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Abstract: In this paper, the inversion method of atmospheric temperature and
humidity proﬁles via ground-based microwave radiometer is studied. Using the
three-layer BP neural network inversion algorithm, four BP neural network models (temperature and humidity models with and without cloud information) are
established using L-band radiosonde data obtained from the Atmospheric
Exploration base of the China Meteorological Administration from July
2018 to June 2019. Microwave radiometer level 1 data and cloud radar data from
July to September 2019 are used to evaluate the model. The four models are compared with the measured sounding data, and the inversion accuracy and the inﬂuence of cloud information on the inversion are subsequently analyzed. The results
show the following: the average errors of temperature and humidity proﬁles for
the model without cloud information are 1.18°C and 11.7%, while the average
errors of temperature and humidity proﬁles for the model with cloud information
are 0.71°C and 6.09%. Compared with the proﬁles that lack cloud information,
the RMSE of most altitudes is reduced to some extent after cloud information
is added, which is particularly obvious at layers where cloud is present.
Keywords: Ground-based microwave radiometer; BP neural
atmospheric temperature and humidity proﬁles; cloud information

network;

1 Introduction
Temperature and humidity are very important indicators in the ﬁeld of climate research, as they can
directly reﬂect the heat and water vapor conditions in the atmosphere and have a clear impact on the
accuracy of meteorological products. Grasping real-time changes in the temperature and humidity proﬁle
is of great signiﬁcance for satellite positioning, warning, artiﬁcial weather modiﬁcation and other such
meteorological activities. It is thus particularly important to accurately detect atmospheric indicators in
real time in order to obtain temperature and humidity proﬁle information. Previously, traditional weather
detection methods have primarily used sounding balloons, sounding rockets, satellite remote sensing
methods and other technical means to measure elements in the atmosphere and obtain the temperature
and humidity proﬁles over time. In 1985, Liu [1] began to use VHF radar to detect the observational data
This work is licensed under a Creative Commons Attribution 4.0 International License, which
permits unrestricted use, distribution, and reproduction in any medium, provided the original
work is properly cited.

742

IASC, 2021, vol.29, no.3

of the atmospheric structure and inverted the temperature proﬁle; in 1990, Wang [2] used the improved
empirical orthogonal function (EOF) expansion method and the simulated radiant temperature values of
six O25mm channels in the satellite Advanced Microwave Sounder (AMSU) to perform experiments that
inverted the vertical distribution of atmospheric temperature, with good results; moreover, in 2003,
Wu et al. [3] investigated satellite detection techniques for both infrared hyperspectral and inversion
methods using existing airborne and satellite-borne hyperspectral data, focusing on the inversion method
of the atmospheric infrared detector AIRS, and summarized the process of a standardized inversion
method; in 2010, Dong et al. [4] analyzed the main features of the Fengyun-3A (FY-3A) meteorological
satellite and identiﬁed the various applications that can be made to its observational data processing to
generate the distribution of changes in atmospheric temperature and humidity, and provided new ideas; in
2017, Zhou [5] compared and analyzed the models of temperature and humidity proﬁles inverted by
FY-4 hyperspectral infrared vertical detector (GIIRS) and Metop-A hyperspectral infrared vertical detector
(Iasi). The analysis results show that the inversion accuracy of atmospheric temperature by GIIRS is
inferior to that of Iasi in the upper layer, Other aspects are superior to Iasi; in 2019, Guan et al. [6]
studied the variational inversion method of the atmospheric temperature and water vapor mixing ratio
proﬁle based on Metop-A/Iasi infrared hyperspectral data. The experimental results show that the
atmospheric temperature and water vapor mixing ratio proﬁle can be detected with high precision through
the use of Metop-A/Iasi infrared hyperspectral data based on the one-dimensional variational method.
However, the characteristically low spatial and temporal resolution of sounding balloons cannot meet the
development requirements of modern meteorology, while remote sensing satellites will suffer due to
cloud cover and poor detection effect at low-altitude latitudes. Therefore, many experts and scholars have
committed themselves to the study of ground-based remote sensing technology for atmospheric detection.
Among these techniques, microwave radiometer equipment based on ground-based remote sensing
technology is relatively mature. Microwave radiometers have been widely used in atmospheric
temperature and humidity proﬁle detection, and are also complementary with other sounding equipment
data; this has produced good results, including cloud radar, etc. However, the principle behind microwave
radiometers is to obtain the brightness temperature of the atmosphere in order to invert the temperature
and humidity proﬁle by receiving the atmospheric thermal radiation. However, this detection principle
also means that the equipment has certain limitations. It has been found that different regions, seasons,
climates, quality control algorithms and inversion algorithm models will have differing impacts on the
inversion effect of the microwave radiometer; among these, cloud weather factors have the most
signiﬁcant impact on the inversion effect of the microwave radiometer. Based on the above analysis, this
paper will apply the cloud information measured via millimeter wave cloud radar to the inversion
process, build two sets of inversion algorithm models on the basis of the BP neural network algorithm,
distinguish between the two depending on whether or not cloud information is added, and use sounding
data as the standard. By comparing the prediction results of the two models with the actual situation, the
inﬂuence of the cloud cover information on the inversion of the atmospheric temperature and humidity
proﬁle can be analyzed. The remainder of this paper is structured as follows. The second part primarily
introduces the related work conducted by predecessors in this ﬁeld. The third section introduces the data
and algorithms used in this paper. The fourth section compares and analyzes the experimental results.
Finally, the ﬁfth section summarizes the experiments and improved results presented in this paper.
2 Related Work
Microwave radiometer is not a very new type of equipment; as early as the 1960s, related scholars began
research into and accuracy correction of microwave radiometers. In 1969, Westwater et al. [7] began to
explore ground-based microwave remote sensing, successfully developed microwave radiometers for
k-wave end (water vapor microwave absorption peak area) and V-band (oxygen microwave absorption
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peak area), and inverted the atmospheric temperature proﬁle. In 1985, Chedin et al. [8] explored the
atmospheric transmission process, proposed the pattern recognition method, selected the approximate
optimal solution from multiple groups of data, and then used the Bayes algorithm to invert the
temperature and humidity proﬁle. In 1986, Wang et al. [9] used a microwave radiometer to detect the
atmospheric temperature and thereby improved the inversion accuracy of the temperature proﬁle. In 2011,
Liu et al. [10] analyzed the accuracy of the temperature proﬁle data measured via ground-based
microwave radiometer an observatory in southern suburban Beijing. In 2012, Wang et al. [11] set up
training samples to train neural network models for different types of weather and different seasons. Their
results showed that the neural network model’s calculation accuracy is signiﬁcantly better than the
network algorithm built into the ground-based microwave radiometer. In 2013, Sanchez et al. [12]
proposed a plan for quality control along the height of the MP-3000A ground-based microwave
radiometer in order to obtain a more accurate atmospheric proﬁle. In 2014, Tan et al. [13] used an
airborne microwave radiometer to analyze the inﬂuence of different combinations of channels,
observation error, platform ﬂight altitude and other factors on inversion performance. In 2015, Li et al.
[14] compared and analyzed the secondary data of a microwave radiometer with the historical sounding
data, corrected the deviation of the data and obtained a result that is closer to the sounding data. In 2018,
Mao et al. [15] directly compared and analyzed the ﬁrst-level brightness temperature data observed by the
microwave radiometer, investigating the detection accuracy of the microwave radiometer in different
types of weather and different seasons. In 2019, Wu et al. [16] compared the accuracy errors of speciﬁc
radiometers horizontally and further analyzed the internal and external errors of inversion errors for a
mp3000a microwave radiometer. In 2020, Xu et al. [17] compared the accuracy errors of certain
radiometers with those of small UAVs. The temperature and humidity data inverted from the
simultaneous observations of the radiosonde and microwave radiometer further prove the microwave
radiometer’s performance; it appears that the detection and inversion ability is improved through the
application of this method. Since the inception of the microwave radiometer, numerous experts and
scholars have applied it to the inversion of temperature and humidity proﬁles, and have carried out
research into the algorithm to improve the inversion performance. Common methods include the Kalman
ﬁlter method, optimal estimation method, Newton iteration method, statistical regression method,
empirical orthogonal function method, control least square method, best extension method, estimation
theory methods, artiﬁcial kernel function method, Monte Carlo method, neural network method, etc. [18].
The optimal estimation method has several advantages including algorithmic simplicity, high accuracy,
and ability to show abnormal changes. However, it depends on historical data, which requires a large
amount of calculation and is thus incapable of meeting the real-time requirements for obtaining
temperature and humidity proﬁles. The Monte Carlo method does not rely on historical data, but still
encounters the same fatal problem as the optimal estimation method (i.e., a long operation time). For its
part, the Kalman ﬁlter method has strong adaptability, is suitable for real-time processing, and can
provide an estimation error variance while making an estimate; however, an accurate ﬁltering model
needs to be established, and the problem of ﬁltering divergence still remains. The statistical regression
algorithm has high accuracy and fast speed, can detect abnormal changes, and is stable overall; however,
the model needs to be established in advance. The neural network algorithm has the same advantages as
statistical regression, but also has the “black box” effect; therefore, it does not require building a model in
advance. Finally, it achieved narrow victory in the competition between algorithms, and is thus widely
used in the microwave radiometer inversion process. In 2011, Yang et al. [19] used a neural network
algorithm to invert the temperature and humidity proﬁle on sunny days, proving the extraordinary
nonlinear ﬁtting ability of the neural network algorithm, which can be used to invert the temperature and
humidity proﬁle. In 2013, Huang et al. [20] used the neural network and multiple linear regression
algorithms to invert the temperature and humidity proﬁle under the same experimental sample conditions,
obtaining results showing that the neural network algorithm achieves a better inversion effect. In 2018,
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after conducting quality control and correction of the original brightness temperature data observed by the
microwave radiometer, Bao et al. [21] utilized the neural network algorithm to invert the atmospheric
temperature and humidity proﬁle, obtaining good results.
3 Data and Algorithm
3.1 Data Selection
The data used in this paper are primarily sounding data, microwave radiometer data and millimeter-wave
cloud radar data. Among these, the sounding data is L-band sounding data obtained twice per day in the
meteorological station in a southern suburb of Beijing, China from July 2018 to June 2019. The
microwave radiometer data is obtained from the Airda-HTG3 14 channel microwave radiometer installed
at the Atmospheric Exploration and Test base of the China Meteorological Bureau. Among them, the
K-band (22~32 GHz) and V-band (51~59 GHz) each have seven channels, the center frequencies of
which are 22.24, 23.04, 23.84, 25.44, 26.24, 27.84, 31.4, 51.26, 52.28, 53.86, 54.94, 56.66, 57.3 and
58 GHz. While there are four kinds of data output, we only need to select Level 1 (ﬁrst-level quality
control) data to obtain the brightness temperature data. The data range is from January 2019 to September
2019; the millimeter-wave cloud radar data is from July 2019. As of September 2019, the Ka-band 35 GHz
all-solid-state vertical-pointing Doppler weather radar of the Beijing Meteorological Station has a measuring
height of 12 km, a vertical spatial resolution of 30 m, and an adjustable time resolution of 1~60 s.
3.2 Inversion Method
In theory, the neural network algorithm can approach any complex nonlinear relationship, and it is not
necessary to design a highly complex inversion algorithm. It has thus been successfully used in the ﬁeld of
atmospheric parameter proﬁle inversion and is a relatively mature and widely used inversion algorithm. In
this paper, four sets of inversion models are proposed: model A1 and model A2, with no cloud information
added in the input layer, and model B1 and model B2, with six cloud information nodes added in the input
layer on the basis of model A. The four sets of models all use a three-layer feedforward BP neural network.
The hyperbolic tangent sigmoid transfer function tansig is selected from the input layer to the hidden layer,
while the linear transfer function purelin is selected from the hidden layer to the output layer, enabling
continuous function mapping to be realized with arbitrary precision. There are 17 nodes in the Model A
input layer (without cloud information). The ﬁrst 14 nodes are the measured brightness temperature
values of 14 channels of the microwave radiometer, while the last three nodes are the ground
temperature, relative humidity and pressure. The number of output layer nodes is set to 83: that is, the
temperature or relative humidity at the 83 height layers, divided from the ground to the height of 10 km.
The speciﬁc layering method is as follows: 0–500 meters every 25 meters, 500–2000 meters every time
there is a ﬂoor of 50 meters, and a ﬂoor of 250 meters every 2000–10000 meters. Due to the high-speed
requirement for atmospheric proﬁle inversion in practical applications and the singular nature of the data
samples used in this paper, a single hidden-layer structure is utilized. The number of hidden layer nodes
is calculated according to the formula proposed in Gao [22].
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
(1)
n ¼ 0:42ab þ 0:12b2 þ 2:54a þ 0:77b þ 0:35 þ 0:51
In Eq. (1), n denotes the number of hidden layer nodes, a is the number of input layer nodes, and b refers
to the number of output layer nodes. According to calculations, Model A has 40 hidden layer nodes. There
are 23 input layer nodes of Model B for adding cloud information: the ﬁrst 17 are consistent with Model A,
while the last six are the information of three layers of clouds. If clouds are present at that time, we ﬁll in the
three layers of clouds from low to high, the height of the cloud base, and the thickness of the cloud layer; if
there is no cloud, or fewer than three layers of clouds, the value is 0. The output layer nodes are the same as in
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Model A, with 83 nodes. The number of hidden layer nodes is calculated according to formula (1) and
determined to be 42.
3.3 Sample Construction
Building a BP neural network model for inverting temperature and humidity proﬁles requires a large
amount of microwave radiometer data to be available for use as samples. However, due to the limited
amount of measured microwave radiometer data and cloud radar data, this paper opts to use L-band
sounding data as sample data. The ﬁrst fourteen nodes of the input data for model training are the
brightness temperature values, which are not included in the radiosonde data. This paper utilizes the
radiation transmission mode to simulate the brightness temperature data of the microwave radiometer that
corresponds to the sounding data. First, the radiosonde data is taken as the input data, while the MonoRTM
radiation transmission mode is used to simulate and calculate the Level 1 brightness temperature data of the
microwave radiometer. The ﬁnal three nodes of the input data are the surface temperature, humidity and
pressure values; in the sounding data, these are the temperature, humidity and pressure values
corresponding to the bottom height. In Model B (with cloud information added), the input node has six
additional cloud layer data points. We determine whether the relative humidity of each height layer reaches
85% in order to gauge whether it is entering or exiting the cloud, then calculate the sample corresponding
to the three layers of bottom cloud height and cloud thickness as the sample input of the last six nodes.
[23,24]. The output data of the model training is the temperature and humidity values that correspond to the
83 altitude layers. The appropriate temperature and humidity values can be obtained by interpolating the
sounding data. The samples utilized in the model training contain sounding data obtained at China
Meteorological Administration’s atmospheric sounding test base from July 2018 to June 2019, with a total
of 700 valid data points. During the training process, 70% of the samples are used as the training set, with
the remaining 30% used as the test set. The model quality is evaluated by means of cross-validation.
3.4 Brightness Temperature Correction
The brightness temperature is the actual measured value of the microwave radiometer. The accuracy of the
brightness temperature data directly affects the accuracy of the inversion result. Due to the differences between
the microwave radiometer equipment and the detection effect, a difference still remains between the measured
brightness temperature and the simulated brightness temperature [25]. This experiment uses sounding data to
simulate the brightness temperature during the model training process, while the actual measured brightness
temperature is used during the inversion. The difference between the two causes bias in the inversion
results. Therefore, the actual brightness temperature measured by the microwave radiometer is used to
invert the temperature and humidity proﬁle. Before line is inverted, it is necessary to correct the deviation
of the brightness temperature value. Using the measured and simulated brightness temperature from January
to June 2019, the linear ﬁtting of the measured and simulated brightness temperatures is performed on each
channel. Finally, the corrected relationship expression of the measured brightness temperature is obtained as
shown in Tab. 1; here, Y is the brightness temperature value after deviation correction, which X denotes the
actual brightness temperature measured by the microwave radiometer.
3.5 Model Training
In this experiment, sounding data from July 2018 to June 2019 are used to train the model. For the model
without cloud information, the simulated brightness temperature, ground temperature and humidity pressure
data are used as input, while the corresponding observation time sounding temperature and humidity proﬁle
are used as the output to train the neural network. Moreover, for the model with cloud information, six nodes
(the cloud base height and cloud thickness of three clouds) are added to the input node of the former, after
which the model is trained in the same way.
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Table 1: Relation between the simulated and the measured brightness temperatures
Channel frequency/GHz

Correction relation expression

22.24
23.04
23.84
25.44
26.24
27.84
31.40
51.26
52.28
53.86
54.94
56.66
57.30
58.00

Y
Y
Y
Y
Y
Y
Y
Y
Y
Y
Y
Y
Y
Y

¼ 0:93X 0:55
¼ 0:93X 0:36
¼ 0:89X þ 1:0
¼ 0:99X 4:74
¼ 0:96X 3:35
¼ 0:88X 0:9
¼ 0:76X þ 2:46
¼ 0:99X 7:49
¼ 0:82X þ 21:21
¼ 0:81X þ 43:55
¼ 0:95X þ 12:42
¼ 1:01X 1:25
¼ 1:0X 0:3
¼ 1:02X 5:07

3.6 Limitations of the Algorithm
The accuracy of the BP neural network inversion model studied in this paper can be easily affected by
the quality of the training samples; a good model can only be trained using good-quality, representative
training samples. However, due to the existence of instrumentation errors in the sounding balloon and the
impact of wind on the observations, the temperature and humidity proﬁle observed by the sounding
instrument and the microwave radiometer detection of the temperature and humidity proﬁle’s spatial
location do not correspond; this will produce inversion errors, which represents a limitation of the
inversion algorithm in this paper.
4 Experimental Results and Analysis
4.1 Scheme
In this paper, we train four inversion models (model A1, model A2, model B1, model B2) according to
whether or not cloud parameters are among the input factors. Depending on whether there are clouds (sunny
days or cloudy days) within the range of 0–10 km, the test data are divided into eight experimental schemes.
The two inversion models adopt different schemes to create a contrast comparison, then verify the actual
effects of the two inversion models. These details are presented in Tab. 2.
4.2 Metric
Root mean square error is a statistic that describes the degree of data dispersion. The root mean square
error (RMSE) is calculated as follows:
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
P N
yi Þ2
i¼1 ðyi  ^
(2)
RMSE ¼
N
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where, ^yi indicates the prediction results of the i-th observation time, yi indicates the real sounding data of the
i-th observation time, and N indicates the number of observation times. It can be known from the Eq. 1 that
the accuracy of the prediction is represented by calculating the RMSE value between the predicted results and
the real condition.
Table 2: Experimental scheme
Program

Model

1
2
3
4
5
6
7
8

Model
Model
Model
Model
Model
Model
Model
Model

A1
A1
B1
B1
A2
A2
B2
B2

Whether to add cloud
parameters to the model input

Weather at the
time of observation

Meteorological
elements

No
No
Yes
Yes
No
No
Yes
Yes

Sunny
Cloudy
Sunny
Cloudy
Sunny
Cloudy
Sunny
Cloudy

Temperature
Temperature
Temperature
Temperature
Humidity
Humidity
Humidity
Humidity

4.3 Results
The experiment in this paper uses sounding data as the standard, employing case analysis and statistical
analysis to compare the inversion results of the two models with the sounding data. First, temperature and
humidity proﬁles are drawn through the prediction of speciﬁc cases in order to visually demonstrate the
model’s predictive ability; subsequently, we perform statistical analysis on the prediction results of the
test samples, then calculate the RMSE value on each level to obtain a scientiﬁc prediction score curve.
4.3.1 Veriﬁcation of Accuracy of Temperature Inversion Results
Fig. 1 presents the temperature proﬁles of the actual sounding data at 7:15 (UTC + 8) on September 8,
2019, along with the temperature proﬁles of model A1 and model B1 inversion obtained from the
microwave radiometer LV1 product at that time. The weather at this observation time was sunny. As
can be seen from the ﬁgure, the temperature proﬁle inverted by the two models is essentially the same
as the overall trend of the sounding data temperature proﬁle. However, the model B1 curve with cloud
information more closely resembles the actual curve; particularly at the heights of 4–5 km and
8–10 km, the predicted value of model A1 is relatively high, while the prediction result of model
B1 can better reﬂect the actual vertical distribution of the atmospheric temperature. Fig. 2 presents the
actual sounding data temperature proﬁle at 13:15 (UTC+8) on July 21, 2019, along with the
temperature proﬁle comparison of Models A1 and B1 after the inversion of the microwave radiometer
LV1 product at that time. The weather at observation time was cloudy. As can be seen from the graph,
owing to the cloudy weather, the inverse effect of the temperature proﬁle was affected to some extent.
The temperature proﬁles inverted by the two models were both inferior to the inversion effect on sunny
days in Fig. 1; at 0–6 km height, the prediction results of these two models are similar. At the height of
6–10 km, however, model B1 can still maintain a more accurate prediction result, while model
A1 obviously deviates from the actual result. The error between model A1 and the actual curve thus
increases rapidly, with the difference being largest at 10 km, reaching 11°C.
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Figure 1: Comparison of atmospheric temperature proﬁles in sunny weather

Figure 2: Comparison of atmospheric temperature proﬁles under cloudy weather
Fig. 3 presents the root mean square error (RMSE) plots for the sunny day samples from July 1, 2019 to
September 10, 2019. Here, temperature values from the actual sounding data are used as the standard to
calculate the RMSE of the temperature results from the Model A1 and Model B1 inversions compared to
the actual values at each altitude level. As can be seen from the ﬁgure, the prediction effects of both
models can reach a good level. The average RMSE of model A1 is 0.62°C, while that of model B1 is
0.45°C. In terms of altitude level, the prediction results of the two models are similar at the 0–2 km
altitude; at this altitude, the mean value of the RMSE difference between the two is only 0.08°C, while at
altitudes above 2 km, the RMSE of Model A1 is signiﬁcantly higher than that of Model B1. The average
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error of the former reaches 0.82°C, which is higher than that of the latter (0.52°C). As the height increases,
the difference between the RMSE of the two undergoes a gradual increase, and the maximum difference
reaches 0.84°C. This phenomenon is essentially consistent with the case in Fig. 1. It can be seen that, at
low altitude, the prediction gap between the two models is not large. As the altitude increases, moreover,
the prediction effect of model B1 with cloud information is still stable, which is signiﬁcantly improved
relative to model A1 without cloud information. Fig. 4 presents the root mean square error (RMSE) of
cloudy samples from July 1, 2019 to September 10, 2019. Based on the temperature value of the actual
sounding data, the root mean square error (RMSE) of the temperature results inverted by models A1 and
B1 with the actual value calculated at each altitude level. As can be seen from the ﬁgure, compared with
the sunny samples in Fig. 3, the error increases signiﬁcantly when the weather is cloudy. The average
RMSE of model A1 reaches 1.74°C, while the average RMSE of model B1 reaches 0.97°C, which is
generally higher than is the case for sunny weather. This is because the appearance of clouds affects the
observed brightness temperature of the microwave radiometer; this means that the inversion effect of
cloud sky time will exhibit a greater deviation, which is consistent with the case in Fig. 2. It can further
be seen that, under cloudy weather conditions, the inversion of temperature proﬁles becomes more
difﬁcult, with the prediction results of model A1 (without cloud information) deviating greatly from the
actual values; by contrast, the model B1 (with added cloud information) is relatively stable and achieves
obvious improvements. The addition of cloud information can thus effectively improve the inversion
accuracy of the microwave radiometer’s atmospheric temperature proﬁle under cloud conditions.

Figure 3: MSE comparison of atmospheric temperature proﬁle inversion results in sunny weather
4.3.2 Accuracy Veriﬁcation of Humidity Inversion Results
Fig. 5 presents the actual sounding data humidity proﬁle at 13:15 (UTC+8) on August 29, 2019, along
with the humidity proﬁle comparison of Models A2 and B2 after inversion from the microwave radiometer
LV1 at that time. At this observation time, the weather was sunny. As can be seen from the ﬁgure, the overall
trend of the two humidity proﬁles inverted by the model in the low-altitude segment of 0–4 km is relatively
close to the humidity proﬁle of the sounding data. However, the inversion curve of Model B2 with added
cloud information is closer to the actual curve, Moreover, in the high-altitude part above 5 km, the
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predicted value of Model A2 is generally lower by a factor of nearly 10%, while the maximum error is 20%.
Compared with Model A2, the curve of B2 is signiﬁcantly improved, more accurate, and yields prediction
results that can better reﬂect the actual vertical distribution of atmospheric humidity. Fig. 6 presents the
humidity proﬁle of the actual sounding data at 07:15 (UTC + 8) on July 20, 2019, along with the
humidity proﬁle inverted by models A2 and B2 from the microwave radiometer LV1 product at that time.
Weather conditions at this observation time were cloudy. The existence of the cloud layer has a
substantial inﬂuence on the model’s inversion prediction effect. At this time, there are clouds at
0.2–1.9 km and 9.4–10 km. It can be seen from the ﬁgure that a signiﬁcant difference exists between the
prediction results of model A2 and the actual value in the cloud layer, while the model B2 (with cloud
information) achieves obvious improvements, and its prediction results are similar to the actual value. At
other cloud-free heights, the prediction results of the two models are similar to those of the sunny
weather in Fig. 5, while the inversion curves of models A2 and B2 are close to the actual sounding
curve.4.3.2 Accuracy veriﬁcation of humidity inversion results.

Figure 4: SE comparison of atmospheric temperature proﬁle inversion results under cloudy weather
Fig. 7 presents the root mean square error chart of sunny weather samples from July 1, 2019 to
September 10, 2019. Based on the humidity value of the actual sounding data, the root mean square error
of humidity results inverted by models A2 and B2 with the actual value calculated at each altitude level.
As can be seen from the ﬁgure, the RMSE of model B2 is signiﬁcantly lower than that of model A2: the
average RMSE of model A2 is 9.8%, and that of model B2 is 4.6%. For each altitude level, the RMSE of
model A2 (without cloud information) increased rapidly from 3% to 13% within 0–2 km, while the
RMSE of model B2 was stable at about 4%, and the highest RMSE was only 5.1%. At an altitude of
2–4 km, the RMSE of both models increased, with the highest RMSE of 16.2% for model A2 and 9.2%
for model B2; the effect of the latter was better. At a height of 4–6 km, the prediction results of the two
models are close, with average RMSE of 11.3% and 8.4% respectively. At altitudes above 6km,
moreover, the RMSE of Model A2 is again signiﬁcantly higher than that of Model B2, while the average
error of the former reaches 10.8%, which is much higher than the latter’s 4.6%. As the altitude increases,
the RMSE of the two gradually decreases. At 10 km, the RMSE of Model A2 is 6.3% and that of Model
B2 is 2.7%. This phenomenon is consistent with the individual case in Fig. 5. At the medium altitude
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level, it can be seen that the prediction effects of the two models are similar, while at low and high altitudes,
the prediction effect of Model B2 (with added cloud information) remains stable; this is a signiﬁcant
improvement compared with the model without cloud information. Fig. 8 presents the root mean square
error chart of cloudy samples from July 1, 2019 to September 10, 2019. Based on the humidity value of
the actual sounding data, the root mean square error of the humidity results inverted by model A2 and
model B2 is calculated with the actual value at each altitude level. As can be seen from the ﬁgure,
compared with the sunny samples in Fig. 7, due to the inﬂuence of clouds on humidity, RMSE in cloudy
conditions is signiﬁcantly increased. The average RMSE of model A2 reaches 13.6%, while that of
model B2 reaches 8.9%, which is generally higher than that under sunny conditions. Through case
analysis and statistical analysis, it can be seen that when clouds are present, the inversion difﬁculty of the
humidity proﬁle increases, and the prediction result of model A2 (without cloud information) deviates
from the actual value; moreover, the inversion error of cloud layer and cloud height will evidently
increase. B2 (the model with cloud information added) can suppress this error and obtain relatively stable
and real prediction results, which is helpful in improving the inversion accuracy of a microwave
radiometer under cloud conditions.

Figure 5: Comparison of atmospheric humidity proﬁles in sunny weather
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Figure 6: Comparison of atmospheric humidity proﬁles under cloudy weather

Figure 7: MSE comparison of atmospheric humidity proﬁle inversion results under sunny weather
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Figure 8: MSE comparison of atmospheric humidity proﬁle inversion results under cloudy weather
5 Conclusion
In this paper, four network models for the inversion of atmospheric temperature and humidity proﬁles
using microwave radiometer brightness temperature data are trained using sounding data obtained by the
China Meteorological Administration from July 2018 to June 2019, combined with the MonoRTM
radiation transfer model and BP neural network inversion algorithm. The model is evaluated and tested
using Level 1 microwave radiometer data and millimeter wave cloud radar data from July 2019 to
September 2019. The sounding data are used as the reference standard. After comparing several groups
of experiments, the following conclusions can be drawn. In the entire troposphere, the inversion results of
the two temperature models are found to be in good agreement with the measured values in clear
weather. The average errors between the two models and the measured values are only 0.62°C and
0.45°C respectively, with these values increasing to 1.74°C and 0.97°C under cloudy conditions.
Compared with sunny days, the inversion is more difﬁcult and the effect is worse under cloudy
conditions. The error of model A1 (without cloud information) increases by 1.12°C under these
conditions, while that of model B1 (with cloud information) increases by 0.52°C, representing an
improvement compared with model A1. This phenomenon is in line with expectations. Due to the
inﬂuence of the cloud layer, the instability of the atmospheric temperature increases and the difﬁculty of
inversion also increases. However, model B1 (with cloud information) is better able to adapt to this
change. The inversion of the humidity proﬁle is more difﬁcult relative to the temperature proﬁle. The
results show that the variation trend of the two humidity models is similar to that of the sounding
measured humidity proﬁles, but the accuracy is not high: the average errors between the two models and
the measured values are 9.8% and 4.6% respectively. Similar to the inversion results of the temperature
proﬁle, the accuracy of the humidity proﬁle will decrease under cloudy conditions, while the average
error between the two models and the measured value increases to 13.6% and 7.58%. On the whole,
model B2 (with cloud information) improves the accuracy of humidity proﬁle inversion. Model A2
(without cloud information) exhibits a signiﬁcant decline in layers with cloud, while model B2 remains
stable; the latter model can thus effectively improve the prediction accuracy, with an average error
reduction of 4% ~ 5%.The results show that the BP neural network can both feasibly and effectively
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invert the atmospheric temperature and humidity proﬁles. The temperature and humidity proﬁles obtained via
inversion exhibit a good prediction trend and prediction accuracy. In addition, adding cloud information in
the process of inverting atmospheric temperature and humidity proﬁles helps to improve the inversion
accuracy and prediction effect, particularly in layers with cloud. Due to the lack of microwave radiometer
and cloud radar data, as well as the imperfection of data quality control methods, the number of
validation samples is small and invalid data points are present, which may affect the inversion results. In
future research and testing work, we will increase the number of samples, improving the methods of data
quality control for microwave radiometer and cloud radar data, thereby improving the accuracy of the
inversion of atmospheric temperature and humidity proﬁles.
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