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Abstract: FY4A /GIIRS (Geostationary Interferometric Infrared Sounder) is the first infrared hyper-
spectral atmospheric vertical sounder onboard a geostationary satellite. It can achieve observations of
atmospheric temperature and humidity profiles with high vertical and temporal resolutions. Presently,
convolutional neural network algorithms are relatively less used in the field of atmospheric profile
retrieval, and different convolutional neural network approaches have different characteristics. The
one-dimensional convolutional neural network scheme 1D-Net and two three-dimensional retrieval
schemes U-Net 1 and U-Net 2 are used to achieve atmospheric temperature and humidity profiles
under all skies based on GIIRS-observed brightness temperatures in this paper. After validation with
test training data, the retrievals of different schemes derived from actual GIIRS observations and
level 2 operational products were verified with ERA5 reanalysis data and radiosonde measurements
in summer and winter respectively. The retrieved three-dimensional temperature and humidity fields
from U-Net 1 and U-Net 2 are closer to the ERA5 reanalysis field in both distribution and value than
the retrievals from the 1D-Net scheme and level 2 operational products. In particular, the inversion
field of the U-Net 2 scheme is more continuous in space. Compared with radiosonde observations,
the accuracy of the level 2 temperature product is the highest when the field of view is completely
clear both in winter and summer month. The root mean square error (RMSE) of temperature retrieval
of the two U-Net schemes is the second highest, and the RMSE and bias of the 1D-Net scheme are
both large. Two U-Net schemes overestimate the temperature and humidity slightly in winter and
underestimate it in summer in both clear and all sky cases. Under all sky conditions, the temperature
retrieval RMSE and bias of the two U-Net schemes above 800 hPa are lower than those of the level
2 products, especially the U-Net 2 scheme with an RMSE of approximately 2.5 K. The U-Net 2 scheme
bias is the smallest, with a value of approximately 0.5 K in winter. Since the level 2 product only
provides the atmospheric temperature above the cloud top, it indicates that its temperature product
accuracy is very low when the field of view is influenced by clouds. The humidity retrieval RMSEs of
the two U-Net schemes is within 2 g/kg, better than that of the 1D-Net scheme. The retrieval accuracy
of the U-Net 2 scheme is approximately 0.3 g/kg better than that of the U-Net 1 scheme below
600 hPa in winter. Level 2 does not provide humidity products. The summer humidity retrieval is
worse than in winter. In general, among the three deep machine learning algorithms, 1D-Net has
a large retrieval error, and the temperature and humidity from U-Net 2 have the highest accuracy.
The retrieval speeds of the two U-Net schemes are nearly the same, and both are faster than that of
scheme 1D-Net.

Keywords: FY4A /GIIRS; temperature and humidity profiles; convolutional neural network (CNN);
U-Net

Remote Sens. 2022, 14, 5112. https:/ /doi.org/10.3390/1s14205112

https://www.mdpi.com/journal /remotesensing


https://doi.org/10.3390/rs14205112
https://doi.org/10.3390/rs14205112
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com
https://doi.org/10.3390/rs14205112
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com/article/10.3390/rs14205112?type=check_update&version=2

Remote Sens. 2022, 14, 5112

20f17

1. Introduction

Atmospheric temperature and humidity profiles are two important parameters to
study atmospheric state and play an important role in the research of atmospheric science.
Accurately obtaining these parameters is of great significance to improve the accuracy of nu-
merical weather forecast and short-term weather warning and forecast [1]. The traditional
way of obtaining atmospheric temperature and humidity profiles through radiosonde
observations has limited spatial representativeness due to the influence of geographical
conditions and other factors and has failed to meet the needs of operational and modern
meteorological development. However, the development of satellite remote sensing tech-
nology has made up for the shortage of radiosondes and provided technical support for
the acquisition of global atmospheric temperature and humidity profile distributions with
high spatial-temporal resolution [2].

The horizontal and vertical resolutions and accuracies of atmospheric temperature and
humidity profiles must meet the requirements of numerical weather prediction systems,
so it is necessary to study the remote sensing accuracy that can be achieved by using
satellite technology and to study which retrieval method can obtain the optimal retrieval
results. The number of setting channels for atmospheric sounding radiometers uploaded
on meteorological satellite platforms determines their vertical observation resolution. Due
to the small number of channels, the spectral resolution of microwave and imager instru-
ments is low, and the weight function is too wide, so it is impossible to retrieve the fine
atmospheric profile in the vertical direction. In contrast, the spaceborne infrared hyper-
spectral atmospheric vertical sounders have thousands of channels in the thermal infrared
band with high spectral resolution and narrow weighting function and can obtain high
vertical resolution three-dimensional finer observations of atmospheric temperature and
humidity parameters.

The Geostationary Interferometric Infrared Sounder (GIIRS) onboard FY-4A launched
on 11 December 2016 (China’s new generation of quantitative remote sensing meteoro-
logical satellites with geostationary orbits) is the first infrared hyperspectral atmospheric
sounder mounted on a geostationary meteorological satellite. The GIIRS can provide
time-continuous, high-spectral-resolution atmospheric sounding information [3], which is
used to retrieve the vertical structure of atmospheric temperature and humidity parameters
with high vertical resolution. The improved vertical resolution provides higher accuracy
services for numerical weather forecasting, weather monitoring, and warning [4].

To date, the traditional methods commonly used to retrieve atmospheric temperature
and humidity profiles based on satellite-based infrared hyperspectral observations are
statistical regression methods and physical retrieval methods. The statistical regression
approaches include the eigenvector method [5-7], empirical orthogonal function expansion
method [8], and least squares method. Although the statistical regression algorithm is
simple to calculate and retrieval results are more stable, it does not consider the physical
nature of the atmospheric radiation transmission process, and the retrieval accuracy needs
to be improved. Moreover, the method relies on training samples and cannot be applied
to areas where the sample information is not sufficiently representative. Although the
retrieval accuracy is high, the physical retrieval method, such as the one-dimensional
variational method, requires an initial field, complex physical processes to be considered,
and a long computation time [9,10].

With the continuous development of artificial intelligence, machine learning algo-
rithms have been applied to various research fields and have demonstrated a powerful
ability to handle big data. Machine learning algorithms with features such as adaptive,
self-organizing, and real-time learning have gradually been introduced into the field of
meteorology, providing new ideas for atmospheric remote sensing. Singh et al. [11] re-
trieved atmospheric temperature and humidity profiles from microwave and infrared
hyperspectral data, respectively, with a shallow learning neural network approach, and
the results showed good agreement for all atmospheric pressure levels except for below
850 hPa. The deep learning algorithm is now also gradually applied to satellite remote
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sensing retrieval with the continuous development of machine learning. For example,
Malmgren-Hansen et al. retrieved atmospheric temperature profiles with a convolutional
neural network (CNN) algorithm based on infrared atmospheric sounding interferometer
(IASI) observations and found that the CNN algorithm has higher retrieval accuracy than
the linear regression method [12].

As one of the representative methods of deep machine learning (namely, hierarchical
machine learning methods including multilevel nonlinear transformations), the convo-
lutional neural network algorithm mainly integrates feature extraction into multilayer
perceptions through structural reorganization and weight reduction. It unifies feature
representation and regression prediction with obvious advantages compared to shallow
models in feature extraction and modelling and has achieved good performance in image
recognition and classification [13-15]. However, its application in the field of atmospheric
parameter profile retrieval has rarely been reported in the literature. Therefore, three
convolutional neural network schemes are applied to retrieve atmospheric temperature
and humidity profiles based on the infrared hyperspectral GIIRS observations in this paper,
namely, the traditional convolutional neural network scheme 1D-Net to retrieve the one-
dimensional atmospheric temperature and humidity profiles and the U-Net 1 and U-Net
2 schemes to retrieve the three-dimensional profiles. Meanwhile, the retrieval accuracy and
efficiency of each scheme are evaluated by comparison and verification.

2. Data
2.1. GIIRS Data

GIIRS is the first hyperspectral infrared instrument onboard the geostationary mete-
orological satellite, and two infrared spectral bands (longwavelength IR (LWIR) band of
700-1130 cm~! and the medium-wavelength IR (MWIR) band of 1650-2250 cm ') with
a spectral resolution of 0.625 cm~! are designed to detect the atmosphere. There are
1650 channels in total, and the nadir spatial resolution is 16 km. The LWIR band is 689 chan-
nels containing the CO, absorption band near 15 um, the thermal infrared window region
in the 8-12 pm and the 9.6 um O3 absorption band. The MWIR band includes the strong
water vapor absorption band (5-8 um) centered at 6.3 um, which can be used to retrieve
atmospheric water vapor profiles, as well as the CO, absorption band near 4.3 pm, with
a total of 961 channels. The main GIIRS instrument performance parameters are given in
Table 1. GIIRS observes China and its surrounding area (3°~55°N, 66°~144°E), including
7 latitude belts from north to south, with each belt taking 15 min. Each scan belt has
59 fields of regard (FORs), and each FOR contains 128 fields of view (FOVs). Each GIIRS
FOR is composed of 128 FOVs arranged in a 32 x 4 array.

Table 1. Specifications of FY4A /GIIRS.

Parameter Performance

Longwave: 7001130 cm ™!
Mid wave: 1650-2250 cm ™!
Spectral resolution 0.625 cm™!
Longwave: 689
Mid wave: 961
Longwave: 0.5-1.12 mW/ (mzsr em™1)

Spectral bandwidth

Spectral channels

Sensitivity i ) .
Mid wave: 0.1-0.14 mW/(m“sr cm™-)
Spatial resolution 16 km (the nadir)
Temporal resolution 67 min (China area)
Spectral calibration accuracy 10 ppm
Radiation calibration accuracy 15K

GIIRS Level 1 (L1) radiation observed data for the whole month of February 2020
and February 2021 were used in this study, including radiance measurement, latitude,
longitude, and satellite zenith angle information. At the same time, cloud mask (CLM)
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and atmospheric temperature profile products from GIIRS Level 2 (L2) operational prod-
ucts were used. The GIIRS L1 and L2 datasets are from the Chinese National Satellite
Meteorological Center (http://satellite.nsmc.org.cn, accessed on 12 January 2022).

2.2. ERAb Reanalysis Data

European Centre for Medium-Range Weather Forecasts (ECMWF) consistently gen-
erates atmospheric reanalyses of the global climate by assimilating various data from the
ground, upper air, and satellite observations into the earth system model [16]. The ERA5
dataset (https:/ /apps.ecmwf.int/datasets/, accessed on 12 January 2022) is the latest gen-
eration reanalysis dataset provided by the ECMWE, which makes a significant step forward
in the assimilation system, model input, spatial resolution, output frequency, and quality
level compared with its former ERA-Interim [17]. The spatial resolution is 0.25° x 0.25°,
and the temporal resolution is 1 h. There are 37 pressure levels from 1000 hPa to 1 hPa. The
atmospheric temperature and water vapor parameters of the three-dimensional grid are
mainly used for validation. Since the ERA5 data and GIIRS observations are different in
spatial and temporal resolution, the ERAS5 temperature and water vapor profile need to
be spatially interpolated to each GIIRS FOV before comparison. The ERA5 value at the
nearest four grid points is selected for distance-weighted averaging. The maximum time
matching difference is 1 h. For example, when the GIIRS observation time is 00 to 01 (UTC),
the ERAS5 reanalysis dataset at 01 (UTC) will be matched.

2.3. Radiosonde Observation Data

The radiosonde data from 89 Chinese upper-air stations in February and July 2021 are
used to examine the accuracy of atmospheric temperature and humidity profile retrieval.
The data are from the China Meteorological Data Service Center (CMDC, http://data.
cma.cn/, accessed on 10 March 2022). With the ascent of the balloon, vertical profile data
of pressure, geopotential height, temperature, dew point temperature, wind direction,
and wind speed from the ground to approximately 1 hPa are provided twice daily at 00
and 12 (UTC), and measurements are transmitted back to the ground station via radio
signals [16]. The dew point temperature is converted to the water vapor mixing ratio
to compare with humidity retrievals. The matched difference in latitude and longitude
between the GIIRS FOV and radiosonde station is less than 0.25°, and the time difference is
less than 1 h.

3. Introduction of Three Convolutional Neural Network Schemes
3.1. Training Data for the One-Dimensional Scheme 1D-Net

The training dataset consists of the global training profiles from the Cooperative Insti-
tute for Meteorological Satellite Studies (CIMSS) and the corresponding GIIRS observed
brightness temperature simulated by the Radiative Transfer for TOVS (RTTOV) fast radia-
tive transfer model [18]. It includes 15,704 discrete profiles of atmospheric temperature,
humidity, and ozone on a global scale with 101 pressure levels from 1100 hPa to 0.005 hPa.
The sample data are representative of a large number of samples and have been applied
to retrieve infrared hyperspectral atmospheric parameters many times [19]. A total of
12,528 atmospheric profiles of the training data within the range of [60°N, 60°S] are used as
the training sample in our paper considering the China area covered by FY-4A geostationary
satellites. The 12,528 atmospheric profiles and the simulated GIIRS brightness temperature
using it as RTTOV input constitute the training sample pair. One thousand pairs were
selected as independent test samples according to the principle of 1 out of 10, and the
remaining pairs were used to train the algorithm model. The brightness temperatures
of 225 selected GIIRS channels were used as input for training the 1D-Net scheme [20].
The input and output dimensions, the number of training samples, and the time taken to
retrieve the China area of the 1D-Net network are shown in detail in Table 2 (Line 2).
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Table 2. Sample parameters for network training.

Input Training Training . .
Model Dimensions Sample Size Sample Size Retrieval Time
1D-Net 225 x 1 1 x 101 11,528 pixels 8’9"
U-Net 1 32 x 32 x 225 32 x 32 x 37 4454 images 327"
U-Net 2 160 x 160 x 225 160 x 160 x 37 284 images 39"

The observed fields of view on both sides of the nadir (satellite zenith = 0°) of a geosta-
tionary meteorological satellite have different degrees of deformation, and the deformation
rate increases with increasing satellite zenith angle. The brightness temperature spectrum
of GIIRS observations with different satellite zenith angles simulated from RTTOV using
the U.S. Standard atmospheric profiles are shown in Figure 1. The different color lines
represent the bias between the simulated brightness temperature with satellite zenith angles
of 10°, 20°, 30°, 40°, 50°, 60°, and 70° minus the nadir simulation. The simulated brightness
temperatures are very sensitive to the satellite zenith angle, especially the difference due
to the change in satellite zenith angles in some absorption bands, which can be more
than 10 K. The satellite zenith angles must be considered when retrieving the atmospheric
temperature and humidity profiles. Eight sets of 1D-Net convolutional neural network
retrieval models were built in this study by classifying the satellite zenith angles from 0° to
80° at 10° intervals.

T T T T T T

3 ey ey A e Y ‘m Ny

f ik
W !\'"[W fv"\‘w
SatelliteZenith: 10°-0° " '\ﬂ i

SatelliteZenith: 20°-0°
SatelliteZenith: 30°-0°
-15 SatelliteZenith: 40°-0° =
SatelliteZenith: 50°-0°
SatelliteZenith: 60°-0°
SatelliteZenith: 70°-0°
20 1 1 1 T T 1 1 1
600 800 1000 1200 1400 1600 1800 2000 2200

Wavenumber (cm'1)

-10

Brightness Temperature (K)

Figure 1. The simulated brightness temperature bias between different satellite zenith angles and 0°
(American standard atmosphere).

When the actual observed satellite zenith angle is 0, the two nearest satellite zenith
angles 61 and 0; classifications are found and the corresponding models to retrieve two
sets of atmospheric profiles X; and X; are used, respectively. Then, the final retrieval
parameters are obtained by linear interpolation as Equations (1)—(3):

X = aX; +bX, (1)
_ |6-04]

"o, -0 @
_ 10, -9

b= 0, =61 ©

3.2. Training Data for the Three-Dimensional Scheme U-Net 1

The training dataset for the three-dimensional (3D) atmospheric temperature and
humidity profile retrieval consists of the two-dimensional (horizontal) real GIIRS bright-
ness temperature observations covering the China area and the temporal-spatial matched
horizontal atmospheric temperature and humidity fields from ERA5 reanalysis data. The
sample can be viewed as picture data and is correlated and continuous in horizontal space.
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The input data dimension of the U-Net convolutional neural network algorithm
is [H(input) x W(input) x Cl(input)], and the output data dimension is [H(output) x
W(output) x C2(output)], where H and W are the length and width of the sample image,
respectively. The input is the GIIRS observed 225 channels (C1) brightness temperature,
and the output is the atmospheric parameter of 37 vertical pressure levels (C2).

Each GIIRS observation FOR consists of 128 FOVs arranged in a 32 x 4 array. The
U-Net 1 scheme spliced the observed brightness temperature of every eight consecutive
FORs in the longitudinal direction to form a 32 x 32 pixel picture sample. Figure 2 shows
the observed brightness temperature of the GIIRS 900 cm ™! channel in China from 00 to 01
(UTC) on 01 February 2020. Each white box in Figure 2 represents a sample size including
32 x 32 FOVs, where the horizontal lines represent different scan belts. The ERA5 data
were spatially interpolated to the 32 x 32 pixel image. A total of 4454 pairs of samples were
matched from 01 February 2020 to 10 February 2020, as detailed in Table 2.

2020.02.01 T00-01 GIIRS BT at 900cm ™"

Latitude

@
S,
z

20N

10°N

45E 60E 75E 9E 105E 120E 13 E 150E 165 E
Longitude

Figure 2. Example of U-Net training sample size.

3.3. Training Data for the Three-Dimensional Scheme U-Net 2

The U-Net 2 scheme selected the continuous GIIRS observations of the whole China
area as a sample image with 160 x 160 FOVs (the full coverage area in Figure 2). There are
284 training samples for the whole month of February 2020. The input data for the U-Net 2
model are 225 channel GIIRS observations with dimensions of [160 x 160 x 225], and the
output data are atmospheric parameter retrievals of 37 pressure levels with dimensions of
[160 x 160 x 37].

3.4. Model Structure and Parameter Optimization

The structure of a traditional convolutional neural network mainly includes an input
layer, convolutional layer, pooling layer, fully connected layer, and output layer. The
main function of the convolutional layer is to extract features from the input image, the
pooling layer is equivalent to a downsampling process, and the fully connected layer
combines the local features extracted from the previous layers into the global features by
nonlinear combination.

The 1D-Net model used in this study contains 1 input layer, 4 convolutional layers,
2 pooling layers, 1 fully connected layer, and 1 regression output layer. The convolutional
layers and pooling layers are set alternately to form a multilayer neural network. The
frame structure is shown in Figure 3. The input layer is the brightness temperature of
225 channels for each sample, which can be considered as a one-dimensional image of
width 1, so the input layer size is 225 x 1. The output layer is the atmospheric temperature
and humidity profiles with a size of 1 x 101. The dark part of the figure is the convolution
kernel size, and the convolution operation is performed with a 1D convolution kernel. To
build the optimal network, indicators such as retrieval root-mean-square error (RMSE),
RMSE of network validation and network training time for test data are calculated for
different parameter settings. The network optimal parameters were finally determined
as follows: the convolution kernel size was 5 x 1, each pooling layer was 2 x 1 averaged
pooling, the activation function was ReLU, and the training optimizer was Adam.



Remote Sens. 2022, 14,5112

7 of 17

input

Convolution L]

uy

conv_1
=i

conv_2 conv_3 conv_4 fc

pool_2

pool_1

f.maps

Full connection
Max pooling

Feature maps

Figure 3. Frame structure for the 1D-Net model.

The U-Net convolutional neural network is a transformation of the traditional convolu-
tional neural network and consists of two basic structure paths. The first is the contracting
path, also called the encoder or analysis path, whose purpose is to capture the information
in the image by convolution and pooling processes similar to the regular convolutional
network. The second path is the expanding path, also known as the decoder or synthe-
sizer path, which consists of upwards deconvolution and connecting features from the
contracting path. Its purpose is to achieve precise localization of the segmented part of the
image information and improve the output picture resolution. The structure of the U-Net
2 network constructed in this study is shown in Figure 4, with the contracting path on the
left and the expanding path on the right. The purple arrows represent the convolution
process (the convolution kernel size is 4 x 4), and each convolution process is followed by
a modified linear unit called a ReLU. The grey arrows represent the crop and concatenation
process, the red arrows represent the pooling process (2 X 2 maximum pooling method),
and the green arrows represent the upconvolution process (2 x 2 convolution kernel). The
number above the blue box indicates the number of channels in each layer, and the left
box is the image size. The feature maps of the two parts are integrated using 4 crop and
concatenation structures (grey arrows in Figure 4).
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¥
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Figure 4. U-Net model structure.
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4. Validation of Retrieval Results
4.1. Comparison with ERA5 Reanalysis

GIIRS Level 2 operational products downloaded from the CMDC website include
CLM, temperature profiles (available only for clear sky and above the cloud top for cloudy
field of view), etc., but humidity products were not released.

To test the retrieval accuracy of the above 1D-Net scheme and the two U-Net schemes,
the temperature retrievals are compared with the ERA5 reanalysis fields and the GIIRS L2
operational atmospheric products. Using the GIIRS observation covering China at 00 to
01 (UTC) on 01 February 2021 as an example, the observed brightness temperature of the
900 cm ™! channel is shown in Figure 5. The warm areas in the figure represent the clear sky
area with relatively high brightness temperature, while the cool tone areas with low values
are covered with clouds. The lower the brightness temperature is, the higher the vertical
cloud development height. The temperature retrievals at 1000 hPa are shown in Figure 6,
where (a) is the 1D-Net scheme, (b) is the U-Net 1 scheme, (c) is the U-Net 2 scheme, and (d)
and (e) are the temperature fields of GIIRS L2 and ERAS, respectively. Figure 7 illustrates
the temperature retrievals at 500 hPa. The blank pixels in Figure 6e correspond to the
GIIRS L2 temperature lacking FOV, and an increasing number of FOVs are missing as the
height decreases because no L2 temperature product is below the cloud top under cloudy
conditions. The retrieved temperature fields both at 1000 hPa and 500 hPa from the two
U-Net schemes and L2 operational products are all closer to the ERA5 reanalysis field in
terms of horizontal spatial distribution and values, especially for the U-Net 2 scheme, while
the 1D-Net scheme is slightly worse. At 1000 hPa, the retrieval from the 1D-Net scheme
is generally low (especially at high latitudes) with a large difference from ERA5. The
temperatures from the two U-Net schemes are higher than those from ERAS5 in the region
of [60°-75°E, 50°-55°N], GIIRS L2 temperatures are underestimated relative to ERAS5, the
U-Net 1 retrievals are also low, and the U-Net 2 retrievals are closest to the EARS5 reanalysis
in the Tibetan Plateau. The retrieved field of various schemes at 500 hPa is closer to ERA5
than that at 1000 hPa, indicating that the high-level retrieval accuracy is higher than near
the surface. Since the training sample of the U-Net 1 scheme is composed of segmented
small region images, traces of the segmented areas can be clearly seen in the temperature
retrievals, and the retrieved temperature fields are less continuous near the region boundary.
The U-Net 2 training sample is the whole China area image, so the retrieved fields are very
continuous in horizontal space and are closer to the ERA5 temperature fields.

2021.02.01 T00-01 GIIRS BT at 900cm ™" K

45E BOE 75E 90E 105E 1200E 135 E 150 E 165 E
Longitude

Figure 5. The GIIRS observed 900 cm ™! brightness temperatures (unit: K) for the China area from 00
to 01 (UTC) on 01 February 2021.
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Figure 6. Temperature fields (unit: K) at 1000 hPa from 00 to 01 (UTC) on 01 February 2021:
(a) 1D-Net; (b) U-Net 1; (c) U-Net 2; (d) ERAS5; (e) Level 2 product.
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Figure 7. Same as Figure 6 except for 500 hPa: (a) 1D-Net; (b) U-Net 1; (c) U-Net 2; (d) ERAS5;
(e) Level 2 product.
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The humidity retrieved results are shown in Figure 8 (at 1000 hPa) and Figure 9 (at
500 hPa). (a), (b), and (c) give the retrievals of the 1D-Net scheme, U-Net 1 scheme, and
U-Net 2 scheme, respectively, and (d) is from ERA5. Humidity profiles are not provided
in the GIIRS L2 products. The large value area of warm colors indicates abundant water
vapor, and the cold tone corresponds to the low value dry area. The retrieved humidity
fields of the two U-Net schemes are relatively close to the ERA5 reanalysis at 1000 hPa and
500 hPa, while the difference is large for the 1D-Net scheme, especially at 500 hPa. There are
many clutter points of 1D-Net because this scheme only carries out retrieval of the vertical
dimension for each field of view independently. The two U-Net water vapor retrievals at
500 hPa have relatively high values on the northwest side of the Tibetan Plateau, which
coincides with the lower brightness temperature in Figure 5. Low brightness temperature
implies cloud cover and high water vapor content. The retrieved high value areas of water
vapor correspond to the low brightness temperature in Figure 5, which indicates that the
retrieved results are very effective. Similarly, traces of segmented small areas can be seen in
the humidity from the U-Net 1 scheme.

4'E 60E 75E  90'E  105'E 120 135°E  150'E  165'E 45E  60E 7SE  9E  105E 120E 135E 150°E  165'E
Longitude Longitude

(@) (b)

E 120 135E 150E 165°E

e 60E 75E  90E 120 138°E 150'E 185 E 45E  e0E 75E  S0E 105
Longitude

Longtace
(c) (d)

Figure 8. Water vapor mixing ratio (unit: g/kg) at 1000 hPa from 00 to 01 (UTC) on 01 February 2021:

(a) 1D-Net; (b) U-Net 1; (c) U-Net 2; (d) ERAS5.

,dwgz

45E 60E 75E S0E 105E 120E 13E 150E 165E 4E  60E 75E S0E 105E 1206 135E 150E 185 E
Longitude Longitude

(@) (b)

E 120E  135E  150E 165 E

1206 135°E  150°E 165 E 45E 6E 75E  90E 105
Longitude

45E  60E 7T5E  90E

Longitide
(c) (d)
Figure 9. Same as Figure 8 except for 500 hPa: (a) 1D-Net; (b) U-Net 1; (c) U-Net 2; (d) ERA5.
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To quantitative test the retrieval accuracy, the temperature and humidity ME (mean
error) and RMSE (root mean square error) profiles from the three schemes and GIIRS L2
products compared with ERAS5 reanalysis data for the whole February 2021 are given in
Figures 10 and 11 respectively. The red lines are ME profiles, the black lines are RMSE
profiles. The thicker dash-dotted line represents the 1D-Net scheme, the dashed line is the
U-Net 1 scheme, the solid line is the U-Net 2 scheme, and the thinner dash-dotted line
represents the L2 operational products. Figure 10 shows that most of the heights of these
schemes are positive bias except for U-Net 2 from 750-150 hPa. The MEs of the two U-Net
schemes are within 1 K at all pressure levels. The bias of 1D-Net scheme is significantly
increased below 300 hPa. The RMSE of U-Net 1 and U-Net 2 are much smaller than 1D-Net.
U-Net 2 scheme is better than that of the U-Net 1 scheme at all pressure levels. The accuracy
of L2 products is close to two U-Net schemes below 700 hPa, but the RMSE increases with
height. The retrieval error profiles of water vapor mixing ratio are shown in Figure 11.
Humidity products are not provided by the L2 operational products. The humidity bias
of two U-Net is close to 0 g/kg at all pressure levels, while 1D-Net scheme bias is larger
than U-Net schemes. RMSE of all schemes decreases with height. The values of two U-Net
schemes are smaller than 1D-Net. U-Net 1 humidity RMSE is lower than that of U-Net 2
above 800 hPa.
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Figure 10. Temperature retrieval error profiles compared with ERAS reanalysis field for the whole
February 2021. The red lines are ME profiles, the black lines are RMSE profiles. The thicker dash-
dotted line represents the 1D-Net scheme, the dashed line is the U-Net 1 scheme, the solid line is the
U-Net 2 scheme, and the thinner dash-dotted line represents the L2 operational products.
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Figure 11. The same as Figure 10 except for water vapor mixing ratio.
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4.2. Comparison with Radiosonde Observations

The retrievals of the three schemes are evaluated in terms of mean error and root mean
square error using temporal-spatial matched radiosonde observations as true. It is divided
into all sky and clear sky for the retrieval accuracy check separately based on observations
from the whole month data of February 2021. The determination of clear FOV was based
on the GIIRS L2 operational CLM products, which made clear sky and cloud judgements
for each FOV.

The bias profile of the temperature retrieval under clear sky conditions for February
2021 is shown in Figure 12. The color and line shape denote the same as Figure 10. The
sample number used to calculate the MEs and RMSEs at each pressure level is given on
the right vertical coordinate. The sample number matched in each level decreases with
decreasing altitude, which is because some radiosonde stations have no data at very low
altitudes affected by the terrain. Figure 12 shows that the RMSEs of these scheme retrievals
all slightly decrease with increasing height under clear FOVs (except near the surface), and
the accuracy of the L2 operational products is higher with RMSE within 3 K. The retrieval
accuracy of the two U-Net schemes is similar to that of the L2 operational products in the
upper troposphere. The 1D-Net scheme RMSE is significantly larger at all pressure levels,
and the U-Net 2 RMSE is slightly smaller than that of U-Net 1. The MEs of the two U-Net
schemes and L2 products are close to 0 K with high accuracy above 250 hPa. L2 operational
products have the smallest bias above 500 hPa, and the biases of the two U-Net schemes
are smaller at heights below 500 hPa.
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Figure 12. Temperature retrieval error profiles compared with radiosonde under clear FOVs for
February 2021. The color and line shape denote the same as Figure 10.

The bias profile of the temperature retrieval under all sky conditions for February
2021 is shown in Figure 13. The red lines are the ME profiles, the black lines are the
RMSE profiles. The number in the first column of the right vertical coordinate of Figure 13
represents the statistical sample size of the three convolutional neural network schemes
for each pressure level matched with radiosonde observations, and the second column
one represents the sample number matched with GIIRS L2 operational products, which is
less than that of the convolutional neural network scheme because GIIRS L2 operational
products are not retrieved below the cloud top. The RMSEs of the temperature retrieval
by the two U-Net schemes are lower than those of the L2 products at almost all levels in
Figure 13, and the Level 2 RMSE increases substantially above 500 hPa. The RMSEs of the
two U-Net schemes are relatively large near the surface, and the accuracy of temperature
gradually increases slightly with altitude above 800 hPa, with an RMSE of approximately
2.5 K. The retrieval accuracy of the U-Net 2 scheme is approximately 0.5 K better than that
of the U-Net 1 scheme at all pressure levels. In terms of the temperature ME, the U-Net 2
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scheme has a positive bias above 800 hPa, while the L2 operational products and U-Net 1
scheme have a negative bias, especially the bias of the L2 products above 550 hPa, which is
large with the gradually increasing RMSE. The U-Net 2 scheme bias is the smallest, with a
value of approximately 0.5 K. The 1D-Net scheme has a large ME and RMSE below 400 hPa.
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Figure 13. Same as Figure 12 except for all sky.

The ME and RMSE profiles of the retrieved humidity for all sky and clear sky FOVs
for February 2021 are shown in Figures 14 and 15, respectively. Again, the sample number
used to calculate the error is given for each pressure level on the right vertical coordinate.
Humidity products are not provided by the L2 operational products. It can be seen from
the figures that the RMSEs decrease with increasing height in both all sky conditions and
clear sky conditions. The RMSE is maximum for the 1D-Net scheme at all levels, and the
U-Net 1 RMSE is slightly larger than that of U-Net 2 at altitudes below 650 hPa. The bias
of the 1D-Net scheme is larger than that of the U-Net schemes for almost all altitudes, the
MEs of the two U-Net schemes above 650 hPa are similar (both close to 0 g/kg), and the
water vapor bias of U-Net 2 is relatively small below 650 hPa.
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Figure 14. Water vapor mixing ratio retrieval error profiles compared with radiosonde under clear
FOVs for February 2021. The color and line shape denote the same as Figure 10.
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Figure 15. Same as Figure 14 except for all sky.

The GIIRS observations from July 2021 are used to further test the universality of these
schemes. For summer months, the matched July 2020 data are trained to build network.
The retrieval error of temperature and humidity under clear FOVs and all sky are shown in
Figures 16 and 17, respectively. The U-Net 2 algorithm gives the highest retrieval accuracy
in above winter month, so we just compare the U-Net 2 with L2 products in July. The
solid line is U-Net 2 scheme and dashed line represents the L2 operational products. In
Figure 16a, the U-Net 2 temperature is negative bias in summer while positive ones in
winter (Figure 12). To bias and RMSE, the L2 products accuracy are all better than U-Net
2 for clear FOVs. The summer RMSE of L2 products is smaller than winter. To humidity
(Figure 16b), the positive bias of U-Net 2 in wither (Figure 13) also changes to negative bias.
This means that U-Net 2 overestimates the temperature and humidity slightly in winter
and underestimates it in summer. The summer humidity RMSE is bigger than winter.

Under all sky conditions (Figure 17), the temperature retrieval accuracy of U-Net 2
is obviously higher than L2 product no matter ME or RMSE in summer and the U-Net
2 improve the temperature retrieval in the middle and lower troposphere. The summer
humidity retrieval is worse than in winter.
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Figure 16. Temperature (a) and water vapor mixing ratio (b) retrieval error profiles compared with
radiosonde under clear FOVs for July 2021. The red lines are ME profiles, the black lines are the RMSE
profiles. The solid line is U-Net 2 scheme and dashed line represents the L2 operational products.
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Figure 17. Same as Figure 16 except for all sky: (a) temperature retrieval error profiles; (b) water
vapor mixing ratio retrieval error profiles.

4.3. Discussion of Three Convolution Neural Network Schemes

The three deep learning convolutional neural network schemes all can retrieve at-
mospheric temperature and humidity profiles for all the sky. The 1D-Net scheme with
large retrieval bias is mainly because of just considering single FOV observations in the
retrieval and fail to incorporate spatial information and feature transformations. While
U-Net schemes consider the relevance from the image perspective and establish directly
the relationship between the input image and output image by extracting image features
and using 3D convolution. So, the U-Net temperature and humidity retrievals are more
accurate and closer to the actual atmosphere, especially the U-Net 2 scheme. At the same
time the retrieval fields are more continuous in horizontal distribution.

5. Conclusions

Three convolutional neural network schemes are used to retrieve one-dimensional
and three-dimensional atmospheric temperature and humidity profiles, respectively, based
on FY4A /GIIRS observations in this paper. The retrieval accuracy of the three schemes was
examined and validated using ERA5 reanalysis fields and radiosonde observations under
all sky and clear sky fields of view. The results are as follows:

(1) Compared with the ERA5 reanalysis field and the GIIRS L2 operational products,
the retrieval accuracy of the 1D-Net scheme needs to be improved, and the three-
dimensional atmospheric temperature and humidity field retrieved by the two U-Net
schemes are closer to the ERA5 reanalysis field in both distribution and value; in
particular, U-Net 2 retrieval is more continuous in horizontal space.

(2) The accuracy of L2 operational temperature products is the highest, the temperature
retrieval RMSE for the two U-Net schemes is the second highest, and the RMSE and
ME of the 1D-Net scheme are all larger compared with temporal-spatial matched
radiosonde observations when the GIIRS field of view is completely clear. The tem-
perature RMSE and bias of the two U-Net schemes under all sky conditions are lower
than those of GIIRS L2 above 800 hPa, especially for the U-Net 2 scheme. The accuracy
of the Level 2 temperature product will be reduced under the influence of clouds. The
humidity RMSEs of the two U-Net schemes are within 2 g/kg, the 1D-Net scheme is
worse, and humidity products are not provided by the L2 operational product.

(3) The three deep learning convolutional neural network schemes all can retrieve 3D
atmospheric temperature and humidity profiles for all the sky from the perspective
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of the image. The 1D-Net scheme only carries out retrieval of the vertical dimension
for each field of view independently, with larger bias and discrete retrievals. The
U-Net schemes use GIIRS multichannel spatial observations as input to improve the
retrieval accuracy with cloud influence, and the retrieval fields are more continuous
in horizontal distribution and closer to the actual atmosphere. The U-Net 2 scheme
has the highest retrieval accuracy, followed by U-Net 1. The retrieval speed of the two
U-Net schemes is nearly the same, faster than that of 1D-Net. The time required to
retrieve the China area covered by the GIIRS is approximately 2-3 times longer than
that of the U-Net schemes.
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