stagnation, oscillatory behavior, 103 

or misallocation of emission corrections across species and regions (Hansen, 2001). Adaptive 104 
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regularization schemes that update γ in response to the evolving solution for individual species 105 

are therefore needed in multi-species adjoint inversion frameworks. 106 

Here, we develop CoMIAR v1.0 (Coupled Multi-species Inversion with Adaptive 107 

Regularization), a hybrid system implemented with CMAQ-Adjoint, and evaluate it through 108 

observing system simulation experiments (OSSEs) over China. CoMIAR couples mass-balance 109 

initialization with 4D-Var optimization and incorporates an online Iterative-Adaptive 110 

Regularization (IAR) strategy, in which the species-specific γ is updated at each iteration using 111 

the L-curve criterion (Hansen, 2001). We use these experiments to assess whether adaptive 112 

regularization stabilizes convergence under spatially heterogeneous prior errors and whether 113 

joint constraints improve the recovery of chemically coupled emissions. 114 

2 METHODS 115 

2.1 Model configuration and CoMIAR workflow 116 

We implemented CoMIAR v1.0 with CMAQ v5.0 and its adjoint system (Hakami et al., 2007; 117 

Zhao et al., 2020a). The simulation domain covers China at a horizontal resolution of 36 km. 118 

OSSEs were conducted for two days from July 1, 2017 to July 2, 2017. Meteorological fields 119 

were generated by the Weather Research and Forecasting (WRF) model (Skamarock et al., 120 

2008). Meteorological initial and boundary conditions were taken from the NCEP FNL 121 

Operational Global Analysis data on a 1° × 1° grid, and chemical initial and lateral boundary 122 

conditions were provided by a hemispheric CMAQ simulation at 108 km resolution with 44 123 

vertical layers (Shen et al., 2021; Chen et al., 2024; Zheng et al., 2024; Zhang et al., 2025). 124 

For emissions, anthropogenic sources outside China were taken from HTAP_v3 (0.1° × 125 

0.1°), whereas anthropogenic emissions inside China were based on the MEIC integrated 126 

inventory (0.1° × 0.1°) (Zhang et al., 2025). The China inventory combines the MEIC v1.3 127 

baseline with several specialized high-resolution inventories for key economic zones and source 128 

categories, including ammonia, open burning, and shipping. The detailed composition of the 129 

integrated inventory is summarized in Table S3. 130 
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The WRF-CMAQ simulations used a physics and chemistry configuration previously 131 

applied and evaluated for regional air-quality modeling over China (Sarwar et al., 2008). WRF 132 

employed RRTMG for longwave and shortwave radiation, MYJ for the surface layer and 133 

planetary boundary layer, Noah for land surface processes, Lin microphysics, and the Grell 3D 134 

ensemble cumulus scheme. CMAQ used the CB05_AE5_Aq chemical mechanism so that gas-135 

phase chemistry, aerosol processes, and aqueous reactions relevant to inorganic aerosol 136 

partitioning were represented consistently. 137 

The inversion proceeded in two sequential phases (Figure 1). Phase I was a mass-balance 138 

update of the prior emissions. Under the assumption of a linear local relationship between 139 

emissions and column concentrations, this step efficiently removes large-scale first-order bias 140 

and provides an improved initial state for the subsequent variational optimization (Qu et al., 141 

2017; Li et al., 2019; Chen et al., 2021). The update is written as: 142 

  Eq. 1 

143 

where E represents emissions, Ωo and Ωa denote observed and simulated column concentrations, 144 

respectively. 145 

Phase II used the mass-balance output as the a priori state in the CMAQ-Adjoint 4D-Var 146 

system. In this phase, gradients of the cost function were calculated with respect to multiple 147 

species simultaneously. This step resolves nonlinear chemical feedbacks, including aerosol 148 

thermodynamics and oxidation chemistry, that cannot be represented by the simplified mass-149 

balance step. 150 

 151 
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 152 

Figure 1. Workflow of CoMIAR v1.0 in the observing system simulation experiments 153 

(OSSEs). The upper branch generates pseudo-observations by driving the forward CMAQ 154 

model with the true emission inventory, whereas the lower branch perturbs the true inventory 155 

to construct the a priori inventory and prior concentrations. A mass-balance step first updates 156 

the a priori emissions, and the resulting optimized prior is then passed to the CMAQ-Adjoint 157 

4D-Var system, where the multi-species cost function is minimized iteratively to obtain the 158 

final posterior emissions. 159 

 160 

2.2 Cost function, species adjustment coefficient, and adaptive regularization 161 

The 4D-Var inversion minimizes a scalar cost function that balances the deviation from the a 162 

priori emissions against the mismatch between simulations and observations. For the coupled 163 

multi-species system considered here, the cost function is written as: 164 

  Eq. 2 

165 

where σi represents the emission scaling factors for all optimized species i. The first term is the 166 

background constraint, in which the regularization factor γi controls the weight of the a priori 167 

information relative to the observational term. Because the relative importance of the 168 

background and observation terms changes during chemically coupled optimization, we did not 169 

prescribe a fixed γi. Instead, we used the IAR strategy, in which γi is updated during the 4D-Var 170 

iterations using an L-curve criterion. At each update, candidate γi values are evaluated by 171 
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comparing the background penalty with the observation mismatch, and the value near the corner 172 

of the L-curve is selected to balance emission adjustment against observational fitting. A 173 

detailed description of the L-curve implementation is provided in Sect. S1. 174 

The second term aggregates constraints from multiple satellite datasets through the forward 175 

chemical transport operator and the observation error covariance matrix. The coefficient αa,i is 176 

a species-level weighting factor applied to both the background and observation terms of 177 

species , so that species with larger concentration magnitudes do not dominate the total multi-178 

species cost function. Taking NH3 as the reference, αa,i is defined as the ratio of the regional 179 

concentration standard deviation of species  to that of NH3; therefore, αNH3 = 1. This definition 180 

places the multi-species constraints on a more comparable scale. For computational efficiency, 181 

the background error covariance matrix Sa,i and the observation error covariance matrix Sobs,i 182 

were both represented as diagonal matrices, whereas inter-species coupling was represented 183 

explicitly by the forward chemical transport operator. 184 

Anthropogenic volatile organic compounds (VOCs) emissions were optimized as a lumped 185 

control variable, with the corresponding CMAQ species listed in Table S2. The aerosol optical 186 

depth (AOD) constraint was linked to aerosol-related emission controls in CMAQ, including 187 

primary elemental carbon (PEC), primary organic carbon (POC), and coarse particulate matter 188 

(PMC). AOD pseudo-observations were diagnostically reconstructed from simulated aerosol 189 

concentrations using a simplified extinction formulation: 190 

  Eq.3 

191 

where AODmodel is calculated from the vertically integrated sum of scattering and absorption 192 

contributions across model layers. The scattering term was parameterized as a function of 193 

hygroscopic inorganic aerosol, organic matter (OM), fine soil (FS), and coarse mass (CM), 194 

whereas the absorption term was linked to light-absorbing carbon (LAC). Here, CM denotes 195 

the coarse-mass term used in the AOD diagnostic and should be distinguished from the CMAQ 196 
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emission control variable PMC. The full expressions and variable definitions are provided in 197 

Sect. S2. 198 

2.3 OSSE experimental design 199 

We evaluated CoMIAR using a series of simulation experiments, in which the truth is known 200 

by construction. The original MEIC inventory was treated as the true emissions, and a CMAQ 201 

forward simulation driven by those emissions provided the reference concentration fields. All 202 

OSSE simulations covered July 1-2, 2017. 203 

A priori emissions were created by perturbing the true inventory, and pseudo-observations 204 

were generated from the forward simulation driven by the true emissions. This design created 205 

a controlled difference between the prior and the truth, so that inversion performance could be 206 

evaluated directly against known emissions and concentration fields. 207 

Three groups of OSSEs were designed to evaluate CoMIAR stepwise (Table S1). The first 208 

group used spatially heterogeneous prior perturbations in a single-species SO2 inversion to 209 

compare fixed and adaptive regularization strategies. The fixed-γ experiments included four 210 

static regularization levels, denoted Fixed-init, Fixed-mean, Fixed-max, and Fixed-min, 211 

whereas the adaptive experiment used IAR to update γ during the 4D-Var iterations. The second 212 

group used uniform 200% perturbations to isolate the effect of SO2-NH3 chemical coupling in 213 

an idealized setting, comparing single-species SO2 and NH3 inversions with the corresponding 214 

joint SO2-NH3 inversion. The third group used spatially heterogeneous perturbations to 215 

represent inventory-like prior errors and compared the multi-species joint inversion with the 216 

corresponding single-species baselines for SO2, NH3, NOx/NO2, CO, lumped 217 

VOCs/formaldehyde (FORM), and aerosol/AOD-related controls. No strict convergence 218 

criterion was applied. Instead, all inversions were run beyond nominal convergence to allow 219 

fuller analysis of convergence behavior, oscillation, and cross-species responses. 220 
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3 RESULTS AND DISCUSSION 221 

3.1 Single-species inversion with adaptive regularization 222 

To evaluate adaptive regularization, we compared IAR with four fixed-γ strategies (Fixed-init, 223 

Fixed-mean, Fixed-max, and Fixed-min), each holding γ constant throughout its iterations at 224 

the initial, mean, maximum, or minimum value taken from the IAR γ trajectory (Table S1). All 225 

experiments shared the same mass-balance initialization, during which the normalized root 226 

mean square error (NRMSE) of SO2 emissions declined from 8.04 to 6.54 over iterations 0–7, 227 

indicating that the preprocessing step removed a substantial portion of the domain-wide bias 228 

prior to the start of 4D-Var optimization. During the subsequent 4D-Var stage, the SO₂ emission 229 

NRMSE under IAR decreased from 6.5 at iteration 7 to 3.2 by iteration 50, corresponding to a 230 

relative reduction of 50.5%. 231 

Compared to IAR, Fixed-init and Fixed-max converged slowly and sustained higher residual 232 

errors throughout 4D-Var (Figure 2a), leaving local hotspots undercorrected. Fixed-mean 233 

provided an intermediate response but did not reach the posterior error level of IAR. Fixed-min 234 

decreased rapidly at first and then oscillated, indicating overfitting. The spatial patterns confirm 235 

this diagnosis (Figure S1). Strong constraints (higher γ) produced broad residual structures, 236 

whereas weak constraints (lower γ) generated noisy artifacts around major source regions 237 

(Figures S1–S3). 238 

Overall, IAR met the requirement for dynamic regularization. γ dropped rapidly at the start 239 

of 4D-Var when prior errors were large, and then adjusted iteratively as the inversion 240 

approached convergence (Figure 2b). This adaptive behavior preserved strong corrections 241 

where observational information was sufficient while suppressing high-frequency fluctuations 242 

once the major bias was removed, a differentiated response unattainable with static 243 

regularization. 244 

It should be noted that the γ values for Fixed-init, Fixed-mean, Fixed-max, and Fixed-min 245 

could be assigned only because the γ range was already known from IAR. In practice, these 246 

values are unknown and must be set manually based on expert judgment. This task becomes 247 

increasingly difficult for multi-species inversion since each species requires its own γ 248 
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specification. By eliminating this manual tuning, IAR not only improves inversion efficiency 249 

(Figures 2, S1−S3) but also makes multi-species joint inversion practically feasible. 250 

 251 

 252 

 253 

Figure 2. Comparison of inversion performance across regularization strategies. (a) 254 

Evolution of emission normalized root mean square error (NRMSE) during the shared mass-255 

balance stage and the subsequent 4D-Var stage. The adaptive strategy achieves the lowest 256 

posterior error, whereas strong fixed constraints (Fixed-max and Fixed-init) slowed 257 

convergence, and the weak fixed constraint (Fixed-min) led to oscillatory convergence. (b) The 258 
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evolution of the regularization factor γ. The adaptive strategy (IAR) relaxes γ rapidly at the 259 

onset of 4D-Var and subsequently adjusts it dynamically, whereas the fixed strategies maintain 260 

constant values throughout. 261 

 262 

3.2 Pairwise inversion under sulfate-ammonium coupling 263 

Using IAR, we further conducted pairwise inversions to isolate and evaluate the effect of 264 

chemical coupling on inversion performance. We applied a uniform 200% perturbation to SO2 265 

and NH3 emissions and compared single-species SO2, single-species NH3, and joint SO2–NH3 266 

inversions (Figure 3). The results showed distinct convergence behavior for SO2 and NH3. SO2 267 

was constrained primarily by its own column abundance. Single-species and joint inversions 268 

produced nearly identical convergence trajectories, with emission NRMSE decreasing from 269 

~4.0 to ~1.1 within 15–20 iterations and remaining stable thereafter (Figure 3a). Thus, SO2 270 

emission errors were largely identifiable from SO2 observations alone, and additional NH3 271 

constraints provided little benefit. 272 

In contrast, NH3 inversion was strongly affected by cross-species chemical coupling. The 273 

single-species inversion oscillated and stalled at an emission NRMSE of approximately 1.7–274 

2.0, whereas the joint inversion continued to decline to approximately 1.0 (Figure 3c). This 275 

divergence reflected chemical inconsistency rather than numerical noise. When SO2 remained 276 

positively biased, as in the single-species NH3 inversion, excess sulfate strengthened the 277 

thermodynamic sink for NH3, causing the inversion to compensate for sulfate errors through 278 

spurious NH3 adjustments (Figures S4–S6). This chemical aliasing degraded not only NH3 279 

emission recovery but also secondary inorganic aerosol columns and the reconstructed 280 

ammonium partitioning state (Figures S4–S6). 281 

Joint inversion substantially reduced this issue by correcting SO2 and NH3 simultaneously. 282 

Once the sulfate field was corrected, gas-particle partitioning was recovered more consistently, 283 

as shown by substantially lower secondary inorganic aerosol errors under the joint inversion 284 

(Figures S5 and S6). The NRMSE values for ANH4, ASO4, and ANO3 were 60−90% lower 285 

under pairwise inversion than those under single-species inversion (Figure S5). The 286 
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reconstructed ammonium partitioning state also improved, with the domain-mean absolute 287 

ammonium partitioning coefficient error 19.5% lower under pairwise inversion than under the 288 

SO2-only inversion, although it was 4.4% higher than that under the NH3-only inversion; 289 

nevertheless, pairwise inversion produced lower absolute errors than the average of the two 290 

single-species inversions at 87.1% of valid grid cells (Figure S6). The largest improvements 291 

occurred in high-emission regions, where the additional error reduction under pairwise 292 

inversion relative to the NH3-only inversion reached 12.8%, compared with a domain-mean 293 

improvement of 8.1% (Figure 3d). These results demonstrate that for chemically or 294 

thermodynamically coupled species, joint inversion can be necessary to obtain physically 295 

consistent emissions and secondary aerosol fields. 296 

 297 

 298 
Figure 3. Joint inversion for NH3 and SO2 in an idealized experiment. Only SO2 and NH3 299 

emissions were perturbed and optimized under controlled prior-error conditions, allowing direct 300 

comparison between the joint inversion and the corresponding single-species inversions. (a, c) 301 
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Evolution of emission NRMSE for SO2 (a) and NH3 (c). (b, d) Spatial distribution of the relative 302 

emission-error reduction achieved by joint inversion compared with single-species inversion 303 

for SO2 (b) and NH3 (d), overlaid with emission intensity. Red indicates regions where the joint 304 

inversion performs better, blue indicates regions where the single-species inversion performs 305 

better, and darker shading denotes higher-emission areas. 306 

 307 

3.3 Multi-species inversion under heterogeneous prior errors 308 

A practical advantage of adjoint-based inversion is that its computational cost scales primarily 309 

with the number of optimization iterations rather than with the number of constrained species. 310 

Single-species and multi-species adjoint-based inversions therefore require comparable 311 

resources at the same iteration count. However, combining multiple observational constraints 312 

into a single cost function can degrade convergence efficiency for individual species. To assess 313 

this trade-off, we compared the joint inversion of multiple species, including SO2, NOx, NH3, 314 

CO, VOCs, and PM compounds, with the corresponding single-species inversions from a 315 

common 4D-Var starting point, using heterogeneous prior errors that mimic practical inversion 316 

conditions. 317 

The joint inversion did not slow convergence relative to single-species inversion at matched 318 

iteration counts (Figure 4a–c; whole-domain summary in Figure S7). By iteration 20, the mean 319 

emission NRMSE across all evaluated constraints was comparable between the joint and single-320 

species inversions (7.01 versus 6.63), indicating no substantial convergence penalty from the 321 

joint inversion. By iteration 50, the joint inversion yielded a lower mean concentration NRMSE 322 

(0.086 versus 0.095) while the mean emission NRMSE remained comparable (4.79 versus 5.15). 323 

The corresponding posterior spatial error fields show that the broad prior column biases were 324 

largely reduced for the gas-phase and integrated AOD constraints under the joint inversion 325 

(Figures S8 and S9). Performance across individual species and spatial scales was broadly 326 

consistent between the two configurations, with most NRMSE values over the last five 327 

iterations differing by less than 10% (Figure 4c and Figure S10). Both configurations also 328 

exhibited similar error structures across emission magnitudes (Figure 4d). Relative errors were 329 

https://doi.org/10.5194/egusphere-2026-3583
Preprint. Discussion started: 27 July 2026
c© Author(s) 2026. CC BY 4.0 License.



15 
 

largest in the lowest-emission bins and decreased rapidly toward higher-emission bins (Figure 330 

4d), indicating that low emissions remain difficult to constrain regardless of inversion 331 

configuration, likely because background concentrations sustained by transport from external 332 

sources mask the local emission signal. The joint inversion thus preserved its computational 333 

advantage without compromising convergence. 334 

 335 

Figure 4. Performance of the joint and single-species inversions under heterogeneous 336 

prior errors. (a, b) Evolution of concentration NRMSE (a) and emission NRMSE (b) for the 337 

joint inversion and the corresponding single-species inversions. Gray and pink shading denote 338 

the Mass-Balance and 4D-Var phases, respectively. The inset magnifies iterations 40−50. (c) 339 

Relative differences in NRMSE between the joint and single-species inversions for 340 

concentration (x-axis) and emission (y-axis), averaged over the last five iterations, for the full 341 
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model domain, China, and key regions (NCP, YRD, PRD/GBA, and the Sichuan Basin). 342 

Negative values indicate that the joint inversion outperforms the single-species inversion. 343 

Colors denote the evaluated constraints or species. For formaldehyde (FORM), the 344 

concentration metric is based on FORM columns, while the emission metric reflects the 345 

recovery of the lumped VOCs control constrained by FORM. The inset enlarges the central 346 

cluster. (d) Distributions of posterior emission relative errors against “true” emissions, binned 347 

by “true” emission magnitude, for SO2, NO2, and VOCs. Relative error is defined as |posterior 348 

− true|/true and is therefore dimensionless. A value of 10 corresponds to an error ten times the 349 

true emission. Boxes show the interquartile range, whiskers the 5th−95th percentile range, and 350 

the circle and diamond mark the means of the joint and single-species inversions, respectively.  351 

4 Implications 352 

In this study, we developed CoMIAR v1.0, an adjoint-based hybrid inversion system that 353 

integrates multiple observational constraints to enable simultaneous multi-species emission 354 

optimization. Single-species inversion experiments showed that the automatic adaptive 355 

regularization strategy, IAR, improved convergence efficiency relative to static regularization. 356 

This capability is critical for multi-species joint inversion, in which manual tuning of 357 

regularization parameters becomes increasingly impractical as the number of constrained 358 

species increases. Pairwise inversion experiments further demonstrated that joint inversion can 359 

produce emission estimates closer to truth than single-species inversion for chemically coupled 360 

species. Finally, joint inversion experiments for six groups of species showed that, with IAR 361 

and appropriate inter-species weighting, joint inversion achieved error reduction comparable to 362 

that of single-species inversions. Because adjoint-based inversion has a similar computational 363 

cost per iteration regardless of the number of constrained species, joint inversion substantially 364 

improves overall inversion efficiency, by approximately a factor of six in our case. 365 

The development of CoMIAR carries important environmental implications for emission 366 

characterization, air quality management, and integrated impact assessment. Bottom-up 367 

inventories carry substantial uncertainties for reactive species such as NH3 and VOCs, and top-368 

https://doi.org/10.5194/egusphere-2026-3583
Preprint. Discussion started: 27 July 2026
c© Author(s) 2026. CC BY 4.0 License.



17 
 

down constraints derived from single-species inversions are often biased by errors propagated 369 

from co-emitted or chemically coupled pollutants (Henze et al., 2009; Qu et al., 2019; Wang et 370 

al., 2020; Chen et al., 2021; Opacka et al., 2025). By constraining chemically interacting species 371 

simultaneously, multi-species inversion produces emission estimates that are internally 372 

consistent across species and provide a stronger basis for designing coordinated control 373 

strategies for PM2.5, O3, and their precursors, rather than optimizing each precursor in isolation. 374 

The resulting inventories also support more reliable source attribution and exposure assessment, 375 

both of which are essential for evaluating the health and climate co-benefits of emission 376 

mitigation. As ground-based and satellite observations continue to expand in coverage, 377 

resolution, and species diversity, CoMIAR offers a principled means of exploiting these 378 

complementary constraints to refine bottom-up inventories. 379 

Several directions remain open. First, CoMIAR is less sensitive in low-emission regions, a 380 

limitation likely amplified under operational conditions because satellite retrievals over low-381 

concentration areas typically carry larger relative biases. Introducing spatially differentiated 382 

regularization, such as smaller regularization weights in low-emission regions, once the 383 

optimization has reached intermediate convergence, may relax prior constraints and improve 384 

posterior adjustments, although the optimal scheme requires further testing. Second, extending 385 

CoMIAR to the O3–NOx–VOCs system is a natural next step. O3 production responds 386 

nonlinearly to precursor ratios, and current top-down source apportionment struggles to 387 

separate NOx-limited and VOCs-limited regimes. Incorporating O3 observations into the cost 388 

function would constrain NOx and VOCs emissions jointly and help disentangle regime-389 

dependent sensitivities. Third, because this study is based on OSSEs, future applications should 390 

evaluate CoMIAR with real satellite retrievals, where correlated observation errors, cloud-391 

induced sampling biases, and model representation errors in meteorology, mixing, and 392 

chemistry may all affect inversion performance. These uncertainties should be addressed 393 

through more realistic error characterization, sampling-bias correction, and observation-space 394 

diagnostics to ensure that the inversion remains physically meaningful under operational 395 

conditions. Finally, the computational cost of adjoint inversion remains a barrier to routine use. 396 
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Machine-learning surrogates could accelerate gradient evaluation either by replacing the full 397 

forward–adjoint system with an end-to-end differentiable emulator or by selectively 398 

substituting expensive modules, such as gas-phase chemistry, aerosol thermodynamics, and 399 

photolysis, while retaining the physically based dynamical core (Zheng et al., 2026). Together, 400 

these advances would extend CoMIAR from controlled OSSE evaluation toward a robust and 401 

scalable system for chemically consistent emission estimation. 402 

 403 
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5 Code and data availability 404 

The exact version of CoMIAR used in this study (v1.0) is archived on Zenodo at 405 

https://doi.org/10.5281/zenodo.21389865 (Mai et al., 2026) under the MIT License. The archive contains 406 

the custom Python inversion drivers and helper modules, forward and adjoint runtime wrappers, 407 

configuration arrays, dependency specifications, and README documentation mapping the simulations 408 

underlying Figs. 2-4 to the corresponding code. It also contains the processed source data and plotting 409 

scripts required to reproduce these figures, which are available under the Creative Commons Attribution 410 

4.0 International (CC BY 4.0) licence. The plotting workflow can be run directly from the archive, 411 

whereas reproducing the inversions additionally requires the CMAQ 5.0 Adjoint and an MPI-enabled 412 

high-performance computing environment. The forward and adjoint source code of CMAQ 5.0 Adjoint 413 

is archived on Zenodo at https://doi.org/10.5281/zenodo.3780216 (Zhao et al., 2020b) under the Creative 414 

Commons Attribution 4.0 International (CC BY 4.0) licence. The baseline MEIC product used in the 415 

integrated Chinese emission inventory was MEIC v1.3. It is available to registered users for download 416 

from the MEIC website (http://meicmodel.org.cn/, last access: 26 July 2026) under the Creative 417 

Commons Attribution-NonCommercial-NoDerivatives 4.0 International (CC BY-NC-ND 4.0) licence. 418 

The full model outputs are not archived because of their volume, but the processed outputs used in Figs. 419 

2-4 are included in the CoMIAR archive. 420 

6 Supplement 421 

The supplement contains two supplementary text sections, 10 figures, and 3 tables with 422 

additional information on the L-curve-based adaptive regularization strategy, AOD 423 

reconstruction equations and notation definitions, posterior emission fidelity under different 424 

regularization constraints, simulated-versus-observed SO₂ column comparisons, posterior SO₂ 425 

emission recovery, error compensation in single-species and joint-species inversions, posterior 426 

secondary inorganic aerosol columns, aerosol ammonium partitioning ratio diagnostics, joint-427 

versus-single inversion performance under heterogeneous prior errors, prior and posterior 428 

concentration error distributions, regional contrasts in joint-inversion benefits, experimental 429 

configurations for the OSSEs, VOC species included in the lumped VOC control variable, and 430 

the composition of the integrated MEIC emission inventory. 431 
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