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Abstract. Tropical cloud prediction over the Maritime Continent remains challenging for numerical weather prediction models,13
largely due to uncertainties in cloud microphysics parameterizations under complex topography and multiscale convective14
conditions. Accurate cloud forecasts are essential for assimilating cloud-affected observations, particularly high-resolution15
radiances from geostationary satellites, which also provide a valuable basis for diagnosing model performance of clouds. In16
this study, tropical cloud characteristics simulated by the Model for Prediction Across Scales–Atmosphere (MPAS-A) with17
two cloud microphysics schemes—the single-moment WSM6 and the double-moment NSSL, are comprehensively evaluated18
using multi-band radiances from the Himawari-9 Advanced Himawari Imager (AHI) and associated Level-2 cloud products.19
The proposed infrared radiance–based framework enables more effective use of high-resolution satellite data for model20
assessment. Results indicate that NSSL better captures the spatial distribution of cloud amount and yields smaller forecast-21
minus-observation (F–O) brightness temperature biases in cloud- and fog-sensitive channels. In contrast, WSM6 shows smaller22
F–O biases in water-vapor-sensitive channels, but reduced skill in distinguishing cloudy and clear-sky conditions during the23
spin-up period. Cloud-type diagnostics further reveal that WSM6 and NSSL tend to underpredict the occurrence of thick and24
thin ice clouds, respectively. Nevertheless, both schemes show higher forecast skills for liquid-water and thin ice clouds than25
for other cloud types, whereas the largest forecast errors occur in multilayer ice-cloud regimes. An overprediction of cloud-26
top heights for high-level clouds is also evident in both schemes, with diurnal variations in F–O that are more pronounced over27
land in the NSSL scheme.28
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1 Introduction29

Cloud prediction in the tropics has long posed a major scientific and operational challenge due to the deep convection, complex30
multiscale interactions, sparse in situ observations, and strong ocean–atmosphere–radiation coupling that remain difficult for31
numerical models to represent (Jin et al., 2018; Medeiros et al., 2021; Gehne et al., 2022; Stephens et al., 2024). Within the32
tropical belt (~10° N–10° S, 90°–150° E), the Maritime Continent is characterized by exceptional complexity, with numerous33
islands, shallow seas, and rugged mountainous terrain that further complicate weather prediction (Neale and Slingo, 2003;34
Chang et al., 2016; Dipankar et al., 2020; Aslam, 2025). Despite the deployment of convection-permitting models with35
increasingly high spatial resolution, the accurate representation of cloud microphysical processes in this region remains36
unresolved, and forecast skill continues to be constrained by uncertainties in microphysics parameterizations under such37
complex boundary and atmospheric conditions (Khain et al., 2015; Chow et al., 2016; Simón-Moral et al., 2021; Lee et al.,38
2022).39

In numerical weather prediction (NWP) systems, microphysical parameterizations play a fundamental role in regulating40
cloud simulations by governing hydrometeor classification, interactions between species, latent heat release, and radiative41
properties, all of which form a complex microphysical–dynamical–radiative coupling mechanism (Fovell et al., 2010; Zhang42
et al., 2021; Morrison et al., 2020; Köcher et al., 2023; Atlas et al., 2024). Commonly used schemes are broadly categorized43
into single-moment and double-moment approaches, whose different representations of hydrometeor mass and number44
concentration lead to distinct particle size distributions, sedimentation characteristics, and phase partitioning. Each cloud45
microphysics scheme relies on specific assumptions regarding cloud and precipitation hydrometeor properties, which can be46
a significant source of model error (Tong and Xue, 2008). Moreover, the effectiveness of assimilating cloud-affected satellite47
observations is strongly influenced by the representation of cloud microphysics (Sieron et al., 2017; Rendon et al., 2025). For48
example, inter-scheme differences in the treatment of latent cooling within the background state vector and associated error49
covariance matrices may affect data assimilation performance (Wheatley et al., 2014). Differences in hydrometeor fall50
velocities likewise alter background brightness temperatures (BTs) in data assimilation, as faster sedimentation transports51
hydrometeors from cloud tops to lower altitudes, resulting in higher simulated BTs (van Weverberg et al., 2013; Jones et al.,52
2018; Griffin and Otkin, 2022). In addition, simulated BTs are highly sensitive to the hydrometeor profiles provided to the53
radiative transfer model (Wang, Chipilski, et al., 2020; Wang, Su, et al., 2020; Li et al., 2022). Consequently, systematic54
assessment and refinement of cloud microphysics parameterization schemes remain a key prerequisite for improving model55
cloud predictability.56

Given the sparsity of in situ observations and the limited spatial coverage of ground-based measurements in the tropics,57
satellite observations have become an indispensable basis for evaluating cloud parameterization schemes (Jones et al., 2013;58
Centurioni et al., 2019; Battaglia et al., 2020). Among these, microwave radiances provide valuable information on the vertical59
structure of hydrometeors (Matsui et al., 2014; Panegrossi et al., 2016; Galligani et al., 2017; Zhang et al., 2019). However,60
their relatively coarse temporal sampling, constrained by sun-synchronous orbits, limits their ability to continuously capture61
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the diurnal variability of clouds (Wang and Zhao, 2017). In contrast, geostationary infrared (IR) observations offer high-62
frequency, spatially continuous coverage over broad regions, enabling detailed monitoring of cloud systems and their diurnal63
evolution (Bessho et al., 2016; Schmit et al., 2017; Aumann et al., 2018; Susskind et al., 2019; Min et al., 2020).64

Two general approaches are commonly used to assess cloud microphysics parameterization schemes with satellite65
observations. The first approach is based on direct comparisons between model-simulated hydrometeors and their satellite-66
retrieved counterparts (Waliser et al., 2009; Huang et al., 2019). This strategy typically relies on interpretable retrieval-based67
quantities, such as cloud fraction, cloud optical depth, and cloud-top height (CTH), derived from well-established retrieval68
algorithms (Otkin and Greenwald, 2008; Hashino et al., 2013; Wang et al., 2022; Mohan et al., 2024). These quantities either69
correspond directly to model prognostic variables or maintain strong physical relationships with them. For example, cloud-70
property products retrieved from visible and infrared satellite radiances have been widely used to diagnose systematic errors71
in the simulation of cloud fields (Franklin et al., 2013; Iwabuchi et al., 2016; Geiss et al., 2021; Guo et al., 2024). Using72
Geostationary Operational Environmental Satellite-9 (GOES-9) cloud-property products, Van Weverberg et al. (2013) further73
demonstrated that simulations of mesoscale convective systems over the tropical western Pacific are highly sensitive to74
microphysical parameterizations, particularly to the fall velocity of frozen condensate, which is closely related to particle size75
distributions.76

The second approach employs a model-to-satellite framework, in which atmospheric fields from model output (e.g.,77
temperature, water vapor, and cloud mixing ratios) are converted into simulated radiances or BTs via a forward radiative78
transfer model, enabling direct comparison with satellite observations (Cintineo et al., 2014; Zhang et al., 2019). This approach79
mitigates uncertainties associated with retrieval assumptions and provides a physically consistent linkage between model-80
simulated atmospheric states and satellite-observed radiances. As a result, the model-to-satellite strategy has been widely81
adopted for evaluating the realism of weather and climate model simulations (Otkin et al., 2009, 2017; Grasso et al., 2014;82
Yao et al., 2018). For instance, several studies have simulated geostationary imager infrared radiances to examine cloud83
coverage, diurnal variability, and cloud-property characteristics during high-impact convective events (Line et al., 2016;84
Griffin et al., 2017a, b; Lindsey et al., 2018). Using GOES channel-4 infrared observations, Thompson et al. (2016) highlighted85
that realistic representation of ice-cloud radiation properties requires explicit coupling between cloud microphysics and86
radiative parameterizations. The diurnal and semidiurnal variability of southeastern Pacific stratocumulus clouds was87
quantitatively evaluated by Painemal et al. (2013) using GOES-10 geostationary observations, revealing increases in cloud-88
top height and cloud fraction during the early morning followed by afternoon decreases, as well as more complex semidiurnal89
oscillations in coastal clouds compared to offshore clouds. Furthermore, pronounced diurnal variability in high-level clouds90
over tropical land was identified through a joint analysis of AIRS and IASI infrared observations, with cloud-type-dependent91
phase and amplitude signals indicative of strong convective coupling (Feofilov et al., 2019). Growing attention has also been92
directed toward assessing cloud microphysics schemes within this model-to-satellite evaluation framework. By mapping clear-93
and cloudy-sky model states into GOES-13 BT space, Jones et al. (2018) demonstrated that convective precipitation within94
the Warn-on-Forecast System (WoFS) was more realistically represented by the NSSL double-moment microphysics scheme,95
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although cirrus coverage was substantially overestimated, whereas the Thompson scheme produced more accurate cloud fields96
overall. Similarly, model-to-satellite analyses based on GOES-13 infrared (10.7 μm) BTs indicate that the WRF single-moment97
six-class (WSM6) scheme tends to underestimate upper-level ice clouds, with observed anvils suggesting excessive conversion98
of cloud water to graupel (Grasso et al., 2014). When evaluating simulations against GOES-16 all-sky infrared radiances, Kim99
et al. (2024) further found that differences in simulated BTs were primarily affected by ice and snow fall velocities, with the100
NSSL and Morrison schemes producing lower BTs due to slower fall speeds, while the faster-falling ice in the WDM6 scheme101
resulted in higher BT values. Collectively, these studies highlight the strong diagnostic value of satellite-based verification for102
improving the representation of cloud microphysical processes in numerical models.103

As one of the most advanced geostationary infrared imagers, the Advanced Himawari Imager (AHI) aboard Himawari-8/9104
provides high spatiotemporal resolution observations across visible, shortwave-infrared, and thermal-infrared bands, enabling105
the retrieval of key cloud properties such as optical thickness, cloud type, and cloud-top temperature (Letu et al., 2019). Cloud106
properties retrieved from Himawari-8 AHI have demonstrated strong consistency with observations from MODIS, CloudSat,107
CALIPSO, and radiosondes, thereby confirming the reliability of AHI data for cloud evaluation (Liu et al., 2020). Furthermore,108
cross-comparisons between Himawari-8 and Himawari-9 AHI infrared observations demonstrate high inter-sensor consistency,109
with root-mean-square errors (RMSEs) below 1.7 K, comparable scan-angle characteristics, and only minor differences110
relative to RTTOV simulations for channels 7, 9, and 16 (Zhu et al., 2023). Collectively, these studies highlight the strong111
potential of AHI observations for evaluating model cloud microphysics in tropical regions.112

Despite the aforementioned advances, the evaluation and understanding of cloud predictability associated with113
microphysics parameterization schemes over the Maritime Continent remain relatively limited. Moreover, previous studies114
have largely focused on either single infrared channels or cloud-retrieved products, which has limited the scope of model115
evaluation using geostationary infrared satellite observations. In this study, multi-band infrared radiances from the Himawari-116
9 Advanced Himawari Imager (AHI), together with corresponding Level-2 cloud products, are used to evaluate the117
performance of two microphysics schemes implemented in the Model for Prediction Across Scales–Atmosphere (MPAS-A)118
(Skamarock et al., 2012, 2018) in representing tropical cloud systems from multiple perspectives, including BT simulations,119
cloud amount, cloud-top height, cloud type, and diurnal variability. This synergistic approach is expected to enhance the120
effective use of satellite observations and to provide a more comprehensive characterization of cloud properties for model121
evaluation. The primary objective of this study is to offer valuable insights into improving tropical cloud forecasts within a122
high-resolution regional modelling framework and to lay the groundwork for future assimilation of cloud-affected infrared123
radiances over this region. The remainder of this paper is organized as follows. Section 2 introduces the datasets, methodology,124
and model configurations. The results are presented and discussed in Section 3, and Section 4 summarizes the main findings125
and outlines directions for future prospects.126
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2 Data, Methodology and Model Settings127

2.1 Regional MPAS-Atmosphere model128

The Model for Prediction Across Scales–Atmosphere (MPAS-A) solves the fully compressible, nonhydrostatic equations of129
atmospheric motion formulated in a height-based, hybrid terrain-following vertical coordinate (Skamarock et al., 2012, 2018).130
The horizontal discretization is implemented on an unstructured centroidal Voronoi mesh with C-grid staggering, in which131
horizontal velocity components are defined on cell edges, while other prognostic variables are located at cell centers. This132
unstructured mesh framework supports both global and regional simulations with quasi-uniform or variable-resolution meshes,133
allowing local refinement in targeted regions. In this study, forecasts are conducted with the MPAS-A Version 8.2.2 to evaluate134
its performance in simulating clouds over the Maritime Continent with two microphysics schemes: WSM6 and NSSL. Under135
a comparable configuration, the Thompson scheme has been shown to yield systematically lower precipitation forecast skill136
than WSM6 and NSSL (Chen et al., 2026) and is therefore excluded from the present evaluation.137

WSM6 is widely used among microphysics schemes because of its high computational efficiency (Hong and Lim, 2006;138
Comin et al., 2018). Several studies have shown that WSM6 outperforms some other single-moment schemes in simulations139
of high-impact weather events, including tropical cyclones and organized convection (Kanase et al., 2015; Park et al., 2019;140
Huang et al., 2019a, b, 2020; Huo, 2024). Nevertheless, Sunny Lim et al. (2020) reported that WSM6 tends to overestimate141
precipitation in shallow cloud systems due to excessive cloud-ice production associated with deposition processes. Similar to142
WSM6, the NSSL scheme is a bulk microphysics parameterization that predicts the same five hydrometeor species—cloud143
water (Qc), rain (Qr), cloud ice (Qi), snow (Qs), and graupel (Qg). However, NSSL extends the single-moment framework to144
a double-moment formulation by additionally prognosing hydrometeor number concentrations, thereby enabling a more145
flexible representation of particle size distributions and associated microphysical processes (Mansell et al., 2010). Previous146
studies have demonstrated that the NSSL scheme exhibits superior performance in simulating cloud-base height, ice water147
content, and heavy-precipitation events compared with some single- and double-moment schemes (Gevorgyan, 2018; Wang,148
2022; Nam, 2024). Although multi-moment microphysics schemes generally outperform single-moment schemes in149
representing size-sorting sedimentation and complex microphysical processes (Dawson et al., 2010; Milbrandt andMcTaggart-150
Cowan, 2010; Wang et al., 2022), these advantages are not universally realized. Indeed, several studies have reported only151
limited improvements relative to single-moment schemes (VanWeverberg et al., 2013, 2014; Igel et al., 2015; Cho et al., 2020;152
Li et al., 2020; Luo et al., 2024).153

In light of these differences, comparative forecast experiments are conducted to assess the performance of two154
representative bulk microphysics schemes, namely WSM6 and NSSL, in simulating tropical cloud systems within the MPAS155
framework. Although both schemes predict the same set of hydrometeor species, their underlying parameterizations differ156
substantially (Hong and Lim, 2006; Mansell et al., 2010). In the NSSL scheme, particle size distributions are formulated using157
gamma functions of particle diameter or volume, whereas WSM6 assumes exponential size distributions with prescribed158
intercept parameters. Heterogeneous ice nucleation in WSM6 is parameterized as a temperature-dependent process, with ice159
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crystal number concentration diagnosed as a function of the ice mass field (Hong et al., 2004). In contrast, the NSSL scheme160
adopts the parameterizations of Ferrier (1994) and Meyers et al. (1992) for the initiation of pristine ice crystals.161

The configuration of other physical parameterization schemes is summarized in Table 1. Cloud fraction is diagnosed using162
the Xu–Randall scheme, in which subgrid-scale cloudiness is parameterized as a function of grid-mean cloud water mixing163
ratio and relative humidity (Xu and Randall, 1996). The model domain, centered over Singapore (1.21° N, 102.0° E), covers164
a radius of approximately 1,120 km with a quasi-uniform horizontal resolution of 3 km, comprising 522,172 grid cells (Figure165
1). The vertical grid consists of 65 model levels extending from the surface to 40 km. Twelve 48-h cold-start forecasts,166
initialized at 00:00 and 12:00 UTC, are conducted during two convective episodes from 26 to 28 September and from 3 to 5167
October 2024 (Chen et al., 2026). ECMWF HRES analyses and the corresponding forecasts are interpolated onto the MPAS168
mesh to generate the initial and lateral boundary conditions for each cold-start forecast.169

170
Figure 1. The terrain height (units: m) of MPAS simulation domain over the Maritime Continent, with three transects (S0–S2)171

used for subsequent cross-sectional analyses.172

Table 1. MPAS Physics Configuration173

Physics process configuration

Boundary layer MYNN
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Surface layer MYNN

Microphysics WSM6 / NSSL

Convection Grell-Freitas

Land surface Noah

Shortwave/longwave Radiation RRTMG

Cloud fraction for radiation Xu-Randall

Gravity wave drag YSU

174

2.2 Himawari-9 AHI Radiances and Retrieval Products175

The Himawari-9 geostationary meteorological satellite, operated by the Japan Meteorological Agency (JMA), was launched176
on 2 November 2016 and became operational on 13 December 2022, when it succeeded Himawari-8. Its onboard Advanced177
Himawari Imager (AHI) provides full-disk observations every 10 min and regional imagery at temporal resolutions ranging178
from 2.5 min to 30 s, with spatial resolutions of 0.5 km in the visible bands and 2 km in the infrared bands. These high-179
frequency, high-resolution observations enable detailed analyses of cloud evolution and model performance.180

Table 2 summarizes the key characteristics of AHI infrared channels 7–16, spanning wavelengths from 3.9 to 13.3 µm.181
AHI channel 7 (3.9 µm), located in the shortwave IR window, is sensitive to cloud phase and particle size variations and is182
widely used for nighttime cloud and fog detection, as well as low-level cloud identification. The water-vapor absorption bands183
(channels 8–10; 6.2, 6.9, and 7.3 µm) are primarily sensitive to mid- to upper-tropospheric humidity and cloud-top properties184
under cloudy conditions. The atmospheric-window bands 13–15 (10.4, 11.2, and 12.4 µm) are commonly applied in185
operational analyses for cloud-phase discrimination, low-level moisture monitoring, volcanic ash detection, and sea surface186
temperature retrieval, thereby supporting real-time NWP applications (Wang et al., 2018). In addition to channel 11 (8.6 µm),187
which is sensitive to cloud phase, the brightness temperature difference (BTD) between 8.6 µm and 11.2 µm (channel 14)188
serves as a key discriminator for cloud-type classification, with positive values typically associated with ice clouds and189
negative values indicating clear-sky or altocumulus conditions (Nasiri et al., 2008). Channel 16 (13.3 µm), located within the190
CO₂ absorption band, is used to infer cloud-top height and the optical thickness of thin cirrus clouds (Bessho et al., 2016). In191
this study, cloud microphysical properties are evaluated through simulations of AHI infrared radiances from channels 7–16,192
excluding the ozone-sensitive channel 12 (9.6 µm), which lies beyond the scope of this analysis.193
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In addition to Level-1 radiance data, fundamental cloud products from Himawari-9, comprising cloud mask, cloud type,194
and cloud-top information, are also used for evaluation at the same high resolution. These products are generated using retrieval195
algorithms originally developed under the National Oceanic and Atmospheric Administration (NOAA) / National196
Environmental Satellite, Data, and Information Service (NESDIS) Enterprise project for the Geostationary Operational197
Environmental Satellite–R (GOES-R) Advanced Baseline Imager (ABI) (Imai et al., 2016). The binary cloud mask product is198
derived using the NOAA/NESDIS Enterprise Cloud Mask (ECM) methodology (Heidinger et al., 2018). Cloud-top-height is199
retrieved using the 13.3-µm CO₂ absorption band in combination with several longwave infrared window channels (10.4, 11.2,200
and 12.4 µm) (Heidinger et al., 2011, 2020). The cloud-type product is derived from four AHI infrared channels (7.3, 8.6, 11.2,201
and 12.4 µm) and classifies clouds into nine categories: fog, warm liquid water (WL), supercooled liquid water (SLW), mixed202
phase (MIXED), opaque ice (ICE), cirrus (semithin ice), overlap (with a semi-transparent upper layer), overshooting, and203
uncertain (UN) (Pavolonis et al., 2010; Pavolonis and Corey, 2020).204

Table 2. Characteristics of Himawari-9 AHI infrared channels205

Channe

l

Central wavelength

(μm)

Spatial resolution

(km)

Physical Properties

7 3.9 2 Low Cloud, Fog, Forest Fire

8 6.2 2 Mid- and Upper- Level Moisture

9 6.9 2 Mid-Level Moisture

10 7.3 2 Mid- and Lower- Level Moisture

11 8.6 2 Cloud Phase, Volcanic SO2

12 9.6 2 Ozone and potential vorticity

13 10.4 2 Clouds, Cloud Top Information

14 11.2 2 Clouds, Sea Surface Temperature

15 12.4 2 Clouds, Sea Surface Temperature

16 13.3 2 Cloud top height, CO2

https://doi.org/10.5194/egusphere-2026-1476
Preprint. Discussion started: 18 June 2026
c© Author(s) 2026. CC BY 4.0 License.



9

206

2.3 Radiance Simulation with MPAS-JEDI and CRTM207

This study uses the MPAS-JEDI system to perform all-sky radiance simulations over the model domain (Figure 1) and to208
compare the simulations with Himawari-9 AHI radiance observations. MPAS-JEDI (Liu et al., 2022; Guerrette et al., 2023;209
Jung et al., 2024; Sun et al., 2025) is a new-generation data assimilation system for MPAS-A, developed within the Joint Effort210
for Data assimilation Integration (JEDI) framework (Trémolet and Auligné, 2020). While MPAS-JEDI supports the211
assimilation of microwave and infrared radiance observations through the Community Radiative Transfer Model (CRTM) as212
the radiance observation operator (Liu and Weng, 2006; Chen et al., 2008; Johnson et al., 2023), this study applies the so-213
called HofX capability to forward-simulate AHI BTs from MPAS forecast outputs and to directly compare them with214
observations. To facilitate model–observation comparisons, hourly full-disk AHI radiance data and cloud products are215
remapped onto the regional MPAS unstructured mesh and converted into the Interface for Observation Data Access (IODA)216
format, which can be directly ingested by the MPAS-JEDI HofX application. In this study, CRTM version 2.4.1 is employed217
to simulate AHI radiances under all-weather situations using geophysical inputs from MPAS forecasts, including profiles of218
pressure, temperature, water vapor, the mixing ratios and effective radii of five hydrometeor species: cloud liquid water, cloud219
ice, rain, snow, and graupel. Surface emissivity is handled by the CRTM surface module, which accounts for four major surface220
types, including water, land, ice, and snow (Johnson et al., 2023).221

3 Evaluation of Cloud Forecast222

Based on AHI radiances and retrieval products, cloud representations in the WSM6 and NSSL microphysics schemes are223
examined from multiple perspectives, including cloudy-sky radiance simulations, cloud properties, and their diurnal evolution.224
A two-dimensional horizontal comparison is conducted between model-simulated and observed cloud states for each mesh225
cell. Model grid cells are classified as cloudy following the ECMWF diagnostic criterion, whereby the cloud fraction exceeds226
1% and the total condensate of cloud liquid and ice is greater than 1 × 10⁻⁶ kg kg⁻¹ (Serra et al., 2023). The observed cloudiness227
is determined using the AHI cloud mask, in which a value of 1 denotes cloudy conditions and 0 represents clear sky. The228
comparison results are presented in the following subsections.229

3.1 Cloudy-Sky Radiance Simulation230

Figure 2 presents the BT probability distributions of nine AHI infrared channels for the observations and for simulations using231
the two microphysics schemes. The statistics are derived from cloud-matched samples jointly identified by the observations232
and each microphysics scheme. Given the comparable numbers of matched cloudy samples, with 17,184,742 matched samples233
for OBS-WSM6 and 17,238,036 for OBS-NSSL, the observational distributions show negligible differences between the two234
matching procedures, as shown in Figures 2a and 2c shown. For brevity, the observational results presented in the following235
sections are shown only for samples matched with the WSM6 simulations.236
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The observed AHI BTs exhibit pronounced inter-channel variability (Figures 2a and 2c), consistent with their spectral237
sensitivities summarized in Table 1. The water-vapor bands 8–10 show relatively narrowBT ranges with broad, high-frequency238
peaks between ~210–260 K, reflecting the prevalence of moisture in the middle to upper troposphere. Besides, the IR window239

channels 11 and 14–16 display a substantially broader BT range (∼210–290 K) with similar frequency structures. The warm-240

side distribution of channel 13 (10.4 µm), a relatively “cleaner” IR window band, is shifted toward cooler BTs (∼220–270 K)241

owing to reduced water-vapor attenuation and increased sensitivity to high cloud-top emission (Lindsey et al., 2012).242
Meanwhile, channel 7 (3.9 µm), which is strongly sensitive to low-level clouds, fog, and surface emission, yields the warmest243
and most right-skewed BT distribution among the AHI infrared channels.244

Relative to the observations, both WSM6 and NSSL simulations reproduce the overall inter-channel hierarchy, yet exhibit245
notable differences in distribution width, frequency structure, and cold-tail characteristics. For the water-vapor channels (8–246
10), WSM6 more closely matches the observed BT distributions, whereas NSSL exhibits larger departures, characterized by247
an expanded distribution toward colder BTs and a weakened warm-side peak. For the window channels (11 and 14–16), the248
observed BT span of 210–290 K is more realistically captured by NSSL, although it features an extended cold tail around 200–249
210 K. This pronounced cold tail in the NSSL simulations indicates an overabundance of high-level clouds. Comparatively,250
WSM6 better reproduces the overall frequency structure, but its underestimation of cold BTs suggests insufficient high or251
optically thick cloud representation. Unlike the observed channel 13, which exhibits a distinctly narrower BT range and higher-252
frequency distribution, the simulated BTs from both WSM6 and NSSL fail to reproduce this feature, implying limited skill in253
representing cloud-top radiative signatures. Moreover, both microphysics schemes exhibit a larger frequency of warm BTs254
around 280–295 K relative to the observations. This bias may be associated with insufficiently opaque low-level clouds in the255
simulations (Wang et al., 2013), whereby clouds exist in terms of condensate mass and cloud fraction but are radiatively too256
thin to effectively block surface thermal emission in the window channels (Wang et al., 2013). Lastly, verification against257
nighttime channel 7 (3.9 µm) observations indicates that NSSL aligns more closely with the observed BT distribution, implying258
a more realistic simulation of low-level clouds or fog compared with WSM6.259
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260
Figure 2. Frequency distributions (>1.0%) of AHI brightness temperatures (BTs; K) for channels 7–11 and 13–16 from (a, c)261
observations cloud-matched with WSM6 and NSSL, respectively, and the corresponding (b) WSM6 and (d) NSSL simulations.262
Statistics are computed from 24-48 h forecasts at 6 h intervals, except for channel 7 using only nighttime samples (12-18 h and 36-263
42h; 20:00-02:00 SGT).264

As a representative convective-cloud case at 12:00 UTC on 5 October 2024, Figure 3 illustrates the differences between265
WSM6 and NSSL through a comparison of observed and model-simulated AHI channel 13 BTs, together with the266
corresponding vertical distributions of cloud fraction, hydrometeors, relative humidity, and vertical velocity along the S0267
transect shown in Figure 1. The AHI channel 13 observations exhibit pronounced spatial variability, with several cold minima268
below 230 K and corresponding cloud-top pressures lower than ~150 hPa (Figures 3a-b), characteristic of deep convective269
clouds (Wall et al., 2018). Overall, WSM6 simulates warmer BTs, whereas NSSL produces colder values that are closer to the270
observations, particularly over convective regions (Figures 3a-b). Over the eastern portion of the transect (~103°–106° E),271
however, WSM6 shows better agreement with the observations than NSSL, suggesting a more realistic representation of272
hydrometeors (Figures 3a-b).273

Further diagnosis of hydrometeors and cloud fraction helps elucidate the sources of the BT differences between the two274
schemes (Figures 3c-d). In WSM6, upper-tropospheric Qi and Qs are scarce above ~400 hPa, indicating limited ice growth275
aloft, whereas larger amounts of Qc and Qr are concentrated near the melting layer, implying more efficient warm cloud276
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processes. Consistently, cloud fraction remains sparse above 250 hPa and increases primarily within the 300–500 hPa layer.277
Hence, the larger positive forecast-minus-observation (F–O) BT biases in WSM6 are associated with those optically thinner278
upper-level anvils and enhanced infrared emission from lower-level clouds. In contrast, abundant cloud amounts and ice-phase279
hydrometeors (Qi and Qs) are evident in NSSL from ~500 hPa to the upper troposphere, implying thicker high-level clouds280
and leading to colder simulated BTs that are closer to the observations. It is also noteworthy that the observed cloud-top heights281
are lower than those simulated by both schemes. Such discrepancies likely stem from excessive condensate lofting through282
enhanced updrafts (Pandey et al., 2023). Besides, thermodynamic differences between the two schemes are reflected in the283
vertical distributions of vertical velocity and relative humidity, rather than in their magnitudes (Figures 3e-f). In WSM6, the284
core of upward motion is generally confined to lower altitudes near the melting layer (Figure 3e), favoring warm-phase285
processes and the development of lower-level clouds. By contrast, NSSL exhibits a deeper and higher ascent core, accompanied286
by a near-saturated moisture environment (Figure 3f), which probably facilitates the ice growth and anvil development.287
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Figure 3. (a, b) AHI channel 13 brightness temperatures (BTs; units: K) along the S0 transect shown in Figure 1 from observations289
(black dashed), simulations of WSM6 (blue) and NSSL (red) for a representative convective case, and the corresponding vertical290
cross sections of (c, d) cloud fraction (shading), and mixing ratios exceeding 0.1 g/kg for cloud liquid water (qc), cloud ice (qi), snow291
(qs), and rain (qr) (contours, units: g/kg), and (e, f) vertical velocity (shading, units: m s⁻¹) and relative humidity (green contours,292
units: %) for WSM6 (left panels) and NSSL (right panels) for a 12 h forecast valid at 12:00 UTC on 5 October 2024. Purple solid293
lines in (c–d) denote observed cloud-top pressure, and black dashed lines in (c–f) mark the 273 and 233 K isotherms.294

3.2 Cloud Amount, Cloud Type and Cloud-Top-Height295

To evaluate the model performance in representing cloudiness, two metrics are used to quantify cloud-amount forecast skills:296
the Critical Success Index (CSI) and Negative Probability of Detection (PODN), which are formulated as follows (Grecu and297
Krajewski, 2000),298

NaCSI = ,
Na+ Nb+ Nc (1)299

NdPODN = .
Nb+ Nd (2)300

Here, Na denotes the number of grid cells identified as cloudy by both MODEL and OBS (hits), Nb represents the number of301
grid cells classified as cloudy by MODEL but clear by OBS (false alarms), Nc refers to the number of grids identified as clear302
by MODEL but cloudy by OBS (misses), and Nd indicates the number of grids recognized as clear by both OBS and MODEL303
(correct negatives). These contingency relationships between observed and model cloudiness states are summarized in Table304
3. For each metric, values approaching 1.0 indicate higher cloud forecast skill and closer agreement between the model and305
observations.306

Figures 4c-d present CSI and PODN for the cloudiness forecast as a function of forecast lead time (Singapore local time)307
for WSM6 and NSSL. Besides, Figures 4a-b present the numbers of cloudy and clear-sky pixels identified separately by the308
observations and by the model with each microphysics scheme. It is noted that both schemes tend to overpredict cloudy pixels309
and underpredict clear-sky pixels relative to the observations. These mismatched samples primarily correspond to “Oclear-310
Mcloud” situations, indicating inconsistencies between the model-simulated and observed cloudiness states.311

As shown in Figures 4a-b, the observations indicate that cloud amount reaches its maxima during forecast hours 9–18 and312
33–42 (17:00–02:00 SGT) and decreases to minima during forecast hours 21–27 and 45–48 (05:00–11:00 SGT). Both WSM6313
and NSSL reproduce the overall temporal evolution, although the model simulated cloud maxima occurs relatively later than314
observed when the observed cloud amount peaks around 9 h and 33 h (Figure 4a). Consistently, the CSI for both schemes315
increases markedly during 9–21 h and 30–45 h (17:00–05:00 SGT), with pronounced declines around 21–27 h and 45–48 h316
(05:00–11:00 SGT; Figure 4c). These fluctuations closely coincide with the diurnal variation in cloudy-pixel counts shown in317
Figure 4a. In other words, cloud representation skill is higher during periods of cloud development and lower during cloud318
dissipation. Moreover, during the first 9 h, NSSL produces fewer cloudy pixels and more clear-sky pixels, in closer agreement319
with the observations, suggesting a more realistic spin-up of initial cloud development (Figure 4a). In contrast, WSM6 tends320
to overpredict cloud occurrence, with a subset of observed clear-sky pixels being erroneously classified as cloudy.321
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Correspondingly, higher CSI and PODN scores are achieved by NSSL within the first 9 h (Figures 4c-d). At later forecast322
times beyond 24 h, although the total counts of cloudy and clear-sky pixels simulated by WSM6 become closer to the323
observations, its CSI score remains lower than that of NSSL. This likely reflects the persistence of larger spatial displacement324
errors in the WSM6 cloud forecasts, despite improved agreement in the overall cloud counts. NSSL maintains higher CSI325
values, reaching approximately 0.86 near 45 h (Figure 4c), suggesting an improved hit rate and fewer false alarms under cloudy326
conditions.327

In terms of the PODN metric, both schemes exhibit consistently low values below 0.5 (Figure 4d), indicating that clear-328
sky scenes are frequently misclassified as cloudy. Nevertheless, the higher PODN values obtained with NSSL, especially for329
the first 24 h, indicate a better representation of clear-sky scenes compared with WSM6. The gradual decrease in PODN after330
12 h is consistent with the growing discrepancy between simulated and observed clear-sky sample counts (Figures 4b and 4d).331
Overall, NSSL demonstrates superior skill in representing cloud occurrence, particularly in terms of spatial consistency with332
the observed cloud fields, whereas the WSM6 shows larger spatial displacement errors of clouds and reduced skill in333
discriminating between cloudy and clear-sky conditions during the spin-up period.334

Table 3. Contingency table for binary cloud-amount forecast accuracy metrics335

Model Cloud (Mcloud) Model Clear (Mclear)

Obs Cloud (Ocloud) Na (Hits) Nc (Misses)

Obs Clear (Oclear) Nb (False Alarms) Nd (Correct Negatives)
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336
Figure 4. Observed and model-simulated (a) cloudy and (b) clear-sky pixels counts, along with (c) Critical Success Index (CSI) for337
cloud-amount forecast and (d) Probability of Detection for Non-cloud (PODN) as a function of forecast lead time. The forecasts338
are initialized at 00:00 UTC and the corresponding Singapore local times are also marked in the x-axis339

The brightness temperature difference (BTD) of the ~8.5–8.7 µm minus the ~11 µm window channels can be used to340
effectively discriminate liquid and ice clouds because of differences in their radiative properties (Otkin et al., 2009; Menzel et341
al., 2015). Figure 5 illustrates the joint frequency distributions of the BTD of 8.6–11.2 μm (BTD8.6-11.2) versus the 11.2 μm BT342
in the observations and model simulations for several distinct liquid- and ice-cloud types. During the study period, liquid-water343
clouds identified by AHI retrievals are relatively rare, accounting for ~5–6% of all cloudy samples, whereas ice clouds344
dominate, with optically thin and optically thick ice clouds comprising 45.9% and 21.2%, respectively. Supercooled liquid-345
water and mixed-phase clouds together account for only ~1–2% and are therefore excluded from the analysis. The scarcity of346
liquid-phase cloud samples likely reflects an inherent limitation of passive infrared sensors, which are primarily sensitive to347
the uppermost cloud layer, such that liquid clouds may be obscured by overlying ice clouds and are therefore underrepresented348
in IR-based cloud-type retrievals (Haynes et al., 2022).349
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The observed frequency distribution exhibits a high-frequency core (> 1.0%) spanning BTs of 200-290 K and BTD8.6-11.2350
from −4 K to 5 K (Figures 5a-c). The positive BTD8.6-11.2 value corresponds to ice-phase clouds, resulting from the reduced351
emissivity of ice particles at 11.2 µm relative to 8.6 µm (Figures 5b-c). In contrast, liquid water clouds generally yield BTD8.6-352

11.2 < 0 with 11.2 µm BTs in the range of 240-290 K, reflecting their higher emissivity at 11.2 µm compared with 8.6 µm353
(Figure 5a). Moreover, under cloudy conditions, lower 11.2 µm BTs (< 240 K) indicate optically thicker clouds or higher354
altitude clouds, often associated with deep convection, whereas higher BTs (> 260 K) generally correspond to optically thinner355
or lower altitude clouds.356

Relative to the observations, the overall BTD–BT pattern in the low-frequency regime (< 1.0%) is noticeably broadened357
in both schemes (Figures 5d-i), indicating increased uncertainty in the prediction of low-frequent cloud states. The extended358
BTD8.6-11.2 tails exceeding 15 K in both simulations are likely associated with the presence of semi-transparent ice clouds,359
which amplify extinction differences between 8.6 and 11.2 µm (Mayer et al., 2024). Besides, the ice cloud distribution360
produced by WSM6 is systematically shifted toward larger positive BTDs when the observed peak occurrence falls within361
~200–260 K of 11.2 µm BTs and -5–0 K of BTDs (Figures 5b-c and 5e-f), suggesting biases in the simulated optical and362
microphysical properties of those ice clouds.363

In the high-frequency core (frequency > 1.0%), the observed BTD distribution for liquid-water clouds is well captured by364
both experiments, although the occurrence of colder liquid-water cases (BT < 280 K) is underpredicated (Figures 5a, 5d and365
5g). It is also noted that WSM6 overpredicts the frequency within the 0–5 K BTD range (Figure 5d), which may be attributable366
to misclassification between liquid- and ice-phase cloud categories. For optically thin ice clouds, WSM6 more accurately367
predicts the observed frequency structure within the BT range of 220–290 K and BTDs of −2 to 5 K (Figures 5b and 5e). In368
contrast, NSSL underpredicts the frequency within the BT range of 260–280 K and BTD8.6-11.2 of 0–5 K in this thin ice regime369
(Figures 5b and 5h). Despite these differences, both schemes show improved performance for optically thin ice clouds relative370
to other ice-cloud regimes. Under thick ice conditions, frequencies within the 200–240 K BT range are substantially371
underpredicted in the WSM6 simulations (Figures 5c and 5f). Although NSSL shows better agreement with observations along372
the BT axis within 200–240 K, its frequency distribution exhibits excessive extension toward both large negative and positive373
BTD values (Figures 5c and 5i). Overall, the phase-dependent structure in BTD space is generally in good agreement between374
the observations and both schemes, whereas larger discrepancies are evident along the BT axis, implying greater uncertainties375
in the prediction of cloud-top characteristics than in the split-window radiative response.376
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377
Figure 5. Frequency distributions (> 0.1%) of 8.6–11.2 μm (channel 11–14) brightness temperature differences (BTDs, units: K)378
versus 11.2 μm (channel 14) brightness temperatures (BTs, units: K) under different AHI L2 cloud-type conditions, including liquid379
water clouds (first column), thin ice clouds (second column), and thick ice clouds (third column), shown for (a-c) observations, (d-f)380
WSM6 simulations, and (g-i) NSSL simulations. Statistics are calculated using cloud-matched samples and binned at 0.5 K intervals381
for BTD and 2 K intervals for BT, based on 24-48 h forecasts with a 6 h interval.382

Figure 6 presents the joint frequency distributions of cloud-top pressure (CTP) versus the cloud-top sensitive AHI channel383
16 BTs for the observations and for the WSM6 and NSSL simulations. In the model, cloud top is diagnosed following the384
methodology of the ECMWF Integrated Forecasting System (ECMWF, 2024) and is defined as the uppermost level of385
consecutive cloudy layers within each column. As shown in Figure 6a, the observed distribution exhibits a clear inverse386
relationship between CTP and BT, with higher BTs corresponding to lower cloud-top pressures. The highest observed CTP387
frequencies are concentrated between 150 and 350 hPa for BTs ranging from 200 to 260 K, indicative of abundant deep388
convective anvils. In addition, a weaker but distinct branch extends downward to layers near 900 hPa with BTs of389
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approximately 260–270 K, representing the presence of lower-level clouds. Both WSM6 and NSSL reproduce the overall390
inverse CTP-BT relationship, yet exhibit systematic biases in high-cloud representation (Figures 6b-c). In both schemes,391
simulated CTP frequencies are concentrated primarily between 100 and 200 hPa, with much lower occurrences between 250392
and 600 hPa, indicating that cloud tops are generally simulated at higher altitudes than observed. For upper-level clouds at393
150–200 hPa, the NSSL scheme more accurately reproduces the observed BT distribution. However, it also exhibits an394
expanded high-frequency occurrence of BTs near 220 K above 150 hPa (Figure 6c), suggesting an overprediction of optically395
thick high-level ice clouds. This feature is consistent with the broader high-frequency distributions simulated by NSSL (Figure396
5i) relative to the observations (Figure 5c). Additionally, the WSM6 scheme shows more pronounced BT biases for high clouds,397
characterized by an underprediction of colder BTs and an overprediction of warmer BTs above 200 hPa (Figure 6b), implying398
a less realistic representation of high-cloud optical thickness. Furthermore, both schemes underpredict the frequency of clouds399
below approximately 600 hPa at BTs of 260–270 K, characteristics of mid- to low- levels clouds.400

401
Figure 6. Frequency distributions (> 0.1%) of cloud top pressure (CTP, units: hPa) versus Channel 16 (13.3 μm) brightness402
temperature (BT, units: K) for (a) observations, (b)WSM6 and (c) NSSL simulations. Statistics are computed within binned intervals403
of 25 hPa in CTP and 2 K in BT. Model data are from 24-48 h forecasts with a 6 h interval.404

3.3 Diurnal Variation of Cloud Forecast405

Figure 7 displays the probability distributions of channel 13 F–O BTs as a function of forecast lead time for the WSM6 and406
NSSL schemes under different cloud-type conditions. With asymmetric F–O distributions, we use median instead of mean to407
better characterize the primary bias tendency. For liquid-water clouds (5–6 % of total cloud samples), both schemes show408
relatively good consistency between simulated and observed BTs. The corresponding F–O distributions are tightly centered409
around zero and exhibit minimal temporal variability (Figures 7a-b). For optically thin ice clouds, representing about 45% of410
the total samples, this category is predicted most accurately by both schemes among all ice-cloud types. This behavior is411
characterized by smaller F–O biases and lower standard deviations (STDs), particularly in WSM6 (Figures 7c-d). The412
comparatively larger F–O medians and STDs in NSSL are likely attributable to an underprediction of thin ice clouds, as413
illustrated by the cloud-type frequency distributions in Figures 5b and 5g. Under optically thick ice cloud conditions (Figures414
7e-f), the contrast between the two schemes becomes more pronounced. NSSL exhibits clear superior performance, with a415
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substantially smaller warm bias (3.69 K) when compared to WSM6, which has an average warm bias of 25.01 K. The warm416
bias of WSM6 increases with forecast lead time (Figure 7e), consistent with its pronounced underprediction of thick ice cloud417
frequency shown in Figures 5c and 5f. Multilayered ice clouds (25.7% of total cloud samples) are simulated with the lowest418
skill in both schemes, as evidenced by broad probability plumes displaced from 0 K and the largest STDs among all cloud419
categories (Figures 7g-h). This discrepancy is further amplified in NSSL, which exhibits a wider bias range extending from420
−30 K to 30 K.421

Overall, a diurnal variation of F–O is evident for both schemes, with particularly pronounced signals in NSSL under thick422
and multilayer ice cloud conditions. These signals are characterized by a tendency toward negative F–Os during the daytime423
periods of 6–9 h and 30–33 h (14:00–17:00 SGT), followed by a marked shift toward positive F–Os during the 12–21 h and424
36–45 h nighttime hours (20:00–5:00 SGT, Figures 7f and 7h). Meanwhile, for both schemes, the STDs across different cloud425
types generally decrease during the daytime period (14:00–17:00 SGT), accompanied by a more concentrated distribution of426
F–O samples. In contrast, larger STDs and more dispersed F–O distributions are observed during the nighttime period (20:00–427
05:00 SGT). The underlying mechanisms responsible for these diurnal characteristics are further examined in following428
sections.429
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Figure 7. Probability distributions of channel 13 Forecast-Minus-Observation brightness temperature (F–O BT; units: K) as a431
function of forecast lead time (from 00:00 UTC) for WSM6 (first column) and NSSL (second column) under four cloud-type432
conditions. Lead time-averaged median and standard deviation values of F–O are shown in each legend. The red line denotes the433
median values at different forecast ranges.434

To further elucidate the diurnal mechanisms from a microphysical perspective, Figure 8 presents the domain-averaged435
cloud fractions and hydrometeor mixing ratios as functions of forecast lead time and pressure level for the WSM6 and NSSL436
schemes. Compared with NSSL, WSM6 exhibits smaller cloud fractions (< 0.4) and thinner anvil layers between 250 and 100437
hPa, whereas NSSL produces deeper anvils with larger cloud fractions (> 0.6) extending from 100 to 350 hPa (Figure 8a).438
Besides, a large amount of Qc in WSM6 is concentrated within the mixed-phase layer near the 273 K isotherm, exhibiting two439
distinct peaks during the nocturnal periods of 15–24 h and 39–48 h. Subsequently, Qc near 273 K appears to be preferentially440
depleted through riming and accretion processes, whereby supercooled Qc is likely collected and frozen by ice particles to441
enhance Qg, while Qc is possibly accreted by raindrops, leading to increased Qr. This conversion is evidenced by notable442
increases in Qg (up to ~0.035 g kg⁻¹ between 400 and 600 hPa) and Qr (up to ~0.030 g kg⁻¹ below 600 hPa). The enhanced443
efficiency of riming and accretion inWSM6 is likely associated with the lower altitude of the saturation-layer top (RH = 100%)444
near 400 hPa, which facilitates supersaturation and intensified liquid–ice interactions. Under these conditions, enhanced mid-445
level Qc and Qg near the melting layer (~273 K) may contribute to the reduced F–O biases and smaller STDs for liquid-water446
clouds in WSM6 (Figures 7a, 8a, and 8c). In contrast, upper-tropospheric Qi and Qs in WSM6 remain nearly steady, with Qi447
ranging from 0.005 to 0.019 g kg⁻¹ and Qs generally below ~0.035 g kg⁻¹ above 500 hPa (Figures 8a and 8c), values that are448
clearly lower than those simulated by NSSL (Figures 8b and 8d). The lower saturation height in WSM6 likely suppresses449
depositional ice growth, resulting in thinner ice layers in the upper troposphere. This pattern is consistent with the reduced F–450
O biases under optically thin ice cloud conditions (Figure 7c), but also leads to systematic positive F–O biases for optically451
thick and multilayered ice clouds (Figures 7e and 7g). Similarly, Grasso et al. (2014) reported that excessive Qc-to-Qg452
conversion reduces the primary source of anvil ice mass. In contrast to WSM6, the saturation layer in NSSL is positioned at a453
higher altitude (~250 hPa), accompanied by enhanced concentrations of Qi (~0.034 g kg⁻¹) and Qs (~0.078 g kg⁻¹) extending454
through the 350–150 hPa layer (Figures 8b and 8d). This elevated saturation level may be conducive to depositional ice growth,455
which increases the optical depth of ice-phase clouds. As a result, NSSL exhibits reduced F–O biases for optically thick ice456
clouds, but larger positive biases for optically thin ice clouds (Figures 7d and 7f). This behavior is consistent with previous457
MPAS- and WRF-model based evaluations showing that NSSL tends to produce larger cloud-ice mass mixing ratios than458
WSM6 (Chen et al., 2026; Morrison et al., 2015).459

During the daytime periods (6–9 h and 30–33 h; 14:00–17:00 SGT), increases in cloud fraction and hydrometeor content460
in both schemes coincide with reduced warm F–O biases (Figures 7 and 8a-b), indicating enhanced deep convective461
development that leads to colder simulated BTs closer to the observed values. Conversely, the pronounced reduction in462
simulated cloud fraction and hydrometeor content during the nighttime periods of 12–18 h and 36–42 h (20:00–02:00 SGT)463
contributes to larger positive F–Os. Meanwhile, larger STDs as well as reduced predictability, as shown in Figure 7, tend to464
occur during the nighttime interval of 20:00–05:00 SGT. This period is characterized by enhanced accumulation of Qc in the465
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mixed-phase layer and decreased cloud fractions, implying an unstable stage of cloud formation or decay. In contrast, smaller466
STDs during the daytime period of 14:00–17:00 SGT are associated with more fully developed cloud systems, featuring467
maximized hydrometeor contents (e.g., Qi, Qs, Qg, and Qr) and larger cloud fractions.468

Furthermore, the stronger diurnal variability of F–O in NSSL relative to WSM6 under optically thick and multilayered ice469
cloud conditions (Figure 7) is likely associated with larger-amplitude variations in ice-phase hydrometeors (Qi and Qs) across470
multiple upper-tropospheric layers, spanning approximately 400–100 hPa (Figures 8b and 8d). During periods of daytime471
convective activity (14:00–17:00 SGT), enhanced upper-level cloudiness and increased Qi and Qs in NSSL tend to increase472
ice-cloud optical thickness, leading to colder simulated BTs and larger negative F–O biases (Figures 7f and 7h). At night473
(20:00–05:00 SGT), the significant decay of ice-phase hydrometeors, together with reduced Qc and Qg contents near the474
melting layer, decreases the cloud optical thickness markedly, resulting in a shift toward more positive F–O biases (Figures 7f,475
7h, 8b, and 8d). By contrast, in WSM6 the larger hydrometeor contents are primarily confined to lower-level Qc and Qg and476
exhibit relatively weak diurnal variability (Figures 8a and 8c). As a result, their influence on top-of-atmosphere BTs is limited,477
leading to a comparatively steadier F–O behavior for ice clouds (Figure 7).478
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479
Figure 8. Domain-averaged (a, b) cloud fraction (shading), the mixing ratio (units: g/kg) of Qc (red contours) and Qi (green contours),480
and (c, d) Qg (shading), Qs (green contours) and Qr (red contours) as a function of forecast lead time and pressure for the WSM6481
(first column) and NSSL (second column) microphysics schemes. The dashed black lines mark the 273 K and 233 K isotherms, and482
the magenta line indicates the uppermost level where the relative humidity reaches 100%.483

To evaluate the spatial characteristic of diurnal variations, Figure 9 presents the daytime and nighttime horizontal484
distributions of F–O BTs for AHI channel 13, averaged within 1° × 1° longitude–latitude bins. During the daytime, both485
schemes exhibit a distinct land-sea contrast, with predominantly negative F–O biases over land and positive biases over the486
adjacent oceans. Overall, this land-sea contrast is more pronounced in NSSL, reaching approximately 40–50 K, with cold487
biases of about -30 K over land and warm biases of roughly 15 K over nearby oceans (Figure 9b). In comparison, WSM6488
produces a weaker contrast of roughly 20–40 K, characterized by smaller cold biases over land but stronger warm biases over489
the ocean (Figure 9a), which are further examined in Figures 10a and 11a. As shown in Figures 9c-d, the negative daytime F–490
O biases over land shift markedly toward positive values (~5–20 K) at night for both schemes, indicating weakened convection491
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and reduced cloud amounts after sunset. In particular, over land, the NSSL scheme exhibits a larger diurnal range in F–O (~15–492
30 K) than WSM6 (~10–25 K). Over the ocean, both schemes show substantially weaker diurnal variability, with NSSL493
producing more negative F–O biases up to -20 K and WSM6 yielding predominantly positive biases ranging from 10 to 25 K494
(Figures 9c-d).495

496

Figure 9. Spatial distributions of the averaged Forecast-Minus-Observation (F–O, units: K) for Himawari-9 channel-13 brightness497
temperatures, computed within 1° × 1° longitude–latitude bins, during (a, b) the local daytime 11:00-17:00 SGT from a forecast498
range of 3-9 h and 27-33 h and (c, d) the local nighttime 21:00-03:00 SGT from a forecast range of 13-19 h and 37-43 h for the WSM6499
(left) and NSSL (right) schemes.500

To further examine the influence of topography and atmospheric environments on cloud diurnal evolution, Figures 10-11501
present vertical cross-sections of simulated cloud fraction, vertical velocity, and thermodynamic fields along the S1 and S2502
transects shown in Figure 1. The cross-sections across different terrain types reveal that over the mountainous backbone of503
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central Sumatra (96–101° E), where terrain elevations exceed 1 km, both schemes exhibit enhanced positive potential504
temperature anomalies during the daytime, accompanied by strong vertical motions and extensive high-cloud coverage505
between 300 and 100 hPa (Figures 10a–b). This pattern indicates strengthened convective lifting associated with terrain-506
induced thermodynamic forcing, consistent with previous studies over the Maritime Continent (Coppin et al., 2019; Wei et al.,507
2022). Notably, NSSL produces stronger vertical velocities extending to higher altitudes, together with thicker high clouds508
(cloud fraction > 0.7 above ~250 hPa), whereas WSM6 shows relatively shallower updrafts and reduced upper-tropospheric509
cloud coverage. Meanwhile, both schemes tend to overestimate cloud-top heights over mountainous terrain. These daytime510
conditions help explain the larger negative F–O biases over land (Figures 9a-b), as orographic enhancement of deep convection511
along the Barisan Range leads to increased high-level cloud coverage. In contrast, over adjacent seas and coastal lowlands512
(<1.0 km elevation), weaker potential temperature anomalies and reduced upward motion limit cloud development to below513
~400–500 hPa (Figures 10a-b), which is associated with comparatively smaller F–O biases for both schemes (Figures 9a-b).514

After sunset, the cross-sectional thermodynamic structure undergoes a distinct phase reversal, as shown in Figures 10c-d.515
Over the low-elevation plains around 101°–103° E, potential temperature anomalies gradually shift from negative during the516
day to positive at night, accompanied by predominantly downward motion. Consequently, the convective clouds that develop517
during the daytime gradually descend and dissipate over these low-lying areas, with more rapid dissipation in WSM6 than in518
NSSL. This behavior is consistent with the larger positive F–O biases in WSM6 shown in Figures 9c-d. Furthermore, over the519
high-elevation region (~98°–101° E), even larger positive F–O biases are observed in both schemes relative to the lower-520
elevation areas (Figures 9c-d), coinciding with a pronounced reduction in cloud amount due to weakened potential temperature521
anomalies and reduced vertical motion (Figures 10c-d). This feature is likely associated with the diurnal heating–cooling522
asymmetry over complex terrain. During the daytime, surface warming associated with stronger shortwave solar radiation can523
occur more rapidly at higher elevations (Pepin et al., 2022), which enhances convective instability and promotes cloud524
development (Hartmann et al., 2018). In contrast, greater attenuation of solar radiation over lower terrain, owing to a higher525
atmospheric extinction rate associated with airmass, water vapor, and aerosols, may limit surface heating and suppress526
convection (Yang et al., 2010). At night, longwave radiative cooling combined with weaker vertical motion over elevated527
terrain is likely to stabilize the boundary layer and inhibit convective activity (Sokol et al., 2020). Meanwhile, over the low-528
lying plains (~101°–103° E), downslope valley flows may promote moisture convergence and low-level cloud development529
(Figures 10c-d).530
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531
Figure 10. Mean cross-sections of the cloud fraction (blue-filled contours), vertical velocity (black vectors; units: m/s), equivalent532
potential temperature anomaly (red contours; units: K), minimum observed cloud-top pressures (purple lines; units: hPa) and533
terrain height (grey shading; units: km) along the S1 transect shown in Figure 1 for the (a, b) 11:00-17:00 SGT daytime from a534
forecast range of 3-9 h and 27-33 h and (c, d) 21:00-03:00 SGT nighttime from the 13-19 h and 37-43 h forecasts in WSM6 (first535
column) and NSSL (second column) experiments.536

Along the S2 transect, as illustrated in Figures 11a-b, the daytime-minus-nighttime differences in near-surface temperature537
(T2 m) and specific humidity (Q2 m) reveal a pronounced land–sea thermodynamic contrast extending from the eastern Indian538
Ocean to western Java. Over the ocean (~99–100° E and ~101.8–102.5° E), T2 m remains nearly constant at around 301 K,539
whereas inland temperatures near 100.4° E and 101.8° E increase from nighttime to daytime by approximately 2–8 K in both540
schemes (red curves in Figures 11a-b), reflecting enhanced daytime shortwave heating and nighttime longwave radiative541
cooling over land. Meanwhile, the daytime-minus-nighttime difference in Q2 m shows an increase of about 1–3 g kg⁻¹ from542
the ocean toward inland regions (blue curves in Figures 11a-b). This enhanced land–sea thermodynamic gradient appears to543
strengthen vertical motion along the coastal interface and promote convective development extending to above ~200 hPa544
(Figures 11c-f). In contrast to the pronounced land-based diurnal variability, the adjacent coastal oceans maintain relatively545
stable thermodynamic conditions, primarily due to the greater heat capacity and thermal inertia of seawater compared with546
land.547
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Therefore, the amplified land–sea thermodynamic contrast appears to facilitate vigorous cloud evolution over land and548
adjacent coastal regions, with cloud fractions frequently exceeding 0.7 between 100 and 300 hPa during the daytime (Figures549
11c-d), followed by rapid nocturnal subsidence and dissipation to below ~300 hPa (Figures 11e-f). Consequently, the deeper550
and higher clouds developing over land during the daytime are associated with more negative F–O biases (Figures 9a-b), as551
increased cloud optical thickness elevates the effective infrared radiating level to colder cloud tops, resulting in lower simulated552
BTs. Likewise, rapid cloud dissipation over land at night corresponds to pronounced positive F–O biases. Over the ocean, the553
relatively stable near-surface thermodynamic environment, together with weaker convective instability, maintains cloud554
fractions at more steady levels (~0.3–0.6) above ~400 hPa during both daytime and nighttime. This may explain the persistence555
of some negative F–O biases over the ocean within 102.0–102.5° E and 6.0–9.0° N throughout the diurnal cycle (Figure 9).556
Furthermore, compared with WSM6, the larger diurnal F–O amplitude produced by NSSL over land (Figures 9b and 9d) is557
likely related to its simulation of stronger upper-tropospheric vertical motion around 100-300 hPa (Figures 10 and 11), which558
may enhance the diurnal evolution of Qi and Qs in high-level clouds through lofting and sedimentation processes.559
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560

Figure 11. Vertical cross-sections of daytime-minus-nighttime differences in (a, b) 2 m specific humidity (blue lines; units: g kg⁻¹)561
and 2 m temperature (red lines; units: K) along the S2 transect shown in Figure 1, together with simulated cloud fraction (blue-filled562
contours), vertical velocity (black vectors; units: m s⁻¹), ,minimum AHI L2 cloud-top pressure (purple contours; units: hPa), and563
terrain height (grey shading; units: km) during (c, d) 11:00-17:00 SGT daytime from a forecast range of 3-9 h and 27-33 h and (e, f)564
21:00-03:00 SGT nighttime from the 13-19 h and 37-43 h forecasts simulated by theWSM6 (first column) and NSSL (second column)565
microphysics schemes.566

4 Summary567

Tropical cloud prediction over the Maritime Continent remains a persistent challenge for numerical weather prediction models,568
as forecast performance is strongly constrained by uncertainties in microphysical parameterizations under complex terrain and569
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atmospheric conditions. To support model development for cloud prediction over this region, Himawari-9 AHI multi-band570
radiances together with Level-2 cloud products are jointly used to evaluate the tropical cloud characteristics simulated by571
MPAS using the WSM6 and NSSL microphysics schemes. The proposed infrared-radiance-based framework is further572
designed to exploit these high-resolution satellite observations more effectively for model assessment. The main findings are573
summarized below.574

The evaluation using multi-band AHI radiance data shows that WSM6 more accurately represents the observed BT range575
in the water-vapor bands, whereas NSSL yields a more realistic simulation of window-channel BTs. Night-time diagnostics576
for channel 7 (3.9 µm) further suggest that BTs associated with low-level clouds and fog are simulated more realistically in577
NSSL than in WSM6.578

The cloud-amount evaluation with AHI cloud mask retrievals suggests that NSSL achieves higher skill in representing579
overall cloudiness, particularly in the spatial placement of cloudy pixels. However, theWSM6 simulations exhibit larger spatial580
displacement errors and tend to overestimate cloud fraction by misclassifying clear-sky pixels as cloudy during the model581
spin-up period. In terms of vertical cloud structure, relative to AHI cloud-top observations, both schemes tend to overpredict582
cloud-top heights for high-level clouds, while underpredicting mid- and low-level clouds. A comparable cloud-height bias has583
been reported in WRF microphysics evaluations, where cloud-top heights are generally overestimated, potentially linked to an584
overabundance of upper-level cloud ice (Zhu et al., 2023), whereas mid-level cloudiness appears to be underestimated (Jankov585
et al., 2011).586

The AHI cloud-type diagnostics further indicate that WSM6 tends to underpredict the frequency of optically thick ice587
clouds, leading to systematic warm biases in F–O. This tendency is consistent with previous findings that suggest an588
underrepresentation of upper-level ice clouds in WSM6 (Grasso et al., 2014). These biases are likely associated with limited589
development of upper-level solid-phase hydrometeors under weaker upper-tropospheric updrafts and lower saturation levels.590
In contrast, NSSL produces more abundant ice and snow hydrometeors above ~500 hPa within higher saturation layers and591
stronger upper-level ascent, resulting in smaller F–O for optically thick ice clouds. However, NSSL tends to underpredict the592
frequency of thin ice clouds and exhibits larger positive F–O biases than WSM6 in these regimes. Despite these differences,593
both schemes exhibit relatively higher predictive skill for liquid-water and optically thin ice clouds than for other cloud types.594
In contrast, multilayer ice clouds are associated with the largest forecast errors in both schemes, particularly in NSSL, where595
larger F–O biases and standard deviations are evident.596

Moreover, both schemes exhibit clear cloud-related diurnal variations in F–O, especially over land, with negative daytime597
departures suggesting an overestimation of cloud-top height and/or high-cloud amount. At night, F–O departures shift to598
positive values, likely reflecting an underestimation of high-level or optically thick clouds. This behavior is likely driven by599
diurnal heating – cooling asymmetry over complex terrain associated with surface radiative forcing. The land – sea600
thermodynamic contrast may further enhance cloud development over land and adjacent coastal regions. Based on Himawari-601
8 AHI observations over East Asia and the Tibetan Plateau, Chen et al. (2018) likewise found that the diurnal amplitude of602
cloudiness is larger over land than over ocean and tends to increase over complex terrain. Compared with WSM6, the larger603
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diurnal F–O amplitude in NSSL is consistent with its more pronounced diurnal variability in upper-tropospheric ice-phase604
hydrometeors, which may be related to stronger upper-level ascent and higher supersaturation layers.605

The above findings highlight several directions for future development in both model forecasting and all-sky infrared606
radiance assimilation. On the modelling side, improving the representation of ice-phase hydrometeor partitioning is essential607
for better distinguishing among optically thick, thin, and multilayer ice clouds. In addition, more accurate simulation of upper-608
tropospheric dynamical and thermodynamic conditions (e.g., upper-level winds, supersaturation, and vertical transport of609
condensate) is crucial for reducing cloud-top height biases. Over the Maritime Continent, improved representations of land-610
surface meteorological processes and terrain effects may further improve the simulation of tropical cloud diurnal evolution.611
From the data assimilation perspective, applying cloud-type-dependent bias correction or quality-control strategies within the612
all-sky infrared assimilation framework may improve performance under specific cloud regimes. Future all-sky assimilation613
experiments would also benefit from incorporating diurnally varying hydrometeor background-error structures to better614
capture pronounced day–night contrasts. Moreover, targeted observing-system experiments that select infrared channels615
according to cloud-regime sensitivities and microphysics-scheme-dependent simulation characteristics may help optimize the616
use of Himawari-9 radiances in tropical cloud assimilation. Despite the insights gained from the present experiments, several617
limitations remain. The current results are based on a limited number of cases and time periods, and their robustness would618
benefit from evaluation using longer time series and a broader range of weather systems. In addition, future studies could619
incorporate additional observational datasets, such as radar and microwave measurements, to enable a more comprehensive620
assessment of sub-cloud and in-cloud microphysical properties.621
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