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Abstract

To address the challenge of microwave radiometer modeling in regions lacking radiosonde
data, this study proposes a neural network retrieval method based on high-resolution the
Final Reanalysis (FNL) reanalysis data and validates its feasibility. A microwave radiometer
brightness temperature—profiles retrieval model was developed by the Back Propagation
(BP) neural network, based on FNL reanalysis data from Qingdao, China. The model’s
accuracy was evaluated by comparing retrieval results with synchronous radiosonde data,
with an analysis of seasonal variations. Results indicate that the Root Mean Square Error
(RMSE) of temperature profiles are 1.15 °C in the near-surface layer (0-2 km) and 2.05 °C
in the mid-to-upper layers (>2 km). The comprehensive RMSE for relative humidity, water
vapor density, and Integrated Water Vaper (IWV) are 17.27%, 0.96 g/m3, and 1.37 mm,
respectively. Overall, the errors are relatively small, and the retrieval results exhibit strong
spatiotemporal consistency with radiosonde data. The error increases most rapidly within
the lower atmosphere (<2 km), with distinct seasonal differences observed. Temperature
and relative humidity retrieval accuracies peak in summer, whereas water vapor density
and IWYV retrievals perform best in winter and worst in summer. This study confirms that
reanalysis data-based modeling effectively addresses the issue of limited radiosonde cover-
age. This method is applicable to atmospheric remote sensing in regions lacking radiosonde
data, such as oceans and plateaus. It provides a feasible solution to the regional limitations
of microwave radiometer applications and expands the potential uses of reanalysis data.

Keywords: ground-based microwave radiometer; reanalysis data; neural network;
retrieval algorithm

1. Introduction

Temperature and humidity are critical parameters characterizing atmospheric state
and properties, playing a significant role in weather forecasting, nowcasting, and weather
modification activities [1,2]. The primary methods for obtaining atmospheric parameters
currently include radiosonde, meteorological radar, satellite remote sensing, etc. [3,4]. How-
ever, these approaches exhibit limitations to varying degrees, such as low spatiotemporal
resolution, high costs, and restricted applicability in certain regions.

Ground-based microwave radiometer measures atmospheric brightness temperature,
surface meteorological elements and infrared temperature in real time. Utilizing retrieval al-
gorithms, the instruments outputs vertical profiles of temperature and humidity, integrated
water vapor (IWV), and other parameters. Compared with radiosonde data, microwave
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radiometers offer continuous all-weather automatic measurements with high temporal and
spatial resolution (sampling frequency: 2 min, vertical resolution: tens of meters below
2000 m). These advantages allow them to capture fine-scale atmospheric structures and
variations in atmospheric state, effectively compensating for the low temporal resolution
of radiosonde data. As a result, microwave radiometers are increasingly becoming an
important supplementary tool in atmospheric remote sensing and meteorological disaster
early warning [5,6].

Currently, the main algorithms for retrieving atmospheric parameters include statisti-
cal retrieval methods and physical retrieval methods. Statistical retrieval method has the
advantages of fast calculation speed and insensitivity to systematic errors. However, the
accuracy is affected by the selected samples [7,8]. The physical retrieval method has a clear
physical meaning, but calculation speed is slow and there is pathological retrieve [9]. The
greatest advantage of neural network algorithms is that it can approximate any complex
nonlinear relationship without the need to specially design particularly complex retrieval
algorithms [10].

As early as 1998, researchers began applying neural network algorithms to profile
retrieve. Solheim et al. compared the Newton iteration method, linear regression method,
and neural network method for atmospheric temperature and humidity profile retrieve [11].
Their results demonstrated that the neural network method was the most effective and
suitable for atmospheric profile retrieve using microwave radiometers at various geograph-
ical locations. In terms of network architecture, various neural network models such as
Back Propagation (BP), Radial Basis Function (RBF) [12], and Long Short Term Memory
(LSTM) [13] have been applied to microwave radiometer modeling and retrieval studies.
Among them, the BP neural network has become the most commonly used model for mi-
crowave radiometers due to its ease of implementation, flexibility, and general applicability.
In 2010, Liu Yaya et al. employed a BP neural network to retrieve the temperature, humidity,
and cloud liquid water profiles of a 12-channel ground-based microwave radiometer [14].
Experimental results confirmed that the BP neural network algorithm is effective for atmo-
spheric profile retrieve and yields excellent results. Today, the neural network algorithm is
the most widely used retrieval method for microwave radiometers [15].

Neural network models require historical atmospheric profiles data near their installa-
tion site as prior training samples [16]. At present, radiosonde data from sounding stations
are mainly used as training dataset. However, when the microwave radiometer installation
site is too far away from the radiosonde station, the applicability of the model decreases,
and the accuracy of retrieval decreases. At present, there is a small quantity of radiosonde
stations and the distribution is uneven, mainly concentrated in land area. The coverage of
radiosonde data in the ocean, plateau and remote areas is insufficient, which brings great
difficulties to the modeling of microwave radiometer.

To address the challenge of atmospheric profile retrieval in regions with limited or no
radiosonde coverage, it is urgent to develop a retrieval method independent of sounding
observations. For such complex modeling problems, solutions can be achieved through
multi-source data fusion and machine learning techniques [17]. Reanalysis datasets, which
integrate various types of observational data, provide broad spatial coverage and high
spatial resolution. These datasets effectively alleviate the limitations caused by the scarcity
and uneven spatiotemporal distribution of upper-air observations and have therefore been
widely applied [18,19].

In recent years, local and international scholars have evaluated the suitability and
applicability of reanalysis data from various regions for meteorological factor estima-
tion [20-22].
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A study [23] employed ECMWF Reanalysis 5th Generation (ERA5) data to train a
neural network for profile retrieval and found a good consistency with radiosonde data,
which preliminarily verified the effectiveness of reanalysis data in retrieving microwave
radiometer data. Mangsuer et al. found that the average absolute error of dew point
temperature in FNL data was smaller than that in ERAS5 data [24]. Zhang et al. [25] used
ERAS5 and FNL data as the initial fields of The Weather Research and Forecasting (WRF)
to simulate a weather phenomenon in Sichuan region. They found that the average
temperature simulated by FNL was closer to the observed value and the variance was
also smaller.

Nevertheless, there is currently a lack of experimental verification and accuracy eval-
uation regarding the application of FNL data in retrieving atmospheric parameters from
microwave radiometers both domestically and internationally, with a scarcity of relevant
research in this field. Therefore, this paper employs FNL data as the training data, inputs
the measured atmospheric brightness temperature, ground temperature, humidity, and
pressure data of QFW-6000 microwave radiometer into the model, and obtains the atmo-
spheric temperature profiles, water vapor density profiles, relative humidity profiles and
IWV in Qingdao in 2024, and analyzes the accuracy with the data of Qingdao radiosonde
station to verify the model retrieve performance based on FNL reanalysis data.

This study provides a method for overcoming the dependence of microwave radiome-
ter models on data and verifies the feasibility of modeling using reanalysis data, offering
a solution to the regional limitations of microwave radiometers and the difficulties of
atmospheric detection in remote areas.

2. Data Sources and Research Methods
2.1. Data Sources

This paper utilizes FNL 6-h-by-6-h data from National Centers for Environmental
Prediction (NCEP), which is provided by the Global Data Assimilation System (GDAS)
with four time periods of data per day, specifically at 00, 06, 12, and 18 UTC [26].

This dataset integrates observational data from multiple sources, including satellites,
ground stations, aircraft, and ships, which is a comprehensive fused data product.

Qingdao has a temperate monsoon climate with distinct marine climate characteristics.
The location is shown in Figure 1. The annual average temperature ranges from 12.7 °C
to 13.3 °C, and the annual average relative humidity is between 70% and 73%. It features
concurrent rainfall and hot weather, with four distinct seasons. The FNL data of grid
points (120° E, 36° N) near the Qingdao radiosonde station were selected to obtain the
temperature, relative humidity, and air pressure data.

0°

Figure 1. Location of Qingdao on the world map.
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Radiosonde data from Qingdao station were selected as the truth-value for analysis.
These observations are obtained from the second-generation L-band radiosonde system
operated by the Meteorological Bureau, with measurements available at 00 and 12 UTC.
The temperature measurement accuracy is £0.2 °C, and the relative humidity accuracy
is 3%. Prior to modeling, an accuracy assessment indicated that the RMSE of the FNL
reanalysis data and radiosonde data an average over all heights for temperature, water
vapor density, and relative humidity were 1.57 °C, 0.63 g/m?, and 15.8%, respectively.

The information content of the microwave radiometer observations decreases drasti-
cally with height with a limit of detection at around 10 km. The vertical stratification of
the profiles is 83 layers, the first 0.5 km is divided into 25 m layers, the next 1.5 km into
layers of 50 m, and the remaining 8.5 km into layers of 250 m each. In order to construct
input data that match its vertical resolution, the FNL data must be interpolated to the
corresponding height.

The QFW-6000 microwave radiometer measures the brightness temperature, ground
temperature, relative humidity and pressure data etc. In this study, all historical data were
used to train the neural network model, enabling it to retrieve certain extreme weather.
However, rainy cases have been eliminated for comparison. It is due to the fact that
microwave radiometer radomes accumulate water droplets during rainfall, which signifi-
cantly increases brightness temperature errors and is generally not suitable for accuracy
assessment. [27,28]. Furthermore, the model output results were compared with radiosonde
data during the accuracy analysis. Therefore, this study utilized radiosonde data collected
under non-precipitation weather conditions as input for the retrieval model. The specific
parameters of the QFW-6000 microwave radiometer are shown in Table 1.

Table 1. Performance parameters of QWF-6000 microwave radiometer.

Equipment
QFW-6000
Parameters

Detection range

0~10 km

Technical system

Mixing frequency detection

Brightness temperature sensitivity

Water vapor channel <0.2 K
(1 s integration)
Oxygen channel <0.3 K (1 s integration)

Measurement error of bright temperature

<1K (RMS)

Observe the bright temperature range

0~400 K

Frequency range and number of channels

22~32 GHz: 8 vapor channels
52~59 GHz: 8 temperature channels

Long-term stability of bright temperature

<0.1 K/month

Sampling frequency

<2 min(Fastest 10 s)

Observation mode

zenith observation

Radiosonde data were selected as the true reference for the accuracy analysis. The

radiosonde data consists of two daily time periods, specifically at 00 and 12 UTC. Consid-

ering the high vertical resolution of the radiosonde data and inconsistent with the model

output, they must be interpolated to the height levels of the model outputs.

2.2. Retrieval Method

In the process of remote sensing atmospheric parameters using microwave radiome-

ters, the forward problem involves obtaining known information, such as atmospheric

temperature, water vapor density, pressure, cloud presence, and liquid water content, and
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calculating radiation brightness temperatures at the corresponding frequency according
to the radiative transfer equation. In contrast, the retrieve problem involves using the
radiance temperatures detected by the microwave radiometer at the corresponding frequen-
cies and applying retrieval algorithms to obtain temperature profiles, relative humidity
profiles, water vapor density profile, and other atmospheric parameters. Considering the
pronounced monthly variability of atmospheric variables, both month-specific models
and a year-round general model were developed. Comparative experiments indicate that
month-specific modeling more accurately captures the meteorological characteristics of
each month, yielding higher retrieval accuracy. Therefore, in this study, independent neural
network retrieval models were constructed for each month, with one sub-model developed
per month.

2.2.1. Brightness Temperature Forward Modeling

For the microwave radiometer, the received brightness temperature is:
o0
TAp(U, 0) = secC 9/ ko (Z) T(z)ef‘rv(o,z) sect 7., + TexTRA (Z))eiT” sect (1)
0

where T4p(v, ) represents the brightness temperature of atmospheric radiation descend-
ing at frequency v and angle 0, TexTrA (v) represents the cosmic radiation before entering
the Earth’s atmosphere, and 7, is the opacity of the atmospheric zenith direction. At
f > 10 GHz, TexTra(v) was approximately 2.7 K, which can be ignored after the attenua-
tion of the atmospheric attenuation factor e~ (02)sec? Where T(z) is the temperature of
the atmosphere at altitude z, and 1,(0, z) is the optical thickness of the atmosphere in the
zenith direction between the ground and altitude z [29,30]. The radiative transfer model
used in this study is the Line-By-Line Radiative Transfer Model (LBLRTM) developed
and applied by the U.S. Climate Research Division. LBLRTM simulates the propagation
of radiation throughout the atmosphere by precisely calculating the contribution of each
individual absorption line of oxygen and water vapor. By inputting reanalysis data into
this model, atmospheric brightness temperatures were computed [31,32].

2.2.2. Neural Network Training

After acquiring the brightness temperature observed using forward evolution, the
training and test samples were selected based on the detection time. The artificial neuron
network has specific self-learning, self-adaptive, nonlinear mapping capabilities, and fault
tolerance, this study adopted a three-layer fully connected BP network structure [33].
Through continuous adjustment of the network weights and biases, the deviation between
the output vector calculated from the network’s input vector and the actual training target
output vector was minimized.

The retrieval model developed in this study uses the forward-simulated brightness
temperatures from 16 channels, along with surface temperature, relative humidity, pressure,
and water vapor density as input parameters and is designed to output the corresponding
atmospheric temperature and humidity profiles. The length of the input vector L is deter-
mined by the input parameters, whereas the length of the output vector represents the total
number of vertical atmospheric stratifications. The output of any single neuron is:

L
f=8(}_ wipitb) €
i=1
where f is the output value of the neuron; w is the input weight matrix of the neuron; p is
the input value of the neuron; and b is the deviation of the neuron, which is also known as
the threshold vector. The adopted logarithmic tangent function is expressed as follows:
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The BP algorithm was employed to train the neural network. To ensure both the

)

retrieval accuracy and generalization capability of the model, ten years of reanalysis data
were used for training. Given the large dataset, a simple cross-validation approach was
adopted to effectively maintain model stability. During cross-validation, 90% of the data
were used as the training set and the remaining 10% as the validation set. The model was
trained solely on the training set and evaluated on the validation set to prevent overfitting
and to optimize model parameters. Data from January, April, July, and October 2024 were
used as the test set for final performance evaluation. The parameters used during training
are summarized in Table 2 below:

Table 2. Training parameters for the BP neural network retrieval model.

Parameter Type Value
The number of neurons in the input layer 20
The number of neurons in the hidden layer 41
The number of neurons in the output layer 83
The number of training samples 13,140
The number of validation samples 1460
The number of test samples 213
Maximum number of iterations 5000

The weights and biases of the network are determined by the error backpropagation
algorithm during the training process. By continuously adjusting the network’s weights
and biases, the deviation between the output vector calculated from the network’s input
vector and the actual training target output vector is minimized. In the actual calculation
of atmospheric profile retrieval, only its weight matrix and biases need to be invoked.

The specific implementation flow chart is described in Figure 2.

C Input FNL Data )
!

Input Normalization Parameters

1

Configure Neural Network Hyperparameters

!

Tram the Backpropagation (BP) Neural Network

False

Evaluate if Network Error
< Preset Error Threshold

( Output the Trained Network Model >

&

( Extract Network Weights and Biases )

Figure 2. The process of neural network training.
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2.3. Accuracy Analysis Method

The accuracy of microwave radiometer modeling is commonly evaluated by the
root Root Mean Square Error (RMSE). To assess the performance of the retrieval model
developed in this study based on FNL reanalysis data, the retrieved temperature, water
vapor density, relative humidity, and IWV were compared with observations from the
Qingdao radiosonde station. In addition to the RMSE, Mean Absolute Error (MAE), Relative
deviation, and Bias were also introduced as evaluation indicators, aiming to provide a
comprehensive assessment of the retrieval performance from multiple perspectives.

The temperature profile, water vapor density profile, relative humidity profile, and
IWYV obtained by inputting parameters such as microwave radiometer brightness tem-
perature, surface temperature, humidity, and pressure into the retrieval model are taken
as test objects, which are compared with data from radiosonde data. RMSE, MAE, Bias
and Relative Deviation (RD) are used as the bases for evaluating retrieval accuracy. The
calculation formulas are as follows [34]:

n 2

1
RMSE = ,| =Y (Mod; — Rad; 4
ni;( i i) 4)

1 n
MAE = EZ\Modi — Rad;| (5)

i=1

1 n

Bias = EZ(MOdi — Rad,) (6)

i=1

- 1& |M0di—R{1di|

RD= YR, @

i=1
In the above formula, Mod; represents the physical quantity output by the retrieval
model, Rad; represents the physical quantity obtained by the radiosonde data, 1 represents
the total number of samples, and i represents the i-th sample.
To systematically evaluate the error distribution characteristics of the retrieval re-
sults with height and season, and to provide an analytical basis for subsequent targeted
improvements, this study adopts error analysis based on multiple data classifications:

(1) Vertical stratification diagnosis: Calculate the RMSE, MAE, and Bias of each height
layer of the 83 layers layer by layer.

(2) Seasonal assessment: For each independent month model (January, April, July, and
October represent winter, spring, summer, and autumn), the error of the entire eleva-
tion layer from 0 to 10,000 m of all time periods in each month is statistically analyzed
to quantify the seasonal variation characteristics.

(3) Total performance test: Integrate the observation data of all time periods and all
heights over four months, and calculate the comprehensive error index of all time
periods and heights to evaluate the universality of the model.

3. Results and Analysis
3.1. Seasonal Analysis of Retrieval Results

For this analysis, retrieval results from the Qingdao region for 2024 were selected. To
assessthe model’s adaptability across seasons [35,36], January, April, July, and October were
chosen as representative months for winter, spring, summer, and autumn, respectively. The
retrieval results of four months were compared with radiosonde data to validate the relia-
bility of the neural network model established using reanalysis data in different seasons.
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3.1.1. Analysis of Retrieval Results of Temperature

Figure 3 presents the comparison between the retrieved and observed temperature
profiles for different months. The results show good temporal and spatial consistency with
radiosonde data. In particular, the retrieval model successfully reproduces the inversion
layers observed in April and October, indicating that the model outputs reliably capture
the actual variability of atmospheric temperature.

Retrival Model Outputs

10 10
20
8 8]
0
6
4 4 -20
2 2 -40
0

0
10 20 30 40 50 10 20 30 40 50 10 20 30 40 50 10 20 30 40 50

Height/km

Radiosonde Data
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4 4

2

20
0
-20
-40

V|

0 - 0
10 20 30 40 50 10 20 30 40 50 10 20 30 40 50 10 20 30 40 50

Temperature/°C

Figure 3. Spatiotemporal distribution of retrieved temperatures and radiosonde data (first row:
retrieval results; second row: radiosonde data; from left to right: January, April, July, October. The
x-axis represents the sample sequence, and the y-axis represents altitude).

Figure 4 displays the retrieved temperature profiles for each month. The smallest
errors occur in July, while the largest errors are observed in April. Within the 0-2 km layer,
errors increase rapidly, which can be attributed to near-surface inversion layers and the
inherent detection characteristics of microwave radiometers. During summer, stronger
surface convection reduces the likelihood of inversion layers, and the boundary layer height
is generally higher, leading to more homogeneous low-level temperature distributions. As a
result, the retrievals below 2 km perform best in July, with RMSE values within 1 °C. Above
2 km, retrieval errors gradually increase with altitude, reaching a maximum RMSE of 3.2 °C.
Bias results further reveal notable negative deviations in April, July, and October at higher
altitudes, with a maximum bias of —1.8 °C. In January, negative biases dominate below
5 km, while positive biases appear above 5 km, with the largest reaching 2.1 °C. Overall,
the retrieval errors remain relatively small across all months, confirming the robustness of
the proposed approach.

To eliminate discrepancies in data volume across altitude intervals caused by un-
even vertical stratification, and to analyze the distribution of retrieval errors across
different ranges, both the retrieved and radiosonde profiles were resampled at 100 m
vertical intervals for comparison. As shown in Figure 5, the retrieval results exhibit
good agreement with the observations. In January, the data show smaller dispersion at
lower altitudes (temperature > —20 °C), while at higher altitudes with colder temperatures
(temperature < —20 °C), the dispersion increases and the retrieval tends to overestimate
the actual temperature. In July, the retrieval accuracy relative to radiosonde measurements
is markedly improved compared with other seasons, yielding the smallest errors. In April
and October, the correlation between retrievals and radiosonde data is strong, and the Bias
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distribution is approximately symmetric. Overall, the degree of dispersion increases with
decreasing temperature, consistent with the vertical error distribution shown in Figure 4.
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Figure 4. Vertical distribution of temperature profile errors for each month: (a) RMSE, (b) MAE,
(c) Bias. (Blue: January; Red: April; Yellow: July; Purple: October).
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Figure 5. Scatter plots of retrieved temperatures versus radiosonde data ((a—d) correspond to January,

April, July, and October, respectively; color shading represents the number of samples, and the black
line indicates y = x).

3.1.2. Analysis of Retrieval Results of Water Vapor Density

Figure 6 illustrates that the retrieved water vapor density profiles are generally con-
sistent with radiosonde data. Water vapor density is highest within the 0-2 km layer and
decreases rapidly with altitude, with both retrievals and observations showing similar
vertical patterns.

Retrival Model Outputs
10 10

>

Height/km
= o [¢-]

N

_abAi

4 o 0 (o I A e
10 20 30 40 50 10 20 30 40 50 10 20 30 40 50 10 20 30 40 50
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o] 4 4
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2 2 5

0 S— 0 0
10 20 30 40 50 10 20 30 40 50 10 20 30 40 50 10 20 30 40 50

Water Vapor Density/g/m3

Figure 6. Spatiotemporal distribution of retrieved water vapor density and radiosonde data (first
row: retrieval results; second row: radiosonde data; from left to right: January, April, July, October.
The x-axis represents the sample sequence, and the y-axis represents altitude).
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Figure 7a—c present the absolute errors of water vapor density, while Figure 7d further
shows the relative errors to avoid underestimating errors caused by the generally low water
vapor content. From the distribution of absolute errors, it can be seen that January exhibits
the smallest errors due to the limited water vapor, whereas April shows the largest absolute
errors. However, as shown in Figure 7d, July has the smallest relative errors, while April
shows the largest. The vertical distribution of relative errors follows a pattern similar to that
of temperature errors: rapid growth below 2 km and slower growth above 2 km. Within the
0-2 km layer, retrievals exhibit a systematic negative bias, indicating an underestimation of
water vapor, while above 2 km the bias becomes positive. Among all months, April shows
the largest errors, with a maximum RMSE of 2.5 g/m? and a maximum relative error of
0.9%. Overall, the retrieval performance is satisfactory.

Vi
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(b) (@)

Figure 7. Vertical distribution of water vapor density profile errors for each month: (a) RMSE,
(b) MAE, (c) Bias, (d) Relative Deviation. (Blue: January; Red: April; Yellow: July; Purple: October).

Figure 8 shows that water vapor density is mainly concentrated within the 0-1 g/m?3
range. However, in July, higher water vapor content is more frequent, leading to markedly
better consistency in the high-density region (upper-left portion of the figure) compared
with other months. Across the study region, July exhibits the best agreement between
retrievals and radiosonde data, while January shows the worst, consistent with the seasonal
distribution of absolute errors.

3000
2500

2000

2 4 6 8 10 5 10 15 20 2 2 4 6 8 10 12 14

Retrieval Model Outputs: Water Vapor Densltylg/m3 Retrieval Model Outputs: Water Vapor Dens!(y/glrn:‘l Retrieval Model Outputs: Water Vapor Denslty/g/m3
(b) (c) (d)

Radiosonde Data: Water Vapor Density/g/m3
Radiosonde Data: Water Vapor Density/g/m3
Radiosonde Data: Water Vapor Densitylg/m3

Figure 8. Scatter plots of retrieved water vapor density versus radiosonde data ((a-d) correspond to
January, April, July, and October, respectively; color shading represents the number of samples, and
the black line indicates y = x).

3.1.3. Analysis of Retrieval Results of Relative Humidity

As shown in Figure 9, relative humidity exhibits pronounced seasonal variations, with
the highest values in July and the lowest in January. Because relative humidity is influenced
by both temperature and water vapor density, its vertical structure is more complex.
Nevertheless, the retrieved vertical distribution agrees well with the radiosonde data.



Atmosphere 2025, 16, 1194

11 of 17

o == o

Height/km
S

o

Height/km
S

|

10 20 30

Retrival Model Outputs

N

10 20 30 40 50

10

40 50 10 20 30 40 50

Radiosonde Data
10

A "'i‘;‘ y

10 2

0

30

Pa o AN r a b " SA
10 20 30 40 50 10 20 30 40 50 10 20 30 40 50

Relative Humidity/%

Figure 9. Spatiotemporal distribution of retrieved relative humidity and radiosonde data (first row:
retrieval results; second row: radiosonde data; from left to right: January, April, July, October. The
x-axis represents the sample sequence, and the y-axis represents altitude).

The seasonal variations in relative humidity exhibit generally consistent trends across
all months. However, given its definition, relative humidity is jointly influenced by both
water vapor density and temperature, leading to a more complex vertical variation pattern.
The relative humidity errors display a bimodal distribution, with maxima at approximately
1 km and 5 km, consistent with the locations of maximum water vapor density errors.
Yet, because temperature errors increase with altitude, the relative humidity errors above
5 km do not decrease as markedly as the water vapor density errors. In January, when
water vapor content is lowest, the relative humidity errors above 5 km show some decrease
with altitude, while in the other three months the errors remain nearly constant above
5 km. As shown in Figure 10c, the Bias distribution of relative humidity mirrors that of
water vapor density, with negative biases in the lower atmosphere and positive biases
at higher altitudes. The analysis indicates that water vapor density exhibits the highest
retrieval accuracy in January, while relative humidity achieves its highest accuracy in July,
which is related to the high accuracy of temperature in July. From a physical perspective,
relative humidity is determined jointly by temperature and water vapor density. In July, the
high precision of temperature makes a significant contribution to the accuracy of relative
humidity. Although temperature and absolute humidity show relatively large errors in
April, the relative humidity retrieval error for that month is not the worst among all months.
This is because the temperature and absolute humidity errors partially compensate each
other in the computation of relative humidity.
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Figure 10. Vertical distribution of relative humidity profile errors for each month: (a) RMSE, (b) MAE,
(c) Bias. (Blue: January; Red: April; Yellow: July; Purple: October).
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July exhibits the highest retrieval accuracy, with RMSE values below 24% at
all altitudes.

Figure 11 shows that, due to the physical characteristics of relative humidity, its
retrievals are less consistent with radiosonde data compared with temperature and water
vapor density, although most values still cluster around the y = x line. In April, the climate
is wetter than in winter, and the relative humidity values are mainly concentrated between
5-10% and 30-50%. Since the low relative humidity values in April are primarily located
in the upper atmosphere, where retrieval accuracy is lower, the correlation in the 30-50%
range is better than that in the 5-10% range. In July, radiosonde data are concentrated
between 70-100%, but the retrieval results tend to underestimate these values.

Radiosonde Data: Relative Humidity/%
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Figure 11. Scatter plots of retrieved relative humidity versus radiosonde data ((a—d) correspond to
January, April, July, and October, respectively; color shading represents the number of samples, and

the black line indicates y = x).

Comparisons between retrievals and radiosonde data across different seasons indicate
that retrievals perform well in all cases, accurately capturing the variations of atmospheric
variables. Among them, July shows the smallest errors in both temperature and relative
humidity retrievals. Although the absolute error of water vapor density is largest in July
due to the higher water vapor content, the relative error remains smaller than in the other
three months.

3.1.4. Analysis of Retrieval Results of IWV

The comparison and average deviation of IWV over the four months are shown
in Figure 12. As seen in the figure, the overall consistency between the two datasets is
very high. When IWV experiences a sharp increase or decrease, the patterns remain syn-
chronous. The distribution of IWV errors in each season is consistent with the water vapor
density error distribution. Notably, IWV reaches its annual peak in summer, approximately
40-80 mm. Overall, as a key instrument for IWV retrieve, the microwave radiometer has
achieved satisfactory retrieval results for IWV.
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Figure 12. IWV of different samples ((a-d) represent January, April, July, and October, respectively).
The blue solid line represents the retrieval result, the red solid line represents the radiosonde data,
and the black dashed line represents the average deviation between the retrieval result and the
radiosonde data.
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From these results, it is evident that the retrieval results of the neural network model
based on reanalysis data, are consistent with actual radiosonde data, and the trends in
parameter variation across months show a marked degree of similarity.

3.2. The Statistical Result of Root Mean Square Error

Table 3 shows the error distribution of various atmospheric parameters across dif-
ferent seasons. As discussed in Section 3.1, the atmospheric parameters error retrieval
characteristics vary significantly around 2 km. Therefore, the error statistics are divided
into two categories: 0~2 km and >2 km.

As can be seen from Table 3, the total errors of temperature and relative humidity are
relatively small below 2 km, while above 2 km, due to the increase in height, the total errors
of the two increase significantly. The error is relatively large when the relative humidity is
below 2 km. Due to the reduced water vapor content at high altitudes, the error above 2 km
decreases. In both the upper and lower layers, the retrieval performance of temperature
and relative humidity is the best in July. The retrieval performance of the entire layer
temperature and the relative humidity of the upper layer in April is the worst, and the
retrieval performance of relative humidity in the lower layer is the worst in January. Due to
the lower water vapor content in January, the retrieval performance of water vapor density
in the upper and lower layers is the best. The retrieval performance of water vapor density
in the lower layer is the worst in July, and that in the upper layer is the worst in April. The
retrieval performance of integral water vapor content is consistent with the law of water
vapor density, with the best in January and the worst in July.

Table 3. Error statistics (RMSE, MAE, Bias) of the retrieval results of atmospheric parameters.

Month

January  April July October ~ Total

Variable Error

) RMSE  1.07 134 0.95 120 1.15

Temperature (°C)  —/ p7 = 0.81 0.57 0.72 0.69
(0~2 km)

Bias  —0044 0005  —00005 —0036  —0.02

) RMSE  2.09 234 151 226 2.05

Temperature (°C) 1.80 2.06 1.25 1.88 1.75
(>2 km)

Bias 076 141 —056  —083  —051

 RMSE 06l 157 161 121 125

Water vapor density — /\ p™ ) 119 115 0.98 0.94
(0~2 km)

Bias  —013  —068  —040  —053  —044

o RMSE 026 1.02 0.75 0.46 0.62

Water vapor density —pm 15 0.46 0.56 0.32 037
(>2 km)

Bias  0.06 0.30 0.15 0.15 0.16

Lo RMSE 1765 15.44 9.99 13.06 14.01

Relative humidity /7=, g 12.28 7.47 10.75 10.77
(0~2 km)

Bias  —537  —596 2023  —417  —443

_ ~ RMSE 2087 2205 1864 2149 2079

Relative humidity /7= 7 o ¢ 17,51 14.63 17.03 16.28
(>2 km)

Bias 1019 713 2.49 6.50 6.58

RMSE  0.65 131 216 1.20 137

WV MAE 043 0.89 1.59 0.91 0.95

Bias 0.09 0.13 0.19 0.16 0.14
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Overall, the retrieval performance of temperature and relative humidity at the lower
layer is better than that at the upper layer, but the retrieval performance of water vapor
density at the lower layer is worse than that at the upper layer. On average across the
entire layer, the retrieval performance of temperature is the worst in January, the retrieval
performance of temperature and relative humidity is the best in July, and the retrieval
performance of water vapor density is the best and that of temperature is the worst in
January. There are significant seasonal differences in high layer temperature errors. The
temperature of the high layer is overestimated in winter and underestimated in the other
three seasons. The water vapor density and relative humidity in each season are both
underestimated at the lower layer and at the upper layer. The retrieval accuracy of the
model was relatively high.

4. Conclusions

In this paper, a microwave radiometer retrieval algorithm based on FNL reanalysis
data was developed to obtain atmospheric temperature profiles, water vapor density pro-
files, relative humidity profiles, and IWV. These retrievals were compared with synchronous
radiosonde data, and the following conclusions were drawn:

(1) The vertical error distribution indicates that temperature and humidity errors increase
with altitude in each season. The error in water vapor density increases rapidly from
the surface to 1 km, then gradually decreases. Temperature and relative humidity
errors increase most rapidly below 2 km.

(2) The retrieval performance of different meteorological variables exhibits seasonal
variations. The retrieval accuracy of temperature profiles is highest in summer and
lowest in spring. The relative humidity profile also performs best in summer and worst
in winter. However, the retrieval accuracy of water vapor density profiles and IWV
is best in winter and worst in summer. This is due to enhanced radiation scattering
by large water droplets in the summer atmosphere, which introduces measurement
errors in brightness temperature. Additionally, large variations in the humidity field
complicate the retrieval process. In winter and spring, low-level inversions are more
prominent, with substantial variations in the thickness and intensity of the inversion
layer, making it challenging to retrieve refined temperature profiles.

(3) The results of the neural network retrieval based on FNL reanalysis data are generally
consistent with the radiosonde data. The comprehensive statistics of the entire layer
show that in the near surface layer (0-2 km) and mid-upper layer (>2 km), the RMSE
of the temperature profile retrieve results are 1.15 °C and 2.05 °C respectively, and
the RMSE of the relative humidity are 14.01% and 20.79% respectively. The RMSE of
water vapor densities are 1.25 g/m> and 0.62 g/m? respectively and RMSE of IWV is
1.37 mm. Overall, the retrieval results exhibit small errors, demonstrating that this
method is reliable and practical for atmosphere observing.

Reference [23] compared a microwave radiometer neural network model based on
ERADS reanalysis data with radiosonde data. The MAE of temperature, water vapor density,
and relative humidity profiles retrieved from ERAS relative to radiosonde data were
2402 °C, 0.412 g/m3, and 15.587%, respectively, while the corresponding RMSE were
2.748 °C, 0.575 g/m?, and 16.864%. In this study, the temperature retrieval results based
on FNL data outperform those from ERA5, whereas the water vapor density and relative
humidity retrievals are slightly lower than the ERA5-based results. The research findings
indicate that the retrieval results from the microwave radiometer model constructed with
FNL data are generally consistent with radiosonde data, with retrieval errors falling within
an acceptable range. This suggests that using reanalysis data for the construction of
retrieval models is feasible. However, our analysis is limited to the Qingdao region, and
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the applicability of the results to other regions has not yet been addressed. Given the broad
spatial coverage of reanalysis datasets, the modeling approach proposed demonstrates
high portability. However, for different regions, the model must be retrained by using
the reanalysis data specific to nearby stations to construct region-specific retrieval models.
Additionally, a comprehensive evaluation of the retrieval performance, in combination with
other reanalysis data, is necessary to provide effective guidance for microwave radiometer
observations in areas lacking radiosonde data. Future work should focus on more in-
depth research into the limitations, potential biases, and regional applicability of different
reanalysis data.
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wv Integrated Water Vapor

LSTM  Long Short Term Memory

MAE Mean Absolute Error

NCEP National Centers for Environmental Prediction
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