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Accurateretrieval of atmospheric relative humidity (RH) profilesis essential forimproving our understanding
of atmospheric thermodynamics and climate change. Nevertheless, it remains challenging, as traditional
models rely exclusively on vertical brightness temperature (BT) observations. Here, we present a novel
retrieval algorithm called AngleNet, a groundbreaking deep-learning model that leverages multi-angle
BT observation from ground-based microwave radiometers (MWRs). The innovative “multi-angle-aware”
module in AngleNet effectively exploits previously underutilized oblique scanning angle data by accurately
capturing these nonlinear relationships between BT and RH profiles, and precisely characterizes its vertical
fine structure. Based on the 7-year (2018-2024) insitu measurements from Beijing, Nanjing, and Shanghai,
validation results reveal that AngleNet achieves substantial improvements, with an average R? of 0.71
and a root mean square error (RMSE) of 10.39%, surpassing conventional models such as LGBM (light
gradient boosting machine) and RF (random forest) by over 10% in both metrics, and demonstrating a
remarkable 41% increase in R? and a 10% reduction in RMSE compared to the previous BRNN method
(batch normalization and robust neural network). Moreover, additional independent validation results
demonstrate that AngleNet exhibits excellent stability and retrieval accuracy during periods without
radiosonde measurements. Feature analysis and evaluations of the “multi-angle-aware” module indicate
that optimal RH retrieval performance is achieved by combining zenith-angle BTs with oblique angles at
30°and 19.2°. AngleNet breakthrough performance is especially notable in consistently capturing complex
RH profile features, which are critical for accurate numerical weather forecasting and climate monitoring.
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Introduction

Accurately retrieving humidity profiles is crucial for capturing the
vertical thermodynamic structure of the atmosphere, especially
in the lowest few kilometers, which plays a vital role in weather
forecasting and climate system analysis [1,2]. These profiles are
essential for validating numerical weather prediction models and
support a wide range of applications, including extreme weather
forecasting, pollutant tracking, renewable energy optimization,
and urban planning [1,3-5]. Microwave radiometers (MWRs) are
passive microwave remote sensing instruments that receive micro-
wave radiation emitted, scattered, or reflected by objects within
the antennas field of view. This radiation is converted into an
equivalent blackbody temperature, from which temperature and
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humidity profiles are subsequently retrieved [6,7]. A key advantage
of MWRs is their ability to provide continuous, high-temporal-
resolution measurements in the boundary layer and lower tropo-
sphere, enabling effective observation of atmospheric evolution
processes and partially mitigating the limitations of radiosonde
networks and satellite-based remote sensing [8-10]. Therefore,
various MWRs are extensively deployed at meteorological obser-
vation stations worldwide. Their reliability and accuracy have been
widely demonstrated through long-term operations across mid-
latitude, tropical, and polar regions [11-14].

Operational MWR networks are being progressively estab-
lished worldwide, with a substantial increase in deployments
expected in the near future [10,15]. Notable initiatives include
the Atmospheric Radiation Measurement (ARM) Program in the
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United States [13], the Mesonet in the state of New York [16], as
well as European networks such as E-PROFILE and CLIWA-NET
[17-19]. Additionally, the Urban Meteorological Observation
System in Seoul, South Korea [20], and a network of over 100
MWRs across China further exemplify global efforts to enhance
atmospheric monitoring. Despite the remarkable advancements
in observational instruments and inversion algorithms, chal-
lenges persist in achieving accurate retrieving humidity profiles.
This is largely due to the complex, nonlinear relationship between
humidity and brightness temperature (BT) across various spectral
frequencies, compounded by the limited sensitivity of individual
frequency bands to water vapor and oxygen [21,22].

The retrieval of atmospheric humidity profiles from multi-
wavelength BT data from MWRs remains a central challenge.
Recent advancements in retrieval algorithms have primarily
relied on 3 approaches: statistical regression, physical iterative
methods, and machine learning [3,22-26]. Statistical regression
methods, such as linear and quadratic approaches, are efficient
but limited by their reliance on linear relationships, which fail
to capture the complex, nonlinear interactions between BT and
atmospheric profiles, particularly under varying atmospheric
conditions [23,25]. Physical approaches, like the optimal esti-
mation (OE) technique, combine MWR data with prior knowl-
edge to iteratively refine humidity estimates [23]. However,
these methods are computationally demanding and sensitive
to assumptions about model accuracy, making them less suit-
able for real-time applications [22,24].

While physical methods have made use of multi-angle BT
data, their accuracies in relative humidity (RH) retrieval remain
constrained by a limited understanding of the relationship
between RH profiles and multi-angle BT [3,21,22,26-30]. In
contrast, machine learning approaches, particularly deep learn-
ing models, have gained attention for their ability to extract
complex relationships from data through multi-layered neural
networks. These methods offer important promise for retriev-
ing atmospheric temperature and humidity profiles by extract-
ing complex, nonlinear features from BT data [26,31-36].
However, a critical gap remains in current machine learning-
based methods: They typically focus on MWR vertical signal
data, disregarding valuable information across multiple eleva-
tion scanning angles beyond the vertical. This limitation over-
looks the potential of multi-angle BT data, which could provide
richer and more accurate insights into atmospheric profiles,
especially for humidity retrieval.

To address these challenges, this study develops a novel deep
learning model, the multi-angle-aware network (AngleNet), spe-
cifically designed to exploit BT signals from all channels at multi-
angle captured by ground-based MWR. AngleNet integrates BT
from multiple angles, moving beyond the conventional emphasis
on vertical signals. By integrating multi-angle information,
AngleNet facilitates a more comprehensive analysis of atmo-
spheric humidity profiles, capturing the complex nonlinear rela-
tionships between BT and humidity across diverse atmospheric
conditions. This approach represents a substantial advancement
in retrieval accuracy and robustness, enhancing the model’s capa-
bility to address the intrinsic challenges of retrieving humidity
profiles in the atmospheric field.

Materials and Methods

To leverage the latent information from MWR channels with
unused elevation scanning angles, we propose AngleNet. Initially,
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we assessed the data quality from MWRs, radiosondes, and
millimeter-wavelength cloud radars (MWCRs) [37-40]. Next,
we synchronized the height and time conditions for profiles from
these instruments and integrated them with ERA5 reanalysis
data [41] to identify clear-sky samples more effectively and miti-
gate cloud interference. Prior to model training, rigorous pre-
processing of each dataset was implemented. Radiosonde RH
profiles served as the dependent variable, while ERA5 RH pro-
files filled temporal gaps [outside of 08:00 and 20:00 local stan-
dard time (LST)]. Radiosondes served as the reference standard,
and the ERA5 RH profiles were quality-controlled (QC) follow-
ing the methodology described in [33]. BTs from 8 scanning
angles (ranging from vertical to 5° above the horizon) were used,
collected from MWR sites with unobstructed views [22,29].
Surface meteorological data (e.g., pressure, temperature, and RH)
were included as independent variables, representing global fea-
tures in AngleNet. Angle-specific BT data were treated as angle-
aware variables (local features), along with additional categorical
variables such as location, month, and hour. After preprocessing,
the data were fed into AngleNet, along with conventional deep
learning models like light gradient boosting machine (LGBM)
and random forest (RF), as well as the original MWR products
for comparative evaluation. A 5-fold cross-validation (CV)
method was employed for model training and hyperparameter
optimization. Finally, independent validation was conducted
using encrypted radiosonde data from Nanjing and Shanghai,
collected outside regular observation periods.

Data

Location and datasets

This study combines ground-based MWR and radiosonde data
collected in Beijing, Nanjing, and Shanghai from 2018 to 2024,
along with MWCR and QC ERA5 reanalysis data, to tackle the
challenges posed by cloud interference and temporal gaps in
radiosonde observations. The goal is to enhance the retrieval
accuracy of RH profiles. A total of 8,667 QC RH profiles were
used in this analysis. The specific observational periods, instru-
mentation, location details, and sample sizes for the compre-
hensive long-term field experiments conducted in each city are
provided in Fig. 1 and Table S1. For sites where radiosonde and
MWR observations were not colocated, additional MWCR data
were incorporated at the MWR observations to mitigate cloud
effects. A detailed description of the instruments used in this
study is provided in Text S1.

Figure 1 provides the distribution and topography of the 3
cities involved in the study. The Beijing site (Fig. 1A and F) is
located at the Beijing Meteorological Observatory, which is
surrounded by the Fifth Ring Road (semi-highway), industrial
parks, and residential areas [42,43]. The Nanjing MWR site
(Fig. 1B and C), situated at Nanjing University of Information
Science & Technology, is paired with radiosonde data from the
Jiangning station, located approximately 35 km away [43,44].
The Shanghai MWR site (Fig. 1D and E) was initially located
at Baoshan Meteorological Observatory and later relocated to
Fudan University, both situated in areas surrounded by resi-
dential neighborhoods. For both Nanjing and Shanghai, despite
the slight spatial separation between the MWR and radiosonde
sites, the similar underlying surface conditions and minimal
topographical barriers ensure a high degree of consistency
between MWR and radiosonde data, making these sites suitable
for training the deep learning algorithms used in this study.
Figure 1G and H illustrates the temporal distribution of RH
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Fig. 1. Distribution of the deployments of instruments used in this study and images of their surroundings in Beijing (A and F), Nanjing (B and C), and Shanghai (D and E).
Blue dots represent locations of MWRs, while red dots denote radiosonde sites. The total number of profiles (left y axis, bars, colors represent different cities) per month or
hour (G and H) and the average number of profiles per site (right y axis, purple dots and lines).

profiles across the study period. The number of profiles per
month peaks in the autumn and winter months, reflecting the
lower frequency of cloudy and rainy days, with over 900 profiles
recorded in January and December. The hourly distribution
remains fairly stable, with 250 to 400 profiles recorded per hour,
ensuring balanced data coverage throughout the day. Profiles
at 08:00 and 20:00 LST are directly aligned with radiosonde
data, while profiles at other times are supplemented by QC
ERADG data, effectively filling in the temporal gaps in radiosonde
observations.

Data preprocessing

Measurements from the MWR, MWCR, and radiosonde were
rigorously quality-checked [45-47]. Outliers were detected and
removed using cubic spline interpolation, and all profiles were
standardized to a vertical resolution of 115 layers (0 to 10 km),
as detailed in Text S2. To minimize systematic errors, instru-
ments should collect data simultaneously at colocated sites.
However, slight spatial discrepancies between instruments in
Nanjing and Shanghai were unavoidable due to experimental
constraints. Specifically, the MWR and radiosonde sites are
separated by approximately 35 km in Nanjing and about 8 km
in Shanghai, while MWCR is always colocated with the MWR.
To account for these discrepancies, measurements from MWCR
and onboard rain sensors of the MWR were employed to evalu-
ate weather conditions at MWR site. Only data recorded under
clear-sky conditions at both the MWR and radiosonde sites
simultaneously were retained.

To further mitigate spatial discrepancies caused by non-
colocation or radiosonde drift, ERA5 cloud cover and RH pro-
files—averaged over a 3 X 3 grid—were incorporated. In addition
to retrieving profiles from the MWR using radiosonde data, cli-
matological datasets such as QC ERA5 were used when radio-
sonde data were unavailable [22,33]. Previous studies have
demonstrated that integrating ERA5 data with radiosonde observa-
tions substantially improves the retrieval accuracy of MWR profiles
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[33]. Therefore, in this study, QC ERA5 RH profiles were utilized
to fill temporal gaps in radiosonde data (outside of 08:00 and 20:00
LST), ensuring continuous data coverage for model training.

The final dataset comprised 8,667 quality-assured profiles,
including data from MWR, MWCR, and ERA5, collected from
2018 to 2024. These profiles were randomly sampled by hour
and split into training, validation, and testing sets in a 7:2:1
ratio. Specifically, the dataset consisted of 402 radiosonde pro-
files for training, 115 for validation, and 59 for testing.

Methodology

AngleNet

Following data preprocessing, the newly developed AngleNet
for RH profile retrieval was trained using BT data captured across
14 channels at 8 distinct scanning angles (including one zenith
angle and 7 oblique angles), as illustrated in Fig. 2. A dedicated
“multi-angle-aware” module was designed to integrate the BTs
from these scanning angles into a unified tabular format, allow-
ing the model to process the data effectively. For linking MWR
BTs with RH profiles, it is essential to transform the data into a
structured tabular format. While traditional artificial intelligence
(AI) models, such as RE, can process single-angle MWR channels
in this format, they encounter noticeable challenges when data
include channels from multiple scanning angles. Specifically,
traditional AI models, such as LGBM and RE, are unable to rec-
ognize which data correspond to a particular angle. This presents
a challenge, as each scanning angle captures the same atmo-
spheric features, but from different perspectives. As a result,
traditional models fail to fully exploit the multi-angle informa-
tion, leading to a limited understanding of the MWR data and
an inability to harness the full potential of observations from
different angles.

Figure 2 illustrates the detailed architecture of AngleNet,
which integrates MWR angle information with corresponding
channel data and transforms these angle-dependent fused fea-
tures, along with other global features, into embeddings for
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Fig. 2. Overall architecture of AngleNet.

transformer layers to capture complex dependencies. After data
preprocessing, AngleNet can be divided into 3 key steps:

1. Multi-angle-aware module: This module combines the
14 channels of BT data with the corresponding angle
information, enabling the model to effectively account
for the angular dependencies in the data.

2. Transformer integration: The transformer technique
is used to merge the angle-dependent fusion data with
global features, allowing the model to capture long-
range dependencies and interactions between the vari-
ous input features.

3. RH profile retrieval: Finally, the integrated global features
are passed into our previously proposed batch normal-
ization and robust neural network (BRNN) [26] model,
which is responsible for retrieving the RH profiles.

Specifically, for the multi-angle-aware module, we first
designed sine- and cosine-based transform functions for
MWR scanning angles to obtain the angle-aware variables
(local feature):

Xy =sin(A,, )X C, ,+cos(A,, ) XC,, (1)

where m is the elevation angle corresponding to the tth scanning
from channel n of MWR, where m € [1, 2, -, 8] and n € [1, 2,
-, 14]. The final multi-angle-aware module for angle data is:

t
d
X;ng = 21 (Xm,n XRm,n +Bm»”>’X£ng c R(m+n)>< (2)

where X! _is the tth continuous numerical input from chan-
nel n of MWR, R, is a real number vector R?, and B, , is the
feature bias.
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In the multi-angle-aware module, a pointwise addition is
conducted to superimpose the fused angle-aware data and con-
ventional data:

Xfus = C®Xang =
1xd 1xd 1xd 1xd 1xd 1xd (m+n)xd
[(Cl +)(ang )’ (CZ +Xang )’ (Cm+n+szg >] eRM™

3)

A real number matrix, called the global feature G € Rm+mxd
is then appended to:

G, = Concat [G, Xfus] (4)

G, is then processed by the transformer layers:

G, =F,(G,) (5)

The final representation of G” is used by the BRNN model
to retrieve RH profiles. The BRNN model consists of an input
layer, 2 hidden layers [each includes a fully connected layer, a
rectified linear unit (ReLU) layer, a batch normalization (BN)
layer, and a dropout layer], and an output layer [26].

Feature selection and model training

BTs obtained from 14 channels at multiple angles, along with
scanning elevation angle data that primarily describe the geo-
metric relationships, are input into the “multi-angle-aware”
module. This results in the generation of angle-aware variables
(local features) that incorporate the correct angle information.
Nevertheless, the optimal angles of BT data to be incorporated
into the “multi-angle-aware” module remain unclear, and the
relative contribution of each angle to the final retrieval process
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is not yet fully understood. To resolve this ambiguity, we ana-
lyzed the contributions of both MWR channel features and
angle features, utilizing feature importance parameters derived
from the LGBM model.

As shown in Fig. 3A, the colored bar chart illustrates the fea-
ture importance of each frequency across elevation angles, with
the bars arranged in descending order from 90° to 5°. The chart
reveals that BTs at all elevation angles contribute to the retrieved
RH profiles, with the highest importance observed at 90°, fol-
lowed by 30° and 19.2°, which aligns with physical principles.
SHapley Additive exPlanations (SHAP) analysis [48] corrobo-
rates these findings, with the largest SHAP values occurring at
30° and 19.2° among the oblique scanning angles, as shown in
the inner subgraph of Fig. 3A and Fig. S1. The importance of
angles below 14.4° decreases sharply, stabilizing below 10%.

Interestingly, the V-band channels demonstrate a stronger
influence at higher angles (90° and 30°), whereas the K-band
channels exhibit a more pronounced effect at lower angles
(19.2° and below). To assess the collinearity of BTs across dif-
ferent angles, the variance inflation factor (VIF) was calculated
for each channel across all angles. The angle-specific VIFs were
subsequently averaged and ranked in ascending order, as shown
in the gray section on the right side of Fig. 3B. The VIFs for the
angles 90°, 30°, and 19.2° demonstrate a clear pattern of lower
collinearity, highlighting the distinct roles that these angles play
in the retrieval process. Therefore, in the angle feature selection
process, priority should be given to angles with high feature
importance and low VIE, such as 90°, 30°, and 19.2°. Lower
angles, with less feature importance and higher collinearity, are
excluded from the “multi-angle-aware” module to streamline
AngleNet without losing critical information.

Additionally, we evaluated the performance of including BTs
from multiple angles in the “multi-angle-aware” module, as
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summarized in Table S2. AngleNet achieved optimal perfor-
mance when BTs from 90° in zenith pointing were combined
with oblique elevation angles both 30° and 19.2°. Subsequently,
angle-aware variables (local feature) and global feature were
used as the independent variables. The global features included
BTs from multiple MWR channels (a total of 14 X 8 channels)
without angle information and surface meteorological data such
as pressure, temperature, and RH. RH profiles from radiosonde
and QC ERA5 were used as the dependent variables. Additionally,
categorical variables such as location, month, and hour were
included. All of these inputs were fed into the transformer and
BRNN, as detailed in Table S3.

Optimization of hyperparameters in AngleNet

As demonstrated in many previous studies [26,49,50], the
5-fold CV method is widely used in machine learning for opti-
mizing hyperparameters and validating model generalization
performance [51]. The outcome of the CV process that yields
the optimal performance is selected as the final result, and
detailed results from each CV round are summarized in Table
S4. The validation dataset plays an essential role in fine-tuning
the hyperparameters of AngleNet. The final hyperparameter
values for AngleNet are presented in Table S5. To prevent over-
fitting, we have employed several measures including dropout
layers and early stopping guided by training and validation loss
curves, with the training loss function shown in Fig. S2. The
dropout method has been demonstrated to obviously reduce
overfitting and improve the performance of neural networks
[26]. Following the training phase, the model is utilized to gen-
erate hourly RH profiles across 3 cities (Beijing, Nanjing, and
Shanghai) from 2018 to 2024. These generated profiles are sub-
sequently compared with the radiosonde RH profiles in the test
dataset excluded from the model training process to verify the
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Fig. 3. Input (A) feature (angle) importance from LGBM (subgraph presents the SHAP values of each feature) and (B) angle VIF. The color from top to bottom (purple to dark
blue) represents the feature importance (A) or the logarithm of VIF (B) of the 14 channels for each elevation angle, organized in descending order by frequency from highest

(V-band oxygen channels) to lowest (K-band water vapor channels).
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generalization ability of AngleNet. The definitions of the evalu-
ation metrics are provided in Text S3.

Comparison

In this study, we compared the performance of our proposed
AngleNet in comparison to conventional machine learning mod-
els, such as LGBM and RE as well as the original MWR products.
LGBM, recognized for its scalability and efficiency in handling
high-dimensional data [52,53], and RE recognized for its ability
to model complex interactions and maintain robustness in
high-dimensional datasets[26,54], provided a solid baseline
for evaluating AngleNets performance. Traditional MWR
retrieval methods are typically based on neural networks or lin-
ear regression [55]. Furthermore, the manufacturer has not pro-
vided accuracy details for RH profile retrieval, as RH is derived
from a combination of absolute humidity profiles obtained via
zenith pointing mode and temperature profiles generated from
both zenith pointing and elevation scanning mode measure-
ments [2]. These various models differ in terms of network struc-
ture, complexity, and prediction mechanisms, which ensure the
robustness and generality of the results presented in this study.

Results

Comparison with four retrieval methods

To comprehensively assess the performance of the proposed
AngleNet model proposed in this study, Fig. 4 and Table 1 pres-
ent the overall accuracy of RH predictions obtained by AngleNet
compared with other methods, based on the 5-fold CV validation
dataset, which comprises conventional radiosonde observations
collected at 2 daily intervals (08:00 and 20:00 LST) across 3 cities
(Beijing, Nanjing, and Shanghai) from 2018 to 2024. Figure 4A
to C presents the RH values retrieved by AngleNet, LGBM, and
RF using multi-angle BTs, compared to radiosonde measure-
ments across 115 atmospheric vertical layers up to 10 km. The
high kernel density values, highlighted in red, indicate regions
where most of the data are concentrated. As shown in Fig. 4A,
the linear regression between the RH retrieved by AngleNet and
the radiosonde RH yields a slope of 0.77, a y intercept of 7.16, an
R? of 0.71, and a root mean square error (RMSE) of 10.39.
Notably, over 74.84% of the data fall within the +10% error enve-
lope (EE). This marks a 30.73% reduction in RMSE compared
to the maximum allowable RMSE of 15% specified by the current
MWR industry standard (QX/T 504-2019) in China.

In comparison to traditional machine learning models, such
as LGBM and RE, AngleNet demonstrates substantial improve-
ments: R” increases by 11% over LGBM and 26% over RE, while
RMSE decreases by 11% and 19%, respectively. This leads to
a higher proportion of the data falling within the EE, with
improvements of 23% relative to LGBM and 26% relative to RE.
Notably, these gains are particularly pronounced in the retrieval
of high RH values (above 60%). In contrast, Fig. 4D and F shows
the RH values retrieved by LGBM, RF, and original MWR prod-
ucts using only zenith-angle BTs, compared to radiosonde
measurements. When comparing these results to Fig. 4A and
C, the introduction of multi-angle BTs does not yield obvious
improvements for LGBM and RF models. However, the integra-
tion of multi-angle data clearly enhances the performance of
AngleNet, particularly in the retrieval of high RH values.

Finally, RE, using only zenith angle BT, is selected as the base-
line model to compare the improvement of various models across
3 cities, further demonstrating the advancements achieved by
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AngleNet, as shown in Fig. 4G. The colors, ranging from dark to
light, represent the results from AngleNet, LGBM, and RF using
multi-angle BTs, as well as LGBM using only zenith-angle BTs.
The red bars outside the circle indicate the relative improvement
in R*, while the blue bars inside the circle represent the relative
reduction in RMSE, both compared to the baseline model.
The comparison with the baseline model results indicates that
AngleNet achieves substantlal improvements in both accuracy
and robustness. Specifically, R* shows a relative improvement of
24% to 40%, while RMSE is relatively reduced by 19% to 36% at
3 cities. Despite the influence of spatial difference, the perfor-
mance improvement shows only slight variation. However,
AngleNet consistently yields the best results across all cities, as
also demonstrated in Table 1.

Table 1 provides the specific statistical results of the retrieved
RH profiles from various methods, compared to radiosonde
measurements for evaluating overall performance. The table
also presents the results for each city. Notably, the RH retrieval
results from AngleNet in Beijing are compared with those
obtained using our previous BRNN method [26], which only
utilizes zenith- angle BTs. The results show a 41% relative
improvement in R and a 10% reduction in RMSE. These find-
ings underscore the effectiveness of AngleNet in integrating
multi-angle information from MWR, enabling it to capture the
complex nonlinear relationships between BT and RH across
diverse locations.

Independent validation

To illustrate and compare the outcomes of different retrieval
methods, 6 cases from 3 cities were selected. Radiosonde mea-
surements serve as the reference for evaluating the performance
of the retrieval methods. Figure 5 present comparisons of the
retrieved RH profiles with radiosonde data at 08:00 and 20:00
LST, respectively, in the same sample-based 5-fold CV validation
dataset. The retrieved RH profiles generally align with the radio-
sonde data in terms of altitude variation, but only AngleNet
accurately captures the overall trend of the radiosonde RH
profiles.

To further assess the efficacy of AngleNet in retrieving RH
profiles beyond the regular radiosonde observation times, an
additional independent validation was conducted using 27
encrypted radiosonde measurements from Nanjing and Shanghai,
collected outside the usual 08:00 and 20:00 LST periods, and the
results as shown in Fig. 6 and Table 2. Notably, the additional
radiosonde measurements were conducted at times outside the
regular measurement periods, and the corresponding ERA5 RH
profiles for these additional periods were excluded from the
modeling process. This approach ensures a thorough evaluation
of AngleNet’s ability to generalize to unobserved times.

The precise locations and dates for the encrypted radiosonde
measurements are detailed in Fig. 6A, along with schematic dia-
grams illustrating the release process of the radiosonde balloons
during both daytime and mghttlme Additionally, as shown in Fig.
6B and C, AngleNet achieved R* values of 0.57 in Nanjing and 0.63
in Shanghai, with RMSE values of 11.26 and 12.91, respectively. In
both cities, 60.24% of the data in Nanjing and 73.10% in Shanghai
fell within the +10% EE. The scatterplots highlight the concentra-
tion of data points, with high-density regions marked in red, and
the kernel density estimates (KDEs) on the sides of the scatterplots
further illustrate the distribution of the data in both cities. The
shape of the RH distribution inverted by AngleNet is roughly con-
sistent with that measured by radiosonde, with most data
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Table 1. Comparison of the RH performance with radiosonde of 4 methods in 3 sites

Sites Model R? RMSE MAE Within EE [+ (10%)]
All AngleNet 0.71 10.39 744 74.84%
LGBM 0.64 11.62 9.29 60.63%
LGBM (only 90°) 0.63 11.80 9.45 59.44%
RF 0.57 12.67 9.77 59.62%
RF (only 90°) 0.56 12.92 10.00 58.50%
Original MWR products (only 90°) 0.16 20.93 16.37 39.09%
Beijing AngleNet 0.62 10.53 750 72.76%
LGBM 0.58 11.04 8.51 66.65%
LGBM (only 90°) 0.57 11.21 8.64 64.94%
RF 048 12.31 9.22 62.48%
RF (only 90°) 047 12.40 9.36 60.71%
Original MWR products (only 90°) 0.21 20.94 16.29 39.88%
Nanjing AngleNet 0.74 10.82 182 73.08%
LGBM 0.66 12.30 10.06 55.20%
LGBM (only 90°) 0.65 12.58 10.25 54.87%
RF 0.61 13.19 10.21 58.59%
RF (only 90°) 0.59 13.57 10.51 58.51%
Original MWR products (only 90°) 0.17 19.31 15.07 41.41%
Shanghai AngleNet 0.83 8.97 6.47 84.35%
LGBM 0.71 11.70 9.82 55.22%
LGBM (only 90°) 0.70 11.74 10.03 53.65%
RF 0.66 12.59 10.36 53.74%
RF (only 90°) 0.64 12.93 10.71 52.26%
Original MWR products (only 90°) 0.23 23.95 19.36 32.00%

R?, coefficients of determination; RMSE, root mean square error; MAE, mean absolute error
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Fig. 5. Comparison of RH profiles generated by AngleNet, radiosonde, MWR, LGBM, and RF methods at 08:00 LST and 20:00 LST under clear-sky conditions for (A and B)
Beijing, (C and D) Nanjing, and (E and F) Shanghai.
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concentrated in the 20% to 80% RH range. Table 2 further details
the comparative performance of AngleNet and alternative meth-
ods using encrypted radiosonde data. Interestingly, for these vali-
dation metrics of RH profiles, AngleNet indicated superior
performance in sample-based 5-fold CV compared to independent
validation. This discrepancy may be caused by training datasets
employed during temporal gaps in radiosonde observations, which
were derived from QC ERA5 RH profiles. Such datasets, while
valuable, exhibit slightly lower representativeness compared to
real-time radiosonde observations. Nonetheless, as evidenced in
Table 2, AngleNet consistently better than LGBM, RF (using mul-
tiple angles), and the original MWR products (90° only) in inde-
pendent validations over Nanjing and Shanghai, with higher R?,
more data within the +10% EE, and lower RMSE and MAE.
Overall, AngleNet can obtain relatively high-accuracy RH profiles
in all periods, further validating its generalization performance.

Bias, RMSEs, and MAE variation with altitude

The RH profile retrieval bias, RMSE, and MAE (mean absolute
error) from various techniques are presented in Fig. 7, based
on the same 5-fold CV validation dataset as utilized in Fig. 4
and Table 1. Figure 7A shows that the bias of AngleNet remains
within +10% from the surface up to 10 km. The mean bias for
AngleNet is generally close to the median at lower altitudes.
Additionally, below 2.5 km, the maximum RH bias increases
with altitude but remains relatively stable above 2.5 km. In
comparison to the other models, which are demonstrated in
Fig. 7B to F, AngleNet exhibits the smallest box length across
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all 4 methods from the surface to 10 km, and its mean bias is
consistently closer to the median than those of the other mod-
els. Furthermore, we compare the RMSEs and MAEs of the RH
retrievals from the 4 methods at different altitudes, as shown
in Fig. 7G and H. This comparison highlights the differences
in RH retrieval performance across various altitude layers. For
all 4 methods, both RMSE and MAE generally increase with
altitude from the surface to 10 km, with the maximum devia-
tions occurring above approximately 2.5 to 3.5 km. Notably,
AngleNet exhibits the smallest RMSE and MAE across the entire
altitude range, particularly at lower altitudes, while the higher
RMSE and MAE values observed at middle and upper altitudes
align with those reported in previous studies [21,34,56]. Overall,
these results indicate that AngleNet provides superior RH
retrieval performance compared to the other methods.

Moisture transport insights from AngleNet

Figure 8 presents an independent validation case conducted in
Nanjing, covering the period from 16:00 on 2020 November 8 to
23:00 on 2020 November 10 (LST), incorporating MWR observa-
tions at a 5-min interval and including 4 times encrypted radio-
sonde measurements. This case illustrates the process of moisture
transport, including the evolution of a high-RH air mass as it
moves across the region and eventually dissipates, as well as the
lifting of high-RH stratification at low altitudes, likely influenced
by diurnal variations in the planetary boundary layer (PBL). The
radiosonde data (Fig. 8A) reveal dynamic, true RH profiles over
time, providing a baseline for evaluating the performance of

9202 ‘60 Yore N uo Bloadusi1os' [ds//:sdny wiouy papeojumoq


https://doi.org/10.34133/remotesensing.0736

Journal of Remote Sensing

Table 2. Comparison of the RH performance with radiosonde of 4 methods in encrypted radiosonde measurements

Sites Model R? RMSE MAE Within EE [+ (10%)]
Nanjing AngleNet 0.57 11.26 8.28 73.10%
LGBM 048 1348 10.46 51.26%
RF 044 14.34 11.33 50.17%
Original MWR products (only 90°) 0.15 22.37 1716 40.34%
Shanghai AngleNet 0.63 12.91 10.02 60.24%
LGBM 0.51 1317 12.09 35.15%
RF 046 13.32 12.96 31.83%
Original MWR products (only 90°) 0.19 25.15 23.07 22.66%
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Fig. 7. RH retrieval bias (retrieval from models minus radiosonde) by the (A) AngleNet, (B) LGBM, (C) RF, (D) original MWR products with input data only in 90°, (E) LGBM
with input data only in 90°, and (F) RF with input data only in 90°. Figure 7 is based on the same sample-based 5-fold CV validation dataset as utilized in Fig. 4 and Table 1. The
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bias of RH. The gray lines are O error lines (500-m vertical intervals). (G) and (H) are the profile retrieval RMSEs and MAEs for RH with radiosonde dates (original vertical

intervals), respectively.

AngleNet. AngleNet (Fig. 8B) effectively captures both temporal
and vertical variations, demonstrating strong consistency with
the radiosonde measurements. In contrast, traditional MWR
retrievals (Fig. 8C) reflect only broader trends and fail to resolve
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finer structural details, while the validation metrics (Fig. 8D)
demonstrate the robustness of AngleNet, with an R* of 0.77
between AngleNet and the radiosonde data, 84.35% of the
data falling within the +10% EE, and an RMSE of 9.24. The
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Fig. 8. Additional independent validation case in Nanjing from 16:00 on 2020 November 08 to 23:00 on 2020 November 10 (LST) to verify the applicability of retrieved RH
profiles. (A) Radiosonde measurements taken at 02:00 and 14:00 (LST). (B) AngleNet RH profile time series with a 5-min interval across 115 vertical layers, where gray arrows
represent the corresponding time of radiosonde. (C) Original MWR RH profile products at the same 5-min interval and vertical layering. (D) Validation results comparing 4
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averaged RH profiles (Fig. 8E) further highlight the consis-
tency of AngleNet with the radiosonde data, particularly in
capturing key atmospheric vertical features, such as the high-
RH layer around 6 km and the accumulation layer near the
top of the PBL. A detailed comparison of individual radio-
sonde measurements and AngleNet retrievals is provided in
Fig. S3 and Table Sé.

AngleNet for revealing dry wet stratification uplift

Figure 9 presents another independent validation case in Shanghai,
covering the period from 08:00 on 2024 March 29 to 05:00 on
2024 March 30 (LST), incorporating MWR observations at a
5-min interval and including 8 times encrypted radiosonde mea-
surements within a 24-h period. To provide high-resolution base-
line radiosonde data, 8 radiosonde balloons were deployed within
a single day. This case illustrates the continuous evolution of dry
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stratification uplift at low altitudes, likely driven by diurnal varia-
tions in the PBL. The radiosonde observations (Fig. 9A) reveal
detailed vertical RH structures over time, offering a clear depiction
of the uplift process. AngleNet (Fig. 9B) effectively captures both
temporal and vertical variations, demonstrating strong consis-
tency with the radiosonde data. In contrast, traditional MWR
retrievals (Fig. 9C) fail to accurately reflect these trends, missing
critical details, especially at low altitudes. The validation metrics
(Fig. 9D) further confirm the robustness of AngleNet, with an R*
of 0.62, 72.14% of the data falling within the +10% EE, and an
RMSE of 9.65. The averaged RH profiles (Fig. 9E) highlight the
consistency of AngleNet with radiosonde data, particularly
in characterizing the uplift of 2 distinct dry layers near the top of
the PBL at low altitudes. A detailed comparison of individual
radiosonde measurements and AngleNet retrievals is provided in
Fig. $4 and Table S7.
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Fig.9. Additional independent validation case in Shanghai from 08:00 on 2024 March 29 to 05:00 on 2024 March 30 (LST) to verify the applicability of retrieved RH profiles.
(A) Radiosonde measurements taken 8 times within 24-h period. (B) AngleNet RH profile time series with a 5-min interval across 115 vertical layers, where gray arrows
represent the corresponding time of radiosonde. (C) Original MWR RH profile products at the same 5-min interval and vertical layering. (D) Validation results comparing 4
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represents the mean RH profiles from AngleNet and radiosonde, while the corresponding shaded interval represents the SD.

Discussion

Our findings are important for several important reasons,
each representing a crucial step forward in atmospheric pro-
file retrieval. Firstly, AngleNet overcomes the inherent limita-
tions of conventional machine learning models by innovating
its novel multi-angle-aware architecture. By accurately match-
ing angle information with BT data, AngleNet effectively
capitalizes on multi-angle data that were previously underex-
ploited. This is in stark contrast to conventional models that
rely solely on vertically oriented BT data [21,26,28,33,34,57],
overlooking oblique scanning angles, limiting their ability to
capture atmospheric variations, particularly near the surface,
where temperature and moisture gradients are most dynamic.
By integrating multi-angle data, AngleNet enhances its sen-
sitivity to these variations, thereby substantially improving
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the accuracy of retrieving RH profiles while preserving tem-
poral continuity.

This improvement in retrieval accuracy is especially critical
in the lower atmosphere, where fine-scale structures such as PBL
and moisture gradients play pivotal roles in atmospheric ther-
modynamics. Traditional models fail to resolve these structures
adequately, primarily because they cannot leverage the complex
nonlinear relationships between BT and RH profiles at lower
altitudes. AngleNet, in contrast, addresses this challenge by inte-
grating multi-angle observations that capture these nonlinear
dependencies more effectively. This ability to incorporate multiple
perspectives—literally and figuratively—represents a substantial
step forward in atmospheric remote sensing and highlights the
value of exploiting underutilized data sources.

Second, AngleNet capitalizes on the fundamental proper-
ties of ground-based radiometry and the physical principles
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underlying multi-angle observations [10]. The differential absorp-
tion of multi-frequency and multi-angle observations is essential
for comprehending the vertical distribution of atmospheric ther-
modynamics. By integrating data from oblique scanning angles,
where longer optical paths amplify absorption and emission
effects [30], AngleNet enhances its sensitivity to near-surface
atmospheric conditions, which is crucial for detecting subtle
atmospheric features that traditional vertical-only measurements
cannot capture, such as the dry and wet stratification of the atmo-
sphere and low-altitude atmospheric stability.

Thirdly, retrieval uncertainties under cloudy conditions
arise from physical constraints associated with passive remote
sensing. MWR derives RH profiles by measuring atmospheric
BT. However, in cloud-covered scenarios, clouds exhibit semi-
transparent characteristics at microwave frequencies due to
scattering and absorption processes, introducing non-negligi-
ble perturbations to BT measurements and thus markedly
increasing retrieval uncertainty [3,58]. While synergistic use
of MWR and infrared radiometers can be used to estimate the
liquid water path with reasonable accuracy, this approach lacks
the vertical resolution to resolve cloud optical properties at
different altitudes. Consequently, clouds with varying vertical
extents may yield similar BT signatures when observed by
MWREs. This inherent physical limitation introduces prodigious
uncertainty into RH profile retrieval under cloudy scenarios.
To mitigate these limitations, future research should consider
integrating additional observational instruments, such as cloud
radar or lidar, which can deliver detailed cloud-profile informa-
tion. Such integration would obviously enhance the accuracy
of RH retrievals under cloudy conditions, particularly in pre-
convective environments [59].

Finally, compared to physical retrieval methods that also utilize
multi-angle BT data [3,11,22,30], AngleNet not only attains
comparable accuracy levels but also provides marked merits in
computational efficiency. On average, AngleNet retrieves RH
profiles (with 115 vertical layers) in less than 100 ms per profile
using a graphics processing unit (NVIDIA RTX 4090). In contrast,
traditional physical methods rely on solving the radiation transfer
equation to forward model RH profiles. As the radiative transfer
equation is inherently an integro-differential equation, it lacks an
exact analytical solution in realistic atmospheric conditions [58].
Consequently, traditional physical methods often demand
extensive computational resources and complex numerical mod-
eling to process data, which restrict their applicability. In contrast,
AngleNet minimizes computational complexity through its
optimized architecture, enabling faster processing times with-
out compromising accuracy. This is an advantage, particularly in
operational settings where timely data retrieval is essential for
atmospheric monitoring and forecasting. Moreover, AngleNet
excels in capturing nonlinear dependencies between BT and RH
profiles, a critical feature for accurate atmospheric profile retrieval
in the presence of complex environmental conditions.

AngleNet substantially improves RH profile retrieval accuracy,
turther reinforcing the role of MWR as a powerful tool for atmo-
spheric observation and research. This further solidifies the use of
MWR as a powerful and reliable tool for atmospheric observation
and scientific inquiry. The improved retrieval accuracy achieved
by AngleNet can help provide deeper insights into atmospheric
thermodynamics, enabling better characterization of atmospheric
moisture transport, PBL, and cloud processes. These improve-
ments are pivotal for advancing our understanding of key atmo-
spheric phenomena, such as precipitation forecasting, weather
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patterns, and the impacts of climate change. AngleNet is expected
to substantially enhance both the scientific and practical value of
the existing global meteorological observation network.

Conclusion

This study introduces an innovative deep learning model, called
AngleNet, to substantially enhance the retrieval accuracy of
RH profiles from ground-based MWRs. The experimental find-
ings demonstrate the superiority of AngleNet over traditional
approaches, achieving an average R* of 0.71 and an RMSE of
10.39 across 3 validation sites in China. AngleNet consistently
outperforms conventional machine learning models, such as
LGBM (R*= 0.64) and RF (R* = 0.57), with an average increase
in R* exceeding 10% and reductions in RMSE and MAE by
more than 10%. These findings underscore AngleNet’s robust-
ness and superior ability to capture intricate atmospheric varia-
tions, outperforming existing methods. Specifically, in Beijing,
a direct comparison with our previous BRNN method [26],
which relied solely on zenith-angle BTs, reveals that AngleNet
achieves a 41% relative improvement. Notably, AngleNet dem-
onstrates a 30.73% reduction in RMSE compared to the maxi-
mum allowable RMSE of 15% specified in the current MWR
industry standard (QX/T 504-2019) in China, marking a remark-
able step forward in operational atmospheric profiling. Further-
more, supplementary independent validation using 27 encrypted
radiosonde observations collected outside regular observation
periods in Nanjing and Shanghai revealed favorable correlations,
further emphasizing the robust applicability of AngleNet across
the entire day.

By leveraging BTs from multiple scanning angles, AngleNet
overcomes the constraints of traditional models, like LGBM and
RE which are limited by their reliance on vertical observations,
lack of angular awareness, and treatment of input features as inde-
pendent. This markedly improved performance is primarily
attributed to AngleNet’s integration of multi-angle BT data and
corresponding angular information through advanced “multi-
angle-aware” module. Comprehensive feature analysis, including
feature importance, SHAP values, and VIF, along with evaluations
utilizing the “multi-angle-aware” module, reveals that the optimal
RH retrieval performance is achieved by combining zenith angle
BTs with oblique elevation angles of 30° and 19.2°. This multi-
angle awareness allows AngleNet to effectively and consistently
capture complex RH profile characteristics and improve its sen-
sitivity to near-surface atmospheric conditions, representing a
substantial breakthrough in ground-based remote sensing.
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Accurate retrieval of atmospheric relative humidity (RH) profiles is essential for improving our understanding of
atmospheric thermodynamics and climate change. Nevertheless, it remains challenging, as traditional models rely
exclusively on vertical brightness temperature (BT) observations. Here, we present a novel retrieval algorithm called
AngleNet, a groundbreaking deep-learning model that leverages multi-angle BT observation from ground-based
microwave radiometers (MWRs). The innovative “multi-angle-aware” module in AngleNet effectively exploits previously
underutilized oblique scanning angle data by accurately capturing these nonlinear relationships between BT and RH
profiles, and precisely characterizes its vertical fine structure. Based on the 7-year (2018-2024) in situ measurements
from Beijing, Nanjing, and Shanghai, validation results reveal that AngleNet achieves substantial improvements, with an
average R2 of 0.71 and a root mean square error (RMSE) of 10.39%, surpassing conventional models such as LGBM
(light gradient boosting machine) and RF (random forest) by over 10% in both metrics, and demonstrating a remarkable
41% increase in R2 and a 10% reduction in RMSE compared to the previous BRNN method (batch normalization

and robust neural network). Moreover, additional independent validation results demonstrate that AngleNet exhibits
excellent stability and retrieval accuracy during periods without radiosonde measurements. Feature analysis and
evaluations of the “multi-angle-aware” module indicate that optimal RH retrieval performance is achieved by combining
zenith-angle BTs with oblique angles at 30° and 19.2°. AngleNet breakthrough performance is especially notable in
consistently capturing complex RH profile features, which are critical for accurate numerical weather forecasting and
climate monitoring.
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