Journal of the
Meteorological
Soclety of
Japan

EARLY ONLINE RELEASE

This is a PDF of a manuscript that has been peer-reviewed
and accepted for publication. As the article has not yet been
formatted, copy edited or proofread, the final published

version may be different from the early online release.

This pre-publication manuscript may be downloaded,
distributed and used under the provisions of the Creative
Commons Attribution 4.0 International (CC BY 4.0) license.
It may be cited using the DOI below.

The DOI for this manuscript is
DOI:10.2151/jmsj.2024-011

J-STAGE Advance published date: January 16th, 2024
The final manuscript after publication will replace the

preliminary version at the above DOI once it is available.



Page 3 of 69

10

11

12

13

14

15

16

17

18

For Peer Review

IRetrieval of High-Frequency Temperature Profiles by FY-4A/GIIRS
Based on Generalized Ensemble Learning
Gen WANG
School of Electronic Engineering, Chaohu University, Hefei, Anhui 238000, China
Wei HAN®
CMA Earth System Modeling and Prediction Centre (CEMC), China Meteorological
Administration, Beijing 100081, China
Song YUAN
Anhui Meteorological Observatory, Anhui Meteorological Bureau,Hefei, Anhui 230031, China
Jing WANG
School of Electronic Engineering, Chaohu University, Hefei, Anhui 238000, China
Ruo-Ying YIN
CMA Earth System Modeling and Prediction Centre (CEMC), China Meteorological
Administration, Beijing 100081, China
Song YE
School of Electronic Engineering, Chaohu University, Hefei, Anhui 238000, China
and

Feng XIE

' Corresponding author: Wei Han, CMA Earth System Modeling and Prediction Centre (CEMC),

China Meteorological Administration, Zhongguancun Nandajie 46, Haidian District, Beijing
100081, China

E-mail: hanwei@cma.gov.cn



19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

For Peer Review

Anhui Meteorological Observatory, Anhui Meteorological Bureau,Hefei, Anhui 230031, China

Abstract

The temperature profile is an important parameter of the atmospheric thermal state
in atmospheric monitoring and weather forecasting. The hyperspectral infrared sounder
of a geostationary satellite provides abundant spectral information and can retrieve the
temperature profile. Based on the mediumwave channel data (independent variable and
model input data) of FY-4A/GIIRS (geosynchronous interferometric infrared sounder)
and ERAS reanalysis data (dependent variable and model output data), the atmospheric
temperature profile is retrieved by generalized ensemble learning. Firstly, the feature
variables of the model are constructed. Because there are many GIIRS channels, a two-
step feature selection method is adopted: step 1—establish a blacklist of GIIRS
channels; step 2—select feature variables by using the method of importance
permutation. Secondly, they are integrated based on optimizing and adjusting the
hyperparameters of three basic machine learning models (Random Forest, XGBoost
and LightGBM). Generalized ensemble learning nonlinear convex optimization is used
to optimize the weight of each basic model. Finally, based on high-frequency GIIRS
observations of Typhoon Lekima and Typhoon Higos, testing and method evaluation
of the temperature profile retrievals are carried out. The results show that LightGBM
achieves the best retrieval result among the three basic models, followed by Random
Forest and finally XGBoost. The root-mean-square error of the whole temperature

profile in the training dataset of generalized ensemble learning is less than 0.3 K, while
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that of the testing dataset is less than 1.4 K, and that between 150 and 925 hPa is less
than 1 K. The retrieval results correlate well with the radiosonde temperature profile.
The performance of generalized ensemble learning is better than the performances of
the three basic models, but it depends on the retrieval results of LightGBM. In the
Lekima experimental case, compared to other channels selected for temperature
retrieval models, the importance of mediumwave channels 9 and 307 of GIIRS ranks
first and second, respectively. The method in this paper provides a new solution and
technical support for retrieving atmospheric parameters from hyperspectral and other

satellite data.

Keywords  FY-4A/GIIRS; temperature profile retrieval, generalized ensemble

learning; feature selection; hyperparameter and weight optimization

1. Introduction

Rainstorms have the characteristics of strong locality, obvious suddenness, and a
short and concentrated precipitation period. They easily cause floods in a relatively
short period of time, leading to mountain torrents, mud-rock flows, landslides, and
other secondary meteorological disasters. The occurrence and development of a
rainstorm is restricted by many factors, such as stratification instability, water vapor
supply, and triggering via topographic uplift (Liu et al. 2019). Timely information on
temperature and humidity profiles is essential for weather prediction (Lee et al. 2017),

and such profiles, which are mainly used for numerical weather prediction and
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disastrous-weather warnings (Menzel et al. 2018), can be obtained based on
hyperspectral infrared observation data. The hyperspectral infrared detection
instruments carried onboard polar orbiting meteorological satellites mainly include
AIRS (Atmospheric Infrared Sounder), IASI (Infrared Atmospheric Sounding
Interferometer), CrIS (Cross-Track Infrared Sounder), and HIRAS (Hyperspectral
Infrared Atmospheric Sounder) (Li and Han 2017).

China’s new generation geostationary meteorological satellite, FengYun-4A (FY-
4A), was successfully launched on 11 December 2016. The geostationary
interferometric infrared sounder (GIIRS) that it carries is the world’s first hyperspectral
infrared sounder loaded on a geostationary satellite. FY-4A/GIIRS has 1650 channels
covering a spectral region of 700-2250 cm™!. GIIRS can remotely sense the vertical
distribution of Earth’s temperature, humidity, and atmospheric composition in space,
realize large-scale, rapid, and long-term observation, and provide data services for
global and regional numerical weather forecasting (Yang et al. 2017).

At present, the atmospheric profile retrieval methods based on hyperspectral
infrared data mainly include physical retrieval and statistical regression methods, as
well as some related variants of both. Physical retrieval methods include one-
dimensional variational (1DVar) methods. Statistical methods include eigenvector,
linear, and nonlinear methods—for example, artificial intelligence—based Random
Forest models, convolutional neural networks (CNNs), and other methods.

Regarding physical retrieval methods, Zhou et al. (2007) used a method based on

hyperspectral infrared data to simultaneously retrieve surface, atmospheric
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thermodynamic, and cloud microphysical parameters. Arai and Liang (2009) used a
IDVar iteration technique based on optimal estimation theory to retrieve temperature
profiles using AIRS data, for which the retrieved temperature error on and around the
tropopause surface (80-200 hPa) was within 4 K. Jang et al. (2017) proposed a 1DVar
method based on local physical a priori information to improve the accuracy of AIRS
retrievals of temperature and humidity profiles. Zhu et al. (2020), based on 1DVar,
concluded that the temperature retrieved by FY-3D/HIRAS was better than the
background field profile, and the root-mean-square error (RMSE) of the temperature
profile below 100 hPa was within 1.5 K. Xue et al. (2022) retrieved a tropospheric
temperature RMSE within 2 K by using FY-4A/GIIRS mediumwave channel data
based on 1DVar. However, due to the lack of temperature detection channels, the
temperature RMSE retrieved from the upper atmosphere was relatively large.
Regarding linear statistical regression methods, Smith et al. (2012), based on the
double regression method, retrieved atmospheric profile, surface temperature, and
cloud parameters by using AIRS data, and the international MODIS/AIRS
preprocessing package known as IMAPP (International MODIS/AIRS Processing
Package) was formed. Zhang et al. (2014) used AIRS data based on eigenvector
statistical regression to retrieve atmospheric temperature and humidity profiles in China.
Zhang et al. (2016) proposed a new L-curve regularization parameter selection method,
which used AIRS data to retrieve atmospheric temperature and humidity profiles based
on statistical methods. Compared with the original L-curve method, the new method

improved the retrieval accuracy.
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Compared with 1DVar, the advantages of linear statistical regression for
atmospheric profile retrievals include high computational efficiency, stable retrieval
(for example, IDVar algorithms may fail in iterative convergence), and independence
from radiative transfer models. However, the main drawback of linear statistical
methods is that they cannot represent the nonlinear relationship between satellite data
and atmospheric profiles.

The essence of artificial intelligence in retrieving atmospheric profiles is also a
statistical regression method (Malmgren-Hansen et al. 2019). Cai et al. (2020) used an
artificial neural network to retrieve atmospheric temperature and humidity profiles from
FY-4A/GIIRS data and ERAS data, which obtained good retrieval accuracy. Huang et
al. (2021) proposed a temperature retrieval method based on GIIRS observation data,
which combined a neural network with 1DVar. The key is to introduce a neural network
to revise the satellite observation data. The RMSE of the temperature profile retrieved
by this method between the 10 hPa and 600 hPa pressure layers was smaller than that
of the official GIIRS product. Malmgren-Hansen et al. (2019) proposed the use of
CNN: s to retrieve atmospheric profiles from IASI observation data. CNNs have better
retrieval accuracy than linear regression methods in predicting cloud profiles. In
addition to temperature profile retrieval, based on machine learning modeling, Ma et
al. (2021) found that four-dimensional wind fields can also be derived from FY-
4A/GIIRS data, which were able to provide dynamic information during Typhoon
Maria. Filipe et al. (2021) used CNNs for sea surface temperature retrieval, with an

error within 0.3 K.
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With regard to the application of FY-4A/GIIRS official temperature profile
products, Maier and Knuteson (2022) found on the basis of a case study that GIIRS
profile products can capture the rapid transition from stable to unstable atmosphere.
Gao et al. (2022) adopted an FY-4A/GIIRS temperature profile product and found that
it could diagnose the winter precipitation types in South China and monitor the
development of weather.

Most of the above studies on artificial intelligence—based retrievals of temperature
profiles were based on a single model. However, a single model may yield results with
a low level of accuracy (Feng et al. 2022) owing to the influence of various factors such
as the feature space, model size, and selection of hyperparameters. In addition, there is
evidence that a single model can perform better through model integration (i.e.,
amalgamation to reduce bias, variance, or both) (Dietterich 2000). By integrating
multiple basic machine learning models, more information on the underlying structure
of data can be obtained (Brown et al. 2005). Li et al. (2020) improved the estimation of
soil thickness based on multiple environmental variables using so-called stacking
ensemble methods. Feng et al. (2022) constructed a hybrid learning model by using the
Random Forest model with “Bagging” and LightGBM with “Boosting” as the basic
learners. Compared with the single model, the hybrid learning model improved the
accuracy of satellite estimations of surface PM, 5 concentrations.

In this paper, we use generalized ensemble learning on three basic models
(Random Forest, XGBoost, and LightGBM) (Li et al. 2020). The ensemble method is

used to retrieve the atmospheric temperature profile from the high-frequency data of
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the FY-4A/GIIRS mediumwave channel to explore the feasibility of the method. It is
divided into three steps: (1) building model feature variables, which mainly involves
feature selection of the FY-4A/GIIRS data; (2) construction of the generalized
ensemble learning model to retrieve the temperature profile, within which, based on
optimizing and adjusting the hyperparameters of each model, the optimal weight of the
model is realized; and (3) testing and evaluation of the temperature profile retrieval.
The retrieval accuracies of generalized ensemble learning and the three basic models
are compared to each other, as well as with that of radiosonde data.

This rest of the paper is organized as follows: Section 2 introduces the methods
used in this paper, including the basic machine learning model, generalized ensemble
learning method, permutation importance method, and model accuracy evaluation
method; Section 3 introduces the data and pretreatment methods used in the experiment;
Section 4 introduces the FY-4A/GIIRS retrieval atmospheric temperature profile
experiment; and finally, Section 5 summarizes the main conclusions and outlines some

future prospects for further research in this field.

2. Methods
2.1 Basic framework for retrieving atmospheric profiles from satellite data

The electromagnetic waves emitted by the Sun or the object itself is affected by
the absorption, scattering, and emission of atmospheric molecules in the process of
radiative transmission, which ultimately reaches the sensor. Because the energy

received by the sensor is affected by the atmosphere, it is possible to retrieve the
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atmospheric parameters. The process of deriving atmospheric parameters from satellite
observation data is called retrieval, also known as the mathematical inverse problem.

In order to describe the mathematical inverse problem, suppose that x is the
atmospheric target parameter to be retrieved at a certain field of view (FOV) (in this
paper, it represents the n-layers temperature profile), and y is the sensor observation
value, then the forward relationship is as follows (Wang et al. 2021):

y =F(x) +v, (1)
where F:x—y represents a forward model. In this paper, the forward model represents
the radiative transmission process of energy, and the radiation value of the satellite
channel is obtained. The radiation value can be converted into the brightness
temperature of the satellite channel through the Planck function (Yin et al. 2020). v €
R" is the observation error.

Based on the expression method of Wang et al. (2021), Formula (1) is further
approximated as
y = F(x). )
Assuming F is reversible, the simplified basic framework for retrieval of the
atmospheric profile from satellite data is as follows:
x=F'(y). 3)
In the actual retrieval process, due to different parameterization methods for F 1,
the retrieval methods are also different. These can be broadly divided into three
categories: physical retrieval, statistical regression retrieval, and variants of related

methods.
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F~! in this paper adopts the three basic models (Random Forest, XGBoost,
LightGBM) and the generalized ensemble learning model of these three models,

respectively, to analyze the feasibility of such methods to retrieve atmospheric profiles.

2.2 Random Forest

Random Forest is an ensemble of algorithms based on a classification and
regression tree methodology (Breiman 2001). It is a commonly used data mining
method in retrieving atmospheric parameters from satellite data (Lee et al. 2019). Each
independent tree in the Random Forest is created from a randomly selected subset of
training samples and input variables. For a regression problem, the results of multiple
independent trees are averaged to generate the Random Forest output. Random Forest
has two basic model hyperparameters that need to be adjusted: the number of trees
(n_estimators) and the maximum depth of trees (max_depth). The default values are
used to set other different hyperparameters. In order to find the optimal or suboptimal
combination of the two hyperparameters, hyperparameter optimization is carried out

based on the mean square error (MSE).

2.3 XGBoost and LightGBM

Gradient Boosting is a tree based on the ensemble method, which combines weak
models for prediction. Two relatively new and fast Gradient Boosting methods are
adopted in this paper—namely, XGBoost (eXtreme Gradient Boosting) and LightGBM

(Light Gradient Boosting Machine).
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XGBoost is an improved algorithm based on a gradient enhanced decision tree,
which can effectively construct an enhanced tree and run parallel computing (Lee et al.
2019). Compared with the traditional Gradient Boosting Decision Tree algorithm,
which only uses the information of the first derivative, XGBoost performs a second-
order Taylor expansion of the loss function and provides greater efficiency in solving
the optimal solution. The basic hyperparameters of the XGBoost model in this paper
are n_estimators (which represents the number of trees), max Depth (which indicates
the maximum depth of the tree), gamma (which represents the minimum loss reduction
required for further partitioning at the leaf node of the tree), and learning_rate (which
indicates the subsampling rate of the column when constructing each tree). These four
basic hyperparameters are optimized based on the MSE.

Compared with XGBoost, the LightGBM (Ke et al. 2017) method proposed by
Microsoft offers improved performance and computation time. The main techniques
are as follows: (1) gradient-based unilateral sampling, which is helpful for selecting the
observed value with the largest amount of information; and (2) Exclusive Feature
Binding, which takes advantage of the sparseness of high-dimensional data. The
sparsity of this feature space makes it possible for the high-dmensional data to be nearly
dimensionally reduced without loss. Therefore, it is possible that the LightGBM
method is more suitable for hyperspectral infrared multi-channel data. The basic
hyperparameters of the LightGBM model in this paper are learning rate (learning_rate),
maximum number of leaves per tree (num_leaves), and number of trees (n_estimators).

In this paper, these hyperparameters are optimized based on the MSE.

11
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2.4 Generalized ensemble learning
Generalized ensemble learning, or an integrated model with good performance,

requires that the basic model shows a certain degree of “diversity” in estimation or

prediction, and at the same time possesses a high degree of accuracy (Brown et al. 2005).

It is assumed that the hyperparameters of each basic model have been tuned before
generalized ensemble learning is executed. The prediction made with the optimized
model will be used as the input of the generalized ensemble learning optimization
model to find the optimal integration weight of different basic models. Based on the
optimization model proposed by Krogh and Vedelsb (1995), Shahhosseini et al. (2022)
and Feng et al. (2022), a generalized ensemble learning model for retrieving
atmospheric temperature profiles from satellite data is constructed.

The input data of the basic model in this paper is the brightness temperature y of
the mediumwave channel in FY-4A/GIIRS (marked as the feature variable or model
independent variable), and the output data of the model is the temperature profile x
(model dependent variable), as shown in Formula (3). Generalized ensemble learning
nonlinear convex optimization is used to find the optimal ensemble weight for the
temperature retrieval of the composite basic model.

The objective minimization function of generalized ensemble learning nonlinear

convex optimization is defined as follows:

12
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A ) k A2
min Zzi =1(xi_zj =1W}'xij)
, 4
Z]I'€:1WJ' =1 @

w; =0V =12,k
where w; is the ensemble weight corresponding to the basic model j, n is the total

number of atmospheric temperature profiles, x; is the actual value of the value i to

A
be inverted, and X is the estimate of the retrieval value i of the basic model j.

Although the tree-based algorithm model is simple, it can solve linear and
nonlinear modeling problems. Due to the different principles of different models, the
accuracy of prediction results varies among different machine learning models. The
basic models and ensemble learning model in this paper are implemented by the pytorch
and scikit learning packages. Ensemble learning uses the sequential least-squares
programming algorithm in Python’s Scipy optimization library to solve constrained

optimization problems (Jodo et al. 2021).

2.5 Variable selection and permutation importance method

Variable selection is essential to reduce data dimensionality and extract more
informative features before model development. Variable selection is one of the most
important steps in machine learning modeling. It can reduce the number of prediction
variables to several important ones, making the model easier to explain. The
contributions of some variables to the model may not be so important, or they may
reduce the overall performance of the model, so it is necessary to analyze the

importance of variable features.
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According to Strobl et al. (2007), when the independent variables of the model
have different measurement scales or different categories, the default variable
importance measurement of random forests may not be reliable. In order to overcome
this problem and find more important input variable features, this paper uses the
research results of Altmann et al. (2010) for reference, and employs the permutation
importance method to calculate the feature importance of the three basic models.

It should be noted that, owing to the black box nature of the generalized ensemble

learning model, only basic models are used to calculate the feature importance.

2.6 Model accuracy evaluation method

Pearson’s correlation coefficient (CC), the root-mean-square error (RMSE), and
the mean absolute error (MAE) are used as the criteria for accuracy evaluation, with
particular attention paid to the RMSE. It is generally believed that the smaller the
RMSE is between the retrieval temperature profile and the real temperature profile, the
higher the degree of accuracy is of the retrieval method.

The formula for Pearson’s correlation coefficient is

(e~ 5)(Re— R)

CC= — —; (5)
\/ZL(&— s) JZZ;l(Rk— R)
the RMSE formula is
1
RMSE = JmZZ‘: (Sk—RY% (6)
and the MAE formula is
1
MAE = 37" _ Sk — Rul, (7

14
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where m is the total number of matched samples, Sj is the temperature profile

retrieved from FY-4A/GIIRS data, Rj represents the ERAS or radiosonde temperature

profile,and S and R represent their average values, respectively.

3. Data and preprocessing

In this paper, the mediumwave channel brightness temperature of FY-4A/GIIRS
(model-independent variable) and ERAS temperature profile data (model-dependent
variable) are used as the input and output data of the basic and ensemble models.
3.1 FY-4A/GIIRS data

FY-4A/GIIRS is the first hyperspectral infrared atmospheric vertical sounder
carried by a geostationary meteorological satellite. The GIIRS on-orbit spatial
resolution is 16 km. Each detector of GIIRS has 32x4 sensor elements to form the pixel
array of 32x4. A total of 1650 channels of GIIRS cover a spectral region of 700-2250
cm™!. There are 689 longwave channels and 961 mediumwave channels. The
atmospheric temperature and humidity profiles retrieved by GIIRS can provide large-
scale, continuous, and fast remote sensing information for weather forecasts. For a
detailed introduction to GIIRS, readers can refer to Yang et al. (2017) and Yin et al.
(2020). The FY-4A/GIIRS data used in this paper are from the official website of the
National Satellite Meteorological Center.
3.2 Cloud detection products

The Advanced Geosynchronous Radiation Imager (AGRI) of the FY4-A satellite

provides a full-disk cloud detection product (Cloud Mask, or CLM for short) with a

15
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resolution of 4 km (Min et al. 2017). This cloud detection product is used to identify
FY-4A/GIIRS clear-sky and cloudy FOVs.
3.3 ERAS and FNL data

The ERAS data are from the official website of the European Center for Medium-
range Weather Forecasts (ECMWF) (Zhu et al. 2023). The data (reanalysis-era5-
pressure-levels) were downloaded through a Python script. The experiment used ERAS
hourly data, including 37 layers of atmospheric pressure and temperature. Only the
temperature profiles of ERAS are used as labels for the retrieval algorithm in this paper.
The other parameters of ERAS are not used in the retrieval algorithm, including as input
data for the algorithm. The ERAS temperature profile is also used as reference standard
data for the model.

The Final Global Data Assimilation System (FNL) data of the National Centers
for Environmental Prediction (NCEP) are used to establish the GIIRS channel blacklist
in this paper (Noh et al. 2017).

3.4 Radiosonde data

The radiosonde temperature profile data are taken as the true value for verifying
the accuracy of some of the experiments in this paper. The radiosonde data come from
the China Integrated Meteorological Information Service System.

3.5 Data preprocessing and experimental data
3.5.1 Data preprocessing
In the temperature profile retrieval experiment, it is necessary to preprocess the

data to improve their quality. The hamming apodization function (Di et al. 2018) with

16
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a three-point filter (0.23, 0.54 and 0.23) of the running mean is used to process the FY-
4A/GIIRS observation data (Yin et al. 2020). Furthermore, the CLM of FY-4A/AGRI
is matched to GIIRS FOV points by an interpolation method to judge the FOV cloud
amount information of the GIIRS FOV. For more information on interpolation methods,
readers can refer to Yin et al. (2020) and Zhang et al. (2019).

The FY-4A/GIIRS and ERAS temperature data are synchronized in time and space
through interpolation. So as not to introduce other errors, the layer of ERAS is taken as
the benchmark in constructing the samples of the machine learning model. The ERAS
temperature profile comprises 37 layers from 1 hPa in the upper part to 1000 hPa near
the ground.

To unify the data, the radiosonde temperature profile is interpolated to the 37

pressure layers of ERAS.

3.5.2 Experimental data

Compared with other similar instruments, FY-4A/GIIRS has higher temporal
resolution. In a short time, GIIRS can provide a large number of observation data in the
same area, which is highly suitable for training machine learning models (Huang et al.
2021). To better monitor the development of typhoons, the China Meteorological
Administration conducted FY-4A/GIIRS high-frequency observations in a designated
area during the lifetimes of Typhoon Lekima (international code: 1909) and Typhoon
Higos (international code: 2007). The high-frequency data here provide a data source

for the study of temperature profile retrieval in this paper. FY-4A/GIIRS can fully cover

17
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the specified area every 30 min (shown in Fig. 1), so the sample data volume is feasible
for researching the algorithm’s application in this paper.

In 2019, Typhoon Lekima landed in China, causing 14.024 million people in
Zhejiang, Jiangsu, Anhui, and other regions to be affected, with a direct economic loss
totaling 51.53 billion RMB. The time period of the research materials in this paper is
from 2000 UTC 8 August 2019 to 1100 UTC 10 August 2019, which is the time period
for high-frequency observation of Lekima. The data cover the region (12.8°-49.1°N,
98.1°-160.4°E). The data period to further verify the effectiveness of the algorithm is
from 1200 UTC 18 August 2020 to 1200 UTC 19 August 2020. This is the time period
for high-frequency observation of Higos. The coverage area is roughly (7.0°-33.5°N,
98.5°-136.0°E). The trained parameters of the Lekima case are used as the basis for
retrieving the temperature profile from GIIRS data during the Higos period, and then
the current model is updated with the latest data.

Figure 1 shows the coverage of the GIIRS high-frequency observation area during

the periods of Lekima and Higos. The color shading in Fig. 1a denotes the brightness

temperature distribution observed by GIIRS channel 1029 at 0000 UTC 10 August 2019.

Similarly, the color shading in Fig. 1b denotes the brightness temperature distribution
observed by GIIRS channel 1029 at 0000 UTC 19 August 2020. The magenta line in

the figure shows the track of typhoon movement.

4. FY-4A/GIIRS retrieval of atmospheric temperature profile experiment

The main purpose of this study is to verify the advantages and feasibility of
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generalized ensemble learning for temperature profile retrieval. There are two main
steps for developing the training and testing datasets for retrieval models (Zhu et al.
2023): the first step is to form spatiotemporally matched FY-4A/GIIRS (model input)
and ERAS5 (model output) datasets; and in the second step, the matched dataset is
randomly divided into training (80% of the samples) and testing (20% of the samples)
datasets. The training and testing datasets cover the spatial and temporal variations
during the typhoon period, and the training has a certain representativeness in this
situation. The training dataset is used for model training and hyperparameter
optimization. The testing dataset is used to independently evaluate the algorithm’s
performance (Zhu et al. 2023).

This paper refers to previous methods, such as that of Cai et al. (2020) based on
4018 training samples and 2678 test samples, to test the network and verify the retrieval
accuracy of the model, and Malmgren-Hansen et al. (2019) to retrieve temperature
profiles based on one-day IASI data. The aim of this paper is to reverse the atmospheric
temperature profiles during Typhoon Lekima and Higos (international code: 1909 and
2007, respectively).

We have done three separate training and testing experiments using three datasets:
clear-sky FOVs of Lekima, clear-sky FOVs of Higos, and all-sky FOVs of Higos. 80%
of the total sample number is used for training and hyperparameter optimization of
Random Forest and the other models. The remaining 20% is used for independent
testing and validation (sections 4.4, 4.5.1 and 4.5.2). Lekima’s clear-sky FOVs during

0000—1500 UTC 9 August 2019 are selected, with a total sample number of 24159. The
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data coverage area is approximately (12.8°-49.1°N, 98.1°-160.4°E). The optimized
parameter results obtained in this part are further used to retrieve the temperature profile
at 0000 UTC 10 August 2019. The retrieval results at this time are compared with the
radiosonde data (section 4.5.3). Considering that there are some regional overlaps
between Lekima and Higos (shown in Fig. 1), the hyperparameter combination
optimized in this part will be taken as the basic setting used to study the GIIRS retrieval
temperature profile during Higos.

The clear-sky FOV data (21462 FOVs) of the Higos case are used as the total
sample, with the data period being 1900 UTC 18 August 2020 to 0900 UTC 19 August
2020, and the coverage area (7.0°-33.5°N, 98.5°-136.0°E) (section 4.6.1). Further,
Higos’ all-sky FOVs (clear-sky and cloudy FOVs) temperature retrieval is conducted.
To save on computational resources, the total sample size for the all-sky FOVs data in
this paper is 25600 (section 4.6.2). The all-sky FOVs data are collected on 0000 UTC
19 August 2020, and cover the area (7.0°-33.5°N, 98.5°-136.0°E).

It should be noted that establishing a representative training dataset is crucial for
the application of machine learning models. Due to limited computing resources, the
model in this study only uses limited data for training. Therefore, it may be suitable for
all-sky FOV temperature retrievals of this type of typhoon, but its accuracy may
decrease when applied to another typhoon situation. When using machine learning for
retrieval, caution should be exercised as it strongly relies on the representativeness of
the training dataset. Therefore, the key to establishing a trustworthy model is to develop

a training dataset that covers all weather conditions.
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4.1 Flow of temperature profile retrieval by generalized ensemble learning
Figure 2 shows the logical relationship framework and flow chart of the

generalized ensemble learning retrieval of the temperature profile in this paper.

4.2 Why are feature variables selected?

The main reasons are:

(1) The features of hyperspectral infrared data. The optimal selection of
hyperspectral channels is critical in satellite data assimilation and numerical model
applications (Coopmann et al. 2022). When using hyperspectral data to retrieve
atmospheric profiles, the increase in computing resources due to high-dimensional
inputs and outputs may lead to a dimensionality-related disaster. There may be
redundant information between different channels of GIIRS, especially the channels
with close peak levels of channel weighting functions.

(2) Requirements of the adopted machine learning model. Because the dataset used
has a large number of input variables, it is easy for overfitting to be caused in the
training process of the model (such as Random Forest), so feature selection is necessary
to establish a scalable machine learning model.

The purpose of the FY-4A/GIIRS feature variable selection in this paper is to
select better input variables to be included in the employed model and reduce the
dimensionality of the dataset. There are two steps: (1) establish the GIIRS channel

blacklist; (2) use the permutation importance method to select the more important
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feature variables.

4.3 Establishment of the GIIRS channel blacklist

Referring to the universal steps of optimal selection of hyperspectral infrared
detector channels, this paper has two steps: first, establish the channel blacklist; and
second, adopt relevant methods (such as entropy reduction) in the remaining channels
for optimal channel selection (Noh et al. 2017; Coopmann et al. 2022). The steps to
establish the FY-4A/GIIRS mediumwave channel blacklist are as follows:

(1) Remove the channels with large instrument noise. Based on the mean and
standard deviation of brightness temperature bias of mediumwave channels in FY-
4A/GIIRS, the channels with large noise are eliminated by combining the channel
signal-to-noise ratio.

(2) Eliminate the channels with large simulation error of the radiative transfer
model. Simulation error is defined as the difference between the observed brightness
temperature and the simulated brightness temperature.

(3) Considering that it is difficult to determine the surface emissivity, “some
channels” where the peak value of the weighting function is located on the surface are
eliminated. Here, “some channels” are only part of the channel blacklist.

In the establishment of the GIIRS channel blacklist, the FNL data are used as the
background field profile of the GIIRS brightness temperature simulation. In this paper,
a fast radiative transfer model called RTTOV (Radiative Transfer for the TIROS

Operational Vertical Sounder) (Saunders et al. 2018) is used to simulate the FY-
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4A/GIIRS brightness temperature.

Figure 3 shows the distribution of 961 channels, the channel blacklist, and the
reserved channels for feature variable selection in FY-4A/GIIRS. The ordinate is the
simulated brightness temperature of the GIIRS channels obtained by simulating the
midlatitude summer profile with RTTOV.

The formula used for the relationship between the wavenumber and mediumwave
channel number of FY-4A/GIIRS in Fig. 3 is as follows:

WN; =1650+ (i —1) x 0.625, (8)
where WN; 1is the wavenumber of channel number i. The wavenumber of channel 1
is 1650 cm™!; the wavenumber of channel 2 is 1650.625 c¢m™!; and so on. The

relationship is also applicable to Fig. 4.

4.4 Selection of feature variables based on permutation importance

The first step of feature variable selection is based on the establishment of a
channel blacklist for GIIRS. On the basis of obtaining the optimal or suboptimal
combination of the hyperparameters of the basic models, the importance of the feature
variables is calculated by using the permutation feature importance method. The
importance of permutation features is measured by calculating the reduction in model
prediction error when each feature is unavailable (Breiman et al. 2001). To make a
feature unavailable, it is replaced in the testing or verification set and the impact of this
permutation on the prediction accuracy is measured. In other words, if the model error

is increased after the permutation, the permutation feature is considered important,
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because the model depends on this feature for prediction. If the prediction error is not
significantly changed after the permutation, this feature is considered unimportant,
because the model ignores it during its prediction.

Figure 4 shows the importance ranking of the first 100 variables of Random Forest,
the first 37 variables of XGBoost (the 38th and subsequent values are almost 0 in
XGBoost), and the first 25 variables of LightGBM, based on GIIRS data during the
Lekima case. The weighting function distribution of mediumwave channels 9 and 307
in GIIRS is further given. The weighting function is obtained by calculating the
midlatitude summer profile through the RTTOV model (Saunders et al. 2018).

It can be seen from Fig. 4 that, in this case, the brightness temperature of the
mediumwave channels in GIIRS is different in the different basic models (Random
Forest, XGBoost, and LightGBM). This may also prove the “diversity” of the
requirements of generalized ensemble learning.

Among the feature variable combinations formed by the three basic models, the
importance of mediumwave channels 9 and 307 of GIIRS ranks first and second,
respectively. In the specific retrieval of temperature profiles, not only are the data from
these two channels used, but the channel combination data are also used dynamically
(Coopmann et al. 2022). The peak values of the weighting function of channels 9 and
307 are 267.10 hPa and 490.65 hPa, respectively. Note that the weighting function here

is not normalized and is only for display.

4.5 Model hyperparameter optimization and temperature profile retrieval experiment:
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Lekima case

Based on the FY-4A/GIIRS mediumwave channel clear-sky data and ERAS data,
the accuracy of retrieving atmospheric temperature profiles from generalized ensemble
learning and basic models (Random Forest, XGBoost, and LightGBM) is compared and
analyzed.

In Random Forest, XGBoost, and LightGBM, different combinations of
hyperparameters will lead to large differences in the prediction performance of the
models, so it is necessary to optimize their hyperparameters. In addition, the generalized
ensemble learning is carried out after the hyperparameters have been optimized and
adjustment of the basic models has been completed. The following subsection takes
Random Forest as an example to analyze the temperature RMSE and MAE of different
hyperparameter combinations. This scheme can serve as a reference for the other

models.

4.5.1 Hyperparameter optimization experiment with Random Forest

Figure 5 shows the vertical distribution of RMSE and MAE for the temperature
retrieval of the training and testing datasets under different parameter combinations of
Random Forests. The unit is K. We select the parameter combination of n_estimators
(10, 20, 30, and 40) and max_depth (5, 10, 15 and 20) for test verification; and to better
show the retrieval accuracy of different parameter combinations, only some of the
results are presented in Fig. 5. The data period is 0000-1500 UTC 9 August 2019.

It can be seen from Fig. 5 that, under different combinations of n_estimators and
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max_depth, the RMSE and MAE show basically the same variation error curve.
Compared with other hyperparameter combinations, the temperature profile retrieval
result is best when n_estimators is 40 and max_depth is 20 (marked as “40-20). In the
training sample prediction of 40-20, the MAE of the whole profile (37 layers) calculated
from the temperature profile is less than 0.41 K, and the RMSE is less than 0.6 K. In
the independent test verification sample prediction of 40-20, the MAE of the
temperature profile retrieval is less than 0.93 K, the RMSE is less than 1.33 K, and the
RMSE between 150 and 875 hPa is less than 1 K. The reason for the large RMSE of
the upper and lower layers may be that the upper and some near-surface channels are
deleted from the blacklist of feature selection channels. In addition, near the surface at
about 1000 hPa, the radiation received by the satellite comes not only from the surface
atmosphere but also from infrared radiation from the Earth’s surface. Retrieval near the
surface is affected by relatively more factors, which may lead to insufficient learning
of the model in this part, resulting in relatively low retrieval accuracy (Cai et al. 2020).

Because different samples and different models can obtain different results, it is
impossible to directly compare the results in this paper quantitatively with the
temperature retrieval results from other matched or similar hyperspectral data. For
example, Malmgren-Hansen et al. (2019) used CNNs to obtain a temperature profile
RMSE within 1.94 K based on IASI data. The average error of the FY-4A/GIIRS

retrieval temperature profile obtained by Huang et al. (2021) was within 2 K. Xue et al.

(2022) obtained a tropospheric temperature retrieval RMSE within 2 K based on 1DVar.

Compared with the quantitative results of these studies, in this paper, Random Forest
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also obtained good retrieval results.

4.5.2 Temperature profile retrieval experiment based on different models

In this paper, we refer to the Random Forest parameter optimization method to
optimize the other models’ parameters. Considering the timeliness, n_estimators in
Random Forest is set to 20. In addition, together with the computing resource costs,
Table 1 shows the parameter combinations of the basic models (Random Forest,
XGBoost, LightGBM) in this paper. A hyphen (-) means the absence of the parameter
or it is not within the scope of hyperparameter optimization considered in this paper.

On the basis of the hyperparameter optimization of the basic models, Fig. 6
compares the accuracies of the temperature profile retrievals of the basic models and
the generalized ensemble learning model in the Lekima’s clear-sky FOVs. The dashed
straight lines in Fig. 6 indicate 0.3 K and 1 K in the training and testing sets, respectively.

It can be seen from Fig. 6 that the three basic models achieve good results.
LightGBM has the best temperature profile retrieval effect, followed by Random Forest,
and finally XGBoost. In the training samples (Fig. 6a), the RMSE of different
atmospheric pressure layer temperatures obtained from Random Forest is less than
0.632 K, while that of XGBoost is less than 0.506 K, that of LightGBM is less than
0.270 K, and that of the generalized ensemble learning model is less than 0.253 K. The
maximum values of RMSE in the vertical layers of the models in the testing dataset
(Fig. 6b) are 1.364 K (Random Forest), 1.523 K (XGBoost), 1.358 K (LightGBM), and

1.267 K (GEL), respectively, which is mainly because the RMSEs of the upper layers
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(1 hPa, 2 hPa, 3 hPa, 5 hPa) and near-surface layers (950 hPa, 975 hPa, 1000 hPa) are
large. In addition, apart from the RMSEs at 100 hPa and 125 hPa, which are also slightly
larger, the RMSEs of the other vertical layers are all less than 1 K.

Figure 7 shows the ensemble weights of the generalized ensemble learning model
in the Lekima’s clear-sky FOVs temperature retrieval of the three basic models
(Random Forest, XGBoost, LightGBM) in different pressure layers (1, 2, 3, 5, ..., 950,
975, 1000 hPa) in this experiment.

It can be seen from Fig. 6 and Fig. 7 that generalized ensemble learning obtains
the optimal retrieval effect. LightGBM has the highest retrieval accuracy among the
three basic models, so it has the largest ensemble weight to the generalized ensemble
learning model. Ranked second is Random Forest, and lastly XGBoost. XGBoost has
an ensemble weight of 0 for the generalized ensemble learning model in some
atmospheric layers.

Furthermore, Fig. 8 shows the scatter distribution of temperature retrieval versus
true ERAS target values in different model testing datasets of Lekima’s clear-sky FOVs.
The data period is 0000—1500 UTC 9 August 2019. The proportion of test data is 20%
of the total sample of 24159, which is approximately 4830 FOVs. The data volume of
the 37 layers in the statistical testing dataset is 178710.

It can be seen from Fig. 8 that, for the testing dataset, the temperature retrieval
value and the target value are almost on a y = x diagonal. Compared with the three basic
models, the generalized ensemble learning model obtains higher retrieval accuracy. The

correlation coefficients between the retrieval values obtained from the four models and
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the true values exceeds 0.99.

4.5.3 Comparison between the retrieved temperature profile and radiosonde data

The retrieval accuracy of the algorithm in this paper is not only related to the
selected model itself, but also more likely to the accuracy of the ERAS data. Different
from the lag and temporal resolution of the ERAS data, GIIRS can make high-frequency
observations in close to real time. The observation area can be covered every 15 or 30
min in the high-frequency observation area. GIIRS can realize targeted adaptive
observations, so retrieval of these data is crucial for the application before high-impact
weather (Gao et al. 2022).

In this part, the temperature profiles of radiosonde stations in Anhui and
surrounding areas are selected to verify the retrieval effect. The independent sample is
selected for validation at 0000 UTC 10 August 2019. Figure 9a shows the distribution
of 19 radiosonde stations (magenta and yellow dots). The background of Fig. 9a is the
actual observed brightness temperature of the FY-4A/AGRI window channel. Figure
9b shows the distribution of total column water vapor in the ERAS data. Due to space
limitations, only the retrieval results of temperature profiles at the positions marked
with yellow dots (A, B, C, D) are provided in this paper.

Figure 10 shows four (labeled A, B, C, and D) radiosonde temperature profiles
(marked as radiosonde data), ERAS temperature profiles (marked as EraS-reanalysis),
and retrieval results of different models under clear-sky conditions at this time. The

different models are Random Forest, XGBoost, LightGBM, and the generalized
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ensemble learning model. The training model and parameter optimization results
obtained earlier are used here to verify the retrieval effect.

It should be noted that: (1) the drift of the radiosonde data is not considered here;
(2) the nearest-neighbor method is used to match the ERAS data to the radiosonde
stations, so there may be some differences between some radiosonde and ERAS
temperatures; and (3) for quantitative metrics, only the correlation between the
retrieved temperature profile and the radiosonde temperature profile is considered here.

Overall, it can be seen from Fig. 10 that the temperature profiles retrieved by the
different models and the target temperature profiles (radiosonde data and ERAS data)
have good consistency, and the fitting at the temperature change corner is good. The
vertical change in the temperature profile is critical for identifying the type of weather
(Gao et al. 2022). At four radiosonde stations, the correlation coefficient between the
temperature profiles retrieved by the four models and radiosonde (ERAS5) data exceeds
0.92 (0.99).

Furthermore, Table 2 shows the accuracy of the temperature profiles retrieved by
the different models of the four radiosonde stations. Here, the RMSE is the statistical
value between the retrieval results of the different models and ERAS. The superscripted
asterisk mark in the table signifies the minimum temperature RMSE obtained by
different retrieval methods in each column.

According to Fig. 10 and Table 2, in the ERAS5/TCWYV (23.004 mm) of FOV A
(34.07°N, 111.07°E) and ERAS/TCWYV (58.483 mm) of FOV B (30.73°N, 111.37°E),

the generalized ensemble learning retrieval temperature profile has the highest accuracy
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among the four models. For the FOV C (30.58°N, 114.05°E) of ERA5S/TCWV (51.112
mm), the temperature retrieval accuracy of Random Forest is the highest. For the FOV
D (28.12°N, 112.78°E) of ERAS/TCWV (57.57 mm), LightGBM has the highest
temperature retrieval accuracy. Although the ensemble method is comprehensively
affected by the retrieval results of the three basic models, the retrieval accuracy of

LightGBM seems comparable to the generalized ensemble learning model on the whole.

4.6 Algorithm promotion and application: temperature profile retrieval experiment of
the Higos case

The optimal combination results of the parameters of different models and sample
data obtained in the previous section are used for the GIIRS mediumwave channel
brightness temperature to retrieve the temperature profile during the Higos period. The
retrieval is divided into clear-sky FOVs and all-sky FOVs, the latter of which include

all clear-sky and cloudy FOVs.

4.6.1 Clear-sky FOV temperature profile retrieval

In this part, the accuracy of the temperature profiles retrieved from different
models of clear-sky FOVs is analyzed. Figure 11 shows the temperature profile RMSE
for the training and testing dataset. Here, the clear-sky FOV data (21462 FOVs) of the
Higos case are used as the total sample.

It can be seen from Fig. 11 that the three basic models achieve good retrieval

results. In the training sample set, the RMSE of different atmospheric pressure layer
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temperatures obtained from Random Forest, XGBoost, LightGBM, and generalized
ensemble learning are less than 0.786 K, 0.484 K, 0.194 K, and 0.186 K, respectively.
Because the retrieval effect of LightGBM is close to that of generalized ensemble
learning, the two RMSE curves are nearly coincident. In the testing dataset, although
the temperature RMSE of the four models between 1 and 3 hPa is larger, the
temperature RMSE of the four models for the majority of pressure layers, between 5
and 1000 hPa, is less than 1 K. Compared with the LightGBM retrieval results in the
training and testing dataset, the maximum accuracy of generalized ensemble learning

retrieval for temperature profiles is improved by 4.580% and 5.781%, respectively.

4.6.2 All-sky FOV temperature profile retrieval

High-impact weather is often accompanied by the occurrence and development of
clouds (McNally 2002), so it is important to be able to carry out temperature profile
retrievals under cloudy FOVs. The nonlinear relationship between brightness
temperature and atmospheric variables can be well described based on methods such as
Random Forest, without the complex relationship of physical models (Cai et al. 2020).
Unlike the retrieval of temperature profiles for clear-sky FOVs, the all-sky FOV
samples used for training and testing here include clear-sky and cloudy FOVs.

Figure 12 shows an analysis of the accuracy of temperature profiles retrieved by
different models under all-sky FOVs.

It can be seen from Fig. 12 that the three basic models achieve good results. The

RMSE of temperature profiles retrieved from Random Forest, XGBoost, LightGBM,
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and generalized ensemble learning in the training sample set is less than 0.723 K, 0.598
K, 0.323 K and 0.284 K, respectively. In the testing dataset, the retrieval accuracy of
generalized ensemble learning is better than that of the three basic models. Surprisingly,
under the condition of all-sky FOVs (including cloudy FOVs), except for the 1, 2 and
3 hPa pressure layers, the temperature RMSE of all the pressure layers is less than 1 K.

The accuracy and stability with the retrieval algorithm are highly dependent on
the representativeness of the training dataset (Zhu et al. 2023). It is found that, at lower
levels (below approximately 800 hPa), the retrieval results for the all-sky FOVs have
more accurate temperatures than those for the clear-sky FOVs. This may be attributable
to the different sample sizes and the high vertical resolution information of the
hyperspectral data.

Further research shows that, under the condition of all-sky FOVs, the RMSE of
temperature profiles retrieved by the different models is larger at 100-200 hPa than at
other pressure layers. This is consistent with the findings of Xue et al. (2022). However,
according to Malmgren-Hansen et al. (2019), temperatures at low altitudes (>200 hPa)
are the most important for meteorological models.

It can be seen from Fig. 6, Fig. 11 and Fig. 12 that the RMSE of all layers of the
profile of the generalized ensemble learning temperature in the training dataset is within
0.3 K, while that in the testing dataset is within 1.4 K, and between 150 and 925 hPa it
is within 1 K.

Furthermore, Fig. 13 shows the retrieved temperature profile and temperature

deviation obtained by using generalized ensemble learning under all-sky FOVs. The
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deviation here is defined as the difference between the target and retrieval value. The
abscissa is the sample number, with a total of 5120 profiles.

Combined with Fig. 13, we can see that, in addition to the upper atmospheric
pressure layers, the generalized ensemble learning retrieval of temperature profiles
obtains good results.

To analyze the reason for the larger RMSE of 100-200 hPa temperature compared
with other pressure layers, the following section discusses the importance of feature
variables and the peak layer of the channel weighting function corresponding to
important variables. The calculation method of the weighting function is similar to that
in Fig. 4.

Figure 14 shows an analysis of the variable importance of the reserved channels
(shown in Fig. 3) based on Random Forest after the establishment of the GIIRS channel
blacklist. Furthermore, the peak layer distribution of the GIIRS channel weighting
function for the top 100 feature variable importance rankings is given. The discussion
is divided into clear-sky and all-sky FOVs. Here, the brightness temperature of the
GIIRS channel is used as a feature variable for both the basic and ensemble models.
The number of channels corresponds to the number of feature variables in the model.

It can be seen from Fig. 14 that there are no channels selected among the top 100
channels of variable importance between the 0 and 200 hPa pressure layers. In future
research, GIIRS shortwave channel data will be added to improve the retrieval accuracy

of all pressure layer temperatures.
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4.6.3 Preliminary analysis of the reasonableness of retrieved temperature profiles under
all-sky FOVs

Figure 15 shows the GIIRS channel weighting function distribution of the top 36
Random Forest importance values of the midlatitude summer profile. Note that this is
only for explaining the reason for the reasonableness of retrieved temperature profiles
under all-sky FOVs. The channel brightness temperature distribution of the GIIRS
Jacobian (Coopmann et al. 2022) at 0000 UTC 10 August 2019 in different peak layers
is further given.

The main reason for obtaining better retrieval accuracy under all-sky (clear sky
and cloudy) conditions is analyzed. Firstly, we consider the high vertical resolution of
GIIRS (Fig. 15a). The peak GIIRS channel weighting function exists in almost every
atmospheric pressure layer (Coopmann et al. 2022). The information layers detected by
different channels are different, indicating different brightness temperature
distributions (Fig. 15b). Some channels may be contaminated by clouds, but other
channels may be usable. For example, obtaining the cloud fraction and cloud top
pressure (CTP) at a certain FOV through algorithms such as the minimum residual
method (Lee et al. 2020), when the peak layer of a certain channel’s weighting function
is higher (lower) than the CTP, then the channel is not (is) contaminated by clouds.

Therefore, the channel height assignments cloud detection method of ECMWF
(McNally and Watts, 2003; Coopmann et al. 2022) utilizes vertical information from
hyperspectral data. Secondly, compared to the idealized channel weighting function,

the peak layer of the actual weighting function has a certain width (Joiner et al. 2007).
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This width indicates that the information of the pressure layer near the peak layer can
also be detected, so the temperature of the pressure layer nearby can also be retrieved.
And thirdly, the training dataset in this paper includes clear-sky and cloud data. The
clear-sky data around the clouds plays a certain role in the retrieval of cloud areas
(Malmgren-Hansen et al. 2019). In future work, a separate study will be conducted on

the retrieval of temperature profiles under cloudy FOVs.

S. Conclusion and future work

Real-time or near-real-time acquisition of vertical temperature profile information
is essential for monitoring and forecasting high-impact weather. Geostationary satellite
hyperspectral data have the characteristics of high temporal and vertical resolution,
which can be used for atmospheric profile retrieval. In this study, based on FY-
4A/GIIRS and ERAS data, the atmospheric temperature profile is retrieved using the
generalized ensemble learning and basic models (Random Forest, XGBoost, and
LightGBM). The main conclusions can be summarized as follows:

(1) Feature variable selection. Based on the establishment of a GIIRS channel
blacklist, the feature variables of the basic models are selected by using the permutation
importance method. In the Typhoon Lekima experimental case, compared to other
channels selected for retrieval models, the importance of mediumwave channels 9 and
307 in GIIRS ranks first and second, respectively.

(2) Ensemble weight. On the basis of hyperparameter optimization, generalized

ensemble learning is used to optimize the weight of each basic model. The integrated

36

Page 38 of 69



Page 39 of 69

784

785

786

787

788

789

790

791

792

793

794

795

796

797

798

799

800

801

802

803

804

805

For Peer Review

method improves the accuracy of atmospheric temperature profile retrievals. Among
the three basic models, XGBoost shows the lowest performance and LightGBM the
best. Therefore, compared with the other basic models, LightGBM has the largest
ensemble weight value under different pressure layers.

(3) Temperature profile retrieval under clear-sky FOVs. The RMSE of the whole
temperature profile in the training dataset of the generalized ensemble learning model
is less than 0.3 K. The retrieval temperature RMSE of the testing dataset between 150
hPa and 925 hPa is within 1 K. The temperature profiles retrieved by different models
correlate well with the target temperature profiles (radiosonde data and ERAS data).

(4) Temperature profile retrieval under all-sky FOVs. The RMSE of temperature
profiles retrieved by different models is slightly larger at 0-200 hPa, while that of other
pressure layers is less than 1 K. The reason is that no channel is selected among the top
100 channels of variable importance in the 0-200 hPa pressure layer. However,
temperatures at low altitudes (>200 hPa) are the most important for meteorological
models (Malmgren-Hansen et al. 2019).

Although the method in this paper achieves good retrieval results, there are also
some shortcomings. For example, although high-frequency observation data are used,
the sample size of the data of the machine learning algorithm is still small (Ma et al.
2021). Some model parameters (such as max features and min samples_split of
Random Forest) do not participate in optimization but use default values. In addition,
due to the constraints of computing resources, some parameters (such as n_estimators

of Random Forest) are set too small. Bias correction of the FY-4A/GIIRS observation
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data is also not considered, which is important because the existence of bias may affect
the establishment of the relationship between the brightness temperature and
temperature profile, thereby potentially affecting the accuracy of temperature profile
retrievals. Future work should involve building a unified framework while considering
the optimization and adjustment of hyperparameters and the weighted integration of
basic models. The GIIRS longwave channel or multi-source or multi-dimensional data
should be further added to retrieve the atmospheric temperature and humidity profiles.
Finally, another step would be to apply the retrieved profile data to the monitoring and

forecasting of high-impact weather (Gao et al. 2022).
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List of Figures
Fig. 1. High-frequency observation area coverage during (a) Typhoon Lekima and (b)
Typhoon Higos, with the observed brightness temperature of GIIRS channel 1029 in

the background. The magenta line in the figure shows the track of typhoon movement.

Fig. 2.  Logical relation framework and flow chart of the generalized ensemble

learning retrieval of the temperature profile.

Fig. 3. Distribution of FY-4A/GIIRS mediumwave channels, the channel blacklist,

and reserved channels.

Fig. 4. Importance ranking of GIIRS channels in the basic models for Lekima’s clear-
sky FOVs: (a) Random Forest; (b) XGBoost; (¢) LightGBM. (d) Channel weighting

function distribution of GIIRS.
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Fig. 5. Comparison of temperature retrieval accuracy under different hyperparameter
combinations of Random Forest: (a, b) RMSE and MAE distributions of the training
dataset, respectively; (¢, d) RMSE and MAE distributions of the testing dataset,

respectively.

Fig. 6. Comparison of the accuracy of temperature profiles retrieved by different
models: (a) RMSE distribution of the training dataset (four models); (b) RMSE
distribution of the testing dataset (four models); (¢) RMSE distribution of the training

dataset (two models); (d) RMSE distribution of the testing dataset (two models).

Fig. 7. Ensemble weights of the basic models in different pressure layers.

Fig. 8. Temperature retrieval and target value scatter distribution under different
models: (a) Random Forest; (b) XGBoost; (c) LightGBM; and (d) generalized ensemble

learning (GEL).

Fig. 9. (a) Distribution of the 19 radiosonde stations selected in this paper (magenta
and yellow dots, with the latter (yellow) dots denoting the stations used for temperature

profile retrievals). (b) TCWYV (total column water vapor) distribution of ERAS.

Fig. 10. Comparison between the retrieval temperature profiles of different models

and radiosonde temperature profiles: (a) A (34.07°N, 111.07°E) ; (b) B (30.73°N,
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111.37°E) ; (c) C (30.58°N, 114.05°E) ; (d) D (28.12°N,112.78°E).

Fig. 11. Comparison of the retrieval temperature accuracy of different models under
clear-sky FOVs: (a) training dataset; (b) testing dataset. Because the retrieval effect of
LightGBM is close to that of generalized ensemble learning (GEL), the two RMSE

curves are nearly coincident.

Fig. 12.  Comparison of the retrieval temperature accuracy of different models under
all-sky FOVs: (a) training dataset (four models); (b) testing dataset (four models); (c)
training dataset (two models); (b) testing dataset (two models). The temperatures at low

altitudes (>200 hPa) are the most important for meteorological models.

Fig. 13. The (a) target, (b) retrieval temperature profile, and (c) deviation distribution

under all-sky FOVs. The abscissa is the sample number, with a total of 5120 profiles.

Fig. 14.  GIIRS channel importance ranking and weighting function peak layer
distribution under (a) clear-sky FOVs (variable importance), (b) all-sky FOVs (variable
importance), (c) clear-sky FOVs (peak value of weighting function), and (d) all-sky

FOVs (peak value of weighting function).

Fig. 15. GIIRS channel weighting function and vertical layer (representative layer)
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1070  distribution of GIIRS data: (a) weighting function; (b) vertical layer brightness

1071  temperature distribution.
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dataset, respectively; (c, d) RMSE and MAE distributions of the testing dataset,

respectively.
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distribution of the testing dataset (four models); (¢) RMSE distribution of the training

dataset (two models); (d) RMSE distribution of the testing dataset (two models).
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1175  Fig. 8. Scatter distribution of retrieved and target (ERAS) temperature under different
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Fig. 10. Comparison between the retrieval temperature profiles of different models
and radiosonde temperature profiles: (a) A (34.07°N, 111.07°E) ; (b) B (30.73°N,

111.37°E) ; (c) C (30.58°N, 114.05°E) ; (d) D (28.12°N,112.78°E).
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Fig. 11. Comparison of the retrieval temperature accuracy of different models under
clear-sky FOVs: (a) training dataset; (b) testing dataset. Because the retrieval effect of
LightGBM is close to that of generalized ensemble learning (GEL), the two RMSE

curves are nearly coincident.
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Fig. 12.  Comparison of the retrieval temperature accuracy of different models under
all-sky FOVs: (a) training dataset (four models); (b) testing dataset (four models); (c)
training dataset (two models); (d) testing dataset (two models). The temperatures at low

altitudes (>200 hPa) are the most important for meteorological models.
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The (a) target, (b) retrieval temperature profile, and (c) deviation distribution

under all-sky FOVs. The abscissa is the sample number, with a total of 5120 profiles.
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distribution under (a) clear-sky FOVs (variable importance), (b) all-sky FOVs (variable
importance), (c) clear-sky FOVs (peak value of weighting function), and (d) all-sky

FOVs (peak value of weighting function).

(a) FY4A/GIIRS mediumwave channel (b) Date:20190810000000
o s N R
40747~ g o = LGk 7
3 e —
{ - % i : = S EEEE a0 &2
% 535.23 < i : » P
= : C —
£ 4 ' T —— 250 &
o o g G : &
= o, g«
g o 240 8
2 B H
B CR— N e @
= = 230 g
El
,,,,,,,,,,,,,,, 220 M
210
200
/ 3z
1 L : . . . . . L 3 119 121E
0 02 04 06 08 1 12 14 16 18 ) BN s 15 W7
Weighting fimction Latitude Longitude
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distribution of GIIRS data: (a) weighting function; (b) vertical layer brightness

temperature distribution.
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Basic machine

learning model

Model hyperparameters

n_estimators

max_depth  learning rate = gamma

num_leaves

Random Forest 20 20 - -
XGBoost 50 9 0.9 5
LightGBM 95 - 0.7 -

Table 2. RMSE of vertical-layer temperature retrieval by different models compared

with ERAS (unit: K).
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Model Radiosonde station (Latitude N, Longitude E)
A (34.07°N, B (30.73°N, C (30.58°N, D (28.12°N,
111.07°E) 111.37°E) 114.05°E) 112.78°E)
Random Forest  0.542 1.055 0.134* 0.895
XGBoost 0.591 0.498 0.357 0.525
LightGBM 0.118 0.118 0.159 0.062*
Generalized 0.117* 0.116* 0.157 0.066
ensemble
learning

1318  Note: The superscripted asterisk mark in the table signifies the minimum temperature

1319  RMSE obtained by different retrieval methods in each column.
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