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Abstract Four-dimensional (4D) wind fields were derived from radiance measurements of the
Geosynchronous Interferometric Infrared Sounder (GIIRS) onboard the FengYun-4A satellite with 15-
min temporal resolution during Typhoon Maria (2018). Results are evaluated with independent ERA5
reanalysis, Global Data Assimilation System (GDAS) analysis and dropsonde wind profiles, and show a
statistical root mean squared error less than 2 m/s for U and V components in troposphere against ERA5
and GDAS. The temporal variation of the wind fields from GIIRS at 15-min intervals is consistent with
that of the hourly ERAS. The added value of wind profiles over the numerical weather predictions (NWP)
background field is also revealed. Further experiments confirm that higher temporal resolution from
geostationary infrared (IR) sounder measurements could provide better dynamic information. 4D dynamic
information can be extracted from high temporal resolution geostationary hyperspectral IR radiances

in a consistent and continuous manner that can be used together with the thermodynamic information
for various quantitative applications such as NWP data assimilation, near real-time weather monitoring,
situational awareness and nowcasting.

Plain Language Summary A geostationary hyperspectral infrared (IR) sounder not only
provides continuous observations of atmospheric thermodynamic information, but also provides
continuous dynamic information critical for weather monitoring, warning, and forecast. The atmospheric
motion vectors (AMVs) based on the geostationary imager observations using tracking techniques

have been widely used in weather analysis and forecast. However, the retrieval of three-dimensional
atmospheric wind fields from geostationary hyperspectral sounder measurements have not been well
studied although a strong argument in favor of the realization of such an instrument has been the
derivation of wind fields from moisture structures. The main reason is the lack of real observations
from space. Using 15-min Geosynchronous Interferometric Infrared Sounder observations, an algorithm
has been developed for deriving atmospheric four-dimensional (4D) wind fields, besides, the impacts

of temporal resolution, cloudiness, and temporal information on 4D wind fields, respectively, are also
studied. It indicates that both temporal and spatial information contributes to the 4D wind fields, and
higher temporal resolution provides better 4D wind fields than the lower temporal resolution.

1. Introduction

Accurate four-dimensional (4D) wind observations are important contributors to atmospheric observation
system and numerical weather predictions (NWP). With the help of geostationary meteorological satellites,
algorithms to retrieve atmospheric motion vectors (AMVs) from continuous observations have been de-
veloped and optimized (Velden et al., 2005). The traditional methodologies are based on feature detection
and tracking from three consecutive images. In cloudy skies, the visible and longwave infrared (IR) bands
radiances can be used to track cloud motion-based vectors, while in clear skies water vapor sensitive band
radiances are used for tracking moisture features for water vapor motion vectors. The derived AMVs have
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been widely used in weather analysis and NWP data assimilation (Zhang et al., 2018; J. Li et al., 2020).
Apart from target tracking methodologies, the optical flow methods based on image processing have also
been applied to derive AMVs (Szantai et al., 2000, 2006), and recently were attempted to provide enhanced
data sets from rapid-scan satellite imagers for mesoscale applications (Stettner et al., 2019; Sun et al., 2018).
The largest source of uncertainty for AMVs from both methodologies is the height assignment (Velden &
Bedka, 2009), and the temporal gaps during the extraction of AMVs also have a significant impact on the
validness and accuracy of wind retrievals (Garcia-Pereda & Borde, 2014).

With observations from hyperspectral IR sounders (Menzel et al., 2018), it is possible to solve the height
assignment by tracking features in the retrieved water vapor profiles. For example, Santek et al. (2019) used
moisture and ozone profiles retrieved from AIRS radiances to track three-dimensional (3D) AMVs over
a high latitude region where consecutive observations occur with a polar orbiting satellite. The moisture
retrieval error is the main source of uncertainties for 3D wind retrieval. However, such algorithm is not
applicable for mid-to-lower latitudes due to a lack of sequential images from polar orbiting satellites.

The potential benefits of hyperspectral sounders onboard geosynchronous satellites on wind retrievals, by
providing both sequential observations and detailed vertical profiles of moisture, have been studied via
simulated data (Smith et al., 2002; Velden et al., 2004) Such measurements would potentially enhance the
capability of forecasting severe storms (Schmit et al., 2009; Smith et al., 2009) such as tropical cyclones
(TCs), deep convective, tornadic storms, etc., by providing key information on water vapor transportation
both horizontally and vertically (especially in the boundary layer). Only advanced sounding missions from
geostationary (GEO) orbit can provide the necessary high temporal and high spatial resolution 4D moisture
and motion information. The “dwelling” nature of a 3-axis stabilized spacecraft in GEO orbit enables meas-
urements with reduced noise and improved spatial resolution; this increases the yield of clear sky informa-
tion (compared to that from a polar orbiting instrument). The World Meteorological Organization vision
for global observing systems in 2040 suggests at least six geostationary satellites with advanced imagers and
hyperspectral IR sounders (IRSs). EUMETSAT will have an advanced IRS in GEO orbit in 2023 (Holmlund
et al., 2021); Japan is planning a GEO IRS for the Himawari-8/-9 follow-on (Okamoto et al., 2020).

The Geosynchronous Interferometric Infrared Sounder (GIIRS), which is the first advanced IRS onboard
a GEO weather satellite, offers both high temporal and high-spectral resolution advanced sounder radi-
ance measurements (Yang et al., 2017). It provides continuous monitoring of the fast-changing mesoscale
environment relevant to severe weather nowcasting and forecasting (J. Li et al., 2011, 2012). In addition,
it can improve local severe storm short-range forecast via regional NWP models with data assimilation (Z.
Li et al., 2018; Yin et al., 2020), especially with an enhanced fast radiative transfer model (Di et al., 2018).

This study reports on an attempt to take advantage of the height assignment in 3D wind retrievals while
avoiding the moisture retrieval uncertainty in GEO hyperspectral IRS measurements using a machine
learning (ML) based retrieval methodology. ML is used for tracking the 4D wind field from two consecu-
tive GIIRS high-spectral resolution brightness temperature (BT) observations with a temporal resolution
of 15 min (note that the 15-min GIIRS data were only available during a special scan period of Typhoon
Maria). Independent validation against ERAS5, Global Data Assimilation System (GDAS) analysis, and drop-
sonde wind profiles indicate reasonable accuracy and precision. The temporal variation of the derived 4D
wind field is consistent with ERAS; it is also found that higher temporal resolution data (e.g., 15 min com-
pared to 30 min) provide better wind profile information. In addition, inclusion of spatial variances from
four neighboring fields-of-view (FOVs) improves the 4D wind retrieval.

2. Data

GIIRS is a two-band hyperspectral IRS onboard the FengYun-4A (Yang et al., 2017), with long-wave (LW)
IR band from 700-1,130 cm™" (or 8.85-14.29 um), mid-wave (MW) IR band from 1,650-2,250 cm™" (or
4.44-6.06 um), with sampled spectral resolution of 0.625 cm™. There are two observation modes of GIIRS;
one is designed to scan China (4,500 X 4,500 km) with a temporal resolution of less than 1 h, the other is the
mesoscale observing mode with temporal resolution of 30 min and coverage of 1,000 X 1,000 km. However,
the GIIRS can also make special observations of an even smaller region with increased temporal resolution.
During Typhoon Maria (2018), GIIRS made observations with a temporal resolution of 15 min, offering a
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great opportunity for scientific study using high temporal resolution high-spectral resolution sounder meas-
urements for retrieval and applications. As there exist some problems with the stability and spectral cali-
bration of GIIRS measurements (Guo et al., 2021), the radiances used in this study are the re-sampled data
generated by Space Science and Engineering Center of the University of Wisconsin-Madison, for which
the spectral calibration error was used to re-sample the input radiances to provide more accurate spectral
calibration.

Typhoon Maria was a powerful TC that affected Guam, the Ryukyu Islands, Taiwan, and East China in early
July 2018. The typhoon reached its first peak intensity on July 6 and reached a second stronger peak inten-
sity on July 9 with 10-min sustained winds of 195 km/h and a minimum pressure of 915 hPa. After crossing
the Yaeyama Islands and passing north of Taiwan on July 10, Maria ultimately made landfall over Fujian,
China, early on July 11, before dissipating. Maria produced heavy rains and strong winds across Taiwan, and
impacted provinces of Fujian, Zhejiang, Jiangxi, and Hunan of China with flooding rain and gusty winds.

GIIRS made observations with an increased temporal resolution of 15 min on July 10 covering periods from
0000 to 1600 UTC, and 2100 to 2300 UTC. The target area was 13.7°-34.5°N, 108.9° to 136.2°E measured
with a 96 X 68 array of squared FOVs with spatial resolution of around 16 km. For each hour there were four
scans covering the whole area, starting at 00, 15, 30, and 45 min. Each scan lasted for 10-minutes, while the
remaining 5 min were used for calibration. These intensive observations covered Typhoon Maria passing
Taiwan and making landfall in mainland China.

Wind profiles from the ERAS data set are used as benchmarks for the training process and validation of
the retrieval output. The ERAS5 reanalysis, generated by the European Centre for Medium-Range Weather
Forecasts, has assimilated wind observations from in situ, radiosonde, dropsonde, aircraft measurements
as well as AMVs from meteorological satellites (Hersbach et al., 2020), and has shown reliable accuracy in
wind products against other reanalysis (Graham et al., 2019; Olauson, 2018; Taszarek et al., 2020). In this
study, we employed the hourly gridded U-wind and V-wind data at 37 pressure levels from 1 to 1,000 hPa,
with a spatial resolution of 0.25° X 0.25°. The U and V components of wind are interpolated to the time and
location of individual GIIRS FOVs when used as true values for the training process, while no interpolation
is performed for the independent validations.

3. Methodologies
3.1. GIIRS Channel Selection for Wind Profile Retrieval

To derive the wind profiles, it is important to select channels with less observation errors; the channels are
selected based on the O-B (observed BT minus simulated BT from background) approach conducted offline,
and those selected channels are then fixed in 4D wind field retrieval. Figure 1 shows the simulated GIIRS
BT spectrum from U.S. Standard Atmosphere with selected channels (upper), the temperature Jacobian of
LW selected channels (lower left), and the water vapor mixing ratio (Inq) Jacobians (lower right). It can be
seen that the MW IR radiances are sensitive to water vapor changes at different atmosphere layers, which is
the preliminary source of information for tracking the moisture-based wind profiles. Since, the LW IR radi-
ances primarily provide the temperature profile information along with moisture information in boundary
layer, they can also provide additional information for tracking the wind profile. Both GIIRS LW and MW
channels are selected for tracking features, and the observations from LW FOVs are spatially matched-up
to the location of MW FOVs based on the principle of shortest distance. As the predictors of the ML model
include observations from the target FOV and the neighboring four FOVs surrounding it (top, bottom, left,
and right), the ML retrievals are not very sensitive to the systematic mismatch in geolocation between LW
and MW. As long as the five FOVs from both LW and MW have a good coverage of the target location and
the neighboring area, the NN is able to apply appropriate relative weights and extract useful information
from different FOVs.

3.2. Machine Learning Based Methodology for Wind Profile Retrieval

While previous methodologies on wind retrievals are mostly based on objective detection and tracking
of movements, the new ML based algorithm developed in this study is training a feed-forward neuron
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Figure 1. Simulated brightness temperature spectrum of Geosynchronous Interferometric Infrared Sounder from 1976 U.S. Standard Atmosphere with selected
channels (upper), the temperature Jacobian of long-wave selected channels (lower left), and the water vapor mixing ratio (Inq) Jacobians (lower right).

network (NN) with numerous channels of BT as inputs and the matched-up wind profiles from ERAS5
reanalysis as true values. NNs have shown significant ability to fit intricate nonlinear relationships be-
tween inputs and outputs through training and optimizations (Feng et al., 2017; LeCun et al., 2015; Van
Gerven & Bohte, 2017), and have been successful in a number of meteorological applications with satellite
observations (Boukabara et al., 2019; Milstein & Blackwell, 2016; Tao et al., 2018; Whitburn et al., 2016;
Yao et al., 2019; Zhou & Grassotti, 2020). A feed-forward NN with an input layer, an output layer, and two
hidden layers in between is used to retrieve the 3D U/V-wind profiles from hyperspectral observations from
GIIRS. The inputs for NN consist of BTs of a specific FOV from 338 selected channels shown in Figure 1
at two consecutive observation times, both the current time and 15 min before. Also included are the two
consecutive BT spectra of observations of the four FOVs surrounding the target FOV (neighbors in diagonal
directions are not used to save computation), allowing spatial information to be included in the retrieval
process. This ensures both the temporal and spatial variations of BTs from numerous channels are fed into
the NN model. Each of the two hidden layers has 512 neurons, where the rectified linear activation func-
tion (Nair & Hinton, 2010) is applied in combination with He Initialization Scheme (He et al., 2015) before
passing the results to the output layer where linear activation is applied to yield the outputs. The number of
layers and neurons in hidden layers are decided on the basis of the rule-of-thumb methods concluded from
previous research (Hagiwara, 1994; Karsoliya, 2012; Sheela & Deepa, 2013; Shibata & Ikeda, 2009; Tamura
& Tateishi, 1997) along with some comparative tests, with retrieval accuracy, computational efficiency, and
experimental simplicity all taken into consideration. For the output layer, there are 54 variables consisting
of the U and V components of wind in 27 pressure levels from 100 to 1,000 hPa. The pressure levels are
consistent with those of the ERAS.
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The data set is first divided into a training set and an independent testing set. The scans starting at minute
00 of each hour are selected as testing data and not included in the training process, while the remaining
three scans (starting at 15, 30, and 45 min) of each hour are included in the training set for developing the
retrieval model. Then the training set is randomly separated into an 80% training subset and 20% validation
subset, of which the former is used for training the model and the latter is for performance monitoring
and model optimization. In the training process, the weights and biases are optimized through back-prop-
agation with the usage of the Adam optimizer (Kingma & Ba, 2017) to minimize a loss function of mean
squared error (MSE) between the predictions and the “truth” values. Early stopping based on the perfor-
mance of validation set is applied along with L2 regularization (Girosi et al., 1995) to prevent overfitting
issues (Glorot & Bengio, 2010). Then the performance of the model is evaluated using the independent
testing set. Afterward, the results are further verified with wind products from other independent sources
like GDAS analysis and dropsonde observations.

This ML based method is designed to statistically infer the nonlinear relationship between GEO hyper-
spectral IRS observations with spatial and temporal variations and the 4D wind fields without requiring
formulation of the physical processes. As NN models have the capability of automatically extracting the
useful information from the predictors through training, this method will not depend on any intermediate
retrieval products (such as moisture) and avoid the uncertainties from the height assignment procedures
when tracking moisture retrieval-based 3D AMVs.

3.3. Validation of Model Using Data Sets From Independent Sources

Independent NWP profiles from National Centers for Environmental Prediction Global Forecast System
(GFS) short-range forecasts are also used to assess the potential added value from GIIRS 4D winds for future
data assimilation. The GFS NWP data has 26 pressure levels in vertical from 10 to 1,000 hPa and a spatial
resolution of 0.5° x 0.5°. It has a time interval of 3 h, with four initial forecast times a day at 0000, 0600,
1200, and 1800 UTC (Kalnay et al., 1990). For this investigation, we use the interpolated 3-12 h forecast data
from the nearest initial forecast time as the benchmark for the evaluation.

Apart from ERAS5 and NWP, the analysis data from the GDAS is used as another independent reference for
output evaluation. The GDAS analysis has a spatial resolution of 0.25° x 0.25° and is distributed four times
a day at 0000, 0600, 1200, and 1800 UTC as the gridded field to initialize the GFS model (Kanamitsu, 1989).
For this investigation, the 3D wind profiles from 0600 and 1200 UTC are used as additional references to
evaluate the retrievals from GIIRS. This will rule out the potential correlation effects from using the same
type of data for training and validation.

In addition, the dropsonde profiles collected during Typhoon Maria, spatially and temporally collocated
with GIIRS 4D winds are used as in situ measurements for validation. These dropsondes were released
from a chartered flight to obtain the in situ observations. The dropsonde has equipped with sensors of GPS
antenna, GPS receiver, pressure, temperature, and moisture. The data was transmitted back to the ground
through satellite phone, followed the analysis and quality control (QC) procedure by using the Atmospher-
ic Sounding Processing Environment software which is provided from University Corporation for Atmos-
pheric Research. Thus, the 3D wind profile could be derived from the change of dropsonde in horizontal
geolocations and altitudes while it's descending with the time. Similar data had been widely used in several
studies, such as Chen et al. (2021) and Liu et al. (2020).

4. Results and Discussions

As mentioned in the previous section, a training data set and an independent testing data set are built up
with spatially and temporally collocated GIIRS BTs and ERA5 U/V-wind profiles on 10 July 2018. Then
QC is applied to remove FOVs with incomplete channel availability or unrealistic observation values (such
as BT less than 100 K from any channel) and those FOVs located on the edges of the target area without
enough neighboring FOVs. Considering that cloudiness in a FOV can directly affect GIIRS’ capability of
feature detection beneath the cloud, the samples are divided into three groups based on an averaged BT of
15 LW IR channels with wavelengths around 11 um as follows:
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1. Clear sky and very light cloud coverage (CRL): Fields-of-view (FOVs) with brightness temperature (BT)
no less than 280 K. The sample sizes of the training and testing sets are 174,869 and 43,142, respectively;

2. Low and non-thick cloud coverage (LNT): FOVs with BT less than 280 K but no less than 240 K. The
sample sizes of the training and testing sets are 96,459 and 23,606, respectively;

3. High and thick cloud coverage (HTK): FOVs with BT less than 240 K. The sample sizes of the training
and testing sets are 29,502 and 6,598, respectively.

The training processes are carried out separately for each group. While the focus of our study lies on the
clear sky and very light cloud coverage (CRL) group, a series of experiments are also carried out for the other
groups to assess the impact of cloud coverage on the accuracy of wind retrievals from GIIRS.

4.1. Independent Validation Using ERA5

Shown in Figures 2a and 2b are the root mean squared errors (RMSEs) between the wind profiles from
GIIRS retrievals and ERAS5 of the three different groups, and those between the corresponding GFS fore-
casts and ERAS. Good agreement (relatively low RMSEs below 2 m/s for all the pressure levels) can be seen
with GIIRS retrievals for the CRL and low and non-thick cloud coverage (LNT) groups; the GIIRS retrievals
show smaller RMSEs than the GFS on most levels, except for the lower levels of LNT at 800 hPa and below.
A possible reason for this may be that, when compared with upper levels dominated by free atmosphere, the
accuracy of retrieval in boundary layer is limited due to the small contrast between near-surface radiation
and surface radiation (Zeng, 1974), especially when clouds exist which would raise uncertainties in wind
retrievals. Another reason is that the cloud coverage, though thin and low, would affect the capability of
GIIRS in acquiring the information below the cloud. Such views are consistent with the performance of the
high and thick cloud coverage (HTK) group, where the RMSE of GIIRS retrievals is much larger than GFS
at all pressure levels below 150 hPa. It is worth noting that the GIIRS performance in the HTK group de-
grades significantly from that in the LTK group, while the GFS performance does not degrade as much. This
is mainly due to the fact that high thick clouds block the infrared sounder from observing the atmosphere
underneath the cloud, resulting in a lack of information for GIIRS to retrieve the wind profiles. Through
QC, those HTK retrievals can be flagged out to avoid wind profiles over thick cloudy regions, especially the
convective region.

Figure 2c shows the retrieved two-dimensional 200 hPa wind vectors of CRL FOVs on 1200 UTC from GIIRS
(in green) and ERAS (in red). The green arrows and red arrows in Figure 2c are well covered, indicating a
high consistency between the retrieved wind fields from GIIRS and those from ERAS5 analysis. As GIIRS
green arrows cover the red arrows better compared with green arrows from NWP, it shows the potential of
GIIRS observations to provide added value for NWP through data assimilation. A similar conclusion can be
drawn from the comparison of 850 hPa winds from GIIRS retrievals (Figure 2e) and NWP (Figure 2f). Worth
noting is that when the majority of FOVs show a better accuracy in GIIRS than NWP, the two clear FOVs
that are located between the eyewall and outer rainbands show larger bias from GIIRS than NWP. Further
research shows that when the current observations from window channels around 11 um show an averaged
BT of 283.05 K for these FOVs, the averaged BT for their neighboring FOVs are 271.84 K from current and
269.57 K from previous observations, respectively. It is similar for the FOVs in the eye area of typhoon,
whose neighboring FOVs show an averaged BT 257.52 and 249.62 K, respectively, indicating that the deg-
radation of accuracy is associated with cloud contamination from neighboring and previous observations.
The time series of U and V components of wind from GIIRS and ERAS5 at (113.1°E, 27.0°N) are shown in
Figures 2g and 2h, respectively. This location is clear sky at all times and we only compared hourly data
because ERAS is hourly and the observations starting on the hour are used as independent testing. The gen-
eral accuracy of retrieval is reasonable (mostly within 1 m/s) with some differences a little larger at 200 hPa.

Comparing the results from different cloud conditions and against GFS NWP, it appears that GIIRS high
temporal data can be used to retrieve 4D wind profiles with reasonable accuracy and provide an added value
to the wind profiles from GFS NWP background fields. A possible physical explanation is that when GIIRS
is able to provide snapshot information of atmosphere with moisture distribution from MW radiances and
thermodynamics from LW radiances, the temporal variations can give information on the movements of
moisture and the thermal changes that are related to wind distributions, and the ML is able to utilize those
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information and retrieve wind speeds. Also the variations of neighboring four FOVs can help determine the
wind directions. However, the accuracy is significantly affected by cloud coverage and seriously degraded
by high and thick clouds as the information from underneath is blocked by the clouds. This reveals that
this ML based model retrieves the profiles from information of observations rather than pure correlations.

4.2. Independent Validation With GDAS Analysis and Dropsonde Data

In addition to the independent testing set from ERAS5, it is always important to do further evaluations of the
retrievals with other independent data sets. Shown in Figures 3a and 3b are statistical RMSEs among ERAS,
GDAS, and GIIRS retrievals. The GDAS analysis only have products four times a day, our validation is car-
ried out with available data from 0600 and 1200 UTC only. Shown in Figures 3a and 3b are the RMSEs of U
and V among GIIRS retrievals, GDAS analysis, and ERAS, respectively. It can be seen that when the RMSE
between GDAS and GIIRS retrievals appear to be larger than that between GIIRS and ERAS5, the RMSE
between GDAS and ERAS lies in between and appear to be closer to the former one, inferring that the main
source of the larger RMSE between GIIRS and GDAS comes from the difference between GDAS and ERAS.
Since the model data are collocated from the exact same grid points, the difference is derived directly from
model outputs. Despite such relative larger values than validations using ERAS, the values of RMSE lie in
the range of 1-3 m/s, which still indicate reasonable accuracies for wind retrievals.

The wind retrieval results are also validated against dropsonde observations. Shown in Figures 3c and 3d
are the vertical wind profile from dropsonde on 0006 UTC at (124.4°E, 24.4°N), compared with ERAS5,
GDAS, and retrieval results from GIIRS. The retrievals (depicted in blue lines) generally reproduced the
pattern of soundings with reasonable accuracy, although some deviations can be seen on specific levels.
This might be due to the differences in spatial and temporal as well as vertical resolutions between models
and observation since the retrievals correspond better with ERA5 than the dropsonde. Similar results can
be seen from Figures 3e and 3f showing the wind profiles on 1200 UTC at (114.2°E, 22.3°N). The general
curves from dropsonde are well represented by the retrievals with good consistency with ERA5. However,
some drastic changes displayed by the dropsonde profile are not shown by any other profiles, especially for
the V-wind profiles. This is mainly due to the difference in vertical resolution between dropsonde and the
gridded models like ERAS5 and GDAS. When the GIIRS retrieval model is trained with ERA5 as the target
profiles, it would be difficult for the ML based model to reproduce the additional curves that cannot be seen
from ERA5.

5. Impact of Temporal and Spatial Information

As reasonable accuracy has been achieved with information on spatial and temporal variations included in
the predictors of the ML based method, it is beneficial to further investigate how much that information
contributes to the 4D wind retrievals. Additional experiments are carried out by replacing the GIIRS obser-
vations from 15 min before the current time with 30 and 60 min, to evaluate the impact on retrieval accuracy
from temporal resolutions. Another experiment is conducted by using single FOV's observations as inputs,
to evaluate the impact of spatial variations given from the neighboring FOVs on wind retrievals.

As is shown in Figures 4a and 4b, the result from experiments using 30 and 60 min as time intervals show
larger RMSESs than the result from 15 min interval. As the interval increases from 30 to 60 min, the RMSEs
become even larger, although the error is still acceptable. This indicates GIIRS observations with higher
frequency, shorter time intervals, would result in higher accuracies of wind retrievals. A possible reason is
that when GIIRS can provide information on moisture movements from MW radiances and thermodynam-
ic variations from LW radiances, the values and distributions of their changing rates are related to the wind

Figure 2. Validation of wind retrievals from Geosynchronous Interferometric Infrared Sounder (GIIRS) against ERAS5 analysis using the independent testing
data set on 10 July 2018. The first row compares root mean squared error from GIIRS and Global Forecast System (GFS) for (a) U-component of wind; and
(b) V-component of wind. The 200 hPa (second row) and 850 hPa (third row) wind fields using clear sky and very light cloud coverage fields-of-view from

(c), (e) GIIRS and (d), (f) GFS numerical weather predictions (green arrows) are shown against ERAS5 (red arrows) overlaying on the BT from channel 300
(wavenumber: 886.875 cm™) of GIIRS. The fourth row is for the comparison of time variations of (g) U-component of wind; and (h) V-component of wind at
the location of (113.1°E, 27.0°N) from GIIRS and ERAS5.
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Figure 3. Comparison of root mean squared error of (a) U-component; and (b) V-component of wind from Geosynchronous Interferometric Infrared Sounder
(GIIRS), ERAS5 and Global Data Assimilation System (GDAS) using clear sky and very light cloud coverage samples on 0600 and 1200 UTC on 10 July 2018
(first row). Comparison of (c), (e) U-component; and (d), (f) V-component of wind profiles from GIIRS, ERA5, GDAS and dropsonde observations at (124.4°E,
24.4°N) on 0006 UTC (second row); and at (114.2°E, 22.3°N) on 1200 UTC (third row) on 10 July 2018.
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Figure 4. Comparison of root mean squared error profiles of (left column) U-component; and (right column) V-component of wind retrieved from model
trained with different time intervals (upper row); and with single and neighboring fields-of-view included against numerical weather predictions from Global

Forecast System on 10 July 2018.

vectors, thus a shorter time interval gives a better representativeness of the instantaneous changing rates
and provides the retrievals with better accuracy.

Figures 4c and 4d show comparisons of U and V components of wind retrieved from single FOV (SGL,
without neighboring FOVs) and with four neighboring FOVs included (NBR). An increase of RMSE is seen
in SGL output compared with NBR, indicating a general positive contribution from the neighboring four
FOVs on wind retrievals. It is worth noting that the retrievals from SGL also have comparable accuracy
against ERAS on the levels above 800 hPa, but the RMSEs appear larger than GFS in the boundary layer.
This might be due to the degraded performance from tracking moisture in the boundary layer. With the
neighboring observations included in the predictors, the information on horizontal variations of moisture
and temperature which reflects atmospheric movement can be provided to the NN model and enhance the
results via training.
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6. Summary and Discussions

Four-dimensional wind profiles are derived from high-spectral resolution IR GIIRS radiances (BTs) with
high temporal resolution of 15 min using ML based methodologies. The approach avoids the moisture
profile retrieval and the associated errors in deriving the wind profiles as well as the height assignment.
The main information comes from the moisture movement which is contained in the MW radiances from
the two consecutive times, while the LW radiances help in conditioning the thermodynamic information
related to wind distribution. Therefore, both LW and MW radiances are used for wind profile retrieval. The
goal is to understand the value added from high temporal resolution GIIRS measurements to the NWP
background, as well as to assess the independent information from GIIRS. Experiments with data from
Typhoon Maria indicate that:

1. The four-dimensional (4D) wind field can be derived from high temporal resolution Geosynchronous
Interferometric Infrared Sounder (GIIRS) measurements, when compared with independent numerical
weather predictions background fields; added value can be seen as well.

2. The algorithm is applicable in clear and non-thick cloud skies. While for thick clouds, GIIRS might still
provide useful information, considering the relatively large observation error under thick cloud skies.
Further investigation is needed. The objective is to obtain 4D winds with as large as possible coverage
while maintaining reasonable accuracy and precision.

3. The GIIRS 4D wind field reveals temporal variation similar to ERAS5, indicating the unique value of
geostationary hyperspectral measurements for providing dynamic information.

4. Higher temporal resolution provides better wind profile retrievals; this might be due to a better repre-
sentativeness of the instantaneous variation of moisture movement and distribution that is essential
for the three-dimensional wind retrievals. The spatial variation introduced by adding the neighboring
radiances is important to assure good quality in the wind profile retrievals.

Ideally, a comparison between the ML method and the direct tracking should be carried out to better un-
derstand the potential of the former for wind retrieval from GIIRS. Unfortunately, such a comparison is not
possible since there is no AMV product available using the direct tracking method from GIIRS. Instead, the
AHI AMV products are used for the comparison to gain some insights. With ERA5 as reference, GIIRS wind
with the DNN method has RMSE less than 1.5 m/s for both U and V for almost all levels in troposphere,
while AHI AMV is mostly between 1.5 and 4 m/s. With GDAS as reference, similar results are obtained.
GIIRS may improve the height assignment from the direct tracking with higher spectral resolution. The
GIIRS with ML may overestimate the performance due to (a) the ERAS5 used in both training and evalu-
ation (although independently separated) are from the same meteorological case, and are therefore, not
truly independent; and (b) there is only one day of such data. Without longer time period of data from more
independent data sets, it is difficult to carry out comprehensive comparison of the two methods.

It should be noted that vertical velocity is not included in the algorithm, therefore, the 4D wind fields are
horizontal winds at each pressure level and at each observation time. Whether the velocity can be derived
from high temporal resolution geostationary hyperspectral IRS measurements is another research topic.

Although Typhoon Maria experiments show encouraging wind retrievals using high temporal resolution
geostationary hyperspectral IR data, this study is still constrained by some limitations. First, the training
data set is limited to a small data set, hence the representativeness of training not widely applicable. More
comprehensive training data sets are needed. Unfortunately, 15-min data are only available for Typhon
Maria so far. More studies and analysis are needed when additional 15-min interval data are available.
Second, the coarser spatial resolution of GIIRS makes the algorithm difficult to use for detecting small-
er tighter circulations. The spatial information is very important in tracking wind fields regardless of the
methodology. With higher resolution anticipated in the future (e.g., GIIRS on FengYun-4B to be launched
in 2021 which will have spatial resolution of 12 km, and IRS onboard MTG to be launched in 2023 will have
4 km spatial resolution), the spatial information will enable use in more sophisticated algorithms like con-
volutional neural network (Holmlund et al., 2021). Nevertheless, this study provides a practical scientific
approach (from one-dimensional wind profile to 3D wind field) for deriving a 4D wind product from GEO
hyperspectral IRS measurements with high temporal resolution, and demonstrates the importance of high
temporal resolution from GEO. The study demonstrates that, in principle, 4D wind fields can be derived
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from a geostationary hyperspectral sounder because of the dense temporal observation cycle, and provide
added value for various quantitative applications such as NWP data assimilation, near real-time weather
monitoring, situation awareness and nowcasting.

Data Availability Statement

GIIRS data were obtained from National Satellite Meteorological Center (NSMC) of China Meteorological
Administration (CMA), and the GIIRS targeted observations for Typhoon Maria with 15 min temporal res-
olution are available: http://doi.org/10.5281/zenodo.4646464 (Han & Yin, 2021). ERAS5 data were obtained
from ECMWF at https://www.ecmwf.int/en/forecasts/datasets/reanalysis-datasets/era5. GFS and GDAS
analysis were obtained from National Center for Environmental Information (NCEI) (https://www.ncdc.
noaa.gov/data-access/model-data/model-datasets/global-data-assimilation-system-gdas). The raw drop-
sonde data were obtained from Taiwan's Central Weather Bureau, reprocessed for quality control version
is available at http://doi.org/10.5281/zenodo.4671631 (Liu, 2021). The output wind products for Typhoon
Maria can be found at http://doi.org/10.5281/zenodo.5048464 (Ma et al., 2021).
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