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Abstract. Aerosol–cloud interactions (ACI) remain one of the largest sources of uncertainty in current climate simulations, 

with their climatic effects strongly dependent on the coupling between aerosols, clouds, and radiation. To improve the physical 

representation of aerosol processes in the Community Integrated Earth System Model (CIESM), this study couples a new 

aerosol module, the Piecewise lognormal approximation Aerosol Model for Tsinghua University (PAMT), to construct the 

integrated aerosol–climate model CIESM-PAMT. In Part 1, we introduced the coupling framework and systematically 30 

evaluated its performance in simulating aerosols. Results showed that the new aerosol module PAMT substantially enhanced 

CIESM’s ability to simulate global aerosol optical properties and mass/number concentrations, providing a more reliable 

foundation for subsequent assessments of aerosol impacts on clouds and radiation. 

Building on this, Part 2 uses multi-source observations to further evaluate CIESM-PAMT’s performance in simulating clouds, 

precipitation, radiation, and ACI, with systematic comparison to the original CIESM coupled with the Aerosol Module with 35 

seven lognormal modes (CIESM-MAM7). The results indicate that CIESM reproduces clouds, precipitation, and radiation 

with high fidelity, with simulated values largely falling within observational uncertainty ranges. Specifically, CIESM-PAMT 
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shows better performance in simulating cloud condensation nuclei and cloud droplet number concentrations, while CIESM-

MAM7 shows slightly better performance in cloud fraction. Both modules perform similarly for cloud droplet effective radius, 

liquid/ice water paths, and radiation-related variables. In terms of ACI representation, CIESM-PAMT provides a more realistic 40 

simulation of the Twomey effect, demonstrating an effective improvement in ACI modeling. These findings further suggest 

that aerosol impacts on atmospheric composition are primarily mediated through changes in cloud droplet number, with 

comparatively limited effects on other cloud properties. The study also identifies future avenues for model improvement, 

including enhanced representation of cloud fraction and hydrometeors, diagnostics and reduction of biases in cloud radiative 

effects and forcing, clarification of differences arising from alternative microphysical schemes, and expanded investigation of 45 

aerosol–ice cloud and aerosol–convective cloud interactions.  

Overall, CIESM-PAMT exhibits robust aerosol–cloud–radiation coupling capabilities, providing a reliable platform for 

probing the physical mechanisms by which aerosols influence the climate system, and laying an important foundation for 

further model development and participation in international comparison projects. 

1 Introduction 50 

Aerosols play a critical role in the Earth’s climate system by influencing cloud and radiation processes (Bellouin et al., 2020; 

IPCC, 2023). They can directly modify the Earth’s energy balance by scattering and absorbing solar radiation (aerosol-

radiation interactions, ARI). In addition, aerosols can also act as cloud condensation nuclei (CCN) or ice nuclei (IN), modifying 

cloud droplet number concentration and effective radius, thereby affecting cloud optical properties and adjusting the cloud 

lifetime (Aerosol–Cloud Interactions, ACI), ultimately influencing climate feedbacks (Albrecht, 1989; Bellouin et al., 2020; 55 

Twomey, 1977; Wang et al., 2025a; Yu et al., 2006). However, ACI remains as one of the largest sources of uncertainty in 

global climate assessments (IPCC, 2023). Reducing this uncertainty is essential for improving the accuracy of climate 

projections and for better assessing climate feedbacks and risks of extreme weather. 

To quantify the impacts of aerosols on the climate system, developing climate models with online-coupled aerosol modules is 

an effective approach. In Part 1 of this study, we introduced the integrated aerosol–climate model CIESM-PAMT and described 60 

its performance in simulating aerosols (Wang et al., Part 1, 2026). The Piecewise lognormal approximation Aerosol Model 

(PAM) used in AMAP (2021) was further developed and implemented into the Community Integrated Earth System Model 

(CIESM) (Lin et al., 2020), resulting in an adapted aerosol module hereafter referred to as PAMT (PAM for Tsinghua 

University). The resulting integrated aerosol–climate model, CIESM-PAMT, effectively simulates multimodal aerosol mass 

and number concentrations as well as aerosol optical properties, substantially improving the representation of the global aerosol 65 

distribution and its spatiotemporal variability. Within the complex cloud microphysical and radiative feedback processes, 

different aerosol properties can trigger multiscale nonlinear responses in cloud droplet effective radius, liquid water content, 

precipitation intensity, and cloud albedo (Jia and Quaas, 2023). These changes affect not only the regional energy balance but 
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also exert profound influences on global climate feedbacks (Quaas and Gryspeerdt, 2022). Therefore, a systematic evaluation 

of aerosol–cloud–radiation coupling processes is a critical step for testing and improving model credibility.  70 

In this study (Part 2), we build on the CIESM-PAMT framework and presents a comprehensive evaluation of simulated clouds, 

precipitation, radiation, and ACI. The evaluation uses a wide range of datasets, including ground-based observations, satellite 

products, reanalysis data, and multi-model results. Through these analyses, the results provide quantitative evidence of the 

current model performance and offer guidance for further model development and its future participation in the model 

intercomparison projects. 75 

The paper is organized as follows. Section 2 briefly introduces the CIESM-PAMT and the experimental design. Section 3 

describes the multi-source observational datasets used in this study. Section 4 evaluates the performance of CIESM-PAMT 

relative to the original aerosol module in simulating cloud properties (including total/high/middle/low/ice/liquid cloud 

fractions, liquid/ice cloud water paths, cloud droplet effective radius, cloud condensation nuclei, and cloud droplet number 

concentration), precipitation, radiation (top-of-atmosphere fluxes and cloud radiative effects), and different ACI effects. 80 

Finally, Section 5 presents the summary and discussion. 

2. Model 

2.1 Overview of CIESM-PAMT 

The Community Integrated Earth System Model version 1.1 (CIESM) is an Earth system model developed by Tsinghua 

University and released in 2019 (Lin et al., 2020). It is built upon version 1.2.1 of the Community Earth System Model 85 

developed by the National Center for Atmospheric Research (i.e., NCAR CESM1.2.1) (Hurrell et al., 2013), and incorporates 

13 independently developed or substantially improved physical parameterizations and modules (Huang et al., 2016; Jin et al., 

2011; Liang et al., 2017; Liu et al., 2018; Lüpkes et al., 2012; Qin et al., 2018; Shangguan et al., 2014; Song and Zhang, 2011; 

Wang et al., 2016; Yang et al., 2008; Zhang and Li, 2013; Zhao et al., 2017). CIESM has participated in multiple model 

intercomparison projects, including the Coupled Model Intercomparison Project Phase 6 (CMIP6), exhibits satisfactory overall 90 

performance (Chin et al., 2026; Lin et al., 2020; von Salzen et al., 2022; Whaley et al., 2022). The original version of CIESM 

was coupled with the aerosol module with seven lognormal modes (MAM7) (Liu et al., 2012), and the coupled configuration 

is referred to as CIESM-MAM7. During its participation in CMIP6 experiments, the aerosol–model coupling was turned off, 

and prescribed aerosol fields were used for climate simulations (Lin et al., 2020; Stevens et al., 2017). Note that the MAM7 

framework has undergone further development in subsequent studies (Glotfelty et al., 2017; Ke et al., 2022; Wu et al., 2018; 95 

Zaveri et al., 2021) . These developments are not included in the version used in this study, which specifically refers to the 

MAM7 implementation in CIESM described by Liu et al. (2012). 

CIESM-PAMT is a new integrated aerosol–climate model (Wang et al., Part 1, 2026). The objective of this development is to 

retain the strengths of the original CIESM climate system framework and physical processes, while providing a more detailed 
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representation of aerosol processes, thereby enhancing the model’s capability to simulate aerosol–cloud–climate processes. 100 

The coupling framework is illustrated in Fig. 1. 

The PAMT differs substantially from the previously coupled MAM7 in its representation of aerosol size distributions, aerosol 

mixing states, source–sink process parameterizations, and optical property calculations. Here we provide a brief overview, and 

more detailed descriptions are presented in Part 1 of this study. 

 105 
Figure 1. Schematic of online aerosol coupling in CIESM with PAMT. Processes related to aerosols are marked in green. 

2.1.1 Size Distributions and Mixing State 

PAMT uses the Piecewise Lognormal Approximation (PLA) method (von Salzen, 2006), in which the aerosol size distribution 

is divided into multiple sections. Within each section, the size distribution is assumed to follow a lognormal form, and the 

distribution parameters are dynamically updated based on the model-predicted aerosol number/mass concentrations. The PLA 110 

method combines the strengths of both the sectional and modal approaches within a unified framework. Compared with the 

traditional sectional approach, PLA retains a detailed representation of the aerosol size distribution while substantially reducing 

computational cost; compared with the modal approach, it allows the simulation accuracy to be conveniently controlled by 

adjusting the number of sections, providing greater flexibility. Thus, the PLA method offers both high accuracy and 

computational efficiency, making it well-suited for use in climate models. In the current CIESM-PAMT configuration, 9 115 

lognormal sections are used. Sulfate (SO4), part of organic aerosol (OA) and black carbon (BC) are treated as internally mixed, 

while dust (DU), sea salt (SS), and the remaining BC/OC are treated as externally mixed and represented by separate sections. 

MAM7 classifies aerosols into seven modes based on particle size distribution and mixing state, including Aitken, 

accumulation, primary carbon, fine/coarse SS, and fine/coarse DU modes (Liu et al., 2012). Within each mode, the aerosol 

size distribution is represented by a lognormal distribution. 120 

2.1.2 Sources and Sinks of Aerosols 

1) Emissions: PAMT and MAM7 use the same historical emission inventories from CMIP6 and AeroCom (Hoesly et al., 

2018), including sulfur dioxide (SO2), volatile organic compounds (VOCs), dimethyl sulfide (DMS), primary organic 
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aerosol (POA) and BC. The inventories are processed into external forcing fields suitable for model input using procedures 

similar to those in Neale et al. (2012). Emissions of DU and SS in PAMT are treated with online calculations (Lewis and 125 

Schwartz, 2004; Ma et al., 2008; Peng et al., 2012), with emission fluxes calculated based on bare soil fraction, wind 

speed, soil moisture, and sea surface wind speed. In MAM7, DU and SS emissions are likewise computed online, but the 

parameterization schemes differ from those implemented in PAMT (Mahowald et al., 2006a, b; Mårtensson et al., 2003; 

Monahan et al., 1986; Okin, 2008). 

2) Chemistry: PAMT adopts the same gas-phase chemistry as MAM7, including the production and loss of hydrogen 130 

peroxide (H2O2), the oxidation of SO2 and DMS, and the formation of sulfuric acid (H2SO4) vapor (Emmons et al., 2010). 

For pH calculations, PAMT accounts for the influence of droplet pH on reaction rates and solves the ion equilibrium 

equations using an iterative method (von Salzen et al., 2000). In contrast, MAM7 obtains equilibrium values by scanning 

across a prescribed pH range (Tie et al., 2001). 

3) Aerosol nucleation: PAMT provides three sulfate aerosol nucleation schemes (Dunne et al., 2016; Kulmala et al., 1998; 135 

Merikanto et al., 2007). In this study, PAMT adopts the parameterization proposed by Dunne et al. (2016), which considers 

sulfuric acid, ammonia, organics, water vapor, and galactic cosmic rays, whereas MAM7 uses the scheme developed by 

Merikanto et al. (2007). 

4) Condensation and BC aging: In PAMT, gaseous H2SO4 and VOCs condense onto pre-existing aerosols (e.g., SO4, SS, 

and OA), modifying their composition and hygroscopicity through the Fuchs–Sutugin equation (Hanson, 2005; Russell et 140 

al., 1994; von Salzen, 2006). Hydrophobic BC ages to hydrophilic BC using prescribed daytime (1 h) and nighttime (24 

h) e-folding timescales (Croft et al., 2005). In MAM7, H2SO4, ammonia (NH3), and secondary organic aerosol (SOA) 

condensation is treated dynamically over each aerosol mode using standard mass-transfer theory (Binkowski and Shankar, 

1995; Pöschl et al., 1998; Seinfeld and Pandis, 2006). BC aging occurs through sulfate coating, transferring fresh BC to 

the accumulation mode (Liu et al., 2012). 145 

5) Coagulation: PAMT parameterizes aerosol coagulation using a piecewise linear representation of the aerosol size 

distribution with 21 sections (Tzivion et al. (1987); Fraser-Leach et al., in preparation). Coagulation is applied only to 

internally mixed aerosols, with the kernel calculated assuming Brownian diffusion using Fuchs’ interpolation (Seinfeld 

and Pandis, 2006). In contrast, MAM7 treats coagulation as intermodal number transfer using a simpler numerical scheme 

adopted from the Community Multiscale Air Quality model (Binkowski and Roselle, 2003). 150 

6) Water uptake: Both PAMT and MAM7 parameterize aerosol water uptake using Köhler theory (Ghan and Zaveri, 2007; 

Köhler, 1936). However, PAMT allows the hygroscopicity parameter (𝜅) to vary with relative humidity based on Aerosol 

Inorganic Model (AIM) simulations (Wexler and Clegg, 2002), whereas MAM7 assumes constant 𝜅 values (Neale et al., 

2012; Petters and Kreidenweis, 2007). Both modules account for the effect of size-dependent curvature (Kelvin effect), 

but PAMT explicitly resolves size dependence, while MAM7 represents it implicitly through modal critical 155 

supersaturation (Abdul‐Razzak and Ghan, 2000). 
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7) Cloud droplet nucleation: PAMT uses a Quasi-steady-state approximation of the cloud Droplet Growth Equation (QDGE) 

scheme to represent cloud droplet activation (Wang et al., 2022b). This scheme assumes that supersaturation remains 

quasi-steady within the subgrid-scale layer, enabling efficient simulation of aerosol activation, the vertical supersaturation 

profile, and the initial droplet number concentration near the cloud base. It can be regarded as a simplified parcel model 160 

suitable for use in climate models. MAM7 uses a physically-based parameterization proposed by Abdul‐Razzak and Ghan 

(2000). 

8) Ice nucleation: PAMT and MAM7 largely retains the default ice nucleation scheme in CIESM, which treats homogeneous 

and heterogeneous freezing of SO4 and DU in mixed-phase and cirrus clouds and estimates subgrid vertical velocity using 

the turbulent kinetic energy (Liu et al., 2007). Due to large uncertainties, BC is not considered as an ice nucleus by default 165 

(Gettelman et al., 2012). 

9) Dry deposition: Both PAMT and MAM7 calculate aerosol dry deposition using the resistance-based parameterization of 

Zhang et al. (2001) , in which the dry deposition velocity is determined by gravitational settling and aerodynamic and 

surface resistances. However, PAMT adopts the revised scheme of Emerson et al. (2020), which incorporates 

observational constraints, whereas MAM7 uses the original framework. In addition, MAM7 distinguishes interstitial and 170 

cloud-borne aerosols based on wet particle and droplet sizes, respectively, while PAMT applies a tunable Stokes-number-

dependent sticking parameter to represent particle attachment efficiency for different aerosol species and surface types 

(Emerson et al., 2020; Zhang et al., 2001). 

10) Wet deposition: In PAMT, wet deposition includes rainout, washout, and resuspension for both stratiform and convective 

clouds. Rainout removes activated (cloud-borne) aerosols during cloud-to-precipitation conversion, while washout 175 

scavenges interstitial aerosols by rain and snow using size-dependent collection efficiencies (Croft et al., 2009; Scott, 

1978). Aerosols are resuspended in proportion to the fraction of precipitation that evaporates or sublimates. MAM7 adopts 

a similar framework, with wet removal rates linked to cloud microphysics, aerosol solubility, and precipitation (Barth et 

al., 2000; Easter et al., 2004; Rasch et al., 2000). 

2.1.3 Aerosol Optical Properties 180 

To enable interactive aerosol–radiation coupling, PAMT calculates aerosol optical properties, including extinction coefficient, 

single-scattering albedo, and asymmetry factor, and passes them to the radiation module to compute aerosol radiative effects 

(Iacono et al., 2008; Mlawer et al., 1997). Because the original CIESM interface was developed for MAM3/MAM7, new 

offline lookup tables were generated for each longwave and shortwave spectral band based on the aerosol mixing states 

represented in PAMT. Five aerosol species (SO4, BC, OA, DU, and SS) are considered. Hygroscopic growth is represented 185 

using the κ-Köhler framework (Petters and Kreidenweis, 2007), while aerosol optical properties are taken from Li et al. (2001, 

2008) for SO4 and SS, Peng et al. (2012) for DU, d’Almeida (1991) for BC, and Peters et al. (2010) for OA. A key feature is 

the explicit treatment of internal mixing among SO4, BC, and OA, with optical properties parameterized in a six-dimensional 

lookup table describing particle size, relative humidity, and chemical composition. This representation accounts for absorption 
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enhancement caused by internal mixing and provides a physically consistent treatment of aerosol–radiation interactions. In 190 

addition, diagnosed cloud condensation nuclei (CCN) and ice nuclei (IN) concentrations are coupled to the cloud microphysics 

schemes to represent aerosol–cloud interactions, enabling fully interactive aerosol–radiation–cloud coupling. 

2.1.4 Others 

All aerosol modules coupled within CIESM use a two-moment approach, predicting both the number concentration and mass 

mixing ratio for different aerosol species. Variables that need to be transported across the model grid with the three-dimensional 195 

wind field are referred to as tracers. In CIESM-MAM7, there are 31 aerosol-related tracers, including 7 number concentration 

tracers (one per mode) and 24 mass concentration tracers (one per component in each mode). In CIESM-PAMT, there are 24 

aerosol-related tracers, comprising 9 number concentration tracers (3 internal mixtures, 6 external mixtures) and 15 mass 

concentration tracers (9 internal, 6 external). Since more tracers require more inter-grid transport, increasing computational 

cost, CIESM-PAMT is theoretically more efficient than CIESM-MAM7 in terms of tracer count. 200 

By integrating the PAMT module into CIESM, nearly all aerosol processes have been updated. CIESM-PAMT retains the 

advantages of the original model while providing a more detailed representation of aerosol size distributions, mixing states, 

source–sink processes, and coupling with cloud microphysics. This enhances the model’s capability to evaluate aerosol–cloud–

climate interactions. 

2.2 Cloud Microphysics in CIESM 205 

The microphysics scheme of the stratiform cloud used in CIESM is a two-moment scheme (MG1.5) (Morrison and Gettelman, 

2008), which prognoses both number concentrations and mass mixing ratios of cloud/ice/rain/snow in large-scale clouds. The 

represented processes include activation of CCN and deposition/condensation-freezing nucleation on IN to form cloud droplets 

and ice crystals; condensation/deposition, evaporation/sublimation, autoconversion of cloud droplets and cloud ice to rain and 

snow, accretion of cloud droplets and ice by precipitation, heterogeneous and homogeneous freezing, melting, sedimentation, 210 

convective detrainment, and ice multiplication through the rime-splintering process (Morrison and Gettelman, 2008). 

CIESM further improves ice cloud calculations by developing an enhanced ice microphysics scheme based on MG1.5, referred 

to as the single-ice scheme (Zhao et al., 2017). This scheme represents the riming growth of ice particles through a diagnosed 

riming intensity and treats ice crystals and snow as a single prognostic variable, which improves computational efficiency and 

reduces uncertainties associated with ice–snow conversion parameterizations, thereby avoiding explicit parameterizations of 215 

ice–snow conversion, reducing related uncertainties, improving computational efficiency, and enhancing the simulation of 

high clouds and longwave radiation (Zhao et al., 2017). In contrast to NCAR CESM1.2.1, CIESM also incorporates 

microphysical processes into its convection parameterization (Song and Zhang, 2011), which substantially improves the 

simulation of the vertical structure and radiative properties of convective clouds (Song and Zhang, 2011; Storer et al., 2015). 

Based on this framework, we replaced the default COSP1.3 (the Cloud Feedback Model Intercomparison Project Observational 220 

Simulator Package, version 1.3) (Bodas-Salcedo et al., 2011) in CIESM with the COSP1.4 implementation of Guo et al. (2020), 
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following the framework described by Kay et al. (2016). This upgrade enables direct comparisons between model-simulated 

and satellite-observed cloud properties. In addition, we also accounted for the influence of pre-existing ice crystals on 

homogeneous ice nucleation (Shi et al., 2015), and adjusted the minimum cloud droplet number concentration in in-cloud grid 

cells from 0 to 30 cm⁻³ based on observations (Jia and Quaas, 2023), in line with the range of 20–40 cm⁻³ used by Neubauer 225 

et al. (2019).  

2.3 Radiative Transfer in CIESM 

The longwave and shortwave radiative transfer calculations in CIESM are performed using the Rapid Radiative Transfer Model 

for General circulation models (RRTMG) (Iacono et al., 2008; Mlawer et al., 1997). For radiative calculations involving clouds 

and aerosols, the model first reads precomputed optical property look-up tables and then performs the radiative transfer 230 

calculations based on the diagnosed cloud and aerosol properties. For aerosol–radiation interactions, RRTMG requires 

spectrally resolved aerosol optical properties, including extinction coefficient, single-scattering albedo, and asymmetry factor 

(Iacono et al., 2008). Although MAM7 and PAMT use different aerosol representations, both provide these quantities to 

RRTMG. In PAMT, they are diagnosed from aerosol size distributions, hygroscopic growth, and mixing states using offline 

lookup tables, as described in Section 2.1.3, ensuring a consistent interface with the radiation scheme. For aerosol–cloud 235 

interactions, radiative calculations for warm clouds rely on cloud optical properties, including the cloud droplet mass and 

number mixing ratios and droplet size parameters, such as the effective radius (𝑅!) or the gamma distribution shape (𝜇) and 

slope (𝜆) parameters. For ice-phase clouds, the corresponding inputs are the ice particle mass and number mixing ratios and 

the ice crystal effective diameter (𝐷"). 

2.4 Separation of Aerosol–cloud Interactions 240 

In general circulation models (GCMs), the total effective radiative forcing of ACI (𝐹#$") is typically estimated from differences 

in net radiative fluxes between two sets of emission experiments. One experiment uses pre-industrial (PI) aerosol emissions, 

commonly represented by the year 1850, while the other uses present-day (PD) aerosol emissions, sometimes represented by 

the year 2010 (Jia et al., 2021; Myhre et al., 2017). Both the PI and PD emission inventories follow the CMIP6 specifications 

(Hoesly et al., 2018). To minimize the influence of other factors, the two experiments are conducted with identical sea surface 245 

temperatures, sea ice fields, and greenhouse gas concentrations. The difference in net radiative flux at the top of the atmosphere 

(TOA) between the two experiments represents the total aerosol effective radiative forcing (ERF) (Ghan, 2013; Gryspeerdt et 

al., 2020; Myhre et al., 2013). The ERF can be decomposed into contributions from ARI, ACI, and surface albedo effects. In 

models, ARI usually is diagnosed from the difference between all-sky and clear-sky TOA fluxes, while the residual is attributed 

to ACI and surface albedo contributions. Note that in this study, surface albedo changes are negligible due to prescribed land 250 

surface conditions, and thus are not explicitly separated in the diagnostic framework. However, von Salzen et al. (2022) found 

that black carbon-induced snow albedo forcing substantially contributes to near-term radiative forcing changes in the Arctic. 
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This effect is not considered here but could be included in future work to better assess aerosol radiative effects over snow-

covered regions. 

Like most GCMs, CIESM can only calculate the total effective ACI radiative forcing, and does not inherently separate the 255 

radiative contributions from individual ACI processes. However, satellite-based estimates of ACI radiative forcing largely 

reflect the radiative forcing associated with the Twomey effect (Twomey, 1977), which leads to a mismatch between satellite-

derived and model-simulated estimates (Bellouin et al., 2020; Jia et al., 2021; Quaas et al., 2008). The Partial Radiative 

Perturbation (PRP) method proposed by Mülmenstädt et al. (2019) enables the separation of radiative contributions from 

different aerosol effects within models, making it possible to investigate the impacts of individual processes on ACI. In this 260 

study, we implement this method by adding diagnostic code to the RRTMG to quantify radiative forcing associated with 

different ACI effects. For liquid clouds, these include radiative forcing due to the Twomey effect (𝐹%!), as well as rapid 

adjustments in liquid water path and cloud fraction (𝐹&" and 𝐹'"). When the influence of aerosols on ice-cloud optical properties 

is considered, the PRP method can also separate effects in mixed-phase and ice clouds, including radiative forcing due to 

increases in ice-nucleating particles (𝐹%# ) and adjustments in ice water path and cloud fraction (𝐹&#  and 𝐹'# ). A detailed 265 

description of the PRP method and its implementation in CIESM is provided in the Appendix A. 

2.5 Model Configuration and Experimental Design 

In this study, both the PAMT and MAM7 modules were implemented in CIESM and run in parallel to enable a direct 

comparison of their simulated results. To minimize the influence of internal climate variability and differences in external 

forcing, all simulations were driven by the same observed, time-varying sea surface temperature and sea ice fields (Eyring et 270 

al., 2016), as well as CMIP6 historical emissions of aerosols and their precursor gases (Hoesly et al., 2018). In addition, 

horizontal winds were constrained toward the ECMWF fifth-generation reanalysis (ERA5) using a Newtonian relaxation 

(nudging) technique (Hersbach et al., 2020; Kooperman et al., 2012; Wang et al., 2020), ensuring that differences between 

simulations primarily originated from the aerosol modules. 

The model was run at a horizontal resolution of f19_g16, corresponding to a finite-volume grid of 1.9° × 2.5° for the 275 

atmosphere and land components and a dipole grid of 1.125° × 0.27–0.54° for the ocean and sea ice components. The vertical 

discretization consisted of 30 hybrid sigma-pressure levels, with a model time step of 30 minutes. For the evaluation of clouds, 

precipitation, and radiation, the model was integrated for 15 years (2000–2014), and the corresponding observational datasets 

were used for model assessment. 

To investigate ACI, pairs of simulations were conducted using two different emission scenarios: PI and PD conditions. The 280 

year 1850 was adopted to represent PI emissions and 2010 to represent PD emissions (Jia et al., 2021; Myhre et al., 2017). To 

isolate aerosol effects and reduce the influence of other factors, both sets of simulations were performed with identical 2010 

sea surface temperatures, sea ice fields, and greenhouse gas concentrations. Following the protocol of the PRP method, the 

model was integrated for 6 years under both PI and PD conditions, and the final 5 years were used for analysis. It should be 
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noted that, in the ACI experiments, cloud microphysical processes within the deep convection scheme were switched off. This 285 

choice was motivated by two considerations. First, aerosol–cloud interactions in deep convective clouds are estimated to make 

only a relatively small contribution to the global aerosol effective radiative forcing (approximately −0.08 W m⁻², Langton et 

al. (2021)). Second, aerosol effects in deep convection remain highly uncertain because of the substantial uncertainties 

associated with deep convective parameterizations in current global climate models (Lin et al., 2022). Consequently, the 

diagnosed ACI effective radiative forcing in this study originates exclusively from large-scale stratiform cloud processes. This 290 

approach is consistent with common practice in previous studies aimed at isolating aerosol–cloud interaction effects in large-

scale clouds (Bellouin et al., 2020; Jia et al., 2021; Quaas et al., 2008). 

Uncertainty associated with choices of tuning factors is a critical issue in climate model development and should be 

documented in a transparent and traceable manner (Hourdin et al., 2017). Accordingly, a clear strategy for setting tunable 

parameters was defined prior to the simulations. The overarching goal was to minimize parameter tuning while sequentially 295 

satisfying the following priorities: (i) achieving near-closure of the TOA shortwave and longwave radiation budget; (ii) 

ensuring good agreement between simulated and observed cloud radiative effects; and (iii) improving the consistency of cloud 

fraction, cloud water path, and precipitation with observations. All tunable parameters were constrained to physically 

reasonable ranges. During the tuning process, TOA radiative balance was prioritized, followed by progressive optimization of 

other fields. Parameter tuning was applied primarily to the CIESM-MAM7 due to it is the original configuration. The tuning 300 

strategy, the physical meanings of the tunable parameters, and their final recommended values are described in detail in Part 

1. To ensure a direct and consistent comparison between the two aerosol modules, CIESM-PAMT adopted the same parameter 

settings as CIESM-MAM7, thereby maintaining an identical model configuration apart from the aerosol representation. 

3 Data 

3.1 Cloud Condensation Nuclei 305 

𝐶𝐶𝑁02 refers to the cloud condensation nuclei (CCN) number concentration at a supersaturation of 0.2%. CCN concentration 

is a key quantity for studies of cloud droplet formation because it represents the potential of aerosol particles to activate into 

cloud droplets at a specified supersaturation. Therefore, agreement with observed CCN concentrations provides an important 

evaluation of the simulated aerosol number concentration, size distribution, and hygroscopic properties, although it does not 

by itself guarantee accurate aerosol activation or cloud droplet number predictions. Therefore, 𝐶𝐶𝑁02 is widely used in model 310 

evaluations of aerosol/droplet number concentrations (Fanourgakis et al., 2019; Pierce and Adams, 2009; Schmale et al., 2017; 

Schmidt et al., 2012; Wang et al., 2022a). Fanourgakis et al. (2019) evaluated the performance of 14 global climate and 

chemistry models in simulating near-surface 𝐶𝐶𝑁02 concentrations using ground-based observations. They found that the 

models generally underestimated 𝐶𝐶𝑁02 concentrations in the lowest model level by about 36%, highlighting the need for 

improved representation of aerosol processes. 315 

https://doi.org/10.5194/egusphere-2026-6624
Preprint. Discussion started: 10 November 2026
c© Author(s) 2026. CC BY 4.0 License.



11 
 

In this study, we use the same ground-based dataset (CCN02_SITE) employed in Fanourgakis et al. (2019) to evaluate near-

surface 𝐶𝐶𝑁02 simulated by CIESM. This dataset includes eight European sites (Cabauw, Finokalia, Jungfraujoch, Mace 

Head, Melpitz, Puy de Dôme, Hyytiala, and Vavihill) and one Japanese site (Noto Peninsula) (Schmale et al., 2017). 

Additionally, we supplement the dataset with two Chinese sites (Xinzhou and Xianghe) to assess CCN conditions in regions 

with strong anthropogenic aerosol influence (Zhang et al., 2022). 320 

While ground-based 𝐶𝐶𝑁02 measurements are accurate, they lack global coverage. To evaluate CIESM’s global performance 

in simulating 𝐶𝐶𝑁02 , we also use a satellite-derived data (CCN_SAT) developed by Choudhury and Tesche (2023). 

CCN_SAT was derived from the Cloud-Aerosol Lidar and Infrared Pathfinder Satellite Observations (CALIPSO) retrievals 

using the recently introduced Optical Modelling of the CALIPSO Aerosol Microphysics (OMCAM) algorithm (Choudhury 

and Tesche, 2022). While this dataset provides valuable global coverage of CCN profiles, it also has several known limitations. 325 

Due to the CALIOP aerosol detection threshold, aerosol layers with very low extinction, particularly in the clean free 

troposphere, may not be detected, resulting in incomplete sampling. In addition, CCN retrievals near the surface are subject to 

larger uncertainties because strong backscatter from sea-salt aerosols can lead to an overestimation of CCN concentrations 

over oceans. Comparison with ground-based observations indicates that CCN_SAT tends to overestimate 𝐶𝐶𝑁02, with a 

global-scale overestimation of roughly 22% (Choudhury and Tesche, 2022). Following the recommendation of the dataset 330 

developers (Choudhury, personal communication), only retrievals above 500 m are used in this study to reduce these biases. 

Overall, the satellite-derived CCN dataset is used as a complementary dataset for large-scale evaluation, while ground-based 

observations provide the primary benchmark for model assessment. 

To place CIESM’s performance in context and guide model improvements, we also include the multi-model results evaluated 

in Fanourgakis et al. (2019) (denoted CCN02_MOD) for comparison in the 𝐶𝐶𝑁02 assessment. 335 

3.2 Clouds 

Global-scale evaluations of cloud properties mainly rely on satellite retrievals. The satellite products used in this study include 

the Moderate Resolution Imaging Spectroradiometer (MODIS) (Platnick et al., 2003), CALIPSO (Winker et al., 2009), 

CloudSat (Stephens et al., 2002), Advanced Along-Track Scanning Radiometer (AATSR) (Bevan et al., 2012), Advanced Very 

High Resolution Radiometer (AVHRR) (Holben, 1986), Visible Infrared Imaging Radiometer Suite (VIIRS) (Justice et al., 340 

2013), Polarization and Directionality of the Earth’s Reflectances (POLDER) (Deschamps et al., 1994), and International 

Satellite Cloud Climatology Project (ISCCP) (Rossow and Schiffer, 1991). Satellites do not observe cloud variables directly. 

Instead, they measure radiances in specific spectral bands and viewing geometries, and then derive cloud properties using 

mathematical–physical retrieval algorithms. Below, we introduce the main retrieval algorithms and datasets based on these 

satellite missions. 345 

Cloud variables in GCMs are obtained in a fundamentally different way from satellite retrievals. Models calculate them directly 

from parameterizations and grid-resolved variables, rather than inferring them from observed radiances. As a result, model-

simulated and satellite-retrieved variables may share the same names but represent different physical quantities. To address 
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this inconsistency, the CFMIP Observation Simulator Package (COSP) was developed. COSP mimics the satellite retrieval 

process within GCMs, making model outputs more directly comparable to satellite products (Bodas-Salcedo et al., 2011). To 350 

further facilitate model–observation comparisons, several satellite products have been specifically tailored for model 

evaluation, such as the MODIS-based MCD06COSP (Pincus et al., 2023) and the CALIPSO-based CALIPSO-GOCCP 

(Chepfer et al., 2010). MCD06COSP integrates cloud property observations from MODIS Terra and Aqua and is more suitable 

for comparison with model simulations. Available variables include total/high/middle/low/liquid/ice cloud fractions, liquid/ice 

water paths, cloud droplet effective radius, and so on. However, the COSP version used in the current CIESM (COSP1.4) 355 

contains known bugs in simulating cloud fraction by altitude for MODIS-type diagnostics (Hubanks et al., 2023). Therefore, 

high/middle/low cloud fractions from MCD06COSP are not used for evaluation in this study. As a complement, cloud fraction 

evaluation is also based on the CALIPSO simulator in COSP1.4 and the corresponding CALIPSO-GOCCP dataset, which is 

widely used for evaluating total/high/middle/low cloud fractions (Chepfer et al., 2010). 

In addition, several algorithms and datasets have been developed to retrieve cloud droplet number concentration (𝑁(), cloud 360 

droplet effective radius (𝑅!), liquid water path (𝐿𝑊𝑃), and ice water path (𝐼𝑊𝑃) from satellite observations. A brief overview 

is provided below. 

Building on earlier work, Quaas et al. (2006) proposed a method to derive cloud-top 𝑁( for liquid clouds using MODIS cloud 

optical thickness and effective radius (hereafter Quaas06). This approach has since been extended to produce several widely 

used 𝑁( datasets, including Bennartz17 (Bennartz and Rausch, 2017), Zhu18 (Zhu et al., 2018), and Grosvenor18 (Grosvenor 365 

et al., 2018). These datasets apply different sampling strategies to the underlying MODIS observations (Gryspeerdt et al., 

2022), which are used here to evaluate the model performance in simulating cloud-top 𝑁(. 

Multiple satellite datasets are currently available for retrieving cloud droplet effective radius (𝑅!), but systematic differences 

exist among sensors and retrieval algorithms. Previous studies have shown that satellite-derived 𝑅! is generally biased high 

relative to airborne in situ observations, likely due to factors such as cloud vertical structure, viewing geometry, optical 370 

thickness thresholds, and underlying algorithmic assumptions (King et al., 2013; Di Noia et al., 2019; Shang et al., 2019; 

Zhang and Platnick, 2011). To assess the consistency and uncertainty of 𝑅! retrievals, this study employs multiple satellite 

products (Re-Multi), including MODIS, VIIRS, AVHRR, and POLDER, to conduct a comparative analysis of the agreement 

and discrepancies among different observing platforms in retrieving cloud microphysical properties. 

In GCMs, the simulated liquid and ice water paths (𝐿𝑊𝑃 and 𝐼𝑊𝑃) generally refer to non-precipitating cloud condensate, i.e., 375 

suspended cloud droplets and ice crystals, excluding precipitating hydrometeors such as rain, graupel, and snow. In contrast, 

satellite‐retrieved liquid and ice water paths usually represent total water paths, because the observing instruments do not 

actively filter out precipitating particles, making these products not directly comparable with model outputs. Elsaesser et al. 

(2017) combined observations from eight satellites to produce the MAC-LWP dataset, which excludes precipitating particles 

and is therefore suitable for direct evaluation of climate model simulations. Delanoë and Hogan (2008) merged CALIPSO, 380 

CloudSat, and MODIS observations to develop the DARDAR dataset, which has been widely used in ice cloud studies. For 

example, Li et al. (2012) used DARDAR to construct an 𝐼𝑊𝑃 product that excludes precipitating ice particles (IWP_Li), 
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allowing a more accurate evaluation of model-simulated 𝐼𝑊𝑃. In addition, Doktorowski et al. (2024) produced a similar 

dataset (IWP_LIM) following this methodology. These two datasets are used in this study to evaluate the performance of 

CIESM in simulating 𝐼𝑊𝑃. 385 

In summary, this study uses multiple satellite products to evaluate cloud properties in CIESM. The MCD06COSP dataset 

provides total cloud fraction (𝐶𝐿𝑇), liquid cloud fraction (𝐶𝐿𝑊), and ice cloud fraction (𝐶𝐿𝐼), while CALIPSO-GOCCP 

provides 𝐶𝐿𝑇 as well as high-, mid-, and low-level cloud fractions (𝐶𝐿𝐻, 𝐶𝐿𝑀, and 𝐶𝐿𝐿). The Quaas06, Bennartz17, Zhu18, 

and Grosvenor18 datasets provide cloud droplet number concentration (𝑁(). Cloud droplet effective radius (𝑅!) is derived 

from MODIS, VIIRS, AVHRR, and POLDER, MAC-LWP provides liquid water path (𝐿𝑊𝑃), and IWP_Li and IWP_LIM 390 

provide ice water path (𝐼𝑊𝑃). 

3.3 Precipitation and Radiation 

Aerosol effects on cloud microphysical properties ultimately modify cloud lifetime and radiative characteristics. Therefore, 

this study also evaluates the performance of CIESM in simulating precipitation and radiative fluxes. 

Two observational precipitation datasets are used for model evaluation: the Global Precipitation Climatology Project (GPCP) 395 

(Huffman et al., 1997, 2009) and the Tropical Rainfall Measuring Mission (TRMM) (Huffman et al., 2007). GPCP is a global 

gridded precipitation dataset produced under the World Climate Research Programme. It combines rain gauge observations 

and satellite retrievals and provides monthly products at 1° × 1° resolution for the period since 1979. TRMM provides 

precipitation products over the tropics and subtropics (47°S-47°N or so) based on satellite observations. Compared with GPCP, 

TRMM has higher spatial resolution (0.25° × 0.25°), but more limited spatial coverage and a shorter temporal record (from 400 

1998 to the present). These two datasets are jointly used to evaluate CIESM’s simulation for precipitation rate (𝑃𝑟𝑒𝑐). 

Radiative fluxes at the top of the atmosphere (TOA) are evaluated using the CERES Energy Balanced and Filled Top-of-

Atmosphere (EBAF-TOA) Edition 4.1 monthly dataset, which combines CERES observations from the Terra and Aqua 

satellites to provide globally consistent, energy-balanced TOA radiative fluxes (Kato et al., 2013; Loeb et al., 2018). The 

CERES instruments, flying on the Terra and Aqua satellites, observe radiation in shortwave (0.3–5.0 μm), longwave (8–12 405 

μm), and broadband (0.3 to >100 μm) channels, and provide both all-sky and clear-sky radiative flux products at TOA and 

within cloud layers. CERES is used to assess CIESM-simulated shortwave, longwave, and net radiative fluxes at TOA under 

all-sky conditions (𝑆𝑊 , 𝐿𝑊 , and 𝑁𝑒𝑡), as well as the shortwave, longwave, and net cloud radiative effects (𝑆𝑊_𝐶𝑅𝐸 , 

𝐿𝑊_𝐶𝑅𝐸, and 𝑁𝑒𝑡_𝐶𝑅𝐸).  

To match the simulation period of CIESM, precipitation and radiation datasets for 2000–2014 are used in this study. 410 

3.4 Aerosol–cloud Interactions 

This study also compares the simulated ACI with observation-based estimates. However, current observational constraints on 

ACI radiative forcing remain poorly characterized for effects other than the Twomey effect–induced forcing (𝐹%(), and the 
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associated estimates are subject to substantial uncertainty (IPCC, 2023). Therefore, this study focuses on a detailed evaluation 

of the global distribution of 𝐹%(, while the global mean total ACI radiative forcing is taken from the observation-based estimate 415 

reported in the IPCC AR6, namely −1.0 ± 0.7 W m⁻² (medium confidence). 

Satellite-based ACI radiative forcing typically exclude grids without co-located aerosol observations, introducing substantial 

sampling bias and leading to a systematic underestimation of 𝐹%( (Jia et al., 2021). By combining MODIS with reanalysis data, 

Jia et al. (2021) reduced this bias and developed a new global, sampling-bias-corrected 𝐹%( dataset (denoted as Jia2021), which 

provides an important benchmark for model evaluation. This dataset has a horizontal resolution of 1° × 1° and covers the 420 

region between 60°S and 60°N, and is used to evaluate the performance of CIESM in representing Twomey effect. 

3.5 Summary of Datasets 

This study compiles an integrated, multi-source, multi-variable, and multi-scale observational framework that spans key 

processes from cloud condensation nuclei to clouds, precipitation, radiation, and aerosol–cloud interactions. This dataset 

provides a comprehensive basis for evaluating the performance of CIESM, identifying its strengths and limitations, and guiding 425 

subsequent model development. An overview of the datasets used in this study is given in Table 1. 

Table 1. Overview of datasets used for CIESM evaluation in this study. Abbreviations are defined in the main text. 
Variable Dataset Data source Variable Time period Reference 

CCN 

CCN_SITE Ground stations 

𝐶𝐶𝑁02 

2011 - 2014 (Schmale et al., 2017; Zhang et 
al., 2022) 

CCN_SAT CALIPSO 2006 - 2014 (Choudhury and Tesche, 2022) 

CCN_MOD Multi-models 2011 (Fanourgakis et al., 2019) 

Cloud 

MCD06COSP MODIS 𝐶𝐿𝑇, 𝐶𝐿𝑊, and 𝐶𝐿𝐼 2003 - 2014 (Pincus et al., 2023) 

CALIPSO-GOCCP CALIPSO 𝐶𝐿𝑇, 𝐶𝐿𝐻, 𝐶𝐿𝑀, and 𝐶𝐿𝐿 2007 - 2014 (Chepfer et al., 2010) 

ISCCP ISCCP 𝐶𝐿𝑇 2000 - 2014 (Rossow and Schiffer, 1991) 

Quaas06, Bennartz17, 
Zhu18, Grosvenor18 MODIS 𝑁! 2003 - 2014 (Gryspeerdt et al., 2022) 

Re-Multi MODIS, AVHRR, 
VIIRS, POLDER 𝑅" 2000 - 2014 

(Justice et al., 2013; Nakajima 
and King, 1990; Pincus et al., 

2023; Shang et al., 2019) 

MAC-LWP multi-satellites 𝐿𝑊𝑃 2000 - 2014 (Elsaesser et al., 2017) 

IWP_Li, IWP_LIM CALISPO, CloudSat, 
and MODIS 𝐼𝑊𝑃 2007 - 2009 (Doktorowski et al., 2024; Li et 

al., 2012) 

Precipitati
on 

GPCP Multi-satellites and 
ground stations 𝑃𝑟𝑒𝑐 2000 - 2014 (Huffman et al., 1997, 2009) 

TRMM TRMM 𝑃𝑟𝑒𝑐 2000 - 2014 (Huffman et al., 2007) 

Radiation CERES CERES 𝑆𝑊, 𝐿𝑊, 𝑁𝑒𝑡, 𝑆𝑊_𝐶𝑅𝐸, 
𝐿𝑊_𝐶𝑅𝐸, and 𝑁𝑒𝑡_𝐶𝑅𝐸 2000 - 2014 (Kato et al., 2013; Loeb et al., 

2018) 

ACI Jia2021 MODIS, MERRA-2 𝐹#! / (Jia et al., 2021) 
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4 Results 

4.1 Evaluation of Cloud Condensation Nuclei 

In this study, 𝐶𝐶𝑁02 is used to evaluate CIESM, with a focus on how differences in aerosol size distributions, mixing states, 430 

and hygroscopicity between PAMT and MAM7 affect the simulation of aerosol activation. Using 𝐶𝐶𝑁02 minimizes the 

influence of environmental variability and enables a more robust assessment of the activation schemes. 

 
Figure 2. Spatial distribution and scatter comparison of cloud condensation nuclei number concentration at 0.2% supersaturation 
(𝑪𝑪𝑵𝟎𝟐) from CIESM-PAMT/MAM7, the multi-model mean (CCN_MOD), and site observations (CCN_SITE) (unit: cm⁻³). The 435 
relative error (RE) and Pearson correlation coefficient (r) are reported in the bottom-right corner of panels (e-f). 
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Figure 2 shows the 𝐶𝐶𝑁02 results from the multi-model mean (CCN_MOD), surface-based observations (CCN_SITE), and 

simulations from CIESM-PAMT and CIESM-MAM7. Here the CIESM outputs were interpolated to observation sites using 

linear interpolation in the vertical and bilinear interpolation in the horizontal. Compared with the multi-model mean (Fig. 2a), 

CIESM simulates higher global-mean 𝐶𝐶𝑁02, particularly over continental regions (Figs. 2c, d). Relative to site observations, 440 

both aerosol modules underestimate 𝐶𝐶𝑁02 despite their high bias relative to the multi-model mean, with biases of −22.5% 

and −50.8% for CIESM-PAMT and CIESM-MAM7, respectively, indicating better performance by CIESM-PAMT. In 

addition, CIESM-PAMT shows a slight improvement in correlation with the observations, although the improvement is not 

statistically significant (Fig. 2e-f). A more detailed analysis shows that the apparent underestimation at surface sites is largely 

influenced by high-altitude stations such as Jungfraujoch (3580 m a.s.l., Swiss Alps). It should be noted that such mountain 445 

sites are not fully representative of the coarse-resolution model grid cells, as the model does not explicitly resolve complex 

topography and associated mountain–valley circulation systems. Consequently, simulated near-surface CCN concentrations at 

these locations tend to reflect free-tropospheric background conditions, which can lead to a systematic low bias relative to 

observations influenced by local boundary-layer processes. Excluding this site reduces the relative biases to −14.8% for 

CIESM-PAMT and −48.1% for CIESM-MAM7, although both modules still exhibit underestimation. Overall, the near-surface 450 

𝐶𝐶𝑁02 simulated by CIESM-PAMT and CIESM-MAM7 is comparable to the multi-model ensemble but exhibits a general 

low bias, while showing better agreement with the more accurate in situ observations. Among the two schemes, CIESM-PAMT 

performs better than CIESM-MAM7, with smaller relative deviations from the surface measurements. 

 
Figure 3. Comparison of cloud condensation nuclei concentration at 0.2% supersaturation (𝑪𝑪𝑵𝟎𝟐 ) simulated by CIESM-455 
PAMT/MAM7 with satellite-derived vertically averaged values (500–5000 m, weighted by altitude) and vertical profiles. Note that 
the vertical coordinates differ between CALIPSO and the model outputs. Unit: cm⁻³. 
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The above evaluation is limited to near-surface observations, as in situ vertical measurements of 𝐶𝐶𝑁02  are sparsely 

distributed worldwide. To address the lack of vertical 𝐶𝐶𝑁02 observations, Choudhury and Tesche (2023) derived the global 

vertical distribution of 𝐶𝐶𝑁02  from CALIPSO satellite data. Their results indicate that the retrievals agree well with 460 

independent observations above the near-surface layer with height > 500 m, although the product exhibits an overall high bias 

of about 22% (Choudhury and Tesche, 2023). Figure 3 shows the spatial distribution of vertically averaged (500–5000 m) 

CCN02 from satellite observations and model simulations, as well as their vertical profiles. In terms of spatial patterns, both 

PAMT and MAM7 underestimate 𝐶𝐶𝑁02 relative to the satellite product, with global mean biases of −12% and −57%, 

respectively. Considering that the CALIPSO-based product itself is positively biased (with an expected global mean of about 465 

200 cm⁻³), the CIESM-PAMT simulation shows closer agreement with observations. In the vertical dimension, CIESM-PAMT 

also better reproduces the CALIPSO-derived 𝐶𝐶𝑁02 profiles, particularly at higher altitudes (Fig. 3e). Overall, these results 

demonstrate that coupling PAMT substantially improves the simulation of aerosol activation in CIESM, with improvements 

evident both near the surface and aloft, as reflected in the better agreement between simulated and observed CCN 

concentrations. This provides supporting evidence that PAMT better represents the aerosol population relevant to cloud droplet 470 

activation, particularly the particles capable of activation at a given supersaturation . Since aerosol activation is the key process 

linking aerosols and clouds, a more realistic representation of the aerosol population available for activation may improve the 

model’s ability to simulate aerosol–cloud interactions. 

4.2 Evaluation of Clouds 

Cloud simulation involves the coupled processes of macrophysics, microphysics, and convective cloud schemes. Cloud 475 

condensation nuclei (CCN) and ice nuclei (IN) simulated by the aerosol module are passed to both stratiform and convective 

microphysics, directly influencing the number/concentrations and size distribution of cloud particles. These cloud properties, 

in turn, affect aerosol source and sink processes through pathways such as wet scavenging, forming a tightly coupled feedback 

system among multiple model components. In this study, the aerosol module in CIESM has been modified, which inevitably 

affects cloud simulations. Therefore, this section evaluates simulated cloud properties against global satellite observations, 480 

including CALIPSO (CALIPSO-GOCCP), MODIS (MCD06COSP), VIIRS, AVHRR, POLDER, and ISCCP (see Section 3.2). 

The evaluation focuses on total, high-, mid-, low-, liquid-, and ice-cloud fractions, as well as liquid/ice water paths, cloud 

droplet number concentration, and cloud droplet effective radius, with the aim of assessing current model performance and 

identifying pathways for further improvement. For cloud fraction, outputs from the COSP1.4 satellite simulator coupled within 

CIESM are used to enhance the comparability between model results and satellite retrievals. 485 

Figure 4 compares total cloud fraction (𝐶𝐿𝑇) simulated by CIESM-PAMT and CIESM-MAM7 with various satellite products. 

The results show that PAMT and MAM7 produce very similar global distributions of 𝐶𝐿𝑇, with relative differences in global 

means below 5%. Both modules underestimate 𝐶𝐿𝑇 relative to CALIPSO-GOCCP, ISCCP, and MCD06COSP, with global 

mean relative biases of −10%, −20%, and −23% for PAMT, and −7%, −18%, and −22% for MAM7, respectively. However, 

the spatial patterns of underestimation differ across satellite datasets. Relative to CALIPSO-GOCCP, the main negative biases 490 
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are concentrated between 30°S and 30°N (Fig. 4d), while comparisons with ISCCP show underestimation across most regions 

except the Southern Ocean (Fig. 4h). When compared with MCD06COSP, underestimation is evident globally (Fig. 4f). 

Overall, the simulations of 𝐶𝐿𝑇 exhibit a systematic underestimation relative to observations and are broadly similar across 

different aerosol modules. 

 495 
Figure 4. Spatial distribution and zonal-mean comparison of total cloud fraction (𝑪𝑳𝑻) simulated by CIESM-PAMT/MAM7 with 
CALIPSO-GOCCP, ISCCP, and MCD06COSP. Unit: %. 

Figure 5 presents the spatial distribution and zonal mean of clouds at different altitudes (high, middle, and low clouds) as 

simulated by CIESM-PAMT and CIESM-MAM7, compared with satellite observations. The results indicate that both PAMT 

and MAM7 produce similar simulations for high clouds (𝐶𝐿𝐻) and low clouds (𝐶𝐿𝐿), with relative deviations below 5%, 500 

whereas more pronounced differences are observed in middle clouds (𝐶𝐿𝑀 ). Specifically, both PAMT and MAM7 

underestimate 𝐶𝐿𝐻 to varying degrees, with relative biases of -11% and -10%, particularly in the mid-latitude regions (Fig. 

5d). For 𝐶𝐿𝑀, PAMT performs better, showing a slight underestimation of -3%, with zonal mean values nearly coinciding 

with observations over the Southern Ocean, while MAM7 overestimates 𝐶𝐿𝑀 by 5% (Fig. 5h). In terms of 𝐶𝐿𝐿, both modules 

underestimate cloud fractions compared with observations (-11% for PAMT and -6% for MAM7), especially along coastal 505 

regions such as the eastern Pacific and Atlantic. Overall, the underestimation of total cloud cover by CIESM primarily 

originates from the biases in high and low cloud simulations. 
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Figure 5. Spatial distribution and zonal-mean comparison of high, middle, and low cloud fractions (𝑪𝑳𝑯, 𝑪𝑳𝑴, 𝑪𝑳𝑳) simulated by 
CIESM-PAMT/MAM7 with CALIPSO-GOCCP. Unit: %. 510 

Figure 6 shows the spatial distribution and zonal mean variations of clouds in different phases (liquid and ice) as simulated by 

CIESM-PAMT and CIESM-MAM7. Overall, the two aerosol modules produce broadly consistent cloud distributions. Both 

underestimate liquid cloud fraction (𝐶𝐿𝑊) by 9% and 2%, respectively, and overestimate ice cloud fraction (𝐶𝐿𝐼) by 22% and 

15%, with MAM7 generally showing better agreement with observations. The largest biases are concentrated in mid- to high-

latitude regions, where 𝐶𝐿𝑊  is underestimated and 𝐶𝐿𝐼  is overestimated. Guo et al. (2020), using NCAR CESM1.2.1, 515 

analysed CIESM’s simulation of clouds in different phases and reached similar conclusions—namely, that the fraction of 

supercooled liquid water was underestimated and the Wegener–Bergeron–Findeisen (WBF) process was too strong. Yang et 

al. (2025) and Xia et al. (2026) subsequently reduced these biases by improving the WBF process in the model. 

Analysis of cloud fraction simulations indicates that, despite replacing the aerosol module in CIESM, there is little difference 

in cloud fraction between CIESM-PAMT and CIESM-MAM7. This is likely because cloud fraction is computed within the 520 

cloud macrophysics, which is not directly coupled to the aerosol module. In addition, the model simulations employed a 

Newtonian relaxation (nudging) approach to constrain the horizontal wind fields toward observations. As a result, the large-

scale wind patterns in CIESM-PAMT and CIESM-MAM7 are very similar, which further diminishes the influence of aerosols 

on cloud fraction. 
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 525 
Figure 6. Spatial distribution and zonal-mean comparison of liquid and ice cloud fractions (𝑪𝑳𝑾, 𝑪𝑳𝑰) simulated by CIESM-
PAMT/MAM7 against MCD06COSP. Units: %. 

According to the Twomey effect, under a given cloud water content, an increase in aerosol concentration leads to higher cloud 

droplet number concentration (𝑁() and smaller cloud droplet effective radius (𝑅!), thereby enhancing cloud albedo (Twomey, 

1977). Therefore, a realistic simulation of 𝑁( is a prerequisite for accurately representing aerosol–cloud interactions. 530 

Figure 7 shows the comparison of cloud-top 𝑁( in large-scale liquid clouds simulated by CIESM-PAMT and CIESM-MAM7 

against various observational datasets (Bennartz and Rausch, 2017; Grosvenor et al., 2018; Quaas et al., 2006; Zhu et al., 2018). 

Over the ocean, clouds are more likely to satisfy the adiabatic ascent assumption used in 𝑁( retrievals (Painemal and Zuidema, 

2011; Quaas and Gryspeerdt, 2022), making satellite-based 𝑁( more reliable than over land. Accordingly, this study uses only 

the oceanic portion of the data for evaluation. 535 

The results show that while the absolute 𝑁( values differ among datasets, their spatial distributions are largely consistent: high 

𝑁( values are concentrated along continental coastlines, whereas low values dominate over the open ocean, a pattern that is 

also captured by CIESM simulations. Compared to MAM7, PAMT produces higher 𝑁( values, with its zonal mean falling 

within the uncertainty range of the observational datasets (Fig. 7c). MAM7 tends to underestimate 𝑁( relative to satellite 

observations and shows less pronounced latitudinal variation, failing to capture the higher values in the Northern Hemisphere 540 

and lower values in the Southern Hemisphere. Overall, CIESM-PAMT demonstrates superior performance in simulating 𝑁( 

compared to CIESM-MAM7. 
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Figure 7. Spatial distribution and zonal‐mean comparison of warm‐cloud top droplet number concentration (𝑵𝒅) simulated by 
CIESM-PAMT/MAM7 and retrieved using different methods. The retrieval approaches include (d–g) Quaas06, Bennartz16, Zhu18, and 545 
Grosvenor18. Unit: cm⁻³. 

 
Figure 8. Spatial distribution and zonal-mean comparison of warm-cloud cloud-top droplet effective radius (𝑹𝒆) from CIESM-
PAMT/MAM7 simulations and satellite observations (MCD06COSP, AVHRR, VIIRS, and POLDER). Unit: μm. 

Figure 8 presents a comparison of warm cloud cloud-top effective radius (𝑅!) simulated by CIESM with liquid cloud 𝑅! 550 

derived from various satellite products, including MODIS, AVHRR, VIIRS, and POLDER. Overall, the global mean 𝑅! from 

MODIS, AVHRR, and VIIRS is approximately 13 μm, which is generally higher than in-situ observations (Peng et al., 2002; 

Wang et al., 2022b). Rosenfeld et al. (2012) pointed out that the effective radius for cloud-to-rain transition is around 14 μm, 

indicating that the relatively high 𝑅!  from these satellites may imply the presence of substantial drizzle at cloud tops, 

potentially deviating from actual conditions. Shang et al. (2019) proposed an improved primary cloudbow retrieval (PCR) 555 

algorithm, which enhances the accuracy of 𝑅! retrievals, especially for large droplets, and this dataset is also included in the 

CIESM evaluation (Fig. 8d). Compared with other satellites, 𝑅! retrieved from POLDER in 2008 using polarization methods 
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is generally smaller. The CIESM-simulated 𝑅! at cloud tops is shown in Figs. 8e–f, with the zonal mean comparison with 

observations presented in Figs. 8g–h. The results indicate that CIESM reproduces the spatial distribution and global mean of 

cloud-top 𝑅! reasonably well, with relative bias below 5%. Compared with MODIS, AVHRR, and VIIRS, the model tends to 560 

underestimate 𝑅!, although CIESM-PAMT agrees better with observations in the high southern latitudes, and CIESM-MAM7 

aligns more closely in the mid-to-high northern latitudes. Comparisons with POLDER show generally good consistency, 

though 𝑅!  is slightly underestimated overall, particularly in mid-to-high latitudes. In summary, CIESM-simulated 𝑅!  falls 

within the range of 𝑅! reported by current satellite-based observations. 

Figure 9 presents CIESM-simulated and observed 𝐿𝑊𝑃. The observational reference is the MAC-LWP dataset (Elsaesser et 565 

al., 2017), which merges multiple sources to provide cloud water path data. Compared to this dataset, CIESM tends to 

overestimate 𝐿𝑊𝑃, particularly in subtropical and midlatitude regions. In Fig. 9a, the hatched areas indicate regions where 

retrievals have relative biases exceeding 10% for data merging, and the overestimation of CIESM in midlatitudes occurs 

outside these areas, indicating that the bias originates from the model itself rather than observational uncertainty. Comparing 

the PAMT and MAM7 simulations reveals notable differences in the Northern Hemisphere midlatitudes, with PAMT 570 

predicting substantially higher 𝐿𝑊𝑃 than MAM7 (Fig. 9d). This arises because while both modules simulate similar 𝑅! , 

PAMT predicts markedly higher 𝑁(  in this region (Fig. 8c). Since both simulations employ the same cloud-to-rain 

autoconversion parameterization (Khairoutdinov and Kogan, 2000), in which the autoconversion rate scales positively with 

cloud liquid water content and negatively with cloud droplet number concentration, the higher 𝑁(  in PAMT suppresses 

autoconversion and favors the retention of cloud liquid water, leading to the higher 𝐿𝑊𝑃. 575 

 
Figure 9. Spatial distribution and zonal-mean comparison of cloud liquid water path (𝑳𝑾𝑷 ) from CIESM-PAMT/MAM7 
simulations and the multi-sensor observational dataset MAC-LWP. In panel (a), the hatched regions indicate areas where the relative 
bias exceeds 10%. Unit: g m⁻². 
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Figure 10 presents the spatial distribution and zonal variation of 𝐼𝑊𝑃 as simulated by CIESM compared with observations. 580 

The results indicate that PAMT and MAM7 produce similar 𝐼𝑊𝑃 patterns, with high values concentrated in the tropics and 

midlatitudes, consistent with observations. However, CIESM significantly overestimates 𝐼𝑊𝑃 in the Southern Ocean, with 

simulated values nearly double those observed (Fig. 10d). This overestimation may be related to the enhanced WBF process 

in the model, which promotes excessive ice crystal production (Guo et al., 2020; Yang et al., 2025). Further analysis is needed 

to identify the underlying causes of these 𝐿𝑊𝑃 and 𝐼𝑊𝑃 biases. 585 

 
Figure 10. Spatial distribution and zonal-mean comparison of ice water path (𝑰𝑾𝑷) from CIESM-PAMT/MAM7 simulations and 
observations. Unit: g m⁻². 

Table 2. Comparison of cloud-related variables between CIESM-PAMT/MAM7 simulations and observations. Light green shading 
indicates better model performance. No annotation is applied when the simulation bias of the two models is less than 5%, indicating no 590 
significant difference. 

Variable CIESM-PAMT CIESM-MAM7 Observation Data source 

𝐶𝐶𝑁02 204.2 100.7 232.2 CCN_SAT 

𝐶𝐿𝑇 [%] 54.1 (50.1 - 60.2) 55.6 (50.9 - 62.4) 65.8 (65.0 - 67.0) CALIPSO-GOCCP, ISCCP, MCD06COSP 

𝐶𝐿𝐻 [%] 28.9 29.5 32.7 CALIPSO-GOCCP 

𝐶𝐿𝑀 [%] 17.7 19.1 18.2 CALIPSO-GOCCP 

𝐶𝐿𝐿 [%] 33.2 35.1 37.3 CALIPSO-GOCCP 

𝐶𝐿𝑊 [%] 25.6 27.5 28.1 MCD06COSP 

𝐶𝐿𝐼 [%] 21.8 20.6 17.9 MCD06COSP 

𝑁! [cm$%] 72.9 46.2 72.4 (56.3 - 99.8) Quaas06, Bennartz17, Grosvenor18, Zhu18 

𝑅" [µm] 9.9 9.8 9.4 - 13.9 MODIS, AVHRR, VIIRS, POLDER 

𝐿𝑊𝑃 [g	m$&] 109 104.7 81.6 MAC-LWP 

𝐼𝑊𝑃 [g	m$&] 26.9 24.4 22.3 IWP_LIM 
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Table 2 summarizes the cloud simulation characteristics of CIESM-PAMT/MAM7. Overall, both PAMT and MAM7 produce 

broadly consistent results for most cloud properties, including cloud fraction, liquid water, and ice water, for which the 

differences between the two schemes are generally within 10%. In contrast, the differences in CCN and 𝑁( are substantially 

larger, reaching approximately 50%. Specifically, MAM7 performs slightly better in simulating cloud fraction, whereas PAMT 595 

shows improved performance in representing cloud condensation nuclei and cloud droplet number concentration. In all other 

aspects, the differences between the two modules are minimal, with biases generally below 5%. These results highlight that 

the differences between the two modules are more pronounced in aerosol activation-related quantities than in bulk cloud 

properties. 

4.3 Evaluation of Precipitation 600 

Figure 11 presents the spatial distribution and zonal mean of total precipitation rate (𝑃𝑟𝑒𝑐 ) simulated by CIESM-

PAMT/MAM7, compared with observational data (GPCP and TRMM). Overall, CIESM reproduces the spatial patterns of 

precipitation reasonably well, with both high and low precipitation regions broadly consistent with observations, although the 

global mean tends to be slightly overestimated. Specifically, CIESM-PAMT shows a slightly closer agreement with 

observations, particularly near the equatorial regions, where it slightly reduces the precipitation intensity in the double 605 

Intertropical Convergence Zone (ITCZ) areas. 

 

Figure 11. Spatial distribution and zonal-mean comparison of total precipitation rate (𝑷𝒓𝒆𝒄 ) from CIESM-PAMT/MAM7 
simulations compared with GPCC and TRMM observations. Values in parentheses indicate the global mean over the region 
corresponding to TRMM. Unit: mm day⁻¹. 610 

https://doi.org/10.5194/egusphere-2026-6624
Preprint. Discussion started: 10 November 2026
c© Author(s) 2026. CC BY 4.0 License.



25 
 

4.4 Evaluation of Radiation 

Figure 12 shows the shortwave (𝑆𝑊), longwave (𝐿𝑊), and net radiative fluxes (𝑁𝑒𝑡) at the top of atmosphere (TOA). On a 

global average, PAMT and MAM7 perform similarly, with relative biases for all variables remaining below 5%. Compared to 

CERES observations, both modules reproduce the global mean Net reasonably well, while 𝐿𝑊  and 𝑆𝑊  are slightly 

underestimated (relative bias around -1%), mainly over equatorial regions. The zonal mean analysis further confirms the good 615 

agreement: the zonal mean averages of radiative fluxes at TOA simulated by PAMT and MAM7 closely match the observations, 

with the curves nearly overlapping across all latitudes. This indicates that CIESM is capable of accurately reproducing radiative 

fluxes at TOA. 

 
Figure 12. Spatial distribution and zonal-mean comparison of top-of-atmosphere shortwave (𝑺𝑾), longwave (𝑳𝑾), and net radiation 620 
fluxes (𝑵𝒆𝒕) from CIESM-PAMT/MAM7 simulations and CERES observations. Unit: W m⁻². 

In addition, this study computed the shortwave, longwave, and net cloud radiative effects (denoted as 𝑆𝑊_𝐶𝑅𝐸, 𝐿𝑊_𝐶𝑅𝐸, 

and 𝑁𝑒𝑡_𝐶𝑅𝐸, respectively) using CIESM and compared the results with CERES satellite observations, as shown in Fig. 13. 

Despite the relatively good performance of CIESM in simulating radiative fluxes at TOA, CIESM exhibits substantial biases 

in cloud radiative effects, manifested as an overall overestimation of cloud-induced cooling (Figs. 13i-l). Specifically, the 625 

global-mean biases of 𝑆𝑊_𝐶𝑅𝐸, 𝐿𝑊_𝐶𝑅𝐸, and 𝑁𝑒𝑡_𝐶𝑅𝐸	relative to observations are −7.7 W m⁻², −5.7 W m⁻², and −13.4 W 

m⁻² for PAMT, and −6.2 W m⁻², −7.6 W m⁻², and −13.8 W m⁻² for MAM7, respectively. These biases primarily originate from 

errors in simulated longwave cloud radiative fluxes (Fig. 13h), with systematically underestimated 𝐿𝑊_𝐶𝑅𝐸 across latitudes, 

leading to an unrealistically weak cloud greenhouse effect. This tendency toward overly strong cloud radiative cooling is not 

unique to CIESM but is a common feature in many GCMs. For example, similar issues have been reported for NCAR CESM2 630 

and ECHAM6.3–HAM2.3 in previous evaluations (Danabasoglu et al., 2020; Neubauer et al., 2019). In particular, evaluations 
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of NCAR CESM2 have shown that this bias can be partially alleviated by adjustments to deep convection schemes and mixed-

phase cloud parameterizations in NCAR CESM1 (Danabasoglu et al., 2020). Nevertheless, the exact causes of the biases in 

CIESM remain unclear, and further targeted sensitivity experiments are required to elucidate the underlying mechanisms. 

 635 
Figure 13. Spatial distribution and zonal-mean comparison of shortwave (𝑺𝑾_𝑪𝑹𝑬), longwave (𝑳𝑾_𝑪𝑹𝑬), and net cloud radiative 
effects (𝑵𝒆𝒕_𝑪𝑹𝑬) from CIESM-PAMT/MAM7 simulations and CERES observations. Unit: W m⁻². 

Table 3. Comparison of precipitation and radiation simulation results from CIESM-PAMT/MAM7 with observations. Light green 
shading indicates better model performance. No annotation is applied when the simulation bias of the two models is less than 5%, indicating 
no significant difference. 640 

Variable CIESM-PAMT CIESM-MAM7 Observation Data source 

Precipitation 
[mm	d$'] 

𝑃𝑟𝑒 2.8 2.9 2.7 GPCC 

𝑃𝑟𝑒 (47°S − 47°N) 3.1 3.3 2.9 TRMM 

Radiation 
[W	m$&] 

𝑆𝑊 238.5 238.1 241.1 (238 - 244) 

CERES 
range of uncertainty:(Loeb et 

al., 2009; Matus and 
L’Ecuyer, 2017; Stevens and 

Schwartz, 2012) 

𝐿𝑊 -237.8 -237.1 -240.2 (-237 - -241) 

𝑁𝑒𝑡 0.67 1.07 0.87 

𝑆𝑊_𝐶𝑅𝐸 -53.0 -51.5 -45.3 (-44 - 53.3) 

𝐿𝑊_𝐶𝑅𝐸 20.1 18.2 25.8 (22 - 30.5) 

𝑁𝑒𝑡_𝐶𝑅𝐸 -32.9 -33.3 -19.5 (-17.1 - 22.8) 

 

A summary of the precipitation and radiation simulations by CIESM-PAMT and CIESM-MAM7 is presented in Table 3. 

Overall, PAMT and MAM7 show only small differences in simulated precipitation rates and radiative fluxes, with relative 

biases generally within 5%. In more detail, PAMT performs slightly better than MAM7 in reproducing precipitation rates. For 

top-of-atmosphere radiative fluxes, PAMT and MAM7 exhibit similar skill, and both fall within the observational uncertainty 645 
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range. In contrast, both modules show relatively large biases in simulated cloud radiative effects compared with observations. 

The simulated 𝑆𝑊_𝐶𝑅𝐸 has a larger magnitude but remains within the observational uncertainty, whereas the 𝐿𝑊_𝐶𝑅𝐸 and 

𝑁𝑒𝑡_𝐶𝑅𝐸 fall outside the observed ranges. Overall, PAMT shows marginally better performance than MAM7. 

4.5 Evaluation of Aerosol–cloud Interactions 

In this study, the partial radiative perturbation (PRP) method was used to quantify the radiative forcing associated with different 650 

ACI effects simulated by CIESM-PAMT/MAM7 (Mülmenstädt et al., 2019), including 𝐹%!, 𝐹&), 𝐹'$), 𝐹%#, 𝐹&", and 𝐹'$" (see 

Section 2.4). A description of the PRP method is provided in the Appendix A. 

 
Figure 14. Radiative forcing of different ACI components calculated by CIESM-PAMT/MAM7 using the PRP method. Note that the 
ranges of color bar differ for liquid and ice clouds. Unit: W m-2. 655 

As shown in Fig. 14, the results indicate that CIESM-PAMT produces a stronger total ACI radiative forcing than CIESM-

MAM7 (PAMT: −1.9 W m−2; MAM7: −1.4 W m−2), particularly for the radiative forcing associated with the Twomey effect 
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(PAMT: −1.1 W m−2; MAM7: −0.9 W m−2). Based on observational constraints summarized in IPCC AR6 (IPCC, 2023), the 

estimated total ACI radiative forcing and the Twomey-effect-related forcing are −1.0 ± 0.7 W m−2 (medium confidence) and 

−0.7 ± 0.5 W m−2 (medium confidence), respectively, suggesting that CIESM tends to overestimate the magnitude of ACI, 660 

leading to an overly strong cooling effect. However, Jia et al. (2021) noted that satellite-based estimates of ACI are often 

weaker than model-based estimates, which is consistent with our results. For rapid adjustments of liquid water path and cloud 

fraction, PAMT and MAM7 produce similar results (Figs. 14b–c, h–i). In contrast, substantial differences are found in the 

simulation of aerosol–ice cloud effects. CIESM-PAMT simulates a predominantly negative aerosol–ice cloud radiative effect, 

whereas CIESM-MAM7 produces a predominantly positive effect. The underlying causes of this discrepancy require further 665 

investigation. IPCC AR6 highlighted the large uncertainties in aerosol effects on ice clouds, including uncertainty in the sign 

of the effect itself, which is consistent with the findings of this study. 

To provide a more comprehensive assessment of the simulated Twomey effect, the results from CIESM were compared with 

those reported in Jia et al. (2021), as shown in Fig. 15. The results indicate that the radiative forcing of Twomey effect (𝐹%!) 

simulated by CIESM is generally biased low relative to observations, implying a stronger cooling effect, particularly in the 670 

CIESM-PAMT configuration (Fig. 15b). The underestimation is most pronounced in regions strongly influenced by 

anthropogenic aerosols, such as coastal continental regions, the North Pacific, East Asia, and India (Figs. 15c-d). In terms of 

spatial patterns, the CIESM-PAMT simulation shows better agreement with observations, exhibiting a consistent meridional 

structure characterized by a decrease from low to mid-latitudes followed by an increase toward higher latitudes, with a 

minimum around 45° N (Fig. 15b). In contrast, CIESM-MAM7 tends to underestimate 𝐹%!  in low latitudes while 675 

overestimating it in mid-latitudes, leading to partial compensation of the biases and a global mean that appears more consistent 

with observations, but with poorer spatial fidelity compared to CIESM-PAMT. However, both CIESM-PAMT and CIESM-

MAM7 substantially underestimate 𝐹%! south of 35° S (Fig. 15b). We suspect that this bias may be related to our prescribed 

minimum 𝑁( of 30 cm⁻³, which warrants further investigation and optimization in future work. 

Furthermore, model–observation comparisons were conducted across 14 global regions defined by Quaas et al. (2008), and 680 

the results are summarized in Table 4. The comparison indicates that CIESM-PAMT performs better than CIESM-MAM7 in 

a larger number of regions (8 vs. 5), particularly over midlatitude regions in both hemispheres and extensive oceanic areas. 
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Figure 15. Radiative forcing due to the Twomey effect (𝑭𝑵𝒅) calculated by CIESM-PAMT/MAM7 using the PRP method, along with 
its spatial distribution and zonal mean comparison with results from Jia et al. (2021). Unit: W m-2. 685 

Table 4. Comparison of CIESM-PAMT/MAM7 simulated radiative forcing due to the Twomey effect with observational data. Light 
green shading indicates better model performance. No annotation is applied when the simulation bias of the two models is less than 5%, 
indicating no significant difference. 

Region CIESM-PAMT CIESM-MAM7 Jia2021 

North Pacific Ocean -2.91 -1.35 -2.41 

North America -0.99 -0.69 -1.27 

North Atlantic Ocean -1.7 -1.06 -2.75 

Europe -1.42 -1.17 -1.87 

Asia -1.64 -1.28 -1.02 

Tropical Pacific Ocean -1.23 -0.99 -0.73 

Tropical Atlantic Ocean -1.33 -1.19 -1.04 

Africa -1.21 -1.39 -0.46 

Tropical Indian Ocean -1.19 -1.11 -0.65 

South Pacific Ocean -0.38 -0.35 -0.75 

South America -1.78 -1.83 -0.69 

South Atlantic Ocean -0.81 -0.71 -0.60 

South Indian Ocean -0.53 -0.49 -0.59 

Australia -0.37 -0.36 -0.41 

Ocean (60S-60N) 

Northern Hemisphere -2.00 -1.21 -1.71 

Southern Hemisphere -0.68 -0.63 -0.65 

All -1.24 -0.87 -1.10 

Global (60S-60N) 

Northern Hemisphere -1.72 -1.17 -1.49 

Southern Hemisphere -0.83 -0.80 -0.64 

All -1.27 -0.98 -1.06 
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In addition, we analysed 𝐹%! separately over the mid- to low-latitudes (60°S–60°N) for both the global (land + ocean) and 690 

ocean-only domains, and calculated the hemispheric values for the Northern Hemisphere (NH) and Southern Hemisphere (SH). 

The SH–NH contrast in 𝐹%! has received considerable attention because 𝑁( over the pristine SH have been proposed as a 

suitable proxy for preindustrial conditions (McCoy et al., 2020). However, many global climate models tend to overestimate 

ACI in the SH, likely because the preindustrial atmosphere is simulated as being too clean owing to underestimated natural 

CCN sources, such as biomass burning and biogenic VOCs emissions (Carslaw et al., 2013; Wang et al., 2025b). In CIESM, 695 

however, the SH 𝐹%! simulated by PAMT and MAM7 is very similar (the relative bias less than 5%). In particular, the ocean-

only 𝐹%! over the SH is in excellent agreement with the observation-based estimate (Table 4), which is likely attributable to 

the prescribed lower bound of 𝑁( in the model. Referring to Jia and Quaas (2023), we imposed a minimum 𝑁( of 30 cm−3, as 

observations indicate that 𝑁( does not approach zero even under extremely low aerosol loading. Similar lower-bound 

constraints have also been adopted in other global climate models; for example, ECHAM6.3-HAM2.3 prescribes minimum 700 

𝑁( values of 20 or 40 cm−3, depending on the model configuration (Neubauer et al., 2019). Moreover, the observation-based 

estimates exhibit a pronounced hemispheric contrast, with NH 𝐹%! being approximately 2.5 times larger than that in the SH. 

CIESM-PAMT successfully reproduces this hemispheric contrast, whereas CIESM-MAM7 substantially underestimates it 

(Table 4). 

Overall, CIESM-PAMT provides a more realistic representation of 𝐹%! and better captures the radiative forcing induced by 705 

the Twomey effect associated with anthropogenic aerosols. 

5 Conclusions 

Building on the aerosol evaluation presented in Part 1 of this study, we systematically assessed the performance of the new-

generation integrated aerosol–climate model CIESM-PAMT in simulating clouds, precipitation, radiation, and aerosol–cloud 

interactions (ACI), and compared it with the original CIESM-MAM7 configuration. The results show that, after introducing a 710 

more detailed sectional size distribution, updated representations of aerosol sources and sinks, and a more physically consistent 

aerosol activation scheme (QDGE), CIESM-PAMT more accurately simulates cloud condensation nuclei and cloud droplet 

number concentrations, thereby providing a stronger foundation for ACI studies. Further analysis indicates that, relative to 

CIESM-MAM7, CIESM-PAMT exhibits better spatial consistency with satellite observations in simulating Twomey-effect-

induced radiative forcing, demonstrating a clear improvement in its ACI representation. However, CIESM-PAMT does not 715 

show a clear advantage in cloud fraction simulations, and its performance in effective droplet radius, liquid and ice water paths, 

and radiation-related variables remains comparable to that of CIESM-MAM7. These results should be interpreted with caution, 

as the differences between CIESM-PAMT and CIESM-MAM7 in cloud and radiation variables are relatively small compared 

with the overall model biases. Although differences in aerosol representation and activation can affect cloud and radiative 

properties, these variables are also influenced by other physical processes. Therefore, the differences between the two 720 
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configurations do not necessarily imply an overall improvement in cloud and radiation simulations, but rather reflect the 

impacts of the aerosol scheme on the coupled aerosol–cloud–radiation system. This suggests that the influence of the aerosol 

scheme is most clearly reflected in cloud droplet number concentration, whereas its effects on other cloud properties are less 

pronounced and may be modulated by additional physical processes and cannot be attributed solely to the aerosol scheme. 

In addition, this study successfully implemented the partial radiative perturbation (PRP) method into CIESM, enabling the 725 

model to isolate different components of ACI, including the Twomey effect, cloud water path adjustments, cloud fraction 

adjustments, and multiple radiative forcing components associated with ice clouds. The introduction of this capability not only 

enhances the physical interpretability of ACI mechanisms within the model, but also provides a technical foundation for 

developing a radiative forcing diagnostic framework that can be directly compared with satellite observations. This approach 

is expected to help more tightly constrain the long-standing uncertainties associated with ACI in GCMs. Nevertheless, the 730 

current analysis of radiative forcing contributions from different ACI components remains relatively limited, and more in-

depth investigations are required. 

Taken together with the aerosol performance reported in Part 1, CIESM-PAMT demonstrates strong skill in coupled aerosol–

cloud–radiation simulations, improving the physical consistency and interpretability of aerosol–cloud–radiation interactions 

in CIESM. The model shows enhanced capability in capturing the spatial distribution and optical properties of aerosols, as 735 

well as in representing cloud droplet number concentrations and the Twomey effect, thus providing a solid foundation for 

future ACI simulations. 

The evaluation framework and diagnostic system developed in this study point to several priorities for future model 

development: 1) improving the simulation of cloud fraction, particularly for different cloud phases; 2) conducting targeted 

experiments to investigate the causes of large liquid water path  biases, especially in mid-latitude regions, and improving the 740 

representation of hydrometeors in the cloud macrophysics scheme; 3) performing sensitivity experiments to identify the 

sources of biases in simulated effective cloud radiative effects, with particular attention to longwave cloud radiative effects; 

conducting a trend analysis of model-simulated aerosols and related processes; 4) further investigating why the total ACI 

radiative forcing simulated by CIESM-PAMT, despite showing good agreement with 𝐹%! and Jia2021, appears stronger than 

the range reported in IPCC AR6; 5) exploring the causes of the opposite signs in the global-mean aerosol–ice cloud radiative 745 

effects derived from PAMT and MAM7 using the PRP method; 6) and considering the role of aerosol–deep convective cloud 

interactions in future ACI analyses, given that convective microphysics is already represented in CIESM but is often neglected 

in current ACI diagnostics, including in the present study. 

Overall, this study provides the first systematic and comprehensive evaluation of CIESM-PAMT, and establishes a solid 

scientific foundation for its future participation in international comparison projects and broader aerosol–climate interaction 750 

research. With continued improvements in the physical representation of aerosol and cloud microphysical processes, CIESM-

PAMT has the potential to play an increasingly important role in reducing aerosol-related uncertainties in global climate 

assessments, improving the simulation of climate feedbacks, and enhancing the predictive capability for extreme weather 

events. 
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Appendix A: Partial Radiative Perturbations 755 

To separate the radiative forcing contributions from different components of aerosol–cloud interactions (ACI) in climate 

models, Mülmenstädt et al. (2019) introduced the Partial Radiative Perturbations (PRP) method. The workflow of the method 

applied in CIESM is shown in Fig. A1. 

 
Figure A1. Schematic diagram of the Partial Radiative Perturbations (PRP) method. PI denotes the pre-industrial period (1850), PD 760 
denotes the present-day period (2010), 𝑁$ and 𝑁% are the cloud droplet and ice crystal number concentrations, 𝑞& and 𝑞% are the cloud liquid 
water and cloud ice water contents, 𝑓&  and 𝑓%  are the liquid-cloud and ice-cloud fractions, δ represents the difference, 𝜆 and 𝜇 are cloud 
droplet spectral parameters used in the model, 𝐿𝑊𝑃 is the liquid water path, 𝐼𝑊𝑃 is the ice water path, and 𝐷% is the effective diameter of 
ice crystals. 

Following the definition of ACI, the effective radiative forcing associated with anthropogenic aerosol changes (𝐹#$") can be 765 

expressed as the sum of the radiative forcing contributions from various aerosol-related effects: 

𝐹#$" = 𝐹%! + 𝐹&" + 𝐹'" + 𝐹%# + 𝐹&# + 𝐹'# ,                                                                                                                                (A1) 

where 𝐹%! represents the radiative forcing associated with the Twomey effect; 𝐹&" and 𝐹'" correspond to the radiative forcing 

resulting from adjustments in liquid water path (𝐿𝑊𝑃) and cloud fraction, respectively. Similarly, 𝐹%# denotes the radiative 

forcing driven by increases in ice-nucleating aerosols, while 𝐹&#  and 𝐹'#  represent the radiative forcing associated with 770 

adjustments in ice water path (𝐼𝑊𝑃) and ice cloud fraction. Considering the correspondence with variables on the model’s 

three-dimensional grid, the model representations for the different effects—𝑁( , 𝑞) , 𝑓) , 𝑁" , 𝑞" , 𝑓"—respectively denote cloud 

droplet number concentration, cloud liquid water content, liquid cloud fraction, ice crystal number concentration, ice water 

content, and ice cloud fraction. For convenience in model calculations, concentration variables are typically converted to 

mixing ratios by dividing by the dry air density. Other adjustments, such as surface temperature changes or temperature and 775 

humidity adjustments within the atmosphere, have been shown to produce radiative effects that are generally small and 

therefore often neglected (Heyn et al., 2017). 
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In the PRP experiments, the first step is to run the PI and PD simulations normally (i.e., the normal run in Fig. A1) and store, 

at every time step, the cloud microphysical variables relevant to ACI, denoted as 𝒙*+ and 𝒙*,, where 𝒙 = {𝑁( , 𝑞) , 𝑓) , 𝑁" , 𝑞" , 𝑓"}. 

Next, a set of forward and backward experiments is performed. Using the forward experiment as an example—specifically, 780 

running the PI simulation while replacing individual PI variables with their PD counterparts (i.e., forward run in Fig. A1)—

we describe the detailed procedure for computing the change in net shortwave flux. 

In the second step, six PI simulations are conducted in the forward experiment, each targeting one cloud microphysical variable. 

In each simulation, the radiative transfer module is invoked using the double-call method. For illustration, consider the 

experiment isolating the 𝑁( effect (i.e., Twomey effect). During the first call to the radiation module, the model computes the 785 

TOA net shortwave flux under PI conditions, noted as 𝑆𝑊*+. During the second call, 𝑁( diagnosed by the model is replaced, 

at every time step, with the corresponding PD value stored from the normal experiment (𝒙*,), while all other cloud variables 

remain unchanged. The resulting TOA net shortwave flux is denoted as 𝑆𝑊*+BC𝒙-*,, 𝒙./-*+ DE. Here, the braces denote the set of 

variables used in the radiative calculation; the subscript 𝜉 marks the perturbed variable (e.g., 𝑁(*, in the calculation of 𝑁( 

effect), while the remaining variables are marked with 𝜁 ≠ 𝜉. The difference between the two TOA shortwave fluxes computed 790 

in the double call yields the shortwave radiative forcing associated with the PI→PD increase in 𝑁(, that is, the Twomey-effect 

shortwave forcing, denoted 𝛿*,→*+𝑆𝑊%!. Repeating the same double-call procedure for each of the six cloud microphysical 

variables produces six distinct shortwave radiative forcing components attributable to anthropogenic aerosol increases (as 

shown in the forward run of Fig. A1), thereby isolating the individual contributions of each aerosol effect. 

𝛿*,→*+𝑆𝑊- = 𝑆𝑊*+BC𝑥-*,, 𝑥./-*+ DE − 𝑆𝑊*+ ,                                                                                                                                (A2) 795 

The third step follows a procedure analogous to the second step, but using six double-call radiative calculations within the PD 

simulations. In each experiment, when replacing a cloud microphysical variable, the corresponding value from 𝒙*+—stored 

during the first step—is used to overwrite the normally computed PD variable. This procedure yields the shortwave radiative 

forcing associated with the reduction of anthropogenic aerosols (from PD to PI) through the changes in each cloud 

microphysical variable, as illustrated in the backward run of Fig. A1. 800 

𝛿*+→*,𝑆𝑊- = 𝑆𝑊*,BC𝑥-*+ , 𝑥./-*, DE − 𝑆𝑊*, ,                                                                                                                                (A3) 

The same three-step procedure is also applied to the TOA net longwave radiation flux (denoted as LW). This allows the 

calculation of the longwave radiative forcing associated with each cloud microphysical variable due to anthropogenic aerosol 

increases or decreases (from PI to PD / from PD to PI), denoted as 𝛿*,→*+𝐿𝑊- and 𝛿*+→*,𝐿𝑊-, respectively. In this way, the 

six individual aerosol effects on longwave radiative forcing are separated. 805 

In practice, the PRP method perturbs the radiative flux calculations without interfering with the model’s dynamical run, i.e., it 

relies on the double-call approach when invoking the radiation module. Since 𝑁( is not a direct input to the radiation module, 

cloud microphysical parameters 𝜆 and 𝜇 must be computed prior to the module call. Different cloud variables affect the inputs 
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to the radiation module in distinct ways: for example, 𝑁( and 𝑞) influence the cloud droplet spectrum parameters 𝜆 and 𝜇, 𝑞) 

also affects LWP, while 𝑁" and 𝑞" influence the ice crystal effective diameter 𝐷", and 𝑞" also affects IWP, as illustrated in Fig. 810 

A1. 

When running forward or backward experiments individually, changing only a single variable can sometimes produce 

unrealistic results—for example, a grid cell may contain no cloud while the substituted 𝑁(  is nonzero, representing a 

nonphysical decoupling of cloud variables. (Mülmenstädt et al., 2019) showed that averaging the forward and backward 𝛿 

values effectively mitigate this issue, preventing spurious signals from biasing the assessment of radiative effects. 815 

Consequently, the shortwave radiative forcing caused by aerosol-induced changes in a given cloud microphysical variable can 

be expressed as 

𝛿*+↔*,𝑆𝑊- =
2$%→$'34(52$'→$%34(

6
 ,                                                                                                                                      (A4) 

with a similar formulation applying for longwave radiation. Using the PRP method, the radiative forcing attributable to aerosol 

effects through a specific cloud microphysical variable can be represented as 820 

𝐹- = 𝛿*+↔*,𝑆𝑊- + 𝛿*+↔*,𝐿𝑊- ,                                                                                                                                            (A5) 

where 𝜉 = 𝑁(, 𝑞), 𝑓), 𝑁", 𝑞" and 𝑓" corresponds to 𝐹%!, 𝐹&", 𝐹'", 𝐹%#, 𝐹&# and 𝐹'#, respectively. 

 

Code and data availability. The CIESM source code is publicly available at http://doi.org/10.5281/zenodo.3596317 

(YishuangLiang and hxmhuang, 2020) , and documentation for the PAM can be accessed at 825 

https://gitlab.com/PAMdev/canam5.1-pam and described by https://cccma.gitlab.io/PAM/PAMcode.html. The CCN_SITE 

and CCN_MOD datasets are available at https://doi.org/10.5281/zenodo.3265866, and the CCN_SAT dataset can be obtained 

from https://doi.pangaea.de/10.1594/PANGAEA.956215. The MCD06COSP dataset is available at 

https://ladsweb.modaps.eosdis.nasa.gov/archive/allData/62/MCD06COSP_M3_MODIS/, and the CALIPSO-GOCCP dataset 

can be accessed at https://climserv.ipsl.polytechnique.fr/cfmip-obs/. MODIS, ISCCP, AVHRR, and GPCP products are 830 

available from the ICDC data portal at https://www.cen.uni-hamburg.de/en/icdc/data/atmosphere. The datasets of cloud 

droplet number concentration (Quaas06, Bennartz17, Zhu18, and Grosvenor18) can be obtained from 

https://catalogue.ceda.ac.uk/uuid/864a46cc65054008857ee5bb772a2a2b/. The MAC-LWP dataset is available at 

https://disc.gsfc.nasa.gov/datasets/MACTWP_mean_1/summary?keywords=MAC-LWP, and the TRMM dataset can be 

accessed at https://disc.gsfc.nasa.gov/datasets/TRMM_3B43_7/summary?keywords=trmm. CERES data are available from 835 

https://asdc.larc.nasa.gov/project/CERES. The IWP_LIM and Jia2021 datasets are available from the corresponding authors 

upon reasonable request. Last accessed: 1 December, 2025. 
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