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Highlights

What are the main findings?

• Clear-sky radiances mainly adjust the near-storm environment, whereas all-sky radi-
ances produce more realistic cloud, cold pool, and storm circulation analyses.

• All-sky assimilation shows larger and longer-lasting forecast improvements, particu-
larly for cloud structure, radar reflectivity, and precipitation.

What are the implications of the main findings?

• Cloud-affected infrared radiances provide valuable storm-scale information for initial-
izing rapidly evolving convective systems.

• Rapid-update all-sky infrared radiance assimilation improves the analysis and short-
range forecast of convective weather in a convective-scale model.

Abstract

Geostationary infrared observations provide frequent, spatially continuous information on
rapidly evolving convective systems. This study assimilates clear-sky and all-sky Channel
10 brightness temperatures (BTs) from GOES-R Advanced Baseline Imager (ABI). The
impacts on the analysis and short-range forecast of a continental meso-scale convective
system (MCS) are compared. The implementation is achieved in a convection-permitting
model using a 5 min cycling ensemble Kalman filter (EnKF) framework. A quality control
procedure is developed to enable the effective assimilation of clear-sky ABI observations.
Results show that clear-sky assimilation partially removes spurious background clouds
and adjusts temperature and moisture in the near-storm environment. All-sky assimilation
substantially improves the analyzed cloud field, produces stronger in-storm thermody-
namic and dynamical increments, as well as directly constrains hydrometeor variables. In
addition, assimilating all-sky observations reduces errors of analyzed surface temperature
and humidity by over 25%. Forecast verification further indicates that all-sky assimilation
provides more persistent forecast improvements in terms of BT and reflectivity quanti-
ties than clear-sky assimilation does. Both clear-sky and all-sky assimilations improve
the spatial coverage and intensity of accumulated precipitation, but assimilating all-sky
observations produces substantially larger FSS gains (0.163–0.380 versus 0.02–0.13).
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1. Introduction
Severe convective weather, including meso-scale convective systems (MCSs), severe

thunderstorms, and associated extreme precipitation, causes substantial hazards world-
wide annually. Accurate prediction of these events remains challenging in convection-
permitting numerical weather prediction (NWP). Forecast errors arise from nonlinear
interactions among the pre-convective environment, cloud microphysical processes, and
storm-scale circulations [1–3]. Small errors in the initial states, particularly in moisture and
convective-scale structures, can grow rapidly through moist processes and substantially
affect subsequent forecasts [4,5]. Therefore, improving both the storm environment and
the existing convective system in the initial condition through advanced data assimilation
(DA) is essential for short-range convective prediction [3,6].

Modern geostationary imagers provide infrared (IR) observations at spatial and tem-
poral resolutions suitable for convective-scale DA. Over the past years, IR radiances have
been successfully assimilated under clear-sky in global and regional NWP systems to
improve the analyses of humidity, temperature and wind fields [7–10]. More recently,
the assimilation of clear-sky IR radiances has been extended to convection-permitting
models and has shown positive impacts on the forecasts of convective systems and heavy
rainfalls [11–16]. However, clear-sky radiance (CSR) DA requires stringent cloud detection
and quality control procedures that reject many observations in cloudy and precipitating
regions. Consequently, direct observational constraints on clouds and precipitation are
largely absent where they are most needed for convective-scale initialization.

All-sky radiance (ASR) assimilation attempts to address this limitation by jointly
assimilating clear and cloud-affected observations. When supported by the DA systems,
it can also update hydrometeor and microphysical variables alongside the conventional
ones. Numerous studies have already demonstrated the potential impacts of all-sky IR
assimilation on tropical cyclones, isolated thunderstorms, heavy rainfall, and MCSs within
convection-permitting NWP models using advanced DA approaches [17–26].

Direct comparisons of CSR and ASR assimilation have begun to quantify the added
value of cloud-affected IR radiances. For example, in the European Center for Medium-
Range Weather Forecasts (ECMWF) global system, all-sky assimilation of Infrared At-
mospheric Sounding Interferometer (IASI) water vapor radiances was reported to have
larger improvements in the tropics than CSR assimilation [27]. Comparisons of Ad-
vanced Himawari Imager (AHI) assimilation in the mesoscale and global systems of
the Japan Meteorological Agency (JMA) showed that ASR assimilation greatly increased
observational coverage and improved moisture analyses and forecasts of middle- and
upper-troposphere [21,28]. More recent regional studies have reported similar advantages
for monsoon rainfall and tropical cyclones [29,30]. At convection-permitting resolution,
Xu et al. [31] assimilated AHI clear-sky and all-sky observations in a 3 h interval using a
variational approach, and improved the prediction of a severe storm over North China.
He et al. [32] further showed that hourly assimilation of all-sky Fengyun-4A (FY-4A) Ad-
vanced Geostationary Radiation Imager (AGRI) radiances outperformed clear-sky assimila-
tion in representing clouds and forecasting precipitation for a warm sector heavy rainfall
event over South China.

These studies establish the potential value of ASR assimilation, but the comparison
with CSR assimilation remains sensitive to model resolution, cycling frequency, weather
regime, and so on. Much of the existing evidence comes from global systems, month-long
regional experiments, tropical cyclones, or convection-permitting experiments with hourly
or longer cycling intervals. Although recent studies have begun to compare CSR and ASR
assimilation at convection-permitting resolution, such comparisons remain limited for
rapidly evolving convective systems under rapid-update DA systems. Building on the
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GOES-R ABI all-sky assimilation framework developed in our previous study [22], the
present study implements a clear-sky assimilation scheme within the same convection-
permitting GSI-based EnKF system. The impact of assimilating clear-sky and all-sky ABI
water vapor channel observations is systematically evaluated for a continental MCS case.
Clear-sky and all-sky ABI observations are assimilated using the same model configuration,
cycling period, and ensemble framework, thereby providing a controlled comparison that
isolates the added value of cloud-affected radiances. The experiments are designed to
address the following two questions. First, to what extent can CSR assimilation improve
the MCS analysis and forecast? Second, how much additional benefit can be obtained by
assimilating IR radiances within cloudy regions?

The remainder of this paper is organized as follows. Section 2 describes the model setups
and experimental design. Section 3 presents the quality-control results for clear-sky ABI
assimilation. Section 4 compares the analysis and forecast impacts of the clear-sky and all-sky
experiments. Discussion and Conclusions are provided in Sections 4 and 5, respectively.

2. Model Setups and Experiment Design
In this study, the Advanced Research version of the Weather Research and Forecasting

(WRF-ARW) [33] Model, version 3.8.1, is used as the forecast model. The DA system uses the
GSI-based EnKF system developed and enhanced by the Center for Analysis and Prediction
of Storms (CAPS). The Community Radiative Transfer Model (CRTM) [34] version 2.3.1 is
employed to simulate both clear-sky and all-sky infrared BTs. The all-sky CRTM calculations
account for the radiative effects of model-resolved clouds and hydrometeors.

The case used in this study is a continental mesoscale convective system that de-
veloped over the central U.S. plains on 12–13 July 2018, and was previously exam-
ined by Zhu et al. [22] and Kong et al. [35]. The model configuration generally follows
Zhu et al. [22]. The single model domain contains 300 × 300 horizontal grid points centered
at 43.3◦N, 96.7◦W, with a grid spacing of 3 km and 50 vertical layers in total. A 40-member
ensemble is created using time-lagged forecasts from the Short-Range Ensemble Fore-
cast (SREF) system and the analysis fields from the North American Mesoscale (NAM)
forecast system valid at 1800 UTC 12 July, and is integrated forward for 3 h to spin up
convective structures. The initial and boundary conditions are generated by subtracting
the SREF control run from the selected SREF members and adding these perturbations to
the 1800 UTC NAM analysis. Specifically, the boundary conditions are updated hourly.
All ensemble members utilize the same parameterization schemes, including the double-
moment Thompson microphysics scheme [36], the Yonsei University (YSU) scheme [37],
the Rapid Radiative Transfer Model for General Circulation Models (RRTMG) for longwave
and shortwave radiation [38] and the Noah land surface model [39].

In this study, only ABI Channel 10 (7.3 µm) is assimilated following Zhu et al. [22]. ABI
channel 10 is relatively sensitive to the moisture and temperature in the lower-to-middle
troposphere. Assimilating observations from a single channel also avoids inter-channel
observation-error correlations. To examine the different impact of assimilating clear-sky and
all-sky ABI radiance on the target MCS analysis and forecast, a control experiment and two
data assimilation experiments were conducted separately. The control experiment (referred
to as “CTRL”) assimilates no observations and continues the 2 h ensemble forecasts from
2100 UTC to 2300 UTC, 12 July. The first DA experiment assimilates clear-sky BTs from ABI
channel 10 over the same period every 5 min (referred to as “CLRSKY”), while the second
assimilates all-sky channel 10 BTs instead (referred to as “ALLSKY”). Deterministic and
ensemble forecasts were then run from 2300 UTC, 12 July, to 0300 UTC, 13 July, initialized
by either the ensemble mean or individual members of each experiment.
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In both DA experiments, clear-sky ABI observations are thinned to a resolution of 6 km
and cloudy observations are assimilated without thinning in the ALLSKY experiment. This
adaptively thinning strategy can reduce computational costs and partly mitigate potential
correlated observation errors. The horizontal and vertical localization radius are set to
30 km and 4 scaled heights, respectively, consistent with the settings used by Zhu et al. [22].
To maintain ensemble spread, the relaxation-to-prior perturbation (RTPP) [40] covariance
inflation method is used with an inflation parameter of 0.8 following Zhang et al. [18].
Specifically, the adaptive observation-error inflation (AOEI) [41] approach is adopted as the
observation-error model for all-sky assimilation; for clear-sky data, the observation error is
set to a constant value of 3 K following Zhang et al. [18] and Zhu et al. [22]. In addition, a
fixed-value bias correction (BC) scheme similar to Zou et al. [7] and Cintineo et al. [42] is
used in this study to correct systematic errors. Given the short duration of this specific case,
the simulated clear-sky observations were bias corrected using the average bias estimated
from three days of clear-sky departures (−0.31 K). Bias correction was not applied to
the cloudy observations considering the rapid variation in bias error characteristics in
cloudy regions. The state variables updated in CLRSKY experiment include 3D wind fields,
potential temperature, and water vapor mixing ratio, while the ALLSKY experiment also
updates the mixing ratios of cloud water, cloud ice, rainwater, snow, and graupel (e.g., qc,
qi, qr, qs, qg).

3. Quality Control for Clear-Sky Data Assimilation
Quality control (QC) is essential for clear-sky satellite radiance assimilation because

cloud contamination and large observation operator errors can introduce strongly non-
Gaussian innovations. In the CLRSKY experiment, only pixels identified as clear-sky in
both the observations and the model background are assimilated. A strict QC procedure
based on the EnKF framework is developed.

1. Observations with Channel 10 BTs outside the physical range of 50–550 K are rejected.
2. Observations over lakes, other water bodies, snow-covered surfaces, and coastal

boundaries are excluded.
3. Observed pixels with channel 10 BTs below 250 K are classified as cloud-affected and

rejected following Johnson et al. [24] and Degelia et al. [43].
4. Observations are rejected if the ensemble-mean total hydrometeor content exceeds

0.1 kg m−2.
5. Observations are rejected when the magnitude of the ensemble-mean innovation,

|y − H(x)|, exceeds 5 K, a threshold comparable to that adopted by Zou et al. [7].
6. Observations are rejected if the magnitude of the member-specific innovation,

|y − H(x)|, exceeds three times the prescribed clear-sky observation error for any
ensemble member (i.e., 3 K).

The QC thresholds were selected based on both empirical testing and previous studies.
Because the QC procedure consists of several successive and partially overlapping checks,
the total number of assimilated observations is expected to be relatively insensitive to
modest changes in any single threshold.

Figure 1a,b show the spatial distributions of observations minus background simula-
tions (O–B, hereafter referred to as innovations) at the first analysis time (2100 UTC) for
the ALLSKY and CLRSKY experiments, respectively. Because of both the deficiencies in
microphysics parameterizations and the uncertainties in the initial conditions, a noticeable
mismatch between the observed and simulated storms is observed, particularly for the
convective system over Minnesota. Large BT differences between the observations and
simulations are therefore found, with absolute innovations frequently exceeding 20 K
(Figure 1a). The ALLSKY experiment retains these large innovations, while the CLRSKY
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experiment effectively removes them. The retained innovations are relatively small and
more uniformly distributed, with most values confined within ±5 K.

Figure 1. Spatial distributions of the ABI channel 10 innovations (O−B) assimilated at 2100 UTC in
(a) ALLSKY and (b) CLRSKY, and (c) frequency distributions of the bias-corrected innovations in
ALLSKY (red) and CLRSKY (blue).

Figure 1c shows the frequency distributions of the bias-corrected ABI Channel 10
innovations from ALLSKY and CLRSKY. ALLSKY exhibits a skewed (or a flat-tail) dis-
tribution of innovations. This is mainly because no data thinning is applied to cloudy
observations in ALLSKY, allowing a larger number of cloud-affected radiance with negative
innovations to be kept. Despite the fact that such non-Gaussian characteristics may violate
the fundamental Gaussian error assumption underlying the EnKF, their impacts can be
partially mitigated through observation-error inflation strategy. In contrast, the innovation
distribution in CLRSKY more closely resembles a Gaussian distribution, consistent with
the intended effects of the QC and BC procedures. However, it is noteworthy that a small
residual bias (~−0.4 K) remains in CLRSKY after QC and BC. Given the rapid error growth
and strong nonlinearities inherent at the convective scale, this magnitude is considered
acceptable in this study. Nevertheless, the presence of systematic bias suggests that more
advanced bias correction approaches are needed (e.g., [28,44–46]).

4. Results
4.1. Observation-Space Diagnostics

The numbers of assimilated observations, the domain-averaged mean biases, root-
mean-square innovations (RMSIs) and ensemble spreads of ABI channel 10 BTs are shown
in Figure 2. We note that the verification is carried out over observations being assimilated
in each experiment. The purpose of these diagnostics is to assess the cycling stability and
internal consistency of each EnKF configuration under clear-sky and all-sky conditions.
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Figure 2. Time series of assimilated observation numbers (a), domain-averaged ABI channel 10 BT
biases (b), RMSIs (c) and ensemble spreads (d) during the 2 h EnKF period for experiment CLRSKY
and ALLSKY, respectively.

ALLSKY assimilated approximately 37,000 observations during the initial cycles, and
about 47,000 by 2300 UTC as the MCS becomes more organized (Figure 2a), while the
number of observations assimilated by CLRSKY is slightly decreased. The additional obser-
vations in ALLSKY provide more constraints within and around the convective systems.

Both experiments show systematic adjustments in observation space during the as-
similation cycles (Figure 2b,c). In CLRSKY, both O−B and O−A biases remain small and
close to zero after the initial several cycles, while the corresponding RMSIs decrease form
3 K to below 1 K. In ALLSKY, the posterior RMSI remains above 3 K, and the bias remains
between −1 and 0 K after the initial adjustment. The larger departures reflect the inclusion
of cloud-affected observations with greater cloud position, microphysical, and radiative
transfer uncertainties. The ensemble spreads are also well maintained during the cycling
period (Figure 2d). The spread in ALLSKY is consistently about three times that in CLRSKY,
suggesting the greater uncertainty in simulated BTs under cloudy conditions. These results
indicate relatively stable cycling behavior in both configurations.

To more directly compare the different impacts of assimilating clear and all-sky radi-
ances on the analyzed cloud features, we present the observed and simulated ABI Channel
14 BTs from CTRL, CLRSKY, and ALLSKY experiments after final analysis at 2300 UTC.
Observations from ABI channel 14 were not assimilated and therefore provided an inde-
pendent measure of the analyzed high cloud tops and deep convective structures.

CTRL shows widespread convection and tends to overestimate the overall cloud
coverage. CLRSKY provides an improved representation in clear-sky regions compared
to CTRL and also partly reduces the spurious clouds, particularly those near cloud edges.
These improvements occurred even though cloudy observations were excluded and hy-
drometeor variables were not updated. The influence therefore results indirectly from the
ensemble-derived covariances between clear-sky radiances and the surrounding model
states. Nevertheless, substantial cloud-related errors remain in CLRSKY. In contrast, ALL-
SKY reproduces the observed BTs more closely than CTRL and CLRSKY. The locations and
spatial distributions of the two major convective systems closely match the observations,
and the cold cloud-top regions are realistically represented (Figure 3d). In addition, the
spurious convection evident in CTRL and CLRSKY is substantially reduced. These suggest
that the assimilation of all-sky infrared radiances effectively improves the analysis of cloud
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and convective structures, leading to a more accurate depiction of MCS organization, and
cloud-top characteristics.

Figure 3. ABI Channel 14 brightness temperatures (K) at 2300 UTC, the final analysis time, for
(a) observations and simulations from (b) CTRL, (c) CLRSKY, and (d) ALLSKY. (e) Corresponding
probability density functions (PDFs) of ABI Channel 14 O-As (K) for three experiments. The simulated
brightness temperatures were calculated from the ensemble-mean analyses.

The probability density functions (PDFs) at final analysis show that CLRSKY mod-
erately narrows Channel 14 O−A distribution, reducing the bias and RMSI from 31.0 K
and 43.5 K to 24.0 K and 36.9 K, respectively. ALLSKY produces a distribution strongly
concentrated near zero and reduces the bias and RMSI to 5.25 K and 11.47 K.

4.2. Impacts on Model States

To investigate how clear-sky and all-sky ABI radiance assimilation modifies the model
states, vertical cross sections of analysis increments in water vapor mixing ratio (qv),
temperature, and wind fields are examined at 2100 UTC, the first analysis time. Two
typical cross sections (AA′ and BB′; as shown in Figure 1a) are chosen. Both sections pass
through the observed cloudy regions with large negative innovations, but their background
conditions are notably different. AA′ is in a partially cloudy background where more
than half of the background members are cloudy, while BB′ is in a clear-sky background
where all ensemble members are identified as cloud-free. AA′ and BB′ serve as illustrative
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examples to examine the local response of all-sky DA and how it depends to different
background conditions.

For the AA’ cross section, CLRSKY (Figure 4a) produces only weak analysis increments
as most in-storm observations are rejected. The positive qv increments are generally below
0.4 g kg−1 and are mainly confined to the middle troposphere. Weak negative temperature
increments are observed at lower levels, whereas wind increments remain small throughout
the cross section. In contrast, ALLSKY generally produces substantially larger analysis
increments in both thermodynamic and dynamic variables. As is shown, the positive qv

increments reach approximately 1 g kg−1 within the observed in-storm regions (Figure 4b),
and the magnitude of the temperature increments also increases from 0.3 K in CLRSKY to
nearly 1 K in ALLSKY. In ALLSKY, negative temperature increments occur mainly near the
cloud top and below the cloud base, while positive increments are within the cloudy layer.
The cooling near the cloud top is consistent with latent heating related to the condensation
and other microphysical processes in active deep convection [47]. ALLSKY also produces
much larger wind increments than CLRSKY does, with enhanced upward motion extending
from the lower to the upper troposphere. Such dynamically coupled increments benefit the
vertical moisture transport and the internal circulation of the MCS.

Figure 4. Vertical cross sections of analysis increments in water vapor mixing ratio (shading; g kg−1),
temperature (contours; K), and wind (vectors; m s−1) at the first analysis time of 2100 UTC from (a,c)
CLRSKY and (b,d) ALLSKY for section (a,b) AA’ and (c,d) BB’.

A different response is observed in the BB′ cross section. In this case, both CLRSKY
and ALLSKY show similar vertical dipole structure in the qv increments, characterized by
mid-level moistening and low-level drying (Figure 4c,d). However, the magnitude of the
increments in ALLSKY is much larger. The positive moisture increments are concentrated
between approximately 4 and 8 km, while widespread negative temperature increments oc-
cur from the lower to middle troposphere. The combined mid-level moistening and cooling
increases relative humidity and creates a more favorable thermodynamic environment for
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subsequent cloud formation. Because the background contains little or no simulated cloud
signal, the assimilation has limited ability to directly rebuild the missing cloud structures.
Because of the relatively weak correlation between IR BT and wind fields under clear-sky
background, neither experiment produces noticeable wind increments.

These contrasting responses can be understood in terms of the differences in the
background error covariances. When clouds are already represented in the background,
the background error covariance somehow captures the flow-dependent characteristics
within the convective regions. Therefore, all-sky assimilation is able to improve the internal
thermodynamic structure of the existing convection and produces stronger dynamically
balanced increments. When clouds are missing in the background, EnKF updates model
states using the clear-sky background error covariances. In this case, all-sky assimilation
acts primarily by reconstructing a favorable thermodynamic environment that facilitates
subsequent convection development. Nevertheless, the additional information from cloud-
affected infrared radiances enables stronger adjustments on the model variables within and
around cloudy regions than clear-sky assimilation does.

We further compare the average vertical profiles of five hydrometeor species among
CTRL, CLRSKY, and ALLSKY in the observed cloudy region at the final analysis time
(Figure 5). The results also reveal different responses of hydrometeor species to clear and
all-sky ABI assimilation. Although the hydrometeor variables were not updated in CLRSKY,
their distributions can be modified indirectly through the adjustments to the thermodynamic
and dynamical fields. CLRSKY increases cloud water (qc) and snow water (qs) relative to
CTRL, implying a moister environment in the middle and upper troposphere that favors
condensation and ice-phase deposition. However, the lack of corresponding dynamical sup-
port within the mature convective cores may have limited the conversion of qc and qs into
rainwater (qr) and graupel (qg), consistent with the concurrent decreases in qr and qg.

Figure 5. Vertical profiles of the ensemble-mean mixing ratios (g kg−1) of cloud water (QCLOUD),
rainwater (QRAIN), cloud ice (QICE), snow (QSNOW), and graupel (QGRAUP) averaged over the
observed cloudy regions for CTRL (black), CLRSKY (blue), and ALLSKY (red) at the final analysis
time. The cloudy region is defined by observed ABI Channel 10 BTs less than 250 K.

In ALLSKY, the mixing ratios of all five hydrometeor species generally increase within
their primary vertical layers. Because cloudy IR BTs are particularly sensitive to upper-
level ice-phase particles, assimilating additional cloudy observations provide more direct
constraints on qi and qs. The increases in upper-level qi and qs are consistent with the colder
cloud tops shown in Figure 3 and indicate deeper anvil and stratiform cloud structures of
the MCS. While the enhanced qg is likely a result of more active riming progress. For liquid-
phase particles, ALLSKY further increases qc in the mixed-phase layer, providing a greater
supply of supercooled liquid water. Compared with CTRL, ALLSKY also retains more qr at
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lower levels but less above approximately 600 hPa, which probably suggests more efficient
sedimentation and the melting of ice-phase precipitation. These results demonstrate
that all-sky ABI assimilation provides additional constraints on storm-scale cloud and
microphysical structures that are unavailable from clear-sky observations. However, due to
the lack of independent three-dimensional observations, the extent to which the assimilation
improves the vertical structure of the MCS remains unclear.

The assimilation of ABI BTs also modifies the near-surface environment, which also
influences the prediction of the target MCS. The ensemble mean of CTRL shows a weak
and misplaced cold pool structure, together with weak low-level convergence ahead of
the convective system (Figure 6g). Verification against ASOS observations indicates that
CTRL has a warm bias (2.08 ◦C) and a dry relative humidity bias (5.57%), with RMSEs
of 4.11 ◦C and 14.04%, respectively (see Table 1). CLRSKY slightly improves the near-
surface environment, reducing the bias and RMSE of 2 m temperature to 1.78 and 3.71 ◦C,
respectively. It is seen that a slightly stronger cold pool is found over data-rich regions,
including northern South Dakota and central Minnesota. However, the corresponding
improvement in near-surface humidity and wind fields is limited (Figure 6h,e), possibly
because clear-sky infrared observations from a water vapor channel provide little direct
information on boundary-layer moisture.

Figure 6. (a–c) Ensemble-mean 2 m temperature, (d–f) 2 m relative humidity, and (g–i) 10 m
wind convergency at the final analysis time of 2300 UTC for (a,d,g) CTRL, (b,e,h) CLRSKY, and
(c,f,i) ALLSKY. The 10 m wind fields (vectors; m s−1) are overlaid on the ensemble-mean 2 m
temperature fields. Colored circles show the corresponding 2 m temperature and relative humidity
observations from Automated Surface Observing System stations, respectively.
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Table 1. Biases and RMSEs of 2 m temperature (T2) and 2 m relative humidity (RH2) from the CTRL,
CLRSKY, and ALLSKY experiments against ASOS observations at 2300 UTC on 12 July 2018.

Experiment
Name T2 Bias (◦C) T2 RMSE (◦C) RH2 Bias (%) RH2 RMSE

(%)

CTRL 2.083 4.112 −5.565 14.041
CLRSKY 1.783 3.707 −5.439 14.119
ALLSKY 1.218 3.062 −3.277 10.335

ALLSKY produces the most accurate analysis of surface temperatures and relative hu-
midity, especially within and around the convective system. The biases of 2 m temperature
and relative humidity are reduced to 1.22 ◦C and −3.28%, while the RMSEs are reduced
to 3.06 ◦C and 10.34%, a reduction of more than 25% relative to CTRL. The assimilation
of additional cloudy BTs enhances the evaporative cooling processes, leading to a more
pronounced and better-defined cold pool structure. Consistent with this improvement,
the maximum 10 m convergence reaches 20.38 × 10−4 s−1 in ALLSKY, compared with
7.24 × 10−4 s−1 in CTRL. The stronger convergence along the gust front provides a more
favorable near-surface environment for initiating new convective cells and maintaining the
organization of the MCS.

Overall, the results indicate that all-sky ABI assimilation improves not only the internal
cloud structure but also the near-surface meso-scale environment associated with the
evolution of target MCS.

4.3. Object-Based Verifications

In this subsection, the object-based verification method described by Skinner et al. [48–51]
is applied to evaluate the 0–4 h ensemble and deterministic forecast performance. Three types
of objects are examined, including the clear-sky environment characterized by ABI channel
10 BTs, high cloud-top structures characterized by ABI channel 14 BTs, and precipitation
structures derived from composite radar reflectivity. The thresholds used to define these
objects follow previous studies [50–52], including BT10 > 250 K, BT14 < 216 K, and radar
reflectivity exceeding 20 and 40 dBZ.

The ensemble probabilities of the two radar-derived objects from each experiment
are first examined subjectively (Figure 7). It is seen that, for the 20 dBZ threshold, all
three experiments successfully capture the overall orientation of the target MCS from
Nebraska to South Dakota. CTRL consistently produces the lowest ensemble probabilities
and develops widespread spurious precipitation over southern Minnesota at 0200 and
0300 UTC. CLRSKY predicts slightly higher ensemble probabilities for the system from
Nebraska to South Dakota, with areas exceeding 0.7 being more extensive, particularly
during 0200 and 0300 UTC. Meantime, CLRSKY shows a slight reduction in spurious
precipitation over southern Minnesota at 0100 UTC. However, both CTRL and CLRSKY
fail to adequately predict the precipitation from Minnesota to Wisconsin, suggesting that
the surrounding environment is still less conducive for convective development. ALLSKY
exhibits substantially improved forecast confidence for the 20 dBZ threshold, particularly
for the Minnesota-to-Wisconsin convective region. The ensemble probability fields show
excellent agreement with the observed precipitation structure, with regions of high prob-
ability (p > 0.7) closely matching the observed precipitation regions in both shape and
extent. Furthermore, the assimilation of additional cloudy-sky observations effectively
reduces spurious precipitation areas within the model domain, indicating more accurate
representation of the convective environment.
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Figure 7. Neighborhood ensemble probabilities (shaded) of composite radar reflectivity exceeding
(left three columns) 20 dBZ and (right three columns) 40 dBZ at (a1–f1) 0000, (a2–f2) 0100, (a3–f3) 0200
and (a4–f4) 0300 UTC for CTRL, CLRSKY and ALLSKY. The region of observed radar reflectivity
exceeding certain thresholds is outlined by a bold black contour.

For the threshold of 40 dBZ, CTRL and CLRSKY show similar deficiencies, both signif-
icantly underestimating the probability of strong convection through the entire forecast
period (p < 0.4). ALLSKY successfully predicts multiple convective cores and generally
depicts the orientation of the observed convective line. However, these convective cores
are somewhat displaced, likely a consequence of both analysis and model errors [53].

Figure 8 quantifies the impact of assimilating ABI BTs on the deterministic composite
reflectivity forecasts. Two neighborhood radii of 15 and 60 km are selected to evaluate
forecast skill under storm-scale and meso-scale spatial tolerances, respectively. For the
20 dBZ threshold, ALLSKY maintains higher neighborhood ETSs than CTRL and CLRSKY
throughout the forecast at both neighborhood radii. The advantage is larger for the 15 km
neighborhood, for which the ALLSKY scores remain generally around 0.4, whereas the
ETSs of CTRL and CLRSKY are mostly below 0.27. The ETSs decrease for the 60 km
neighborhood in all three experiments. For the 40 dBZ threshold, the ETSs increase with
forecast lead time as the observed and simulated convective systems develop. ALLSKY
again shows the highest scores, with its ETS reaching approximately 0.6 during the later
forecast period at the 60 km radius. The ETSs of CTRL and CLRSKY show similar variation
and increase gradually with forecast time. The stronger improvement at 60 km for the
40 dBZ threshold indicates that ALLSKY better captures the occurrence and evolution of
intense convective echoes, although displacement errors remain at smaller spatial scales.
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Figure 8. Neighborhood equitable threat scores (NETSs) for objects derived from (a) 20 dBZ and
(b) 40 dBZ composite reflectivity in the CTRL (black), CLRSKY (blue), and ALLSKY (red) experiments
during the 4 h deterministic forecasts. Neighborhood radii of 15 km (dashed lines) and 60 km (solid
lines) are selected.

Similarly, we calculate the ETSs from the CTRL, CLRSKY, and ALLSKY experiments for
the BT-derived objects (Figure 9). For the Channel 10 clear-sky object, CLRSKY outperforms
CTRL primarily during the first 1.5 h of the forecast, although the absolute improvement is
generally less than 0.05. This advantage diminishes with increasing forecast time, and both
experiments exhibit similar ETSs of approximately 0.27 by 0300 UTC. For the Channel 14
cold cloud object, CLRSKY shows no obvious improvement over CTRL in the first 2 h, but
its superiority gradually emerges after 0100 UTC. The ETS increases from approximately 0.2
in CTRL to 0.3 in CLRSKY at 0300 UTC for channel 14 object. The evolution of the ETSs in
CLRSKY suggests that the early improvements in the MCS environment obtained by clear-
sky radiance assimilation contribute to the subsequent organization and intensification of
convection. For both BT-derived objects, ALLSKY has the highest ETSs throughout the
entire 4 h forecast, maintaining values over 0.5 and 0.4 for Channel 10 and 14, respectively.
This persistent superiority implies additional constraints on both the MCS environment
and deep convective cloud structure.

Figure 9. Equitable threat scores (ETSs) for objects derived from (a) ABI Channel 10 BTs greater than
250 K and (b) Channel 14 BTs less than 216 K during the 4 h deterministic forecasts.

To provide a more comprehensive assessment of the performance of different experi-
ments, the forecasts of the satellite- and radar-derived objects at 1 h and 4 h lead times are
further quantitatively verified by the performance diagrams (Figure 10). The diagrams sum-
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marize both the deterministic forecasts (large symbols) and individual ensemble members
(small symbols) for CTRL, CLRSKY and ALLSKY. Forecasts located closer to the upper-
right corner indicate higher forecast skill, corresponding to higher probability of detection
(POD), higher success ratio (SR), larger critical success index (CSI), and a frequency bias
closer to one.

Figure 10. Performance diagrams for (a,d) ABI Channel 10, (b,e) ABI Channel 14 and (c,f) 40 dBZ
radar reflectivity objects in the CTRL (black), CLRSKY (blue), and ALLSKY (red) forecasts at (a–c) 1
and (d–f) 4 h lead times. Large symbols represent deterministic forecasts, and small symbols represent
individual ensemble members.

For both BT-derived objects, ALLSKY generally exhibits frequency biases closest to
unity, and also the highest CSIs. Specifically, for the channel 10 BT object, both CTRL and
CLRSKY systematically overpredict the coverage of the observed clear-sky regions, leading
to much smaller SRs. This is particularly evident for the deterministic forecasts at 4 h. For
Channel 14, the improvement in ALLSKY is primarily associated with its higher PODs,
which indicate that ALLSKY captures a substantially larger fraction of the observed cold
cloud tops. CLRSKY outperforms CTRL by slightly increasing the POD and SR values at
the same time. For the 40 dBZ object, ALLSKY shows the highest PODs while maintaining
SRs comparable to CLRSKY at 1 h leading time. Although CTRL occasionally exhibits
higher SR than ALLSKY in the deterministic forecast, its considerably lower PODs indicate
underestimation of the intense convective echoes. At 4 h, the advantage of ALLSKY is not
evident, likely due to the displacement errors of the forecast convective cores (Figure 7). It is
also noteworthy that the ensemble members of ALLSKY are more tightly clustered around
their corresponding deterministic forecasts, suggesting higher ensemble consistency and
smaller forecast uncertainty. The members in CTRL and CLRSKY exhibit substantially
larger ensemble spreads.

4.4. Precipitation Impacts

To evaluate the impact of assimilating ABI BTs on precipitation forecasting, we com-
pare the 4 h accumulated precipitation forecasts from CTRL, CLRSKY and ALLSKY initial-
ized from 2300 UTC against the NCEP stage IV precipitation observations. The observed
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precipitation shows a clear southeast–northwest oriented distribution (Figure 11a), with
two major precipitation areas occurring along the southern South Dakota and eastern
Minnesota border, respectively (black boxed regions). CTRL and CLRSKY substantially
underestimate both the coverage and intensity of precipitation. In particular, neither exper-
iment reproduces the observed heavy precipitation cores near the Minnesota–Wisconsin
border, where their simulated accumulations are predominantly below 5 mm. Compared
with CTRL, CLRSKY produces a modest increase in weak precipitation over South Dakota
and northern Nebraska but provides little improvement in the eastern precipitation area.
ALLSKY shows the best agreement with the observations by producing a more coherent
rainband distribution. Particularly, ALLSKY successfully reproduces the localized precipi-
tation cores exceeding 50 mm in both boxed regions, including the precipitation near the
Minnesota border that is largely missing from CTRL and CLRSKY.

Figure 11. 4 h accumulated precipitation forecasts initialized from 2300 UTC, 12 July, to 0300 UTC,
13 July, 2018 for (a) NCEP Stage IV observations and the (b) CTRL, (c) CLRSKY, and (d) ALLSKY
experiments. The black boxes denote regions with heavy observed precipitation.

The forecast performance is further quantitatively assessed using the neighborhood-
based fractions skill score (FSS) [54]. Figure 12 presents the FSSs of the 4 h accumulated
precipitation forecasts from CTRL, CLRSKY, and ALLSKY at different precipitation thresh-
olds, using neighborhood radii of 9, 15, and 30 km. For all experiments, the FSS generally
decreases with increasing precipitation threshold but increases with neighborhood radius.
CTRL has the lowest FSSs for almost all thresholds and neighborhood radii. CLRSKY
provides modest improvements over CTRL, with absolute FSS increases ranging from 0.02
to 0.13 for thresholds below 30 mm. However, for the 50 mm threshold, CLRSKY provides
limited improvement over CTRL and even shows a lower FSS at a radius of 30 km. ALLSKY
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significantly increases the FSSs for all thresholds and neighborhood radii. For example,
ALLSKY increases the FSS relative to CTRL by 0.215, 0.349, 0.380, 0.220, 0.173, and 0.163 at
thresholds of 1, 5, 10, 20, 30, and 50 mm, respectively, when using a neighborhood radius of
15 km. These results highlight the positive impact of all-sky infrared radiance assimilation
on forecasting both the spatial extent and intensity of MCS-related precipitation.

Figure 12. Fractions skill scores (FSSs) of 4 h accumulated precipitation forecasts from CTRL (black),
CLRSKY (blue), and ALLSKY (red) at thresholds of 1, 5, 10, 20, 30, and 50 mm. The FSSs are calculated
against NCEP Stage IV precipitation analyses using circular neighborhood radii of (a) 3, (b) 5, and
(c) 10 grid points, corresponding to approximately 9, 15, and 30 km, respectively.

Nevertheless, noticeable errors remain in the location and structure of the precipitation.
The heavy-rainfall cores are generally less organized than observed, and several spurious
precipitation maxima are produced (Figure 11d). These remaining deficiencies may be
partly attributed to the inherent limitations of infrared radiance observations, which are
primarily sensitive to cloud-top properties. While the assimilation of all-sky infrared
radiances can improve the representation of deep convective clouds, it provides only
indirect constraints on the underlying precipitation and hydrometeor structures.

5. Discussion
Assimilation of all-sky infrared radiances from ABI Channel 10 provides additional

information that is unavailable from clear-sky assimilation, and substantially improves the
analysis and short-range forecast of the MCS examined in this study. The major findings are
broadly consistent with previous comparison studies of clear-sky and all-sky IR DA using
advanced geostationary imagers [21,28,31,32]. A common conclusion is that all-sky IR DA
effectively improves analyzed and forecast cloud fields, and provides more pronounced
analysis increments than clear-sky DA owing to the greater spatial and temporal coverage.

The reported precipitation improvement, however, varies among previous studies.
In Okamoto et al. [21], although all-sky assimilation produced a more stable forecast of
an organized rainfall event than clear-sky assimilation, the improvement in precipitation
ETS was not statistically significant. Similar conclusions were achieved by Xu et al. [31]
for a Severe Storm case over North China. More recent EnKF studies on warm-sector
heavy rainfall have reported stronger quantitative precipitation benefits. For example,
Lou et al. [55] pointed out that hourly all-sky AHI assimilation increased both precipitation
TS (0.2–0.4) and FSS when compared to clear-sky assimilation. He et al. [32] reported
corresponding all-sky benefits during the 0–6 h forecast period. These results are broadly
consistent with the present study.
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The differences among the reported impacts are likely attributed to the distinct error
characteristics and spatiotemporal scales of the weather systems examined. The present
study focuses on a frontal MCS over the central United States, whereas previous studies
have examined organized rainfall systems and warm-sector heavy-rainfall events. For
isolated convective storms and MCSs, the smaller scale and rapid growth of position errors
may significantly reduce the robustness of cross-variable covariances. In addition, their
forecast skill can be strongly affected by errors in convective initiation. Warm-sector rainfall
is often sustained by boundary-layer moisture convergence, low-level jets, and warm-cloud
processes. The impact obtained for a single MCS case should therefore not be generalized
to all convective systems, and systematic evaluation over additional cases is required.

Several other limitations should also be considered when interpreting the results.
First of all, ALLSKY successfully predicted convection over Minnesota that was largely
absent in CTRL and CLRSKY, but the simulated deep convective cores exhibited noticeable
displacement errors. Because infrared observations cannot penetrate thick clouds, they
provide limited direct constraints on both boundary-layer conditions and vertical structure
of hydrometeors. Residual errors in these fields may affect subsequent convective initiation
and organization. Errors in the large-scale environmental forcing also influence the evolu-
tion of the simulated convection. Forecast model errors, particularly those associated with
cloud microphysics, also significantly affect the persistence of the assimilation impact. The
present experiments use WRF-ARW version 3.8.1 with the Thompson microphysics scheme,
which does not eliminate systematic model errors. Experiments using updated model
configurations and multiple microphysics schemes are needed. Secondly, only ABI Channel
10 was assimilated in this study. This water vapor channel is sensitive to the moisture
in the lower to middle troposphere, but offers limited information at the boundary layer.
Assimilation of multiple ABI channels, together with radar and conventional observations,
may provide more complete vertical and microphysical information. Thirdly, the fixed
bias correction applied here does not explicitly represent biases associated with air mass,
scan geometry, surface properties, or cloud conditions. More advanced cloud-dependent
bias correction, vertical localization, and observation-error models, including approaches
proposed by Otkin et al. [44] and Feng and Pu [46], should be investigated to better address
systematic and non-Gaussian errors in all-sky infrared radiance assimilation.

6. Conclusions
This study compared the impacts of clear-sky and all-sky GOES-16 Advanced Baseline

Imager (ABI) infrared radiance assimilation on the analysis and short-range forecast of
a meso-scale convective system (MCS). A continental MCS that occurred over the cen-
tral United States on 12 July 2018 was selected as the case study. Three rapid-cycling
experiments were conducted using an ensemble Kalman filter (EnKF) within a 3 km
convection-permitting model, including a control experiment without data assimilation
(CTRL), a clear-sky assimilation experiment (CLRSKY), and an all-sky assimilation experi-
ment (ALLSKY).

To assimilate clear-sky ABI radiances, we first developed a six-step quality-control
scheme based on the GSI EnKF framework. The results showed that the newly established
QC scheme effectively removed observations with large innovations, providing a more
Gaussian distribution of the innovations. Observation-space diagnostics showed that
assimilating either clear-sky or all-sky ABI radiances reduced the mean bias and root-
mean-square error of ABI BTs. CLRSKY partially suppressed the spurious clouds in the
model background, whereas ALLSKY exhibited superior performance in the analysis of
the cloud field.
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CLRSKY primarily adjusted the temperature and moisture in the near-storm environ-
ment. These adjustments can further modify the vertical distributions of hydrometeors
during model integration, thereby improving the forecast of radar reflectivity. ALLSKY
directly constrained the hydrometeor fields and produced in-storm thermodynamic and
circulation structures more favorable for MCS development and intensification. CLRSKY
produced only a small improvement in the analyzed near-surface environment, whereas
ALLSKY generated a stronger and more clearly defined cold-pool signature. The result-
ing surface temperature and humidity fields showed closer agreement with the available
station observations.

Object-based verification further showed that CLRSKY improved the Channel 10 BT
forecasts during the early forecast period and the subsequent Channel 14 BT forecasts. In
contrast, the improvements of ALLSKY persisted for at least 4 h. Compared with both
the no-DA control and CLRSKY, ALLSKY had an overall positive impact on the forecast
location and intensity of precipitation.
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