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Abstract. The Maritime Continent remains a long-standing challenge for numerical weather prediction (NWP). Accurate13
prediction of tropical convection over this region is further complicated by its small spatial scales, rapid evolution, and strong14
nonlinearity. Geostationary infrared (IR) satellite observations are widely regarded as one of the most valuable data sources15
for regional NWP by offering high temporal and spatial resolution over a broad domain. This capability enables near-16
continuous monitoring of rapidly evolving weather systems from mesoscale to convective scale. Therefore, this study17
investigates the impacts of all-sky IR radiance assimilation on cloud and precipitation forecasts over this area. Both water18
vapor channels 8-10 and the cloud-sensitive window channel 13 from the new-generation Himawari-9 Advanced Himawari19
Imager (AHI) are assimilated using hybrid 3D/4DEnVar methods within the MPAS-JEDI system. Cycling assimilation20
experiments are conducted to systematically evaluate their impacts on the analysis, background, and forecast fields using21
multiple independent observations. Results suggest that, relative to clear-sky assimilation, the analyses of brightness22
temperatures and cloud-top heights from the all-sky AHI assimilation experiments exhibit a better fit to the all-sky observations.23
Background verification indicates overall neutral-to-positive impacts, with particularly pronounced improvements in humidity.24
Furthermore, short-range cloud and precipitation forecast errors are generally reduced in the AHI assimilation experiments.25
Adding channel 13 further enhances rainfall forecast skill during the first 12 hours, whereas the 4DEnVar framework yields26
more sustained improvements at longer lead times. These results underscore the promise of all-sky AHI radiance assimilation27
for improving convection-permitting forecasts over the Maritime Continent.28
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1 Introduction29

The Maritime Continent remains one of the most challenging regions for numerical weather prediction (NWP), owing to its30
irregular land – sea distribution, strong ocean – atmosphere coupling, complex multiscale interactions, and sparse in situ31
observations (Medeiros et al., 2021; Gehne et al., 2022; Stephens et al., 2024). Under such conditions, the prediction of tropical32
convective systems is further complicated by their small spatial scales, rapid development, and inherent nonlinearity. Despite33
substantial advances in NWP models, including convection-permitting resolutions, improved dynamical cores, and more34
sophisticated physical parameterizations (Rao et al., 2023; Matsunobu et al., 2024), forecast accuracy remains highly35
dependent on the quality of the initial conditions (Johnson and Wang, 2024; Gao et al., 2026). Accordingly, increasing efforts36
have been devoted to the assimilation of high-resolution observations to better constrain the initial atmospheric state, thereby37
enhancing subsequent forecasts of cloud, precipitation and associated high-impact weather (Hu et al., 2023).38

Geostationary infrared (IR) satellite observations are widely regarded as one of the most valuable data sources for regional39
NWP because of their high temporal and spatial resolution over a broad, fixed domain. This unique capability allows near-40
continuous monitoring of rapidly evolving weather systems across scales from α/β-mesoscale to convective scale. Early efforts41
to assimilate these high-resolution data were largely limited to the clear-sky IR radiances, which have been shown to improve42
the thermal and moisture structure of the model initial state (Zou et al., 2015; Yang et al. 2017; Hutt et al., 2020). Nonetheless,43
a large proportion of satellite observations in cloudy scenes are excluded when using clear-sky assimilation approach, thereby44
limiting data utilization. This limitation is likely to be further amplified in tropical regions, where deep convective cloud45
systems occur frequently (Ruppert et al., 2020). Moreover, the cloud-detection process used in clear-sky data assimilation may46
introduce sampling errors when separating clear-sky from cloudy scenes, thereby degrading analysis quality (Stengel et al.,47
2013). These factors led to growing interest in the all-sky assimilation of geostationary IR observations from sensors such as48
AHI, ABI, and AGRI for regional forecasting (Zhang et al., 2016; Honda et al., 2018; Geer et al., 2019). However, extending49
their use to cloudy scenes remains more challenging than clear-sky assimilation. These challenges are associated with strong50
nonlinear relationships among radiances, cloud fraction, and cloud-top height, the non-Gaussianity statistics, and imperfect51
representations of cloud-related processes in both NWP models and radiative transfer operators, all of which may degrade52
assimilation performance (Chan et al., 2020; Li et al., 2022). Nevertheless, a few studies have demonstrated the promise of53
all-sky IR radiance assimilation, as discussed below.54

Among geostationary IR imagers, the Himawari-8 Advanced Himawari Imager (AHI), operated by the Japan55
Meteorological Agency (JMA), has been widely employed in data assimilation because of the high-quality of its observations56
and its potential value to improve weather prediction. For example, it was found that assimilating Himawari-8 AHI channel 957
radiances at 10 min intervals using a local ensemble transform Kalman filter could improve the analysis of tropical cyclone58
structure and moisture transport, which in turn led to more accurate forecasts of the September 2015 Kanto–Tohoku heavy59
rainfall event (Honda et al., 2018). Extending this effort to a convection-permitting model with a finer 2 km grid spacing,60
Sawada et al. (2019) applied a similar rapid-cycling strategy to assimilate all-sky Himawari-8 AHI band 8 (6.2 μm) and band61
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10 (7.3 μm) water vapor radiances, resulting in improved analyses and forecasts of isolated convective cells and localized62
severe rainfall. To further reduce the computational cost of all-sky AHI radiance assimilation, Wang et al. (2022) implemented63
a dual-resolution hybrid EnVar scheme for Himawari-8 AHI water vapor bands 8-10. Despite the lower cost, this configuration64
was shown to retain forecast skill comparable to that of the full-resolution hybrid EnVar while producing generally positive65
impacts on rainfall forecasts, particularly at higher precipitation thresholds.66

Comparable progress has also been reported for the National Oceanic and Atmospheric Administration’s GOES series,67
particularly for the Advanced Baseline Imager (ABI) aboard GOES-16. Based on the convection-permitting Warn-on-Forecast68
system, the assimilation of GOES-16 ABI water vapor channels together with cloud water path retrievals was shown to improve69
the prediction of convective initiation (Jones et al., 2020). However, an upper-level cloud bias was also noted, characterized70
by an overestimation of cloud optical thickness, which might be attributed to deficiencies in representing the optical properties71
of thin cirrus in the fast radiative transfer model and to uncertainties in the nonlinear relationship between hydrometeors and72
radiances. More recently, Degelia et al. (2023) developed an RRFS-based EnVar approach in which brightness temperature73
(BT) was directly used as a control variable for the assimilation of GOES-16 ABI all-sky channel 10 radiances, thereby74
alleviating gradient imbalance, suppressing spurious convection, and improving forecasts of localized convective events. In75
terms of tropical cyclone prediction, more accurate track and intensity forecasts for Laura (2020) and Ida (2021) were achieved76
through the all-sky assimilation of ABI channel 10, combined with the clear-sky assimilation of the remaining water vapor77
channels (Feng and Pu, 2025).78

With respect to China’s Fengyun-4A Advanced Geostationary Radiation Imager (FY-4A AGRI), previous studies have79
likewise demonstrated the potential benefits of all-sky IR radiance assimilation for improving short-range forecasts of80
mesoscale weather systems, including heavy rainfall and typhoons. Moreover, the impact of all-sky IR data assimilation has81
also been examined in tropical convective environments over data-sparse oceanic regions. For instance, within a 9 km WRF-82
EnKF framework, the assimilation of the Meteosat-7 6.4 μm water vapor channel was shown to improve the representation of83
cloud patterns at spatial scales exceeding 100 km, as verified against independent 11.5 μm window channel observations from84
Meteosat-7 (Chan et al., 2020). Beyond IR water vapor channels, recent studies have also suggested that visible and near-IR85
observations enable more direct fine-scale constraints on cloud and convective structures, with corresponding benefits for86
cloud and precipitation forecasts (Scheck et al., 2020; Xie et al., 2025; Kugler and Weissmann, 2025). However, their utility87
is inherently limited to daytime conditions and surface effects, with the associated benefits becoming more evident when these88
observations are assimilated jointly with IR channels.89

Despite these advances, studies on the all-sky assimilation of geostationary IR window channel radiances remain relatively90
limited. Furthermore, most previous studies have focused on severe weather systems in midlatitude regions, while the potential91
value of all-sky IR radiance assimilation for tropical weather has not yet been fully explored. Convective systems associated92
with clouds and precipitation over the tropics often exhibit greater spatiotemporal variability and less coherent organization,93
which may pose additional challenges for data assimilation. In this context, this study presents the first attempt to assimilate94
newly available all-sky radiance observations from Himawari-9 AHI, with both water vapor and window channels jointly95
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assimilated using a three-/four-dimensional (3D/4D) hybrid EnVar framework in the MPAS-JEDI system. This study further96
investigates how all-sky radiance assimilation affects the analysis and short-range prediction of tropical clouds and97
precipitation over the Maritime Continent, with the aim of improving the effective use of AHI IR observations under cloudy98
conditions.99

The paper is organized as follows. In section 2, an overview of the methodology is provided, including an introduction of100
the observations and their preprocessing, the observation-error modelling schemes, and the data assimilation system adopted101
in this study. Section 3 presents the experimental setup and model configuration. The experimental results and discussions are102
given in section 4. Section 5 summarizes the main findings and outlines directions for future research.103

2 Data, Methodology and Assimilation System104

2.1 AHI Observation Preprocessing105

Himawari-9, a new-generation geostationary satellite operated by the Japan Meteorological Agency (JMA), was launched on106
2 November 2016 and is positioned at approximately 140.7 °E. The satellite is equipped with the AHI sensor, which provides107
full-disk observations every 10 min and can scan target areas at much higher temporal frequencies, ranging from 2.5 min to108
30 s. The spatial resolution of AHI varies from 0.5 to 2 km, depending on the spectral band. Such high spatiotemporal-109
resolution observations are of particular value to monitoring rapidly evolving hazardous weather systems. Besides, AHI110
consists of 16 spectral bands spanning wavelengths from 0.47 to 13.3 μm, including visible, near-IR, and IR bands. The main111
characteristics and atmospheric sensitivities of these channels are summarized in Table 1 (Bessho et al., 2016).112

In this study, AHI water vapor channels 8-10 and IR window channel 13 were selected for assimilation because of their113

primary sensitivities to atmospheric moisture and cloud-top properties, respectively. In both the clear-sky and all-sky AHI114

radiance assimilation experiments, a common set of quality-control (QC) procedures was first applied, including the rejection115
of observations with satellite zenith angles exceeding 60° and observations whose bias-corrected innovations exceeded three116
times the prescribed observation error. In the clear-sky assimilation experiment, an additional cloud-detection procedure based117
on the Himawari-9 AHI Level-2 Cloud Mask product was employed to exclude pixels flagged as cloudy. Furthermore, two118
additional QC procedures were applied specifically to AHI channel 13, which is primarily sensitive to near-surface thermal119
emission under clear-sky conditions and to cloud-top information in cloudy scenes. First, to better constrain cloud analyses,120
only cloud-affected observations with a cloud-effect (CA) index larger than a certain threshold were assimilated in the all-sky121
channel 13 experiment, as described in Section 2.2. Here, a threshold of 2.0 K was adopted on the basis of preliminary122
assimilation experiments, while also aiming to retain as much data as possible. Second, channel 13 observations were restricted123
to oceanic regions to reduce the influence of uncertainties in CRTM land-surface emissivity on window channel radiance124
simulations. For all experiments, a Gaussian thinning procedure with a 30 km thinning mesh was further applied to reduce125
potential spatial error correlations among nearby observations (Barker et al., 2012), while also lowering computational cost.126
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To account for systematic biases in satellite radiance assimilation, a constant bias-correction (BC) scheme was employed.127
For each channel, the bias was estimated from one month of clear-sky OMB statistics in September 2024 and then applied to128
both the clear-sky and all-sky assimilation experiments. The resulting values were −0.388, 0.284, −0.630, and −0.660 K for129
AHI channels 8, 9, 10, and 13, respectively. This BC approach provides an efficient means for initializing bias parameters130
outside the data assimilation cycle.131

Table 1. Characteristics of Himawari-9 AHI infrared channels132

Channel 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

133

2.2 Observation Error Modelling134

When assimilating cloud-affected IR radiances, it is essential to calculate observation errors appropriately by considering cloud135

effects on both the observations yC and the background xbC . Unlike clear-sky IR radiances, all-sky IR radiances are strongly136
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affected by cloud processes, leading to state-dependent observation error characteristics. To account for these characteristics,137
the symmetric observation error model proposed by Harnisch et al. (2016) was adopted to modelling AHI observation errors138

as a function of cloud impact aC , expressed as:139

   xb y lim lim
a

max 0,BT Bak max 0,BT Obs
.

2 2
C C

C
   

  (1)140

Here Obs is the AHI IR radiance observation and Bak is the simulated all-sky AHI IR radiance from the background. The141

BT threshold of limBT is determined as the BT differences between the first-guess model equivalent computed without and142

with clouds. The observation error is then modelled with a piecewise linear function of aC as follows,143
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The relationship between observation error and cloud amount are represented with a series of parameters, including the145

minimum observation errors minSD , the maximum observation errors maxSD , the minimum cloud amount 1aC , and the146

maximum cloud amount 2aC . These parameters were estimated from a one-month of OMB samples, where OMB denotes the147

difference between the observations and the background-simulated all-sky AHI IR radiances. The resulting parameter values148
are summarized in Table 2. It is noted that the observation errors for the cloud-sensitive channel 13 are substantially larger149
than those for the three water vapor channels 8-10. In addition, the upper-level water vapor channel 8, whose weighting150
function peaks at higher tropospheric altitudes, is less affected by cloud contamination and therefore exhibits smaller151
observation errors compared to the lower-peaking water vapor channels 9-10. In clear-sky assimilation experiments, constant152
observation errors of 1.110, 1.058, and 0.915 K were assigned to AHI channels 8-10, respectively.153

Table 2. The observation error parameters of Himawari-9 AHI Channels 8-10 and 13154

Minimum

cloud

amount (K)

Maximum

cloud

amount (K)

Minimum

observation

error (K)

Maximum

observation

error (K)

Brightness

temperature

threshold (K)

Ch 8 0.50 9.50 4.00 15.30 230.5

Ch 9 0.50 13.50 4.60 20.20 240.0

Ch 10 0.50 17.50 3.60 24.00 251.5
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Ch 13 0.50 36.00 2.56 40.50 292.0

155

Figure 1 presents the probability density functions (PDF) of dynamically normalized OMB departures to assess whether156

the symmetric observation error model yields OMB distributions that are closer to Gaussian curves and thus more consistent157
with the assumptions of variational data assimilation. Specifically, the OMB samples are first grouped into CA bins with an158

interval of 1 K, and the OMB departures within each CA bin are normalized by the corresponding bin-wise standard deviation,159

as follows,160

norm
OMB( )OMB ( ) .

( )
i

i
i

CACA
CA

 (3)161

Where )OMB( iCA represents the OMB departures within the ithCA bin, and )( iCA is the corresponding standard deviation162

estimated for that CA bin. Following Harnisch et al. (2016), this approach accounts for the cloud-dependent heteroscedasticity163

of observation errors, thereby providing a more appropriate description of OMB PDFs under varying cloud conditions.164

As shown in Figure 1, the normalized OMB distributions for all channels are broadly consistent with the Gaussian reference,165
with the closer agreement found for channels 8-10 within the range of −4 to 4 K. In comparison with the water vapor channels,166
window channel 13 exhibits a more pronounced deviation from Gaussianity when the absolute normalized OMB value exceeds167
about 3 K (Figure 1d). This deviation is likely related to larger uncertainties in the simulation of ice-cloud properties and deep168
convective scenes in all-sky radiative transfer, as well as in the modeling of cloud microphysical processes (Geer et al., 2019;169
Rendon et al., 2025). Representativeness errors arising from scale mismatches between the observations and the model may170
further amplify large departures and thus result in the broadened tails (Harnisch et al., 2016). These results suggest that the171
current linear observation error model may not fully capture the error characteristics of channel 13, for which refined172

formulations may be required in future studies.173
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174
Figure 1. Probability density functions (PDFs) of normalized observation-minus-background brightness temperature (OMB; units:175
K) for all-sky Himawari-9 AHI (a) Channel 8 (6.2 μm), (b) Channel 9 (6.9 μm), (c) Channel 10 (7.3 μm), and (d) Channel 13 (10.3 μ176
m) brightness temperature (units: K). The black curve denotes the standard Gaussian distribution with N (0,1). The statistics were177
accumulated at 6 hour intervals from 0000 UTC 13 September 2024 to 1800 UTC 12 October 2024.178

Figure 2 shows the spatial distributions of observed BT, OMB, and observation error to illustrate how the symmetric179
observation error model and the quality-control strategies affect the spatial coverage and utilization of assimilated observations.180
The channel 13 observed BTs lower than ~250 K generally indicate the presence of high cloud tops or vertically deep cloud181
systems (Figure 2a). In contrast, regions with BTs exceeding 280 K are mostly associated with clear-sky conditions. Figures182
2b and 2c show the observation error distributions for channels 13 and 10, respectively, after QC in the all-sky assimilation183
experiment. For both channels, large observation errors occur predominantly in regions where channel 13 exhibits low BTs (<184
250 K), with the error magnitude increasing markedly as BT decreases. These areas also largely coincide with the cloudy185
scenes identified by the AHI Level-2 cloud mask. Over clear-sky regions where channel 13 BT exceeds about 270 K, the186
observation errors for both channels are much smaller. This contrast suggests that deep-cloud scenes are more difficult to187
simulate accurately in the observation operator or the model, whereas uncertainties associated with cloud effects are188
substantially reduced under less cloudy or cloud-free conditions. It is also noteworthy that the observation errors for channel189
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13 are generally larger than those for the other water-vapor channels, likely owing to its stronger sensitivity to clouds. For190
water-vapor channels 8 and 9, the spatial distributions of observation error are broadly similar to that of channel 10 (not shown).191

The scatter distributions in Figures 2b and 2c further indicate that channel 13 was subjected to more stringent QC192
procedures than the water vapor channels, as evidenced by the larger number of rejected observations. For example, samples193
with normalized OMB below 2 K were excluded. This additional QC step may enhance the effective contribution of cloudy194
observations during the iterative minimization, while also mitigating potential simulation errors in clear-sky channel 13195
associated with uncertainties in surface emissivity. It should also be noted that a portion of the relatively clear-sky samples196
from channel 13 was currently filtered out using an observation-error-threshold criterion rather than the AHI cloud mask197
product, which helps retain more observations under less cloudy conditions (Figures 2b and 2f).198

Moreover, the all-sky OMB distributions for channels 10 and 13 exhibit pronounced negative departures mainly over199
oceanic regions where the observations indicate deep cloud systems (Figures 2d and 2e). This negative OMB bias suggests200
underpredicted cloudiness in the background. The departures are particularly evident for the window channel 13, whose OMB201
magnitude is larger than that of the water vapor channels. In contrast, large positive departures mostly occur over land under202
both clear-sky and cloudy conditions, implying that the background predicts excessive moisture and/or clouds. Figure 2f shows203
the OMB distribution of clear-sky AHI channel 10 observations. The cloudy pixels excluded by the AHI Level-2 cloud mask204
largely coincide with regions where channel 13 BT is lower than ~260 K, as shown in Figure 2a. In the clear-sky assimilation205
experiments, a fixed observation error of 0.915 K is assigned and the corresponding OMB departures are comparatively small,206
within about −3 to 3 K (Figure 2f).207
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208
Figure 2. Horizontal distributions of (a) observed brightness temperature (BT; units: K) for AHI channel 13, all-sky observation209
error (units: K) for (b) channel 13 and (c) channel 10, all-sky observation-minus-background brightness temperature (OMB; units:210
K) for (d) channel 13 and (e) channel 10, and (f) clear-sky OMB (units: K) for channel 10. All panels are shown for the first211
assimilation cycle valid at 0600 UTC 23 September 2024.212

2.3 MPAS-JEDI Assimilation System213

The hybrid ensemble-variational data assimilation experiments in this study were conducted with MPAS-JEDI, which is a214
new-generation data assimilation system for the MPAS-Atmospheric model (Skamarock et al., 2012, 2018) based on the Joint215
Effort for Data assimilation Integration (JEDI) framwork (Trémolet and Auligné, 2020; Liu et al.,2022; Guerrette et al.,2023;216
Jung et al.,2024). In MPAS-JEDI, observations are ingested through the Interface for Observation Data Access (IODA), which217
provides a unified framework for observation input and storage. The observation operators and QC filters are implemented in218
the Unified Forward Operator (UFO) of JEDI. For Himawari-9 AHI data, the obs2mpas converter tool was employed to remap219
Level-1 radiance data and Level-2 cloud products onto the MPAS unstructured mesh. Background-error covariances were220
represented using the Background Error on Unstructured Mesh Package (BUMP) for ensemble-based background covariances221
with localization and univariate static background covariances.222
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For clear-sky and all-sky AHI radiance data assimilation, version 2.4.1 of the Community Radiative Transfer Model223
(CRTM, Johnson et al., 2023) was used as radiance observation operator. CRTM was further used to compute model-224
equivalent clear-sky radiances of MHS and all-sky radiances of AHI channels 15-16 for independent verification. The inputs225
required by CRTM include vertical atmospheric profiles, surface properties, and satellite viewing geometry, with hydrometeor226
profiles additionally required for all-sky radiance simulations, including cloud liquid water, cloud ice, rain, snow, and graupel.227
Radar reflectivity observations from a Singapore S-band radar are also used for independent verification of model-simulated228
reflectivity. After the simulations, two gross QC checks were further applied to exclude observations flagged as poor-quality229
and to remove outliers.230

3 Experimental Configuration231

To assess the impact of AHI radiance assimilation over tropical cloudy regions, a set of one-week cycling data assimilation232
experiments was conducted with MPAS-JEDI. The control experiment (CTL) assimilated only conventional observations with233
hybrid-3DEnVar, including radiosondes for temperature, zonal and meridional wind components, and specific humidity;234
aircraft observations for temperature and horizontal wind components; surface observations of surface pressure, 2-m235
temperature, 2-m specific humidity, and 10-m wind components; atmospheric motion vectors (AMVs) for zonal and236
meridional wind components; and Global Navigation Satellite System Radio Occultation (GNSS RO) refractivity. Based on237
the CTL configuration, three additional hybrid-3DEnVar experiments were designed to investigate the effects of assimilating238
AHI radiances of three water vapor channels under different cloud conditions, as well as the added value of the cloud-sensitive239
window channel 13. In particular, conventional observations were assimilated together with clear-sky water vapor channels 8-240
10 radiances in CSR3D, whereas ASR3D assimilated the same observations under all-sky conditions. ASR3D-Ch13 extended241
ASR3D by additionally assimilating all-sky window channel 13 radiances. Moreover, an ASR4D experiment was conducted242
to assess the benefit of hybrid-4DEnVar, in which conventional observations and all-sky AHI water vapour channels 8-10243
radiances were assimilated, thereby allowing the flow-dependent background error covariance to evolve temporally within the244
assimilation time window. All experiments were implemented with 6-hourly cycling from 0600 UTC 23 September to 0000245
UTC 29 September 2024. For the initial cycle, the background field was provided by a 6 hour spin-up forecast initialized from246
the ECMWF analyses.247

A hybrid background error covariance (BEC) was utilized for all the experiments, comprising 40 % static BEC and 60 %248
ensemble-based BEC. The ensemble covariance component was estimated from 32-member ensemble forecasts initialized249
from ECMWF HRES analyses, with the lateral boundary conditions provided by the ECMWF analyses and subsequent250
forecasts at 3 hour intervals. From 23 to 29 September 2024, the ensemble forecasts were initialized four times per day at 0000,251
0600, 1200, and 1800 UTC, and the resulting 6-hour ensemble forecasts were used to construct the ensemble-derived flow-252
dependent BEC. To reduce sampling errors associated with the limited ensemble size, covariance localization was applied with253
horizontal and vertical localization scales of 300 km and 4 km, respectively. The static BEC was constructed within the254
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SABER/BUMP framework, with BUMP_NICAS used to model the spatial correlation structure and variances of each analysis255
variable, including horizontal wind, temperature, specific humidity, surface pressure, and hydrometeors (cloud liquid water,256
cloud ice, rainwater, snow, and graupel). In the hybrid-3DEnVar experiment, only ensemble perturbations valid at the analysis257
time were used, whereas in the hybrid-4DEnVar experiment ensemble perturbations were sampled at 3 hour intervals within258
the ±3 hour assimilation window.259

A 6 hour forecast was launched after each cycling analysis to provide the background for the next assimilation cycle. In260
addition, 36 hour extended forecasts were initialized every 6 hour from 00:00 UTC 25 September to 00:00 UTC 29 September261
2024 to evaluate the short-range forecast performance during a convective precipitation period (Chen et al., 2026). These262
forecasts were produced using version 8.2.2 of MPAS-Atmospheric model, which employs an unstructured centroidal Voronoi263
mesh. For each forecast, ECMWF forecast fields were interpolated onto the MPAS mesh to provide the lateral boundary264
conditions. The model domain was centered over Singapore (1.21175°N, 102.00425°E) and spanned a radius of approximately265
1120 km (Figure 2), covering the Malay Peninsula and Indonesia, with a quasi-uniform horizontal grid spacing of about 2.6266
km and 522172 grid cells. Vertically, the model comprises 65 levels extending from the surface to 40 km. The MPAS physical267
parameterizations used in this study include the MYNN schemes for the boundary layer and surface layer (Nakanishi and268
Niino, 2004, 2009), the WSM6 microphysics scheme (Hong and Lim, 2006), the Grell–Freitas convection parameterization269
(Grell and Freitas, 2014), the Noah land surface model (Ek et al., 2003), the RRTMG radiation scheme for both shortwave and270
longwave radiation (Iacono et al., 2008), and the Yonsei University (YSU) boundary layer scheme (Hu et al., 2013). The Xu–271
Randall scheme was adopted to diagnose cloud fraction for radiation (Xu and Randall, 1996).272

4 Results and Discussion273

4.1 Impacts on Analysis and Background Fields274

Figures 3 and 4 present the vertical cross sections of humidity and hydrometeor analysis increments from the first assimilation275
cycle, for which all experiments were initialized with the same background state. Over the land region near 99–104°E, more276
negative humidity increments are produced by three all-sky/ASR experiments (Figures 3b-d) in response to the positive OMB277
departures shown in Figure 2c. By contrast, CSR3D exhibits a clear-sky OMB pattern dominated by negative departures278
(Figure 2e), and its analysis increments tend to increase the model humidity (Figure 3a). Besides, over the cloudy regions near279
about 95 °E and 109 °E, the humidity increments in CSR3D are much weaker than those in the other ASR experiments (Figures280
3b-d), since no AHI observations were assimilated there. The observed cloud-top pressure, denoted by the black dashed line,281
is generally distributed between 100 and 250 hPa, suggesting the presence of upper-level and/or vertically deep cloud systems.282
In these cloudy regions, CSR3D, which assimilates only clear-sky observations, exhibits no hydrometeor increments and thus283
fails to reproduce the observed cloudy structures within the red-boxed region in Figure 3a. In the other all-sky experiments,284
more positive hydrometeor increments are generated between 300 and 700 hPa in these regions, leading to simulated cloud-285
top heights that are in better agreement with the observations (Figure 4).286
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The primary differences among the three ASR experiments are concentrated within the semi-transparent or less cloudy287
region near 104–108.4°E, where positive and negative OMB departures occur simultaneously (Figures 2a and 2e). Over this288
area, ASR3D yields more pronounced negative humidity increments (Figure 3b), while generating limited positive289
hydrometeor increments (Figures 4a and 4d). By comparison, both ASR3D-Ch13 and ASR4D are characterized primarily by290
weaker positive humidity increments accompanied by stronger positive hydrometeor increments (Figures 4b-c and 4e-f).291
Similar differences are also evident in other regions of vigorous cloud development, where ASR3D generally exhibits smaller292
hydrometeor increments than ASR3D-Ch13 and ASR4D (Figure 4). This may reflect the fact that the additional cloud-sensitive293
observations assimilated in ASR3D-Ch13 enables the observed information to be projected more efficiently onto the294
hydrometeor variables during the iterative minimization. For ASR4D, the more complete adjustment of hydrometeor control295
variables is likely attributable to the combined effects of flow-dependent background-error covariances and the explicit use of296
temporal evolution information within the assimilation window. Another notable difference among the all-sky experiments297
lies in the analyzed cloud-top height. As highlighted by the orange box in Figure 4b, ASR3D-Ch13 produces a lower cloud-298
top height that is more consistent with the observed vertical cloud structure than those in the other experiments. Meanwhile,299
the larger positive hydrometeor increments generated by ASR3D-Ch13 around 400 – 600 hPa likely increase the optical300
thickness and effective emissivity of the mid-tropospheric cloud layer (Figures 4b and 4e).301

To further assess the consistency between the analysis fields and observations, the corresponding distributions of all-sky302
observation-minus-each experiment analysis (OMA) BT departures are presented in Figures 3e and 3f for AHI channels 10303
and 13, respectively. The results for channels 8-9 exhibit similar behaviors and are therefore not shown. The consistently larger304
OMA departures in channel 13 relative to channel 10 indicate the greater difficulty of fitting cloud-sensitive window channel305
observations. Since only clear-sky observations are assimilated in CSR3D, it exhibits the largest difference between the306
observed and analyzed all-sky BTs, particularly for channel 13 over the cloudy regions near 95°E and 109°E. This result is307
consistent with the distribution of analysis increments discussed above. In contrast, three ASR experiments generally yield308
smaller OMA departures, suggesting an improved fit to the observations. Among them, ASR3D-Ch13 shows the best overall309
performance, implying that the associated humidity and hydrometeor increments more effectively adjust the analysis state310
toward the all-sky observations. Notably, ASR4D exhibits slightly larger OMA departures than ASR3D in some regions. This311
behavior may be attributed to the temporal constraints introduced by the 4DEnVar framework, which distribute observational312
information more smoothly across the assimilation window rather than maximizing the fit to observations at a single analysis313
time.314
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315
Figure 3. Vertical cross sections of water vapor mixing ratio (shading; units: g·kg⁻¹) analysis increment from the (a) CSR3D, (b)316
ASR3D, (c) ASR3D-Ch13 and (d) ASR4D experiments along the transect shown in Figure 2a. The black and magenta dashed lines317
denote the observed and model-simulated cloud-top pressure (units: hPa), respectively. The corresponding distributions of all-sky318
observation-minus-each experiment analysis (OMA, units: K) brightness temperature departures for AHI (e) channel 10 and (f)319
channel 13, respectively, with root-mean-square errors denoted in the legend. All panels are shown for the first assimilation cycle320
valid at 0600 UTC 23 September 2024.321
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322
Figure 4. Vertical cross sections of hydrometeor mixing ratio (shading; units: g·kg⁻¹) analysis increment along the transect shown323
in Figure 2a for the (a, d) ASR3D, (b, e) ASR3D-Ch13, and (c, f) ASR4D experiments, including the total condensate of cloud ice,324
snow, and graupel in the first row and that of cloud water and rain in the second row. The black and magenta dashed lines denote325
the observed and model-simulated cloud-top pressure (units: hPa), respectively. All panels are valid for the first assimilation cycle326
at 0600 UTC 23 September 2024.327

OMB statistics derived from two non-radiance observing systems, GNSS-RO refractivity and satellite-derived328
Atmospheric Motion Vectors (AMVs), are further examined to assess background-field quality during the cycling assimilation329
period. Compared with soundings, these data provide a larger number of effectively assimilated samples (not shown). Figure330
5 shows the percentage differences in the root-mean-square error (RMSE) of GNSS-RO refractivity OMBs for each experiment331
relative to CTL. The negative value indicates reductions in RMSE relative to CTL and hence improved performance, whereas332
the positive value indicates degradation. Because GNSS-RO refractivity is highly sensitive to lower-tropospheric moisture and333
to temperature in the middle and upper troposphere, these statistics provide a useful indicator of the thermodynamic quality of334
backgrounds.335

As shown in Figure 5a, the RMSE differences in the AHI assimilation experiments are largely within −8 % to 3 %336
throughout the cycling period, with the largest reduction exceeding −10 %. This suggests that all-sky AHI assimilation exerts337
a generally neutral-to-positive influence on the thermodynamic structure of the background field over time. Consistent with338
this result, Figure 5b shows that the AHI assimilation experiments generally produce negative RMSE differences across the339
4–15 km layer, with reductions reaching approximately 5–15 % at several lower-tropospheric levels, indicating an overall340
beneficial effect relative to CTL. Among the AHI radiance assimilation experiments, the ASR3D-Ch13 and ASR4D341
experiments generally outperform the other experiments during most assimilation cycles, especially below 15 km. The342
improvements in ASR3D-Ch13 are predominantly found below 7 km and remain comparatively stable throughout the cycling343
period, which suggests a persistent benefit to the lower-tropospheric thermodynamic structure. After 0000 UTC 27 September344
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2024, ASR4D gradually exhibits the greatest improvement, with its largest reductions occurring between 7 and 15 km in the345
middle-to-upper troposphere.346

347
Figure 5. (a) Time series of percentage differences in the root-mean-square error (RMSE; units: %) of GNSS-RO refractivity348
observation-minus-background (OMB; units: N) relative to CTL for the CSR3D, ASR3D, ASR3D-Ch13, and ASR4D experiments349
during the cycling assimilation period. (b) Corresponding vertical profiles of the time-averaged RMSE percentage differences350
relative to CTL. Error bars denote the 90% confidence intervals. Statistics are calculated from 1200 UTC 23 September to 0000351
UTC 29 September 2024 at 6 hour intervals.352

Figure 6 shows the OMB statistics of AMVs, which are used to evaluate the impact of different AHI assimilation strategies353
on the background wind field. Relative to CTL, all AHI assimilation experiments exhibit more evident improvements in the354
meridional wind (V-wind) component across most levels between 250 and 1000 hPa, with averaged RMSE reductions of355
approximately 5% (Figure 6a). Among these experiments, the largest positive effects are observed in ASR4D and ASR3D-356
Ch13, primarily in the upper and lower troposphere, respectively. The results suggest that the cycling assimilation of all-sky357
AHI radiances tends to progressively enhance the background V-wind field, which is likely associated with the propagation of358
improved thermodynamic and cloud-related analyses into the V-winds via model dynamical adjustment within the Hybrid-359
EnVar framework. By contrast, the AHI assimilation experiments show an overall neutral impact on the background zonal360
wind (U-wind) field, with most RMSE differences confined within ±10% across the troposphere (Figure 6b). More specifically,361
relative to CTL, CSR3D and ASR3D exhibit comparatively larger RMSE reductions at most levels, whereas ASR3D-Ch13362
and ASR4D show larger RMSEs than CTL below 600 hPa.363
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364
Figure 6. Vertical profiles of percentage differences in observation-minus-background (OMB) root-mean-square error (RMSE;365
units: %) for Atmospheric Motion Vector (AMV) (a) meridional and (b) zonal wind components (units: m·s⁻ ¹ ) in the CSR3D,366
ASR3D, ASR3D-Ch13, and ASR4D experiments, relative to CTL. Vertical statistics are shown as layer-mean values by averaging367
all samples located between two adjacent pressure levels. Error bars represent the 90% confidence intervals. Statistics are computed368
from 1200 UTC 23 September to 0000 UTC 29 September 2024 at 6 hour intervals.369

To further assess the accuracy of the background humidity field, independent verification was performed using the clear-370
sky radiances from Metop-B MHS channel 4 (183.31 ± 3 GHz), which were not assimilated and are primarily sensitive to the371
middle- and upper-tropospheric humidity. Figures 7a-e present the horizontal distributions of MHS observation-minus-372
simulated BTs based on the 6 hour background forecast (OMF) for a representative case with relatively dense MHS coverage.373
Figure 7f further shows the probability density functions of observed and model-simulated BTs from the five experiments,374
aggregated over multiple times. These diagnostics provide a comprehensive characterization of humidity forecast errors in375
terms of their spatial pattern and systematic statistical behavior.376

As shown by the OMF spatial distributions in Figures 7a-e, CTL exhibits the largest OMF, with a mean value of −1.65 K.377
Most negative OMF departures are concentrated in cloudy regions, consistent with a dry bias in the background field. Positive378
departures, by contrast, are located primarily in clear-sky regions, suggesting excessive atmospheric moisture in the379
background. Relative to CTL, all AHI radiance assimilation experiments reduce both negative and positive biases, with the380
mean OMF decreasing by about 0.22, 0.18, 0.36, and 0.34 K for CSR3D, ASR3D, ASR3D-Ch13, and ASR4D, respectively.381
Among these experiments, ASR3D-Ch13 and ASR4D exhibit relatively smaller negative OMFs over cloudy regions (Figures382
7d-e), highlighting their enhanced ability to alleviate the dry bias, likely via stronger positive humidity increments (Figure 3c).383
The horizontal distributions further suggests that ASR3D is more effective in reducing positive OMFs and mitigating the moist384
forecast bias in clear-sky regions (Figure 7c). This improvement is likely related to the larger negative humidity increments in385
its analysis field (Figure 3b), which suppress excessive moisture and result in a drier subsequent forecast.386
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The probability density functions in Figure 7f further corroborate the above results. A clearly right-skewed distribution is387
evident in CTL relative to the observations, with the largest negative mean bias around −0.58 K, indicating that the largest dry388
bias occurs in its background field. Relative to CTL, all AHI assimilation experiments shift the simulated BTs closer to the389
observed distribution, with reduced mean biases. In addition, CSR3D exhibits larger negative BT biases than the other ASR390
experiments, especially in the left tail for BTs below ~256 K. These results suggest that all-sky assimilation of AHI radiances391
is more effective than clear-sky assimilation in improving the background humidity. Among the all-sky experiments, ASR3D-392
Ch13 shows the closest agreement with the observed distribution and the smallest mean bias (−0.58 K), particularly for BTs393
above ~259 K.394

395

Figure 7. Spatial distributions of AHI channel 13 (10.4 μm) observed brightness temperature (grayscale shading; units: K) andMHS396
Metop-B channel 4 (183.31 ± 3 GHz) observed-minus-background simulated brightness temperature based on the 6 hour forecast397
(OMF; scatters; units: K) of (a) CTL, (b) CSR3D, (c) ASR3D, (d) ASR3D-Ch13, and (e) ASR4D experiments, valid at 1200 UTC 27398
September 2024. (f) The probability density function of Metop-B MHS channel 4 brightness temperatures from observations and399
the corresponding model-simulated values for the five experiments, with the mean bias denoted in the legend. The PDF statistics are400
calculated from 1200 UTC 23 September to 0000 UTC 29 September 2024 with a 6 hour interval.401
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4.2 Impacts on short-range Forecasts402

To further assess the impacts of the different experiments on short-range cloud forecasts, independent BT-space HofX403
verification was performed using all-sky radiances from AHI channels 15 (12.4 μm) and 16 (13.3 μm), which were excluded404
from the assimilation. Both channels are highly sensitive to upper-level ice clouds, cirrus, and cloud-top height. The evolution405
of OMF RMSE over the 1–6 hour forecast range is shown in Figure 8, where OMF is defined as the difference between the406
observed AHI BT and the corresponding simulated BT from each experiment ’ s forecast. In Figures 8c-d, the negative407
percentage differences indicate improved performance relative to CTL, whereas positive values indicate degradation.408

As shown in Figures 8a and 8b, CTL yields RMSE values of ~23.4 K for channel 15 and ~18.2 K for channel 16 at the 1409
hour forecast lead time. The larger RMSE in channel 15 likely reflects its less clean window-channel character relative to410
channel 16, such that its radiances maybe influenced not only by cloud-related signals but also by the atmospheric temperature411
and humidity information. Compared to CTL, the experiments that assimilate AHI radiances generally have lower RMSE412
values over the entire 1–6 hour forecast range, with the most pronounced improvement evident at the 1 hour lead time. This413
early improvement signal, evident even within the spin-up period, suggests that the AHI radiance assimilation promotes a414
faster adjustment of the cloud forecast through a more accurate initial condition.415

Among the AHI assimilation experiments, ASR4D performs best and retains this advantage through most of the 1–6 hour416
forecast range. For channel 15, the largest RMSE reduction is achieved by ASR4D, reaching about 5.0 % relative to CTL at417
hour 1, whereas for channel 16 the improvement is even greater, with RMSE reductions of about 5.8 %–6.0 % (Figures 8c-d).418
Compared with ASR3D, ASR3D-Ch13 performs better during the first 1–3 hour, with improvements generally ranging from419
4.5 % to 6.0 %. However, this advantage diminishes after 3 hours, and its performance gradually becomes inferior to that of420
ASR3D. Although CSR3D also shows positive impacts relative to CTL, its benefit remains clearly smaller than that of the421
other three all-sky assimilation experiments.422
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423
Figure 8. Root-mean-square error (RMSE) of AHI observation-minus-model simulated brightness temperature base on the 1-6 hour424
forecasts (OMF, units: K) as a function of lead time for (a) channel 15 and (b) channel 16, along with (c, d) the corresponding425
percentage differences relative to CTL for CSR3D, ASR3D, ASR3D-Ch13, and ASR4D. Statistics are computed from 1200 UTC 23426
September to 0000 UTC 29 September 2024 with a 6 hour interval. Error bars denote the 90 % confidence intervals.427

Figure 9 shows contoured frequency by altitude diagrams (CFADs) of observed radar reflectivity and the corresponding428
MPAS-simulated reflectivity based on the 12 hour forecasts from each experiment. The independent observations are from a429
S-band radar over Singapore, with a selected case characterized by a relatively complete distribution of convective echoes.430
This diagnostic enables a direct assessment of differences among the experiments in predicting the vertical structure of431
precipitation-related hydrometeors.432

According to the observations, the high reflectivity frequencies are mainly concentrated between ~20–37 dBZ at altitudes433
of ~1–3 km, indicating that precipitating hydrometeors are primarily confined to the lower and middle troposphere (Figure434
9a). Above about 3–4 km, radar echoes become less frequent, with reflectivity values mostly remaining below 35 dBZ.435
Compared with the observations, CTL exhibits clear biases in the vertical distribution of reflectivity (Figures 9a-b).436
Specifically, CTL exhibits a broader high-frequency distribution of 25–30 dBZ reflectivity, and the vertical extent of its437
simulated 30 dBZ echoes is clearly larger than observed, with echo tops extending above 4 km. This suggests that CTL tends438
to overpredict the vertical development of convection systems, as well as the associated hydrometeor loading. By contrast,439
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these biases are mostly alleviated in the other AHI assimilation experiments, in which the frequency core at 25–30 dBZ and440
1–3 km agrees more closely with the observations (Figures 9c-f).441

Among the AHI assimilation experiments, ASR3D-Ch13 and ASR4D tend to better capture the pattern of the high-442
frequency core (> 0.8%). By contrast, CSR3D and ASR3D show suboptimal performance, characterized by reflectivity values443
exceeding 25 dBZ that form an unrealistic downward-tilted structure relative to the observations. The limited sensitivity of444
AHI water-vapor channel assimilation to precipitating hydrometeors likely contributes to this deficiency. Furthermore, a slight445
shift toward lower reflectivity values is noticed in most of the experiments relative to the observations, which may indicate a446
tendency to underpredict hydrometeor particle sizes or reflect spatial displacement errors in the simulated convective systems.447

448
Figure 9. Contoured frequency by altitude diagrams (CFADs) of S-band radar reflectivity (units: dBZ) versus altitude (units: km)449
for (a) the observations and the corresponding model simulations based on 12 hour forecasts from (b) CTL, (c) CSR3D, (d) ASR3D,450
(e) ASR3D-Ch13, and (f) ASR4D, valid at 0000 UTC 26 September 2024. Shading denotes normalized frequency (units: %).451

Figure 10 presents the Fraction Skill Score (FSS) for 3 hour accumulated precipitation over the 36 hour forecast period for452
all experiments, together with the relative differences of the AHI assimilation experiments with respect to CTL. In Figure 10b,453
performance is improved relative to CTL where percentage differences are positive, while degradation is associated with454
negative values. Forecast skill is evaluated using a percentile-threshold approach that assesses the ability to reproduce the455
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spatial distribution of the main precipitation regions (Roberts and Lean, 2008; Nystrom et al., 2025). At a given spatial scale,456
precipitation forecasts are considered skillful when the FSS exceeds a reference value determined from the scenario, in which457
all grid cells have an equal probability of exceeding the specified 95% threshold. The FSS is calculated using a 5x5-grid-point458
neighbourhood window, for which a value of 1 indicates a perfect forecast. The observations are obtained from hourly IMERG459
precipitation on a 0.1° latitude– longitude grid and accumulated into 3 hour totals, while the MPAS 3-hour accumulated460
precipitation forecasts are interpolated to the same grid prior to verification.461

Figure 10a shows that all experiments share a similar temporal evolution in absolute FSS, with values increasing from 3 to462
18 hour and then declining as forecast lead time increases further. The increase in FSS during the first 18 hour can be partly463
attributed to a period of spin-up during which the model adjusts from the initial conditions toward a dynamically balanced464
state (Done et al., 2004). In addition, the impact of all-sky radiance assimilation is often indirect, acting first on humidity and465
cloud variables and only later affecting precipitation processes through the dynamical evolution of the model (Bannister, 2017;466
Geer et al., 2019). The subsequent decrease in FSS is likely associated with the accumulation of forecast errors and the467
inherently limited predictability of convective-scale precipitation systems. The FSS reaches its maximum at 18 hour, with peak468
values ranging from approximately 0.42 to 0.52 across the experiments.469

Relative to CTL, the AHI assimilation experiments further improve precipitation forecast skill, particularly the three all-470
sky experiments, whose positive effects persist through most of the first 33 hour, with relative improvements of about 5 %–471
40 % (Figure 10b). Based on the same all-sky hybrid-3DEnVar framework, ASR3D-Ch13 outperforms ASR3D during the472
first 12 forecast hours, with improvements of up to approximately 38%. This result suggests that assimilating additional cloud-473
sensitivity channel 13 primarily improves forecast skill scores at early lead times, possibly because the associated analysis474
increments more effectively adjust the initial cloud and hydrometeor fields. Although the 3D hybrid experiments generally475
further improve forecasts at short lead times, the superiority of ASR4D becomes evident after 12 hours and retains the lowest476
errors thereafter until 27 hours. This likely reflects the greater ability of four-dimensional assimilation to constrain the time-477
evolving model state, thereby alleviating initial dynamical imbalances and allowing the positive impact to be maintained over478
a longer forecast period. In contrast, CSR3D, which assimilates only clear-sky observations, shows the smallest improvement479
among the AHI assimilation experiments. Its error reductions remain modest, generally within 5% at most lead times, while480
the forecast error even increases by ~9% at the 9 hour lead time.481
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482
Figure 10. (a) Fraction skill scores (FSS) for 3 hour accumulated precipitation as a function of forecast lead time from 3 to 36 hour,483
and (b) relative FSS differences (units: %) with respect to CTL for CSR3D, ASR3D, ASR3D-Ch13, and ASR4D. 17 forecast samples484
are initialized at 6 hour intervals from 0000 UTC 25 September to 0000 UTC 29 September 2024. Error bars denote the 90 %485
confidence intervals.486

Figure 11 shows the spatial distribution of observed and 18–24 hour lead time forecasts of 6 hour accumulated precipitation487
during a representative heavy-rainfall period, together with the vertically integrated water vapour transport (IVT) from 1000488
to 200 hPa represented by black streamlines. The IVT statistic is calculated as follows:489

2 2

1000

1 HPL
IVT q u v dp

g
  (4)490

where g is the gravitational acceleration, set to 9.81 m·s-2; HPL is the upper pressure level, specified as 200 hPa in this study;491
q is the specific humidity (kg·kg−1); u and v represent the zonal and meridional wind components, respectively; p is the pressure492
level.493

According to the observations, the main precipitation regions can be divided into three areas, as denoted by black boxes494
‘A-C’ in Figure 11a, which correspond to convective cores located over the ocean and along the coastal transition zone. In all495
experiments, the predicted precipitation distributions are broadly consistent with the observed patterns. However, in areas496
where the observed precipitation is below 30 mm, the rainfall intensity is substantially overpredicted in all experiments, which497
may indicate a systematic bias in the model (Chen et al., 2026).498

Compared with the other AHI assimilation experiments, CTL exhibits larger forecast errors, which are characterized by an499
underestimation of the spatial extent of precipitation exceeding 10 mm, particularly in regions ‘A’ and ‘C’ (Figure 11b). This500
spatial deficiency is likely related to inadequate moisture transport, as reflected by the relatively sparse and less coherent IVT501
streamlines in CTL (red boxes in Figure 11b). After assimilating AHI radiances, all experiments exhibit improved forecasts of502
precipitation distribution relative to CTL. Although the three all-sky experiments show comparable skill in predicting rainfall503
intensity, ASR4D yields a more accurate precipitation distribution over region ‘C’. This result is consistent with the previous504
FSS-based assessment and further indicates that four-dimensional variational assimilation is more beneficial for improving the505
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prediction of rainfall distribution at longer forecast lead times. Conversely, the improvement achieved by CSR3D under the506
clear-sky assimilation framework remains inferior to that of the all-sky AHI assimilation experiments, especially in region ‘C’507
related to the coastal and adjacent land areas between 2.5 °S and 5 °S (Figures 11c-f).508

509
Figure 11. Horizontal distributions of 6 hour accumulated precipitation (shading; units: mm) from (a) the IMERG observations and510
18-24 hour lead time forecasts of (b) CTL, (c) CSR3D, (d) ASR3D, (e) ASR3D-Ch13, and (f) ASR4D, together with the vertically511
integrated water vapour transport from 1000 to 200 hPa (black streamlines, units: kg·m-1·s-1) averaged over 6 hour. The forecasts512
are valid from 1800 UTC 28 to 0000 UTC 29 September 2024.513

5 Summary514

This study investigated the impacts of Himawari-9 AHI all-sky infrared radiance assimilation on short-range cloud and515
precipitation forecasts over the Maritime Continent using a convection-permitting, high-resolution regional MPAS model.516
Both AHI water vapor and window channels are jointly assimilated within the hybrid-3D/4DEnVar framework. Based on five517
one-week cycling assimilation sensitivity experiments, the results were systematically evaluated in the analysis, background,518
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and forecast fields, along with verification against multiple types of independent observations. The main findings are519
summarized as follows.520

Analysis diagnostics indicate that, within cloudy regions, CSR3D, which assimilates only clear-sky AHI observations, has521
no hydrometeor increments and therefore exhibits larger errors in the analyzed cloud-top structure and a degraded fit to the522
all-sky observed BTs. By comparison, stronger hydrometeor increments are generated in the all-sky AHI assimilation523
experiments, leading to analyzed BTs and cloud-top heights that are more consistent with the observations, particularly in524
ASR3D-Ch13.525

Background-field evaluation using multiple types of observations indicates that AHI radiance assimilation has an overall526
neutral-to-positive impact on background quality relative to CTL. Specifically, verification against GNSS-RO refractivity527
shows reduced thermodynamic errors throughout the 4–15km layer, with the largest benefits in ASR3D-Ch13 over the mid-528
troposphere and in ASR4D over the upper troposphere. The AMV-wind verification further indicates that improvements are529
more pronounced for the meridional than for the zonal wind component, with RMSE reductions reaching approximately 5%530
and ±10%, respectively. Besides, independent MHS channel 4 verification shows that all-sky AHI assimilation provides a531
more accurate background humidity field than CTL and clear-sky AHI assimilation.532

Forecast verification against independent AHI window channels 15-16 observations indicates that, relative to CTL and533
CSR3D, the all-sky AHI assimilation experiments exhibit greater improvements in short-range forecasts of upper-level ice534
clouds or cloud-top structures, with ASR4D yielding the best overall performance. Independent radar reflectivity verification535
further suggests that ASR3D-Ch13 tends to better predicts the observed high-frequency reflectivity core, implying that window536
channel 13 may provide additional benefit for representing precipitation-related hydrometeors within convective systems.537
Moreover, the all-sky AHI assimilation experiments generally exhibit higher skill in predicting the spatial distribution of heavy538
rainfall. In particular, assimilating the additional cloud-sensitive channel 13 radiances enhances forecast skill during the first539
12 hour, whereas the four-dimensional assimilation framework provides more sustained benefits at longer lead times.540

Although this study demonstrates the feasibility and potential value of all-sky geostationary infrared radiance assimilation541
in the MPAS-JEDI system for tropical short-range forecasting, several issues still warrant further investigation. First, while542
the assimilation of cloud-sensitive window channel 13 provides added value for cloud and precipitation analyses, its larger543

and more non-Gaussian observation errors point to the need for further refinement of observation-error modeling, along with544

the development of cloud-scene-dependent quality-control strategies. Given the simultaneous assimilation of multiple water-545
vapor channels, inter-channel error correlations should likewise be more carefully represented and optimized in future work.546
In addition, future work could further examine the complementary roles of cloud-sensitive window channels and four-547
dimensional hybrid assimilation. The former may support rapid adjustment of cloud and hydrometeor structures, whereas the548
latter may help maintain these benefits through improved temporal consistency. To facilitate the practical implementation of549
such approaches, dual-resolution assimilation strategies could also be explored as a means of improving computational550
efficiency.551
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Code and Data Availability552

The source code of MPAS-JEDI version 3.0.3 is archived on Zenodo at https://doi.org/10.5281/zenodo.19209009 (last access:553
10May 2026; JCSDA and NCAR, 2025). The MPAS-Atmosphere version 8.2.2 and the CRTM version 2.4.1 are also available554
via Zenodo at https://doi.org/10.5281/zenodo.13821326 (last access: 10 May 2026; Duda et al. 2024) and555
https://doi.org/10.5281/zenodo.7823722 (last access: 10 May 2026; Johnson et al., 2023), respectively. The Himawari-9 AHI556
L1 Full Disk radiances and L2 cloud retrieval products were produced and managed by the Japan Meteorological Agency557
(JMA) and accessed through the NOAA Himawari Open Data service, available at: https://registry.opendata.aws/noaa-558
himawari/ (last access: 10 May 2026; JMA and NOAA, 2026). Historical Himawari Standard Data are also available via the559
JAXA Himawari Monitor/P-Tree system, a JMA-related archive service: https://www.eorc.jaxa.jp/ptree/index.html (last560
access: 10 May 2026; JAXA, 2026). The ADP Global Upper Air and Surface Weather Observations (PREPBUFR format) and561
NCEP GDAS Satellite Data are available from the NCAR Research Data Archive (RDA):562
https://gdex.ucar.edu/datasets/d337000/ (last access: 10 May 2026; National Centers For Environmental Prediction/National563
Weather Service/NOAA/U.S. Department Of Commerce, 2008) and https://gdex.ucar.edu/datasets/d735000/ (last access: 10564
May 2026; National Centers For Environmental Prediction/National Weather Service/NOAA/U.S. Department Of Commerce,565
2009). ECMWF deterministic and ensemble analyses were provided by the Centre for Climate Research Singapore (CCRS)566
and are available from the corresponding author upon request.567
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